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Congratulations, It's Yours Now

Here is the first incident. It happened in the lab this book is written against, about forty seconds after the platform came up, and nobody did anything wrong.

Spark created a table through a REST catalog on object storage and loaded fifty thousand orders into it. PyIceberg, running in a separate process with no JVM, appended one row through the same catalog. DuckDB, in a third process, inserted another. Then each engine was asked how many rows the table held.

pyiceberg count: 50002
duckdb count   : 50002
spark count    : 50000

Spark was not wrong about anything it had seen. It had loaded the table before the other two engines committed, and its REST client caches table metadata. cache-enabled defaults to true, and the session simply kept answering from the snapshot it already had. One REFRESH TABLE later, Spark said 50,002 like everyone else.

With one writer, this stale count would have been a curiosity: you controlled when the table changed. With several writers, agreement depends on the system around the table. The catalog every engine talks to, the storage every file lands in, the caches each client keeps and the maintenance schedule all matter. Iceberg’s format has not changed, but a correct snapshot is no longer enough to make the platform reliable. Somebody has to answer for how these pieces work together.

What you were running before, and what you are running now

Apache Iceberg from the Ground Up ended with a capstone: fifty thousand orders loaded, evolved, deliberately wrecked, compacted, expired, and read back by three engines that agreed to the cent. It ran on a laptop. The catalog was the Apache reference REST fixture with an in-memory SQLite behind it. The warehouse was a directory bind-mounted into that container. Every write came from one process at a time, and every process was started by the person reading the book.

That is a lakehouse in the same sense that a database on your laptop is a database. Every mechanism is real. None of the pressures are. Nobody else’s job depends on the table existing at nine o’clock. No two writers race for the same commit. No bucket lifecycle rule quietly deletes a data file the metadata still references. Nothing runs at a scale where a request count is a line item on a bill.

A platform is what you get when those pressures arrive, and the difference is easiest to see as a shift in what the word “broken” means.

Table correctness is what the first book was about. A commit is atomic or it is not. A snapshot is consistent or it is not. Two engines read the same metadata and get the same answer — or one of them has a bug. These are properties you can check by reading metadata, and the first book spent twenty-one chapters checking them.

Platform reliability is different. A table can be perfectly correct and still be useless. The catalog that resolves its name is down. The credentials that reach its files expired. The one engine that produces the nightly numbers cannot see the snapshot the other engine just committed. None of those is a defect in Iceberg. All of them are your problem now.

The reference architecture this book uses treats the platform as seven layers with contracts between them. They are separable, which is the whole point — you should be able to swap any one without rewriting the others.














































	Layer	What it owns	What “down” means for everyone else
	Storage	the bytes: data files, manifests, metadata files	nothing works, including reads of tables nobody is writing
	Catalog	the pointer from a name to the current metadata file, and the atomic swap of that pointer	no engine can find or commit to any table, even though every byte is intact
	Compute	the engines that plan scans, write files and commit	that engine’s users are down; every other engine is fine
	Governance	who may read and write what, and how credentials reach the engines	reads fail closed or, worse, fail open
	Orchestration	when writes and maintenance run, and in what order	tables go stale, maintenance stops, and nobody notices until the bill or the planning time says so
	Observability	the metadata tables, turned into signals someone watches	incidents are discovered by users instead of by you
	Recovery	catalog backups, metadata-consistent replicas, the practiced way back	the first real loss is permanent


The failures in the third column have different reach. Losing the catalog affects every engine at once; losing storage also stops reads of tables nobody is writing. Compute is the only layer whose failure stays local — which is why platform teams are so relaxed about engines and so nervous about catalogs. The catalog’s single point of failure, introduced in chapter 4 of the first book, now needs an end-to-end test. Standing up the platform and breaking that dependency once gives us one.

Standing it up

Everything in this book runs from one compose file in the companion repository. Book 1’s convention holds: the environment grows only when a chapter needs it, and each growth is that chapter’s lesson. But the growth happened, so the platform is bigger than the first book’s. Here is what comes up, with the memory each service was measured holding after the chapter’s runs.

git clone https://github.com/book-companion/iceberg-bookshop
cd iceberg-bookshop && make venv
make -C book-2 up

waiting for catalog ready
waiting for polaris ready
waiting for lakekeeper ready
waiting for trino.. ready
waiting for flink ready
waiting for connect ready
  book2-catalog                Up 8 seconds (healthy)
  book2-connect                Up 13 seconds
  book2-flink-jm               Up 7 seconds
  book2-flink-tm               Up 7 seconds
  book2-kafka                  Up 13 seconds
  book2-lakekeeper             Up 8 seconds (healthy)
  book2-lakekeeper-s3-loopback Up 8 seconds
  book2-polaris                Up 8 seconds (healthy)
  book2-postgres               Up 13 seconds (healthy)
  book2-seaweedfs              Up 13 seconds (healthy)
  book2-trino                  Up 2 seconds (health: starting)



















































	Service	Role	Resident memory
	SeaweedFS 4.45	S3-compatible object store, single process, with IAM and STS	190 MB
	REST fixture 1.10.1	the reference catalog from Book 1, now on object storage	240 MB
	PostgreSQL 18	the database behind both production catalogs, and the bookshop’s operational source	50 MB
	Apache Polaris 1.7.0	production catalog one	480 MB
	Lakekeeper 0.13.3	production catalog two	100 MB
	Trino 483	the query engine Book 1 never ran	1.0 to 1.7 GB
	Flink 2.1.3	the streaming writer Book 1 could only describe	2.6 GB across two containers
	Kafka 4.3.1 and Debezium 3.6.2	event streams and change data capture	1.6 GB together


The whole platform resident at once measured about 8.2 GB. The planning number before it was measured was 17 GB. Write that down as the first lesson of the operating model. Capacity estimates written from memory are wrong by a factor of two, in either direction — and the only cure is docker stats.

What each of these is, and why it is here

The first book ran on three components: PyIceberg, Spark and a reference catalog. This platform has eleven containers and three host-side clients, and half of them will be new to a reader who has only that book behind them. Here is what each one is, sorted into the layers of the reliability table, so that the rest of the book can name them without stopping to explain.

Storage: SeaweedFS. An object store that speaks the S3 API, running as one process. It plays the part S3, GCS or Azure Blob play in production: every data file, manifest and metadata file lands here, and nothing else on the platform holds a byte of table data. It is SeaweedFS rather than MinIO because MinIO stopped publishing Docker images in September 2025 and archived its repository the following April. Every Iceberg tutorial you have read uses MinIO — this book could not. Chapter 2 shows how the replacement was chosen, with a probe that also caught a store returning success for a write condition it did not honour. The store is a dependency like any other, and this one changed under the book while it was being written.

Catalogs, three of them. A catalog holds one row per table, the pointer to that table’s current metadata file, and swaps the pointer atomically. That is the whole contract, and the first book spent chapters 4 and 5 on it. The platform runs three implementations of the same REST protocol on purpose. The reference REST fixture is Book 1’s container, an Apache-provided test server with SQLite behind it, moved onto object storage. That way the first thing you run in this book is the last thing you ran in the previous one. It is also here so that it can fail in front of you — which it will, below. Apache Polaris is an Apache project: a REST catalog with OAuth2 authentication, catalog roles and the ability to hand engines short-lived storage credentials. PostgreSQL is its database. Lakekeeper is an independent REST catalog written in Rust, with the same protocol, the same credential vending and the same PostgreSQL behind it, organised around projects and warehouses. Two production catalogs rather than one because chapter 3 is about how they differ, and they differ in ways that will cost you a day each if you meet them unprepared.

The database: PostgreSQL 18. It has two jobs, and keeping them straight matters. It is the metadata store for both production catalogs, so a catalog’s “one row per table” is literally a row in this database. It is also the bookshop’s operational system — the sixty thousand orders of the SQL and dbt books. Chapter 12 captures changes from it. The same instance, two databases, two very different reasons to care whether it is up.

Engines, five of them. An engine is anything that reads or writes Iceberg tables through a catalog. Spark is the first book’s writer and the home of every maintenance procedure; it runs on the host, not in a container. PyIceberg is the JVM-free microscope, the library that reads metadata instantly and is used throughout for inspection. DuckDB is an in-process analytical database that attaches to a REST catalog directly, and it is the third engine in every cross-engine check. Trino is a distributed SQL query engine: a coordinator that plans queries and workers that execute them, with a native Iceberg connector. It is the engine large platforms put in front of their analysts. The first book could not fit it, and chapter 5 certifies it. Flink is a stream processor: it runs jobs that never finish, checkpoints their state on an interval, and commits to Iceberg once per checkpoint. It is the writer Book 1’s chapter 17 could only describe, and chapter 11 runs it.

Streams: Kafka, Kafka Connect and Debezium. Kafka is the message broker, a durable log of events organised into topics — one node here, in its KRaft mode with no ZooKeeper. Kafka Connect is Kafka’s framework for running connectors, processes that move data into or out of topics without custom code. Debezium is a family of change-data-capture connectors that run inside Connect. They read a database’s transaction log and publish every insert, update and delete as an event. Together they are how the bookshop’s PostgreSQL changes reach an Iceberg table in chapter 12, and they are the reason the platform’s memory table has a Kafka line at all.

That is the cast. The reliability table said which layer’s failure hurts whom; this list says which process is which layer. When chapter 3 says “the catalog is down”, it means one of three containers, and when chapter 5 says “an engine cannot see the snapshot”, it means one of five.

Every chapter prints its pins. Here are this one’s, as the companion’s verify script prints them.

== version manifest
   trino          483
   flink          2.1.3
   lakekeeper     0.13.3
   kafka connect  4.3.0
   postgres       18.6 (Debian 18.6-1.pgdg13+2)
   pyspark        4.1.3
   pyiceberg      0.11.1
   duckdb         1.5.5

The Iceberg library is 1.11.0 everywhere it is a library: the Spark runtime, the Flink runtime, PyIceberg’s spec support, and the copy Trino 483 bundles. That last one was checked by listing the plugin directory rather than by assumption, because an engine’s Iceberg version is whatever the engine ships, not whatever you installed.

org.apache.iceberg_iceberg-api-1.11.0.jar
org.apache.iceberg_iceberg-aws-1.11.0.jar
org.apache.iceberg_iceberg-core-1.11.0.jar

Proving it end to end

The companion’s first verify script reproduces the opening incident deliberately. Spark writes, two more engines commit, and four engines count. A successful Spark write alone would not test the platform’s promise. The proof is that every engine reaches the same number through the same catalog and storage, including the Spark session that loaded the table before the other commits.

== spark wrote 50,000 rows into 9 files under s3://warehouse/ in 3.3s
== pyiceberg appended 1 row through the catalog
== duckdb inserted 1 row through the catalog
== spark saw 50000 before REFRESH TABLE (its REST client caches table metadata)
== counts: {'spark': 50002, 'pyiceberg': 50002, 'duckdb': 50002, 'trino': 50002}
== PASS: four engines, one catalog, one table, 50,002 rows, 3 snapshots

Nine data files for fifty thousand rows, because the table is partitioned by day and the orders span nine days. Three snapshots, because three engines committed once each. Those two numbers are the first book’s arithmetic and they still hold. What is new is the fourth engine and the cache.

Trino is worth a paragraph because it is the engine the first book explicitly did not run. Chapter 15 of that book said why: the lab’s Docker allocation could not fit a coordinator that wants a multi-gigabyte heap next to everything else. That reason is gone, and this platform gives Trino its own catalog properties file per way of reaching the tables. The one used here is the plainest.

connector.name=iceberg
iceberg.catalog.type=rest
iceberg.rest-catalog.uri=http://catalog:8181
iceberg.rest-catalog.warehouse=s3://warehouse/
fs.native-s3.enabled=true
s3.endpoint=http://seaweedfs:8333
s3.path-style-access=true
s3.region=us-east-1
s3.aws-access-key=lab-access-key
s3.aws-secret-key=lab-secret-key

The storage endpoint is seaweedfs:8333 here and localhost:8333 in every host-side client. Trino runs in a container, so it reaches the same store through a different address. A catalog that supplies storage configuration to both kinds of client has to account for that difference. Chapters 2 and 3 follow the problem through the two production catalogs; it also explains the small sidecar next to Lakekeeper in the compose file.

Now the cache, properly. Spark’s Iceberg REST catalog wraps every loaded table in a caching layer, and a session that loaded a table keeps serving that table’s metadata until the entry expires or something refreshes it. The relevant properties on the catalog are cache-enabled and cache.expiration-interval-ms, and the operational choice is genuinely a choice.


	Leave the cache on, and a long-lived session — the kind a notebook server or a query service holds — will report stale results for tables other engines write to. The staleness is bounded by the expiration interval, which defaults to thirty seconds, and unbounded if that interval is set to a negative number, which disables expiry.

	Turn it off with cache-enabled=false, and every table reference costs a catalog round trip. On the fixture that is a millisecond. On a production catalog under load it is a real cost, and chapter 3 measures it.



The rule this book uses has two halves. Sessions that only read and live for seconds keep the default. Anything long-lived that shares tables with another writer either disables the cache or refreshes explicitly before a decision is made on the numbers. The exception is a session that also owns the table’s only writer — which cannot be stale about its own commits.

Breaking it, once

The reference catalog survived the four-engine proof. It did not survive the next thing this book tried, which was a streaming writer committing every ten seconds while a batch job ran alongside it. Here is what every client saw from that moment on — Spark, PyIceberg, DuckDB and Trino alike.

org.apache.iceberg.exceptions.RESTException: Unhandled error:
  ErrorResponse(code=500, type=UncheckedSQLException,
  message=Failed to get table stage4.orders_upsert from catalog rest_backend)

And here is the cause, from the catalog’s own log.

Caused by: org.sqlite.SQLiteException: [SQLITE_ERROR]
  SQL error or missing database (no such table: iceberg_tables)

Book 1 ran the fixture with the JDBC URI it ships with: jdbc:sqlite:file:/tmp/iceberg_rest?mode=memory. That URI describes an in-memory SQLite database — and in-memory SQLite databases are per connection. As long as the catalog’s connection pool handed every request the same connection, there was one database and it had the iceberg_tables table in it. The moment concurrent commits made the pool open a second connection, that connection got a brand-new, empty, in-memory database with no tables at all, and answered every query with the error above. It never recovered. A restart cleared it, and a restart of an in-memory database also forgets every table ever registered.

Three lessons from the first incident, in the order you will need them.

First, the catalog failed for every engine at once — which is what the reliability table said would happen. Storage was fine. Every data file, every manifest, every metadata file was exactly where the metadata said it was. Nobody could reach any of them, because nobody could resolve a name to a pointer.

Second, the failure was silent until it was total. There was no warning that the pool had grown and no log line at the moment the second connection opened. From the client side there was no way to tell which of the two databases a request would land on. Chapter 13 is about turning “the catalog is answering” into a signal — and this is the incident that justifies it.

Third, the fix was a configuration line, and the configuration was Book 1’s. The platform now runs the fixture on a file-backed SQLite, jdbc:sqlite:file:/catalog/fixture.db, on a bind mount. Not a named Docker volume — the image runs as a non-root user and could not open a database file on a root-owned volume (SQLITE_CANTOPEN). That is the kind of detail that costs an hour on a Tuesday. File-backed SQLite handles concurrent connections the way SQLite always has, with a lock. It is still SQLite behind a Jetty server. Chapter 3 replaces it with Polaris and Lakekeeper, both on PostgreSQL, and measures what that buys.

Book 1’s chapter 5 introduced this fixture as a test server. The concurrent workload has now exposed why that distinction matters.

What to decide, and why

A platform team’s first artifact is not a dashboard or a runbook. It is a sentence per layer saying who owns it — and the sentences are harder to write than they look. Here is the bookshop’s, filled in for the platform you just stood up. Yours will have different names in the right-hand columns and the same shape.






















































	Layer	Owner	Change control	What they promise
	Storage	platform	bucket policy and lifecycle rules reviewed; no lifecycle rule touches a warehouse prefix	durability; no deletion outside Iceberg’s own maintenance
	Catalog	platform	schema migrations of the catalog database are the platform’s release, not the engine teams’	name resolution and atomic commit, with a stated availability
	Compute	each engine’s team	engine upgrades certified against the platform’s tables (chapter 5) before rollout	their users’ queries
	Governance	security, executed by platform	policy changes reviewed by both	the same answer through every engine
	Orchestration	data engineering	maintenance is scheduled by the platform, pipelines by their owners	freshness per table
	Observability	platform	signals derived from metadata tables, not from engine logs	incidents found before users find them
	Recovery	platform	restores are practiced, not documented	a stated recovery point and time


Two ownership decisions in this table follow directly from the failures above. The catalog and storage belong to the same team because a usable table depends on both. Split that responsibility and you can end up with each team’s dashboard green while no engine can read the table.

Maintenance is scheduled by the platform — not by whoever wrote the pipeline. The first book showed that a compaction can conflict with a concurrent delete and that expiry deletes files a rollback would have needed. Those are platform decisions with table-owner consequences, and Part II of this book is about making them as policy rather than as favours.

The rest is judgment, and this book will say so when it is. Whether engine teams can run their own maintenance, whether governance sits in the catalog or in front of it, what availability the catalog promises: each of those has a chapter. Each chapter runs what can be run and labels what it cannot.

The reliability model, in one paragraph

Every later incident in this book is described against the same model, so here it is once. A table is available when a named engine can resolve it through the catalog and read its current snapshot from storage. A table is fresh when its current snapshot is younger than its owner’s stated freshness. A table is healthy when its metadata says nothing is wrong: no delete-file ratio climbing, no snapshot count growing without expiry, no planning time that has stopped being proportional to the data. Availability is the catalog’s and storage’s promise. Freshness is orchestration’s. Health is maintenance’s, and it is the one that erodes silently — which is why chapter 13 turns it into numbers.

What was not run

The Kafka Connect Iceberg sink runs, creates its table, and has never committed; that is open in the lab’s record and chapter 11 says so again. Every memory figure above is resident memory at one instant on an idle platform, not under load. And the reference catalog’s behaviour under concurrent commits from more than one engine was not tested here; chapters 8 and 11 found its limit, and the later chapters moved to Polaris because of it.

Exercises

Every Iceberg state change is visible in metadata, so these check themselves.

1. Find the cache. Open two Spark sessions against the platform. In the first, load platform.orders and count it. In the second, insert one row. Count again in the first session, without REFRESH TABLE, and keep counting once every ten seconds until the number changes. How long did it take, and which catalog property explains the number you got?

Show answer
The first session reports the old count until its cache entry expires, and with the default cache.expiration-interval-ms of 30000 that is up to thirty seconds. Setting the property to -1 on the catalog disables expiry and the first session never sees the row without an explicit refresh. Setting cache-enabled=false makes every reference a catalog round trip and the row appears on the next count.


2. Make the fixture fail on purpose, then not. Edit the companion’s compose file to put the fixture back on jdbc:sqlite:file:/tmp/iceberg_rest?mode=memory, restart it, and run the streaming job from chapter 11’s SQL script alongside the verify script. When it fails, read the catalog’s log for the SQLite error, then look at the metadata files on storage. Are any of them missing?

Show answer
None. Every data file, manifest and metadata file the commits wrote is present on the object store; the catalog lost only its pointer table, which lived in a per-connection in-memory database. That is the whole difference between a storage failure and a catalog failure, and it is why chapter 16’s recovery procedure for a lost catalog starts by registering the newest metadata.json it can find.


Final thoughts

The first book taught a mechanism per chapter, and every mechanism still holds. Snapshots are still immutable, the catalog is still one conditional swap, a manifest is still a list of files with statistics. What this chapter added is the sentence that goes in front of all of them now. The platform is the thing that lets more than one process rely on those mechanisms at the same time. It is nobody’s until somebody says it is theirs.

You have stood the platform up and watched its weakest component fail in the way the reliability table predicted. The next chapter goes one layer down, to the storage every file landed in. It asks a question the first book never had to — how many requests did that cost, and which of them would you pay for?





There Is No ls in Object Storage

The table from chapter 1 holds 50,004 rows. Here it is read two ways by the same engine, DuckDB, against the same object store, with every request passing through a proxy that counts them.

duckdb: count via catalog            9 requests  {'GET metadata': 9}                 50004
duckdb: count via read_parquet glob  36 requests  {'GET data': 35, 'LIST': 1}      194455

The second query is the one every data lake ran for a decade: point the engine at the directory, read every Parquet file under it. It made one LIST call, fetched thirty-five data files, and returned a number nearly four times too large. The directory also holds the inputs to a compaction and the leftovers of a few expired snapshots that maintenance has not yet deleted. The first query made nine requests, read no data files at all, and was right.

The bucket prefix contains more than the current table, and listing it costs a priced API call before returning an answer off by 144,451 rows. That is the production consequence of A Folder Is Not a Table, the first chapter of the first book. Understanding the object store beneath Iceberg explains both the extra requests and the wrong count. Every number here was counted — not estimated.

What a bucket is not

A filesystem has directories, and a directory is a thing: it exists, it can be empty, it can be listed cheaply, and renaming it moves everything under it in one operation. An object store has keys. A key is a string — and the slashes in it are a convention. The “directory” you see in a console is the result of a LIST call with a prefix and a delimiter, computed at request time.

Four consequences follow, and every one of them shows up in Iceberg’s design.

Listing is a request, and it is paginated. ListObjectsV2 returns up to a thousand keys per call. A prefix with a million objects under it costs a thousand calls to enumerate, every time. There is no cached directory entry to consult.

There is no rename. Moving an object is a copy followed by a delete, and moving a prefix is one copy per object. A table layout that depends on renaming a directory into place — which is how Hive’s INSERT OVERWRITE worked — is a table layout that does not work here.

Writes are whole objects. There is no append and no in-place update. A file is written completely or not at all. Above a size threshold the write is a multipart upload: an initiation call, one call per part, and a completion call that makes the object visible.

Every call is priced. On AWS S3 at the time of writing, PUT, COPY, POST and LIST requests are listed at roughly ten times the price of GET and HEAD requests, per thousand. This book did not run against S3, and the tariff is quoted from AWS’s published price list rather than from a bill; chapter 18 puts real numbers on it. What matters here is the shape: writes and listings are the expensive calls, reads are cheap, and none of them is free.

Iceberg’s answer to all four is the same answer: the metadata is the listing. A manifest records every data file’s full path, size and statistics. A manifest list records every manifest. A metadata file records the manifest list of every snapshot. A reader that starts from the current metadata file never has to ask the store what exists — because the table already told it. That single design choice is why the catalog read above made nine metadata requests and zero listings, and why the directory read made a listing and got the wrong answer.

Counting what each operation costs

An nginx reverse proxy between every client and the object store records one line per request: method, key, status, bytes and conditional headers. Each Iceberg operation was run with the log snapshotted before and after, and the difference classified. The resulting counts below are for Spark 4.1.3 with S3FileIO against the reference REST catalog. They let us separate the fixed work of a commit from the requests caused by its data files.








































































	Operation	Requests	Of which	Result
	CREATE TABLE, empty, partitioned by day	0		the catalog wrote the first metadata file itself
	INSERT 50,000 rows across 9 day partitions	13	9 PUT data, 2 PUT metadata, 1 GET metadata, 1 HEAD	9 files
	SELECT count(*)	3	2 GET metadata, 1 HEAD	50,000, no data read
	SELECT one day, partition pruned	7	4 GET data, 2 GET metadata, 1 HEAD	5,556 rows from one file
	SELECT one order_id	39	36 GET data, 2 GET metadata, 1 HEAD	one row, every file opened
	DELETE one row, copy-on-write	42	30 GET data, 1 PUT data, 3 PUT metadata, 6 GET metadata, 2 HEAD	one file rewritten
	INSERT one row, five times	7 each	1 PUT data, 2 PUT metadata, 2 GET metadata, 2 HEAD	five files, five snapshots
	rewrite_data_files	44	18 GET data, 1 PUT data, 8 PUT metadata, 15 GET metadata, 2 HEAD	6 files became 1
	expire_snapshots, all but current	81	41 GET metadata, 37 HEAD, 3 POST multi-delete	7 data files deleted
	remove_orphan_files, dry run	15	10 GET metadata, 4 HEAD, 1 LIST	0 orphans


A commit has a fixed footprint. Every one-row insert cost exactly seven requests: one data file, one manifest, one manifest list, and the reads needed to know what the current metadata was. The fifty-thousand-row insert cost thirteen, because it wrote nine data files instead of one. The first book measured this as four files per commit on a local disk; this is the same fact priced per request. A pipeline that commits once a minute pays seven requests a minute whether it writes one row or one million — which is why chapter 11 cares so much about commit rate.

CREATE TABLE cost the client nothing, because with a REST catalog the server writes the initial metadata file. That is worth noticing for what it implies. The catalog has its own credentials and its own path to storage, and when something is wrong with either, CREATE TABLE is the first thing that breaks. The reference fixture writes directly; the production catalogs in chapter 3 do too, and their storage configuration is the reason each one has a separate “internal” endpoint.

A count(*) reads no data. Three requests, all metadata. The row count is in the manifests, per file, and the engine summed them. This is the cheapest query an Iceberg table can answer and it is also — as the next section shows — the one query that cannot notice a missing file.

Pruning is only as good as the statistics. The partition-pruned query opened one file. The order_id lookup opened all nine, because the order IDs are interleaved across the day partitions and every file’s minimum and maximum bracket the value being looked for. Column statistics cannot prune what the layout has spread evenly, and no amount of catalog cleverness changes the request count. Chapter 7 is about laying data out so that it can.

Maintenance is where the requests are. Compaction cost 44 and expiry cost 81. Expiry’s cost was almost entirely reading: 41 metadata GETs and 37 HEADs to work out which files no surviving snapshot references, then three bulk deletes. The first book established that expiry is what actually removes bytes. This table establishes that it is also what actually costs requests, and that the cost scales with the number of snapshots and manifests being examined — not with the data. A table with ten thousand snapshots pays for all ten thousand every time it expires.

The only LIST in the table is orphan cleanup, and it is there for the reason orphan cleanup exists. The whole point of the procedure is to find files the metadata does not know about, and the only way to do that is to ask the store. It is also the one operation in the table that did not work the first time.

remove_orphan_files (dry run, Hadoop FS)   FAILED
  org.apache.hadoop.fs.UnsupportedFileSystemException: No FileSystem for scheme "s3"
remove_orphan_files (dry run, prefix_listing)   15 requests  {'GET metadata': 10, 'HEAD': 4, 'LIST': 1}

The table’s reads and writes go through Iceberg’s own S3FileIO. By default, remove_orphan_files does not. It lists the table location through Hadoop’s filesystem layer, which on this platform has no S3 implementation installed, and the procedure fails with an error that says nothing about orphans. The prefix_listing => true option asks it to list through the table’s FileIO instead, at which point it worked and cost one LIST for a table whose location holds thirty-odd objects. This is the third time in two books that a maintenance procedure has turned out to use a different code path from the table it maintains — and it is not the last.

What the directory read actually did

The directory read at the start made thirty-six requests: one LIST to discover the keys and thirty-five GETs to read files. Most of those files are absent from the table’s current snapshot. The listing was cheap because SeaweedFS returned every key in one page. On a bucket with a million-object prefix it would have been a thousand calls before the first byte of data, and the answer would still have been wrong.

Paths are absolute, and a copy is not a copy

A manifest records each data file as a full URI, such as s3://warehouse/stage5/paths_src/data/ordered_at_day=2026-06-01/00000-4-….parquet. That path is absolute, so copying the manifest to another prefix does not change where it points. On object storage — where moving a directory already means copying every object — this is an easy way to pay for a copy that still depends on the original. The following experiment makes that dependency visible.

Copy every object under a table’s prefix to a new prefix with server-side CopyObject: thirteen objects for a fresh fifty-thousand-row table. Then register the copied metadata.json as a new table and ask where its data files are.

== copied 13 objects to stage5copy/orders/ (server-side CopyObject)
  register_table on the COPIED metadata.json: Row(current_snapshot_id=…, total_records_count=50000, total_data_files_count=9)
  where the copy's data files point: ['s3://warehouse/stage5/paths_src']
  count via the copy: 50000
  sum(amount) via the copy: 3696428.73

The copy registered without complaint, counts correctly, sums correctly — and every one of its data files is the original’s. The copied metadata is a second pointer to the first table’s bytes. Nothing under stage5copy/orders/data/ is referenced by anything. You have a table that looks independent and is not, and the way you find out is by deleting a file from the original.

== deleted one original data file: …/ordered_at_day=2026-06-01/00000-4-27f69d71-ee59-44…
  count(*) via the copy, after the delete (stats only): 50000
  sum(amount) via the copy, after the delete: FAILED
    org.apache.iceberg.exceptions.NotFoundException: Location does not exist:
    s3://warehouse/stage5/paths_src/data/ordered_at_day=2026-06-01/00000-4-27f69d71-….parquet
  sum(amount) via the ORIGINAL, after the delete: FAILED  (the same file)

Deleting the original file broke both tables — but count(*) still reported 50,000 rows. The request counts explain why: that query reads no data files, so it could not notice that 5,556 rows were now missing. A metadata-only query cannot detect a storage-level loss. Chapter 14 adds a periodic column read to chapter 13’s health pack for exactly this reason, and its incident list has a data file missing because a lifecycle rule ran.

The supported way to move a table is rewrite_table_path. It is a Spark procedure that rewrites every absolute path in a table’s metadata from one prefix to another and stages the result, without touching the data. Run on the still-healthy original, before the deletion:

  rewrite_table_path(source -> target): Row(latest_version='00001-024639a0-….metadata.json',
    file_list_location='s3://warehouse/stage5/paths_src/metadata/copy-table-staging-…/file-list',
    rewritten_manifest_file_paths_count=1, …)
     the file list has 13 lines; first: s3://warehouse/stage5/paths_src/metadata/copy-table-staging-…/metadata/00000-….metadata.json<TAB>s3://warehouse/stage5moved/orders/metadata/00000-….metadata.json
     copied 13 listed objects to their target paths
  register the REWRITTEN metadata: Row(current_snapshot_id=…, total_records_count=50000, total_data_files_count=9)
  where the moved table's data files point: ['s3://warehouse/stage5moved/orders']
  sum(amount) via the moved table: 3696428.73

The procedure does three things. It writes a rewritten copy of every metadata file, manifest list and manifest under a staging prefix, with every path translated. It writes a file list: one line per object, source path, tab, target path, covering the staged metadata and the untouched data files. And it returns the name of the newest rewritten metadata file. Your job is the copy the list describes, with whatever tool moves objects in your environment, then a register_table on the rewritten metadata at its new home. After the original’s data file was deleted, the moved table still summed to the cent, because its files are its own.

  sum(amount) via the MOVED table, after the delete: 3696428.73

The rule: never register a copied metadata.json. A table’s metadata is a set of absolute paths, and copying it makes a second reference, not a second table. Chapter 16’s replication procedure needs rewrite_table_path whenever the replica’s bucket has a different name, for this reason, and chapter 4 of the migration book is a whole chapter of it.

There is a second kind of absolute path worth knowing about before chapter 3. Lakekeeper lays tables out under a UUID, s3://warehouse/lakekeeper/01a074af-…/, rather than under the table’s name, so renaming a table renames nothing on storage. Polaris lays them out by name. Neither is wrong, and both are absolute; the difference is what a listing of the bucket tells a human, which is nothing in one case and everything in the other.

Hash prefixes, and why the layout is a property

Object stores scale throughput per key prefix. The details are each vendor’s and change over time, but the historical shape is that many writes to keys sharing a long common prefix contend, and spreading keys across prefixes does not. Iceberg has a table property for it.

CREATE TABLE ice.stage5.orders_hashed (...) USING iceberg
  PARTITIONED BY (days(ordered_at))
  TBLPROPERTIES ('write.object-storage.enabled'='true')

stage5/orders_hashed/data/1010/0110/0010/11101010/ordered_at_day=2026-06-01/00000-29-….parquet
stage5/orders_hashed/data/0110/0011/1000/10010100/ordered_at_day=2026-06-02/00000-29-….parquet
stage5/orders_hashed/data/0111/1011/1010/10010000/ordered_at_day=2026-06-03/00000-29-….parquet

Each data file’s key now begins with a hash, written as four groups of binary digits, before the partition directory. Three files in three partitions landed under three unrelated prefixes. The partition value is still in the path, so a human reading a listing can still tell what a file holds — but a listing is no longer a partition. The table’s manifests are the only thing that knows which files belong to 2026-06-02, and nothing about that changed, because nothing about how Iceberg reads a table involves the path.

That last sentence is the reason this property can be flipped on a table with data in it. Old files keep their old keys, new files get hashed keys, the manifests record both — and no reader can tell. It is also why the request table earlier did not change when this table was queried. The number of GETs is the number of files the manifests select, and the manifests do not care what the keys look like.

Streaming writers and many parallel writers concentrate writes on one prefix, so those are the tables for which this book recommends hashed keys. A table written by one batch job does not have that contention pattern. If people also inspect its layout in a console, keeping the readable keys preserves something useful without giving up a benefit that workload needed.

Conditional writes, and a store that lied

The first book, in chapter 4, flagged one thing about object storage it could not run. S3 gained conditional writes in 2024, PutObject with If-None-Match: *, which is the create-if-absent primitive a catalog-less commit protocol would need. This platform runs on an S3-compatible store, so the question became testable, and then it became two questions.

The first is whether the store honours the condition. Four candidate stores were probed with the same ten calls: bucket creation, put and get, a prefixed listing, a multipart upload, a server-side copy, and four conditional writes.

  Put If-None-Match:* on EXISTING key (want 412)   412   PreconditionFailed   PASS
  Put If-None-Match:* on NEW key (want OK)         OK                         PASS
  Put If-Match wrong etag (want 412)               412   PreconditionFailed   PASS
  Put If-Match right etag (want OK)                OK                         PASS

SeaweedFS 4.45, RustFS 1.0.0-rc.5 and the community fork of MinIO all returned that. Garage 2.3.0 returned this.

  Put If-None-Match:* on EXISTING key (want 412)   OK    {'ResponseMetadata': {'HTTPStatusCode': 200 …   FAIL (want 412)
  Put If-Match wrong etag (want 412)               OK    {'ResponseMetadata': {'HTTPStatusCode': 200 …   FAIL (want 412)

Garage accepted the conditional headers, ignored them, overwrote the object, and returned success. That is the single worst thing a store can do to a table format — because it is indistinguishable from correctness until two writers race. A commit protocol built on “create this key unless it exists” would have both writers succeed, and the second would silently overwrite the first’s metadata file. The store is otherwise capable, actively maintained, and fine for a great many uses. It is not fine for this one, and no documentation would have told you, because the documentation describes what the store intends to support. The probe took two minutes and it is in the companion.

The second question is whether Iceberg uses conditional writes at all on this platform, and the proxy log answers it: the client never wrote a metadata.json. Zero PUTs of a metadata file passed through the proxy in the entire session. With a REST catalog, the server performs the commit, writes the metadata file with its own credentials through its own path to storage, and swaps the pointer in its own database. Whether that write is conditional is the catalog’s implementation detail, and the transaction boundary is where the first book said it was: one conditional swap, in the catalog. Conditional writes on the store make catalog-less designs possible. They do not make the catalog optional for anyone who has one.

One more thing the probe did not see, stated so that it is not assumed — no multipart upload. Every file this platform wrote was under S3FileIO’s multipart threshold, so the request table has no POST initiations or per-part PUTs in it. On a table whose data files are hundreds of megabytes, each file is several requests. The fixed footprint of a commit grows with file size in a way this lab is too small to show.

What was not run

No request in this chapter was made to a cloud store: every count is the proxy’s, against SeaweedFS, and the prices are a published list read once. The four stores’ conditional-write behaviour was probed with single objects, not under contention. And a copy of a table at a size where the copy itself takes minutes, which is where a replication’s ordering starts to matter, is chapter 16’s.

Exercises

1. Price a pipeline. Using the request table, estimate the requests per day for a pipeline that commits one small file every minute to a table that is compacted hourly and expired daily. Then re-estimate with the pipeline committing every ten minutes. Which term dominates, and what does the table say about compaction’s cost as the number of small files grows?

Show answer
Every minute: 1,440 commits at 7 requests is 10,080, plus 24 compactions and one expiry. Every ten minutes: 144 commits is 1,008. Commits dominate at either rate, but the compaction term is not constant: it read 18 data files to rewrite 6, and expiry read 41 metadata objects for 7 snapshots. Both scale with what the commit rate produced. Halving commit rate roughly halves everything, which is chapter 11’s argument in arithmetic.


2. Find the second reference. Register a copied metadata.json as a table the way this chapter did, then run remove_orphan_files on the original with a dry run and prefix_listing => true. Does the procedure list the copy’s data files as orphans? Then run it on the copy. What does each result mean for a real cleanup?

Show answer
The original’s cleanup lists nothing under the copy’s prefix, because orphan cleanup only examines the table’s own location. The copy’s cleanup lists every data file under stage5copy/orders/data/ as an orphan, because the copy’s metadata references the original’s files, not its own. Running that cleanup for real would delete the copy’s data, which nothing referenced anyway, and leave the copy still pointing at the original. The copy is not a table — it is a set of pointers wearing a table’s name.


Final thoughts

Every fact in this chapter comes from the same source: the metadata is the listing. That is why a count reads no data and why a commit has a fixed footprint. It is why the only LIST in the request table belongs to the one procedure whose job is to find what the metadata does not know. It is why a copied metadata file is a second pointer rather than a second table, and why the key layout can change under a table without a reader noticing.

It is also why the catalog matters as much as it does. The metadata is the listing, but the catalog is what says which metadata file is current — and on a REST catalog it is the catalog that writes that file. The next chapter stands up two production catalogs beside the fixture that failed in chapter 1 and hands each of them the same object store. They disagree about the most basic question this chapter raised: what address should a client use to reach the bytes?





The Only Part That Can Say No

Take the current metadata.json of a table that lives in Polaris and register it, the same file at the same path, in a second catalog under a different name. Both catalogs now say the table exists. Both will accept a write.

  rows before: polaris 1003, fixture twin 1003
  INSERT one row through POLARIS: OK
  INSERT one row through the FIXTURE twin: OK
  rows after : polaris 1004, fixture twin 1004
  polaris points at 00005-3bdd1cf7-d6a3-4b66-9289-f5c1d497a611.metadata.json
  fixture points at 00005-81920c91-d773-4e67-9952-c9fd8215a228.metadata.json
  same file: False

Two commits, two successes, two metadata files numbered 00005, both written under s3://warehouse/wild/stage2/orders/, each recording a history that shares everything up to 00004 and nothing after. Neither catalog knows the other exists. Run expire_snapshots through either and it will delete data files the other still references — and it will report success doing it.

A conditional swap protects a table only when its writers agree on which catalog owns the pointer. The reference server from chapter 5 of the first book does not enforce that ownership. Apache Polaris and Lakekeeper add controls around the same basic contract, and their differences affect deployment, recovery and what clients may do. One of those controls stopped the registration above when tried in the opposite direction. To understand that refusal, we need to see what each catalog adds to the pointer.

What a production catalog adds to the pointer

The contract has not changed. A catalog maps a table name to the location of its current metadata file and swaps that location atomically, and every engine on the platform trusts it to do exactly that. What the reference fixture lacks is everything around the contract. A production catalog adds four things.

Identity. The fixture accepts any request from anyone. Polaris and Lakekeeper both speak OAuth2: a client presents a credential, receives a token, and sends the token with every request. The catalog knows who is asking.

Authorisation. Knowing who is asking is only useful if the answer can be no. Polaris has catalog roles and principal roles with grants between them; Lakekeeper has projects, warehouses and a permission model that can be backed by an external authoriser. Both can refuse a table load — which the fixture cannot.

Credential vending. This is the one that changes the architecture. An engine that reads Iceberg needs credentials for storage as well as for the catalog. Historically it carried its own, so every engine on the platform held a key to the whole bucket. A vending catalog hands each client short-lived storage credentials scoped to the table it just loaded. The catalog’s decision about the table is then enforced at the storage layer too. Chapter 15 is about the three authorisation planes; this is the mechanism that lets one plane govern the other two.

A database, and therefore a backup. Both catalogs keep their rows in PostgreSQL. That is where their availability comes from, where their durability comes from, and — as the outage experiments show — where their failures come from too.

The landscape is wider than two. Project Nessie adds git-like branching of the catalog itself. Apache Gravitino federates several catalogs behind one. AWS Glue, Unity Catalog and Snowflake’s Open Catalog are vendor services that speak the same REST protocol with their own identity systems in front. None of those was run for this book, and the chapter says so here rather than pretending. The two that were run were chosen because they are open source, deployable from one compose file, and different enough from each other that the difference teaches something.

Standing them up

Both catalogs need a database and a bootstrap step, and the two bootstrap steps are a good first look at each project’s character.

Polaris bootstraps a realm into its database with a separate admin tool, run once before the server starts. The server is then told the same root credential so that it can serve the realm.

polaris-bootstrap:
  image: apache/polaris-admin-tool:1.7.0
  command: ["bootstrap", "--realm=POLARIS", "--credential=POLARIS,root,s3cr3t"]
polaris:
  image: apache/polaris:1.7.0
  environment:
    POLARIS_PERSISTENCE_TYPE: relational-jdbc
    QUARKUS_DATASOURCE_JDBC_URL: jdbc:postgresql://postgres:5432/polaris
    POLARIS_BOOTSTRAP_CREDENTIALS: POLARIS,root,s3cr3t

Realm 'POLARIS' successfully bootstrapped.

After that, everything is an HTTP call with a bearer token. Fetch a token with the root credential, create a catalog with a storage configuration, grant the catalog’s admin role the right to manage content.

  token: HTTP 200
  create catalog 'wild': HTTP 201
  grant CATALOG_MANAGE_CONTENT on 'wild': HTTP 201

Lakekeeper runs its own migrations, then serves. Its bootstrap is one request that accepts the terms of use, followed by one that creates a warehouse with a storage profile and the credentials the catalog itself will use to reach the store.

  info: HTTP 200 {"version":"0.13.3", "bootstrapped":false, ...}
  bootstrap: HTTP 204
  create warehouse 'wild': HTTP 201 {"warehouse-id":"0a208018-…"}

The companion does both from a script rather than from a curl container in the compose file, so that every call is visible. Resident memory afterwards: Polaris 480 MB, Lakekeeper 100 MB, PostgreSQL 50 MB. Polaris is a Java service on Quarkus, Lakekeeper is a Rust binary — and that is most of the difference.

Every chapter prints its pins. This one’s are Polaris 1.7.0, Lakekeeper 0.13.3, PostgreSQL 18.6, and SeaweedFS 4.45 as the store; clients as in chapter 1.

Credential vending, run against a store that is not S3

The point of vending is that the engine never holds a storage key. The test of vending is therefore a process with no storage credentials in it at all: no environment variables, no properties, nothing. Spark, started that way, with three catalogs configured.

== Spark 4.1.3 (host, local mode, NO ambient AWS credentials)
  spark via lk:     OK count=1000 path=s3://warehouse/lakekeeper/01a074af-…/data/00000-0-….parquet
  spark via po:     OK count=1000 path=s3://warehouse/wild/stage2/orders/data/00000-7-….parquet
  spark via po_sts: OK count=1000 path=s3://warehouse/wild_sts/stage2/orders/data/00000-14-….parquet

Three writes of a thousand rows, three successes — and the storage keys came from three different places. lk is Lakekeeper vending through the store’s STS endpoint, with the client sending X-Iceberg-Access-Delegation: vended-credentials. po is a Polaris catalog configured with stsUnavailable: true, which means Polaris cannot vend and the client brought static credentials as catalog properties. po_sts is a second Polaris catalog configured with a roleArn and an stsEndpoint pointing at SeaweedFS’s STS, and Polaris vended.

That last one is worth a sentence, because it is not something the documentation promises. Credential vending is described everywhere in terms of AWS IAM roles. What it actually needs is an STS endpoint that answers AssumeRole, and SeaweedFS’s IAM configuration provides one. The store the book runs on is not S3 and vending works against it, from both catalogs.

Then the clients that were not Spark.

  pyiceberg via lk (vended):                OK 1000
  pyiceberg via po (oauth2 + static s3):    FAILED BadRequestError: Credential vending was requested
                                            for table stage2.orders, but no credentials are available
  pyiceberg via po_sts (vended):            OK 1000
  duckdb attach po (oauth2) + count:        FAILED HTTP 400 "Credential vending was requested for
                                            table stage2.orders, but no credentials are available"

PyIceberg and DuckDB ask for vended credentials by default. They send the delegation header without being told to — and a Polaris catalog that cannot vend answers the request with a 400 instead of ignoring it. Spark does not ask unless configured to, which is why Spark worked against the same catalog with static keys. The fix is per client and the vocabulary is different in each.

  pyiceberg, header.X-Iceberg-Access-Delegation='none':   OK 1000
  duckdb ATTACH ... ACCESS_DELEGATION_MODE 'none':          OK 1000
  duckdb ATTACH ... ACCESS_DELEGATION_MODE 'remote_signing': FAILED Unrecognized access mode
                                            'remote_signing'. Supported options are 'vended_credentials' and 'none'

The client’s vending request has to match the catalog’s capability. A catalog that cannot vend needs clients configured not to ask; one that can vend can satisfy the delegation header. The mismatches above fail loudly — but a successful Spark test would have missed both of them. That is why chapter 5’s certification harness runs every client against every catalog before rollout.

Trino is the odd one out, and it took a stack trace to see how.

  polaris_sts.stage2.orders (vended):  FAILED Error processing metadata for table stage2.orders
  lakekeeper.stage2.orders (vended):   FAILED Failed to get status for file: s3://warehouse/lakekeeper/…/00001-….gz.metadata.json

Trino accepts vended credentials and ignores the vended endpoint. With iceberg.rest-catalog.vended-credentials-enabled=true it takes the key, secret and session token the catalog hands it, and then tries to use them against whatever s3.endpoint its own properties say, which was nothing. Adding the store’s in-network address to the catalog properties fixed both, and Trino then read, inserted and counted through every catalog on the platform. That is a third behaviour for the same feature across four clients, and none of them is wrong. They are just different, and a platform team has to know which one each engine has.

The address problem, and the two ways to solve it

Chapter 2 ended on a question: what address should a client use to reach the bytes? On this platform the store is seaweedfs:8333 to a container and localhost:8333 to the host, and in production it is a private endpoint from inside the VPC and a public one from a laptop. The two catalogs answer the question differently, and the difference is a design decision each project made.

Polaris keeps two addresses. Its S3 storage configuration has an endpoint, which is what it hands to clients, and an endpointInternal, which is what the server itself uses to write metadata and to talk to STS. A catalog serving host-side clients and container-side servers just fills in both.

Lakekeeper keeps one. Its storage profile has a single endpoint, and that address is what it vends. A client that receives http://seaweedfs:8333 on the host cannot resolve it. The obvious workaround does not work:

  pyiceberg vended + own s3.endpoint=localhost:8333:         FAILED Could not resolve hostname
  pyiceberg NO vending + static creds + own endpoint:        FAILED Could not resolve hostname
  duckdb vended, secret scoped to s3://warehouse/ with endpoint localhost: FAILED Could not resolve hostname
  duckdb ACCESS_DELEGATION_MODE 'none' + static secret:      OK 1000

The table configuration a catalog returns beats the client’s own s3.endpoint, in PyIceberg in either mode and in DuckDB when vending. Only a DuckDB client that has switched vending off entirely uses its own address. So a Lakekeeper warehouse has exactly one endpoint — and it must be one every client can reach.

The platform solves that with a piece of plumbing that is also the chapter’s best operational lesson. A tiny socat container forwards its own 127.0.0.1:8333 to the store, and Lakekeeper runs inside that container’s network namespace. So http://localhost:8333 is a valid store address for the catalog and for every host client at once. The first version of that arrangement had it the other way round, with the catalog owning the namespace and the forwarder joining it, and it worked until the first time the catalog was restarted.

  load_table after restore: FAILED ShortTermCredentialError: Failed to assume role via STS:
    tcp connect error, 127.0.0.1:8333

A container that joins another’s network namespace dies with it. Every catalog restart silently killed credential vending until someone restarted the forwarder too. Inverting the ownership — so that the forwarder owns the namespace and the catalog joins it — made a catalog restart free. The compose file says so in a comment long enough to be a warning. A reader with an /etc/hosts file and no interest in container namespaces can add one line instead. Either way, the lesson is that the storage address a catalog vends is a piece of infrastructure, and it needs an owner.

One more address to get wrong, and it is the catalog’s own. Lakekeeper has a LAKEKEEPER__BASE_URI setting, and whatever it holds is returned to every client in the REST configuration response as overrides.uri. The protocol says clients honour overrides — and they do.

  Trino: SHOW SCHEMAS FROM lakekeeper
    Caused by: HttpHostConnectException: Connect to http://localhost:8381 failed: Connection refused

Trino, a container, asked the catalog at lakekeeper:8181, was told the catalog’s real address was localhost:8381, believed it — and connected to itself. With the setting removed, Lakekeeper answers each caller with the address that caller used, and the platform has been fine since. Trino also caches that configuration at startup, so a catalog-side fix needs a Trino restart to take.

Latency, and what the client cache is worth

Every query begins with a table load, so its cost is the useful starting point for comparing these catalogs. Authentication and credential vending now sit on that path alongside the metadata lookup; the laptop SQLite catalog in Book 1 had neither to measure.






























	Catalog	load_table p50	p90	Backing
	Reference fixture	4.9 ms	5.9 ms	SQLite, no auth
	Lakekeeper 0.13.3	4.2 ms	7.3 ms	PostgreSQL, vending on
	Polaris 1.7.0	17.1 ms	19.8 ms	PostgreSQL, OAuth2


Thirty warm loads each from PyIceberg on the same host, so the numbers are the catalogs’ own overhead and nothing else. Lakekeeper is as fast as the fixture. Polaris costs about twelve milliseconds more per load, most of which is a Java service validating a bearer token and checking grants on every request, which is the price of the authorisation model. Neither number is a problem for a query that takes seconds. Both are a problem for a service that loads a thousand tables to plan a job, which chapter 9 comes back to.

Whether Spark’s client-side cache helps depends on what the query does with the table.

  Spark, 20 x SELECT count(*) on Polaris (ms)
  cache on            p50   74.7  p90  120.9
  cache-enabled=false p50   72.7  p90   87.7

The cache made no measurable difference to this query. A count(*) through Polaris costs about seventy milliseconds either way; the catalog round trip accounts for seventeen, with planning and execution making up the rest. The cache that made chapter 1’s Spark session report a stale count buys nothing measurable on this query. For a session that runs many short queries against many tables the arithmetic changes, and chapter 9 does that arithmetic. For anything else the rule from chapter 1 stands, and this measurement is why it can afford to.

When the database goes away

The reliability table in chapter 1 said the catalog fails for every engine at once. Here is what that looks like in practice, with one twist — a production catalog’s database is a second thing that can fail, and it fails differently.

Stop PostgreSQL. The fixture, which does not use it, carries on. The two production catalogs do not, and the error texts are worth reading closely.

  fixture load_table:     OK
  polaris load_table:     FAILED ServerError: Failed to retrieve principal secrets for clientId: root
  lakekeeper load_table:  FAILED ServiceUnavailableError: error returned from database:
                          terminating connection due to administrator command
  spark count via polaris (cached table):  OK 1002
  spark INSERT via polaris:                FAILED ServiceUnavailableException: Unable to fetch principal entity

Polaris did not fail at the table. It failed at authentication — the principals and their secrets live in the same database as the tables. With PostgreSQL down, nobody can even log in. Lakekeeper failed at the table lookup with the database’s own error passed through. And Spark’s cached table kept answering reads for as long as its cache entry lived, while the first commit failed. A commit needs the catalog; a cached read does not. That is the cache from chapter 1 again, now on the right side of the ledger: during a short catalog outage, sessions that already hold a table keep reading.

Start PostgreSQL again and both catalogs recover on their own — no restart needed. The pending insert went through on the next attempt.

Now stop Polaris itself, with the database healthy.

  spark count via polaris, table cached from before:   OK 1003
  spark count via polaris, cache-enabled=false:        FAILED RESTException: Error occurred while processing GET request
  pyiceberg load_table via polaris:                    FAILED ConnectionError: Connection refused
  the same table through LAKEKEEPER is unaffected:     OK 1000

Storage untouched, every byte intact, and no client can resolve a name through Polaris — exactly as the reliability table predicted. Lakekeeper, on the same store and the same database, is unaffected. That is the argument for the compute layer being able to reach tables through more than one route in a disaster, and the reason chapter 16 exists.

Then the twist. Start Polaris again — and the session that was reading happily before the outage cannot read at all.

  spark count via polaris after restart, SAME session:  FAILED NotAuthorizedException: Not authorized
  pyiceberg via polaris after restart, NEW session:     OK

The Spark session’s bearer token was issued by the Polaris process that no longer exists. The new process does not recognise it. Spark’s REST client did not fetch a new one on the 401 — it reported the error and kept the dead token. A fresh client that authenticated after the restart was fine. The operational consequence is blunt: a catalog restart invalidates every session that authenticated before it, unless the catalog’s signing key is persisted across restarts, and it is not by default here. A runbook for a catalog restart has to end with “and then restart the engines”, for this reason.

Backup and restore

Both catalogs keep their state in PostgreSQL, so a catalog backup is a database backup. The thing to prove is that a restored catalog points at the same metadata files as before, without any data file having been touched.

  pg_dump rc=0
  before: 00001-01a074b1-a0d1-7961-861f-d95a69f9ac31.gz.metadata.json
  drop_table(purge=False) in Lakekeeper: OK
  load_table after drop: FAILED NoSuchTableError: Error getting tabular from catalog
  restore: rc=0
  load_table after restore: OK s3://warehouse/lakekeeper-local/…/metadata/00001-01a074b1-….gz.metadata.json
  same metadata file as before the drop: True

pg_dump of the catalog’s database. A drop_table with purge=False, so that only the catalog’s row goes and the files stay. A restore over a freshly created database. The table loads again at exactly the metadata file it had. Nothing on the object store was read or written by the restore. That is the whole point of separating the pointer from the bytes. It is why chapter 16’s disaster-recovery plan treats the catalog database as the thing to back up on a schedule and the object store as the thing to replicate.

Two details from the run. The restore needed the catalog stopped, because PostgreSQL will not drop a database with connections open, and a catalog holds a pool of them. And purge=False is the difference between a recoverable mistake and an unrecoverable one: Lakekeeper’s drop_table with the default arguments would have deleted the files too, and no database restore brings those back.

Moving a table between catalogs

register_table creates a catalog entry from a table name and the path of an existing metadata.json. It leaves the files where they are, which makes it useful for moving a table between catalogs — and dangerous if both entries remain writable. The opening experiment first tried registering the fixture’s table into Polaris.

  polaris.register_table(stage2.orders_from_fixture, <file under s3://warehouse/stage5/>):
    FAILED ForbiddenException: Invalid locations '[s3://warehouse/stage5/orders/metadata/00009-….metadata.json]'
    for identifier 'stage2.orders_from_fixture': s3://warehouse/stage5/orders

Polaris refused. Every Polaris catalog has a set of allowed locations, and it will not register, create or point at a table outside them. The fixture’s table lives under s3://warehouse/stage5/, the Polaris catalog owns s3://warehouse/wild/ — and the answer is no. That is authorisation applied to the storage layout, and it is the only reason the opening experiment had to be run the other way round.

So the other way round: Polaris’s table registered into the fixture, which enforces nothing. Both catalogs pointed at the same 00004 file, both accepted a one-row insert, and afterwards they pointed at two different 00005 files under the same table location. Each catalog believes it owns the table. Each will run maintenance on it. Whichever runs expire_snapshots first will delete files the other still references. The other will discover that the next time a query reads a column, not when it counts rows, which chapter 2 explained.

The rule has two halves. A table lives in one catalog. Moving it is register-then-drop, in that order and without a gap in which both exist, and the drop is purge=False. And when the target catalog enforces locations, the table’s files must already be under a root it allows, which means the move is chapter 2’s rewrite_table_path first and the registration second. Polaris’s refusal is the safety mechanism. The fixture’s acceptance is the bug it prevents.

Two smaller differences that matter for the same reason. Lakekeeper lays tables out under a UUID rather than the table name, s3://warehouse/lakekeeper/01a074af-…/, so a rename touches nothing on storage and a bucket listing tells a human nothing. Polaris lays them out by name. Lakekeeper also writes gzip-compressed metadata files, 00001-….gz.metadata.json, which every engine on the platform read without comment and which a script that pattern-matches on .metadata.json will miss.

What to decide, and why

The catalog’s database is the platform’s single point of failure, one level down. Its availability is the catalog’s availability, and its backup is the catalog’s backup. Run it the way you would run the database behind anything that matters, with replication and a tested restore. Treat “the catalog is up but its database is not” as a full outage — because for Polaris it is one at the login prompt.

Choose vending, and then choose clients that match. Static storage keys in every engine are the state this chapter started from, and a vending catalog is the way out. The exception is a client that cannot be told to stop asking against a catalog that cannot vend. On this platform there was none, and chapter 5’s harness is where you find out whether there is one on yours.

Give the vended storage address an owner. If the catalog vends one address, make it one every client can reach. Treat the forwarding or DNS that makes that true as part of the catalog’s deployment, with the restart order written down.

Restart order is: catalog, then engines. A restarted catalog invalidates tokens; engines holding them do not refresh on their own.

Which of the two to run is a judgment and is labelled as one. Polaris costs more per request and more memory, and buys a richer role model and the allowed-locations enforcement that stopped this chapter’s foot-gun. Lakekeeper is as fast as the fixture, lighter, and vends through a single endpoint that has to be reachable from everywhere. A platform with many teams and an audit requirement leans to the first; one with a small number of engines inside one network leans to the second. Both ran everything in this book.

What was not run

Every outage here was one container stopped and started. The catalogs were not tested behind a load balancer, on a replicated database, or under concurrent commits from more than one engine. Chapters 8 and 11 do that, and it is where the reference fixture failed. Token expiry inside a long-running Spark session was observed once, on a restart, and not timed. And Lakekeeper’s vending through the port forwarder was run on one table at a time.

Exercises

1. Watch the token die. Open a PyIceberg session against Polaris, load a table, restart the Polaris container, and load the table again from the same session. Then create a second session and load it. Which call fails, with what exception, and what does that tell you about where a session should keep its credential rather than its token?

Show answer
The first session’s second load fails with NotAuthorizedException because its bearer token was issued by the previous Polaris process. The second session succeeds because it authenticates fresh. A client should hold the credential and re-run the token exchange on a 401. PyIceberg 0.11.1 and Spark’s REST client do not do that on their own, so the operational fix is to restart engines after the catalog.


2. Register, then count the references. Register a Lakekeeper table’s metadata file into the fixture under a new name, write one row through each, and then run remove_orphan_files with dry_run => true and prefix_listing => true through the fixture. What does it list, and what would running it for real do to the Lakekeeper table?

Show answer
It lists the data file the Lakekeeper-side write added after the split, because the fixture’s history does not include that commit and the file sits under the shared location. Running it for real deletes that file, and the Lakekeeper table’s next column read fails with NotFoundException. Two catalogs on one location is a maintenance job away from data loss.


Final thoughts

Book 1 called the catalog the only part of Iceberg you can ping. This chapter’s version is that it is the only part that can say no. It says no to a client without a token, to a table outside its root, to a storage key that should never have been in an engine’s hands. Everything a production catalog adds to the pointer is a way of refusing something — and the platform is safer for each refusal.

It is also the component whose outage takes every engine down at once, whose database is the failure behind the failure, and whose restart quietly logs everyone out. The next chapter stays on the commit path and asks what happens when two writers reach the catalog at the same time and it has to say no to one of them.





Found Conflicting Files

Writer A is Spark, deleting every even-numbered German order from a ten-million-row table. Copy-on-write, so it has to rewrite every file in the DE partition — which takes about two seconds. Writer B is PyIceberg, and half a second into A’s rewrite it appends two German orders with even numbers.

   B: committed 2 row(s), snapshot 1127152807837912356 at t+0.5s
   A: DELETE WHERE country='DE' AND order_id % 2 = 0: FAILED after 2.4s:
      ValidationException: Found conflicting files that can contain records matching
      ref(name="country") == "DE": [s3://warehouse/stage7/c2/data/country=DE/00000-0-….parquet]
   B's rows present: 2 | even DE rows left: 1666668

A did all the work and was refused at the last moment. B’s two rows are in the table; none of the 1,666,668 rows A meant to delete are gone. Now the same race on a table that differs by one property, write.delete.isolation-level = snapshot.

   B: committed 2 row(s), snapshot 6514933618262427568 at t+0.5s
   A: DELETE WHERE country='DE' AND order_id % 2 = 0: committed after 2.0s
   B's rows present: 2 | even DE rows left: 1

A committed, leaving B’s two rows in place — including the even-numbered German order covered by A’s DELETE. The first run required the delete to account for a concurrent matching append; the second required it to apply only to the snapshot A read. Both outcomes satisfy their isolation setting. With one writer, the distinction never surfaced. With two writers touching the same partition, it decides whether the delete commits.

What a commit actually checks

Book 1’s chapter 4 reduced Iceberg’s transactionality to one conditional swap. A writer reads the current metadata pointer, does its work, and asks the catalog to move the pointer from the value it read to a new one. If the pointer moved in the meantime, the swap fails. That is still the whole mechanism. What this chapter adds is what happens after the swap fails, because the answer is not “the writer fails”.

A writer’s commit carries two things. It carries the changes it wants to make, as a list of updates. And it carries requirements: assertions about the state the table must be in for the changes to make sense. The most basic of them is “the main branch still points at the snapshot I started from.” The REST protocol sends both in the same request, and the catalog rejects the request if any requirement fails. Book 1 chapter 5 showed the requirements array on the wire; this is what it is for.

A failed requirement does not yet tell you whether the write must fail. The client can respond in three ways — depending on whether the work remains valid against the new table state.


	Refresh and retry. Reload the table, re-apply the same logical change on top of the new snapshot, and try the swap again. This is right when the change does not depend on what the table looked like: an append is an append regardless of what else was appended.

	Refresh and validate. Reload the table, look at what changed since the snapshot the operation read, and decide whether the operation is still correct. A delete that scanned files which have since been rewritten, or a compaction whose input files have since been deleted, is not.

	Refuse. Report the failure and do nothing. This is what a client does when it has no retry logic, and it is what one of the clients on this platform does.



The Java library — which is what Spark, Flink and Trino use — does the first two automatically and picks between them by operation type. Four table properties control how many times and how patiently, and their defaults were read from the 1.11.0 jar rather than the documentation: commit.retry.num-retries is 4, commit.retry.min-wait-ms is 100, commit.retry.max-wait-ms is 60,000, and commit.retry.total-timeout-ms is 1,800,000, thirty minutes. The validation is per operation, and whether a given concurrent change counts as a conflict is what the rest of this chapter runs.

The requirement on the wire

The installed PyIceberg 0.11.1 defines exactly eight requirement types, and the list is worth having in front of you, because every refusal in this chapter is one of them failing.

assert-create                     the table must not exist yet
assert-table-uuid                 the table is the one I think it is
assert-ref-snapshot-id            branch X still points at snapshot Y
assert-current-schema-id          nobody changed the schema under me
assert-last-assigned-field-id     nobody added a column under me
assert-default-spec-id            nobody changed the partition spec under me
assert-last-assigned-partition-id nobody added a partition field under me
assert-default-sort-order-id      nobody changed the sort order under me

An append attaches one of them: assert-ref-snapshot-id for main, with the snapshot id the client read. When the fixture answers Requirement failed: branch main has changed: expected id … != …, that is the server’s message for that one requirement, and it is the same text whichever client sent it. A schema change attaches the schema assertions instead, which is why a concurrent ALTER TABLE and an append do not conflict with each other — they assert different things.

What differs between clients is what happens next. The Java library catches the failure, refreshes, and re-applies. PyIceberg’s REST client has a retry decorator on its calls, and the installed source says exactly what it retries: expired and unauthorised tokens, two attempts, nothing else. A failed requirement is passed straight to the caller.

The conflict classes, run

The lab for this chapter is deliberately artificial in one way. Real concurrent writers arrive whenever they arrive. Here, writer A runs on a thread and writer B is released at a fixed moment, so that each class can be produced on demand and its exception text pasted rather than described. The table is ten million orders in three country partitions, copy-on-write deletes, Spark 4.1.3 for A and PyIceberg 0.11.1 for B, both through the reference REST catalog on object storage.
















































	A is doing	B does meanwhile	Isolation	Outcome
	append	append	any	both commit; A retried on top of B
	delete, copy-on-write	append rows the delete predicate matches	serializable (default)	A refused: ValidationException: Found conflicting files
	delete, copy-on-write	append rows the delete predicate matches	snapshot	both commit; B’s matching rows survive the delete
	delete, copy-on-write	append rows the predicate does not match	serializable	both commit
	compaction	delete a row in a file being compacted	any	compaction refused; the delete survives
	append from a stale snapshot	(A already committed)	any	PyIceberg refuses: CommitFailedException: Requirement failed: branch main has changed


Each row of that table is a run. The append race shows why a stale snapshot need not invalidate a writer’s work: A loaded the table, B appended a row, and A then appended another from its stale view.

   B committed 1 row(s), snapshot 156528149968054319
  A: INSERT from the stale snapshot: OK
   rows now: 3002 (3000 + B's 1 + A's 1)

Both rows landed. Spark’s first swap failed the branch requirement, the library refreshed, re-applied the append on top of B’s snapshot, and the second swap succeeded. Nothing about an append depends on the rest of the table, so nothing needs validating. A pipeline of independent appenders never conflicts in any way that costs more than a retry, which is why streaming writers can share a table at all.

A delete that overlaps an append is the case the isolation level decides, and it is the chapter’s opening. Under the default, serializable, A’s commit validates that no file was added since A’s scan that could contain rows matching the delete predicate. B’s file could, so A is refused, and the refusal names the file. Note what the validation checks: not whether B’s rows do match, which would require reading them, but whether the file’s partition and statistics say they might. It is conservative — and it is conservative on purpose.

Under snapshot isolation A’s commit only checks that the files it rewrote were not themselves changed. B’s file was new, not rewritten, so A commits, and B’s even-numbered German order survives a DELETE whose predicate covers it. That is not a bug. Snapshot isolation promises that A’s delete applied to the snapshot A read, and it did. It does not promise that the table afterwards contains no row matching the predicate — and it does not.

Which one you want depends entirely on what the delete means. “Remove these customers’ data because they asked” needs serializable, and needs the refusal, because a late row slipping through is a compliance failure. “Clear out yesterday’s staging rows” is fine with snapshot, and better with it, because a refused delete on a busy table is a delete that never completes. The property is per table and per operation, write.delete.isolation-level here, and the same pair exists for UPDATE and MERGE under write.update.isolation-level and write.merge.isolation-level. Only the delete pair was run; the other two are documented as behaving the same way and are flagged here as unrun.

A delete that does not overlap the append commits under either isolation level. B appended a US row while A was deleting German ones.

   B: committed 1 row(s) at t+0.5s
   A: DELETE WHERE country='DE' AND order_id % 2 = 0: committed after 2.0s
   B's rows present: 1 | even DE rows left: 0

The validation is partition-aware. B’s file lives under country=US, the predicate says country = 'DE', and the file cannot contain a match, so serializable validation passes. That is the practical reason to partition by the columns your deletes filter on — not only does the delete read fewer files, it conflicts with fewer writers.

Compaction against a concurrent delete is a conflict, and it is refused with a hint. A held a view of seven small files in the DE partition. B deleted one row, which under copy-on-write rewrote one of those seven files. A then asked to compact all seven.

  A: rewrite_data_files on the stale view: FAILED
     ValidationException or CommitFailedException. This usually means that this rewrite has
     conflicted with another concurrent Iceberg operation. To reduce the likelihood of conflicts,
     set partial-progress.enabled which will break up the rewrite into multiple smaller commits …
   order 95001 present? 0 (0 = B's delete survived)

The compaction’s commit validates that every file it is replacing still exists in the current snapshot. One of them did not — because B’s delete had replaced it. Committing would have resurrected the deleted row from the compaction’s copy of the old file, so the refusal is the correct outcome and the delete stands. The hint in the message is real and chapter 8 takes it up. partial-progress.enabled makes a compaction commit in several smaller groups, so a conflict costs one group rather than the whole job. Book 1’s chapter 12 met this refusal once by accident. This is what it was protecting.

PyIceberg does not retry, and its refusal is exact. B loaded the table, A committed an append, and B appended from its now-stale table object.

  B: append from the stale table object: FAILED
     CommitFailedException: Requirement failed: branch main has changed:
     expected id 6590538206344769727 != 6959608700459847087
  B: reload, then append: OK

That is the requirement from the top of the chapter, failing as designed, and PyIceberg 0.11.1 passes the failure straight to the caller. There is no automatic refresh and no retry. The caller reloads the table and appends again, and it works — because an append cannot conflict. A PyIceberg writer sharing a table with anything else needs a retry loop in its own code. Book 1’s chapter 4 said so with a smaller table; this is the exception it will see.

The retry that duplicates

A retry is only safe if the operation being retried did not already happen. The failure that violates that is not a conflict. It is a commit that succeeded and whose response was lost, and it is the one the catalog cannot tell you about, because from the catalog’s side nothing went wrong.

   first attempt raised: simulated: the response was lost after the catalog applied the commit
   naive retry appended again; rows with order_id 91000: 2

The client appended a row, the catalog applied the commit, and the client’s connection dropped before the response arrived. The client saw an error, retried, and the row is now in the table twice. Nothing in Iceberg prevents this, and nothing should: two appends of the same row are two valid commits. The library’s own retries do not cause it, because they only fire on a failed requirement, and this requirement did not fail. It is the application’s retry — the one in the orchestrator or the pipeline framework — that does the damage.

The fix is an idempotency key, and Iceberg has a natural place for one. Every snapshot carries a summary map, writers can put arbitrary properties in it, and a retrying client can read it before deciding whether to write.

tbl.append(rows, snapshot_properties={"batch-id": "orders-2026-06-12-run-7"})

   idempotent retry: 2 snapshot(s) already carry batch-id=orders-2026-06-12-run-7 -> skip the append

Before retrying, list the snapshots, look for one whose summary carries the batch’s key, and skip the write if it is there. Spark writers set the same property through spark.sql.catalog.<name>.snapshot-property.<key> or per-write options, and Book 1’s chapter 16 used the same mechanism for wap.id. That gives a writer retried by an orchestrator a way to check whether its earlier attempt succeeded. It stamps each commit and checks the stamp before retrying. A pipeline that is at-least-once at the orchestration layer becomes exactly-once at the table only through that check.

One of the two production catalogs on this platform advertises something better. Lakekeeper’s configuration response carries idempotency-key-lifetime: PT30M, meaning it can recognise a repeated commit request by a client-supplied key for thirty minutes and answer it with the original result instead of applying it again. That was observed in the configuration and not exercised, and the chapter says so. A client library that sends the key has to exist first, and the snapshot-summary check works against every catalog today.

What was not run

Two things in this chapter’s outline stayed on paper, and a book that prices requests should say which.

A retry storm under a slow catalog. The retry policy’s backoff exists for the case where a hundred writers all fail a requirement at once. Each refreshes and retries, and the catalog that was slow enough to cause the first round is now slower. Producing that honestly needs a catalog with injected latency and a fleet of writers, and neither was built for this chapter. Chapter 13 puts the symptom on the table’s dashboard and commit latency and retry counts on the writer’s, and chapter 11 has the writer that retries.

Flink and Trino as the second writer. Every race here was Spark against PyIceberg. Flink’s commits are made by its job manager once per checkpoint through the same Java library, so the same retry and validation rules apply. Chapter 11 runs a streaming writer against a concurrent compaction. Trino’s write path was not raced against anything. Both are the Java library underneath — which is the reason to expect the same texts, and not the same thing as having seen them.

What to decide, and why

Set the isolation level per table, on purpose, and write down why. Serializable is the default and the safe one: a delete, update or merge that overlaps a concurrent write is refused rather than applied to a table it did not read. Choose snapshot only for tables where a late row surviving a delete is acceptable and a refused delete is not. In practice that means append-heavy tables cleaned by predicate rather than tables corrected for a reason. The exception: a table with a single writer can run either and will never see the difference.

The division of responsibility depends on the client: the Java library handles failed requirements, while PyIceberg leaves that retry to its caller. Neither removes the need to recognise a batch an orchestrator has already submitted.


























	Client	Library retry on a failed requirement	What you add
	Spark, Trino, Flink (Java)	yes: 4 attempts, 100 ms to 60 s backoff, 30 min cap	a batch key in the snapshot summary, checked before any orchestrator-level re-run
	PyIceberg 0.11.1	none; only expired tokens are retried, twice	a reload-and-retry loop around every commit, plus the batch key
	DuckDB 1.5.5	not measured in this chapter	treat as PyIceberg until chapter 5 says otherwise


Every client that shares a table has a retry, and every retry has a key. Spark, Flink and Trino retry through the library. PyIceberg does not, so a PyIceberg writer wraps its commit in a reload-and-retry loop of its own. And any writer that an orchestrator can re-run stamps its commits with a batch key and checks for the stamp first.

Partition by what you delete on. The validation is partition-aware, so a delete conflicts only with writers in the partitions it touches. A table deleted by country and partitioned by day conflicts with everything.

Maintenance is a writer too. Compaction validates that its inputs still exist, and loses to any concurrent delete or rewrite of them. Chapter 8 makes that a policy: partial progress on, and compaction scheduled against the writers’ cadence rather than into it.

Exercises

1. Make the delete win. Re-run the opening race with the append released two seconds after the delete instead of half a second. Which writer is refused now, and what does its exception say? Then set commit.retry.num-retries to 0 on the table and run the append-against-append case. What changes?

Show answer
With B released after A’s commit, B’s PyIceberg append fails the branch requirement (Requirement failed: branch main has changed) and A’s delete is untouched; PyIceberg does not retry, so B must reload and append again. With retries set to zero, Spark’s append from a stale snapshot fails the same requirement and Spark surfaces it as a CommitFailedException instead of retrying; the row does not land.


2. Find the duplicate without counting. After the naive retry in the idempotency section, the table holds order 91000 twice. Using only the snapshots metadata table and each snapshot’s summary, identify the two commits that wrote it, without querying the data. Which summary field distinguishes them?

Show answer
Both snapshots carry batch-id=orders-2026-06-12-run-7 in their summary, operation=append, and added-records=1; they differ only in snapshot-id and committed_at. The key is what identifies the duplicate; the timestamps are what tell you which one the retry produced. Rolling back to the earlier snapshot removes the second row without reading a data file.


Final thoughts

Book 1 said the catalog is the transaction boundary, and chapter 3 of this book said it is the only part that can say no. This chapter is what “no” sounds like in the common case. Not an outage, not a permission — but a second writer, half a second earlier, whose file could contain a row yours was about to touch. The refusal is the format working. The retry is the library working. The duplicate is the one failure neither can see, and the idempotency key is yours to add.

Every race here was between two engines that use the same Java library or a Python one that does not retry at all. The next chapter widens that to every engine on the platform and asks a plainer question. When five engines write the same table, does every one of them read what the others wrote?





Compatible Is a Test Result

Here is a table written by DuckDB and upgraded to format version 3 by Spark. Spark then deleted one row from it as a deletion vector, and all five engines on the platform read it back.

  duckdb_v3 | delete by Spark: OK | spark OK | duckdb OK | trino OK | pyiceberg OK | flink OK

And here is the same catalog, the same session, a view created by Spark over one of those tables, read by the others.

  spark:     2
  trino:     ERR Cannot read unsupported dialect 'spark' for view 'cert.v_spark'
  duckdb:    ERR Table with name v_spark does not exist! Did you mean "spark_v3"?
  pyiceberg: True   (view_exists; it cannot execute one)

The first result is the multi-engine promise kept in full. A row deleted by one engine with the newest delete mechanism the format has is invisible to four others that share no code with it. The second is the same promise, made about a view instead of a table, kept by exactly one engine — the one that wrote it. Nothing in the first result would have told you the second. That is the whole argument of this chapter: format compatibility is not operational compatibility. The specification says what a table is. Whether the engine in front of you can read the one you have, write the version you need, apply the delete files it finds, and agree with its neighbours about what time it is, are separate questions. The only trustworthy answer to any of them is a test you ran on the versions you run.

What the specification promises, and what it does not

Book 1 spent chapter 15 on four engines reading one table and chapter 18 on the version skew between the spec, the library, the engine and the catalog. Both chapters ended at the same place: an engine’s Iceberg support is whatever that engine’s bundled implementation does, and the spec is the contract they are all trying to meet.

The contract has layers, and an engine can meet some and not others.

Table format version. A v2 table has position and equality delete files; a v3 table adds deletion vectors, row lineage, new types and default values. An engine may read v3 and not write it. Book 1’s chapter 18 found exactly that in PyIceberg — and this chapter finds it again on purpose.

Row-level operations. Reading a table with delete files means merging them on read. There are three kinds now, and an engine can support any subset: position deletes as Parquet files, equality deletes as Parquet files, and v3’s deletion vectors as Puffin files. Chapter 11 shows PyIceberg refusing a table with equality deletes; this chapter shows every engine applying deletion vectors.

Types. The format defines a type system. Each engine maps it onto its own — and the mapping is where timestamps go wrong. A timestamp without a zone and a timestamp with one are different Iceberg types, and an engine’s session time zone decides what each of them prints.

Views and dialects. An Iceberg view stores SQL text tagged with the dialect that wrote it. The catalog will happily store a Spark view and hand it to Trino. What Trino does with it is Trino’s decision, and the refusal above is that decision.

None of these is a defect in Iceberg, and none of them is stable across releases. The pins for this chapter are the platform’s: Iceberg 1.11.0 as the library under Spark 4.1.3, Flink 2.1.3 and Trino 483; PyIceberg 0.11.1; DuckDB 1.5.5; the reference REST catalog on SeaweedFS. Change any one and the matrix below is a hypothesis again.

The harness

The companion keeps the test results in a Markdown file under book-2/compatibility/. A script regenerates it on every version bump; nobody edits the cells by hand. The script tests four parts of the contract that a successful table read alone would leave unanswered.


	Every engine that can create a table creates one per format version, in its own SQL dialect, and writes the same three rows. Each row has an id, a naive timestamp, a zoned timestamp, a date, a decimal, a string and a boolean. Three rows with a decimal sum of sixty, every timestamp 2026-06-01 12:00:00, every session pinned to UTC.

	Every engine reads every table and reports the row count, the decimal sum, and the string each timestamp column rendered as. A cell is OK only if all four match.

	Spark, the platform’s maintenance engine, deletes one row from every table in merge-on-read mode, which produces a position delete file on v2 and a deletion vector on v3. Every engine reads every table again.

	Spark creates a view. Every engine tries to read it.



Five engines and two versions is ten writers, nine tables that exist, and forty-five reads before the delete and forty-five after. Every cell below came out of the script.

Writers




































	Writer	v2	v3
	Spark 4.1.3	OK	OK
	DuckDB 1.5.5	OK	OK, after Spark upgraded the table
	Trino 483	OK	OK, WITH (format_version = 3)
	Flink 2.1.3	OK	OK, 'format-version'='3'
	PyIceberg 0.11.1	OK	ValueError: Cannot write manifest for table version: 3


PyIceberg creates a v3 table without complaint and then refuses to append to it, just as Book 1’s chapter 18 found. Everything else writes both versions. That distinction is easy to miss if certification stops at CREATE TABLE — the harness has to write rows before it can call a writer compatible.

Two things about the writers did not fit in the table. DuckDB’s CREATE TABLE against a REST catalog takes no format-version option. So its v3 table was created by DuckDB, upgraded by Spark with ALTER TABLE … SET TBLPROPERTIES ('format-version'='3'), and then written by DuckDB — which is the question that matters. And Flink’s first two runs failed with a parse error at column 92. A column named dec is DEC, a reserved synonym for DECIMAL in Flink SQL, and needs quoting there and nowhere else. That is a dialect difference of the dullest kind — and it is exactly what a harness exists to find before a pipeline does.

One schema, five dialects

The harness writes the same seven Iceberg types from five SQL dialects, and the DDL it had to generate is itself a compatibility finding. Every name below was run.






































































	Iceberg type	Spark	Trino	Flink	DuckDB	PyIceberg
	long	BIGINT	BIGINT	BIGINT	BIGINT	LongType
	timestamp (no zone)	TIMESTAMP_NTZ	TIMESTAMP(6)	TIMESTAMP(6)	TIMESTAMP	TimestampType
	timestamptz	TIMESTAMP	TIMESTAMP(6) WITH TIME ZONE	TIMESTAMP_LTZ(6)	TIMESTAMPTZ	TimestamptzType
	date	DATE	DATE	DATE	DATE	DateType
	decimal(10,2)	DECIMAL(10,2)	DECIMAL(10,2)	 `dec` DECIMAL(10,2)	DECIMAL(10,2)	DecimalType(10, 2)
	string	STRING	VARCHAR	STRING	VARCHAR	StringType
	boolean	BOOLEAN	BOOLEAN	BOOLEAN	BOOLEAN	BooleanType


The timestamp mappings deserve particular care. Spark’s plain TIMESTAMP is the zoned Iceberg type and its TIMESTAMP_NTZ is the naive one. Trino and Flink spell the zoned one out. DuckDB’s plain TIMESTAMP is the naive one. The same word means the opposite thing in two of the five dialects. A table created by hand in one and read in another carries the type the creator’s dialect chose — not the one the author had in mind. The section on time zones below is what that costs.

Readers, before the delete






















































































	Table	Spark	DuckDB	Trino	PyIceberg	Flink
	spark_v2	OK	OK	OK	OK	OK
	spark_v3	OK	OK	OK	OK	OK
	duckdb_v2	OK	OK	OK	OK	OK
	duckdb_v3	OK	OK	OK	OK	OK
	trino_v2	OK	OK	OK	OK	OK
	trino_v3	OK	OK	OK	OK	OK
	flink_v2	OK	OK	OK	OK	OK
	flink_v3	OK	OK	OK	OK	OK
	pyiceberg_v2	OK	OK	OK	OK	OK


Forty-five cells, forty-five OK. Every engine reads every other engine’s table, at both versions, with the count, the sum and both timestamps agreeing. That includes PyIceberg reading v3 tables it cannot write — and Flink reading tables written by engines it has never heard of.

Readers, after Spark deleted one row from each
























	Table	Delete by Spark	Spark	DuckDB	Trino	PyIceberg	Flink
	all nine	OK	OK	OK	OK	OK	OK


Forty-five more OKs, and the reason is in the delete files Spark wrote.

  spark_v2:     content=1 x1   …-00001-deletes.parquet
  spark_v3:     content=1 x1   …-00001-deletes.puffin
  duckdb_v3:    content=1 x1   …-00001-deletes.puffin
  trino_v3:     content=1 x1   …-00001-deletes.puffin
  flink_v3:     content=1 x1   …-00001-deletes.puffin

On every v2 table the delete is a position delete in a Parquet file. On every v3 table it is a deletion vector in a Puffin file, content=1 still — because a deletion vector is a position delete in a different container. And every engine on the platform applied both kinds and returned two rows. Book 1’s chapters 18 and 20 found that Spark, DuckDB and PyIceberg all read deletion vectors; this is the same fact for five engines on nine tables, generated.

Which engine can produce each kind of delete is a different question from which can read it, and the platform’s runs so far answer part of it.









































	Engine	Copy-on-write delete	Position delete file (v2)	Deletion vector (v3)	Equality delete
	Spark 4.1.3	yes (chapter 4)	yes	yes	no: Spark SQL cannot write them
	Flink 2.1.3				yes, from an upsert table (chapter 11)
	PyIceberg 0.11.1	yes (chapter 4’s delete)		cannot write v3	no
	Trino 483, DuckDB 1.5.5	not run	not run	not run	not run


The blank and “not run” cells are the honest part of that table, and they are where the next revision of the harness goes.

What the harness did not test is worth stating with the same precision. It did not test equality deletes, because Spark cannot write them; chapter 11’s Flink run did, and PyIceberg refused that table with PyIceberg does not yet support equality deletes. A reader that is OK on every row above can still be the reader that fails on the one table a streaming writer produced. The certification matrix needs a row for that table, and the companion’s next revision adds it from the Flink job.

Views

A successful table read says nothing about whether the same engine can execute a stored view. The Spark view makes that gap visible.

  spark:     2
  trino:     ERR Cannot read unsupported dialect 'spark' for view 'cert.v_spark'
  duckdb:    ERR Table with name v_spark does not exist! Did you mean "spark_v3"?
  pyiceberg: True

Spark created a view over one of its tables and stored it in the catalog with dialect = spark. Spark reads it. Trino found it, read the dialect tag, and refused with a message that names the problem. DuckDB does not list views from a REST catalog at all, so the name does not exist as far as it is concerned. PyIceberg can confirm the view exists — and do nothing else with it.

Book 1’s chapter 5 said that a view is a weaker guarantee than a table because the stored SQL is tagged with the dialect that wrote it. This is what “weaker” looks like across four engines. A table written by any of them is read by all of them. A view written by any of them is read by itself. The catalog stored it faithfully. Interoperability was never the catalog’s to promise.

The rule: views are per engine until a harness says otherwise. Store them in the catalog for the engine that uses them, and do not build a cross-engine contract on one.

Timestamps, in three time zones

Every session in the harness was pinned to UTC, and every timestamp cell said 2026-06-01 12:00:00. Book 1’s chapter 15 got three different instants from the same wall-clock string across three engines. Book 1’s chapter 12 found the same trap deciding which partition a rewrite scoped to. The harness’s second script is the mechanism, isolated.

table cert.spark_v2, written with ts = tstz = 2026-06-01 12:00:00 in a UTC session
  session UTC                  spark  ts=2026-06-01 12:00:00  tstz=2026-06-01 12:00:00
                               duckdb ts=2026-06-01 12:00:00  tstz=2026-06-01 12:00:00+00
  session Europe/Berlin        spark  ts=2026-06-01 12:00:00  tstz=2026-06-01 14:00:00
                               duckdb ts=2026-06-01 12:00:00  tstz=2026-06-01 14:00:00+02
  session America/Los_Angeles  spark  ts=2026-06-01 12:00:00  tstz=2026-06-01 05:00:00
                               duckdb ts=2026-06-01 12:00:00  tstz=2026-06-01 05:00:00-07

Same bytes, three sessions. The ts column is Iceberg’s timestamp type, a wall-clock value with no zone, and every session renders it as written. The tstz column is timestamptz, an instant, stored as UTC and rendered in whatever zone the session has. Both engines agree in every row — because both are doing the right thing for the type. Neither result is wrong. A dashboard reading tstz in Berlin and a pipeline reading it in Los Angeles are looking at the same instant and different strings.

Reading the zoned value changes its presentation. Writing a naive literal into that column can change the instant stored, because the writer’s session supplies the missing zone.

now WRITE a naive literal '2026-06-01 12:00:00' into tstz from a Berlin session, read it back in UTC
  written in Berlin, read in UTC: ts=2026-06-01 12:00:00  tstz=2026-06-01 10:00:00

A naive literal written into a timestamptz column is interpreted in the writing session’s zone. Berlin’s noon is ten in the morning in UTC, and that is the instant the table now holds. Nothing about the literal said Berlin — the session did. That is Book 1’s three instants, explained. Three engines with three default session zones, one naive string, three interpretations, and a row that landed in a different day partition depending on who wrote it.

The rule, and every engine on the platform has the knob for it:


	Instants go in timestamptz; wall clocks go in timestamp. A row that means “this happened at this moment” is an instant. A row that means “the shop opens at nine” is a wall clock.

	Every session that writes is pinned to UTC. Spark: spark.sql.session.timeZone. DuckDB: SET TimeZone. Trino: the time_zone_id session property. Flink: table.local-time-zone. The harness sets all four, and a writer that does not is a writer whose output depends on the machine it ran on.

	Never write a naive literal into timestamptz. Attach the zone, or convert explicitly. The engines will each accept the naive form and each do something defensible with it — and defensible is not the same as the same.



What to decide, and why

Certify before you upgrade, not after. The matrix is a function of the versions in it, and the only cheap moment to run it is before a new engine version touches a production table. The companion’s harness runs in under three minutes on this platform. An upgrade that skips it is an upgrade that finds out from a pipeline.

Certify the operations you use, not the ones the vendor lists. The harness checks creation, insert, read, delete files of both kinds, views and timestamps because those are what this platform does. If yours uses equality deletes from a streaming writer, nested types, or a column type the harness does not carry, add the row. A green matrix that omits your workload is a green matrix about someone else’s.

The maintenance engine’s writes are everyone’s reads. Compaction, expiry and row-level deletes are done by one engine, Spark here, and every other engine has to read what it produces. That is why the delete step exists — it is not testing Spark, it is testing whether four other engines can consume Spark’s maintenance.

Views are not a compatibility layer. Use them inside one engine. The exception is a catalog and engine pair whose harness row says the dialect is read — and this platform has no such pair.

Keep the result, not the conclusion. The file under compatibility/ is dated, generated, and kept. When an engine version changes and a cell flips, the diff is the finding. A remembered conclusion that the engines were compatible cannot tell you that.

What was not run

Nested types, UUIDs, nanosecond timestamps and the v3 variant type were not in the row. Book 1’s chapter 19 found that neither Spark nor DuckDB could query a table with the three spatial and nanosecond types. This harness stayed on the types every engine claims, which is the right baseline and not the whole story. Flink reading the Spark view was not exercised. The Kafka Connect sink, a 1.9.2 Iceberg client on this 1.11.0 platform, was not in the matrix, and chapter 11 says why. And every read here went through the reference catalog; chapters 2 and 3 covered how the production catalogs change the address a reader uses, and nothing else.

Exercises

1. Add a row. Run the Flink upsert script from chapter 11 to produce a table with equality deletes, then add it to the harness as a tenth table and rerun the reader matrix. Which cells change, and what does each engine say?

Show answer
PyIceberg’s cell fails with PyIceberg does not yet support equality deletes; Spark, Trino, DuckDB and Flink read the table with the deletes applied. The matrix now has a column-independent failure that the previous ninety cells could not show, which is the point of adding rows for the writers you actually run.


2. Break the timezone rule and find the row. Write one order through Spark with the session zone set to Asia/Kolkata and a naive timestamp literal into a timestamptz column, into a table partitioned by day. Read the partitions metadata table. Which partition did it land in, and why is that the wrong one?

Show answer
The naive literal is interpreted as Kolkata local time, five and a half hours ahead of UTC, so an evening timestamp lands in the previous UTC day’s partition. The partitions table shows a row in a day the writer did not intend. Pinning the session to UTC, or attaching the zone to the literal, puts it where every other engine will look for it.


Final thoughts

Ninety green cells is the most reassuring thing this book has printed, and the two red ones beside them are the reason to have printed any of it. PyIceberg cannot write v3 and cannot read equality deletes; views are read by their author and nobody else; a naive literal in a timestamptz column means whatever the session says it means. None of those is a surprise to someone who ran the harness — and every one of them is an incident for someone who did not.

These results give the platform a tested set of engine versions and operations. Keeping those tables usable also requires decisions about layout, compaction, metadata and retention. The next chapter starts with the query workload, because the same layout can help one reader and penalise another.





There Are No Tuning Numbers

A million-row customer dimension, sixty columns wide, laid out three ways and asked two questions. The first question is a point lookup by customer_id. The second is a filter on two attribute columns over every row.


























	Layout	Point lookup: files opened, bytes, median	Two-column filter: files opened, bytes, median
	32 files, unsorted	32, 0.4 MB, 82 ms	48 requests, 1.4 MB, 96 ms
	86 files, sorted, 2 MB target	1, 0.0 MB, 52 ms	258 requests, 7.1 MB, 230 ms
	1 file, sorted	1, 1.6 MB, 103 ms	3 requests, 1.8 MB, 71 ms


The second layout is the one every guide to Iceberg performance would tell you to build for the point lookup, and it does win the point lookup. One file opened instead of thirty-two, nothing fetched but a footer, half the latency. It also makes the full scan two and a half times slower, because a query that touches every file now touches eighty-six of them. The third layout fixes the scan and gives the lookup back its latency, because a single sorted file has to read a whole row group to find one row. None of the three is wrong. Each is right for one of the two questions.

That is the chapter. There are no tuning numbers — only workloads — and a table design is a bet about which questions the table will be asked. The bet can be measured before it is placed, and this chapter is about how to measure it so that the number you write down is the number a reader gets.

The protocol, before the numbers

Book 1 published a copy-on-write versus merge-on-read comparison as “less than half the time” and later retracted it. The first measurement in a JVM session is warm-up, the “before” arm is always measured first, and the 2.3× was the cost of class loading wearing the costume of a write mode. Re-measured properly it was 1.15×. Every timing in this book uses the protocol that retraction produced, and it fits in a dozen lines.

def bench(label, arms, rounds=7, warm=2):
    for name, fn in arms.items():
        for _ in range(warm): fn()                 # pre-warm every arm
    times = {n: [] for n in arms}
    for _ in range(rounds):
        for name, fn in arms.items():             # interleave: A, B, A, B, …
            t = time.perf_counter(); fn()
            times[name].append((time.perf_counter() - t) * 1000)
    # report the median and the spread, never the first run

Three rules, each one earned. Pre-warm every arm, so that class loading and the first metadata fetch are paid before the clock starts. Interleave the arms, so that whatever drifts during the run — a garbage collection, a background compaction, the object store’s own cache — drifts on both equally. Report the median and the spread, so that a reader can see when two arms overlap and the difference is noise.

Latency is the weakest of the four numbers this chapter reports, and it is reported last. The other three come from the counting proxy chapter 2 introduced: how many data files a query opened, how many bytes it fetched, and how many requests that took. Those do not care whether the JVM is warm. They are properties of the layout, and they are the numbers the bill is made of.

The pins: Spark 4.1.3 on the host with local[4], Iceberg 1.11.0, the reference REST catalog on SeaweedFS, every S3 call through the proxy. Rows are the bookshop’s, generated to size.

Workload one: append-only events

Two million events over nine days from five hundred customers, written once. Design A is the table anyone gets by default: no partition, no sort. Design B is partitioned by day and, within each write, sorted by customer_id.

  A unpartitioned/unsorted:           4 files,  9.4 MB, written in 3.0s
  B day-partitioned + sorted:        12 files,  4.8 MB, written in 2.5s

Before either query runs, Design B already has a storage advantage: the sorted table is half the size. Same rows, same Parquet, same compression codec — sorting by customer put similar values next to each other and the encoders did the rest. Design B was also faster to write, because Spark’s sort happens in memory before the files are cut and the smaller files are cheaper to upload. That halving is free and it is the reason to sort even a table nobody ever filters.

Then the two questions the bookshop asks of an events table.





















	Query	A: files, bytes, median	B: files, bytes, median
	One day’s revenue	12 requests, 7.2 MB, 209 ms	6 requests, 0.2 MB, 110 ms
	One customer’s events	16 requests, 7.7 MB, 154 ms	36 requests, 1.1 MB, 119 ms


The day query is partition pruning doing exactly what Book 1’s chapter 8 said it would: B opens one partition’s files and fetches a fiftieth of the bytes. The customer query is the interesting row. B makes more requests than A — thirty-six against sixteen — because the customer’s rows are spread across nine day partitions and each one has to be opened. It fetches seven times fewer bytes, because within each day the sort put that customer’s rows in one row group and the statistics let the reader skip the rest. On a store that prices requests and bytes separately, that row is a real trade, and chapter 2’s request table is how you price it. On latency, B wins by a quarter.

Design B is the right answer for this workload, and the rule it illustrates is general. Partition by what you filter on most, sort by what you filter on next, and expect the sort to pay for itself in storage before it pays in queries.

Workload two: upsert-heavy orders

A million orders, and five rounds of MERGE INTO that each update one percent of them — the shape of a nightly reconciliation against an operational system. Design A is copy-on-write, where an update rewrites every file that contains a changed row. Design B is merge-on-read, where an update writes the new rows and a delete file marking the old ones, and readers merge the two. Both tables are bucketed eight ways on order_id so that the merge’s join has somewhere to go.

The merges themselves, one warm-up round and then five interleaved.

  MERGE 1% (5 interleaved rounds)   cow: median 1014 ms (950–1105)   mor: median 762 ms (725–851)

Merge-on-read is a third faster to write, and the spreads do not overlap. That is the expected direction; Book 1’s retracted number was the same direction with the wrong magnitude. What the write time does not show is what the two designs did to the table.

  orders_cow: 8 data files, 0 delete files
  orders_mor: 56 data files, 8 delete files holding 60,000 deleted positions

Copy-on-write left the table as it found it: eight files, one per bucket, each rewritten five times. Merge-on-read left fifty-six data files and eight delete files, because each merge added a file of new rows per bucket and marked sixty thousand old positions for deletion. Now read the table.

  read after 6 merges   cow: 24 requests, 109 ms      mor: 192 requests, 239 ms

Eight times the requests and more than twice the latency, for a query that groups a million rows by status. Every reader of the merge-on-read table has to open every data file and apply every delete file that touches it, on every query, until somebody compacts.

  rewrite_position_delete_files   0.1s -> (0, 0)
  rewrite_data_files              0.7s -> (56, 8)
  mor after compaction: 8 data files, 8 delete files still listed, read now 24 requests
  read after compaction   cow: median 112 ms     mor: median 105 ms

One compaction and the merge-on-read table reads like the copy-on-write one. Two details from that run belong in chapter 8 but are worth seeing here. rewrite_position_delete_files did nothing, because there was nothing to merge — eight delete files, one per bucket, is already the minimum. And after compaction the eight delete files are still listed in the metadata, exactly as Book 1’s chapter 12 found. They reference data files that no longer exist in the current snapshot, so readers ignore them, and they stay until snapshot expiry removes them. The read cost is gone; the file count is not.

The design decision is a schedule — not a mode. Merge-on-read when writes are frequent and reads can wait for a compaction, with the compaction scheduled against the write cadence. Copy-on-write when reads dominate and updates are rare or small, so that the table is always in its compacted state and no job has to keep it there. The exception is a table updated by a stream, which cannot be copy-on-write at all; chapter 11 is that table.

Workload three: the wide dimension

A million customers with sixty columns, written in eight batches. Design A is unsorted. Design B declared WRITE ORDERED BY customer_id, which is what the documentation suggests for a table looked up by key. Both came out at thirty-two files and 5.9 MB.

  point lookup by customer_id     dim_a: 32 requests, 0.4 MB, 91 ms    dim_b: 32 requests, 0.4 MB, 92 ms
  3-column projection, all rows   dim_a: 128 requests, 0.4 MB          dim_b: 128 requests, 0.4 MB
  2-column filter, all rows       dim_a: 48 requests, 1.4 MB, 96 ms    dim_b: 48 requests, 1.4 MB, 93 ms

Identical, on every query. The sort order did nothing, and the reason is in how the table was written. WRITE ORDERED BY sorts each write. Each of the eight writes covered the whole range of customer ids, so every one of the thirty-two files has a minimum near zero and a maximum near a million. The statistics that pruning depends on bracket every lookup value in every file. A sort order that holds within a write does not cluster across writes, and clustering across files is what a point lookup needs. This was the first result the harness produced and it was published as written, because it is the mistake a reasonable engineer makes.

Clustering across files means rewriting them, which is a compaction with a sort strategy.

CALL ice.system.rewrite_data_files(table => 'stage9.dim_b',
  strategy => 'sort', sort_order => 'customer_id ASC NULLS LAST')

  dim_b after sort compaction: rewrote 32 files into 1 in 6.1s; now 1 file, 5.1 MB
  point lookup, B clustered       dim_a: 32 requests, 0.4 MB, 82 ms    dim_b: 4 requests, 1.6 MB, 103 ms
  2-column filter, B clustered    dim_a: 48 requests, 1.4 MB, 96 ms    dim_b: 3 requests, 1.8 MB, 71 ms

Now the point lookup opens one file — and is slower. The one file is five megabytes and the row group that holds the customer is 1.6 MB of it, which is more bytes than the thirty-two footers the unsorted table read. The full scan got cheaper in requests and faster in time. And the first attempt at this compaction, with a two-megabyte target file size, produced the middle row of the chapter’s opening table. Eighty-six small sorted files, a point lookup that fetched almost nothing, and a scan that had to open all eighty-six.

The projection is the row that did not move at all: three columns out of sixty, 0.4 MB out of 5.9, in every layout. Column pruning is Parquet’s, not the layout’s, and it is the reason a sixty-column dimension costs a three-column query almost nothing whatever else you do to it.

The declared sort order did not separate customer ranges across batches; the rewrite did. Cluster by rewriting, not by declaring, and choose the target file size for the query you will run more often. Small files for lookups that must fetch little; large files for scans that must open little. Chapter 7 goes further into the layout choices, and chapter 8 into the compaction that makes them hold.

The knobs the worksheet turns

Every design above was made with five table properties, and their defaults were read from the 1.11.0 jar rather than from a page that might describe a different release.




































	Property	Default in 1.11.0	What it decided in this chapter
	write.target-file-size-bytes	536,870,912 (512 MB)	why the sorted dimension became one file, and why the 2 MB override became eighty-six
	write.parquet.row-group-size-bytes	134,217,728 (128 MB)	why a point lookup in the single sorted file fetched 1.6 MB: the smallest unit a reader can skip is a row group
	read.split.target-size	134,217,728	how many tasks a scan of one large file becomes
	write.parquet.compression-codec	zstd since 1.4.0, gzip before	the halving of the events table came from the sort, not the codec; both tables used the same one
	write.delete.mode, write.update.mode, write.merge.mode	copy-on-write	the whole of workload two


The target file size cannot make a small write larger. It is a ceiling on the file a writer produces, so a small write still makes a small file. Only a rewrite brings files up to the target, which is why chapter 8 is about compaction rather than about this property. And the row-group size is the reason the single-file lookup fetched more bytes than the thirty-two-file one. Parquet statistics let a reader skip a row group, never part of one, so the smallest fetch a lookup can make is one row group. At 128 MB that is most of a small table. The eighty-six-file layout won the lookup by making every file smaller than a row group.

Translating a workload into a design

The three experiments give us four questions to answer before choosing a layout: what readers filter on, how data arrives, how quickly readers need it, and how rows change. The platform keeps those answers in a worksheet for each table. Here it is filled in for events, orders and the customer dimension.
















































	Question	Decides	Events	Orders	Dimension
	What does the common query filter on?	partition spec, then sort order	day, then customer	order id (bucket)	customer id
	How does data arrive?	file size, commit cadence, write mode	one batch a day, append only	nightly merge of one percent	eight batches, then rarely
	What latency does the reader expect?	copy-on-write or merge-on-read, and the compaction schedule	seconds, from a dashboard	seconds, after the nightly merge	milliseconds, point lookups
	How do rows change?	delete mode, isolation level (chapter 4)	never	updated in place	replaced in bulk
	Design		day partition, sorted by customer, single writer	bucket(8, order_id), merge-on-read, compact after each merge	unpartitioned, sort-compacted into one file per few hundred thousand rows


Two habits make the worksheet more than a form. Fill it in from the query log — not from the schema. The events table’s sort key is customer_id because the second most common filter is a customer, and nothing in the schema says so. And measure the design against the worksheet’s own queries before the table goes live, with the harness. The wide dimension’s declared sort order looked right on the worksheet and did nothing on the table.

What was not run

The numbers are from tables of a few million rows on one machine with a local object store. That is enough to show the shape of every trade-off — and not enough to put a dollar figure on any. Nothing here was priced against a real S3 bill; chapter 18 does that. No table exceeded memory, so the scans are all cached-data scans and a cold read from a remote store will widen every gap. Z-ordering, which chapter 7 covers, was not compared against the plain sort. And every query ran alone; concurrent readers, which change what “fast” means on a shared platform, are chapter 13’s territory.

Exercises

1. Break the sort the other way. Rewrite the events table with WRITE ORDERED BY customer_id but write it in one batch instead of one per day. Then run the customer query and count files opened. Explain the number using the file statistics from the files metadata table.

Show answer
One batch sorted by customer produces files with disjoint customer ranges, so the customer query opens one file per day partition at most and usually fewer. The lower_bounds and upper_bounds columns of files show non-overlapping ranges for customer_id, which is the property the eight-batch dimension lacked.


2. Find the break-even. For the orders table, vary the merge size from one percent to ten percent of rows and re-run the interleaved merge benchmark. At what update fraction does copy-on-write stop being slower to write than merge-on-read, and why does the read cost of merge-on-read not depend on that fraction at all?

Show answer
Copy-on-write cost scales with the number of files touched, and at some fraction every file is touched either way, so the two write costs converge. Merge-on-read’s read cost depends on the number of delete files and data files present, which grows with the number of merges, not with their size. A large merge favours copy-on-write; many small merges favour merge-on-read with a compaction schedule.


Final thoughts

The wide dimension was laid out three times and each layout won one question and lost another. The events table halved in size from a sort nobody asked for. The merge-on-read table was faster to write, slower to read, and equal to copy-on-write after a compaction. Not one of those results is a tuning number that transfers to your table — and every one of them came from the same twelve-line protocol that anyone can run against theirs.

The next chapter takes the layout question deeper, into partition transforms, bucketing, skew and what happens to a good layout when the access pattern under it changes.





Forty-Two Percent in One Partition

Five million orders, partitioned by day, written by a pipeline in ten batches. Two queries from the partitions and files metadata tables, nothing else, say everything that is wrong with it.

  partitions, by rows:
     2026-06-15  rows 2,100,000  files  10     4.79 MB
     2026-06-01  rows   100,000  files   1     0.15 MB
     2026-06-04  rows   100,000  files   1     0.15 MB
  30 partitions, 5,000,000 rows, 39 files; the top partition holds 42% of rows in 26% of files
  files: 39 total, min 157 KB, median 177 KB, max 0.63 MB, 39 under 1 MB (100%)

One day holds forty-two percent of the table — because there was a sale. Every file is under a megabyte, because the pipeline wrote ten batches and each batch cut a file per day. And the queries the table now gets are not the ones it was partitioned for. Three business customers hold a third of all orders between them. The questions have moved from “what did we sell on Tuesday” to “what did this customer buy”.

  sale day revenue         GETs   30  bytes    1.9 MB
  quiet day revenue        GETs    3  bytes    0.0 MB
  one retail customer      GETs   90  bytes    3.9 MB
  one B2B customer         GETs   28  bytes    1.8 MB

The day queries prune exactly as Book 1’s chapter 8 promised. The customer queries open every file because the partition spec has no customer field. The workload has changed while the layout still serves the old day-based questions. Metadata can expose the uneven partitions and small files; the query log tells us whether they still suit the workload. The two redesigns below address that mismatch — with very different costs.

What partitioning promises, and what skew is

A partition spec is a promise about predicates. It says: the queries on this table will filter on this expression often enough that laying the files out by it will pay for itself every time. Hidden partitioning, Book 1’s chapter 8, is what makes the promise cheap to keep. The transform is stored in the spec, and the reader applies it to an ordinary predicate on the source column. The promise still has to be true.

Skew is the promise going wrong in one of two ways.

Value skew is one partition holding far more rows than the others. The sale day is forty-two percent of the table. A day query on it opens ten files and reads two million rows; a day query on any other day opens one file. Every job that runs per partition, compaction included, has one task that takes twenty times longer than the rest.

Predicate skew is the queries filtering on something the spec does not cover. The customer queries are predicate skew: the spec cannot prune them, so every one is a full scan whatever the layout does inside partitions. This is the one that arrives silently — because it is a change in the workload rather than in the data.

Both are visible from metadata, and the SQL that sees them is this chapter’s artifact. It runs against any Iceberg table from any engine that exposes the metadata tables, reads no data, and takes milliseconds.

-- rows, files and bytes per partition: value skew, and the small-file ratio per partition
SELECT partition, record_count, file_count,
       ROUND(total_data_file_size_in_bytes / 1048576.0, 2) AS mb,
       ROUND(total_data_file_size_in_bytes / file_count / 1048576.0, 2) AS mb_per_file
FROM   ice.stage10.orders.partitions
ORDER  BY record_count DESC;

-- the file-size distribution: how much of the table is small files
SELECT count(*)                                                        AS files,
       ROUND(percentile_approx(file_size_in_bytes, 0.5) / 1024.0)     AS p50_kb,
       ROUND(max(file_size_in_bytes) / 1048576.0, 2)                  AS max_mb,
       sum(CASE WHEN file_size_in_bytes < 33554432 THEN 1 ELSE 0 END) AS under_32mb
FROM   ice.stage10.orders.files;

The partitions table carries one more column worth reading: spec_id. A table whose partitions span two spec ids has been evolved and not yet rewritten — which is the state this chapter’s first redesign produces on purpose below. The files table carries the same column per file, and it is the only place the split is visible. Nothing in a query plan says “half these files are laid out the old way”.

What the metadata cannot see is predicate skew, because predicates are not in the metadata. That comes from the query log, and chapter 13 puts the two side by side.

When hidden partitioning does not save you

A layout change cannot help a predicate the planner does not recognise. These four queries all ask for the sale day, but only two let Spark prune the day partitions.

  range on ordered_at                              GETs   30  bytes    1.9 MB
  date(ordered_at) = '2026-06-15'                  GETs   30  bytes    1.9 MB
  date_format(ordered_at, 'yyyy-MM-dd') = '…'      GETs  117  bytes    2.9 MB
  CAST(ordered_at AS STRING) LIKE '2026-06-15%'    GETs  117  bytes    2.9 MB

A range predicate prunes. So does date(ordered_at) = …, because Spark recognises date() as equivalent to the days transform and pushes it down as a partition predicate. date_format and a string LIKE do not prune, and they do not merely fall back to the ninety-file scan. They open every file and read the whole timestamp column to evaluate the function — which is why the request count is 117 rather than 90. Hidden partitioning hides the transform from the query. It does not make an arbitrary function of the column into a partition predicate. And the list of functions the planner recognises is Spark’s — not Iceberg’s. The other engines were not measured for this, and the chapter says so.

The rule: filter on the partition source column with a comparison, or with the transform’s own function, and nothing else. Every dashboard query that formats a timestamp into a string before comparing it is a full scan with extra work.

Transform choice: the sale day under days() and hours()

If value skew is the problem, a finer transform is the reflex. The same table under hours(ordered_at).

  orders            30 partitions,    39 files,   166,667 rows/partition, median file 177 KB
                    one hour of the sale: GETs   40  bytes    3.7 MB
  orders_hourly    720 partitions,   936 files,     6,944 rows/partition, median file  16 KB
                    one hour of the sale: GETs   30  bytes    0.0 MB

The hourly table answers “one hour of the sale” from a few kilobytes instead of 3.7 MB. It also has twenty-four times the files, at a median of sixteen kilobytes each, which is the small-file problem of Book 1’s chapter 11 manufactured on purpose. Every query that is not an hour query, every compaction, every expiry, and every listing of the partitions table now pays for 936 files instead of 39.

The transform’s granularity is a trade between the smallest range that is commonly queried and the smallest file that is worth having. The bookshop queries days and, on the sale day, hours. Keeping days() and compacting the sale day avoids imposing the finer layout on every quiet day. The goal is files large enough that an hour’s rows sit in a skippable row group, which is chapter 8’s job. A transform is a promise about every partition. Skew is a fact about one.

The arithmetic makes the same point. Under days() the average partition holds 166,667 rows, and the sale day holds twelve times that. Under hours() the average is 6,944 rows, the sale’s hours hold about 87,000 each, and the quiet hours hold four thousand rows in a sixteen-kilobyte file. Finer partitioning did not remove the skew. It moved it down a level and multiplied the files around it.

Redesign A: evolve the spec, then rewrite

Adding a customer bucket to the spec changes where future writes land without touching existing files. That makes partition evolution cheap to apply — but it cannot improve customer queries over the old data until those files are rewritten.

ALTER TABLE ice.stage10.orders ADD PARTITION FIELD bucket(16, customer_id)

  files by spec after the evolution and one insert: [(0, 39), (1, 1)]
  retail customer query, before rewrite: GETs   93  bytes    3.8 MB  (old files still in spec 0)

The spec changed, and one new row landed under it. The customer query is exactly as expensive as before, because the thirty-nine files it has to read still carry the old spec. Partition evolution changes how new data is laid out. Old data prunes by the spec it was written under until it is rewritten. The files metadata table’s spec_id column is how you see which is which.

  rewrite-all: 40 files -> 331 in 4.9s; files by spec now: [(1, 331)]
  partitions now: 330 (days x buckets, only the combinations that have rows)
  retail customer, after   GETs   66  bytes    1.4 MB
  B2B customer, after      GETs   12  bytes    0.8 MB
  sale day revenue, after  GETs   48  bytes    7.1 MB
  quiet day revenue, after GETs   48  bytes    0.3 MB

A rewrite_data_files with rewrite-all moved every file into the new spec in under five seconds, and the customer queries improved. A retail customer reads a third of the bytes it did. A B2B customer makes half the requests. And every day query got worse. The quiet day that opened one file now opens the eleven buckets that have rows for it. The sale day reads 7.1 MB where it read 1.9. Its two million rows are now spread across sixteen bucket files, each one small enough that the reader fetches most of it for any predicate.

The partition count tells the same story from the metadata side. Thirty days by sixteen buckets is 480 possible partitions, and 330 of them have rows. The sale day fills all sixteen. A quiet day with 100,000 orders from a long tail of customers fills about eleven. Every job that iterates partitions now iterates eleven times as many, and the partitions query at the top of this chapter returns 330 rows instead of 30.

The extra partitions are the cost of the better customer lookup: a bucket field multiplies the files every other predicate has to open by the number of buckets. It is worth it when the bucketed key is on most queries and the other predicate is on few. For the bookshop it is a real trade, and the table below prices it.

Redesign B: keep the spec, z-order the files

The other reflex is to leave the partitioning alone and order the rows inside each partition so that the statistics prune. A z-order interleaves two columns so that a range on either one is compact in the file.

CALL ice.system.rewrite_data_files(table => 'stage10.orders_z',
  strategy => 'sort', sort_order => 'zorder(customer_id, ordered_at)', options => map('rewrite-all', 'true'))

  z-order rewrite: 39 files -> 30 in 4.9s
  retail customer, z-ordered   GETs   63  bytes   15.2 MB
  B2B customer, z-ordered      GETs   12  bytes    8.8 MB
  sale day revenue, z-ordered  GETs    3  bytes    2.8 MB

The z-order did nothing for the customer queries. Sixty-three requests and fifteen megabytes — more bytes than the unsorted table read — for a layout the documentation would call optimised for exactly this. The reason is in the first line: the rewrite produced thirty files, one per day partition, each under the 512 MB target and therefore each a single Parquet row group. Statistics let a reader skip a row group or a file. When a partition is one file with one row group, there is nothing to skip. No ordering of the rows inside it can change what the reader has to fetch. The z-order also inflated the files, because interleaving two columns undoes the run-length encoding that a plain sort on one of them would have produced. The bytes column says so: 15.2 MB fetched for a customer’s rows is more than the whole unsorted table.

Z-ordering helps when a partition holds many files or many row groups, and it helps range queries on more than one column. The bookshop’s partitions are small, its customer predicate is a point, and the only query that improved was the sale day, which is now a single file. That was never the query that needed help.

Choosing, with the numbers on one page










































	Query	Original days()	A: days() + bucket(16, customer_id)	B: days(), z-ordered
	One retail customer	90 requests, 3.9 MB	66 requests, 1.4 MB, 119 ms	63 requests, 15.2 MB, 157 ms
	One B2B customer	28 requests, 1.8 MB	12 requests, 0.8 MB, 101 ms	12 requests, 8.8 MB, 139 ms
	Sale day revenue	30 requests, 1.9 MB	48 requests, 7.1 MB, 147 ms	3 requests, 2.8 MB, 133 ms
	Quiet day revenue	3 requests, 0.0 MB	48 requests, 0.3 MB	1 file
	One customer, one week		84 ms	83 ms


Latencies are medians of five interleaved rounds after two warm-ups, per chapter 6. On this platform the numbers are close enough that the request and byte columns decide. They say A for the customer queries, B for nothing the bookshop actually asks, and the original for the day queries. The week query — which filters on both columns — is a dead heat. A prunes it by bucket and day; B prunes it by day and then reads the one file.

The design this chapter recommends for the bookshop is A — with a condition. The day queries are cheap enough that a bucket count of sixteen is affordable. If they were not, eight buckets would halve their cost and double the customer queries’. That is the whole decision, and it is the worksheet from chapter 6 with a second predicate in it.

What to decide, and why

Diagnose from metadata first, and keep the two queries in a scheduled job. Value skew and the small-file ratio are visible from partitions and files in milliseconds; chapter 13 turns them into alerts. Predicate skew comes from the query log, and a table whose top predicates are not in its spec is a redesign waiting to be scheduled.

Evolve the spec, then rewrite, and count both as one change. Partition evolution is free — and does nothing to existing files. The rewrite is the cost, and it is a compaction with rewrite-all, which chapter 8 schedules.

Bucket for a point key that is on most queries, and price it against every other predicate. The multiplier is the bucket count, on every query that does not filter on the key.

Count files per predicate, not partitions. The number that prices a layout is how many files each of the workload’s predicates has to open, and this chapter’s proxy counts it directly. A day query under the original spec opened one file. Under the bucketed spec it opens as many buckets as have rows, eleven on a quiet day and sixteen on the sale day. Multiply that by the day queries per hour and compare it with the ninety files the customer query opened before, times the customer queries per hour. Whichever product is larger is the predicate to partition for.

Z-order only when there is something to skip. Many files per partition, or files large enough to hold several row groups, and range predicates on more than one column. A z-order on small partitions is a rewrite that costs bytes and returns nothing.

Write predicates the planner can push. A comparison on the source column, or the transform’s function — never a formatted string.

What was not run

Every measurement is Spark 4.1.3 planning against files of a few hundred kilobytes on a local object store. Which functions Trino, Flink or DuckDB push down as partition predicates was not measured; the date() result is Spark’s. Write-side skew, the hot partition that one writer task has to produce, and the write.distribution-mode property that spreads it, were not exercised. And a partition large enough to hold several 128 MB row groups, where z-ordering would have something to skip, does not exist on this platform.

Exercises

1. Make z-order work. Rewrite the z-ordered table again with target-file-size-bytes set to 1 MB so that each day partition holds several files, then rerun the retail customer query and count requests and bytes. What changed, and what did it cost the sale-day query?

Show answer
With several z-ordered files per partition, the customer’s rows sit in a few of them and the statistics prune the rest: requests fall and bytes fall well below 15 MB. The sale day, which was one file, becomes several, and its request count rises accordingly. Z-order pays only when there are files to skip, and creating them costs the queries that liked one file.


2. Find the predicate skew. Take the last thousand queries from a Spark history server or a Trino query log for a table you own, extract the columns in their WHERE clauses, and count them. Compare the top three against the table’s partition spec. Which of the three would prune, and which is a full scan today?

Show answer
Only predicates on the spec’s source columns, as comparisons or as the transform function, prune. A column that is in the top three and absent from the spec is predicate skew, and the choice between adding it as a bucket field and sorting for it is the comparison this chapter ran.


Final thoughts

The table was not badly designed. It was designed for a workload that changed, and the change showed up as ninety requests per customer query on a table whose metadata still said everything was fine. Two metadata queries found the value skew and the small files. The query log found the predicate skew. Two redesigns were measured, and the one the folklore prefers did nothing — for a reason that took one line of output to see.

Each redesign depended on rewrite_data_files to make the intended layout real. Running that operation repeatedly means choosing a schedule, paying for the rewrites and accounting for concurrent writers — the compaction policy developed in the next chapter.





Missing Required Files to Delete

A rewrite of thirty partitions, and a delete on one of them, started half a second apart.

  delete       committed at 1.5s
  compaction   FAILED at 2.0s: ValidationException: Missing required files to delete:
               s3://warehouse/stage11/c1/data/ordered_at_day=2026-06-15/00000-4145-….parquet,
               s3://warehouse/stage11/c1/data/ordered_at_day=2026-06-15/00000-3995-….parquet,
               … three more
  snapshots +1, 146 data files, rows 5,900,000

The delete rewrote five files on the sale day and committed. The compaction had already rewritten the same five, along with a hundred and forty-five others, and when it went to commit, the five it meant to replace were gone. Iceberg refused the whole thing. Thirty groups of finished work — twenty-nine of them untouched by the delete — were discarded together and their output files cleaned up. The table is left with the delete applied and the fragmentation intact.

Book 1’s chapter 12 warned that compaction commits can conflict. The discarded work here shows why a platform needs more than that warning. Running the procedure thousands of times means deciding which tables and partitions to rewrite, which strategy to use, how much work to commit together, which writers can overlap, and what to verify afterwards. Every one of those was measured. Two of the measurements differ from what the documentation would lead you to expect.

The defaults, read from the jar

The policy is written in the options, so start with what they are when you write nothing. These are the constants in iceberg-spark-runtime-4.1_2.13-1.11.0.jar, read with javap -constants — not from a page.







































































	Option	Default	What it decides
	target-file-size-bytes	the table’s write.target-file-size-bytes, 512 MB if unset	the output size
	min-file-size-bytes / max-file-size-bytes	0.75 × and 1.8 × the target	which files are candidates
	min-input-files	5	the smallest group worth a commit
	rewrite-all	false	ignore the candidate rules and rewrite everything
	partial-progress.enabled	false	one commit, or several
	partial-progress.max-commits	10	how many, if several
	max-concurrent-file-group-rewrites	5	groups rewritten in parallel
	max-file-group-size-bytes	100 GB	the largest single group
	use-starting-sequence-number	true	what sequence number rewritten files carry
	delete-file-threshold	Integer.MAX_VALUE	rewrite a file with this many delete files, whatever its size
	delete-ratio-threshold	0.3	rewrite a file with this fraction of rows deleted, whatever its size
	remove-dangling-deletes	false	drop delete files that no longer apply


Two of those matter more than their names suggest. use-starting-sequence-number decides whether v2 delete files survive a rewrite, which is the second half of this chapter. And delete-ratio-threshold is in this release’s jar with a default of 0.3. A file with a third of its rows deleted is a compaction candidate on its own, with no option set.

The table a stream leaves behind

The workload is chapter 11’s, arrived early: a writer appending ten thousand orders at a time, one day partition per batch, five batches a day for a month.

  stream: 150 files, 8.9 MB, min 58 KB, median 58 KB, 150 snapshots, ingested in 31s
  one day                  GETs   15   0.2 MB   114 ms
  one retail customer      GETs  450   2.4 MB   430 ms

A hundred and fifty files of fifty-eight kilobytes, and a hundred and fifty snapshots. The customer query makes four hundred and fifty requests to read two and a half megabytes. Three requests per file is the reader’s fixed price: a footer, a column index, a column chunk.

The first policy question is what the planner would do to this if run with no options, and the answer is predictable from metadata before the job starts. A candidate is a file under 75% of the target, grouped by partition, in a group of at least five. That is a query.

SELECT partition, count(*) AS candidates
FROM   ice.stage11.stream.files
WHERE  file_size_in_bytes < 0.75 * 536870912
GROUP  BY partition HAVING count(*) >= 5;

  metadata says: 30 partitions have >= 5 files under 75% of target -> 150 candidate files
  binpack, no options: 150 -> 30 files, 8.5 MB written (30 PUTs), 1.0s

The prediction matched all 150 candidate files — enough to decide whether this table needed a job before starting one. A zero result would have meant no compaction to schedule. The next check is whether the rewrite helped the queries, measured with interleaved, pre-warmed runs against the uncompacted copy.

  customer query   150 files: median 430 ms   30 files: median 193 ms
  day query        150 files: median 114 ms   30 files: median  86 ms
  customer query   before: GETs 450, 2.4 MB   after: GETs 100, 7.6 MB

The latency halved, the requests fell by four and a half times — and the bytes tripled. The small files were so small that the reader fetched only a footer and one column chunk from each. The compacted files hold a whole day in one row group. The customer predicate cannot skip inside it, so the reader fetches the two columns it needs in full. On a store that prices bytes and requests separately, chapter 2’s table decides whether that is a win. On this one it was, by latency and by requests, and it would not have been by bytes alone.

Candidate selection is the policy

The same fragmented table can justify a narrow rewrite or no job at all, depending on which partitions and file counts the policy selects. These three runs vary that selection and the target size.

  where => one day:    rewrote 5 -> 1 files, 0.3 MB, in 0.5s; table now 146 files
  min-input-files=50:  rewrote 0 -> 0 files (no partition has 50 files: nothing to do)
  target 4 MB:         rewrote 145 -> 29 files in 1.1s; median file 275 KB

A where on the partition column scopes the rewrite to the partitions that are still being written, which is what a nightly job should do. History does not re-fragment, and Book 1 said so. min-input-files is the sensitivity dial, and the no-op it produces is silent — the return row is all zeros and the job exits green. The target size decides the output. On a table whose partitions hold a few hundred kilobytes, a 512 MB target means “one file per partition” whatever it is set to. The 4 MB run produced the same twenty-nine files, with the threshold lowered to two.

Compaction policy is a where, a threshold, and a schedule. The where follows the writer. The threshold is the prediction query above, its result compared against a number you chose. The schedule is how often the prediction is re-run.

Three strategies, priced

Identical copies of the fragmented table, compacted three ways.


































	Strategy	Time	Bytes written	Customer query	Day query
	binpack	1.0 s	8.5 MB	100 requests, 7.6 MB, 144 ms	3 requests, 62 ms
	sort by customer_id	1.3 s	9.9 MB	100 requests, 8.9 MB, 149 ms	3 requests, 60 ms
	z-order (customer_id, ordered_at)	1.8 s	11.4 MB	100 requests, 10.3 MB, 149 ms	3 requests, 65 ms


The sorted and z-ordered copies cost more to write and are larger on disk — the opposite of chapter 6’s halving. The difference is what the rows looked like before: the ingest wrote them in order-id order, which is timestamp order, and Parquet’s encoders had already made the most of that. Sorting by customer destroyed it. Whether a sort shrinks a table depends on what order it was in, and the only way to know is to write it both ways.

And the query columns are identical across all three, for the reason chapter 7 found. With one file per partition and one row group per file, there is nothing for an order to help a reader skip. Sorting is a strategy for partitions big enough to hold several files or several row groups. On a table of small partitions it is a more expensive binpack.

Binpack unless a predicate has been proven, on this table, to benefit. The proof is the request and byte counts — not the strategy’s name.

Partial progress, and what it is for

  partial-progress off:               150 -> 30 files, 1 commit,  1.0s
  partial-progress on, max-commits 5: 150 -> 30 files, 5 commits, 1.0s
  the last five snapshots: replace(+6/-30) x 5

The same work in the same second, committed as five snapshots of six files each instead of one of thirty. The cost is four extra snapshots, which chapter 10’s expiry will remove. The benefit is the opening of this chapter — run again.

Writers that never stop

A writer appending two thousand rows every three hundred milliseconds, and compaction started in the middle of it.

  compaction: 153 -> 30 files in 1.0s while the writer landed 8 appends (0 writer errors)
  table after: 35 files, 1,516,000 rows = 1,500,000 + 8 x 2,000 -> consistent

Appends and rewrites do not conflict. The rewrite replaces files the appends never touch, the appends add files the rewrite never saw, and both commit. The five files the writer added during the rewrite are the next run’s candidates. Chapter 11’s streaming table lives on this fact.

Deletes are different, because a copy-on-write delete replaces files and so does compaction. The opening of this chapter was the race on the reference catalog, where the delete committed first. The same race was run on Polaris four times, with the delete issued half a second into the rewrite each time.

  run 1, plain rewrite:      compaction committed 150 -> 30 at 2.4s;  delete FAILED at 3.3s
  run 2, plain rewrite:      delete committed at 1.6s;  compaction FAILED at 2.1s;  146 files
  run 1, partial progress:   delete FAILED at 1.2s;  compaction committed 150 -> 30 in 10 commits
  run 2, partial progress:   delete committed at 1.6s;  compaction committed 135 -> 27,
                             failed groups 0;  38 files
  delete at 1.3s, plain:     compaction committed at 1.9s;  delete FAILED at 2.0s:
                             ValidationException: Missing required files to delete: …/ordered_at_day=2026-06-15/…
  delete after the commit:   both committed; snapshots: replace(+30/-150), overwrite(+1/-1)

Whichever side commits second loses, with the same exception, and which side that is comes down to milliseconds. The same catalog, the same delay — and the rewrite won one run and lost the next. When the delete loses it fails on the same Missing required files to delete, naming the sale-day files the rewrite replaced under it. There is no arbitration and no priority. A plain rewrite that loses discards every group, and the message the procedure raises says so in its own words:

  ValidationException or CommitFailedException. This usually means that this rewrite has
  conflicted with another concurrent Iceberg operation. To reduce the likelihood of conflicts,
  set partial-progress.enabled which will break up the rewrite into multiple smaller commits

A partial-progress rewrite that loses keeps every group committed before the collision. In the second run it kept twenty-seven of thirty and lost the batch of three that held the sale day. And it reported those three as zero failed groups. The return row said 135 files rewritten, 27 added, failed_data_files_count 0; the table had thirty-eight files where a clean run leaves thirty. The counter is for groups that fail to execute — not for commits that are refused. A scheduled job that trusts it will believe the table is compacted when a partition is not.

The writer that loses sees a ValidationException and does not retry it. The commit retry loop is for a CommitFailedException — a concurrent change to the table’s pointer — not for a validation that found the files gone.

The policy that follows: compaction and row-level writers on the same partitions need a schedule that keeps them apart, or a writer that expects to retry from a fresh scan. Partial progress bounds the compaction’s loss; nothing bounds the writer’s except its own retry.

The catalog that could not take it

The partial-progress race was run first on the reference REST fixture, before Polaris, and the fixture is why the numbers above are Polaris’s.

  fixture, partial progress, delete at 0.5s:
     delete       FAILED at 1.3s: ServiceFailureException: Service failed: 500: Unknown failure
     compaction   returned 150 -> 30 ... 105 -> 21, failed groups 0, at 4.9s
     snapshots +7; table now 66 data files
  catalog log:  SQLiteException: [SQLITE_BUSY] The database file is locked
  driver log:   CommitStateUnknownException ... cannot clean up files because they may
                have been committed successfully  (three times, nine groups)

Ten commits in a second from the rewrite plus one from the delete were more than the fixture’s SQLite would take. It returned 500s. The delete failed outright. Nine of the rewrite’s thirty groups ended in CommitStateUnknownException, which is the state chapter 4 described. The driver does not know whether the catalog applied the commit, so it cannot delete the output files. It does not count the groups as failed either. The return row said seven commits, a hundred and five files rewritten, zero failed groups. The table had sixty-six files where a clean run leaves thirty. The nine groups’ output files are orphans until remove_orphan_files finds them, and the fixture itself did not recover — it took a restart.

Three lessons, each cheap once known. Partial progress is a burst of commits, and the catalog has to be sized for the burst, which chapter 3 warned about in the abstract. The procedure’s return row does not report refused or unknown-state groups. The snapshot log and the file count do, so a scheduled compaction verifies its result from metadata, not from its own counters. And a 500 from the catalog mid-commit produces orphans by design, which is why chapter 10’s orphan cleanup is not optional on a platform with any compaction at all.

Delete files: v2 and v3 are different tables

Two merge-on-read tables of six hundred thousand rows, sixty files, ten rounds of a one-percent delete each.

  v2: after 10 rounds: 60 data files, 60 delete files (PARQUET), 60,000 positions
      count(*) costs GETs 300, 0.2 MB
  v3: after 10 rounds: 60 data files, 60 delete files (PUFFIN),  60,000 positions
      count(*) costs GETs 180, 0.1 MB

Sixty delete files after ten rounds — not six hundred. Spark rewrites a data file’s position deletes each time it adds to them, so the count stays at one per data file in both versions. The reader still pays for every one: five requests per data file on v2, three on v3. A deletion vector is one contiguous fetch rather than a Parquet file with a footer.

rewrite_position_delete_files on either table did nothing, because there was nothing to merge. What removes the deletes is rewriting the data files that carry them. delete-file-threshold is how the planner is told that a file with any deletes at all is a candidate, whatever its size.

  v2: rewrite_data_files delete-file-threshold=1: 60 -> 30 data files, 0 delete files removed
      now 30 data files, 60 delete files still listed; count(*) costs GETs 0
  v3: rewrite_data_files delete-file-threshold=1: 60 -> 30 data files, 60 delete files removed
      now 30 data files, 0 delete files

On v3 the rewrite took the deletion vectors with it. On v2 the sixty position-delete files are still listed after the files they point at are gone. They no longer cost a reader anything, because a position delete applies by file path and the paths no longer exist. But they are in the manifests, they are in every metadata query, and they will be in the next planner’s input. Setting remove-dangling-deletes on the same call removed none of them, and the reason is in the sequence numbers.

  after the rewrite: data files at sequence number 70, delete files at sequence number 70

A position delete applies to data files whose sequence number is at or below its own, and the dangling test uses that rule. With use-starting-sequence-number at its default of true, the rewritten data files carry the sequence number the rewrite started from, which is the last delete’s. By the number, the deletes still apply and are not dangling. Two things fix it, both measured.

  rewrite_position_delete_files with rewrite-all:            60 -> 0 delete files
  rewrite_data_files with use-starting-sequence-number=false: new files at 71, 60 delete files removed

The first is the cleanup to schedule after any v2 data rewrite. The second changes what the rewritten files’ sequence number means for every other delete that might be in flight against them. That interaction was not measured, so the first is the safer policy. And the ratio threshold does what the jar says: forty percent of one day deleted, and a rewrite with no options rewrote that day’s two files and nothing else.

A v2 table needs a delete-file cleanup step in its policy that a v3 table does not. That is a reason to be on v3 — and chapter 5’s certification matrix is the reason some tables cannot be.

Return on cost, and a score for a fleet

The binpack run wrote 8.5 MB in thirty requests and one second. Against it, the customer query saves 350 requests per run and the day query twelve. At chapter 2’s prices and the bookshop’s query rate, that is the payback period — and it is minutes. The general form is bytes and requests written, against requests saved per query times queries per day. A compaction that does not pay back within its own schedule interval is one to run less often.

The prioritisation question across a fleet is which tables to spend the compaction budget on, and the answer comes from the three metadata tables this chapter has been reading. Files beyond one per partition, delete positions per data file, and snapshots since the last replace, which is compaction’s own operation name in the snapshot log.

SELECT (SELECT count(*) - count(DISTINCT partition) FROM t.data_files)          AS excess_files,
       (SELECT coalesce(sum(record_count), 0) FROM t.delete_files)
         / greatest((SELECT count(*) FROM t.data_files), 1)                   AS deletes_per_file,
       (SELECT count(*) FROM t.snapshots
         WHERE committed_at > coalesce((SELECT max(committed_at) FROM t.snapshots
                                        WHERE operation = 'replace'), timestamp'1970-01-01')) AS since_compaction;

  table                      files parts excess dels del/file since  score
  stage11.stream               150    30    120    0        0   150     270
  stage10.orders_hourly        936   720    216    0        0    10     226
  stage11.c2                    66    30     36    0        0     0      36
  stage11.d2r                   59    30     29    2      136     0      30
  stage11.mor2                  30    30      0   60     2000     0      20
  stage11.live                  35    30      5    0        0     3       8

The score is the sum of the three, the second scaled by a hundred, and its purpose is ranking rather than measurement. The stream table that opened this chapter is at the top. The hourly table from chapter 7 is second, the sixty-six-file leftover of the catalog failure is third, and the tables that were just compacted are at the bottom. A first draft of this score used the small-file ratio against the 512 MB target instead of files per partition. It rated every table in the lab as 100% small and ranked them by file count alone. Files beyond one per partition is the number compaction can change — distance from a target it will never reach is not.

Chapter 13 puts these three columns on a dashboard and gives them thresholds. Book 3’s table-health agent runs the same query, which is why it is deterministic SQL and not a judgment.

The decision tree

For each table, in order:


	Is there anything to do? Run the candidate query. Zero candidates, no job. Do not schedule a compaction that the prediction says is a no-op; it will exit green and tell you nothing.

	Scope it. A where on the partitions the writer is still filling. History is compacted once.

	Binpack, unless a measured predicate on this table justifies a sort, and the partitions are large enough that a sort has something to give a reader to skip.

	Partial progress on, with max-commits sized to what the catalog can take in a burst. Verify the result from the snapshot log and the file count, never from the return row.

	Deletes: on v2, delete-file-threshold for the data rewrite and a rewrite_position_delete_files with rewrite-all after it; on v3, the data rewrite alone.

	Schedule against the writers. Appends can overlap. Row-level writers on the same partitions cannot, unless they retry from a fresh scan.

	Expire and clean orphans after, which is chapter 10, and the second is not optional once a catalog has ever returned a 500.



What was not run

The strategies were compared on partitions of a few hundred kilobytes. A sort or z-order on a partition holding many row groups was not measured here, and chapter 7 says what to expect. The use-starting-sequence-number=false rewrite was measured for its effect on dangling deletes only, not for its interaction with a concurrent delete. Whether a Spark copy-on-write delete can be made to retry a ValidationException was not tested. And the catalog failure was the fixture’s SQLite; Polaris and Lakekeeper took the same burst without complaint, but neither was pushed to find its own limit.

Exercises

1. Predict before you run. Take a table you own, run the candidate query with its actual write.target-file-size-bytes, and write down the number of files it says a default compaction will rewrite. Then run rewrite_data_files with no options and compare rewritten_data_files_count. If they differ, find the option that explains it.

Show answer
They match when the table’s files are all in one spec and no file has deletes. A file rewritten that the query did not predict is usually a delete-ratio candidate. The jar’s delete-ratio-threshold of 0.3 makes a file with a third of its rows deleted a candidate at any size, and the size-only query does not see it.


2. Find the unknown-state commits. After any compaction run with partial progress, count the replace snapshots it added and compare against the run’s added_data_files_count divided by the files per commit. Then compare the table’s data-file count against the count the plan predicted.

Show answer
A run whose snapshot count and file count agree with its return row completed cleanly. Fewer snapshots than commits reported, or more files than the plan should have left, means groups ended in an unknown state, and their output files are orphans until the next remove_orphan_files with an older_than that has passed them.


Final thoughts

Compaction on a platform is not a procedure you call — it is a policy you own, and the policy has more parts than the procedure has options. Which partitions, decided by a where. Whether at all, decided by a query against metadata that predicts the plan. Which strategy, decided by measurement rather than by the name of the strategy. How many commits, decided by what the catalog can absorb. When, decided by who else is writing. What to verify afterwards, decided by the knowledge that the return row is not the truth. And on v2, one more step that v3 does not need.

The next chapter is what compaction does not touch: the metadata. Manifests accumulate at a rate the data files do not, the planning half of a query’s latency is paid in them, and there is a rewrite for those too.





Six Hundred Copies of the Snapshot List

Six hundred small appends to one table, and then a listing of everything under its metadata/ prefix on the store.

  metadata.json                601 files   171,575 KB
  snap-*.avro (manifest lists) 600 files     3,947 KB
  *-m*.avro (manifests)        600 files     4,564 KB

The table’s current metadata — the part a query reads — is six manifests totalling 93 KB and one manifest list of 4.7 KB. Everything else in that listing is history. A manifest list per snapshot, a manifest per commit, and six hundred and one versions of the metadata file. Each version carries the complete list of every snapshot that existed when it was written. The last of them is 558 KB. The sum is 171 MB, for a table whose data is under a megabyte.

Book 1’s chapter 11 isolated planning cost once, and its chapter 13 showed the metadata files nobody deletes. This chapter is what those look like at a platform’s commit rate, measured the way chapter 2 measures everything: requests and bytes at the store, and latency interleaved. The findings run against the folklore in both directions. The thing everyone warns about, manifest accumulation, did not happen, because the writer merges them. The thing nobody warns about, the metadata file, is the one that grows without bound and is served to every engine on every load.

What merges and what accumulates

Spark’s append path can merge manifests as part of a commit. Retaining old metadata files is a separate decision, controlled by separate properties. These defaults were read from the jar.














































	Property	Default	What it decides
	commit.manifest-merge.enabled	true	whether an append merges small manifests
	commit.manifest.min-count-to-merge	100	how many before it does
	commit.manifest.target-size-bytes	8 MB	how large a merged manifest grows
	write.metadata.previous-versions-max	100	how many old metadata files the metadata log tracks
	write.metadata.delete-after-commit.enabled	false	whether the ones that drop off the log are deleted
	io.manifest.cache-enabled	false	whether a FileIO caches manifest content
	cache-enabled	true	whether a catalog caches table metadata, chapter 1’s stale read


Sampling the metadata tables and fetching the metadata file from storage shows the two processes diverging as commits accumulate.

  after   1 commits:   1 manifests   (7 KB)   metadata.json   2 KB   snapshot-log   1   metadata-log   1
  after  10 commits:  10 manifests  (73 KB)   metadata.json  11 KB   snapshot-log  10   metadata-log  10
  after 100 commits:   1 manifests  (15 KB)   metadata.json 106 KB   snapshot-log 100   metadata-log 100
  after 200 commits:   2 manifests  (31 KB)   metadata.json 196 KB   snapshot-log 200   metadata-log 100
  after 400 commits:   4 manifests  (62 KB)   metadata.json 377 KB   snapshot-log 400   metadata-log 100
  after 600 commits:   6 manifests  (93 KB)   metadata.json 558 KB   snapshot-log 600   metadata-log 100

Read the manifests column first. Ten commits made ten manifests; at the hundredth, Spark’s append merged them into one, and from then on the count is the number of hundreds. The largest manifest holds 594 existing entries and one new one. A Spark batch writer does not accumulate manifests; it pays a merge every hundred commits and keeps the count flat. The merge is not free. The hundredth commit rewrote every entry the previous ninety-nine had written, which is why that manifest is 56 KB where a fresh one is 7 KB, and why the entries in it are marked existing rather than added. One commit in a hundred is a hundred times the size of the others, and a writer on a tight latency budget will notice which one. Whether a Flink checkpoint writer merges at all is chapter 11’s question, because it uses a fast append that skips the merge and leaves one manifest per checkpoint.

Now read the metadata file. It grew by about 0.93 KB per commit, linearly, because it lists every snapshot the table still retains, and none has been expired. Every commit writes a new copy of it. Six hundred commits wrote six hundred copies with an average size of 280 KB, which is the 171 MB. The metadata file is linear in retained snapshots, and the store holds it quadratically. The metadata log inside the file capped itself at a hundred entries, as the property says — and that cap is about to matter.

Who pays for the metadata file

A Spark query through the REST catalog made two requests under metadata/: the manifest list and the one merged manifest. It did not fetch the metadata file. The catalog did, and served it.

  LoadTable response, 600 snapshots:  560 KB
  LoadTable response,  10 snapshots:   12 KB

That is the cost the platform actually carries. Every engine that loads the table receives the whole snapshot list, on every load. Chapter 1 set cache-enabled to false on every engine so that they would see each other’s commits, so there is no cache in front of that payload. Forty engines and dashboards loading a six-hundred-snapshot table is twenty megabytes of catalog egress per round — before any query runs. A catalog that serialises the file on every load is doing that work per request. The number to watch is not manifests. It is the size of the load-table response, which is one curl against the catalog, and the third column of the sample above.

Planning cost, counted

The one-day query against the six-hundred-commit table, and against an identical copy after rewrite_manifests.

  rewrite_manifests on the copy: 6 -> 1 manifests (55 KB)
  one-day query, 600 commits:  metadata GETs 2 (61 KB)   data GETs 60 (30 KB)   median 116 ms
  one-day query, rewritten:    metadata GETs 2 (59 KB)   data GETs 60 (30 KB)   median 119 ms
  count(*), 600 commits:       metadata GETs 7           median 73 ms
  count(*), rewritten:         metadata GETs 2           median 63 ms

The day query showed no improvement; the metadata-only count gained ten milliseconds. Spark’s merge had already reduced the planning work. The rewrite folded six manifests into one, but the day query still read a single manifest: 55 KB instead of 56. And the rewritten manifest’s partition summary spans the whole month, 2026-06-01 to 2026-06-30, because six hundred entries fit in a single manifest under the 8 MB target. A manifest that covers every partition cannot be skipped by any partition predicate. Manifest-level pruning — the thing rewrite_manifests exists to enable — has nothing to work with on a table this size.

rewrite_manifests is for writers that do not merge, and for tables large enough that a manifest can be scoped to a partition range. On a table Spark has been appending to, run the prediction first: count the manifests, and if the count is under a few dozen there is nothing to rewrite. Whether the action clusters output manifests by partition on a table large enough to need several was not measured here and is flagged as such.

Retention, and the files that are already lost

Turning on metadata deletion after six hundred commits tests whether it can clean up the history already on storage. The smaller log limit below asks it to keep ten previous versions.

  600 commits, defaults:  601 metadata.json files on the store, 171,575 KB
  previous-versions-max=10 + delete-after-commit=true, then one commit:
                          511 metadata.json files, metadata-log 10 entries

Ninety files deleted — not five hundred and ninety. The deletion works from the metadata log, and the log was capped at a hundred entries from the hundredth commit on. The five hundred files that fell off the log between commits one hundred and six hundred were untracked the moment they fell off. Nothing in the table knows they exist. They are orphans, 125 MB of them, and only remove_orphan_files will find them.

Set write.metadata.delete-after-commit.enabled at table creation, or accept that every file that has already dropped off the log is an orphan-cleanup job. The default keeps a hundred in the log and deletes none, which on a table committing every minute is a hundred tracked files and an unbounded pile of untracked ones.

Then the operation that actually shrinks the file.

  expire_snapshots retain_last 10: deleted 0 data files, 495 manifests, 591 manifest lists
  metadata.json now 12 KB, 10 snapshots listed; LoadTable response 12 KB

Expiry removed the history that the metadata file was carrying, and the file went from 558 KB to 12 KB. The load-table response followed. Chapter 10 sets the retention policy; this is the number it is setting it for. The order is expire first, so the metadata file is small. Then the retention property keeps the copies of it bounded. Then orphan cleanup, for what was lost before the property was set.

What expiry left is worth reading too: ten manifest lists for ten snapshots, and 106 manifests rather than ten, because each retained snapshot still references the merged manifests of its own generation and the small ones written since. The 495 it deleted were the ones no retained snapshot could reach. Expiry is the only operation in this chapter that deleted anything under metadata/ — and it deleted no data at all.

Statistics: who writes them, who reads them

compute_table_stats writes a Puffin file of theta sketches, one per column, and records it in the metadata file against the snapshot it was computed for.

  compute_table_stats in 1.5s -> 5711940432744176752-….stats, 105,417 bytes
  metadata now lists 1 statistics file: blobs apache-datasketches-theta-v1 for fields 1, 2, 3, 4
  NDV recorded: order_id 59,200   customer_id 20,143   amount 900   ordered_at 59,550
  true values:  order_id 60,000   customer_id 20,000   amount 900   ordered_at 60,000

Within 1.5% on the sketched columns and exact on the small one. The file is 105 KB for four columns of sixty thousand rows. A theta sketch’s size is bounded by its precision rather than by the row count, so it does not grow with the table the way the metadata file does. Then the question a platform has to answer before scheduling that job: which engine reads them.

  Spark 4.1.3, spark.sql.cbo.enabled=true, spark.sql.iceberg.report-column-stats default true:
    EXPLAIN COST self-join on customer_id, before stats: Join ... rowCount=3.61E+9
    EXPLAIN COST self-join on customer_id, after stats:  Join ... rowCount=3.61E+9
  Trino 483:
    SHOW STATS: customer_id distinct 20,000; amount 900; order_id 59,200   (a table without a stats file: blank)
    EXPLAIN self-join on customer_id: Estimates: rows 180,000

Spark wrote the sketches — and its own optimiser did not use them. Its estimate for the join stayed at 3.6 billion rows, which is sixty thousand squared, the estimate you get with no distinct-count at all. Trino read the same file and estimated 180,000, which is sixty thousand squared over twenty thousand, the right answer. A join order chosen from 3.6 billion and one chosen from 180,000 are different plans. Whether some further Spark setting would have made it consume the file was not found, and the chapter says so; what was measured is that the default did not.

Compute statistics for the engines that read them, on the schedule of the snapshots they are computed against. A statistics file is bound to a snapshot. After the next commit it describes the previous one. Trino will use it anyway, which is the right behaviour for a distinct count and the wrong one for a row count. Chapter 13 puts “statistics age” beside “snapshot count” on the dashboard.

Two caches, two kinds of stale

  io.manifest.cache-enabled default:  metadata GETs, three runs of the same query: 2, 2, 2
  io.manifest.cache-enabled=true:     metadata GETs, three runs of the same query: 2, 1, 1

The manifest cache, off by default, keeps manifest content in the engine’s FileIO, up to 100 MB in total and 8 MB per entry. The second run of a query reads the manifest list and nothing else. The manifest list is fetched every time, because it is a different file per snapshot, so the cache cannot make a query blind to a new commit. A manifest is immutable, so a cached one cannot be wrong. The limits are the ones to size: 100 MB per FileIO in total, and no entry over 8 MB. That means a manifest that has grown past the merge target is exactly the one the cache will decline to hold. This cache is safe to turn on everywhere, and on a fleet of engines planning against the same tables it removes one request per manifest per query.

The other cache is the one chapter 1 turned off. cache-enabled caches the table, which is a pointer, and a cached pointer is chapter 1’s incident: Spark reading 50,000 rows while three other engines read 50,002. It has an expiration interval. The policy is to set that interval to the staleness the platform can tolerate, not to leave the default in place because the property’s name sounds harmless. Two caches with similar names — and one of them caches content while the other caches a claim about the present.

Server-side planning

The REST specification defines endpoints for a catalog to plan a scan on the client’s behalf. The catalog returns the file list instead of the metadata the client would need to compute it. That is the mechanism that would take the manifest reads and the load-table payload off the engine entirely.

  fixture 1.10.1     26 endpoints   plan endpoints: none
  Polaris 1.7.0      36 endpoints   plan endpoints: none
  Lakekeeper 0.13.3  25 endpoints   plan endpoints: none

None of the three catalogs on this platform advertises them. What each does offer is in its /v1/config response, which is the first thing to read about any catalog and the one thing this chapter can say with certainty. Book 5 asks the same question of a managed catalog.

The planning-latency probe

Three measurements distinguish work paid by one query from history served to every client: the engine’s metadata requests, the catalog’s load-table response, and the metadata accumulating behind both.

# 1. what the engine reads to plan: requests under metadata/ for one query, at the proxy
grep -c "GET .*/metadata/" s3.log          # before and after the query; the difference is planning

# 2. what the catalog serves on every load
curl -s $CATALOG/v1/namespaces/$NS/tables/$T | wc -c

# 3. what is accumulating
SELECT count(*) FROM t.manifests;            -- flat for a merging writer; climbing for a fast-append one
SELECT count(*) FROM t.snapshots;            -- the metadata file's size, in units of ~1 KB
SELECT count(*) FROM t.metadata_log_entries; -- capped at previous-versions-max; the rest are orphans

Collected per table on chapter 13’s schedule, these measurements can catch catalog traffic growing before a query’s planning time changes. Every engine and dashboard pays for the load-table payload — whereas only the query pays for its own planning requests.

What to decide

Turn on write.metadata.delete-after-commit.enabled at creation, with a previous-versions-max sized for recovery. Chapter 14’s recovery from a bad commit needs the previous metadata file to exist; ten is plenty, a hundred untracked is a leak.

Expire on a schedule that keeps the load-table response small. The snapshot count is the metadata file’s size. Chapter 10 chooses the number; this chapter says what it costs per load.

Do not schedule rewrite_manifests on a Spark-written table without counting manifests first. The writer merges. The rewrite is for fast-append writers, and for tables large enough that manifests can be scoped to partitions.

Compute statistics for the engine that reads them. On this platform that is Trino. Schedule the computation against the snapshot the readers will plan against.

Turn on the manifest cache; set an expiration on the table cache. A cached immutable manifest remains valid. A cached table pointer can miss another writer’s commit, so its lifetime has to match the staleness the platform tolerates.

What was not run

A fast-append writer’s manifest growth, which is chapter 11’s Flink. rewrite_manifests on a table large enough for its output to be split by partition. The Spark setting, if one exists, that would make its optimiser read the Puffin sketches it wrote. And the plan endpoints, which none of the three catalogs here implements, so their cost and their staleness behaviour are Book 5’s to measure against a catalog that does.

Exercises

1. Find the orphaned metadata files. On a table that has been committing for a while with the default retention, count the entries in metadata_log_entries and count the *.metadata.json objects under its metadata/ prefix. The difference is what only remove_orphan_files will remove. Run it with dry_run => true first and check that every file it lists is a metadata file older than the oldest log entry.

Show answer
The log holds at most previous-versions-max entries, a hundred by default, plus the current file. Every metadata file older than the oldest entry is unreferenced. The dry run lists them with their paths; the confirmation is that each one’s version number, in the filename, is lower than the lowest in the log.


2. Measure the load. Take the load-table response size of your largest-history table. Multiply by the number of engines and scheduled jobs that load it per hour, and compare against the catalog’s egress for that hour. Then expire snapshots to the retention policy and measure again.

Show answer
On the lab’s table the response went from 560 KB to 12 KB with the same data, because the snapshot list was 98% of it. On a platform, the ratio between the two measurements is the fraction of catalog traffic that is history being re-sent, and it is usually the largest single lever on catalog cost.


Final thoughts

The manifests took care of themselves, and the operation for fixing them did nothing measurable. The metadata file did not take care of itself. It grew by a kilobyte a commit, was copied in full on every one, and was served in full to every engine that loaded the table. The retention that would have bounded the copies was off, and once on it could not reach what had already been lost. The statistics were correct to a percent and were read by one engine — and ignored by the one that wrote them.

None of that is visible from a query’s latency — which is why this chapter counted requests and bytes instead. The next chapter is the policy that keeps the metadata file small, which is retention. How long to keep a snapshot, on which branch, for whom, and how to prove the holds survive the expiry that removes everything else.





Eight Survivors of Forty-Four

Forty-four snapshots on one table, and an expiry told to keep two.

  expire_snapshots(older_than => 2030-01-01, retain_last => 2):
     deleted 0 data files, 36 manifest lists
  survivors: 8 snapshots
     q2_close   TAG      1 snapshot    retained 3650 days
     dev        BRANCH   5 snapshots   retention: 5 snapshots
     main       BRANCH   2 snapshots   retain_last => 2

Eight survived, and every one of them survived because something in the table’s own metadata said it should. The quarter-close tag held its snapshot. The development branch held the five its retention names. Main kept the two the call asked for. The other thirty-six are gone, with their manifest lists, and the metadata file is a fifth of its size. Then the three reads that matter: the tag answers with 10,000 rows, the branch with 34,000, main with 40,000 — all after the expiry.

The references from chapter 16 of the first book give a platform separate ways to retain recovery history, audit states and work in progress. Table properties then let a scheduled expiry apply those decisions without carrying them in its arguments. The eight survivors are the proof: each required state still reads correctly after the unwanted history is gone.

Three questions, three references

Retention on a lakehouse is not one number. It is three questions with different owners.

How far back can main be rolled? That is recovery, and it belongs to the platform team. The answer is main’s own retention: a minimum count and a maximum age, from which chapter 14’s rollback draws.

Which states must stay addressable, and for how long? That is reproducibility and audit, and it belongs to whoever signs the numbers. The answer is a tag: a named, immovable reference with its own lifetime, that expiry is not allowed to touch.

Which work in progress needs its own history? That is development and write-audit-publish, and it belongs to the team doing the work. The answer is a branch with its own retention and its own age, so that it keeps what it needs and disappears when it is done.

The defaults from the jar do not distinguish those owners’ needs. Main gets five days and a one-snapshot minimum, while branches and tags can live indefinitely — a combination worth changing deliberately.









































	Property	Default	What it decides
	history.expire.max-snapshot-age-ms	5 days	how old a snapshot may be before a no-argument expiry removes it
	history.expire.min-snapshots-to-keep	1	how many main keeps regardless of age
	history.expire.max-ref-age-ms	unbounded	how long a branch or tag lives
	tag RETAIN n DAYS	unbounded	the tag’s own lifetime
	branch WITH SNAPSHOT RETENTION n SNAPSHOTS	main’s rule	the branch’s own count
	branch RETAIN n DAYS	unbounded	the branch’s own lifetime


Five days and one snapshot is a recovery window that closes over a long weekend — and references that never expire are holds that never release. Every table on the platform gets these three answers set explicitly, and the rest of this chapter is what happens when they are.

The policy is stored in the table

Before changing retention, refs shows which named states the table must preserve. Reading it again after expiry checks whether those references survived with the same settings.

  name       type     snapshot              max_ref_age_ms   min_snapshots_to_keep
  main       BRANCH   7968585649391623250   —                —
  q2_close   TAG       457693268547859144   315,360,000,000  —
  dev        BRANCH   4061115003485435561   —                5

The tag’s RETAIN 3650 DAYS is stored as milliseconds; the branch’s count is stored as min_snapshots_to_keep on the ref, not on the table. After the expiry that opened this chapter the same three rows were still there, unchanged. What changed was the snapshots table, which went from forty-four rows to eight. It is worth one warning that Book 1 raised and this chapter confirms: snapshots spans every branch. Its count is not main’s history — it is the union of every reachable snapshot from every reference. A snapshot count on a dashboard means nothing until it is split by ref, and chapter 13 splits it.

The opening expiry deleted thirty-six manifest lists but zero data files, despite removing most of the snapshots. Every one of the forty commits was an append, so main’s head still references every data file any of them wrote. Expiring the history behind an append-only table frees metadata — and nothing else. Data files are only freed when the expired history contains a snapshot that removed them, which means a compaction, a delete, or an overwrite. That is why the cost of a hold, below, had to be measured through a compaction, and why chapter 9’s storage numbers were all under metadata/.

The branch’s five survivors are also worth counting. The branch was cut from commit 30 and had four commits of its own, so its ancestry is five deep, and five is what its retention keeps. Had it been cut from main’s head instead, its retained ancestry would have overlapped main’s and the two references would have held some of the same snapshots. That is exactly what happened in the development class at the end of this chapter.

References expire themselves

A branch created with a lifetime of one minute, and an expiry run twice.

  ALTER TABLE orders CREATE BRANCH short_lived RETAIN 1 MINUTES
  refs: short_lived (BRANCH, max_ref_age_ms 60,000)
  expire immediately:   refs now [main, short_lived, q2_close, dev]
  expire after 70s:     refs now [q2_close, dev, main]

The reference outlived the first expiry because it was younger than its own limit, and the second removed it, along with any snapshot only it had been holding. A reference’s age is policy the reference carries. A write-audit-publish branch created with RETAIN 1 DAYS cleans itself up when the job that made it is forgotten. An audit tag created with ten years does not depend on anyone remembering not to delete it. The one thing to check is that the platform’s scheduled expiry runs at all — because a reference’s age is only enforced when something enforces it.

What a hold costs

A tag holds a snapshot, and a snapshot holds every data file it references. Two identical twenty-file tables, one tagged at its head, both compacted and then expired down to one snapshot.

  held   with a tag:  data/ before compaction 20 files 172 KB   after compaction + expiry 40 files 344 KB   (expiry deleted 0)
  free   no tag:      data/ before compaction 20 files 172 KB   after compaction + expiry 20 files 172 KB   (expiry deleted 20)

The tagged table doubled. Compaction wrote a new copy of every file; expiry could delete none of the old ones, because the tag’s snapshot still names them. The untagged table’s expiry deleted all twenty. A tag costs the full size of the table as it was at the tag, for as long as the tag lives. It costs it again after every rewrite of those files. That is a fair price for a quarter close on an orders table. It is not a fair price for a daily tag on a table that chapter 8 compacts nightly, where each tag pins a layout the next night’s compaction replaces. Tags go on audit boundaries. Daily reproducibility is main’s retention — not a tag a day.

Reproducibility and recovery, after the cleanup

The retained tag still gives a name to its snapshot after expiry. These reads and rollback attempts check both sides of that boundary: the states kept by a reference and the history already removed.

  VERSION AS OF 'hold'                                   OK -> 20,000 rows
  TIMESTAMP AS OF '2026-01-01' (before any survivor)      FAILED: Cannot find a snapshot older than 2026-01-01T00:00:00+00:00
  one more commit on main, then
  rollback_to_snapshot(the tag's snapshot)               OK: previous 2577380811136104542, current 4116973491680761675
  main after rollback: 20,000 rows; refs [main, hold]
  rollback_to_snapshot(an expired id)                    FAILED: ValidationException: Cannot roll back to unknown snapshot id: 1234567890

A tag is addressable by name for its lifetime, and rolling main back to it works even after later commits. The commit that was rolled past becomes an unreferenced snapshot for the next expiry. The procedure’s return row names both: the snapshot main pointed at before, and the one it points at now. That row is the audit trail of the rollback, and chapter 14 records it. A timestamp before the oldest survivor fails, and the message is clear about why. An expired snapshot id is unknown to the table — not an old state, not a state at all. The recovery window is exactly main’s retention. A rollback in chapter 14 can reach as far as min-snapshots-to-keep and max-snapshot-age-ms allow, and not one commit further. That is the argument for setting them from the recovery requirement rather than from storage cost.

Downstream readers keep a position you can expire

An incremental consumer, of the kind chapter 12 builds, holds a snapshot id as its position. The table’s retention does not know that.

  incremental read from a surviving start snapshot     OK -> 2,000 rows
  incremental read from an expired start snapshot      FAILED: Starting snapshot (exclusive) 7362979822115305788
                                                       is not a parent ancestor of end snapshot 5013190851639854671

A changelog view built on the same expired start is created without complaint. It fails with the same message the first time it is read, so the check is at read time — not at definition. A reader that falls further behind than the retention window does not get its delta late. It gets an error, because its start snapshot is no longer an ancestor of anything, and its only recovery is a full re-read. Main’s retention has to exceed the longest consumer lag the platform will tolerate, plus the time it takes to notice a consumer has stalled. A consumer that reads hourly against a table retaining five days has four days of slack — the same consumer against a table on the aggressive policy above has none. Chapter 12 registers every incremental consumer against its source’s retention for exactly this reason.

The scheduled job takes no arguments

Chapter 13 of Book 1 found that expire_snapshots(table) with no arguments does nothing, and blamed the five-day default. That is the mechanism a platform wants, once the properties are set per table.

  no args, defaults (5 days):                                   0 deleted; 10 snapshots remain
  no args, max-snapshot-age-ms=1 + min-snapshots-to-keep=3:     7 deleted;  3 snapshots remain
  + branch keep_more (5 snapshots), 6 commits on it, no args:   8 snapshots remain: 3 on main, 5 on the branch

The same call, with nothing but a table name, produced three different results, because the policy is in the table and the refs, not in the call. That is the operating model: one scheduled job per table, expire_snapshots(table => …), no arguments, and every retention decision expressed as a property or a reference. A job that carries older_than and retain_last in its own arguments has moved the policy out of the table and into a scheduler. The next person to read the table’s metadata will not find it there.

The three classes, expired together

Three tables, three policies, one no-argument expiry each.


































	Class	Properties and references	Before	After	What survived and why
	hot	max-snapshot-age-ms short, min-snapshots-to-keep 2	12	2	main’s two most recent; the recovery window
	audit	hot’s properties, plus tags month_end (2555 days) and week_end (30 days)	12	4	main’s two, plus one per tag; both tags still read their rows
	dev	hot’s properties, plus branch feature RETAIN 7 DAYS WITH SNAPSHOT RETENTION 10 SNAPSHOTS	18	10	the branch’s ten, which include main’s two; the branch removes itself in a week


  audit tags after expiry:  month_end 6,000 rows   week_end 10,000 rows   main 12,000 rows
  dev after expiry:         main 12,000 rows       feature 18,000 rows

These three classes provide a retention template for the bookshop. Every table is in a class, a class is a property set, and anything a class does not cover is a tag or a branch with its own lifetime. The bookshop’s orders is audit-class with a tag per month end. Its events stream is hot-class, because chapter 9 showed what six hundred retained snapshots do to the metadata file. Its customers dimension is dev-class while the write-audit-publish job that maintains it is running, and hot-class between runs.

The two audit tags are two different instruments. The seven-year tag is a records requirement, and it will outlive the table’s owners. The thirty-day tag is a hold with an end date: a week-end state kept long enough for a reconciliation to be re-run, and released by the expiry job on the thirty-first day without anyone deciding to release it. Legal holds on a lakehouse are tags with lifetimes — and the lifetime is the release. A branch is the wrong instrument for either, because a branch is a place to write, and the audit state must not be writable.

The development class carries Book 1’s two write-audit-publish footguns with it, both run there and not re-run here. While spark.wap.branch is set, reads in that session go to the branch too, so a validation query in the same session validates the branch and not main. And without write.wap.enabled on the table, both WAP settings write straight to main with no error. The dev class therefore sets write.wap.enabled in its property set, so that the branch is the only place a WAP session can land.

What to decide

Set the three properties on every table at creation, from the recovery requirement for main and the consumer lag for anything read incrementally. The defaults are a five-day window and a one-snapshot floor.

Tags for audit boundaries, priced. A tag pins a full copy of the table through every later compaction. Month ends on orders — not days.

Branches with both a count and an age. The count is what the work needs; the age is when the branch stops needing anyone to remember it.

One no-argument expiry per table, scheduled, and after it the orphan cleanup that chapter 9 found is not optional. A reference’s lifetime is only enforced when the job runs.

Read refs before changing anything and after expiring anything. It is the policy as stored — and the only place it is stored.

What was not run

Snapshot age with real time. Every expiry here used a far-future older_than or a one-millisecond property, so the five-day default’s behaviour on a real calendar is Book 1’s finding, not re-measured. A branch’s own max-snapshot-age-ms, which the syntax allows, was not exercised; only its count and its ref age were. The cost of a tag on a table large enough for the doubling to matter is arithmetic from the small case. And a rollback’s orphaned snapshot was left for the next expiry rather than expired and counted.

Exercises

1. Find the unowned references. Run SELECT name, type, max_reference_age_in_ms FROM t.refs on every table in a namespace and list the references with a null age that are not main. Each one is a hold with no expiry and, unless it is an audit tag someone signed for, a leak.

Show answer
Every branch a write-audit-publish job created without RETAIN and every tag created “just in case” shows up with a null age. The fix is ALTER TABLE … REPLACE BRANCH name RETAIN n DAYS for the ones that should live a while and DROP BRANCH for the ones nobody can name an owner for. The storage they were pinning returns at the next expiry.


2. Measure your recovery window. For a hot-class table, record the oldest snapshot’s timestamp from snapshots each hour for a day. The gap between it and now, at its smallest, is the furthest back a rollback could have reached at the worst moment.

Show answer
With min-snapshots-to-keep at two on a table committing every five minutes, the window at its narrowest is ten minutes: the two newest snapshots. If the recovery requirement is “any commit from the last day”, the count has to be the commit rate times a day, or the age has to be a day. The age is the one to set, because the count changes with the commit rate.


Final thoughts

Retention looked like one number, a snapshot age. It turned out to be three references with three owners and three lifetimes, stored in the table itself and enforced by a job that takes no arguments. The proof was the cheap part. The tag survived and read its rows. The branch kept its five and removed itself on schedule. The stall-prone reader failed loudly instead of silently. And the cost of a hold turned out to be the whole table — twice.

The next chapter is the table that never stops being written to. A streaming writer commits on every checkpoint and uses the fast append that skips chapter 9’s manifest merge. It produces delete files for real. And it needs every maintenance job in this part of the book scheduled against a writer that will not pause for them.





Seventy-Three Thousand Duplicates

A Flink job has a hundred thousand rows to write into an Iceberg table. Stop it with a savepoint a quarter of the way through, then resume it. So far, an ordinary recovery. Now resume it again from the same savepoint.

  stopped at ~25s with savepoint savepoint-946a8a-…;  27,000 rows committed
  resumed once:                        FINISHED;  100,000 rows, 100,000 distinct
  resumed AGAIN from the same savepoint: FINISHED;  173,000 rows, 100,000 distinct -> 73,000 duplicates
  distinct flink.job-id values in the snapshot log: 3

The first resume was exact — every row once, none lost across the stop. The second resume, from the same savepoint, replayed every row after it, and the table now holds seventy-three thousand duplicates. Nothing failed. Both jobs finished green. The sink de-duplicates commits by job id and checkpoint id, and a job resumed from a savepoint is a new job with a new id, so it de-duplicates against nothing.

Book 1’s chapter 17 described streaming without running it. Here, Flink 2.1.3 with the 1.11.0 runtime writes through Polaris to the bookshop’s event tables. A writer that never stops puts the previous three chapters’ maintenance, retention and recovery policies to work together. The runs below include deliberate failures, because a policy that works only while the writer is healthy leaves the hardest questions unanswered.

What a checkpoint leaves behind

An unbounded stream of order events at two hundred rows a second, into a day-partitioned table, with a five-second checkpoint interval. Sampled every thirty seconds.

  t= 30s:   6 snapshots    6 manifests  (45 KB)   18 data files   metadata.json  8 KB   checkpoints: completed 6
  t= 60s:  12 snapshots   12 manifests  (90 KB)   36 data files   metadata.json 14 KB   checkpoints: completed 12
  t= 90s:  18 snapshots   18 manifests (135 KB)   54 data files   metadata.json 21 KB   checkpoints: completed 18
  latest snapshot: append; summary: added-data-files 3, added-records 1000,
                   flink.job-id 37eb0ad8…, flink.max-committed-checkpoint-id 18, flink.operator-id 3d05135c…

The counts grow together: one snapshot per checkpoint, as Book 1 found, and one data file per partition touched — three here. The less obvious cost is one manifest per checkpoint. That answers the question chapter 9 left open: the Flink sink uses a fast append, and a fast append never merges. Spark’s writer folded six hundred commits into six manifests; Flink’s would have left six hundred. The metadata file grew by 0.7 KB per snapshot — exactly chapter 9’s slope.

Extend that rate to a day: 17,280 snapshots, 17,280 manifests, fifty thousand small files, and a metadata file past twelve megabytes served on every load. None of that is a defect. It is what a streaming writer is, and it means chapter 8’s compaction, chapter 9’s manifest rewrite and chapter 10’s hot-class retention are not maintenance a streaming table might need. They are the other half of the writer.

The snapshot summary carries the three keys that make everything below auditable: the job id, the operator id, and the highest checkpoint the job has committed. Every finding in this chapter was read from them.

Maintenance against a writer that does not pause

The three maintenance jobs, run from Spark while the stream above kept committing.

  rewrite_data_files (partial progress):  54 -> 3;   job RUNNING, checkpoints completed 18, failed 0
  expire_snapshots (no args, hot-class props): deleted 0 data files, 16 manifest lists;   job RUNNING
  rewrite_manifests:                       4 -> 1;   job RUNNING
  after maintenance + 12 s: 9 snapshots, 3 manifests, 12 data files, metadata.json 14 KB;
                            checkpoints completed 21, failed 0;  job exceptions: 0

All three committed, the writer never noticed, and twelve seconds later the table was smaller than it had been at any point during the stream. Chapter 8 established that appends and rewrites do not conflict. This is that fact under a writer that appends every five seconds, and it holds because each side touches files the other never will.

The first attempt at this section did not run on Polaris. It ran on the reference fixture, and its SQLite could not take the writer’s commit and Spark’s rewrite at the same moment. The rewrite committed. The Flink job’s own commit got a 500 and the job went to RESTARTING with one restored checkpoint. That is the correct response: a streaming writer that cannot commit does not lose the checkpoint’s rows. It restores and commits them again. The next Spark call got the 500 too, and the stage moved to Polaris. The catalog is the coordination point for a streaming table, and it has to take the writer’s commit rate plus every maintenance job’s commits on top. Chapter 3 said so in the abstract — this is what it looks like when it does not.

Polaris had a lesson of its own before it would take the writer, and it is chapter 3’s address problem in a new place. A Polaris catalog stores an endpoint for clients and another for itself, and it hands the client one to every engine as a table-level setting that overrides whatever the engine configured. The lab’s catalog stored the host’s address, so Flink inside Docker was told to write to localhost:8333, and every checkpoint failed for ninety seconds with a connection refused. Nothing in the job’s own configuration was wrong. The fix was a catalog whose stored endpoint resolves from both sides, and the finding is that a catalog decides where a streaming writer writes, and it can decide wrongly for the writer while being right for everyone else.

Failure one: the TaskManager is killed

A bounded sequence of two hundred thousand rows at two thousand a second, and thirty seconds in, docker kill on the only TaskManager, then eight seconds later, docker start.

  t=30s: 34,000 rows committed, checkpoints completed 2;  killing the TaskManager
  job FINISHED: 200,000 rows, 200,000 distinct ids;  checkpoints completed 19, failed 7, restored 1
  committed checkpoint ids, newest first: 9223372036854775807, 25, 24, 23, …

Every row once. Seven checkpoints failed while the TaskManager was gone, one was restored when it came back, and the job finished with the exact count. That is the checkpoint-to-commit coupling doing what it is for. The sink only commits files at a completed checkpoint, so the rows written between checkpoint two and the kill were never in the table. The restored job wrote them again from the source’s checkpointed position. The files it had written before the kill are on the store — uncommitted — and they are chapter 9’s orphans until remove_orphan_files finds them.

The odd number at the top of the list is the end-of-stream commit. A bounded job’s final flush commits under Long.MAX_VALUE rather than a checkpoint id, and a monitoring rule that expects checkpoint ids to be small integers will trip on it.

Failure two: the savepoint that was used twice

The duplicate rows in the opening came from a recovery mechanism working twice. A stop-with-savepoint drains nothing and records the source position and the sink’s pending files. Resumed once, the new job commits from that position and the count is exact. Resumed again, from the same savepoint, the second new job does the same thing — and the sink lets it. Its de-duplication is against its own job id’s committed checkpoints, not against the table.

  distinct flink.job-id values in the snapshot log: 3

A savepoint is single-use, and the table cannot tell you it was used twice — the snapshot log can. The audit is a GROUP BY summary['flink.job-id'] on snapshots: two job ids after a savepoint is a resume, three is a replay. The repair is chapter 10’s rollback to the last snapshot of the first resumed job, and then a new savepoint from a running job, never the old one. Both are in the runbook at the end.

A schema change on the wire

Two changes made from Spark to a table a Flink job was writing at that moment.

  ADD COLUMN extra INT, plus one Spark insert:   job RUNNING; snapshots 3 -> 7; schema now [id, ts, note, extra]
                                                 rows with extra NULL: 3,000   NOT NULL: 1
  DROP COLUMN note (a column the job writes):    job RUNNING after 20 s; exceptions 0; snapshots 7 -> 11; checkpoints completed 10

The job survived both, and that is the finding, because surviving is not the same as following. After the add, its rows carry a null in the new column, which is right. After the drop of a column it writes on every checkpoint, it kept writing that column, and its commits kept succeeding. A commit validates the files against the table’s state, not the files’ schema against the table’s current one. The rows it writes carry a field the table no longer has, addressed by a field id no reader will project. Whether a restarted job picks up the current schema was not measured here, and the chapter says so; what was measured is that a running one does not.

Schema changes on a streaming table are deployed with the job, not alongside it. The dangerous case is the one this run set up and did not complete: drop note, then a month later add a column called note. It gets a new field id, every file the running job wrote in between carries the old one, and the data is in the files and unreachable from the table.

Late data lands where its timestamp says

Six events through Kafka into a day-partitioned table: three stamped today, three stamped a month ago.

  after two checkpoints:  2026-08-01: 1 row in 1 file;  2026-08-02: 1 row in 1 file;  2026-08-03: 1 row in 1 file;  2026-09-06: 3 rows in 1 file
  compaction scoped to this month: rewrote 0 files;  the August partitions keep their one-row files: 3

Late data is not a streaming problem — it is a compaction-scope problem. The rows landed in the partitions their timestamps name, as one-row files, and chapter 8’s rule of scoping compaction to the partitions the writer is filling scoped straight past them. A month-scoped compaction rewrote nothing. The compaction where on a streaming table has to cover the lateness window the source can produce, or a second unscoped pass has to run on a slower schedule. Chapter 8’s fleet score, files beyond one per partition, is what catches the ones that were missed.

Equality deletes, produced for real

The table Book 1 could only describe: a keyed upsert stream, a thousand keys, five hundred rows a second, five-second checkpoints.

  t=30s:   6 snapshots,  6 data files;  delete files: position 6 (8,281 positions),  equality 6 (5,219 rows)
  t=60s:  12 snapshots, 12 data files;  delete files: position 12 (17,801),         equality 12 (10,699)
  Spark count(*) = 1,000 (1,000 keys):  GETs 104, 289 ms         Trino count(*) = 1,000

Every checkpoint adds a data file, a position-delete file and an equality-delete file. The position deletes are the keys that were upserted more than once within the checkpoint, resolved against the checkpoint’s own data file. The equality deletes are the keys that existed before the checkpoint, expressed as “delete any row with this key from any older file”. That is the form no writer can resolve at write time, because the older files are not being read.

The counts give the shape of the workload. Thirty thousand rows in sixty seconds over a thousand keys: 17,801 of them collided inside their own checkpoint and became position deletes, 10,699 replaced a key from an earlier checkpoint and became equality deletes, and a thousand are live. An upsert stream over a small key space is mostly deletes, and every one of them is a file a reader has to open and apply. Both engines that read equality deletes agree on a thousand rows, and the reader that does not, PyIceberg, was Book 1’s and stage 4’s finding and still holds.

The cost is on the read side: a hundred and four requests and nearly three hundred milliseconds to count a thousand rows, and both numbers grow with every checkpoint. Then the two rewrites.

  rewrite_position_delete_files:               13 -> 13;  equality deletes untouched
  rewrite_data_files (delete-file-threshold 1): 13 -> 1;  delete files now: none;  count(*): GETs 0, 46 ms

The position-delete rewrite did nothing useful — thirteen files in, thirteen out, and it cannot touch an equality delete at all. The data-file rewrite with a delete threshold of one removed every delete file of both kinds. Rewriting the data files applies the deletes and leaves nothing for them to apply to. An upsert table’s maintenance is the data-file rewrite, scheduled by checkpoint count rather than by file size. Its files are never large, and its delete files arrive at a fixed rate.

The sink that is not in this chapter

The Kafka Connect Iceberg sink was set up on the same platform in the Gate 1 lab and is not in these results. Its only prebuilt build for this Kafka is 1.9.2. It runs, it creates its table — and it has never committed. That is recorded as open in the lab and is stated here so that its absence is not read as a choice. Chapter 12 uses Flink for the change-data path for the same reason.

The maintenance schedule and the runbook

Append and upsert streams leave different work behind. This schedule brings the jobs from chapters 8 to 10 together by table class, so the checkpoint rate and lateness window determine when maintenance runs.










































	Job	Append stream (events)	Upsert stream (orders)	Why
	rewrite_data_files	hourly, where covering the lateness window; partial progress on	every N checkpoints, delete-file-threshold 1	files per checkpoint; delete files per checkpoint
	rewrite_manifests	hourly, after compaction	with compaction	one manifest per checkpoint, never merged
	expire_snapshots	no arguments; hot-class properties	same	the metadata file grows 0.7 KB per checkpoint
	remove_orphan_files	daily, older_than past the longest recovery	same	every restore leaves uncommitted files
	unscoped compaction	weekly	monthly	the late partitions the where missed


The second is the runbook, one line per failure this chapter produced.














































	Event	What the table shows	What to do
	TaskManager lost	failed checkpoints, then restored > 0; row count exact	nothing; schedule orphan cleanup
	catalog returned 500 to the writer	job RESTARTING; the checkpoint re-commits	fix the catalog; the writer will not lose the checkpoint
	job resumed from a savepoint	one new flink.job-id in snapshots	expected; delete the savepoint
	the same savepoint resumed twice	a third flink.job-id; duplicates in the table	roll back to the first resumed job’s last snapshot; take a new savepoint
	column dropped under a running job	the job keeps committing with the old field	restart the job with the schema change; never re-add the name
	one-row files in old partitions	partitions shows files in dates the writer is not filling	widen the compaction where
	read cost climbing on an upsert table	delete_files count equals the checkpoint count	the data-file rewrite with a delete threshold


What was not run

A restart of the schema-changed job, to see whether it picks up the current schema. The Kafka Connect sink, which is open. A TaskManager loss on an upsert stream, where the pending equality deletes are part of the state. Flink’s own write.upsert.enabled interaction with a copy-on-write compaction landing between two checkpoints, which chapter 8 says will conflict and this chapter did not force. And the sink’s exactly-once behaviour across a JobManager loss, which needs a high-availability configuration this lab does not have.

Exercises

1. Audit the job ids. On any Flink-written table, run SELECT summary['flink.job-id'], count(*), min(committed_at), max(committed_at) FROM t.snapshots GROUP BY 1 ORDER BY 3. Every row is a job. Two overlapping time ranges is two jobs writing at once; a job id whose first commit is minutes after another’s last is a resume. Match each to a savepoint or a deployment.

Show answer
Overlapping ranges mean duplicated writers, which is the double-resume case, and the duplicates start at the second job’s first commit. A gap between one job’s last commit and the next’s first is the outage the resume covered, and the source’s position at the savepoint is what made it lossless.


2. Find your lateness window. On a day-partitioned streaming table, run SELECT partition, min(committed_at) FROM t.partitions JOIN t.snapshots … or, more simply, compare each partition’s date with the snapshot timestamp of its newest file. The largest difference is how late your source has actually been.

Show answer
The files table’s snapshot_id joined to snapshots.committed_at, minus the partition date, gives the lateness of every file. The maximum is the window the compaction where has to cover; if it is longer than the retention window, the late rows are also landing in partitions whose history has already been expired, which is correct but surprising.


Final thoughts

A streaming table is a table with a writer that has opinions about time. It commits when its checkpoint says — not when the data is tidy. It leaves a manifest per commit and never merges them. It recovers from losing its worker by re-writing the rows and leaving the first attempt on the store. It will happily replay a savepoint into duplicates. And it will keep writing a column that no longer exists. Every one of those is correct behaviour for a streaming writer — and every one is a maintenance or a runbook entry for the platform that owns the table.

The next chapter is where the rows come from. Change data from PostgreSQL, through Debezium and Kafka, into an Iceberg table that has to converge on the source, and out again to consumers reading only what changed.





Sixty Thousand Deletes, Nothing Deleted

The bookshop’s orders table, sixty thousand rows in PostgreSQL, snapshotted through Debezium and Kafka into an empty Iceberg table by a Flink upsert job.

  initial snapshot: CONVERGED in 7s — rows 60,025, sum(order_id) 1,801,830,364
  2 data files, deletes {content: (files, rows)} = {2: (2, 60,025)}

Seven seconds to converge, and every check passes. And the table that holds sixty thousand freshly inserted rows also holds sixty thousand equality-delete rows, one per insert, in two delete files. Nothing was deleted. An upsert sink does not know whether a key exists. It expresses every write as “delete this key from anything older, then insert”, and it does that for the first row of an empty table exactly as it does for the thousandth update of a busy one. Every checkpoint of a change-data table is half deletes — by construction — before the source has deleted anything.

Getting the source changes into Iceberg is only half the job. The landing table has to converge after a burst, repeated changes to one key, and a full replay. Downstream consumers then need to read what changed — a request the landing table turns out to handle poorly. The second table introduced below solves that separate problem.

The pipeline, and the three things that broke it once

The source is PostgreSQL 18 with wal_level=logical, feeding Debezium 3.6.2 on Kafka Connect using pgoutput, and Kafka 4.3.1. Flink 2.1.3 reads the topic in its debezium-json format into an Iceberg table with a primary key and write.upsert.enabled, through Polaris. Chapter 1 stood this pipeline up. Three failures in the Gate 1 lab explain the setup choices used in every run below.

The source has to send the whole old row. PostgreSQL’s default replica identity sends only the key on an update, and Flink’s changelog format needs the previous row to retract it. The first update after a clean snapshot failed the job with “the before field of UPDATE message is null”. ALTER TABLE orders REPLICA IDENTITY FULL is the fix, at the source, before the connector exists.

A deleted connector is not a forgotten one. Connect keeps offsets by connector name, so a connector re-registered under its old name resumes at a log position whose replication slot is gone. Every run here names its connector, slot and publication with a timestamp.

A consumer group remembers too. Flink’s Kafka source and, chapter 11 noted, the Connect sink both keep committed offsets under their group name, so earliest-offset only applies to a group that has never existed. Per-run group names, again.

The convergence test

The pipeline needs a check at the destination: has Iceberg caught up with PostgreSQL? This function compares row counts, counts per status and sums of two key columns on both sides, then polls until they agree.

def pg_state():   # PostgreSQL
    n, s1, s2 = psql("SELECT count(*), sum(order_id), sum(customer_id) FROM orders")
    by = dict(psql("SELECT status, count(*) FROM orders GROUP BY 1"))
    return n, s1, s2, by

def ice_state():  # Iceberg, through Spark
    n, s1, s2 = sql("SELECT count(*), sum(order_id), sum(customer_id) FROM ice.stage15.orders_cdc")
    by = dict(sql("SELECT status, count(*) FROM ice.stage15.orders_cdc GROUP BY 1"))
    return n, s1, s2, by

def converge(timeout=300):
    want = pg_state(); t0 = time.time()
    while time.time() - t0 < timeout:
        if ice_state() == want: return time.time() - t0
        time.sleep(3)
    raise AssertionError(f"not converged: {want} vs {ice_state()}")

A count alone passes when an update was lost; a status distribution alone passes when two rows swapped states; the key sums catch a row replaced by a different row. Together they are cheap and they were wrong zero times in this chapter, which is the property a convergence test needs before it is scheduled against production.

  initial snapshot:      CONVERGED in 7s
  after the burst:       CONVERGED in 4s     (1,000 updates, 100 inserts, 50 deletes, one transaction)
  after the churn:       CONVERGED in 4s     (one key: five updates, a delete, a re-insert)
  replayed table:        CONVERGED in 3s     (the whole topic again, into a second table)

The columns the test compares are the ones that moved. Across the burst, the count went from 60,025 to 60,075, placed fell by 900 and shipped rose by a thousand, cancelled fell by fifty, and the sum of order ids rose by the hundred new identities. A test that checked the count alone would have passed a run that lost every update. Four seconds is one checkpoint interval, which is the floor: a change is in the table at the next commit after it arrives, and never sooner. The bookshop’s freshness number for its change tables is the checkpoint interval plus Debezium’s lag, and chapter 13 puts both on the dashboard.

Ordering: one key, seven changes

One order is enough to test whether successive changes survive the pipeline. Here it is updated five times in quick succession, deleted, then re-inserted with the same id. The final row must reflect the re-insert.

  order 8031: postgres reordered|7  /  iceberg [status='reordered', customer_id=7]
  4 data files, deletes = {1: (1, 5), 2: (4, 61,177)}

The final state matches, and the file listing shows how. The five updates that landed inside one checkpoint became five position deletes against that checkpoint’s own data file — each update retracted the previous one in the same file. The delete-and-re-insert became an equality delete for the key and a new row with a higher sequence number. The re-inserted row wins over everything older by the rule that equality deletes only apply to older files. Ordering within a key is Kafka’s guarantee, partitioned by key, and the upsert sink turns that order into sequence numbers. What was not tested is ordering across partitions, which Kafka does not guarantee and this table does not need, because every row’s history is one key.

Idempotency: a replay converges

Chapter 11 replayed a savepoint into an append table and got seventy-three thousand duplicates. Here the replay starts at the topic’s earliest offset and writes into a second change-data table. Comparing the two tables shows whether replay reconstructs the same final state.

  a second job, from the earliest offset, into a second table
  replayed table: CONVERGED in 3s
  orders_cdc EXCEPT orders_replay: 0 rows;  the other way: 0 rows -> identical
  replay: 1 data file, deletes = {1: (1, 1,056), 2: (1, 60,126)}

Identical, row for row, because an upsert is idempotent by key — replaying the topic re-applies every change in order and lands on the same final state. The replayed table’s layout is also a fair picture of what a replay costs. The whole history was consumed in one checkpoint: one data file, and 1,056 position deletes, one for every change to a key that the same checkpoint had already written. Those 1,056 are the burst’s thousand updates and fifty deletes plus the churned key’s six, resolved inside a single file, which is what the same changes cost the original run across four checkpoints and four files. A keyed change table can be rebuilt from its topic at any time — and an append table cannot be rebuilt from anything. That is the operational difference between chapter 11’s events and this chapter’s orders, and it decides which of the two gets the retention policy that keeps the topic.

What the deletes cost, and the rewrite

After the snapshot, the burst, the churn and the second round of updates, the landing table’s shape and its read cost.

  before: 5 data files, deletes = {1: (1, 5), 2: (5, 61,378)};  count(*) = 60,075, GETs 29
  rewrite_data_files (delete-file-threshold 1): 5 -> 1
  after:  1 data file, no delete files;                          count(*) = 60,075, GETs 2
  Trino count(*) = 60,075

Sixty-one thousand equality-delete rows for a table of sixty thousand — and a count that opens twenty-nine objects to answer. The delete files arrived one per checkpoint that carried a change: two after the snapshot, three after the burst, four after the churn, five after the last round, with the delete rows climbing from 60,025 to 61,378. A checkpoint with no changes adds nothing, so on a quiet source the table stops growing and on a busy one it grows by one delete file per interval. The rewrite from chapter 8, with a delete threshold of one, folds it to one file and no deletes, and both engines that apply equality deletes agree before and after. Chapter 11’s schedule for upsert streams holds here unchanged: the data-file rewrite, by checkpoint count.

Out, attempt one: the landing table cannot serve its own changes

A consumer wants the delta between two snapshots of orders_cdc: the snapshot before the burst and the one after. Iceberg has two mechanisms for that, and both were tried.

  create_changelog_view(identifier_columns => order_id, compute_updates):  OK -> burst_changes
  SELECT _change_type, count(*) FROM burst_changes:   FAILED: Delete files are currently not supported in changelog scans
  incremental append read (start-snapshot-id, end-snapshot-id):  OK -> 0 rows

The changelog view is created without complaint and fails the first time it is read. A changelog scan in this release cannot apply delete files, and every snapshot of an upsert table carries them. The incremental read is worse — it succeeds and returns nothing. An incremental append scan yields only append snapshots. An upsert commit is an overwrite, so the scan skips every one of them and reports zero rows with a green exit. Without a reconciliation check, a consumer could keep reporting “no changes” while the source changes underneath it.

The table that lands change data cannot serve change data. Not in this release, not with equality deletes in it — and the mechanism that looks like it works is the one to be most afraid of.

Out, attempt two: the curated table and its row lineage

The answer is the pattern Book 1’s twentieth chapter — on deletion vectors and row lineage — made possible. A second table, format version 3, maintained from the landing table by a copy-on-write MERGE INTO. Its rows carry an identity and the sequence number of the commit that last changed them.

MERGE INTO ice.stage15.orders_curated t
USING (SELECT order_id, customer_id, DATE_ADD(DATE '1970-01-01', order_date) AS order_date, status
       FROM ice.stage15.orders_cdc) s
ON t.order_id = s.order_id
WHEN MATCHED AND (t.status <> s.status OR t.customer_id <> s.customer_id) THEN UPDATE SET *
WHEN NOT MATCHED THEN INSERT *
WHEN NOT MATCHED BY SOURCE THEN DELETE

  first merge:   60,075 rows, 60,075 distinct _row_id, watermark max(_last_updated_sequence_number) = 1
  source changed: 200 shipped -> delivered, order 8031 -> closed;  landing table CONVERGED in 4s
  second merge:  watermark 1 -> 2
  consumer delta (_last_updated_sequence_number > 1):  201 rows  {delivered: 200, closed: 1}
  rows at or below the first watermark:  59,874
  _row_id: 60,075 distinct, range 0..60074, unchanged after a merge that rewrote the files

The consumer’s query is one line: rows whose last-updated sequence number is above the watermark it recorded last time. It returned exactly the 201 rows the source changed — and not the 59,874 that the copy-on-write merge physically rewrote without changing. The sequence number is carried through a rewrite and only advanced by a change. What counts as a change is the merge’s WHEN MATCHED AND clause, which compared status and customer and nothing else. A source update to a column that clause ignores is correctly not a change to any consumer, and that clause is therefore the contract every consumer downstream is reading against. The row ids did not move either; the range after a merge that rewrote every file is the range the first merge assigned. That is the property that makes a v3 table a change source: identity and change-sequence are per row and survive the file being rewritten around them.

Two things bit on the way, and both are in the record. A filter on _last_updated_sequence_number works. An aggregate on it, max(), is pushed down to Iceberg and fails with “Cannot find field _last_updated_sequence_number in struct”. The lineage columns are not in the schema the pushdown binds against. The first merge’s query only worked because a count(DISTINCT …) beside it happened to disable pushdown. The fix is spark.sql.iceberg.aggregate-push-down.enabled=false for the session that computes watermarks, and the finding is that a metadata column is a column for filtering and not yet one for aggregating.

The two-table shape

The two tables now have distinct jobs. The landing table absorbs source changes and supports replay; the curated table gives consumers row identity and a sequence-number watermark. Their maintenance and retention policies follow from those jobs.




































		Landing table	Curated table
	written by	Flink upsert sink, every checkpoint	MERGE INTO, scheduled
	format	v2, equality and position deletes	v3, copy-on-write, row lineage
	serves	the convergence test; rebuilds from the topic	every consumer, by sequence-number watermark
	maintenance	data-file rewrite by checkpoint count	compaction by size, like any batch table
	retention	hot class	audit class, tags at the merges that matter


The landing table exists to be correct and rebuildable. The curated table exists to be read. Trying to make one table do both is what attempt one measured.

What to decide

Ship the convergence test with the pipeline, scheduled, with the count and sums and the per-status distribution, and alert on the time it takes to pass. Four seconds is a checkpoint — forty is a stalled job.

Name every connector, slot, publication and consumer group per deployment. The three defects above are all one defect — something remembered a position after the thing that held it was gone.

Keep the topic long enough to rebuild the landing table, because a keyed table can be rebuilt from it and the replay converges. The topic’s retention is the landing table’s backup.

Do not read changes from the landing table. The changelog scan refuses it and the incremental scan lies. Consumers read the curated table with a sequence-number watermark, and the watermark query runs with aggregate pushdown off.

Rewrite the landing table by checkpoint count, as chapter 11 schedules, and merge into the curated table on the consumers’ freshness requirement, not the writer’s.

What was not run

Ordering across Kafka partitions, which this single-key-per-row table does not depend on. A Debezium restart from an earlier log position, which is the source-side replay; only the topic-side replay was run. A schema change at the source, which chapter 11 ran on the sink side only. Debezium’s tombstone events, which were turned off. And a v3 landing table: the Flink runtime here writes v2, and whether it can write deletion vectors instead of equality deletes is Appendix A’s question.

Exercises

1. Break the convergence test on purpose. Stop the Flink job, make a hundred updates at the source, and run the test. Then resume from a savepoint and run it again, timing the second pass.

Show answer
The first pass fails on the status distribution and on the key sums if any of the updated rows changed customer_id; the count still passes, which is why the count alone is not a test. The second pass converges one checkpoint after the resumed job catches up, and the time it reports is the outage plus one interval, which is the number the freshness alert should carry.


2. Watermark two consumers. Record max(_last_updated_sequence_number) from the curated table twice, an hour apart, and count the rows between the two watermarks. Compare with the number of source rows changed in that hour from the convergence test’s status deltas.

Show answer
They match exactly when every changed source row changed a column the merge compares. They differ by the rows whose change was to a column the WHEN MATCHED AND clause ignores, which the merge correctly did not rewrite and the consumer correctly does not see. The clause is the definition of “changed” for every consumer downstream, and it belongs in a code review.


Final thoughts

Change data arrived in seven seconds and converged every time it was asked to: through a burst, through seven changes to one key, and through a full replay. The test that proved it is nine lines long. The table it landed in was half deletes from the first commit and could be rebuilt from its topic at will. It could not tell a consumer what had changed — once loudly and once in silence. The table beside it could, to the row, because a v3 table carries identity and a change-sequence through every rewrite.

The convergence time is also a useful signal for operations: it tells the platform how long source changes take to become readable. Part III starts by putting that signal beside table-health metrics, then works through incidents, authorisation and recovery. The pipeline is built; keeping it dependable requires knowing when it has stopped doing what these checks established.





The Rule Was Right, the List Was Wrong

A rule for small files, excess_files > 20 AND median_file_kb < 32768, run against every table the lab had built in the previous six chapters. Then scored against a list of the tables the author knew to be fragmented.

  small_files    fired on 9
                 false positives 3: [stage11.d2r, stage11.d3r, stage14.replay]   missed 0

The first pass appeared to have three false positives. Looking at the files changed the diagnosis: a v2 and a v3 table each had fifty-nine files over thirty partitions at a median of 58 KB. The Flink table had thirty-seven files at 6 KB each. All three were fragmented. The rule was right; the list — written from memory of what each chapter had done — was wrong. The same mistake appeared in the expected results for the delete and manifest rules. Scoring an alert against ground truth is how you find out that the ground truth is the thing that needs work. That is the first finding of a chapter on observability. The metrics are cheap, and the hard part is knowing what they should say.

The health pack below collects eighteen metrics per table using metadata queries plus one request to the catalog. These are the metadata tables introduced in Book 1’s chapter 9 and used here since chapter 7. Seven alert rules turn the measurements into possible work. Their misses matter as much as their successes: a rule should help someone decide what to do, and the wrong diagnosis sends them to the wrong job.

The pack


































































	Metric	Source	Owner
	snapshots; snapshots since the last data compaction	snapshots, with summary['deleted-data-files'] > 0 to tell a compaction from a manifest rewrite	ch8, ch10
	files; partitions; files beyond one per partition	data_files, partitions	ch7, ch8
	median file size	data_files.file_size_in_bytes	ch8
	delete files; delete rows per data file	delete_files	ch8, ch11
	manifests	manifests	ch9
	metadata file size; metadata-log entries	metadata_log_entries, plus one HEAD on the store	ch9
	references	refs	ch10
	last commit; freshness	snapshots.committed_at	ch11, ch12
	commit cadence, median and p95 gap	lag() over snapshots.committed_at	ch11
	written by Flink	summary['flink.job-id'] on the latest snapshot	ch11
	load-table payload and latency	one GET on the catalog	ch9


-- the four the rules lean on hardest
SELECT count(*) FROM t.snapshots
 WHERE committed_at > coalesce((SELECT max(committed_at) FROM t.snapshots
                                 WHERE operation = 'replace'
                                   AND CAST(summary['deleted-data-files'] AS INT) > 0), timestamp '1970-01-01');
SELECT count(*) - (SELECT count(*) FROM t.partitions) FROM t.data_files;
SELECT coalesce(sum(record_count), 0) / greatest((SELECT count(*) FROM t.data_files), 1) FROM t.delete_files;
SELECT percentile_approx(gap, 0.5) FROM (SELECT unix_timestamp(committed_at)
        - unix_timestamp(lag(committed_at) OVER (ORDER BY committed_at)) AS gap FROM t.snapshots) WHERE gap IS NOT NULL;

  43 tables in 44s (1.0s per table, 18 metrics each)

The pack took a second per table for nineteen small queries, without opening a data file. It still pays for planning: each query reads manifests and metadata, repeating chapter 9’s planning cost nineteen times per table. A large load-table response adds to that cost on every query — the catalog measurement therefore helps account for the pack’s own load as well as the engines’. At this rate, a thousand tables take seventeen minutes on one Spark session. That suits an hourly pass. Freshness needs a per-minute check, so its single query runs separately; the remaining metrics follow the maintenance schedule.

The pack’s own defects, found by running it

Three of the queries were wrong on the first pass, and each one is a class of mistake a health pack makes.

The partition column does not exist on an unpartitioned table. count(DISTINCT partition) over data_files failed on every Flink table and every CDC table — silently. The pack reported their partition count as zero and their excess files as all of them. The partitions metadata table has one row for an unpartitioned table, so counting it is the query that works on both.

A rule that fires on everything is a units bug or a guessed threshold. The load-table payload came back in bytes and was compared against a threshold written in kilobytes, so metadata_bloat fired on all forty-three tables. Fixed, and with the threshold set from the fleet’s own distribution, median 78 KB, ninetieth percentile 160 KB, it fired on exactly the one table with six hundred snapshots.

replace is two different operations. The snapshot log records a data compaction and a manifest rewrite with the same operation name. “Snapshots since the last compaction” counted from whichever came last, and a table whose manifests had just been rewritten looked freshly compacted. The summary tells them apart — a compaction has deleted-data-files, a manifest rewrite does not.

And one blind spot that is not a defect but has to be known: the count of snapshots since compaction is bounded by retention. Chapter 10’s hot-class tables keep two snapshots, so their compaction lag reads two whatever happened, and the six-hundred-commit table read ten after its expiry. On a table with aggressive retention the lag metric measures the retention window — and files beyond one per partition is the metric that measures the table.

The fleet, as the pack saw it

A selection of the forty-three rows, chosen to show each metric doing its job.
































































































































































	Table	snapshots	since compaction	files	partitions	excess	p50 KB	delete files	del/file	manifests	metadata KB	load KB
	stage12.m_after (ch9, 600 commits)	601	601	600	30	570	2	0	0	1	559	560
	stage12.m_before (ch9, expired)	10	10	601	30	571	2	0	0	7	12	12
	stage11.stream (ch8, uncompacted)	150	150	150	30	120	58	0	0	51	151	151
	stage11.c1 (ch8, the lost race)	151	151	146	30	116	219	0	0	52	152	152
	stage11.s_binpack (ch8, compacted)	151	0	30	30	0	275	0	0	52	153	153
	stage10.orders_hourly (ch7)	10	10	936	720	216	16	0	0	10	12	12
	stage11.d2 (ch8, v2 deletes)	71	0	30	30	0	109	60	2,000	62	77	77
	stage15.orders_replay (ch12)	1	1	1	1	0	347	2	61,182	2	2	3
	stage14.events (ch11, Flink)	10	5	15	3	12	7	0	0	4	15	15
	stage15.orders_cdc (ch12, rewritten)	8	0	1	1	0	342	0	0	11	11	11


Two rows are worth a second look. The compacted s_binpack has thirty files, zero excess, and fifty-two manifests. Chapter 8’s compaction rewrote its data files and never its manifests, and that is the row that made the manifest rule’s ground truth wrong. A compaction leaves every manifest it touched in place with its entries marked deleted, and only chapter 9’s rewrite folds them; the pack sees the difference and the author had forgotten it. And orders_replay has one data file and two delete files holding sixty-one thousand delete rows against it. That is chapter 12’s landing table before its rewrite, and the highest delete ratio in the fleet by a factor of thirty.

Seven rules, scored

Each rule was run against the forty-three rows, and its firings compared with the list of tables the chapters’ records say should fire. The list was corrected where the rule proved it wrong; the misses that remain are the rule’s.






























































	Rule	Fired	False positives	Missed	What the misses are
	small_files: excess > 20 and p50 < 32 MB	9	0	3	three Flink tables with 11–19 tiny files: under the excess threshold, which was set for batch fleets
	delete_debt: del/file > 100 or delete files > 10	4	0	0	
	compaction_lag: since compaction > 50	3	0	0	after the deleted-data-files fix; before it, the 600-commit table read zero
	metadata_bloat: metadata > 256 KB	1	0	0	after the units fix; before it, 43
	manifest_sprawl: manifests > 20	19	0	1	one table at exactly 20; a threshold is an edge and something sits on it
	stale_stream: cadence median < 30 s and fresh > 5 min	10	6	2	inferred from cadence: fired on batch tables written in bursts, on bounded jobs that finished, on a table merged twice five seconds apart; missed two tables with one snapshot
	stale_flink: last snapshot carries flink.job-id and fresh > 5 min	6	0	2	declared by the writer: missed the two upsert tables whose latest snapshot was a Spark rewrite


The two freshness rules expose a problem that fixing the queries cannot solve. Both try to recognise a streaming table from its recent commits. Their different mistakes show why the pack needs to be told which tables are streams.

A stream is declared, not inferred

Whether a table is supposed to be receiving commits every few seconds is not a property of the table’s metadata. The cadence rule tried to infer it from the gaps between commits and was wrong six times in ten. A batch table loaded in ten quick inserts has a median gap of one second and looks like a stream that stopped. A bounded Flink job that finished looks the same. A table merged twice in one session looks the same. The summary rule looked for the writer’s own mark — the flink.job-id chapter 11 found on every commit a Flink job makes — and had no false positives. It missed the two tables whose latest commit was a Spark maintenance rewrite, which carries no such key. The mark is per snapshot, and the last snapshot is not always the writer’s.

The class of a table is a table property, set when the table is created, and the pack reads it. bookshop.class = stream on the events table, cdc-landing on the orders landing table, batch on the rest. Then the stale rule is class = stream AND freshness > 5 min and it has nothing to infer. The writer’s mark in the summary remains useful as the audit that the declared writer is the actual one, read over the last several snapshots rather than the last.

Symptoms and actions

The seven rules map onto the chapters that own the fix, and one of them does not map onto a table at all.









































	Rule fires	The action	Where
	small_files	data-file rewrite, scoped by the partitions still being written	ch8
	delete_debt	data-file rewrite with delete-file-threshold	ch8, ch11
	compaction_lag	schedule the compaction that is not running	ch8
	metadata_bloat	expire snapshots; set delete-after-commit	ch9, ch10
	manifest_sprawl	rewrite_manifests, after the compaction that left them	ch9
	stale stream	nothing on the table: check the job	ch11


The stale stream is a symptom. The table is fine; the writer has stopped, and the runbook entry is chapter 11’s, not a maintenance procedure. A dashboard that puts it beside the maintenance rules invites someone to run a compaction on a table whose problem is a dead Flink job. A rule is actionable when its action is on the object it measured. The rest are symptoms, and symptoms belong on the writer’s dashboard — with chapter 11’s checkpoint counts and chapter 12’s convergence time — not on the table’s.

What the pack does not measure

Four operational metrics need sources outside the metadata tables, so they belong in a second pack. Commit success and latency are the writer’s: Flink’s checkpoint counts and durations from chapter 11’s REST calls, and for batch writers the job scheduler’s exit codes. Planning latency is chapter 9’s probe, requests under metadata/ counted at the proxy. Freshness for change data is the checkpoint interval plus the source connector’s lag, and Debezium’s lag is not in Iceberg. Cost per table is chapter 2’s request table applied to the per-table request counts the proxy produces, and chapter 18 assembles it. Each of those has a source; none of them is the table’s metadata, and a pack that only reads metadata has to say so on its dashboard.

The dashboard schema

One row per table per run of the pack, which is the health table itself, stored as an Iceberg table so that its own history is queryable.

CREATE TABLE ops.table_health (
  run_at TIMESTAMP, catalog STRING, tbl STRING, class STRING,
  snapshots INT, since_compaction INT, files INT, partitions INT, excess_files INT,
  median_file_kb DOUBLE, delete_files INT, deletes_per_file DOUBLE, manifests INT,
  refs INT, last_commit TIMESTAMP, freshness_min DOUBLE, gap_p50_s DOUBLE, gap_p95_s DOUBLE,
  metadata_kb DOUBLE, load_kb DOUBLE, load_ms DOUBLE, flink_written BOOLEAN
) USING iceberg PARTITIONED BY (days(run_at));

The rules are views over it, one per row of the scoring table, filtered by class. The false-positive rate of each rule is then a query too: rule firings joined against the maintenance log, over as much history as the health table has. This lab has hours of history and forty-three tables. The rates above are one instant across a fleet — not a week across time. The lab could not yet supply the week of history needed for that longer view.

What to decide

Declare the class at creation, as a table property every rule reads. The batch bursts and maintenance commits above show why recent history alone cannot reliably tell the pack whether a stream has stopped.

Score every rule before it pages anyone, against a list, and expect the list to be wrong first. The list is corrected from the rows; the rule is corrected from the list.

Set thresholds from the fleet’s distribution — never from a guess — and re-derive them when the fleet changes. A rule that fires on everything has a bug, and a threshold is an edge that something will sit on.

Split the dashboard by who acts. Table rules for the maintenance jobs. Writer rules for the job owners. A symptom on the wrong dashboard is a compaction run against a dead writer.

Store the health results in a table. Joining past firings to the maintenance log then lets you query the rules’ accuracy instead of judging each alert in isolation.

What was not run

A week of history: the rates are one pass over forty-three tables. Debezium’s own lag, which is the change-data freshness the pack cannot see. The query log, which is where chapter 7’s predicate skew lives and which no metadata table records. And alert fatigue over time, which is the number that decides whether anyone still reads the dashboard in a month.

Exercises

1. Find your fleet’s thresholds. Run the pack once and compute the median, ninetieth and ninety-ninth percentile of excess_files, deletes_per_file, manifests and metadata_kb across every table. Set each rule’s threshold at the ninetieth percentile and count the firings; then at the ninety-ninth.

Show answer
At the ninetieth percentile a tenth of the fleet fires on every run, which is the pool the maintenance budget can reach. At the ninety-ninth only the outliers fire, which is a page. The two thresholds are two different rules, a work queue and an alarm, and both should exist.


2. Catch the manifest rewrite. On a table that has been compacted, run rewrite_manifests and then the naive “since last replace” query and the corrected one. Then run a compaction and repeat.

Show answer
After the manifest rewrite the naive count resets to zero and the corrected one does not, because the rewrite’s summary has no deleted-data-files. After the compaction both reset. A dashboard on the naive query shows a table as freshly compacted every time its manifests are tidied.


Final thoughts

Every number on the dashboard came from a metadata table and cost a second per table to produce. The only expensive part of the chapter was finding out which numbers to trust. Three of the pack’s queries were wrong, and the fleet said so. The ground truth was wrong three times, and the rules said so. The rule that inferred what a table was for was wrong six times in ten — and the fix was to stop inferring.

A metadata dashboard can still look healthy when the objects it describes are missing. The next chapter starts with that failure, then works through the incidents produced in the lab, keeping the evidence from triage through recovery.





The Count Was Right and the File Was Gone

A data file deleted from under a five-batch table, the way a bucket lifecycle rule deletes things — silently, by age, without asking the catalog.

  deleted 00000-31-…-00001.parquet (250 rows); referenced by 1 snapshot
  Spark count(*):                OK -> 5000
  Spark sum(amount):             FAILED -> NotFoundException: Location does not exist: s3://warehouse/stage17/t2/data/00000-31-…
  Trino sum(amount):             Error opening Iceberg split s3://warehouse/stage17/t2/data/00000-31-… (offset=4, length=2291)
  PyIceberg scan:                does not exist 'warehouse/stage17/t2/data/00000-31-…'

The count is right. Iceberg answers count(*) from the manifests’ record counts without opening a file. The table reports five thousand rows with two hundred and fifty of them gone — and the dashboard from chapter 13 is green. The first query that reads a column is the first sign, and it fails with a path. That gap between “the metadata says” and “the store has” is the shape of most incidents on a lakehouse. The eight lab incidents below test that gap. Their error messages give you somewhere to start, and the triage queries establish which recovery is still possible.

Each incident was caused on purpose, then worked through four steps: detect it, triage it from metadata, contain it, recover. Keeping those steps separate matters. A procedure can restore a table while the writer or lifecycle rule that damaged it is still running.

1. A failed commit left a metadata file behind

A commit writes the new metadata file to the store first and then asks the catalog to swap the pointer. When the swap fails or the writer dies between the two, the file stays. Chapter 8’s unknown-state commits made nine of them.

  catalog points at 00005-….metadata.json;  7 metadata files on the store, 6 in the metadata log
  triage: files on the store not in the log: ['00006-…-stray.metadata.json']
  count(*) with the stray present: OK -> 5000

Detect by listing metadata/*.metadata.json on the store and subtracting metadata_log_entries; chapter 13’s pack has both halves. The stray in this run was one version number ahead of the pointer, which is exactly where a real one lands, because the failed commit had already claimed the next number before it died. Triage: the stray is harmless to readers, because nothing points at it, and dangerous to exactly one person, whoever registers it as the table’s state believing it to be newer. Contain: nothing. Recover: orphan cleanup removes it, on the schedule chapter 9 set, and never by hand from the store while the catalog might be about to use it.

2. A data file is gone

The missing path in the opening error gives triage a starting point: find the snapshots that reference it. That tells you whether an earlier snapshot could avoid the missing file.

SELECT snapshot_id FROM t.all_entries WHERE data_file.file_path = '<path>' AND status < 2;

  the file was added in snapshot 2381758306881012700; 0 snapshots precede it
  rollback: none possible;  rewrite_data_files as a repair: FAILED (it must read the file)
  rows lost with the file: 250

If the file was added recently, the snapshot before it still describes a consistent table, and chapter 10’s rollback is the recovery. The rows in that file since then are re-ingested from the source. This file was in the table’s first snapshot, so no earlier state exists. Compaction cannot rewrite around a file it cannot read. The 250 rows are gone unless a tag, a branch or chapter 16’s replica holds them. Contain by finding every other file the same rule would have removed — before the next query does. That is the store listing against data_files, per table, the same subtraction as incident 1 in the other direction. On this table it is a two-column query: every path in data_files that a HEAD on the store cannot find, and the lifecycle rule’s own age threshold tells you how many more are about to join it. The lifecycle rule is the incident; the missing file is one symptom of it.

3. An accidental overwrite

  INSERT OVERWRITE: 5,000 rows -> 1;  snapshots: [append, append, append, append, append, overwrite]
  rollback_to_snapshot(previous): OK ->  previous 2569322449750455866, current 8524797729871534864
  after rollback: 5,000 rows in 0.1s;  the overwrite snapshot is still in history

Here the previous snapshot is still available. The overwrite is a commit like any other, so restoring the earlier state takes one pointer swap — a tenth of a second in this run. The bad snapshot stays in the history until expiry, which is the evidence; the return row names both pointers, which is the audit line. Contain is the only hard step. The rollback has to happen before the retention window closes on the previous snapshot, and on a hot-class table from chapter 10 that window is two commits. A writer that keeps writing after the overwrite pushes the good state out of the window. Stop the writer first.

4. A bad schema change in production

  ALTER TABLE t4 DROP COLUMN note;  then a hundred rows written
  SELECT note:              FAILED -> column `note` cannot be resolved
  ALTER TABLE t4 ADD COLUMN note STRING;  count(note) = 0
  field ids: [(order_id, 1), (customer_id, 2), (amount, 3), (note, 5)]
  rollback_to_snapshot(before the drop): OK;  schema afterwards: [order_id, customer_id, amount, note];  count(note) = 0
  SELECT count(note) FROM t4 VERSION AS OF <pre-drop snapshot>:  5000
  INSERT OVERWRITE t4 SELECT … FROM t4 VERSION AS OF <pre-drop snapshot>:  count(*) 5000, count(note) 5000

The first attempted repair was to re-add the column by name. It did not bring the data back. The new column is field 5 and the data is under field 4, and every row reads null. A rollback does not bring it back either, because rollback moves the snapshot pointer and the schema is a table-level property that rollback leaves where it is. What does bring it back is time travel — a query VERSION AS OF the pre-drop snapshot is planned with that snapshot’s schema, and it reads field 4. Recover with an overwrite from that read into the current schema, which chapter 11’s warning about re-added names was pointing at. Contain by stopping the writers that carry the dropped column, which chapter 11 showed will keep writing it.

5. A stale catalog pointer

A table registered at an older metadata file while newer ones exist on the store. That is what a catalog restore from backup produces, and what chapter 3’s two-catalog divergence produced.

  registered t5_stale at 00002-….metadata.json;  it sees 2,000 rows, t5 sees 5,000
  triage: pointer 00002 vs newest metadata file on the store 00005;  metadata-log entries in the stale table: 3
  INSERT into the stale table:  a write from the old pointer forks the history
  metadata files on the store now: [00000, 00001, 00002, 00003-02053a, 00003-f2b549, 00004, 00005]

Detect by comparing the pointer’s version number with the newest metadata file under the table’s prefix; the pack does it. Contain before anything writes. A write from the stale pointer commits a new 00003 beside the real one, and the history forks: two files with the same version number and different content, which is the listing above. Recover by re-registering the table at the newest file, which is register_table with the current metadata location, and the stale writes, if any, are re-applied from their source. A fork that has been written to on both sides is chapter 16’s problem — not this one’s.

6. A corrupt metadata file

The current metadata file truncated to half its length.

  Spark count(*):      FAILED -> ServiceFailureException: Server error: RuntimeIOException: Failed to read file: …/00005-….metadata.json
  PyIceberg:           FAILED -> RuntimeIOException: Failed to read file: …/00005-….metadata.json
  Trino:               the query stayed in flight, retrying the catalog, for the nine minutes the client waited; it completed when the file was restored
  the metadata log's previous entry is still on the store: 00004-….metadata.json
  recover from a copy:                  OK -> 5000
  recover without one: register 00004:  OK -> 4000

The catalog reads the file on every load, so a corrupt current file is a catalog that returns 500 for that table to every engine. One engine’s response to a 500 is to retry indefinitely. Trino’s query sat in flight for the nine minutes its client waited, and the fixture logged two hundred and sixty-two failed reads of the same file in that time. The query finished the moment the object was restored, with no error ever shown to the client. An engine that retries a catalog error is kind to a flapping catalog — and blind to a corrupt file. The difference between the two is a metric chapter 13 does not have: the catalog’s own error rate per table. Recover from the object store’s own versioning or a copy if there is one, for a table at full state. Or register the previous metadata file from the log, for a table at its previous commit, with the last commit’s rows re-ingested. The previous file is always there, because the metadata log keeps it and chapter 9’s retention property deletes only what has dropped off the log. Contain by finding how the file was truncated. An object store does not truncate files by itself, and a process that did it once will do it to the next table.

7. An expired recovery point

  expire_snapshots(retain_last => 1), then rollback_to_snapshot(the first snapshot):
  FAILED -> ValidationException: Cannot roll back to unknown snapshot id: 7322528252981378268

Incident 3’s quick recovery depended on a snapshot that retention could remove. Here the rollback reaches for that earlier state and finds that it has already expired, as chapter 10 demonstrated. There is no recovery from within the table. Recover from a tag if one exists, from chapter 16’s replica if one exists, and otherwise from the source. Contain by reviewing every table’s retention against its recovery requirement, which is the exercise chapter 10 set.

8. Orphan cleanup deleted a live file

A staged file looks like an orphan until its writer commits it. The lab tried to make cleanup delete one in that interval, but the SQL procedure refused the unsafe cutoff.

  a writer has written staged-14e46fbb.parquet (250 rows) but not committed yet
  remove_orphan_files(older_than => now):
    FAILED -> 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 …, you can use the Action API
  the staged file is still on the store: True
  the writer commits (PyIceberg add_files): committed;  count(*) 5250;  sum(amount) 128625.00;  Trino agrees

The procedure refuses any interval shorter than a day, and the SQL procedure has no option to override it. The message points at the Java Action API, which is a deliberate distance. A file a writer has staged but not committed survives every cleanup a scheduled SQL job can run, and the commit that follows lands cleanly on all three engines. The incident still exists in two shapes. A job written against the Action API with a short interval, which is a code review question. And a write that takes longer than a day: a multi-day backfill staging files it will commit at the end, whose oldest files are past the interval when the nightly cleanup runs. That one was not produced here, and it is flagged as the case to test before scheduling cleanup on a platform with long writes.

The runbooks














































































	Incident	Detect	Triage	Contain	Recover	Keep
	stray metadata file	store listing minus metadata_log_entries	nothing points at it	nothing	scheduled orphan cleanup	the listing
	data file gone	first column read fails; count(*) does not	all_entries for the path: added in which snapshot	list every file the same rule removed	rollback if a prior snapshot exists; else tag, replica or source	the error, the listing, the snapshot id
	accidental overwrite	row count; overwrite in the snapshot log	the previous snapshot id	stop the writers before the window closes	rollback_to_snapshot, 0.1 s	the return row’s two pointers
	dropped column	column unresolvable; a re-add reads null	field ids; the pre-drop snapshot	stop writers carrying the old field	INSERT OVERWRITE … FROM t VERSION AS OF	the field-id listing
	stale pointer	pointer version vs newest file	metadata-log length	block writes: a write forks the history	register_table at the newest file	both 00003 files, if it forked
	corrupt metadata	every engine fails to load; one retries forever	the previous entry in the log	find what truncated it	restore the object; else register the previous file	the corrupt object itself
	expired recovery point	Cannot roll back to unknown snapshot id	refs: any tag or branch that held it	review retention against recovery	tag, replica, or source	the retention properties as they were
	cleanup vs a live file	cannot happen from SQL	the interval, the longest write	code-review any Action API cleanup	add the file back with add_files if it still exists; else source	the cleanup job’s interval


What to decide

A metadata-only answer is not a health check. count(*) was right with a file missing. The pack from chapter 13 adds one column read per table, on the file the store listing says is oldest.

Every incident starts with the store listing against the metadata, in one direction or the other. Files the metadata has that the store lacks, or files the store has that the metadata lacks. Schedule the subtraction — it is the detector for four of the eight.

Stop the writers before recovering. Every recovery here was one procedure call, and every one could have been made impossible by a writer committing past the state it needed.

Rollback moves the pointer and nothing else. Not the schema, not the properties. Time travel reads with the snapshot’s schema; use it to get data out of a dropped field.

Leave the guards on. The orphan procedure’s day-long minimum and its missing override are the platform’s best protection against its own maintenance jobs.

What was not run

A write longer than the orphan interval, which is the one shape of incident 8 the lab could not rule out. A catalog whose backing store was restored from a backup, which is incident 5 at fleet scale and chapter 16’s game day. And an object store with versioning on, which turns incident 6 into an undelete and was not available on this store.

Exercises

1. Run the subtraction both ways. For one table, list every object under its data/ prefix and compare with data_files. Then compare data_files with the listing. Do the same for metadata/ against metadata_log_entries and manifests.

Show answer
Objects on the store the metadata does not reference are orphans, from failed commits and from expired snapshots not yet cleaned. The count should be near zero after a cleanup, and it is never zero on a table with a streaming writer. Paths the metadata references that the store lacks are incident 2, and the count must be zero, always, on every table, which is why it is a scheduled check.


2. Time the window. On a hot-class table with a writer running, do an INSERT OVERWRITE of one row and then wait one commit before rolling back.

Show answer
With min-snapshots-to-keep at two, the good snapshot is expired by the next scheduled expiry after one more commit, and the rollback fails with unknown snapshot id. The runbook’s first step — stop the writer — is the whole difference between a tenth of a second and a restore from source.


Final thoughts

Eight incidents, and only one of them was a failure of Iceberg. The rest were failures of the things around it. A lifecycle rule that did not know about the catalog. A restore that did not know about the store. A schema change that did not know about the writers. An operator who did not know that rollback leaves the schema alone. Each recovery was a single call — once the triage had found the right one. The triage was in every case a query against metadata or a listing of the store, which is to say it was chapter 13’s pack run with a question in mind.

The next chapter is the incident that does not announce itself: a row readable through one engine and denied through another, and the three authorisation planes that let it happen.





No Grant, One Key, Every File

A principal with no grant on any catalog, holding the platform’s static object-store key, pointed at the bookshop’s curated orders table through DuckDB.

  duckdb read_parquet('s3://warehouse/wild_hdi/stage15/orders_curated/data/*.parquet'):   120,150 rows
  duckdb: every table under the catalog's prefix:                                        9 tables
  duckdb: COPY (SELECT 1) TO 's3://warehouse/wild_hdi/stage15/orders_curated/data/planted.parquet':   written

No catalog was consulted, because none was needed. The table has 60,075 rows. The prefix has twice that, because the copy-on-write merges of chapter 12 left their old files on the store until an expiry that has not run. The same key that read every table also wrote a file into one of them, where it will sit invisible until a procedure like chapter 14’s add_files makes it real. Every grant on the catalog was in place — and every one of them was beside the point.

That is the shape of authorisation on a lakehouse: three planes that each decide separately, and a request that has to pass only one of them. The storage plane is the object store’s IAM, which knows about keys and prefixes and nothing about tables. The catalog plane is Polaris’s principals, roles and grants, which know about tables and namespaces and nothing about files. The engine plane is whatever identity Spark, Trino or DuckDB brings to the other two, which is sometimes the user’s and sometimes the engine’s own. A read-only principal gives the tests below a concrete question: where is the read-only decision enforced, and which routes can bypass it? Credential vending closes the storage route; the engine’s choice of identity needs its own attention.

The catalog plane holds, at the commit

A principal analyst on the Polaris catalog, in a principal role analysts, mapped to a catalog role readers with TABLE_READ_DATA and the list privileges, and its own client credentials. Then a Spark session as that principal, still carrying the lab’s static storage key, because the catalog vends none.

  analyst: SELECT count(*) FROM po.stage15.orders_curated:    OK -> 60,075
  analyst: INSERT INTO po.stage15.orders_curated:             FAILED -> ForbiddenException: Principal 'analyst' with activated
           PrincipalRoles '[analysts]' and activated grants via '[analysts, readers]' is not authorized for op ADD_TABLE_SNAPSHOT
  data files on the store before 4, after 4;  PUTs under data/ during the attempt: 1
  analyst: CREATE TABLE:                                       FAILED -> … not authorized for op CREATE_TABLE_DIRECT
  analyst: rewrite_data_files on a 15-file table:              FAILED -> … not authorized for op ADD_TABLE_SNAPSHOT
           PUTs under data/ during the attempt: 3;  DELETEs: 9
  analyst: expire_snapshots:                                   FAILED -> … not authorized for op REMOVE_TABLE_SNAPSHOTS

The refusal identifies the principal, its active roles and the denied operation. That is enough to explain the catalog decision. The third line tells you what happened before that decision. The insert was refused at ADD_TABLE_SNAPSHOT, which is the commit. Before the commit, the engine had already written the data file to the store with the storage key it holds. The count did not change only because Spark cleaned up after the refusal. The compaction wrote three files and deleted nine on its way to a refused commit. The catalog authorises the commit — not the write. Everything before the commit happens under the storage plane’s rules, and on this platform those rules were “one key, everything”.

Two smaller things from the same session. The analyst read a table in another namespace without any grant on that namespace, because the role’s grants were made at the catalog level and Polaris applies them to everything beneath. A namespace-scoped grant is the same call with type: namespace, and was not measured. And a principal’s secret is returned exactly once, at creation; the root principal’s attempt to rotate it later was refused with a 403. So the platform’s secret store has to catch the credential at the moment it exists, or recreate the principal.

The storage plane ignores the catalog

The 120,150 rows in the opening came from reading the prefix directly. A storage key grants access to a prefix, and the catalog’s tables occupy prefixes. A key that can read the warehouse can read every table in it — referenced files and unreferenced alike — with no request the catalog ever sees. The unreferenced files are the surprise. The raw prefix held two rows for every row in the table: the pre-merge versions of every row chapter 12 updated, readable to anyone with the key and to no one through the catalog. The events table from chapter 11 was the same story in files rather than rows, sixty-nine objects under its data prefix against fifteen the table references, the rest left by compactions that expiry has not yet reached. Expired data is not deleted data until the orphan cleanup runs, and until then the storage plane serves it.

The same credential also allowed a write. A file planted in a table’s data/ prefix is not in the table, and the table’s readers never see it. It is one add_files away from being real, it will be counted by chapter 13’s store-minus-metadata check as an orphan, and chapter 14’s cleanup will remove it after a day. None of that is a defence — it is a description of how long the window is.

Vended credentials close it

The mechanism that makes the two planes agree is the catalog issuing the storage credential, scoped to the table, per request. Polaris’s wild_sts catalog does that against SeaweedFS’s STS, and the credential it hands out was tested against everything it was not vended for.

  vended for stage2.orders: key ASIA9c3e5641…, session token present
  vended key GetObject on its own table's data file:        OK -> 511 bytes
  vended key GetObject on its own metadata.json:            OK -> 3,029 bytes
  vended key PutObject into its own data/ prefix:           OK
  PyIceberg scan with the vended credential:                OK -> 1,001 rows
  vended key GetObject on another table's data file:        AccessDenied
  vended key PutObject into another table's prefix:         AccessDenied
  vended key ListObjectsV2 on the bucket root:              AccessDenied
  vended key ListObjectsV2 on its own prefix:               AccessDenied

The credential could read and write its own table, but the attempts against another table were denied. The listing refusal on the last line needs a separate explanation — it comes from this store’s implementation rather than the design. SeaweedFS refuses the prefix-scoped list that the session policy allows, and the engines do not need it, because a reader finds files through manifests and never lists. With vending, the storage plane enforces the catalog’s decision, because the only credential a reader holds is one the catalog cut for that table. The static key that opened this chapter is what vending replaces, and the platform that keeps both has not closed anything.

Two things chapter 3 found still hold. Vending requires the catalog to be able to reach a token service, which is a dependency the fixture does not have and chapter 16 has to replicate. And a client that asks for vended credentials from a catalog that cannot vend them gets a 400, so the request header is per catalog, not per platform.

The engine plane flattens identity

Trino’s Polaris catalog is configured once, with the root credential, and every Trino user’s queries go to the catalog as that principal.

  trino --user analyst:  INSERT INTO orders_curated …   -> INSERT: 1 row
  trino --user nobody:   INSERT INTO orders_curated …   -> INSERT: 1 row
  rows written through Trino by two different users: trino-nobody 1, trino-analyst 1

Neither user has a Polaris principal. Both wrote, as root, because the engine’s identity is the one the catalog sees. Every grant of the previous section is irrelevant to a user who arrives through this engine, and so is vending, because the credential vended to root is root’s. An engine with a fixed catalog identity is a hole in the catalog plane the size of that identity. The fix is on the engine side. Trino’s own access control in front of the catalog, or per-user catalog credentials passed through, which this version’s REST catalog connector configures per catalog and not per session. What the lab measured is the default — and the default is root.

The audit trail, plane by plane

The analyst’s one read, as each plane recorded it.

  storage (the proxy's access log):  22 GETs — 5 metadata, 17 data;  method, key, status, bytes;  no identity
  catalog (Polaris access log):      192.168.65.1 - analyst [06/Sep/2026:09:47:18 +0000] "GET /api/catalog/v1/wild_hdi/namespaces/stage15/tables/orders_curated …"

The storage plane logs what was read and not by whom — because with a static key there is no whom. The catalog side of that one session was forty-seven log lines naming the principal, including the token exchange, the namespace listing and the table load, which is the volume an audit pipeline has to expect per query per engine. The catalog plane logs the principal, the table and the operation, and it logged the refusals above with the same detail. With vending, the storage log gains an identity too, since each vended key is traceable to the load-table request that issued it. The audit that answers “who read this table” is the catalog’s, and it exists only for reads that went through the catalog, which the opening of this chapter did not.

A view is not a policy

Row and column policies are the governance question every platform review asks — and neither catalog on this platform has them. Polaris 1.7’s policies are maintenance policies, and Lakekeeper 0.13’s authorisation is per object. The nearest thing is a view with a filter in it, granted to a principal that is not granted the table.

  root: CREATE VIEW po.stage15.orders_closed AS SELECT … WHERE status = 'closed'
  analyst (TABLE_READ_DATA on the catalog): reads the view -> 1 row;  reads the base table -> 60,075 rows
  viewer (VIEW_* and list privileges only):  reads the view -> ForbiddenException: … not authorized for op LOAD_TABLE
  Trino reads the Spark-created view:        Cannot read unsupported dialect 'spark' for view 'stage15.orders_closed'

The analyst reads both, because the analyst can read the table and the view is just SQL over it. The viewer — granted the view and not the table — cannot read the view. Spark expands the view’s SQL and loads the base table under the viewer’s own identity, and the catalog refuses that load. And Trino cannot read the view at all, which chapter 5 found and which has not changed. A catalog view is a convenience for readers who already have the table, and a policy for no one. The engine expands it client-side, and the catalog sees a table load. A row policy on this platform is a second table, maintained by a job that holds the grant. That is chapter 12’s curated-table pattern used for access rather than for lineage.

Encryption, in one paragraph

Iceberg 1.11 carries table encryption with a key-management client and per-file keys, and none of it was run here. The lab has no key service, and an encryption test without one proves the wrong thing. What the chapter can say is where it sits. It is a storage-plane control that the catalog configures and the engines enforce, so it has the engine-plane problem above in a different shape. An engine that cannot reach the key service cannot read the table — and one that can reads all of it. It is flagged as docs-verified and belongs with chapter 17’s managed-service comparison, where it is usually the service’s.

The policy test suite

A policy test needs to follow the routes a user can actually take. This matrix runs every principal through every engine and operation, comparing the result with the expected permission. A mismatch produces a red row.






























































	Principal	Engine	Read table	Write table	Read other table	Read files directly
	analyst, catalog read-only, static key	Spark	allow	refused at commit; file written first	allow (catalog-level grant)	allow
	analyst, catalog read-only, vended	Spark	allow	refused	allow	refused
	none, static key	DuckDB direct	allow	allow (plant)	allow	allow, twice the rows
	root via wild_sts, vended	PyIceberg	allow	allow	denied	denied
	any user	Trino	allow as root	allow as root	allow as root	n/a
	viewer, view grants only	Spark	refused (view expands)	refused	refused	allow (static key)


The bold cells are the platform’s findings, and each one is a decision. Retire the static key in favour of vending. Put access control in front of Trino, or give it per-user credentials. Stop describing views as policies. The suite is re-run whenever a principal, a role, an engine or a catalog changes. Chapter 5’s certification harness is the right place for it, because it already runs every engine against every table.

What to decide

Vending everywhere, static keys nowhere. The storage plane enforces the catalog’s decisions only when the catalog issues the credentials. A platform with both has the weaker of the two.

Every engine carries the user’s identity or sits behind its own access control. An engine that authenticates to the catalog as itself makes every grant in the catalog a grant to everyone who can reach the engine.

Authorisation is at the commit — the write already happened. A refused writer has used storage I/O and left files that the cleanup will remove. Size the cleanup for it, and do not read a clean file count as proof nothing was attempted.

Views are not policies. A row or column restriction is a table, maintained by a principal that has the source.

Audit through the catalog, because that is where the identity is. Reads that bypass the catalog have no audit line, and with a static key in circulation there are such reads.

What was not run

Table encryption, which needs a key service. Lakekeeper’s OpenFGA authorisation model, which is per object and was not configured in this lab. Trino’s own access-control layer and per-user catalog credentials, which are the fix for the flattening and were not deployed. A cloud IAM with prefix conditions on ListBucket, which would show whether the own-prefix listing denial is SeaweedFS’s alone. And the analyst’s rewrite_data_files cleanup after the refusal was observed as nine deletes, not verified as the same nine files.

Exercises

1. Find the static keys. List every place a storage credential is configured on your platform: engine catalogs, notebooks, connectors, maintenance jobs, the counting proxy. For each, ask which tables it can read that the holder’s catalog grants do not allow.

Show answer
The list is longer than the catalog’s principal list, and every entry beyond it is a reader the catalog does not know about. The maintenance jobs are the hardest to retire, because they need every table; they are also the ones a compromised key most resembles.


2. Write through a flattened engine. With a user that has no catalog principal, insert a row through Trino and then find the write in the catalog’s audit log.

Show answer
The log records the catalog’s own principal for Trino, not the user, and the only trace of who ran the statement is in Trino’s query history. An audit that has to join two logs to name a writer is an audit with a gap the size of the join.


Final thoughts

Three planes, and a request has to pass one. The catalog’s grants held exactly where they apply — at the commit, after the write. The storage key read everything and twice over. Vending made the storage plane enforce the catalog’s decision, to the byte, and only for the readers who asked the catalog. Trino asked as root for everyone. The view expanded into the table it was meant to hide.

The next chapter is the day the catalog is gone, or the region is. What a backup of the catalog is and is not, why copying the bucket does not copy the tables, and a game day that recovers the bookshop from its metadata alone.





Copying the Bucket Is Not Copying the Table

A table being written to every few hundred milliseconds, and a bucket replication that copied its data files first and its metadata files last, with two commits landing in between.

  data first, metadata last:   copied 4 + 13 objects with 2 commits in between
     replica's newest metadata: 4 snapshots, references 8 data files, 4 MISSING;  scan -> FAILED: Path does not exist
  metadata first, data last:   copied 13 + 12 objects with 2 commits in between
     replica's newest metadata: 4 snapshots, references 8 data files, 0 MISSING;  scan -> 4,000 rows

Same table, same writer, same replica, and nearly the same number of objects copied: seventeen and twenty-five, the difference being the two commits’ worth of files that the second half of each copy did or did not include. One order produced a replica whose newest metadata names four data files the replica does not have, and a scan that fails on the first of them. The other produced a replica that is a consistent, slightly older table, which is what a replica is supposed to be. Bucket replication copies objects. A table is a metadata file that names objects, and the naming is what has to be consistent — which no object copy knows about.

A readable replica is the starting point for the two recovery drills below: losing the catalog and losing the region. Each was produced in the lab, recovered and timed. Each recovery also validates history: rows, snapshot counts, and the tags and branches from chapter 10, before and after. A recovered table that has the rows and not the tags has lost the audit holds — and a file count would not have said so.

The catalog is gone

Every table in a namespace dropped from the catalog with its files untouched, which is what a catalog database loss looks like from the tables’ side.

  8 tables; before:  audit 12,000 rows, 4 snaps, refs [main, month_end, week_end];  dev 12,000, 10, [feature, main];
                     held 20,000, 3, [hold, main];  orders 40,000, 8, [dev, main, q2_close]; …
  load a dropped table: FAILED -> does not exist: stage13.audit
  re-registered 8 tables from the newest metadata.json under each prefix in 0.4s (0.05s per table)
  history validated: 8/8 identical (rows, snapshot count, refs, schema)

The recovery is a listing and a loop: for each table prefix, find the metadata files, register the newest. Fifty milliseconds a table, and every tag, branch and snapshot came back, because all of it lives in the metadata file and none of it lives in the catalog. The catalog holds one pointer per table, and everything else is on the store. A catalog backup is therefore a backup of a list of pointers. The list can be rebuilt from the store in the time it takes to list it — which is why this chapter does not back the catalog up at all. It backs up the ability to enumerate table prefixes, which is a namespace listing, and it keeps the store.

To check that the recovered tables retained their history, the drill needed more than a successful read. Before the loss, each table was reduced to a record: row count, snapshot count, the sorted list of references with their snapshot ids, the number of schema fields, and the metadata file’s name. After the recovery the same record was taken again and compared as a whole. The orders table came back with its q2_close tag on the same snapshot id and its dev branch on the same head. The audit table came back with both tags and their lifetimes. The development table came back with a branch ten snapshots deep. None of that is visible in a file count, and all of it would have been lost by a recovery that registered a metadata file from before the tags were made.

The trap is in the word “newest”.

  stage17.t5: metadata files [00000, 00001, 00002, 00003-02053a, 00003-f2b549, 00004, 00005];  pointer 00005;  newest by name 00005 -> same
  stage17.t1: metadata files [00000, 00001, 00002, 00003, 00004, 00005-3e14e0, 00006-3e14e0];  pointer 00005;  newest by name 00006 -> DIFFERENT

Chapter 14’s forked table has two files at version three and the newest by name is still the right one. Chapter 14’s stray — a metadata file a failed commit left behind — sorts after the pointer, and a recovery that registers the newest by name registers the stray. In this run the stray was a copy and the state would have been the same. In a real failed commit it is the state that was refused, which may be the overwrite chapter 14 rolled back. The newest metadata file on the store is not the table’s state; the catalog’s pointer was. A recovery that has lost the pointer needs a second source for it. The previous catalog’s own log is one. The metadata file’s metadata-log field is another. Every file lists its predecessors, so a file that no other file lists as a predecessor is either the true head or a stray. Two such files under one prefix means one of them is a stray. The third is a policy that a failed commit’s file is cleaned up before the next recovery could see it, which is chapter 9’s orphan cleanup on a schedule shorter than the recovery drill’s.

The region is gone

A second object store standing in for the replica region, the namespace’s objects copied to it, and a fresh catalog on the replica side built from the copy.

  replicated 570 objects, 5.6 MB, in 2.8s (data first, metadata last)
  DR catalog: 8 tables registered and read from the replica in 0.4s;  history identical to the primary's pre-loss state: 8/8

The replica catalog is a PyIceberg SQL catalog with its storage endpoint pointed at the second store. It was populated the same way as the first recovery: list the prefixes, register the newest metadata file. Its entire state after the recovery is eight rows in a SQLite file, one per table, which is what a catalog’s state is once the metadata files are somewhere safe. Eight tables, every tag and branch, in less than half a second, and every row readable from the replica. The DR catalog is not a replica of the primary catalog — it is a new catalog built from the replica’s metadata files. That is the design that makes the recovery time a function of the number of tables and nothing else. It is only possible because the copy above happened to be consistent, which is what the rest of the chapter is about.

This successful copy used data first, metadata last — the order that left four files missing in the opening. Here nothing was writing to the namespace during the copy. That quiet interval explains the different result; it does not establish that the order is safe under a live writer.

The bucket has a different name

The same replica, into a bucket called warehouse-dr, with nothing under the original name on the replica side.

  objects under s3://warehouse/stage13/audit/ on the replica: 0;  under s3://warehouse-dr/stage13/audit/: 44
  register from s3://warehouse-dr/…/00015-….metadata.json:   OK
  scan:   FAILED -> does not exist 'warehouse/stage13/audit/metadata/snap-8001950488593599572-1-….avro'
  the metadata file's own paths:  s3://warehouse/stage13/audit/metadata/sn…

The registration succeeds, because the catalog reads the one file it was pointed at. The first scan fails on the first manifest list, because every path inside the metadata file is absolute and names the original bucket. Chapter 2 found this on a plain copy, and the repair is the same. rewrite_table_path, run on the healthy source before the disaster, produces a staged copy of the metadata with the paths rewritten. A replica in a differently named bucket is not readable until its metadata is rewritten, and the rewrite has to be part of the replication, not part of the recovery. The recovery may not have a healthy source to run it against. The first run of this test passed by accident: the replica’s own warehouse bucket still held the same objects, and the absolute paths resolved against them. A test that passes for the wrong reason is worse than one that fails — and it took a second run with the original prefix emptied to see it.

Bucket replication is not table replication

The opening failure follows from what a metadata file contains: paths to data files and manifests. A copy that moves the data files first and the metadata files last, with writes continuing, copies a metadata file that names data files committed after the data copy finished. The replica’s newest state points at objects it does not have, and the newest state is what a recovery will register.

The other order is safe for the same reason. A metadata file copied first names only files that existed when it was copied, and a data copy that finishes later is a superset of those. The replica’s newest metadata is older than the primary’s by the copy’s duration — and it is consistent. Copy metadata first and data last, and the replica is a consistent table as of the metadata copy. Copy the other way and it is a set of objects.

Three things follow. Object-store replication services copy in whatever order they like. A replica built by one has to be validated the way the probe validated it: register the newest metadata, list the files it references, check each exists. Every uncommitted file on the primary, from chapter 14’s failed commits and chapter 11’s restored checkpoints, is replicated too. It is as much an orphan on the replica as on the primary. And the replica’s consistency is per table: the check is a loop over tables, and one table failing it does not mean the others did.

RPO and RTO, with the numbers

The recovery point is the age of the replica’s newest consistent metadata file. With metadata copied first, that is the copy interval plus the copy duration. With the other order, it is undefined until the validation finds the newest metadata whose files all exist — which may be several commits back. On the lab the copy took 2.8 seconds for 570 objects; on a platform the interval dominates.

The recovery time is three parts, two of them measured. Discovery, which is a listing of table prefixes. Registration, at fifty milliseconds a table, which is four minutes for five thousand tables on one client and can be parallelised. And the engines, which have to be pointed at the replica’s catalog and the replica’s endpoint. Chapter 11’s Polaris override showed that the endpoint is one configuration in the catalog and not one per engine. The catalog’s own state is not on the recovery path at all.

What is not measurable on this lab, and is labelled as judgment, is whether the replica region runs a warm catalog or a cold one. A warm catalog registers continuously as the replication lands, so that failover is a DNS change. A cold one is built at recovery time from the listing. The warm one has a recovery time of seconds and a second catalog to keep consistent. The cold one has a recovery time of the registration loop and nothing to keep consistent. The bookshop, with a few hundred tables, takes the cold one.

The game-day script

The game-day sequence records the expected state before the loss, then checks the recovered tables against it. The final step deliberately uses the wrong copy order to test whether the validation catches an incomplete replica.

1. record   for each table: rows, snapshot count, refs, schema, metadata location   (the pre-loss state)
2. lose     drop the namespace from the catalog / point the engines at the replica endpoint
3. discover list <warehouse>/<ns>/<table>/metadata/*.metadata.json per prefix
4. choose   the newest file whose predecessors match the metadata-log chain; never simply the newest by name
5. register register_table(ns.table, that file) in the recovery catalog
6. validate for each table: every referenced file exists; rows, snapshots, refs, schema equal step 1
7. time     steps 3–6 per table; that is the RTO
8. drill    repeat with the replica copied in the wrong order, and confirm step 6 catches it

Step 6 is the one that distinguishes a drill from a demo. Without the reference comparison, eight tables could return the right rows while losing their tags — and the drill would report success despite losing the audit holds.

What to decide

Do not back up the catalog — back up the ability to rebuild it. One pointer per table, rebuilt from the store in fifty milliseconds each.

Replicate metadata first and data last, or validate every replica by referenced-file existence before trusting it. Never register the newest metadata file by name alone.

Rewrite paths as part of replication when the bucket name changes. The recovery has no healthy source to run the rewrite against.

Validate history, not counts. Rows, snapshots, refs, schema, per table, against a record taken before the loss.

Run the wrong-order drill. The replication that passed was the one that was not being written to.

What was not run

A replication service’s own ordering, rather than a copy loop whose order the probe chose. A warm replica catalog kept in step with replication. A recovery under a writer that keeps writing to the primary during failover — which is the split-brain that chapter 14’s forked history is the small version of. And the credential-vending dependency on the replica side: the replica catalog here used static keys, and a vending catalog needs its token service replicated too, which chapter 15 flagged.

Exercises

1. Validate a replica you did not build. Take any replicated bucket and, for one table, register its newest metadata file in a scratch catalog and list the files it references against the bucket.

Show answer
If any referenced file is missing, the replication copied metadata after data under writes, and the next-newest metadata file whose files all exist is the recovery point. The number of metadata files between that one and the newest is how many commits the replica is behind in the worst case.


2. Find the stray before the drill does. For every table, compare the newest metadata file by name with the catalog’s pointer.

Show answer
A mismatch is a failed commit’s file, and a recovery by newest-by-name would register it. The orphan cleanup removes them after a day; a recovery drill run inside that day will find them, which is the argument for the drill’s step 4 reading the metadata-log chain rather than the listing.


Final thoughts

The catalog turned out to be the easy part. One pointer per table, rebuilt from the store in the time it takes to list it, with every tag and branch intact because none of them ever lived in the catalog. The store turned out to be the hard part — and not because copying it is difficult. Copying it is trivial, and a trivial copy in the wrong order under a live writer produced a replica that registered cleanly and could not read its own newest state. The recovery point of a lakehouse is the age of its newest consistent metadata file, and consistency is a property of the copy order that no object store enforces.

A managed service changes who operates this infrastructure, but you still need to know what a recovery preserves. The next chapter compares the jobs those services take on with the decisions and operations they leave available.





What the Service Takes Off Your Hands, and What It Takes Away

Chapter 10 found that a tag on a table doubles its storage through every compaction, and set a retention policy with tags on the quarter closes. Amazon S3 Tables, read against that policy:


Snapshot management is disabled when you configure a branch or tag-based retention policy, or configure a retention policy on the metadata.json file that is longer than the values configured through the PutTableMaintenanceConfiguration API. In these cases S3 will not expire or remove snapshots and you will need to manually delete snapshots or remove the properties from your Iceberg table to avoid storage charges.



That is the shape of every trade in this chapter. A managed service runs a maintenance job for you, and in exchange it takes a decision away — and the decision it takes is one this book measured. The service’s snapshot management will not run on a table that carries chapter 10’s tags. The platform chooses: the service’s expiry, or its own retention classes. It does not get both.

This is the one chapter of the book that could not be run. The lab has no managed service in it, and a chapter that ran one vendor’s free tier would have measured that tier. Every claim below is taken from the vendor’s own documentation as it stood in September 2026, quoted where the wording matters, and marked with the chapter it bears on. Book 5 is the run-verified field guide for one of the five; this chapter is the comparison, and it is judgment, labelled.

What “managed” means, in the book’s terms

The platform now has an ownership list: storage and requests (chapter 2), the catalog (3), engine certification (5), table design (6 and 7), and maintenance (8–11). The health pack (13), runbooks (14), authorisation (15) and replica (16) cover operating it. A managed service takes on some of that work, with its own configuration choices and limits. For each item, the comparison asks whether the service runs it, how much control remains, which operations it refuses, and whether the table can leave.

Five services, against the chapters

Amazon S3 Tables. Storage and catalog in one: a table bucket, an Iceberg REST endpoint at https://s3tables.<region>.amazonaws.com/iceberg, and three maintenance jobs. The jobs are compaction, snapshot management and unreferenced-file removal — each with a small set of parameters set through the service’s API rather than table properties. Compaction targets 512 MB with a 64 MB minimum and supports binpack, sort and z-order. The documentation notes what chapter 8 measured: “user and compaction transactions can conflict causing transactions to fail. If conflicts occur, compaction jobs will retry on failure. It is recommended that your pipelines also use retry logic.” Snapshot management keeps a minimum count and a maximum age, one snapshot and 120 hours by default. It “does not support retention values you configure as Iceberg table properties … including branch or tag-based retention”. Set those and it switches itself off. Unreferenced-file removal runs at the bucket level with a three-day default and a one-day minimum — which is chapter 14’s guard in a different place. Priced by storage, requests, an object-monitoring fee per object, and the objects and bytes compaction processes.

Snowflake. Snowflake-managed Iceberg tables, with maintenance the documentation describes as automatic and not disableable. “Snowflake handles all lifecycle maintenance, such as compaction, for the table,” and manifest compaction “is enabled automatically and you can’t disable it.” External engines reach the tables through the Horizon catalog’s Iceberg REST endpoint, with Apache Polaris integrated into it. Reads are generally available. Writes from external engines are documented as available for v2 and v3 tables through the same endpoint, with credential vending on request. The external-writer restrictions are what determine whether the bookshop’s jobs can use that endpoint. No CREATE TABLE AS SELECT. No equality deletes. No creating tags and branches, no rollbacks, no upgrading v2 to v3, and no writes to converted externally-managed tables. Read that against chapter 10 (tags and branches), chapter 11 (equality deletes are what a Flink upsert produces), and chapter 14 (rollback is the recovery). Billing for the external-engine path is documented as starting in the second half of 2026.

Databricks. Unity Catalog managed Iceberg tables, where “Unity Catalog manages all read, write, storage, and optimization responsibilities.” The Iceberg REST catalog gives external clients “read, write, and create access … to managed Apache Iceberg tables and read-only access to Delta Lake tables with Apache Iceberg reads enabled”. The second is the older UniForm path. Predictive optimization “automatically optimizes data layout and compute using AI, without manual maintenance operations”. Automatic liquid clustering “selects and updates clustering keys as query patterns change” — which is chapters 6 and 7 done by the service. Credential vending “provides temporary, scoped credentials that inherit the privileges of the requesting Databricks principal”, which is chapter 15’s mechanism with the identity attached. Iceberg v3, with deletion vectors, row lineage and the variant type, is documented as generally available. The limits the documentation states: external writes to managed Iceberg tables in private preview at the time of reading, no shallow clones, and no path-based access.

Google BigQuery. The Lakehouse Iceberg REST catalog, formerly BigLake metastore, supports “read and write operations” from Spark, Flink, Trino and Terraform. Credential vending is described as “a storage access delegation mechanism that lets Lakehouse runtime catalog administrators control permissions directly on Lakehouse runtime catalog resources”. Two limits bear on this book directly. “You can’t create or modify tables in the Apache Iceberg REST catalog endpoint using BigQuery data definition language (DDL) or data manipulation language (DML) statements”, which splits the platform’s tables by which engine may write them. And a one-megabyte limit on the metadata file — which is chapter 9’s 558 KB table with a hard ceiling two hundred snapshots away. Parquet only, no row or column security, v2 generally available and v3 with deletion vectors in preview. Automatic optimisation is documented as generally available for tables in the BigQuery catalog and in preview for the REST catalog’s.

Microsoft OneLake. Not a managed Iceberg service but a virtualisation. “Delta Lake tables now include virtual Iceberg metadata, allowing compatibility with Iceberg readers,” generated by the service. Iceberg tables written or shortcut into OneLake get virtual Delta metadata the other way. The Table APIs, in preview, expose an Iceberg REST catalog. The conversion limits matter directly to a streaming workload. Iceberg v2 only, with v3 “coming”. “Source tables must have fewer than 5,000 transactions or commits for the table format conversion to take place” — which chapter 11’s five-second writer reaches in seven hours. Conversion latency of “between 5 seconds and 2 minutes”, with a warning that updates more frequent than once per two minutes produce “an inconsistent view”. The bucket, truncate and void partition transforms unsupported — which removes chapter 7’s redesign A. And, stated plainly: “the metadata files of an Iceberg table refer to each other using absolute path references. If you copy or move an Iceberg table’s folder contents to another location without rewriting the Iceberg metadata files, the table becomes unreadable”. That is chapter 16’s finding in a vendor’s words.

The matrix

Each cell is the service’s documentation read against the chapter that measured the item. “Service” means the service runs it and the platform configures at most a parameter; “yours” means the platform still owns it; “refused” means the service’s version will not do it.


















































































































	Item	Chapter	S3 Tables	Snowflake	Databricks	BigQuery	OneLake
	store and request bill	2	service, priced per object and request	service	service	service	service
	catalog	3	service, REST	service, REST (Polaris inside)	service, REST	service, REST	service, REST (preview)
	compaction	8	service; binpack, sort, z-order; conflicts retried	service, not disableable	service (predictive optimisation)	service (GA in one catalog, preview in the other)	not applicable: Delta underneath
	manifest and metadata	9	service	service, not disableable	service	metadata file capped at 1 MB	regenerated by conversion
	retention with tags and branches	10	refused: tags disable snapshot management	refused for external writers	yours	yours	not applicable
	streaming writers, equality deletes	11	yours	refused: no equality deletes from external engines	yours	yours	refused: 5,000-commit limit, 2-minute conversion
	rollback	14	yours	refused for external writers	yours	yours	not applicable
	credential vending	15	yes	yes	yes, with the principal’s identity	yes	not documented
	bucket transforms	7	yours	yours	yours	yours	refused
	format v3	appendix	yours	v2 and v3	v3 GA	v3 preview	v2 only
	the table can leave	16	files are yours; catalog is the service’s	files are yours after export; catalog is the service’s	files are yours; catalog is the service’s	files are yours; catalog is the service’s	files are Delta; the Iceberg is virtual


Where the lock-in is, and where it is not

Every row of the last line says the same thing: the files are portable and the catalog is not. The format is open, and chapter 16 showed that a table is its metadata files plus a pointer. The pointer lives in the service. So do the maintenance schedule, the grants, and the audit log chapter 15 wanted. Leaving is chapter 16’s recovery run against the service’s storage — and it recovers the tables. It does not recover the retention classes, the compaction policy, the health pack’s history or the principals, because those were never in the format.

The ownership list makes the trade concrete. The service takes the jobs of chapters 8, 9 and sometimes 10 and 13 off the platform’s hands. It takes away the parts of chapters 7, 10, 11 and 14 that its version refuses. The chapters it refuses are the ones this book spent the most pages measuring — which is not a coincidence. They are the ones where the right answer depends on the workload, and a service has to pick one answer for everyone.

When to accept it

A restriction matters when it blocks something your platform needs. The matrix becomes useful when you mark those overlaps, rather than treating every supported feature as an equal benefit.

Accept the service when its refusals are things the platform does not do. A fleet of batch tables with no tags, no streaming writers, no bucketed keys and no rollbacks in its runbooks loses nothing to S3 Tables. It gains three maintenance jobs and a catalog. The bookshop is not that fleet: chapter 10 tagged the quarter closes, chapter 11 streams the events, chapter 7 bucketed the orders, chapter 14 rolled back twice.

Keep the platform when the workload is the point. Chapters 6 and 7 found that layout decisions are workload-specific and that the folklore answer lost twice. Chapter 8 found that the compaction strategy the documentation recommends did nothing on small partitions. A service’s “automatic” is a policy chosen for the median table, and a platform whose tables are not median pays for that in the chapters it can no longer run.

Read the refusals list before the feature list, because an unsupported operation can rule out the service even when the rest fits. The S3 Tables considerations page and Snowflake’s unsupported-operations list expose those constraints. Chapter 5’s rule was that compatibility is a test result; here — where the test cannot be run — the refusals list is the nearest thing to one.

Plan the exit before the entry. Chapter 16’s game day against the service’s storage, run once, tells the platform what leaving costs. If the answer is “the tables, and none of the policies”, the policies had better be in version control somewhere the service is not.

What was not run

This chapter, entirely. Every claim is documentation, dated September 2026, quoted where it decides something and paraphrased where it does not. Prices are described and not computed. Book 5 runs one of these services end to end and is where the measured version of this comparison lives for that service. The other four remain judgment, and this chapter says so at the top and here.

Exercises

1. Fill the matrix for your platform. Take the eleven rows above and, for each, write what your platform does today and which chapter’s artifact holds the decision. Then mark the rows a candidate service would refuse.

Show answer
The rows the service refuses that your platform uses are the cost of moving — and they are always the workload-specific ones. If the marked rows are empty, the service is a good trade and the exit plan is the only thing left to write. If they include tags, streaming or rollback, the service is asking the platform to give up the chapters it needed most.


2. Read one refusals page. Pick the service closest to your platform and find its equivalent of the S3 Tables considerations page. List every “not supported” and “disabled when” against the chapter it bears on.

Show answer
The list is longer than the feature page and shorter than this book, and every item on it maps to a chapter, which is the test of whether the book covered the right ground. An item that maps to no chapter is either a feature the book missed or a limitation nobody measured, and either is worth an edition note.


Final thoughts

A managed service is the book’s maintenance chapters run by someone else, on their schedule, with their defaults. And a page in their documentation listing the chapters they will not run. The files stay open and the decisions do not — and the decisions are where the seventeen chapters before this one spent their measurements. The bookshop keeps its platform, reviews the matrix yearly, and keeps its exit rehearsed, because the one thing every row agrees on is that the way out is chapter 16.

The last chapter puts a price on every line the book measured and names who owns it.





The Bill Is a Table Too

Chapter 2 counted the requests behind every operation on a one-table bookshop. Chapter 11 measured a streaming writer committing every five seconds. Put the two together.

  one commit (ch2):       7 requests   (1 PUT data, 2 PUT metadata, 2 GET metadata, 2 HEAD)
  one day at 5 s (ch11):  17,280 commits  x  7  =  120,960 requests, before a single query runs
  of which PUTs:          51,840   (priced at roughly ten times a GET)
  files left behind:      51,840 data files, 17,280 manifests, 17,280 manifest lists, 17,280 metadata files

That is the writer’s bill, per table, per day, on an idle platform — and none of it is a query. The same calculation connects the other measurements to a budget: multiply an operation’s footprint by how often the platform runs it, then apply the store’s price. The prices in this chapter are the published list prices of one large object store at the time of writing, and they are labelled as such. The book did not run against it. The counts are the lab’s, and they are the part that transfers.

Those costs need owners as well as estimates. The eight-line model below connects each expense to a measurement and a decision; the production review then checks who owns that decision and what evidence supports it.

The eight lines



















































	Line	What it counts	Where the number comes from
	storage	bytes on the store, referenced and not	ch9’s 171 MB of metadata copies; ch15’s twice-the-rows prefix
	requests	PUT, GET, LIST, DELETE per operation	ch2’s table; ch8’s compaction; ch11’s commit rate
	maintenance compute	engine time for rewrites, expiry, cleanup	ch8’s seconds per rewrite; ch13’s pack at a second per table
	query compute	engine time per query	ch6’s medians; ch9’s planning share
	transfer	bytes leaving the store’s region	the load-table payload, times engines; replication, ch16
	catalog service	requests to the catalog and its payload	ch9’s 560 KB per load; ch15’s forty-seven log lines per session
	observability	the pack, the health table, the logs	ch13’s hourly pass
	engineering time	the runbooks, the drills, the reviews	ch14’s eight runbooks; ch16’s game day


The measurements below fill the model where the lab supplies a count or duration. Engineering time remains an explicit, unmeasured line.

Requests: the commit is the unit

Chapter 2’s table gave a one-row insert a fixed footprint of seven requests and a fifty-thousand-row insert thirteen. The cost of writing is the number of commits — not the number of rows. Chapter 11’s streaming writer is therefore the most expensive thing on the platform per byte, and the checkpoint interval is its price control.


































	Checkpoint interval	Commits per day	Requests per day	PUTs per day	Files created per day
	5 s	17,280	120,960	51,840	51,840 data + 51,840 metadata
	30 s	2,880	20,160	8,640	17,280
	5 min	288	2,016	864	1,728


At the published prices, PUTs at five thousandths of a cent per thousand and GETs at four ten-thousandths, the five-second row is about thirty cents a day in requests. The number that matters is not the thirty cents. It is the fifty-one thousand files, each of which every query has to open until chapter 8’s compaction folds them, and each of which chapter 9’s manifests reference until expiry. A writer at five seconds has to be paired with maintenance at chapter 11’s schedule — or the request bill moves from the writer to every reader.

Requests: what compaction buys back

Chapter 8’s numbers, on the streaming-shaped table.

  before compaction:  customer query 450 GETs, 2.4 MB;   day query 15 GETs
  compaction:         150 -> 30 files, 8.5 MB written, 30 PUTs, 1.0 s
  after:              customer query 100 GETs, 7.6 MB;   day query 3 GETs

The rewrite cost thirty PUTs and 8.5 MB of transfer within the region. Every customer query after it saves 350 GETs, every day query saves twelve. At the published prices the rewrite’s thirty PUTs cost about what one customer query’s 350 GETs cost, so in requests alone it pays for itself after the first query that follows it. The first draft of this sentence said two hundred queries; the cost model in the companion, run with the same numbers, said one — and the model was right. The byte column went the other way, tripling per customer query, and on a store that prices egress the calculation has a second term. Chapter 8’s return-on-cost rule is this arithmetic with the platform’s own query rate in it. A compaction that does not pay back inside its own schedule interval is scheduled too often.

Storage: the bytes nobody references

The storage bill includes objects a query never counts: old metadata copies, replaced data files and files retained by holds. These measurements put a size on each source.

  ch9:   601 metadata files, 171 MB, for a table whose data is under 1 MB;  500 of them orphans after retention was set
  ch15:  the curated orders prefix holds 120,150 rows of files for a 60,075-row table
  ch10:  a tag doubles a table's data storage through one compaction

Storage on a lakehouse is data, plus history, plus orphans, plus holds — and only the first is what a SELECT count(*) describes. The published storage price is a little over two cents per gigabyte-month. That makes none of this expensive at the bookshop’s size, and all of it expensive at a thousand times the bookshop, where the metadata-copy line alone is the size of a small table per table. The lines are bounded by chapter 10’s retention, chapter 9’s delete-after-commit, and chapter 14’s orphan cleanup. The health pack’s store-minus-metadata check is how the model knows what it is paying for.

Catalog service: the payload per load

Chapter 9 measured the load-table response at 560 KB for a table with six hundred snapshots and 12 KB after expiry. Chapter 15 measured one Spark session’s read as forty-seven catalog requests. Chapter 13’s pack makes nineteen metadata queries per table per pass.

  40 engines and dashboards x 1 load/minute x 560 KB  =  32 GB/day of catalog egress for one unexpired table
  the same table after expiry:                            0.7 GB/day
  the health pack, hourly, 1,000 tables:                  19,000 catalog requests/hour

A managed catalog prices requests and, sometimes, egress; a self-hosted one prices the machine and, chapter 3 found, the database behind it. Either way the payload is the lever, and the payload is the snapshot count — which is chapter 10’s retention policy expressed in bytes.

Compute: maintenance and queries

The maintenance compute line is the sum of the schedules. Chapter 8’s rewrites at a second per streaming-shaped table. Chapter 9’s manifest rewrites, chapter 10’s expiry, chapter 14’s cleanup. Chapter 13’s pack at a second per table per hour. On the bookshop’s few hundred tables it is minutes of one engine per hour. The query compute line is chapter 6’s and chapter 7’s medians times the query rate. The only thing this book can say about it in general is chapter 9’s finding: a query’s planning share is fixed by the manifest count and its execution share by the file count, so both maintenance lines reduce it.

Transfer: replication is a read of everything

Chapter 16 replicated 570 objects and 5.6 MB in 2.8 seconds. A replica region reads every byte the primary writes, once, plus every byte replication re-copies. For a copy that runs metadata-first that is nothing; for one that runs data-first it is the validation’s re-copy. At the published inter-region transfer price, two cents a gigabyte, the bookshop’s replica is cents a day. A platform’s is the same fraction of its write volume, and the write volume is the streaming writers’ fifty thousand files a day times their size.

The operating model: who owns each line




























































	Line	Owner	Decides	Reviews with
	requests	the writer’s team	checkpoint interval (ch11), commit batching	the platform team, from ch13’s commit cadence
	maintenance	the platform team	ch8–10 schedules, ch11’s per-class schedule	the fleet score (ch8)
	storage	the platform team	retention classes (ch10), cleanup (ch14)	the store-minus-metadata check (ch13)
	catalog	the platform team	retention, delete-after-commit (ch9), vending (ch15)	load-table size per table
	query compute	the consumers	layout requests to the platform (ch6, ch7)	interleaved medians
	transfer	the platform team	replication order and interval (ch16)	the game-day drill
	observability	the platform team	the pack, the rules, the classes (ch13)	rule accuracy over the health table
	engineering time	everyone	the runbooks (ch14), the drills (ch16), this review	the post-incident list


The ownership rule is the one chapter 13 found for alerts: a line is owned by whoever can change the number. The writer’s team owns requests because they own the checkpoint interval. The platform owns storage because it owns retention. A line with two owners is a line nobody reduces.

The production review

The production review fits on one page per platform. Each row links a decision to its evidence and the artifact that implements it, so the review can distinguish an operating policy from an intention.












































































































	Decision	Chapter	Artifact	Status for the bookshop
	object store: conditional writes, request pricing understood	2	the request table	SeaweedFS; ch2’s table
	catalog: which, and what it refuses	3	the catalog decision record	Polaris, Postgres-backed; the fixture retired (ch8, ch11)
	conflict classes and isolation levels per table	4	the conflict matrix	serializable on orders; snapshot on events
	engine certification	5	the generated matrix	90 cells; PyIceberg on v3 views flagged
	table design per workload	6, 7	the worksheet; the skew SQL	orders bucketed by customer (ch7)
	compaction policy	8	the decision tree; the fleet score	binpack, scoped, partial progress; by checkpoint count for upserts
	metadata and statistics	9	the planning-latency probe	manifest cache on; stats for Trino
	retention classes	10	the policy template	hot / audit / dev
	streaming tables	11	the schedule; the runbook	5 s checkpoints on events; savepoints single-use
	change data	12	the convergence test	landing + curated per source
	table health	13	the SQL pack; the health table	hourly; classes declared
	incidents	14	eight runbooks	rehearsed on the lab
	authorisation	15	the policy test suite	vending everywhere; Trino behind access control
	disaster recovery	16	the game-day script	cold replica catalog; metadata-first replication
	managed or not	17	the operating-model matrix	self-hosted, reviewed yearly
	cost	18	this model	the eight lines, populated


Launch approval is every row having an artifact that exists, a status that was measured rather than asserted, and an owner from the table above. The bookshop’s page has one open row — chapter 5’s Kafka Connect sink — and one row that is judgment rather than measurement, chapter 17’s. A platform is ready when its page reads like that: every number traceable to a run, every gap named.

SLOs, from the numbers

The service levels the review commits to, each one a metric chapter 13’s pack or a writer’s dashboard already produces.



















































	SLO	Target	Source
	freshness, streaming tables	checkpoint interval + 1	ch11, ch13
	convergence time, change data	one checkpoint	ch12’s test
	commit success	every checkpoint completes; restores counted	ch11’s REST counts
	planning latency	metadata requests per query flat	ch9’s probe
	load-table payload	under 64 KB per table	ch9, ch13
	files per partition	under a threshold set from the fleet’s p90	ch13
	recovery time	registration loop under an hour for the fleet	ch16’s 50 ms per table
	recovery point	the replication interval	ch16


What was not run

Every price in this chapter is a published list price for one store, not a measured bill, and the book says so at each use. Engineering time was not measured at all — it is the line the review exists to make visible. And the query-rate multipliers are the bookshop’s assumptions, which is the one input the model cannot take from the lab.

Exercises

1. Price your writers. For each streaming table, take its checkpoint interval from the snapshot cadence in the health table. Compute commits, requests and files per day with the seven-request footprint. Sort by files per day.

Show answer
The top of the list is the table whose compaction schedule matters most, and usually the one whose checkpoint interval was set for latency nobody asked for. Doubling its interval halves every number in the row and costs the consumer the same seconds of freshness, which chapter 13’s freshness SLO will say whether anyone notices.


2. Price your history. For each table, take the metadata-file size from the health table and multiply by the number of engines that load it per day.

Show answer
The largest product is the table whose retention class is wrong, not the table with the most data. Expiry on that one table changes the catalog line more than any other single action, and the health table records the size before and after.


Final thoughts

The bill turned out to be a table like any other. Eight rows, each one a number this book had already measured, multiplied by a rate the platform chooses and a price the store publishes. The writer’s checkpoint interval was the largest lever and the least visible one. The metadata file was the second. The storage that the table does not count was the line that no query ever showed. Each has an owner, because each has exactly one number that changes it.

The appendix is the format’s next version, as it stood when this edition was written, and which of its promises the pinned release already keeps.





Appendix A: Version Four Is a Number, Not a Format

Two tables created by Spark 4.1.3 with Iceberg 1.11.0, one at format version 3 and one at format version 4, with the same two rows and the same merge-on-read delete. Then their metadata files, read off the store.

  v3 metadata.json: format-version 3, 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, next-row-id, table-uuid]
  v4 metadata.json: format-version 4, 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, next-row-id, table-uuid]

The key lists match — the version numbers differ. That alone was enough to change which engines could open the second table.

  Trino 483:         count(*) on v4 -> 1        (reads it)
  DuckDB 1.5.5:      count(*) on v4 -> 1        (reads it)
  PyIceberg 0.11.1:  load_table v4 -> FAILED: Input tag '4' found using 'format_version' | 'format-version'
                     does not match any of the expected tags: 1, 2, 3

This appendix is the state of format version 4 as of this edition, September 2026: what the jar says, what the spec says, and the distance between them. It is verified two ways and labelled accordingly. The behaviour of the pinned release was run on the lab. The state of the specification is taken from the project’s own record, the Iceberg Summit 2026 recap and the July 2026 status of the developer list, and is docs-verified. It will be updated per edition, and it asserts nothing about unreleased behaviour as behaviour.

What the jar says

  org.apache.iceberg.TableMetadata (iceberg-spark-runtime-4.1_2.13-1.11.0.jar):
    DEFAULT_TABLE_FORMAT_VERSION = 2
    SUPPORTED_TABLE_FORMAT_VERSION = 4
    MIN_FORMAT_VERSION_ROW_LINEAGE = 3
  CREATE TABLE … TBLPROPERTIES ('format-version'='5'):   Unsupported format version: v5 (supported: v4)
  ALTER TABLE v3 SET TBLPROPERTIES ('format-version'='4'):   OK, table reports 4

Book 1’s record noted that a format-version of 4 was accepted, and this is why. The library’s supported maximum is 4, one ahead of the released specification, because the version constant is raised when work on a version begins and not when it ships. A request for 5 is refused by name. A request for 4 is granted, and the table that results is a v3 table with a 4 written on it. The same metadata fields, the same row-lineage columns, the same delete files, nothing that v4 proposes.

The number is accepted — the format is not there. That is not a defect in the library, whose developers need to build v4 tables to build v4. It is a trap for anyone who reads “supported: v4” as an invitation.

What the specification says

The developer list’s status as of July 2026, which the Summit in the spring set out.

Voted into the specification. Relative paths, passed in May 2026, which allow every metadata location field to be relative to the table’s base location instead of an absolute URI. Chapter 16 spent a section on why that matters. A replica under a different bucket name registered and then failed on its first manifest list, and chapter 2’s repair for that was a full metadata rewrite. Relative paths make a relocated table readable without one. Also voted in May: a typed representation for content statistics, replacing the generic column-statistics maps with structures that preserve logical and physical type information. And in early June, a compact bitmap format, intended to make the bitmap structures behind deletion vectors leaner and more broadly useful.

In active design, with public syncs. The adaptive metadata tree and single-file commits, which are the proposals that would change chapter 9 most. A commit that writes one file instead of a manifest, a manifest list and a metadata file. A metadata structure that adapts its depth to the table’s size. The open question inside them — whether the partition tuple stays in the metadata or is reconstructed from column bounds — decides what chapter 7’s partition summaries become. Offloading snapshot history from the metadata file, which is chapter 9’s 558 KB problem addressed at the format rather than by retention. The open question there is how a reader discovers offloaded history for time travel.

Contested. Efficient column-level updates, and whether they belong in Iceberg, in Parquet, or both. That one decides whether chapter 12’s copy-on-write merge of a whole row to change one column has a cheaper future.

Release. No v4 specification is released, and no v4 table can be set on the released specification. The 1.11 line from May 2026 is a v3 release, with v3’s deletion vectors, row lineage and variant type as its production features.

What this means for a platform

Do not set format version 4 on any table that another engine will read. The lab’s PyIceberg refused the table by schema validation before reading a byte. PyIceberg is chapter 12’s consumer, chapter 14’s recovery tool and chapter 16’s replica catalog. Trino and DuckDB read the table because they check the fields rather than the number. That leniency is the reason the number is dangerous — a table can be v4 for months on two engines before the third one is pointed at it.

Chapter 5’s certification matrix includes format version, with v4 tested per engine. The mixed results above show why a successful Spark write cannot establish compatibility for the platform. When v4 is ready, the same tests will identify which readers can use it.

The proposals that are voted are the ones to plan for. Relative paths change chapter 16’s replication design. A replica under a different bucket becomes readable without a rewrite, and the rewrite step in that chapter’s game day becomes conditional on the table’s version. Content statistics change nothing operational. The compact bitmap changes chapter 8’s delete-file arithmetic at the margin. None of the three is available in the pinned release, and none of them is claimed by this book as behaviour.

The proposals in design are the ones to watch, not plan for. Single-file commits would rewrite chapter 2’s request table, chapter 9’s manifest section and chapter 11’s commit-rate arithmetic. Snapshot offloading would rewrite chapter 9’s metadata-file section and chapter 10’s retention-as-payload argument. If they land, the next edition of this book re-measures them. Until then the numbers in those chapters are the numbers.

What was run, and what was read

Run on the lab, against the pinned release: the jar’s constants by javap; the creation, write and merge-on-read delete of v3 and v4 tables through Spark; the metadata files read from the store. Also the reads by Trino, DuckDB and PyIceberg, and the upgrade of a v3 table to v4 by ALTER TABLE. Read from the project’s record: the votes of May and June 2026, the design status of July 2026, and the release status of the 1.11 line. Not run, because it does not exist to run: any v4 behaviour.

Final thoughts

The pinned release will write the number four on a table today — and one of the platform’s four engines will refuse to open it. The specification that gives the number a meaning has three pieces voted in, three in design and one in dispute, and no release. The right response is the one this book has taken to every version claim: the jar is the fact, the specification is the intent, and a platform runs on facts. When the two agree, this appendix gets rewritten.


OEBPS/cover.jpg
SHARED INFRASTRUCTURE

APACHE ICEBERG

INTHE WILD

Iceberg as shared infrastructure — object storage, —
production catalogs, conflicting writers, streaming,
incidents and,the bill, run against Iceberg 1.11.0

Simon Sarkar

AN OPEN LAKEHOUSE ENGINEERING BOOK





