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A Folder Is Not a Table

Ask an engineer where a table lives and you get one of two answers.

[image: Loose data files expose partial writes, schema drift, lost history, and collisions; Iceberg adds an explicit versioned file list and an atomic pointer swap.]

If they work on an application database, the answer is a place: a Postgres instance, a schema, a name. The database owns the bytes. You never think about the files, and if you went looking for them you would find something you could not usefully read.

If they work on a data lake, the answer is a path. s3://warehouse/sales/. Under it sit Parquet files, probably organised into subdirectories by date. That is the table. Not a handle to the table, not a cache of the table. The folder is the thing itself, and any engine that can list the folder and read Parquet can query it.

That second model won for a decade, and for good reasons. It decoupled storage from compute — point Spark, Presto, Hive and a Python script at the same bytes, no permission required. Storage got absurdly cheap. Parquet is a genuinely excellent file format.

The gap appears as soon as the files start changing. A refresh can expose a partial result, a rename can split a column, and two writers can silently destroy each other’s work. Four small failures in a directory of Parquet make the requirements concrete: what must a table guarantee that a folder cannot?

Everything here was run against DuckDB 1.5.5, PyIceberg 0.11.1 and PyArrow on Python 3.13. Nothing in this chapter needs a cluster, a cloud account, or a JVM.

The table that is just a directory

Here is a sales table. It is three Parquet files in a folder.

for i in range(3):
    write_parquet(rows=100, start=i*100)   # part-0000, part-0100, part-0200

Query it with anything that reads Parquet:

select count(*) from read_parquet('sales/*.parquet');

files: 3 | count(*) -> (300,)

Three hundred rows. No server was started, no data was loaded, no schema was declared anywhere. This works, it is fast, and it is how an enormous amount of production analytics genuinely runs today. Nothing so far is wrong.

The problem is not what happens when you query it. The problem is what happens when somebody writes to it.

Break one: there is no moment of commit

The most ordinary operation in a batch pipeline is a full refresh — yesterday’s numbers were wrong, or late data arrived, so the job replaces the table’s contents.

With a directory, “replace the contents” means exactly what it says. Delete the old files, write the new ones. Here is that job running, with an independent reader asking select count(*) at four points along the way:

  before      -> (300,)
  mid-job     -> IOException: IO Error: No files found that match the pattern "sales/*.parquet"
  1 of 3 done -> (100,)
  after       -> (300,)

Read those four lines slowly, because they are the entire argument for the rest of this book.

[image: During a single full-refresh job the same count query returns 300, then an error, then 100, then 300 again; the partial answer is the dangerous one because nothing reports it as wrong.]

The same query, against the same table, gave three different answers and one hard error during a single job that nobody would describe as unusual. Between the delete and the first write the table did not exist — and a dashboard refreshing at that instant does not show zero rows, it shows a stack trace.

And the middle answer is worse than the error. One hundred rows is a plausible number. It is not an error, it does not alert anyone, and a downstream job that aggregates it will produce a number that is one third of the truth and looks entirely reasonable in a chart. A daily total quietly comes in low, and nobody finds out until somebody reconciles against another system three weeks later.

The reason this happens is not carelessness — it is structural. A directory has no way to express “these files, together, are the table as of now.” Every reader sees whatever ls returns at the instant it looks. There is no commit, because there is nowhere to commit to. The state of the table is an emergent property of a filesystem listing, and filesystems do not do transactions.

Teams work around this, of course — you write to a staging prefix and then swap. But rename on object storage is not atomic either. It is a copy followed by a delete: the same race, with more steps and a wider window.

Break two: there is no schema

An upstream rename can leave a folder holding two definitions of the same column. Suppose amount becomes amt. One new file lands with the new spelling — the other three still carry the old one. This is not exotic, it is a Tuesday. A query using the old name now has to reconcile them:

select sum(amount) from read_parquet('sales/*.parquet');

InvalidInputException: Invalid Input Error: Failed to read file "sales/part-0900.parquet":
schema mismatch in glob: column "amount" was read from the original file ...

That is the good outcome — the query fails loudly, you find the bad file, you fix the pipeline.

The bad outcome is the fix everyone reaches for next. Most engines offer a flag that reconciles differing schemas across files by taking the union of their columns. In DuckDB it is union_by_name:

select count(*), sum(amount), sum(amt)
from read_parquet('sales/*.parquet', union_by_name=true);

(350, 3000.0, 500.0)

The query now succeeds — and it is wrong in a way far harder to notice than a stack trace. The table has 350 rows and one logical column split across two physical ones. Any query written against amount silently under-counts by whatever landed in amt. The flag did not fix the schema; it suppressed the only signal that the schema was broken.

[image: Three older Parquet files carry a column called amount that totals 3,000, while one new file spells it amt and totals 500. Reading them together with union_by_name succeeds and returns 350 rows, so the flag suppressed the only signal that the schema was broken.]

The root cause is that Parquet files carry their own schemas and nothing reconciles them. Each file is self-describing — which sounds like a feature, and is, in isolation. But a table needs one schema that all its files answer to, and a directory has no place to keep one. There is no ALTER TABLE because there is no table to alter — only files that happen to be adjacent.

Break three: there is no memory

Look at the directory after all of that:

files: ['part-0000.parquet', 'part-0100.parquet', 'part-0200.parquet', 'part-0900.parquet']

What did this table look like before the refresh? Gone — the old files were deleted, and nothing recorded that they had ever been the table.

Who changed it, and when? The filesystem knows modification times — that is the whole of what it knows. There is no notion of a change to the table, only changes to files.

Can you undo it? No. Rollback means restoring a previous state, and no previous state was retained. Your recovery story is a backup of the bucket — which recovers files rather than table versions, and which nobody tests.

This is the part that surprises people coming from application databases. Atomicity, isolation and history are so fundamental to what a table is that it does not occur to you they might be optional — and on a data lake they were optional for years, where the answer was mostly “run the job again and hope.”

Break four: two writers, and one loses in silence

The last failure is the one that turns a correctness problem into a data-loss problem.

Two jobs write to the same table at once. Both follow the same sensible naming convention, so both produce a file called part-0000.parquet. Job A writes a hundred rows, job B writes fifty:

two writers, plain directory -> (50, 4950.0)

Fifty rows. Job A’s hundred rows are gone — not corrupted, not quarantined, not logged. The second write landed on the same path and object storage did what it was asked. No error was raised anywhere, because from the filesystem’s point of view nothing went wrong: somebody wrote a file, and then somebody wrote that file again.

[image: Two jobs writing the same file path leave 50 rows and a total of 4950; the first job’s hundred rows are gone with no error raised and a zero exit code.]

There is no arbitration because there is nobody to arbitrate. The outcome is decided entirely by timing, and the losing job exits zero.

Now the same collision against the Iceberg table, two processes running simultaneously:

writer 88.0 committed; snapshot 4043221700822231354
pyiceberg.exceptions.CommitFailedException: Table has been updated by another process: shop.sales

iceberg after two concurrent writers -> 360 rows | {88.0: 60, 10.0: 300}

One writer committed and one was rejected — by name, with the reason, and with a non-zero exit. The table holds 360 rows: the original 300 plus the winner’s 60. The loser’s 40 rows are not there either.

[image: The same two-writer collision, twice. Against a plain directory writer A writes a hundred rows and writer B fifty to the same path, A disappears and both jobs exit successfully; against an Iceberg table one pointer swap wins, the stale writer is rejected, 360 rows remain visible and the failure can be retried.]

That distinction is the point, and it is worth being precise about it rather than triumphalist. Iceberg did not merge both writes. It detected that the table had moved underneath one of them and refused the commit. What you gained is not a write that always succeeds — it is a write that never half succeeds, and a failure you can see.

Whether the rejected job retries is your decision. PyIceberg surfaced the exception rather than retrying it here, which is the honest default: the library cannot know whether recomputing your write is safe. Other clients retry automatically against the new table state. Either way, the conflict was detected, which is the part a directory can never do.

What Hive did, and what it left behind

None of this was unknown. The Hive metastore was the industry’s answer for a decade, and it is worth being precise about what it solved and what it did not, because Iceberg’s design is a direct response.

Hive added a metastore — a database holding table names, schemas and, critically, the list of partitions, meaning which subdirectories exist. That gave you a schema, and a place to look up where a table’s data lived.

What it did not give you was a list of files. A Hive table’s contents were still defined by listing directories at query time — and that single decision is the source of most of the pain:


	Partitions could drift out of sync with reality. Files landed in a directory the metastore did not know about, and the fix was MSCK REPAIR TABLE, a command whose existence tells you everything. It re-listed storage to rediscover what the table contained.

	Partitions were physical, and the query had to know. If a table was laid out by dt=2026-05-20/, then filtering on an actual timestamp column would not prune anything. You had to filter on the partition column, by name, in the shape the layout expected. Get it wrong and you scanned the whole table while the query still returned correct results, so the only symptom was cost.

	Changing the layout meant rewriting the table. Partitioning is a physical directory structure, so repartitioning is a migration.

	Listing at query time is slow on object storage, where a “directory” is a prefix scan rather than a real directory, and where consistency guarantees have historically been weaker than a filesystem’s.



Hive gave the folder a schema. It did not stop the folder from being the table.

(I have not run Hive for this book. The behaviour above is the well-documented history that motivated Iceberg, not something measured here. Everything else in this chapter was executed.)

So what is a table format?

A table format is a specification for describing a table as an explicit, versioned list of files, plus an atomic way to swap one list for another.

That definition leaves Parquet in charge of storage and query engines in charge of computation. Apache Iceberg is a specification, plus client libraries that implement it — there is no Iceberg daemon to install or port to connect to. Its job is to describe the table and how its state changes.

What it adds is a layer of metadata between “the folder” and “the table”, and that layer buys four things:


	A table is a known list of files, not whatever is in a directory. Nothing is discovered by listing. A file that is not in the list is not in the table, even if it is sitting right there.

	Changing that list is one atomic operation. Readers see the old list or the new list. There is no in-between, because swapping the list is a single indivisible action rather than a sequence of file operations.

	Old lists are kept. Each version is a snapshot, so history, time travel and rollback come for free once you have decided to keep them.

	The schema lives with the table, not in each file. One schema the files answer to, with rules for how it may change.



[image: Against a plain folder, a table format supplies an atomic commit, a single schema with numbered fields, retained history, and a detected conflict between concurrent writers.]

The word doing the heavy lifting in point 2 is atomic, and the natural next question is where that atomicity comes from, since object storage does not provide it. That is the catalog, and it gets two chapters of its own starting at chapter 4.

The same breakages, with a contract

Here is the identical table as an Iceberg table, using nothing but PyIceberg and a local directory. Same three hundred rows, same full refresh.

t = catalog.create_table("shop.sales", schema=...)
for i in range(3):
    t.append(batch(100, i*100, amount=10.0))

rows: 300
snapshot before overwrite: 1654944505732251786

Note that a snapshot has an id. Already this table has something the directory never had: a name for the state it is currently in. Now the refresh:

t.overwrite(batch(300, start=1000, amount=25.0))

rows after   : 300 | amount: 25.0
reader pinned to the OLD snapshot still sees: 300 rows
snapshots recorded: 5
operations: ['append', 'append', 'append', 'delete', 'append']

There is no window in which the table has no files, and none in which it has one third of them. A reader either sees the old three hundred rows or the new three hundred rows.

The last line shows the mechanism rather than the marketing. The overwrite recorded two snapshots — a delete and an append. Internally it is still two operations, exactly as the directory version was. The difference is that neither is visible until the new file list is published, so what a reader observes is a single change. This is the trick a database plays with a transaction log, applied to a folder full of Parquet.

Now the schema change that split the table in two:

with t.update_schema() as u:
    u.add_column("discount", DoubleType())

schema now: ['order_id', 'amount', 'discount']
old rows still read: 300 | discount col: {None}

The column was added to the table, and the three hundred existing rows read back with discount as null. No data file was rewritten. The schema belongs to the table — so changing it is a metadata operation, and the older files are interpreted through the new schema rather than migrated to match it. Chapter 7 covers how that works, and why renaming a column here is safe when the same rename against a directory of Parquet is the trap we hit earlier.

And the thing a folder simply cannot offer:

t.manage_snapshots().rollback_to_snapshot(before).commit()

rows: 300 | amount: {10.0}

The refresh is undone — the amount values are back to 10.0, the pre-overwrite figure. Not restored from a backup, not recomputed by rerunning the job: the table was simply pointed at a list of files it had kept all along.

What the contract costs

Everything above is the sales pitch, so here is the invoice. Iceberg is not free, and the price is metadata.

Both tables in this chapter hold the same three hundred rows. Count what is actually on disk:

plain directory 'table' : 4 files, all parquet
iceberg table           : 21 files -> {'parquet': 4, 'avro': 10, 'metadata.json': 7}
bytes: data = 5463 | metadata = 54417

Four data files became twenty-one files, and the metadata outweighs the data by roughly ten to one.

[image: The same 300 rows occupy 4 files and 5,463 bytes as a plain folder, against 21 files and 54,417 bytes of metadata as an Iceberg table — an artefact of toy scale, since metadata tracks files and snapshots rather than rows.]

That ratio is an artefact of scale, and it is important not to over-read it — three hundred rows is a toy. Metadata size tracks the number of files and snapshots, not the number of rows, so a table holding a hundred million rows in the same four data files carries almost exactly the metadata shown here. In production the ratio inverts so completely that metadata becomes a rounding error.

What does not go away is the file count. Every commit writes a new metadata.json, a new manifest list, and at least one manifest. Commit often enough and you accumulate metadata faster than data, which is the small-files problem in a new costume. It is why chapters 11 through 13 exist, and why an Iceberg table that nobody maintains gets slower in a way a directory of Parquet never does.

Two other costs matter beyond this small example. The catalog must be running and backed up; chapters 4 and 5 explain that dependency. The spec, library and engine versions must also work together. Chapter 18 covers that coupling because it bit this book during writing.

The compensation is not only correctness. It is that the table has become a thing other tools can pick up without arrangement. Nothing has been loaded and nothing exported, yet a completely different engine reads it:

duckdb over the iceberg table: [(300, 3000.0)]

Three hundred rows, three thousand in total sales, from an engine that had no part in writing any of it. That is the promise the whole format exists to make, and chapter 15 collects on it properly.

Where Iceberg sits, honestly

Iceberg is not the only table format. Delta Lake came out of Databricks and Apache Hudi out of Uber — and all three solve the same core problem with the same core idea. Anyone claiming one of them is categorically correct is selling something.

The differences that actually matter in practice are about the ecosystem rather than the specification. Iceberg’s bet was engine neutrality: it is a spec that many implementations target, with a defined REST protocol for the catalog, and it has ended up as the interoperability point that Snowflake, Databricks, AWS, Google, Trino, Spark, Flink and DuckDB all speak. That convergence, more than any technical detail, is why it is worth learning.

Be clear about when you do not want this. If your data fits comfortably in Postgres, use Postgres — you already have transactions, and you do not need a metadata layer over object storage. If you have one engine, one writer and files you rewrite wholesale, a directory of Parquet is genuinely fine and much simpler. Iceberg earns its complexity when you have concurrent writers, multiple engines, or a regulatory or debugging need for history. Adopt it because one of those is true, not because it is on a diagram.

How this book is built

Every number, error message and query result in this book was produced by running the code, on a laptop, against pinned versions. Where something could not be executed, the text says so in the place where the claim is made. That matters more than usual here: Iceberg’s specification is stable, but engine support for it moves fast enough that a book written from documentation would confidently teach behaviour that no installed version exhibits. You will see at least one case where reading the source produced a confident and completely wrong conclusion that thirty seconds of execution corrected.

Everything is also packaged, so you can run it rather than read it: the companion repository iceberg-bookshop holds the catalog, the warehouse, the seed and a verification suite pinned to the same versions. make up && make seed && make verify reproduces the load-bearing findings of this book on your own machine.

The environment grows exactly twice, and both times the chapter that needs it is the chapter that introduces it. Chapters 1 to 4 need only pip install pyiceberg and a local directory. Chapter 5 adds a catalog server, in one docker run, because that chapter is about catalogs. Chapter 10 adds Spark, because that chapter is about the first operation PyIceberg genuinely cannot perform. Nothing gets set up in advance for a payoff several chapters away.

Final thoughts

The directory-as-table model was not a mistake — it unlocked cheap storage and engine choice, and it is still the right answer for a great deal of work. What it never had was the one thing that makes a table a table: a single, authoritative, atomically-swappable answer to the question what does this table contain right now?

Keeping old answers gives you time travel. Including a schema lets the table evolve without losing track of its columns, and an atomic swap coordinates concurrent writes. Even the performance work in later chapters depends on that explicit file list: the planner can prune it instead of listing a directory.

The next chapter takes the shortest possible path to a working table, so that the third can open it up and account for every file it produced.





Four Books and a Catalog

The last chapter argued that a folder is not a table. This one makes a table, and it takes about ten lines.

[image: A catalog gives a name to a table; appends create data files and snapshots that can be read consistently by multiple clients.]

That is worth stating plainly. Most Iceberg introductions open with a Spark shell, a JVM, a jar coordinate and a Docker Compose file, and a good number of readers never make it past that to the part where the format does something. None of it is necessary. Everything in this chapter runs on a laptop with one install and a local directory:

pip install "pyiceberg[sql-sqlite,pyarrow]"

Pinned versions for this book: PyIceberg 0.11.1, PyArrow, Python 3.13, plus DuckDB 1.5.5 and pandas where they appear.

If you would rather not assemble the environment by hand, the companion repository iceberg-bookshop pins all of it — make venv and you have exactly what this book was written against.

We build the bookshop here, and it carries the rest of the book: books, orders, customers. It starts with four books.

You cannot skip the catalog, even alone

Even a table on a laptop needs an authoritative answer to which files are current. The catalog supplies it: a table name resolves to one metadata file, and a commit swaps that pointer atomically. Iceberg defines the interface; you bring an implementation.

For a laptop, the implementation is a SQL database, and SQLite counts:

from pyiceberg.catalog.sql import SqlCatalog

catalog = SqlCatalog(
    "bookshop",
    uri="sqlite:///cat.db",
    warehouse="file:///abs/path/wh",
)

Two arguments and a name. The uri is where the pointer lives; the warehouse is where data files go. This is a real, spec-conforming catalog rather than a toy. The same SqlCatalog class runs against Postgres in production, and SQLite is only the backend. Chapter 4 opens it up and reads every column; chapter 5 swaps it for a catalog server.

[image: A table name such as bookshop.books is resolved by the catalog, which compares and swaps a pointer to a metadata document holding the schema and the current snapshot id, and that snapshot is an explicit list of files. Nothing is current until the catalog says which metadata document the table is.]

One thing about that first argument, because it costs people an afternoon. The catalog’s name is part of its identity, not a label. I later reconnected to the same SQLite file with SqlCatalog("b", ...) instead of SqlCatalog("bookshop", ...) and got:

pyiceberg.exceptions.NoSuchTableError: Table does not exist: bookshop.books

The file was right there, the table was right there. But the catalog stores its own name alongside every table. A different name is therefore a different catalog that happens to share a database file, and it is empty. There is no warning, because nothing is wrong: you asked an empty catalog what it contained, and it told you.

Namespaces, then a table

A namespace is a container for tables. Create one:

catalog.create_namespace("bookshop")

  before: []
  after : [('bookshop',)]

Create it twice and Iceberg objects rather than shrugging:

NamespaceAlreadyExistsError: Namespace bookshop already exists

Now the table. The quickest route is to hand PyIceberg an Arrow table and let it derive the schema:

import pyarrow as pa

books = pa.table({
    "book_id": pa.array([1, 2, 3, 4], pa.int64()),
    "title":   ["Dune", "Neuromancer", "Blindsight", "Anathem"],
    "author":  ["Herbert", "Gibson", "Watts", "Stephenson"],
    "genre":   ["scifi", "cyberpunk", "scifi", "scifi"],
    "price":   pa.array([9.99, 7.50, 6.25, 12.00], pa.float64()),
})

t = catalog.create_table("bookshop.books", schema=books.schema)

identifier: ('bookshop', 'books') | format_version: 2
table {
  1: book_id: optional long
  2: title: optional string
  3: author: optional string
  4: genre: optional string
  5: price: optional double
}
current_snapshot: None

Every field has a number. 1: book_id, 2: title, and so on. Those are field IDs, and they are how Iceberg tracks a column through renames and reordering. They are why a rename here is safe when the same rename against a folder of Parquet is the trap we hit in chapter 1. Chapter 7 is entirely about them.

format_version: 2. Not 3, even though version 3 has been production-ready since May 2026. The default is deliberate, and chapter 19 covers what v3 adds and why the upgrade is not automatic.

current_snapshot: None. The table exists and has no data, and those are separate facts. A table is a name, a schema, and a pointer — the pointer just does not point at any data yet.

Append, and the table acquires a history

t.append(books)

rows: 4 | snapshot: 88002193332962349

That is a commit. Four rows landed, and the table now has a snapshot with an id — a name for the state it is in. Nothing about that id is cosmetic. Chapter 6 uses it to read the table as it was, and chapter 1 used its ancestor to roll a bad refresh back.

Reading it, four ways

The scan API is where you will spend most of your time:

t.scan().to_arrow()                                   # 4 rows
t.scan(selected_fields=("title", "price")).to_arrow()  # ['title', 'price']
t.scan(row_filter="genre == 'scifi'").to_arrow()       # 3 rows
t.scan().to_pandas()                                   # a DataFrame

to_arrow  : 4 rows
selected  : ['title', 'price']
filtered  : 3 rows
to_pandas : ['book_id', 'title', 'author', 'genre', 'price']
duckdb    : [(4, 8.94)]

The projection and the filter are not conveniences applied after loading. Iceberg pushes both down. The filter is evaluated against per-file statistics to skip whole files before any are opened, and the projection limits which Parquet columns are read. On four rows this is invisible. On four hundred million it is the difference between a query and a bill.

[image: A scan carries its row filter and its selected fields downward: the manifests use them to skip files that cannot match, Parquet reads only the requested columns, and Arrow materialises what is left. Pushdown changes the I/O before any row reaches Python.]

The last line is DuckDB aggregating the Arrow that PyIceberg produced, for an average price of 8.94. Arrow lets a second engine work with this result without an export step; chapter 15 develops the broader multi-engine case.

Loading from a file, which is how it really starts

Handing create_table a hand-built Arrow table is the tutorial version — in practice the first table comes from a file. The shape is the same: read it with Arrow, derive the schema, append.

import pyarrow.csv as pacsv

cust = pacsv.read_csv("customers.csv")
ct = catalog.create_table("bookshop.customers", schema=cust.schema)
ct.append(cust)

inferred: [('customer_id', 'int64'), ('name', 'string'), ('country', 'string')]
customers: 3 rows

Arrow’s CSV reader did the type inference, and Iceberg took what it was given. That is convenient, and it is also the weak point. The schema of your table is now whatever a type sniffer guessed from the first few thousand rows of one file. Two chapters from now that schema is a contract every future write must satisfy. If the table matters, read the inferred types out loud before you accept them, or declare the schema by hand.

Five ways your first table quietly misbehaves

Creating the table was easy; deciding what writes it should accept takes more care. The inferred schema permits several changes that a producer might make by accident, and only two of the failures below raise an error.

Everything is optional. Look again at the schema Iceberg derived: every field says optional. Arrow’s default nullability came straight through, so no column is required. That includes book_id, which is obviously a key. If you want required columns you must declare the schema explicitly rather than deriving it:

from pyiceberg.schema import Schema
from pyiceberg.types import NestedField, LongType, StringType

Schema(
    NestedField(1, "id",   LongType(),   required=True),
    NestedField(2, "name", StringType(), required=False),
)

A partial append succeeds, silently. Because every column is optional, appending a table that is missing most of them is legal:

t.append(pa.table({"book_id": pa.array([9], pa.int64()), "title": ["X"]}))

No error. The row lands, and the missing columns are filled with nulls:

{'book_id': 9, 'title': 'X', 'author': None, 'genre': None, 'price': None}

A pipeline that drops three columns after an upstream change will not fail. It will write nulls, on schedule, until somebody notices the average price moving.

Types get promoted. Appending book_id as int32 against a schema that says long also succeeds. Iceberg accepts the widening and stores int64. That is correct and useful, and it is one more mismatch that does not announce itself.

There are no primary keys. After the two appends above, the table holds nine rows, and two of them have book_id 9:

{'book_id': 9,  'title': 'X',    'author': None, ...}
{'book_id': 9,  'title': 'Dune', 'author': 'Herbert', ...}

Iceberg has no unique constraint, no primary key and no ON CONFLICT. It is a table format, not a database. Uniqueness is your pipeline’s job, and upsert and MERGE INTO (chapters 10 and 16) are how you enforce it deliberately.

An unknown column, on the other hand, is refused. This is the one asymmetry:

ValueError: PyArrow table contains more columns: isbn.
            Update the schema first (hint, use union_by_name).

Missing columns are filled; extra columns are rejected. Worth internalising, because the intuition usually runs the other way.

[image: PyIceberg derived a five-field schema in which every field is optional, so an append missing three of the five columns is accepted and fills them with null, while an append carrying one extra column named isbn is refused with a ValueError.]

And when you do declare a field required, PyIceberg enforces it — with the clearest error message in the library, a field-by-field diff:

┏━━━━┳━━━━━━━━━━━━━━━━━━━━━━━━━━┳━━━━━━━━━━━━━━━━━━━━━━━━━━┓
┃    ┃ Table field              ┃ Dataframe field          ┃
┡━━━━╇━━━━━━━━━━━━━━━━━━━━━━━━━━╇━━━━━━━━━━━━━━━━━━━━━━━━━━┩
│ ❌ │ 1: id: required long     │ Missing                  │
│ ✅ │ 2: name: optional string │ 2: name: optional string │
└────┴──────────────────────────┴──────────────────────────┘

The lesson is not that PyIceberg is careless. It is that an all-optional schema is a permissive contract, and deriving your schema from a DataFrame silently signs one. Declare the schema when the table matters.

Changing data, and the trap that was waiting

We have a table with two rows sharing book_id 9. The obvious fix is an upsert, and PyIceberg has one:

t.upsert(fix, join_cols=["book_id"])

UpsertResult(rows_updated=2, rows_inserted=0)

Two rows updated is the warning here. Upsert matched on book_id, found both rows with id 9, and updated both. The table now holds two identical copies of Hyperion:

{'book_id': 9, 'title': 'Hyperion', 'author': 'Simmons', 'genre': 'scifi', 'price': 8.75}
{'book_id': 9, 'title': 'Hyperion', 'author': 'Simmons', 'genre': 'scifi', 'price': 8.75}

The duplicate did not go away. It got twice as convincing.

[image: Two rows sharing book_id 9 are upserted on that key; the result reports rows_updated=2 and rows_inserted=0, leaving two identical copies of the same book because join_cols matches rows without asserting the match is unique.]

This is the payoff of “there are no primary keys.” Upsert is exactly the tool people reach for to impose uniqueness, and it cannot. join_cols tells Iceberg how to match rows. It does not assert that the match is unique, and nothing anywhere in the table does. Uniqueness has to hold before the upsert, not after it. If duplicates can enter your table, deduplicate on the way in.

Deleting is simpler, and takes a row filter rather than a row set:

t.delete("genre == 'cyberpunk'")

rows: 7

Two rows gone. No warning was emitted for this particular delete: PyIceberg only complains about merge-on-read when it has to fall back to it. How a delete is physically carried out is chapter 10’s subject. For now the useful mental model is that delete takes a predicate, not a list of rows. It is also a commit like any other: it produces a snapshot, and chapter 6 can put it back.

The rest of the scan API

Four more things you will want early:

t.scan(limit=2).to_arrow()            # 2 rows
t.scan().to_polars()                  # (7, 5)
t.scan().to_arrow_batch_reader()      # RecordBatchReader, first batch: 2 rows
list(t.scan().plan_files())           # 3 file tasks

to_polars matters if Polars is your dataframe library. to_arrow_batch_reader matters when the result does not fit in memory, since it streams rather than materialising.

plan_files is the interesting one. It returns the file tasks the scan resolved to — the actual list of data files this query will open, after pruning. Three tasks here for three data files, because nothing pruned them. Put a selective filter on it and the count drops, so you see the pruning rather than infer it from a stopwatch. It is the cheapest window into how Iceberg decides what to read, and chapter 8 uses it to prove hidden partitioning works.

Properties, and catalogs for tests

Tables carry a property bag, empty by default:

with t.transaction() as tx:
    tx.set_properties({"owner": "bookshop-team",
                       "write.parquet.compression-codec": "zstd"})

properties: {}                                             # before
{'owner': 'bookshop-team', 'write.parquet.compression-codec': 'zstd'}   # after

Two kinds of thing live in there and it pays to know which is which. owner is yours, arbitrary, and Iceberg never reads it. But write.parquet.compression-codec is a reserved property the writers actually obey. The write.* namespace controls file sizes, compression, delete mode and more. It is where a lot of chapter 11 and 12’s tuning ends up living.

For tests you often want a catalog with no filesystem footprint at all:

from pyiceberg.catalog.memory import InMemoryCatalog
mc = InMemoryCatalog("test", warehouse="/tmp/mem")

in-memory rows: 3 | type: InMemoryCatalog

Same interface, nothing to clean up. It is the right default for unit tests of code that talks to a catalog.

Dropping a table does not delete anything

Removing a table name and reclaiming its storage are separate operations. A drop shows the difference:

catalog.drop_table("bookshop.strict")

files in warehouse before: 37 after: 37 -> files left behind
tables now: [('bookshop', 'books'), ('bookshop', 'customers')]

The table is gone from the catalog. Every one of its files is still on disk. Thirty-seven before, thirty-seven after.

[image: Dropping bookshop.strict removes its row from the catalog, leaving books and customers listed, while the warehouse holds thirty-seven files before the drop and thirty-seven after; nothing references the dropped table’s files, which makes them orphan files.]

That is consistent rather than careless. The catalog’s job is the pointer, and dropping a table means forgetting the pointer. The data files are not referenced by anything now, which makes them precisely orphan files — the thing chapter 13 spends a section cleaning up. On a laptop it is thirty-seven files. On a warehouse where somebody drops and recreates a table nightly, it is a storage bill that grows forever and a directory nobody dares delete by hand.

Some catalogs support a purge variant that deletes the data too. Check whether yours does, and whether you want it to, before you need it rather than after.

One commit, or two? The transaction API

Every operation so far committed on its own. Two appends means two commits, and you can watch the catalog pointer move twice:

pointer before : 00009-3f5f7a87-….metadata.json
after append 1 : 00010-260b630b-….metadata.json
after append 2 : 00011-7cff2b59-….metadata.json

Group them in a transaction and they commit together:

with t.transaction() as tx:
    tx.append(batch_a)
    tx.append(batch_b)

after transaction : 00012-905b1ba1-….metadata.json

One pointer move for two appends. Nobody can observe a state where the first landed and the second did not.

Now the part I got wrong before running it. I assumed the transaction would also collapse the two appends into one snapshot. It does not — the snapshot count still went up by two. So the precise rule is:


A transaction is one atomic commit that may contain several snapshots.



Atomicity lives at the commit, and the snapshot list is the history within it. Chapter 1 found the same shape by accident, where a single overwrite recorded a delete and an append while readers observed one change. Same mechanism, stated properly.

[image: Two separate appends move the catalog pointer twice, from metadata file 00009 to 00010 to 00011. The same two appends inside a single transaction move it once, to 00012, yet the snapshot count still rises by two.]

The practical consequence is for writers. If your job produces ten batches, ten separate append calls mean ten commits, ten chances to collide with another writer, and ten pointer swaps. One transaction means one. It does not, however, mean one file. Batching commits is not the same as batching data, which is why chapter 11’s small-files problem survives this trick.

What you have now

Every commit in this chapter — each append, the upsert, the delete, the property change — produced a snapshot, and most produced a data file. One append, one snapshot, one file is the tidy version of that. It is also the seed of the small-files problem that chapter 11 measures. A table written a row at a time ends up with a file per row and metadata that dwarfs it.

You have a real Iceberg table. It has a schema with stable field IDs, a history you can query, and atomic commits. Its physical layout is one other engines can read without asking you anything. It cost one pip install and a directory.

The wh/ folder now contains rather more than three Parquet files. Those additional files hold the schema, history and file lists that made these operations possible. Chapter 3 opens them and accounts for each one.





Four Layers and a Pointer

A few appends leave more metadata files than data files in an Iceberg warehouse. Before tuning or cleaning up that warehouse, you need to know which files describe the table, which belong to a snapshot, and which hold the rows.

[image: The catalog points to table metadata, which points to a manifest list, manifests, and finally data files; statistics prune the read path.]

Compaction, time travel, schema evolution and partition pruning all operate on this structure. Following one table from its catalog pointer down to its Parquet files makes those operations easier to reason about.

Run against PyIceberg 0.11.1 on a fresh bookshop.orders table — three appends of one hundred rows each. This is the running example for the rest of the book, so here is its schema once:

1: order_id     required long        5: quantity    int
2: customer_id  required long        6: amount      double
3: title        string               7: status      string
4: country      string               8: ordered_at  required timestamp

Chapter 7 evolves it, and the field IDs above are why that is safe.

The rule: every commit adds exactly four files

Start by counting. Here is the warehouse after each step, classified by what kind of file appeared:

after create_table     total   1  {'metadata.json': 1}
after append 1         total   5  {'data': 1, 'manifest': 1, 'manifest list': 1, 'metadata.json': 2}
after append 2         total   9  {'data': 2, 'manifest': 2, 'manifest list': 2, 'metadata.json': 3}
after append 3         total  13  {'data': 3, 'manifest': 3, 'manifest list': 3, 'metadata.json': 4}

One, five, nine, thirteen. Each commit adds exactly four files, one at each of four layers. create_table adds only the top one, because a table with no data needs nothing below it.

[image: Each append adds one data file, one manifest, one manifest list, and one metadata file; create_table adds only the initial metadata file.]

That single pattern explains the cost finding from chapter 1, where three hundred rows occupied four data files and twenty-one files in total. It was not overhead in some vague sense. It was four files per commit, and there had been several commits.

The four layers, from the top:

catalog  ──▶ metadata.json   ──▶ manifest list ──▶ manifest(s) ──▶ data files
(1 row)      (the table)         (a snapshot)      (file groups)   (Parquet)

The catalog holds a pointer to exactly one metadata.json. That file is the table. Everything else hangs beneath it.

Where the files actually sit

The warehouse separates data from metadata into two directories:

bookshop/orders/data     ->  3 files
bookshop/orders/metadata -> 10 files

Two directories per table. data/ holds Parquet; metadata/ holds everything else — the JSON, the manifest lists and the manifests together. The split matters operationally. A lifecycle rule that expires objects by prefix will treat those two very differently, and pointing one at metadata/ will destroy a table while leaving all its data intact.

The location is a table property, not a convention Iceberg enforces. Data files do not have to live under the table path at all. Chapter 14 relies on that when it adopts existing Parquet files where they already are.

Layer 1 — metadata.json, the table itself

This is a plain JSON file, which means you can read it with cat. It has twenty-one top-level keys:

['current-schema-id', 'current-snapshot-id', 'default-sort-order-id', 'default-spec-id',
 'format-version', 'last-column-id', 'last-partition-id', 'last-sequence-number',
 'last-updated-ms', 'location', 'metadata-log', 'partition-specs', 'partition-statistics',
 'properties', 'refs', 'schemas', 'snapshot-log', 'snapshots', 'sort-orders',
 'statistics', 'table-uuid']

Those twenty-one keys divide into identity, definitions, history and configuration. The distinction helps explain which parts change during a commit.

[image: The top metadata file groups permanent identity, evolving definitions, current pointers, table history, and operational configuration.]

Identity and version.

format-version: 2
table-uuid: 2f4d1a97-3b52-4a1e-9c6f-0d81b7e5a233
last-column-id: 8
last-sequence-number: 3

The UUID is the table’s permanent identity, independent of its name or location. Rename it, move it, and the UUID follows. last-column-id is the high-water mark for field IDs: the next column added gets 9. No ID is ever reused, which is precisely what makes renames safe in chapter 7.

Plural definitions, singular defaults. Notice that it is schemas, partition-specs and sort-orders — all plural — each paired with a current-schema-id, default-spec-id or default-sort-order-id. A table does not have a schema. It has a list of every schema it has ever had, plus a note saying which one is current. Same for partitioning and sort order.

schemas: 1 | partition-specs: 1 | sort-orders: 1 | snapshots: 3 | metadata-log: 3

Our table has one of each because it has never evolved. That plurality is the whole mechanism behind chapters 7 and 9. Evolving a schema appends a new entry and moves the pointer. Older data files stay readable because the schema they were written under is still right there.

Two keys that look empty and are not optional. statistics and partition-statistics are lists, empty on this table, that point at Puffin files. Puffin is a sidecar format holding sketches an engine cannot cheaply derive from manifests. The manifests give exact per-file minimums, maximums and null counts, which is enough to prune. What they cannot give is a distinct count, because you cannot add up distinct counts from separate files without double-counting. So a planner that wants to know roughly how many distinct customers a table holds reads an NDV sketch from a Puffin file instead. Nothing in this book writes one. Puffin returns in chapter 20 wearing a different hat: it is also the container for v3’s deletion vectors.

History. snapshots is the list of table versions, and refs names them:

refs: {'main': {'snapshot-id': 6488880964964305976, 'type': 'branch'}}

There is a branch called main, and it is a reference to a snapshot — the same idea as a git branch. It is also the basis for the branching and tagging that chapter 16 uses for write-audit-publish. A table you never branch still has main.

Each snapshot carries a summary:

manifest-list: snap-6488880964964305976-0-67aa980b-….avro
summary:       {'operation': 'append', 'added-files-size': '4216', 'added-data-files': '1',
                'added-records': '100', 'total-data-files': '3', 'total-delete-files': '0'}

operation is why chapter 1 could see ['append','append','append','delete','append'] and infer that an overwrite is internally two steps. The running totals are how tools report table size without touching data. And manifest-list is the link down to layer 2.

Layer 2 — the manifest list, one row per manifest

Each snapshot points at exactly one manifest list — the snap-*.avro file. It is not a list of data files. It is a list of manifests:

67aa980b-…-m0.avro | added_data_files: 1 | length: 4799
45d3becb-…-m0.avro | added_data_files: 1 | length: 4797
20074712-…-m0.avro | added_data_files: 1 | length: 4793

Three manifests, because there were three appends and each wrote its own. The columns available here are worth knowing, because they are the coarse filter:

['content', 'path', 'length', 'partition_spec_id', 'added_snapshot_id',
 'added_data_files_count', 'existing_data_files_count', 'deleted_data_files_count',
 'added_delete_files_count', 'existing_delete_files_count', 'deleted_delete_files_count',
 'partition_summaries']

partition_summaries is the important one on a partitioned table. It records the range of partition values inside each manifest, so a query can discard an entire manifest — and everything under it — without opening it. On our unpartitioned table it does nothing, which is one of several reasons chapter 8 exists.

Note also content and the *_delete_files_count columns. Delete files are tracked here alongside data files. That is how merge-on-read works at all, and it is chapter 10’s subject.

Layer 3 — a manifest, one row per data file

Open a manifest and you finally reach individual files. Each row describes one data file, and carries statistics:

00000-0-67aa980b-….parquet
record_count: 100 | file_size: 4216 | format: PARQUET
column_sizes : [(1, 388), (2, 144), (3, 143), (4, 93), (5, 111), (6, 336), (7, 93), (8, 529)]
null_counts  : [(1, 0), (2, 0), …]
lower_bounds : [(1, b'\xc9\x00\x00\x00\x00\x00\x00\x00'), (7, b'placed'), …]
upper_bounds : [(1, b',\x01\x00\x00\x00\x00\x00\x00'), (7, b'placed'), …]

Everything is keyed by field ID, not name. (1, 388) means field 1 occupies 388 bytes. The statistics survive a rename for free, because they never knew the name.

The bounds are raw bytes. b'\xc9\x00\x00\x00\x00\x00\x00\x00' is a little-endian 64-bit integer, and it is 201. Storing them undecoded keeps the manifest compact and type-agnostic. PyIceberg will decode them for you:

order_id     lower=201                  upper=300                  nulls=0
customer_id  lower=1                    upper=5                    nulls=0
title        lower=Anathem              upper=Neuromancer          nulls=0
country      lower=GB                   upper=US                   nulls=0
quantity     lower=1                    upper=3                    nulls=0
amount       lower=30.0                 upper=79.5                 nulls=0
status       lower=placed               upper=placed               nulls=0
ordered_at   lower=2026-06-01 00:00:00  upper=2026-06-01 01:39:00  nulls=0

The planner can use all of that without opening a single Parquet file. It knows this file holds orders 201 to 300, all placed, with amounts between 30.0 and 79.5. They were placed within a hundred minutes of each other, and no column contains nulls.

[image: A manifest entry records the data-file path, size, row count, and field-ID-keyed statistics that the planner can use without opening Parquet.]

Layer 4 — the data files

The bottom is unremarkable, which is a feature:

00000-0-67aa980b-….parquet | rows: 100 | bytes: 4216
00000-0-45d3becb-….parquet | rows: 100 | bytes: 4198
00000-0-20074712-….parquet | rows: 100 | bytes: 4171

Ordinary Parquet. Any tool that reads Parquet can read these bytes. What it cannot do is know which of them are currently part of the table, which is the entire difference chapter 1 was about.

The read path, and files that never get opened

Now watch the structure do its job. Here are four queries, and how many of the three data files each one actually planned to read:

order_id >= 1        -> 3 of 3 files planned, rows returned: 300
order_id > 250       -> 1 of 3 files planned, rows returned: 50
order_id > 500       -> 0 of 3 files planned, rows returned: 0
status == 'shipped'  -> 1 of 3 files planned, rows returned: 100

order_id > 250 touched one file, because the other two have upper bounds of 100 and 200 and cannot possibly contain a match.

[image: For order_id greater than 250, manifest bounds eliminate two files and open only the file whose range is 201 through 300; greater than 500 opens none.]

order_id > 500 touched none. The query returned a correct, empty answer having opened zero data files. The manifests alone were enough to prove no row could qualify. That is not a cache and not a shortcut. It is arithmetic on the bounds we just read.

And status == 'shipped' pruned to one file on a string column, with no partitioning and no index. It worked purely because each file happened to be written with a single status and the bounds recorded it. That last clause matters: the pruning worked because of how the data was laid out. Lay the same rows down in a shuffled order and every file’s bounds would span every status, pruning nothing. This is why sort order is a performance lever, and it is chapter 9.

You can see this yourself on any table:

list(t.scan(row_filter="order_id > 500").plan_files())   # []

plan_files is the honest window into what a query will read. When someone tells you Iceberg made a query faster, this is where you check.

Why a tree, and why Avro

[image: A flat million-entry file list would be rewritten for every append; Iceberg reuses old manifests and publishes only a small new path to the root pointer.]

Why not put the file list in metadata.json? Because it would have to be rewritten in full on every commit. A table with a million data files would rewrite a million-entry JSON document to add one row. Splitting it into manifests means a commit writes one small manifest and one manifest list that references the existing ones. The tree exists so that commits stay proportional to the change, not to the table.

Why Avro for the middle layers and JSON at the top? The top file is read once per query and benefits from being human-readable. The middle layers are read in bulk, are strongly typed, and evolve. Avro is compact, has a real schema, and appends cheaply. You will never edit them by hand, and you are not meant to.

What a delete does to the tree

Everything so far was appends, which only add. Deleting is where the structure earns its keep. Delete the last fifty rows:

t.delete("order_id > 250")

rows now: 250
data files now: 3

Still three files. Look at the manifest entries and you can see exactly what happened:

status 1  seq 4  00000-0-04d77cfa-…  rows  50    <- new
status 2  seq 3  00000-0-67aa980b-…  rows 100    <- marked DELETED
status 1  seq 2  00000-0-45d3becb-…  rows 100
status 1  seq 1  00000-0-20074712-…  rows 100

The status field takes three values: 0 = EXISTING, 1 = ADDED, 2 = DELETED.

[image: Deleting rows 251 through 300 writes a new 50-row file, marks the original 100-row file deleted in the new snapshot, and retains it for the old snapshot.]

Iceberg did not edit the 100-row file, because Parquet files are immutable. It read the fifty surviving rows out of it, wrote them to a new file, and marked the original DELETED. That is copy-on-write. The snapshot summary confirms there is no third thing going on:

{'added-files-size': '3808', 'removed-files-size': '4216',
 'added-data-files': '1', 'deleted-data-files': '1',
 'added-records': '50', 'deleted-records': '100',
 'total-data-files': '3', 'total-records': '250', 'total-files-size': '12177',
 'total-delete-files': '0', 'total-position-deletes': '0'}

total-delete-files: 0. No delete file was written; the deletion is expressed purely by which data files the manifest says are live.

Two consequences worth carrying. Deleting fifty rows rewrote a hundred. The cost of a copy-on-write delete scales with the files touched, not the rows removed, which is why deleting one row from a one-gigabyte file rewrites a gigabyte. And the old file is still on disk, because a previous snapshot still references it. That is what makes time travel work, and what makes chapter 13’s snapshot expiry necessary before storage is actually reclaimed.

There is an alternative: write a small file that says “row 47 of that file is gone” and leave the original alone. That is merge-on-read, and it is chapter 10.

Do manifests grow forever?

A natural worry, given that each commit adds one of everything. Twelve more single-row appends:

after append  1: data files  4 | manifests  4 | snapshots  5
after append  4: data files  7 | manifests  7 | snapshots  8
after append  8: data files 11 | manifests 11 | snapshots 12
after append 12: data files 15 | manifests 15 | snapshots 16

One manifest per data file, exactly, with no merging. The counts track each other precisely, and commit.manifest-merge.enabled is unset on this table.

[image: Many small commits create a fixed set of metadata files each time, so metadata can grow much faster than the table data itself.]

The result on disk is lopsided:

data dir: 16 files | metadata dir: 50 files

Fifty metadata files against sixteen data files, for a table holding a few hundred rows. This is chapter 1’s cost finding again, now with a mechanism attached. It is not that Iceberg is heavy. It is that every commit writes a fixed four files regardless of how much data it carries, so a table written in small increments accumulates metadata far faster than data.

Iceberg’s answer is to merge manifests during commits once enough small ones pile up, governed by commit.manifest-merge.enabled and commit.manifest.min-count-to-merge. That did not happen here. I am not going to claim why from a single unpartitioned PyIceberg table. What I can say is what was observed: a straightforward sequence of appends produced a manifest per commit and merged none of them. The repair path is rewrite_manifests, which PyIceberg does not implement at all, and which chapter 13 runs from Spark.

The operational consequence is that commit frequency shapes an Iceberg table’s metadata independently of data volume. A streaming job committing every ten seconds and a batch job committing hourly can hold identical data and accumulate very different amounts of metadata.

The metadata log

One last key. metadata-log records every metadata.json this table has ever had:

00000-cc0bde69-….metadata.json | snapshot: None
00001-d880b5a0-….metadata.json | snapshot: 3648361078733550186
00002-f9a09046-….metadata.json | snapshot: 731466282651299659
00003-8313a350-….metadata.json | snapshot: 6488880964964305976

Four entries for four commits, and the first has no snapshot because it was the empty table from create_table.

[image: Snapshots record data versions, while the metadata log also records property and schema changes that do not alter data.]

This is a different history from snapshots, and the distinction is easy to miss. Snapshots track data versions. The metadata log tracks file versions of the table definition, including commits that changed no data at all — setting a property, evolving a schema. Expiring snapshots does not by itself trim this log. write.metadata.previous-versions-max governs it, and it is one of the quieter contributors to metadata sprawl in chapter 13.

Final thoughts

An Iceberg table is a pointer to a JSON file, which names a list of manifests, which name data files and describe what is inside them. Four layers, and every one of them is a file you can open.

The shape is not arbitrary. Each layer exists to keep the layer above it small. Statistics live beside file names, so the planner never opens data it does not need. Manifests are grouped, so a commit rewrites a little rather than everything. The top file is small enough that swapping it is one atomic operation.

That last point is the one worth carrying forward. The whole tree is designed so that publishing a new version of a table is a single pointer swap — and a pointer swap needs somewhere to swap it. That somewhere is the catalog, which we have been using since chapter 2 without ever looking inside it.





The Row That Owns the Warehouse

Chapter 1 ended on a promise it did not keep. A table format, we said, is an explicit list of files plus an atomic way to swap one list for another. The word carrying all the weight in that sentence is atomic. Object storage does not offer atomicity, and neither does a filesystem above the level of a single file. So where does it come from?

[image: Optimistic commits compare the expected metadata pointer and swap it atomically; one concurrent writer wins and the stale writer fails visibly.]

In the SQL catalog, that guarantee comes from one row and a conditional UPDATE. The warehouse can keep all its immutable files; only the row needs a transaction.

Everything below was run against PyIceberg 0.11.1 on Python 3.13, with a SQLite catalog and a local directory, and no server, no cloud, no JVM. It is the same setup chapters 2 and 3 used, and the last chapter that will need nothing else.

Where we are

The bookshop has an orders table. Three appends of three rows each:

from pyiceberg.catalog.sql import SqlCatalog

cat = SqlCatalog("bookshop",
                 uri="sqlite:///labs/ch04/cat.db",
                 warehouse="file:///abs/path/labs/ch04/wh")
cat.create_namespace_if_not_exists("bookshop")
t = cat.create_table("bookshop.orders", schema=schema)
for i in range(3):
    t.append(batch(1 + i*3, 3))

rows      : 9
snapshots : 3
warehouse : 13 files 32763   catalog db: 20480 bytes
breakdown : {'parquet': 3, 'metadata.json': 4, 'avro': 6}

Thirteen files in the warehouse, holding nine rows. Chapter 3 took a table this shape apart layer by layer and accounted for every one of those files. This chapter is about the twenty-kilobyte SQLite file sitting off to the side, which chapter 3 did not open.

The entire catalog

The complete .dump fits below: two tables, their schemas and every row. It gives us enough to trace exactly what a commit changes.

CREATE TABLE iceberg_namespace_properties (
	catalog_name VARCHAR(255) NOT NULL,
	namespace VARCHAR(255) NOT NULL,
	property_key VARCHAR(255) NOT NULL,
	property_value VARCHAR(1000) NOT NULL,
	PRIMARY KEY (catalog_name, namespace, property_key)
);
INSERT INTO "iceberg_namespace_properties" VALUES('bookshop','bookshop','exists','true');
CREATE TABLE iceberg_tables (
	catalog_name VARCHAR(255) NOT NULL,
	table_namespace VARCHAR(255) NOT NULL,
	table_name VARCHAR(255) NOT NULL,
	metadata_location VARCHAR(1000),
	previous_metadata_location VARCHAR(1000),
	PRIMARY KEY (catalog_name, table_namespace, table_name)
);
INSERT INTO "iceberg_tables" VALUES('bookshop','bookshop','orders',
  'file:///…/labs/ch04/wh/bookshop/orders/metadata/00003-e4a3d8c0-….metadata.json',
  'file:///…/labs/ch04/wh/bookshop/orders/metadata/00002-aa8430b0-….metadata.json');

Two tables. One of them exists only to record that a namespace exists at all. That is why its single row has the property exists = true and no other content. The other has five columns, three of which are the table’s name spelled out in parts.

So the catalog holds one meaningful string per table: metadata_location. Behind that one path is everything a reader needs to know what bookshop.orders contains — its schema, its snapshots, its partitioning, the list of manifests that leads to the list of data files. The catalog does not have a copy. It has the address.

The trailing column, previous_metadata_location, is a convenience rather than a mechanism. It records where the pointer was before the last commit. It is not the table’s history, which lives inside metadata.json as the metadata-log. Nothing reads it during a normal query. Sit with those proportions for a second. Thirteen files, thirty-two kilobytes of warehouse, nine rows of bookshop orders, and the authoritative answer to what is in this table right now is a single VARCHAR.

What the catalog does not know

Ask this database how many rows bookshop.orders has. There is no column for it. Ask what its columns are called and there is no column for that either. Ask when it last changed, who changed it, how many snapshots it has, whether it is partitioned. None of it is here.

A Hive metastore knew all of those things, and that was precisely its problem. It held a copy of information that also existed in storage, and the two drifted. MSCK REPAIR TABLE exists because a metastore’s idea of a table’s partitions could disagree with the directories that actually existed. Somebody had to go and reconcile them. An Iceberg catalog cannot drift, because it duplicates nothing in the first place. It answers exactly one question, and the answer is a pointer. Everything else is derived by following it.

[image: The catalog row for bookshop.orders has five columns: three spell out the table name, one is an audit copy of the previous pointer, and only metadata_location means anything. It leads to 13 files and 32,763 bytes holding 9 rows, while the catalog itself knows nothing about row counts, column names, snapshots or partitioning.]

One consequence surprises people the first time they hit it: the catalog cannot answer any interesting question without reading a file from storage. SHOW TABLES is a database query. DESCRIBE TABLE is a database query plus an object-storage GET. Chapter 5 shows a REST catalog that softens this by returning the parsed metadata inline. The underlying division of labour never changes.

The commit

Watch the pointer move. Here is one more append against the same table:

t.append(one_more_order)

BEFORE  metadata_location          : 00003-e4a3d8c0-….metadata.json
        previous_metadata_location : 00002-aa8430b0-….metadata.json
AFTER   metadata_location          : 00004-14dda10a-….metadata.json
        previous_metadata_location : 00003-e4a3d8c0-….metadata.json
warehouse : 17 files {'parquet': 4, 'avro': 8, 'metadata.json': 5}

Four files were added to the warehouse: a Parquet file with the new row, a manifest describing it, a manifest list for the new snapshot, and a fresh metadata.json. All four were written before anything changed in the catalog. While they were being written the table still had nine rows to every reader in the world.

Then one string changed, and the table had ten — that is the whole of it. A commit is a write of new immutable files followed by a single-value update in the catalog. The files are not the commit. The pointer move is the commit. It is the only step that has to be atomic, which is why it is the only step that happens somewhere other than object storage.

[image: An append writes four immutable files — a Parquet file, a manifest, a manifest list and a new metadata document — taking the warehouse from 13 files to 17. Only then does the catalog change metadata_location from 00003 to 00004, and that single change is the commit.]

The swap, exactly

“Atomic” is doing less work here than “conditional”. Turn on SQLAlchemy’s engine log and PyIceberg shows you the statement it issues:

UPDATE iceberg_tables
   SET metadata_location = ?, previous_metadata_location = ?
 WHERE iceberg_tables.catalog_name = ?
   AND iceberg_tables.table_namespace = ?
   AND iceberg_tables.table_name = ?
   AND iceberg_tables.metadata_location = ?

with these parameters:

('…/00005-8432fbcd-….metadata.json',      -- the new pointer
 '…/00004-14dda10a-….metadata.json',      -- the old pointer, for the audit column
 'bookshop', 'bookshop', 'orders',
 '…/00004-14dda10a-….metadata.json')      -- and the same old pointer AGAIN, in the WHERE

The last parameter is the mechanism. The writer read the pointer at the start of its work and held on to it. Now it says: set the pointer to this new value, but only if it is still the value I read.

Then it checks how many rows it changed:

result = session.execute(stmt)
if result.rowcount < 1:
    raise CommitFailedException(f"Table has been updated by another process: {namespace}.{table_name}")

[image: The commit is a single UPDATE that sets metadata_location to the new value only where it still equals the value the writer read. The old pointer is bound twice: once as the audit column and once as the condition. A rowcount of one means the commit succeeded; a rowcount of zero raises CommitFailedException.]

That is compare-and-swap, the same primitive an atomic integer uses in a CPU, applied to a VARCHAR. There is no lock, nothing is held across the writer’s work, and a reader is never blocked. The writer does its whole job optimistically and finds out at the last instant whether it was allowed to.

A single UPDATE … WHERE statement is atomic in every relational database. The guarantee comes for free from a component that already had it. Iceberg did not invent transactional storage. It arranged for a table’s transactionality to fit inside one row of something that already was transactional.

Two writers, and what happens to the loser

Two writers can both finish their files while working from the same old pointer. To make that overlap visible, two processes load the table, sit for a second and a half, then both append:

files before: {'parquet': 5, 'avro': 10, 'metadata.json': 6}
[alpha] loaded pointer: 00005-8432fbcd-….metadata.json
[alpha] COMMITTED -> 00006-70db48b3-….metadata.json
[bravo] loaded pointer: 00005-8432fbcd-….metadata.json
[bravo] CommitFailedException: Table has been updated by another process: bookshop.orders
files after : {'parquet': 7, 'avro': 14, 'metadata.json': 8}

Both processes read pointer 00005. Alpha’s UPDATE matched one row and won. Bravo’s matched zero and raised.

Now look at the file counts, because they are the part nobody mentions. Two Parquet files were added, not one, and four Avro files, not two. Two metadata.json files, not one. Bravo wrote its entire commit before it discovered it had lost. It wrote a data file, a manifest, a manifest list and a complete new table metadata document. Only then did it issue the UPDATE that failed.

Those files are still on disk and nothing points at them. Walking the table’s metadata to collect every reachable path and diffing that against the directory:

files on disk        : 29
files reachable      : 25
unreachable (orphans): 4
    00000-0-23a1d34a-….parquet
    00006-119a0b2f-….metadata.json
    23a1d34a-…-m0.avro
    snap-760373860059058757-0-23a1d34a-….avro

[image: Two writers load pointer 00005; alpha commits 00006 and bravo raises CommitFailedException. The warehouse still gained two Parquet files, four Avro files and two metadata documents, because bravo wrote its entire commit before the conditional update rejected it, leaving 4 orphan files among 29 on disk of which only 25 are reachable.]

Exactly four files are unreachable. Three share the UUID 23a1d34a, which traces bravo’s write through the layers. These orphan files came from the normal operation of an optimistic protocol: the writer had to finish its files before it could attempt the swap. Rejected commits therefore leave files to clean up, even without a crash or a bug. Chapter 13 handles that cleanup.

There is a second detail hiding in that list. Bravo’s orphaned metadata file is 00006-119a0b2f, and alpha’s committed one is 00006-70db48b3. Both are numbered 00006. The sequence number in the filename is a hint for humans, not an identity. The UUID is the identity. Two writers can both believe they are producing version six, and Iceberg does not care, because nothing about correctness depends on that number. Hold on to this. In twenty minutes it will be the difference between a catalog that works and one that eats your data.

About that retry

PyIceberg surfaced the failure rather than retrying. The conflict bravo hit was a metadata conflict, not a data conflict. Alpha appended three rows; bravo wanted to append one; those two intentions do not actually contradict each other. A client that re-read the table and replayed bravo’s append against snapshot 00006 would produce a correct result, and other Iceberg clients do exactly that. (The Java implementation retries commits by default under the commit.retry.* table properties. I have not run the Java client for this book, so take that as documentation rather than measurement. What was measured here is that PyIceberg does not.)

But “re-run my write against the new state” is only safe for some writes. Replaying an append is fine. Replaying an overwrite whose predicate was computed from the old state is not, and a library cannot tell the difference by looking at a function call. PyIceberg’s position is that surfacing the exception is the honest default. Retrying is the caller’s decision.

The practical shape of that decision: catch CommitFailedException, reload the table, and only then decide whether recomputing is meaningful. Do not wrap append in a blind retry loop and consider the problem handled.

The catalog holds the pointer, not the data

Chapter 2 noted in passing that dropping a table deletes no files. Now that you have seen the catalog, it is obvious why. The interesting half is what that makes possible.

cat.drop_table("bookshop.orders")

before drop   : catalog rows=1  files=29  table rows=12  snapshots=6
after  drop   : catalog rows=0  files=29
  load_table -> NoSuchTableError: Table does not exist: bookshop.orders

Twenty-nine files before, twenty-nine after. All DROP TABLE did was delete one row from iceberg_tables. The table is gone in the sense that no name resolves to it. It is entirely present in the sense that every byte is still sitting in the warehouse.

Which means it can come back:

cat.register_table("bookshop.orders", loc)   # loc = the old metadata_location

after register: catalog rows=1  files=29  table rows=12  snapshots=6
  previous_metadata_location is now: None
  metadata_log entries kept        : 6

Twelve rows, six snapshots, complete history. The table was restored by writing one string into one row.

Two things follow. The first is operational. In PyIceberg, drop_table and purge_table are separate methods, and only the second touches storage. drop_table takes no purge argument at all. If you have ever assumed that dropping a lakehouse table reclaims its storage, check your catalog’s semantics. On this one it does not, and your bucket has been growing.

The second consequence is architectural: moving a table between catalogs means moving its pointer. The files stay in place, with no export or rewrite. Chapter 5 performs that handoff.

Note also that previous_metadata_location came back as NULL. The audit column starts a fresh chain after a registration — more evidence that it is bookkeeping rather than machinery. The real history is inside the metadata file, and it survived intact.

The catalog Iceberg does not ship

Now the question this chapter has been circling. If a commit is just “swap a pointer”, why do you need a database at all? The metadata files are already sitting in a directory, numbered in order. Why not let the highest number win?

That design exists. It is the Hadoop catalog, sometimes called the filesystem or directory catalog. Nearly every early Iceberg tutorial used it, because it required nothing. The algorithm is exactly what you would guess: to read the table, list the metadata directory and take the highest version; to commit, write version N+1.

A fifteen-line implementation lets us isolate the decisive part: how two writers claim the next version.

def current_version():
    vs = [int(basename(p)[1:].split(".")[0]) for p in glob(f"{DIR}/v*.metadata.json")]
    return max(vs) if vs else 0

def claim_excl(n, who):                  # atomic create-if-absent
    fd = os.open(f"{DIR}/v{n}.metadata.json", os.O_CREAT | os.O_EXCL | os.O_WRONLY)
    os.write(fd, f'{{"written-by":"{who}"}}'.encode()); os.close(fd)

def claim_put(n, who):                   # check, then put
    p = f"{DIR}/v{n}.metadata.json"
    if os.path.exists(p):
        raise FileExistsError(p)
    time.sleep(0.05)                     # the window, widened so it is observable
    open(p, "w").write(f'{{"written-by":"{who}"}}')

Two writers, one seeded v1, both intending to write v2, released at the same wall-clock instant. First with O_EXCL. That is the POSIX flag that makes “create this file only if it does not exist” a single indivisible syscall.

[bravo] intends to write v2
[bravo] COMMITTED v2
[alpha] intends to write v2
[alpha] REJECTED: v2 already exists
  --> v2 contains: {"written-by":"bravo"}

That works. It is a correct compare-and-swap: the file’s existence is the compare, and the create is the swap. Five trials out of five, exactly one writer committed.

Now the same algorithm with the other primitive. Nothing changed except how the file gets claimed:

[alpha] intends to write v2
[alpha] COMMITTED v2
[bravo] intends to write v2
[bravo] COMMITTED v2
  --> v2 contains: {"written-by":"bravo"}

Both writers report success. One of them is lying. Five trials out of five, both processes exited zero, and v2 holds whichever write finished last. Alpha’s commit is gone: no error, no warning, no log line, no orphan to find later. This is chapter 1’s directory failure returning in a nicer suit. The table format is doing everything right, and the guarantee is evaporating one layer below it.

[image: Two writers race to claim v2 of a filesystem catalog. Claiming with O_EXCL, an indivisible create-if-absent, lets exactly one writer commit in five trials out of five. Claiming by checking for the file and then writing it lets both writers report success in five trials out of five, and the earlier commit is silently overwritten.]

I widened the race window with a deliberate sleep so the outcome is reproducible rather than occasional. That is honest about the demonstration and not about the risk. Shortening the window does not close it. It only makes the loss rarer, and therefore harder to attribute when it happens.

Why this is specifically an object-storage problem

The two versions above differ in one thing: whether the store offers an atomic create-if-absent.

A POSIX filesystem does. So does HDFS, whose atomic rename is what the Hadoop catalog was actually designed around. It writes a temporary file and renames it into place, and the rename either happens or does not.

S3 historically offered neither, and there is no rename in the S3 API. What object-storage clients call a rename is a CopyObject followed by a DeleteObject — two operations with a gap in the middle. And a plain PutObject will happily overwrite an existing key, which is claim_put above, with the same result.

This is not a marginal opinion. Here is Ryan Blue, Iceberg’s original author, proposing on the project’s dev list that HadoopTableOperations and HadoopCatalog be deprecated and moved into test code:


It is only safe to use hadoop tables with HDFS; most local file systems, S3, and other common object stores are unsafe.



and, on why they should not sit in the main module:


there’s an appearance that they are a reasonable choice



The second quote is the one that matters for a book. The filesystem catalog is not obscure. It is the default in a great many blog posts, it requires no infrastructure, and it works perfectly in every single-writer demo anybody ever runs. Its failure needs concurrency, and concurrency is exactly what nobody has while they are learning.

(One caveat I am flagging rather than claiming. S3 gained conditional writes in 2024 — PutObject with If-None-Match — which is the missing create-if-absent primitive, and there has been work to build on it. I have not run any of it. This lab has no S3 and no MinIO, so everything in this section about object storage is argument and citation, not measurement. What I did measure is the local pair above. The same algorithm is safe or unsafe depending purely on whether the claim is one indivisible operation.)

Which is why PyIceberg does not offer one

Ask PyIceberg what catalogs it knows about:

from pyiceberg.catalog import AVAILABLE_CATALOGS

[<CatalogType.REST: 'rest'>, <CatalogType.HIVE: 'hive'>, <CatalogType.GLUE: 'glue'>,
 <CatalogType.DYNAMODB: 'dynamodb'>, <CatalogType.SQL: 'sql'>,
 <CatalogType.IN_MEMORY: 'in-memory'>, <CatalogType.BIGQUERY: 'bigquery'>]

Seven types, and not one of them is a filesystem or Hadoop catalog. There is no way to spell it. A reader coming from a tutorial that pointed Spark at hadoop will search for the equivalent here, fail to find it, and conclude something is missing. Nothing is missing. The option was never offered.

The closest thing is in-memory, and it comes with its own disclaimer in the source:

class InMemoryCatalog(SqlCatalog):
    """
    An in-memory catalog implementation that uses SqlCatalog with SQLite in-memory database.

    This is useful for test, demo, and playground but not in production as it does
    not support concurrent access.
    """

InMemoryCatalog inherits the real SqlCatalog implementation — its database simply lives in memory and vanishes when the process ends.

Four catalogs, four primitives, one contract

Every catalog type in that list solves the same problem. Each borrows atomicity from whatever its backing system already had. The mechanisms are visible in PyIceberg’s own source, and they are not the same shape.

SQL does the compare-and-swap we watched: UPDATE … WHERE metadata_location = <what I read>, then check rowcount. Works on SQLite, Postgres, MySQL — anything SQLAlchemy speaks.

Glue uses AWS’s own optimistic concurrency. It passes the table’s VersionId to UpdateTable, and catches the failure the service raises:

except self.glue.exceptions.ConcurrentModificationException as e:
    raise CommitFailedException(…)

DynamoDB uses a conditional write, which is the same idea in DynamoDB’s vocabulary:

condition_expression=f"attribute_not_exists({DYNAMODB_COL_IDENTIFIER})"

Hive is the odd one out, and it shows its age. It takes an actual lock, and waits:

lock: LockResponse = open_client.lock(self._create_lock_request(database_name, table_name))
if lock.state != LockState.ACQUIRED:
    if lock.state == LockState.WAITING:
        self._wait_for_lock(database_name, table_name, lock.lockid, open_client)
    else:
        raise CommitFailedException(f"Failed to acquire lock for {table_identifier}, state: {lock.state}")

Pessimistic rather than optimistic: hold the lock, do the swap, release. It works. It also introduces a component that can hold a lock while its holder dies, which is a category of operational problem the other three do not have.

Four implementations, four primitives, one contract. That contract is the actual definition of an Iceberg catalog, and it fits in a sentence: resolve a table name to a metadata pointer, and swap that pointer only if it still has the value the writer expects. Anything that can do those two things can be a catalog. Anything that cannot, is not — regardless of how convenient it looks.

What a practitioner actually tunes here

Two table properties in this area will eventually be your problem, and both have defaults that surprise people.

write.metadata.previous-versions-max              100
write.metadata.delete-after-commit.enabled        False

The second one is the sharp edge. Old metadata.json files are not cleaned up by default. Every commit writes one, and every one stays. This chapter’s table went from four metadata documents to eight without ever exceeding twelve rows. A table that commits every five minutes writes about a hundred thousand of them a year, none of which anything will ever read again.

Turning deletion on makes each commit remove metadata files beyond previous-versions-max. It is off by default because those files are the escape hatch. register_table against an old metadata.json is a rollback of last resort, and deleting them removes it. That trade — recoverability against file count — is one you should make on purpose rather than inherit.

Note the scope carefully. This property governs the metadata.json documents only. Manifests, manifest lists, data files and orphans like bravo’s are a different problem with different tools. Chapter 13 covers all of them together.

What the catalog costs you

You now have a stateful component in the critical path of every read and every write. If the catalog is down, the table is unreadable, even though every byte of it is sitting in a bucket that is up. That is a strictly worse availability story than a directory of Parquet, and it is not a theoretical concern.

It must be backed up, and separately from your data, because the two are no longer in the same place. Our whole catalog is twenty kilobytes. That sounds reassuring until you notice that losing it means losing the name-to-pointer mapping for every table you own. The data survives; the ability to find it does not, at least not without walking the warehouse and guessing. (It is recoverable — register_table against the highest-numbered metadata file, per table, by hand. You do not want to be doing that under pressure.)

It becomes a contention point. Every commit for every table goes through it. SQLite is fine for one writer on a laptop and wrong for anything else. That is why the same SqlCatalog class points at Postgres in production without a line of application code changing.

And it is where access control has to live, because it is the only component that sees every request. A catalog that just resolves pointers cannot tell one caller from another. That is most of why chapter 5’s catalogs are servers rather than databases.

Final thoughts

The largest idea in Iceberg is that a table’s transactionality can be made small enough to fit somewhere that already has transactions. Not a distributed consensus protocol, not a lock service, not a rewrite of object storage: one row, one conditional UPDATE, and a discipline about which order things are written in.

Everything else in the format is downstream of that. Snapshots are the old pointer values you kept. Time travel is reading one of them. Concurrent writes work because the swap is conditional and fail loudly because it can only be conditional, not merging. Even the orphan files exist because optimism means some writers do their whole job and then find out they lost.

And the one place the design genuinely breaks is where somebody removes the row: where the “catalog” is a directory listing and the swap is a plain PUT. Both of our writers committed, both exited zero, and one commit is simply not there. That is the outcome the entire component exists to prevent.

The catalog we have been using is a file on a laptop. It cannot authenticate anyone, cannot be reached from another machine, and would collapse under two real writers. The next chapter replaces it with a server. That introduces the only thing in Iceberg that is not a file format or a client library: a network protocol.





The Only Part of Iceberg You Can Ping

The catalog from chapter 4 was a twenty-kilobyte file on a laptop. It did its job perfectly: it resolved a name to a pointer and swapped that pointer conditionally, which is the entire contract.

[image: A REST catalog adds authentication, authorization, credential vending, and a shared protocol while the table data remains in object storage.]

It also cannot be reached from another machine and cannot tell one caller from another. And it has no idea that the warehouse it points into might need credentials the caller does not have. Those three gaps are not bugs in SQLite. They are the reason production catalogs are servers.

A REST catalog puts that shared service in front of the pointer store. It adds the first container in this book; no more infrastructure is needed until chapter 10.

Everything here was run against apache/iceberg-rest-fixture:1.10.1, PyIceberg 0.11.1 and DuckDB 1.5.5 on Python 3.13. The landscape section near the end is explicitly documentation-sourced rather than executed, and says so where it starts.

One container

WH=/absolute/path/to/iceberg-verify/wh

docker run -d --name icerest -p 8181:8181 -v $WH:$WH \
  -e CATALOG_WAREHOUSE=file://$WH \
  -e CATALOG_CATALOG__IMPL=org.apache.iceberg.jdbc.JdbcCatalog \
  -e CATALOG_URI='jdbc:sqlite:file:/tmp/iceberg_rest_mode=memory' \
  -e CATALOG_JDBC_INITIALIZE=true \
  apache/iceberg-rest-fixture:1.10.1

curl -s -o /dev/null -w '%{http_code}\n' http://localhost:8181/v1/config

200

The warehouse is bind-mounted at the same absolute path inside and outside the container. This looks fussy and is load-bearing. The catalog stores absolute paths in metadata_location, and the container writes some files while your local Python writes others. If the path means different things on the two sides, the pointer resolves for one and not the other. Mounting $WH:$WH rather than $WH:/warehouse makes the question disappear.

No MinIO, no S3, no cloud account. A common assumption is that a REST catalog implies object storage. It does not. The catalog stores the pointer; the engine reads and writes the files; both can be looking at a local directory. That removes an entire container from this lab.

It is small. The image is 516 MB and the running container sits at 159 MiB resident and about 1.4% of a CPU while idle. This is not Spark.

If PyIceberg cannot reach it, the failure is unambiguous, which is worth knowing before you spend twenty minutes on a subtler theory:

ConnectionError: HTTPConnectionPool(host='localhost', port=8182): Max retries exceeded
with url: /v1/config (Caused by NewConnectionError(...))

What is actually inside it

The server log identifies the store behind the HTTP endpoint:

docker logs icerest | head -2

[main] INFO org.apache.iceberg.rest.RESTCatalogServer - Creating rest_backend catalog with properties:
  {jdbc.password=password, jdbc.user=user,
   catalog-impl=org.apache.iceberg.jdbc.JdbcCatalog, jdbc.schema-version=V1,
   warehouse=file:///…/iceberg-verify/wh,
   uri=jdbc:sqlite:file:/tmp/iceberg_rest_mode=memory,
   jdbc.strict-mode=true, jdbc.initialize=true}
[main] INFO org.apache.iceberg.CatalogUtil - Loading custom FileIO implementation: org.apache.iceberg.hadoop.HadoopFileIO

JdbcCatalog and jdbc:sqlite reveal the familiar machinery: the same five-column table and conditional UPDATE from chapter 4, backed by SQLite. A Jetty server now handles requests in front of it.

This is not an artefact of how I started the container, either. Inspect the image’s own defaults and the SQLite backend is baked in:

CATALOG_CATALOG__IMPL=org.apache.iceberg.jdbc.JdbcCatalog
CATALOG_URI=jdbc:sqlite:/tmp/iceberg_catalog.db

[image: The REST fixture is four layers: a client, the HTTP protocol on port 8181, a JdbcCatalog behind a Jetty server, and a 40,960-byte SQLite database. The image is 516 MB and the container sits at 159 MiB resident and about 1.4 percent of a CPU while idle. Nothing was replaced; a layer was added.]

I labour the point because of the mental model people arrive with. They expect REST to be a different kind of catalog, the way Postgres is a different kind of database from SQLite. It is not. REST is a protocol, and behind it there is always still a store doing a compare-and-swap. Polaris keeps that store in a relational database. Glue keeps it in Glue. The fixture keeps it in SQLite in /tmp, which is why the environment variable that configures it is spelled CATALOG_URI and begins jdbc:.

The protocol and the interface

A Python caller and a catalog server have two different contracts to honour. Both get called “the catalog”, which can obscure what changes when you replace an implementation.

The client-side interface is pyiceberg.catalog.Catalog, an abstract base class with methods like load_table, create_table, drop_table, list_namespaces. Chapter 4 used SqlCatalog; this chapter uses RestCatalog; both are subclasses. Any code written against the base class works with either:

def report(cat: Catalog, ident: str) -> None:
    t = cat.load_table(ident)
    print(f"  {type(cat).__name__:<14} {len(t.scan().to_arrow()):>3} rows, "
          f"{len(t.metadata.snapshots)} snapshots")

  RestCatalog     15 rows, 3 snapshots

The wire protocol is the Iceberg REST catalog specification: a set of HTTP endpoints with defined request and response bodies. It is a completely separate thing, and only one of PyIceberg’s seven catalog types speaks it.

Check what the others actually talk to, by looking at their imports:

glue                 import boto3
hive                 from hive_metastore.ttypes import …
dynamodb             import boto3
bigquery_metastore   from google.cloud.bigquery import …
sql                  from sqlalchemy import …

Boto3 to the AWS Glue API. Thrift to a Hive metastore. SQLAlchemy to a database. Five different wire protocols behind one client interface. Each one had to be implemented separately, in every language that wants to talk to it. That is exactly the problem the REST spec exists to end. Write one HTTP client and you can talk to any conforming catalog, in any language, without a vendor SDK.

[image: PyIceberg presents a single Catalog interface, but underneath it the rest type speaks HTTP, sql speaks SQLAlchemy, glue and dynamodb speak boto3, hive speaks Thrift and bigquery_metastore speaks the Google BigQuery client. That is five wire protocols behind one interface, each implemented separately in every language.]

That is the whole argument for the REST protocol. It also explains why every catalog vendor in the next section leads with “implements the Iceberg REST API.”

The server describes its own protocol

GET /v1/config is the first call any client makes, and its most interesting field is a list of the endpoints this particular server implements:

{
  "defaults": {},
  "overrides": {},
  "endpoints": [
    "GET v1/config",
    "GET /v1/{prefix}/namespaces",
    "POST /v1/{prefix}/namespaces",
    "HEAD /v1/{prefix}/namespaces/{namespace}",
    "GET /v1/{prefix}/namespaces/{namespace}",
    "DELETE /v1/{prefix}/namespaces/{namespace}",
    "POST /v1/{prefix}/namespaces/{namespace}/properties",
    "GET /v1/{prefix}/namespaces/{namespace}/tables",
    "POST /v1/{prefix}/namespaces/{namespace}/tables",
    "GET /v1/{prefix}/namespaces/{namespace}/tables/{table}",
    "POST /v1/{prefix}/namespaces/{namespace}/register",
    "POST /v1/{prefix}/namespaces/{namespace}/tables/{table}",
    "DELETE /v1/{prefix}/namespaces/{namespace}/tables/{table}",
    "POST /v1/{prefix}/tables/rename",
    "POST /v1/{prefix}/transactions/commit",
    "GET /v1/{prefix}/namespaces/{namespace}/views",
    …
  ]
}

Twenty-six endpoints on this server. That is the entire surface area of an Iceberg catalog: namespaces, tables, views, a rename, and a multi-table transaction commit. Nothing about data, because the catalog never sees any.

defaults and overrides are how a server pushes client configuration down the wire. A real catalog uses them to tell every client which warehouse to use, which FileIO implementation to load, or which S3 region applies. defaults can be overridden by the client; overrides cannot. The fixture sends neither, so ours are empty. I have not exercised them against a server that populates them.

{prefix} is multi-tenancy. A catalog hosting several warehouses uses the prefix to route. The client asks for warehouse analytics, the server hands back prefix: "analytics", and every subsequent URL carries it. Our fixture returns no prefix, which is why the traffic below hits /v1/namespaces with nothing in between. It also means the fixture ignores the warehouse name entirely. You can prove that by attaching with a fictional one: DuckDB connected happily to 'not-a-real-warehouse' and read the tables.

The client is expected to respect this list rather than assume. PyIceberg parses it into a set and gates calls on it:

if Capability.V1_TABLE_EXISTS not in self._supported_endpoints:
    …

with a hardcoded fallback for older servers that predate the field. So a modern client against an old server degrades rather than 404s.

The commit, over the wire

Now the payoff. Point PyIceberg at the server and log every HTTP call it makes.

cat = RestCatalog("prod", uri="http://localhost:8181")
cat.create_namespace("ch05")
t = cat.create_table("ch05.orders", schema=schema)

  POST   /v1/namespaces  -> 200
  POST   /v1/namespaces/ch05/tables  -> 200

Two calls. Now an append, with the request body:

t.append(batch(1, 3))

  POST   /v1/namespaces/ch05/tables/orders  -> 200

{
  "identifier": {"namespace": ["ch05"], "name": "orders"},
  "requirements": [
    {"type": "assert-ref-snapshot-id", "ref": "main", "snapshot-id": null},
    {"type": "assert-table-uuid", "uuid": "6fad11a0-c6d1-4423-a215-f3a94c45d9dd"}
  ],
  "updates": [
    {"action": "add-snapshot", "snapshot": {
        "snapshot-id": 8029181147895830854, "sequence-number": 1,
        "manifest-list": "file:///…/wh/ch05/orders/metadata/snap-8029181147895830854-….avro",
        "summary": {"operation": "append", "added-data-files": "1", "added-records": "3",
                    "total-data-files": "1", "total-records": "3", …}}},
    {"action": "set-snapshot-ref", "ref-name": "main", "type": "branch", …}
  ]
}

Look at requirements. That is chapter 4’s WHERE clause, promoted to a protocol.

The SQL catalog said update the pointer only if it still equals the string I read. The REST client says apply these updates only if branch main still points at snapshot null, and only if this table still has UUID 6fad11a0. Same compare-and-swap, expressed in the vocabulary of tables rather than of rows.

Commit again and the requirement fills in:

"requirements": [
  {"type": "assert-ref-snapshot-id", "ref": "main", "snapshot-id": 8029181147895830854},
  {"type": "assert-table-uuid", "uuid": "6fad11a0-c6d1-4423-a215-f3a94c45d9dd"}
]

updates (actions only): ['add-snapshot', 'set-snapshot-ref']

The separation of requirements from updates is the design worth stealing. The client sends a set of preconditions and a set of changes. The server checks all the preconditions and applies all the changes, or applies none. Because the requirements name a branch, this generalises immediately to the branching and tagging that chapter 16 uses for write-audit-publish. And because the whole thing is one document, the POST /v1/{prefix}/transactions/commit endpoint can carry several tables’ worth atomically.

The assert-table-uuid requirement is the belt-and-braces one. It catches the case where the table was dropped and recreated under the same name while you were working. The snapshot id might coincidentally match, but the identity does not.

When two writers collide over HTTP

Same experiment as chapter 4, different catalog. Two processes load ch05.orders, both see main at the same snapshot, both append at the same instant.

[alpha] main -> 8409940677021007964
[alpha] COMMITTED -> main is now 6253933308039093875
[bravo] main -> 8409940677021007964
[bravo] HTTP 409 <- {"error": {"message": "Requirement failed: branch main has changed:
                                expected id 8409940677021007964 != 6253933308039093875",
                     "type": "CommitFailedException", "code": 409}}
[bravo] CommitFailedException: Requirement failed: branch main has changed:
        expected id 8409940677021007964 != 6253933308039093875

rows: 5
ids: [1, 2, 3, 9, 301]

An HTTP 409 Conflict, with a body that names the requirement that failed, the id the client expected, and the id it actually found. Compare that with what the SQLite catalog managed in chapter 4:

CommitFailedException: Table has been updated by another process: bookshop.orders

[image: The SQL catalog asserts its precondition in a WHERE clause and reports a rejected commit as a zero rowcount and a bare CommitFailedException. The REST catalog sends the same precondition as a requirements array and answers HTTP 409 with the requirement that failed, the snapshot id it expected and the id it found.]

Both are correct. Only one tells you enough to decide what to do. The SQL catalog knows only that a rowcount came back zero. The REST server evaluated a named requirement and can say which one and by how much. When you are staring at a conflict in production at two in the morning, that difference is the whole game.

The HTTP layer does not add commit retries. PyIceberg’s REST client wraps requests in a retry decorator, but its exception types show the limited purpose:

_RETRY_ARGS = {
    "retry": retry_if_exception_type((AuthorizationExpiredError, UnauthorizedError)),
    "stop": stop_after_attempt(2),
    "before_sleep": _retry_hook,     # refreshes the auth token
    "reraise": True,
}

It retries an expired token, once, after refreshing it. A 409 is not retried. Deciding whether to replay your write is still your job.

Credential vending

Here is the capability that makes a REST catalog qualitatively different from a database with a pointer in it. It is the reason large organisations adopt one.

The problem: your analyst needs to read sales.orders, which lives at s3://warehouse/sales/orders/. To read it, the analyst’s process needs S3 credentials. Grant them, and they can read the whole bucket — every table, including the ones they are not entitled to. S3 permissions are about prefixes and your access rules are about tables.

Credential vending closes that gap. The client asks the catalog for a table, and the catalog checks its own authorization rules. If the caller is entitled, the catalog mints a short-lived, narrowly-scoped credential — an STS token for exactly that prefix, say — and returns it alongside the metadata. The client never holds standing storage credentials at all.

[image: An authenticated caller asks the catalog for a table; the catalog applies its own authorization rules to sales.orders, mints a short-lived credential scoped to that table storage prefix, and the caller reaches only the approved files. The client never holds standing storage credentials.]

PyIceberg asks for this on every request, by default:

X-Iceberg-Access-Delegation: vended-credentials
User-Agent: PyIceberg/0.11.1
X-Client-Version: PyIceberg 0.11.1

The spec defines a second mode, remote-signing. The client sends the catalog an unsigned request and gets a signed one back, so no credential ever reaches the client at all.

Our fixture ignores the header entirely. Ask it to load a table with the delegation header set:

curl -s -H 'X-Iceberg-Access-Delegation: vended-credentials' \
     http://localhost:8181/v1/namespaces/ch05/tables/orders

top-level keys      : ['metadata-location', 'metadata']
config              : None
storage-credentials : None

No config, no storage-credentials. That is correct behaviour here rather than a limitation. The warehouse is a local directory, so there is nothing to vend. I have not exercised credential vending against a catalog that implements it. The mechanism above is from the specification and from PyIceberg’s client-side handling of it, not from a run. Take it as the shape of the thing, and verify against whichever catalog you actually deploy.

One detail in that response is run and is worth having. The top-level keys are metadata-location and metadata. The server returned the fully parsed table metadata inline, so loading a table over REST costs one HTTP round trip and zero storage reads. The SQL catalog had to hand back a path and let the client go and fetch it. Small difference; it is one fewer object-storage GET on every table load, across every engine, forever.

Server-side scan planning, and a client that is ahead of its server

The most consequential thing in the recent REST spec is scan planning. Today, planning a query means the client reads the manifest list, then reads every manifest, then filters. On a large table that is many object-storage GETs before a single row is read, repeated by every engine independently.

The spec moves it to the server: POST /v1/{prefix}/namespaces/{ns}/tables/{t}/plan with your filter, and the server returns the file scan tasks. The catalog already has the metadata warm and it can cache aggressively. It can also enforce row and column filters while it is at it.

[image: With client-side planning every engine reads the manifests itself, spending many object-store GETs and repeating the same work in each client. With server-side planning the catalog keeps the metadata warm and returns file scan tasks, which allows a central cache and central policy but requires both the client and the server to support it.]

PyIceberg 0.11.1 has the client side. There is a whole pyiceberg/catalog/rest/scan_planning.py module, with PlanTableScanRequest, PlanSubmitted, PlanCompleted, FetchScanTasksRequest — including the asynchronous flow where the server hands back a plan-id to poll.

The fixture does not implement it, and the negotiation handles that cleanly:

endpoints the server advertised  : 26
V1_SUBMIT_TABLE_SCAN_PLAN offered: False
default client, planning on?     : False
client opts in, planning on?     : False

The second line is why the fourth is what it is. The client-side flag is off by default, so I turned it on:

RestCatalog("prod", uri="…", **{"rest-scan-planning-enabled": "true"})

and it stayed off, because the check is an and:

def supports_server_side_planning(self) -> bool:
    return Capability.V1_SUBMIT_TABLE_SCAN_PLAN in self._supported_endpoints and property_as_bool(
        self.properties, REST_SCAN_PLANNING_ENABLED, REST_SCAN_PLANNING_ENABLED_DEFAULT
    )

You cannot opt into a capability the server does not advertise. That is exactly the right failure: no 404, no half-working path, just the old client-side planning. It is also a good demonstration of why /v1/config returns an endpoint list at all. So: server-side scan planning is verified as present in the client and absent from this server. Its performance benefit is unmeasured here.

The other thing a catalog holds: views

Tables are not the only object a catalog stores. Iceberg has a view specification, and it is separate from the table spec — its own format version, its own UUID, its own metadata file.

The fixture advertises the endpoints for it, alongside the table ones:

GET    /v1/{prefix}/namespaces/{namespace}/views
POST   /v1/{prefix}/namespaces/{namespace}/views
GET    /v1/{prefix}/namespaces/{namespace}/views/{view}
POST   /v1/{prefix}/namespaces/{namespace}/views/{view}
POST   /v1/{prefix}/views/rename
DELETE /v1/{prefix}/namespaces/{namespace}/views/{view}
HEAD   /v1/{prefix}/namespaces/{namespace}/views/{view}

Creating one is ordinary SQL:

CREATE VIEW ice.bookshop.gb_orders AS
  SELECT order_id, amount FROM ice.bookshop.orders WHERE country = 'GB';

SELECT count(*), sum(amount) FROM ice.bookshop.gb_orders   ->  (2, 15.0)
SHOW VIEWS IN ice.bookshop                                 ->  ['gb_orders']

Fetch the view’s metadata from the catalog and the shape is familiar but not identical to a table’s:

keys              : ['current-version-id', 'format-version', 'location', 'properties',
                     'schemas', 'version-log', 'versions', 'view-uuid']
format-version    : 1        current-version-id: 1        versions: 1
representations   : [('sql', 'spark')]
stored SQL        : SELECT order_id, amount FROM ice.bookshop.orders WHERE country='GB'
schema            : ['order_id', 'amount']

A view stores SQL, tagged with the dialect that wrote it. ('sql', 'spark'). The representation list can hold the same view expressed for several engines, because count(*) FILTER (WHERE …) is not spelled identically everywhere. An engine reading a view for which it has no representation is entitled to refuse rather than guess. That is the honest answer to “can any engine read any view”, and it is a weaker guarantee than the one tables give.

It is versioned, but it has no snapshots. CREATE OR REPLACE VIEW does not overwrite; it appends:

versions now: 2 | current schema: ['order_id']

Two versions, and the schema narrowed. The old definition is still recorded, which is the same instinct as a table’s snapshot list. But there is no data, so there is nothing to time-travel through. The metadata tables you learned in chapter 3 simply are not there:

SELECT * FROM ice.bookshop.gb_orders.snapshots
-> [TABLE_OR_VIEW_NOT_FOUND] … `gb_orders`.`snapshots` cannot be found

PyIceberg knows views exist without being able to use them. catalog.view_exists("bookshop.gb_orders") returns True, and that is close to the extent of it. There is no load_view handing you something queryable. Views are, for now, an engine-side feature that the catalog merely stores.

That last point generalises to the thing this chapter has been circling. A catalog is not only a pointer store. It is the shared namespace an organisation agrees on, and the more object types it holds, the more of your platform depends on picking the right one.

The fixture is not a catalog

Before the landscape, the warning this chapter owes you.

curl -s -o /dev/null -w '%{http_code}\n' http://localhost:8181/v1/namespaces
curl -s -o /dev/null -w '%{http_code}\n' \
     -H 'Authorization: Bearer not-a-real-token' http://localhost:8181/v1/namespaces

200
200

No token: 200. A garbage token: also 200. There is no authentication, no authorization and no TLS.

The storage is worth a look too, because it is a nice illustration of how easily a “temporary” setup becomes permanent. Peer inside the container:

docker exec icerest ls -la /tmp/

-rw-r--r-- 1 iceberg iceberg   40960 Aug 28 07:47 iceberg_rest_mode=memory

That is a forty-kilobyte SQLite database with a very silly name. Look again at the CATALOG_URI in the docker run at the top of this chapter. It reads jdbc:sqlite:file:/tmp/iceberg_rest_mode=memory, and the ? that should sit before mode=memory is not there. The intent was an in-memory database. What the driver got was a file path containing an equals sign, which it created without complaint.

Nothing failed, nothing warned, and the catalog worked perfectly for every experiment in this chapter. That is a small lesson in its own right about connection strings. The practical consequence is that the catalog database lives in the container’s writable layer rather than on a volume. So docker rm destroys every table registration while leaving every data file untouched. Recovery is register_table, one table at a time, by hand: the chapter 4 disaster scenario, now with a container in it. If you want this to survive, put the database on the bind mount alongside the warehouse.

I have left the typo in rather than tidying it away, because it produced the single best piece of evidence in this chapter.

It is called a fixture because it is a test fixture. It exists so that client authors and readers of books can exercise the protocol. Do not put it on a network you do not own, and do not let it become the thing your team quietly depends on.

The landscape

Everything in this section is from project documentation, not from a run. I stood up one catalog for this book. Treat the specifics as a map of where to look, and verify against whatever you deploy. This is also the part of the book most likely to be stale by the time you read it.

Apache Polaris is the reference open-source implementation, donated by Snowflake and now an Apache project. It implements the Iceberg REST API and is built around multi-engine interoperability. Snowflake’s hosted version is Open Catalog. If you want the thing the spec authors point at, this is it.

Lakekeeper is a REST catalog written in Rust, on top of iceberg-rust. Its documentation leads with credential vending and with authorization that goes past plain RBAC into ReBAC and ABAC via OpenFGA. There is also an OPA bridge, so query engines enforce the same policy. It governs non-Iceberg tables too. If your problem is governance rather than throughput, this is the one to look at first.

Project Nessie is the interesting one, because it is not just another implementation. It is a different model. Nessie is a transactional catalog with Git-like semantics: branches, tags, merges, and cross-table transactions. You create a branch, run a whole pipeline against it, validate the result, and merge — atomically, across many tables at once. Iceberg’s own branches (chapter 16) are per-table; Nessie’s are per-catalog. It exposes an Iceberg REST endpoint alongside its native API. If you have ever wanted an environment where “the ETL is half-done” is not a visible state, this is the shape of the answer.

Apache Gravitino sits one level up: a federated metadata lake, or a catalog of catalogs. It runs an Iceberg REST server that proxies to Hive or JDBC backends. It also federates non-Iceberg things — relational databases, filesets, and increasingly AI assets. You reach for it when you have several catalogs already and the problem is that nobody can find anything.

Unity Catalog, open-sourced by Databricks and now an LF AI & Data project, implements the Iceberg REST catalog API alongside its own and the Hive metastore API. Its pitch is breadth: tables, files, functions and models under one governance model.

AWS Glue is the widest-deployed catalog that is not natively REST. It has its own API, which is why PyIceberg ships a boto3-based glue client. AWS then added an Iceberg REST endpoint in front of it (https://glue.<region>.amazonaws.com/iceberg), which also fronts S3 Tables. It is authenticated with SigV4 and governed through IAM and Lake Formation. That is the pattern to expect from every cloud vendor: keep the proprietary catalog, bolt the standard protocol onto it. Google announced a managed Iceberg REST interface for BigQuery in April 2026.

[image: Six production catalogs, distinguished by what each is for: Polaris as the reference implementation, Lakekeeper for fine-grained authorization, Nessie for git-like branching across a whole catalog, Gravitino as a catalog of catalogs, Unity Catalog for breadth of object types, and AWS Glue as a proprietary API with a REST endpoint in front of it. This comparison is from documentation rather than from a run.]

The pattern across all of them is worth naming. The REST protocol did not replace the catalogs; it commoditised the client. Every one of these systems still stores a pointer and does a conditional swap. What changed is that you no longer need a vendor’s SDK, in the vendor’s language, to talk to it.

Moving a table between catalogs

The table’s files belong to neither catalog implementation. Changing catalogs therefore means handing the pointer to a new authority — a useful property when the service you need outgrows the one you started with.

Build a table in a plain SQLite catalog, exactly as in chapter 4. Fifteen rows, three appends:

=== in the SQLite catalog ===
rows      : 15
snapshots : 3
files     : 13
pointer   : 00003-f0fca1a7-eba5-48e6-bd74-5e8a8e46e048.metadata.json

Take a fingerprint of every file in the warehouse first — inode, size and SHA-256 — so that “the data did not move” is a measurement rather than a claim.

Now drop it from the SQLite catalog. Chapter 4 established what that does and does not do:

local.drop_table("ch05.backlist")

=== after DROP TABLE in the SQLite catalog ===
catalog rows: 0
files       : 13

Zero rows in the catalog, thirteen files still on disk. Hand the same pointer to the REST catalog:

rest = RestCatalog("prod", uri="http://localhost:8181")
rest.register_table("ch05.backlist", loc)

=== after REGISTER TABLE in the REST catalog ===
rows      : 15
snapshots : 3
files     : 13
pointer   : 00003-f0fca1a7-eba5-48e6-bd74-5e8a8e46e048.metadata.json
identical (inode, size, sha256) for every file: True
data-file paths still point into the old warehouse: True

Fifteen rows, three snapshots, same pointer filename. Every file in the warehouse has the same inode, same size and same content hash as before the migration. Nothing was copied and nothing was rewritten. The data files are still sitting under the directory the SQLite catalog created for them, because the paths inside the manifests are absolute and nobody had any reason to change them.

The migration was: POST /v1/namespaces/ch05/register with a string.

[image: A table of 15 rows, 3 snapshots and 13 files is dropped from the SQLite catalog, which leaves zero catalog rows and all 13 files on disk, then registered into the REST catalog with the same pointer. Every file keeps the same inode, size and SHA-256.]

And you can go and look at where the string landed. The server’s own SQLite file, the one with the silly name, is a chapter 4 catalog:

docker exec icerest sh -c "grep -a -o -m1 'ch05_swap[^\"]*metadata.json' '/tmp/iceberg_rest_mode=memory'"

ch05_swap/ch05/backlist/metadata/00003-f0fca1a7-eba5-48e6-bd74-5e8a8e46e048.metadata.json

The same pointer, character for character, that the SQLite catalog held before the migration and that the REST client reports now. It crossed a network, a JVM, a Jetty server and a JDBC driver, and arrived as itself, sitting in a table called iceberg_tables. The protocol changed. The thing being pointed at did not.

Two caveats, both real. Registration is a pointer handoff, not a lock. Nothing prevented the SQLite catalog from still holding it too, and two catalogs pointing at one table is a data-loss race waiting to happen, because each one’s compare-and-swap is blind to the other’s. Drop from the old catalog first, verify, and only then register. And the new catalog must be able to read the path in the pointer. That is why this lab bind-mounts the warehouse at an identical path on both sides. A real migration between clouds is a data migration, not a pointer migration.

Three engines, one table, no arrangement

The table now lives in the REST catalog. Read it from somewhere else entirely — DuckDB, through its own Iceberg extension, over the same HTTP:

INSTALL iceberg; LOAD iceberg;
ATTACH 'warehouse' AS ice (TYPE ICEBERG, ENDPOINT 'http://localhost:8181');

AUTHORIZATION_TYPE is 'oauth2', yet no 'secret' was provided, and no client_id+client_secret
were provided. Please provide one of the listed options or change the 'authorization_type'.

DuckDB assumes OAuth 2, because a real catalog wants credentials. The fixture wants none, so say so:

ATTACH 'warehouse' AS ice (TYPE ICEBERG, ENDPOINT 'http://localhost:8181',
                           AUTHORIZATION_TYPE 'none');

tables DuckDB found in ch05: [('ch05', 'backlist'), ('ch05', 'orders')]
ice.ch05.orders   : [(5, 44.0)]
ice.ch05.backlist : [(15, 180.0)]

And the same two tables through PyIceberg, for comparison:

ch05.orders      5 44.0
ch05.backlist    15 180.0

Exact agreement, including on backlist — the table that was created by one catalog and registered into another. DuckDB has no idea any of that happened, and there is nothing in the table for it to notice.

A word on AUTHORIZATION_TYPE 'none', because it is the sort of flag that spreads by copy-paste. It is correct here and wrong nearly everywhere else. Against Polaris, Lakekeeper or Glue, none will fail. And if it ever succeeds against a catalog you did not intend to be open, you have found a much more serious problem than a connection string. The right value against a real catalog is oauth2 with a client id and secret, or whatever that vendor requires.

(This settles a loose end from the DuckDB book, which reached the OAuth error and stopped. The missing key is AUTHORIZATION_TYPE 'none', and with it DuckDB 1.5.5 reads Iceberg over REST perfectly. Chapter 15 collects the rest of the cross-engine story, including DuckDB as a genuine transactional writer through a catalog.)

Choosing one, and when not to

If you are on AWS and already using Glue or S3 Tables, use the Glue REST endpoint. The catalog you are arguing about is the one you already run.

If you want open source you host yourself, start at Polaris for reference-implementation fidelity or Lakekeeper if fine-grained authorization is the actual requirement.

If your pain is pipeline atomicity across many tables — the “half the warehouse is updated” problem — Nessie’s branching model solves something the others do not. That is a different decision from picking a catalog.

If you have one team, one engine and one writer, you do not need any of this yet. SqlCatalog against Postgres is a spec-conforming catalog, and it is the same class chapter 4 used. It is a connection string rather than a service to operate. Moving to a REST catalog later costs you what we just did: a drop and a register.

The thing genuinely worth planning for is that the catalog becomes the choke point for both availability and access control. Every read and every write goes through it. That is a lot of leverage in one component. It is why credential vending is a good idea, and why running a test fixture in production is a bad one.

Final thoughts

Chapter 4 reduced Iceberg’s transactionality to one conditional UPDATE. This chapter did nothing to that idea; it only moved it behind a socket. The requirements array in a REST commit is the WHERE clause. The 409 is the zero rowcount. Behind the fixture there is, demonstrably, still a SQLite file doing the work.

What the network layer buys is everything that needs a server. That is a component that can authenticate a caller, decide what they may see, hand out a scoped credential for exactly that, and eventually plan their scan for them. None of that is expressible in a pointer store, and all of it is expressible in a request.

And the pointer nature of the whole design showed its hand in the migration. Fifteen rows and three snapshots changed catalogs by way of a single string, with every file keeping its inode. A table that can be handed between authorities that cheaply is a table that was never really owned by either of them.

That is enough infrastructure. Everything for the next five chapters runs against this catalog with the client you already have, so we can finally spend some time on what the format actually gives you. It starts with the thing we have been quietly accumulating since chapter 2: every one of those old pointer values is still there.





The Table Remembers

Somebody asks what the numbers looked like on Tuesday.

[image: Old file lists become snapshots: time travel reads one, rollback moves the current pointer, and tags or branches give snapshots durable names.]

On an application database the answer is a shrug and a restore. Postgres holds the current state and a write-ahead log that exists to survive a crash, not to answer questions. Getting Tuesday back means finding Tuesday’s backup, standing up a second instance, and pointing something at it. Nobody does this casually.

On a directory of Parquet the answer is worse. Chapter 1 showed why: the old files were deleted, and nothing recorded that they had ever been the table.

On an Iceberg table it is one argument to a scan.

That is not because somebody bolted a history feature on. It falls out of the design. A table is a list of files, and changing the table means publishing a new list. The old list is a small piece of metadata that there is no particular reason to throw away. History is what you get when you stop overwriting the answer to what does this table contain.

This chapter is about that machinery, and about the four places it does not do what people assume. Everything here runs on PyIceberg 0.11.1 and Python 3.13 against a SQLite catalog and a local directory. No JVM, no Docker, no cloud. The bookshop orders table carries through the rest of the book:

from pyiceberg.catalog.sql import SqlCatalog

cat = SqlCatalog("book", uri="sqlite:///cat.db", warehouse="file:///abs/path/wh")
cat.create_namespace_if_not_exists("bookshop")
t = cat.create_table("bookshop.orders", schema=SCHEMA)

SCHEMA is the eight-field version of the orders table this arc works with — order_id, customer_id, title, country, quantity, amount, status and ordered_at. It is the same table chapter 3 took apart, and the field IDs are the ones printed there — order_id is 1, ordered_at is 8. Chapter 7 evolves it, and does so properly and measurably. orders(n, start, day) below is a helper that builds an Arrow table of n deterministic bookshop rows.

What a snapshot actually is

Three days of orders, three appends:

t.append(orders(100, start=1,   day="2026-06-01"))
t.append(orders(100, start=101, day="2026-06-02"))
t.append(orders(100, start=201, day="2026-06-03"))

rows: 300

Now look at what those three calls left behind. Every Iceberg table exposes metadata tables through t.inspect, and snapshots is the one to start with:

for r in t.inspect.snapshots().to_pylist():
    print(r["committed_at"], r["snapshot_id"], "parent=", r["parent_id"], r["operation"])
    print("   ", json.dumps(dict(r["summary"]), sort_keys=True))

2026-08-28 07:38:22.876000 3980006843811930532 parent= None append
    {"added-data-files": "1", "added-files-size": "4545", "added-records": "100",
     "total-data-files": "1", "total-files-size": "4545", "total-records": "100", ...}
2026-08-28 07:38:22.901000 8745609421666159300 parent= 3980006843811930532 append
    {"added-data-files": "1", "added-files-size": "4578", "added-records": "100",
     "total-data-files": "2", "total-files-size": "9123", "total-records": "200", ...}
2026-08-28 07:38:22.920000 4460006199689358250 parent= 8745609421666159300 append
    {"added-data-files": "1", "added-files-size": "4615", "added-records": "100",
     "total-data-files": "3", "total-files-size": "13738", "total-records": "300", ...}

Three rows for three commits. Each carries an id, a timestamp, the id of the commit it followed, the kind of operation, and a summary of what changed.

The added-records: 100 summary can make a snapshot look like a diff, but each snapshot describes the complete list of files in the table at that moment. The second names both data files; the third names all three. The committer writes the added-* counters for your convenience. Reading the snapshot uses the whole list.

That is why time travel is cheap and why it is not a special code path. Reading an old snapshot is the ordinary read, with a different list.

[image: Three appends of one hundred rows leave three snapshots. The first stores a list of one file, the second a list of two, the third a list of all three; each records added-records 100 while total-records runs 100, 200, 300. Scanning each snapshot returns 100, 200 and 300 rows.]

The summary distinguishes two families of counter, and mixing them up is the usual confusion on a first look at a snapshots table. added-records and deleted-records describe this commit. total-records, total-data-files and total-files-size describe the table as of this commit. A snapshot with added-records: 100 and total-records: 300 did not add three hundred rows.

The underlying objects say the same thing in fewer words:

for s in t.snapshots():
    print(s.snapshot_id, "parent=", s.parent_snapshot_id, "seq=", s.sequence_number,
          "ts=", s.timestamp_ms, s.manifest_list.split('/')[-1])

3980006843811930532 parent= None seq= 1 ts= 1787902702876 snap-3980006843811930532-0-442916cb-….avro
8745609421666159300 parent= 3980006843811930532 seq= 2 ts= 1787902702901 snap-8745609421666159300-0-20bb47ed-….avro
4460006199689358250 parent= 8745609421666159300 seq= 3 ts= 1787902702920 snap-4460006199689358250-0-5937cac4-….avro
current: 4460006199689358250

Each snapshot points at exactly one manifest list — the file chapter 3 walked — and at its parent. The parent_snapshot_id chain is what makes this a history rather than a bag of versions. The sequence_number is a monotonic counter that matters enormously from chapter 10 onward. It is how a reader knows whether a delete file applies to a given data file.

The snapshot ids are random 64-bit numbers. They are not sequential, they encode nothing, and you cannot guess the next one. Which is deliberate: two writers generating ids independently must not collide.

Reading Tuesday

Time travel is one keyword argument:

for sid in [s.snapshot_id for s in t.snapshots()]:
    print(sid, "->", len(t.scan(snapshot_id=sid).to_arrow()), "rows")

3980006843811930532 -> 100 rows
8745609421666159300 -> 200 rows
4460006199689358250 -> 300 rows

An old snapshot is a full table, not a fragment, so everything a normal scan does works against it — projection, filters, the lot:

t.scan(snapshot_id=first, row_filter=EqualTo("country", "GB")).to_arrow()

filtered at snap1: 20

Snapshot ids are awkward to carry around, so there is a timestamp form. It resolves to the most recent snapshot at or before the instant you name:

mid = (TS[1] + TS[2]) // 2          # between the second and third commits
snap = t.snapshot_as_of_timestamp(mid)

as of 1787902702910 -> 8745609421666159300 ==S[1]? True
rows: 200

Two edges worth knowing before you build a pipeline on this. Asking for an instant before the table existed returns None rather than raising. A job that reads snapshot_as_of_timestamp(...).snapshot_id then fails with an AttributeError about NoneType, which tells you nothing useful about the real problem:

before the table existed: None

And the boundary is inclusive. A timestamp exactly equal to a commit’s own timestamp resolves to that commit, not the one before it:

exactly at TS[1]: 8745609421666159300 ==S[1]? True

An id that does not exist gets you a clear error, which is more than most systems manage:

ValueError: Snapshot not found: 1234567890

The thing time travel is actually for

Historical queries are the demo. The load-bearing use of snapshots is that every read is pinned to one, which is where a table format buys you isolation.

Load the table, hold the handle, and let somebody else commit:

stale = cat.load_table("bookshop.orders")
print("stale sees:", len(stale.scan().to_arrow()))

t.append(orders(50, start=301, day="2026-06-04"))     # another process, in effect

print("after a 50-row append elsewhere, stale still sees:", len(stale.scan().to_arrow()))

stale sees: 300
after a 50-row append elsewhere, stale still sees: 300
stale.current_snapshot(): 4460006199689358250
after refresh(): 350 6525057115153987299

The second handle keeps reading three hundred rows across a commit that made it three hundred and fifty. It is not caching results; it is holding a snapshot id and resolving files from it. Nothing it reads can shift underneath it. The list it reads from is immutable, and the files in that list are never modified in place.

This is what chapter 1’s broken directory could not do. A dashboard running six queries against this table gets six answers from one state of the world, as long as it holds one handle. When it calls refresh() it moves forward, deliberately, at a moment of its choosing.

[image: A table handle loaded at the third snapshot goes on returning 300 rows across a 50-row append committed elsewhere, because it holds a snapshot id rather than a cached result. Calling refresh resolves the current pointer, moves the handle to the fourth snapshot and returns 350 rows, so a reader moves forward only when it chooses to.]

The flip side is the one that bites: a long-lived handle does not see new data. A service that loads a table at startup and holds it will serve stale results forever and never error. If you want current data you call refresh(), or you reload the table, and you decide where in your code that happens.

Stamping a commit with what you know

The summary is not a closed set. append and the other write methods take snapshot_properties, and whatever you pass lands in the snapshot summary alongside the counters:

t.append(orders(10, start=351, day="2026-06-05"),
         snapshot_properties={"job": "nightly-load",
                              "run-id": "2026-06-05T02:00",
                              "source": "orders_api"})

{"added-data-files": "1", "added-files-size": "3551", "added-records": "10",
 "job": "nightly-load", "run-id": "2026-06-05T02:00", "source": "orders_api",
 "total-data-files": "5", "total-files-size": "21452", "total-records": "360", ...}

That dictionary makes a snapshot traceable to a job and its logs. When a bad number appears in a dashboard six weeks later, you need to know which run produced the snapshot behind it. The summary can answer that question only if the writer recorded the information at commit time.

Rollback moves a pointer, and that is all it does

A bad refresh gives rollback a concrete job. Deliberately replace every GB order with a batch marked cancelled, keeping the current snapshot id so the change can be undone:

before_ov = t.current_snapshot().snapshot_id
t.overwrite(orders(20, start=1, day="2026-06-01", status="cancelled"),
            overwrite_filter=EqualTo("country", "GB"))

operations: ['append', 'append', 'append', 'append', 'append', 'overwrite', 'append']
rows now: 308

Two snapshots again, as in chapter 1 — and the shorthand that chapter used needs a precise correction. A full overwrite records delete then append. A filtered overwrite records overwrite then append. Both were run side by side on two throwaway tables:

full overwrite ops:     ['append', 'append', 'append', 'delete', 'append']
filtered overwrite ops: ['append', 'overwrite', 'append']

The overwrite snapshot’s summary shows what copy-on-write costs:

{"added-data-files": "5", "added-records": "288", "deleted-data-files": "5",
 "deleted-records": "360", "removed-files-size": "21452", "total-records": "288", ...}

Twenty GB rows had to go, so five data files were read, rewritten without them, and swapped in. Three hundred and sixty records were removed and two hundred and eighty-eight added, to change twenty. That arithmetic is the entire argument for merge-on-read, and chapter 10 is about it.

Undo the refresh:

t.manage_snapshots().rollback_to_snapshot(before_ov).commit()

pre-rollback snapshot count: 7
rows after rollback: 360
post-rollback snapshot count: 7
current: 3542421924821968592 == before_ov? True

Three hundred and sixty rows, the pre-overwrite figure. And the snapshot count did not change. Rollback did not delete the snapshots it rolled past. It moved one pointer, the main branch reference, back to an earlier snapshot. Everything else stayed exactly where it was.

Two metadata tables tell the story from different angles, and the difference between them is worth understanding rather than memorising. snapshots lists every snapshot the table still retains. history lists every time the current pointer moved:

   2026-08-28 07:38:22.876000 3980006843811930532 ancestor= True
   2026-08-28 07:38:22.901000 8745609421666159300 ancestor= True
   2026-08-28 07:38:22.920000 4460006199689358250 ancestor= True
   2026-08-28 07:38:23.006000 6525057115153987299 ancestor= True
   2026-08-28 07:38:23.052000 3542421924821968592 ancestor= True
   2026-08-28 07:38:23.157000 3158835250000468324 ancestor= False
   2026-08-28 07:38:23.172000 1527199385512444682 ancestor= False
   2026-08-28 07:38:23.199000 3542421924821968592 ancestor= True

Eight rows for seven snapshots, and one id appears twice. It was current, then the overwrite happened, then rollback made it current again. The is_current_ancestor flag marks the two snapshots that are no longer on the path from the root to the head. They are not deleted, not hidden, and not corrupt. They are simply not in the current lineage.

Which means the bad refresh is still fully readable:

orphaned snapshot ids: [3158835250000468324, 1527199385512444682]
  scan 3158835250000468324 -> 288 rows
  scan 1527199385512444682 -> 308 rows

You can time travel into a rolled-back state. If the rollback was itself the mistake, you have not lost anything: the state is right there under its id.

[image: A rollback moves the main reference from the seventh snapshot back to the fifth. The snapshot count is 7 before and 7 after, history records 8 pointer moves for those 7 snapshots, and the table returns to 360 rows. The two snapshots that are no longer ancestors are not deleted and still scan, returning 288 and 308 rows.]

Append after a rollback and the shape becomes clear:

new head parent: 3542421924821968592 == before_ov? True
snapshot count: 8
history rows: 9
rows: 365

The new commit’s parent is the snapshot we rolled back to, so the two orphaned snapshots now hang off a fork in the chain. This is a commit graph, not a commit list, and it behaves like one.

Two limits on rollback, both discovered by trying:

ValueError: Cannot roll back to snapshot, not an ancestor of the current state: 7088116512391872385

You may only roll back along your own lineage. Jumping the pointer onto an unrelated branch head is set_current_snapshot, a different and blunter instrument. And the obvious one: rollback does not undo the writes, it hides them. Every file the overwrite wrote is still on disk. Nothing has been reclaimed. Reclaiming is expiry, a separate decision with its own consequences — the end of this chapter, and again chapter 13.

Tags and branches: names for snapshots

main is not special-cased anywhere in the format. It is a reference — a named pointer at a snapshot — and a table can have as many as you like. t.inspect.refs() lists them, and a fresh table has exactly one:

t.manage_snapshots().create_tag(S[2], "eom-june").commit()
t.manage_snapshots().create_branch(S[1], "audit").commit()

{'main': ('BRANCH', 2994764628185502101),
 'eom-june': ('TAG', 4460006199689358250),
 'audit':    ('BRANCH', 7088116512391872385)}

A tag is an immutable name for one snapshot. eom-june will mean that exact table state for as long as the tag exists. That is the difference between “our month-end numbers” and “whatever the table said when somebody happened to run the report.” If a regulator asks what you filed, a tag is the answer; a timestamp is an argument.

A branch is a movable pointer, and PyIceberg will write to one:

t.append(orders(7, start=5000, day="2026-06-07"), branch="audit")

main rows : 365
audit rows: 207

The audit branch started at the two-hundred-row snapshot and now holds two hundred and seven. main did not move. That is the mechanism behind write-audit-publish: stage a load on a branch, run your checks against it, and fast-forward main only if they pass. Chapter 16 builds it properly, because the branch-merge operations live on the Spark side.

One rough edge, and it will catch you: PyIceberg’s scan does not take a ref name.

t.scan(snapshot_id="eom-june")

ValueError: Snapshot not found: eom-june

Spark SQL reads FROM bookshop.orders VERSION AS OF 'eom-june' happily. In PyIceberg you resolve the name yourself, which is one extra line:

t.scan(snapshot_id=t.snapshot_by_name("eom-june").snapshot_id).to_arrow()

scan a tag: 300

Incremental reads, and an honest gap

Here is the operation people reach for once they understand snapshots: give me the rows that arrived since the last time I ran. It is the foundation of every incremental pipeline, and Iceberg has all the information required: snapshot A’s file list, snapshot B’s file list, and manifest entries that record whether a file was added or removed.

PyIceberg 0.11.1 does not expose it. There is no incremental_scan, and scan() takes a single snapshot_id and no start bound. The concept exists inside the library only in the REST catalog’s server-side scan-planning model. There the request object carries start-snapshot-id and end-snapshot-id fields, with this validation:

ValueError: end-snapshot-id is required when start-snapshot-id is specified

That is the wire protocol for a catalog that plans scans for you, not a client API you can call. Spark has the feature — .option("start-snapshot-id", …).option("end-snapshot-id", …) on an incremental append read — and it belongs to chapter 16.

For an append-only range, PyIceberg can expose the files added between two snapshots. Taking the difference between their file lists shows how an incremental read avoids scanning the whole table:

def files_at(tbl, sid):
    return {f.file.file_path for f in tbl.scan(snapshot_id=sid).plan_files()}

added = files_at(t, snap_c) - files_at(t, snap_a)
inc = pa.concat_tables([pq.read_table(p.replace("file://", "")) for p in sorted(added)])

files at 3980006843811930532 : 1
files at 4460006199689358250 : 3
added between: 2
incremental rows: 200
order_id range: 101 - 300

Two hundred rows, ids 101 to 300, which is exactly the two appends between those snapshots. No table scan, no watermark column, no WHERE updated_at > that you have to trust the upstream to maintain.

Now the reason this stays a hand-rolled trick rather than something you ship. Run the same diff across the overwrite:

before_ov: 3542421924821968592 -> after the overwrite+append: 1527199385512444682
naive 'added files' count: 6
naive 'new rows since' : 308  (actual new rows: 20)

Six files “added”, three hundred and eight rows in them, and only twenty of those rows are new. The other two hundred and eighty-eight are the copy-on-write rewrite. They are unchanged rows, copied into fresh files because a file next to them had to lose twenty rows.

An incremental read is only meaningful across append-only snapshots. This is not a PyIceberg limitation — it is the semantics of the feature. Spark’s incremental read enforces it. When the range contains a non-append operation it refuses to run, rather than quietly handing you duplicates. If you build the hand-rolled version, check the operations in your range first, and stop if any of them is not append.

The bill, and what expiry does not do

Snapshots are cheap but not free. The metadata cost is proportional to commits, and every commit writes a new metadata.json, a new manifest list, and at least one manifest. The bigger cost is that old data files cannot be deleted while a snapshot references them, which is exactly the point and exactly the expense.

Reclaiming space means expiring snapshots. PyIceberg’s version:

t.maintenance.expire_snapshots().older_than(now).commit()

snapshots: 8
after older_than(now): 3
kept: [(4460006199689358250, 'append'),
       (2994764628185502101, 'append'),
       (7088116512391872385, 'append')]
refs:  {'main': 2994764628185502101,
        'eom-june': 4460006199689358250,
        'audit': 7088116512391872385}

Eight snapshots down to three, and the three survivors are precisely the ones a reference points at. Every branch head and every tag is protected from expiry, which makes a tag a retention lock as much as a name. Try to expire one by id and it says so:

ValueError: Snapshot with ID 4460006199689358250 is protected and cannot be expired.

That is a genuinely useful property, and a trap in the other direction. A forgotten tag on a snapshot from March pins every data file that snapshot references, indefinitely, and nothing will warn you. When a table’s storage bill will not go down, the refs table is the first place to look.

[image: The table carries three references: main, a branch at 365 rows; eom-june, a tag at 300 rows; and audit, a branch at 207 rows. Expiring snapshots older than now left 3 of 8, precisely the three a reference points at, and expiring a tagged snapshot by id is refused because it is protected.]

Time travel to an expired snapshot fails the way you would hope:

ValueError: Snapshot not found: 3158835250000468324

Removing snapshots from metadata does not tell us whether storage was reclaimed. The file counts before and after expiry answer that separately:

on disk BEFORE expiry: {'.parquet': 13, '.avro': 19, '.metadata.json': 13}  197708 bytes
on disk AFTER  expiry: {'.parquet': 13, '.avro': 19, '.metadata.json': 14}  203297 bytes

Nothing was deleted. Thirteen Parquet files before, thirteen after, while the current snapshot references six of them. The table got bigger, because expiry is itself a commit and wrote another metadata.json.

PyIceberg’s expire_snapshots is a metadata-only operation. It removes snapshots from the table metadata and stops there. Reading the source confirms what the file counts showed. The whole of its commit is a single RemoveSnapshotsUpdate carrying the ids, with no file deletion anywhere in the path.

This is a real difference from the reference implementation, and it matters if you are picking a tool for maintenance. Spark’s expire_snapshots procedure does delete, and it deletes considerably more than snapshots. On a comparable table it reported deleted_data_files_count: 24, deleted_manifest_files_count: 23, deleted_manifest_lists_count: 22. In PyIceberg those twenty-four data files would have stayed on disk, unreferenced, invisible to every query and fully billed. The word for a file like that is orphan, and hunting them is chapter 13’s problem.

[image: Counting files on disk either side of expire_snapshots shows 13 Parquet and 19 Avro files before and after, with metadata.json rising from 13 to 14 and total bytes from 197,708 to 203,297, because expiry is itself a commit. PyIceberg deleted no data files, while Spark on a comparable table reported 24 deleted data files, 23 manifests and 22 manifest lists.]

These defaults are worth knowing. They are library constants rather than table properties, so they do not show up when you print t.properties — which on this table returns {}:


	history.expire.max-snapshot-age-ms defaults to 432000000, five days.

	history.expire.min-snapshots-to-keep defaults to 1.

	write.metadata.previous-versions-max defaults to 100, and write.metadata.delete-after-commit.enabled defaults to False — so old metadata.json files accumulate rather than being trimmed.



Five days is the number to argue with. It is sensible for a table under continuous maintenance. It is far too short if your idea of time travel is “we can always go back and check.” Whatever retention you actually need, set it explicitly on the table. The default was not chosen with your audit requirement in mind.

When not to reach for this

Time travel is genuinely excellent at three things: recovering from a bad write, reproducing a query somebody ran last week, and giving a reader a stable view for the length of a job. Those are the uses that pay.

It is a poor fit for three others, and each is a mistake I have watched a team make.

It is not a backup. Snapshots live in the same metadata as the table, in the same bucket, under the same credentials. A DROP TABLE, a deleted prefix, or an over-enthusiastic lifecycle rule takes the history with the data. Time travel protects you from bad writes, not from lost storage.

It is not slowly-changing-dimension history. Snapshot ids are commit identifiers, not business time. If you need to know what a customer’s address was in March, model it. The answer must survive expiry, and snapshots will not.

It is not an audit log of who changed what. A snapshot records that the file list changed and what the counters were. It does not record which rows changed or who asked for it, unless you put that in snapshot_properties yourself. Row-level lineage is a format v3 feature and chapter 20’s subject.

And the operational point underneath all three: retention is finite and expiry is a job that somebody has to run. A table nobody maintains keeps every snapshot forever and grows metadata until planning gets slow. A table maintained on defaults keeps five days. Neither of those is a policy — pick one on purpose.

Final thoughts

Everything in this chapter came from one design decision made back in chapter 3. A table is an explicit list of files, and changing it publishes a new list. History is the old lists. Time travel is reading one. Rollback is pointing at one. Tags are names for them. Branches are lists that move independently. Isolation is every reader holding one for the duration.

The same separation between metadata and data also makes schema, partitioning and layout changes possible. The next three chapters follow those changes, including the limits of what new metadata can do for files already written.

The next one starts with a rename, which is the single operation that has destroyed more Hive tables than any other.





Field IDs, or How to Rename a Column Without Losing Your Data

Somebody wants a column renamed. title should be book_title, because there are three other tables with a title column and none of them mean the same thing.

[image: Stable field IDs—not column names—bind logical fields to physical data, making rename, drop, reorder, and safe evolution metadata operations.]

On a directory of Parquet files this is a request to rewrite the table. Not because renaming is expensive — because the name is the column. Every file has title written into its own schema, and every reader finds the column by looking for that string. The moment the table definition says book_title while the files say title, the two have stopped referring to the same thing. Chapter 1 showed how that ends: a query that succeeds, returns a plausible number, and is wrong.

On an Iceberg table it is one line, it rewrites nothing, and the files on disk go on saying title forever.

The mechanism is a single design decision made at the bottom of the format. Everything in this chapter follows from it, including the parts that surprise people. Everything here runs on PyIceberg 0.11.1 against the bookshop orders table from chapter 6 — a SQLite catalog, a local directory, no JVM.

Names are not identity

Start with the schema Iceberg keeps:

for f in t.schema().fields:
    print(f"  {f.field_id:>3}  {f.name:<14} {str(f.field_type):<12} required={f.required}")

    1  order_id       long         required=True
    2  customer_id    long         required=True
    3  title          string       required=False
    4  country        string       required=False
    5  quantity       int          required=False
    6  amount         double       required=False
    7  status         string       required=False
    8  ordered_at     timestamp    required=True

The column on the left is the whole idea. Every field has an integer field ID, assigned when the field is created, never reused, and never changed. The name is a label attached to the ID. The ID is the column.

That would be a bookkeeping detail if it stayed in the catalog. It does not. Look at what the writer put in the Parquet file:

for fld in pq.read_schema(data_file):
    print(" ", fld.name, dict(fld.metadata or {}))

  order_id {b'PARQUET:field_id': b'1'}
  customer_id {b'PARQUET:field_id': b'2'}
  title {b'PARQUET:field_id': b'3'}
  country {b'PARQUET:field_id': b'4'}
  quantity {b'PARQUET:field_id': b'5'}
  amount {b'PARQUET:field_id': b'6'}
  status {b'PARQUET:field_id': b'7'}
  ordered_at {b'PARQUET:field_id': b'8'}

Parquet has a per-column field_id slot in its own metadata, and Iceberg fills it in. So the file is self-describing in the way that matters: it says this column is field 3, not merely this column is called title.

A read now works differently from anything a directory can do. The reader takes the table’s current schema and finds that field 3 is called book_title and is a string. Then it goes to each data file and asks for field 3. What that column is called inside the file is irrelevant. It could be called title. It could be called x. It is field 3.

Adding a column changes no data

Adding channel allocates a new field ID. Existing files have no value for it, so the reader must supply null:

with t.update_schema() as u:
    u.add_column("channel", StringType(), doc="web / app / phone")

    9  channel        string       required=False
data files before: 3 after: 3 rewritten: False
rows: 300 channel distinct: {None}
schema_id now: 1 schemas retained: [0, 1]

Three data files before, the same three after — checked by comparing the sets of paths, not by counting. No file was touched. The three hundred existing rows read back with channel as None, because the reader asks each file for field 9, does not find it, and supplies null.

Two things to notice in that output beyond the obvious. The new field got ID 9, one past the highest ID ever used in this table. And the schema got a new schema_id, with the old one retained. Iceberg keeps every schema version the table has ever had, exactly as it keeps every snapshot.

The doc argument is worth using. It is a comment stored in the table metadata, it survives every engine, and it is the only documentation about the column that cannot get separated from it.

Renaming, and the file that never found out

A rename keeps field 3 and changes the name attached to it:

with t.update_schema() as u:
    u.rename_column("title", "book_title")

    3  book_title     string       required=False
rows: 300 sample: Dune

Three hundred rows, and book_title holds Dune. Nothing was rewritten — the three appends happened before the rename and their files have not been opened since.

Which means the files disagree with the table, in writing:

parquet columns on disk: ['order_id', 'customer_id', 'title', 'country', 'quantity', 'amount', 'status', 'ordered_at']
iceberg schema names   : ['order_id', 'customer_id', 'book_title', 'country', 'quantity', 'amount', 'status', 'ordered_at', 'channel']
scan works anyway      : 300

The word title is still on disk, and will be until something rewrites that file for an unrelated reason. It does not matter. The reader never looked at it.

This is the single clearest demonstration of what field IDs buy. In a name-resolved world the state above is a broken table. Here it is Tuesday.

[image: The table schema lists field 3 as book_title while the Parquet file on disk still names its third column title, and the file has no field 9 at all. Because the reader resolves columns by field ID rather than by name, the scan still returns 300 rows and field 9 reads as null.]

The stored data survives, but callers using the old name still need to change. A filter on title fails:

t.scan(row_filter=EqualTo("title", "Dune"))

ValueError: Could not find field with name title, case_sensitive=True

And appending an Arrow table that still has the old column produces an error whose wording will briefly confuse you:

ValueError: PyArrow table contains more columns: title. Update the schema first (hint, use union_by_name).

It says more columns because from PyIceberg’s point of view your dataframe carries a column the table does not have. It is not wrong, exactly. The actual problem is that your producer has not been updated. A rename is safe for the stored data, and a breaking change for everything that writes or queries by name. The format solved the hard half of the problem, not the whole of it.

Dropping, and the trap that IDs close

Drop a column:

with t.update_schema() as u:
    u.delete_column("country")

after drop: ['order_id', 'customer_id', 'book_title', 'quantity', 'amount', 'status', 'ordered_at', 'channel', 'region']
rows: 300
country still in the parquet file: True

Metadata-only again, and the data is still physically there. Field 4 sits in all three Parquet files, complete, and is simply never requested. It costs storage until something rewrites those files. Chapter 12 comes back to that point: a dropped column is not a space saving.

Now the interesting half. Add country back:

with t.update_schema() as u:
    u.add_column("country", StringType())

    1  order_id       long         required=True
    2  customer_id    long         required=False
    3  book_title     string       required=False
    5  quantity       long         required=False
    ...
   11  country        string       required=False
country values after re-add: {None}

Field 11, not field 4. The gap where 4 used to be is permanent. The three hundred rows read back with country as null, even though the old values are sitting in the files a few bytes away.

That is the correct answer, and it is worth dwelling on why. In a name-resolved table, dropping a column and adding one with the same name resurrects the old data. Silently, and with whatever semantics it had before — which may be nothing like what the new column means. Somebody drops region because it held ISO country codes, adds region back to hold sales territories, and half the table quietly comes back full of country codes. IDs make that impossible: a new field is a new field, and the old bytes belong to a field nobody is asking about any more.

[image: Dropping country is metadata-only and leaves field 4 in every Parquet file. Adding a column of the same name back gives it field ID 11 rather than 4, so the three hundred existing rows read back as None and last-column-id becomes 11. The retired ID is never reused, which is what stops a re-added column inheriting a dead one’s data.]

The cost is that you cannot use drop-and-re-add to change a column’s type or meaning in place. If you want the old values under the new column you must write them, which is the honest amount of work.

Reordering is cosmetic

with t.update_schema() as u:
    u.move_first("status")
    u.move_after("channel", "book_title")

['status', 'order_id', 'customer_id', 'book_title', 'channel', 'quantity', 'amount', 'ordered_at', 'region', 'country']
arrow column order: ['status', 'order_id', 'customer_id', 'book_title', 'channel', 'quantity', 'amount', 'ordered_at', 'region', 'country']
field ids: [7, 1, 2, 3, 9, 5, 6, 8, 10, 11]

The scan hands back columns in the schema’s order, and the IDs are undisturbed — 7 first, then 1, 2, 3. Column order in Iceberg is presentation, not physical layout, and moving a column costs one metadata write.

This matters for callers that read columns by position. Iceberg resolves them by ID, so reordering changes SELECT * order without changing its contents; positional readers still see a different presentation.

[image: The four schema changes that touch no data file: adding a column gives it a new field ID and old rows read null, renaming keeps the same ID while the files keep the old name, dropping leaves the bytes in place and simply stops requesting that ID, and reordering changes SELECT star order while the physical files do not move. Data files rewritten: zero.]

Type promotion, and exactly what is allowed

Two promotions on the bookshop table:

with t.update_schema() as u:
    u.update_column("quantity", field_type=LongType())
with t.update_schema() as u:
    u.update_column("amount", field_type=DoubleType())

OK   quantity -> long
OK   amount -> double

And the four obvious things people try, each refused:

FAIL quantity -> int    : ValidationError: Cannot change column type: quantity: long -> int
FAIL amount   -> float  : ValidationError: Cannot change column type: amount: double -> float
FAIL order_id -> string : ValidationError: Cannot change column type: order_id: long -> string
FAIL status   -> long   : ValidationError: Cannot change column type: status: string -> long

The rule is that a promotion must be widening and lossless. Old files keep their old physical type forever, and the reader has to be able to convert every value it finds. An int column promoted to long leaves int32 in the existing Parquet files and writes int64 in new ones; the reader upcasts on the way out. Reversing that would mean promising that no stored value overflows, which nobody can promise.

Watch it work across the seam:

after promotion: [{'id': 1, 'qty': 2147483647}, {'id': 2, 'qty': 3}]
arrow type now: int64
mixed int32/int64 files read as one table:
  [{'id': 3, 'qty': 9223372036854775807}, {'id': 1, 'qty': 2147483647}, {'id': 2, 'qty': 3}]
files: 2

Two files, one written int32 and one int64, both holding their type’s maximum value. They read back as a single int64 column with both values intact. No rewrite, no loss.

Here is PyIceberg 0.11.1’s full promotion set, read from its own dispatch table rather than from documentation: int → long, float → double, decimal(P,S) → decimal(P',S) widening precision, string ↔ binary in both directions, fixed[16] → uuid, and the v3 unknown →  any primitive. That is a short list, and it is short on purpose.

[image: PyIceberg allows six promotions: int to long, float to double, decimal precision widening at the same scale, string and binary in both directions, fixed of 16 bytes to uuid, and the v3 unknown to any primitive. Narrowing back to int, to float, to string or from string is refused with a ValidationError. Two files, one written int32 holding 2147483647 and one int64 holding 9223372036854775807, read back as a single int64 column with both values intact and nothing rewritten.]

A bug in the decimal rule

Decimal widening is the one to test carefully, and testing it turned up something real:

OK   decimal(12, 2)     # from decimal(9, 2) — precision widened, scale unchanged
OK   decimal(12, 4)     # scale changed 2 -> 4
FAIL decimal(9, 2)      # ValidationError: Cannot change column type: price: decimal(12, 4) -> decimal(9, 2)

The middle line should not be OK. The Iceberg promotion rules allow decimal(P,S) → decimal(P2,S) where the precision grows and the scale is identical. Change the scale and you change what the stored unscaled integers mean. PyIceberg accepted it anyway, and here is why:

@promote.register(DecimalType)
def _(file_type: DecimalType, read_type: IcebergType) -> IcebergType:
    if isinstance(read_type, DecimalType):
        if file_type.precision <= read_type.precision and file_type.scale == file_type.scale:

file_type.scale == file_type.scale. The field is compared against itself, so the scale check is always true and every scale change passes. One word.

The behaviour that follows is not as bad as it could be. Reading the table back after the illegal promotion returns correct values:

before: [{'id': 1, 'price': Decimal('12.50')}, {'id': 2, 'price': Decimal('7.99')}, ...]
after:  [{'id': 1, 'price': Decimal('12.5000')}, {'id': 2, 'price': Decimal('7.9900')}, ...]

PyIceberg’s reader casts through PyArrow, which rescales properly, so twelve pounds fifty stays twelve pounds fifty. But you now have a table whose metadata records a promotion the specification does not permit. I have not tested what a different engine does with it — Spark does not arrive until chapter 10. This is exactly the class of divergence chapter 18 is about. Do not change a decimal’s scale. If PyIceberg lets you, that is not permission.

Nullability, and a table that lies

Making a required column optional is always safe:

required -> optional: OK

Going the other way is not, and is refused:

ValueError: Cannot change column nullability: country: optional -> required

There may already be nulls in the column. Iceberg will not let you assert something about stored data that it cannot check without reading all of it.

Unless you insist. update_schema takes allow_incompatible_changes, and it does what it says:

with t3.update_schema(allow_incompatible_changes=True) as u:
    u.update_column("note", required=True)

optional -> required with allow_incompatible_changes: OK
schema: [('id', True), ('note', True)]
read back (note has a NULL in it): [{'id': 1, 'note': 'x'}, {'id': 2, 'note': None}]

The column is now declared required and still contains a null. Every reader that trusts the schema is being lied to by the table’s own metadata: a code generator, a downstream loader that skips null checks on required fields, an engine that plans on non-nullability.

The same flag will take you somewhere worse:

with t.update_schema(allow_incompatible_changes=True) as u:
    u.update_column("id", field_type=StringType())

long -> string with allow_incompatible_changes: OK
schema: [('id', 'string'), ('note', 'string')]
READ FAILS: ResolveError: Cannot promote long to string

The commit succeeded. The table is now unreadable — every scan raises, because the reader reaches a file holding long and is asked for string. It is recoverable, since the schema is metadata and you can change it back; setting the type to long again brought the rows straight back. But between those two commits the table was a table nobody could query, and no warning was issued at any point.

Treat allow_incompatible_changes=True as what it is: a way to write metadata that the format’s own rules reject. There are legitimate uses during a migration you fully control. There is no legitimate use in a scheduled job.

Adding a required column, and a v3 feature on a v2 table

Adding a required column is refused for the obvious reason:

ValueError: Incompatible change: cannot add required column: region

Every existing row would have a null in a field declared non-null. Unless the column comes with a default. Here it is on a two-column throwaway table that already holds two rows, so the effect on existing data is easy to see:

with t2.update_schema() as u:
    u.add_column("region", StringType(), required=True, default_value="EU")

with default_value: OK
schema: [(1, 'id', True, None, None), (2, 'name', False, None, None), (3, 'region', True, 'EU', 'EU')]
read back: [{'id': 1, 'name': 'a', 'region': 'EU'}, {'id': 2, 'name': 'b', 'region': 'EU'}]

Rows written before the column existed read back as EU, with no file rewritten. The value is stored once in the schema and materialised at read time. That is exactly the right design, and considerably better than the migration this would be in a database.

Here is the part to be careful with. Look at what went into the metadata file:

{"id": 3, "name": "region", "type": "string", "required": true,
 "initial-default": "EU", "write-default": "EU"}

format version: 2
format-version in metadata: 2

initial-default and write-default are format v3 features, and this is a format v2 table. PyIceberg wrote them anyway. A reader that implements v2 strictly is entitled to ignore fields it does not know, which would give it a null in a column marked required.

I have not tested what another engine does with this table, because the only engine in this chapter’s environment is PyIceberg. What I can say is that a v2 reader is under no obligation to honour that metadata. The safe version of this operation is to upgrade the table to v3 first — chapter 19 — or to add the column as optional and fill it yourself. If you use default_value, know that you have used a v3 feature, whatever the table says its version is.

Time travel across a rename

The bookshop table has been through nine schema versions. Its first snapshot predates the rename, so reading it asks which schema belongs to that earlier state:

old = t.scan(snapshot_id=first_snapshot).to_arrow()
print("snapshot 1 columns:", old.column_names)

snapshot 1 columns: ['order_id', 'customer_id', 'title', 'country', 'quantity', 'amount', 'status', 'ordered_at']
snapshot 1 rows   : 100
schema ids retained: [0, 1, 2, 3, 4, 5, 6, 7, 8]
snapshot schema_id : [(8633273259493773719, 0), (4012455259446278702, 0), (8223081118807324600, 0)]

title, not book_title. No channel, no region. quantity back to int.

A snapshot pins a schema as well as a file list. Every snapshot records the schema_id that was current when it was committed, and a time-travelling read resolves through that schema rather than today’s. Which is correct. The point of time travel is to see the table as it was, and the table as it was had a column called title.

A query that works against the live table can therefore fail against a snapshot from before a rename, and vice versa. Reproducing an old result requires the old query’s column names as well as its snapshot id.

The metadata carries all of this:

current-schema-id: 8 | schemas kept: 9
last-column-id: 11
schema 0 field names: ['order_id', 'customer_id', 'title', 'country', 'quantity', 'amount', 'status', 'ordered_at']
schema 8 field names: ['status', 'order_id', 'customer_id', 'book_title', 'channel', 'quantity', 'amount', 'ordered_at', 'region', 'country']

[image: Reading the table’s first snapshot returns the eight columns of schema 0, including title and an int quantity, while the live table shows the ten reordered columns of schema 8 with book_title, channel, region and country. Nine schemas are retained and last-column-id stands at 11, and snapshot 1 still returns 100 rows.]

Nine schemas retained, and last-column-id: 11 — the counter that guarantees a new field never reuses a retired ID. That counter is why drop-and-re-add cannot resurrect anything. It is the one piece of state that must never go backwards.

The rest of the surface

Nested types evolve too, with paths instead of names:

with t3.update_schema() as u:
    u.add_column(("addr", "country"), StringType())
    u.rename_column(("addr", "postcode"), "postal_code")

2: addr: optional struct<3: city: optional string, 4: postal_code: optional string, 5: country: optional string>
[{'order_id': 1, 'addr': {'city': 'Bath', 'postal_code': 'BA1', 'country': None}},
 {'order_id': 2, 'addr': {'city': 'Ely',  'postal_code': 'CB7', 'country': None}}]

Struct fields get IDs from the same counter as top-level ones, and the same rules apply at every depth.

union_by_name takes a whole schema — an Iceberg schema or a PyArrow one — and adds whatever is missing:

with t3.update_schema() as u:
    u.union_by_name(new_arrow_schema)

['order_id', 'addr', 'gift_message', 'promo_code']

This is the right tool when an upstream producer has gained columns and you want the table to follow. It only ever adds. It will not drop a column that disappeared upstream and it will not rename anything, so it cannot destroy data. That is precisely why it is safe to run automatically, and why it should never be your only schema management.

Names must stay unique, and the error tells you which IDs collided:

ValueError: Invalid schema, multiple fields for name promo_code: 6 and 7

And Iceberg is case-sensitive by default, which is a live cross-engine hazard:

added 'title' next to 'Title': ['id', 'Title', 'title']

Two distinct fields, differing only in case, accepted without complaint. Spark SQL is case-insensitive by default, and cannot resolve either of them unambiguously. Do not do this. If a producer hands you Title and title, rename one before it reaches the table.

What schema evolution is not

It is not a data migration. Renaming amount to amount_gbp does not convert anything; promoting int to long does not change a stored value; adding a column does not populate it. Every one of these operations changes how the bytes are interpreted, and none of them changes the bytes. That is the source of both the speed and the entire risk profile.

It is not free of downstream cost. The stored data survives a rename; your dbt models, your BI tool’s saved queries, your Airflow DAG’s SELECT list and every notebook anybody wrote do not. The format guarantees you will not lose data. It guarantees nothing about your Monday morning.

And it is not a reason to be casual with the schema. Field IDs are permanent, the ID counter only goes up, and the metadata keeps every version. That is nine schemas in a table that has existed for the length of one chapter. Evolution is cheap enough that the temptation is to iterate in production. Resist it a little. Each change is a commit, each commit is a snapshot, and a table with two hundred schema versions is telling a story about the team that owns it.

Two safe habits, stated plainly. Add columns rather than repurposing them, because a new ID cannot inherit an old meaning. And when a producer changes shape, prefer union_by_name and an explicit rename over a drop and a re-add. The drop is the only operation here that throws information away.

Final thoughts

Field IDs are the least glamorous idea in the format and possibly the most valuable. One integer per column, written into the table metadata and into every data file, and the entire class of name-resolution disasters stops being possible. Renames are metadata, drops are metadata, reorders are metadata, and a re-added column cannot inherit a dead one’s data.

What the IDs cannot do is make the change safe for anything outside the table. That is the recurring shape of this arc: the format removes the data risk and leaves you the coordination problem. It is the right division of labour, but it is not the same as the problem going away.

The next chapter applies the same trick to the other thing a Hive table forced into its file paths and could never change afterwards: the partitioning.





The Partition Column That Isn't There

A query can return the right answer while reading years of orders to find one day. Hive’s partitioning left the query author responsible for avoiding that waste, as chapter 1 described:

[image: Hidden partition transforms translate ordinary predicates into partition pruning without exposing physical partition columns to query authors.]


Partitions were physical, and the query had to know. If a table was laid out by dt=2026-05-20/, then filtering on an actual timestamp column would not prune anything. You had to filter on the partition column, by name, in the shape the layout expected. Get it wrong and you scanned the whole table while the query still returned correct results, so the only symptom was cost.



Correct results make this failure hard to catch. The dashboard returns the right number and nobody is paged; the unnecessary scan appears only as cost. A query for one day can quietly read four years of orders.

The fix Iceberg applies is small and slightly startling: the partition column stops being a column. You do not write it, you do not query it, and it is not in the schema. The table records the function that produces it, and the query planner applies that function to your predicates on your behalf.

Everything here runs on PyIceberg 0.11.1 against a SQLite catalog and a local directory. The bookshop orders table now has the shape chapter 7 left it in — order_id, customer_id, book_title, country, quantity, amount, status, ordered_at, channel — and two thousand orders spread over ten days of June.

The declaration

A partition spec is a list of (source column, transform, name):

from pyiceberg.partitioning import PartitionSpec, PartitionField
from pyiceberg.transforms import DayTransform

spec = PartitionSpec(
    PartitionField(source_id=8, field_id=1000,
                   transform=DayTransform(), name="ordered_at_day"))

t = cat.create_table("bookshop.orders", schema=SCHEMA, partition_spec=spec)

source_id=8 is ordered_at’s field ID from chapter 7. The spec refers to the column by ID rather than by name, so renaming the column does not break the partitioning. field_id=1000 is the partition field’s own ID, from a separate counter that starts at 1000 to keep it clearly distinct from schema field IDs.

[image: A partition field is a stored function in four steps: the source column, field ID 8 ordered_at; the transform, day of ordered_at; the partition field itself, ID 1000, holding a typed value; and the planner, which projects your ordinary predicates through that function. Nothing in the chain is a column you can select.]

Ten appends later, one per day, the warehouse looks familiar:

rows: 2000 files: 10
data dir (first few of 10):
    ordered_at_day=2026-06-01/00000-0-273936d7-….parquet
    ordered_at_day=2026-06-02/00000-0-2d8bc05e-….parquet
    ordered_at_day=2026-06-03/00000-0-e8ee3626-….parquet
    ...

That looks exactly like a Hive table. Say it immediately, then: the directory names are decoration. Iceberg writes them because humans and support engineers benefit from a browsable warehouse, but nothing reads them. The partition value that matters is stored in the manifest, next to the file path, and we will look at it in a moment. Rename every directory and the table would still work; delete the manifests and no amount of correct directory naming would save you.

The query

The query asks for one day using only ordered_at. Its file plan shows whether the table can derive the partition constraint:

q = And(GreaterThanOrEqual("ordered_at", "2026-06-03T00:00:00"),
        LessThan("ordered_at",           "2026-06-04T00:00:00"))

len(list(t.scan(row_filter=q).plan_files()))

files scanned: 1   rows: 200
flat table, same filter: files scanned: 10

No dt. No partition name. No knowledge of the layout anywhere in the query. The predicate names ordered_at, which is a real column holding a real timestamp, and the planner opened one file out of ten.

What happened is one substitution. The table knows partition values are day(ordered_at). The predicate says ordered_at >= 2026-06-03 AND ordered_at < 2026-06-04. day is monotonic, so the planner rewrites that into a constraint on the partition value, ordered_at_day = 2026-06-03, and drops every manifest entry that fails it. The rewrite happens in the planner, on metadata, before a single Parquet file is opened.

The comparison line in that output is the unpartitioned version of the same two thousand rows. It scanned all ten files to find the same two hundred rows.

[image: The query filters on ordered_at, an ordinary timestamp column, and names no partition. Because the table records that its partition values are day of ordered_at, the planner rewrites the predicate into a constraint on the partition value and opens 1 of 10 files to return 200 rows. The same filter against an unpartitioned copy of the data scans all 10 files.]

The honest part: partitioning is not the only thing pruning

If you build that comparison casually you will get a result that flatters Iceberg for the wrong reason. My first attempt loaded the flat table one day per append, and the one-day query scanned one file out of ten there too. Nothing was partitioned. The pruning was real.

The reason: every Iceberg manifest stores per-column minimum and maximum values for every data file, and the planner uses them.

bookshop.orders_flat_clustered  file0 ordered_at lower=2026-06-10 00:00:00 upper=2026-06-10 23:59:00
bookshop.orders_flat            file0 ordered_at lower=2026-06-01 00:00:00 upper=2026-06-10 23:23:00
bookshop.orders                 file0 ordered_at lower=2026-06-10 00:00:00 upper=2026-06-10 23:59:00

A file whose ordered_at runs from the 10th to the 10th cannot contain a row from the 3rd. It is skipped, partitioned or not. The flat table that pruned had accidentally been clustered by day, because each append happened to hold one day.

The version in the comparison above interleaves all ten days into every file. Its bounds run 06-01 to 06-10, no file can be excluded, and pruning collapses to zero.

Iceberg prunes on both partition values and column bounds. Partitioning guarantees a physical layout regardless of arrival order; statistics describe the layout the writer produced. Already-ordered data can therefore prune well without partitioning — the observation behind chapter 9’s sort orders. Partitioning keeps the guarantee when arrival order changes.

Predicate shapes

The rewrite is not magic and it has a shape. Five filters against the same day-partitioned table:

  day equality window    files=  1  rows=200
  three-day range        files=  3  rows=600
  open-ended >=          files=  3  rows=600
  sub-day window         files=  1  rows= 16
  no time predicate      files= 10  rows=400

A three-day range keeps three partitions. An open-ended >= on the 8th keeps the 8th, 9th and 10th. A two-hour window inside one day still costs a whole day’s file, because the partition granularity is a day and nothing finer can be expressed. And a filter on country alone prunes nothing on the time dimension. That is correct, and it is why the choice of partition column is a query-shape decision rather than a data-shape one.

The column that does not exist

Try to use the partition field the way you would use a Hive partition column:

t.scan(row_filter=EqualTo("ordered_at_day", "2026-06-03"))

ValueError: Could not find field with name ordered_at_day, case_sensitive=True

There is no such column. It is not in the schema, it is not in the data files, and no query can select it. ordered_at_day is a name for a partition field, a label on a metadata concept. The only place it appears in a reader’s world is inspect.partitions().

For a team migrating from Hive, the adjustment is in the query: filter on ordered_at, the real column. The planner derives the constraint on ordered_at_day; the query cannot address that partition field directly.

Where the partition value actually lives

t.inspect.partitions().to_pylist()

{'ordered_at_day': datetime.date(2026, 6, 10)} record_count= 200 file_count= 1
{'ordered_at_day': datetime.date(2026, 6, 9)}  record_count= 200 file_count= 1
{'ordered_at_day': datetime.date(2026, 6, 8)}  record_count= 200 file_count= 1

And per file, in the manifest entry itself:

manifest entry partition value: {'ordered_at_day': datetime.date(2026, 6, 10)}
file path: ordered_at_day=2026-06-10/00000-0-d3690b19-….parquet

The partition value is a typed field stored beside the file path, not a string parsed out of it. That is why there is no MSCK REPAIR TABLE in this book. Nothing is discovered by listing, so nothing can drift out of sync with a listing. A file that is not in a manifest is not in the table, whatever directory it is sitting in.

If that still sounds like a distinction without a difference, set one table property and look at the warehouse:

t = cat.create_table("bookshop.objstore", schema=SCHEMA, partition_spec=spec,
                     properties={"write.object-storage.enabled": "true"})

0000/0010/0001/00100101/ordered_at_day=2026-06-01/00000-0-c04e732f-….parquet
1100/0110/1001/11000011/ordered_at_day=2026-06-02/00000-0-217e1457-….parquet
1101/1000/1110/00110011/ordered_at_day=2026-06-03/00000-0-d27772f4-….parquet
one-day query: 1 of 3 files, rows 200

The partition directory now sits underneath a binary hash prefix, so files that would have been adjacent are scattered across the key space. This exists because S3 historically throttled on shared key prefixes, and a table whose hot partition is one prefix is a table with one hot shard. Pruning is unaffected — one file of three, same as before — because the planner was never reading the path.

Pruning happens twice

One more detail from the metadata, because it explains why this scales. Manifests carry summaries too:

t.inspect.manifests().to_pylist()

b9f54a08-944b-43aa-a  added_files= 1  partition_summaries=
   [{'contains_null': False, 'contains_nan': False,
     'lower_bound': '2026-06-10', 'upper_bound': '2026-06-10'}]

Every manifest records the range of partition values of the files it lists. So planning is two levels: skip whole manifests whose partition range cannot match, then skip individual files inside the ones that survive. On a table with millions of files, a one-day query never opens most of the metadata either. That is the difference between this and a Hive table that had to list storage before it could start.

The spec itself is four lines of the metadata JSON:

"default-spec-id": 0,
"partition-specs": [
  { "spec-id": 0,
    "fields": [ { "source-id": 8, "field-id": 1000,
                  "transform": "day", "name": "ordered_at_day" } ] } ],
"last-partition-id": 1000

Note partition-specs is a list and default-spec-id selects one of them. A table can have several specs at once and files written under different ones. That is chapter 9.

The transforms, measured

There are seven transforms. Here they are, all applied to the same two thousand interleaved rows, one table each:

  hour       partitions=240  files=240  avg_bytes=3713   min=3644  max=3793
  day        partitions=10   files=10   avg_bytes=5532   min=5506  max=5615
  month      partitions=1    files=1    avg_bytes=16420
  year       partitions=1    files=1    avg_bytes=16420
  bucket16   partitions=16   files=16   avg_bytes=5111   min=4721  max=5459
  identity   partitions=6    files=6    avg_bytes=6029   min=4074  max=6443
  void       partitions=1    files=1    avg_bytes=16420

year, month, day, hour extract a time bucket from a date or timestamp. They are not interchangeable with each other at different granularities in one spec — you pick one, and picking is most of the skill.

bucket[N] hashes the value and takes it modulo N. It is for columns with no useful ordering and high cardinality, where what you want is an even spread and the ability to answer point lookups.

truncate[W] cuts a value down: for a string, the first W characters; for a number, rounding down to a multiple of W.

identity uses the value itself. It is the only transform Hive had.

void always produces null. It exists so a partition field can be neutralised without being removed from a spec. That matters when a table has files written under an older spec — chapter 9’s subject.

The stored value is an integer, and the directory name is a lie

Print the partition values as PyIceberg reports them and something jumps out:

  hour    sample=[{'ordered_at_hour': 494520}, {'ordered_at_hour': 494521}, ...]
  day     sample=[{'ordered_at_day': datetime.date(2026, 6, 1)}, ...]
  month   sample=[{'ordered_at_month': 677}]
  year    sample=[{'ordered_at_year': 56}]

Hours since the epoch. Months since the epoch. Years since 1970 — 56 is 2026. Only day comes back as a date, and that is PyIceberg being helpful rather than the format being consistent.

Meanwhile on disk:

ordered_at_month=2026-06
ordered_at_year=2026
ordered_at_hour=2026-06-01-00

Human-readable, and produced by formatting the integer at write time. If you ever find yourself parsing partition values, take them from the metadata and know that 677 is a month.

[image: PyIceberg reports the stored partition values as integers: hour is 494520, month is 677 and year is 56, while only day comes back as a date. The directory names on disk read ordered_at_hour=2026-06-01-00, ordered_at_month=2026-06 and ordered_at_year=2026, produced by formatting those integers at write time.]

Bucket pruning, and what it cannot do

customer_id = 1007:            files scanned 1 of 16, rows 8
IN(3 ids):                     files scanned 3, rows 24
range on a bucketed column:    files scanned 9 of 16, rows 40

A point lookup on a bucketed column touches exactly one file out of sixteen. That is the reason to bucket at all: a customer-history query on a hundred-million-row table reads a sixteenth of it, with no ordering guarantee required. IN with three values touches three.

The third line is the limitation. A range over a bucketed column cannot use the partition at all, because hashing destroys order — adjacent ids land in unrelated buckets. Nine of sixteen files were still skipped, and that was the column-bounds pruning from earlier doing the work, not the partitioning. Bucket for equality; never bucket a column you filter with > and <.

Truncate, and the collision you should expect

book_title = 'Dune': files 1 of 7, rows 250
truncate partitions: ['Circ', 'Dune', 'Klar', 'Norm', 'Pira', 'Proj', 'The ']

Eight distinct titles produced seven partitions, because truncate[4] maps both The Silent Patient and The Overstory to The . That is not a defect. The transform is allowed to be lossy, and pruning to a partition that contains extra rows is still correct, because the engine applies your real predicate to the rows it reads. Truncation trades precision for a smaller number of partitions, and on real-world strings the prefixes are rarely uniform. Pick the width by looking at your data, not by picking a round number.

Nulls get a partition

ti.append(orders_with_null_country)

partitions now: [... {'country_ident': None}]
dirs: ['country_ident=DE', 'country_ident=FR', 'country_ident=GB',
       'country_ident=IN', 'country_ident=US', 'country_ident=null']
null query rows: 20
null query files: 1 of 6

Nulls are a partition value like any other, the directory is called null, and country IS NULL prunes to that one file. Anyone arriving from Hive will remember __HIVE_DEFAULT_PARTITION__ and the queries that had to know about it. It is gone.

The write side, and where the small files come from

Partitioning changes the shape of every write, and this is the cost people do not budget for. Three appends of three hundred rows each, spread across five days:

  after append 1 -> files: 5   partitions: 5
  after append 2 -> files: 10  partitions: 5
  after append 3 -> files: 15  partitions: 5

An append writes at least one file per partition it touches. Five partitions, three appends, fifteen files, none of them large. A partitioned table cannot merge a new row into an existing file, because data files are immutable. So every commit that spans N partitions adds at least N files.

Now scale that thought. A pipeline running hourly against a table partitioned by day adds 24 files per partition per day. The same pipeline against a table partitioned by hour adds 24 partitions per day, with file sizes like the ones measured above: 240 files averaging 3.7 KB for two thousand rows. Every one of those needs a manifest entry, and every query pays to read them.

[image: Two thousand rows partitioned seven ways: hour gives 240 partitions and 240 files averaging 3,713 bytes; day gives 10 files averaging 5,532; month, year and void give 1 file of 16,420; bucket of 16 gives 16 files averaging 5,111; identity gives 6 averaging 6,029. Separately, three appends across five partitions produced 5, then 10, then 15 files, because an append writes at least one file per partition it touches.]

That is the trap, and it is the most common Iceberg mistake I have seen: partition granularity chosen from the query side alone. The rule that actually works is to size partitions so each holds enough data for a sensible file — hundreds of megabytes, not kilobytes. Let statistics handle the finer filtering inside them. A day partition holding 200 MB is healthy. An hour partition holding 3 KB is a bill.

Repairing those small files takes maintenance work, which chapters 11 and 12 measure. Coarser partitions can avoid creating them in the first place.

Replacing one partition

The operation partitioned tables exist to make easy is “reload yesterday”, and PyIceberg has it:

t.dynamic_partition_overwrite(new_rows)

before: 1000 rows, 5 files {'DE': 200, 'FR': 200, 'GB': 200, 'IN': 200, 'US': 200}
after :  830 rows, 5 files {'DE': 200, 'FR': 200, 'GB':  30, 'IN': 200, 'US': 200}
ops: ['append', 'delete', 'append']

Thirty replacement rows for GB replaced the two hundred that were there, and touched nothing else. The same batch appended normally would have given GB: 230. That is the wrong answer for a reload, and the reason people write a delete-then-insert dance that is not atomic. Here it is one commit, recorded as a delete and an append, published together.

There is a significant restriction, and it is the kind of thing you find by running rather than reading:

ValueError: For now dynamic overwrite does not support a table with
            non-identity-transform field in the latest partition spec: 1000: d: day(8)

PyIceberg 0.11.1’s dynamic_partition_overwrite only works on identity-transform specs. A table partitioned by day(ordered_at) is refused outright, and that is the most common Iceberg partitioning there is. The message is explicit, which is a mercy. The workaround in PyIceberg is an overwrite with a filter that names the day window on the source column. Spark’s INSERT OVERWRITE has no such limitation. This is on the list of things to re-check by version rather than to memorise.

[image: A table of 1000 rows in five country partitions of 200 each. Passing thirty replacement GB rows to dynamic_partition_overwrite leaves 830 rows in five files, with GB at 30 and every other partition untouched, recorded as an append, a delete and an append in one commit; appending the same batch normally would have given GB 230. On a table partitioned by day of ordered_at the call is refused outright, because PyIceberg 0.11.1 supports only identity-transform specs.]

Choosing a spec

A useful spec has to match both the queries and the volume arriving in each write. The measurements above give two checks: how many files a query can skip, and how small the resulting files become.

Partition on the column your queries actually filter. Not the column you think of as the table’s identity. If nobody filters by country, partitioning by country buys nothing and costs a file per country per commit.

Size the partition, not the count. Aim for partitions large enough to hold files in the hundreds of megabytes. Work it out from your daily volume. A table taking a million rows a day probably wants day; one taking a thousand probably wants month; one taking a hundred probably wants no partitioning at all.

Two fields is usually the maximum. A spec of day(ordered_at) plus bucket(16, customer_id) gives you 16 files per day and answers both time-range and customer queries. A spec of day plus country plus channel plus status gives you a Cartesian product of tiny files, and a table that is slow in a way nobody will attribute to the spec.

Do not partition a small table. Under a few gigabytes, column statistics do this job perfectly well. Every partition you add is a floor on your file count.

And do not partition on something that changes. A partition value is derived at write time from the row’s own data. If status moves from placed to shipped, a row partitioned by status has to be physically moved, which means a rewrite. Partition on facts, not on state.

Final thoughts

Hidden partitioning is a small idea with an unusually good ratio of benefit to complexity. The table stores a function; the planner applies it to your predicates; the physical layout stops being something a query author has to know. What used to be a class of silent, expensive mistakes becomes impossible to make, because the mistake required a partition column and there isn’t one.

What it does not do is choose the function for you. Everything measured in this chapter — 240 files of 3.7 KB, a range query that could not use a bucket, fifteen files from three appends — came from a spec that was wrong for its data. None of it came from anything the format did badly.

Which raises the obvious question, and it is the one Hive could never answer. You partitioned by day when the table took a thousand rows a day; it now takes ten million. What do you do with the two years of files already written under the old spec?





Changing the Shape of a Table That Already Has Data

You partitioned the bookshop orders by month. The shop was doing a thousand orders a day, and a month was a sensible amount of data to keep in one place. Two years later it is doing a million a day, every month partition is enormous, and every query that wants one day reads thirty.

[image: Partition specs and sort orders are versioned metadata; new files adopt the new layout while old files remain readable until an optional rewrite.]

In Hive this is a project. Partitioning is a directory structure, so changing it means writing the entire table again into a new layout. Then checking the copy, swapping the location, and finding out afterwards which downstream job had the old path hard-coded. Teams put it off for years, which is why so many tables in the wild are partitioned for the volume they had when somebody created them.

In Iceberg it is this:

with t.update_spec() as u:
    u.remove_field("ordered_at_month")
    u.add_field("ordered_at", DayTransform(), "ordered_at_day")

That command completed in milliseconds on a table with data in it, moved no bytes, and did not even record a snapshot. New writes can use day partitions immediately. The existing month-sized files remain, so a faster query over the old data still requires work.

Same environment as the rest of this arc: PyIceberg 0.11.1, a SQLite catalog, a local warehouse, no JVM.

The spec is metadata, and files remember theirs

The metadata from chapter 8 already allows more than one partition spec:

"default-spec-id": 0,
"partition-specs": [ { "spec-id": 0, "fields": [ … ] } ]

partition-specs is a list. default-spec-id points at the one new writes use. And every data file’s manifest entry records the spec ID it was written under. Those three facts are the whole feature.

Here is the month-partitioned bookshop, two thousand June orders in a single partition:

spec 0: [ 1000: ordered_at_month: month(8) ]
rows: 2000 files: 1
one-day query under month partitioning: files 1 of 1 rows 200

Evolve it:

spec now: [ 1001: ordered_at_day: day(8) ]
specs retained: {0: '[1000: ordered_at_month: month(8)]',
                 1: '[1001: ordered_at_day: day(8)]'}
default-spec-id: 1  last-partition-id: 1001

Both specs are kept, the new one is the default, and the new partition field got ID 1001. Partition field IDs come from the same never-reused counter as schema field IDs, for the same reason. An old file’s partition value is recorded against a field ID, and reusing that ID would silently reinterpret it.

Now the important negative result:

rows: 2000 files: 1
dirs: ['ordered_at_month=2026-06']
snapshots: ['append']

One file, still in the month directory, and the snapshot list still has exactly one entry. Changing the partition spec is not a snapshot. No data changed, so there is nothing for a snapshot to describe. It is a metadata-only update — the same shape as the schema changes in chapter 7. A reader that had the table open before the change and refreshes afterwards sees the same rows in the same files, planned slightly differently.

Write July, which goes in under the new spec:

rows: 4000 files: 11
dirs: ['ordered_at_day=2026-07-01', 'ordered_at_day=2026-07-02', …,
       'ordered_at_day=2026-07-10', 'ordered_at_month=2026-06']

Two layouts in one table, side by side, permanently. This is the state Hive could not represent, and the reason repartitioning there was a rewrite. A Hive table has one directory structure, and the metastore assumes it.

[image: The month-partitioned bookshop holds 2,000 June rows in a single file under spec 0. After update_spec swaps month for day, July arrives as 2,000 rows in 10 daily files under spec 1, while the June file stays exactly where it was. The table holds 4,000 rows in 11 files across two layouts, and the snapshot list still contains a single append, because changing the spec is a metadata-only update.]

What the metadata does with two specs

The partitions metadata table shows the union of every partition field across every spec, with nulls where a field does not apply:

  spec_id= 0 {'ordered_at_month': 677, 'ordered_at_day': None}                    records= 2000 files= 1
  spec_id= 1 {'ordered_at_month': None, 'ordered_at_day': datetime.date(2026,7,1)} records=  200 files= 1
  spec_id= 1 {'ordered_at_month': None, 'ordered_at_day': datetime.date(2026,7,2)} records=  200 files= 1
  …

The nulls distinguish the two layouts. June’s file has no daily partition value because it predates that field; July’s files have no monthly value because their spec does not use it. The listing preserves both without pretending they share one layout.

[image: The partitions metadata table lists the union of every partition field across every spec. The spec 0 file reports ordered_at_month 677 with ordered_at_day null over 2,000 records in the old physical layout, while a spec 1 file reports ordered_at_month null with ordered_at_day July 1 over 200 records in the new one. A column full of nulls means those files predate the field.]

Query planning handles both. Each manifest is planned against the spec its files were written under, and the results are unioned.

The measurement that matters

Changing the spec left June’s file untouched, so the useful comparison is query work on either side of the change. These five filters show the records the planner had to read:

  a June day (old spec)    files=  1 of 11  records_read= 2000  rows_returned= 200
  a July day (new spec)    files=  1 of 11  records_read=  200  rows_returned= 200
  all of July              files= 10 of 11  records_read= 2000  rows_returned=2000
  all of June              files=  1 of 11  records_read= 2000  rows_returned=2000
  spanning the seam        files=  2 of 11  records_read=  400  rows_returned= 400

Line one and line two are the same query against two months of the same table. July reads two hundred records to return two hundred. June reads two thousand to return two hundred — ten times the work. The June data is still in one month-sized file, and the finest thing the old spec can express is a month.

[image: Five filters against the evolved table. A June day plans 1 file of 11 and reads 2,000 records to return 200, while the identical query for a July day reads 200 to return 200. All of July plans 10 of 11 files and reads 2,000; all of June plans 1 and reads 2,000; a query spanning the seam plans 2 files and reads 400. Every file written before the change keeps its old spec and its old pruning granularity.]

Partition evolution changes the future, not the past. Every file written before the change keeps its old spec and its old pruning granularity forever, or until something rewrites it. The command is free; the benefit accrues only to data written afterwards.

That is the right trade — a metadata change that improves new writes immediately and costs nothing is strictly better than a migration you never schedule. But it has to be understood as what it is. If yesterday’s query pattern is slow because of two years of month partitions, evolving the spec will not fix yesterday. You will need to rewrite those files, and the rewrite runs under the current default spec.

PyIceberg cannot do that rewrite. Its entire maintenance surface is one method:

maintenance surface: ['expire_snapshots']

rewrite_data_files, the Spark procedure in chapter 12, can rewrite those old files. PyIceberg can change the spec and expose its effect on planning, but it cannot perform the maintenance that brings existing data into the new layout.

The rules, found by trying

Field IDs are never reused. Add a field, remove it, add it back:

spec:              [1001: ordered_at_day: day(8), 1002: country: identity(4)]
after removing it: [1001: ordered_at_day: day(8)]
re-added:          [1001: ordered_at_day: day(8), 1003: country2: identity(4)]
last-partition-id: 1003 | specs: 4

Four specs retained after three edits, and the re-added country field is ID 1003, not 1002. Every spec the table has ever had is kept, because files out there reference them by ID.

The spec refers to its source column by ID, so a rename does not touch it. Rename ordered_at to placed_at and the spec still says:

schema: ['order_id', 'customer_id', 'book_title', 'country', 'quantity', 'amount', 'status', 'placed_at', 'channel']
spec still: [1001: ordered_at_day: day(8), 1003: country2: identity(4)]
query by the new name: files 1 rows 200

The partition field is still called ordered_at_day while the column is called placed_at, and pruning works perfectly. day(8) names field 8, and field 8 is the same field it always was. The stale name is cosmetic, and you can rename the partition field too if it bothers you.

You cannot drop a column the spec depends on:

ValidationError: Cannot find source column for partition field: 1001: ordered_at_day: day(8)

Remove the field from the spec first, then drop the column. The order is not negotiable — and the error says why.

You can partition a table that was never partitioned, and un-partition one:

spec: [] files: 1
spec now: [1000: d: day(8)]
one-day query on the OLD files: 1 of 1  records_read 2000
after one append under the new spec: 2 of 11  records_read 2200  rows 400
back to unpartitioned: [] | specs kept: 2

The same lesson in miniature. Partitioning an existing table costs nothing and does nothing for the data already in it. The one-day query still reads all two thousand old records, and after one partitioned append it reads 2,200 to return 400. Going back to unpartitioned reused the existing empty spec rather than creating a third.

And void is how a field gets neutralised rather than removed:

added a void field: [1000: country: identity(4), 1001: country_void: void(4)]

The void transform maps every value to null. It exists because some implementations, and format v1 tables, cannot simply drop a partition field from a spec. They replace it with void instead, which keeps the field position while making it carry no information. If you see a void field in a spec in the wild, you are looking at the scar from a removal.

Sort orders: the other lever

Partitioning is a hard, physical guarantee with a hard, physical cost — chapter 8 measured it as one file per partition per commit. There is a second lever, under-used, that gives you a softer guarantee for no file-count cost at all.

Recall the mechanism from chapter 8. Every manifest holds per-column lower and upper bounds for every data file, and the planner skips files whose bounds exclude your predicate. Those bounds are only as useful as the data’s ordering. A file whose customer_id runs from 1000 to 1249 excludes nothing. A file whose customer_id runs from 1062 to 1093 excludes almost everything.

Sorting the data before you write it turns the bounds from noise into an index. And Iceberg lets you declare the ordering on the table:

with ts.update_sort_order() as u:
    u.asc("customer_id", IdentityTransform())
    u.desc("ordered_at", IdentityTransform())

default sort order: []
after update: [ 2 ASC NULLS LAST
                8 DESC NULLS LAST ]
default-sort-order-id: 1

"sort-orders": [
  {"order-id": 0, "fields": []},
  {"order-id": 1, "fields": [
     {"source-id": 2, "transform": "identity", "direction": "asc",  "null-order": "nulls-last"},
     {"source-id": 8, "transform": "identity", "direction": "desc", "null-order": "nulls-last"}]}]

Source IDs again, a version history again, and a null-order because nulls have to go somewhere. Sort fields can take transforms too, so bucket or truncate orderings are expressible.

The declaration is not enforced

Now append unsorted data to that table and look at what actually landed:

file rows: 2000
customer_id bounds: 1000 - 1249
first 12 customer_ids as stored: [1007, 1014, 1021, 1028, 1035, 1042, 1049, 1056, 1063, 1070, 1077, 1084]
is the file actually sorted by customer_id? False
sort_order_id recorded on the data file: None

The table says its sort order is ascending by customer_id. The file PyIceberg just wrote is not sorted by customer_id, and its manifest entry does not even claim to be. sort_order_id is null.

[image: The table declares a sort order of field 2 ascending nulls last and field 8 descending nulls last, with default-sort-order-id 1. The file that was then written holds 2000 rows whose customer_id bounds run the full 1000 to 1249, stores them in arrival order beginning 1007, 1014, 1021, 1028, is not sorted by customer_id, and carries a null sort_order_id in its manifest entry.]

In PyIceberg 0.11.1 a sort order is a declaration of intent that the writer does not honour. It is metadata telling other engines what this table wants. It is not a constraint on the write path. Spark’s Iceberg writer does sort to the table’s declared order. PyIceberg hands your Arrow table to Parquet in the order you gave it.

Reading documentation will not tell you this, because from the documentation’s point of view nothing is wrong. The sort order is a table property, and honouring it is a writer’s choice. From your point of view it is very wrong. Set a sort order in PyIceberg, assume your files are sorted, and every query you tuned on that assumption is running on unsorted data.

What sorting is worth, measured

So sort it yourself. Eight thousand rows, written as eight files of a thousand, twice: once in arrival order, once sorted by customer_id first.

srt = big.sort_by([("customer_id", "ascending")])

unsorted files: 8   presorted files: 8
  unsorted   customer_id bounds per file: [(1000, 1249), (1000, 1249), (1000, 1249), (1000, 1249)] …
  presorted  customer_id bounds per file: [(1000, 1031), (1031, 1062), (1062, 1093), (1093, 1124)] …

The row count, file count and bytes are identical. Only the grouping of rows changed, and the bounds now describe a slice of the key range in each file. That gives the planner a reason to skip files.

  customer_id = 1077 on unsorted   files 8 of 8   rows 32
  customer_id = 1077 on presorted  files 1 of 8   rows 32
  range on unsorted   files 8 of 8  rows 640
  range on presorted  files 1 of 8  rows 640

Same answers, an eighth of the I/O, from a sort_by call before the write. No partitions were created, no extra files exist, and there is no per-commit cost the way partitioning has.

Sorting has to be global, and the first key is the design

Two ways to get that wrong, both common, both measurable.

The first is sorting each batch as you write it. That is what a distributed writer does naturally: every task sorts its own partition of the data and writes a file. Same eight thousand rows, same eight files, each one internally sorted:

locally sorted    bounds [(1000, 1249), (1000, 1249), (1000, 1249)] … files scanned 8 of 8
globally sorted   bounds [(1000, 1031), (1031, 1062), (1062, 1093)] … files scanned 1 of 8

[image: Eight thousand rows written as eight files three ways. Unsorted, every file has customer_id bounds of 1000 to 1249 and a point lookup reads 8 of 8 files. Sorted within each file the bounds are identical and the lookup still reads 8 of 8. Sorted globally before the write the bounds become slices of 1000 to 1031, 1031 to 1062, 1062 to 1093 and 1093 to 1124, and the same lookup reads 1 file of 8.]

Locally sorted files are perfectly sorted inside and completely useless outside. Every file still spans the whole key range, so every file’s bounds still match every predicate. What the bounds record is the minimum and the maximum, and nothing else. Order within a file buys you nothing at planning time. The sort has to be global across the write for the ranges to become disjoint.

The second is choosing the sort key by importance rather than by selectivity. Sort by country then customer_id:

country-then-customer: customer lookup files 7 of 8   rows 32
country-then-customer: country  lookup files 2 of 8   rows 1600
customer-sorted      : country  lookup files 8 of 8   rows 1600

A sort helps its prefix and degrades sharply after it. Leading with a five-value column pins the customer lookup back to seven files of eight, because within a country the customer ids still span everything. Leading with customer_id gives a perfect customer lookup and no help at all on country.

No ordering is good for both. That is the honest limitation of a linear sort, and the reason multi-dimensional clustering exists. Choose the column your most expensive query filters on, and accept that the second column is nearly free only if it correlates with the first.

The measurements explain why partitioning and sorting need different operating habits:


	Partitioning is a guarantee. It survives any write order, it lets the planner eliminate files without reading any statistics, and it costs at least one file per partition per commit.

	Sorting is an optimisation. It costs nothing structurally and it makes column bounds selective on as many columns as your sort has prefixes. It is also only as good as the discipline of whatever wrote last.



[image: Partitioning and sorting solve different problems. A partition spec is a hard physical boundary that costs one file per partition touched, gives a strong pruning guarantee, and retains every old spec through evolution. A sort order clusters values inside files with no partition fan-out, prunes only softly through column bounds, and works only if the writer actually sorts.]

Which is why they compose rather than compete. Partition by the coarse dimension everything filters on; sort within the partition by the next thing people filter on:

files: 12 partitions: 10
one day: 2 files of 12, rows 800
one day + one customer: 2 files, rows 3

At this scale the second filter bought nothing, and I am showing it rather than hiding it. With only two files in the day, there was nothing left to prune. Sorting pays when a partition holds many files, which is the situation any table worth partitioning is in. Do not expect to see the benefit on two thousand rows.

There is a multi-column version of this: ordering data so that filters on several independent columns all prune well, usually via a Z-order or Hilbert curve. It is real, it is useful, and it is a rewrite strategy in Spark’s rewrite_data_files. Chapter 12. I have not run it here.

When not to reach for either

Do not evolve a spec casually. Every spec is retained forever, planning has to consider all of them, and the partitions table becomes progressively harder to read. Two or three specs over a table’s life is a table that adapted. Nine is a table nobody understood.

Do not evolve a spec expecting a speed-up on old data. The measurement above is the whole point: 2,000 records read to return 200, indefinitely. If old data matters, budget the rewrite at the same time as the spec change. The rewrite is the expensive half.

Do not set a sort order you are not going to maintain. An unmaintained sort order is worse than none. It is a claim in the metadata that somebody will eventually believe, and in PyIceberg specifically it is a claim nothing enforces.

And do not sort on a column nobody filters on. The pruning benefit comes from comparing predicates with column bounds. A convenient sort key earns nothing here if the queries never use it.

Final thoughts

The pattern across this whole arc is one idea repeating. A table is a list of files plus a description of how to interpret them. Changing the description is cheap; changing the files is expensive. Iceberg’s job is to let you change the description without pretending you have changed the files.

Snapshots did it for the file list. Field IDs did it for the schema. Partition specs and sort orders do it for the layout, and the honest accounting is the same each time. The metadata operation is instant, and the data written under the old regime stays as it was until something rewrites it. What you gain is that the rewrite becomes optional, incremental, and schedulable — instead of a migration standing between you and a decision you have already made.

Four chapters in, everything has been additive. Rows arrive and rows accumulate. The only way we have removed one is to rewrite a whole file without it. Chapter 6 measured that: three hundred and sixty records deleted and two hundred and eighty-eight rewritten, to remove twenty.

That arithmetic gets worse in exactly the way you would expect at scale. It is the reason for the next chapter, which is also where this book stops being able to do everything in Python.





Deleting a Row From an Immutable File

Deleting one row can force a writer to rewrite hundreds of surviving rows. PyIceberg takes that copy-on-write path; comparing it with merge-on-read requires a writer that implements both.

[image: Copy-on-write replaces data files at mutation time; merge-on-read records deletes separately and applies them during reads.]

Delete a row with PyIceberg and it tells you itself:

UserWarning: Merge on read is not yet supported, falling back to copy-on-write

There are two ways to delete a row from an Iceberg table. PyIceberg implements one of them. This chapter needs both, so this is where Spark arrives.

Pinned for the rest of the book: PySpark 4.1.3, Iceberg runtime 1.11.0, against the REST catalog from chapter 5.

Why deleting a row is hard at all

Parquet files are immutable. Not by policy — by construction. A Parquet file is a sequence of compressed column chunks with a footer of offsets and statistics. There is no way to remove a row from the middle without rewriting the whole thing. Object storage agrees: you can PUT an object or DELETE it, and you cannot edit sixty bytes in the middle.

So “delete order 7” cannot mean what it means in Postgres. It has to be expressed some other way, and Iceberg offers exactly two.

Copy-on-write. Read the file containing order 7, write a new file with every row except that one, and mark the old file deleted. The table’s data files always contain exactly the live rows.

Merge-on-read. Leave the file alone. Write a small side file that says row 7 of that file is gone, and have every reader subtract it at query time.

Neither is correct in general. They move cost between writing and reading, and which one you want depends on which of those you do more of.

Installing Spark, and the trap in the version numbers

Spark and the Iceberg runtime must agree on versions. An unpinned install breaks that agreement before the session even starts:

pip install pyspark        # DO NOT do this

At the time of writing that installs PySpark 4.2.0, and there is no Iceberg runtime built for Spark 4.2. The published artifacts are iceberg-spark-runtime-4.1_2.13, 4.0_2.13 and 3.5_2.12. The default install lands you on a Spark version Iceberg does not support yet, and the error you get is a ClassNotFoundException that says nothing about versions.

Pin it:

pip install "pyspark==4.1.3"

ICEBERG = "org.apache.iceberg:iceberg-spark-runtime-4.1_2.13:1.11.0"

That coordinate encodes three versions: the Spark minor (4.1), the Scala minor (2.13), and Iceberg itself (1.11.0). All three have to line up with each other and with your installed PySpark. It is the single most common way a reader’s first Iceberg-on-Spark session fails.

The rest of the session config is the catalog you already have:

spark = (SparkSession.builder
    .config("spark.jars.packages", ICEBERG)
    .config("spark.sql.extensions",
            "org.apache.iceberg.spark.extensions.IcebergSparkSessionExtensions")
    .config("spark.sql.catalog.ice", "org.apache.iceberg.spark.SparkCatalog")
    .config("spark.sql.catalog.ice.type", "rest")
    .config("spark.sql.catalog.ice.uri", "http://localhost:8181")
    .master("local[2]").getOrCreate())

Note local[2]. This is one JVM on your laptop, not a cluster. Nothing in this book needs a cluster.

Choosing a mode

The behaviour is a table property, and there are three of them because there are three ways to modify rows:

CREATE TABLE ice.bookshop.orders_mor (
  order_id BIGINT, customer_id BIGINT, status STRING, amount DOUBLE
) USING iceberg TBLPROPERTIES (
  'write.delete.mode' = 'merge-on-read',
  'write.update.mode' = 'merge-on-read',
  'write.merge.mode'  = 'merge-on-read'
);

write.delete.mode, write.update.mode and write.merge.mode are set independently, and forgetting one is a real source of confusion. A table can be merge-on-read for DELETE and copy-on-write for MERGE INTO at the same time, behaving inconsistently for reasons that are entirely your own doing.

[image: Row-level writes are governed by three independent table properties, write.delete.mode, write.update.mode and write.merge.mode, and each one can be set to copy-on-write or merge-on-read on its own. A table can therefore be merge-on-read for DELETE and copy-on-write for MERGE INTO at the same time, so all three have to be set deliberately.]

Two identical tables, one thousand rows each, and six single-row deletes against each. These are deliberately minimal — order_id, status, amount and nothing else. The subject here is where the bytes go, and the bookshop’s other five columns would only pad the file sizes.

Copy-on-write, measured

content 0 (data): 2 files, 994 records
delete_files    : 0

Nine hundred and ninety-four records in two data files. The deleted rows are not stored anywhere — they were dropped when the files were rewritten. Look at the snapshot operations:

[('append','2',None), ('overwrite','1','1'), ('overwrite','1','1'),
 ('overwrite','1','1'), ('overwrite','1','1'), ('overwrite','1','1'), ('overwrite','1','1')]

Every delete is an overwrite that added one file and deleted one file. Six deletes, six file rewrites.

Each of those rewrote roughly five hundred rows to remove one. That is the cost model. A copy-on-write delete is proportional to the size of the files it touches, not the number of rows you asked to remove. Deleting one row from a one-gigabyte file rewrites a gigabyte. Deleting one row from each of a hundred files rewrites all hundred.

What you get for it is that reads are completely unaffected. The data files contain the live rows and nothing else, so a query does no extra work, and every statistic in the manifests stays exactly true.

Merge-on-read, measured

Same table, same six deletes:

content 0 (data)            : 2 files, 1000 records
content 1 (position deletes): 1 file,  6 records

The data files still hold all one thousand rows. Nothing was rewritten. A separate file records six positions, and the query returns 994 by subtracting them at read time.

The operations tell the same story from the other side:

[('append','2',None), ('delete',None,None), ('delete',None,None), … ]

delete, not overwrite — and no data files added or removed by any of them.

[image: After six single-row deletes, the copy-on-write table holds 994 records in 2 data files and no delete files, while the merge-on-read table still holds all 1,000 records in its 2 data files plus one delete file of 6 records that readers subtract at query time.]

A gotcha that caught me while writing this

My first measurement script reported data_files=3 for the merge-on-read table and I nearly wrote that down. It is wrong, and the reason is worth passing on.

The .files metadata table includes delete files. It has a content column: 0 for data, 1 for position deletes, 2 for equality deletes. Count rows without grouping by it and you silently mix the two. Iceberg provides the split tables:

SELECT count(*) FROM ice.bookshop.orders_mor.data_files    -- 2
SELECT count(*) FROM ice.bookshop.orders_mor.delete_files  -- 1

If you are ever going to quote a file count for a merge-on-read table, use data_files and delete_files, or group .files by content. Otherwise you will report a table as having more data files than it does, at exactly the moment you are trying to reason about compaction.

The delete files churn, too

The current delete-file count hides the work done by earlier deletes. Comparing it with history exposes that churn:

delete_files      (current) : 1 file,  6 records
all_delete_files  (history) : 6 files, 21 records

Six deletes produced six delete files across history, holding 1, 2, 3, 4, 5 and 6 positions respectively. Each delete rewrote the delete file for that data file with every deletion so far, rather than adding another one alongside.

[image: Six single-row deletes against one data file produced six delete files across history holding 1, 2, 3, 4, 5 and 6 positions — twenty-one in total — because each delete rewrites the delete file rather than adding one alongside. Only the last is live; the other five stay on disk while older snapshots reference them.]

That is better than the alternative, since a reader merges one delete file per data file rather than six. But it means the delete file is rewritten on every delete, and it grows. On a table where a nightly job deletes a few thousand rows, the delete file is rewritten nightly and gets steadily larger, until compaction folds it back into the data files.

The five superseded delete files are still on disk, because older snapshots still reference them. Chapter 13 is where they actually go away.

The arithmetic that decides it

Copy-on-write pays at write time, once, and reads are free. Choose it when deletes are rare, when reads vastly outnumber writes, or when read latency is what you are judged on. Batch tables that get corrected occasionally are the classic case.

Merge-on-read pays a little at write time and a little on every read until you compact. Choose it when writes are frequent and small, when your deletes touch rows scattered across many files, or when write latency matters — streaming and CDC workloads, essentially.

The trap is that merge-on-read’s cost is invisible on the day you enable it and compounds quietly. A table with two delete files reads fine. A table with four hundred is slow for reasons that do not show up in the query plan as anything more informative than “reading more files”. Merge-on-read is not a way to avoid compaction; it is a way to defer it. A merge-on-read table without a maintenance job is a table that gets slower every week. That is chapters 11 through 13, and they are not optional reading if you choose this mode.

Updates are deletes wearing a hat

DELETE is the clean case. UPDATE is the one that shows what merge-on-read really costs, because a row cannot be edited in place any more than it can be removed.

Twenty thousand rows, written once into each of two tables:

CREATE TABLE ice.bookshop.upd_cow (order_id BIGINT, status STRING, amount DOUBLE) USING iceberg
  TBLPROPERTIES ('write.update.mode'='copy-on-write');

INSERT INTO ice.bookshop.upd_cow SELECT id, 'placed', id * 1.0 FROM range(20000);

That lands as four data files, and it is worth knowing why, because the number is not Iceberg’s doing. Spark writes one file per write task, and this session runs local[4]. Run the identical statement under local[2] and you get two files instead:

master=local[4]  ->  4 data files for 20,000 rows
master=local[2]  ->  2 data files for 20,000 rows

So if you follow along with a different session, expect a different starting count. What matters below is not the absolute number but how it moves. Now update one row in each table:

copy-on-write  data_files/delete_files  (4, 0) -> (4, 0)   op=overwrite
merge-on-read  data_files/delete_files  (4, 0) -> (5, 1)   op=overwrite

Copy-on-write rewrote a whole file to change one field: still four files, no delete files.

Merge-on-read produced five data files and one delete file because an update is a delete plus an insert. A position delete masks the old row. The new version is appended in a fresh data file holding exactly one row, leaving the table with one more data file than it started with.

Those two shapes are stable. Running the pair six times, interleaved, gives (4, 0) for copy-on-write and (5, 1) for merge-on-read every single time.

The timings are not. My first measurement had copy-on-write at 1,151 ms against merge-on-read’s 500 ms. That looks decisive. It is mostly JVM warm-up: the first UPDATE in a session pays for class loading and JIT that later ones do not.

Discard two warm-up trials, interleave six more, and the medians come out at 328 ms for copy-on-write and 287 ms for merge-on-read. About 1.15x — not the 2.3x the first run implied.

[image: Updating one row of a 20,000-row table leaves copy-on-write at 4 data files and no delete files, while merge-on-read goes to 5 data files and 1 delete file, because the old row is masked and the new one is appended as a file of its own. The shapes reproduced across six interleaved trials; the timings did not, and the apparent 2.3x speedup of the first run was JVM warm-up.]

So the honest version of this comparison is structural rather than temporal. Merge-on-read writes less work, because it never rewrites the surviving rows. But twenty thousand rows in four small files is not enough work for that to dominate a measurement.

Scale the files up and the gap opens. Copy-on-write’s cost tracks the bytes it must rewrite; merge-on-read’s does not. That is a claim about the cost model, and this lab is too small to be its evidence.

Which means a merge-on-read table under a steady update load grows data files and delete files simultaneously. That is a faster write and two kinds of debt.

Does the read cost actually grow? Measured

The story everyone tells is that merge-on-read degrades reads as delete files pile up. Here is that claim tested. Forty thousand rows bucketed into sixteen files, timing a full aggregate best-of-three after each round of deletes:

 0 deletes:  117.1 ms   data_files=16 delete_files=0 positions=0
 4 deletes:  145.6 ms   data_files=16 delete_files=4 positions=4
 8 deletes:  145.3 ms   data_files=16 delete_files=7 positions=8
16 deletes:  149.1 ms   data_files=16 delete_files=8 positions=16

The honest reading of that is not the one I expected. The cost is a step, not a slope. Going from zero delete files to four cost about a quarter. Going from four to sixteen cost nothing measurable.

Treat those millisecond figures as a shape rather than as constants. Re-running the ladder on a pre-warmed JVM gave medians of 110, 153, 155 and 138 ms — the step is in the same place and the tail is still flat, but sixteen delete files measured faster than four, which is noise rather than a finding. What reproduces is the shape. The individual numbers do not, and a benchmark this small cannot make them.

[image: Timing a full aggregate over 40,000 rows in 16 data files after successive rounds of merge-on-read deletes gave 117.1, 145.6, 145.3 and 149.1 milliseconds for 0, 4, 8 and 16 deletes. The jump happens between no delete files and the first few; adding more cost nothing measurable. A re-run on a pre-warmed JVM gave 110, 153, 155 and 138 milliseconds, where sixteen delete files measured faster than four — noise rather than a finding, so the shape reproduces and the individual timings do not.]

That makes sense once you see the mechanism from chapter 3. The reader has to consult the delete files for the data files it opens. Once it is doing that at all, a few more positions in an already-open bitmap are nearly free. What you pay for is whether deletes exist on the files you touch, far more than how many.

Two caveats, and they matter more than the numbers. Sixteen delete files across sixteen data files is a tidy ratio. The pathological case is thousands of delete files against a handful of data files — which a streaming writer produces, and which this lab cannot. And the aggregate here touches every file anyway; a selective query that would otherwise prune to one file pays proportionally much more.

The read penalty is real, but this table gives no basis for treating it as linear. Your query and writer determine its shape: how many files the query touches, and how many delete files the writer leaves against each one. Those are the conditions to preserve in a useful measurement.

Switching modes does not undo anything

A table’s mode is a property, so you can change your mind:

ALTER TABLE ice.bookshop.orders SET TBLPROPERTIES ('write.delete.mode'='copy-on-write');

Then delete one more row:

before : rows=39983 data_files=16 delete_files=8 deleted_positions=16
after  : rows=39982 data_files=16 delete_files=8 deleted_positions=16
op     : overwrite

The delete worked — one row fewer — and it worked the copy-on-write way, rewriting a data file and adding no delete file. But the eight delete files from before the switch are all still there, still holding sixteen positions, still being consulted on every read.

Changing the property changes what happens next. It does not retroactively fold the existing merge-on-read debt back into the data. Only compaction does that, which is chapter 12 — where even compaction turns out not to do it by default.

Position deletes and equality deletes

Everything above used position deletes — “row 7 of this specific file is gone.” They are precise. They also require the writer to know exactly which file and offset holds the row, which means the writer has to have found it first.

Iceberg has a second kind. Equality deletes say “any row where order_id = 7 is gone”, without naming a file at all. That is much cheaper for a writer that is streaming and does not want to look anything up. It is much more expensive for a reader, which now has to evaluate a predicate against every candidate row rather than skipping known positions.

Equality deletes are the streaming writer’s mechanism — Flink and Kafka Connect produce them, and Spark SQL does not. I could not produce one for this chapter. The lab has no Flink, and no amount of Spark SQL will emit an equality delete. What is in the chapter is what was run, which is position deletes only. Chapter 17 covers the streaming path, also without a running Flink, and says so there too.

Two things about them are worth knowing even without a demo. Iceberg ships a maintenance action to convert equality deletes into position deletes, precisely because the read cost is bad enough to be worth a background job. And equality deletes survive into format version 3 unchanged. V3’s deletion vectors replace the position delete encoding only, which chapter 20 takes apart in detail.

Final thoughts

The deletion files in this chapter were all .parquet. On a v3 table they would be .puffin — a deletion vector, one per data file, replaced rather than accumulated. That is a real improvement to the merge-on-read cost model and it is the headline of chapter 20.

But the choice itself does not go away. A row cannot be removed from an immutable file, so somebody pays: the writer rewrites, or the reader subtracts. Every table format, every lakehouse, every “we support updates now” announcement is a position on that trade. Iceberg’s contribution is to make it a property you set per table with your eyes open, rather than a behaviour you discover in production.

That choice sets the maintenance work too. Copy-on-write pays for replacing data during the mutation; merge-on-read leaves delete files for readers until compaction folds them in. The next chapters measure the files each workload accumulates and the work needed to keep them manageable.





Twelve Thousand Rows, Fifteen Megabytes

A faster delivery schedule can leave an Iceberg table slower to query, even when the row count barely changes.

[image: Frequent tiny commits create many small data files and fragmented metadata, increasing storage, planning, and query cost without producing errors.]

A team stands up an Iceberg table. It works — queries are fast, the schema evolves without drama, time travel saves somebody’s afternoon once a month. Then the pipeline behind it changes shape. What used to be a nightly batch becomes a micro-batch every minute, because that is what the business asked for and because Iceberg makes it easy. Each batch is one commit. Each commit is atomic. Nobody has to think about it.

Six weeks later the dashboard is slow. Nothing was deleted, nothing was added beyond the usual volume, no query was rewritten. The table has the same number of rows it would have had under the old schedule. It is simply slower — and it is getting worse.

This is the small-files problem, and it is the single most common way an Iceberg deployment goes bad. Understand it precisely, because the folklore is vague — “too many small files, run compaction”. That vagueness leaves you unable to tell whether you have the problem, how badly, or whether the fix worked.

The bookshop orders table lets us separate those questions: write the same rows under different schedules, then compare storage, planning and query cost.

Everything here was run against Apache Iceberg 1.11.0 with PySpark 4.1.3, the iceberg-spark-runtime-4.1_2.13:1.11.0 jar, PyIceberg 0.11.1, and the REST catalog from chapter 5, on Java 21. Every number below came out of that lab.

What the problem actually is

Small files are fine in isolation. They become expensive in a table because reading costs something per file, and that cost does not shrink when the file does. A table can therefore become more expensive to read without gaining any rows.

Three separate per-file costs stack up.

Opening the file. Parquet is a footer format. To read anything you fetch the footer, parse the schema and the row-group metadata, then issue reads for the column chunks you want. On a local disk that is a couple of milliseconds. On object storage it is a round trip with a latency floor measured in tens of milliseconds — and it happens whether the file holds ten rows or ten million.

Planning the scan. Before an engine reads a single byte of data it has to decide which files to read. In Iceberg that means walking the manifest list, opening the manifests, and evaluating your filter against each file’s recorded bounds. That work is proportional to the number of entries, not the number of rows behind them.

Losing compression. This one surprises people. Parquet compresses within a row group, and dictionary encoding needs repeated values in the same file to pay for itself. Split the same rows across a hundred files and each file gets its own dictionary, its own header, and a fraction of the repetition. The bytes go up, sometimes dramatically, so you are also reading more data.

None of these depend on the table being big. They depend on the table being fragmented, and the ratio of fragmentation to volume is entirely under the control of how often you commit.

[image: The fixed cost of touching a data file breaks into three parts, and none of them shrinks when the file does: the request that opens the object, the range request that fetches and decodes the Parquet footer, and one planning task per file. Fragmentation multiplies all three by the file count.]

Building the wreck

The bookshop orders table, three ways, with identical contents: 12,000 orders spread over ninety days, with order_id, customer_id, book_id, status, amount and order_ts.

The first table is written the way a streaming pipeline writes: 150 separate commits of 80 rows each.

for b in range(150):
    spark.sql(f"""INSERT INTO ice.ch11.orders_stream
                  SELECT order_id, customer_id, book_id, status, amount, order_ts
                  FROM ice.ch11.src WHERE batch_id = {b}""")

The second is the same 12,000 rows in one commit. The third is one commit into a table partitioned by days(order_ts). Here is what each one turned into:

orders_stream  rows=12000 files=150 bytes=447029 avg=2980 min=2871 max=3016
               manifests=51 snapshots=150 metalog=101 disk=1202f/15538962B meta=902f/15087133B
orders_bulk    rows=12000 files=1   bytes=98081  avg=98081 min=98081 max=98081
               manifests=1  snapshots=1   metalog=2   disk=10f/114146B    meta=8f/15289B
orders_daily   rows=12000 files=91  bytes=316119 avg=3473  min=2543  max=3547
               manifests=1  snapshots=1   metalog=2   disk=190f/339948B   meta=8f/20565B

Read the disk column twice. The three tables hold exactly the same 12,000 orders. One of them occupies 114 kB. Another occupies 15.5 MB. That is a factor of 136, and nothing was duplicated — the row counts are identical and both tables return the same answer.

[image: The same 12,000 orders occupy 114,146 bytes across 10 files when written in one commit, and 15,538,962 bytes across 1,202 files when written as 150 micro-batch commits — a factor of 136. The data itself grew 4.6 times, from 98,081 to 447,029 bytes, because eighty rows per file is not enough repetition for dictionary encoding; the metadata grew 987 times, from 15,289 to 15,087,133 bytes, because it tracks files and snapshots.]

stream agg result: [Row(status='completed', c=2400, s=59988.0), Row(status='paid', c=2400, s=59940.0),
                    Row(status='placed', c=2400, s=59916.0), Row(status='returned', c=2400, s=60012.0),
                    Row(status='shipped', c=2400, s=59964.0)]
bulk   agg result: [Row(status='completed', c=2400, s=59988.0), Row(status='paid', c=2400, s=59940.0),
                    Row(status='placed', c=2400, s=59916.0), Row(status='returned', c=2400, s=60012.0),
                    Row(status='shipped', c=2400, s=59964.0)]

Two of the three costs are already visible in that first block, and they are worth separating.

The data itself got 4.6 times bigger. 447,029 bytes across 150 files against 98,081 bytes in one. Same rows, same columns, same codec. The difference is entirely the compression penalty described above — eighty rows is not enough repetition for dictionary encoding to earn back the per-file overhead. Chapter 1 made the point that Iceberg’s metadata is a rounding error at scale, and it is, but the data bloat here is not metadata at all.

The metadata got 987 times bigger. 15,087,133 bytes against 15,289. Metadata tracks files and snapshots rather than rows, and this table has 150 of each.

Break the metadata directory down by kind and the arithmetic is unremarkable, which is the point:

orders_stream {'crc': 451, 'manifest list (avro)': 150, 'metadata.json': 151, 'manifest (avro)': 150}
orders_bulk   {'crc': 4,   'manifest list (avro)': 1,   'metadata.json': 2,   'manifest (avro)': 1}

One metadata.json, one manifest list and at least one manifest per commit. Nothing pathological happened. The table did exactly what it promised, 150 times.

The directory count and the current snapshot count tell different stories. There are 150 manifests on disk, but the current snapshot references only 51, because Iceberg merges manifests automatically as they accumulate. MANIFEST_MERGE_ENABLED_DEFAULT is true and MANIFEST_MIN_MERGE_COUNT_DEFAULT is 100, both read out of the runtime. And metalog=101, not 151, because the metadata log is capped at 100 previous versions by default: METADATA_PREVIOUS_VERSIONS_MAX_DEFAULT is 100 in the runtime jar. The capped entries did not go anywhere though: all 151 metadata.json files are still sitting on disk, which is a thread chapter 13 picks up and pulls hard.

What it costs to read

Numbers on disk are only interesting if they show up in a query. Best of four runs, warm:

full-scan agg   orders_stream  runs=['1.351', '0.889', '0.868', '0.737'] best=0.737
full-scan agg   orders_bulk    runs=['0.189', '0.158', '0.149', '0.151'] best=0.149
full-scan agg   orders_daily   runs=['0.626', '0.677', '0.740', '0.571'] best=0.571

one-day filter  orders_stream  runs=['0.141', '0.091', '0.093', '0.091'] best=0.091
one-day filter  orders_bulk    runs=['0.080', '0.127', '0.131', '0.094'] best=0.080
one-day filter  orders_daily   runs=['0.110', '0.090', '0.084', '0.084'] best=0.084

The full scan takes 4.9 times longer on the fragmented table. That is on a laptop, against local files, with the page cache warm and the whole table under half a megabyte. Every one of those conditions flatters the fragmented table. Replace local files with S3 and each of those 150 opens becomes a network round trip.

The one-day filter shows almost nothing, and I am including it because a partial result is more useful than a tidy one. When a query touches a handful of files, per-file overhead is noise. The penalty scales with how many files the query has to open. So a selective query on a well-pruned table can stay fast for a long time while your full scans quietly degrade. If you only benchmark the selective query, you will not see this coming.

[image: A full scan of the same 12,000 rows took 0.149 seconds against one file, 0.571 against 91, 0.737 against 150 and 7.928 against 1,820 — penalties of 4.9 and 53 times. The one-day filter showed almost nothing: 0.080, 0.084 and 0.091 seconds, because it opens only a handful of files either way.]

Where the files actually come from

Files per commit is not one. It is writers times partitions, and both multipliers are easy to acquire without noticing.

Look again at orders_daily: one single commit, and it produced 91 data files, one per day-partition, averaging 3,473 bytes. Partitioning a table divides every write by the number of partitions it touches. That is not a flaw — it is the definition of partitioning. But consider two tables partitioned by day. One is loaded daily with that day’s data and produces a single file per commit. The other is loaded daily with late-arriving corrections spanning the history, and produces one file per partition per commit.

The second case is the realistic one, and it is worth seeing at full strength. Twenty nightly loads, each carrying rows scattered across the entire ninety-day history:

partitions: Row(n=91, f=1820, avgf=20)
snapshots: 20
manifests: Row(n=20, b=239926)
disk: 3762 files 4236150 bytes

Twenty commits produced 1,820 data files at an average of 1,968 bytes each. Twenty files per partition, exactly as the multiplication predicts. And the read cost is no longer subtle:

full-scan agg orders_spread: ['9.185', '8.109', '7.931', '7.928'] best 7.928

7.9 seconds against 0.149 for the same 12,000 rows in one file. A 53x penalty, on a table small enough to fit in a spreadsheet.

The third multiplier is writer parallelism. Every task that writes produces at least one file per partition it touches. A job with 200 shuffle partitions writing into 30 date partitions can therefore emit 6,000 files from a single commit. This lab ran on local[2], which is why the numbers above are as gentle as they are.

Put the three together and the arithmetic is unforgiving. A minutely micro-batch is 1,440 commits a day. Give it 30 live partitions and 8 writer tasks, and the ceiling is 345,600 files a day — most of which will be a few kilobytes. Nobody sets out to do that. It is the product of three reasonable-looking decisions, none of which is visibly about file counts.

[image: One commit into a table partitioned by day produced 91 data files averaging 3,473 bytes, and twenty commits carrying rows scattered across the same 91 partitions produced 1,820 files averaging 1,968 bytes — twenty per partition. That table full-scanned in 7.928 seconds against 0.149 for the same rows in one file, a 53 times penalty. Multiply minutely commits by thirty live partitions and eight writer tasks and the ceiling is 345,600 files a day.]

The other fragmentation, one level up

The files metadata table is not the only thing that fragments. Manifests do too, and they fragment on their own schedule:

orders_stream  manifests=51/387231B
orders_bulk    manifests=1/7420B
orders_daily   manifests=1/12480B
orders_spread  manifests=20/239926B

The stream table carries 387 kB of manifest to describe 447 kB of data. Iceberg’s automatic merging is already working: 150 commits produced 51 manifests rather than 150. But it fires at a threshold and targets 8 MB manifests, so at this scale it barely engages.

This matters because it is a separate condition with a separate fix. Compaction rewrites data files and leaves the manifest tree looking much as it did. A table can have perfectly sized data files and a shredded manifest tree, or the reverse. Chapter 13’s rewrite_manifests is the tool for the second one, and it moves no data at all.

Planning cost, isolated

Query time mixes planning and reading together. To see planning on its own, ask PyIceberg to plan the scan and never execute it. This is the microscope role PyIceberg keeps for the rest of the book — no JVM, no data read, just the metadata walk.

t = cat.load_table("ch11.orders_spread")
n = len(list(t.scan().plan_files()))

Best of four, per table:

ch11.orders_stream  files=  150 bytes=  447029 planned=  150 plan_s=['0.122','0.123','0.121','0.119']
ch11.orders_bulk    files=    1 bytes=   98081 planned=    1 plan_s=['0.004','0.004','0.003','0.003']
ch11.orders_spread  files= 1820 bytes= 3581984 planned= 1820 plan_s=['0.249','0.235','0.232','0.244']
ch11.orders_daily   files=   91 bytes=  316119 planned=   91 plan_s=['0.013','0.013','0.013','0.013']

Planning the one-file table takes 3 milliseconds. Planning the 1,820-file table takes 232, which is 77 times more work before any data is touched at all. Planning cost tracks file count almost linearly, and it is paid by every query against the table, including the selective ones that looked fine in the previous section.

This is the measurement I would reach for first when someone says a table “feels slow”. It separates the two halves of the question cleanly. Slow planning is a metadata problem. Fast planning with a slow query is a data-layout problem. They have different fixes, and chapters 12 and 13 handle them separately.

The thing that did not go wrong

Writing stayed fast. Here are the commit times across the 150 micro-batches:

commit seconds: first10 avg 0.328 | last10 avg 0.242

The 150th commit was not slower than the tenth. I expected degradation, because each commit reads the current metadata, writes a new metadata.json containing the whole snapshot log, and swaps the catalog pointer. At 150 snapshots that file is not small.

It did not show up at this scale, and I would rather report that than quietly drop the measurement. Two things are probably holding it back. Automatic manifest merging keeps the manifest count at 51 rather than 150, and the metadata log is capped at 100 entries, so the tracked history stops growing. At thousands of snapshots on object storage this may well look different. What I can say is what I measured, which is that on this table, at this size, commit latency was flat.

That matters practically. The small-files problem is a read problem, and it will not announce itself on the write side. The pipeline producing the mess has no reason to complain.

[image: Planning a scan without executing it took 0.003 seconds against one data file, 0.013 against 91, 0.119 against 150 and 0.232 against 1,820 — 77 times more work before any data is touched. Over the same 150 micro-batch commits, write latency stayed flat: the first ten averaged 0.328 seconds and the last ten 0.242, so the pipeline creating the fragmentation had no reason to complain.]

What this lab is not measuring

The local filesystem makes the measured penalties look small. Everything above ran against it. Opening a file cost a page-cache hit and a syscall. On S3, GCS or Azure Blob, opening a file costs an HTTP request — a signed one, with TLS, subject to per-prefix request rate limits and billed per thousand. The Parquet footer read is a separate range request from the column reads — a single small file is at least two requests. The fragmented table above would issue somewhere north of 3,600 requests to answer a full scan that the tidy table answers in a handful.

I did not run that. I have no object-storage numbers in this book, and I am not going to invent a multiplier for them. What I will say is that every mechanism this chapter measured is latency-bound and request-bound, and object storage is worse than local disk on both. Treat the 4.9x and 53x figures as floors.

Why not simply commit less often

Batching more and committing less often can reduce fragmentation — but the table then takes longer to show new orders. Commit frequency is your freshness budget. A table committed every minute is at most a minute stale; a table committed hourly is at most an hour stale. Halving your file count by doubling your batch interval also doubles your worst-case staleness, and for some tables that is a product decision rather than a data-engineering one.

There is also a floor you cannot batch below. A streaming writer with a five-second checkpoint interval commits every five seconds by construction, because that is what gives it exactly-once semantics. You are not going to talk it into ten minutes — the interval is the contract.

Which is why compaction exists. The design that actually works is to let writers commit as often as they need and to fix the layout afterwards, on a schedule, as a separate job. Iceberg’s snapshot model makes that safe — compaction is itself just another commit, readers never see a half-compacted table, and a query running while it happens completes against the file list it started with.

Seeing it coming

Every measurement above came out of metadata tables, which means you can put all of it on a dashboard. There is no need to list a bucket or shell into anything.

The single most useful query is a file-size profile:

SELECT count(*)                                             AS files,
       CAST(avg(file_size_in_bytes) AS INT)                 AS avg_bytes,
       CAST(sum(file_size_in_bytes)/1048576.0 AS DECIMAL(10,3)) AS total_mb,
       CAST(count(*) FILTER (WHERE file_size_in_bytes < 32*1024*1024) * 100.0
            / count(*) AS INT)                              AS pct_small
FROM ice.ch11.orders_stream.files

Run against each of the three tables:

+-------------+-----+---------+--------+---------+
|t            |files|avg_bytes|total_mb|pct_small|
+-------------+-----+---------+--------+---------+
|orders_stream|150  |2980     |0.426   |100      |
|orders_bulk  |1    |98081    |0.094   |100      |
|orders_spread|1820 |1968     |3.416   |100      |
+-------------+-----+---------+--------+---------+

The pct_small column compares against 32 MB. Iceberg’s own default target is much larger: WRITE_TARGET_FILE_SIZE_BYTES_DEFAULT reads 536870912 straight out of the 1.11.0 runtime, which is 512 MB. Thirty-two megabytes is my own threshold for “this file is not paying for the cost of opening it”. It sits an order of magnitude below the target, so the alarm fires on genuine fragmentation rather than on normal variation. Every table here is at 100 percent, including the healthy one, because 12,000 orders is a toy. On a real table this column is the alarm — and it is the one number I would page on.

A size histogram is the next thing to look at, because the average hides bimodal distributions where a healthy table has picked up a tail of tiny files:

+------+-----+-----+------+
|bucket|files|rows |bytes |
+------+-----+-----+------+
|a <8KB|150  |12000|447029|
+------+-----+-----+------+

Then partitions, which tells you whether the fragmentation is spread evenly or concentrated in the partitions your queries actually hit:

SELECT partition, file_count, record_count
FROM ice.ch11.orders_spread.partitions
ORDER BY file_count DESC LIMIT 5

And manifests and metadata_log_entries, which cover the metadata side that files does not see. A table with a healthy file layout can still have a bloated manifest tree, and that is a real condition with its own fix.

Four numbers are enough for an alert:


	file count and average file size, from .files

	files per partition, from .partitions, worst partition rather than mean

	manifest count, from .manifests

	snapshot count, from .snapshots



If you want a single rule: when the average data file in an actively-queried table drops below about 32 MB, or a partition you filter on exceeds a few dozen files, you have work to do.

[image: Four metadata signals worth putting on a dashboard, all of them queryable without listing a bucket: the file profile from the files table, giving count, average bytes and the percent below target; manifest count and total bytes from the manifests table; planned task count and planning latency from plan_files; and commit frequency and metadata-log growth from the snapshots table.]

When this is not a problem

The instinct after a chapter like this is to compact everything nightly. Resist it, because compaction is not free. It rewrites data, which costs compute and — on object storage — request charges. It creates a new snapshot, so it makes your table bigger until you expire the old one. And it competes for commits with your writers.

Three cases where the right answer is to leave it alone.

The table is small and fully scanned. If the whole thing fits in memory and every query reads all of it, per-file overhead on a few dozen files is not what is slowing you down.

The table is append-only, written once a day, and already lands one file per partition. It is not fragmenting. Compaction has nothing to do, and as chapter 12 shows, it will politely tell you so and change nothing.

The fragmentation is confined to a hot tail you never scan. A table partitioned by day, where only the last two days are fragmented and every query filters to the last hour, is fine. Compact the tail on a schedule and ignore the history.

The general shape: fragmentation costs you at read time, in proportion to how many fragmented files your queries actually open. If the answer is “not many”, you do not have a problem yet.

Final thoughts

The uncomfortable part of the small-files problem is that nothing goes wrong. No error, no warning, no failed job — every one of those 150 commits was correct, atomic and fast. The table returns exactly the right answer at every point. It just costs 136 times the storage and 4.9 times the query time to do it. And by the time anyone notices, there are six weeks of commits behind the problem rather than one.

The remedy is one procedure call, covered next. The harder decision is where it is needed: which table, which partition, and which queries pay for the fragmentation. The metadata tables already expose the evidence. Tracking file size, files per partition, manifests and snapshots gives you a baseline against which to judge both the damage and the repair.

Set up the four numbers before you need them. The table that is quietly rotting is never the one you are watching.





The Procedure That Reports Success and Does Nothing

Chapter 11 left the bookshop orders table in a bad state on purpose: 12,000 rows across 150 data files, 15.5 MB on disk for 447 kB of data, and a full scan running 4.9 times slower than the same rows in a single file. This chapter fixes it.

[image: Compaction merges or splits files toward a target size and can sort them for pruning, but thresholds, scope, and silent no-ops require measurement.]

The fix is one procedure call, but it still pays all the costs of a write. Compaction rewrites your data and commits the result as an ordinary snapshot. Its cost, effect on storage and choice of files all follow from that mechanism.

It is a rewrite, so it costs compute proportional to the data it touches — and on object storage it costs reads, writes and requests.

It is committed as a snapshot, so it competes with your writers for the commit and it makes the table temporarily bigger rather than smaller.

And “your data” is a scope you choose. Compaction has a default idea of what deserves rewriting, and that default is conservative. Not knowing it means you call the procedure, get a success, and change nothing at all. That happened to me on the first attempt, so we may as well start there.

Same lab as chapter 11: Iceberg 1.11.0, PySpark 4.1.3, iceberg-spark-runtime-4.1_2.13:1.11.0, the REST catalog, Java 21.

The call that did nothing

Here is a table with four small files. Four files, 11,662 bytes, four commits.

tiny BEFORE: files=4 bytes=11662 avg=2915 min=2894 max=2951 snaps=4 disk=34f/76825B

The documented way to compact a table is rewrite_data_files, and the documented minimum call is the table name:

CALL ice.system.rewrite_data_files(table => 'ch12.tiny')

rewrite_data_files (no options) -> {'rewritten_data_files_count': 0, 'added_data_files_count': 0,
                                    'rewritten_bytes_count': 0, 'failed_data_files_count': 0,
                                    'removed_delete_files_count': 0} in 0.24s
tiny AFTER : files=4 bytes=11662 avg=2915 min=2894 max=2951 snaps=4 disk=34f/76825B

No exception, no warning — a result row, a duration, and a table in exactly the state it was in before. If you were running this from a scheduled job and checking the exit code, you would conclude your maintenance was working.

The cause is min-input-files. Iceberg groups candidate files per partition, and it will not rewrite a group unless the group is big enough to be worth a commit. So what is “big enough”? The documentation says the default is five. Rather than take that on trust, here is the same procedure against two tables built identically, one with four small files and one with five:

4 small files -> {'rewritten_data_files_count': 0, 'added_data_files_count': 0,
                  'rewritten_bytes_count': 0, ...}  files 4 -> 4
5 small files -> {'rewritten_data_files_count': 5, 'added_data_files_count': 1,
                  'rewritten_bytes_count': 14650, ...}  files 5 -> 1

The default is exactly five, pinned by bisection rather than by reading. Below it, nothing happens and the procedure says so in a way you have to know to look for.

[image: Calling rewrite_data_files with only a table name against a four-file table returned every counter as zero in 0.24 seconds and left the table byte-identical at 4 files, 11,662 bytes and 34 files on disk. The cause is min-input-files: two identically built tables show the threshold is exactly five, since four small files rewrite nothing while five rewrite all five into one, moving 14,650 bytes.]

Override it and the same table compacts:

CALL ice.system.rewrite_data_files(
  table => 'ch12.tiny',
  options => map('min-input-files','2'))

-> {'rewritten_data_files_count': 4, 'added_data_files_count': 1, 'rewritten_bytes_count': 11662, ...}
tiny AFTER : files=1 bytes=5336 avg=5336 min=5336 max=5336 snaps=5 disk=50f/130983B

Four files became one, and the data shrank from 11,662 bytes to 5,336 — exactly the compression recovery chapter 11 predicted.

The number that ought to bother you is disk. It went from 34 files and 76,825 bytes to 50 files and 130,983 bytes. Compaction made the table 70 percent bigger. Hold that thought; it gets its own section.

An aside on how the options behave

A misspelled option could make a maintenance job silently use a default you meant to override. Iceberg catches that case. Here the call includes an option that does not exist:

CALL ice.system.rewrite_data_files(
  table => 'ch12.tiny',
  options => map('banana','yes','min-input-files','2'))

IllegalArgumentException: Cannot use options [banana], they are not supported by the action
or the rewriter BIN-PACK

It refuses, by name — and it tells you which rewriter it validated against. That is not the norm in this corner of the ecosystem. DuckDB’s own COPY … (FORMAT iceberg) accepts an option called banana without complaint, and silently replaces the table it was asked to append to. Plenty of data tooling takes an unknown keyword, drops it, and reports success. Here a typo’d option is a loud failure rather than a quiet one, which means the only silent no-op in this procedure is the min-input-files threshold above.

Compacting the wreck

Now the real table. 150 files, one per micro-batch commit.

BEFORE: files=150 bytes=447029 avg=2980 min=2871 max=3016 snaps=150 disk=1202f/15595789B
        agg best 0.646  runs ['1.274', '0.727', '0.646', '0.737']

CALL ice.system.rewrite_data_files(table => 'ch12.orders_stream')

-> {'rewritten_data_files_count': 150, 'added_data_files_count': 1,
    'rewritten_bytes_count': 447029, 'failed_data_files_count': 0,
    'removed_delete_files_count': 0} in 1.36s

AFTER : files=1 bytes=91677 avg=91677 min=91677 max=91677 snaps=151 disk=1312f/16257218B
        agg best 0.086  runs ['0.095', '0.086', '0.133', '0.104']
rows still: 12000

One hundred and fifty files into one, in 1.36 seconds. Data bytes fell from 447,029 to 91,677, a 4.9x reduction from compression alone. The aggregation went from 0.646 seconds to 0.086, which is 7.5 times faster. The row count is unchanged — the assertion that matters most, and the one easiest to forget to make.

The commit it produced is not special:

snapshot ops: ['append', 'append', 'replace']

A replace snapshot. Iceberg records that a set of files was swapped for another set representing the same rows. Everything the format does for ordinary writes applies — it is atomic, readers in flight finish against the old file list, and the previous state remains addressable.

The partitioned table is where the numbers get loud. This one had 20 commits, each spreading rows across all 91 day-partitions:

BEFORE: files=1820 bytes=3581984 avg=1968 min=1734 max=2001 snaps=20 disk=3762f/4236895B
        agg best 4.810  runs ['5.199', '4.810', '5.146', '6.328']

-> {'rewritten_data_files_count': 1820, 'added_data_files_count': 91,
    'rewritten_bytes_count': 3581984, ...} in 17.94s

AFTER : files=91 bytes=338822 avg=3723 min=2607 max=3871 snaps=21 disk=3990f/4867794B
        agg best 0.377  runs ['0.379', '0.377', '0.379', '0.381']
partitions: Row(n=91, f=91)

1,820 files to 91, one per partition, in 18 seconds. The full scan went from 4.81 seconds to 0.377, 12.8 times faster. And notice the variance collapsed too: the before-runs range from 4.8 to 6.3 seconds, the after-runs are all 0.377 to 0.381. Fragmented tables are not just slow, they are unpredictably slow — how long a scan takes depends on how many small reads happen to contend.

Compaction did not touch history:

oldest snapshot 3157560524341670730 append rows: 80

The first micro-batch commit is still queryable, still holds its original 80 rows, and still points at data files that compaction replaced. Those files are all still on disk. Which brings us to the invoice.

Compaction makes your table bigger

Look at the disk figures across all three compactions:


























	table	disk before	disk after
	tiny	34 files / 76,825 B	50 files / 130,983 B
	orders_stream	1,202 files / 15,595,789 B	1,312 files / 16,257,218 B
	orders_spread	3,762 files / 4,236,895 B	3,990 files / 4,867,794 B


Every one went up. This is not a defect, and not a surprise once you have internalised the model. It is also the single most common way people conclude that compaction “did not work”.

Compaction adds a snapshot. It never removes one. The new snapshot references one tidy file. The previous 150 snapshots still reference the 150 original files. Iceberg will not delete a file a retained snapshot still needs, because that would break time travel. So after compaction your table holds the old layout and the new one.

[image: All three compactions cut the data-file count sharply — 4 to 1, 150 to 1, 1,820 to 91 — and every one of them grew the table directory: 34 files and 76,825 bytes to 50 and 130,983; 1,202 files and 15,595,789 bytes to 1,312 and 16,257,218; 3,762 files and 4,236,895 bytes to 3,990 and 4,867,794. Compaction adds a snapshot and never removes one, so the old layout survives alongside the new until the snapshots expire.]

The space comes back when the old snapshots expire. That is a separate operation, with its own semantics, its own ordering constraints, and its own way of doing nothing when you call it wrong. It is chapter 13. Compaction without expiry is not maintenance, it is accumulation. If you schedule one and not the other, storage grows monotonically and you will eventually be paging someone about a bucket.

The other direction: compaction splits, too

The name suggests merging, but rewrite_data_files does not merge. It rewrites toward a target size — and a file above the target gets split just as readily as files below it get combined.

The target is write.target-file-size-bytes, and its default is not a small number. Read straight out of the 1.11.0 runtime, WRITE_TARGET_FILE_SIZE_BYTES_DEFAULT is 536870912 — 512 MB. Every “compaction” in this chapter so far has been the procedure trying and failing to reach half a gigabyte with a toy table.

Point it somewhere achievable and the direction reverses. Taking the single 91,677-byte file produced above:

CALL ice.system.rewrite_data_files(
  table => 'ch12.orders_stream',
  options => map('target-file-size-bytes','32768','rewrite-all','true'))

BEFORE: files=1 bytes=91677 avg=91677 min=91677 max=91677
-> {'rewritten_data_files_count': 1, 'added_data_files_count': 6, 'rewritten_bytes_count': 91677, ...}
AFTER : files=6 bytes=124975 avg=20829 min=20394 max=21511

One file became six, and the total bytes went up, from 91,677 to 124,975, for exactly the reason chapter 11 gave: smaller files compress worse. This is the small-files problem being manufactured by the tool that exists to fix it, which is a useful thing to have seen once. Set target-file-size-bytes deliberately, or leave it alone.

[image: rewrite_data_files does not merge, it rewrites toward a target size, so it splits as readily as it combines. Files below the target are bin-packed into fewer, larger outputs, while a single 91 KB file handed a 32 KB target was rewritten into six, which means compaction can raise the file count as well as lower it.]

Note also rewrite-all. Without it, the rewriter skips files that are already close enough to target — that is what the min-file-size-bytes and max-file-size-bytes ratios are for. With it, everything in scope is rewritten regardless. It is the right flag for a one-off correction and the wrong one for a nightly job.

Sorting: the strategy that changes what queries read

Bin-pack compaction, the default, cares only about size. It fills files up to the target and pays no attention to what is inside them — which fixes per-file overhead and nothing else.

Sort compaction can also reduce which files a query has to open. Iceberg records per-column lower and upper bounds for every data file. A query with WHERE customer_id = 42 can skip any file whose recorded range excludes 42 without reading a byte of it. Whether that skipping is worth anything depends entirely on how the values are distributed across files. In a table written in arrival order the answer is usually “not at all”, because every file contains roughly the full range of every column.

Here is that measured. A 120,000-row bookshop orders table with customer_id values scattered by arrival, written at a 128 kB target so there is something to prune:

as written (unsorted)  files= 30 avg=  35363 bytes= 1060892 |
                       scan-all= 30 cust=42 ->  30 files | book=17 ->  30 files | query best 0.332s rows=24

The file counts on the right come from PyIceberg planning the scan with a row filter and never executing it, which is the cleanest way to ask “how many files would this query open”. For customer_id = 42, the answer is all thirty. Every file’s bounds span nearly the whole customer range, so nothing can be skipped, and the query reads the entire table to return 24 rows.

Now sort-compact it:

CALL ice.system.rewrite_data_files(
  table => 'ch12.skew',
  strategy => 'sort',
  sort_order => 'customer_id ASC NULLS LAST',
  options => map('rewrite-all','true','target-file-size-bytes','131072'))

sort compaction -> {'rewritten_data_files_count': 30, 'added_data_files_count': 28,
                    'rewritten_bytes_count': 1060892, ...}

after sort by customer_id  files= 28 avg=  32835 bytes=  919407 |
                       scan-all= 28 cust=42 ->   1 files | book=17 ->  27 files | query best 0.170s

Thirty files to one. Same rows, same table, same query. The only thing that changed is which rows live next to which. Now 27 of the 28 files can be eliminated from the plan before any I/O happens.

Two more things fell out of that run and both are worth keeping. The total bytes dropped from 1,060,892 to 919,407, because sorting groups similar values and similar values compress better. And the file count went from 30 to 28, because sorting changed how well the data packed against the target size.

The cost is stated in the same output. This was rewrite-all, so all 1 MB was read and rewritten. On a real table sorting is the most expensive maintenance operation you own, because it is a global shuffle. It is also the one with the largest payoff — and that payoff is durable until the next batch of unsorted writes lands on top.

Z-order, and an honest result

The obvious complaint about sorting is that it only helps one column. Rows sorted by customer_id tell you nothing useful about book_id. Z-ordering is the standard answer. Interleave the bits of several columns so that values close in any of them tend to land near each other. You trade a perfect sort on one column for a decent clustering on several.

CALL ice.system.rewrite_data_files(
  table => 'ch12.skew',
  strategy => 'sort',
  sort_order => 'zorder(customer_id, book_id)',
  options => map('rewrite-all','true','target-file-size-bytes','131072'))

after zorder(cust,book)    files= 28 avg=  45978 bytes= 1287390 |
                       scan-all= 28 cust=42 ->   2 files | book=17 ->  24 files | query best 0.106s

Put the three states side by side:


































	layout	files	total bytes	files read for customer_id = 42	files read for book_id = 17
	as written	30	1,060,892	30	30
	sort by customer_id	28	919,407	1	27
	zorder(customer_id, book_id)	28	1,287,390	2	24


Z-ordering made the customer lookup worse (2 files instead of 1), improved the book lookup only slightly (24 instead of 27), and inflated the table by 40 percent against the sorted version, from 919 kB to 1.29 MB. On this data, on these two columns, it was a bad trade.

I am reporting that rather than tuning until it looked good, because the shape of the result generalises even though the exact numbers do not. Z-ordering does not give you two good sorts. It gives you one mediocre clustering and spends compression to do it. It pays off only when your workload queries several columns with comparable frequency and none of them dominates. If one predicate dominates, sort on it. Measure the file counts before and after; do not assume z-order is the more advanced choice because it has the more advanced name.

(One caution on my own numbers: the query timings here — 0.332, 0.170, 0.106 seconds — are best-of-four on a 1 MB table and the z-order run being fastest is almost certainly noise. The planned file counts are the robust signal, because they are deterministic and come from metadata rather than from a stopwatch.)

[image: On a 120,000-row table, the unsorted layout held 30 files and 1,060,892 bytes and had to open all 30 for either predicate. Sorting by customer_id gave 28 files, 919,407 bytes, and planned just 1 file for customer_id = 42 but still 27 for book_id = 17. Z-ordering both columns gave 28 files and 1,287,390 bytes, planning 2 files for the customer lookup and 24 for the book lookup — worse on one, barely better on the other, and 40 percent more bytes than the sorted version.]

Scoping a rewrite, and the timezone that ate a partition

Compacting a whole table nightly is fine until the table is large, at which point you want to touch only what changed. The where argument scopes the rewrite:

CALL ice.system.rewrite_data_files(
  table => 'ch12.orders_spread',
  where => "order_ts >= TIMESTAMP'2026-04-01' AND order_ts < TIMESTAMP'2026-04-02'",
  options => map('min-input-files','2'))

The setup: a table sitting at 91 partitions with 91 files, then three extra commits landing in the first two days of April.

orders_spread partitions before extra churn: Row(n=91, f=91)
after 3 churn commits: Row(n=91, f=100)
scoped rewrite -> {'rewritten_data_files_count': 8, 'added_data_files_count': 2, ...}
after scoped rewrite: Row(n=91, f=94)

It worked, and the arithmetic checks out: 100 files minus 8 rewritten plus 2 added is 94. But look at the numbers again. I asked for one day. It rewrote eight files into two, which is two partitions’ worth, not one.

The two partitions come from two definitions of a day. Iceberg’s days() transform bucketises timestamps by UTC day. Spark’s TIMESTAMP'2026-04-01' literal is resolved in the session timezone, which on this machine is America/Los_Angeles. So local April 1st runs from 07:00 UTC on the 1st to 07:00 UTC on the 2nd, and touches two UTC partitions.

Here is that made visible on a clean table. Row counts by local date, then row counts by partition:

tz: America/Los_Angeles
local-date row counts: [Row(d='2026-04-01', n=134), Row(d='2026-04-02', n=133), Row(d='2026-04-03', n=133)]
partition row counts : [Row(partition=Row(order_ts_day=2026-04-01), record_count=95),
                        Row(partition=Row(order_ts_day=2026-04-02), record_count=133),
                        Row(partition=Row(order_ts_day=2026-04-03), record_count=134)]
rows in UTC day 1: Row(count(1)=134)

Local day 2026-04-01 holds 134 rows. Partition 2026-04-01 holds 95. They are not the same set of rows. They are offset by seven hours: the SQL predicate follows the local definition, and the partition layout follows the UTC one.

[image: Iceberg buckets timestamps by UTC day while Spark resolves a timestamp literal in the session timezone, here America/Los_Angeles. Local date 2026-04-01 holds 134 rows while the partition named 2026-04-01 holds 95 records; they are different sets of rows, offset by seven hours. A rewrite scoped to one local day therefore touched two partitions, rewriting 8 files into 2 and taking the table from 100 files to 94.]

Nothing here is wrong, and no query returns a wrong answer. But two practical things follow. A “compact yesterday” job scoped with a local-time literal will touch two partitions rather than one, doing roughly twice the work you budgeted. And when you check the partitions table to confirm the job worked, the partition you expected to see tidied may not be the one that was.

Set spark.sql.session.timeZone to UTC for maintenance jobs, or write the predicate against the partition boundary rather than the local calendar. Either works. Not knowing which of the two you are doing is what costs you.

Partial progress

A failed rewrite can waste all the work completed before the failure, because by default a rewrite is one commit. Every file group is rewritten, then the whole thing lands as a single replace snapshot. If it fails partway through — or if a concurrent writer wins the commit race — everything is thrown away and you have burned the compute for nothing. On a large table that is an expensive way to lose.

partial-progress.enabled breaks it into several commits:

CALL ice.system.rewrite_data_files(
  table => 'ch12.pp',
  options => map('partial-progress.enabled','true','partial-progress.max-commits','4'))

files: 546 snapshots: 6
rewrite with partial progress -> {'rewritten_data_files_count': 546, 'added_data_files_count': 91,
                                  'rewritten_bytes_count': 1276703, ...}
files: 91 snapshots: 10
ops: ['append','append','append','append','append','append','replace','replace','replace','replace']

546 files became 91, and the snapshot count went from 6 to 10 rather than to 7. Four replace snapshots instead of one. Each landed independently, so a failure after the second would have left two-thirds of the work committed and useful.

[image: Rewriting 546 data files into 91 with partial progress enabled and a maximum of four commits took the snapshot count from 6 to 10 rather than to 7, producing four replace snapshots instead of one. Each lands independently, so a failure after the second leaves two-thirds of the work committed, at the cost of an intermediate layout and more snapshots for the expiry job to clean up.]

The trade is that the table sits briefly in an intermediate layout, and that you generate more snapshots — more work for the expiry job in chapter 13. For a big table it is worth it. For a small one it is noise.

Operating it

Pulling the settings together, here is what I would actually schedule against a table that receives frequent small commits.

CALL ice.system.rewrite_data_files(
  table    => 'bookshop.orders',
  where    => "order_ts >= TIMESTAMP'<yesterday, midnight UTC>'",
  options  => map(
    'min-input-files',            '5',
    'target-file-size-bytes',     '536870912',
    'partial-progress.enabled',   'true',
    'partial-progress.max-commits','10'))

The scope and defaults in that call each have an operational reason.

Scope by time, not by table. History does not re-fragment. Compacting the whole table nightly rewrites 90 days of already-tidy data to fix one day of mess.

Leave min-input-files at 5 unless you know why you are lowering it. The default exists to stop the job rewriting a partition to save nothing. If you lower it to 2, as this chapter did, you will get commits that move almost no data.

Run expiry after it, always. Otherwise the storage that compaction is meant to reclaim only ever grows. Chapter 13.

Expect commit conflicts and let it retry. Compaction is a commit like any other. If a writer lands first, the rewrite fails on the swap and must be retried against the new state. partial-progress limits how much you lose when it happens.

Sort only when a predicate justifies it, and prove the benefit with planned file counts before and after rather than with a stopwatch. Sorting is the expensive one.

And one note pointing forward: on a merge-on-read table, plain compaction does not apply your position deletes. The rewritten files keep the sequence number of the files they replaced, so the delete files still apply and still cost you at read time. There is a flag that changes this, it has a real trade-off, and it belongs with the rest of the delete-file maintenance in the next chapter.

Final thoughts

Compaction is the operation people expect to be a button, and it very nearly is. The procedure call hides decisions that matter when you schedule it. A group below the threshold is left alone. A successful rewrite adds storage until old snapshots expire. And a target below the current file size can increase the file count. All three happened on these small bookshop tables.

The measurements are all cheap. files before and after tells you whether it ran. sum(file_size_in_bytes) tells you whether compression came back. PyIceberg’s planned file count under a filter tells you whether sorting bought anything. Comparing the on-disk footprint before and after tells you that you still owe the table an expiry.

That last debt is the whole of the next chapter, and it is where the storage bill finally comes down.





Nothing Is Deleted Until Something Deletes It

Chapter 12 ended with a table that was in better shape and taking up more room. One hundred and fifty data files became one, the query got 7.5 times faster, and the directory on disk went from 15,595,789 bytes to 16,257,218. That is the correct behaviour — and it is also an unpaid bill.

[image: Compact first, expire snapshots, rewrite manifests, and remove orphans separately and cautiously; retained snapshots intentionally protect old files.]

The old layout remains readable because an Iceberg table is a chain of snapshots, each one a complete list of files. Compaction adds a snapshot; it does not remove any. Every earlier snapshot still names the files it named yesterday. Iceberg will not delete a file that a retained snapshot still needs. The whole point of keeping the snapshot is that you can read it.

So Iceberg never reclaims anything as a side effect. Reclaiming is its own operation, and there are four of them.































	Procedure	What it removes	Does it move data?
	expire_snapshots	old snapshots, plus every file only they referenced	no
	remove_orphan_files	files under the table location that no snapshot references	no
	rewrite_manifests	manifest fragmentation	no, metadata only
	rewrite_position_delete_files	small delete files	rewrites deletes only


Two of those four did nothing at all the first time I called them with their documented minimum arguments. One of them can delete a file your table is actively using. This chapter runs all four on the bookshop orders table, in the lab pinned in chapter 11: Iceberg 1.11.0, PySpark 4.1.3, iceberg-spark-runtime-4.1_2.13:1.11.0, the REST catalog, Java 21.

expire_snapshots, and the second silent no-op

Same wreck as before: 12,000 orders, 150 micro-batch commits, 150 data files, 150 snapshots.

orders BEFORE: data_files=150 data_bytes=447029 manifests=51 snapshots=150 metadata_log=101
               disk=1202f/15438147B {'parquet': 150, 'manifest': 150, 'metadata.json': 151, 'manifest-list': 150}

The minimum documented call is the table name:

CALL ice.system.expire_snapshots(table => 'ch13.orders')

-> {'deleted_data_files_count': 0, 'deleted_position_delete_files_count': 0,
    'deleted_equality_delete_files_count': 0, 'deleted_manifest_files_count': 0,
    'deleted_manifest_lists_count': 0, 'deleted_statistics_files_count': 0} in 3.93s

orders AFTER : data_files=150 ... snapshots=150 disk=1202f/15438147B (identical)

Six counters, all zero — and four seconds spent finding that out. Same failure mode as chapter 12’s compaction no-op, and the same lesson. A maintenance procedure that succeeds is not a maintenance procedure that did something. Assert on the state, never on the exit code.

The cause here is a time default rather than a count default. With no older_than, expiry falls back to the table’s history.expire.max-snapshot-age-ms. Read that constant out of the 1.11.0 runtime and you get MAX_SNAPSHOT_AGE_MS_DEFAULT = 432000000, which is five days. Every snapshot on this table was minutes old. There was nothing eligible, and Iceberg said so in the only way it has — six zeroes.

The companion default is MIN_SNAPSHOTS_TO_KEEP_DEFAULT = 1, which is why you can never accidentally expire your way to a table with no current state.

Five days is a sensible production default — and a terrible lab default. To see the procedure work, hand it an older_than that everything falls under, and tell it how many snapshots to keep regardless:

CALL ice.system.expire_snapshots(
  table       => 'ch13.orders',
  older_than  => TIMESTAMP '2099-01-01 00:00:00',
  retain_last => 1)

Before that, though, compact. Expiring first would only throw away history and leave the 150 files still live in the current snapshot.

rewrite_data_files -> {'rewritten_data_files_count': 150, 'added_data_files_count': 1,
                       'rewritten_bytes_count': 447029, ...} in 3.10s
after compaction: data_files=1 data_bytes=91627 manifests=52 snapshots=151 metadata_log=101
                  disk=1312f/16097380B {'parquet': 151, 'manifest': 202, 'metadata.json': 152, 'manifest-list': 151}

expire_snapshots(older_than=2099, retain_last=1)
  -> {'deleted_data_files_count': 150, 'deleted_manifest_files_count': 150,
      'deleted_manifest_lists_count': 150, ...} in 6.53s

after expiry : data_files=1 data_bytes=91627 manifests=52 snapshots=1 metadata_log=101
               disk=414f/13593770B {'parquet': 1, 'metadata.json': 153, 'manifest': 52, 'manifest-list': 1}
rows: 12000

That is what reclaiming looks like. 1,312 files down to 414, and 150 obsolete Parquet files removed so that exactly one remains — the compacted one. The row count did not move.

[image: Calling expire_snapshots with only a table name returned all six counters as zero after 3.93 seconds and left the table identical, because with no older_than it falls back to a five-day default of 432,000,000 milliseconds while keeping at least one snapshot. Given a workable older_than and retain_last of 1, the same call deleted 150 data files, 150 manifests and 150 manifest lists, taking the directory from 1,312 files to 414 with the row count unchanged at 12,000 — but the bytes fell only from 16,097,380 to 13,593,770, a 16 percent saving against a 68 percent drop in files.]

The counters explain what expiry reclaimed; the remaining bytes explain what it left behind.

Expiry deletes far more than snapshots. The name says snapshots, and it removed 150 of those. But the counters show it also deleted 150 manifests and 150 manifest lists. This is the operation that actually cleans up after compaction, which is why “run compaction nightly” is incomplete advice. Compaction produces the garbage; expiry takes it out.

The disk figure did not fall nearly as far as the file count. 16.1 MB became 13.6 MB, a 16 percent saving. The file count dropped by 68 percent. Something large is still there.

The metadata.json files nobody deletes

The remaining directory contains far more metadata versions than data files:

{'parquet': 1, 'metadata.json': 153, 'manifest': 52, 'manifest-list': 1}

One data file. One manifest list. One hundred and fifty-three metadata.json files. Expiry did not touch a single one. Each is a full serialisation of the table state, including its snapshot log, so they are not small. They are the 13.6 MB.

Deleting old metadata versions has its own switch, separate from snapshot expiry, and it is off:

METADATA_DELETE_AFTER_COMMIT_ENABLED_DEFAULT = False
METADATA_PREVIOUS_VERSIONS_MAX_DEFAULT = 100

Iceberg keeps a metadata log of previous versions, capped at 100, which is why metadata_log=101 throughout. But keeping the log bounded and deleting the files that drop out of it are two different things. Only the first is on by default. Turn the second one on:

ALTER TABLE ice.ch13.orders SET TBLPROPERTIES (
  'write.metadata.delete-after-commit.enabled' = 'true',
  'write.metadata.previous-versions-max'       = '3')

The property takes effect on the next commit, not immediately. One ordinary insert later:

after enabling delete-after-commit + one commit:
  {'parquet': 2, 'metadata.json': 56, 'manifest': 53, 'manifest-list': 2}
metadata_log entries: 4

153 down to 56. That is 97 files reclaimed by a table property rather than by a procedure.

And 56 is the interesting number, not 97. The metadata log holds 4 entries now, so only 4 of those 56 files are tracked. The other 52 fell out of the capped log during the 150 commits, before the property was enabled. Nothing tracks them any more. No procedure named in this chapter’s table will find them — expiry works from the snapshot chain, and these are not in it.

Those untracked files are orphans; reclaiming them requires the directory-based procedure below.

Orphans: what they are, and the two guards in front of them

An orphan file is a file under the table’s location that no snapshot references. They arrive in more ways than people expect:


	A write job that produced data files and then died before the commit.

	A compaction that was killed after writing its output and before swapping the pointer.

	Files left behind by a CommitStateUnknownException, where the client genuinely does not know whether the commit landed.

	Metadata files that fell out of a capped log, as above.

	Anything a human copied into the directory.



The procedure that removes them is remove_orphan_files, and it is the only one in this chapter that can destroy data. Everything else works from the snapshot chain, which is authoritative. This one works from a directory listing compared against the chain. And a directory listing includes files being written right now by a job that has not committed yet.

Iceberg knows this, and it puts two guards in the way.

The first is a default age. I planted two orphans in the table’s data/ directory. One is a copy of a real Parquet file under a name nothing references; the other is a plain text file that is not Iceberg at all. Then I called the procedure with its minimum arguments:

CALL ice.system.remove_orphan_files(table => 'ch13.orders')

remove_orphan_files(table) -> 0 rows returned in 7.97s
  orphan present: True | stray: True

Nothing. Both files still there. The third silent no-op in three chapters — and this one for a good reason. With no older_than, the procedure only considers files older than three days. A job that is mid-write cannot have its output deleted from under it.

This procedure also has a different result shape from the others. It returns one row per deleted file rather than a summary row, so “zero rows” is the success-with-nothing-done signal. If your wrapper does .collect()[0] you get an IndexError rather than a clean report — which is how I found out.

So do the obvious thing and pass a future timestamp, the way expire_snapshots accepted one:

CALL ice.system.remove_orphan_files(
  table      => 'ch13.orders',
  older_than => TIMESTAMP '2099-01-01 00:00:00')

IllegalArgumentException: Cannot remove orphan files with an interval less than 24 hours.
Executing this procedure with a short interval may corrupt the table if other operations are
happening at the same time. If you are absolutely confident that no concurrent operations will
be affected by removing orphan files with such a short interval, you can use the Action API to
remove orphan files with an arbitrary interval.

That is the second guard, and it is a hard floor rather than a default. expire_snapshots accepted TIMESTAMP '2099-01-01' without comment; remove_orphan_files refuses anything inside 24 hours. The two procedures look symmetrical and are not. Only one of them can delete a file that a running job is about to commit.

The error also tells you the escape hatch honestly: the Java Action API will do it, the SQL procedure will not. If you find yourself reaching for that, read the sentence in the middle of the message again.

The right way to demonstrate it, then, is to make the orphans genuinely old. Iceberg decides eligibility from file modification time — so backdating the two planted files by ten days is enough:

before: {'parquet': 3, 'leftover.txt': 1, 'metadata.json': 56, 'manifest': 53, 'manifest-list': 2} (228, 2277662)

dry_run -> 2 rows in 5.81s
   would delete: leftover.txt
   would delete: 00000-orphan-left-by-a-failed-job.parquet
  still present: True True

for real -> 2 rows in 1.71s
   deleted: leftover.txt
   deleted: 00000-orphan-left-by-a-failed-job.parquet
  still present: False False
rows still readable: 12080

dry_run => true lists exactly what a real run would delete and changes nothing. Here it exposed a detail worth checking before every run: leftover.txt was eligible too, and the real run deleted it. The procedure does not restrict itself to Parquet or Avro. It has no format opinion at all. Anything under the table location that the snapshot chain does not reference is an orphan, including files put there by something other than Iceberg. If you keep a README, a _SUCCESS marker or an export in your table’s directory, this procedure will remove it.

[image: expire_snapshots accepted a timestamp of 2099-01-01 without comment and deleted 150 data files, 150 manifests and 150 manifest lists, because it works from the authoritative snapshot chain. remove_orphan_files refused the same timestamp with an IllegalArgumentException saying it cannot remove orphan files with an interval less than 24 hours, because it works from a directory listing. Called with no older_than it returned zero rows in 7.97 seconds, leaving both planted files, since its default only considers files older than three days; a dry run listed two, and the real run deleted both — including a plain text file, because the procedure has no format opinion.]

Now point the same procedure at those 52 untracked metadata.json files from the previous section, aged the same way:

aged 56 metadata.json files by 10 days
remove_orphan_files -> 52 rows in 1.40s
after: {'parquet': 2, 'manifest': 53, 'metadata.json': 4, 'manifest-list': 2} (122, 701022)
metadata_log entries: 4
rows still readable: 12080

2,274,756 bytes to 701,022. The 4 tracked metadata files survived, the 52 untracked ones went, and the table still reads. That closes the loop opened two sections ago. Turning on delete-after-commit stops the bleeding but does not clean the wound, and remove_orphan_files is the only thing in the toolkit that reaches those files.

[image: Expiry removed 150 data files but not one of the 153 metadata.json files, which were the bulk of the remaining 13.6 MB. Setting write.metadata.delete-after-commit.enabled with previous-versions-max of 3, then committing once, cut them to 56 — but the metadata log tracks only 4 of those, so the other 52 fell out of the capped log before the property was enabled and nothing tracks them. Only remove_orphan_files reaches them, and it deleted 52, taking the directory from 2,274,756 bytes to 701,022.]

Where this one is dangerous

Orphan removal is safe only if its directory listing can be compared correctly with the table’s references. A shared directory, a different path spelling or an unfinished write can break that assumption.

It compares a listing against the chain, so anything not in the chain loses. Two tables sharing a directory. A table whose files live somewhere the snapshot chain spells differently. A job writing into the location without committing. All three look identical to this procedure: files that nothing references.

The location argument is a loaded weapon. It lets you scope the scan to a subdirectory, which is genuinely useful on a large table. It also lets you point the procedure at a directory that is not the table’s, and it will not stop you.

Scheme and path spelling matter on object storage. A table whose metadata records s3://bucket/x while the listing returns s3a://bucket/x produces a total mismatch. Every real file then looks unreferenced. Iceberg has a prefix_mismatch_mode argument for exactly this, with ERROR as the safe setting. I did not exercise it. This lab runs on a local file:// warehouse where no mismatch is possible. I passed a location without a scheme and got a correct result, which proves nothing about the S3 case. Treat this paragraph as documentation, not as measurement, and set prefix_mismatch_mode => 'ERROR' on a first run against object storage.

The operational rule that follows: run it rarely, and run it with dry_run first. Keep older_than generously large, and never point it anywhere but the table’s own location.

[image: Every other maintenance procedure works from the snapshot chain, which is authoritative: a referenced file is live, and expiry can act on that safely. remove_orphan_files instead compares a directory listing against the chain, so the output of an uncommitted writer and a directory shared with another table both look like orphans, which is why the age guard and dry_run exist.]

rewrite_manifests: the one that moves no data

Chapter 11 measured two kinds of fragmentation. Compaction fixes one. This procedure fixes the other — and it is the cheapest useful thing in this chapter, because it never reads a data file.

A clean 150-commit table, no compaction yet:

BEFORE: data_files=150 manifests=51 manifest_bytes=387327 added=51 existing=99 deleted=0
        plan_files=150 plan_best=0.089s

387 kB of manifest describing 447 kB of data, spread across 51 files.

CALL ice.system.rewrite_manifests(table => 'ch13.manifests_demo')

-> {'rewritten_manifests_count': 51, 'added_manifests_count': 1} in 1.28s

AFTER : data_files=150 manifests=1 manifest_bytes=20263 added=0 existing=150 deleted=0
        plan_files=150 plan_best=0.015s
snapshot ops (last 2): ['append', 'replace']
rows: 12000

Fifty-one manifests into one. Manifest bytes fell from 387,327 to 20,263, a 19x reduction, and scan planning went from 89 ms to 15 ms.

The byte figures are deterministic. Rewrite the manifests on this table again and you get the same sizes. The timings are single measurements on a small table, so treat the direction as the finding and the ratio as an illustration. Planning gets faster because there is less metadata to open. How much faster depends on your table, not on this one.

The column that makes the point is data_files. It reads 150 before and 150 after. Not one byte of data was rewritten. The table’s physical layout is exactly as fragmented as it was; only the index over it was rebuilt. If you have a table with acceptable file sizes and slow planning, this is the procedure, and it costs almost nothing to run.

The second use is subtler, and it is the direct sequel to chapter 12. Compact that same table and look at what compaction leaves in the metadata:

rewrite_data_files -> {'rewritten_data_files_count': 150, 'added_data_files_count': 1, ...}
AFTER compaction: data_files=1 manifests=2 manifest_bytes=25950 added=1 existing=0 deleted=150
                  plan_files=1 plan_best=0.008s

+------+---+---+---+
|length|  a|  e|  d|
+------+---+---+---+
| 18521|  0|  0|150|
|  7429|  1|  0|  0|
+------+---+---+---+

Two manifests. One is 7,429 bytes and holds the single new data file. The other is 18,521 bytes and holds 150 entries, all of them marked deleted. Compaction did not discard the record of the files it replaced. It wrote a manifest saying “these 150 are gone”. That record is what lets an incremental reader work out what changed between two snapshots.

It is useful — and it is also two-thirds of your metadata describing files that no longer exist. One more call:

rewrite_manifests again -> {'rewritten_manifests_count': 2, 'added_manifests_count': 1}
AFTER manifest rewrite: data_files=1 manifests=1 manifest_bytes=7431 existing=1 deleted=0
                        plan_files=1 plan_best=0.003s

25,950 bytes to 7,431, and planning from 8 ms to 3 — a difference small enough that only the byte figures are worth quoting. The order that falls out of this is compact, then expire, then rewrite manifests. The manifest rewrite goes last, because it is the one that cleans up after the other two.

Delete files, and a metadata table that is not what it looks like

Measuring rewrite_position_delete_files requires separating data files from delete files. The familiar .files table includes both, so its total alone cannot tell you whether delete-file maintenance helped.

.files is the union of data files and delete files. It is not the data-file list, despite the name — and despite every earlier chapter in this book using it as if it were. On a table with no deletes the two are the same, which is why it has been safe so far. On a merge-on-read table it is not:

ch13.mor2 files by content: [Row(content=0, n=91), Row(content=1, n=24)]
    data_files 91
    delete_files 24
    position_deletes 95

content=0 is data, content=1 is position deletes. Three separate metadata tables say so directly: .data_files, .delete_files, and .position_deletes. The last of those lists the individual deleted row positions rather than the files holding them. Use those. There is also .all_delete_files, which spans every snapshot rather than the current one. It will cheerfully report 97 delete files on a table that currently has 24.

Now the procedure. A merge-on-read bookshop table partitioned by day, 12,000 rows, then four DELETE statements each touching rows scattered across the whole history:

after load            data_files=91 delete_files=0                rows=12000 scan_best=0.469s disk=(190, 340054)
after 4 MoR deletes   data_files=91 delete_files=25 delete_rows=96 rows=11904 scan_best=0.481s disk=(412, 608188)

CALL ice.system.rewrite_position_delete_files(table => 'ch13.mor2')

-> {'rewritten_delete_files_count': 0, 'added_delete_files_count': 0,
    'rewritten_bytes_count': 0, 'added_bytes_count': 0}

Zero — and with min-input-files lowered to 2, still zero.

There was nothing to do, and working out why is more useful than the procedure would have been. Twenty-five delete files across the partitions that the deletes touched works out at one per partition, and one file per group is below any grouping threshold. When Spark applies a merge-on-read delete to a partition that already has a delete file, it rewrites that partition’s delete file rather than adding another. On an unpartitioned table I ran thirty separate DELETE statements and ended with exactly one delete file holding 900 positions.

So: I could not construct a case, using Spark SQL alone, where rewrite_position_delete_files had any work to do. The condition it exists for is many small delete files in the same partition. That is what streaming writers produce when each checkpoint emits its own deletes. This lab has no Flink or Kafka Connect, so that case is described here and not run — the honest state, flagged where the claim is made. Chapter 17 is where streaming ingestion lives, and it carries the same flag.

The trap: compaction does not remove your deletes

The remaining question is whether data-file compaction removes the read-time work of applying deletes. Here is ordinary compaction against that table, rewriting every data file:

CALL ice.system.rewrite_data_files(
  table => 'ch13.mor2',
  options => map('rewrite-all','true'))

-> {'rewritten_data_files_count': 91, 'added_data_files_count': 91,
    'rewritten_bytes_count': 316119, 'removed_delete_files_count': 0}
after: data_files=91 delete_files=24 delete_rows=95 rows=11904

Every data file was rewritten, and 24 delete files survived. The rows they mark are still logically deleted, still applied on every read, still costing you the merge at scan time. Compaction did not resolve them.

This is deliberate. By default use-starting-sequence-number is on, which means rewritten files inherit the sequence number of the files they replace. That is what makes compaction safe to run concurrently with writers. A delete file committed after the files being compacted still applies correctly to the rewritten output, because that output is dated as of the original. The cost is that the older delete files also still apply, so they cannot be dropped.

Turn it off and the deletes are resolved into the data:

CALL ice.system.rewrite_data_files(
  table => 'ch13.mor2',
  options => map('rewrite-all','true','use-starting-sequence-number','false'))

before   data_files=91 delete_files=24 deleted_rows=95  rows=11904
-> {'rewritten_data_files_count': 91, 'added_data_files_count': 91,
    'rewritten_bytes_count': 315570, 'removed_delete_files_count': 0}
after    data_files=91 delete_files=0  deleted_rows=None rows=11904

Twenty-four delete files to zero, and the row count held at 11,904. The deleted rows are now genuinely absent from the data files rather than masked by a side table.

Two footnotes on that output. removed_delete_files_count reported 0 in both runs, including the one that removed all 24. The counter is not telling you the truth about delete files, so check .delete_files yourself. And the flag is only safe when nothing else is committing deletes to the table while it runs — which is exactly the concurrency guarantee it is trading away. Schedule it in a quiet window.

[image: Four merge-on-read deletes left the table at 91 data files, 25 delete files and 96 deleted positions. Compacting with rewrite-all rewrote every one of the 91 data files and 24 delete files survived, still applied on every read. Adding use-starting-sequence-number set to false took the delete files to zero with the row count held at 11,904. In both runs the removed_delete_files_count counter reported zero, including the run that removed all 24.]

The order, and why it is this order

Each maintenance step leaves work for the next. Data rewrites create obsolete files; expiry reclaims them; a manifest rewrite then tidies the metadata.

1. Compact. Fix data-file layout first. It is the operation that produces the most garbage, so running it first means one expiry cleans up after everything.

2. Expire snapshots. This is the only step that reclaims data-file storage, and it is the step people forget. Without it, compaction is a storage leak with good intentions.

3. Rewrite manifests. Last of the three, because compaction and expiry both change what the manifests should contain. Doing it first means doing it twice.

4. Remove orphan files — on a much slower schedule. Weekly or monthly, never in the same job as the rest, with dry_run first and a generous older_than. It is the only step that can lose data. Unlike the others, it is not fixing a problem the previous steps created.

[image: The maintenance sequence runs compact, then expire snapshots, then rewrite manifests, with orphan removal on a much slower separate schedule. Compaction fixes data-file layout and reclaims nothing; expire_snapshots is the only step that frees data-file storage, dropping old snapshots and every file only they referenced; rewrite_manifests rebuilds the index and reads no data file; remove_orphan_files works from a directory listing rather than the snapshot chain and is the only one of the four that can destroy data.]

The ordering also has to account for files that are still referenced and queries that are still running.

Expiry before orphan removal, not after. Expiry deletes files as it un-references them. Referenced files become deleted files directly, without ever passing through the orphan state. Running orphan removal first just means scanning a directory full of files that expiry is about to delete properly.

Nothing here is safe with an aggressive older_than while writers are live. Expiry with older_than => now will remove a snapshot that a long-running query is still reading. That query then fails on a missing file. The five-day default exists because somebody’s query is always still running.

A schedule that works:

-- nightly, scoped to what changed
CALL ice.system.rewrite_data_files(table => 'bookshop.orders',
     where => "order_ts >= TIMESTAMP'<yesterday, midnight UTC>'");
CALL ice.system.expire_snapshots(table => 'bookshop.orders',
     older_than => TIMESTAMP '<now minus 7 days>', retain_last => 10);
CALL ice.system.rewrite_manifests(table => 'bookshop.orders');

-- weekly, separately, watched
CALL ice.system.remove_orphan_files(table => 'bookshop.orders', dry_run => true);

Pick the expiry window from how far back anyone needs to time travel, not from how much storage you want back. That number is a data-retention decision — and it belongs to whoever answers the audit questions.

One last thing the expiry window quietly controls: branches and tags survive it. A tagged snapshot has its own retention. MAX_REF_AGE_MS_DEFAULT in the runtime is 9223372036854775807, which is to say forever. If you need one specific state kept past the expiry horizon, tag it rather than lengthening the window for everything. (I read that default out of the jar rather than testing tag retention against a real expiry; chapter 16 is where branches and tags are exercised properly.)

Final thoughts

Iceberg has no garbage collector. It has four procedures with narrow, non-overlapping jobs. Their defaults are tuned so that a careless call is a no-op rather than a disaster. And it has no opinion whatsoever about when you should run them.

That is the right design, and it produces a specific failure mode in the field. Tables get compacted diligently and never expired. The storage bill grows, and nobody connects it to the maintenance job that is supposed to prevent exactly that. The diagnostic is one query. Compare sum(file_size_in_bytes) from .data_files against what the table’s directory actually occupies. On the wreck in this chapter that ratio was 91,627 bytes against 13.6 MB. Every one of those megabytes had a procedure that could have removed it.

Three chapters have now assumed the table was already Iceberg. The next one is about the tables that are not — the directory of Parquet that chapter 1 broke on purpose. The question there is what it costs to adopt one without rewriting a byte.





Adopting Files You Did Not Write

The directory of Parquet files that broke four ways in chapter 1 is still the migration problem: how do you give existing files a table’s guarantees? The intervening chapters started with new Iceberg tables.

[image: add_files, snapshot, and migrate register existing files without rewriting them; the central risk is two systems temporarily believing they own the same bytes.]

Almost nobody is. The realistic situation is a bucket with several terabytes in it, laid out dt=2026-04-01/part-00000.parquet and registered in a Hive metastore or in Glue. Four teams read it, and a job nobody wants to touch writes it. Somebody has decided it should be Iceberg. The obvious plan is to read it all and write it all back out as an Iceberg table. That plan is correct, slow and expensive, and on a large enough table it is a project rather than a task.

Iceberg offers three procedures that avoid the rewrite entirely, by importing the file references rather than the files. They differ in what happens to the source, and choosing between them is almost the whole decision:






























	Procedure	What you end up with	The source afterwards	Data rewritten
	add_files	files added to an Iceberg table you already made	untouched, still its own table	none
	snapshot	a new Iceberg table shadowing the source	untouched, still writable, now independent	none
	migrate	the source table replaced in place by an Iceberg table	renamed to <name>_BACKUP_	none


All three are cheap because none of them reads your data. They also leave two systems claiming the same files — a problem when one starts reclaiming storage. The bookshop runs below show both the import and what subsequent maintenance does to the source.

Same lab as chapters 11 to 13: Iceberg 1.11.0, PySpark 4.1.3, iceberg-spark-runtime-4.1_2.13:1.11.0, the REST catalog, Java 21.

Before anything else: should you?

A rewrite may be the work your table needs. Adoption saves that work by preserving the files as they are, including any layout problems that sent you looking for a migration.

Adoption imports your existing layout, exactly as it is. File sizes, sort order, partition scheme, compression, all of it. Say you are moving to Iceberg because the table is a mess of small files. Adopting it gives you an Iceberg table that is a mess of small files, plus a maintenance job. You have changed who tracks the files, not how they are arranged.

You get identity partitioning, not hidden partitioning. This one undercuts one of Iceberg’s headline features. A Hive-style directory laid out dt=2026-04-01/ has a column called dt, and an adopted table partitions by the identity of that column. It does not partition by days(order_ts), because there is no transform recorded anywhere in a directory name. So you keep the Hive bargain from chapter 8. Your queries must filter on dt by name, in the shape the layout expects, and filtering on the real timestamp prunes nothing. Chapter 9’s partition evolution can move you to a transform later, but only new data lands under the new spec.

The physical files stay wherever they are. For add_files and snapshot, the data does not move into your warehouse. Your Iceberg table points across a directory boundary at somebody else’s files, forever, or until you compact.

The clean decision rule: adopt when the layout is already the layout you want, and rewrite when it is not. Adoption is a fast way to get transactional guarantees, schema evolution and time travel over a dataset that is otherwise fine. It is not a way to fix a dataset that is not.

The dataset

A legacy bookshop orders extract, written by Spark the way a Hive-era pipeline would have written it: partitioned directories, one Parquet file each, no metadata layer at all.

spark.table("ice.ch14.src").write.partitionBy("dt").parquet(f"file://{LEG}/orders_parquet")

legacy parquet: 30 data files, 62 files total, 1717835 bytes, 30 dt directories

120,000 orders over thirty days. This is the chapter-1 table, at chapter-1 scale, with all four of chapter 1’s problems intact.

add_files

add_files imports file references into an Iceberg table that already exists. So you create the table first, with a schema and partition spec matching what is on disk.

CREATE TABLE ice.ch14.adopted
  (order_id BIGINT, customer_id INT, book_id INT, status STRING, amount DOUBLE, dt STRING)
  USING iceberg PARTITIONED BY (dt);

CALL ice.system.add_files(
  table        => 'ch14.adopted',
  source_table => '`parquet`.`file:///.../legacy/orders_parquet`');

The backtick-quoted `parquet`.`path` form points at a bare directory rather than a catalog table. It also accepts a real table identifier, which is what you use against Hive or Glue.

add_files -> {'added_files_count': 30, 'changed_partition_count': None} in 3.70s
iceberg rows: 120000
iceberg data files: 30 bytes 1704259
iceberg table dir: (10, 18255)
legacy dir now  : (62, 1717835)
partitions: Row(n=30, f=30)

120,000 rows are queryable as an Iceberg table. Every guarantee this book has spent thirteen chapters on now applies to them.

The Iceberg table’s own directory holds ten files and 18,255 bytes. That is the entire cost: one metadata.json, a manifest list, a manifest, and their checksums. The legacy directory is byte-for-byte what it was, 62 files and 1,717,835 bytes, because nothing was copied. Ask the table where its data lives and it tells you plainly:

file:/Users/sathyasankar/workspace/iceberg-verify/legacy/orders_parquet/dt=2026-04-01/
     part-00000-e5b7ed42-24f9-4354-a076-714054f64348.c000.snappy.parquet

That path is outside the warehouse. The catalog knows about a table whose files are somewhere else entirely — and it does not mind at all.

[image: add_files registered 30 Parquet files holding 120,000 rows in 3.70 seconds; the Iceberg table directory holds 10 files and 18,255 bytes while the legacy directory stays at 62 files and 1,717,835 bytes, with the table pointing at file paths outside the warehouse.]

(One cosmetic note: changed_partition_count came back None rather than 30. The counter is not populated on this path in 1.11.0. added_files_count is the one to assert on.)

The comparison I expected to be lopsided, and was not

The pitch for add_files is that it is nearly free while a rewrite is expensive. So here is the rewrite, on the same data, in the same session:

CREATE TABLE ice.ch14.rewritten USING iceberg PARTITIONED BY (dt) AS
SELECT order_id, customer_id, book_id, status, amount, dt FROM ice.ch14.src

CTAS rewrite -> 2.42s, files 30, bytes 764472, dir (66, 786029)
add_files was 0.7x faster

The full rewrite was faster. 2.42 seconds against 3.70, and it produced a table less than half the size: 764,472 bytes against 1,704,259.

[image: The same 30 files, adopted and rewritten. add_files took 3.70 seconds and left 1.70 MB of live data in the source's existing compression and layout, while the CTAS rewrite took 2.42 seconds and produced 0.764 MB in a new Iceberg-owned layout.]

I am reporting that rather than burying it, because it is the honest result and because the reason generalises even though the number does not. At 1.7 MB across 30 files, neither operation is I/O-bound. Both are dominated by fixed costs: Spark job setup, catalog round trips, footer reads. And add_files has to open every source file’s footer anyway, to record its schema, bounds and row count into a manifest. It does not read the data, but it does not read nothing either. Meanwhile the rewrite got to re-encode the whole dataset in one pass. It compressed 2.2 times better than the original layout, because it wrote larger, better-packed files.

The crossover is real — and it is a scale effect. Reading 30 Parquet footers is a fixed cost that barely grows with row count; re-encoding a terabyte is not. At terabyte scale add_files is minutes and the rewrite is hours, and that is the case the procedure exists for. I did not measure that case, and I am not going to quote a multiplier for it. What this lab does establish is the shape of the trade. Adoption pays a small fixed cost per file; rewriting pays a large cost per byte. So the answer flips somewhere, and on a small table it has already flipped the other way.

The 2.2x compression difference is the more useful finding at this scale, and it points back at the earlier warning. Adoption preserves your layout including its inefficiency. If your legacy files are badly packed, adopting them is instant. You then pay for the bad packing on every query until you compact. And at that point you have done the rewrite anyway, just later and as a separate job.

Adding the same files twice

The obvious way to corrupt a table this way is to run the import twice. Iceberg checks:

second add_files -> IllegalStateException: Cannot complete import because data files to be
imported already exist within the target table:
file:/.../legacy/orders_parquet/dt=2026-04-21/part-00000-e5b7ed42-...

The refusal names the offending file, so you can identify the repeated import before it changes the row count.

There is a flag to turn that off, and it does exactly what it says:

with check_duplicate_files=false -> {'added_files_count': 30, ...} rows now 240000

Every row in the table is now duplicated, silently, with no error. The same 30 files are referenced twice by the same snapshot, and every aggregate over that table is wrong by a factor of two.

[image: A second add_files run is refused with an IllegalStateException naming the offending file, but with check_duplicate_files set to false the same 30 files are added again and the table goes from 120,000 rows to 240,000 with no error.]

check_duplicate_files exists because the check is a scan of the target’s manifests, and that is not free on a large table. It is a real cost, and there are cases for skipping it. It is also the single easiest way to double a table in this book. If you turn it off, do it in a job that cannot run twice.

Importing one partition at a time

A terabyte-scale import is better done in pieces, and partition_filter scopes it:

CALL ice.system.add_files(
  table            => 'ch14.adopted2',
  source_table     => '`parquet`.`file:///.../legacy/orders_parquet`',
  partition_filter => map('dt','2026-04-03'))

partition_filter add_files -> {'added_files_count': 1, ...} rows 4000

One file, 4,000 rows, one partition. This is how you do a real migration. Import day by day, and verify counts against the source as you go. Keep each commit small enough that a failure costs you one partition rather than the whole import.

The teeth: Iceberg will delete your source data

The shared-files problem appears when maintenance runs after adoption.

After add_files, the Iceberg table considers those Parquet files to be its files. Not references it borrowed. Its files, which it is responsible for, and which its garbage collector is entitled to remove once nothing references them any more.

So: adopt a copy of the legacy directory, delete one day through the Iceberg table, and run the maintenance from chapter 13.

shared: files under dt=2026-04-05 before: 2

DELETE FROM ice.ch14.shared WHERE dt = '2026-04-05'
after DELETE, files still on disk: 2

CALL ice.system.expire_snapshots(table => 'ch14.shared',
     older_than => TIMESTAMP '2099-01-01 00:00:00', retain_last => 1)
-> {'deleted_data_files_count': 1, 'deleted_manifest_files_count': 1,
    'deleted_manifest_lists_count': 1, ...}

after expire, source dir exists: True files: 0
other days intact: 30

The original Parquet file is gone from the legacy directory.

[image: After add_files, a DELETE of one day leaves both source files on disk, but expire_snapshots reports one deleted data file and the legacy directory for that day drops from two files to zero while the other 30 days stay intact.]

Nothing malfunctioned. The DELETE created a snapshot that no longer references that file. Expiry found a file that no retained snapshot needs, and deleted it. That is precisely the behaviour chapter 13 spent three thousand words establishing as correct. It just happens to be operating on data that another system still thinks is a live Hive partition.

That successful cleanup leaves the migration with three operational risks:


	Any team still reading the legacy path is reading data that your Iceberg maintenance job can remove.

	remove_orphan_files inherits the same reach. Files under the imported location that the table does not reference are, by its definition, orphans.

	The window between adopting a table and switching all readers to it is a window in which running your normal maintenance can destroy the fallback.



So the practical sequence is: adopt, do not run expiry or orphan removal, cut readers and writers over, verify, then compact. Compaction moves the data into your warehouse, and only then do you turn maintenance on. The alternative is to import into a copy of the source data and accept the storage cost until the cutover is finished. The one thing you cannot do is leave the legacy path in service as a safety net while the Iceberg table is under normal management.

snapshot: the same thing, safely

Which is exactly what the snapshot procedure is for. It creates a new Iceberg table over the source’s existing files. The two then diverge — the moment either one is written to, they are separate tables.

CALL ice.system.snapshot('spark_catalog.ch14.legacy_a', 'ice.ch14.snap_orders')

snapshot -> {'imported_files_count': 30} in 3.43s
snap rows: 120000
snap table dir: (6, 14991)
a file_path: file:/.../legacy/legacy_a/dt=2026-04-01/part-00000-9cdbac0e-....snappy.parquet
source still readable as parquet: 120000

Same trick as add_files: a 15 kB table over somebody else’s megabytes. The difference is what happens next. Insert into the Iceberg table, and the new row does not go anywhere near the legacy directory:

after INSERT: snap rows 120001 | source rows 120000
new file path: ['file:/.../wh/ch14/snap_orders/data/dt=2026-09-09/
                 00000-452-7b350454-4219-4e7c-a3c6-e2907a2916a7-0-00001.parquet']

New writes land in the warehouse. The original 30 files are still read in place from the legacy path. The table is a hybrid — and that is the intended shape.

Writes to the source do not reach the snapshot either. Here the import is repeated on a second pair of tables, so the row counts stay distinguishable. Then three rows go to the Iceberg side and two to the Hive side:

start:        source 120000 | snap 120000
+3 to snap:   source 120000 | snap 120003
+2 to source: source 120002 | snap 120003
snap dir: (14, 32355) | source dir: (66, 1607061)

Fully independent in both directions, from the moment of import.

This is the procedure to reach for when you want to test a migration. Point your queries at the snapshot table, compare results, run your dashboards against it, try compaction on it. The real table keeps running untouched throughout — nobody downstream sees anything. When you are satisfied, throw it away and do the real migration, or promote it.

Two cautions carry over. It still shares the original files, so expiry on the snapshot table can still delete data the source depends on. The mechanism is identical to the section above — only the intent differs. And it is a snapshot: source rows written after the import will never appear in it. That property is what makes it safe, and also what makes it stale.

migrate: replacement in place

migrate is the one that commits. It converts the source table itself, at the same location, and preserves the original as a backup table pointing at the same files.

CALL spark_catalog.system.migrate('ch14.legacy_c')

before: rows 120000 provider ['parquet'] dir (62, 1604484)
migrate -> {'migrated_files_count': 30} in 3.09s
after:  rows 120000 provider ['iceberg'] dir (68, 1619462)
BACKUP_ rows: 120000 provider ['parquet']
partitions: Row(n=30, f=30)
spec: [Row(partition=Row(dt='2026-04-20')), Row(partition=Row(dt='2026-04-22'))]

Three seconds, and the table that was Parquet is Iceberg. Same name, same location, same 120,000 rows, and every query written against it keeps working. The directory grew by six files and 15 kB: the metadata tree, written alongside the data that was already there.

legacy_c_BACKUP_ is the original table definition, still parquet, still holding 120,000 rows. That is your rollback. It is a rollback of the table registration rather than of the data, because it points at the same files the Iceberg table now claims. Which means the hazard from three sections ago applies to it too. (I verified the hazard on an add_files table, not on a migrate backup. The file-sharing mechanism is the same, but I did not separately run expiry against a migrated table to watch the backup break.)

Note the partition spec: Row(dt='2026-04-20'). Identity partitioning on the string column, exactly as warned at the top of the chapter. Not days().

Now write to the migrated table:

after INSERT rows: 120001
new file: file:/.../wh/ch14/legacy_c/data/dt=2026-12-25/00000-448-b62680d8-...-00001.parquet
BACKUP_ rows after: 120000

The new row landed under data/dt=2026-12-25/, a data/ subdirectory that did not exist before. It sits alongside the thirty original dt= directories at the top level. The table’s storage is now a mixture of the Hive layout and Iceberg’s. That is harmless, since nothing lists directories any more, but it will confuse the next person who looks at the bucket. And the backup table stayed at 120,000, because it is a Hive table that finds its data by listing dt= directories and does not know data/ exists.

When migrate fails

I ran migrate against a table whose location the catalog server could not write to, and the failure is worth showing because of how it ended.

migrate -> CommitStateUnknownException: Service failed: 500: Failed to create file:
file:/.../legacy/legacy_e/metadata/00000-5b584fcc-....metadata.json

and in the log:

ERROR MigrateTableSparkAction: Failed to perform the migration, aborting table creation
and restoring the original table

Afterwards:

source survived? rows 120000 provider ['parquet']

The source table was restored, intact, still Parquet, still 120,000 rows. That is a genuinely good property. The alternative failure mode is “your production table is now neither one thing nor the other”.

The specific cause is a quirk of this lab, and it should not read as an Iceberg limitation. migrate writes the new Iceberg metadata into the source table’s own location. In this setup the REST catalog fixture runs in a container that only has the warehouse directory bind-mounted. The legacy path exists on the host and not in the container, so the server could not create the file. Put the source under the mounted warehouse and the same command succeeds in three seconds, as the previous section shows.

The transferable lesson is the general one: migration writes metadata next to your data, so whatever component creates the table must have write access to the source location. On S3 that is an IAM question, and it is worth answering before the migration window rather than during it.

A caveat about this lab’s catalogs

The snapshot and migrate procedures need the source table registered in Spark’s session catalog. This limits what the lab proves, because its session catalog is in-memory:

catalogImplementation: in-memory

so tables do not survive a restart of the Spark session. The procedures behaved correctly, the file handling is real, and the row counts are real. But a production migration reads its source from a Hive metastore or AWS Glue, and I did not stand one of those up. Metastore-specific behaviour is not tested here. That means: how table properties and SerDe settings carry across, what happens to a table with a non-default input format, and how Glue’s own table versioning interacts with the rename to _BACKUP_. Treat the mechanics as verified and the metastore integration as unverified.

Choosing

Is the existing layout the layout you want?
├── no  → rewrite. CTAS, or add_files then compact. You are paying for the rewrite either way.
└── yes → do you need to keep the source working?
          ├── yes, permanently  → add_files into a new table. Never run expiry until cutover.
          ├── yes, for testing  → snapshot. Independent, disposable, safe.
          └── no                → migrate. In place, with a _BACKUP_ table for rollback.

[image: add_files adopted 30 files in 3.70 seconds into a 10-file table and left the source untouched; snapshot imported the same 30 in 3.43 seconds into a 6-file shadow table with the source still writable; migrate converted the source itself in 3.09 seconds, growing its directory from 62 to 68 files and leaving a parquet backup table of 120,000 rows.]

And the operational rules that apply to all three:

Import in partition-sized pieces with partition_filter, verifying counts as you go.

Leave check_duplicate_files on unless you have a specific reason and an idempotent job.

Do not schedule maintenance against an adopted table until the cutover is complete. Expiry can remove source data that a legacy reader still needs, with no error from the maintenance job.

Compact after cutover. It moves data into your warehouse, ends the file sharing, and gives you back the compression that adoption preserved the loss of. After that the table is an ordinary Iceberg table, and chapters 11 to 13 apply unmodified.

Final thoughts

Adoption is the cheapest genuinely useful thing in this book. Thirty seconds of procedure call, and a directory that had no atomicity, no schema authority, no history and no concurrency control has all four. No data movement, no downtime.

The bill arrives later, and it arrives in an unexpected currency. You do not pay in compute. You pay in the fact that two systems now believe they own the same bytes, and one of them has a garbage collector. Every hazard in this chapter is a variation on that one sentence, and every mitigation is a version of “finish the cutover before you turn maintenance on”.

That completes the operating arc. The table can be built, wrecked, measured, compacted, expired and adopted. All of it happened through one engine — and the entire argument for a table format is that it does not have to. The next arc puts other engines on the same table.





Everybody Gets the Same Number

Chapter 1 ended with a single line of output that was doing a lot of work:

[image: PyIceberg, Polars, DuckDB, and Spark share one schema, catalog, and file set; data is portable even when client behavior and type details differ.]

duckdb over the iceberg table: [(300, 3000.0)]

Three hundred rows, out of an engine that had no part in writing any of them. No export, no load, no copy. That was the promise the format exists to make, and I deferred collecting on it properly for fourteen chapters.

The fuller test uses one bookshop table and one catalog with four engines: PyIceberg, Polars, DuckDB and Spark. Each reads and writes the table; all end up agreeing on the same eleven rows.

They also disagree, in three specific ways, and the disagreements are the more useful half of the chapter. Interoperability is not a boolean. It is a set of behaviours that overlap, and knowing exactly where the overlap ends is the difference between a lakehouse and a support ticket.

Everything below was run against Iceberg 1.11.0, Spark 4.1.3, PyIceberg 0.11.1, DuckDB 1.5.5 and Polars 1.44.1, on Python 3.13 and Java 21. The catalog is the apache/iceberg-rest-fixture:1.10.1 REST catalog that chapter 5 stood up. One engine is missing from that list, and I will say plainly at the end which one and why.

What engine neutrality actually buys you

“Iceberg works with everything” leaves out the conditions that determine whether a client can use your table. The useful claim is narrower:


An engine that implements the Iceberg spec at the version your table is written in, and that can reach your catalog, can read and write your table with no coordination with whatever wrote it.



Every clause there is load-bearing, and each one is a failure mode. The version clause is chapter 18. The catalog clause is why chapters 4 and 5 came first. Without a shared catalog you do not have one table that four engines see; you have four engines guessing at a directory. The last clause is the payoff: no schema registration, no export job, no nightly sync, no “the Spark team owns that table.”

What that buys, concretely, is the ability to stop moving data between systems to use different tools on it. The bookshop’s orders live in one place. Spark does the heavy nightly merge, because it is the engine that can. A Python service reads the same table with PyIceberg to answer a support query, without a JVM anywhere in its container. An analyst points DuckDB at it from a laptop. None of these is a copy — which is the whole point, because a copy is a thing that drifts.

Be equally clear about when this is not worth having. If exactly one engine ever touches your data, engine neutrality is a cost with no benefit. You are paying for a metadata layer and a catalog to solve a problem you do not have. The same goes for tables small enough that “export a Parquet file” is a five-second operation nobody minds repeating. Multi-engine access earns its keep when the alternative is a pipeline whose entire job is copying rows between systems — and where the copy is the thing that breaks at 3am.

Three ways an engine reaches an Iceberg table

The four engines reach the table by different routes. That determines whose Iceberg capabilities — and limits — each one inherits.

A native implementation. The engine has its own code for parsing table metadata, planning a scan, and writing manifests. Spark has one, through the iceberg-spark-runtime jar. DuckDB has one, in its iceberg extension. Trino, Flink, Snowflake and BigQuery each have one. A native implementation can be ahead of or behind the reference libraries on any given feature, which is exactly why chapter 18 exists.

A library, wrapped. The engine does not implement Iceberg at all. It calls PyIceberg, gets Arrow back, and works on that. This is what Polars does. It is also what a great deal of Python code does without noticing. The consequence: Polars inherits PyIceberg’s capabilities exactly, including its limits.

A handoff. Nothing implements Iceberg on the engine’s side. Something else reads the table, produces Arrow, and the engine consumes the Arrow. This is what chapter 1 did when it pointed DuckDB at a PyIceberg scan. It always works, at the cost of materialising the result somewhere first. So it does not scale to tables that do not fit in memory.

Keep the middle one in mind. “Polars reads Iceberg” is true, and what it means is “PyIceberg reads Iceberg and hands Polars the rows.”

[image: Three ways an engine reaches an Iceberg table. A native implementation parses the metadata, plans the scan and writes manifests itself. A library-wrapped engine such as Polars calls PyIceberg and inherits its exact limits. An Arrow handoff has another tool read the table first, which always works at the cost of materialising the result.]










































		Reaches the table by	Needs a JVM	In this chapter
	Spark 4.1.3	native (iceberg-spark-runtime)	yes	reads and writes
	DuckDB 1.5.5	native (iceberg extension)	no	reads and writes
	PyIceberg 0.11.1	it is the library	no	reads and writes
	Polars 1.44.1	wraps PyIceberg	no	reads and writes
	Trino	native	yes	not run (last section)


The table

Spark creates it, because in this book Spark is the writer that can do everything. Chapter 10 is where that stopped being optional. The bookshop’s orders, partitioned by day. The columns are a narrower set than chapter 3’s eight, and amount is a decimal rather than a double on purpose. The point of this chapter is whether four engines agree on types, and a decimal is where they most often do not:

CREATE TABLE ice.ch15.orders (
    order_id BIGINT, customer STRING, book STRING, status STRING,
    amount DECIMAL(8,2), ordered_at TIMESTAMP)
  USING iceberg
  PARTITIONED BY (days(ordered_at));

Two inserts, six rows then two more. Here is the snapshot chain afterwards, with the summary abbreviated:

operation  added-data-files  added-records  added-files-size  total-records
append     3                 6              5755              6
append     1                 2              1799              8

And the files:

partition      record_count
{2026-07-01}   3
{2026-07-02}   2
{2026-07-03}   2
{2026-07-03}   1

Eight rows, four data files, three days of partitions from two statements. If the partition assignment looks slightly wrong to you, hold that thought. It is wrong in an interesting way, and it is the last technical section of this chapter.

PyIceberg: the microscope

PyIceberg has been in this book since chapter 2, and its role has quietly changed. It is no longer the engine. It is the instrument you reach for when you want to know what just happened to a table, because it starts in a hundred milliseconds and needs no JVM.

from pyiceberg.catalog.rest import RestCatalog
cat = RestCatalog("ice", uri="http://localhost:8181", warehouse="warehouse")
t = cat.load_table("ch15.orders")

format-version : 2
schema         : ['order_id', 'customer', 'book', 'status', 'amount', 'ordered_at']
current snapshot: 4724950649707989917
rows           : 8
shipped only   : 4
projection     : ['order_id', 'amount']
sum(amount)    : 377.59

The shipped only and projection lines are what a scan is actually for. t.scan(row_filter="status = 'shipped'") pushes the predicate down to file pruning and then into Parquet row groups. selected_fields=("order_id","amount") reads two columns off disk instead of six. Neither is Python looping over rows. The work happens in Arrow and in the Parquet reader.

What comes out the other end is Arrow, and PyIceberg will hand that Arrow to whatever you like:

scan outputs: ['to_arrow', 'to_arrow_batch_reader', 'to_duckdb', 'to_pandas', 'to_polars', 'to_ray']

Six exits, and exactly one of them is Iceberg-specific. This is the handoff pattern from the previous section, packaged. t.scan().to_duckdb("orders") returns a live DuckDB connection with the scan already registered as a table:

to_duckdb(): [(10,)]

That is a legitimate way to use DuckDB against Iceberg and it was the only way for a long time. It is no longer the best way, which we get to shortly.

The one to notice in that list is to_arrow_batch_reader, which streams batches instead of materialising the whole scan. Everything else builds the full result in memory first. On a table of any size, the difference between to_arrow and to_arrow_batch_reader is the difference between a working script and a dead kernel. The microscope is a microscope — not a cluster, and not a substitute for one.

Polars: PyIceberg wearing a dataframe

Polars reads Iceberg through pl.scan_iceberg, which takes the PyIceberg table object directly:

import polars as pl
lf = pl.scan_iceberg(t)
df = (lf.filter(pl.col("status") == "shipped")
        .group_by("customer").agg(pl.col("amount").sum().alias("total"))
        .sort("customer").collect())

shape: (4, 2)
┌──────────┬───────────────┐
│ customer ┆ total         │
│ ---      ┆ ---           │
│ str      ┆ decimal[38,2] │
╞══════════╪═══════════════╡
│ ada      ┆ 42.00         │
│ alan     ┆ 38.25         │
│ edsger   ┆ 31.00         │
│ grace    ┆ 42.00         │
└──────────┴───────────────┘

It is a LazyFrame, so the filter and the projection are known before anything is read, and Polars pushes both into the PyIceberg scan. The developer experience is excellent. Remember the mechanism underneath it: there is no Polars implementation of the Iceberg spec. Everything Polars can do with an Iceberg table, PyIceberg can do — because PyIceberg is the thing doing it.

Notice the decimal width in that output. Polars widened decimal(8,2) to decimal[38,2] on the way in. Harmless for a sum, and not harmless at all later in this chapter.

DuckDB: attached to the catalog, not to the files

The DuckDB book in this catalog got as far as pointing DuckDB at an Iceberg table directory, and recorded two findings worth reading before you try this. iceberg_scan on a PyIceberg-written directory fails outright. And COPY … TO … (FORMAT iceberg, append true) silently replaces the table rather than appending to it, because DuckDB accepts unknown COPY options without complaint. A hundred rows in, fifty rows out, exit zero. That book also left an open item: ATTACH … (TYPE ICEBERG) against a REST catalog stopped at an error demanding an OAuth secret.

That open item has a one-clause answer, and the error message contains it. The missing key is AUTHORIZATION_TYPE:

INSTALL iceberg; LOAD iceberg;
ATTACH 'warehouse' AS ice (TYPE ICEBERG,
                           ENDPOINT 'http://localhost:8181',
                           AUTHORIZATION_TYPE 'none');

With that one clause, DuckDB stops being a file reader and becomes a catalog client. The difference is total:

┌──────────┬───────┬───────────────┐
│  status  │   n   │     total     │
│ varchar  │ int64 │ decimal(38,2) │
├──────────┼───────┼───────────────┤
│ placed   │     3 │        199.35 │
│ returned │     1 │         24.99 │
│ shipped  │     4 │        153.25 │
└──────────┴───────┴───────────────┘

Eight rows, and the three group totals sum to PyIceberg’s 377.59 exactly. It reads the snapshot chain too:

[(2, 4724950649707989917, '.../snap-4724950649707989917-1-3357bee5-....avro'),
 (1, 5689416249657599062, '.../snap-5689416249657599062-1-accc83c9-....avro')]

Sequence numbers, snapshot ids and manifest list paths, from iceberg_snapshots('ice.ch15.orders'). This is not a Parquet reader that has been taught to glob a directory. It is an Iceberg client that happens to be 40 megabytes and start instantly.

AUTHORIZATION_TYPE 'none' is right for a local fixture and wrong for anything with users. Polaris, Lakekeeper and Glue all want real credentials, and chapter 5 covered what those look like. The extension speaks the REST protocol; the auth mode is a parameter, not a limitation.

Spark

Nothing surprising here, which is itself the point. Spark reads the table it wrote:

spark     : 8 | shipped: 4

And prunes on the hidden partition without being told the partition column exists:

SELECT count(*) FROM ice.ch15.orders WHERE ordered_at >= TIMESTAMP '2026-07-04 00:00:00';

2

That query names a timestamp, not a day bucket, and chapter 8 is the reason it still prunes. It bears restating here for one reason. Every engine in this chapter gets that behaviour from the table’s own metadata — not from anything the query author knew, and not from a convention the four of them agreed on.

Four writers, not four readers

The usual framing gives Spark the writes and everyone else the reads. On these versions, all four engines can commit to this table. I ran each against it in turn, adding orders 9, 10 and 11 after Spark’s initial load.

PyIceberg appends order 9:

t.append(pa.Table.from_pylist([{...}], schema=t.schema().as_arrow()))

rows after pyiceberg append: 9

DuckDB inserts order 10, through the catalog:

INSERT INTO ice.ch15.orders VALUES
  (10,'lynn','Programming Pearls','shipped',34.50, TIMESTAMP '2026-07-04 15:45:00');

duckdb rows: [(10,)]

That is a real commit. It grows the table rather than replacing it, and it produces a genuine snapshot in the chain. Which inverts the DuckDB book’s directory-COPY finding completely. Pointed at a directory, DuckDB’s Iceberg write is a bulk export wearing an append’s clothes. Pointed at a catalog, DuckDB is a transactional Iceberg writer.

Polars writes order 11, and gets refused:

df.write_iceberg(t, mode="append")

ValueError | Mismatch in fields:
┏━━━━┳━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━┳━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━┓
┃    ┃ Table field                        ┃ Dataframe field                    ┃
┡━━━━╇━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━╇━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━━┩
│ ✅ │ 1: order_id: optional long         │ 1: order_id: optional long         │
│ ✅ │ 2: customer: optional string       │ 2: customer: optional string       │
│ ✅ │ 3: book: optional string           │ 3: book: optional string           │
│ ✅ │ 4: status: optional string         │ 4: status: optional string         │
│ ❌ │ 5: amount: optional decimal(8, 2)  │ 5: amount: optional decimal(38, 2) │
│ ❌ │ 6: ordered_at: optional            │ 6: ordered_at: optional timestamp  │
│    │ timestamptz                        │                                    │
└────┴────────────────────────────────────┴────────────────────────────────────┘

That refusal is the format working. A default Polars dataframe carries decimal(38,2) and a naive timestamp; the table wants decimal(8,2) and a timestamptz. Neither side is being unusual. Nothing about the write was unreasonable, and it was rejected anyway — with a field-by-field diff, field ids attached, and a tick or a cross against every column.

Put that next to chapter 1. There, a directory of Parquet accepted a renamed column without a word, and left one logical column split across two physical ones for somebody to find weeks later. The schema is the table’s, the writer answers to it, and the error arrives at write time rather than at query time.

Declare the types and it goes through:

schema={"amount": pl.Decimal(8,2), "ordered_at": pl.Datetime("us", time_zone="UTC"), ...}

polars append -> rows now 11

[image: PyIceberg rejects the Polars append with a field-by-field diff: four columns match, while amount arrives as decimal 38,2 against the table’s decimal 8,2 and ordered_at arrives as a naive timestamp against the table’s timestamptz; declaring the types explicitly lets the same append through to 11 rows.]

PyIceberg made the commit on Polars’ behalf. That is also why the rejected write came back as a PyIceberg schema comparison: the wrapper inherits the library’s validation as well as its write path.

And all four agree on the result:

pyiceberg : 11 | shipped: 5
polars    : 11 | shipped: 5
duckdb    : 11 | shipped: 5
spark     : 11 | shipped: 5

Four engines, three separate implementations of the spec, five commits, one answer. That is the thesis of the format in six lines of output.

[image: PyIceberg, Polars, DuckDB and Spark all read the same catalog table and each report 11 rows and 5 shipped orders, across three independent implementations of the Iceberg spec and five separate commits.]

Who wrote what, and why the table half-remembers

Every snapshot carries a summary map, a plain string-to-string dictionary, and engines put whatever they like in it. Ask the table who wrote each commit:

seq=1 append    added=6   engine=spark
seq=2 append    added=2   engine=spark
seq=3 append    added=1   engine=(not recorded)
seq=4 append    added=1   engine=(not recorded)
seq=5 append    added=1   engine=(not recorded)

Spark records its provenance in detail. Here is a full Spark summary:

{'spark.app.id': 'local-1787902561956', 'manifests-created': '1', 'manifests-kept': '1',
 'manifests-replaced': '0', 'added-data-files': '1', 'added-records': '2',
 'added-files-size': '1799', 'changed-partition-count': '1', 'total-records': '8',
 'total-files-size': '7554', 'total-data-files': '4', 'total-delete-files': '0',
 'total-position-deletes': '0', 'total-equality-deletes': '0',
 'engine-version': '4.1.3', 'app-id': 'local-1787902561956', 'engine-name': 'spark',
 'iceberg-version': 'Apache Iceberg 1.11.0 (commit 6976e020b894f6a6777704df2b8c4458cb291ae9)',
 'app-name': 'ch15_setup'}

Engine name, engine version, the exact Iceberg build down to its commit hash, and the Spark application id. If a bad row shows up in this table, that is enough to find the job that wrote it. More than most warehouses can say.

PyIceberg records the file and record counters and nothing else:

{'added-files-size': '2499', 'added-data-files': '1', 'added-records': '1',
 'changed-partition-count': '1', 'total-data-files': '5', 'total-delete-files': '0',
 'total-records': '9', 'total-files-size': '10053', 'total-position-deletes': '0',
 'total-equality-deletes': '0'}

DuckDB records less still — and a slightly different set:

{'total-position-deletes': '0', 'total-delete-files': '0', 'total-records': '10',
 'total-data-files': '6', 'added-data-files': '1', 'deleted-data-files': '0',
 'deleted-records': '0', 'added-records': '1'}

No added-files-size, no changed-partition-count, but it does volunteer deleted-data-files: 0.

[image: Spark records engine name, engine version, the Iceberg build and its application id in every snapshot summary, while PyIceberg records only file and record counters and DuckDB records a different subset again, omitting added-files-size and total-files-size, so three of the five commits report no engine at all.]

The lesson is not that DuckDB and PyIceberg are sloppy. It is that snapshot summary keys are advisory, not a schema. Only a small set is required, and provenance is not in it. So do not build an audit story on engine-name being present. And do not write a dashboard that groups commits by writer unless you have checked every writer you have. In a multi-engine table you will get nulls, and they will come from the engine you were least expecting.

There is a corollary for capacity planning. total-files-size is optional too, and DuckDB omitted it. Any monitoring that reads table size out of the latest snapshot summary will show a hole exactly when a non-Spark engine made the most recent commit. Read it from the files metadata table instead, which is derived from the manifests and cannot be left out.

Where they actually disagree

Three engines gave the same eleven rows. Now look at what they each wrote into one column.

ordered_at is an Iceberg timestamptz, which stores an instant. Ask PyIceberg to print the raw stored values:

arrow type: timestamp[us, tz=UTC]
    1 2026-07-01 16:14:00+00:00     <- Spark wrote '2026-07-01 09:14:00'
    6 2026-07-03 02:51:00+00:00     <- Spark wrote '2026-07-02 19:51:00'
    9 2026-07-04 10:15:00+00:00     <- PyIceberg wrote datetime(2026,7,4,10,15)
   10 2026-07-04 22:45:00+00:00     <- DuckDB wrote '2026-07-04 15:45:00'

Spark and DuckDB both applied the session timezone, which on this machine is PDT, seven hours behind UTC. 09:14 local became 16:14 UTC; 15:45 local became 22:45 UTC. That is correct behaviour for a timestamp-with-timezone column, and both engines did the same thing.

PyIceberg did not. A naive Python datetime(2026, 7, 4, 10, 15) went in as 10:15 UTC — no conversion, because there was nothing to convert from.

So the same wall-clock string, written through three clients on one machine, lands as three different instants. And nobody here is wrong. timestamptz means “an instant”, and a naive datetime is not an instant. PyIceberg resolves the ambiguity by assuming UTC; the SQL engines resolve it by assuming the session. This is the most likely correctness bug in a multi-engine table, and it is completely silent: no warning, no error, and every engine reads back exactly what was stored.

[image: Spark and DuckDB apply the PDT session timezone so 09:14 and 15:45 local are stored as 16:14 and 22:45 UTC, while a naive Python datetime goes into PyIceberg as 10:15 UTC unchanged; the partition transform then runs on the stored instant, so an order written at 19:51 on 2 July lands in the 2026-07-03 partition.]

Now look at what it did to the physical layout. Order 6 was written as 2026-07-02 19:51:00 and lives in partition 2026-07-03:

partition      record_count
{2026-07-01}   3
{2026-07-02}   2
{2026-07-03}   2
{2026-07-03}   1

The partition transform runs on the stored instant, which is UTC. So an evening order on the 2nd is a 3rd-of-July order as far as the table’s layout is concerned. This is not a bug either, and hidden partitioning did not invent it: it is what a UTC-stored timestamp has always done. But this is the moment it becomes visible. In chapter 8 the partition value stopped being a column somebody wrote and became a value the table derives.

Three rules fall out, and all three are cheap:


	Write timezone-aware datetimes from Python. datetime(..., tzinfo=timezone.utc) costs nothing and removes the ambiguity permanently.

	Decide once whether your table’s day boundaries are UTC days. If the bookshop reports on Pacific days, partitioning a timestamptz on days() puts every Pacific evening into the next day’s partition, forever. Your daily counts will be quietly wrong at the edges.

	Reach for timestamp rather than timestamptz when the value genuinely has no timezone, such as a local business date. Then every engine stores what you gave it and none of them convert.



[image: Four engines agreed on the rows, the schema field ids, the snapshot chain and the numeric result, and diverged on what a snapshot summary records, how wide a decimal is, what a naive datetime means, and which partition an order lands in at a timezone edge.]

The engine that is not in this chapter

Trino was not run. Anything I could tell you about Trino’s Iceberg connector would be documentation I read rather than behaviour I observed. So this chapter does not tell you any of it.

The reason is boring and specific, and worth showing rather than asserting. This lab’s Docker VM has 2 CPUs and 4.10 GB of memory, and it was already holding the REST catalog plus an unrelated Kubernetes lab:

icerest                 163.3MiB / 3.823GiB
k8s-lab-control-plane   1.149GiB / 3.823GiB
k8s-lab-worker          398.2MiB / 3.823GiB
k8s-lab-worker2         1.056GiB / 3.823GiB
cadence-db               64MiB   / 3.823GiB

Roughly a gigabyte free, against a coordinator that wants a multi-gigabyte heap before it will agree to start. I could have torn down the other containers to make room, and chose not to. The honest version of this chapter is worth more than a fifth engine. The four here were all genuinely executed, and Trino is named as a gap rather than described from a manual.

One thing I will say, because it is structural rather than behavioural: where Trino sits in the taxonomy at the top of this chapter. It is a native implementation, in the same category as Spark and DuckDB. It is what people reach for when they want ANSI SQL over a warehouse without running Spark. Its capabilities on any given Iceberg feature are its own — not Spark’s, and not DuckDB’s. Chapter 18’s version-skew material applies to it exactly as it applies to everything here. Which is the practical point: if you are choosing engines, test yours. Do not inherit the results in this chapter, and do not inherit anyone else’s.

What this chapter did not test

Beyond Trino, four gaps, all deliberate:


	Object storage. Every engine here reached a file:// warehouse. Credential vending, S3 path styles and the failure modes of a signed URL that expires mid-scan are all real, and none of them appears above.

	Concurrent writers across engines. Each write happened after the previous one finished. Two engines committing at the same instant is chapter 4’s compare-and-swap. I did not stage a cross-engine race.

	Scale. Eleven rows. Nothing here measures how these four engines differ on a table where scan planning costs real time, and they differ a great deal.

	Views. The REST catalog advertises view endpoints, and no engine here created one.



Final thoughts

The interoperability promise turns out to be real, and slightly narrower than advertised, in a way that is easy to state.

The data is portable. The behaviour is not. Four independent implementations agreed on eleven rows and five shipped orders. That is the hard part, and the part that used to require an export job and a scheduler. They then disagreed about what to record in a snapshot summary, how wide a decimal is, and what a datetime without a timezone means. None of those disagreements corrupted anything. All of them would have stayed invisible until something downstream produced a number that looked entirely plausible.

So the practical shape of a multi-engine table is four things. One schema that everything answers to. One catalog that everything points at. Explicit types at every write boundary. And a test that reads the table with every client you actually use. That last one takes an afternoon, and it is the only way you find out which of your engines is the one that will surprise you.

Agreement across engines answers the read-and-write question. Publishing a whole batch only after checking it requires a different set of operations: MERGE INTO, branches and tags, and the staged writes in the next chapter.





Nobody Sees It Until You Say So

A nightly batch can be wrong without failing: a cancelled order survives, a quantity goes negative, or half the expected rows never arrive. Spark gives the bookshop a way to make compound changes and check a batch before readers see it.

[image: MERGE makes compound changes atomic; a branch stages multiple commits for validation, and fast-forward publishes the audited state with one pointer swap.]

Spark arrived in chapter 10 for an operation PyIceberg genuinely could not perform. Its broader write path supports three increasingly useful ways to control what a pipeline publishes:


	MERGE INTO — apply a batch of inserts, updates and deletes to a table in one statement and one snapshot.

	Branches and tags — named pointers into the snapshot chain that cost nothing to create and nothing to keep.

	Write-audit-publish — load an entire batch, check it, and only then let anyone see it. This is the one that changes how you think about a nightly job.



The incremental scan promised in chapter 6 also belongs beside these writes: what it returns depends on whether the table was appended to or updated.

And there are two defaults in this chapter that will hurt you. One silently replaces your whole table when you meant to replace one partition. The other silently publishes a batch you thought you were staging. Both are shown running.

Everything here was executed against Iceberg 1.11.0, Spark 4.1.3 and the apache/iceberg-rest-fixture:1.10.1 REST catalog, on Java 21.

Why Spark, and when not

Those capabilities have a cost. Spark brings a JVM, a jar coordinate with three version numbers baked into it, a driver that wants gigabytes, and a startup cost measured in seconds rather than milliseconds. Every iteration of “did that work?” now costs you a cluster boot. Chapter 18 is largely about the ways those three version numbers fail to line up.

What you get for that is the most complete Iceberg implementation in existence. The reference implementation is Java, and the Spark runtime exposes essentially all of it. The row-level operations, the maintenance procedures, the branch and tag DDL, and the stored procedures that do compaction and expiry. As of Iceberg 1.11.0 the Spark runtime ships 20 stored procedures, which I confirmed by listing the *Procedure classes in the jar rather than reading a page:

add_files              ancestors_of            cherrypick_snapshot
compute_partition_stats compute_table_stats    create_changelog_view
expire_snapshots       fast_forward            migrate
publish_changes        register_table          remove_orphan_files
rewrite_data_files     rewrite_manifests       rewrite_position_delete_files
rewrite_table_path     rollback_to_snapshot    rollback_to_timestamp
set_current_snapshot   snapshot

If your table is small, appended to by one job, and never updated in place, you do not need any of that. PyIceberg appends, overwrites and expires snapshots, and chapters 2 through 9 got a long way on nothing else. Bring Spark in for one of three reasons: row-level updates on a table too large to rewrite, compaction and the rest of the maintenance quartet, or the publish workflow at the end of this chapter. Not because a diagram somewhere has an elephant on it.

The pattern I would recommend, and the one this book uses, is to keep both. Spark writes; PyIceberg inspects. A JVM boot between every check wrecks the iteration loop. And almost every question you have after a write is a metadata question that PyIceberg answers instantly.

MERGE INTO

Here is the shape of the problem every warehouse has. A batch of order updates arrives. Some are status changes to orders you already have. Some are cancellations that should remove the row. Some are orders you have never seen. Three different operations, interleaved in one file, with nothing marking which is which.

The bookshop’s table, four orders, all placed:

order_id customer status
1        ada      placed
2        grace    placed
3        alan     placed
4        kay      placed

And the incoming batch: order 2 shipped, order 3 cancelled, orders 5 and 6 brand new.

MERGE INTO ice.ch16.orders t
USING ice.ch16.order_updates s
ON t.order_id = s.order_id
WHEN MATCHED AND s.status = 'cancelled' THEN DELETE
WHEN MATCHED THEN UPDATE SET t.status = s.status, t.updated_at = s.updated_at
WHEN NOT MATCHED THEN INSERT *;

order_id customer status  updated_at
1        ada      placed  2026-07-01 09:00:00
2        grace    shipped 2026-07-02 11:00:00
4        kay      placed  2026-07-01 09:00:00
5        hedy     placed  2026-07-02 11:10:00
6        lynn     placed  2026-07-02 11:12:00

Order 2 updated, order 3 gone, orders 5 and 6 inserted, order 1 and 4 untouched. The clauses are evaluated in order, which is why the cancelled case has to come before the general WHEN MATCHED. The first matching clause wins, so a bare WHEN MATCHED placed first would swallow everything behind it, cancellations included.

Now the part that matters more than the syntax. Look at what the table recorded:

operation  added  deleted  added-files  deleted-files  total
append     4      NULL     2            NULL           4
overwrite  5      4        1            2              5

[image: A MERGE INTO applying one update, one delete and two inserts produced a single overwrite snapshot reporting 5 records added and 4 deleted, with one data file added and two removed, leaving the table at 1 file and 5 records.]

One snapshot. Not three, and not one per clause. An update, a delete and two inserts landed as a single atomic change. There is no instant at which a reader sees order 2 shipped but order 5 missing. And no instant at which the day’s revenue is short by two orders because a dashboard refreshed between statements.

That is the whole reason MERGE INTO exists as a statement rather than as three statements wrapped in a transaction. Nor can you assemble it out of PyIceberg’s append and overwrite. Those are two commits, and two commits are two moments at which the table is visible in an intermediate state.

The arithmetic of copy-on-write

The second summary row counts physical records rewritten, which is why its totals differ from the logical changes in the batch.

Three rows were affected: one updated, one deleted, two inserted. The snapshot says five records added and four deleted, and one data file added while two were deleted.

That is copy-on-write, and the numbers are the mechanism showing through. The four original rows lived in two data files. Iceberg cannot edit a Parquet file in place, because Parquet is immutable and so is every file in the table. Changing one row inside a file means rewriting the whole file. Both files contained an affected row, so both were rewritten. The three surviving rows plus the two new ones went into one new file, and the two old files were dropped from the table’s list.

files: 1 | records: 5

The consequence scales badly in one specific direction. The cost of a copy-on-write update is not proportional to the rows you changed. It is proportional to the size of the files those rows live in. Updating one row in a table of ten 512 MB files, where that row happens to sit in each file, rewrites 5 GB. Chapter 10 laid out this arithmetic in the abstract. This is the first time you can read it off a real statement’s own snapshot summary.

Note also what the table properties say:

write.merge.mode  = Table ice.ch16.orders does not have property: write.merge.mode

There is no property at all. Copy-on-write is what you get when nobody chose, on a v2 table written by Spark 4.1.3 against Iceberg 1.11.0. Worth knowing, because a great deal of writing on this subject describes merge-on-read as though it were the normal case.

Ask any freshly created Spark table what properties it holds, and the answer is four lines. One of them is a default nobody chose either.

current-snapshot-id              5236086033490015033
format                           iceberg/parquet
format-version                   2
write.parquet.compression-codec  zstd

That is the entire configuration of a Spark-created Iceberg table. Everything else in the long list of write.* properties you will find in the documentation is unset. And unset means the engine’s built-in default rather than a value written into the table. Which is a small but real portability question: two engines can disagree about a default, and the table does not record which one applied.

The same merge, merge-on-read

Create the same table with three properties set, and run the identical MERGE:

TBLPROPERTIES ('write.merge.mode'='merge-on-read',
               'write.update.mode'='merge-on-read',
               'write.delete.mode'='merge-on-read')

The result set is identical, five rows, same values. The disk is not:

operation  added  added-data-files  added-position-delete-files  added-delete-files
append     4      2                 NULL                         NULL
overwrite  3      1                 2                            2

content  n  recs
0        3  7        <- data files
1        2  2        <- delete files

[image: Under copy-on-write the merge added 5 records and deleted 4, writing one data file and dropping two, ending at 1 file and 5 records; under merge-on-read the same merge added 3 records, one data file and two position delete files, leaving 3 data files holding 7 records against 2 delete files holding 2.]

Three added records instead of five, one new data file, and two position delete files. Nothing was rewritten. The two rows that had to disappear got an entry in a delete file saying “row 3 of that file is gone”. The three genuinely new rows went into one new data file.

Seven data records minus two deleted rows is five, which is what the query returns. The delete files themselves are Parquet:

content record_count file
1       1            00000-5-0b24cd2e-...-00001-deletes.parquet
1       1            00000-5-0b24cd2e-...-00002-deletes.parquet

That .parquet suffix is a format-version fact worth holding on to. This is a v2 table, so its position deletes are Parquet files. On a v3 table the same delete becomes a .puffin deletion vector. Chapter 20 is entirely about those, and chapter 18 shows them being read correctly by three different engines.

The trade is the one you would expect. Merge-on-read makes writes cheap and reads expensive, because every scan now has to apply the delete files on the fly. Copy-on-write makes writes expensive and reads free.

Pick by which one your table does more of — and then remember the condition attached. Merge-on-read only stays cheap if something is compacting those delete files, which is chapter 12’s job. A merge-on-read table with no maintenance gets measurably slower every single day. The slope is set by your write frequency rather than by your data volume.

The default that deletes your table

Now the first of the two dangerous defaults, and it is dangerous enough that I would put it on a wall. Reloading one day can erase the other days if Spark interprets the overwrite at table scope. Here is the starting table, with four rows across three days:

2026-07-01: 2 rows
2026-07-02: 1 row
2026-07-03: 1 row

The intent is ordinary: reload the 2nd of July because the numbers were wrong. So:

INSERT OVERWRITE ice.ch16.daily VALUES (5, DATE '2026-07-02', 99.00);

after: [('2026-07-02', 1)]

operation  added  deleted  total
append     4      NULL     4
overwrite  1      4        1

The table now has one row. The 1st and the 3rd of July are gone. deleted: 4 says exactly what happened, in the snapshot summary, after the fact. At the time there was no error, no warning and no prompt.

The reason is a Spark setting, not an Iceberg one:

partitionOverwriteMode default: STATIC

In STATIC mode, INSERT OVERWRITE with no explicit partition predicate means the whole table. It is the historical Hive behaviour and Spark keeps it as the default. Switch it:

spark.conf.set("spark.sql.sources.partitionOverwriteMode", "dynamic")

Same statement, same starting table:

after: [('2026-07-01', 2), ('2026-07-02', 1), ('2026-07-03', 1)]

operation  added  deleted  total
append     4      NULL     4
overwrite  1      1        4

Now deleted: 1, and only the partition the new row belongs to was replaced. Four rows in, four rows out.

[image: In the default STATIC mode, an INSERT OVERWRITE naming one day deleted all four rows and left the table with one, while the same statement in dynamic mode deleted one row and left the table at four; the snapshot summary records deleted 4 against deleted 1.]

Three practical conclusions. Set partitionOverwriteMode=dynamic in your Spark defaults, so that nobody has to remember it at 2am. Prefer MERGE INTO where you can, because it has no equivalent trap: it does exactly what its clauses say and nothing else. And note what saved us here. The previous snapshot is still in the table, so chapter 6’s rollback_to_snapshot puts everything back.

That last point deserves a moment. On a directory of Parquet this mistake is a restore-from-backup incident. On an Iceberg table it is a one-line correction that takes as long as a catalog commit. The files the overwrite “deleted” were only removed from a list.

For completeness, plain UPDATE and DELETE behave as you would hope:

operation  added  deleted  total
overwrite  2      2        4     <- UPDATE ... WHERE order_id = 1
delete     NULL   1        3     <- DELETE FROM ... WHERE order_id = 4

The UPDATE rewrote a file holding two rows to change one of them, which is copy-on-write again. The DELETE produced a snapshot whose operation is literally delete. The row it removed was the only row in its file, so the file could simply be dropped from the table rather than rewritten.

Reading only what changed

Spark can read a table incrementally, returning only the rows appended between two snapshots. The distinction between appended and changed matters after a MERGE or UPDATE.

spark.read.format("iceberg") \
     .option("start-snapshot-id", first) \
     .option("end-snapshot-id", last) \
     .load("ice.ch16.incr")

Here is a table with a mixed history: two appends, an UPDATE, and one more append.

4524181100769839422 append     added= 3
4726162924971313103 append     added= 2
5291338215548768972 overwrite  added= 3
7555762521216694138 append     added= 1
table rows: 6

Read incrementally from the first snapshot to the last:

incremental read, snapshot 1 -> snapshot 4: 3
  order_ids: [4, 5, 6]

Three rows, and both surprises in that output are worth naming.

start-snapshot-id is exclusive. Orders 1, 2 and 3 arrived in the start snapshot itself, and they are not in the result. The option means “everything after this”, not “everything from this”.

The overwrite snapshot contributed nothing. The UPDATE rewrote a file containing orders 1, 2 and 3, so its added-records is 3. But an incremental append scan reads only appended files, and rewritten copies of existing rows are not new rows. Emitting them would duplicate records downstream, so Spark drops them.

That second behaviour is correct, and it is also silent, and the combination is the trap. Build a change feed on an incremental read over a table that is merged into, and the merged updates never reach the consumer. Nothing anywhere reports a problem. Chapter 17 hits the same wall from the streaming side, where Spark takes the opposite approach and refuses to run at all rather than quietly skipping. Two different answers to one question, in one engine, and the batch one is the dangerous half.

The rule is the same either way: a table you read incrementally should be append-only. If it is also updated in place, incremental reads are not a change feed. They are a partial one.

Branches and tags

A snapshot is already a complete, immutable version of the table — that has been true since chapter 6. A tag is a name for one of them. A branch is a name that moves.

Neither copies anything. Creating either is a metadata write: one commit, whether the table holds five rows or five billion. That is what makes the workflow at the end of this chapter affordable in the first place.

ALTER TABLE ice.ch16.orders CREATE TAG july_close RETAIN 90 DAYS;
ALTER TABLE ice.ch16.orders CREATE BRANCH audit;

name        type    snapshot_id          max_reference_age_in_ms
main        BRANCH  7584038833222273539  NULL
audit       BRANCH  7584038833222273539  NULL
july_close  TAG     7584038833222273539  7776000000

Three names, one snapshot id. main is itself a branch, and always was — you have simply never had to look at it before. RETAIN 90 DAYS became 7,776,000,000 milliseconds. That is a real instruction to the expiry machinery from chapter 13: a snapshot that a tag still references will not be expired out from under it.

That last point is the practical reason tags exist. Time travel by snapshot id is fine right up until snapshot expiry runs. Then the eighteen-digit number somebody pasted into a runbook is a dangling reference to files that were deleted last Tuesday. A tag makes the version durable and gives it a name a human can actually use:

SELECT count(*) FROM ice.ch16.orders VERSION AS OF 'july_close';

Branches are for work in progress. Write to one with the branch_ suffix:

INSERT INTO ice.ch16.orders.branch_audit VALUES (7, ...), (8, ...);

main  : 5
audit : 7
tag july_close: 5

Two rows landed on audit and nowhere else. Anyone querying the table sees five rows and has no way to notice a branch exists. That is exactly the property we are about to build a workflow on.

Publishing is a pointer move:

CALL ice.system.fast_forward(table => 'ch16.orders', branch => 'main', to => 'audit');

{'branch_updated': 'main',
 'previous_ref': 7584038833222273539,
 'updated_ref': 382221884412235329}

main after fast-forward: 7
tag july_close still: 5

main jumped from one snapshot to the other in a single catalog commit. No data moved. The tag still points where it always did, so the pre-publish state remains addressable by name.

fast_forward is the right primitive, and it has the constraint its name implies. It only works when the target branch is a descendant of the branch being moved. If main has advanced since the branch was cut, the fast-forward is refused, exactly as git push --ff-only is refused. That refusal is a feature, not an inconvenience. It means your publish cannot silently discard commits that arrived while you were auditing — precisely the failure the staging-table-and-swap pattern has always had.

Write-audit-publish

A nightly load can finish successfully and still be wrong. Not crashed, which would be easy. Wrong — negative amounts, a null customer, a row count that is half of yesterday’s. Nothing in the job’s own output distinguishes that from a good night. By the time anyone notices, the table has been serving bad rows to dashboards for six hours. The fix is a rollback, plus a very awkward message to people who already acted on the numbers.

Write-audit-publish inverts the order. Write into a branch that nobody reads, audit the branch, and publish only if the audit passes. Here it is running end to end, on a table with write.wap.enabled set.

main before load: 3

Load 1, and the batch is bad:

spark.sql("ALTER TABLE ... CREATE BRANCH etl_20260704")
spark.conf.set("spark.wap.branch", "etl_20260704")
spark.sql("INSERT INTO ice.ch16.wapflow VALUES (4,'kay',-24.99),(5,'hedy',29.95)")
spark.conf.unset("spark.wap.branch")

Notice the INSERT statement. It does not mention the branch. That is the point of spark.wap.branch. The ETL code is unchanged, and where the write lands is a deployment setting rather than a code change. The same job runs against main in one environment and against a staging branch in another.

Audit:

audit on the branch  : [(4, -24.99)]
main during the audit: 3
branch during audit  : 5

The bad row is on the branch. Main is still at three rows and has never seen it. So:

ALTER TABLE ice.ch16.wapflow DROP BRANCH etl_20260704;

after discarding, main: 3 | refs: ['main']

The bad load is gone. Not rolled back and not compensated. It was never published, so there is nothing to undo. No dashboard rendered it, no downstream job consumed it, and the incident that would have followed simply did not happen. The branch and its data files are orphaned metadata now, which chapter 13’s cleanup will collect.

Load 2, with the batch fixed:

audit on the branch  : 0 failing rows
main before publish  : 3
fast_forward -> {'branch_updated': 'main',
                 'previous_ref': 7381607318104169566,
                 'updated_ref': 3818942292679211720}
main after publish   : 5

Five rows, published in one pointer move, after a check that ran against the real data in its real location.

[image: A bad nightly load wrote five rows onto a branch while main stayed at three; the audit found the negative amount, DROP BRANCH discarded it leaving main at three rows and only the main ref, and a corrected load with zero failing rows was published by fast_forward to take main to five.]

That last clause is what makes this better than the staging-table version of the same idea. The audit did not run against a temporary table that might differ from the real one in some detail. It ran against these exact files, through this exact schema, in this exact table. And at a snapshot that then became the table. There is no gap between what you validated and what you published.

The two ways WAP goes wrong

Both were run, and both fail silently, which is the worst possible way to fail.

One: spark.wap.branch redirects reads as well as writes.

A clean experiment, on a table with two rows:

spark.conf.set("spark.wap.branch", "nightly")
spark.sql("INSERT INTO ... VALUES (3, 30.00)")

count() with spark.wap.branch still set : 3
count() with spark.wap.branch unset     : 2
count() of branch nightly               : 3

While the setting is on, SELECT count(*) on the plain table name returns the branch’s three rows. Unset it and the same query returns main’s two.

This is coherent behaviour. The session is scoped to the branch, so of course reads follow it. But it means a validation query that checks “main is unchanged” inside the same session is checking nothing at all. Your audit code has to unset spark.wap.branch before it looks at main, or address main explicitly with VERSION AS OF.

I got this wrong on the first pass of this chapter. The query returned a number that agreed with what I expected to see, and I only caught it because the number was suspiciously round. That is the whole hazard in one sentence: a redirected read does not look like an error, it looks like agreement.

Incidentally, the same experiment answers a question you might have: the branch did not exist beforehand, and the INSERT did not fail. Iceberg created nightly on the write. Convenient, and one fewer error to handle — at the price of a typo silently becoming a branch that your publish step will then never find.

Two: write.wap.enabled is the gate, and without it your staged write is a live write.

The same setup on a table that does not have the property:

INSERT -> OK (no gate)
main count: 3
refs: ['main']

No error. No branch. The three rows went straight into main. The spark.wap.branch setting was accepted and honoured by nothing. It produced a production write from a job whose entire purpose was to avoid one.

The spark.wap.id path fails the same way. With the property enabled, a write with spark.wap.id set is staged rather than published:

main count after staged write: 2

snapshot_id          operation  wap.id
3137741805341602400  append     NULL
4344080846427332844  append     batch-2026-07-04

The snapshot exists, tagged with its wap.id, and is not the current snapshot. You publish it by id:

CALL ice.system.cherrypick_snapshot(table => 'ch16.wapid',
                                    snapshot_id => 4344080846427332844);

{'source_snapshot_id': 4344080846427332844, 'current_snapshot_id': 4344080846427332844}
main count after cherrypick: 3

Without the property, the identical staged write went straight to main, count 3, no snapshot held back.

[image: With spark.wap.branch still set, a count on the plain table name returns the branch’s 3 rows instead of main’s 2, so an in-session audit of main checks nothing; and on a table without write.wap.enabled the same staged insert goes straight into main, leaving 3 rows and only the main ref with no error and no branch.]

So: write.wap.enabled=true on the table is not optional, and forgetting it is undetectable from the job’s own output. Assert on it. One line at the start of the job that reads the table property and fails loudly is the cheapest insurance in this chapter. The failure mode it prevents produces a green build, a happy log, and a published batch that nobody audited.

Choosing between the two WAP styles

The choice depends on whether the unit you want to audit is several writes or a single snapshot.

The branch style (spark.wap.branch plus fast_forward) gives the staged data a name. Multiple writes can accumulate on it before publishing, and you can query it with ordinary SQL through VERSION AS OF. It suits a nightly pipeline with several stages and an audit that inspects the whole result.

The id style (spark.wap.id plus cherrypick_snapshot) stages exactly one snapshot and identifies it by a token you chose. It suits a single-write job, and it fits well where an external orchestrator already has a run id to use as the token.

If you have no strong reason either way, use the branch style. The git-shaped mental model transfers, and the staged state is queryable by name rather than by an eighteen-digit id. And DROP BRANCH is a far clearer way to say “discard that load” than quietly declining to cherry-pick a snapshot id. That id then sits in the table forever.

What this chapter did not run


	A commit conflict between two concurrent Spark writers. Chapter 4 covered compare-and-swap, and chapter 1 showed PyIceberg’s CommitFailedException. I did not stage two Spark drivers racing on the same table here. So the retry behaviour of commit.retry.num-retries, and the difference between the serializable and snapshot isolation levels, is described in the Iceberg documentation and not measured in this book.

	fast_forward being refused. I ran the successful path only. The descendant constraint above is from the procedure’s contract, not from an observed rejection.

	Object storage. Everything here wrote to a local warehouse through the REST catalog.

	Merge-on-read at a scale where the read cost is visible. Two delete files on a five-row table proves the mechanism and measures nothing about the penalty.



Final thoughts

The same atomic commit supports all three workflows. MERGE INTO makes a compound change atomic. A branch makes a whole sequence of changes atomic, by deferring the moment anyone can see them. And fast_forward is the same compare-and-swap on a catalog pointer that chapter 4 built everything else on. There is no new mechanism in this chapter at all. It is the atomic pointer swap, applied at three different granularities.

That is why write-audit-publish is not a framework or a tool you install. It is three SQL statements and a config setting, available on any Iceberg table, on any engine that implements branches. It feels like a bigger idea than that for one reason: on a directory of Parquet it was not possible at any price. The workaround everyone built instead — a staging table, a swap, a rename, and a prayer — was neither atomic nor a check of the thing you actually published.

The next chapter takes the writing story somewhere Spark’s batch model does not reach. Writers that never stop, commit every few seconds, and leave a table with tens of thousands of files by morning.





The Firehose and the File Count

Streaming is where an Iceberg table stops being something you load and starts being something that is always moving. It is also the one chapter in this book where the lab could not reach the whole subject. So before anything else, here is exactly which parts of what follows were executed.

[image: Short streaming commit intervals give atomic visibility but rapidly multiply data and metadata files, making continuous compaction part of the design.]

What was run, and what was not

This chapter is not uniformly verified — and I would rather you knew that in the first paragraph than worked it out in the fourth.

Executed on this machine, against Iceberg 1.11.0, Spark 4.1.3 and the apache/iceberg-rest-fixture:1.10.1 REST catalog: a real streaming write from Spark Structured Streaming, the file and metadata counts it produced, and the compaction that fixed them. Also executed: a streaming read out of an Iceberg table, including the error it raises on a table that has ever been merged into.

Not executed, and marked as such at every claim: everything about Apache Flink and everything about the Kafka Connect Iceberg sink. This lab has neither. Standing up a Flink cluster next to the existing containers was not possible inside a Docker VM with 2 CPUs and about a gigabyte free. What you get on those two is architecture, mechanism, and the reasoning behind their design. There is no pasted output, because there is no output to paste.

Also not executed: an equality delete file. That is the mechanism streaming upserts are built on, and it is the single most important idea in this chapter. Spark SQL does not produce equality deletes, so I could not make one. What I could do is show three things: that the machinery for them is present in the Iceberg runtime, that every table already counts them, and that one specific operation you would want is missing. That section says exactly which parts are jar inspection rather than execution.

The reason for the separation is the standard this book holds itself to, and streaming is where that standard costs something. A chapter that is mostly architectural is fine. A chapter that looks executed and is not would be worse than no chapter at all. A reader cannot calibrate against a claim they were never told was untested.

What streaming into a table format even means

A stream may deliver rows continuously, but the table cannot expose each row as it arrives. A commit to an Iceberg table is an atomic swap of a metadata pointer, and swapping a pointer per row would be absurd. What a streaming writer actually does is micro-batch and commit: accumulate records for some interval, write them as data files, make one commit. The “stream” is a sequence of ordinary Iceberg commits arriving quickly.

[image: A streaming writer does not write rows continuously. Events arrive, a micro-batch collects them for two seconds, the batch is written as immutable Parquet, one commit makes an atomic snapshot, and the cycle repeats, so the freshness it buys is paid for in file count.]

Accumulating rows between commits determines the latency and storage costs:


	Your latency floor is your commit interval. Data is invisible until its commit lands. A two-second trigger means readers are at least two seconds behind, and no amount of tuning changes that. The alternative is a table with no atomic version, which is the thing chapter 1 spent itself arguing against.

	Your file count is your commit rate times your parallelism. Each commit writes at least one file per writing task — and that number does not depend on how much data actually arrived.

	Your metadata volume is your commit count. Every commit writes a new metadata.json, a new manifest list and at least one manifest, regardless of whether it carried a million rows or nothing.



Chapter 11 called this the small-files problem and chapter 12 fixed it. Streaming is where it stops being a scenario you can construct and becomes a property of your architecture. So the useful question is not “can Iceberg do streaming”. It obviously can; that is what a commit is. The question is what a table looks like after a day of it, and what has to be running to keep it usable.

The short Spark run below makes those costs visible before extrapolating them to a day.

Twenty-four seconds of traffic

This section was executed. Spark Structured Streaming has an Iceberg sink in the same runtime jar the rest of this book uses. No extra dependency, no separate service.

src = spark.readStream.format("rate").option("rowsPerSecond", 20).load()
q = (src.selectExpr("value AS order_id",
                    "concat('cust-', CAST(value % 7 AS STRING)) AS customer",
                    "timestamp AS ordered_at")
       .writeStream.format("iceberg").outputMode("append")
       .trigger(processingTime="2 seconds")
       .option("checkpointLocation", "/tmp/ck17")
       .toTable("ice.ch17.orders_stream"))

Twenty bookshop orders a second, committed every two seconds. I let it run for roughly twenty-four seconds and stopped it. This is a deliberately gentle load. Twenty rows per second is nothing, and a 2-second trigger is relaxed by streaming standards, which is exactly what makes the numbers below worth looking at.

rows      : 440
snapshots : 12
data files: 22

Every commit in the chain:

operation  added  added-data-files  added-files-size  total-records
append     NULL   NULL              NULL              0
append     40     2                 2478              40
append     40     2                 2488              80
append     40     2                 2467              120
append     40     2                 2468              160
append     40     2                 2467              200
append     40     2                 2467              240
append     40     2                 2491              280
append     40     2                 2474              320
append     40     2                 2474              360
append     40     2                 2494              400
append     40     2                 2474              440

Read the first row. The stream committed an empty snapshot before any data arrived: an append operation with zero records and no files. The stream’s first trigger fired before the rate source had produced anything, and Iceberg dutifully recorded the fact. It is harmless, and it is also a real snapshot in the chain. It occupies a metadata.json and a manifest list of its own, exactly like one that carried data.

Every subsequent batch is identical in shape: 40 records, 2 data files, about 2,470 bytes. Two files because the session runs local[2], so two tasks each wrote their share. Hold on to that relationship. Files per commit is a function of write parallelism, not of data volume. A cluster with 200 executors writing every two seconds produces 200 files every two seconds, whether the batch holds four hundred rows or four.

Here is what those files look like individually:

record_count  file_size_in_bytes
20            1233
20            1233
20            1233
...           ...
20            1247

Twenty-two files, every one of them twenty rows and roughly 1.2 kilobytes. At that size the word “file” is doing more work than the contents. Average 1,238 bytes. Total data on disk: 27,242 bytes.

[image: A rate source at 20 rows a second with a 2-second trigger produced 12 snapshots: one empty first commit with no files, then eleven identical batches of 40 records in 2 data files each, giving 440 rows across 22 files of 20 rows and about 1,238 bytes apiece, 27,242 bytes of data in total.]

The number that should worry you

Now count the metadata.

data     : 22 files,  27,242 bytes
metadata : 36 files, 243,879 bytes

The metadata is nine times the size of the data. Twenty-two Parquet files holding 440 rows, against thirty-six metadata files describing them. That is thirteen metadata.json documents and twenty-three Avro manifests and manifest lists.

[image: After the 24-second stream the table held 22 data files totalling 27,242 bytes against 36 metadata files totalling 243,879 bytes — thirteen metadata.json documents and twenty-three Avro manifests and manifest lists, nine times the size of the data they describe.]

Chapter 1 measured a version of this ratio on a three-hundred-row toy table and warned you not to over-read it. Metadata size tracks files and snapshots rather than rows. That warning still applies, and streaming is precisely the case where it stops being reassuring. A batch job that appends once an hour writes 24 commits a day. This stream, at its gentle two-second trigger, writes 43,200 commits a day.

That last figure is arithmetic and not a measurement — I ran the stream for 24 seconds, not for 24 hours. But the arithmetic is not complicated, and it is the whole reason chapter 12 is not optional on a table like this:


































	Per day, at a 2-second trigger and 2 writing tasks	
	Commits (and therefore snapshots)	43,200
	metadata.json files written	43,200
	Manifest lists written	43,200
	Data files written	86,400
	Rows	1,728,000
	Data bytes, at the measured 1,238 per file	~107 MB


A hundred megabytes of orders, in eighty-six thousand files, described by a hundred and thirty thousand metadata files. Every query against that table has to plan over the current manifest set before it reads a single row. And every one of those files is a separate object-store request, billed and latency-bearing. This is how a table that is technically correct becomes operationally unusable inside a week.

None of that is an Iceberg defect. It is what committing every two seconds means in any system. The format is at least honest enough to let you count it in advance rather than discover it.

Compaction, on the same table

This was executed. Chapter 12’s procedure, run against the streaming table exactly as it was left:

CALL ice.system.rewrite_data_files(table => 'ch17.orders_stream',
                                   options => map('min-input-files','2'));

{'rewritten_data_files_count': 22, 'added_data_files_count': 1,
 'rewritten_bytes_count': 27242, 'failed_data_files_count': 0,
 'removed_delete_files_count': 0}

data files after: 1
rows after      : 440
file sizes after: [(440, 3397)]

Twenty-two files became one, and the row count is unchanged — which is the only correctness claim that matters here.

The byte count is the interesting part. Those 22 files held 27,242 bytes of data; the single compacted file holds 3,397 bytes. The same 440 rows, in an eighth of the space. Nothing was dropped. That is Parquet’s per-file overhead, paid twenty-two times over. Footers, schema, column metadata and dictionary pages cost roughly the same whether a file holds twenty rows or two million. So a table of tiny files is mostly not data.

One thing not to misread. Immediately after compaction the directory has grown:

data on disk after compaction: 23 files, 30,639 bytes

The 22 old files are still on disk. They are no longer in the table and no query will read them. They remain because older snapshots still reference them. Reclaiming that space is expire_snapshots, from chapter 13, and it is a separate decision with its own retention trade-off. Compaction changes what the table points at; expiry deletes what nothing points at any more.

[image: Compaction rewrote 22 data files into 1 with no failures, taking 27,242 bytes of data down to 3,397 while the row count stayed at 440; immediately afterwards the directory held 23 files and 30,639 bytes, because the 22 superseded files remain until snapshot expiry removes them.]

For a streaming table both have to be scheduled, forever. They are a routine part of operating the pipeline, not something you reach for when a query gets slow. A streaming ingest without a maintenance job is not a finished design. It is a design with a deadline.

Flink

Nothing in this section was run. There is no Flink in this lab — no cluster, no job, no output. What follows is the architecture and the reasoning, kept deliberately to structural claims rather than API details. API details written from documentation are exactly what this book’s verification protocol exists to keep out.

Flink is the engine most Iceberg streaming deployments actually use, and the reason is a genuine architectural fit rather than fashion. Spark Structured Streaming is a micro-batch system that presents a streaming API. Flink is a true streaming dataflow engine with checkpointing built into its core. The two things line up neatly: a Flink checkpoint is a natural commit boundary. Flink already needs to periodically snapshot the state of the whole job for fault tolerance, and Iceberg already needs an atomic commit point. Wiring the second to the first gives exactly-once semantics almost for free. A checkpoint that succeeds commits its files. A checkpoint that fails re-runs, leaving its uncommitted files as orphans for chapter 13 to sweep up.

The structural consequences that follow are the ones worth carrying, and they hold regardless of API:


	Your commit interval is your checkpoint interval. Everything in the arithmetic above applies, with the checkpoint interval in place of the trigger. Flink does not have a different relationship to file count than Spark does — it has the same one, reached by a different route.

	A single Flink job commits from one coordinator, not from every parallel writer independently. Iceberg commits are compare-and-swap against a catalog, and N parallel writers racing on one table would spend their time losing to each other. The parallel tasks write files; one place commits them. Any streaming Iceberg writer, on any engine, has to do something of this shape.

	Flink is the writer that produces equality deletes, which is the next section and the reason it can do upserts that Spark SQL cannot.



I am not going to tell you what the Flink connector’s option names are, or which Flink and Iceberg versions pair with which, because I did not run it. Chapter 18 is about what happens to people who take version compatibility from a page instead of a build. Flink’s Iceberg support has moved in every recent release.

Equality deletes, and why streaming needs them

This is the most important mechanism in the chapter, and it is also the one I could not produce. Here is the honest split, stated before the explanation.

Established by execution: nothing. I did not create an equality delete file, because the only writers that emit them are streaming writers and this lab has none.

Established by inspecting the Iceberg 1.11.0 Spark runtime jar: the classes exist and are shipped.

Established by reading the spec: the definitions and the v2-versus-v3 behaviour.

Chapter 10 introduced position deletes: a delete file that says row 47 of file X is gone. That encoding is efficient, and it requires something a streaming writer simply does not have. To write “row 47 of file X”, you must first know that the row you are deleting is at position 47 of file X. Which means finding it, which means reading the table.

A streaming upsert cannot do that. An update for order 12345 arrives, and the writer has no idea which of eighty thousand files holds order 12345. Looking it up would turn a stream into a series of table scans. So Iceberg provides the other encoding — the one that names no file at all:


An equality delete marks rows deleted by value rather than by position. It says “any row where order_id = 12345 is deleted”, and it does not name a file at all.



That is writable without reading anything. A streaming upsert becomes three cheap steps: write an equality delete for the key, write the new version of the row, commit both. The reader is left to reconcile it.

And reconciling it is the cost. A position delete is a cheap bitmap intersection against one known file. An equality delete is a predicate that must be evaluated against every data file the delete could apply to. Sequence numbers bound that set: a delete only applies to data written before it. So a table with many equality deletes has readers doing anti-joins on every scan. And the penalty grows with the number of accumulated delete files rather than with the number of deleted rows, which is a much less forgiving quantity.

That read-time cost raises two questions: what v3 changes, and what maintenance the runtime actually exposes.

One: v3 did not remove equality deletes. This surprises people — and it matters for chapter 19. Deletion vectors replace the position delete encoding only. The spec is explicit that a row can be marked deleted by position, “encoded in a position delete file (V2) or deletion vector (V3 or above)”, or by value, “encoded in equality delete file”. There is no version qualifier on the second. Equality deletes are unchanged in v3, and streaming upsert remains the reason they exist.





















		v2	v3
	Position deletes	position delete file (Parquet)	deletion vector (Puffin)
	Equality deletes	equality delete file	equality delete file, unchanged


[image: Not run in this lab: no equality delete file was produced. A position delete names a row and a file, so writing one means finding the row first; an equality delete names only a value, so a streaming writer can emit it without reading the table, and the reader pays instead by evaluating it against every data file it could apply to. Version 3 replaces only the position encoding, with Puffin deletion vectors; equality delete files are unchanged.]

Two: the machinery is present, and one obvious operation is not. Listing the classes in iceberg-spark-runtime-4.1_2.13:1.11.0 shows the full writer stack for equality deletes:

org/apache/iceberg/deletes/EqualityDeleteWriter.class
org/apache/iceberg/io/ClusteredEqualityDeleteWriter.class
org/apache/iceberg/io/RollingEqualityDeleteWriter.class
org/apache/iceberg/DeleteFileIndex$EqualityDeletes.class
org/apache/iceberg/spark/source/EqualityDeleteRowReader.class

So a reader for them ships with Spark, along with metrics classes that count them (AddedEqualityDeletes, TotalEqualityDeletes). And every snapshot summary in this entire book has been carrying the counter already, quietly. Including the ones from a plain batch append:

'total-equality-deletes': '0'

That field is in every table because the format expects some writer, somewhere, to be producing them.

Now the gap. There is an action interface for converting equality deletes into position deletes, which is the maintenance operation you would obviously want on a table an upsert stream has been writing to:

org/apache/iceberg/actions/ConvertEqualityDeleteFiles.class
org/apache/iceberg/actions/ConvertEqualityDeleteStrategy.class

Both are in the jar. Neither has a Spark implementation behind it. The spark/actions/ package holds RewriteDataFilesSparkAction and RewritePositionDeleteFilesSparkAction, with no equivalent for equality deletes. The 20 stored procedures listed in chapter 16 include rewrite_position_delete_files and nothing that converts equality deletes.

That is a jar listing, not a test. I did not attempt the conversion and get an error — I looked for an implementation and did not find one. So take it as a strong hint, not as a statement about what Spark will do when you call it. Check your own engine’s capabilities before designing a maintenance plan around that step.

What is not in doubt is the read cost. If a streaming upsert is writing equality deletes into your table, compaction is not a housekeeping task. It is the thing that converts an unbounded read penalty back into a bounded one. Its schedule is a correctness-adjacent decision about query latency, not a disk-space one.

Kafka Connect

Nothing in this section was run either. The Iceberg project ships a Kafka Connect sink connector. It is the right answer for a specific and common shape of problem: topic in, table out, no transformation, no engine.

The reason it exists as its own connector rather than as “use Kafka’s generic sink” is worth understanding, because it is the same problem Flink solves with checkpoints. Kafka Connect distributes a sink across worker tasks, each consuming its own partitions. If every task committed to Iceberg independently, they would collide on the catalog’s compare-and-swap and most of them would lose. So the connector runs a coordinator. Workers write data files and report them; one coordinator collects those reports and makes a single Iceberg commit per interval. Consumer offsets are committed alongside, so a restart resumes at the right place and does not double-write.

[image: Not run in this lab: neither Flink nor the Kafka Connect sink was stood up, so this is architecture rather than observed behaviour. Flink makes the checkpoint its commit boundary, with workers writing files and a successful checkpoint publishing them, so job state and table state stay aligned. The Kafka Connect sink has tasks consume partitions and report the files they wrote, and a single coordinator makes the commit and moves consumer offsets alongside it.]

That structure gives the same three consequences as everything else in this chapter. Commit interval sets latency. Commit rate times task count sets file count. And the table needs the same maintenance as any other streaming target.

Kafka Connect is the low-operational-cost option when the work genuinely is “land this topic in this table”. It is the wrong tool the moment you want joins, windows or enrichment, because those are Flink’s job and the connector does not do them. Since I have not run it, treat the architecture above as the design intent. Then go and verify the specifics — connector version, Iceberg version, catalog configuration — against your own cluster.

Streaming out of a table

This section was executed, and it produced the sharpest result in the chapter.

An Iceberg table can be a streaming source, not just a sink. Spark reads the snapshot chain incrementally, treating each new snapshot as a new batch. That turns any Iceberg table into a change feed for free.

Against the append-only streaming table from earlier:

spark.readStream.format("iceberg").load("ice.ch17.orders_stream")

streaming read from the append-only table -> rows: 440

All 440 rows, streamed out of the table they were streamed into. Now try the same thing against the table chapter 16 ran MERGE INTO on:

java.lang.IllegalStateException: Cannot process overwrite snapshot: 7584038833222273539,
to ignore overwrites, set streaming-skip-overwrite-snapshots=true

The query terminated. Not degraded and not incomplete — terminated with an exception. And the table is completely healthy: every other engine in chapter 15 reads it without a murmur.

That is a real architectural limit rather than a rough edge. An incremental streaming read wants to emit new rows. A snapshot produced by MERGE INTO or by a copy-on-write UPDATE is an overwrite: it contains rewritten copies of rows that already existed. Emitting them would duplicate records downstream. Skipping them, which is what the suggested option does, means the downstream consumer silently never sees those updates.

Neither behaviour is correct, so Spark refuses to choose and stops instead. Put that next to chapter 16’s batch incremental read, where the identical situation produces the opposite policy. There, the overwrite snapshot is silently skipped and the query returns a partial answer with no error at all. Same engine, same table shape, two different decisions — and the loud one is the one you want. The error message offers you the second option, and you should read it as a warning rather than a fix: streaming-skip-overwrite-snapshots=true does not make the stream handle updates. It makes the stream ignore them.

[image: A streaming read of the append-only table returned all 440 rows, while the same read against a table that had been merged into terminated with an IllegalStateException about an overwrite snapshot; chapter 16’s batch incremental read meets the identical situation and silently skips the snapshot instead, returning a partial answer with no error.]

A downstream stream therefore constrains what writes its source table can accept:


A table that is a streaming source should be append-only. If it is also merged into, the stream is either broken or lying.



If you need both, split them: a raw append-only table that streams downstream, and a merged table built from it. That is a familiar shape, and the same reason a warehouse keeps its landing tables separate from its curated ones. Iceberg does not exempt you from it.

Putting it together

The measured costs connect five pipeline decisions:


	Pick the commit interval from the latency you need, and then accept its file count. These are the same number. Ten seconds instead of two is five times fewer files and eight more seconds of lag. No setting anywhere gives you both ends.

	Count your writing tasks. Files per commit is parallelism, and it is usually the larger of the two multipliers. Reducing writer parallelism is often a bigger win than lengthening the interval.

	Schedule compaction from day one, not from the first slow query. On a streaming table it is load-bearing infrastructure. Chapter 12 has the procedure and chapter 13 has the expiry that reclaims the space.

	Keep streaming sources append-only, per the previous section.

	If you are doing upserts, find out what your engine can do about the equality deletes it is accumulating before you are in production with them. The read cost grows with the delete files rather than with the deleted rows.



What this chapter did not run, collected in one place

The untested parts remain outside the evidence from the Spark run:


	Flink. No cluster, no job, no output. The architecture section is reasoning about design, not a report of behaviour.

	The Kafka Connect Iceberg sink. Same.

	Producing an equality delete file. Never created one. The class listing is jar inspection; the v2-versus-v3 table is the spec; the read cost is the mechanism, not a benchmark.

	Converting equality deletes to position deletes. I established that no Spark implementation appears in the jar. I did not call the action and observe a failure.

	Exactly-once semantics under failure. Nothing was killed mid-checkpoint, so the recovery story is described and untested.

	Catalog contention with many concurrent streaming writers. One stream, one table, no race.

	A day of anything. The stream ran for twenty-four seconds. Every per-day figure in this chapter is arithmetic on measured per-batch numbers, and is labelled as such where it appears.



Final thoughts

The thing that surprises people about streaming into a table format is that there is no streaming machinery in it at all. There is no special write path, no append-only log, no separate real-time tier. A streaming writer is a batch writer that commits very often — and every property of the result follows from that one sentence.

Which is why the numbers in this chapter are less about Iceberg than about the shape of the commitment you are making. Twenty-four seconds of a modest stream left a table where the metadata outweighed the data nine to one. A single compaction then put the same 440 rows into an eighth of the bytes. Nothing went wrong in that experiment. That is simply what a two-second commit interval costs. The format’s contribution is that you can measure it precisely in advance instead of discovering it in a postmortem.

So the honest summary is that Iceberg makes streaming ingest possible and does not make it free. What you get is a table that concurrent readers can query correctly while it is being written to, with atomic visibility and full history. What you owe is a maintenance job that never stops — because the same commit that gives you atomicity also gives you a file.

The next chapter is about the other thing this book has been quietly accumulating: the places where the version of the spec, the library, the engine and the catalog do not agree. And what each disagreement looks like when it fails.





Same Spec, Different Year

Here is the shortest way I know to lose an afternoon.

[image: The specification, client library, engine runtime, and catalog evolve on different schedules; support must be tested per feature and direction.]

cat.create_table("ch18.pyice_v3", schema=sch, properties={"format-version": "3"})

create_table(format-version=3) -> OK, metadata says v3

It worked. The catalog accepted it, the metadata says format version 3, and load_table returns a perfectly ordinary table object. Nothing anywhere suggests a problem. Write a row into it:

nt.append(pa.Table.from_pylist([{"order_id": 1, "customer": "ada"}], schema=sch.as_arrow()))

first append -> ValueError | Cannot write manifest for table version: 3

PyIceberg 0.11.1 will hand you a format v3 table that it cannot write a single row into. No warning at creation, no hint in the return value, and an error at the first append that names a manifest rather than the decision that caused the problem. And if that table is created by a setup script and appended to by a job, the two are far enough apart in space and time that the failure looks like a bug in the job. It is not.

The delayed write failure comes from a mismatch that one “Iceberg version” cannot describe. A deployment has four independent version numbers, and each can move without the others:































		In this book’s lab	Moves when
	The spec (table format version)	2, and 3 where we ask for it	you opt in, per table
	The library (PyIceberg, Iceberg Java)	0.11.1 and 1.11.0	you upgrade a dependency
	The engine (Spark, DuckDB, Trino, Flink)	4.1.3 and 1.5.5	your platform upgrades
	The catalog (the REST server)	the 1.10.1 reference fixture	someone else upgrades it


The interesting failures are not “version too old.” They are the ones where three of the four agree and the fourth does something surprising. And, as the opening example shows, the surprise tends to arrive some distance from its cause.

Everything below was executed against PyIceberg 0.11.1, Iceberg 1.11.0, Spark 4.1.3, DuckDB 1.5.5, Polars 1.44.1, Python 3.13, Java 21, and apache/iceberg-rest-fixture:1.10.1.

The v3 trap, in full

I expected a single switch: either a library supports format v3 or it does not. The actual boundary in PyIceberg 0.11.1 runs straight through the middle of the feature.

It reads v3, completely. Here is a v3 table Spark created, with a row deleted through a merge-on-read delete:

format_version : 3
READ           : 2 rows (3 written, 1 deleted)
delete files   : [(1, '00000-3-60bc6e52-...-00001-deletes.puffin')]

Two of three rows — which means PyIceberg found the Puffin file, decoded the deletion vector and applied it. That is not partial support. That is the headline v3 feature working correctly.

It inspects v3. t.inspect.all_delete_files() shows the .puffin entry with its content type, so the diagnostic path is intact too.

It creates v3. Shown above.

It cannot write to v3. Both mutating operations fail identically:

APPEND         : ValueError | Cannot write manifest for table version: 3
DELETE         : ValueError | Cannot write manifest for table version: 3

And it cannot upgrade a v2 table to v3:

current version: 2
upgrade_table_version(3) -> ValueError | Unsupported table format version: 3
upgrade_table_version(2) -> OK (no-op)

Two different error messages for what a user would call one capability. Note which one is friendlier. The upgrade path fails immediately with an explicit “Unsupported table format version”. The create path succeeds and defers its failure to whoever writes first.

[image: PyIceberg 0.11.1 reads a v3 table (2 rows of 3, deletion vector applied) and inspects its delete files, and creating a format-version 3 table succeeds with no warning; appending, deleting and upgrading all fail, the writes with "Cannot write manifest for table version: 3" and the upgrade with "Unsupported table format version: 3".]

Why the source says one thing and the runtime does another

I first inferred the v3 boundary from a constant in the installed package:

pyiceberg/table/metadata.py:69:SUPPORTED_TABLE_FORMAT_VERSION = 2

A named constant, set to 2, in the metadata module. Reading that, the obvious conclusion is that PyIceberg refuses v3 outright. I wrote exactly that down, confidently, before running anything. It is wrong in both directions: PyIceberg reads v3 fine, and it does not refuse to create one.

The constant is used in exactly one place in the entire package:

pyiceberg/table/update/__init__.py:315:    if update.format_version > SUPPORTED_TABLE_FORMAT_VERSION:

That is the upgrade path, and only the upgrade path. Creation does not consult it. Neither does the write path — which fails much later and somewhere else entirely:

pyiceberg/manifest.py:1253:  raise ValueError(f"Cannot write manifest for table version: {format_version}")

So the real shape is a guard on one route, no guard on the second, and a low-level failure at the bottom of the third. None of that is visible from the constant. Reading it produced a claim that was both plausible and false, which is the worst combination available.

This is the entire argument for the standard this book runs on. Source reading tells you what an author intended to enforce. Execution tells you what the installed thing does. When they disagree, the installed thing is the one your users will meet. And they disagree more often than anyone expects. One create_table call, under a second of work, corrected a paragraph I would otherwise have shipped.

The practical rule for v3 today

If you are running PyIceberg 0.11.1, the honest summary is:


	Reading v3 is fine. Deletion vectors and all.

	Writing v3 is not available. Any write path must go through an engine, and in this lab that means Spark.

	Do not set format-version: 3 in a PyIceberg create_table call, because the call will succeed and hand you an unusable table.



That third one is worth a guard rail. If Python code in your stack creates tables, pin the format version explicitly rather than letting it be configured, and assert on it after creation. A one-line check that t.metadata.format_version == 2 is cheaper than debugging a manifest error in a job that did not create the table.

And expect all of this to change. PyIceberg is visibly mid-migration: the v3 concepts are already present in its type system and metadata model even though the write path is not finished. When the next version lands, re-run the four checks above rather than reading the release notes and assuming.

Three version numbers in one string

The Spark runtime coordinate looks like a single dependency, but a mismatch inside it can prevent catalog access before table-format support even matters:

org.apache.iceberg:iceberg-spark-runtime-4.1_2.13:1.11.0

It is three version numbers wearing one string: Spark minor 4.1, Scala minor 2.13, Iceberg version 1.11.0. All three must line up with reality, and each one fails differently.

When the Spark minor has no runtime

The naive install is broken out of the box, and this is not a hypothetical. pip install pyspark today lands on 4.2.0. The Iceberg runtimes published for 1.11.0 are 4.1_2.13, 4.0_2.13 and 3.5_2.12. There is no iceberg-spark-runtime-4.2. So the default install of the most popular engine gives you a Spark minor with no Iceberg runtime at all.

Ask for one anyway:

:: org.apache.iceberg#iceberg-spark-runtime-4.2_2.13;1.11.0: not found

Exception in thread "main" java.lang.RuntimeException:
  [unresolved dependency: org.apache.iceberg#iceberg-spark-runtime-4.2_2.13;1.11.0: not found]
...
PySparkRuntimeError | [JAVA_GATEWAY_EXITED] Java gateway process exited before
sending its port number.

As failures go this one is kind. It happens before anything starts, and the resolver names the exact artifact it could not find. The fix is to pin Spark to a minor that has a runtime. This book pins pyspark==4.1.3 for precisely this reason, and it is the first thing to check when a tutorial’s Spark setup does not work.

The general rule: the Iceberg release decides which Spark minors exist, not the other way around. Upgrading Spark is not a Spark decision if you use Iceberg. Check the runtime list first.

When the Scala minor is wrong

A wrong runtime can also resolve and let the session start. Here Spark 4.1.3 receives the Scala 2.12 runtime built for Spark 3.5:

SESSION OK with org.apache.iceberg:iceberg-spark-runtime-3.5_2.12:1.11.0 | spark 4.1.3

The jar resolved. The session built. Spark reports its version cheerfully — and every smoke test that checks “does Spark start” passes.

Then touch the catalog:

Py4JJavaError | java.lang.NoSuchMethodError:
  'org.apache.spark.sql.internal.SQLConf org.apache.spark.sql.SQLContext.conf()'
    at org.apache.iceberg.spark.SparkUtil.hadoopConfCatalogOverrides(SparkUtil.java:159)
    at org.apache.iceberg.spark.SparkCatalog.buildIcebergCatalog(SparkCatalog.java:149)
...
Caused by: java.lang.ClassNotFoundException: scala.Serializable

A NoSuchMethodError on an internal Spark class, and underneath it a missing scala.Serializable — a class that exists in Scala 2.12 and not in 2.13. Neither message says “wrong Scala version” and neither says “wrong jar”. So a reader who does not already know this failure mode will start debugging their catalog configuration, because that is where the stack trace points.

Two things to take from it. First, NoSuchMethodError or ClassNotFoundException on a Spark or Scala internal class almost always means a jar built against different versions than the ones running. It is a linkage error, not a logic error. Second, a Spark session that starts successfully proves nothing about your Iceberg setup. Any health check worth having must touch the catalog. SELECT count(*) against a real table is the shortest one that would have caught this.

[image: The Iceberg Spark runtime coordinate encodes a Spark minor, a Scala minor and an Iceberg version. A missing Spark minor fails at dependency resolution before startup; a wrong Scala minor builds a working session and then throws NoSuchMethodError and ClassNotFoundException scala.Serializable at the first catalog call; the Iceberg release decides which Spark minors exist at all.]

The catalog is a fourth version, and somebody else owns it

The catalog is the version people forget, because it is usually not in their dependency file. It is a server — upgraded on its own schedule, frequently by a different team or by a cloud provider you cannot page.

This lab is deliberately skewed on that axis. The REST catalog is apache/iceberg-rest-fixture:1.10.1, one Iceberg minor behind the 1.11.0 runtime writing through it. I expected that to be a problem for the v3 work and it was not:

CREATE v3 -> OK
after MoR delete, rows: 2
delete-file entries: 1
    content=1 records=1 00000-...-00001-deletes.puffin

A 1.11.0 Spark wrote a format v3 table, with a Puffin deletion vector, through a 1.10.1 catalog — and the catalog did not care.

That is not luck, and understanding why is the useful part. The catalog does not read your table’s data or its manifests. Chapter 4 measured it: the whole of a table, in the catalog, is a name and a pointer to a metadata file. Format v3 changes what is inside the metadata and the manifests, and the catalog never parses either. So a catalog can happily serve table versions it has never heard of.

Where the catalog version does matter is the protocol between the client and the server, and the REST spec gives you a way to ask instead of guess:

GET /v1/config?warehouse=warehouse

{"defaults": {}, "overrides": {},
 "endpoints": ["GET v1/config",
               "GET /v1/{prefix}/namespaces", "POST /v1/{prefix}/namespaces",
               "GET /v1/{prefix}/namespaces/{namespace}/tables",
               "POST /v1/{prefix}/namespaces/{namespace}/tables/{table}",
               "POST /v1/{prefix}/transactions/commit",
               "GET /v1/{prefix}/namespaces/{namespace}/views",
               ... 27 in total ]}

The server enumerates the endpoints it implements. Ours implements namespaces, tables, views, a rename, a register, metrics reporting and multi-table transaction commit. What is not in that list is as informative: there is no credential-vending endpoint and no server-side scan-planning endpoint. Chapter 5 described both as features of production catalogs, and this fixture simply does not have them.

So the practical technique is: do not infer catalog capability from a version number — read /v1/config and see. It is one HTTP request, no client library required. And it is the only statement of capability that comes from the running server rather than from a page about a release.

The other half of /v1/config is the two empty maps at the front. defaults and overrides let a catalog push client configuration down the wire — and overrides wins over whatever the client set locally. Both are empty here. On a managed catalog they usually are not, which means some of your client’s behaviour is decided by the server. Good for consistency. Genuinely confusing at 2am, when a setting you can read in your own code is not the setting in effect.

The support matrix is per-feature, not per-version

The most useful correction in this chapter is that “supports Iceberg v3” is not a property any tool has. Support is a matrix of features against clients, and the ordering is not what you would predict.

Here is one v3 table with a deletion vector on it, hit by four clients:









































		Read v3	Apply the deletion vector	Write to v3	Row lineage
	Spark 4.1.3 + Iceberg 1.11.0	yes	yes	yes	yes
	DuckDB 1.5.5	yes	yes	yes	yes
	PyIceberg 0.11.1	yes	yes	no	not exposed
	Polars 1.44.1 (via PyIceberg)	yes	yes	no	not exposed


DuckDB is ahead of the reference Python library on the newest version of the spec — which is not the ordering anybody would guess. Here it is running.

Reading, including the deletion vector:

READ v3  : [(1, 'ada', 'placed', Decimal('42.00')), (3, 'alan', 'shipped', Decimal('38.25'))]

Writing, both directions:

INSERT into v3 -> OK, rows now [(3,)]
DELETE on v3   -> OK, rows now [(2,)]

And the DELETE did not rewrite a data file. It wrote a deletion vector, in the same encoding Spark uses. Here are both delete files on the table afterwards, one from each engine:

content record_count file
1       1            6d0ea280-7db5-4bff-a4b2-46f8138ffdb7-deletes.puffin   <- DuckDB
1       1            00000-3-60bc6e52-...-00001-deletes.puffin             <- Spark

Then the result I did not expect. Chapter 20’s subject, row lineage, is the v3 feature that gives every row a stable identity. Ask Spark and DuckDB the same question about the same rows:

Spark:                          DuckDB:
order_id _row_id _last_upd      [(3, 2, 1), (9, 3, 3)]
3        2       1
9        3       3

Identical. Order 3 kept _row_id 2 from the original Spark write. Order 9 was inserted by DuckDB, and was correctly assigned _row_id 3 by reading the table’s next-row-id and advancing it. Two independent implementations maintaining one row-identity sequence, agreeing exactly.

Two small notes on that. Neither engine lists the lineage columns in DESCRIBE; DuckDB reports ['order_id', 'customer', 'status', 'amount']. They are hidden metadata columns you have to name explicitly. And the sequence numbers differ per row (1 versus 3) because they record when each row was last written, which is the point of the field.

[image: Against one v3 table, Spark 4.1.3 and DuckDB 1.5.5 both read it, apply the deletion vector, write to it and expose row lineage; PyIceberg 0.11.1 and Polars 1.44.1 read it and apply the vector but cannot write to v3 and do not expose lineage. Spark and DuckDB independently assign the same row id to a row DuckDB inserted.]

The cliff: one column type, and a client goes blind

A new column type can block more than the operation that uses it. Here Spark creates a v3 table with variant, the new first-class column type for semi-structured data:

CREATE TABLE ice.ch18.orders_variant (order_id BIGINT, payload VARIANT)
USING iceberg TBLPROPERTIES ('format-version'='3');
INSERT INTO ... SELECT 1, parse_json('{"channel":"web","promo":"SUMMER"}');

order_id payload
1        {"channel":"web","promo":"SUMMER"}

DuckDB 1.5.5 reads it without complaint:

[(1, {'channel': 'web', 'promo': 'SUMMER'})]

PyIceberg does not read it. PyIceberg cannot open it:

ValidationError | 1 validation error for TableResponse
metadata.3.schemas.0.fields.1.type
  Value error, Unsupported field type: 'variant'

That failure is at load_table — not at the scan, and not at the column. The table object never comes into existence at all. So a PyIceberg client cannot read the order_id column either. It cannot list snapshots, inspect files, or run any of the diagnostics this book has been using for eighteen chapters. One column of a type it does not know makes the whole table invisible.

[image: A v3 table with a variant column is written and read by Spark and read by DuckDB, while PyIceberg 0.11.1 raises a ValidationError for an unsupported field type at load_table. Because the failure is at table load, the PyIceberg client also loses the ordinary columns, the snapshot list and every inspection path.]

This is the sharpest version-skew failure in the book, and it generalises past this one type. Adding a column can remove a client’s access to a table. Chapter 7 taught that schema evolution as safe, and within one implementation it genuinely is. It becomes a breaking change the moment some reader in your estate does not implement the type you added.

The operational conclusion is a process one rather than a technical one. Adding a v3-only type to a shared table is a compatibility decision, not a modelling decision, and it deserves the same care as dropping a column. Before you add a variant, a geometry or a nanosecond timestamp, enumerate every client that reads the table and check each one. And if you cannot enumerate them, that is itself the finding.

Properties one engine honours and another ignores

Some mismatches leave the write successful and the rows correct. Chapter 16 showed write.delete.mode = merge-on-read changing how Spark performs a delete. The property lives on the table, so it is natural to read it as the table’s behaviour. It is not. It is a request — and each engine decides for itself what to do with it.

Here is a v2 table with that property set, deleted from through PyIceberg:

write.delete.mode = merge-on-read

UserWarning: Merge on read is not yet supported, falling back to copy-on-write

rows: 2
delete files written: 0
snapshot ops: ['append', 'overwrite']

Correct answer, entirely different mechanism: zero delete files, an overwrite snapshot, and a rewritten data file — copy-on-write, on a table explicitly configured for merge-on-read.

PyIceberg deserves credit for warning. It could have done this silently, and a table property that one client honours and another ignores without a word is a genuinely difficult thing to debug. The write succeeds, the data is right, and the only symptom is a file layout that does not match what the table asked for. If you are relying on merge-on-read for write latency, that reliance is per-writer, not per-table.

The same shape appears in the provenance finding from chapter 15. Spark records engine-name, engine-version and an exact Iceberg build hash in every snapshot summary; PyIceberg and DuckDB record neither. And in the timestamp finding from that same chapter: a naive Python datetime goes in as UTC, while a SQL engine’s identical-looking literal is converted from the session timezone. The same wall-clock string becomes different instants depending on the client. All three are the same category. The data is portable; the behaviour around it is per-implementation.

Defaults, since they are also a version

One last small thing, easy to check and easy to get wrong by assumption. What format version does each client create by default?

Spark 4.1.3 + Iceberg 1.11.0 -> 2
PyIceberg 0.11.1             -> 2

Both default to v2, three months after v3 went generally available — which is the ecosystem being sensible rather than slow. v3 is opt-in, per table, and nothing upgrades underneath you. It also means the tables in your warehouse are v2 unless somebody asked. A v3 problem is something you chose rather than something that happened.

Chapter 19 is about what you get when you do choose it — and about why the upgrade is deliberately not automatic.

What this chapter did not test


	Trino, Flink, Snowflake, Databricks or BigQuery against any of this. Chapters 15 and 17 explain why those engines are absent from the lab. Every matrix in this chapter covers four clients, and yours may differ.

	A real production catalog. Polaris, Lakekeeper, Nessie, Unity and Glue each have their own version story and their own /v1/config answer. The technique of reading that endpoint is what transfers; the fixture’s specific answer is not.

	Downgrades. I did not take a v3 table back to v2, and there is no reason to think that is possible for a table that has used v3 features.

	A v3 table with geometry, geography or nanosecond timestamps. The variant cliff is one data point. I would expect the same shape for the others, and expecting is not testing.

	Every PyIceberg operation against v3. I ran read, inspect, create, append, delete and upgrade. The boundary elsewhere may be different again.



Final thoughts

Iceberg is a specification shared by implementations written at different times. The contract is common; the implemented portions and the defaults are not.

That is the source of every finding above. The spec moved to v3 in May. Iceberg Java implemented it. DuckDB implemented most of it, including the parts that surprised me. PyIceberg implemented the reading half and is still working on the writing half. The reference REST catalog is a minor behind and does not need to care, because its job never involved reading manifests. None of those is a defect. They are four projects on four schedules, targeting one document. That arrangement is exactly what makes the format valuable in the first place.

[image: An Iceberg deployment carries four version numbers that move independently: the table format version, which you opt into per table; the client library, which moves when you bump a dependency; the engine, which moves when your platform upgrades; and the REST catalog, which somebody else usually upgrades. In this book's lab those are format 2 with 3 where asked, PyIceberg 0.11.1 and Iceberg 1.11.0, Spark 4.1.3 and DuckDB 1.5.5, and the 1.10.1 catalog fixture.]

What that means in practice is three habits, none of them expensive:

Pin everything and say the pins out loud. Not “recent Spark” but pyspark==4.1.3, and not “Iceberg 1.x” but the full jar coordinate with all three numbers in it. Half the failures in this chapter are a pin somebody left loose.

Test the matrix, not the versions. “Does DuckDB support v3” has no answer. “Can DuckDB, on this version, read and write this table” has one, and it takes a minute to obtain. Write that minute down as a test and run it after every upgrade of any of the four version numbers.

Assume the surprise is in the newest thing, then go and check the oldest client. The failures here clustered at the two ends — a spec feature three months old, and a library that has not caught up to it. The engine everyone worries about was fine, and the catalog everyone worries about did not even notice.

The next chapter goes properly into what v3 actually added. And into why, after eighteen chapters of a book written mostly on v2, the upgrade is a decision rather than a default.





Seven Additions and a One-Way Door

There is a number stamped on every Iceberg table, and almost nobody looks at it.

[image: Upgrading a table permits v3 features but does not enable them; support is uneven, and the table cannot be downgraded after crossing the boundary.]

SHOW TBLPROPERTIES ice.ch19.plain;

+-------------------------------+---------------+
|key                            |value          |
+-------------------------------+---------------+
|current-snapshot-id            |none           |
|format                         |iceberg/parquet|
|format-version                 |2              |
|write.parquet.compression-codec|zstd           |
+-------------------------------+---------------+

That table was created moments ago, on Iceberg 1.11.0 — released in May 2026. Format version 3 is final and shipping: Snowflake in May 2026, Databricks in Runtime 18.0, AWS back in November 2025. (Those three are reported release dates, not something this lab measured.) And the brand-new table says 2.

This is the single most important thing to understand about v3, and it is about software distribution rather than about the format. The version belongs to the table, not to the library. Upgrading Iceberg does not upgrade your tables. Creating a new table on a v3-capable engine does not give you a v3 table. Somebody has to ask — per table, in writing.

Asking for v3 opens access to new types and mutation features, but availability still depends on the client, and the upgrade cannot be undone in place. Deletion vectors and row lineage get a separate treatment in chapter 20; first we need to establish what this stack can reach.

Everything here was run against Apache Iceberg 1.11.0 (iceberg-spark-runtime-4.1_2.13:1.11.0, commit 6976e020) on Spark 4.1.3, Java 21, through the 1.10.1 REST catalog fixture. PyIceberg 0.11.1 and DuckDB 1.5.5 supply the second and third opinions. Where a feature could not be reached from this stack, the sentence that makes the claim says so. The tables live in per-chapter namespaces in the catalog, ch19 and ch20, which is why those names show up in the pasted file paths.

What a format version actually is

An Iceberg table’s format version is a compatibility contract in one integer. It says: a reader must understand at least this much of the specification to be allowed to interpret my metadata. It sits at the top of metadata.json, above the schema and the snapshots:

{
  "format-version": 2,
  "table-uuid": "...",
  "location": "...",
  ...
}

Three versions exist. Each one bought something the previous one could not express.

v1 was the original: a list of files, a schema with field IDs, snapshots, partition specs. Everything in chapters 1 through 9 of this book works on v1. It is a read-mostly format. To change a row you rewrote the file that held it.

v2 added row-level deletes — and that is essentially the whole of v2. Two new kinds of file, described in chapter 10. A position delete file says “row 47 of that data file is gone”. An equality delete file says “any row where order_id = 5 is gone”. To make that safe it also added sequence numbers, so a reader can tell whether a delete file was written before or after a given data file. And it made the manifest list mandatory.

v3 adds seven things. Two of them change how a table behaves under mutation, and chapter 20 is about those. The other five are additions to the type system and the schema. They are the quieter half of the release, even though they are the half most people will actually use.

Here is the whole list, with what this stack could do with each:






































	Addition	Reachable from Spark SQL 4.1 + Iceberg 1.11.0?
	Deletion vectors	Yes, with one table property (chapter 20)
	Row lineage	Yes, automatic on v3 (chapter 20)
	variant	Yes, fully, including reads and writes
	geometry / geography	Only through the Java API; Spark SQL cannot spell the type
	timestamp_ns / timestamptz_ns	Only through the Java API; same reason
	Default column values	Only through the Java API; Spark refuses by name
	Multi-argument transforms	No, and not through the Java API either


Two smaller items ride along: an unknown type, and a key-id on the manifest list for encryption. The unknown type is reachable and is covered below. Encryption is not something this lab exercised at all, and I am flagging it here rather than describing it.

That table is the honest state of v3 in the reference engine as of August 2026. v3 is production-ready. Most of v3 is not yet reachable from SQL. Those are both true, and treating either one as the whole picture will lead you somewhere wrong.

[image: Of format v3’s seven additions, deletion vectors, row lineage and variant are reachable from Spark SQL 4.1 with Iceberg 1.11.0; geometry and geography, nanosecond timestamps and default column values can only be created through the Java API; multi-argument transforms exist in neither, with no multi-column transform class in the 1.11.0 jar.]

The default is still 2, and it is a constant

The empty SHOW TBLPROPERTIES above is not a quirk of the REST fixture. It is a compiled-in constant in the library itself:

static final int DEFAULT_TABLE_FORMAT_VERSION = 2;
static final int SUPPORTED_TABLE_FORMAT_VERSION = 4;
static final int MIN_FORMAT_VERSION_ROW_LINEAGE = 3;

That is org.apache.iceberg.TableMetadata in the 1.11.0 runtime jar, read with javap. New tables get 2. The library will accept up to 4. And row lineage will not switch on below 3.

Asking for v3 is one property at creation:

CREATE TABLE ice.ch19.v3plain (id BIGINT, t STRING) USING iceberg
TBLPROPERTIES ('format-version'='3');

The interesting part is what shows up in metadata.json afterwards. Comparing the top-level keys of a v2 table against a v3 table, exactly one key is new:

v2 keys: [current-schema-id, current-snapshot-id, default-sort-order-id, default-spec-id,
          format-version, last-column-id, last-partition-id, last-sequence-number,
          last-updated-ms, location, metadata-log, partition-specs, partition-statistics,
          properties, refs, schemas, snapshot-log, snapshots, sort-orders, statistics,
          table-uuid]

v3 keys: ... same list, plus  next-row-id

next-row-id: 0

That is the entire visible footprint of the upgrade at rest. One counter, starting at zero. Everything else v3 adds is either a type you have not used yet or a behaviour that only appears when you mutate the table.

Note also what is not in properties. You set format-version through TBLPROPERTIES, but it is not stored as a property. It is promoted to a first-class field of the metadata document — which is correct, because it governs how the rest of the document may be parsed.

Variant: the one you can use today

variant is a type for semi-structured data. It stores a JSON-shaped value in a binary encoding, with the keys extracted into a dictionary. Reading one field therefore does not mean parsing the whole document. It is the same idea as Postgres’s jsonb or DuckDB’s VARIANT, standardised into the table format so that every engine agrees on the bytes.

It is also, of the five type-level additions, the only one this stack could exercise end to end. Spark 4.1 has a native VARIANT type, and Iceberg 1.11.0 maps to it.

CREATE TABLE ice.ch19.tvariant (order_id BIGINT, payload VARIANT) USING iceberg
TBLPROPERTIES ('format-version'='3');

INSERT INTO ice.ch19.tvariant
     SELECT 1, parse_json('{"channel":"web","promo":{"code":"SUMMER","pct":10}}')
   UNION ALL
     SELECT 2, parse_json('{"channel":"kiosk","items":[7,9]}');

Two bookshop orders whose payloads have nothing in common — one has a nested promo object, the other an array of item ids. No schema reconciled them, and none was asked to.

SELECT order_id,
       variant_get(payload,'$.channel','string') AS channel,
       variant_get(payload,'$.promo.pct','int')  AS promo_pct,
       to_json(payload) AS raw
FROM ice.ch19.tvariant ORDER BY order_id;

+--------+-------+---------+----------------------------------------------------+
|order_id|channel|promo_pct|raw                                                 |
+--------+-------+---------+----------------------------------------------------+
|1       |web    |10       |{"channel":"web","promo":{"code":"SUMMER","pct":10}}|
|2       |kiosk  |NULL     |{"channel":"kiosk","items":[7,9]}                   |
+--------+-------+---------+----------------------------------------------------+

The missing promo on the kiosk order reads as NULL rather than raising. to_json round-trips the original document. And in the metadata the column is recorded as a first-class Iceberg type, not as a string with a convention attached:

{"id": 2, "name": "payload", "required": false, "type": "variant"}

Try the same CREATE TABLE at v2 and the catalog refuses, by column name:

IllegalStateException: Invalid schema for v2:
  - Invalid type for payload: variant is not supported until v3

That error is the format version doing its job. A v2 reader has no definition of variant, so a v2 table is not permitted to contain one — and the check happens at commit rather than at read.

The reason variant matters more than its position in a feature list suggests: it is the thing people were faking. The common workaround is a STRING column holding JSON, parsed on every read, with no statistics and no pruning. variant replaces a convention with a type, so every engine that implements it agrees on what is inside. DuckDB 1.5.5 already does:

duckdb variant payload: [(1, {'channel': 'web', 'promo': {'code': 'SUMMER', 'pct': 10}}),
                         (2, {'channel': 'kiosk', 'items': [7, 9]})]

That is DuckDB, attached to the REST catalog, returning the variant as a nested value. PyIceberg 0.11.1 does not get that far. It cannot even load the table:

ValidationError: 1 validation error for TableResponse
metadata.3.schemas.0.fields.1.type
  Value error, Unsupported field type: 'variant'

The same variant column is readable in DuckDB and prevents PyIceberg from loading the table. That is why a v3 compatibility check needs the actual column types as well as the format version.

The four you probably cannot reach yet

Geometry, geography, nanosecond timestamps and default values are all in the specification and all implemented in the Iceberg Java library. All four are unreachable from Spark SQL in this configuration. Be precise about where each one stops: “not supported” can mean three different things, and this section covers two of them.

Spark’s parser does not know the type name. For geometry, geography and nanosecond timestamps the failure happens before Iceberg is consulted at all:

CREATE TABLE ice.ch19.tgeo (id BIGINT, g GEOMETRY) USING iceberg
TBLPROPERTIES ('format-version'='3');

ParseException: [UNSUPPORTED_DATATYPE] Unsupported data type "GEOMETRY". SQLSTATE: 0A000
== SQL (line 1, position 42) ==
...BLE ice.ch19.tgeo (id BIGINT, g GEOMETRY) USING iceberg TBLPROPERTIES ('...
                                  ^^^^^^^^

Same for GEOGRAPHY and for TIMESTAMP_NS. Spark’s TIMESTAMP_NTZ does work, but it maps to Iceberg’s microsecond timestamp, not to the new nanosecond type. You can confirm that in the metadata:

{"id": 2, "name": "ts", "required": false, "type": "timestamp"}

The types themselves are genuinely present in the library. Every one of them is a real class in the 1.11.0 runtime jar: Types$GeometryType, Types$GeographyType, Types$TimestampNanoType, Types$VariantType, Types$UnknownType. They can be used if you drop below SQL. Building a schema through the Java API over py4j and creating the table through the REST catalog directly works on the first attempt:

T = jvm.org.apache.iceberg.types.Types
fields.add(T.NestedField.optional(2, "shop_point",    T.GeometryType.crs84()))
fields.add(T.NestedField.optional(3, "delivery_zone", T.GeographyType.crs84()))
fields.add(T.NestedField.optional(4, "event_ts",      T.TimestampNanoType.withZone()))
fields.add(T.NestedField.optional(5, "event_ts_ntz",  T.TimestampNanoType.withoutZone()))

table {
  1: id: optional long
  2: shop_point: optional geometry
  3: delivery_zone: optional geography
  4: event_ts: optional timestamptz_ns
  5: event_ts_ntz: optional timestamp_ns
  6: payload: optional variant
  7: reserved: optional unknown
}

CREATE v3 geo/geography/ts_ns/variant/unknown table -> OK
format-version: 3

Two details from that run are worth keeping. The default coordinate reference system is not implicit — it is named OGC:CRS84, for both geometry and geography. Geography also carries an edge-interpolation algorithm, defaulting to spherical. And the spelling in the metadata distinguishes zoned from unzoned nanosecond timestamps as timestamptz_ns and timestamp_ns, mirroring the existing microsecond pair.

The same schema at v2 is rejected, and the error enumerates every offender:

IllegalStateException: Invalid schema for v2:
  - Invalid type for shop_point: geometry is not supported until v3
  - Invalid type for delivery_zone: geography is not supported until v3
  - Invalid type for event_ts: timestamptz_ns is n...

Now ask Spark to read the table it just helped create:

FAIL DESCRIBE TABLE ice.ch19.geo
     UnsupportedOperationException: Cannot convert unsupported type to Spark: geometry
FAIL SELECT * FROM ice.ch19.geo
     UnsupportedOperationException: Cannot convert unsupported type to Spark: geometry

You cannot even DESCRIBE it. DuckDB is no better — though it fails more politely:

duckdb ch19.geo -> NotImplementedException: Not implemented Error: Geography support

So the position on the three spatial and nanosecond types is: the format has them, the Java library has them, and neither Spark nor DuckDB in this lab can query a table containing them. I did not attempt them from Trino or Flink, and I have not measured them anywhere. So if you need geospatial types today, test your specific engine before you design around them.

Default column values stop somewhere different, and it is more interesting. Here the failure is Iceberg’s Spark integration explicitly declining — not the parser:

ALTER TABLE ice.ch19.tdef ADD COLUMN channel STRING DEFAULT 'web';

UnsupportedOperationException: Cannot add column channel since setting default values
in Spark is currently unsupported

The word currently is doing real work in that message. Go around it through the Java API and the feature works completely. This is the one v3 addition where the gap is purely in the SQL layer.

Start with a v3 bookshop table holding two rows written before the column exists:

+--------+--------+
|order_id|customer|
+--------+--------+
|1       |ada     |
|2       |grace   |
+--------+--------+

Then add the column with a default through the library:

t.updateSchema().addColumn("channel", T.StringType.get(), Lit.of("web")).commit()

The schema now carries two distinct defaults, and the distinction is the whole feature:

{"id": 1, "name": "order_id", "required": false, "type": "long"}
{"id": 2, "name": "customer", "required": false, "type": "string"}
{"id": 3, "name": "channel",  "required": false, "type": "string",
 "initial-default": "web", "write-default": "web"}

initial-default is what a reader substitutes for rows in files written before the column existed. write-default is what a writer substitutes when an insert omits the column. They are separate because they answer different questions — and a schema evolution can change one without the other.

Read the old rows back, and no data file was touched:

data files before=2 after=2

+--------+--------+-------+
|order_id|customer|channel|
+--------+--------+-------+
|1       |ada     |web    |
|2       |grace   |web    |
+--------+--------+-------+

Two rows written before the column was conceived now read as web — with zero bytes rewritten. In v2 the same operation gives you NULL for those rows, forever, unless you rewrite the table. Insert a row that omits the column and the write default applies. Insert an explicit NULL and it is respected as a value rather than replaced:

+--------+--------+-------+
|order_id|customer|channel|
+--------+--------+-------+
|1       |ada     |web    |
|2       |grace   |web    |
|3       |alan    |web    |
|4       |kay     |NULL   |
+--------+--------+-------+

PyIceberg 0.11.1, reading the same table over REST, agrees on all four rows:

{'order_id': [4, 3, 1, 2], 'customer': ['kay', 'alan', 'ada', 'grace'],
 'channel': [None, 'web', 'web', 'web']}

That agreement matters more than it looks. A default that only one engine honours is worse than no default at all — because the same query returns different answers depending on who runs it. Here two independent implementations produced the same four values.

[image: Adding a column with a default through the Iceberg Java API, on a v3 table, leaves the data file count at two and makes the two pre-existing rows read as web. The schema records initial-default for readers and write-default for writers separately, an explicit NULL insert is kept as a value, and PyIceberg reading over REST returns the same four rows. Spark SQL refuses the same operation as currently unsupported.]

And at v2 the commit is rejected, again by name:

IllegalStateException: Invalid schema for v2:
  - Invalid initial default for channel: non-null default (web) is not supported until v3

Multi-argument transforms: not yet, anywhere

The seventh addition is partition and sort transforms over more than one column. This one does not exist in the reference implementation at all. Not in SQL:

CREATE TABLE ice.ch19.tmulti (a BIGINT, b STRING, c DOUBLE) USING iceberg
PARTITIONED BY (bucket(4, a, b)) TBLPROPERTIES ('format-version'='3');

IllegalArgumentException: Cannot convert transform with more than one column reference:
bucket(4, a, b)

And not in the library either. PartitionSpec.Builder in the 1.11.0 jar exposes exactly these methods that take a source column, every one of them single-column:

['alwaysNull', 'bucket', 'day', 'hour', 'identity', 'month', 'truncate', 'year']

The Transforms factory is the same story, and there is no multi-column transform class anywhere under org/apache/iceberg/transforms/. So this is not a Spark gap you can route around; there is nothing behind the SQL to route to.

I have not checked Trino, Flink or the commercial engines for this. I would be surprised if they were ahead of the Java library, but that is an expectation rather than a measurement.

The unknown type, and a small surprise

The unknown type represents a column whose type is genuinely not known. Typically that is because it arrived from a source that only ever produced nulls for it. Spark’s parser rejects UNKNOWN outright, but there is a route in that I did not expect to work:

CREATE TABLE ice.ch19.tvoid (id BIGINT, u VOID) USING iceberg
TBLPROPERTIES ('format-version'='3');

{"id": 2, "name": "u", "required": false, "type": "unknown"}

Spark’s VOID maps straight onto Iceberg’s unknown. It is a small thing. I mention it as a reminder that a type unreachable by its own name is not necessarily unreachable.

Upgrading a table you already have

An existing table moves versions with one statement, and it is metadata-only:

ALTER TABLE ice.ch19.plain SET TBLPROPERTIES ('format-version'='3');

before: 2
after : 3 | file: 00001-0aaf3008-9ce3-4f20-ae94-a638adf470f1.metadata.json
keys added: ['next-row-id']
next-row-id: 0

One new metadata.json, one new key in it. No data file was read, let alone rewritten. On a table with a hundred thousand Parquet files this statement costs the same as it does on an empty one, which is the good news.

[image: Comparing the top-level keys of a v2 and a v3 metadata.json, the only difference is a single new key, next-row-id, set to 0. Upgrading a table with ALTER TABLE SET TBLPROPERTIES writes one new metadata.json and reads no data files at all.]

You can also skip a version. A v1 table goes straight to v3 without passing through v2:

v1 format-version: 1
OK   ALTER v1 -> v3
now: 3

What you cannot do is go back:

ALTER TABLE ice.ch19.plain SET TBLPROPERTIES ('format-version'='2');

SparkException: Unsupported table change: Cannot downgrade v3 table to v2

That refusal is correct and it is the reason to think before running the upgrade. A v3 table may contain metadata a v2 reader has no definition for. Allowing a downgrade would mean either silently dropping it or producing a table that lies about what it is. There is no in-place undo. After an unwanted upgrade you have two options: roll the catalog pointer back to a pre-upgrade metadata file, if your catalog supports it, or rewrite the table.

Why the upgrade is not automatic

A cheap metadata upgrade still needs a deliberate decision: the default stays at v2, mutation settings remain separate, and readers may lose access.

One: nothing upgrades your tables for you. The default is compiled in as 2, per the constant above, so every table you create next week will be v2 unless the property is set. If you want v3 across a warehouse, that is a migration you plan and execute, table by table. It is not a side effect of a library bump. The one mercy is that the migration itself is cheap.

Two: upgrading changes nothing you would notice. This is the part that surprises people, so it is worth demonstrating rather than asserting. Here is a table created at v3, with no other properties set, and a delete against it. It lives in the next chapter’s namespace because that is where it came from:

CREATE TABLE ice.ch20.cow (order_id BIGINT, customer STRING) USING iceberg
TBLPROPERTIES ('format-version'='3');
INSERT INTO ice.ch20.cow VALUES (1,'ada'),(2,'grace'),(3,'alan');
DELETE FROM ice.ch20.cow WHERE order_id = 2;

delete files after DELETE on a default-configured v3 table:
+-------+------------+---------+
|content|record_count|file_path|
+-------+------------+---------+
+-------+------------+---------+

puffin files on disk: []

Zero delete files. No deletion vector. The data file was rewritten instead, and the snapshot is recorded as an overwrite. The reason is another compiled-in default, which v3 does not change:

write.delete.mode default : copy-on-write
write.update.mode default : copy-on-write
write.merge.mode default  : copy-on-write

Deletion vectors are the headline feature of v3, and a v3 table produces none of them until you also set write.delete.mode to merge-on-read. The format version is a permission — not a behaviour.

[image: Deleting from a table created at format version 3 with no other properties produces no delete files and no puffin files on disk; the data file is rewritten instead, because write.delete.mode, write.update.mode and write.merge.mode all still default to copy-on-write.]

Row lineage has the mirror-image version of the same problem. It is automatic on v3, but only forward. Take a v2 table with three rows, upgrade it, and ask for the lineage of the rows that were already there:

+--------+-------+-----------------------------+
|order_id|_row_id|_last_updated_sequence_number|
+--------+-------+-----------------------------+
|1       |NULL   |NULL                         |
|3       |NULL   |NULL                         |
+--------+-------+-----------------------------+

Nulls. The rows predate the counter, so they have no identity to report. Chapter 20 follows what happens to those nulls on the next commit, and the answer is stranger than it looks.

Three: your readers may not follow. This is the real risk, and it is why the one-way door matters. Support for v3 is not uniform, and no single version number captures how it varies. Against one v3 bookshop table with deletion vectors and a variant column, three clients in this lab:






































		Reads a v3 table	Applies a deletion vector	_row_id visible	Variant column	Writes to v3
	Spark 4.1.3 + Iceberg 1.11.0	yes	yes	yes	yes	yes
	DuckDB 1.5.5	yes	yes	yes	yes	not tested here
	PyIceberg 0.11.1	yes	yes	no	no, and cannot load the table at all	no


PyIceberg reads a v3 table correctly, applies the deletion vector, and reports next-row-id: 6 from the metadata, but it has no _row_id column to select:

_row_id via PyIceberg FAILED: ValueError: Could not find column: '_row_id'

and it cannot write to a v3 table at all, which chapter 18 opens on. Meanwhile DuckDB — the client you would expect to be furthest behind — returns row ids that match Spark’s exactly. Do not reason about v3 support by ranking engines by maturity. Test the specific operations you need, on the specific versions you run.

The version-4 trap

The accepted version range extends beyond v3. This creation call succeeded on the same runtime:

CREATE TABLE ice.ch19.v4 (id BIGINT) USING iceberg TBLPROPERTIES ('format-version'='4');

CREATE -> OK
metadata format-version: 4
OK   INSERT INTO ice.ch19.v4 VALUES (1)
OK   SELECT * FROM ice.ch19.v4

A format version 4 table, created, written to and queried without a murmur. This is not a missing bounds check. The library says so itself:

static final int SUPPORTED_TABLE_FORMAT_VERSION = 4;

Iceberg 1.11.0 deliberately accepts version 4, ahead of the specification work that will define what version 4 means. What that version will eventually contain is beyond what this book can verify, and I am not going to guess. What I can show is the consequence today, because PyIceberg refuses the table outright:

ValidationError: 1 validation error for TableResponse
metadata
  Input tag '4' found using 'format_version' | 'format-version' does not match any of
  the expected tags: 1, 2, 3

while DuckDB reads it without comment:

duckdb ch19.v4: [(1,)]

A typo in the property, or a copied configuration asking for version 4, can therefore leave clients disagreeing about whether they can open the table. The version cannot be lowered again. If you are automating table creation, validate the version you are passing; the format will not do it for you. (A genuinely malformed value is caught, for what little that is worth: format-version='banana' comes back as a server-side NumberFormatException.)

[image: A table can be upgraded from v1 straight to v3 in one statement, but Spark refuses the reverse with "Cannot downgrade v3 table to v2". Iceberg 1.11.0 also accepts format version 4 ahead of its specification, creating, writing and querying such a table happily, while PyIceberg refuses to open it and DuckDB reads it without comment.]

When to turn it on

The upgrade earns its compatibility cost when a table needs one of the features you can actually use:

You mutate the table and you are on merge-on-read. Deletion vectors are a straight improvement over v2 position delete files — measured in the next chapter. If your table takes MERGE INTO traffic, this is the reason.

You want change data capture without a separate pipeline. Row lineage gives every row a stable identity and a last-modified marker, in the table, maintained by whichever engine writes. That is chapter 20’s second half. It is the addition with the largest architectural consequences.

You are storing JSON in a string column. variant is available now, works in Spark and DuckDB, and removes a convention that every consumer has to independently agree to.

You want a new column to have a value for existing rows. Default values, if you can reach them from your write path, turn a table rewrite into a metadata commit.

The case against is equally concrete. If none of the above applies, v3 buys you nothing and costs you a compatibility ceiling. A v2 table can be read by strictly more software than a v3 table can. The gap will close, but it has not closed yet, and the change is one-way. There is no urgency premium here. The format is not going anywhere. A table you upgrade in six months will be upgraded into a better-supported ecosystem than one you upgrade today.

The one thing I would do now, on every table, is find out what version it is. In a warehouse where nobody knows, the answer is 2 everywhere and somebody is about to be surprised by it.

Final thoughts

The thing to carry out of this chapter is that a format version is a permission slip, not a feature flag. Setting it to 3 tells Iceberg that a reader of this table is expected to understand deletion vectors, row lineage, variants and defaults. It does not tell Iceberg to start using any of them. For the two additions that would change how your table behaves, a second property is required before anything is different at all.

The gap between what v3 specifies and what you can reach from SQL is real and, in August 2026, wide. Variant is fully usable. Deletion vectors and row lineage are fully usable with one property. The spatial and nanosecond types exist only below the SQL layer and cannot be read back by any engine in this lab. Default values work perfectly through the library and are refused by Spark’s integration with a message containing the word currently. Multi-argument transforms have not been built.

Those boundaries belong to the versions tested here and may change within a year. Repeating the specific creation, write and read operations on your installed clients gives you a firmer upgrade decision than a general claim of v3 support.

The next chapter takes the two additions I have kept deferring and shows what they do to a table, starting with a 480-byte file that replaces a Parquet one.





A Bitmap and a Serial Number

Five of format v3’s seven additions are types. You use them or you do not, and the previous chapter established which ones you can currently reach.

[image: Deletion vectors encode removed positions compactly, while row lineage gives each row a stable identity and last-change sequence across rewrites. Order 1 keeps row id 0 through an update that moves its sequence number from 1 to 3.]

The other two are different in kind. Deletion vectors change how a mutation is written to storage. Row lineage adds something to the table that no version of Iceberg had before: a per-row identity that survives being updated. Neither is a type you opt into per column. Both apply to the whole table — and both change what the table is capable of.

Row lineage has the larger consequence: it means an Iceberg table can answer which rows changed since this point without a change data capture pipeline attached to it. No Debezium, no log reader, no separate stream. The answer is a WHERE clause against a column that Iceberg maintains for you.

The runs below show both features and measure deletion-vector storage. The lineage query also exposes a limit in August 2026: it finds inserts and updates, but a deleted row is absent from its result.

Pinned: Apache Iceberg 1.11.0 (iceberg-spark-runtime-4.1_2.13:1.11.0) on Spark 4.1.3, Java 21, against the 1.10.1 REST catalog fixture. PyIceberg 0.11.1 and DuckDB 1.5.5 read the same tables. Everything below was executed unless the sentence says otherwise.

The file that tells you which one it is

Chapter 10 established merge-on-read. Instead of rewriting a data file to remove a row, the writer leaves the data file alone and records the deletion in a separate file. Under v2 that separate file is a Parquet file listing (file_path, position) pairs.

Under v3 it is this:

00000-33-12eff7ed-8bb9-4301-a52e-20aee32f24e3-00001-deletes.puffin

Not .parquet. .puffin. That extension is the whole visible difference, and it is the fastest way to tell by eye which encoding a table is actually using. Which turns out to matter: as the previous chapter showed, a v3 table produces neither until you ask it to.

Here is a bookshop orders table set up to produce them. It is a cut-down version: four columns rather than the eight chapter 3 dissected. Deletion vectors are indifferent to how wide a row is, and a narrower table makes the Puffin file easier to read by hand:

CREATE TABLE ice.ch20.orders (order_id BIGINT, customer STRING, status STRING, amount DOUBLE)
USING iceberg TBLPROPERTIES (
  'format-version'='3',
  'write.delete.mode'='merge-on-read',
  'write.update.mode'='merge-on-read',
  'write.merge.mode'='merge-on-read');

INSERT INTO ice.ch20.orders VALUES
  (1,'ada','placed',30.0),(2,'grace','placed',12.5),(3,'alan','shipped',99.0),
  (4,'kay','placed',7.25),(5,'edsger','shipped',44.0);

DELETE FROM ice.ch20.orders WHERE order_id = 2;

SELECT content, record_count, file_size_in_bytes, file_path
FROM ice.ch20.orders.all_delete_files;

+-------+------------+------------------+---------------------------------------------+
|content|record_count|file_size_in_bytes|file_path                                    |
+-------+------------+------------------+---------------------------------------------+
|1      |1           |478               |...-00001-deletes.puffin                     |
+-------+------------+------------------+---------------------------------------------+

content = 1 is Iceberg’s marker for a position delete, the same value a v2 position delete file carries. The metadata schema did not change — the encoding did.

What is actually inside 478 bytes

Puffin is Iceberg’s own small container format for auxiliary blobs. Open one: the structure explains the performance argument better than a description of it does.

Take the 480-byte file produced by a later mutation, and read its first four and last four bytes:

size 480
head magic b'PFA1'
tail magic b'PFA1'

A magic number at both ends — so a reader can find the footer from the end of the file without scanning. The footer is JSON:

{
  "blobs": [
    {
      "type": "deletion-vector-v1",
      "fields": [ 2147483645 ],
      "snapshot-id": -1,
      "sequence-number": -1,
      "offset": 4,
      "length": 44,
      "properties": {
        "referenced-data-file": ".../00000-27-daa520b3-...-0-00001.parquet",
        "cardinality": "2"
      }
    }
  ],
  "properties": {
    "created-by": "Apache Iceberg 1.11.0 (commit 6976e020b894f6a6777704df2b8c4458cb291ae9)"
  }
}

The footer tells a reader how to interpret the blob, where to find it and which data file it affects.

"type": "deletion-vector-v1" is the blob type. Puffin is a general container, and Iceberg already uses it for other things, notably table statistics. The type string is how a reader knows which of those it is holding.

fields: [2147483645] is the field ID the blob is about. That number is Integer.MAX_VALUE - 2, one of Iceberg’s reserved metadata field IDs. It means _pos, the row’s ordinal position within its data file. So the blob is a set of positions, exactly as a v2 position delete file is.

offset: 4, length: 44 locates the payload. The entire deletion vector for this data file is 44 bytes, in a 480-byte file. Everything else is the container and the footer.

referenced-data-file and cardinality are the two things a query planner wants before it reads anything — which data file this applies to, and how many rows it removes.

The payload itself is a serialised Roaring bitmap:

blob bytes: 00000024 d1d33964 0100000000000000 000000003a3000000100000000000100...
            ^length  ^magic

A four-byte length, a four-byte magic number, then the bitmap. That is the substantive change. A v2 position delete file stores a row per deleted position; a deletion vector stores a bitmap. Bitmaps compress runs of deletions to nearly nothing. And a reader applies one with a membership test on an integer, rather than by merging a sorted stream of positions against the data file it is scanning.

[image: A Puffin delete file carries the magic number PFA1 at both ends, a 44-byte deletion vector at offset 4, and a JSON footer naming the blob type deletion-vector-v1, the reserved field id 2147483645 for the row position, the referenced data file and a cardinality of 2. The payload is a four-byte length, a four-byte magic number and a serialised Roaring bitmap.]

Exactly one per data file

There is a rule in v3 that v2 does not have: at most one deletion vector may apply to a data file. It is the constraint that makes the encoding useful — and it is directly observable.

Continuing on the same table, the delete above produced a DV over the first data file with record_count = 1. Now update a row in that same file:

UPDATE ice.ch20.orders SET status = 'shipped' WHERE order_id = 1;

delete files now:
+-------+------------+---------------------------------------------------------+
|content|record_count|file_path                                                |
+-------+------------+---------------------------------------------------------+
|1      |1           |00000-33-12eff7ed-...-00001-deletes.puffin               |
|1      |2           |00000-37-e00d4dc3-...-00001-deletes.puffin               |
+-------+------------+---------------------------------------------------------+

A second puffin, with record_count = 2. It did not add a delete to the existing vector; it wrote a new vector containing both positions — and the old one is now historical. Now delete once more, against a different data file, and ask for the live set. You get exactly two files, one per data file:

LIVE delete files (current snapshot only):
+-------+------------+---------------------------------------------------------+
|content|record_count|file_path                                                |
+-------+------------+---------------------------------------------------------+
|1      |1           |00000-42-1fa323fb-...-00001-deletes.puffin               |
|1      |2           |00000-37-e00d4dc3-...-00001-deletes.puffin               |
+-------+------------+---------------------------------------------------------+

Three deletions across two data files, two vectors, one each. The all_delete_files view shows all three that were ever written, with referenced_data_file making the pairing explicit. The live view shows the two that count.

This is where the reading cost goes. Under a rule of one vector per data file, a scan’s worst case is one extra small read per data file it touches. And the planner knows the cardinality before opening anything. Without that rule, delete files accumulate against a data file and every scan pays for all of them.

[image: A delete against a v3 merge-on-read table writes a deletion vector with a record count of 1, and a later update to a row in the same data file does not add a position to that vector: it writes a whole new vector with a record count of 2 and leaves the first one historical. The live set therefore holds exactly one vector per data file, which is the rule that keeps a scan to one extra small read per data file.]

A caveat on that framing, because I checked and the obvious version of the comparison is wrong. The claim you will read is that v2 accumulates delete files while v3 does not. In Iceberg 1.11.0 that is not what Spark does. Ten successive single-row deletes against a v2 merge-on-read table leave exactly one live delete file. The writer rewrites it each time, just as the v3 writer rewrites the vector. The difference between them is not file count. It is size — and the guarantee.

Measuring the difference

Two identical bookshop tables, 1,000 rows each, two data files each, one at v2 and one at v3, both on merge-on-read. Ten separate DELETE statements against each.

--- v2 table, 2 data file(s), 1000 rows ---
  after delete # 1: live delete files=1  positions=1   bytes=1596
  after delete # 2: live delete files=1  positions=2   bytes=1647
  after delete # 3: live delete files=1  positions=3   bytes=1651
  after delete # 5: live delete files=1  positions=5   bytes=1654
  after delete #10: live delete files=1  positions=10  bytes=1681
  rows remaining: 990
  files on disk by extension: {'parquet': 12}
  total bytes in data/: 20480

--- v3 table, 2 data file(s), 1000 rows ---
  after delete # 1: live delete files=1  positions=1   bytes=478
  after delete # 2: live delete files=1  positions=2   bytes=480
  after delete # 3: live delete files=1  positions=3   bytes=482
  after delete # 5: live delete files=1  positions=5   bytes=486
  after delete #10: live delete files=1  positions=10  bytes=497
  rows remaining: 990
  files on disk by extension: {'puffin': 10, 'parquet': 2}
  total bytes in data/: 8804

Both tables end with 990 rows and one live delete file. The v2 delete file is 1,681 bytes and the v3 vector is 497, a factor of about 3.4. Across everything left on disk, including the superseded versions that a later expiry will collect, 20,480 bytes against 8,804.

Look at the growth rates — because they are the real story. Ten deletes moved the v2 file from 1,596 to 1,681 bytes, and the v3 vector from 478 to 497. Roughly 9 bytes per deleted row against roughly 2. The v2 floor of 1,596 bytes is Parquet overhead — a schema, a footer, row group metadata, all to describe a single integer. Puffin’s floor is 478 bytes for a 42-byte bitmap and a JSON footer with a file path in it.

These are small absolute numbers on a deliberately small table, and I want to be careful about what they do and do not show. They demonstrate the shape of the difference, not its magnitude at scale. What I did not measure is query latency with vectors versus position deletes, on either table, at any size. The bitmap-versus-merge argument is a structural one and I have not put a stopwatch on it.

[image: Ten deletes move a v2 position delete file from 1,596 to 1,681 bytes and a v3 deletion vector from 478 to 497 — about nine bytes per deleted row against about two. Both tables end with 990 rows and one live delete file; on disk the v2 table holds 12 Parquet files and 20,480 bytes against the v3 table’s 10 puffin plus 2 Parquet files and 8,804 bytes. Query latency was not measured.]

Two knobs that stop mattering

Two things you may have configured for v2 behave differently here.

write.delete.granularity is inert. Under v2 it chooses between one delete file per data file and one per partition. Under v3 the one-vector-per-data-file rule settles it. Two identical partitioned tables, one at each setting, one DELETE hitting two data files:

--- write.delete.granularity = file ---
  delete-file entries: 2 | distinct puffin files: 1
    ...deletes.puffin -> refs 00000-2-4dc9ec8b... | records 1 | offset 4  | blob bytes 42
    ...deletes.puffin -> refs 00000-5-fd2cfa91... | records 1 | offset 46 | blob bytes 42
  puffin files on disk: 1 [836]

--- write.delete.granularity = partition ---
  delete-file entries: 2 | distinct puffin files: 1
    ...deletes.puffin -> refs 00000-16-cb12a355... | records 1 | offset 4  | blob bytes 42
    ...deletes.puffin -> refs 00000-13-4e503acb... | records 1 | offset 46 | blob bytes 42
  puffin files on disk: 1 [848]

Identical structure at both settings. Notice what one puffin file is doing here: it holds two deletion vectors, at offsets 4 and 46, 42 bytes each, one per data file. The rule is one vector per data file, not one file per vector, and a single commit packs its vectors together. That is why delete_files shows two rows with the same file_path and different referenced_data_file values. It looks like a contradiction until you have seen the footer.

Mixed encodings coexist, and both are applied. A table that was v2, took a merge-on-read delete, and was then upgraded does not lose its Parquet delete file:

LIVE delete files at v2:
|content|record_count|...-00001-deletes.parquet|

LIVE delete files after upgrading and deleting again:
|content|record_count|...-00001-deletes.puffin |
|content|record_count|...-00001-deletes.parquet|

rows: 2
+--------+--------+
|order_id|customer|
+--------+--------+
|1       |ada     |
|4       |kay     |
+--------+--------+

Four rows, two deletes, one recorded as Parquet and one as a bitmap, and the reader applies both correctly. The upgrade does not migrate existing delete files — and it does not have to; the v3 specification keeps position delete files readable. What it does not allow is writing a new one.

What deletion vectors do not replace

The new bitmap encoding still needs a known row position. Chapter 10 described two kinds of delete file. A position delete says “row 47 of that file is gone”. An equality delete says “any row where order_id = 5 is gone”, without knowing where such rows live. Position deletes are what a batch engine writes — because it just scanned the data and knows the positions. Equality deletes are what a streaming writer produces, because it has a key and no intention of scanning anything.

Deletion vectors replace the position encoding only. The specification is explicit:


Position deletes are encoded in a position delete file (V2) or deletion vector (V3 or above). Equality deletes — Mark a row deleted by one or more column values, like id = 5. Equality deletes are encoded in equality delete file.



So the v2-to-v3 delete story is:





















		v2	v3
	Position deletes	position delete file (Parquet)	deletion vector (Puffin)
	Equality deletes	equality delete file	equality delete file, unchanged


Equality deletes are alive and well in v3. If you write to Iceberg from Flink or Kafka Connect, that is still your mechanism and nothing about it changed.

I could not produce an equality delete to show you. Spark SQL does not write them, and this lab has no Flink or Kafka Connect, which chapter 17 already flagged. What I can offer instead is corroboration from the 1.11.0 runtime jar, which is evidence rather than execution. ClusteredEqualityDeleteWriter, DeleteFileIndex$EqualityDeletes, ConvertEqualityDeleteFiles and ConvertEqualityDeleteStrategy are all present. And a scan of the shaded classes turns up no “not supported in v3” validation for them.

That third class name is the interesting one. ConvertEqualityDeleteFiles is a maintenance action that rewrites equality deletes into position deletes, which is the right thing to want. Equality deletes are cheap to write and expensive to read, because applying one means evaluating a predicate against every candidate row. Converting them on a schedule moves that cost off the read path. Spark 4.1 exposes no SQL procedure for it. The procedures shipped in that runtime are rewrite_data_files, rewrite_position_delete_files, rewrite_manifests, expire_snapshots, remove_orphan_files, add_files, migrate, snapshot, and the snapshot-management set; there is no convert_equality_deletes among them. Whether the action is reachable from another engine, I did not test.

Maintenance, with vectors in the way

Chapter 12 built the compaction story on a v2 table. It holds on v3, with one addition worth showing.

rewrite_position_delete_files runs on a v3 table without complaint and, on a table that already has exactly one compact vector per data file, does nothing:

v3: [Row(rewritten_delete_files_count=0, added_delete_files_count=0,
         rewritten_bytes_count=0, added_bytes_count=0)]

Which is the correct answer and also a reminder — a procedure returning zeroes is not the same as a procedure failing. The v2 table returned the same zeroes for the same reason.

Compaction is where the deletes actually get resolved. Asking rewrite_data_files to rewrite any file carrying at least one delete:

CALL ice.system.rewrite_data_files(
  table => 'ch20.amp_v3',
  options => map('delete-file-threshold','1'));

[Row(rewritten_data_files_count=2, added_data_files_count=1, rewritten_bytes_count=3933,
     failed_data_files_count=0, removed_delete_files_count=1)]

live delete files after compaction: Row(count(1)=0, sum(record_count)=None)
rows: 990

Two data files became one, the deletion vector was consumed, and the table now has zero delete files and the same 990 rows. The deletions have been materialised into the data. This is the operation that stops merge-on-read read costs from growing without bound. Nothing about v3 changes when you need to run it.

What v3 adds is a property that survives it, and this is the bridge to the second half of the chapter:

+--------+-------+-----------------------------+
|order_id|_row_id|_last_updated_sequence_number|
+--------+-------+-----------------------------+
|1       |0      |1                            |
|36      |35     |1                            |
|38      |37     |1                            |
+--------+-------+-----------------------------+

Order 38 kept _row_id = 37 through a physical rewrite that changed which file it lives in and which position it occupies. Note that 37 is not its new position; order 37 was deleted, so order 38 sits at offset 36 in the compacted file. The identity was carried — not recomputed. If it were recomputed from position, compaction would silently renumber every row in the table, and everything in the rest of this chapter would be worthless.

Row lineage

Two hidden columns appear on a v3 table and on no other kind:


	_row_id — a numeric identity for the row, assigned once and preserved across updates.

	_last_updated_sequence_number — the sequence number of the commit that last changed the row.



Ask for them on a v2 table and there is nothing there:

[UNRESOLVED_COLUMN.WITH_SUGGESTION] A column, variable, or function parameter with name
`_row_id` cannot be resolved. Did you mean one of the following? [`id`].

On the v3 bookshop table, straight after the initial insert:

+--------+--------+-------+-------+-----------------------------+
|order_id|customer|status |_row_id|_last_updated_sequence_number|
+--------+--------+-------+-------+-----------------------------+
|1       |ada     |placed |0      |1                            |
|2       |grace   |placed |1      |1                            |
|3       |alan    |shipped|2      |1                            |
|4       |kay     |placed |3      |1                            |
|5       |edsger  |shipped|4      |1                            |
+--------+--------+-------+-------+-----------------------------+

Five rows, ids 0 through 4, all last updated at sequence number 1, which is the first commit.

The mechanism is cheap — which is why it can be on by default. Nothing stores a row id per row. Each data file is stamped with a first_row_id, and the table metadata keeps a next-row-id counter. A row’s id is its file’s first_row_id plus its position within the file. That is why the counter is the only new key v3 adds to metadata.json. And it is why turning lineage on costs one integer per file.

Now mutate the table and watch what is preserved.

DELETE FROM ice.ch20.orders WHERE order_id = 2;

+--------+-------+-----------------------------+
|order_id|_row_id|_last_updated_sequence_number|
+--------+-------+-----------------------------+
|1       |0      |1                            |
|3       |2      |1                            |
|4       |3      |1                            |
|5       |4      |1                            |
+--------+-------+-----------------------------+

Row 2’s id is simply absent. Nothing renumbered. Order 3 is still id 2, order 5 is still id 4 — and their sequence numbers did not move because those rows did not change.

UPDATE ice.ch20.orders SET status = 'shipped' WHERE order_id = 1;

+--------+--------+-------+-------+-----------------------------+
|order_id|customer|status |_row_id|_last_updated_sequence_number|
+--------+--------+-------+-------+-----------------------------+
|1       |ada     |shipped|0      |3                            |
|3       |alan    |shipped|2      |1                            |
|4       |kay     |placed |3      |1                            |
|5       |edsger  |shipped|4      |1                            |
+--------+--------+-------+-------+-----------------------------+

This is the whole feature in one row. Order 1 was physically deleted and rewritten, since that is what an update is on a merge-on-read table. Its _row_id is still 0. Its _last_updated_sequence_number moved from 1 to 3.

An identity that survives a rewrite, and a marker saying when it last moved. That is the pair of properties change data capture needs, and until v3 an Iceberg table had neither.

[image: On a v3 merge-on-read table, an insert assigns row ids 0 to 4 at sequence number 1; deleting order 2 removes its id and renumbers nothing; updating order 1 rewrites the row physically while keeping row id 0 and moving its last-updated sequence number from 1 to 3. A later compaction moved a row into a new file at a different offset and it kept the row id it already had.]

Change data capture, without a pipeline

The sequence number is not an opaque token. It is the sequence number of a snapshot — and you can join it back:

SELECT latest_snapshot_id, latest_sequence_number FROM ice.ch20.cdc.metadata_log_entries;

+-------------------+----------------------+
|latest_snapshot_id |latest_sequence_number|
+-------------------+----------------------+
|NULL               |NULL                  |
|4376255550193412477|1                     |
|7479481975871161618|2                     |
|2179919659063503891|3                     |
|8390287567131515192|4                     |
+-------------------+----------------------+

(The snapshots metadata table does not expose the sequence number; metadata_log_entries does. It is not obvious and it costs a few minutes to discover.)

So: take a bookshop table at sequence number 1, apply an update, a delete and an insert, and ask what changed.

SELECT order_id, customer, status, _row_id, _last_updated_sequence_number
FROM ice.ch20.cdc
WHERE _last_updated_sequence_number > 1
ORDER BY order_id;

+--------+--------+-------+-------+-----------------------------+
|order_id|customer|status |_row_id|_last_updated_sequence_number|
+--------+--------+-------+-------+-----------------------------+
|1       |ada     |shipped|0      |2                            |
|4       |kay     |placed |4      |4                            |
+--------+--------+-------+-------+-----------------------------+

Order 1, updated at sequence 2. Order 4, inserted at sequence 4. Both correct, both identified by a predicate on an ordinary column — planned like any other filter. No connector, no log tail, no external state. Record the high-water sequence number your consumer has seen, and next time ask for everything above it.

The query identifies the surviving changed rows. It does not yet provide a complete change feed, for four reasons.

A deleted row does not appear. Order 2 was deleted and it is not in that result, because lineage describes rows that exist — there is no tombstone. If your consumer needs to know about deletions, and most do, lineage alone does not tell you. You would have to diff against the previous state or read the delete files directly.

Row ids have gaps, and they carry no ordering. Order 4 was inserted third and got id 4, not 3. Ids are allocated to files in ranges rather than to rows one at a time. Treat _row_id as an opaque identifier. It is not a sequence, not a count — and comparing two of them tells you nothing.

The built-in changelog procedure does not work with this. Spark’s Iceberg runtime ships create_changelog_view, which is the obvious tool for the job. It produces a view with insert, delete and update-before/update-after markers. On a table with delete files it refuses:

CALL ice.system.create_changelog_view(table => 'ch20.cdc', ...)

UnsupportedOperationException: Delete files are currently not supported in changelog scans

Which is to say it does not work on any merge-on-read table, which is every table you would want deletion vectors on. This is the sharpest edge in the chapter. v3 gives you the raw material for CDC, and the tool built to consume it cannot yet read a table that uses v3’s other headline feature.

Incremental reads see appends only. The other pre-existing approach, scanning between two snapshots, has the same shape of problem:

(spark.read.format("iceberg")
    .option("start-snapshot-id", snap1)
    .option("end-snapshot-id", snap2)
    .load("ice.ch20.cdc").show())

+--------+--------+------+
|order_id|customer|status|
+--------+--------+------+
|4       |kay     |placed|
+--------+--------+------+

One row. The update to order 1 and the deletion of order 2 both happened in that range and neither is visible, because an incremental scan reads appended data files.

So the honest summary is: row lineage is the substrate for CDC, and in Iceberg 1.11.0 you write the query yourself. The predicate is simple and it works. What it gives you is updates and inserts, and you need a separate answer for deletes.

[image: Filtering on a last-updated sequence number greater than 1 returns the row updated at sequence 2 and the row inserted at sequence 4, with no connector and no external state. Three limits remain: a deleted row never appears because there is no tombstone, create_changelog_view refuses any table carrying delete files, and an incremental snapshot scan returns only the appended row.]

The upgrade case, which is stranger than you expect

The earlier lineage runs used tables born at v3. An upgraded table starts with files that have no row identities, so a consumer needs to account for the first commit after the upgrade.

Three rows written at v2, then upgraded:

+------------+------------+---------------------------------------+
|record_count|first_row_id|file_path                              |
+------------+------------+---------------------------------------+
|1           |NULL        |00000-12-32497487-...-0-00001.parquet  |
|2           |NULL        |00001-13-32497487-...-0-00001.parquet  |
+------------+------------+---------------------------------------+

+---+-------+
|id |_row_id|
+---+-------+
|1  |NULL   |
|2  |NULL   |
|3  |NULL   |
+---+-------+

No first_row_id on the files, no _row_id on the rows. The previous chapter showed this and left it there. Here is what happens next. Commit anything at all, in this case an unrelated insert of a single row:

INSERT INTO ice.ch20.backfill VALUES (99);

+------------+------------+---------------------------------------+
|record_count|first_row_id|file_path                              |
+------------+------------+---------------------------------------+
|1           |0           |00000-16-5ea78af4-...-0-00001.parquet  |
|1           |1           |00000-12-32497487-...-0-00001.parquet  |
|2           |2           |00001-13-32497487-...-0-00001.parquet  |
+------------+------------+---------------------------------------+

+---+-------+
|id |_row_id|
+---+-------+
|1  |1      |
|2  |2      |
|3  |3      |
|99 |0      |
+---+-------+

The three pre-existing rows were assigned ids, retroactively, by a commit that had nothing to do with them. And the newest row got id 0 while the older rows got 1, 2 and 3. Why the new file got the first range rather than the last, I did not chase into the manifest-writing code. What I can report is the order the ids came out in, and it is not the one you would guess.

Nothing here is wrong — ids are opaque, and the specification does not promise that a lower id means an older row. But if you had built anything on the assumption that ids reflect insertion order, this is where it breaks. And it breaks quietly, on a table you upgraded rather than created.

[image: A table upgraded from v2 to v3 reports null first_row_id on its files and null row ids on its rows. One unrelated insert back-fills them: the three pre-existing rows are given ids 1, 2 and 3 while the newly inserted row takes id 0. The ordering was observed rather than explained, and it carries no meaning about when a row was written.]

The practical consequence has two halves. On an upgraded table, do not start a CDC consumer until after the first post-upgrade commit. And do not treat the sequence numbers on back-filled rows as meaningful history. They record when the row was given an identity, not when it was written.

Where the engines are

Deletion vectors and row lineage are supported unevenly, and the unevenness does not follow engine maturity. Against one v3 table with both features in use:






























		Reads v3	Applies the deletion vector	_row_id
	Spark 4.1.3 + Iceberg 1.11.0	yes	yes	yes
	DuckDB 1.5.5	yes	yes	yes
	PyIceberg 0.11.1	yes	yes	no


PyIceberg reads the table, applies the vector correctly, sees the puffin files through inspect.all_delete_files(), and reports next-row-id: 6 from the metadata. It has no lineage columns:

_row_id via PyIceberg FAILED: ValueError: Could not find column: '_row_id'

DuckDB, attached to the same REST catalog, returns ids that match Spark’s exactly:

duckdb _row_id: [(3, 2), (5, 4), (1, 0)]

Beyond this lab I am relying on reported support rather than measurement, and it should be treated accordingly. As of mid-2026, Trino implements deletion vectors for read and write but not full row lineage, and its compaction is not vector-aware. Flink has deletion vectors and vector-aware compaction, with row lineage in progress. I have run neither. Check your engine’s release notes against the specific operation you need, because “supports v3” is not a claim that means anything at this level of granularity.

When not to do this

Merge-on-read with deletion vectors is not a default you should reach for because it is new.

If your table is refreshed wholesale, none of this applies. A table you overwrite nightly has no deletes to encode — and no rows whose identity persists. Copy-on-write is simpler and reads faster.

If you mutate rarely and read constantly, copy-on-write is still probably right. Merge-on-read moves cost from the writer to every subsequent reader, and the vector shrinks that cost without removing it. The arithmetic in chapter 10 is unchanged by v3; the constant got smaller.

If you adopt merge-on-read, you have adopted compaction. The rewrite_data_files call above is not optional maintenance, it is the other half of the design. A merge-on-read table nobody compacts gets slower every day, and it does so without a single error.

And do not build a CDC pipeline on row lineage this quarter without prototyping the delete path first. Updates and inserts work today, cleanly, in a WHERE clause. Deletes do not, and create_changelog_view cannot see a table with delete files. Both are the kind of gap that closes in a release or two. Find out where they are on your versions before you design around them.

Final thoughts

Deletion vectors are the smaller of the two changes and the easier one to justify. They are a better encoding of something Iceberg already did: 44 bytes of bitmap instead of a Parquet file, one per data file by rule rather than by luck. The cardinality and the referenced file are legible from the footer before you open anything. Turn them on with write.delete.mode, keep compacting, and the table behaves as it did before, more cheaply.

Row lineage is the one that changes what an Iceberg table is. A row can now be updated, moved to a different file by compaction, and still answer to the same identity, with a marker saying when it last changed. That is a property databases have and data lakes did not. It removes the argument for bolting a change data capture system onto the side of a table that already knows what changed.

There is still work to do around that identity. A WHERE clause finds updates and inserts. Deletes are invisible to it. The built-in changelog view cannot read a merge-on-read table. And an upgraded table hands out its first ids in an order that will surprise you. All three are the kind of thing a book written from the specification would not mention, because the specification does not have them. They are what the installed version does in August 2026.

The capstone puts the mechanisms together on one bookshop lakehouse: loading, evolution, deliberate fragmentation, maintenance and queries from four engines. Watching the state change across that workflow is the final check on how the parts fit.





Fifty Thousand Orders, and Everything That Happens to Them

Fifty thousand bookshop orders fit in one data file. Forty more orders, delivered one commit at a time, turn that file into forty-one. The rows remain correct; the maintenance work changes.

[image: Build, evolve, mutate, degrade, repair, audit, publish, roll back, expire history, and verify the same answer across engines.]

The same table also has to survive a renamed column, a new partition spec, deletes and bad batches. Every operation below appeared in an earlier chapter. Running them together lets us follow which state changes, which files survive, and whether three engines still return the same revenue totals.

Run against Spark 4.1.3 / Iceberg 1.11.0 / PyIceberg 0.11.1 / DuckDB 1.5.5, through the REST catalog from chapter 5.

1. Build it

A partitioned, merge-on-read table, and fifty thousand orders in one commit:

CREATE TABLE ice.bookshop.capstone (
  order_id BIGINT, customer_id BIGINT, book_title STRING, country STRING,
  quantity BIGINT, amount DOUBLE, status STRING, ordered_at TIMESTAMP)
USING iceberg PARTITIONED BY (months(ordered_at))
TBLPROPERTIES ('write.delete.mode' = 'merge-on-read');

data_files=   1 bytes=   117233 delete_files= 0 manifests=   1 snapshots=  1 | rows: 50000

Fifty thousand rows in one data file of 117 KB, one manifest, one snapshot. That is what a table looks like when it is written in one commit, and it is the baseline everything below is measured against. Remember the shape: one commit, four files (chapter 3).

2. Change the schema (chapter 7)

The bookshop needs a new channel column and wants book_title renamed to title. Both changes belong in the schema:

ALTER TABLE ice.bookshop.capstone ADD COLUMN channel STRING;
ALTER TABLE ice.bookshop.capstone RENAME COLUMN book_title TO title;

columns: [order_id, customer_id, title, country, quantity, amount, status, ordered_at, channel]
files rewritten: 0

Zero. A rename and an addition, on a table of fifty thousand rows, and not one byte of data moved. The rename is safe because the column was never identified by name — field 3 is still field 3, and the Parquet files still carry PARQUET:field_id 3. This is the operation that, against the folder of chapter 1, silently split one logical column into two.

3. Change the layout (chapter 9)

The layout needs to move from monthly to daily partitions. Changing the spec controls where subsequent writes land:

ALTER TABLE ice.bookshop.capstone DROP PARTITION FIELD months(ordered_at);
ALTER TABLE ice.bookshop.capstone ADD PARTITION FIELD days(ordered_at);

data_files=   1 bytes=   117233 delete_files= 0 manifests=   1 snapshots=  1

Identical to before. Repartitioning a table wrote no data, no snapshot and no manifest — it appended a new partition spec to the metadata and moved a default. In Hive this is a migration with an outage. Here it is a metadata edit, and the existing file keeps its old spec forever. That is precisely why chapter 9 warns that evolution changes the future rather than the past.

[image: A table of fifty thousand orders in one data file of 117,233 bytes keeps exactly the same file, byte, manifest and snapshot counts after a column is added and another renamed, and again after its partitioning is changed from months to days. The rename rewrote zero files because the column is identified by field id, not by name.]

4. Mutate it (chapter 10)

DELETE FROM ice.bookshop.capstone WHERE status='shipped' AND country='DE';

data_files=   1 bytes=   117233 delete_files= 1 manifests=  2 snapshots=  2  rows: 47619

The data file is byte-for-byte unchanged and a delete file appeared beside it. That is merge-on-read: the writer did almost nothing, and every reader from here on pays a little to subtract those rows. Had the table been copy-on-write, that 117 KB file would have been rewritten to remove roughly two thousand rows.

5. Wreck it (chapter 11)

Now the thing that actually happens to production tables. Forty late orders arrive one at a time, each in its own commit:

data_files=  41 bytes=   216470 delete_files= 1 manifests=  42 snapshots= 42
query: 336.1 ms

Forty single-row inserts turned one data file into forty-one, one manifest into forty-two, and grew the table on disk from 117 KB to 216 KB — an 85% size increase to add forty rows. The rows themselves are a rounding error; what grew is the per-commit overhead of chapter 3’s four-file rule, applied forty times.

The query cost is the point. A grouped aggregate over the whole table now takes 336 ms, best of three.

Nothing is broken. Every row is correct, every commit was atomic, and nothing warned anybody. This is the shape a streaming or micro-batch pipeline reaches within hours, and it is invisible until someone complains that the dashboard got slow.

6. Repair it (chapters 12 and 13)

rewrite_data_files: {'rewritten_data_files_count': 40, 'added_data_files_count': 9,
                     'rewritten_bytes_count': 99237, 'failed_data_files_count': 0,
                     'removed_delete_files_count': 0}
rewrite_manifests:  {'rewritten_manifests_count': 41, 'added_manifests_count': 1}

data_files=  10 bytes=   143569 delete_files= 1 manifests=   3 snapshots= 44
query: 163.5 ms   (2.1x)

Forty-one data files became ten. Forty-two manifests became three. The query went from 336 ms to 163 ms.

The compaction produced nine files, not one, because the late orders crossed partition boundaries. rewrite_data_files bin-packs within partitions, and the table is partitioned by day. The forty late orders spanned nine days, so nine is the floor. Compaction cannot merge across partition boundaries, which means your partitioning decides how small your file count can ever get. That is chapter 8 and chapter 12 meeting, and it is the reason over-partitioning is so hard to recover from.

Note also what has not happened yet: the snapshot count went up, to 44. Compaction is a write like any other. Nothing has been reclaimed, and the disk still holds every superseded file.

7. The counter that lies

Look again at that first result:

'removed_delete_files_count': 0

And at the state afterwards: delete_files= 1. The delete file from step 4 survived compaction, and the counter reporting on delete files reported zero either way.

The successful compaction therefore has not removed the cost of applying deletes. An ordinary rewrite_data_files does not fold position deletes back into the data files. The table is still merge-on-read, still carrying its delete file, still paying a small read cost — after a compaction that reported complete success.

Getting rid of it takes a deliberate option (use-starting-sequence-number => false), and even then the removed_delete_files_count figure cannot be trusted to tell you it happened. Check delete_files directly. The lesson generalises: in a maintenance job, verify the state, not the return value.

[image: Forty single-row commits turn one data file into 41 and two manifests into 42, grow the table from 117,233 to 216,470 bytes, and take a grouped aggregate to 336.1 milliseconds. Compaction and a manifest rewrite bring it to 10 data files, 3 manifests and 163.5 milliseconds, while the snapshot count rises to 44 and the delete file survives.]

8. Catch a bad batch before anyone sees it (chapter 16)

A batch arrives with negative quantities. We stage it on a branch rather than on the table:

ALTER TABLE ice.bookshop.capstone CREATE BRANCH staging;
SET spark.wap.branch = staging;
INSERT INTO ice.bookshop.capstone VALUES (999999, 1, 'Corrupt', 'ZZ', -5, -1.0, …);

staged on branch : 47660 rows, 1 invalid -> reject
main untouched   : 47659 rows (was 47659)

The write landed, was queried, was found bad, and main never moved. Drop the branch and it is as if the batch never existed.

Two things make this work, and both are easy to get wrong. The table has write.wap.enabled = true — without it, spark.wap.branch is silently ignored and the batch goes straight to main. And while the branch is set, reads redirect to it too, which is why the 47,660 above is the branch’s count and not main’s. Unset the config before you check whether you were affected.

9. Undo one that got through (chapter 6)

Not every bad batch gets staged. This one lands on main:

bad batch landed : 47660 rows, max amount 99999.0
rolled back      : 47659 rows, max amount 133.5

One procedure call restores both the row count and the maximum amount. The previous version was never destroyed — returning to it moves a pointer, without a backup restore or a pipeline re-run.

One trap, which caught me while writing this. .snapshots includes snapshots from every branch, so “the most recent snapshot” is not necessarily on main. My first attempt grabbed the staging branch’s snapshot and got ValidationException: Cannot roll back to snapshot, not an ancestor of the current state. Use .history, which only tracks main.

10. Then throw the history away (chapter 13)

Everything above depends on old snapshots existing. Expiry is what reclaims their storage, and the two goals are in direct conflict:

history before   : 46 snapshots
expire_snapshots : {'deleted_data_files_count': 42, 'deleted_manifest_files_count': 83,
                    'deleted_manifest_lists_count': 45}
after expiry     : data_files=  10 bytes=  143569 delete_files= 1 manifests= 3 snapshots=  1

Forty-six snapshots became one. Expiry deleted 42 data files, 83 manifests and 45 manifest lists. That is more metadata files than this table has ever had data files — chapter 3’s four-file rule, paid back all at once.

And the rollback we just performed is now impossible. Every version except the current one is gone. retain_last => 1 is not a tuning parameter, it is a retention policy, and choosing it means choosing how far back your worst incident can be undone. On this table I would not run it that way; I ran it here to make the trade visible in one line.

[image: A bad batch staged on a branch reaches 47,660 rows while main stays at 47,659; a bad batch that lands on main is undone by a rollback restoring both the row count and the maximum amount. Expiring snapshots then takes the history from 46 to 1, deleting 42 data files, 83 manifests and 45 manifest lists, and the rollback just performed becomes impossible.]

11. The answer

Finally, the question the table exists to answer — revenue by country — asked three separate ways.

From Spark:

DE 14285  974584.5
GB 16707 1087424.1
US 16667 1112025.0
total rows: 47659

From PyIceberg, through the same REST catalog, no JVM involved:

PyIceberg rows : 47659 | format_version: 2
[('DE', 14285, 974584.5), ('GB', 16707, 1087424.1), ('US', 16667, 1112025.0)]

And from DuckDB, attached directly to the catalog:

DuckDB direct  : [('DE', 14285, 974584.5), ('GB', 16707, 1087424.1), ('US', 16667, 1112025.0)]
DuckDB rows    : (47659,)

Identical to the cent, across three engines with nothing in common but a URL. Each independently read the metadata tree, applied the same merge-on-read delete file, resolved the same schema through a rename, and read files written under two different partition specs.

That is the whole argument of the format, and it is worth being precise about what made it work. Not that the engines are compatible with each other — they are not, and they share no code. They are each compatible with a written-down specification, and they agree because the table describes itself completely enough that agreement is the only available outcome.

[image: Spark, PyIceberg and DuckDB each return DE 14,285 orders at 974,584.5, GB 16,707 at 1,087,424.1 and US 16,667 at 1,112,025.0, over the same 47,659 rows. Each independently read the metadata tree, applied the same merge-on-read delete file, resolved a renamed column and read files written under two partition specs.]

What this book was actually about

Chapter 1 broke a folder four ways: a refresh that returned three different answers, a schema that split in two, no history, and two writers where one silently destroyed the other’s work.

Everything since has been the machinery that makes those four failures impossible, and the price of that machinery. An explicit list of files instead of a directory listing. A schema with numbered fields instead of names that files each remember differently. A pointer that swaps atomically instead of a delete-then-write. Old versions kept instead of overwritten.

And the price, which this chapter measured twice: four files per commit whether the commit carries fifty thousand rows or one, a metadata tree that grows with commits rather than data, and maintenance jobs that are not optional. A table format does not make storage free. It makes storage honest, and then hands you the tools to keep it tidy along with the responsibility to actually run them.

The run leaves three decisions that matter beyond this table.

The catalog is the transaction boundary. Everything atomic in Iceberg happens because one pointer moved. Pick that component carefully, because it is the only part of the system that cannot be replaced casually.

Commit frequency shapes your table more than data volume does. The same fifty thousand rows are one file or forty-one, depending only on how they arrived. Every downstream cost follows from that.

Verify the state, not the return value. The most expensive mistakes in this book were not failures. They were operations that reported success — a partial refresh returning a plausible number, a union_by_name that made a broken query pass, a compaction whose counter said zero, a create_table that produced a table nobody could write to. The format is honest about what it holds. It is up to you to look.
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BOTH WAYS WAP FAILS, IT FAILS SILENTLY

two ways the same setting produces a green build and a wrong outcome

ONE - spark.wap.branch redirects READS as well as writes

setting still set setting unset a validation query that checks

= = "main is unchanged" inside the
Ll ( ) 3 count ( ) 2 same session checks nothing.

TWO - without write.wap.enabled, the staged write is a live write

property set on the table property missing
main after staged write: 2 INSERT -> OK main: 3 refs: ['main']
held back, tagged wap.id, cherrypick to publish no error, no branch — straight into production

Assert on write.wap.enabled at the start of the job. Forgetting it is undetectable
from the job’s own output: a green build, a happy log, an unaudited batch.
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PORTABLE DATA, NON-PORTABLE EDGES

VS
) A
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same rows snapshot provenance
same schema IDs decimal width
same snapshots naive timestamp meaning
same numeric result partition date at timezone edges
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CHAPTER 16
WRITE « AUDIT - PUBLISH

WRITE AUDIT PUBLISH
> >

branch: audit query + validate fast-forward

main stays unchanged until one atomic pointer swap
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CHAPTER 16 + FIGURE 1
AN UPDATE, A DELETE AND TWO INSERTS, IN ONE SNAPSHOT

one batch, three different operations, interleaved with nothing marking which is which

what the table recorded

append
added 4 - 2 files - total 4

UPDATE

MERGE INTO .
l one statement

l order 2 shipped

order 3 cancelled
DELETE overwrite
added 5 deleted 4

+1 data file -2 data files

orders 5 and 6 new
INSERT

files: 1 - records: 5

ONE snapshot. Not three, and not one per clause.

There is no instant at which a reader sees order 2 shipped but order 5 missing.
And the arithmetic is copy-on-write showing through: both original files held an affected
row, so both were rewritten. The cost tracks the files, not the rows you changed.
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CHAPTER 16 * FIGURE 2
THE SAME MERGE, TWO DIFFERENT DISKS

the identical MERGE, on two tables that differ only in three properties — both return the same five rows

\ 3\
COPY-ON-WRITE MERGE-ON-READ
the default — write.merge.mode is unset write.{merge,update,delete}.mode set
overwrite added 5 deleted 4 overwrite added 3
added-data-files 1 added-data-files 1
deleted-data-files 2 added-position-deletes 2
both files held an affected row, nothing was rewritten — two rows got
so both were rewritten an entry in a delete file instead
files: 1 - records: 5 data 3 files / 7 recs - deletes 2/ 2
J J

Seven data records minus two deleted rows is five, which is what the query returns.
Copy-on-write pays at write time; merge-on-read pays on every scan — and only stays
cheap if something is compacting those delete files. Chapter 12 is the condition attached.
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CHAPTER 15 + FIGURE 2
THE TABLE ONLY HALF-REMEMBERS WHO WROTE IT

ask the table who wrote each commit

seq operation added  engine )
Spark engine-name, engine-version
1 append 6 spark iceberg-version (with commit hash)
app-id, app-name, spark.app.id
P append P spark + every file and record counter
enough to find the job that wrote a bad row
J
[ 3 append 1 (not recorded) ] _
PyIceberg added-files-size, added-data-files
[ 4 gabend 1 (et (ReEmIRecE) ] added-records, changed-partition-count
total-* counters
[ 5 append 1 (not recorded) ] no engine name of any kind
counters only
Snapshot summary keys are ‘
advisory, not a schema. )
DuckDB total-records, total-data-files
Only a small set is required, added-data-files, added-records
and provenance is not in it. volunteers deleted-data-files: 0
no added-files-size, no total-files-size
Read table size from the files a different set again
metadata table instead. J
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CHAPTER 15 « FIGURE 3
ONE WALL CLOCK, THREE DIFFERENT INSTANTS

ordered_at is an Iceberg timestamptz, which stores an instant

client what it was given what the table stored
Spark s'ezses?:"—?z7=—2[1ne9:14:ee' _’
DuckDB 5’92505?06"-?27;2;11-15:45:@@’ ->
Pylceberg ::::i‘:::j:z:ulc‘”@ls) ]-} 2026-07-04 10:15:00+00:00
the same wall clock, three different instants and nobody here is wrong

It then moves the row. Order 6 was written 2026-07-02 19:51:00 and stored 2026-07-03 02:51:00+00:00,
so days(ordered_at) files it under partition {2026-07-03}. An evening order on the 2nd is a 3rd-of-July
order as far as the table’s layout is concerned. No warning, and every engine reads back what was stored.

2026-07-01 16:14:00+00:00

2026-07-04 22:45:00+00:00
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CHAPTER 12 * FIGURE 1

THE PROCEDURE REPORTS SUCCESS AND CHANGES NOTHING

s N s N
CALL ice.system.rewrite_data_files( 4 small files )
table => 'chl2.tiny"') nothing

o rewritten_data_files_count : 0
rewritten_data_files_count added_data_files_count : ©
added_data_files_count 0 rewritten_bytes_count : 0
rewritten_bytes_count 0] £i1 4 4
1 >

failed_data_files_count 0] €s

\. /
removed_delete_files_count 0

e N
no exception, no warning, 0.24 s

\ J 5 small files
compacted

s N
before files=4 bytes=11662 disk=34f/768258 rewritten_data_files_count : 5
after files=4 bytes=11662 disk=34f/768258 added_data_files_count : 1

rewritten_bytes_count : 14650
A scheduled job checking the exit code would call this maintenance. files 5 - 1
. J \ J

min-input-files defaults to exactly five, pinned by bisection rather than by reading
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CHAPTER 11 * FIGURE 4
PLANNING GOT 77 TIMES SLOWER; THE WRITER NEVER NOTICED

scan planning only — PyIceberg walks the metadata and reads no data

N
orders_bulk e | 0.003 s The thing that did not
go wrong
orders_daily 91 files . 0.013 s
commit latency across the
150 micro-batches:
e e O T
first 10 avg 0.328 s
The 150th commit was not
3 ms against 232 ms — 77x more work before a byte of data is touched slower than the tenth.
J/
N
The small-files problem is a read problem, and it will not announce itself on the write side.
The pipeline producing the mess has no reason to complain — at this scale, on this table, commit latency was flat.
J

the diagnostic to reach for first, and the one that will never page you





OEBPS/images/11-fig-four-dashboard-numbers.png
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FOUR NUMBERS TO PUT ON A DASHBOARD

3\ N\ N\ 3\
FILE PROFILE @ MANIFESTS [ ] PLAN_FILES o SNAPSHOTS @
count * avg bytes count ¢ total bytes planned task count commit frequency
percent below target existing vs added planning latency metadata-log growth

J J J J
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CHAPTER 12 * FIGURE 2
EVERY COMPACTION LEFT THE TABLE BIGGER ON DISK

three ions, all st ful, all ed on the table directory afterwards
table data files files on disk bytes on disk

every one went up
tiny 4 -1 34 - 50 [ 76,825 —~ 130,983
orders_stream 150 -~ 1 1,202 - 1,312 [15\595.789 - 16,257,218
orders_spread 1,820 - 91 3,762 — 3,990 [4,236,895 — 4,867,794

Compaction adds a snapshot. It never removes one.

The new snapshot names one tidy file; the previous 150 still name the 150 originals, and Iceberg will not delete a file
a retained snapshot still needs. The space comes back at expiry — chapter 13.

~—

compaction without expiry is not maintenance, it is accumulation
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CHAPTER 12 * FIGURE 3

REWRITE TOWARD A TARGET SIZE

Vs
) )
BELOW TARGET ABOVE TARGET
many small files one 91 KB file
bin-pack together 32 KB target
fewer output files rewritten into 6 files
less per-file overhead compaction can increase count
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CHAPTER 11 « FIGURE 2
THE PENALTY SCALES WITH THE FILES A QUERY OPENS

full scan, best of four runs, warm page cache

orders_bulk 1file' 0.149 s
orders_daily 91 files - 0.571 s
orders_stream 1sofiies ([ 0737 s 49x

the same one-day filter, best of four — note the different scale

of files, per-file overhead is

orders_daily L ERUE noise. Benchmark only the
selective query and you will

not see this coming.

the fragmented table is only slow when the query has to open all of it
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CHAPTER 11 « FIGURE 3

FILES PER COMMIT IS WRITERS TIMES PARTITIONS

files per commit = writer tasks x partitions touched

orders_daily one clean daily load

1 commit x 91 day-partitions

91

averaging 3,473 bytes

data files

\.

\.

orders_spread late-arriving rows, every night

20 commits x 91 day-partitions

1,820

averaging 1,968 bytes — 20 per partition

data files

r

™ (
the third multiplier is writer parallelism and what orders_spread read
1,440 x 30 x 8 = 345,600 files a day 7.928 s against 0.149 s
minutely commits, 30 live partitions, 8 writer tasks a 53x penalty on a table that fits in a spreadsheet
J .

no one of these decisions is unreasonable; the product of the three is
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CHAPTER 11 « FIGURE 1

THREE FIXED COSTS PER FILE

OPEN

object request
TLS + authentication

J/

FOOTER

range request
decode metadata

PLAN

one task per file
scheduler overhead

J

THE COST DOES NOT SHRINK WITH THE PAYLOAD
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CHAPTER 11 « FIGURE

1

TWELVE THOUSAND ROWS, OR 136 TIMES THE DISK

the same 12,000 orders, written three ways, returning the same five status totals

s N\ N\ N
orders_stream orders_bulk orders_daily
150 commits of 80 rows one commit one commit, partitioned by day
data files 150 data files 1 data files 91
data bytes 447,029 data bytes 98,081 data bytes 316,119
files on disk 1,202 files on disk 10 files on disk 190
[ bytes on disk ] [ bytes on disk J [ bytes on disk ]
15,538,962 114,146 339,948
. S (. J .

J

114 kB against 15.5 MB — a factor of 136, with nothing duplicated

the data itself is 4.6x bigger (447,029 against 98,081) and the metadata 987x (15,087,133 against 15,289)

identical rows, identical answers, and 15.4 MB of difference
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CHAPTER 18
COMPATIBILITY IS A FEATURE MATRIX

SPEC LIBRARY ENGINE CATALOG
READ v3 v v v v
WRITE v3 v — v v
DELETION VECTORS v — v —_
VARIANT v v v —

TEST EACH FEATURE * EACH DIRECTION
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CHAPTER 18 - FIGURE 1
IT CREATES WHAT IT CANNOT WRITE

PyIceberg 0.11.1, one v3 table, six operations

READ a v3 table —> [ 2 rows (3 written, 1 deleted)

INSPECT delete files all_delete_files() lists the .puffin entry

CREATE format-version 3

>
APPEND one row —>
>

no warning — the table is unusable

ValueError | Cannot write manifest for table version: 3

DELETE one row ValueError | Cannot write manifest for table version: 3

[ OK, metadata says v3

CGIED GIIED GINED I S
amyaamy ey -

UPGRADE v2 to v3 —>[ ValueError | Unsupported table format version: 3

the upgrade path refuses immediately; the create path succeeds and defers its failure to whoever writes first

reading v3 is complete; writing to v3 is not available at all
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CHAPTER 18 * FIGURE 2

A SESSION THAT STARTS PROVES NOTHING

one dependency string

org.apache.iceberg:iceberg-spark-runtime-4.1_2.13:1.11.0

v

v

v

R A
SPARK MINOR 4, SCALA MINOR 2.13 ICEBERG VERSION 1.11.0
pip install pyspark lands on 4.2.0, give Spark 4.1.3 the 3.5_2.12 jar: decides which Spark minors exist:
and no runtime is published for it: SESSION OK | spark 4.1.3 4.1.2.13 4.0_2.13 3.5_2.12
unresolved dependency: then touch the catalog: there is no 4.2 runtime, so
...4.2_2.13;1.11.0 not found NoSuchMethodError: upgrading Spark is not a Spark
[JAVA_GATEWAY_EXITED] SQLContext.conf() decision if you use Iceberg.
ClassNotFoundException:
scala.Serializable
fails before anything starts starts clean, dies at the catalog the release publishes the matrix
J J/

a Spark session that starts

fully proves

about your Iceberg setup — a health check must touch the catalog

three version numbers wearing one string, and two of them fail differently
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CHAPTER 17 « FIGURE 3

ONE COMPACTION, AN EIGHTH OF THE BYTES

chapter 12’s procedure, run against the streaming table exactly as it was left

BEFORE

BbEEE GG
BiEEIGEEEE
DR

22 files - 27,242 bytes

~

rows: 440 before, 440 after

rewrite_
data_files

failed: @

1 file -

AFTER

3,397 bytes

That is Parquet’s per-file overhead — footers, schema, column metadata, dictionary pages —
paid twenty-two times over. A table of tiny files is mostly not data.

the same rows, in an eighth of the space

l and the directory GREW: 23 files, 30,639 bytes — the 22 old files stay until expire_snapshots






OEBPS/images/17-fig-equality-deletes.png
CHAPTER 17 *« FIGURE 5

MARKED BY VALUE, BECAUSE A STREAM CANNOT LOOK IT UP

l NOT RUN  no equality delete file was produced in this lab. Mechanism from the spec; class names from the jar. ]

POSITION DELETE
"row 47 of file X is gone"
cheap to read: one bitmap, one known file

but to write it you must first FIND the row
which means reading the table

EQUALITY DELETE

"any row where order_id = 12345" ]

names no file at all, so a stream can write it
without looking anything up — and the reader
pays, on every data file it could apply to

and v3 did not remove them:

v2
position deletes position delete file (Parquet)
equality deletes equality delete file

v3
deletion vector (Puffin)

equality delete file, unchanged

every snapshot summary in this book already carries total-equality-deletes: 0
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CHAPTER 17 * FIGURE 3
EXACTLY-ONCE NEEDS ONE COMMIT COORDINATOR

NOT RUN neither Flink nor the Kafka Connect sink was stood up in this lab. Architecture, not observed behaviour.

FLINK KAFKA CONNECT

checkpoint is commit boundary tasks consume partitions
workers write files workers report written files

successful checkpoint publishes one coordinator commits
job state and table align offsets move with table state
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CHAPTER 17 « FIGURE 4
THE STREAMING READ STOPS RATHER THAN LIE

the same engine, the same table shape, read two ways

streaming read - append-only table

spark.readStream.format("iceberg").load("ice.chl7.orders_stream") rows: 440
all 440 rows, streamed out of the table they were streamed into

streaming read - a table that has been merged into

IllegalStateException: Cannot process overwrite snapshot: the query
7584038833222273539, to ignore overwrites, set TERMINATED
streaming-skip-overwrite-snapshots=true

chapter 16, the BATCH incremental read the option is a warning, not a fix

silently skips the overwrite snapshot, skip-overwrite-snapshots does not make

returns a partial answer, raises nothing the stream handle updates. It ignores them.

a table that is a streaming source should be append-only — otherwise the stream is broken or lying
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CHAPTER 17 * FIGURE 1
A STREAM IS A RAPID SEQUENCE OF ORDINARY COMMITS

EVENTS MICRO-BATCH FILES COMMIT REPEAT

arrive continuously collect for 2 seconds] write immutable atomic snapshot freshness creates

Parquet file count
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CHAPTER 17 * FIGURE 1

TWENTY-FOUR SECONDS, TWENTY-TWO FILES

rate source at 20 rows/s, 2-second trigger, stopped after roughly twenty-four seconds

(0] 40 40 40 40 40 40 40 40 40 40 40
records records records records records records records records records records records records
no 2 2 2 2 2 2 2 2 2 2 2
files files files files files files files files files files files files

eleven identical batches follow

the first trigger fired before the rate source produced anything —
about 2,470 bytes each

an empty snapshot, and a real one: its own metadata.json and manifest list

e N
every file: 20 rows

44@ 12 2 2 sizes 1,233 to 1,247 bytes
average 1,238 - total 27,242
at that size the word "file" does the work

rows snapshots data files
(. J (.

two files per it b the ion runs local[2] — files per it is write par not data

a cluster with 200 executors writing every two seconds produces 200 files every two seconds





OEBPS/cover.jpg
THE OPEN TABLE FORMAT
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CHAPTER 17 * FIGURE 2

THE METADATA IS NINE TIMES THE DATA

the same table, counted two ways, after twenty-four seconds of a modest stream

DATA
2> files 27,242 bytes

METADATA
36 files 243,879 bytes

13 metadata.json documents + 23 Avro manifests and manifest lists

Metadata size tracks files and snapshots, not rows — a toy-scale artefact on a batch table,
and a property of the architecture on a streaming one: every commit writes a metadata.json,
a manifest list and at least one manifest, whether it carried a million rows or nothing at all.

the per-day figures in this chapter are arithmetic on these numbers — the stream ran for 24 seconds

9x
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CHAPTER 10 + FIGURE 1
MERGE-ON-READ STILL HOLDS ALL ONE THOUSAND ROWS

one thousand rows in two data files - six single-row deletes against each table

COPY-ON-WRITE MERGE-ON-READ
the file is rewritten without the row the file is left alone
N
994 records 1,000 records
in 2 data files in 2 data files
the six deleted rows are stored nowhere not one row was rewritten
J
ST TTTETTE T EE TSI T EE TSI T E T TS \ M)
1 1 .
| O delete files c 1 delete file - 6 records
: a reader does no extra work ! every reader subtracts them at query time
e e e e e e L y,
snapshots: append, then 6 x overwrite snapshots: append, then 6 x delete
each added one file and deleted one no data file added or removed by any

both tables answer 994 — only one of them stores 994
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CHAPTER 10 « FIGURE 3
THE DELETE FILE IS REWRITTEN ON EVERY DELETE

six single-row deletes, all landing on the same data file

delete 1 delete 2 delete 3 delete 4 delete 5 delete 6
position positions positions positions positions positions
N
superseded — still on disk, still refe d by older sr the live one

delete_files (current) : 1 file, 6 records

all_delete_files (history) : 6 files, 21 records

each delete rewrote the delete file with every deletionsofar —1+2+3+4+5+6=21

one live delete file, six across history, twenty-one positions written
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CHAPTER 10
THE WRITER REWRITES OR THE READER SUBTRACTS

writer pays now reader subtracts later

[ COPY-ON-WRITE ] [ MERGE-ON-READ ]

DATA ’ REWRITE DATA — DELETE

faster reads ¢ heavier writes faster writes ¢ heavier reads
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CHAPTER 10 * FIGURE 2
THREE PROPERTIES, THREE INDEPENDENT CHOICES

COPY-ON-WRITE MERGE-ON-READ
DELETE v 4
UPDATE v 4
MERGE v 4

SET write.delete.mode, write.update.mode AND write.merge.mode DELIBERATELY
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CHAPTER 11
CORRECT COMMITS CAN STILL ROT A TABLE

o
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o
o
o

150 COMMITS cosT
all correct « all atomic —B —B —B —B —B —B 136x bytes
[ ] [ ] [ ] [ ] o o 4.9% query
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nothing failed — the table quietly fragmented
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CHAPTER 10 « FIGURE 2
AN UPDATE IN MERGE-ON-READ IS A DELETE PLUS AN INSERT

twenty thousand rows in four data files - one row updated
before after

op = overwrite

4 data files 4 data files
COPY-ON-WRITE _> 0 delete files a whole file rewritten to change one field

0 delete files

op = overwrite

MERGE-ON-READ 4 data files 5 data files
— 0 delete files > 1 delete file thelcldioy thelpewirch)

as a fresh file holding exactly one row

stable across six interleaved trials: (4, 0) for copy-on-write and (5, 1) for merge-on-read, every time

The timings are not stable. Medians over six interleaved trials: 328 ms copy-on-write, 287 ms merge-on-read — about 1.15x.

The first run’s 1,151 ms against 500 ms — an apparent 2.3x — was JVM warm-up. The structure is the finding, not the stopwatch.

the table ends with one more file than it started with
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CHAPTER 10 - FIGURE 4
THE READ COST IS A STEP, NOT A SLOPE

40,000 rows in 16 data files - full aggregate, best of three

A step, not a slope.

ms
150 Zero delete files to four cost
about a quarter. Four to sixteen
cost nothing measurable.

100 You pay for whether deletes exist

on the files you touch.

Read the shape, not the numbers.

On the re-run, sixteen delete files
measured faster than four. That is

0 deletes 4 deletes 8 deletes 16 deletes noise, not a finding. The step is
0 delete files 4 delete files 7 delete files 8 delete files in the same place both times; the
milliseconds do not reproduce.
- first ladder . re-run, pre-warmed JVM (medians) & J

measure your own table — this one is too small to set a constant
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CHAPTER 09 « FIGURE 4
ONLY A GLOBAL SORT MAKES THE BOUNDS DISJOINT

eight thousand rows, eight files, three write orders

per-file customer_id bounds

unsorted 1000, 1249 1000, 1249 1000, 1249 1000, 1249

sorted per file 1000, 1249 1000, 1249 1000, 1249

sorted globally [ 1000, 16031 ][ 1031, 1062 J[ 1062, 1093 J[ 1093, 1124 ]

What the bounds record is the minimum and the maximum, and nothing else.

Order within a file buys nothing at planning time — the sort has to be global across the write.

the same eight files, and a point lookup reading one of them

files read for customer_id = 1077

8 of 8

8 of 8

1 of 8
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CHAPTER 09 * FIGURE 4
PARTITIONING AND SORTING SOLVE DIFFERENT PROBLEMS

VS
) R
PARTITION SPEC SORT ORDER
hard physical boundary clusters values inside files
one file per touched partition no partition fan-out
strong pruning guarantee soft bounds-based pruning
evolution retains old specs writer must actually sort
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CHAPTER 09 * FIGURE 3
THE SORT ORDER IS RECORDED, AND NOT ENFORCED

what the table declares what the writer actually wrote
r \ r \

default-sort-order-id: 1

file rows: 2000
[ 2 ASC NULLS LAST customer_idJ customer_id bounds: 1000 - 1249
is it sorted? False

8 DESC NULLS LAST ordered_at .
sort_order_id: None

D ion hist d ll-order —
source s, a version history, and a null-orcer first 12 as stored: 1007, 1014, 1021, 1028, ..
the same metadata shape as a partition spec.

A sort order is a declaration of intent that the writer does not honour.

Spark’s writer does sort to it. This one hands your Arrow table to Parquet in the order you gave it.

the table declares ascending customer_id; the file is not sorted
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CHAPTER 08 * FIGURE 3

THE TRANSFORM SETS A FLOOR UNDER YOUR FILE COUNT

the same two thousand interleaved rows, one table per transform

-

transform

hour

day

month
year
bucket[16]
identity

void

partitions

240
10
1

1

16

files

240

10

avg bytes

16,

16,

16,

713

,532

420

420

,111

,029

420

and every commit adds at least
one file per partition it touches

append 1 5 files
append 2 10 files
append 3 15 files

five partitions throughout — data files are immutable

hour produced 240 files averaging 3,713 bytes for two thousand rows

the same two thousand rows, seven ways
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CHAPTER 08 * FIGURE 4
ONE COMMIT REPLACES A PARTITION, ON IDENTITY SPECS ONLY

reloading one country, in one commit

e N e N
BEFORE AFTER
dynamic_partition_overwrite

DE 200 30 replacement GB rows DE 200

FR 200 ' FR 200

GB 200 GB 30

ops: ['append', 'delete', 'append']
IN 200 B IN 200
one commit
us 200 us 200
appended normally: GB 230
1000 rows - 5 files 830 rows - 5 files

| J (. J
s ™

and the restriction you find by running rather than reading:

ValueError: For now dynamic overwrite does not support a table with
non-identity-transform field in the latest partition spec: 1000: d: day(8)

which rules out the most common partitioning there is: day of a timestamp.

thirty rows replaced two hundred, and touched nothing else
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CHAPTER 08 - FIGURE 1
THE PLANNER APPLIES THE TRANSFORM, SO THE QUERY NEED NOT

the query, which names no partition anywhere

[ ordered_at >= '2026-06-03T00:00:00' AND ordered_at < '2026-06-04T00:00:00' }

\ 4

day is monotonic, so the planner rewrites it to
ordered_at_day = 2026-06-03

\4

-
06-01 06-02 06-03 06-04 06-05 06-06 06-07 06-08 06-09 06-10
files scanned: 1 - rows: 200 the flat table, same filter: 10 files

one file of ten, from a predicate on an ordinary column
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CHAPTER 08 * FIGURE 2

THE PARTITION VALUE IS AN INTEGER; THE PATH IS A RENDERING

what the metadata stores

-

hour

494520

day
datetime.date(2026, 6, 1)

formatted at write time

. =
I =

what the directory is called

ordered_at_hour=2026-06-01-00

ordered_at_day=2026-06-01

month
677 —> ordered_at_month=2026-06
year
56 —> ordered_at_year=2026
|
e
56 is years since 1970. 677 is months since the epoch. 494520 is hours.
Only day comes back as a date, and that is the library being helpful rather than the format being consistent.
A

a directory called 2026-06 holds the number 677





OEBPS/images/09-fig-partitions-table-union.png
CHAPTER 09 - FIGURE 2
THE PARTITIONS TABLE IS A UNION OF SPECS

VS
) )
SPEC 0 FILE SPEC 1 FILE
ordered_at_month = 677 ordered_at_month = null
ordered_at_day = null ordered_at_day = July 1
2,000 records 200 records
old physical layout new physical layout
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CHAPTER 09 * FIGURE 2
PARTITION EVOLUTION CHANGES THE FUTURE, NOT THE PAST

five filters, and the number of records the planner actually had to read

4 N\
query files records read read (grey) vs returned (teal)
a June day (old spec) 1 of 11 2,600 (]
a July day (new spec) 1 of 11 200 [ ]
all of July 10 of 11 2,000 O
all of June 1 of 11 2,000 ]
spanning the seam 2 of 11 400 [ ]

\ J/

the same query, two months apart: July reads 200 to return 200, June reads 2,000

ten times the work for the same two hundred rows
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METADATA CHANGE
oLD oLD oLD ’ NEW NEW NEW
[ [ [ [ [ [

ONE LOGICAL TABLE

planner understands both specs
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TWO LAYOUTS IN ONE TABLE, AND NO SNAPSHOT FOR THE CHANGE

the bookshop after update_spec(): June was written under one spec, July under the next

r

SPEC 0

1000: ordered_at_month: month(8)

ordered_at_month=2026-06
2,000 rows - 1 file

N

update_spec

-

-

SPEC 1

1001: ordered_at_day: day(8)

=[] [=][=]
P

]
]

2,000 rows - 10 files

The table now holds 4,000 rows in 11 files, in two layouts, permanently.

snapshots: ['append'] — changing the spec recorded no snapshot, because no data changed

spec 0 keeps its month directory; spec 1 gets the days
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ordinary data predicate hidden transform MAY MAY MAY

no partition column appears in the query
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A PARTITION FIELD IS A STORED FUNCTION

SOURCE TRANSFORM PARTITION FIELD PLANNER

field ID 8 « ordered_at day(ordered_at) 1D 1000 * typed value projects ordinary
predicates
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CHAPTER 07 « FIGURE 4
A SNAPSHOT PINS A SCHEMA, NOT JUST A FILE LIST

SNAPSHOT 1 — schema 0 TODAY — schema 8
s N s a
order_id status
customer_id order_id
title customer_id
country book_title
quantity (int) channel added since
amount quantity (long)
status amount
ordered_at ordered_at
g region added since
L country added since
s ™
A time-travelling read resolves through the snapshot’s own schema, so snapshot 1 has a column called title.
schemas kept: 9 - last-column-id: 11 - snapshot 1 rows: 100

the first snapshot still has a column called title
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EXPIRY REMOVED FIVE SNAPSHOTS AND NOT ONE FILE

counting the files on disk either side of expire_snapshots()

4 3\ 'd N\
BEFORE EXPIRY AFTER EXPIRY
.parquet 13 expire .parquet 13
.avro 19 ’ .avro 19
.metadata.json 13 .metadata.json 14
total bytes 197,708 total bytes 203,297
\ J/ . J/
-
PyIceberg: 0 files deleted Spark, on a comparable table:
deleted_data_fil t: 24
+1 metadata.json, +5,589 bytes — the table got bigger creted data tites coun
manifests: 23 - manifest lists: 22
(.

Five snapshots left the metadata. Thirteen Parquet files were on disk before, and thirteen after.

metadata-only — thirteen Parquet files before, thirteen after





OEBPS/images/07-fig-overview.png
CHAPTER 07
IDENTITY SURVIVES A RENAME

OLD SCHEMA NEW SCHEMA
physical files unchanged metadata only
RENAME
D1 order_id D1 order_id PARQUET
_’ — >
ID 2 title D 2 book_title D
ID3 amount ID3 amount still says “title”
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ROLLBACK MOVES A POINTER, AND DELETES NOTHING

the same seven snapshots, before and after rollback_to_snapshot(before_ov)

BEFORE [ ) () () [ ) () () ,

main

still there, still readable

AFTER [ ) o o o , O O

main
snapshots: 7 before the rollback, 7 after the two orphans still scan:
history rows: 8 — one id appears twice scan 3158835250000468324 reads 288 rows
rows after rollback: 360 scan 1527199385512444682 reads 308 rows

seven snapshots before, seven after — only the reference moved
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CHAPTER 06 * FIGURE 3

A REF IS A NAME, AND A NAME IS A RETENTION LOCK

three references on one table — main is not special-cased anywhere in the format

BRANCH TAG BRANCH
main eom-june audit
2994764628185502101 4460006199689358250 7088116512391872385
365 rows 300 rows 207 rows

expire_snapshots().older_than(now) kept 3 snapshots of 8 — exactly the three above

ValueError: Snapshot with ID 4460006199689358250 is protected and cannot be expired.

Every branch head and every tag is a retention lock.

A forgotten tag on a March snapshot pins every file it references, indefinitely.

expiry kept three snapshots of eight — the three with names
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FOUR METADATA-ONLY SCHEMA CHANGES

3\ 3\ N\ 3\
ADD o RENAME o DROP o REORDER o
new ID same ID bytes remain SELECT * order changes
old rows read null files keep old name reader stops requesting ID physical files do not

J J J J

DATA FILES REWRITTEN: ZERO
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PROMOTION IS WIDENING ONLY, AND NEVER A REWRITE

ALLOWED — the whole list REFUSED

long

quantity long + int

double
amount double —> float

_>
—>
decimal(P,s) =P decimal(P2,s)
rder_id long —> string
_> ’
—>

float

string binary both ways
) status string = lon
fixed[16] uuid 8 g
unknown —> any primitive v3 ValidationError: Cannot change column type
\ J \ J

the seam, read back as one column:

int32 file int64 file . one int64 column, both values intact

2147483647 9223372036854775807 files: 2 — nothing was rewritten

six allowed promotions, and old files keep their old physical type
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CHAPTER 07 * FIGURE 1
THE RENAME CHANGED THE LABEL, NOT THE COLUMN

the table's schema, after the rename the parquet file's own schema, untouched
' A ( N
order_id order_id
customer_id field 3 customer_id
book_title ————-—| @ title
country n country
quantity quantity
amount n amount
status status
ordered_at n ordered_at
- J
channel added later field 9 is not in this file, so it reads null
| J
' N\
The reader asks each file for field 3. What that column is called inside the file is irrelevant.
scan works anyway: 300 rows
(. vy

the file still says title, and the read is still correct
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A RE-ADDED COLUMN IS A NEW COLUMN

one column, dropped and added back under the same name

~

BEFORE

create_table(...)

the schema

[- country

the data on disk

field 4 in every data file

~

~

AFTER THE DROP

delete_column("country")

the schema

[ no country column

the data on disk

still in the parquet file: True

AFTER THE RE-ADD

add_column("country")

the schema

[ country

the data on disk

field 4 is never requested again

|

Field 11, not field 4. The gap where 4 used to be is permanent.

last-column-id: 11 -

country values after re-add: {None}

In a name-resolved table the old values would come back, with whatever they used to mean.

field 4 became field 11, so the old bytes stay invisible
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CHAPTER 06 * FIGURE 2
READERS ARE PINNED UNTIL THEY REFRESH

Vs
) 3
STALE HANDLE REFRESHED HANDLE
loaded at snapshot 3 resolves current pointer
continues to see 300 rows moves to snapshot 4
new commit cannot move it now sees 350 rows
stable job-long view fresh state by choice
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CHAPTER 06
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CHAPTER 06 * FIGURE 1
A SNAPSHOT IS THE WHOLE LIST, NOT THE DIFF

three appends of one hundred rows, and the three snapshots they left behind

s ) e ) e N\
SNAPSHOT 1 - append SNAPSHOT 2 - append SNAPSHOT 3 - append
3980006843811930532 8745609421666159300 4460006199689358250
added 100 total 100 added 100 total 200 added 100 total 300
the list it stores the list it stores the list it stores

LN DN D N[ DN D
file 1 .> file 1 file 2 .> file 1 file 2 file 3
- o | e o || c» || e
a scan reads 100 rows a scan reads 200 rows a scan reads 300 rows
| J | J | J

The second list names both data files; the third names all three.

added-records is bookkeeping. The snapshot is the list, which is why reading an old one is the ordinary read.

each commit publishes a complete file list, not a change set
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CHAPTER 21 * FIGURE 4

THREE ENGINES, NO SHARED CODE, THE SAME CENT

revenue by country, asked three separate ways, of one table

N\ N A
SPARK 4.1.3 PYICEBERG 0.11.1 DUCKDB 1.5.5
through the JVM runtime no JVM involved attached to the catalog
DE 14285 974584.5 DE 14285 974584.5 DE 14285 974584 .5
GB 16707 1087424.1 GB 16707 1087424.1 GB 16707 1087424.1
us 16667 1112025.0 us 16667 1112025.0 us 16667 1112025.0
rows 47659 rows 47659 rows 47659

J J J

~

Identical to the cent, across three engines with nothing in common but a URL.
Eachii y read the tree, applied the same merg d delete file, the schema through a rename,
and read files written under two different partition specs.
They are not compatible with each other — they share no code. They are each with a written-d specification.
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ONE CLIENT INTERFACE, FIVE WIRE PROTOCOLS

pyiceberg.catalog.Catalog

load_table - create_table - drop_table - list_namespaces

sql glue dynamodb
HTTP SQLAIchemy boto3 boto3
the Iceberg REST spec any database it speaks the AWS Glue API conditional writes

five different wire protocols behind one client interface

each one had to be implemented separately, in every language that wants to talk to it

hive

Thrift

a Hive metastore

only one of the seven catalog types speaks the REST spec

bigquery_metastore

google.cloud

the BigQuery client
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CHAPTER 05 * FIGURE 3

THE WHERE CLAUSE, PROMOTED TO A PROTOCOL

CHAPTER 4 — THE SQL CATALOG

WHERE metadata_location = ?

bound to the value the writer read

rowcount 0

CommitFailedException: Table has beer

updated by another process: bookshop.orders

it knows only that a rowcount came
back zero

CHAPTER 5 — THE REST CATALOG

“requirements": [
{"type": "assert-ref-snapshot-id", "ref": "main",
"snapshot-id": 8409940677021007964},
{"type": "assert-table-uuid", "uuid": "6fad1lla@-.."}]

HTTP 409

Requirement failed: branch main has changed
expected id 8409940677021007964 !=
6253933308039093875

it names the requirement that failed, the

id it expected, and the id it found

both are correct — only one tells you enough to decide what to do

same compare-and-swap, in the vocabulary of tables rather than rows
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CHAPTER 05
THE CATALOG BECOMES A SERVICE

SCOPED CREDENTIAL

REST CATALOG |——»

auth « policy * pointers OBJECT STORE

PYICEBERG

DUCKDB

SPARK

il

the only Iceberg component with a network address

APACHE ICEBERG * CHAPTER-OPENING DIAGRAM o000





OEBPS/images/05-fig-behind-the-port.png
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BEHIND THE PORT IS THE CHAPTER 4 CATALOG

what one docker run actually starts

-

PyIceberg RestCatalog - DuckDB
any client, in any language

\ 4

HTTP :8181 — the Iceberg REST protocol
the only part of Iceberg you can ping

\ 4

org.apache.iceberg.jdbc.JdbcCatalog
with a Jetty server in front of it

\ 4

jdbc:sqlite:file:/tmp/iceberg_rest_mode=memory
40,960 bytes — the chapter 4 catalog

GET /vl/config answers 200

the whole setup is one container, and there is
no MinlO, no S3 and no cloud account

image 516 MB

159 MiB resident and about 1.4% of a CPU
while idle. This is not Spark.

nothing was replaced

a layer was added. Behind the protocol there is
still a store doing a compare-and-swap.

REST is a protocol, not a different kind of catalog
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CHAPTER 05 * FIGURE 4
SIX CATALOGS THAT DIFFER IN KIND, NOT IN QUALITY

from project documentation, not from a run — this chapter stood up exactly one catalog

Apache Polaris Lakekeeper Project Nessie
the reference implementation authorization, in depth a different model
donated by Snowflake, now Apache Rust; ReBAC and ABAC via OpenFGA git-like branches across the catalog
Apache Gravitino Unity Catalog AWS Glue
a catalog of catalogs breadth of object types a proprietary API, REST bolted on
federates Hive, JOBC and more tables, files, functions, models SigV4, IAM and Lake Formation

the REST protocol did not replace the catalogs; it commoditised the client

every one of them still stores a pointer and does a cond
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CHAPTER 05 * FIGURE 5
FIFTEEN ROWS CHANGED CATALOGS BY WAY OF ONE STRING

the same table, handed from a SQLite catalog to a REST catalog

r \

SQLITE CATALOG AFTER DROP REST CATALOG

rows 15 catalog rows ) rows 15

snapshots 3 snapshots 3

drop_table files 13 register_table
files 13 files 13
no name resolves

pointer to it, and every pointer

00003-fofcala7-.. byte is still there 00003-fofcala7-..

& J
e ™
identical (inode, size, sha256) for every file: True
. J

the migration was: POST /vi/namespaces/ch05/register with a string

nothing was copied and nothing was rewritten
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CHAPTER 05 - FIGURE 2
TABLE POLICY BECOMES SCOPED STORAGE ACCESS

CALLER CATALOG VEND OBJECT STORE
authenticated identity authorize sales.orders short-lived prefix token only approved table files
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CHAPTER 05 « FIGURE 3
WHO READS THE MANIFESTS?

VS
) )
CLIENT PLANNING SERVER PLANNING
every engine reads manifests catalog keeps metadata warm
many object-store GETs returns file scan tasks
work repeated per client central cache + policy
client controls feature set requires both sides to support
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CHAPTER 04 * FIGURE 5

THE SAME ALGORITHM, SAFE OR UNSAFE BY ONE SYSCALL

a hand-built filesystem catalog: two writers, both intending to write v2

-

N s

CLAIM WITH O_EXCL CLAIM WITH CHECK-THEN-PUT

create-if-absent — one indivisible syscall does it exist? then write — two steps, with a gap

[bravo] intends to write v2 [alpha] intends to write v2

[bravo] COMMITTED v2 [alpha] COMMITTED v2
[alpha] intends to write v2 [bravo] intends to write v2
[alphal REJECTED: v2 already exists [bravo] COMMITTED v2

v2 contains: {"written-by":"bravo"} v2 contains: {"written-by":"bravo"}

5 of 5 trials: exactly one writer committed 5 of 5 trials: both writers committed

alpha’s commit is gone: no error, no warning, no log line, no orphan to find later

the table format is doing everything right one layer above this
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CHAPTER 04 « FIGURE 3
THE OLD POINTER APPEARS TWICE, AND ONLY ONE COPY MATTERS

UPDATE iceberg_tables the parameters, in order
SET metadata_location = ?, previous_metadata_location = ?
00005-8432fbcd-...
WHERE iceberg_tables.catalog_name = ? the new pointer

AN

S

iceberg_tables.table_namespace = ? 00004-14ddal@a-..
the old pointer, for the audit column

AND iceberg_tables.table_name = ? bookshop, bookshop, orders
AND iceberg_tables.metadata_location = ? the name
00004-14ddaloa-..
L the old pointer AGAIN, as the condition
then it checks how many rows it changed
s
rowcount 1 rowcount 0
the pointer was still what | read — committed CommitFailedException: Table has been updated

compare-and-swap, spelled as one conditional UPDATE
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CHAPTER 04 « FIGURE 4
THE LOSER WROTE ITS WHOLE COMMIT BEFORE IT LOST

two processes load the table at the same moment, then both append

~
ALPHA BRAVO

loaded pointer: 00005-8432fbcd-.. loaded pointer: 00005-8432fbcd-..

COMMITTED ©0006-70db48b3-... CommitFailedException: Table has been

its UPDATE matched one row updated by another process: bookshop.orders

before {'parquet': 5, 'avro': 10, 'metadata.json': 6}

29 files on disk
25 reachable
two Parquet files, not one. Four Avro files, not two. 4 or ph ans

after {'parquet': 7, 'avro': 14, 'metadata.json': 8}

bravo wrote its entire commit before it discovered it had lost. three of them share bravo’s UUID 23a1d34a

both metadata files are numbered 00006 — the sequence number is a hint, the UUID is the identity

every rejected commit leaves litter
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A COPY-ON-WRITE DELETE CHANGES REFERENCES

SNAPSHOT 3 - BEFORE SNAPSHOT 4 - AFTER

DELETE > 250

FILE A FILE B FILE C FILE A FILE B FILE D
100 rows 100 rows 100 rows 100 rows 100 rows 50 rows
ADDED
live set: A+ B + C = 300 rows live set: A+ B + D = 250 rows
A
FILE C retained for Snapshot 3
100 rows expiry releases it before storage is reclaimed

DELETED
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CHAPTER 03 - FIGURE 8
COMMIT FREQUENCY SHAPES THE METADATA

HOURLY BATCH FREQUENT MICRO-COMMITS
many rows * one commit same kind of data * twelve commits
COMMIT FREQUENCY 80| 8N en| @w
0000 o B e
HEEE
one fixed set 58 =a =8| ==

12 x fixed set
OBSERVED: 16 DATA FILES * 50 METADATA FILES

rewrite_manifests is the later repair path
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CHAPTER 03 * FIGURE 5
WHY THE FILE LIST IS A TREE

FLAT LIST ICEBERG TREE

one JSON document names every data file reuse old branches; publish one small new path

MANIFEST LIST
new
OoLD NEW
reused change

commit work « change

METADATA
new root

’ rewrite

all

1,000,000 entries

THE TOP STAYS SMALL ENOUGH FOR ONE ATOMIC POINTER SWAP
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CHAPTER 04 * FIGURE 1

THE WHOLE TABLE IS ONE STRING IN ONE ROW

the complete iceberg_tables row for bookshop.orders

catalog_name table_namespace table_name metadata_location previous_metadata_..
bookshop bookshop orders 00003-e4a3d8cO-... 00002-228430b0-...
.metadata. json
the table name, spelled in three parts the only meaningful string audit — read by nothing

WHAT THE CATALOG DOES NOT KNOW FOLLOW THE POINTER AND YOU FIND
row count when it changed 13 files - 32,763 bytes
column names who changed it {'parquet': 3, 'avro': 6, 'metadata.json': 4}
snapshot count partitioning 9 rows of bookshop orders
there is no column for any of it the catalog database itself: 20,480 bytes

five columns, three of which are the name spelled out
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CHAPTER 04 « FIGURE 2

FOUR FILES FIRST, THEN ONE STRING

one more append against the same table

s N\ s N
STEP 1 — WRITE FOUR IMMUTABLE FILES STEP 2 — CHANGE ONE STRING
metadata_location
before 00003-e4a3d8cO-..
cE—— cE—— cE—— cEEm—— > after 00004-14ddal0a-..
parquet mo.avro snap-...avro metadata.json
previous_metadata_location
h 13 files b 17 before  ©0002-2a8430b0-..
{'parquet': 4, 'avro': 8, 'metadata.json': 5} aiiar 00003-e433d8C0-..
\ J \ J
the pointer move is the commit the four files were already there, and invisible

while they were being written every reader still saw 9 rows; the instant the string changed, 10

the files are not the commit
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SNAPSHOTS AND THE METADATA LOG TRACK DIFFERENT HISTORY

comrs @ O 9 @) O

CREATE APPEND PROPERTY APPEND SCHEMA
SNAPSHOTS ‘ .
S$1 S2
—— o ® o O
MO M1 M2 M3 M4

DATA HISTORY TABLE-DEFINITION HISTORY
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CHAPTER 04
ATOMICITY LIVES IN ONE CATALOG ROW

WRITER A WRITER B

expects v7 shop.orders expects v7

pointer = metadata-v7

swap succeeds stale — retry or fail
metadata-v8
WINNER
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CHAPTER 19 * FIGURE 5
THE DOOR OPENS UPWARD, AND IT OPENS TOO FAR

moving a table between format versions

vl v2 v3 v4
files, schema, -> row-level -> the seven -> not yet

snapshots deletes additions specified

L evmensmox A

and back down: SUPPORTED_TABLE_FORMAT_VERSION = 4

ALTER TABLE ... SET TBLPROPERTIES ('format-version'='2'); s0 a v4 table is created, written to
and queried without a murmur —
SparkException: Unsupported table change:

PyIceberg refuses to open it,
Cannot downgrade v3 table to v2

DuckDB reads it without comment.

no in-place undo: roll the catalog pointer back to a pre-upgrade metadata file, or rewrite the table

a version you can skip up to, cannot come back from, and can overshoot
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CHAPTER 20
CHEAPER DELETES - DURABLE ROW IDENTITY

one compact bitmap per data file stable row id + last-change sequence

l DELETION VECTOR ] I ROW LINEAGE ]

ooces [
il - (oo | )

row 3 seq 1

DATA

CHEAPER MUTATION « QUERYABLE CHANGE IDENTITY
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CHAPTER 19 « FIGURE 1
MOST OF V3 IS NOT YET REACHABLE FROM SQL

the seven additions of format v3, against Iceberg 1.11.0 on Spark 4.1.3
( \ 3\

N\ N
REACHABLE FROM deletion vectors row lineage variant

SPARK sQL 4.1 with one table property automatic on v3 reads and writes, end to end
. J J J J
s ) N\ N N

ONLY THROUGH geometry / geography timestamp_ns default column values

THE JAVA API Spark cannot DESCRIBE it and timestamptz_ns "currently unsupported”
\ J J J J
r N

NOT BUILT multi-argument transforms
ANYWHERE no such class in the 1.11.0 jar

. J

Two smaller items ride along. The unknown type is reachable — Spark’s VOID maps straight onto it.
A key-id on the manifest list for encryption is in the spec; this lab did not exercise it at all.

production-ready, and three of the seven have no route through Spark SQL
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CHAPTER 19 * FIGURE 2
TWO ROWS THAT PREDATE THE COLUMN NOW READ AS WEB

a v3 table holding two rows written before the column exists

~
BEFORE ADD THE COLUMN, THROUGH THE JAVA API THE SCHEMA NOW CARRIES
order_id customer -addColumn("channel”, "initial-default": "web"
1 ada StringType.get(), what a reader substitutes
5 Lit.of ("web"))
grace "write-default": "web"
Spark SQL refuses by name: » "
. . what a writer substitutes
data files: 2 "currently unsupported”
J
N
data files before=2 after=2
order_id customer channel two rows written before the column was conceived now read as web,
1 ada web with zero bytes rewritten. An explicit NULL insert is respected
2 grace web as a value rather than replaced by the default.
3 alan web
4 Kay NULL PyIceberg 0.11.1, reading over REST, agrees on all four rows
vy

a metadata commit where v2 would have needed a table rewrite
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CHAPTER 19 * FIGURE 3

THE UPGRADE ADDS EXACTLY ONE KEY

the top-level keys of metadata.json, compared

e A s N\
v2 metadata.json 21 keys v3 metadata.json 22 keys
current-schema-id current-snapshot-id (i G 2 (v, (IR
default-sort-order-id default-spec-id
format-version last-column-id
last-partition-id last-sequence-number
1last-updated-ms location _> A
metadata-log partition-specs next-row-id: 0
partition-statistics properties
refs schemas
snapshot-log snapshots one counter, starting at zero — and format-version
sort-orders statistics itself is a field of the document, not a property.
table-uuid

(- J (- 7/

ALTER TABLE ice.chl19.plain SET TBLPROPERTIES ('format-version'='3");

before: 2 after: 3 keys added: ['next-row-id'] next-row-id: 0

One new metadata.json. No data file was read — the statement costs the same on a hundred-thousand-file table.

one counter is the entire visible footprint of moving to v3
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CHAPTER 19 « FIGURE 4
A DEFAULT V3 TABLE PRODUCES NO DELETION VECTORS

a table created at v3 with no other properties set, then deleted from

CREATE TABLE ice.ch20.cow ... delete files: none

TBLPROPERTIES (' format-version'='3'); o :
—> puffin files on disk: []
DELETE FROM ice.ch20.cow WHERE order_id = 2;

the data file was rewritten instead

because a second set of defaults, which v3 does not change:

N
l write.delete.mode default : copy-on-write J . L.
v3isa permission,
l write.update.mode default : copy-on-write J not a behaviour
set write.delete.mode to change it
write.merge.mode default : copy-on-write
J

row lineage has the mirror-image problem: automatic on v3, but the rows that predate the upgrade report a null row id

the headline feature needs a second property before anything changes
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CHAPTER 03 « FIGURE 3
ONE MANIFEST ROW DESCRIBES ONE DATA FILE

MANIFEST ENTRY

DATAFILE SIZE + ROWS FIELD ID 1 RAW BOUNDS
00000-...parquet 4,216 bytes column bytes: 388 c900... — 201
PARQUET 100 records nulls: 0 2¢c 01... — 300

v

WHAT THE PLANNER KNOWS WITHOUT PARQUET

order_id is 201-300 * no nulls * exactly 100 rows

STATISTICS USE FIELD IDS, NOT COLUMN NAMES
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CHAPTER 18 * FIGURE 3
DUCKDB IS AHEAD OF THE REFERENCE LIBRARY

one v3 table with a deletion vector on it, hit by four clients

Apply the . A
Read v3 deletion vector Write to v3 Row lineage
Spark 4.1.3 + Iceberg 1.11.0 [ yes ] [ yes ] [ yes ] [ yes ]
DuckDB 1.5.5 [ yes ] [ yes ] [ yes ] [ yes ]
PyIceberg0.11.1 [ yes ] [ yes ] [ no ] [ not exposed ]

Polars 1.44.1 (via PyIceberg) [ yes ] [ yes ] [ no J [ not exposed ]

the same insert: Spark and DuckDB both report _row_id 3 for the row DuckDB wrote — two implementations, one sequence

support is per feature and per client, not per version number





OEBPS/images/03-fig-pruning-path.png
CHAPTER 03 * FIGURE 4
HOW ICEBERG PROVES A FILE CANNOT MATCH

MANIFEST BOUNDS

QUERY

hich fil FILEB FILEC
rove whic les
order_id > 250 P! ' 101-200 201-300
cannot contain a match
SKIP SKIP OPEN

SECOND PROOF

order_id > 500 — every upper bound is too low — 0 filep opened

1 OF 3 PARQUET FILES
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CHAPTER 18 * FIGURE 4

ADDING A COLUMN CAN REMOVE A CLIENT'S ACCESS

one v3 table: orders_variant (order_id BIGINT, payload VARIANT)

~
SPARK 4.1.3 DUCKDB 1.5.5 PYICEBERG 0.11.1

order_id payload [(1, {'channel': 'web', ValidationError | 1 validation

1 {"channel":"web", ‘promo’: 'SUMMER'})] error for TableResponse

"promo” : "SUMMER"} metadata.3.schemas.0.fields.1. type

Unsupported field type: 'variant'

writes it and reads it back reads it without complaint fails at load_table

The failure is at load_table — not at the scan, and not at the column.

The table object never comes into existence, so a PyIceberg client cannot read order_id either.
It cannot list snapshots, inspect files, or run any of the diagnostics this book has been using.

One column of a type it does not know makes the whole table invisible.

not a degraded read — no table object at all
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CHAPTER 03 * FIGURE 1
THE FIXED FOOTPRINT OF A COMMIT

CREATE APPEND 1 APPEND 2 APPEND 3

DATA MANIFEST DATA MANIFEST DATA MANIFEST
METADATA

M. LIST METADATA| M. LIST METADATA| M LIST METADATA
initial table

+4 files +4 files +4 files

TOTAL 1 TOTAL 5 TOTAL 9 TOTAL 13

the fixed cost depends on commit count—not row count
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CHAPTER 18 * FIGURE 5
FOUR PROJECTS MOVE ON FOUR SCHEDULES

four independent version numbers, one specification — and each one moves for a different reason

A ) ) )
SPEC () LIBRARY o ENGINE ) CATALOG ()
the table format version PyIceberg, Iceberg Java Spark, DuckDB, Trino the REST protocol server
belongs to the table read and write support support is feature by feature never parses a manifest
IN THIS LAB IN THIS LAB IN THIS LAB IN THIS LAB
2, and 3 where asked 0.11.1 and 1.11.0 4.1.3 and 1.5.5 1.10.1 fixture
MOVES WHEN MOVES WHEN MOVES WHEN MOVES WHEN
you opt in, per table you bump a dependency your platform upgrades someone else upgrades it

J J J J

none of the four is a defect — they are four projects targeting one document, and only one of them is yours

pin every number, and say the pins out loud
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CHAPTER 03 * FIGURE 2
METADATA.JSON: TWENTY-ONE KEYS, FIVE JOBS

IDENTITY + COUNTERS CURRENT POINTERS
table-uuid « format-version current-schema-id
last-column-id * sequence default-spec / sort order

METADATA.JSON

HISTORY + REFERENCES

snapshots ¢ refs ¢ logs

EVOLVING DEFINITIONS

schemas ° partition-specs

sort-orders main points at a snapshot

OPERATIONS + SIDECARS

location « properties ° statistics

plural history ¢ singular current pointer
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CHAPTER 19
FORMAT V3 IS PERMISSION, NOT ACTIVATION

ONE-WAY DOOR

EERAT FORMAT v3

permission granted

FORMAT v2 ] > >
current table J VARIANT DV

LINEAGE DEFAULTS

J

features still require support — and sometimes a second property

APACHE ICEBERG * CHAPTER-OPENING DIAGRAM [ ] [ )
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CHAPTER 02 * FIGURE 3
FILTER AND PROJECTION MOVE DOWNWARD

SCAN MANIFESTS PARQUET ARROW
filter + selected fields skip impossible files read requested columns materialize result

PUSHDOWN CHANGES I/0 BEFORE ROWS REACH PYTHON
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CHAPTER 15 « FIGURE 4
THE WRITE IS REFUSED AT THE BOUNDARY, NOT FOUND LATER

a default Polars dataframe, appended to the table Spark created

TABLE FIELD DATAFRAME FIELD ValueError: Mismatch in fields
v o1 order_id: optional long : order_id: optional long
v’ 2: customer: optional string customer: optional string
v 3: book: optional string book: optional string
v 4: status: optional string status: optional string

: amount: decimal(8, 2)

—
>
v

amount: decimal(38, 2)

[ X 6: ordered_at: timestamptz

ordered_at: timestamp

declare the types and it goes through:

polars append -> rows now 11

chapter 1’s folder took a renamed column

without a word, and split it in two.
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CHAPTER 02 « FIGURE 1
MISSING COLUMNS ARE FILLED, EXTRA ONES ARE REFUSED

the schema PyIceberg derived from the Arrow table so both of these are legal to attempt, and only one raises

\ r \
table { t.append({'book_id': 9, 'title': 'X'})
1: book_id optional long ACCEPTED — 3 of 5 columns missing, filled with null
2: title optional string {'book_id': 9, 'title': 'X', 'author': None,
'genre': None, 'price’: None}
3: author optional string L )
4: genre optional string ( h!
t.append(books_with_isbn)
5: price optional double
ValueError: PyArrow table contains more columns: isbn.
o Update the schema first (hint, use union_by_name).
\ J
no column is required — not even book_id deriving a schema from a dataframe signs a permissive contract

the intuition usually runs the other way
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CHAPTER 15 + FIGURE 1
FOUR CLIENTS, THREE IMPLEMENTATIONS, ONE ANSWER

one table, one REST catalog, five commits — then ask each client the same two questions

l ice.chl5.orders - one schema - one snapshot chain ]
v v v v
PyIceberg0.11.1 Polars 1.44.1 DuckDB 1.5.5 Spark 4.1.3
it IS the library wraps PyIceberg native extension native runtime jar
rows rows rows rows
shipped: 5 shipped: 5 shipped: 5 shipped: 5
J J J vy

Three separate implementations of the spec. Five commits, four writers.
No export step, no sync job, no copy — because a copy is a thing that drifts.
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CHAPTER 15
ONE TABLE, MANY ENGINES, ONE ANSWER

PYICEBERG DUCKDB
ﬂ

—J 11 ROWS - 5 SHIPPED

portable data; behavior still needs cross-client tests

APACHE ICEBERG * CHAPTER-OPENING DIAGRAM o ()
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CHAPTER 15 « FIGURE 1

NATIVE, WRAPPED, OR HANDED OFF

A N
NATIVE LIBRARY WRAPPED () ARROW HANDOFF ()
engine parses metadata Polars calls Pylceberg another tool reads first
plans and writes itself inherits its exact limits always works * materializes

J J
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CHAPTER 02 * FIGURE 4
ONE ATOMIC COMMIT MAY HOLD SEVERAL SNAPSHOTS

two appends, committed one at a time — the pointer moves twice

00009-3f5f7a87-... . l 00010-260b630b-... ' 00011-7cff2b59-..

pointer before after append 1 after append 2

the same two appends inside one transaction — the pointer moves once

00011-7cff2b59-.. _> with t.transaction() as tx: _> 00012-905blbal-..
pointer before tx.append(a); tx.append(b) one pointer move

one commit, two snapshots the snapshot count still went up by two

atomicity lives at the commit; the snapshot list is the history within it
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CHAPTER 03
ONE POINTER, FOUR PHYSICAL LAYERS

CATALOG
one pointer

manifest list manifest data files
one row per manifest one row per data file Parquet rows

statistics prune downward « commits publish upward

metadata.json

table + current snapshot
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CHAPTER 02 « FIGURE 2
UPSERT UPDATED THE DUPLICATE TWICE

t.upsert(fix, join_cols=["book_id"])

BEFORE AFTER
{'book_id': 9, 'title': 'X', 'author': None, ...} {'book_id': 9, 'title': 'Hyperion', 'price': 8.75}
{'book_id': 9, 'title': 'Dune', 'author': 'Herbert', ...} ’ {'book_id': 9, 'title': 'Hyperion', 'price': 8.75}

two rows share book_id 9, and nothing in the table forbids it the same row, twice

UpsertResult(rows_updated=2, rows_inserted=0)

upsert matched on book_id, found both rows with id 9, and updated both

the duplicate did not go away — it got twice as convincing
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CHAPTER 02 * FIGURE 3
DROPPING A TABLE DELETES THE NAME, NOT THE FILES

catalog.drop_table("bookshop.strict")

.

THE CATALOG THE WAREHOUSE

[ e, e ] before: 37 files
after @ 37 files
[ ('bookshop', 'customers') ]

R I oo o e i s

nothing points at them now

the table is gone, the bytes are not unreferenced files are orphan files — chapter 13 sweeps them up

thirty-seven files before, thirty-seven after
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CHAPTER 01 * FIGURE 2
TWO WRITERS, ONE FILENAME

two jobs write to the same table, following the same naming convention

(50, 4950.0)

job A's 100 rows are gone

JOBA
part-0000

writes 100 rows \
.parquet
N
JOBB /v

writes 50 rows

no error - nothing logged - exit 0

one path, written twice

There is nobody to arbitrate, so the outcome is decided by timing alone.

The losing job exits successfully. From the filesystem’s point of view nothing went wrong:
somebody wrote a file, and then somebody wrote that file again.

the loser exits zero, and nothing records the loss
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CHAPTER 14
ADOPT REFERENCES WITHOUT MOVING BYTES

‘ REGISTER REFERENC

PARﬁUET ICEBERG TABLE SHARED
PARQUET

é > no byte rewrite emporary ownershiyg

finish the cutover before maintenance can delete shared files

APACHE ICEBERG * CHAPTER-OPENING DIAGRAM o000
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CHAPTER 01 * FIGURE 2
ONE LOGICAL COLUMN SPLITS IN TWO

VS
) A
OLD FILES NEW FILE
amount = 3,000 amt = 500
three Parquet schemas union_by_name succeeds
queries expect amount 350 rows * wrong totals
J J

SUCCESS CAN BE MORE DANGEROUS THAN AN ERROR
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CHAPTER 14 « FIGURE 1

THE WHOLE TABLE IS TEN FILES

a legacy Hive-style extract: 120,000 orders, one Parquet file per dt= directory

s N
LEGACY DIRECTORY
30 data files - 30 dt= dirs
62 files - 1,717,835 bytes
unchanged, byte for byte
(. J

add_files

—

30 files added
in 3.70 s
no bytes copied

ICEBERG TABLE ch14.adopted

=][=][-]

10 files 18,255 bytes

json - i list -

and their checksums — that is all of it

120,000 rows queryable

ask the table where its data lives:

file:/./legacy/orders_parquet/dt=2026-04-01/part-00000-e5b7ed42-...parquet

outside
the warehouse

thirty files adopted in 3.70 s, and not one byte of data moved
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CHAPTER 01 * FIGURE 3
WHAT THE CONTRACT ADDS

[ A FOLDER ] [ AN ICEBERG TABLE J
_
commit whatever Is returns l one atomic pointer swap
J
N
schema each file remembers its own l one schema, numbered fields
J
~
history none — overwritten l every version retained
J
_
two writers last one silently wins l one commits, one is refused
J

four guarantees a directory listing cannot give you
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CHAPTER 01 * FIGURE 3
SAME COLLISION, DIFFERENT OUTCOME

VS

PLAIN DIRECTORY ICEBERG TABLE
Writer A: 100 rows one pointer swap wins
Writer B: 50 rows stale writer is rejected

same path ¢ A disappears 360 rows remain visible
both exit successfully failure can be retried
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CHAPTER 02
THE SHORTEST PATH TO A REAL TABLE

T > bookshop.orders 2 2
schema ¢ properties 2
APPEND SNAPSHOT

APACHE ICEBERG * CHAPTER-OPENING DIAGRAM o000
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CHAPTER 14 « FIGURE 3

MAINTENANCE DELETES YOUR SOURCE DATA

a copy of the legacy directory, adopted, then put through chapter 13’s ordinary maintenance

after add_files after DELETE expire_snapshots the legacy dir
files under DELETE .. WHERE retain_last => 1 source dir exists: True
dt=2026-04-05 dt = '2026-04-05' deleted_data_files: 1 files:
shared with the source still on disk one file collected the Parquet is gone

Nothing malfunctioned. Expiry deleted a file no retained snapshot referenced —
which happened to be a live Hive partition another team still reads.

other days intact: 30 remove_orphan_files has the same reach

adopt, delete a day, expire — and the original Parquet is gone from the legacy directory
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CHAPTER 01 * FIGURE 4

AND WHAT THE CONTRACT COSTS

the same three hundred rows, stored both ways

-

A FOLDER

4 files

5,463 bytes of data

AN ICEBERG TABLE

B[a[0
BELhLhBHBABA
BhLLLAAE

21 files - 54,417 bytes of metadata

metadata tracks files and snapshots, not rows — at production scale the ratio inverts completely

four files become twenty-one, at three hundred rows
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CHAPTER 14 « FIGURE 4

THREE PATHS IN, THREE DIFFERENT SOURCES LEFT BEHIND

the same 30 files, 120,000 rows, through each of the three procedures

add_files

you end up with
files added to a table
you created yourself

measured

30 added in 3.70 s

table dir: 10 files, 18,255 B

the source afterwards

untouched
62 files, 1,717,835 bytes

N

J

snapshot

you end up with
a NEW table shadowing
the source table

measured
30 imported in 3.43 s
snap dir: 6 files, 14,991 B

the source afterwards

untouched and writable
still reads 120,000 rows

J

migrate

you end up with
the source table itself,
replaced in place

measured
30 migrated in 3.09 s
dir: 62 files - 68 files

the source afterwards
renamed _BACKUP_
120,000 rows, still parquet

none of the three reads your data — and all three leave two systems sharing the same files
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CHAPTER 14 * FIGURE 2
ZERO-COPY WAS NOT FASTER IN THIS LAB

VS
) )
ADD_FILES CTAS REWRITE
3.70 seconds 2.42 seconds
1.70 MB live data 0.764 MB live data
preserves old compression better compression
preserves old layout new Iceberg-owned layout
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CHAPTER 02 * FIGURE 1
A NAME BECOMES A CURRENT TABLE STATE

TABLE NAME CATALOG METADATA SNAPSHOT
bookshop.books resolve + compare/swap schema + snapshot id explicit file list
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CHAPTER 14 « FIGURE 2
ONE FLAG DOUBLES THE TABLE, SILENTLY

running the same import twice, with the check on and then off

CHECK ON (the default)

IllegalStateException: Cannot complete import because data files refused, and it names the file
5
to be imported already exist within the target table:

file:/../orders_parquet/dt=2026-04-21/part-00000-e5b7ed42-.. table stays at 120,000 rows

S
\
CHECK OFF (check_duplicate_files => false)
{'added_files_count': 30, ..} 240 ) @@@
the same 30 files, referenced twice by one snapshot every row duplicated
no error - no warning - exit 0
J

every aggregate over that table is now wrong by a factor of two

the check refuses and names the file; without it, 120,000 rows become 240,000
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CHAPTER 21 « FIGURE 3

EXPIRY DESTROYS THE ROLLBACK YOU JUST PERFORMED

two ways a table protects you from a bad batch — and the one command that takes the protection away

3\ 3\
8 - STAGE IT ON A BRANCH 9 - UNDO ONE THAT GOT THROUGH 10 - THEN EXPIRE THE HISTORY
staged on branch 47660 rows, bad batch landed : 47660 rows, history before : 46 snapshots
1 invalid -> reject max amount 99999.0 deleted data files © 42
main untouched © 47659 rows rolled back 47659 rows, deleted manifests 83
max amount 133.5 deleted manifest lists : 45
after expiry 1 snapshot
the write landed, was queried, was found one procedure call. The old version was more metadata files destroyed than
bad — and main never moved. never destroyed, so returning to it is this table ever had data files.
a pointer move.
without write.wap.enabled = true, _snapshots includes every branch — and the rollback you just performed
spark.wap.branch is silently ignored use history, which only tracks main is now impossible
J S/

Forty-six snapshots became one, and every version except the current one is gone.

retain_last => 1 is not a tuning parameter, it is a retention policy: it decides how far back an incident can be undone.
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CHAPTER 20 * FIGURE 5

THE NEWEST ROW GOT ID 0

three rows written at v2, then the table upgraded to v3

{ N\ 'd \
IMMEDIATELY AFTER THE UPGRADE AFTER ONE UNRELATED COMMIT
record_count first_row_id record_count first_row_id
1 NULL 1 0 the newest file
2 NULL INSERT 1 1
2 2
VALUES (99)
id _row_id id _row_id
1 NULL 1 1
2 NULL 2 2
3 NULL 3 3
N J/ | £ g J
N
The three pre-existing rows were given ids retroactively, by a commit that had nothing to do with them —
and the newest row got id 0 while the older rows got 1, 2 and 3. Why, | did not chase into the manifest-writing code.
J/

on an upgraded table, do not start a ct data cap until after the first post-upgrade commit
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CHAPTER 21
THE WHOLE TABLE LIFECYCLE

MUTATE

EVOLVE DEGRADE

50,000 ORDERS
BUILD REPAIR

one table « full lifecycle

VERIFY AUDIT

PUBLISH
the answer is the table state — verify it from every engine

APACHE ICEBERG * CHAPTER-OPENING DIAGRAM o000
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CHAPTER 21 * FIGURE 1
TWO EVOLUTIONS, AND NOT ONE BYTE MOVED

one table of fifty thousand orders, taken through two evolutions

2 a N\
1 - BUILD 2 - CHANGE THE SCHEMA 3 - CHANGE THE LAYOUT
CREATE TABLE PARTITIONED BY ALTER TABLE ADD COLUMN channel ALTER TABLE DROP PARTITION
(months (ordered_at)) ALTER TABLE ... RENAME COLUMN FIELD months (ordered_at)
INSERT 50,000 orders book_title TO title ALTER TABLE ADD days( )
»> »

data_files 1 files rewritten 0 data_files 1
bytes 117233 columns now 9 bytes 117233
manifests 1 field id of title 3 manifests 1
snapshots 1 snapshots 1
rows 50000 rows 50000

J 7 J

N

A rename and an addition on fifty thousand rows, and not one byte of data moved.
The rename is safe because the column was never identified by name — field 3 is still field 3 in the Parquet files.
Repartitioning wrote no data, no snapshot and no manifest: it appended a partition spec and moved a default.
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CHAPTER 21 « FIGURE 2

FORTY ROWS, 85% MORE DISK, AND TWICE THE QUERY TIME

the same table, wrecked the way a micro-batch pipeline wrecks one, then repaired

N D Y
4 - AFTER THE DELETE 5 - FORTY ONE-ROW COMMITS 6 - COMPACT + REWRITE MANIFESTS
data_files 1 data_files 41 data_files 10
bytes 117233 bytes 216470 bytes 143569
delete_files 1 -> delete_files 1 -> delete_files 1
manifests 2 manifests 42 manifests 3
snapshots 2 snapshots 42 snapshots 44
rows 47619 rows 47659
[ query: 336.1 ms ] [ query: 163.5 ms (2.1x) ]

J J J

Forty rows added 85% to the table on disk and doubled the query. The repair gave the time back — and left three things behind:

[ nine files, not one ] rewrite_data_files bin-packs within partitions; the forty orders spanned nine days

[ snapshots went UP, to 44 ] compaction is a write like any other — nothing has been reclaimed yet

[ removed_delete_files_count: 0 ] the delete file from step 4 survived it — verify the state, not the return value
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CHAPTER 20 * FIGURE 6

THE VECTOR IS REPLACED, NOT ACCUMULATED

one v3 merge-on-read table, three deletions, two data files

DATAFILE DELETE UPDATE
rows and positions, one vector written, same data file,
never rewritten record_count 1 a whole new vector

REPLACE

O,

record_count 2
the first is historical

LIVE delete files, current snapshot only

content record_count file_path
1 1 00000-42-1fa323fb-...-00001-deletes.puffin
1 2 00000-37-e00d4dc3-...-00001-deletes.puffin

three deletions across two data files, two vectors, one each

at most one vector per data file, so a scan's worst case is one extra small read per data file it touches

a second delete rewrote the vector; it did not add to it





OEBPS/images/20-fig-measured.png
CHAPTER 20 * FIGURE 2
THE DIFFERENCE IS THE FLOOR, NOT THE FILE COUNT

two identical 1,000-row tables, two data files each, both merge-on-read — ten separate DELETE statements against each

[ v2 - position delete file ) [ v3 - deletion vector J
after delete # 1 1596 bytes 478 bytes
after delete # 2 1647 bytes 480 bytes
after delete # 3 1651 bytes 482 bytes
after delete # 5 1654 bytes 486 bytes
after delete #10 1681 bytes 497 bytes
files on disk {'parquet': 12} {'puffin’': 10, 'parquet': 2}
total bytes in data/ 20480 [ 8804 )

Roughly 9 bytes per deleted row against roughly 2 — and both tables end with 990 rows and exactly one live delete file.
The difference is not file count; it is the floor. Query latency with vectors versus position deletes was not measured, at any size.
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CHAPTER 20 * FIGURE 3

THE IDENTITY IS CARRIED, NOT RECOMPUTED

one v3 bookshop table, on merge-on-read, mutated twice

a N N\
AFTER THE INSERT AFTER DELETE order_id = 2 AFTER UPDATE order_id
order_id _row_id _last_upd order_id _row_id _last_upd order_id _row_id _last_upd
1 0] 1 1 [¢] 1 1 [¢] 3
2 1 1 2 1 2 1
3 2 1 4 3 1 4 3 1
4 3 1 5 4 1 5 4 1
5 4 1
five rows, ids 0 to 4, all at sequence 1 row 2's id is absent — nothing renumbered the row was rewritten; the id did not move
J J J
N
Order 1 was physically deleted and rewritten — that is what an update is on a merge-on-read table.
Its _row_id is still 0. Its _last_updated_sequence_number moved from 1 to 3.
J/

after a compaction, order 38 kept _row_id 37 while sitting at offset 36 of its new file — the identity is carried, not recomputed
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CHAPTER 20 - FIGURE 4
IT SEES UPDATES AND INSERTS, AND NEVER A DELETE

a bookshop table at sequence number 1, then an update, a delete and an insert

N e 2
SELECT order_id, customer, status, (O EEEED [T e ES e LG

row id last_updated_sequence_number order 2 was deleted and is not in the result;

oom s T - - - lineage describes rows that exist. No tombstone.

FROM ice.ch20.cdc & J

WHERE _last_updated_sequence_number > 1; ( ™)
create_changelog_view REFUSES

UnsupportedOperationException: Delete files are

order_id customer status _row_id -seq | currently not supported in changelog scans

. J
1 ada shipped ] 2 p N
4 kay placed 4 4 AN INCREMENTAL READ SEES APPENDS ONLY

scanning between the two snapshots returned one row,

updated at sequence 2, inserted at sequence 4 — planned like any other filter L
order 4 — the update and the delete were invisible

Row lineage is the substrate for change data capture, and in Iceberg 1.11.0 you write the query yourself.

Record the high-water sequence number your consumer has seen, and next time ask for everything above it.

no connector, no log tail, no external state — and no answer at all for the rows that were deleted
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CHAPTER 20 - FIGURE 1
FORTY-FOUR BYTES OF BITMAP IN A 480-BYTE FILE

one .puffin file, 480 bytes on disk — segments not to scale

PFA1 44 bytes footer PFA1
head magic the deletion vector, at offset 4 JSON, footer size, flags tail magic
a magic number at both ends, so a reader finds the footer from the end of the file without scanning
N\ N
the footer, in full JSON WHAT THAT BUYS A PLANNER
"type": "deletion-vector-vi" 2147483645 is Integer. MAX_VALUE - 2:
"fields": [ 2147483645 ] the reserved field id for _pos, so the
"offset": 4, “length': 44 blob is a set of positions.
referenced-data-file": "...-0-00001.parquet the two properties name which data file
"cardinality”: "2* the blob applies to and how many rows it
"created-by": "Apache Iceberg 1.11.0" removes — both known before opening.
J J

blob bytes: 00000024 d1d33964 0100000000000000 .
a four-byte length, a four-byte magic, then a serialised Roaring bltmap — where v2 stored one row per deleted position
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CHAPTER 13 « FIGURE 3
DIRECTORY LISTING CAN MISCLASSIFY LIVE WORK
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referenced files are live lists the whole location
snapshot state is explicit uncommitted writer looks orphaned
safe basis for expiry shared directories look orphaned
no directory guessing dry-run and age guard required
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REWRITING EVERY DATA FILE LEFT THE DELETE FILES IN PLACE

a merge-on-read bookshop table partitioned by day, 12,000 rows, four DELETE statements scattered across the history

s N\ N
AFTER 4 MoR DELETES rewrite-all => 'true’ use-starting-sequence-number => 'false’
data_files 91 data_files 91 data_files 91
delete_files 25 -. delete_files 24 -. delete_files 0
positions 96 positions 95 positions none
rows 11,904 rows 11,904 rows 11,904
\ J \ J \

24 delete files survived

and now none do

removed_delete_files_count reported 0 in BOTH runs — including the one that removed all 24. Check .delete_files yourself.

The default keeps the original sequence numbers, which is what makes compaction safe to run beside a writer. Turning that off
trades that guarantee away, so schedule it in a quiet window.

the fix is a flag on compaction, not the procedure named after the problem
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THE TWO PROCEDURES LOOK SYMMETRICAL AND ARE NOT

the same future timestamp, handed to the two procedures that both take an older_than

N\ N

CALL ice.system.expire_snapshots( CALL ice.system.remove_orphan_files(
older_than => TIMESTAMP '2099-01-01") older_than => TIMESTAMP '2099-01-01")

accepted, no comment IllegalArgumentException:

Cannot remove orphan files with an

interval less than 24 hours.
It deleted 150 data files, 150 manifests

and 150 manifest lists on the spot. A hard floor, not a default. It compares a directory listing
It works from the snapshot chain, which is authoritative. against the chain, and a listing includes uncommitted files.
J J
N
and before that, a third silent no-op
remove_orphan_files(table) — @ rows in 7.97 s - both planted files still there
dry_run => true -~ 2 rows, nothing changed - for real -~ 2 rows, both gone
With no older_than it only considers files older than three days — a job that is mid-write cannot have its output deleted.
And one of the two files it deleted was leftover.txt: this procedure has no format opinion at all. )

only one of them can delete a file a running job is about to commit
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FIFTY-TWO METADATA FILES NOTHING WILL EVER TRACK AGAIN

each metadata.json is a full serialisation of the table state, including its snapshot log — they are not small

e ~ e ~ e N
AFTER EXPIRY AFTER THE PROPERTY AFTER ORPHAN REMOVAL
metadata.json -. metadata.json -. metadata.json
expiry deleted none of them delete-after-commit = true remove_orphan_files — 52 rows
parquet 1 - manifest 52 - list 1 previous-versions-max = 3 the tracked log holds 4 entries
L 13.6 MB of the directory ) L 97 reclaimed by a table property ) L 2,274,756 B — 701,022 B )
e N
56 is the interesting number, not 97.
The metadata log tracks 4 of those 56. The other 52 fell out of the capped log during the 150 commits, before the property was
enabled. Nothing tracks them any more — expiry works from the snapshot chain, and these are not in it. They are orphans, and
remove_orphan_files is the only thing in the toolkit that reaches them.
. J

the property stops the bleeding; it does not clean the wound
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ONE REFRESH, THREE DIFFERENT ANSWERS

the job: delete every file, then write three new ones

before ' mid-job ' 1 of 3 written ' after
l 3 files present ] l old files deleted ] l partial rewrite ] l ]

3 files present

the same query, run at four moments: select count(*) from sales/*.parquet

300 I0Exception 100 300

correct no files match plausible, and wrong correct

one hundred is the dangerous answer it does not error, does not alert, and reads as a third of the truth

the same query, four moments, three different answers
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ONLY EXPIRY RECLAIMS DATA-FILE STORAGE

Iceberg reclaims nothing as a side effect — reclaiming is its own operation, and there are four

e N
1 COMPACT 2 EXPIRE 3 REWRITE MANIFESTS
rewrite_data_files expire_snapshots rewrite_manifests
fixes data-file layout I drops old snapshots and I rebuilds the index over
and reclaims nothing — every file only they the files, after the other
it produces the garbage referenced two changed it
moves data the only step that reclaims reads no data file
\ J/
e 2
4  REMOVE ORPHANS remove_orphan_files — weekly or monthly, never in this job
It removes files under the table location that no snapshot references. It works from a directory listing rather than from the
snapshot chain, it has no format opinion, and it is the only one of the four that can destroy data. Run it with dry_run first.
Expiry before orphan removal, not after — expiry deletes files as it un-references them, so they never pass through the orphan state.
& J

compaction produces the garbage; expiry takes it out
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