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The Database That Lives Inside Your Program

There is a gap in the database landscape that most engineers work around without noticing.

On one side sits SQLite: a database with no server, living inside your process, opened as a file. It is the most deployed database on earth, and it is built for transactions — read a row, update a row, insert a row. On the other side sits PostgreSQL, or Snowflake, or BigQuery: real analytical power, but with strings attached. A server you connect to, an account you provision, credentials you manage, and something running whether you are using it or not.

The gap is the middle. You have a few gigabytes of Parquet on disk, or a CSV your colleague sent, or a table you pulled from an API. You want to group it, join it, window it, and get an answer. You do not want to stand up a warehouse for that. You also do not want to load it into SQLite, which is going to be miserable at the shape of query you are about to write.

That gap is what DuckDB fills. This chapter is about why the gap exists, what it takes to fill it, and the part most introductions skip: the work you should not hand it.

Everything here was run against DuckDB 1.5.5.

The shape of the problem

Databases are built around an assumption about how rows are stored, and that assumption decides what they are good at.

A row store keeps each record together on disk. Row 1’s id, code and amount sit adjacent, then row 2’s, and so on. That is exactly right for a transactional workload: fetch the customer with id 4821 and you touch one contiguous piece of storage. SQLite is a row store. So is Postgres, in its default heap.

A column store keeps each column together instead. Every amount in one run of bytes, every code in another. Fetching one whole row now means touching several places — worse for transactions. But ask “what is the average amount by code across two hundred thousand rows” and the engine reads only the two columns the question mentions. It reads them in tight contiguous runs, and never touches the rest.

The difference is not marginal. Here is the same data — 200,000 rows of (id, code, amount) — loaded into both SQLite and DuckDB, then the same aggregate query run against each:

select code, count(*), avg(amt) from t group by code order by code;

sqlite :    82.6 ms
duckdb :     2.5 ms   (33.2x)
identical results: True

Thirty-three times, on identical data with identical results. And the files:

sqlite  4,276 KB
duckdb    780 KB

A fifth of the size, because a column of four repeating codes compresses in ways a column of mixed-type row records cannot.

Both numbers come from the same script on the same laptop, and neither is a benchmark you should quote. The point is not the multiplier — it will differ on your data and your machine. The point is that this gap is structural. No amount of tuning makes a row store good at scanning two columns of two hundred thousand rows, because the layout puts the other columns in the way.

What “in-process” actually buys

Columnar storage is not unusual — every cloud warehouse is columnar. DuckDB’s second choice is the one that makes it a different kind of tool: it runs inside your process.

There is no server. No port, no daemon, no pg_ctl start, no container. The database is a library your program links against, and a file it reads and writes. When your program exits, nothing is left running.

Three things follow, and they compound:

Setup collapses to an install. No account, no provisioning, no credentials, no network path. The verification for this entire book is uv pip install duckdb.

Data does not cross a wire. With Postgres, every row your query returns is serialized, pushed through a socket, and deserialized on the other side. That cost is invisible until you pull a million rows into a DataFrame and wonder where the time went. DuckDB hands you results in the same memory your program is already using — and with Arrow, often without copying them at all.

The unit of deployment is a file. Your database is analytics.duckdb. You can copy it, email it, check it into object storage, or delete it. There is no backup procedure to design before you can experiment.

Against SQLite this is the same architectural bet — in-process, file-based, embedded — aimed at the opposite workload. It is fair to call DuckDB “SQLite for analytics”, and the DuckDB team have never resisted the comparison. What the phrase obscures is that the workloads are genuinely different, not two speeds of the same thing.

Where it sits against what you already know

If you have read the SQL track, you know PostgreSQL 18. A server, a row store, MVCC, a planner you can read with EXPLAIN, and a connection pool in front of it. That is the reference model for most engineers, and it is the right one for an application database.

DuckDB inverts three of those assumptions and keeps the fourth:
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	Deployment	server you connect to	library inside your process
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That last row is why this book is not a SQL book. Your SELECTs, joins, CTEs and window functions transfer without modification — the SQL track teaches them once and they work here. What this book covers is everything the first three rows change.

The third row is the one that bites in practice, and it is stricter than most people expect. Chapter 3 gets to it properly, but the short version: while a writer holds the database file, a read-only connection is refused too. Not degraded — refused.

The jobs you should not give it

An introduction that only lists strengths is marketing. DuckDB is genuinely wrong for several common jobs, and the reasons are architectural rather than temporary.

It is not an application database. Your web service has many processes handling many concurrent requests, most of them small reads and writes of individual rows. That is the transactional workload a row store exists for, and the single-writer model makes it a non-starter regardless. Use Postgres.

It is not a shared warehouse. A file on your laptop is not queryable by your colleague, your BI tool, or a scheduled job at 3 a.m. There are answers to this — a later chapter covers MotherDuck and the remote protocol. But the default single-file model is genuinely local, and pretending otherwise is how teams end up emailing .duckdb files to each other.

It is not a cluster. DuckDB scales up. It will use every core you have, and it will spill to disk rather than fail when a query outgrows memory. It does not scale out. When one machine genuinely is not enough, that is a real boundary and not a configuration flag.

It is not a replacement for a warehouse you already have. Say your data is in Snowflake, your team’s SQL is in dbt, and your orchestration is in Airflow. DuckDB does not displace that. Where it fits is alongside — as the local development target that costs nothing, which is exactly the role it plays in the dbt book.

The honest summary: DuckDB is for analytical queries over data that fits on one machine, run by one process at a time. That is a narrower description than the enthusiasm around it sometimes suggests, and it is still an enormous amount of real work.

Why “fits on one machine” keeps growing

That constraint sounds more limiting than it is, and it is worth being precise about why.

A current laptop has 8 to 16 cores and 32 to 64 GB of RAM. Columnar compression routinely gets 5–10× on real analytical data — we saw 5.5× on a trivial three-column table above. A machine like that handles tens of gigabytes of Parquet comfortably, and DuckDB will spill to disk beyond that rather than fall over.

Most datasets people reach for a cluster to process are smaller than that. This is not a controversial claim any more. It is the observation behind the last several years of “your data is not big” writing, and DuckDB is the tool that made acting on it convenient.

The useful question is not “is my data big?” but “does my query need more than one machine?” The answer is no far more often than the tooling around us assumes.

What the rest of this book does

The chapters ahead follow the consequences of the two choices above.

Because DuckDB is in-process, the file becomes the unit of everything: storage, attachment, locking. Embedding it in Python or an application is a first-class story rather than an afterthought. Because it is columnar and vectorized, it can treat a Parquet file on disk as a table without loading it. It also runs a query plan that looks nothing like Postgres’s, and spills gracefully when the data outgrows memory. And because it is neither a server nor a cluster, the interesting edge is what happens when you outgrow one machine.

We start with the two things you touch first: getting it installed, and understanding the file it hands you.





Two Installs and a Shell Worth Knowing

Most databases have one installation story, because there is one thing to install: a server. DuckDB has two, and they are genuinely different tools rather than two downloads of the same thing.

The library is what you embed — import duckdb in Python, a dependency in Java or Node or Rust, a linked object in C++. It runs inside your program and it is how DuckDB ends up in production.

The CLI is a standalone binary with a shell attached. It is how you explore a file, check what a query does, and answer a question without writing a program around it.

You will want both. This chapter installs each, then spends most of its length on the shell. That is where you will spend your first few hours, and it has more in it than a first look suggests.

Everything here was run against DuckDB 1.5.5 on macOS.

The library

For Python, it is one package with no system dependencies:

uv pip install duckdb

That is the whole install. No server package, no initdb, no service to enable, no port. The wheel contains the entire database engine. That is worth sitting with, because it is the concrete form of the last chapter’s architectural claim. The database is a few megabytes of compiled code that your process loads.

Check it:

import duckdb
duckdb.connect().execute("select version()").fetchone()

('v1.5.5',)

The other clients follow the same shape — a JAR, an npm package, a crate — because there is nothing to install around them.

The CLI

The shell is a separate binary. On macOS:

brew install duckdb

duckdb -c "select version()"

┌─────────────┐
│ "version"() │
│   varchar   │
├─────────────┤
│ v1.5.5      │
└─────────────┘

Keep these two versions matched, or at least know when they drift. They are independent installs and nothing warns you. The drift is more survivable than the folklore suggests: DuckDB writes a backward-compatible storage format by default, and chapter 3 shows a 1.1.3 engine reading a 1.5.5 file. Matching them is still one fewer variable when a query behaves differently in the shell than in your script. Both of mine report v1.5.5, and the book pins that.

Running duckdb with no arguments drops you into an in-memory shell — a scratch database that exists only until you exit. Give it a path and it opens or creates that file instead:

duckdb analytics.duckdb

That distinction is the whole of the next chapter, so we will leave it there.

The shell, past the first query

The 1.5 release rewrote the shell, and it is more capable than the Postgres or SQLite equivalents in a few specific ways. .help lists everything; these are the parts worth knowing on day one.

Output modes change the shape, not just the styling. The default box drawing is for reading. The others are for piping:

duckdb -json -c "select 1 as a, 'x' as b"

[{"a":1,"b":"x"}]

duckdb -csv -c "select 1 as a, 'x' as b"

a,b
1,x

duckdb -line -c "select 1 as a, 'x' as b"

    a = 1
    b = x

-line is the one to remember for wide tables — a result with twenty columns is unreadable as a box and perfectly readable one field per line. Inside the shell the same modes are available as .mode json, .mode csv, .mode line.

It reads from stdin, which makes it a filter in a pipeline rather than only an interactive tool:

echo "select 'from stdin' as src;" | duckdb

┌────────────┐
│    src     │
│  varchar   │
├────────────┤
│ from stdin │
└────────────┘

Combine that with -csv and DuckDB becomes a SQL-shaped awk. It reads a file, runs real SQL over it, and writes CSV to the next process in the pipe. That is not a party trick. It is a genuinely useful position in a shell script, and it is only possible because there is no server to be running first.

The one composition rule that catches people

-c takes SQL. It does not take dot-commands, and the failure is not obvious:

duckdb -c ".mode line
select 1 as a;"

Invalid Command Error: Invalid usage of command '.mode'

Usage: '.mode MODE ?TABLE?'

The instinct — “the shell accepts .mode, and -c runs shell input, so this should work” — is wrong. Dot-commands are handled by the shell’s own parser, and -c goes to the SQL parser.

What you want instead is the equivalent flag, which is why -json, -csv and -line exist as command-line options at all:

duckdb -line -c "select 1 as a"

For anything more involved, put the dot-commands and the SQL in a file and run it with -f, where both are handled.

Choosing between them

Neither tool is the “real” one, and the choice is usually obvious once stated:

Reach for the CLI when the question is ad hoc. Inspecting a Parquet file someone sent you, checking what a query plan does, or getting a number out of a directory of logs without opening an editor.

Reach for the library when the answer feeds something else — a DataFrame, an API response, a scheduled job, a test. The library is also the only option when DuckDB is a component of an application rather than a thing you are using directly.

The important part is that they are the same engine over the same files. A database you build from Python opens in the CLI, and vice versa. There is no export step between them, and no server that has to be told about either.

What you have now

Two installs, both pinned to the same version, and a shell you can use as an interactive tool or as a pipeline stage.

What you do not yet have is any real sense of the thing the CLI has been quietly creating — the database file. Whether it exists at all, when it gets written, what happens when two processes want it, and how one database becomes several. That turns out to have more edges than a file usually does.





One File, One Writer, No Exceptions

A Postgres database is a directory you never open, managed by a process you never inspect, reachable only through a protocol. You know it exists because the server tells you.

A DuckDB database is a file. You can ls it, copy it, put it in object storage, or delete it with rm. That sounds like a simplification, and mostly it is. But a file has properties a server hides from you, and four of them are worth understanding before you build on top.

Everything here was run against DuckDB 1.5.5.

In memory, or on disk

Connect with no path and you get an in-memory database:

import duckdb
con = duckdb.connect()          # or duckdb.connect(':memory:')

Everything lives in your process. It is fast, it needs no cleanup, and it vanishes when the process exits. For a script that reads Parquet, computes an answer and prints it, this is usually what you want. There is no reason to persist a database you will never open again.

Give it a path and you get a file:

con = duckdb.connect('analytics.duckdb')

The extension is a convention, not a requirement; .duckdb and .db are both common. The file is created immediately on connect, even before you write anything. A fresh one appears the moment you open it, so a typo’d filename leaves a stray empty database behind rather than erroring.

When the file actually grows

This is the first surprise, and it looks like a bug the first time you see it.

Create a hundred thousand rows and check the file:

con.execute("create table t as select i, i*2 as d from range(100000) t(i)")

before checkpoint:  12 KB
after checkpoint:  524 KB

Twelve kilobytes, for a table you just built. The data is real — query it and it is all there — but it is not in the main file yet. It is in the write-ahead log, and DuckDB moves it into the database proper at a checkpoint.

Checkpoints happen automatically: when the WAL grows past a threshold, and when the last connection to the database closes cleanly. You can also force one:

checkpoint;

Two practical consequences. First, the file size on disk is not a live measure of your data. A small file may have a large WAL behind it, so comparing sizes mid-session tells you little. Second, and more important: this is why a clean disconnect matters. Close the connection and DuckDB checkpoints and tidies up. Kill the process instead and the WAL survives, and the next open replays it — which works, but means the file you copied in between was a partial picture.

If you have ever wondered why a DuckDB file sometimes seems to shrink after you close a session, that is the checkpoint reclaiming space it had been holding.

Several files, one query

A single file is the default, not the limit. ATTACH mounts another database into the current session:

attach 'reference.duckdb' as ref;

After that, ref is a namespace and you query across both as if they were one database:

select t.i, ref.dim.label
from t
join ref.dim on t.i = ref.dim.i
order by 1;

(1, 'one')
(2, 'two')

One query, two files on disk, an ordinary join between them. No federation layer, no foreign data wrapper, no configuration. This is the local equivalent of the cross-database references a cloud warehouse handles through a catalog.

duckdb_databases() shows what is mounted:

select database_name, path, type from duckdb_databases();

('ch3',    '/…/duckdb-verify/ch3.duckdb',  'duckdb')
('system', None,                           'duckdb')
('temp',   None,                           'duckdb')

Note that system and temp are always there. temp is where temporary tables live, and system holds the catalog itself. DETACH ref removes a mounted database from the session without touching the file.

The attach: block in a dbt profile, if you came here from the dbt book, is exactly this applied at connect time so every model sees the second database.

Attaching read-only is worth making a habit when you only mean to read:

attach 'reference.duckdb' as ref (read_only);

The lock, which is stricter than you expect

Here is the behaviour that actually shapes how you work.

DuckDB allows many readers or one writer, on the whole file. Not per-table, not per-row — the file. That is the price of having no server: there is no coordinating process to arbitrate between clients, so the operating system’s file lock does the arbitrating, and it is blunt.

The obvious consequence is that two writers collide. The non-obvious one is that a reader cannot get in either. If a process holds the database for writing and you try to open it read-only, promising to touch nothing, you are still refused:

IO Error: Could not set lock on file "…/analytics.duckdb": Conflicting lock

This catches people constantly, and the reason is that the error is identical to the ordinary case. You read “conflicting lock”, think “something else has this open”, and go looking for the other program. The other program is your own script, still running.

There is no flag that grants a read-only peek at a locked database. What works is copying the file:

cp analytics.duckdb snapshot.duckdb

That reads cleanly while a writer holds the original, and you open the copy freely. It is a point-in-time snapshot rather than a live view, and if the writer is mid-transaction you get whatever was on disk at that instant. For inspecting yesterday’s results while today’s job runs, it is entirely adequate.

The file, across versions

An ordinary file raises a question a server never makes you ask: what happens to it when the engine moves on? DuckDB ships roughly monthly, so this is not hypothetical.

The folklore says a newer DuckDB writes files an older one cannot read. Test it. Write a database with 1.5.5, then open it with 1.1.3 — four minor releases behind:

written by 1.5.5
opened by 1.1.3: (1000,)

It opened. So did the reverse, a 1.1.3 file read by 1.5.5. The reason is a default worth knowing:

select current_setting('storage_compatibility_version');

v0.10.2

DuckDB writes for compatibility with v0.10.2 unless you say otherwise. New storage features exist, but by default your files do not use them. So anything from v0.10.2 onward can still read what you write. That is a deliberately conservative default, and it is why the folklore usually does not bite.

You can opt out, and then it bites exactly as advertised:

duckdb.connect('latest.duckdb', config={'storage_compatibility_version': 'latest'})

Open that with 1.1.3:

IO Error: Trying to read a database file with version number 68,
but we can only read version 64.
The database file was created with an newer version of DuckDB.

There is the storage-format error, and note it names two integers rather than two release numbers. (The rest of that message, in 1.1.3, says the storage “will be stabilized when version 1.0 releases”. That advice was already out of date when the error was printed. Old errors age badly.)

Pass a version DuckDB does not know and it lists every one it does, which is the quickest way to see the valid set:

Invalid Input Error: The version string 'v9.9.9' is not a known DuckDB version,
valid options are: v0.10.0, v0.10.1, v0.10.2, … v1.5.0, v1.5.1, v1.5.2, …

So the practical rule is short. Leave storage_compatibility_version alone unless you need a new storage feature and control every reader. If you do change it, you have made your files unreadable by older engines on purpose, and that should be a decision someone wrote down.

The version-independent way out

When two engines genuinely cannot meet, there is an escape hatch that does not care about storage formats at all:

export database 'backup' (format parquet);

That writes a directory:

schema.sql
load.sql
base.parquet
extra_other.parquet

schema.sql is your database as DDL and load.sql is the COPY statements to refill it. Omit (format parquet) and you get CSV instead — Parquet is the better default here for the reason chapter 4 gives, since it carries its own types and CSV does not.

The question that decides whether this is a real backup is what it captures. It captures everything:

CREATE SCHEMA extra;
CREATE SEQUENCE s INCREMENT BY 1 MINVALUE 1 MAXVALUE 9223372036854775807 START 6 NO CYCLE;
CREATE TABLE extra.other(z INTEGER);
CREATE TABLE base(k BIGINT, v BIGINT);
CREATE MACRO dbl (x) AS ((x * 2));
CREATE VIEW vw AS SELECT k FROM base WHERE (k < 10);
CREATE INDEX idx ON base(k);

Schemas, sequences, tables, macros, views and indexes, emitted in dependency order so the file replays cleanly.

Look closely at the sequence. It was created with START 1 and advanced five times before the export, and the DDL says START 6 — the current position, not the original definition. Restore it and nextval returns 6, so a table keyed off that sequence does not start handing out ids it already used. That is the kind of detail a backup gets wrong quietly, and this one gets it right.

Restoring is the mirror image:

import database 'backup';

base       100 rows
vw          10 rows
nextval(s)   6
dbl(21)     42
extra.other  1 row

And the reason all of this is in a chapter about versions:

export from DuckDB 1.5.5 (in 'latest' storage format)
import into DuckDB 1.1.3  ->  1000 rows, sum 999000

The same database that 1.1.3 refused to open, it accepted through an export. Nothing in that directory is version-specific. It is SQL text and Parquet files, so it crosses any gap the storage format cannot.

That makes EXPORT DATABASE the tool for three jobs. Moving a database between engine versions. Keeping a backup that does not depend on a binary format. And getting your data out if you ever decide DuckDB is not the answer. For a simple point-in-time copy, cp is still faster and still fine.

What this costs you, honestly

The single-writer model is the sharpest edge in DuckDB and the clearest statement of what it is not for.

It rules out the obvious concurrent designs. You cannot have a web service with several worker processes writing to one DuckDB file. You cannot have a nightly job writing while an analyst queries. You cannot scale writes by adding processes, because the second one waits.

Reads are the exception that makes it workable. Many processes can read the same file at once, so a dashboard, a notebook and a scheduled report can all query concurrently as long as nothing is writing. That is a large fraction of analytical work.

The patterns that fall out of this are worth naming now, because they will recur:


	Write from one place. One process, one job, one writer. Everything else reads.

	Separate the write window from the read window. Build at 2 a.m., query during the day.

	Copy for isolation. A snapshot file for the reader, the live file for the writer.

	Or don’t persist at all. If your job reads Parquet, computes, and writes Parquet, an in-memory database has no lock to contend for.



That last one is more common than it sounds, and it is where the next chapters go. Once you can read files where they sit, the database file stops being the centre of gravity.

Final thoughts

The file being an ordinary file is genuinely the simplification it appears to be: no server, no backup tooling, no provisioning, and cp as a working disaster-recovery plan.

The edges are the price. The file lags your data until a checkpoint, so its size lies and a clean shutdown matters. Several files compose through ATTACH into one query, which is a real capability rather than a workaround. The lock is blunt in a way no server-based database is, refusing readers as firmly as writers. And the format outlives the engine version by default, with EXPORT DATABASE as the way across when it does not.

None of that is a defect. It is what “no server” costs, stated plainly, and it is cheap for the work DuckDB is meant for.





The Sniffer Is Usually Right, and That's the Problem

Three formats cover almost everything you will be handed. CSV, because everyone can produce it. JSON, because every API emits it. Parquet, because anything that cares about analytics has settled on it.

DuckDB reads all three with no configuration, and it is very good at guessing what is in them. That is the appeal, and also the trap. A guess that is right 95% of the time is a guess you stop checking, and the 5% arrives as a wrong number rather than an error.

This chapter is about what the guessing does and when it is wrong. Then how to take control of the parts that matter, without describing every column by hand.

Everything here was run against DuckDB 1.5.5.

What the sniffer decides

Give DuckDB a CSV and it reads a sample, guesses the delimiter, the quoting, the header, and a type per column. Here is a deliberately awkward file:

id,code,when,amount,note
1,0042,2026-01-05,10.50,ok
2,0117,2026-01-06,,
3,00A9,not-a-date,7.25,"has, comma"

describe select * from 'load/messy.csv';

id      BIGINT
code    VARCHAR
when    VARCHAR
amount  DOUBLE
note    VARCHAR

Four of the five are right, and one is a compromise worth understanding.

code came back VARCHAR, not an integer. The values 0042 and 0117 are all digits, and a naive reader would call that a number and destroy the leading zeros. DuckDB does not. 00A9 in the sample is not numeric, and even without it, a leading zero signals an identifier rather than a quantity. This is the single most common CSV data-loss bug in analytics, and DuckDB gets it right by default.

when came back VARCHAR, not DATE. Two of the three values are ISO dates; the third is not-a-date. Faced with one value it cannot parse, the sniffer widens the column to text rather than failing. Nothing is lost, but nothing is checked either. You now have a date column that will not compare or sort correctly, and no error told you.

That second one is the shape of the real problem. The sniffer’s failure mode is silent widening, not a crash.

You can ask what it decided without loading anything:

select Columns from sniff_csv('load/messy.csv');

[{'name': 'id', 'type': 'BIGINT'}, {'name': 'code', 'type': 'VARCHAR'},
 {'name': 'when', 'type': 'VARCHAR'}, {'name': 'amount', 'type': 'DOUBLE'},
 {'name': 'note', 'type': 'VARCHAR'}]

sniff_csv also returns the delimiter, quoting and header it detected, and a ready-made read_csv call with everything spelled out. It is the right first move on an unfamiliar file.

Overriding one column, not all of them

The usual advice is “declare your schema explicitly”. It is good advice that people don’t follow, because writing out thirty columns to fix one is miserable.

DuckDB lets you override by name and leave the rest inferred:

select typeof(amount)
from read_csv('load/messy.csv', types={'amount': 'DECIMAL(10,2)'});

DECIMAL(10,2)

That is the practical middle ground. Pin the columns where a wrong guess would hurt: money, identifiers, anything you will join on. Let the sniffer handle the rest. DECIMAL over DOUBLE for money is the usual first override.

The error behaviour that disagrees with itself

Now force the date column and watch what happens:

select * from read_csv('load/messy.csv', types={'when': 'DATE'});

Conversion Error: CSV Error on Line: 4

Good — that is the sniffer’s silence turned into a real failure. Loading stops, you look at line 4, and you decide what to do.

The usual next move is ignore_errors, and this is where it gets interesting:

select count(*) from read_csv('load/messy.csv', types={'when':'DATE'}, ignore_errors=true);

3

select id, "when" from read_csv('load/messy.csv', types={'when':'DATE'}, ignore_errors=true);

(1, 2026-01-05)
(2, 2026-01-06)

Three rows by count(*), two rows when you select the column. Same file, same options, same query engine, in the same session.

Neither is wrong. count(*) does not need the when column to answer, so DuckDB never parses it. That is projection pushdown, the columnar optimisation that makes the engine fast, doing exactly its job. Nothing fails, so nothing is dropped. Ask for the column and the parse happens, row 3 fails conversion, and ignore_errors drops it.

The lesson is not that this is a bug. It is that ignore_errors means “silently drop rows I cannot parse”, and how many that is depends on which columns your query touches. A row count taken before a transformation and one taken after can legitimately differ. If you use ignore_errors on data that matters, count the column you care about, not *.

JSON, and why nesting survives

JSON needs no special handling, and the interesting part is what it produces:

describe select * from read_json('load/e.json');

id    BIGINT
tags  VARCHAR[]
geo   STRUCT(c VARCHAR)

tags did not become a string containing ["a","b"]. It became a real list of strings. geo became a struct with a typed field. DuckDB read the shape of the JSON and produced native nested types, which you can then query with ordinary field access rather than JSON functions.

That is a genuine difference from Postgres, where the natural landing place is jsonb and you reach through it with operators. Here the nesting is in the type system, and a later chapter is about what you can do with that.

Parquet, and the reason it wins

Parquet needs no inference at all, because the file already knows:

copy (select * from read_json('load/e.json')) to 'load/e.parquet' (format parquet);
select typeof(tags), typeof(geo) from 'load/e.parquet';

('VARCHAR[]', 'STRUCT(c VARCHAR)')

The list stayed a list and the struct stayed a struct, through a write and a read, with nothing declared. Parquet carries its schema, so there is nothing to guess and nothing to get wrong.

This is the whole argument for Parquet as an interchange format. State it plainly against the CSV round-trip: write those same nested columns to CSV and they come back as text. The types are not in the file, so the reader has to invent them, and it will invent something flat.

Everything else about Parquet — the compression, the column pruning, the row-group statistics — is a performance story a later chapter picks up. The type fidelity is the correctness story, and it is the one that should decide your choice of format.

Choosing, in practice

Take Parquet when you are offered it. No inference, no ambiguity, nested types intact, and much smaller.

Treat CSV as untrusted input. Run sniff_csv first and pin the columns that matter with types=. Reach for ignore_errors only when dropping unparseable rows is genuinely acceptable, and then count the column, not *.

Let JSON give you structure. Do not flatten it on the way in out of habit; DuckDB’s nested types are more useful than the strings you would replace them with.

Final thoughts

DuckDB’s inference is unusually good — good enough that the leading-zero bug which has cost the industry countless hours simply does not happen here by default.

That quality is exactly why it deserves suspicion. A sniffer that is usually right trains you not to look, and its failure mode is not an error but a column quietly widened to text. So: sniff_csv to see the guess, types= to override what matters, and a real count on a real column when you have told it to ignore errors.





A Directory Is a Table

Every database you have used draws a hard line between data that is in it and data that is not. Getting across that line is a project: a loader, a schema, a job that runs, a place for the failures to go. The line exists because the database owns its storage format, and yours is not.

DuckDB does not draw that line in the same place. A Parquet file is a table. A directory of Parquet files is also a table. You do not load them; you query them.

That sounds like a convenience feature. It is closer to a change in what a database is for, and this chapter is about what it lets you stop doing entirely.

Everything here was run against DuckDB 1.5.5 on the book’s running example — five days of edge request logs, 500,000 rows, written as one Parquet file per day.

The running example

edge/dt=2026-03-01/data_0.parquet   1,122 KB
edge/dt=2026-03-02/data_0.parquet   1,122 KB
edge/dt=2026-03-03/data_0.parquet   1,122 KB
edge/dt=2026-03-04/data_0.parquet   1,122 KB
edge/dt=2026-03-05/data_0.parquet   1,122 KB

Request logs with a timestamp, a path, a status, bytes, a duration, a client struct and a tags list. Five and a half megabytes on disk for half a million rows — the compression story from chapter 1 showing up again.

Note the directory names. dt=2026-03-01 is not decoration — that is hive partitioning, the convention of encoding a column value in the path, and we will come back to what it buys.

The whole directory, as one table

select count(*) from 'edge/**/*.parquet';

500000

That is the entire chapter in one query. No CREATE TABLE, no COPY, no import step, no schema declared anywhere. A glob sits where a table name goes, and half a million rows across five files answer as one relation.

** recurses through subdirectories; * matches within one. read_parquet() is the explicit form and takes options, but bare string works when you want none.

Everything downstream is ordinary SQL:

select client.country as country, count(*) n, round(avg(duration_ms), 2) avg_ms
from 'edge/**/*.parquet'
where status = 200
group by 1 order by n desc, country limit 3;

('DE', 57144, 21.0)
('BR', 57143, 20.98)
('GB', 57143, 21.02)

A grouped aggregate with a struct field access, over five files, with nothing loaded.

Note the , country in the ORDER BY. Four of the five countries tie at 57,143 rows, so without a tiebreaker DuckDB is free to return any three of them and the answer changes between runs. That is correct behaviour and a good habit to build: if you LIMIT an ordering that can tie, add a column that cannot.

Where the row came from

Reading many files raises a question a single table never does: which file is this row in? filename=true answers it by adding a column:

select filename, count(*)
from read_parquet('edge/**/*.parquet', filename=true)
group by 1 order by 1;

('edge/dt=2026-03-01/data_0.parquet', 100000)

That is the tool for the bad afternoon when one day’s numbers are wrong and you need to know which file to open. It is also how you find the file that is short, or duplicated, or written twice by a retrying job.

The path as a column

Now the part that makes the directory layout worth caring about.

The dates in those directory names are data. hive_partitioning=true tells DuckDB to parse them and hand them back as a real column:

select dt, count(*)
from read_parquet('edge/**/*.parquet', hive_partitioning=true)
group by 1 order by 1;

(2026-03-01, 100000)
(2026-03-02, 100000)
(2026-03-03, 100000)
(2026-03-04, 100000)
(2026-03-05, 100000)

dt is a DATE, typed and queryable, and it is not stored in any of the files. It exists only in the directory names. DuckDB recovered it from the path.

That is not just tidy. The column you filter on most often costs zero bytes of storage, and the engine can evaluate a filter on it without opening a file.

Watching the pruning happen

Filter on the partition column and ask for the plan:

explain select count(*)
from read_parquet('edge/**/*.parquet', hive_partitioning=true)
where dt = date '2026-03-02';

Buried in the scan node:

│    Scanning Files: 1/5    │

One file out of five. DuckDB read the directory names, worked out that four of them cannot contain a row matching dt = '2026-03-02', and never opened them. Not “read them and discarded the rows” — never opened.

This is the highest-leverage thing in the chapter, and why the directory layout is a design decision rather than a filing preference. Partition by the column you filter on, and a query touching one day does a fifth of the work. Partition by something you never filter on and you have created a lot of small files for nothing.

It also explains a failure people hit and misdiagnose. Query the same data without hive_partitioning=true and there is no dt column at all. The filter cannot be pushed down because the column does not exist, so you get an error rather than a slow query. The fix is the flag, not the layout.

Reading a file without reading its rows

Parquet files carry a footer describing their contents, and DuckDB will read just that:

select num_rows, num_row_groups
from parquet_file_metadata('edge/dt=2026-03-01/data_0.parquet');

(100000, 2)

select * from parquet_schema('edge/dt=2026-03-01/data_0.parquet');

Thirteen schema entries, returned without scanning a single row of data.

This is how you answer “what is in this file?” for one you have just been handed and do not want to open. The column names, the types, the row count, and how many row groups it is split into. Row groups matter for the same reason partitions do: they are the unit at which the engine can skip, using per-group statistics. A file with two row groups gives the engine two chances to skip; a file with one gives it none.

When the directory is a bucket

Everything so far used a local path, and that is the least interesting version of this. The same glob works against object storage, which is where most people’s Parquet actually lives.

Try it with no credentials first, because the error is worth recognising:

select count(*) from 's3://warehouse/edge/**/*.parquet';

HTTP Error: HTTP GET error reading 's3://warehouse/edge' in region 'eu-central-1' (HTTP 403 Forbidden)

Two things in that one line. It reached the network, so httpfs autoloaded on its own — the mechanism chapter 9 takes apart. And it guessed a region, because nothing told it one. A 403 here usually means “no credentials”, not “wrong permissions”.

Credentials go in a secret rather than in the connection string:

create secret lake (
    type s3,
    key_id 'duckadmin',
    secret 'duckadmin123',
    endpoint '127.0.0.1:9111',
    url_style 'path',
    use_ssl false
);

The last three lines are what makes this work against any S3-compatible store — MinIO, Ceph, R2 — rather than AWS itself. Against real S3 you drop them and give region instead. duckdb_secrets() shows what is registered:

select name, type, persistent, storage from duckdb_secrets();

('lake', 's3', False, 'memory')

Secrets are session-scoped by default. CREATE PERSISTENT SECRET writes one to disk instead, and storage becomes local_file. That is what you want on a laptop and emphatically not what you want in a container image. There is also provider credential_chain, which picks up ambient AWS credentials — environment variables, an instance role — so nothing is written down at all. That is the right choice in anything deployed.

The available types are s3, gcs, r2, aws, http and huggingface. Google Cloud Storage and Cloudflare R2 are the same three lines with a different word.

With the secret in place, the bucket behaves exactly like the directory:

copy (select * from 'edge/**/*.parquet' limit 50000)
to 's3://warehouse/edge' (format parquet, partition_by (site_id));

select count(*) from 's3://warehouse/edge/**/*.parquet';

50000

Hive partitioning still recovers the column from the path, and the pruning still happens:

select count(*) from read_parquet('s3://warehouse/edge/**/*.parquet', hive_partitioning=true)
where site_id = 1;

12500

A quarter of the rows, from one of four partitions, over the network. glob('s3://warehouse/**') lists objects the same way it lists files.

This is the point at which “a directory is a table” stops being a laptop convenience. The bucket your team already writes to is queryable from your machine with three lines of credentials and no infrastructure in between.

How this was verified: against MinIO running locally on 127.0.0.1:9111, which speaks the S3 protocol, rather than against AWS S3 itself. The SQL, the secret mechanics and the pruning are exercised for real. What is not tested here is AWS-specific behaviour — IAM roles, regional endpoints, request pricing and the latency of a bucket that is genuinely far away. Expect the shapes to hold and the timings not to.

What this changes

The habit this replaces is worth naming, because most of us built it without noticing.

The old shape is: get the data, define a schema, write a loader, run the loader, wait, then query. Every exploratory question has that preamble in front of it, so you batch your questions. You decide what you want to know before you start, because asking is expensive.

The new shape is: query the files. Ask the first question in ten seconds, let the answer suggest the second question, and iterate. Nothing was loaded, so nothing was wasted when the first question turned out to be the wrong one.

The honest limits:

Repeated scans are still scans. A file you query fifty times is decompressed fifty times. When a dataset becomes the thing you work with all day, load it into a DuckDB table. That buys the storage format, statistics and clustering a general-purpose Parquet file cannot assume. The rule of thumb: query in place while you are exploring, materialise once the access pattern settles.

Small files hurt. Five files of 100,000 rows is fine. Fifty thousand files of ten rows is a per-file overhead problem no engine solves for you.

The schema must agree. Globbing files whose columns have drifted gets you a union with nulls, or an error, depending on how far they diverged. parquet_schema on a sample is the cheap check before a large glob.

Final thoughts

“A directory is a table” is the sentence to carry out of this chapter. The pruning result is why it is more than a slogan: Scanning Files: 1/5, with the partition column recovered from a path and never stored in a file.

What makes it feel different in practice is not the speed. It is that asking a question now costs nearly nothing, so questions you would never have loaded data for become worth asking.





Three Answers to a Directory That Can't Be Trusted

The previous chapter ended somewhere satisfying. A directory of Parquet files is a table, you can query it without loading it, and the engine skips the files it does not need.

Now break it.

Two jobs write to that directory at once. One is halfway through when you run a query, so you read three complete files and one partial. Someone reruns yesterday’s job, and now there are two files for the same day. A column changes type, and a glob across the whole directory either unions with nulls or errors. You want yesterday’s numbers back, and the files that produced them were overwritten.

None of these are exotic. They are Tuesday. And a directory of Parquet has no answer to any of them, because a directory is not a data structure. It is whatever the filesystem happens to contain at the moment you looked.

A table format is a layer of metadata that turns a pile of files into a table with a defined state. This chapter is about the three that matter, what DuckDB can actually do with each, and where the sharp edges are.

Everything here was run against DuckDB 1.5.5, with pyiceberg 0.11.1 and deltalake 1.6.2 standing in for the other engines, and Apache’s iceberg-rest-fixture:1.10.1 container standing in for a catalog.

What the metadata buys

Every table format works the same way at heart. Alongside the data files sits a manifest that says: these specific files, right now, are the table. Adding data means writing new files and then writing a new manifest. The manifest swap is the commit.

That one indirection is what fixes Tuesday:

Atomic commits. A reader resolves the manifest first, then reads exactly the files it names. A half-finished write is invisible because its files are not in any manifest yet. The partial-read problem disappears.

Time travel. Old manifests are kept, so “the table as of yesterday” is a manifest that still exists and still points at files that still exist. Yesterday’s numbers are one query away.

Schema evolution. The schema lives in the metadata, not inferred from whatever files happen to be present. Adding a column is a metadata change with rules, not a hope that every reader unions correctly.

Statistics without opening files. The manifest carries per-file min/max, so the engine can skip files without reading their footers. Partition pruning without a partition scheme.

The cost is that you can no longer write to the table by copying a Parquet file into the directory. That is the whole trade: you give up “it’s just files” and get a table in exchange.

The three, briefly

Apache Iceberg came out of Netflix and is the format with the most industry momentum. Snowflake, BigQuery, Spark, Trino and most cloud catalogs read and write it. If you are picking a format to interoperate with other people’s systems, this is the default.

Delta Lake came out of Databricks. Technically similar, culturally centred on the Spark ecosystem. If your data platform is Databricks, your tables are probably Delta.

DuckLake is DuckDB’s own, and it makes a different bet. Iceberg and Delta store their metadata as files next to the data — JSON, Avro, more Parquet. DuckLake stores it in a SQL database. Data files stay as ordinary Parquet in object storage; the manifest becomes a set of tables you can query with SQL.

That sounds like a small implementation detail. It is the most interesting idea in the chapter, and we will come back to it.

Reading Delta

Delta is read-only from DuckDB, and reading works cleanly. Here is a table written by the deltalake Python library — 1,000 rows, then 100 more appended:

load delta;
select count(*) from delta_scan('lh2/delta_hits');

1100

Both writes, visible as one table. Now ask for the state before the second write:

select count(*) from delta_scan('lh2/delta_hits', version=0);

1000

That is time travel, and it is the whole pitch in two queries. Version 0 is not a backup or a snapshot you remembered to take. It is the table as the manifest described it at that moment, reconstructed from files that were never deleted.

The directory shows how little magic is involved:

_delta_log/
part-00000-8ffd3c79-…-c000.snappy.parquet
part-00000-96d76a2c-…-c000.snappy.parquet

Two ordinary Parquet files and a log directory. Nothing was rewritten when the second write landed. _delta_log gained an entry saying the table is now both files.

Ask for a version that does not exist and the error is specific, which is what you want:

IO Error: DeltaKernel GenericError (5): Generic delta kernel error:
LogSegment end version 1 not the same as the specified end version 99

DuckDB cannot write Delta. There is no copy function for it, and the error says so plainly:

Catalog Error: Copy Function with name delta does not exist!

So the Delta story is: something else owns the table, DuckDB queries it. For most people that is exactly the arrangement they have.

Reading Iceberg, and the trap in the path

Iceberg reading works too, but the first thing everyone tries fails. Point iceberg_scan at the table directory, the way every tutorial shows:

select count(*) from iceberg_scan('lh2/ice/wh/edge/hits');

Failed to read iceberg table. No version was provided and no version-hint
could be found, globbing the filesystem to locate the latest version is
disabled by default as this is considered unsafe and could result in
reading uncommitted data. To enable this use 'SET unsafe_enable_version_guessing'

Read that error carefully, because it is telling you something real rather than complaining about configuration. An Iceberg table directory contains many metadata files, one per commit. Picking “the latest” by looking at the filesystem means guessing, and a guess can land on metadata for a commit that has not finished. DuckDB refuses by default. That refusal is correct.

The error names an escape hatch, so try it:

set unsafe_enable_version_guessing=true;
select count(*) from iceberg_scan('lh2/ice/wh/edge/hits');

1100

It works, and that is the problem. The setting is not called unsafe because it is unreliable. It is called unsafe because it succeeds quietly and never tells you what it picked. The metadata directory of this table holds three files, one per commit:

00000-a2d27a27-….metadata.json
00001-696b7d42-….metadata.json
00002-35fa310c-….metadata.json

Name them one at a time and you can see what the guess was choosing between:

select count(*) from iceberg_scan(
  'lh2/ice/wh/edge/hits/metadata/00001-696b7d42-….metadata.json');

1000

select count(*) from iceberg_scan(
  'lh2/ice/wh/edge/hits/metadata/00002-35fa310c-….metadata.json');

1100

Same directory, two different tables. Which metadata file you read is which version of the table you get. On a directory nobody is writing to, the newest file is the one you want and the guess is right every time, which is what makes the setting so easy to leave on. On a directory a job is committing into, the newest file is the one whose commit is least likely to have finished.

So name the metadata file, not the directory. That is exact rather than guessed, and naming an older one is how you read an older version on purpose.

That leaves the obvious question of where the path comes from, since you are not going to hand-type a UUID every morning. The answer is a catalog, the service that maps a table name to its current metadata location. DuckDB attaches to one:

attach 'my-warehouse' as ice (type iceberg);

That fails before it has touched a single file:

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

ATTACH … (TYPE ICEBERG) expects a REST catalog, which is a service rather than a folder. That is Iceberg being honest about its own shape. Iceberg is a format for shared tables in an organisation, and a shared table needs something to arbitrate what “current” means. The catalog is that something.

Now read the error to the end, because the last clause is the fix. DuckDB assumes OAuth2, which is what a hosted catalog uses, and a catalog wanting no credentials at all has to be told so. One option changes the outcome.

A catalog is one container away

The other half of the answer is that you do not need a data platform to have a catalog. Apache publishes a reference REST catalog as a container, and it runs against a plain local directory:

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

Look at what that catalog actually is. A Java service, backed by SQLite, pointed at a folder. Nothing in the shape of a catalog requires the cloud. What it requires is a single authority over the pointer, and one process listening on one port is enough to be that.

With the auth default corrected, DuckDB attaches:

install iceberg; load iceberg;
attach 'warehouse' as ice (type iceberg, endpoint 'http://localhost:8181',
                           authorization_type 'none');
select schema, name from (show all tables) order by schema, name;

┌──────────┬──────────┐
│  schema  │   name   │
├──────────┼──────────┤
│ bookshop │ newv3    │
│ bookshop │ orders   │
│ bookshop │ updates  │
│ bookshop │ v3orders │
└──────────┴──────────┘

Those tables were written by other engines through the same catalog. From DuckDB they are ordinary three-part names:

select count(*) from ice.bookshop.orders;

24

No metadata path, no UUID, no guess. The catalog resolved the name, which is the entire job of a catalog and the reason the previous section was so awkward.

What the catalog lets you see

bookshop.v3orders is an Iceberg format v3 table, and it is the interesting one. Three rows were written, then one was deleted in merge-on-read mode. The delete did not rewrite the data file. It recorded a deletion vector in a Puffin file sitting next to the data:

00000-3-f6c1abfe-….parquet                   1 row
00001-4-f6c1abfe-….parquet                   2 rows
00000-10-30c37f2d-…-00001-deletes.puffin     1 delete

Read those two Parquet files directly and you get three rows, deleted one included. Read the table through the catalog and you get two:

select * from ice.bookshop.v3orders order by order_id;

┌──────────┬─────────┬────────┐
│ order_id │ status  │ amount │
├──────────┼─────────┼────────┤
│        1 │ placed  │   10.0 │
│        3 │ shipped │   30.0 │
└──────────┴─────────┴────────┘

Order 2 is in the Parquet and not in the table. DuckDB read format v3 and applied a Puffin deletion vector, which is a good deal more than the read-any-Iceberg-file story it is usually credited with.

Two things this section is not. The container above is Apache’s reference fixture, intended for testing clients; production catalogs such as Polaris, Lakekeeper, Glue or a vendor’s open catalog were not exercised here, and on those AUTHORIZATION_TYPE 'none' is exactly the wrong answer. And the warehouse is a local directory, not object storage, so the credential and path handling of an S3-backed warehouse is untested on this page.

Writing Iceberg, and the option that lies

DuckDB 1.5.5 does have an Iceberg copy function, which is more than Delta gets:

copy (select * from range(100) t(a)) to 'w3' (format iceberg);
select count(*) from iceberg_scan('w3');

100

It writes a real Iceberg table — data Parquet, an Avro manifest, a metadata JSON, and a version-hint.text. That last file is why DuckDB reads its own tables back by directory path with no unsafe setting anywhere in sight. The hint names the current version, so there is nothing left to guess.

Now add fifty more rows the way the option name promises:

copy (select * from range(100,150) t(a)) to 'w3' (format iceberg, append true);
select count(*) from iceberg_scan('w3');

50

select min(a), max(a) from iceberg_scan('w3');

(100, 149)

The append replaced the table. A hundred rows went in, fifty rows came out, and the fifty are the new ones. The original hundred are not in the table, no error was raised, and the operation reported success.

The reason is worse than the symptom. Try an option that does not exist at all:

copy (select 1 a) to 'wx' (format iceberg, banana true);

It succeeds. Unknown copy options are silently accepted, so append true was never an append — it was an unrecognised word next to a plain write, and a plain write replaces.

The snapshot chain confirms it. After a create, an “append”, and an overwrite, the table has exactly one snapshot every time:

after create : [(0, 2484491416841964285)]
after append : [(0, 7851033770975314928)]
after overwr : [(0, 3224445283198124659)]

Sequence number 0, three different snapshot ids. Each write produced a fresh single-snapshot table rather than a new commit on an existing one. There is no history here, and time travel over a DuckDB-written Iceberg directory has nothing to travel to.

So the honest reading of COPY … (FORMAT ICEBERG) in 1.5.5: it is a bulk export, not a table you maintain. Writing a query result out as Iceberg so another engine can read it works and is genuinely useful. Treating that directory as something you accumulate into will silently destroy data. Verify the row count after any write you did not fully understand — that check takes one query and would have caught this immediately.

The same engine, through a catalog

Now do the same thing with a catalog in the picture, and the behaviour inverts. Attached to the REST catalog from earlier, a five-row table takes an ordinary INSERT:

insert into ice.shop.orders values (99);
select count(*) from ice.shop.orders;

6

Five rows became six. Nothing was replaced. And the snapshot chain is a chain:

select sequence_number, operation
from iceberg_snapshots('ice.shop.orders') order by sequence_number;

┌─────────────────┬───────────┐
│ sequence_number │ operation │
├─────────────────┼───────────┤
│               1 │ append    │
│               2 │ append    │
└─────────────────┴───────────┘

Two commits, sequence numbers 1 and 2, both appends. Compare that with the three separate sequence-number-0 tables the directory path produced. An UPDATE and a DELETE extend the same chain rather than restarting it:

┌─────────────────┬───────────┐
│ sequence_number │ operation │
├─────────────────┼───────────┤
│               1 │ append    │
│               2 │ append    │
│               3 │ overwrite │
│               4 │ delete    │
└─────────────────┴───────────┘

Because there is real history there is real time travel, and it arrives in the same syntax DuckLake uses further down this chapter. Take the snapshot_id that the query above reports for sequence number 1, which will be a different number in your warehouse, and ask the table what it looked like then:

select count(*) from ice.shop.orders at (version => 9040685683121472807);

5

The catalog is not a nicety on top of Iceberg writing. It is the thing that turns an Iceberg write into a commit rather than an export, because a commit is a swap of the pointer the catalog owns.

There is one sharp edge, and it is a small one worn on the outside. Creating a table on a local-filesystem warehouse fails on the metadata write:

TransactionContext Error: Failed to commit: Failed to commit Iceberg transaction:
Cannot open file ".../shop/orders/metadata/c2c8e283-….avro": No such file or directory

DuckDB creates the table’s data/ directory and not its metadata/ one. Create the missing directory by hand and the identical statement succeeds. Object storage has no directories to create, so this is unlikely to bite there, but that was not tested on this page.

DuckLake, and the idea underneath it

DuckLake starts from an observation about the other two. Iceberg and Delta put their metadata in files because they had to: when they were designed, the only thing everyone could agree on was a blob store. So the metadata became a tree of JSON and Avro on top of a filesystem, and finding the current state means reading a chain of small files.

But metadata is exactly the kind of thing databases are good at. It is transactional, it is queried with joins and filters, and it is small. DuckLake’s bet is: put the data in Parquet where it belongs, and put the metadata in a SQL database where it belongs.

Attaching creates the catalog if it is not there:

attach 'ducklake:lakehouse/meta.ducklake' as lake (data_path 'lakehouse/data/');
create table lake.hits as select * from 'edge/**/*.parquet' limit 1000;
select count(*) from lake.hits;

1000

From here it behaves like an ordinary schema. The interesting part is that the history is queryable as a table:

select snapshot_id, changes from lake.snapshots();

(0, {'schemas_created': ['main']})
(1, {'tables_created': ['main.hits'], 'tables_inserted_into': ['1']})

That is not a log file you parse. It is a relation, with a changes column that is a struct, and you can filter and join it like anything else. Snapshot 0 is the empty catalog; snapshot 1 created the table and inserted into it.

Now change the data:

update lake.hits set status = 418 where status = 200;

572

select count(*) from lake.hits at (version => 1) where status = 200;

572

select count(*) from lake.hits where status = 200;

0

The table now has zero rows with status 200. Version 1 still has 572. AT (VERSION => n) is time travel as SQL syntax, not a table function with a path argument. That is the same difference as _delta_log versus a snapshots() relation, showing up in the query language.

The files on disk explain how the update was done:

lakehouse/meta.ducklake
lakehouse/data/main/hits/ducklake-019fe9e7-3dec-….parquet
lakehouse/data/main/hits/ducklake-019fe9e7-3e28-….parquet
lakehouse/data/main/hits/ducklake-019fe9e7-3e28-…-delete.parquet

The original data file is untouched. The update wrote a new data file with the changed rows and a delete file marking which rows of the original no longer apply. Readers apply the deletes as they scan.

This is merge-on-read, and it is why time travel is nearly free. Nothing was mutated, so the old version is still fully present. It is also why a table taking many small updates gets slower to read over time, since every scan pays for the delete files. That is what compaction exists to fold back in.

Everything except the metadata database is ordinary Parquet in an ordinary directory. If DuckLake stopped existing tomorrow, your data is still there and still readable by anything.

Choosing

Use nothing. Files you write once and read many times, one writer, no history requirement: a hive-partitioned directory from the previous chapter is the right answer. A table format is overhead you would not use. Do not adopt one because it sounds more professional.

Read Iceberg or Delta when another system owns the table. This is the common case, and DuckDB is good at it: point it at a metadata path or a REST catalog and query. You are a reader in someone else’s data platform.

Write Iceberg through a catalog, never into a directory. With a catalog attached, INSERT, UPDATE and DELETE are real commits with a real snapshot chain and working time travel. Without one, COPY … (FORMAT ICEBERG) is an export that replaces whatever was there.

Write DuckLake when you want the guarantees on your own tables, DuckDB is doing the writing, and you would rather not run a service to get them. Attaching a DuckLake catalog creates it; an Iceberg catalog is a process somebody has to keep alive. Having the metadata be SQL is a further ergonomic win: you can debug your table format with a SELECT.

What is going to go stale

This is the chapter with the shortest shelf life in the book, and pretending otherwise would be dishonest.

Iceberg write support in DuckDB is new and visibly incomplete. An option parser that accepts banana is not a finished feature, a CREATE TABLE that needs you to make a directory for it is not either, and both are likely to be fixed rather than kept. DuckLake is younger still and moving quickly. The read paths for Iceberg and Delta are the most settled part of the chapter, and even they depend on extension versions that update independently of DuckDB itself.

So: everything above is what DuckDB 1.5.5 with the extensions available in August 2026 actually did, on tables written by pyiceberg 0.11.1, deltalake 1.6.2 and Spark, against Apache’s reference REST catalog. Run the check yourself before trusting any of it on a newer build. The mechanics — manifests, atomic commits, merge-on-read, catalogs — will outlast every specific behaviour on this page.

Final thoughts

A table format is one indirection: read the manifest, then read the files it names. Everything else — commits, time travel, schema evolution, statistics — falls out of that.

DuckDB’s relationship with the three is not symmetrical, and the asymmetry is worth carrying. It reads Delta and Iceberg well, which covers the case where someone else owns the table. It reads Iceberg further than its reputation suggests, down to a format v3 deletion vector. It writes Iceberg two ways that behave nothing alike, and the difference is whether a catalog is in the picture. And it writes DuckLake properly, because DuckLake was designed around the idea that metadata is a database problem.

Two findings to carry out of here. A write reported success, the row count went from 100 to 50, and nothing warned anyone, so check the count after the write. And an error message that reads like a closed door named its own fix in its last clause, so read them to the end.





What the Engine Refuses to Read

If you came through the SQL performance series, you have a working model of how a database gets fast, and it is a good one. Data lives in row-shaped pages. Scanning is expensive, so you build an index. The planner picks between a sequential scan and an index scan based on statistics. Tuning is largely the art of giving it better options.

Almost none of that applies here.

DuckDB has no index on the table you are about to see, will not build one that helps, and answers a point lookup in 20 million rows in 0.6 milliseconds anyway. That is not a smaller version of the same design. It is a different one, and this chapter is about what replaces the parts you know.

Everything here was run against DuckDB 1.5.5 on a 20-million-row Parquet file — 394 MB, eight columns, on a 16-thread laptop.

The unit of storage is a column

Start with the claim from chapter 1 and make it precise. In a row store, a row’s fields sit next to each other on disk. Reading one field means reading the page that contains it, which means reading every other field of every row on that page.

In a column store, each column is stored separately. Reading one column touches only that column’s bytes. The rest of the table is not on the way to anything.

The consequence is measurable, and you can measure it by counting columns:

select sum(bytes) from 'big/hits.parquet';                                  -- 1 column
select sum(bytes), sum(duration_ms), sum(status) from 'big/hits.parquet';   -- 3 columns
-- and one summing something from all eight

1 column  :     29 ms
3 columns :     44 ms
8 columns :    226 ms

Same file, same 20 million rows, same aggregate shape. The only variable is how many columns the query needs, and the time tracks it almost linearly. What you do not select, you do not pay for.

That is the sentence to hold onto, because it inverts a habit. In a row store, select * on a wide table costs about what select one_column costs, so nobody thinks about it. Here, select * is the most expensive query you can write.

Reading the plan

EXPLAIN ANALYZE shows the pruning as a property of the scan itself. From the query in chapter 5, over five files:

┌─────────────┴─────────────┐
│         TABLE_SCAN        │
│    ────────────────────   │
│         Function:         │
│        PARQUET_SCAN       │
│                           │
│        Projections:       │
│       client.country      │
│                           │
│    Filters: status=200    │
│    Total Files Read: 5    │
│                           │
│        285,716 rows       │
│           0.01s           │
└───────────────────────────┘

Three things are happening in that one node, and all three are the engine deciding not to read something.

Projections: client.country — the table has nine columns and the scan lists one. This is projection pushdown, and note what it pushed down: not client, but client.country. The client column is a struct with country and city fields, and only the country field was read. Pushdown reaches inside nested types.

Filters: status=200 — the filter did not happen above the scan, it happened inside it. 500,000 rows in the files, 285,716 rows out of the scan node. The rows that failed the filter were never handed upward.

Total Files Read: 5 — file-level pruning, which is where the 1/5 from chapter 5 appears when the filter is on a partition column.

Compare that with the plan you would read in a row store. There the scan node emits rows, and separate Filter and Projection nodes discard work that has already been done. Here the discarding is the scan.

The query with no plan at all

Now the result that makes the point better than any of the above. Two nearly identical queries:

select min(bytes) from 'big/hits.parquet';
select sum(bytes) from 'big/hits.parquet';

min(bytes) :    2.5 ms
sum(bytes) :   32.2 ms

Thirteen times apart, for one column and one aggregate each. Ask EXPLAIN ANALYZE about the slow one and you get what you expect:

│         TABLE_SCAN        │
│     Projections: bytes    │
│      20,000,000 rows      │
│           0.40s           │

Ask it about the fast one and you get this:

┌────────────────────────────────────────────────┐
││              Total Time: 0.0000s             ││
└────────────────────────────────────────────────┘

There is no plan. No scan node, no aggregate node, nothing. The query tree is empty because no query ran.

Parquet files carry per-row-group statistics, including the minimum and maximum of every column. min(bytes) over the whole file is the minimum of 163 per-group minimums, and all 163 of those numbers are in the footer. The optimizer answered the question from metadata and never opened a data page.

You can see the same statistics directly:

select row_group_id, row_group_num_rows, stats_min, stats_max
from parquet_metadata('big/hits.parquet') where path_in_schema='id' limit 3;

(0, 122880, '0',      '122879')
(1, 122880, '122880', '245759')
(2, 122880, '245760', '368639')

163 groups of 122,880 rows, each carrying the range of every column it holds. These are zone maps, and they are the reason the next section goes the way it does.

The index that never got used

Here is the reflex the Postgres book installs. A point lookup on 20 million rows sounds slow, so:

create index idx on hits(id);

It builds in 1.4 seconds. Then, on a native DuckDB table:

point lookup, no index :  0.60 ms
point lookup, w/ index :  0.57 ms

No improvement, and the reason is in the plan:

explain select bytes from hits where id = 12345678;

SEQ_SCAN

SEQ_SCAN, with the index sitting right there. I tried the same thing several ways: an equality on a clustered column, a range over a million rows, and an equality on user_id, which cycles every 50,000 rows and so is about as unclustered as a column gets. Every plan came back SEQ_SCAN. On the unclustered column the indexed run was, if anything, marginally slower than the unindexed one, and both were within noise of each other.

The lookup does not need the index. id ranges from 0 to 19,999,999, the zone maps say group 100 holds 12,288,000 through 12,410,879, and 12,345,678 is inside exactly one group. DuckDB reads one row group of 122,880 values and scans it. That is the 0.6 milliseconds, and it happens with no index because the statistics were already there.

The honest scope of that claim: DuckDB does have indexes, they are ART indexes, and their real job is enforcing PRIMARY KEY and UNIQUE constraints. They are not a query-acceleration tool you reach for when something feels slow. Every plan I looked at on this table preferred a scan, and none of them were wrong to.

So when a DuckDB query is slow, “add an index” is not the first move. It is usually not a move at all. The levers are the ones in the rest of this chapter: read fewer columns, filter earlier, give the data a layout whose zone maps are selective.

Vectorized, which is neither of the obvious options

There are two obvious ways to run a query, and both are bad.

Row at a time is what a traditional interpreter does: for each row, walk the expression tree, call a function per operator. Correct, flexible, and dominated by interpretation overhead — you spend more time deciding what to do than doing it.

Whole column at a time is what early column stores did: materialise the full result of every operator. Very little overhead per value, but a 20-million-row intermediate has to live somewhere, and it will not be in cache.

DuckDB takes the middle: it processes vectors — batches of roughly a couple of thousand values from one column. Big enough that the per-batch overhead disappears into the batch. Small enough that the batch fits in CPU cache, so the next operator reads it out of L1 rather than RAM.

That is the design. Here is what it costs to leave it. The same arithmetic on 2 million values, once as SQL and once as a Python function registered as a UDF:

def scale(x): return x * 2 + 1
con.create_function('py_scale', scale, ['BIGINT'], 'BIGINT')

native SQL  sum(bytes*2+1) :      11 ms
python UDF  sum(py_scale)  :     378 ms

Thirty-four times slower for identical arithmetic. Nothing about the maths changed. What changed is that every value crossed out of the vectorized engine into the Python interpreter and back, one at a time, and the batching stopped applying.

This is the most practical thing in the chapter. When a DuckDB query is unexpectedly slow, the first question is not “what index is missing” but “where did I leave the engine?” A Python UDF, a row-by-row loop over fetchall(), a per-row call into another library — each of those is a place where the vectors get unpacked. Express it as SQL and it stays in the engine.

Parallelism, and where it stops

Vectors also make parallelism easy: hand different threads different batches. DuckDB calls the unit a morsel, and the same query at different thread counts:

threads=1   group by country :      98 ms
threads=2   group by country :      50 ms
threads=4   group by country :      30 ms
threads=8   group by country :      19 ms
threads=16  group by country :      18 ms

One to two halves it. Two to four nearly halves it again. Four to eight, again. Eight to sixteen buys 1 millisecond.

The flattening is not a DuckDB limit, it is the machine. This laptop has eight physical cores, so threads 9 through 16 are hyperthreads sharing execution units with threads 1 through 8. Scaling tracks real cores, then stops.

Two things follow. First, this is parallel by default — nobody configured anything, and threads came up at 16 on its own. Second, the whole machine is the unit of scaling. A cloud warehouse scales by adding nodes, and you pay per node. DuckDB scales by using the cores you already have, and eight cores is an ordinary laptop. That is a large fraction of the “we need a cluster” cases, answered by a default.

There is one consequence of parallel-by-default that catches people, and it is worth knowing before it does. Floating-point addition is not associative, so a sum split across threads and recombined can land on a slightly different value depending on which thread finished first. Running the same average over this dataset eight times:

20.995000000000303
20.994999999998836
20.99499999999992
…

Same data, same query, same engine — the last few digits move. Pin threads=1 and it becomes perfectly repeatable, which is how you confirm the cause rather than guessing at it.

This is not a DuckDB bug and every parallel engine has it. It matters in two places: never compare two float aggregates with =, and if you are writing a test or a book that pastes an average, round it to a precision the arithmetic can actually guarantee. Integer aggregates — count, sum over integers — are unaffected.

When to stop querying files

Chapter 5 said to query Parquet in place while exploring and materialise once the access pattern settles. Here is the number behind that advice. The same 20 million rows, as a Parquet file and as a native DuckDB table:

parquet file sum(bytes)    :      33 ms
native table sum(bytes)    :       5 ms

parquet  : 394.5 MB
duckdb   : 207.1 MB

Six and a half times faster, in a little over half the space.

DuckDB’s own storage format can assume things Parquet cannot. Parquet is an interchange format, so it is conservative — anything must be able to read it. DuckDB’s format is read by exactly one engine, so it can compress per column with whatever scheme fits that column’s data, and lay it out for its own scanner.

Take the size number with some salt: this file is synthetic and repetitive, which flatters any compressor, and a real dataset may land either way. The speed gap is the more reliable finding, and it is the one that should drive the decision. Explore against files. When you find yourself running the same query for the third time, load it.

Final thoughts

Every result here is the engine avoiding work rather than doing it faster. It reads one column of eight. It filters inside the scan. It answers min() from a footer and never plans a query. It prunes 162 of 163 row groups from statistics it already had, which is why an index changed nothing.

That last one is the piece most worth carrying, because it is a reflex you have to actively unlearn. In a row store, “this filter is slow” and “this needs an index” are nearly the same sentence. Here they are unrelated. The plan said SEQ_SCAN every time, and every time it was right.

The two levers that do work: read fewer columns, and stay inside the vectorized engine. One is a select list. The other is the difference between 11 milliseconds and 378.





It Spills Before It Fails

“Larger than memory” is the phrase every in-process database uses and almost none of them explain. It suggests a binary: your data fits and everything is fine, or it does not and something clever happens.

The reality is a gradient with several distinct failure modes, and they are worth telling apart. A query can spill quietly and cost you 13%. It can spill hard and cost you 2.5×. It can fail for want of memory, or for want of disk, and the two errors look nearly identical. And a query that fails outright can be made to succeed by giving it fewer threads, which is backwards from the intuition.

Everything here was run against DuckDB 1.5.5 on a 20-million-row Parquet file, on a machine with 32 GB of RAM and 16 threads.

The three settings

select current_setting('memory_limit');
select current_setting('temp_directory');
select current_setting('max_temp_directory_size');

25.5 GiB
.tmp
90% of available disk space

memory_limit defaults to about 80% of physical RAM. It is a budget DuckDB enforces on itself, not a hint. When a query would exceed it, DuckDB acts rather than letting the operating system decide.

temp_directory is where the spilled data goes. For an in-memory database it defaults to .tmp in the working directory. For a file-backed one it sits beside the database file. This is a real directory that will hold real gigabytes, and its default is wherever you happened to be standing.

max_temp_directory_size caps how much can land there. The default is generous and phrased relative to free space, so it moves as the disk fills.

Setting the limit is one statement, and it is honest about rounding:

set memory_limit = '100MB';
select current_setting('memory_limit');

95.4 MiB

Megabytes in, mebibytes out.

What spilling actually costs

Take a sort of 20 million rows and run it at three limits, watching the temp directory while the query runs:

select count(*) from (select * from 'big/hits.parquet' order by bytes) t;

limit=16GB    217 ms   peak spill    0.0 MB
limit=300MB   181 ms   peak spill    0.0 MB
limit=100MB   246 ms   peak spill   28.8 MB

At 300 MB it still fits, and the query is no slower than with 16 GB available. Giving DuckDB more memory than it needs buys nothing. At 100 MB it spills, and the cost is 246 ms against 217. Thirteen percent for running the same sort in a sixtieth of the memory.

Now the same exercise with a grouped aggregate. 50,000 distinct groups means a hash table that has to be partitioned, rather than a run that can be merged:

select count(*) from (select user_id, count(*) from 'big/hits.parquet' group by 1) t;

limit=16GB    354 ms   peak spill    0.0 MB
limit=300MB   627 ms   peak spill    0.0 MB
limit=100MB   879 ms   peak spill  469.6 MB

Two and a half times slower, and note the number that matters most: the peak spill was 469.6 MB against a 100 MB memory limit. Nearly five times.

That is the practical warning in this chapter. Setting memory_limit='4GB' because your container has 4 GB does not bound what hits the disk. The spill is not a copy of your working set. It is the working set plus partitioning overhead, written out in blocks. Point temp_directory at a small volume, a container layer, or a network mount, and you have moved the constraint rather than removed it.

Both of these queries completed. Nothing failed, nothing was truncated, and no configuration changed beyond the limit. That is the headline. At the boundary DuckDB degrades, and the degradation is gentler than the folklore suggests.

The finding that inverts the intuition

Same aggregate, same 100 MB limit, varying only the thread count:

threads=16   OOM
threads=8       817 ms
threads=4       960 ms
threads=2       494 ms
threads=1       940 ms

Sixteen threads fails. Eight threads succeeds. Nothing else changed.

The reason is that memory_limit is a budget for the whole database, but the pressure consuming it is per-thread. Each thread building its share of a hash table needs a working set of its own, and DuckDB will not shrink that below a floor. Sixteen threads times that floor exceeds 95 MiB; eight threads times it does not. More parallelism means more simultaneous working sets, and under a tight limit that is what breaks you.

Push it further and the picture is stark. At one thread, the same 20-million-row aggregate over 50,000 groups completes at a 20 MB memory limit, in 905 ms.

Twenty megabytes. Twenty million rows. That is the “larger than memory” claim actually delivered. The knob that delivered it is the one that sounds like it should make things worse.

The tradeoff is what you would expect. Fewer threads means less parallelism, which means slower on a machine that is not memory-constrained. The 494 ms at two threads against 940 ms at one is real, and so is the 354 ms at 16 threads with a roomy limit. This is a knob for the constrained case, not a default to adopt.

Reading the error

When it does fail, DuckDB tells you a lot. The message is worth reading closely rather than skimming for the word “memory”:

Out of Memory Error: could not allocate block of size 256.0 KiB (95.5 MiB/95.3 MiB used)

Possible solutions:
* Reducing the number of threads (SET threads=X)
* Disabling insertion-order preservation (SET preserve_insertion_order=false)
* Increasing the memory limit (SET memory_limit='...GB')

Three suggestions, and they are not equally useful in practice.

Reducing threads works, as the previous section measured. This is the first suggestion and it earns the position.

Disabling insertion-order preservation did nothing in my tests. preserve_insertion_order defaults to true, and toggling it changed neither the outcome nor the timing at any limit near the edge. At 120 MB and at 100 MB with 16 threads, the sort failed with it on and failed with it off. It presumably helps some workloads. It did not help these, and it is not the first thing to reach for.

Increasing the limit always works and is usually not available, which is why you are reading the message.

Two failures that are not what they say

The interesting part is that “Out of Memory Error” covers more than one condition. Turn spilling off entirely:

set temp_directory = '';

Out of Memory Error: failed to allocate data of size 2.0 MiB (94.3 MiB/95.3 MiB used)

That is a genuine memory failure, and the numbers in the parentheses are memory numbers matching memory_limit.

Now put spilling back and cap the temp directory instead:

set temp_directory = 'spill';
set max_temp_directory_size = '10MB';

Out of Memory Error: failed to offload data block of size 256.0 KiB (9.3 MiB/9.5 MiB used)

Still “Out of Memory Error”, but read what it says. The verb is offload, not allocate. And the numbers are 9.3 of 9.5 MiB — nothing to do with the 95 MiB memory limit, everything to do with the 10 MB disk cap.

The tell is that the numbers do not match your memory_limit. When an OOM error quotes a figure you do not recognise, the query is out of spill space rather than out of RAM. Adding memory will not fix it. Give the temp directory somewhere to go, or raise its cap.

That distinction is worth more than it looks, because the two problems have opposite fixes and both errors begin with the same three words. It is also the failure mode most likely to hit you in production rather than on a laptop. A container with a small writable layer is exactly where the disk budget binds first.

What this means for how you work

Do not set memory_limit to your container’s full allocation. DuckDB will use what you give it, and your process needs headroom for everything else. Leaving 20–25% is the usual shape, and it is what the default already does.

Put temp_directory somewhere you chose. The default is the working directory, which on a scheduled job is wherever the runner happened to start. Point it at a volume with room. Size that volume against the spill numbers above, not against your memory limit: several times the limit is a realistic peak.

Reach for threads before you reach for more memory. It is the one suggestion in the error message that measurably changed the outcome here. On a constrained box it is usually the only one available.

Expect the aggregate to hurt more than the sort. A sort spills sequential runs and merges them, which disks are good at. A hash aggregate spills partitions and re-reads them, which is more work and more data. The 13%-versus-2.5× gap above is the shape of that difference. It means “will this spill” is a less useful question than “what will spill.”

The honest limit of all this: 20 million rows on a 32 GB machine is not a stress test, and every number here is from local SSD. The mechanics are the same at a larger scale. But a spill to network storage is a different animal, and the ratios above would not survive it.

Final thoughts

The phrase “larger than memory” turns out to describe a set of behaviours rather than a feature. Sorts spill cheaply and aggregates spill expensively. Both keep working well past the point where the naive expectation is a crash: a 20-million-row group-by finished inside a 20 MB budget.

Two things are worth keeping. First, the spill file can be several times the memory limit, so the disk is a resource you size on purpose rather than discover. Second, an “Out of Memory Error” whose numbers you do not recognise is a disk error wearing the wrong label, and the fix lives in a different setting entirely.

And the counterintuitive one: when a query will not fit, take threads away from it.





Four Things Are in the Binary

Chapter 2 made a claim in passing that deserves scrutiny. uv pip install duckdb gives you a complete analytical database in a few megabytes. The reason it is a few megabytes rather than a few hundred is that almost nothing is in it.

That sounds like a criticism and it is not. It is the design that makes the install story work. It is why a database you install in four seconds can also read S3, query Postgres, do geospatial joins and speak Iceberg. Those capabilities exist; they arrive on demand.

The interesting part is what “on demand” means in practice, because it is not uniform. Some things download without telling you. One core extension refuses to. And the community repository is a genuinely different quality tier — which showed up as a broken binary on the first package I tried.

Everything here was run against DuckDB 1.5.5 on an Intel Mac. Every install started from a throwaway extension directory, so nothing was cached.

What is actually in there

select extension_name, loaded, installed, install_mode
from duckdb_extensions() where installed order by 1;

On a completely fresh extension directory:

('core_functions', True, True, 'STATICALLY_LINKED')
('icu',            True, True, 'STATICALLY_LINKED')
('json',           True, True, 'STATICALLY_LINKED')
('parquet',        True, True, 'STATICALLY_LINKED')

Four. core_functions is the standard library, icu is collations and timezones, json reads JSON, and parquet reads Parquet. That is the whole binary’s worth of extensions.

Note what is missing from that list. CSV is not an extension at all. It is part of the core engine, which is why chapter 4 worked with nothing installed.

Now ask what the binary knows about:

select count(*) from duckdb_extensions();

30

Thirty entries, four of them present. The other twenty-six are names and download locations:

autocomplete, avro, aws, azure, delta, ducklake, encodings, excel, fts,
httpfs, iceberg, inet, lance, motherduck, mysql_scanner, odbc_scanner,
postgres_scanner, quack, spatial, sqlite_scanner, tpcds, tpch, ui,
unity_catalog, vortex, vss

That list is the answer to “what can DuckDB do”. Cloud storage, three lakehouse formats, four other databases, full-text search, vector similarity, geospatial, a web UI. None of it costs you anything until you use it.

Autoloading, which is more aggressive than you expect

Two settings govern the whole thing:

select current_setting('autoinstall_known_extensions');   -- True
select current_setting('autoload_known_extensions');      -- True

Both default to on. Together they mean that when a query needs an extension DuckDB knows about, it downloads and loads it without asking.

Here is that happening. Fresh extension directory, nothing installed beyond the four, and one query naming a URL:

select count(*) from 'https://blobs.duckdb.org/data/taxi_2019_04.parquet';

7433139

Seven and a half million rows from a remote Parquet file. No INSTALL, no LOAD, no configuration. DuckDB saw https://, worked out that it needed httpfs, fetched it, loaded it, then ran the query. Check afterwards and httpfs is installed.

It is not only file paths. Calling a function from an extension does the same thing:

call dbgen(sf = 0.001);                    -- pulls tpch
select host('127.0.0.1'::INET);            -- pulls inet
select count(*) from read_xlsx('x.xlsx');  -- pulls excel

All three worked from nothing. The read_xlsx call failed, but only on the missing file. The extension had already loaded by then, which is the interesting part.

So the model is: name something from an extension, and the extension appears. For a tool people reach for to answer one question, that is the right default. It is a large part of why DuckDB feels like it has no setup.

The one that does not play along

Then there is spatial:

select ST_Point(1, 2);

Catalog Error: Scalar Function with name "st_point" is not in the catalog,
but it exists in the spatial extension.

Read that against the previous section. tpch, inet and excel each autoinstalled from a function call. Spatial has autoloading on and is known to the binary, and it tells you it exists without fetching it.

The error is helpful and slightly maddening. It identifies the extension by name, so DuckDB knew exactly what to install, and then did not. The fix is one line:

install spatial;
load spatial;
select st_astext(ST_Point(1, 2));

POINT (1 2)

Spatial has a second trap, and it catches anyone reading release notes. The GEOMETRY type is core:

select typeof('POINT(1 2)'::GEOMETRY);

GEOMETRY

That cast works in a bare install with nothing loaded. So does select 'x'::VARIANT. It is easy to read “there is now a built-in GEOMETRY type” and conclude that geospatial is built in. The type is. Every function that does anything with it is not. You can hold a geometry in a column and compute nothing about it until you install spatial.

When there is no network

Autoloading means a first run does a download. That is fine on a laptop and not fine in a locked-down container. Turn it off to see what a restricted environment looks like:

set autoinstall_known_extensions = false;
select count(*) from 'https://blobs.duckdb.org/data/taxi_2019_04.parquet';

An error occurred while trying to automatically install the required extension 'httpfs'

And LOAD on something that was never fetched:

load spatial;

IO Error: Extension "extdirX/v1.5.5/osx_amd64/spatial.duckdb_extension" not found.

That path is the whole caching model in one line. Look at what is in it:

extdir/v1.5.5/osx_amd64/spatial.duckdb_extension
        ▲       ▲
        │       └── platform
        └── DuckDB version

Extensions are pinned to both a DuckDB version and a platform. They are compiled shared libraries linked against a specific engine version. Upgrading DuckDB invalidates the entire cache, and every extension is fetched again on first use.

Two consequences worth planning for. A Docker image that installs its extensions at build time keeps working only while the DuckDB version is pinned. Bump it and the image starts reaching for the network at runtime. And when you build that image, install what you need explicitly rather than relying on autoload. Then a failure happens at build time, where you will see it.

The community repository

Core extensions come from DuckDB’s own repository. They are built for every platform and they are signed. allow_unsigned_extensions defaults to false, and there is no need to change it.

There is a second repository:

select current_setting('allow_community_extensions');    -- True
install h3 from community;

The install succeeded. 442,542 bytes landed in the cache. Then:

load h3;

IO Error: Extension "extdir2/v1.5.5/osx_amd64/h3.duckdb_extension" could not
be loaded: dlopen(…): tried: 'extdir2/v1.5.5/osx_amd64/h3.duckdb_extension'
(mach-o file, but is an incompatible architecture (have 'arm64',
need 'x86_64h' or 'x86_64'))

The file served from the osx_amd64 path was an arm64 binary. DuckDB asked for the Intel build, got the Apple Silicon one, and the dynamic loader refused it.

Be fair about what that does and does not show. It is one package, on Intel Mac, which is a minority platform in 2026. And it is a packaging error rather than anything about the extension’s code. But it is a clean illustration of the tier difference. Core extensions are built by the DuckDB project against every supported platform and version. Community extensions are built by their authors, and the platform matrix is only as complete as whoever ran the build.

The practical rule: treat INSTALL … FROM community the way you treat any third-party dependency. Someone else’s build, on someone else’s schedule, loaded into your process as native code. Often exactly what you want, and worth a decision rather than a reflex.

Working with all this

Let autoload work interactively. On your own machine it is the feature, and fighting it gains nothing.

Install explicitly in anything reproducible. In a Dockerfile, a CI job, or a deployed service, name the extensions and install them at build time. Pin the DuckDB version so the cache stays valid. INSTALL is idempotent, so this costs nothing when it is already there.

Check duckdb_extensions() when a function is missing. The catalog error usually names the extension. When it does not, that view tells you what exists and what is loaded, which is faster than searching the documentation.

Remember spatial is different. It will not arrive on its own, and its type existing in core is not the same as its functions existing.

Treat the community repository as third-party. Which it is.

Final thoughts

The four-extensions-in-the-binary number is the point of the whole chapter. It explains the four-second install, a wheel small enough to be a dependency without an argument, and a long capability list that is not weight you carry.

The design costs you one thing, and it is real: the capability surface depends on the network. On a laptop that is invisible. In a container, in CI, or on an air-gapped box, it is the difference between a working job and an error nobody saw coming. And the error arrives at query time, not at startup.

So: let it autoload while you are exploring, and pin it before it matters. And if a geospatial function comes back “not in the catalog” while GEOMETRY casts perfectly well, that is not a bug. It is the one extension that makes you ask.





The Parts You Stop Writing

Chapter 1 made a promise and it was true: your SELECTs, joins, CTEs and window functions transfer here unchanged. This is not a SQL book, and the SQL track teaches the language once against PostgreSQL.

What that promise leaves out is the other direction. DuckDB accepts everything you already write, and it accepts a good deal that Postgres will not. This is not a different language. It is the same one with a set of additions, and they exist to delete boilerplate you have been typing for years without noticing.

That sounds cosmetic. Mostly it is, and convenience is a reasonable thing to want. But one of these is a performance feature wearing syntax-sugar clothes, and it is worth knowing which.

Everything here was run against DuckDB 1.5.5 on the edge-log dataset from chapter 5 — nine columns, 500,000 rows.

The star, minus the columns you did not want

SELECT * is either exactly what you want or nearly what you want. When it is nearly, the usual repair is to type out the other eight columns by hand.

select * exclude (ts, site_id, tags, client) from 'edge/**/*.parquet' limit 2;

('/', 200, 186920, 36.2, 2026-03-01)
('/', 200, 226515, 32.65, 2026-03-01)

Five columns, because four were subtracted from the star. Nothing was listed positively.

REPLACE is the sibling. It keeps every column but swaps the expression for one of them:

select * replace (round(duration_ms) as duration_ms)
from (select path, duration_ms from 'edge/**/*.parquet') limit 2;

('/', 36.0)
('/', 33.0)

duration_ms is still in its original position, still called duration_ms, now rounded. Without this you would list every column just to change one.

They compose, in one order only. EXCLUDE must come first:

select * exclude (ts) replace (round(duration_ms) as duration_ms) from …   -- fine
select * replace (round(duration_ms) as duration_ms) exclude (ts) from …   -- Parser Error

Parser Error: syntax error at or near "exclude"

Worth committing to memory, because there is no reason to expect it and the error does not explain it.

The one that is not just sugar

Here is the part that makes EXCLUDE more than typing relief. Ask for the plan:

explain select * exclude (ts, tags, client, path, site_id, status)
from 'edge/**/*.parquet';

│        PARQUET_SCAN       │
│        Projections:       │
│           bytes           │
│        duration_ms        │
│             dt            │

The excluded columns are never read. EXCLUDE resolves before the scan, so it feeds the projection pushdown from chapter 7. That chapter measured what it is worth: 29 ms for one column against 226 ms for eight.

So on a wide table, select * exclude (big_blob_column) is not a tidier select *. It is a materially cheaper one.

GROUP BY ALL

The most-typed redundancy in analytical SQL is repeating your non-aggregate select list in the GROUP BY:

select client.country, status, count(*) n
from 'edge/**/*.parquet'
group by all
order by n desc, client.country limit 3;

('DE', 200, 57144)
('BR', 200, 57143)
('GB', 200, 57143)

ALL means “group by every selected expression that is not an aggregate.” DuckDB works out that client.country and status are the grouping keys and count(*) is not.

This is more than convenience, because the duplicated list is a maintenance hazard rather than a typing one. Add a column to the select list, forget the GROUP BY, and you get an error if you are lucky or a different result if you are not. GROUP BY ALL cannot drift out of sync with the select list, because it is the select list.

ORDER BY ALL is the same idea for sorting — order by every selected column, left to right:

select status, count(*) from 'edge/**/*.parquet' group by all order by all limit 3;

(200, 285716)
(301, 71428)
(404, 71428)

COLUMNS, which applies a function to many columns at once

COLUMNS(*) takes an expression and maps it over every column:

select max(columns(*)) from (select status, bytes, duration_ms from 'edge/**/*.parquet');

(500, 900199, 40.99)

One max written, three applied. The alternative is max(status), max(bytes), max(duration_ms) — fine at three columns and unwriteable at forty.

It takes a regex, which is where it earns its place:

select round(avg(columns('.*_ms')), 1) from 'edge/**/*.parquet';

(21.0,)

Every column whose name ends in _ms, averaged, without naming any of them. On a table with a naming convention — _ms, _count, _pct, is_ — this turns a class of tedious queries into one line. It also keeps working when someone adds a column.

QUALIFY

Window functions have an awkward gap: you cannot filter on one in a WHERE, because WHERE runs before the window is computed. The standard workaround is a subquery or CTE that exists only to give the window function a name you can filter on.

QUALIFY is HAVING for window functions:

select path, status, count(*) n,
       row_number() over (partition by status order by count(*) desc, path) rk
from 'edge/**/*.parquet'
group by 1, 2
qualify rk = 1
order by status limit 3;

('/docs/intro',    200, 57144, 1)
('/api/v1/search', 301, 14286, 1)
('/',              404, 14286, 1)

The busiest path for each status code, without a wrapping subquery. “Top N per group” is one of the most common analytical shapes there is, and this is the version of it you can read.

PIVOT

Turning rows into columns is normally a stack of CASE expressions inside aggregates. DuckDB has it as syntax:

pivot (select status, client.country cc from 'edge/**/*.parquet')
on status using count(*) group by cc order by cc limit 3;

('BR', 57143, 14286, 14286, 14285)
('DE', 57144, 14285, 14286, 14285)
('GB', 57143, 14286, 14285, 14286)

One row per country, one column per status code, counts in the cells. Note what did not happen: you never listed the status codes. DuckDB read the distinct values and generated the columns. A CASE-based pivot has to know them in advance, which means it silently misses any new one.

UNPIVOT goes the other way, folding columns back into rows.

FROM first

from 'edge/**/*.parquet' select count(*);

(500000,)

FROM before SELECT, which is the order you think in and the order the engine executes in. You pick the data, then decide what to take from it. SELECT-first is a historical accident that every autocomplete has to work around.

The SELECT is optional entirely:

from 'edge/**/*.parquet' limit 1;

(1, 2026-03-02 10:08:00, '/', 200, 186920, 36.2,
 {'country': 'US', 'city': 'NYC'}, ['edge'], 2026-03-01)

That is the fastest way to look at a table that exists, and it is what I now type first against any unfamiliar file.

List comprehensions

Chapter 11 covers list_transform and list_filter. There is also syntax borrowed straight from Python:

select [upper(t) for t in tags] from 'edge/**/*.parquet' limit 2;

(['EDGE'],)
(['EDGE', 'CACHE-HIT', 'BETA'],)

With a filter clause:

select [x * 2 for x in [1, 2, 3] if x > 1];

([4, 6],)

Identical in meaning to the lambda forms and considerably easier to read, especially nested.

Two smaller ones

UNION ALL BY NAME matches columns by name instead of position, filling gaps with NULL:

select 1 a union all by name select 2 b;

(1, None)
(None, 2)

Positional UNION is a well-known way to silently swap two columns of the same type. Matching by name removes that class of bug, and chapter 12 uses it to absorb structs with different shapes.

And an alias can go in front:

select n: count(*), c: count(distinct status) from 'edge/**/*.parquet';

(500000, 4)

The name arrives before the expression, so a long expression does not hide what it is called.

What to actually adopt

These are not equally valuable, and treating them as one feature list is how you end up writing SQL nobody else on your team can read.

Adopt without hesitation: GROUP BY ALL and QUALIFY. Both remove a genuine correctness hazard rather than keystrokes — a GROUP BY that drifts from its select list, and a subquery that exists only to name a window.

Adopt for wide tables: EXCLUDE and COLUMNS. The first is a performance lever; the second stops being optional past about twenty columns.

Adopt for exploration: FROM-first and bare FROM. Excellent interactively. I would think twice about a committed query, since a reader who has not seen it will stumble.

Know they exist: PIVOT, REPLACE, list comprehensions, UNION BY NAME, prefix aliases. Reach for them when the standard form is genuinely worse.

The honest cost, which applies to all of them: none of this is portable. A query using GROUP BY ALL does not run on Postgres, Snowflake or BigQuery. For an analysis you run and throw away, that does not matter. For a dbt model that might move warehouses, or SQL in an application, portability may be worth more than the keystrokes. That is a judgement call, not a rule.

Final thoughts

The pattern underneath these is worth naming. Standard SQL makes you say things it could have worked out. The grouping keys are derivable from the select list. The pivot columns are derivable from the data. The columns you want are often “all of them except that one.” Each addition here removes one of those.

Two things to carry. GROUP BY ALL cannot fall out of sync with your select list, which makes it a correctness feature rather than a shortcut. And EXCLUDE pushes down into the scan, so on a wide table it is cheaper than the select * it replaces, not merely shorter.

The rest you will pick up by seeing them once. That is rather the point — none of this is a new language, and all of it is optional.





Stop Paying the Flattening Tax

Almost all the data anyone hands you is nested. An API response has objects inside objects. A log line has an array of tags. An order has line items. That is the natural shape.

A relational table is flat, so something has to give, and there are only two conventional answers. Store the nested part as a JSON string and lose every type inside it. Or normalise it into a side table and pay for a join every time you want it back.

Both are real costs, and both are so familiar that we stopped calling them costs. Call it the flattening tax: you pay it on the way in, and you pay it again on every query.

DuckDB does not charge it. Lists, structs and maps are first-class types with their own storage, their own functions, and no penalty for using them. This chapter is about what that changes, and about the small number of places where the semantics will surprise you.

Everything here was run against DuckDB 1.5.5 on the book’s edge-log dataset.

Three types, three jobs

select typeof([1, 2, 3]);
select typeof({'a': 1, 'b': 'x'});
select typeof(map([1, 2], ['a', 'b']));

INTEGER[]
STRUCT(a INTEGER, b VARCHAR)
MAP(INTEGER, VARCHAR)

Look at what the type strings contain, because that is the whole design.

A LIST is ordered and homogeneous. INTEGER[] says integers, any number of them. The element type is part of the type, so a mixed list is not a thing:

select [1, 'x'];

Conversion Error: Could not convert string 'x' to INT32

A STRUCT carries its field names and their types in the type itself. STRUCT(a INTEGER, b VARCHAR) is a different type from STRUCT(b INTEGER). The shape is fixed and known at plan time.

A MAP has one key type and one value type, and any number of entries. The keys are data, not schema.

They compose without limit:

select typeof([{'a': [1, 2]}]);

STRUCT(a INTEGER[])[]

A list of structs, each holding a list. That is an ordinary type, and every operation below works on it.

Struct or map: decide by the failure

Both look like “a thing with named parts”, so the choice feels arbitrary until you see them fail. Ask each for something that is not there.

A struct:

select ({'a': 1}).zzz;

Binder Error: Could not find key "zzz" in struct

A map:

select map([1, 2], ['a', 'b'])[9];

NULL

The struct raised a binder error. The map returned NULL.

That is not a quirk, it is the distinction stated precisely. A struct’s fields are schema: they are in the type, so DuckDB checks them while planning, before a single row is read. A typo fails immediately and fails the same way every time. A map’s keys are data: nothing can be checked in advance, so a missing key is an absent value like any other.

Which gives a rule you can apply without thinking about it:

Use a STRUCT when the field names are part of your design. A client with country and city. An address. A geo point. You know the fields, you want a typo caught at plan time, and you want each field to have its own type.

Use a MAP when the keys come from the data. User-supplied attributes, per-tenant custom fields, HTTP headers, anything where a new key appearing is normal rather than a schema change.

The failure modes are the tell. If “that key wasn’t there” should be an error, you want a struct. If it should be a NULL, you want a map.

The indexing trap

Lists are 1-based:

select [10, 20, 30][1];

10

Fine, if surprising for anyone arriving from Python. The trap is the next one:

select [10, 20, 30][0];

NULL

Index 0 is not an error. It is a silent NULL, in a language where indexing starts at 1. Every Python habit you have says [0] is the first element, and here it is nothing at all. No warning, no exception — just a null that flows downstream and turns an aggregate into a slightly wrong number.

This is the single most likely way to write a quietly incorrect query with nested data. Give it a moment of deliberate attention every time you index a list by a literal.

Out-of-range behaves the same way:

select [10, 20, 30][9];

NULL

Negative indexing does work, from the end:

select [10, 20, 30][-1];    -- 30
select [10, 20, 30, 40][2:3];   -- [20, 30]

So the mental model is: 1-based, forgiving, and never an error. Which is convenient right up until it is not.

The real data

The edge logs carry both a struct and a list:

select tags, client from 'edge/**/*.parquet' limit 2;

(['edge'],                        {'country': 'US', 'city': 'NYC'})
(['edge', 'cache-hit', 'beta'],   {'country': 'US', 'city': 'NYC'})

Struct fields are ordinary expressions. Group by one:

select client.country, count(*) from 'edge/**/*.parquet'
group by 1 order by 2 desc, 1 limit 2;

('BR', 100000)
('DE', 100000)

Lists need unnest, which turns one row with a three-element list into three rows. There is one wrinkle worth knowing before you hit it:

select unnest(tags) tg, count(*) from 'edge/**/*.parquet' group by 1;

Binder Error: UNNEST not supported here

unnest produces rows, so it cannot sit in a query that is also grouping — the expansion has to happen first. Put it in a subquery:

select tg, count(*) from (select unnest(tags) tg from 'edge/**/*.parquet')
group by 1 order by 2 desc;

('edge',      500000)
('cache-hit', 333333)
('beta',      166666)

Every row has edge, two thirds have cache-hit, one third has beta. That is a tag-frequency report over half a million rows, from data nobody flattened, in one query with no join.

unnest on a struct does something different and equally useful — it expands the fields into columns:

select unnest(client) from 'edge/**/*.parquet' limit 2;

('US', 'NYC')
('US', 'NYC')

And recursive := true goes all the way down:

select unnest({'a': 1, 'b': {'c': 2}}, recursive := true);

(1, 2)

Lists have a functional standard library

The part that stops nested data being awkward is that lists come with the operations you would otherwise write a loop for:

select list_transform([1, 2, 3], x -> x * 10);     -- [10, 20, 30]
select list_filter([1, 2, 3, 4], x -> x % 2 = 0);  -- [2, 4]
select list_reduce([1, 2, 3, 4], (a, b) -> a + b); -- 10
select list_sort([3, 1, 2]);                        -- [1, 2, 3]

Map, filter and reduce with lambda syntax, inside SQL, on a column. This is where nested types stop being a storage detail and start being a way to express things. A per-row transformation over an array does not need a unnest, a computation and a re-aggregation. It is one function call, and it stays inside the vectorized engine — which chapter 7 argued is the thing that matters most.

Going the other way, list() is an aggregate that collects rows into a list:

select list(i) from range(4) t(i);

[0, 1, 2, 3]

So unnest and list() are inverses, and you can drop into flat-row-land for one step and come back. There are matching builders for the other types — struct_pack(a := 1, b := 'x'), struct_insert({'a':1}, b := 2), map_from_entries, map_keys, list_zip — and to_json / from_json to cross between nested types and JSON text.

What it costs: nothing

The reasonable suspicion is that all this convenience is paid for at scan time. It is not:

struct field group by  :  2.2 ms
plain column group by  :  2.0 ms

Grouping by client.country costs essentially what grouping by status costs, and the reason is in the file layout:

select path_in_schema, type, num_values
from parquet_metadata('edge/dt=2026-03-01/data_0.parquet');

('status',           'INT32',      73728)
('client, country',  'BYTE_ARRAY', 73728)
('client, city',     'BYTE_ARRAY', 73728)
('tags, list, element', 'BYTE_ARRAY', 147456)

client.country is its own physical column, sitting beside status with exactly the same number of values. The struct is not a blob that gets parsed per row. It is a naming convention over columns that are stored separately — which is why the projection pushdown from chapter 7 could read client.country and leave client.city on disk.

Lists cost slightly more, and the numbers say why: 147,456 values for tags against 73,728 rows, because the list elements are stored flat with separate length information. Reading a list means reconstructing rows from that, and the len(tags) group-by measured 4.5 ms against 2.0 for a plain column. Twice as much for a variable-length type, which is the honest price and a long way from a JSON parse.

When to flatten anyway

Nested types are not always the answer, and three cases are worth naming.

When the consumer cannot take them. A BI tool, a CSV export, an ancient JDBC client — all flat. Chapter 4 already showed that writing nested columns to CSV loses them entirely. Keep the data nested and flatten in a view at the boundary, rather than flattening at rest.

When the list is really a table. A list of a handful of tags is a value. A list of ten thousand line items, each needing its own filters and joins, is a table that has been folded into a column. The tell is whether you find yourself unnesting it in most queries — if so, it wants to be rows.

When the shape is genuinely unknown. A struct is a schema, and a schema you cannot write down is not a schema. That case has its own answer, which is the next chapter.

Final thoughts

The flattening tax is easy to miss because it is charged in habits rather than in milliseconds. You destructure the API response before you store it. You write the join. You reach for a JSON string and accept that everything inside it is text now. None of that felt like a decision.

DuckDB’s three nested types make it a decision, and the measurements say the default should flip: a struct field is a real column and costs what a real column costs. The nesting is free, and the type information you would have thrown away is still there.

Two things to keep. Choose struct versus map by which failure you want — a binder error for a typo, or a NULL for a missing key. And list[0] is NULL, not the first element, in a language that starts at 1 and never raises an index error. The first is a design principle. The second will cost someone a day.





The Shape You Cannot Write Down

The previous chapter’s advice has a boundary, and it is worth walking straight into it.

A struct is a schema. Its field names and their types are part of the type, checked at plan time. That is exactly what you want for a client with a country and a city. It is useless when the shape of the data is different on every row.

Here is that case, and it is not contrived — it is what an event stream looks like:

{"id":1,"kind":"click",    "attrs":{"x":10,"y":20}}
{"id":2,"kind":"purchase", "attrs":{"sku":"A17","cents":3000,"currency":"USD"}}
{"id":3,"kind":"ping",     "attrs":null}
{"id":4,"kind":"tagged",   "attrs":["a","b","c"]}
{"id":5,"kind":"flag",     "attrs":true}

attrs is an object, then a different object, then null, then an array, then a boolean. No struct describes that. There is no schema to write down, because there is no schema.

DuckDB has three answers, they are not interchangeable, and one of them is new enough that most of what you will read about it is out of date. Everything here was run against DuckDB 1.5.5.

What the reader does on its own

Point read_json at that file and it makes a decision:

describe select * from read_json('var/events.json');

id     BIGINT
kind   VARCHAR
attrs  JSON

select id, attrs from read_json('var/events.json');

(1, '{"x":10,"y":20}')
(2, '{"sku":"A17","cents":3000,"currency":"USD"}')
(3, None)
(4, '["a","b","c"]')
(5, 'true')

attrs came back as JSON, which in DuckDB is a text type with parsing functions attached. Compare that with chapter 4, where a uniformly-shaped tags field became a real VARCHAR[] and geo became a real STRUCT. The inference gave up here, correctly, and fell back to keeping the text.

That is the baseline: correct, lossless, and completely untyped. Nothing inside attrs has a type any more.

Answer one: widen the struct

Before reaching for anything exotic, note that structs absorb some variation:

select * from (values ({'a': 1}), ({'b': 2})) t(x);

({'a': 1,    'b': None})
({'a': None, 'b': 2})

DuckDB merged the two into STRUCT(a INTEGER, b INTEGER) and filled the gaps with NULL. UNION ALL BY NAME does the same across queries.

This is the right answer more often than people expect, and it has a hard limit. The type contains every field that has ever appeared. Three shapes with four fields each is a twelve-field struct, mostly null, and still perfectly workable. Two hundred event types with their own attributes is a struct with hundreds of columns, and every new event type is a schema change.

Use widening when the set of shapes is small, known, and stable. When it is none of those, the type stops describing the data.

Answer two: VARIANT

VARIANT is a single static type that holds a different type per row. It went core in the 1.5 series, so a model or a tutorial older than that will not mention it at all.

select typeof('x'::VARIANT);

VARIANT

Everything casts into it — scalars, structs, lists, JSON:

select {'a': 1, 'b': [1, 2]}::VARIANT;   -- {'a': 1, 'b': [1, 2]}
select [1, 2]::VARIANT;                   -- [1, 2]
select '{"a":1}'::JSON::VARIANT;          -- {'a': 1}

The interesting function is the one that asks what a row actually holds:

select id, variant_typeof(attrs) from ev order by id;

(1, 'OBJECT(x, y)')
(2, 'OBJECT(sku, cents, currency)')
(3, 'VARIANT_NULL')
(4, 'ARRAY(3)')
(5, 'BOOL_TRUE')

One column, five different types, all of them known. typeof on that column returns VARIANT — the static type, which never changes. variant_typeof returns the runtime type, per row, and it is precise: not “object” but OBJECT(sku, cents, currency), not “array” but ARRAY(3).

That is the whole idea. The type system stops trying to describe the column and starts describing each value.

Extraction, and the third failure mode

Reach into a VARIANT with the same syntax as a struct:

select id, attrs.x, attrs.sku from ev order by id;

(1, 10,   None)
(2, None, 'A17')
(3, None, None)
(4, None, None)
(5, None, None)

One query asking for two fields that never coexist. Row 1 has x, row 2 has sku, and neither asking produced an error.

Which completes a pattern worth putting side by side, because these three lines are the entire decision:

select ({'a':1}).zzz;                   -- Binder Error: Could not find key "zzz"
select map([1],['a'])[9];               -- NULL
select ({'a':1}::VARIANT).zzz;          -- NULL

STRUCT checks at plan time. MAP and VARIANT check never. A struct’s field list is schema, so a typo is caught before any data is read. A variant’s contents are data, so a missing field is a missing value.

Values come out already typed enough to compute with:

select ({'a': 1}::VARIANT).a + 1;       -- 2
select ({'a': {'b': 2}}::VARIANT).a.b;  -- 2
select ([10, 20]::VARIANT)[1];          -- 10

No cast needed for the arithmetic, and nesting and indexing work all the way down.

And because the runtime type is a value, you can query it:

select id from ev where variant_typeof(attrs) like 'OBJECT%';

(1,)
(2,)

Filtering rows by their shape. None of the other options can express that at all. It is what to reach for when a heterogeneous column starts misbehaving: find the rows whose shape you did not expect.

It survives storage, too:

copy (select id, attrs from ev) to 'var/ev.parquet' (format parquet);
select id, variant_typeof(attrs) from 'var/ev.parquet' order by id;

(1, 'OBJECT(x, y)')
(2, 'OBJECT(cents, sku)')
(3, 'VARIANT_NULL')
(4, 'ARRAY(3)')
(5, 'BOOL_TRUE')

Per-row types intact through a write and a read, with nothing declared. One small detail to notice: row 2 came back as OBJECT(cents, sku) where it went in as OBJECT(sku, cents). Field order is normalised. If any logic of yours depends on the order of an object’s keys, it will not survive the round trip.

The measurement that should temper your enthusiasm

VARIANT sounds like it should be the answer to everything, so it is worth knowing what it costs. A million rows, one field extracted and summed, three ways:

select sum((j->>'$.a')::BIGINT) from big_j;      -- JSON text
select sum(v.a::BIGINT) from big_v;               -- VARIANT
select sum(i) from big_j;                         -- a plain BIGINT column

json    ->> + cast :     16 ms
variant .a + cast  :     70 ms
plain BIGINT col   :      1 ms

All three returned 499999500000, so this is the same work three ways.

Two things fall out, and the first is the surprising one. JSON text was four times faster than VARIANT here. DuckDB’s JSON reader is heavily optimised, and this data is perfectly uniform, which is JSON’s best case and not the case VARIANT exists for. Do not read this as “JSON is faster than VARIANT” in general — read it as VARIANT is not a performance feature. It buys type fidelity, not speed.

The second is the one that should change what you do. A plain BIGINT column was 70 times faster than the VARIANT and 16 times faster than the JSON. Any field you query often does not belong in a semi-structured blob at all. Promote it to a column, and leave the genuinely variable remainder behind.

Size is close to a wash — 9.0 MB for the VARIANT column against 9.8 MB for the JSON, written to Parquet.

Choosing, in one pass

The five options now form a ladder, from most structure to least:

A real column. Anything you filter, join or group on regularly. 70× faster than pulling it out of a variant, every time.

A STRUCT. Fixed fields, known at design time, typo caught at plan time. The default for anything with a shape you can name.

A widened STRUCT. A small, stable set of shapes. Cheap and readable until the field count runs away.

A MAP. Dynamic keys, but a uniform value type. Per-tenant settings where every value is a string; HTTP headers.

A VARIANT. Dynamic keys and dynamic value types. The event stream at the top of this chapter. The only option that can tell you what each row actually holds.

Plain JSON. Text you are passing through, or a field nobody queries. Fast to extract from, and everything inside it is untyped.

The practical shape for a real event pipeline is a combination rather than a choice. id, kind and ts become real columns, because everything filters on them. attrs becomes a VARIANT, because nothing can describe it. Then promote a field out of attrs into its own column the moment a query starts depending on it.

A note on GEOMETRY

The same “the type is core, the operations are not” pattern from chapter 9 is worth restating here, because GEOMETRY looks like it belongs in this chapter’s list:

select typeof('POINT(1 2)'::GEOMETRY);   -- GEOMETRY
select ST_Point(1, 2);                    -- Catalog Error

You can store geometries in a bare install and compute nothing about them. VARIANT is genuinely core in both senses — the type and its functions are in the binary. GEOMETRY is only half there until you INSTALL spatial.

Final thoughts

The three storage answers in this chapter and the last are really one question asked at three different times. A struct decides the shape when you write the query. A map decides it when you write the row. A variant does not decide it at all, and hands you variant_typeof so you can ask.

The line that matters most is the one about failures. A missing struct field is a binder error before any data is read; a missing variant field is a NULL. That is not inconsistency. It is the difference between schema and data made visible, and picking the wrong one gets you either a rigid column or a silent null where you wanted a shout.

And keep the 70× in view. VARIANT is how you store what you cannot describe — not how you store what you query.





Your Variable Name Is a Table Name

Everything so far has treated DuckDB as a database you query. This chapter is about the other half of what it is, and it is the half that explains why so many people ended up using it.

DuckDB runs inside your process. Not next to it, not over a socket — in the same memory. Every other database has a boundary where data is serialised out of your program, into the database, and back. That boundary is not here. There is nothing to cross.

What that looks like in practice is a little startling the first time.

Everything here was run against DuckDB 1.5.5 with pandas 3.0.5, pyarrow 25.0.0 and polars 1.43.2 on Python 3.13.

The thing that looks like a mistake

import duckdb, pandas as pd

df = pd.DataFrame({'a': [1, 2, 3], 'b': ['x', 'y', 'z']})
duckdb.connect().execute("select sum(a) from df").fetchall()

[(6,)]

There is no register, no CREATE TABLE, no INSERT. The string "from df" refers to a Python variable, and DuckDB found it.

This is a replacement scan. When the SQL parser hits a table name that is not in the catalog, DuckDB looks in the calling Python frame for a variable of that name. If it finds something it knows how to read, it reads it.

It is not only pandas:

atab = pa.table({'a': [1, 2, 3]})          # Arrow
pdf  = pl.DataFrame({'a': [1, 2, 3]})      # Polars

con.execute("select sum(a) from atab")     # [(6,)]
con.execute("select sum(a) from pdf")      # [(6,)]

And since they are all just table names now, they compose:

con.execute("select count(*) from df join atab using(a) join pdf using(a)")

[(5000000,)]

A pandas DataFrame joined to an Arrow Table joined to a Polars DataFrame, in one SQL query, five million rows. Nothing was converted and nothing was loaded. No library learned about any other. SQL is the common language, and DuckDB speaks all three memory layouts.

It really is not copying

The reasonable suspicion is that DuckDB quietly materialises a copy and the convenience is hiding a cost. Five million rows, summing one column:

pandas DataFrame  :   5.8 ms
arrow Table       :   9.9 ms
polars DataFrame  :   8.9 ms
native duckdb tbl :   1.9 ms
pandas own .sum() :   3.7 ms

Reading a pandas DataFrame through SQL took 5.8 ms against pandas’ own df['a'].sum() at 3.7 ms. That gap is DuckDB’s scan overhead, not a copy. Copying 5 million float64 values would cost far more than two milliseconds.

The native DuckDB table at 1.9 ms is the floor. It is faster for the reasons chapter 7 laid out: its own storage format and its own statistics. But the in-place numbers are the same order of magnitude, which is the point. Querying a DataFrame is a normal thing to do, not a fallback.

The mechanism is Arrow’s memory layout. Pandas 2+, Polars and PyArrow all describe columns in a way DuckDB can read directly, so the scan reads buffers your DataFrame already owns.

The parts nobody writes down

Replacement scans work by inspecting the Python frame, and that has consequences worth knowing before they surprise you.

Both local and global scope work. A DataFrame defined inside a function is visible to a query run there. A module-level one is visible from anywhere:

def inner():
    local_df = pd.DataFrame({'a': [10, 20]})
    con.execute("select sum(a) from local_df")   # [(30,)]
    con.execute("select sum(a) from gdf")        # [(6,)]  — module level

The reference is live, not a snapshot. Rebind the variable and the next query sees the new object:

mdf = pd.DataFrame({'a': [1, 2, 3]})
con.execute("select sum(a) from mdf")   # [(6,)]

mdf = pd.DataFrame({'a': [100]})
con.execute("select sum(a) from mdf")   # [(100,)]

Nothing was re-registered. The name resolves at query time, every time. That is usually what you want. It is occasionally a source of real confusion, because a query that returned one answer earlier in a notebook returns a different one later with no visible cause.

A real table wins. If a catalog table and a Python variable share a name, the table takes it:

shadow = pd.DataFrame({'a': [1]})
con.execute("create table shadow as select 999 a")
con.execute("select a from shadow")     # [(999,)]

The DataFrame is not consulted, and no warning is issued. Replacement scans are the fallback for a name that is not in the catalog. That is the safe ordering. It also means a CREATE TABLE earlier in a long script can silently change what a later query reads.

When any of that matters, name things explicitly:

con.register('named', pd.DataFrame({'a': [7, 8]}))
con.execute("select sum(a) from named")     # [(15,)]
con.unregister('named')
con.execute("select * from named")          # Catalog Error: Table with name named does not exist!

register decouples the SQL name from the variable name and works regardless of scope. Prefer it in a library, a long-lived application, or anywhere the SQL is assembled far from where the data lives. Interactively, let the replacement scan do its job.

Getting data back out, where the cost actually is

The way in is nearly free. The way out is not, and the spread is much wider than most people expect. Five million rows, two columns:

.arrow().read_all() :    151 ms
.pl()               :    133 ms
.df()               :    275 ms
.fetchall()         :   2022 ms

.fetchall() is fifteen times slower than .pl(), and this is the single most useful practical fact in the chapter.

The reason is what each one builds. .arrow() and .pl() hand over columnar buffers close to DuckDB’s own layout. .df() costs more because pandas wants its own arrangement. .fetchall() constructs five million Python tuples, each holding boxed Python objects. That allocation is the entire two seconds.

So the rule: .fetchall() is for small results. A count, a handful of rows, a debugging peek. For anything you would put in a variable and work with, use .arrow(), .pl() or .df(). Better still, do the work in SQL and fetch a small answer.

Two API details worth having correct, because the common advice is stale:

type(con.execute("select 1 a").arrow())              # RecordBatchReader
type(con.execute("select 1 a").arrow().read_all())   # Table

.arrow() returns a RecordBatchReader, not a Table. Most tutorials say Table. A streaming reader is better, because you can consume a result larger than memory without materialising it. But it means .read_all() is an extra call when you do want a Table.

And the older spelling warns:

con.execute("select 1 a").fetch_arrow_table()

DeprecationWarning: fetch_arrow_table() is deprecated, use to_arrow_table() instead.

.fetchdf() and .fetch_df() still work as aliases for .df() and do not warn.

When to reach for which

Having SQL and a DataFrame library in the same process means choosing between them constantly. The choice is less about performance than it looks.

Use SQL for the shape of the work. Joins, grouped aggregates, window functions, filtering across several sources. A five-line query beats a chain of merges you have to read twice. It is also where DuckDB’s engine has the most to offer, since the whole query is planned at once.

Use the DataFrame library for what it is good at. Plotting, scikit-learn, anything that expects a DataFrame, and the manipulations that are genuinely awkward in SQL.

Do not move data back and forth to decide. Both operate on the same memory. Query the DataFrame with SQL, get an Arrow result, hand it to Polars, query that with SQL again. Each hop is milliseconds, and none is a serialisation.

Push the reduction into SQL. The most common performance mistake in Python-plus-DuckDB code is fetching a large intermediate into Python, then aggregating it. The 2,022 ms above is what that costs. Aggregate first, then fetch the answer.

Final thoughts

select sum(a) from df looks like a party trick, and for the first five minutes it is. What it represents is the absence of a boundary every other database charges you for. There is no export step, because there is no “over there” for the data to go.

The measurements say the convenience is real rather than paid for elsewhere. Scanning a pandas DataFrame through SQL costs about what pandas costs, and three libraries’ memory can meet in a single join.

The cost that does exist is on the way out, and it has one name. .fetchall() builds a Python object per value. On five million rows that is two seconds, against 133 milliseconds for the columnar path. Every other rule in this chapter is a preference. That one is arithmetic.





Queries Without Query Strings

SQL is excellent at describing a query and poor at being assembled. The moment a query depends on runtime conditions, you are concatenating strings:

sql = "select * from hits"
if status:  sql += f" where status = {status}"
if country: sql += f" and country = '{country}'"      # and now the `and` is wrong

Two conditions in and it is already broken, because the second clause assumed the first one ran. Fix that with a list of predicates and a join, add parameter binding so the values are not interpolated, and you have written a small query builder. Everyone writes this function. Nobody enjoys it.

DuckDB’s Python client offers the other option: build the query as objects and never hold a string at all.

Everything here was run against DuckDB 1.5.5 on Python 3.13.

A relation is a plan

con.sql() looks like execute and is not:

r = con.sql("select * from 'edge/**/*.parquet'")
type(r)         # DuckDBPyRelation
r.columns[:5]   # ['site_id', 'ts', 'path', 'status', 'bytes']
r.types[:5]     # ['BIGINT', 'TIMESTAMP', 'VARCHAR', 'INTEGER', 'BIGINT']

It returned a DuckDBPyRelation, and it already knows the column names and types — which means it consulted the Parquet schema and did not read a row. A relation is a query that has been described but not run.

The laziness is measurable:

q = (con.sql("select * from 'edge/**/*.parquet'")
        .filter("status = 200")
        .aggregate("client.country, count(*) n", "client.country"))

building took   1.9 ms
executing took    5 ms

Building the whole chain cost under two milliseconds because nothing happened. The work started at fetchall().

The verbs

The relation methods cover the shape of an ordinary query:

rel.filter("status = 200")                    # WHERE
rel.project("i * 2 as d")                     # SELECT
rel.aggregate("country, count(*) n", "country")  # SELECT ... GROUP BY
rel.order("i desc")                           # ORDER BY
rel.limit(2)                                  # LIMIT
rel.distinct()                                # SELECT DISTINCT

Plus shortcuts that skip the aggregate ceremony — rel.count("i"), rel.min("i"), rel.max("i"), rel.sum("i") — and set operations between two relations:

a.union(b)       # everything, duplicates kept
a.except_(b)     # in a, not in b   (trailing underscore: `except` is a keyword)
a.intersect(b)   # in both

Each returns a new relation, so chaining composes rather than mutates.

The alias you will forget

Joins have one requirement that is not obvious, and the error is unhelpful:

a = con.sql("select * from range(4) t(i)")
b = con.sql("select i, i*10 v from range(2,6) t(i)")
a.join(b, "a.i = b.i")

Binder Error: Referenced table "a" not found!

The Python variables are named a and b; the relations are anonymous. The join condition is a SQL string, and SQL cannot see your variable names. Name them:

a = con.sql("select * from range(4) t(i)").set_alias("a")
b = con.sql("select i, i*10 v from range(2,6) t(i)").set_alias("b")

sorted(a.join(b, "a.i = b.i").fetchall())
# [(2, 2, 20), (3, 3, 30)]

sorted(a.join(b, "a.i = b.i", how="left").fetchall())
# [(0, None, None), (1, None, None), (2, 2, 20), (3, 3, 30)]

set_alias before every join is the habit to build. It is the only place in this API where the Python side and the SQL side need to be told about each other.

Reading back what you built

The feature that makes this trustworthy rather than magical:

q.sql_query()

SELECT client.country, count_star() AS n
FROM (SELECT * FROM (SELECT * FROM "edge/**/*.parquet") AS unnamed_relation_c9dc…
      WHERE (status = 200)) AS unnamed_relation_c9dc…
GROUP BY client.country

There is the SQL, generated exactly. Nested subqueries rather than the flat query you would have written by hand, and it makes no difference — the optimizer flattens them, which you can confirm the usual way:

[line for line in q.explain().split('\n') if 'SCAN' in line or 'GROUP' in line]

['HASH_GROUP_BY', 'PARQUET_SCAN']

One scan, one group-by. The subquery nesting was structural, not executed.

sql_query() and explain() are the reason to be comfortable here. This is not an ORM that hides a query from you and produces something unrecognisable at scale. It is a builder for SQL you can read at any point.

Composition, which is the actual point

Here is the loop that motivated the whole chapter:

rel = con.sql("select * from 'edge/**/*.parquet'")
for col, val in active_filters:
    rel = rel.filter(f"{col} = {val}")

rel.aggregate("count(*)").fetchall()

[(71429,)]

No WHERE-versus-AND bookkeeping. No first-iteration special case. No half-built string. Zero filters produces a valid query, and so does eight.

That is the pattern worth taking: anywhere a query’s structure is decided at runtime, this is easier to get right than string assembly. A filter panel in a dashboard. A CLI with optional flags. A pipeline stage whose steps come from config. Each of those is a loop over relation methods, and none of them is a query builder you had to write.

A relation re-executes every time

One property will bite if you assume otherwise:

r = con.sql("select client.country cc, count(*) n from 'edge/**/*.parquet' group by 1")
r.fetchall()   # 3 ms
r.fetchall()   # 2 ms
r.fetchall()   # 2 ms

Three fetches, three executions. The relation held a plan, and each fetch ran it. There is no result cache, and a relation you keep on hand and query repeatedly is doing the work repeatedly.

When you want the result to stop being recomputed, say so:

r.to_table("t1")                  # a real table in the catalog
r.create_view("v1")               # a view — still recomputed, but named for SQL
r.df()                            # a pandas DataFrame
r.arrow()                         # a RecordBatchReader
r.write_parquet('rel.parquet')    # straight to disk

to_table is the one that ends the recomputation. create_view gives the query a name without materialising anything, which is what you want when it should stay live.

The two styles meet

The bridge between this chapter and the last is short and easy to miss:

myrel = con.sql("select 42 as answer")
con.sql("select answer * 2 from myrel").fetchall()

[(84,)]

A relation is usable as a table name, by the same replacement scan that found the DataFrame in chapter 13. So the choice is not exclusive. Build the parts that vary with the relational API, then write the tricky part as SQL over them:

base = con.sql("select * from 'edge/**/*.parquet'").filter("status = 200")

con.sql("""
    select client.country,
           count(*) n,
           n / sum(n) over () as share
    from base group by 1 order by n desc
""")

The window function is far clearer as SQL. The conditional filter is far clearer as a method call. Nothing forces you to pick one.

When to use which

Write SQL when the query is fixed. A report, a model definition, anything you will read more often than you assemble. SQL is more readable than an equivalent method chain, and there is no reason to translate a query you already know how to write.

Use the relational API when the query is assembled. Runtime conditions, optional filters, a pipeline built from configuration. This is where string concatenation goes wrong and where method chaining is simply correct.

Use SQL for the parts SQL is better at. Window functions, CTEs, GROUPING SETS, anything recursive. The relational API does not try to cover the whole language, and reaching for con.sql() over a relation is the intended move rather than a workaround.

The honest limitation: this is a Python client feature. It is not a portable API and not a full DataFrame library. If your team will read the query more often than build it, plain SQL is the kinder choice.

Final thoughts

The relational API is not an abstraction over SQL — it is a way of building SQL that you can print. sql_query() and explain() are what separate it from an ORM, because the thing it produces is always inspectable and always the SQL you would have accepted.

Two facts to keep. set_alias before a join, because the relation does not know it is called a. And a relation is a plan, not a result, so a repeatedly-fetched relation is repeated work — to_table when you want that to stop.

The rest is a preference, and the useful version of it is narrow: write SQL when you know the query, build relations when you are deciding it.





When the Database Is a Library

Every chapter so far has had you at a prompt. You ran a query, read the answer, and decided what to do next. DuckDB is very good at that, and it is not the only way it gets used.

The other way is as a component: an analytics layer inside a web service, a query engine behind a dashboard, the thing a data pipeline calls a thousand times a day. Nobody is watching. The queries come from code.

That shift changes the questions. Not “how do I express this”, but: who owns the connection? What happens under threads? How do values get into a query safely? And how much of the machine is this thing allowed to take, when it shares a process with everything else you run?

Everything here was run against DuckDB 1.5.5 on Python 3.13.

In your process means in your process

Worth stating plainly before the details, because every point below follows from it. DuckDB is not a service your application talks to. It is a library your application contains.

So it uses your process’s memory, against the limit from chapter 8. That limit defaults to 80% of the machine’s RAM, which is almost certainly wrong for a process that also has an application in it. It uses your CPU, spawning threads you did not create. And if it crashes, your application crashes with it, because there is no separate process to fail on its own.

Those are the costs of no network hop and no serialisation. They are usually a good trade, and they are not free.

Connections and cursors

One connection, many independent query states:

con  = duckdb.connect('app.duckdb')
cur1 = con.cursor()
cur2 = con.cursor()

type(cur1)      # DuckDBPyConnection

.cursor() returns another DuckDBPyConnection rather than a distinct cursor class, which tells you what it is: a second handle onto the same database. It shares the catalog, so a table created through con is visible through cur1 immediately. What it does not share is in-flight query state, so two cursors can each hold their own result without interfering.

That distinction is the whole answer to the next section.

The threading failure that does not mention threads

Eight threads, each running a query through the same connection object:

def work(n):
    con.execute(f"select sum(i) from range({100000+n}) t(i)").fetchone()[0]

8 threads sharing the conn: results=2 errors=6

Six of eight failed. Here is the error:

'NoneType' object is not subscriptable

That is a Python TypeError. It does not say “concurrent access”, it does not say “thread”, and it does not come from DuckDB’s error hierarchy at all. What happened is that one thread’s execute replaced the connection’s pending result while another thread was fetching it, so the fetch found nothing there.

If you meet that message in a log, the temptation is to go looking for a null in your data. The cause is two threads and one connection.

Give each thread its own cursor and it is clean:

def work(n):
    cur = con.cursor()
    cur.execute(f"select sum(i) from range({100000+n}) t(i)").fetchone()[0]

8 threads with .cursor():  results=8 errors=0

Eight for eight. Writes behave the same way:

def w(n):
    cur = con.cursor()
    for k in range(200):
        cur.execute("insert into t values (?, ?)", [n, k])

8 threads x 200 inserts: 712 ms, errors=0
rows: [(1600, 8)]

Sixteen hundred rows from eight concurrent writers, all correct. Within one process, concurrency is fine — DuckDB handles the coordination internally. The rule is only about the handle.

So: one connection per application, one cursor per thread. Not one connection per thread — that would mean several processes’ worth of open handles on the same file, which is the next chapter’s problem. .cursor() is cheap; use it freely.

Getting values into queries

When queries are built from code, values come from outside. Bind them:

con.execute("select ? + ?", [1, 2])                  # [(3,)]
con.execute("select $a + $b", {'a': 1, 'b': 2})      # [(3,)]
con.executemany("insert into p values (?)", [(1,), (2,)])

Positional ? and named $name both work, and executemany handles a batch in one call. This is the ordinary reason to bind — it is safe against injection, and DuckDB can reuse the prepared plan.

One limit, and it is the same one every database has:

con.execute("select * from ?", ['x'])

Parser Error: syntax error at or near "?"

Parameters are values, not identifiers. A table or column name has to be part of the SQL text, because the parser needs it before any binding happens. When those are dynamic, either use the relational API from chapter 14, or validate the name against a list you control before interpolating it. Never interpolate a name straight from a request.

Transactions

Ordinary and worth exercising, because a component does multi-statement work that has to be all-or-nothing:

con.execute("begin")
con.execute("insert into p values (99)")
con.execute("rollback")
con.execute("select sum(i) from p")     # unchanged

con.execute("begin")
con.execute("insert into p values (10)")
con.execute("commit")                   # applied

There is no nesting:

con.execute("begin"); con.execute("begin")

TransactionContext Error: cannot start a transaction within a transaction

No savepoints to lean on, so a helper that opens a transaction cannot be called from inside another one. Keep transaction control at one level — the request handler, the job step — rather than spreading begin through helper functions.

The settings a shared process forces you to choose

Interactively, the defaults are right. Inside an application they are not, and all three come from chapter 8:

con.execute("set memory_limit = '2GB'")
con.execute("set threads = 4")
con.execute("set temp_directory = '/var/tmp/duckdb'")

memory_limit defaults to about 80% of the machine’s RAM. In a container with a web server, a cache and a couple of workers, that is a promise you cannot keep. The process gets killed by the OOM killer rather than by DuckDB’s own limit, so you lose the whole application instead of one query. Set it to a real share.

threads defaults to every core. One analytical query then saturates the machine, and every other request queues behind it. In a service, cap it. It also interacts with the memory limit in the way chapter 8 measured: fewer threads need less simultaneous working memory.

temp_directory defaults to the working directory, which in a container is whatever layer you happen to be on — often small, often not meant to hold gigabytes. Point it at a real volume.

Three lines at startup, and they are the difference between a component and a liability.

The other clients, and the browser

The Python client is what this book uses, and it is not the only one. There are official clients for Java, Node.js, Rust, Go, C, C++, R, Swift and .NET, plus the CLI from chapter 2. They share the engine and the file format, so a database written by one opens in any of the others.

The one that changes what is possible is DuckDB-WASM — the engine compiled to WebAssembly, running in a browser tab. A page can query Parquet files over HTTP with no backend at all, which is how several data-exploration tools now work and why a dashboard can be a static site.

Neither the non-Python clients nor WASM were run for this book. The APIs differ enough per language that describing them from documentation would be exactly the failure this book’s verification protocol exists to avoid. What is verified is the claim underneath: the format and the engine are the same. This chapter’s model — one connection, a cursor per thread, bound parameters, explicit resource limits — is about DuckDB rather than about Python.

Final thoughts

The move from tool to component is mostly a move from “what can it do” to “what does it share with me”. The answer is: memory, CPU, and the process’s life. That is the price of there being no server, and the three settings above are how you pay it deliberately.

The finding to carry is the threading one, because of how it presents. Sharing one connection across threads fails as 'NoneType' object is not subscriptable — a Python type error, with no mention of concurrency, in a stack that will send you looking at your data. One cursor per thread, and it goes away.

Everything here was about one process. The moment there are two, a different rule takes over, and it is stricter than anything in this chapter.





One Writer, and What to Build Around It

Chapter 3 established the rule: many readers or one writer, on the whole file. Chapter 15 showed that inside one process, concurrency is a solved problem — eight threads wrote 1,600 rows through cursors with no errors.

This chapter is about the boundary between those two facts, because that is where designs go wrong. Everything that works inside a process stops working the moment there are two, and the way it stops is worse than “it is slower”. It is an immediate hard failure with no queue behind it.

Everything here was run against DuckDB 1.5.5 with real separate processes on a 2-million-row database file.

Readers are genuinely concurrent

Four processes, each opening the same file read-only and running the same aggregate:

duckdb.connect('conc.duckdb', read_only=True).execute("select sum(d) from t")

reader0 OK   4 ms
reader1 OK   3 ms
reader2 OK   3 ms
reader3 OK   2 ms

All four succeeded, all four were fast, and none waited on any other. This is the genuinely permissive part of the model, and it covers a bigger fraction of analytical work than it sounds. A dashboard, a notebook, a scheduled report and an ad-hoc query can all hit the same file at once.

If nothing is writing, you do not have a concurrency problem.

A reader is refused while a writer holds the file

Now start a writer that keeps the file open, and half a second later open a reader — read-only, promising to touch nothing:

writer  OK    (held 1.5s)
reader9 FAIL  IO Error: Could not set lock on file ".../conc.duckdb"

Read-only was refused. Chapter 3 stated this; here it is across real processes. There is no flag that grants a read while a writer holds the lock, because the lock is on the file and the operating system is the only arbiter.

Two writers, predictably:

writer1 OK
writer2 FAIL  IO Error: Could not set lock on file ".../conc.duckdb": Conflicting lock

Same error, same cause. The lock does not distinguish between “I want to write” and “I want to look” — it distinguishes between exclusive and shared, and a writer takes exclusive.

The part that determines your architecture

Here is the behaviour that decides how you build, and it is easy to assume wrong. When a process cannot get the lock, does it wait?

One process holds the file for four seconds. Another tries to open it:

while a separate process holds it for writing:
    failed after 5 ms: IO Error: Could not set lock on file ".../hold.duckdb"

after it released:
    opened after 12 ms

Five milliseconds, then an error. No waiting, no timeout, no queue.

That is very different from what a client-server database does. Postgres blocks you on a lock and you wait your turn; the queue is invisible and the operation eventually succeeds. DuckDB has no server to hold a queue, so there is nothing to wait in. The call fails.

Two consequences follow directly.

Retrying is your job. If two processes might contend, the losing one must back off and try again in your code. Nothing does it for you, and a bare duckdb.connect() in a job that runs on a schedule will simply fail on the day it overlaps with something else.

Failure is immediate and total. There is no partial degradation to notice in a metric. It either got the lock or it did not, in five milliseconds. The error appears wherever you opened the connection, which is often at startup — before any of your error handling for queries exists.

What survives

Four shapes work. They are all versions of the same idea: make sure only one process ever wants to write.

One writer process. A single job, a single service, a single worker owns the file. Everything else opens read_only=True. This is the default answer and it is usually enough — the four readers above are exactly this.

Separate the write window from the read window. Build overnight, query during the day. The writer finishes and closes; readers have the file to themselves. Simple, and the failure mode is a job that overruns its window, so give the writer a hard deadline and alert on it.

Snapshot by copying. From chapter 3, and the one people forget:

cp analytics.duckdb snapshot.duckdb

A copy reads cleanly while a writer holds the original, and the copy opens freely. You get a point-in-time view rather than a live one, which for “yesterday’s results while today’s job runs” is exactly right. On any modern filesystem the copy is close to free.

Do not persist at all. If a job reads Parquet, computes and writes Parquet, an in-memory database never takes a file lock and cannot contend with anything. Chapter 5 argued you often do not need the file; this is the operational reason.

And inside a process, use what chapter 15 measured: one connection, a cursor per thread. A service that needs concurrent writes should get them from threads, not processes. That works, and it is the difference between a design that scales to your cores and one that fails at two.

What does not

Three designs come up constantly and none of them survive contact with the lock.

A web service with several worker processes writing. Gunicorn with four workers, each opening the same DuckDB file for writing: one wins, three fail at startup with a lock error. This is the most common way people discover the rule, and the fix is not configuration — it is a single writer, or a different database.

A nightly job writing while an analyst queries. The analyst’s read-only connection is refused, and the error tells them nothing about the job. Copy the file for the analyst, or move the job.

Scaling writes by adding processes. There is no version of this that works. Writes do not parallelise across processes here, and adding more just adds failures.

The honest framing: DuckDB’s concurrency model is a deliberate exclusion, not a limitation to work around. It bought the thing the whole book is about — no server, no ports, no provisioning, a database that is a file. That trade is excellent for analytics, where one process builds and many read. It is wrong for a transactional workload with many concurrent writers, and no amount of care makes it right.

When to leave

Two exits, and knowing which one you need is worth more than any workaround.

You need concurrent writers to shared tables. That is OLTP, and it is what Postgres is for. Chapter 1 drew this line, and this chapter is where it becomes concrete rather than theoretical. Do not try to build a transactional service on a file lock.

You need many processes reading and writing one analytical dataset. That is not OLTP, and the answer is not Postgres. It is a table format with real commits — chapter 6’s DuckLake, where the metadata lives in a database that can arbitrate and the data files are ordinary Parquet. With the right catalog behind it, several processes can write at once, and the next chapter measures exactly how well. One warning to carry there: a DuckLake whose catalog is itself a .ducklake file inherits this chapter’s lock unchanged, because that file is a DuckDB database.

Final thoughts

The lock is the sharpest edge in DuckDB, and everything about it is a consequence of one design decision. No server means no coordinator, which means the filesystem arbitrates, and a filesystem lock is blunt: exclusive or shared, whole file, nothing in between.

The measurement to keep is the five milliseconds. A blocked process does not wait — it fails immediately, and there is no queue behind it. Every other database you have used blocks and eventually succeeds, so this is the assumption most likely to be wrong in a design you have already sketched.

Build around one writer and everything above is a non-issue. Build around several and there is no configuration that saves it.





The Chapter That Undoes the First One

Chapter 1 opened on a clean claim: DuckDB is in-process, single-machine, and has no server. That is the whole design, and every chapter since has been a consequence of it.

It is also, as of the 1.5 series, no longer the complete story.

DuckDB now ships an extension that turns it into a server other processes connect to over TCP. It ships a table format whose concurrency depends entirely on a configuration choice most people will make without thinking. And there is a managed cloud service built on the same engine. None of that was true in a from-memory account of DuckDB, and it changes the answer to the question chapter 16 left open.

This is the fastest-moving material in the book, and it is worth saying so at the top rather than the bottom. Everything below was run against DuckDB 1.5.5 in August 2026.

DuckLake, where the catalog is the whole decision

Chapter 6 introduced DuckLake: data files as ordinary Parquet, metadata in a SQL database. The obvious question is whether that fixes the lock, and the answer is it depends on which database, more sharply than the documentation suggests.

Start with the default. Three processes attach the same DuckLake and each insert 50 rows:

attach 'ducklake:lake2/meta.ducklake' as lake (data_path 'lake2/data/');

writer 2 OK
writer 1: IO Error: Failed to attach DuckLake MetaData … Could not set lock on
          file ".../lake2/meta.ducklake": Conflicting lock is held … (PID 98424)
writer 3: IO Error: Failed to attach DuckLake MetaData … Conflicting lock

Two of three could not even attach. Final table: 50 rows, from one writer.

That is chapter 16’s lock, unchanged, and the reason is sitting in the path. meta.ducklake is a DuckDB database file. Putting your metadata in a SQL database helps only if that database can handle concurrent writers, and a DuckDB file is precisely the thing that cannot.

DuckLake accepts other catalogs, and the URI says which:

attach 'ducklake:sqlite:lake4/meta.sqlite' as lake (data_path 'lake4/d/');

Same three writers, same 50 inserts each:

writer 1: 37 inserted, 13 failed
writer 2: 39 inserted, 11 failed
writer 3: 44 inserted,  6 failed

per writer: [(1, 37), (2, 39), (3, 44)]
total     : 120

All three attached. All three wrote. All three landed rows in the same table. That is genuinely concurrent multi-process writing, which nothing else in this book has managed.

And 30 of 150 inserts failed:

TransactionContext Error: Failed to commit: Failed to commit DuckLake transaction.

That is optimistic concurrency control, and it is a different contract from the file lock. The lock refuses you at the door; optimistic concurrency lets everyone in, does the work, and rejects the commits that conflicted. Nobody is blocked, nobody waits, and roughly a fifth of the work has to be done again.

Which means the same obligation as chapter 16, in a new place: retry is your job. A writer that does not catch a commit failure and try again will silently drop a fifth of its inserts on a contended table. The failure is loud — it is an exception — but only if something is looking.

For a real deployment the catalog would be Postgres or MySQL rather than SQLite, and that is the intended shape. The rule generalises cleanly: DuckLake’s concurrency is exactly the concurrency of the database you pointed its catalog at. Choose that on purpose.

Quack, which is a server

The 1.5.3 release added an extension that does the thing this book has spent fifteen chapters saying DuckDB does not do.

load quack;
call quack_serve('quack://localhost:4213', disable_ssl := true);

('quack://localhost:4213', 'http://localhost:4213', '93C7C58D4B4CAD80A7F51B788638687D')

That process is now listening on a TCP port. The third value is a token, generated on the spot, and it is required — a client without one gets:

Invalid Input Error: Could not find a Quack authentication token

There is a second guard worth quoting, because it is unusually opinionated for a default:

Invalid Input Error: Only localhost is allowed as a Quack RPC hostname by default,
set allow_other_hostname=true to override. We strongly recommend reverse-proxying…

Binding to 0.0.0.0 is refused unless you insist. Good.

Now a completely separate process, connecting over the network:

select * from quack_query('quack://localhost:4213',
                          'select count(*) c, sum(v) s from t',
                          disable_ssl := true, token := '93C7…');

[(1000, 1498500)]

A DuckDB client queried a DuckDB server over TCP and got rows back. Then the part that matters:

client before : [(1000,)]
-- insert into t values (9999, 1)
client after  : [(1001,)]

server sees rows: (1001,)

The client wrote, and the server’s own view agrees. A second process modified a database it does not hold the lock on.

And the lock is still exactly where it was. While the server ran, a direct file open was refused:

IO Error: Could not set lock on file ".../qs.duckdb": Conflicting lock

That is the design in one observation. Quack does not remove the lock — it puts a server in front of it. One process holds the file, as it always did, and serves everyone else. This is the classic client-server architecture, arrived at from the opposite direction. Instead of a database that comes with a server, an embedded database that can grow one when a workload needs it.

Which is a genuinely appealing shape. Nothing changes for the single-process case, so you pay nothing until the day two processes need the same data — and then it is load quack rather than a migration.

The obvious caveats, none of which the run contradicts. The server is a single process, so it is a single point of failure and a single machine’s worth of capacity. Auth is a shared token, which is not a user model. And this is a young extension whose API will move.

MotherDuck, which this book did not run

MotherDuck is a managed service from the company behind DuckDB. The pitch is a hybrid. A cloud warehouse that speaks DuckDB, where one query executes partly on their infrastructure and partly on your laptop, against a mixture of their storage and your local files.

The extension is real and installs:

install motherduck; load motherduck;
attach 'md:';

Invalid Input Error: Cannot connect to MotherDuck server: no token provided.

That is where verification stopped. ATTACH 'md:' opens a browser SSO flow, and this book does not sign into third-party services to write a chapter. So: the extension exists, it loads, and it demands credentials, all of which was run. Everything about what it does once authenticated is not verified here and should be read as the vendor’s description rather than this book’s measurement.

The architectural idea is worth understanding regardless, because it is the one thing in this chapter that genuinely leaves your machine. DuckLake and Quack both keep the data where you put it. MotherDuck is a different bargain: storage and compute that someone else operates, reached through the client you already use.

Choosing

Four options, in order of how far they take you from chapter 1:

Stay local. One writer, many readers, files where they sit. Most analytical work never needs more, and everything before this chapter applies unchanged.

DuckLake with a server-backed catalog. Several processes writing one analytical dataset, data staying in your own object storage, and no service to run beyond a database you probably already have. Budget for retries — a fifth of the commits failed under contention here.

Quack. Several processes needing one DuckDB database, on one machine or one network, with the least change to everything else. The lock stays; a server fronts it.

MotherDuck. You want someone else to run the storage and the compute. Evaluate it on its own terms, not on this chapter’s evidence.

The one thing not to do is reach for any of these before the local model has actually failed. Every option here adds a component that can be down, and the single-writer model is a deliberate exclusion rather than a bug, as chapter 16 argued. Three of these four are answers to a problem most readers will not have.

What will be stale first

This chapter, all of it, and sooner than the rest of the book.

Quack shipped in 1.5.3, three releases ago. DuckLake is younger. Both are moving fast enough that the function signatures above are a snapshot rather than an API. MotherDuck is a commercial product whose capabilities change on its own schedule and were not tested here at all.

Treat the mechanics as the durable part: a catalog is only as concurrent as the database holding it; a server in front of a lock is still a lock; a managed service is a different trust boundary. Those will outlast every name on this page.

Final thoughts

The honest reading of this chapter is that DuckDB’s founding constraint has become a default rather than a boundary. It is still in-process, still single-writer, still a file — until you decide otherwise, and then there are three ways out that did not exist two years ago.

The measurement worth keeping is the DuckLake one, because it is the mistake most available to make. ducklake:meta.ducklake and ducklake:sqlite:meta.sqlite look like the same feature and are not. One refused two of three writers at the door. The other let all three in and rejected a fifth of their commits. Nothing in the syntax warns you which you picked.

And keep the shape of the Quack result: a second process wrote to the database, and the file lock never moved. That is not the lock being fixed. It is a server being put where a server always goes.





Files to Answers

Every example so far has been chosen to make a point. This one is not.

The dataset is a public Parquet file of New York taxi trips — 7.4 million rows, produced by a regulator, cleaned by nobody. It is on a web server. There is no schema documentation, no data dictionary, and no promise that its contents match its filename.

What follows is the actual sequence of a real investigation, in the order it happened. Look at it before downloading it. Find out how much of it is wrong. Build the analysis on what survives, and stop querying the network once you know what you are asking. Every number below came out of the run.

Everything here was run against DuckDB 1.5.5.

Look before you download

select count(*) from 'https://blobs.duckdb.org/data/taxi_2019_04.parquet';

7433139

[1622 ms]

Seven and a half million rows, counted over the public internet, in under two seconds. No download, no INSTALL, no LOAD. Chapter 9 explains the missing step: DuckDB saw https://, autoloaded httpfs, and read the Parquet footer over a range request. The row count is in the metadata, so almost none of the file was fetched.

Next, the schema, which is the only documentation that exists:

describe select * from 'https://blobs.duckdb.org/data/taxi_2019_04.parquet';

vendor_id             VARCHAR
pickup_at             TIMESTAMP
dropoff_at            TIMESTAMP
passenger_count       TINYINT
trip_distance         FLOAT
rate_code_id          VARCHAR
store_and_fwd_flag    VARCHAR
pickup_location_id    INTEGER
dropoff_location_id   INTEGER
payment_type          VARCHAR
fare_amount           FLOAT
…
total_amount          FLOAT
congestion_surcharge  FLOAT

Eighteen columns, properly typed — timestamps are timestamps, not strings — because Parquet carries its schema and there was nothing to infer. That is chapter 4’s argument arriving as a convenience rather than a lecture.

Two queries in, we know the size and the shape, and nothing is on the disk.

Find out what is wrong with it

The file is called taxi_2019_04.parquet. Check the claim in its name:

select min(pickup_at), max(pickup_at)
from 'https://blobs.duckdb.org/data/taxi_2019_04.parquet';

(2008-08-08 09:13:28,  2033-04-27 13:08:32)

2008 to 2033. In a file named for April 2019.

This is the moment the whole book is for. That query took ten seconds over HTTP and it invalidated any analysis that had assumed the filename. Nobody would have caught it downstream — a monthly average is still a number when the month is wrong.

How bad is it?

select count(*) from … where pickup_at < '2019-04-01' or pickup_at >= '2019-05-01';

313

select date_trunc('year', pickup_at) yr, count(*) n from … group by 1 order by 1;

(2008-01-01, 18)
(2009-01-01, 49)
(2019-01-01, 243)
(2033-01-01, 3)

Three hundred and thirteen rows out of 7.4 million — four thousandths of a percent. Small enough to be invisible in any aggregate, large enough to ruin a min(), a max(), or any chart with a time axis. Three of them are in 2033.

Keep going, because bad timestamps are rarely the only problem:

select
  sum(case when total_amount < 0 then 1 else 0 end)  as negative,
  sum(case when total_amount = 0 then 1 else 0 end)  as zero,
  sum(case when trip_distance = 0 then 1 else 0 end) as zero_distance,
  count(*)                                           as total
from …;

(11903, 1607, 50657, 7433139)

11,903 trips with a negative total. 50,657 that went nowhere.

And the column that looks harmless:

select passenger_count, count(*) n from … group by 1 order by n desc;

(1, 5210818)
(2, 1113704)
(3,  317979)
(5,  313982)
(6,  186408)
(4,  153369)
(0,  136807)
(7,      29)

136,807 trips carried zero passengers, and 29 carried seven in a car that seats six.

None of this was in a data dictionary. It took four queries and about twenty seconds, over the network, against a file still sitting on someone else’s server.

Stop paying for the network

Twenty seconds of exploration is fine. Twenty seconds per query for the rest of an afternoon is not — chapter 5 put it as: query in place while exploring, materialise once the access pattern settles. That point has arrived.

create or replace table trips as
select * from 'https://blobs.duckdb.org/data/taxi_2019_04.parquet';

load: 33.2 s   file: 194 MB

One download, once. And the difference it makes:

local table :       3 ms
remote http :    5402 ms

Eighteen hundred times faster. That is not the columnar-versus-remote gap on its own; it is the network gone. Thirty-three seconds bought back every query for the rest of the session.

Now the cleaning, as a view rather than a table, so the raw data stays intact and the definition stays visible:

create or replace view clean as
select * from trips
where pickup_at >= '2019-04-01' and pickup_at < '2019-05-01'
  and total_amount  > 0
  and trip_distance > 0
  and passenger_count between 1 and 6;

select (select count(*) from trips) raw,
       (select count(*) from clean) clean,
       round(100.0 * (select count(*) from clean) / (select count(*) from trips), 2) pct;

(7433139, 7236723, 97.36)

97.36% survived. Say that number out loud in whatever you publish, because “we dropped 2.6% of rows” is a finding and a silent filter is not.

The analysis

Everything from here runs in tens of milliseconds, and the questions can get less careful because asking is now free.

Tip rate by payment type:

select payment_type, count(*) n,
       round(100.0 * avg(tip_amount / total_amount), 2) tip_pct
from clean group by 1 order by n desc;

('1', 5233878, 14.97)
('2', 1969515,  0.00)
('3',   25686,  0.01)
('4',    7644,  0.01)

Type 1 tips 14.97%. Type 2 tips exactly zero, across two million trips.

Nobody stiffs a driver two million times in a row. Type 2 is cash, and cash tips are not recorded by the meter — the zero is an absence of data wearing the costume of a measurement. An average tip across all payment types would be badly wrong and would look completely reasonable.

That is the same lesson as the 2033 timestamps in a different outfit: the number that needs checking is the one that looks fine.

Busiest hours, with each hour’s share of the month:

select hour(pickup_at) hr, count(*) n,
       round(100.0 * count(*) / sum(count(*)) over (), 2) pct_of_month
from clean group by 1 order by n desc limit 5;

(18, 485156, 6.70)
(19, 454755, 6.28)
(17, 435653, 6.02)
(20, 424279, 5.86)
(21, 412382, 5.70)

Evening rush, unsurprising. The sum(count(*)) over () is a window over the grouped result — a total to divide by, without a second pass or a subquery.

Then the question worth asking, which is speed rather than volume:

select hour(pickup_at) hr,
       round(avg(trip_distance / (epoch(dropoff_at - pickup_at) / 3600.0)), 1) mph,
       count(*) n
from clean
where dropoff_at > pickup_at and epoch(dropoff_at - pickup_at) > 60
group by 1 order by mph desc;

fastest:  (5, 19.6, 64260)   (4, 19.0, 51267)   (3, 16.4, 65470)
slowest: (15,  9.5, 400398)  (14, 9.7, 395553)  (16, 9.8, 378012)

A taxi at 5am moves twice as fast as one at 3pm — 19.6 mph against 9.5. Note the extra where: without a guard on the duration, one trip with a zero-second interval produces a division by zero and a mean of infinity. Cleaning is never finished; it is finished for the question you are asking.

Ship the answer

The result of all this is small — 24 rows — and the last step is getting it somewhere else:

copy (
  select hour(pickup_at) hr, count(*) n, round(avg(total_amount), 2) avg_fare
  from clean group by 1 order by 1
) to 'by_hour.parquet' (format parquet);

exported by_hour.parquet   0.9 KB

(18, 485156, 18.96)
(19, 454755, 18.60)
(17, 435653, 20.04)

Nine hundred bytes, distilled from 7.4 million rows and 194 megabytes. Typed, portable, and readable by anything — which is chapter 6’s point about interchange, arriving as the last step rather than the first.

What the whole shape was

Read the sequence back and the workflow is the book:


	Query it where it sits and learn the size and schema before committing to anything.

	Attack the data before trusting it. Ranges, negatives, zeros, distributions. Every check here found something.

	Materialise when the access pattern settles, and not before. Thirty-three seconds, 1800× per query afterwards.

	Clean in a view, so the raw data survives and the definition is inspectable.

	Say what you dropped. 97.36%.

	Ask freely once it is cheap, because that is when the good questions get asked.

	Export something small.



The thing to notice is what is missing. No cluster. No schema written in advance. No loader, no staging table, no orchestration, no service running anywhere. One process, one file, and a laptop.

Ten years ago every step of this was a project. That is the actual claim of this book, and it is easier to feel in a sequence of queries than to argue in a paragraph.

Final thoughts

The technical content of this book comes down to a handful of things. Files are tables. Read fewer columns. Stay inside the engine. One writer. Check what you did not measure.

But the workflow above is the part that changes how you work, and it hinges on a single economic fact: asking a question now costs milliseconds. Every habit worth unlearning here is a rational response to querying being expensive. Batching your questions. Deciding what you want before you start. Investigating only the anomalies that seem important enough to justify the effort. It is not expensive any more.

The 2033 timestamps are the argument. Nobody would have gone looking for them, because on a file named taxi_2019_04.parquet there was no reason to suspect them and, historically, a good reason not to bother. It took one min/max over the internet. The cash-tip zero took one more.

That is what to take away. Not that DuckDB is fast — plenty of things are fast. That the price of curiosity fell far enough to change what you bother to check.
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