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Airflow: When cron Stops Being Enough

The bookshop’s nightly load is three scripts and a crontab. At 2am, extract_orders.py pulls yesterday’s sales into a CSV. At 2:15, load_orders.py reads that CSV into DuckDB. At 2:30, summarize.py builds the daily revenue table the morning dashboard reads from. The fifteen-minute gaps are a guess — enough time, probably, for the previous step to finish. Nothing checks.

One night the API that feeds extract_orders.py times out. The script exits non-zero, writes nothing, and cron moves on without a word. At 2:15 the loader reads a stale CSV from the day before. At 2:30 the summary rebuilds happily from that stale data. By morning the dashboard is green, the number is wrong, and the only trace is a line in a log file nobody opens. The pipeline didn’t fail loudly — it half-ran, and half-running looks exactly like success until someone notices the revenue chart went flat on a busy Saturday.

This is the failure mode cron can’t see. Cron runs one command at a time. It has no concept that the loader depends on the extractor, no retry when a step flakes, no memory of what ran yesterday, and no place to look when something’s off. You can bolt those on — a lock file here, a || echo "failed" | mail there, a sleep 900 to pad the gap — and now you’re maintaining a fragile ad-hoc scheduler made of shell glue. That glue is the thing an orchestrator replaces.

What an orchestrator actually does

An orchestrator models your work as a graph: tasks with explicit dependencies between them. Extract, then load, then summarize — and it knows that ordering because you declared it, not because you spaced the cron entries fifteen minutes apart. If extract fails, load never starts. If a step flakes on a network blip, it retries on its own before giving up. Every run is recorded, so you can see at a glance what ran, when, how long it took, and where it broke — with the failing task’s logs one click away instead of buried on some worker.

And it handles the day you missed. When the extractor was down for a night, you don’t hand-edit dates and re-run scripts in the right order by memory. You tell the orchestrator to backfill that date and it replays the whole graph for that day, dependencies and all.

That graph has a name you’ll see everywhere from here on: a DAG, a directed acyclic graph. Directed because dependencies point one way (load reads from extract, never the reverse); acyclic because a pipeline that loops back on itself would never finish. Tasks are the nodes; dependencies are the edges. That’s the whole shape.

What Airflow is

Airflow is the open-source tool that made this pattern standard. You define DAGs in plain Python — no YAML dialect, no drag-and-drop canvas, just code you can review, test, and diff. It came out of Airbnb in 2014, became an Apache project, and is now the default answer for batch orchestration; every major cloud sells a managed version. When a data team says “we run it in Airflow,” everyone knows roughly what that means.

The reason it became the default is boring and decisive: providers. Airflow ships integrations for hundreds of external systems — every major cloud’s storage and warehouse, Postgres, MySQL, Snowflake, BigQuery, Spark, dbt, Kubernetes, Slack, HTTP APIs — as installable packages. When your pipeline needs to drop a file in S3, wait for it, then kick off a Spark job, you’re wiring together operators someone already wrote and thousands of teams already run in production. That library, accumulated over a decade, is the moat. It’s also why a newer, cleaner-designed tool can be genuinely nicer to use and still lose the bake-off: it hasn’t yet grown the connector you need at 4pm on a deadline.

Why Airflow and not something else

“Use Airflow” shouldn’t be a reflex. There’s a real field of orchestrators now, and each is good at something. Knowing the shape of the field tells you when Airflow is the right call and when you’re reaching for it out of habit.

Prefect and Dagster are the two most-cited alternatives, both younger and both born partly as reactions to early-Airflow pain. Prefect leans into “your Python functions are the workflow” — you decorate ordinary functions with @flow and @task and the dependency graph is inferred from how you call them, with a lighter operational footprint and a hybrid cloud model. Dagster puts the data assets at the center rather than the tasks: you declare the tables and files you want to exist, and it works out the runs to produce them, with strong typing and a testing story that developers who’ve been burned by untested pipelines tend to love. Both are excellent. Airflow’s answer to their headline ideas is worth noting — 3.x’s Assets (more on those below) bring asset-centric scheduling into Airflow, and the Task SDK makes plain-function authoring the default — but if your team is greenfield, small, and values developer ergonomics over connector breadth, Prefect or Dagster deserve a serious look.

Luigi is the ancestor — Spotify’s task framework, the thing Airflow partly grew up to replace. It still runs in places, but it’s target-file-based, has no built-in scheduler of its own, and isn’t where new projects start. Treat it as history.

AWS Step Functions is a different animal: a managed state machine defined in JSON/ASL, priced per state transition, deeply wired into the AWS event world. If your entire pipeline is Lambdas and AWS services and you never want to run a scheduler yourself, Step Functions is less machinery than Airflow and bills to zero when idle. What you give up is Python-native authoring, the provider ecosystem, and portability off AWS.

Managed Airflow is the option people forget is on the menu. You can run Airflow itself without operating the scheduler, database, and workers by hand: Amazon MWAA, Google’s Cloud Composer, and Astronomer (the company behind much of modern Airflow, whose Astro CLI we use in the next chapter) all sell it. Same DAGs, same providers, someone else’s pager for the control plane. For most teams adopting Airflow today, the real choice isn’t “Airflow vs. Prefect” — it’s “self-hosted Airflow vs. managed Airflow,” and managed usually wins until you have a reason it doesn’t.

ML-specific orchestrators — Kubeflow Pipelines, Metaflow, Flyte — overlap with Airflow but optimize for a different job: experiment tracking, GPU scheduling, model lineage, parameterized training sweeps. If your graph is “featurize, train, evaluate, register model” and you live in Kubernetes, one of those may fit the ML workflow better than a general batch scheduler. Plenty of shops run both: Airflow moves the data and triggers the ML tool, the ML tool owns the training loop.

So, honestly: Airflow wins when you need breadth of integrations, scheduled batch work with real dependencies, and the maturity of a decade-old, huge-community project that every data engineer you’ll hire already knows. It doesn’t win when you want the lightest possible footprint (Prefect), an asset-and-type-first developer experience on a clean slate (Dagster), a serverless AWS-native state machine (Step Functions), or a training-loop orchestrator (the ML tools). This book is about Airflow because it’s the one you’re most likely to inherit, be asked to run, or reach for when the requirement is “batch, on a schedule, with a hundred systems to talk to.” But pick it on purpose.

A short history, because the version matters

Airflow’s version number is not cosmetic — it changes which tutorial you can trust.

1.x (2015–2020) was the era that gave Airflow its reputation, good and bad. It proved DAGs-as-Python and grew the provider ecosystem, but the scheduler was slow, sometimes needed babysitting, and the mental model leaked in confusing ways (the infamous execution_date that was really “the start of the interval, not when it ran”).

2.x (Dec 2020 onward) was the rewrite that made Airflow pleasant. A high-availability scheduler you could run more than one of; the TaskFlow API (@task-decorated Python functions with automatic data passing, instead of hand-wiring operators and XComs); and Datasets, a way to schedule a DAG when data another DAG produced becomes available, rather than purely on the clock. If you learned Airflow in the last few years, this is probably the Airflow in your head.

3.x (2025) is the current major line, and it changed enough that 2.x tutorials are now quietly wrong in places. Here’s the consolidated list of what actually changed, so you’re not discovering it one surprise at a time:


	Datasets are renamed Assets. Same idea, better name — the thing your DAG produces or consumes. The imports and decorators moved with it: from airflow.sdk import Asset, @asset, and schedule=[Asset("…")]. If a tutorial says Dataset, it’s 2.x.

	The Task SDK. You now author against a stable public interface, from airflow.sdk import dag, task, …, decoupled from Airflow’s internals. This is the import you’ll use in every chapter.

	api-server + React UI. The old Flask webserver is gone. A new api-server serves a rebuilt React UI and the Task Execution API (below). One component, cleaner boundary.

	Scheduler-managed backfills. Backfilling a date range is now driven by the scheduler — via the UI or airflow backfill create — instead of the old blocking airflow dags backfill CLI command that ran the backfill inside your terminal.

	Native DAG versioning. Airflow now tracks versions of a DAG’s structure, so the UI can show you a historical run against the code as it was then, not just as it is now — the end of “why does this old run’s graph look wrong?”

	SubDAGs removed. The old SubDagOperator for grouping tasks is gone; TaskGroups (a pure UI/organizational grouping, no separate scheduler overhead) fully replace it.

	SLAs removed. The old per-task SLA miss feature is gone, replaced by explicit callbacks and, newer, Deadline Alerts. If you relied on SLA emails, that’s a rewrite.

	Unified schedule=. One argument sets a DAG’s cadence, whether it’s a cron string, a timedelta, or a list of Assets. The 2.x schedule_interval= and the separate timetable= argument are retired.



We’ll meet each of these in its own chapter. The takeaway for now: when you search for Airflow help, check the version. A 2.x answer that mentions Dataset, schedule_interval, or SubDagOperator isn’t wrong about the past — it’s wrong about your present.

Two words that get used without being defined

Before the architecture, two terms that Airflow writing tends to drop on you cold.

An executor is the part of Airflow that decides where and how a task actually runs. The scheduler figures out what is ready; the executor takes that ready task and gets it executed — in a subprocess on the same machine, on a pool of remote workers, in a fresh Kubernetes pod, and so on. It’s a strategy setting, not a server you run: the LocalExecutor runs tasks as subprocesses on one machine (this is what the Astro CLI gives you in the next chapter, and it’s plenty for learning and for plenty of production); the CeleryExecutor hands tasks to a fleet of worker machines through a queue; the KubernetesExecutor launches each task in its own pod. Same DAGs, different executor — you change how work is distributed without rewriting a line of pipeline code. Keep “executor = the task-placement strategy” in your pocket; whole later chapters turn on it.

The dag-processor is a distinct component in 3.x, and worth naming because it explains a behavior that confuses newcomers. Airflow doesn’t run your DAG file only when the DAG runs — a separate process is constantly parsing your .py files to discover DAGs and pick up changes. In 3.x this parsing is its own component, the dag-processor, split out from the scheduler for isolation and security (your DAG-file code no longer executes inside the scheduler process). The practical consequence: top-level code in a DAG file runs on every parse, every few seconds, forever — so an expensive API call or database query at the top level of your file, outside a task, is quietly hammering something all day. “Keep the top level cheap” is a rule you’ll understand the moment you know a dedicated processor is re-reading your file on a loop.

The 3.x architecture, as a mental model

You don’t need the full topology to start, but a real map keeps the later chapters from feeling like magic. Here are the moving parts and how a run flows through them.


	The dag-processor parses your DAG files and keeps Airflow’s picture of your pipelines current.

	The scheduler reads that picture, works out which task instances are due (dependencies satisfied, schedule reached), and queues them. It’s the brain that answers “what should run now?”

	The executor (running inside or alongside the scheduler) takes queued tasks and places them onto workers to actually execute.

	The triggerer handles deferrable tasks — the ones that spend most of their life waiting on something external (“wait until this file lands,” “poll until this job finishes”). Instead of a worker sitting idle and occupied for an hour, a deferrable task hands its wait to the triggerer, which watches thousands of such waits at once on a single async event loop and wakes the task only when its condition is met. This is how Airflow waits on things without burning a worker slot per wait.

	The metadata database records every DAG, run, task instance, and state transition. It is the source of truth — if it’s not in the metadata DB, it didn’t happen. Every other component reads and writes here.

	The api-server serves the React UI and, crucially, the Task Execution API. This is the real 3.x boundary worth internalizing: in 2.x, running tasks reached straight into the metadata database to read connections and report state. In 3.x they don’t. A task talks to the api-server over the Task Execution API, and the api-server talks to the database. Your task code is held at arm’s length from the source of truth — better security (workers don’t need DB credentials), better isolation, and the door to running tasks in places that can’t reach the database directly.



You author against the Task SDK — from airflow.sdk import dag, task — and the scheduler, executor, and workers take it from there.

[image: Airflow 3.x architecture: DAG files are parsed by the scheduler, which schedules the workers; the api-server sits between the React UI, the workers, and the triggerer on one side and the metadata DB on the other, so tasks never touch the database directly.]

Anatomy of one scheduled run

Trace the bookshop’s nightly load through those components once and the whole thing clicks:


	Parse. The dag-processor reads your DAG file and registers the pipeline — three tasks, extract → load → summarize, scheduled daily — writing that structure to the metadata DB. This happens continuously, not just at run time.

	Schedule. At the appointed time, the scheduler sees a new run is due, creates a DAG run and its task instances in the metadata DB, and notices extract has no upstream dependencies — it’s ready. It marks it queued.

	Queue. The executor picks up the queued extract task and places it on a worker (a local subprocess, under the LocalExecutor).

	Execute. The worker runs extract. As it runs, it reports state back through the api-server’s Task Execution API — not by writing to the database itself. It fetches the connection it needs the same way.

	Update state. The api-server records extract as success in the metadata DB. The scheduler, watching state, now sees load’s one dependency is satisfied and marks it queued. The cycle repeats through summarize. If extract had failed instead, the scheduler would have honored its retry policy and, once retries were exhausted, marked the run failed — and load would never have been queued at all.



That last sentence is the entire pitch of this chapter, expressed in machinery: load never queues until extract succeeds. The fifteen-minute sleep guess is replaced by a state transition the scheduler enforces. Nothing half-runs, because the graph won’t let it.

Where Airflow fits — and doesn’t

Airflow is the conductor, not the orchestra. It doesn’t transform your data; it decides when and in what order the things that transform your data run. It kicks off a dbt run, a Spark job, a Python function, a SQL query — and makes sure each waits for what it depends on. The bookshop’s sibling dbt book does the SQL modeling; Airflow is what runs dbt build on schedule, after the fresh orders have landed. Compute lives in the tools it calls; Airflow holds the baton.

Which also tells you when to skip it, and here it’s worth being concrete rather than hand-wavy:


	One script, one timer, no dependencies. If it’s a single command with no downstream steps, no retries worth the name, and no backfills, cron (or a systemd timer) is fine. Airflow is a heavy answer to a question you don’t have — you’d be running a scheduler, a database, and an api-server to replace one crontab line.

	Sub-minute latency. Airflow’s scheduling loop, parsing cadence, and queue-then-execute handoff mean tasks start on the order of seconds, not milliseconds. If you need something to react within a second of a trigger, Airflow is the wrong shape; reach for an event-driven function (Lambda, Cloud Functions) or a message consumer.

	True streaming. If every event must be handled as it arrives, continuously, you want a stream processor — Kafka with Flink or Spark Structured Streaming, or a hosted equivalent — not a batch scheduler. Airflow orchestrates batches of work on a cadence; it is not an always-on per-event pipeline.

	A pure single-node app with a couple of steps. If the whole thing fits in one process on one machine and always will, a plain script or a lightweight library (even a Makefile, or Prefect’s local mode) may be less machinery than standing up Airflow’s components.

	A serverless AWS-only state machine. If you never want to operate a scheduler and you live entirely in AWS services, Step Functions bills to zero at idle and needs no infrastructure from you.



Airflow earns its keep the moment you have several steps that depend on each other, run on a schedule, talk to systems it already has providers for, and hurt when they silently half-run. Below that bar, use the smaller tool and don’t apologize for it.

Final thoughts

The tell that you’ve outgrown cron isn’t a big outage — it’s the padding. The sleep you added so step two wouldn’t race step one. The lock file. The email hack that pages you when a script exits non-zero. Each patch is you hand-building one feature an orchestrator gives you for free, and doing it worse. Airflow’s real pitch isn’t that it runs your scripts — cron already does — it’s that it turns “I hope they ran in the right order” into something the machine guarantees and shows you. The bookshop’s silent half-run stops being a 9am surprise and becomes a red box you can actually click.

And now you know what’s under that promise: a scheduler deciding what’s due, an executor placing it on a worker, a triggerer absorbing the waits, an api-server keeping your task code at arm’s length from the source of truth, and a metadata database that remembers everything. In the next chapter we stop describing it and start running it — the whole stack, on your laptop, in one command.





Your Airflow, Running in One Command

Airflow is not one process. It’s a scheduler, a dag-processor, an api-server, a triggerer, a metadata database, and workers — a small distributed system you now have to run on your laptop. The naive way is to fight a docker-compose.yaml with a dozen services and a page of environment variables, or to run airflow standalone and get a single-process toy that behaves nothing like production. There’s a better default for learning, and it’s one command. But “one command” is a choice, and it’s worth understanding what you’re choosing over before you type it.

The honest alternatives matrix

There are four realistic ways to run Airflow 3.x on your own machine. None is wrong; they trade different things.

A plain uv (or pip) virtualenv. You install Airflow into a Python environment and run the pieces yourself:

uv venv && source .venv/bin/activate
uv pip install "apache-airflow==3.3.0" \
  --constraint "https://raw.githubusercontent.com/apache/airflow/constraints-3.3.0/constraints-3.12.txt"
airflow db migrate
airflow standalone

That constraint URL matters: Airflow has a large dependency tree, and without pinning transitive versions the install resolves to something that may not run. This is the lightest option — no Docker, fast startup, and you can drop into a debugger against the real process. The cost is that you’re now the one keeping the metadata database, the scheduler, and every provider’s system dependency straight, and you’re running on SQLite with the sequential executor unless you stand up Postgres yourself. Good for reading Airflow’s own source or hacking on a provider; a poor model of production.

airflow standalone. The single command above runs the scheduler, dag-processor, api-server, and triggerer in one process against a SQLite database. It’s the fastest way to see a UI. It’s also the worst way to learn the shape of Airflow: SQLite forbids parallel writes, so you’re locked to the sequential executor, one task at a time, and nothing about that resembles what you’ll deploy. Fine for a thirty-second sanity check; misleading as a daily driver.

The official docker compose. Airflow publishes a docker-compose.yaml that brings up the real service split — separate scheduler, dag-processor, api-server, triggerer, worker, Postgres, and Redis — using the CeleryExecutor. This is production-shaped and completely vendor-neutral. The catch is that the compose file is yours to babysit: a hundred-plus lines of service definitions, health checks, AIRFLOW__* variables, and a mandatory AIRFLOW_UID you have to set or your logs come out owned by root. Every version bump means reconciling your edits against a new upstream file. It’s the right tool if you refuse to depend on a vendor’s wrapper, and a lot of manual upkeep otherwise.

The Astro CLI. Astronomer — the company behind much of Airflow’s development — ships a free command-line tool that scaffolds a project and runs that same real service split in Docker, but hides the compose file behind sensible commands. You get production shape without hand-editing YAML, plus a project layout that deploys unchanged to a real host later.

This book uses the Astro CLI, and the reason is narrow: it’s the only option that gives a newcomer the correct mental model — separate services, Postgres, LocalExecutor running tasks in parallel — with none of the yak-shaving, while keeping the local project byte-for-byte the thing you ship. standalone lies about the architecture; the bare venv makes you the platform team; raw compose makes you a YAML mechanic. The CLI is the one that lets you spend your attention on DAGs. If you have a hard no-vendor-tooling rule, reach for the official compose file — everything you learn here transfers, because underneath, the Astro CLI is a compose file.

Installing the CLI

Install it with Homebrew on macOS or the install script on Linux:

brew install astro

You’ll need Docker running. That’s the only real prerequisite: the CLI pulls a runtime image that already contains a matching Airflow, so you don’t install Airflow itself by hand. Docker Desktop is the common choice, but the CLI is happy against any Docker-compatible runtime — Colima or Podman on macOS work fine if you’d rather not run Desktop — as long as the CLI can find a Docker socket. Confirm the install:

astro version

Scaffold a project

Make a directory for the bookshop pipeline and initialize it:

mkdir bookshop-airflow && cd bookshop-airflow
astro dev init

That lays down a working project:

bookshop-airflow/
├── dags/                  # your DAG files live here
│   └── example_astronauts.py
├── include/               # SQL, scripts, anything your DAGs import
├── tests/                 # DAG tests
├── Dockerfile             # pins the Airflow runtime image
├── requirements.txt       # Python deps layered onto the image
├── packages.txt           # OS-level packages
├── airflow_settings.yaml  # local connections/variables/pools (git-ignored)
└── .env

The two files you’ll touch most are dags/, where every DAG you write goes, and requirements.txt, where you add Python libraries — DuckDB, requests, a provider package — that get baked in on the next start. include/ is for the non-DAG assets your tasks need — a SQL file, a lookup CSV — kept out of dags/ so the dag-processor doesn’t try to parse them as Python.

The runtime image and how versions map

The Dockerfile’s first line is the one that decides which Airflow you’re running:

FROM astrocrpublic.azurecr.io/runtime:3.1-1

That’s not an Airflow version — it’s an Astro Runtime tag, a Debian image with a specific Airflow build, the standard providers, and Astronomer’s patches already inside. Runtime tags and Airflow versions move on separate tracks, so you have to read the mapping. A tag like 3.1-1 means Astro Runtime 3.1, patch 1, which ships a particular Airflow 3.3.x. The rule of thumb: the major of the Runtime tracks a line of Airflow releases, and the number after the dash is Astronomer’s patch on top. When you need the exact Airflow inside an image, don’t guess — ask it:

astro dev bash -s scheduler
airflow version      # prints the Airflow version baked into this image

It helps to picture the image as layers. The Runtime tag is the base — Airflow, the standard providers, Python, Debian. On top of that, the build installs whatever’s in packages.txt with apt (system libraries: a database client, git, a compression tool) and then whatever’s in requirements.txt with pip (Python packages: DuckDB, a provider, requests). Your dags/ and include/ folders aren’t baked in at all locally — they’re bind-mounted, which is why editing a DAG doesn’t need a rebuild but editing requirements.txt does. That layering is also why builds are usually fast: Docker caches the base and the package layers, so a one-line change to requirements.txt only rebuilds from that layer down, not from scratch.

Pinning and upgrading. You pin by writing an explicit tag, which astro dev init already does — never leave it floating on latest, or a teammate’s astro dev start next month builds a different Airflow than yours. To upgrade, change the tag and rebuild:

# was: FROM astrocrpublic.azurecr.io/runtime:3.1-1
FROM astrocrpublic.azurecr.io/runtime:3.2-1

astro dev restart      # rebuilds against the new image

astro dev upgrade-test will dry-run a version bump and flag dependency conflicts before you commit to it — worth running against anything with a real DAG in it, because a Runtime bump can pull new provider versions that change import paths. Pin deliberately, upgrade on purpose, and the “works on my machine, breaks in CI” class of bug mostly disappears.

Bring it up

astro dev start

The first run builds the image, so give it a minute. When it settles you have the full 3.x stack up: the scheduler, the dag-processor (a separate process in 3.x — it parses your DAG files so the scheduler doesn’t have to, which is exactly why a parse error shows up there and not in the scheduler), the api-server, the triggerer, and a Postgres metadata database. Same set of moving parts from the previous chapter, now running locally, with the LocalExecutor so tasks actually run in parallel.

Open localhost:8080 and log in with admin / admin. The 3.x React UI loads with a couple of bundled example DAGs already parsed — real, runnable graphs you can trigger to confirm the whole stack is wired up before you’ve written a line. Toggle one on, watch it run, then leave the examples be; you’ll replace them with the bookshop DAG next.

The everyday loop

The development loop is tight because dags/ is mounted into the containers. Save a file and the dag-processor re-parses it within seconds — new DAGs show up in the UI on their own, no restart. You spend your day editing files and refreshing the browser.

The handful of commands worth memorizing:

astro dev restart   # rebuild + restart — after editing requirements.txt or Dockerfile
astro dev logs      # tail logs across the containers (-f to follow)
astro dev stop      # stop everything, keep the metadata DB
astro dev kill      # tear down and wipe state for a clean slate

The rule of thumb: DAG code hot-reloads on its own, but anything that changes the image — a new line in requirements.txt, a Dockerfile edit — needs a restart to take effect. If a freshly-imported library throws ModuleNotFoundError, you added it to requirements.txt but haven’t restarted yet.

You don’t always need the browser, either. Once the stack is up you can drive Airflow from inside the container, which is faster for a quick check than clicking through the UI:

astro dev bash                                   # shell into the scheduler
airflow dags list                                # every parsed DAG
airflow dags test bookshop_daily 2026-05-15      # run one full DAG run, now, in the foreground
airflow tasks test bookshop_daily load 2026-05-15  # run a single task, logs to your terminal

airflow tasks test is the tightest feedback loop there is — it runs one task in-process, prints its logs straight to the terminal, and writes nothing to the metadata database, so you can hammer on a single step without scheduling a whole run. It’s the local equivalent of a print-and-run cycle, and it’s where you’ll live while debugging a task in the next few chapters.

Configuration: .env and airflow_settings.yaml

Two files carry your local configuration, and they do different jobs.

.env sets Airflow config and secrets via environment variables. Every setting in Airflow’s config has an environment-variable form: AIRFLOW__<SECTION>__<KEY>, uppercase, with the double underscores separating section from key. Want the UI in your timezone, or a faster pickup of new DAG files while you’re iterating? Set it in .env:

# .env
AIRFLOW__CORE__DEFAULT_TIMEZONE=America/New_York
AIRFLOW__DAG_PROCESSOR__REFRESH_INTERVAL=30      # rescan dags/ every 30s (default: 300)
AIRFLOW__CORE__DAGS_ARE_PAUSED_AT_CREATION=True
AIRFLOW__SCHEDULER__CREATE_CRON_DATA_INTERVALS=True

That last line is the important one, and it will make no sense until the scheduling chapter — so take it on faith for now and read the explanation there. The one-sentence version: Airflow 3 changed what a scheduled run means, and this restores the windowed-batch model that every DAG in this book assumes. Leave it out and your date filters will quietly match zero rows.

Each line maps to a row in Airflow’s config file — [core] default_timezone, [dag_processor] refresh_interval — but the environment-variable form wins over the file and, crucially, is the same mechanism a production host uses. Set it here, set it identically in the deployment, and the two environments behave the same. .env is git-ignored by default, which is what makes it the right home for anything secret.

airflow_settings.yaml declares connections, variables, and pools so you don’t click them into the UI by hand every time you wipe the database. This is a local-only convenience file (git-ignored), and it’s how the bookshop’s DuckDB connection gets recreated automatically on every astro dev start:

airflow:
  connections:
    - conn_id: bookshop_duckdb
      conn_type: duckdb
      conn_host: /usr/local/airflow/include/bookshop.duckdb
  variables:
    - variable_name: orders_source_url
      variable_value: https://example.com/bookshop/orders.csv
  pools:
    - pool_name: warehouse
      pool_slot: 4
      pool_description: cap concurrent warehouse hits

Connections are credentials-plus-endpoint for the things your tasks talk to (chapter 8 goes deep on these); variables are runtime key/value config your DAGs read; a pool caps how many tasks can hit a shared resource at once — here, at most four tasks touch the warehouse simultaneously no matter how many are ready. On startup the CLI reads this file and materializes all three into the metadata database. Because it holds real credentials, it never gets committed — the git-ignore is deliberate, not an oversight.

When you’re unsure what a setting actually resolved to — because config can come from the image’s defaults, the config file, or an .env override, in that order of increasing precedence — ask Airflow rather than reasoning it out:

astro dev bash
airflow config get-value core default_timezone   # what's effective right now

That prints the winning value after all the layers are applied, which settles most “is my .env even being read” questions in one line.

The wider CLI

start / stop / restart are the daily three, but the CLI does more, and a few commands save real time:

astro dev bash                    # shell into the scheduler container
astro dev bash -s dag-processor   # ...or a specific container
astro dev pytest                  # run tests/ inside the Airflow environment
astro dev parse                   # parse every DAG, fail on import errors
astro dev object export           # dump current connections/variables/pools to airflow_settings.yaml
astro dev object import           # push airflow_settings.yaml into the running DB

astro dev parse is the one to wire into muscle memory: it loads every file in dags/ in the real image and exits non-zero on the first import error, which turns “why isn’t my DAG showing up” into an immediate stack trace. astro dev pytest runs your tests/ folder inside the container, against the same Airflow the DAGs run under, so a test that passes locally isn’t passing against some other version on your host. And astro dev object export is the mirror of the settings file — if you did click a connection into the UI, this writes it back out to airflow_settings.yaml so it survives the next kill.

A few flags worth knowing. astro dev start -p 8081 moves the UI off the default port when 8080 is taken. astro dev start --wait 3m extends how long the CLI waits for the stack to report healthy before it gives up — useful on a cold machine where the first image build is slow. And when a rebuild insists on serving a stale layer — you bumped a pin but pip keeps installing the old version because Docker cached the layer — astro dev restart --no-cache forces a clean build from the base image down. It’s slow, so reach for it only when the cache is clearly lying to you, but it’s the fix when a dependency change stubbornly refuses to take. And when the metadata database gets into a state you don’t want to reason about — a half-migrated DAG, a stuck run, an experiment you’d rather forget — astro dev kill tears everything down including the Postgres volume, so the next start comes up on a clean database. It’s the “have you tried turning it off and on again” of local Airflow, and it works.

When it doesn’t come up

A few failures are common enough to name:

Port 8080 is already in use. Something else — often a stray container or a previous astro project you forgot to stop — holds the port. Either free it (astro dev stop in the other project) or move this one: astro dev start -p 8081.

Docker runs out of memory. The full stack wants headroom; on Docker Desktop’s stingy default, containers get OOM-killed and the UI never settles. Give Docker at least 4 GB (Settings → Resources). The tell is a scheduler that keeps restarting in astro dev logs with no Python error to explain it — that’s the kernel killing it, not your code.

The image won’t build. A bad line in requirements.txt — a package that doesn’t exist, or two pins that conflict — fails the build, and the error is in the astro dev start output, not hidden. Read the pip resolver’s complaint, fix the pin, and astro dev restart. A system library that needs an OS package goes in packages.txt, not requirements.txt.

A DAG doesn’t appear in the UI. Almost always a parse error. The dag-processor tried to import the file, hit an exception, and skipped it — the UI shows an import-errors banner, and astro dev logs (or the dag-processor logs specifically) has the traceback. Run astro dev parse to reproduce it on demand. If there’s no error and the file still won’t show, check that it’s actually in dags/ (not include/), that it defines a DAG at module top level, and give the dag-processor its refresh interval — a few seconds — to notice a brand-new file.

The metadata DB drifted. Switch branches, rename a DAG, delete one — and the UI can hold onto ghosts: a paused DAG that no longer exists in code, a run stuck in queued, a connection you thought you removed. The metadata database remembers state your files no longer describe. Small drift is normal and harmless; when it stops making sense, astro dev kill followed by astro dev start gives you a fresh database, and airflow_settings.yaml rebuilds your connections and pools automatically so the reset costs you nothing you’ll miss.

The through-line for all of these: astro dev logs -f is the first place to look, not the last. Airflow’s failures are almost always written down somewhere — a traceback in the dag-processor, an OOM in the scheduler, a pip error in the build — and the logs are where they’re written.

What you build locally is what you ship

This is the payoff, and it’s worth making concrete. The project astro dev init scaffolded — the Dockerfile with its pinned Runtime tag, requirements.txt, packages.txt, dags/ — is not a local-dev approximation of production. It is the deployment artifact. When it’s time to run this somewhere that pages a rotation instead of you, the same directory ships:

astro deploy

That builds the exact image you’ve been running, pushes it, and rolls it out to a managed Airflow. The .env overrides become the deployment’s environment variables; the connections you declared move to a secrets backend; nothing about the DAGs changes, because the runtime is identical down to the Airflow patch version. The alternatives don’t give you this — a standalone SQLite setup or a hand-tuned compose file is a thing you’d have to re-create for production. Here, the local project and the shipped project are one artifact, which is the whole reason the day this stops being a toy isn’t a rewrite.

In a real team you rarely type astro deploy by hand — it runs in CI, triggered by a merge to main. Because the whole project is just files in a git repo (Dockerfile, requirements.txt, dags/), shipping a DAG becomes opening a pull request: a reviewer reads the diff, CI runs astro dev pytest and astro dev parse to catch a broken import before it reaches production, and the merge is what deploys. That’s the same pytest/parse you’ve been running locally, now standing guard on the way to prod — which only works because local and CI and production are the same image. We’ll walk the full deploy path — Astronomer, MWAA, Cloud Composer, and what each one costs — in the advanced book’ Shipping It.

Final thoughts

Getting Airflow running used to be the tax you paid before learning any of it — an afternoon lost to compose files and version mismatches, the kind of yak-shave that makes people give up before the interesting part. Collapsing that to astro dev init and astro dev start isn’t a convenience so much as a decision to spend your attention on DAGs instead of on Docker. The stack underneath is still five services and a database; you just don’t have to hand-wire them to start thinking in graphs, and — this is the part that matters later — the thing you wired up locally is the thing that deploys. Next chapter, you write one.





Your First DAG: Tasks That Know Their Order

A DAG is a Python file. Not a config format that happens to be Python-flavored — an actual module the scheduler imports, where the objects you create become the graph. Drop a file in dags/, and within seconds Airflow parses it, finds the DAG inside, and starts scheduling it. Let’s write the bookshop’s daily load, see the ordering enforced for real, and then take apart every knob on the DAG that decides when and how often that ordering plays out.

The file

Create dags/bookshop.py:

from datetime import datetime
from airflow.sdk import dag, task


@dag(
    schedule="@daily",
    start_date=datetime(2026, 5, 1),
    catchup=False,
)
def bookshop():
    @task
    def extract_orders() -> list[dict]:
        return [
            {"title": "Dune", "qty": 2, "price": 18},
            {"title": "Piranesi", "qty": 1, "price": 15},
        ]

    @task
    def summarize_orders(orders: list[dict]) -> None:
        revenue = sum(o["qty"] * o["price"] for o in orders)
        print(f"{len(orders)} orders, revenue {revenue}")

    summarize_orders(extract_orders())


bookshop()

That’s a complete, runnable DAG. Three things are doing the work.

@dag(...) turns the bookshop function into a DAG definition. schedule="@daily" runs it once a day; start_date is when scheduling begins; catchup=False says don’t replay every day since May 1st the moment you turn it on. This is the 3.x TaskFlow API — you write plain Python functions and decorate them, and the imports come from airflow.sdk, the Task SDK that’s the authoring home in 3.x. (If you’ve read older tutorials, the imports were from airflow import DAG and from airflow.decorators import dag. In 3.x it’s one namespace: airflow.sdk.)

Each @task function is a task. And the last line inside bookshop is where the ordering lives: summarize_orders(extract_orders()). You’re not calling these functions now — the decorator intercepts the call and records that summarize_orders depends on the output of extract_orders. Passing one’s return into the other is how you draw the edge. Extract runs first, its return value flows into summarize, and Airflow guarantees that order without a sleep or a lock file in sight.

Save the file. Because dags/ is mounted into the containers, the scheduler re-parses within a few seconds and bookshop shows up in the UI on its own. But before you trigger it, the three-line decorator hides a fleet of choices worth making on purpose.

Every knob on @dag

The three arguments above are the minimum. Here’s the same DAG with the parameters you’ll actually reach for in production, and a plain-English gloss on each:

from datetime import datetime, timedelta
from airflow.sdk import dag, task

default_args = {
    "owner": "data-eng",
    "retries": 2,
    "retry_delay": timedelta(minutes=5),
}


@dag(
    dag_id="bookshop_daily",
    description="Daily extract-and-summarize of bookshop orders",
    tags=["bookshop", "daily", "finance"],
    doc_md=__doc__,
    default_args=default_args,
    schedule="@daily",
    start_date=datetime(2026, 5, 1),
    end_date=None,
    catchup=False,
    max_active_runs=1,
    dagrun_timeout=timedelta(hours=1),
)
def bookshop_daily():
    ...


bookshop_daily()

Reading top to bottom:


	dag_id — the unique name across your whole Airflow instance. When you don’t pass it, the decorator uses the function name (bookshop in the first version). Set it explicitly the moment you care what the URL and the logs call it; two DAGs with the same id is an error, and the id is what the CLI and REST API address.

	description — one line shown next to the DAG in the list view. Keep it to what the pipeline does, not how.

	tags — free-form labels. They become clickable filters in the UI, which matters more than it sounds: once you have forty DAGs, tags=["bookshop"] is how you find yours in one click.

	doc_md — Markdown rendered on the DAG’s page in the UI. Passing __doc__ wires it to the module’s docstring, so a triple-quoted block at the top of the file becomes on-screen documentation. This is where the why goes.

	default_args — a dict of defaults handed to every task in the DAG. More on this next; it’s the single most useful parameter here.

	schedule — how often a run fires. "@daily", a cron string like "0 6 * * *", a timedelta, None for manual-only, or a list of Assets for event-driven runs. In 3.x this one argument replaces the old schedule_interval and timetable — there is now just schedule=.

	start_date — the first date the scheduler will consider. Its interaction with schedule is subtle enough to get its own section below.

	end_date — an optional date after which no new runs are created. None means “run forever,” which is what you want almost always.

	catchup — whether to backfill every missed interval between start_date and now when the DAG is first turned on. Leave it False unless you specifically want history replayed; the scheduling chapter covers the case where you want it True.

	max_active_runs — how many DAG runs may execute concurrently. 1 forces runs to go strictly one at a time, which is the safe default for a pipeline that writes to the same tables each day — you don’t want yesterday’s slow run and today’s run both loading into orders at once.

	dagrun_timeout — a wall-clock ceiling on a single run. If the whole DAG hasn’t finished within this timedelta, the run is marked failed and its running tasks are killed. Without it, a wedged task can hold a run open indefinitely and, with max_active_runs=1, block every run behind it.



There’s a matching non-decorator form using a context manager — with DAG(dag_id=..., schedule=...) as dag: — that takes the exact same arguments. You’ll see it in the operators chapter and in a lot of existing code. The decorator and the context manager are two spellings of the same object; pick the decorator for TaskFlow-heavy DAGs and don’t lose sleep over the choice.

default_args is where retries live

Notice that owner, retries, and retry_delay went into default_args, not onto @dag directly. That placement is deliberate, and it trips up newcomers who go looking for a retries= argument on the DAG itself.

The distinction: @dag parameters configure the DAG — its schedule, its concurrency, its timeout. default_args configures the tasks, by supplying a default that every task in the DAG inherits unless it overrides. Retries are a per-task concern (a task fails and retries; a DAG doesn’t), so retries belongs in default_args.

The usual residents of default_args:


	owner — who’s responsible for the task. Shows up in the UI and in logs; useful when a shared Airflow runs several teams’ DAGs.

	retries — how many times to re-run a task after it fails before giving up. 2 means up to three attempts total.

	retry_delay — how long to wait between attempts, as a timedelta. Five minutes is a sane default for anything that talks to a flaky external service.

	callbacks — on_failure_callback, on_success_callback, and on_retry_callback are functions Airflow calls when a task changes state. This is where SLA-style alerting lives in 3.x: the old dedicated SLA feature was removed, and the replacement is a callback plus your own timing check. Wire on_failure_callback to a function that posts to Slack and every task in the DAG gains failure alerting for free.



Because default_args is inherited, you set the team’s policy once at the top and every task obeys it. A single task can still override — @task(retries=5) on one flaky extractor — and its value wins over the DAG default for that task alone. Think of default_args as the DAG’s house rules and the per-task argument as a signed exception.

start_date: the parameter people get wrong

start_date looks obvious and isn’t. Three things reliably bite.

Naive vs timezone-aware datetimes. datetime(2026, 5, 1) is naive — it carries no timezone. Airflow interprets a naive start_date in the DAG’s configured timezone (UTC by default), which is fine as long as you know that’s happening. If your business runs on a specific zone, make it explicit and unambiguous with a timezone-aware datetime:

import pendulum

start_date = pendulum.datetime(2026, 5, 1, tz="Europe/London")

Airflow ships pendulum precisely for this. An aware start_date removes the guesswork about which midnight “May 1st” means, and it’s what the UI and logs will echo back to you.

Never compute start_date dynamically. The single most common start_date bug:

# WRONG — do not do this
start_date=datetime.now() - timedelta(days=1)

Remember that the DAG file is re-parsed constantly — every few seconds. datetime.now() evaluates fresh on every parse, so your start_date keeps sliding forward in real time. The scheduler compares “now” against a moving target and can never decide a run is due, so the DAG mysteriously never fires. start_date must be a fixed, static point in the past — a literal date you typed, not a computed one. Pin it and forget it.

How start_date and schedule combine to produce the first run. Airflow schedules based on data intervals. With start_date=datetime(2026, 5, 1) and schedule="@daily", the first interval covers all of May 1st — from 00:00 May 1 to 00:00 May 2. And here’s the part that surprises everyone: Airflow runs an interval after it has completed, not at its start. So the run for the May 1st interval fires just after midnight on May 2nd. The DAG “for the 1st” executes on the 2nd, because only then is the 1st’s data complete and ready to process.

(That behavior is the data-interval model, which this book turns on with one line of config — the scheduling chapter explains why, and what Airflow 3 does by default instead. It matters more than it sounds.) This is the right behavior once it clicks — you process a day’s data after the day is over — but it means a DAG with start_date set to today won’t produce its first run until tomorrow. If you toggle a brand-new DAG on and nothing happens, this is usually why, and it’s not a bug. (The scheduling post goes deep on data intervals; for now, just hold the shape: interval ends, then the run for it fires.)

Three words that aren’t the same thing

The UI uses three terms constantly and conflates none of them:

A DAG is the definition — the file you just wrote, the template. It doesn’t “run”; it describes what a run looks like.

A DAG run is one execution of that template for a particular data interval — the @daily run for May 24th. Trigger it three times and you have three DAG runs of one DAG.

A task instance is one task within one DAG run — extract_orders for the May 24th run. This is the thing that actually has logs, a duration, and a state.

When you stare at a grid of colored squares later, each square is one task instance in one state. Nothing more mysterious than that — but there are more states than the grid’s colors first suggest.

The full task-state lifecycle

A task instance moves through a state machine, and knowing the whole map is what turns a red square from a mystery into a diagnosis. Picture the flow from left to right:

     none → scheduled → queued → running → success
                            │        │  \
                            │        │   └──→ deferred ──┐
                            │        │                   │ (event/timer)
                            │        │  ┌────────────────┘
                            │        │  └→ up_for_reschedule ──┐
                            │        ▼                         │
                            │      failed → up_for_retry ──────┤
                            │        │                         │
   upstream_failed ◄────────┘        └→ (retries exhausted) failed
   skipped
   removed / restarting

Walking the states you’ll actually see:


	none — the task exists in the parsed DAG but the scheduler hasn’t looked at it yet for this run. The starting point.

	scheduled — the scheduler has decided this task’s dependencies are met and it should run. It’s waiting for an executor slot.

	queued — handed to the executor, sitting in the queue, waiting for a worker to pick it up. On a busy instance a task can sit here a while; a long queued time means you’re out of worker capacity, not that the task is slow.

	running — a worker is actively executing it. This is the only state where your code is on a CPU.

	success — finished cleanly (exit 0, no exception). Green.

	failed — raised an exception or exited non-zero, with no retries left. Red.

	up_for_retry — failed, but has retries remaining. The scheduler holds it for retry_delay, then sends it back to scheduled for another attempt. This is the state that makes a transient network blip self-heal.

	deferred — the task handed itself off to the triggerer and is waiting on an external event or timer without occupying a worker slot. This is how modern sensors wait efficiently; it gets its own chapter later. The key idea now: deferred is “parked, costing nothing,” not “stuck.”

	up_for_reschedule — a sensor running in reschedule mode has checked, found its condition not yet met, and released its slot to try again later. Like deferred in spirit, older in mechanism.

	skipped — deliberately not run, usually because a branch chose a different path. Not a failure; an intentional no-op.

	upstream_failed — a task this one depends on failed (or was skipped), so this task can’t run and won’t be attempted. The failure propagates downstream: one red task upstream paints a row of upstream_failed behind it. When you’re debugging, always look left for the first genuinely failed task — everything to its right is just collateral.

	removed — the task was in an earlier version of the DAG but no longer exists in the current parse, while a run that included it is still around. You edited the DAG and deleted a task; its history lingers as removed.

	restarting — the task was asked to clear and run again while it was still running; it’s being torn down to be relaunched.



Two habits fall out of this map. First, up_for_retry and deferred are not problems — a DAG full of them is working as designed. Second, when a run goes red, the fix always starts at the leftmost failed, never at the upstream_failed squares trailing it.

Drawing the edges: every dependency form

summarize_orders(extract_orders()) draws an edge by passing data. But you’ll often want to order tasks that don’t pass data — “run the cleanup after the load, regardless.” Airflow gives you several spellings, and they all build the same graph.

The bitshift operators are the everyday form. >> means “then”:

extract >> transform >> load

Read left to right: extract, then transform, then load. << is the same arrow reversed (load << transform << extract), which reads backwards and which I’d avoid for exactly that reason.

Lists fan out and fan in. A list on either side of >> means “all of these”:

extract >> [validate, archive]      # extract, then both, in parallel
[validate, archive] >> notify       # after both finish, notify

The first line makes validate and archive both depend on extract; the second makes notify wait for both. Chain the two and you’ve built a diamond.

For longer sequences, chain reads more cleanly than a wall of >>, and it handles parallel stages elegantly:

from airflow.sdk import chain

chain(extract, [transform_a, transform_b], load)

That means: extract, then transform_a and transform_b in parallel, then load after both. chain also has a rule worth knowing — when it connects two equal-length lists, it pairs them element-wise, not cross-wise: chain([a, b], [c, d]) wires a >> c and b >> d, and nothing else.

When you do want the cross product — every task on the left connected to every task on the right — that’s cross_downstream:

from airflow.sdk import cross_downstream

cross_downstream([extract_orders, extract_returns], [load_orders, load_returns])

This makes all four edges: each extract feeds each load. It’s a common shape when several inputs must all land before several outputs can start.

Finally, the method form. Every task has set_upstream and set_downstream:

transform.set_upstream(extract)     # same as extract >> transform
transform.set_downstream(load)      # same as transform >> load

These are what >> and << call under the hood. You’ll rarely reach for them by hand — the operators are terser — but they’re occasionally handy when you’re wiring dependencies inside a loop and the objects are already in variables. Whichever spelling you use, the result is one thing: edges in the graph the scheduler walks.

What “parsing” actually is

Everything above hinges on a word I’ve used loosely: parse. Here’s what it means concretely, because it explains the one line that most first-timers forget.

A separate Airflow component — the dag-processor, distinct from the scheduler in 3.x — watches the dags/ folder and, on a loop, imports each Python file as a module. Importing runs the file top to bottom, like python bookshop.py would. As it runs, your @dag-decorated function and the bookshop() call at the bottom construct DAG objects in memory, and the processor serializes those into the metadata database. The scheduler then reads DAGs from the database — it never imports your file itself. That serialized copy is what the UI renders and the scheduler schedules.

Which is exactly why the bare bookshop() at the bottom of the file is mandatory. @dag turns your function into a factory that produces a DAG when called — but if you never call it, no DAG object is ever built, nothing gets serialized, and your file parses without error into precisely zero DAGs. Forget that line and your DAG silently never appears, no traceback to point you at the cause. It’s the single most common first-time stumble. (The context-manager form sidesteps this — with DAG(...) as dag: constructs the object immediately — which is one reason some people prefer it.)

Because the file is executed on every parse, and parses happen every few seconds, top-level code is a trap. Anything at module scope — outside a task function — runs on every single parse, on the dag-processor, not on a worker. A line like this at the top of the file:

orders = duckdb.sql("SELECT * FROM huge_table").df()   # DON'T

runs constantly, in the parsing process, whether or not the DAG is even scheduled. It’ll hammer your database on a schedule you didn’t choose — the dag-processor re-parses each changed file every [dag_processor] min_file_process_interval seconds (default 30) and rescans the folder every refresh_interval seconds (default 300) — slow every parse (which delays every DAG showing up), and it can’t produce anything a task can use anyway. The rule: top-level code should only define the graph, never do the work. All the real work — the queries, the API calls, the file reads — goes inside @task functions, which run on workers only when the task actually executes. If you find yourself doing I/O at module scope, you’ve put the work in the wrong place.

One more discovery detail: not every .py in dags/ should be parsed. Helper modules, work-in-progress files, vendored code — you exclude them with a .airflowignore file in dags/. It works like .gitignore: one pattern per line, and any file path matching a pattern is skipped by the dag-processor entirely.

# dags/.airflowignore
_wip_*
utils/

Mind the syntax, because it changed and the internet hasn’t caught up. In Airflow 3 .airflowignore defaults to glob patterns ([core] dag_ignore_file_syntax = glob); in 2.x the default was regex. They look deceptively similar and they are not: _wip_.* is the regex for “starts with _wip_”, and as a glob it means “starts with _wip_.” — a literal dot. Paste the regex form into a 3.x project and _wip_orders.py is cheerfully parsed anyway, which is the opposite of what you asked for and produces no complaint at all. Write _wip_*, or set the syntax back to regexp if you have a pile of inherited patterns.

That keeps half-written DAGs and shared helpers from being imported, failing, and cluttering the UI with import errors.

Run it and read it

Back to the working DAG. In the UI, find bookshop, toggle it on (new DAGs start paused), and hit the trigger button for a manual run. The scheduler queues extract_orders, a worker runs it, its return value is stashed for the next task, then summarize_orders runs. Two squares go from grey to green.

The two views you’ll live in:


	Grid — runs as columns, tasks as rows, every cell a task instance colored by state. This is your at-a-glance history: which runs passed, which task in which run went red.

	Graph — the DAG’s shape, extract_orders → summarize_orders, showing the dependency you declared. This is where you confirm the wiring is what you meant.



Click summarize_orders in either view and open its logs. You’ll see your 2 orders, revenue 51 printed there — task output goes to that task instance’s log, not your terminal, which is exactly where you’ll go first when a task goes red in the chapters ahead.

Final thoughts

The move that makes Airflow click is realizing the dependency isn’t configuration you write about your code — it’s the shape of the code itself. summarize_orders(extract_orders()) reads like an ordinary function call, and that’s the point: the graph and the Python are the same text. But the file is doing double duty, and holding both halves in your head is what separates a DAG that works from one that mystifies you. Top to bottom it’s a program the dag-processor executes on every parse — which is why start_date must be static, why the bare bookshop() call is load-bearing, and why heavy work at module scope is a mistake. Inside the task functions it’s a description of work that runs later, on a worker, in the order the edges dictate. Everything from here — operators, XComs, scheduling — is elaboration on those two ideas living in one file.





Operators: The Verbs of a DAG

A DAG is the shape of your pipeline — the nouns and the arrows between them. But an arrow doesn’t do anything. Something has to run the command, call the API, execute the query. That something is an operator, and it’s the closest thing Airflow has to a verb.

An operator is a task template. You don’t write a loop that shells out and captures the exit code and handles the timeout and logs the output — someone already did, wrapped it in a class, and called it BashOperator. You hand it the one thing it doesn’t know (the command) and it handles the rest. When the scheduler runs your DAG, each operator instance becomes a task, and each task is a unit of work Airflow can retry, time, and show you in the UI.

The two you’ll reach for first

BashOperator runs a shell command. PythonOperator runs a Python callable. Between them they cover an enormous amount of real work, and they’re the clearest way to see the classic instantiation style — the way DAGs were written before the TaskFlow API, and the way most operators still get used.

from airflow.sdk import DAG
from airflow.providers.standard.operators.bash import BashOperator
from airflow.providers.standard.operators.python import PythonOperator

def load_orders():
    ...

with DAG(dag_id="bookshop_daily", schedule="@daily", catchup=False) as dag:
    fetch = BashOperator(
        task_id="fetch_orders",
        bash_command="curl -sf https://bookshop.internal/orders/$(date +%F).csv "
                     "-o /data/orders/{{ ds }}.csv",
    )

    load = PythonOperator(
        task_id="load_orders",
        python_callable=load_orders,
    )

    fetch >> load

Two things here earn a closer look. The task_id is the task’s name everywhere — the UI, the logs, the retry buttons — so it should read like a verb phrase. And {{ ds }} is a template: Airflow renders it to the run’s logical date before the command executes, so the same DAG fetches a different file every day without you touching the code. Templating is a whole feature of its own, and we’ll come back to it below.

That fetch >> load at the bottom is the dependency: fetch runs, then load runs. In the classic style you draw those arrows yourself.

The knobs that make an operator survive production

Everything so far describes what an operator does the first time it runs cleanly. Production is not the first time it runs cleanly. The network blips, the warehouse is briefly overloaded, a task hangs on a connection that never times out. The reason operators are worth using at all is that every one of them inherits a set of reliability knobs from a common base class, and these knobs — not the bash_command — are what separate a toy DAG from one you’d trust with the nightly load.

Every operator subclasses BaseOperator, and so every operator accepts these arguments. Here’s the fetch task again, dressed for real weather:

from datetime import timedelta

fetch = BashOperator(
    task_id="fetch_orders",
    bash_command="curl -sf https://bookshop.internal/orders/$(date +%F).csv "
                 "-o /data/orders/{{ ds }}.csv",
    retries=3,
    retry_delay=timedelta(minutes=2),
    retry_exponential_backoff=True,
    max_retry_delay=timedelta(minutes=20),
    execution_timeout=timedelta(minutes=10),
)

retries is the one you’ll set most. It’s the number of times Airflow re-runs the task after a failure before giving up. A flaky HTTP endpoint that fails one time in fifty doesn’t deserve to redden your whole DAG — three retries turns that into a non-event. When a task fails but has retries left, its state is up_for_retry, and the scheduler waits before trying again.

How long it waits is retry_delay — a timedelta, two minutes here. Set it long enough that whatever broke has a chance to heal; retrying a rate-limited API after 200 milliseconds just earns you another rate-limit.

retry_exponential_backoff=True changes the delay from constant to doubling: two minutes, then four, then eight. This is the right default for anything talking to a service that might be overloaded, because piling retries onto a struggling system at a fixed interval is how you turn a blip into an outage. max_retry_delay caps that doubling so an unlucky task doesn’t end up waiting hours — here the backoff climbs 2 → 4 → 8 → 16 and then stops at 20 minutes.

execution_timeout is the quiet hero. Without it, a task that hangs — a socket waiting on a server that will never answer — stays running forever, holding a worker slot and blocking everything downstream, and no amount of retries helps because the task never actually fails. With execution_timeout=timedelta(minutes=10), Airflow kills it at the ten-minute mark and marks it failed, which then feeds into your retries. Set this on anything that reaches across the network. A task with no timeout is a task that can wedge your pipeline indefinitely.

Four more knobs matter enough to know by name, even if you set them less often:

depends_on_past=True says this task instance may only run if the same task in the previous DAG run succeeded. Use it for genuinely sequential work — an incremental load where day N’s rows assume day N−1 landed. The catch worth remembering now: if yesterday’s run failed, today’s is blocked until you fix yesterday, which is the point but also a foot-gun if you reach for it reflexively.

trigger_rule decides when a task fires based on its upstream tasks’ states. The default is all_success — run only if every parent succeeded. But you can set all_done (run once every parent has finished, pass or fail — perfect for a cleanup task) or one_failed (run only if a parent failed — perfect for an alert). It’s the mechanism behind “always send the teardown even if the load broke,” and the advanced book takes it apart properly.

pool limits concurrency across DAGs. You define a pool — say warehouse with 5 slots — and every task assigned pool="warehouse" competes for those five slots. It’s how you stop twenty DAGs from opening two hundred connections to a database that tips over at fifty.

Three knobs travel with pool, and they’re worth a moment because they’re the difference between a queue that behaves and one that mysteriously starves:

@task(
    pool="warehouse",
    pool_slots=2,          # this task is heavy: it takes TWO of the five slots
    priority_weight=10,    # ...and when the pool is full, it jumps the queue
    queue="high_memory",   # ...and it must run on a high-memory worker
)
def rebuild_index(): ...

pool_slots (default 1) says how many slots one task instance consumes. The default assumption — every task costs the same — is a lie the moment one of your tasks is a full table rebuild and another is a health check. Give the expensive one pool_slots=2 and the pool stops letting five of them run at once.

priority_weight (default 1) breaks ties when more tasks want a slot than there are slots: higher weight gets scheduled first. The subtlety nobody mentions is that the effective priority isn’t just this number — it’s computed by weight_rule, which defaults to downstream: a task’s weight is its own plus the weight of everything downstream of it. That default is smarter than it looks, because it means a task blocking half the DAG naturally outranks a leaf. Set weight_rule="absolute" when you want the number you wrote to be the number that’s used, and nothing else.

queue routes a task to a particular set of workers — the GPU box, the high-memory box. It does nothing on a single-worker setup and everything once you run more than one worker type, which the executors chapter covers. Worth knowing now so that when someone says “just put it on the GPU queue,” you know that’s a one-word change and not an architecture.

You will not set all ten on every task. But retries, retry_delay, and execution_timeout belong on nearly everything that touches an external system, and the cheapest way to apply them is once, at the DAG level, via default_args:

default_args = {
    "retries": 2,
    "retry_delay": timedelta(minutes=5),
    "execution_timeout": timedelta(minutes=15),
}

with DAG(dag_id="bookshop_daily", schedule="@daily",
         catchup=False, default_args=default_args) as dag:
    ...

Every task in the DAG inherits those, and any task can override a single one by passing it explicitly. Set the sane baseline once; special-case the exceptions.

Templating: the arguments that render Jinja

Back to {{ ds }}. That double-brace syntax is Jinja, and Airflow renders it just before the task runs, substituting values from the run’s context — ds is the logical date as YYYY-MM-DD, data_interval_start and data_interval_end bound the window, ts is the full timestamp. This is how one static DAG file processes a different slice of data every day.

But templating doesn’t work on every argument — only the ones the operator declares as templatable, listed in its template_fields class attribute. For BashOperator that’s bash_command and env; for SQLExecuteQueryOperator it’s sql, conn_id, and parameters. Pass {{ ds }} into an argument that isn’t in template_fields and you’ll get the literal string {{ ds }}, unrendered — a genuinely confusing first bug, and the fix is always to check whether the field is templatable.

The feature that surprises newcomers: for the fields that support it, Airflow will template the contents of a file, not just an inline string. Both BashOperator and SQLExecuteQueryOperator treat a value ending in .sh or .sql as a path, read the file, and render the Jinja inside it. Combine that with the DAG’s template_searchpath and you keep SQL in .sql files instead of Python strings:

with DAG(
    dag_id="bookshop_daily",
    schedule="@daily",
    catchup=False,
    template_searchpath="/opt/airflow/sql",
) as dag:
    rollup = SQLExecuteQueryOperator(
        task_id="daily_rollup",
        conn_id="bookshop_duckdb",
        sql="daily_rollup.sql",   # read from /opt/airflow/sql/, Jinja rendered
    )

Inside daily_rollup.sql you can write WHERE order_date = '{{ ds }}' and it renders per run. When something looks wrong, open the task instance in the UI and find the Rendered Template view — it shows you exactly what the Jinja resolved to for that specific run, the actual command or SQL that executed. Ninety percent of “why did this task do that?” is answered by reading the rendered template rather than the source.

BashOperator, up close

BashOperator looks trivial and has more sharp edges than any other standard operator. Four are worth internalizing now, because each one has bitten every Airflow user exactly once.

The trailing space. If your bash_command is a template string that ends in .sh, Jinja tries to load it as a file. So bash_command="run_load.sh" reads a file, but bash_command="run_load.sh " — one trailing space — runs the literal command run_load.sh. When you mean “execute this string” and Airflow insists on treating it as a filename, the trailing space is the fix. It’s in the docs and it still catches people.

Exit code 99 means skip. By default BashOperator treats exit code 99 as a signal to skip the task rather than fail it — the state becomes skipped, not failed, and downstream tasks respond accordingly. So exit 99 in your script is a deliberate “nothing to do today, move on cleanly.” You can change the magic number with skip_on_exit_code=, but know that 99 is reserved out of the box, and don’t let a wrapped tool return 99 for an unrelated reason.

cwd, env, and append_env. cwd= sets the working directory the command runs in. env= hands the command a dictionary of environment variables — but be careful: passing env replaces the entire environment, so your command loses PATH and everything else unless you also want that. When you just want to add a couple of variables on top of what’s already there, pass append_env=True alongside env, and Airflow merges instead of replaces:

fetch = BashOperator(
    task_id="fetch_orders",
    bash_command="./scripts/pull.sh",
    cwd="/opt/airflow/bookshop",
    env={"ORDERS_DATE": "{{ ds }}", "BUCKET": "bookshop-raw"},
    append_env=True,
    output_encoding="utf-8",
)

output_encoding controls how Airflow decodes the command’s stdout for the logs — utf-8 is the default and almost always what you want, but a tool that emits Latin-1 will produce mojibake in the logs until you set it to match. Note also that BashOperator pushes the last line of stdout to XCom, so a script that ends by printing a path or an ID hands that value to the next task for free.

PythonOperator, up close

PythonOperator runs a Python callable, and its two most useful arguments pass arguments into that callable. op_args is a list spread as positional arguments; op_kwargs is a dict spread as keyword arguments:

def load_orders(source, *, batch_size, run_date):
    print(f"loading {source} in batches of {batch_size} for {run_date}")

load = PythonOperator(
    task_id="load_orders",
    python_callable=load_orders,
    op_args=["/data/orders"],
    op_kwargs={"batch_size": 500, "run_date": "{{ ds }}"},
)

Both op_args and op_kwargs are templated, which is why "{{ ds }}" renders to the run’s date before your function ever sees it — the string 2026-05-25 arrives as run_date, not the raw template.

Here’s the change from older Airflow that trips up anyone porting a 2.x DAG or copying a Stack Overflow answer: provide_context is gone. In old Airflow you had to pass provide_context=True to make the run context available to your callable. In 3.x the context is injected automatically — you simply declare the context keys you want as parameters and Airflow fills them in:

def load_orders(source, *, data_interval_start=None, ti=None):
    print(f"window starts {data_interval_start}")
    ti.xcom_push(key="row_count", value=1234)

load = PythonOperator(
    task_id="load_orders",
    python_callable=load_orders,
    op_args=["/data/orders"],
)

Name a parameter ti (the task instance), data_interval_start, ds, params — any context key — and it’s there, no flag required. If you still have provide_context=True lying around, delete it; it does nothing and newer versions will complain.

Two more standard operators round out the toolkit, and both are deceptively useful. EmptyOperator does nothing at all — it’s a no-op you use as a structural marker: a single start or finish node that a dozen tasks can fan out from or into, so your graph has a clean join point instead of a tangle. LatestOnlyOperator runs its downstream tasks only for the most recent scheduled run, skipping them during a backfill — handy when part of your DAG (say, refreshing a dashboard) makes no sense to replay for historical dates even though the data-loading part does.

Sensors: operators that wait

There’s a whole category of operator whose entire job is to wait for something to be true before the pipeline proceeds. These are sensors, and the foundations book folds them in here because they’re operators like any other — they just do their work by watching instead of acting.

The shape of the problem: your bookshop load can’t start until an upstream team drops today’s file into a bucket, and that file lands at an unpredictable time each morning. You don’t want to schedule the load at a guessed hour and hope. You want a task that blocks until the file exists, then releases the rest of the DAG. That’s a sensor.

from airflow.providers.standard.sensors.filesystem import FileSensor

wait_for_file = FileSensor(
    task_id="wait_for_orders_file",
    filepath="/data/orders/{{ ds }}.csv",
    poke_interval=60,          # check every 60 seconds
    timeout=60 * 60 * 6,       # give up after 6 hours
    mode="reschedule",
)

The knob that matters most is mode, and it has two settings with very different costs. In poke mode (the default) the sensor holds a worker slot for its entire life, waking every poke_interval seconds to check, then sleeping while still occupying the slot. Fine for a short wait; ruinous if a hundred sensors each sit on a slot for six hours, because you’ve just starved your workers with tasks that are doing nothing but napping.

In reschedule mode the sensor checks, and if the condition isn’t met, it releases the worker slot entirely and asks the scheduler to wake it again after poke_interval. Between checks it costs nothing. The rule of thumb: any wait longer than a minute or two should be mode="reschedule". The trade-off is a little scheduler overhead per check, which is a bargain compared to a wedged worker pool.

timeout is non-negotiable on a sensor. It’s the total time the sensor will wait before failing — six hours here. A sensor with no timeout is a task that can wait forever for a file that’s never coming, and it’ll do it silently. Always cap it.

There’s a third, better option for long waits: deferrable=True. A deferrable sensor hands its wait off to a separate lightweight process called the triggerer, freeing not just the worker slot but nearly all resources while it waits — thousands of deferred sensors cost about what a handful of poking ones do. Many modern sensors support it:

wait_for_file = FileSensor(
    task_id="wait_for_orders_file",
    filepath="/data/orders/{{ ds }}.csv",
    timeout=60 * 60 * 6,
    deferrable=True,
)

The other sensor you’ll meet early is SqlSensor, which polls a query and releases when it returns a truthy first cell — “wait until the staging table has today’s rows before running the transform”:

from airflow.providers.common.sql.sensors.sql import SqlSensor

wait_for_rows = SqlSensor(
    task_id="wait_for_staging",
    conn_id="bookshop_duckdb",
    sql="SELECT count(*) FROM staging_orders WHERE load_date = '{{ ds }}'",
    mode="reschedule",
    poke_interval=120,
    timeout=60 * 60 * 2,
)

This is an introduction, not the last word — the advanced book has a full chapter on sensors, deferral, and the triggerer. For now the mental model is enough: a sensor is an operator that waits, reschedule or deferrable for anything long, and always a timeout.

Finding, installing, and pinning providers

The two Bash and Python operators live in the standard provider, which ships with Airflow. Almost everything else lives in a provider package you install — a versioned pip dependency that bundles operators, hooks, sensors, and connection types for one system. There are over a thousand of them, maintained separately from Airflow’s core so a new Snowflake feature doesn’t have to wait for an Airflow release.

Finding the right one is a search on the Astronomer Registry or the Airflow provider docs for the system you’re integrating — “postgres provider,” “http provider,” “amazon provider.” Installing it is a line in your project’s requirements.txt, which the Astro CLI bakes into the image on the next astro dev restart:

apache-airflow-providers-postgres==6.2.0
apache-airflow-providers-common-sql==1.28.0

Pin the version. An unpinned apache-airflow-providers-postgres will happily install a newer major version on a rebuild months from now, quietly changing an operator’s behavior under a DAG that hasn’t been touched. Providers version independently of Airflow and of each other; pinning is the difference between a reproducible image and a mystery. Each provider also declares which Airflow versions it supports, so check compatibility with your 3.3.0 core before pinning a bleeding-edge release.

SQLExecuteQueryOperator, the one SQL operator

When you want to run a query against Postgres or DuckDB or BigQuery, you don’t write connection-and-cursor boilerplate. In 3.x there’s one unified operator for all of them — SQLExecuteQueryOperator, from the common.sql provider. It replaces the old per-database operators like PostgresOperator, which are deprecated; you point the connection at Postgres or DuckDB, and the same operator class does the rest.

from airflow.providers.common.sql.operators.sql import SQLExecuteQueryOperator

rollup = SQLExecuteQueryOperator(
    task_id="daily_rollup",
    conn_id="bookshop_duckdb",
    sql="sql/daily_rollup.sql",
    parameters={"run_date": "{{ ds }}"},
    split_statements=True,
    return_last=True,
    autocommit=True,
)

Each argument earns its place. conn_id points at a connection you define once in the UI or environment — host, credentials, database — so the same operator talks to a different warehouse by pointing at a different connection. sql is either an inline string, a .sql file (rendered through template_searchpath as above), or a list of statements.

parameters is not Jinja templating — it’s the database driver’s own parameter binding, the safe way to inject values so they’re escaped by the driver rather than string-formatted into the query. Your SQL uses the driver’s placeholder (%(run_date)s for many drivers) and the value binds at execution. Reach for parameters over Jinja whenever a value comes from outside, because it’s the injection-safe path.

split_statements=True lets a single .sql file hold several statements separated by semicolons and runs them in order — convenient for a file that creates a table then populates it. return_last=True means the operator pushes only the last statement’s result to XCom (rather than a list of every statement’s result), which is what you want when the final SELECT is the answer and the earlier statements were setup. autocommit=True commits each statement as it runs instead of wrapping the batch in one transaction — appropriate for DDL and idempotent loads, but think twice for a multi-statement change you’d want to roll back as a unit.

The result of that final statement lands in XCom, so a downstream task can read the rollup’s output — a row count, a computed total — and act on it. That hand-off from a SQL operator’s result to your next task is the seam where prebuilt operators and your own glue meet.

So when do you write your own?

The line is cleaner than it looks. Reach for a prebuilt operator when you’re talking to a system someone else has already integrated — a database, a cloud service, an API with a provider. Reach for @task when the work is your logic: parsing a file, reshaping a dict, deciding what to do next. Prebuilt integration versus your own glue.

There’s a rule that applies to both, and it’s the one worth internalizing early: a task should be idempotent. Running it twice with the same inputs should leave the world in the same state as running it once — because Airflow will run it twice. Retries (which you just wired up three of), backfills, a nervous engineer clicking “clear” — all of these re-execute a task, and a task that double-inserts rows or appends to a file each time will quietly corrupt your data. The fetch above overwrites {{ ds }}.csv; run it ten times and you have one correct file. That’s the property to design for, and the reliability knobs above only make sense because of it — retries are safe precisely when the task is idempotent.

Final thoughts

The temptation, when you’re new, is to do everything in PythonOperator — it’s Python, you know Python, why learn a hundred operators? Resist it for anything that touches an external system. A PythonOperator that opens its own database connection is code you now own, test, and debug at 2am; SQLExecuteQueryOperator is code a provider team owns for you, complete with the retry, timeout, and connection handling you’d otherwise reinvent badly. Save your Python for the logic that’s actually yours. The best DAGs are mostly other people’s operators — configured with the reliability knobs turned up — and a little of your glue holding them together.





The TaskFlow API: DAGs That Look Like Python

The classic DAG from the operators chapter works, but read it back and you’ll notice something: you spent as many lines wiring tasks together as writing what they do. You named a callable, wrapped it in a PythonOperator, gave the operator a task_id that repeats the function’s name, then drew the arrows by hand. The TaskFlow API deletes almost all of that ceremony by making a plain Python function be a task and a plain function call be a dependency.

@dag and @task

Two decorators from the Task SDK carry the whole thing:

from airflow.sdk import dag, get_current_context, task

@dag(schedule="@daily", catchup=False)
def bookshop_daily():
    @task
    def extract():
        ...

    @task
    def load(rows):
        ...

    load(extract())

bookshop_daily()

@dag turns the function into a DAG definition; calling it at the bottom is what registers it. Inside, each @task function is a task, and the task_id defaults to the function name — no more repeating yourself. The name of the outer function becomes the dag_id.

The line doing the real work is load(extract()). You didn’t write extract >> load. You called extract, passed its result into load, and Airflow read that call graph to infer the dependency: load needs extract’s output, so extract must run first. Dependencies fall out of how the data flows, which is how you’d reason about the code anyway.

Return values become XComs

extract() doesn’t return a value at authoring time — it returns a placeholder that stands in for “whatever this task produces when it actually runs.” When extract executes, its return value is stored as an XCom (Airflow’s mechanism for passing small values between tasks), and when load runs, that value is pulled back out and handed to the rows argument. You wrote it like an ordinary function call; Airflow turned it into a cross-task handoff.

That handoff has rules — mainly, keep it small — and they get their own chapter next. What matters here is that the plumbing is invisible. You return a value, you receive a value, and the fact that the two tasks might run in different processes on different machines is Airflow’s problem, not yours.

Reading the run context

A task almost always needs to know which run it belongs to. What day is this? Was it triggered manually or on schedule? What did the operator override in params? Airflow keeps all of that in a per-run context dictionary, and TaskFlow gives you two ways to reach it.

The first is to declare a parameter whose name matches a context key. Airflow inspects your function’s signature and injects the matching values for you:

@task
def extract(data_interval_start=None, data_interval_end=None, ti=None):
    day = data_interval_start.date().isoformat()
    print(f"loading orders for {day}, try #{ti.try_number}")
    return f"/data/orders/{day}.csv"

You never call extract(data_interval_start=...) yourself — those arguments aren’t part of the data flow, so you leave them out of the call and Airflow fills them in at execution time. The keys you’ll reach for most:


	data_interval_start / data_interval_end — the half-open time window this run covers. For an @daily DAG, start is midnight of the day being processed and end is midnight of the next. This is the pair you use to pick which slice of data to read.

	logical_date — the run’s nominal timestamp. Useful, but note that on asset-triggered or manually kicked runs it can be absent or unintuitive; when you want the data window, prefer data_interval_start over logical_date.

	ti — the task instance, your handle for this task’s own metadata: ti.try_number, ti.map_index, and the lower-level ti.xcom_push / ti.xcom_pull.

	dag_run — the run object. dag_run.run_type tells you "scheduled" vs "manual" vs "backfill"; dag_run.conf holds the JSON payload passed to a triggered run.

	params — the merged parameters (defaults plus per-run overrides), which we’ll come back to.



Two of these are worth dwelling on because newcomers reach for the wrong one. logical_date feels like “the date this run is about,” and for a simple daily schedule it roughly is — but it’s the run’s timestamp, not a window, and it wobbles once you introduce assets or manual triggers. data_interval_start and data_interval_end are the honest answer to “what slice of data does this run own”: a clean half-open [start, end) interval that lines up exactly with the schedule. When you’re filtering a source table with WHERE created_at >= :start AND created_at < :end, those two are the values you bind.

The second way is get_current_context(), which hands you the whole dictionary from anywhere the task is running — handy inside a helper function that isn’t itself the decorated task, so you don’t have to thread the context through every call:

from airflow.sdk import get_current_context, task

def _target_path() -> str:
    context = get_current_context()
    day = context["data_interval_start"].date().isoformat()
    return f"/data/orders/{day}.csv"

@task
def extract() -> str:
    return _target_path()

One habit to build now: read the date from the context, never from a rendered template baked into an f-string. It’s tempting to write f"/data/orders/{{ ds }}.csv" inside a @task — but {{ ds }} is Jinja, and Python string templating doesn’t render Jinja. Inside a Python function you’d just get the literal braces back. Templating like {{ ds }} renders in an operator’s templated fields (a bash_command, a SQL file path); inside your Python, reach into the context object and call .date().isoformat() on data_interval_start. Same value, but this one is real.

Tuning a task from the decorator

Everything you could configure on a PythonOperator you can pass to @task, because under the hood that’s still what you’re building. The decorator takes the operator’s arguments:

from datetime import timedelta

@task(
    retries=3,
    retry_delay=timedelta(minutes=2),
    execution_timeout=timedelta(minutes=15),
    pool="warehouse",
    task_id="extract_orders",
)
def extract() -> str:
    ...


	retries / retry_delay — how many times Airflow re-runs the task on failure, and how long it waits between attempts. Because a task should be idempotent — running it twice leaves the world in the same state as running it once — retries are free safety, not a gamble. The ti.try_number you saw in the context is what makes this observable: on attempt three, the task can see it’s on attempt three.

	execution_timeout — a wall-clock ceiling. If the task runs longer, Airflow kills it and marks it failed rather than letting a hung API call block the pool forever.

	pool — a named concurrency budget. Point ten warehouse-touching tasks at a warehouse pool with four slots and only four run at once, no matter how much else is idle. This is how you stop a fan-out from stampeding a database.

	task_id — override the auto-derived name. By default the task_id is the function name; pass task_id= when you want the UI to read differently from the code, or when the same function backs more than one task.



That last case is worth its own paragraph, because it’s a sharp edge.

Calling a task more than once

A decorated function is a factory, not a single task. Call it twice and you get two task instances — which means two task_ids, and they can’t collide. Airflow resolves the collision by auto-suffixing:

@task
def fetch(source: str) -> str:
    ...

a = fetch("orders")       # task_id: fetch
b = fetch("customers")    # task_id: fetch__1
c = fetch("inventory")    # task_id: fetch__2

That works, but fetch__1 is a terrible name to see in a log three weeks later. When you reuse a task, name each call explicitly with .override():

orders    = fetch.override(task_id="fetch_orders")("orders")
customers = fetch.override(task_id="fetch_customers")("customers")
inventory = fetch.override(task_id="fetch_inventory")("inventory")

.override() returns a fresh copy of the task with any decorator arguments you like changed — not just task_id but retries, pool, anything — so one function can spawn several tasks with tailored settings. Reach for it whenever you’d otherwise be staring at __1 and __2 in the grid.

The @task family: beyond plain Python

@task runs a Python callable in the worker’s own interpreter. But the decorator has a family of variants, @task.<flavor>, each of which changes where or how the body runs while keeping the same call-it-to-wire-it ergonomics. You reach for a flavor when plain Python isn’t the right execution environment.

@task.bash — the function returns a shell command string, and Airflow runs it as a BashOperator would. You get Python to compute the command and Bash to run it:

@task.bash
def archive(path: str) -> str:
    return f"gzip -f {path} && echo archived {path}"

@task.branch — the function returns the task_id (or a list of them) to run next; every other downstream task is skipped. This is how you put an if in a DAG:

@task.branch
def choose_path(dag_run=None) -> str:
    return "full_reload" if dag_run.run_type == "manual" else "incremental"

@task.short_circuit — the function returns a truthy/falsy value. Falsy skips everything downstream; truthy lets the flow continue. It’s the “only proceed if there’s actually work” gate:

@task.short_circuit
def has_new_orders(path: str) -> bool:
    import os
    return os.path.getsize(path) > 0

@task.virtualenv and @task.external_python — run the body in a different Python environment. @task.virtualenv builds a throwaway venv with the requirements you list, ideal when a task needs a library that would clash with Airflow’s own dependencies. @task.external_python runs against a pre-built interpreter you point at by path, so you pay the setup cost once:

@task.virtualenv(requirements=["pandas==2.2.3"], system_site_packages=False)
def summarize(path: str) -> dict:
    import pandas as pd
    df = pd.read_csv(path)
    return {"rows": len(df), "revenue": float(df["total"].sum())}

@task.docker and @task.kubernetes — run the body inside a container. @task.docker executes it in a Docker image on the same host; @task.kubernetes launches a fresh pod in your cluster. Both isolate the task completely — its own image, dependencies, and resource limits — which is how you run a heavyweight or untrusted step without polluting the worker:

@task.docker(image="python:3.12-slim", auto_remove="force")
def render_report(rows: int) -> str:
    return f"generated a report for {rows} rows"

@task.sensor — turns a function into a sensor, a task that waits for a condition by polling. The body returns whether the condition is met (a bool, or a PokeReturnValue carrying data forward), and Airflow re-invokes it on the interval you set until it’s satisfied or times out:

from airflow.sdk import PokeReturnValue, task

@task.sensor(poke_interval=60, timeout=3600, mode="reschedule")
def wait_for_file(path: str) -> PokeReturnValue:
    import os
    ready = os.path.exists(path)
    return PokeReturnValue(is_done=ready, xcom_value=path if ready else None)

Two of these deserve a footnote. On @task.sensor, the mode argument decides how the wait is paid for. The default, mode="poke", holds a worker slot for the entire wait — fine for a few seconds, ruinous if you’re waiting an hour for an upstream file, because that slot does nothing but sleep. mode="reschedule" releases the slot between checks and lets the scheduler wake the task up again on the next interval, so a hundred sensors waiting on slow inputs don’t starve your workers. For anything that might wait minutes, reach for reschedule.

And @task.branch only chooses — it doesn’t clean up after itself. The branches it doesn’t pick are marked skipped, and skips propagate downstream, so a task that joins the branches back together needs the right trigger rule or it’ll skip too. That interaction is a chapter of its own; for now, know that a branch returns the id(s) of what to run and Airflow skips the rest.

You don’t need every one of these on day one. The point is that “TaskFlow” isn’t only @task — it’s a family, and when a step wants Bash, a branch, a clean venv, or a container, there’s a decorator that keeps the syntax identical and just swaps the engine underneath.

multiple_outputs, and its edges

If a task needs to hand off more than one thing, tell the decorator:

@task(multiple_outputs=True)
def extract():
    return {"path": "/data/orders/2026-05-31.csv", "row_count": 4212}

With multiple_outputs=True, each key of the returned dict becomes its own XCom, so a downstream task can depend on extract()["path"] without dragging along the whole dict:

result = extract()
load(result["path"])                 # depends on just the path
audit(result["row_count"])           # depends on just the count

A few edges are worth knowing before this bites you:


	It’s dict-only. multiple_outputs splits a returned dictionary into per-key XComs. Return a list or a tuple with the flag on and you’ll get an error, because there are no keys to split by.

	Keys must be valid. Each key becomes an XCom key, so they need to be strings that are legal identifiers. A dict keyed by integers or spaces won’t map cleanly.

	Typing can infer it for you. Annotate the return as -> dict and Airflow turns multiple_outputs on automatically — the type hint is the signal. That’s convenient, but it also means a stray -> dict annotation can silently change behaviour. When you want the split, the explicit multiple_outputs=True flag is the clearer way to say so; when you don’t, keep the annotation off or return a non-dict.



If you only ever consume the whole object downstream, you don’t need the flag at all — a plain return {...} hands the dict across as one XCom, and the receiving task indexes it in Python.

Fanning out: a first look at mapping

Sometimes you don’t know how many tasks you need until the run is underway — one load per file the extract discovered, say. TaskFlow expresses that with .expand():

@task
def list_files() -> list[str]:
    return ["/data/orders/a.csv", "/data/orders/b.csv", "/data/orders/c.csv"]

@task
def load_one(path: str):
    ...

load_one.expand(path=list_files())

load_one.expand(path=...) creates one mapped task instance per item in the list, at run time — the DAG file was parsed before any run existed, so it couldn’t have known the count in advance, and that’s exactly the gap mapping fills. In the grid you’ll see load_one render as a single node with a bracketed count, each instance addressable by its map_index. Its siblings .partial() (bind arguments that don’t vary across the fan-out) and .expand_kwargs() (map a list of dicts when each instance needs several fields) round out the toolkit. There’s real depth here — how to cap the fan-out so a bad source file doesn’t spawn forty thousand tasks, how to avoid accidental Cartesian products — and it gets its own chapter. For now, just register that the pattern exists and reads as naturally as the rest of TaskFlow. We cover it properly in Dynamic Task Mapping and TaskGroups.

Grouping and bracketing: @task_group, @setup, @teardown

Two more decorators shape the graph rather than the work.

@task_group bundles related tasks into a labelled box in the UI and namespaces their task_ids, without creating any runtime isolation — it’s purely for readability and reuse. Define one, call it, and wire it like any task:

from airflow.sdk import dag, task, task_group

@dag(schedule="@daily", catchup=False)
def bookshop_daily():
    @task_group
    def process(path: str):
        @task
        def clean(p: str) -> str:
            ...
        @task
        def validate(p: str) -> str:
            ...
        return validate(clean(path))

    @task
    def extract() -> str:
        ...

    @task
    def publish(p: str):
        ...

    publish(process(extract()))

bookshop_daily()

In the grid, clean and validate collapse into a single process group you can expand — and because the group is a function, you can call it more than once (with .override(group_id=...)) to reuse the same mini-pipeline over several inputs. TaskGroups replace the old SubDAGs, which were removed; if you learned Airflow years ago and remember SubDagOperator, this is what to use instead, and it’s strictly better.

@setup and @teardown mark tasks that bracket a piece of work: a setup builds a resource (spin up a temp warehouse, create a scratch schema), and its paired teardown tears it down (drop the schema) — critically, the teardown runs even if the work in between fails, and its failure doesn’t by default fail the whole run. That’s the difference from an ordinary downstream task, which would be skipped on upstream failure:

from airflow.sdk import dag, setup, task, teardown

@dag(schedule="@daily", catchup=False)
def bookshop_daily():
    @setup
    def make_scratch() -> str:
        # create a temp schema, return its name
        return "scratch_20260530"

    @task
    def build(schema: str):
        ...

    @teardown
    def drop_scratch(schema: str):
        # always runs, even if build() failed
        ...

    scratch = make_scratch()
    work = build(scratch)
    drop_scratch(scratch).as_teardown(setups=scratch)

bookshop_daily()

The as_teardown(setups=...) call pairs the teardown to its setup, and that pairing is what gives the teardown its special behaviour: it’s scheduled after the work regardless of how the work ends, and by default a failing teardown doesn’t cascade into a failed DAG run — because “I couldn’t drop the scratch schema” usually shouldn’t nullify a pipeline that already produced the data you wanted. If you clear and re-run the work later, the setup re-runs with it, so the resource is always freshly built for the retry rather than assumed to still exist.

You won’t need setup/teardown on a first pipeline, but the moment you’re renting an expensive resource per run — a cluster, a scratch database — this is the pattern that guarantees you turn it off.

The bookshop pipeline, cleaned up

Here’s the whole daily pipeline — extract, transform, load — written in TaskFlow. Set it beside the classic version from the operators chapter and count what’s gone: no PythonOperator wrappers, no python_callable=, no hand-drawn arrows, no task_id that echoes the function name.

from airflow.sdk import dag, get_current_context, task

@dag(schedule="@daily", catchup=False, tags=["bookshop"])
def bookshop_daily():
    @task
    def extract() -> str:
        context = get_current_context()
        day = context["data_interval_start"].date().isoformat()
        path = f"/data/orders/{day}.csv"
        # fetch the day's orders CSV, write to path
        return path

    @task
    def transform(path: str) -> str:
        # read raw CSV, clean, write a tidy parquet, return its path
        return path.replace(".csv", ".parquet")

    @task
    def load(path: str):
        # load the tidy file into DuckDB
        ...

    load(transform(extract()))

bookshop_daily()

The DAG reads top to bottom like a description of the work: extract a path, transform it into another path, load that. load(transform(extract())) is the entire dependency graph, and it’s the same expression you’d write if these were ordinary functions in a script. That’s the point — the orchestration disappears into the code.

And notice params still works exactly as it did in the classic style — declare it, override it per run:

@dag(schedule="@daily", catchup=False, params={"source": "prod"})
def bookshop_daily():
    @task
    def extract(params: dict) -> str:
        source = params["source"]
        ...

TaskFlow also composes with operators rather than replacing them. A @task function and a SQLExecuteQueryOperator share a DAG happily; wire a TaskFlow output into a classic operator, or set order between them with the familiar >>. Use @task for your Python, prebuilt operators for the systems you integrate with, and don’t feel you’ve mixed metaphors — that’s the intended shape.

Final thoughts

For a new DAG, TaskFlow is the default, and not because it’s newer. It collapses the gap between how you think about a pipeline and how you write it: a chain of functions passing data along. The classic operator style hasn’t gone anywhere — you’ll use it every time you touch a prebuilt integration — but the scaffolding around your own logic should be as thin as this. And the family fills in the rest: @task.bash when you want a shell, @task.branch for an if, @task.virtualenv or @task.docker for an isolated environment, @task_group to keep the graph legible, @setup/@teardown to bracket a resource. When the wiring vanishes, the only thing left to read is what the pipeline actually does, which is the only thing you wanted to read in the first place.





XComs: How Tasks Pass Notes

Tasks in a DAG are isolated on purpose. Each one might run in a different process, a different container, a different machine, minutes or hours apart. So when extract finishes and load needs to know which file it just wrote, they can’t share a variable — there’s no shared memory to share it in. They pass a note instead, and the note is an XCom.

XCom is short for cross-communication, and that name is the whole spec: it’s how one task hands a small value across the gap to another. You’ve already been using them. Every TaskFlow return value is an XCom.

The TaskFlow way, and the classic way

In TaskFlow you never say the word “XCom.” A task returns, a downstream task takes the return as an argument, and the plumbing is invisible:

@task
def extract() -> str:
    return "/data/orders/2026-06-03.csv"

@task
def load(path: str):
    ...

load(extract())

extract pushes its return value to the XCom store; load pulls it back and binds it to path. You wrote a function call; Airflow ran a distributed handoff.

Sometimes you need the mechanism directly — usually inside a classic operator, or when a task pushes a value that no single return statement covers. Then you talk to the task instance, ti, which Airflow passes into your callable:

def extract(ti):
    ti.xcom_push(key="order_path", value="/data/orders/2026-06-03.csv")

def load(ti):
    path = ti.xcom_pull(task_ids="extract", key="order_path")
    ...

xcom_push writes a keyed value; xcom_pull reads it back by naming the task that produced it. This is exactly what TaskFlow does under the decorator — it’s the same push and pull, just written out. Reach for it when you’re outside TaskFlow’s return-value model; prefer the return value everywhere else, because it’s harder to get wrong.

One task, several notes

A task can push more than one XCom. The return value lands under return_value, and you can push extra keyed values alongside it — useful when a task produces a couple of independent facts that downstream tasks want separately rather than as one bundled dict:

def extract(ti):
    ti.xcom_push(key="order_path", value="/data/orders/2026-06-03.csv")
    ti.xcom_push(key="row_count", value=1204)

Now one downstream task can pull key="order_path" and another can pull key="row_count", each taking only the note it cares about. In TaskFlow, the clean way to get the same effect is multiple_outputs. Return a dict and set the flag, and Airflow splits the dict into one XCom per key instead of storing it as a single blob:

@task(multiple_outputs=True)
def extract() -> dict:
    return {"path": "/data/orders/2026-06-03.csv", "row_count": 1204}

info = extract()
load(info["path"])          # each key is its own XCom you can wire independently
report(info["row_count"])

Without the flag, info is one XCom holding the whole dict and info["path"] is a lazy lookup into it; with it, path and row_count are two separate XComs you can hand to two separate tasks. If your function’s return type is annotated as a dict, TaskFlow infers multiple_outputs=True for you, so you’ll sometimes get this behavior without asking — worth knowing when a return you expected to be one value shows up as several rows in the XComs view.

The xcom_pull surface, spelled out

That two-argument call hides a few defaults worth knowing, because the moment you have more than one producer or a non-return value, you’ll need them.

Start with key. When a TaskFlow task returns, Airflow stores that value under the key return_value — and xcom_pull defaults to exactly that key. So these two lines read the same XCom:

path = ti.xcom_pull(task_ids="extract")                    # key="return_value" implied
path = ti.xcom_pull(task_ids="extract", key="return_value")

That’s why pulling a TaskFlow return never mentions a key: the default is the return value. The moment you xcom_push(key="order_path", ...) by hand, you’ve opted out of the default and every pull has to name your key back. A common newcomer bug is pushing under a custom key and then pulling without one — you get None, because return_value was never written.

task_ids can be a list, and this is the feature people miss. Pass several task ids and you get several values back, in the order you asked for them:

def summarize(ti):
    counts = ti.xcom_pull(task_ids=["load_orders", "load_books", "load_authors"])
    # counts == [1204, 87, 63] — a list, positionally matched to the ids
    total = sum(counts)

One call, three notes collected. If any of those tasks was skipped or didn’t push, its slot comes back None rather than raising, so a downstream sum over a list that might contain None needs a guard. You can combine both arguments too — a list of task_ids with a single key pulls that same key from each named task.

Two more arguments come up in real pipelines. include_prior_dates=True widens the search beyond the current run: normally an XCom pull only sees values pushed by this logical run, so if you want yesterday’s row count to compare against today’s, you set this flag and Airflow will return the most recent matching XCom from an earlier run as well.

def compare_to_yesterday(ti):
    today = ti.xcom_pull(task_ids="count_rows")
    prior = ti.xcom_pull(
        task_ids="count_rows",
        include_prior_dates=True,   # reach back past this run
    )

And when you pull from a mapped task — one that fanned out into many parallel copies, which we’ll build in a moment — a plain pull gives you the whole list of every mapped copy’s value. If you want one specific copy, map_indexes selects it: map_indexes=0 returns just the first mapped instance’s value, and a list like map_indexes=[0, 2] returns those two. Leave it off and you get them all, in map order.

Where the note actually lives

Here’s the fact that dictates everything else: an XCom is stored in Airflow’s metadata database. When extract pushes a value, that value is serialized and written to a row in Postgres. When load pulls it, it reads that row back. The note travels through your database.

In Airflow 3.x, the task no longer touches that database directly. A worker running your task is sandboxed behind the Task Execution API — when your code calls xcom_push or xcom_pull, the Task SDK makes an API call to the api-server, and it does the database read or write on the task’s behalf. You don’t see this; your ti.xcom_pull looks identical to how it did in 2.x. But it’s why a task can run in a locked-down container with no database credentials at all and still pass notes: the broker in the middle holds the keys, not the worker. It’s also the seam a custom backend plugs into later.

Serialization matters here. By default Airflow serializes XCom values as JSON. That’s a deliberate, safe choice and it’s also a constraint: whatever you return has to be JSON-serializable — dicts, lists, strings, numbers, booleans, and None. A datetime, a set, a NumPy array, or a custom object won’t round-trip through the default backend without you converting it to something JSON understands first (an ISO string, a plain list). If you’ve used older Airflow, you may remember that pickling let you shove arbitrary Python objects through XCom. That path is gone — pickled XCom was deprecated and then removed, precisely because deserializing a pickle from your database is a code-execution footgun. JSON-only is the modern default, and you should treat it as the only default.

Because the value lands in a database column, size is bounded. The XCom value column has a finite width, and while the exact ceiling depends on your metadata database’s column type, the practical message is the same one the design is nudging you toward: an XCom is only ever meant to carry metadata — small, structured facts. A row count. A file path. A record id. A short status string. Things you’d be happy to see sitting in a database column, because that’s precisely where they’re sitting.

There’s a retry wrinkle that follows from the storage model too. An XCom row is keyed by DAG, task, run, and key — so when a task fails and retries, its second attempt’s push overwrites the first attempt’s value at the same key rather than appending a new one. That’s almost always what you want (the latest successful attempt’s note is the one downstream tasks should see), but it means you can’t treat XComs as an append-only log of every attempt. If you clear a task and re-run it, the same overwrite happens: the fresh run replaces the old note. One value per key per run is the invariant to keep in mind.

Classic operators can push too, whether you asked them to or not. Many operators return a value — a BashOperator returns the last line its command wrote to stdout, for instance — and Airflow stores that as the operator’s return_value XCom by default. Most of the time it’s harmless, but if an operator’s output is large or you simply don’t want it cluttering the store, set do_xcom_push=False on that operator and it won’t write one.

What the XComs view shows you

You don’t have to guess what got pushed. The React UI has a Browse → XComs page that lists every XCom row: which DAG, which task, which run, the key, and the serialized value. When a downstream task pulled a surprising value — or pulled None when you expected a path — this is the first place to look. You’ll often spot the bug immediately: the key you pushed under isn’t the key you pulled, or the task that should have produced the value was skipped and never wrote a row at all. Each task instance’s detail view also surfaces its own XComs, so you can trace a single run’s notes without scrolling the global list.

The view is also a gentle enforcement mechanism. If you open it and see a wall of enormous, truncated blobs, that’s your pipeline telling you it’s using XCom as a data pipe. Small, glanceable values are the healthy shape.

The anti-pattern, stated plainly

Do not pass data through XCom. Pass a handle to the data.

The tempting mistake is to have extract return the DataFrame it just built, or the contents of the CSV, and let load receive it as an argument — it reads so cleanly in TaskFlow that it feels free. It isn’t. That DataFrame gets serialized into a database row on push and deserialized on pull, so a fifty-megabyte extract becomes a fifty-megabyte write to your metadata DB, then a fifty-megabyte read — turning the database that keeps Airflow running into a data pipe it was never meant to be. Do it across enough runs and you’ll degrade the scheduler for every DAG on the instance, not just yours.

The fix is a one-word change in what you return. Don’t return the data — return where the data is:

from airflow.sdk import get_current_context, task

@task
def extract() -> dict:
    context = get_current_context()
    day = context["data_interval_start"].date().isoformat()
    path = f"/data/orders/{day}.csv"
    rows = fetch_orders_to(path)          # writes the file, returns a count
    return {"path": path, "row_count": rows}

@task
def load(info: dict):
    df = read_csv(info["path"])            # the next task reads it
    ...
    print(f"loaded {info['row_count']} rows")

extract writes the bytes to disk, object storage, or a warehouse — somewhere built to hold them — and passes only the path and a count through XCom. Both are tiny. load takes the path and reads the file itself. The big data moves through a real data store; the small note moves through XCom. Each carries what it’s for.

The row count riding along in that dict is a habit worth keeping. It costs nothing, it’s genuinely small, and it turns the XCom into a paper trail — you can look at any run in the UI and see how many rows moved, which is the first question you ask when a downstream number looks wrong.

If you want a rule of thumb for “how small is small,” use this: an XCom should be something you could read aloud. A path, an id, a count, a status, a short list of partition keys — those pass. A list of ten thousand ids, the parsed contents of a file, a base64-encoded anything — those fail, and the moment you catch yourself reaching for json.dumps to squeeze a structure into an XCom, stop and write it to storage instead. The test isn’t a byte count you have to memorize; it’s whether the value is a reference to work or the product of work. References travel through XCom. Products stay where they were made.

Feeding an XCom into a classic operator

TaskFlow binds return values for you, but half of Airflow is classic operators — BashOperator, SQLExecuteQueryOperator, and the rest — and those don’t take Python arguments. They take templated fields. So the way you hand an XCom to a classic operator is through a Jinja template that pulls it at render time:

from airflow.providers.standard.operators.bash import BashOperator

count_task = BashOperator(
    task_id="report_count",
    bash_command=(
        "echo 'loaded {{ ti.xcom_pull(task_ids=\"extract\")[\"row_count\"] }} "
        "orders from {{ ti.xcom_pull(task_ids=\"extract\")[\"path\"] }}'"
    ),
)

The {{ ... }} runs when the task starts, on the worker, with the same ti your Python callables get. ti.xcom_pull(task_ids="extract") returns the dict extract pushed, and the ["row_count"] subscript pulls the field out — all inside the template. Anything that’s a templated field on an operator can be fed this way, which is how you thread a value from a Python task into a Bash command, a SQL statement’s parameters, or a file path a downstream operator reads.

The same trick threads a value into a SQL step. Say a Python task figured out which partition to refresh, and a SQLExecuteQueryOperator needs to load exactly that path — the sql field is templated, so you drop the pull straight into it:

from airflow.providers.common.sql.operators.sql import SQLExecuteQueryOperator

stage = SQLExecuteQueryOperator(
    task_id="stage_orders",
    conn_id="warehouse",
    sql=(
        "COPY INTO staging.orders "
        "FROM '{{ ti.xcom_pull(task_ids=\"extract\")[\"path\"] }}'"
    ),
)

When stage_orders starts, Airflow renders the template, the pull resolves the path extract wrote, and the warehouse sees a fully-formed COPY statement. The Python task decided what to load; the XCom carried the decision; the SQL operator executed it — and no data ever left its store to make that happen.

One thing the template does not do for you is create a dependency. When you write load(extract()) in TaskFlow, Airflow sees the wiring and orders the tasks. A raw xcom_pull inside a Jinja string is invisible to that graph-building step, so you have to state the edge yourself:

extract_task >> count_task

Forget it and count_task may render its template before extract ever ran, pulling None. The dependency arrow and the pull have to agree.

Fanning out over an XCom list

XComs also drive one of Airflow 3.x’s best features: dynamic task mapping. If a task returns a list, a downstream mapped task can .expand() over it and Airflow will create one parallel copy per element — at runtime, with the list length decided by the data, not hardcoded in the DAG.

Say the bookshop drops a variable number of regional order files each night, and you don’t know how many until you look:

@task
def list_order_files() -> list[str]:
    # returns however many files landed — could be 3, could be 30
    return glob("/data/orders/incoming/*.csv")

@task
def load_one(path: str) -> int:
    rows = load_csv_to_warehouse(path)
    return rows

counts = load_one.expand(path=list_order_files())

list_order_files returns a list through XCom. load_one.expand(path=...) tells Airflow: don’t call this once with the whole list — call it once per element, in parallel. Three files, three load_one instances; thirty files, thirty. Each mapped copy pushes its own return value, and counts is the collection of all of them — which is exactly the mapped XCom that map_indexes selects into, and which a plain xcom_pull returns whole.

The natural next step is to fan back in: a single downstream task that takes the whole counts collection and reduces it. Because counts is already an XCom reference to every mapped result, you just pass it as a normal argument and Airflow resolves it into the full list:

@task
def report_total(per_file_counts: list[int]):
    total = sum(per_file_counts)
    print(f"loaded {total} orders across {len(per_file_counts)} files")

report_total(counts)

report_total runs once, after every load_one copy has finished, and receives [1204, 87, 63, ...] — one integer per mapped instance, in map order. That’s the classic map/reduce shape expressed entirely through XCom: a list fans a task out, and the collected return values fan it back in.

This is the payoff of the “small notes” discipline arriving in a new form. The mapping is driven by a list of paths — a handful of short strings — not by the file contents. The data stays on disk; the XCom carries the manifest, and the reduce carries only the counts.

When the handoff has to be bigger

Occasionally you genuinely need to pass something that won’t fit the “small note” mold, and rewriting to a shared path isn’t clean. For that, Airflow lets you configure a custom XCom backend — you swap the storage behind the XCom API so that values are written to object storage like S3 or GCS instead of the metadata DB, while your DAG code still just returns and receives. The tasks keep passing notes; the notes just get stored somewhere with room.

The mechanism is a subclass. A backend is a class that inherits from BaseXCom and overrides two methods — serialize_value, called on push, and deserialize_value, called on pull:

from airflow.sdk import BaseXCom

class S3XComBackend(BaseXCom):
    @staticmethod
    def serialize_value(value, **kwargs):
        # write the real payload to S3, keep only a URI in the metadata DB
        key = upload_to_s3(value)                     # returns "s3://bucket/xcom/…"
        return BaseXCom.serialize_value(f"s3://{key}")

    @staticmethod
    def deserialize_value(result):
        uri = BaseXCom.deserialize_value(result)      # read the URI back
        return download_from_s3(uri)                  # fetch the real payload

On push, serialize_value sends the bulky value to S3 and stores only a compact URI in the database. On pull, deserialize_value reads the URI and fetches the object back. The task code — return df, df = upstream() — never changes; the storage underneath it did. You wire the backend in globally, not per-DAG, with an environment variable:

AIRFLOW__CORE__XCOM_BACKEND=my_plugins.xcom.S3XComBackend

Because XCom in 3.x flows through the Task Execution API, the backend runs where that broker runs, which keeps object-store credentials out of the task sandbox — the same separation that already lets a task push notes without a database password. This is deliberately just the sketch; the real build (staging, cleanup of orphaned objects, previewing a lightweight value in the UI so the XComs page doesn’t try to download a gigabyte) has enough corners that it gets its own chapter in the In Practice book: Custom XCom Backends. Treat the custom backend as the escape hatch, not the default — most pipelines never need it, and if you find yourself wanting it constantly, that’s usually a sign a few tasks should be passing paths instead of payloads.

Final thoughts

The mental model that keeps you out of trouble: XComs move pointers, not payloads. A task’s job is to put its output somewhere durable and tell the next task where to look — the same discipline you’d use handing work between two services that don’t share a disk. The xcom_pull arguments, the templated {{ ti.xcom_pull(...) }}, the .expand() fan-out — they’re all just ways of moving small, structured notes around the graph, and they stay cheap precisely because the notes stay small. Get that instinct early and your DAGs scale from a bookshop’s daily orders to something a thousand times larger without touching the pattern. Ignore it and the ceiling arrives fast, wearing the disguise of a slow, mysteriously unhappy scheduler.





Schedules, Catchup, and Backfills Without the Fear

You’ve written a DAG. Now you have to tell Airflow when it should run — and this is the point where a lot of people quietly develop a superstition about the scheduler. They deploy something, twelve runs appear out of nowhere, and they conclude the tool is haunted. It isn’t. It’s doing exactly what you asked, and once you understand the time model it will never surprise you again.

This is the longest chapter in the foundations book, and on purpose: scheduling is where the mental model earns its keep. Get it right and every later topic — retries, backfills, data-aware pipelines — is just this idea applied again.

The many ways to say “when”

The schedule= argument takes a few shapes, and in Airflow 3.x this is the only place scheduling lives. If a tutorial reaches for schedule_interval= or a separate timetable= keyword, it’s written for 2.x — both were removed and folded into this one unified argument.

from datetime import timedelta

schedule="@daily"                 # a preset
schedule="0 6 * * *"              # a cron string — 06:00 every day
schedule=timedelta(hours=4)       # a fixed cadence
schedule=None                     # never on a clock; you trigger it

The presets are aliases for cron strings, and the list is longer than most people remember:


	@hourly → 0 * * * *

	@daily → 0 0 * * * (midnight — worth saying out loud, because people assume “daily” means “some sensible business hour”)

	@weekly → 0 0 * * 0 (Sunday midnight)

	@monthly → 0 0 1 * *

	@quarterly → 0 0 1 */3 *

	@yearly (a.k.a. @annually) → 0 0 1 1 *

	@once — run exactly one time, ever, then never again

	@continuous — start a new run the instant the previous one finishes, with no clock at all; useful for a near-real-time poll loop. It also requires max_active_runs=1 and refuses to load otherwise (ValueError: Invalid max_active_runs: ContinuousTimetable requires max_active_runs <= 1) — which is the scheduler saving you from the obvious foot-gun, since the whole point is that runs never overlap



A cron string gives you the precision cron always did. A timedelta says “one interval is this long”; None means the DAG has no clock — you run it by hand, or another DAG’s output triggers it (that’s Assets, which we get to properly at the end of this chapter, not with a hand-wave). And @continuous is the odd one out: no interval boundaries, just back-to-back runs.

For the bookshop’s daily order load, @daily is right. But daily hides the question that trips everyone up, so let’s drag it into the light.

Two models of “when,” and the one Airflow 3 picked

This is the section that will save you a genuinely nasty afternoon, so read it slowly. Airflow has two ideas of what a scheduled run means, Airflow 3 changed which one is the default, and almost everything written about Airflow before 3.0 assumes the other.

The trigger model — Airflow 3’s default. A run fires at its scheduled instant. A @daily DAG fires at midnight, and that run’s logical_date is midnight of that day. Simple, and exactly what a newcomer expects a scheduler to do.

The data-interval model — Airflow 2’s default, still available. A run represents a window that has closed. A @daily DAG’s run for June 5th covers all of June 5th, and therefore cannot start until June 5th is over — so it fires just after midnight on June 6th, stamped with a logical date of June 5th.

That second model is the source of the most famous confusion in Airflow’s history (“why is my midnight run processing yesterday?”), and it’s why Airflow 3 flipped the default. But here is the part nobody tells you, and it is the whole reason this section exists: under the trigger model, the data interval is zero-width. Not “yesterday.” Not “one day.” Zero:

# Airflow 3 defaults: [scheduler] create_cron_data_intervals = False
# schedule="@daily"  ->  CronTriggerTimetable
#
#   run fires 2026-06-05 00:00   data_interval_start = 2026-06-05 00:00
#                                data_interval_end   = 2026-06-05 00:00   <-- same instant

Now look at what that does to the most natural query a batch pipeline ever writes:

WHERE order_date >= '{{ data_interval_start | ds }}'
  AND order_date <  '{{ data_interval_end | ds }}'
-- renders to:  >= '2026-06-05' AND < '2026-06-05'

Start equals end, the half-open window is empty, and the query matches zero rows. No error. No warning. A green DAG that loads nothing, every night, until someone notices the dashboard has been flat for a month. If you take one thing from this chapter, take this: on Airflow 3, data_interval_start and data_interval_end are the same value for a cron schedule unless you ask for otherwise.

What this book does, and why

This book is a windowed batch book. Its whole running example is “load yesterday’s orders” — a fixed window, processed once, backfillable. For that shape of work the data-interval model isn’t legacy baggage, it’s the correct abstraction: each run owns one window, the windows tile time with no gaps and no overlaps, and a backfill of last June replays June’s windows rather than thirty copies of today. So we turn it on, explicitly, in one line:

# .env
AIRFLOW__SCHEDULER__CREATE_CRON_DATA_INTERVALS=True

With that set, @daily gets a CronDataIntervalTimetable, the run for June 5th fires just after midnight on June 6th, and the two context values describe the window it owns:

from airflow.sdk import task

@task
def load_orders(data_interval_start, data_interval_end):
    # for the June 5th run, with data intervals enabled:
    #   data_interval_start = 2026-06-05 00:00+00:00
    #   data_interval_end   = 2026-06-06 00:00+00:00
    day = data_interval_start.strftime("%Y-%m-%d")
    ...

Every templated window in the rest of this book assumes that setting. If you’d rather stay on the 3.x default, you can get the same window arithmetic from logical_date — {{ macros.ds_add(ds, -1) }} to {{ ds }} is “the day that just finished” — but then you own the off-by-one, on every DAG, forever. Pick one, write it down, and don’t mix them.

The test that settles it in five seconds, on any DAG you inherit: print both bounds. If they’re equal, you’re on the trigger model, and any query that windows between them is silently returning nothing.

Reach for data_interval_start / data_interval_end whenever a task needs to know which day it’s processing. Never reach for datetime.now() — we’ll see why in the backfill section.

The date macros you’ll actually reach for

Those two interval values are also available as Jinja templates, which is how you feed them into SQL, file paths, and shell commands. The full chapter on templating comes later; here’s the scheduling-relevant subset, because a schedule you can’t reference from a query isn’t much use.

For the June 5th bookshop run, these render as:














































	Template	Value	What it is
	{{ ds }}	2026-06-05	logical date, YYYY-MM-DD
	{{ ds_nodash }}	20260605	same, no dashes — great for partition folders
	{{ ts }}	2026-06-05T00:00:00+00:00	logical date as a full ISO timestamp
	{{ data_interval_start }}	2026-06-05T00:00:00+00:00	window opens
	{{ data_interval_end }}	2026-06-06T00:00:00+00:00	window closes
	{{ prev_data_interval_start_success }}	prior run’s start	the last successful run’s interval start
	{{ macros.ds_add(ds, -7) }}	2026-05-29	date arithmetic in a template


{{ ds }} is the workhorse — it’s the day being processed, as a string, ready to interpolate:

from airflow.providers.standard.operators.bash import BashOperator

pull = BashOperator(
    task_id="pull_orders",
    bash_command="load_orders --for-date {{ ds }} "
                 "--out s3://bookshop/orders/{{ ds_nodash }}/orders.parquet",
)

prev_data_interval_start_success is the sneaky-useful one. It skips failed runs, so an incremental load can say “give me everything since the last time I actually succeeded” without re-processing a window twice or leaving a hole because the previous night errored out. And macros.ds_add(ds, n) (with macros.ds_format alongside it) lets you do the “seven days back” arithmetic inside the template instead of smuggling a Python helper into bash_command.

One more thing that surprises people: a manual run has a data interval too. When you hit “Trigger” in the UI on a scheduled DAG, Airflow asks the timetable to compute an interval for that trigger — so ds and the interval macros are still populated, not blank. On a DAG with schedule=None, though, there’s no interval to compute, so the window collapses to a single instant: data_interval_start == data_interval_end, both equal to the trigger time. A task written to assume a full day between start and end will quietly produce an empty window on those DAGs. If your logic depends on the interval having width, don’t run it with schedule=None.

Timezones, or: the naive-datetime pitfall

Everything above showed intervals in UTC, and that’s not cosmetic — Airflow computes and stores all scheduling times in UTC. Your logical_date, your data intervals, the timestamps in the metadata database: UTC, always. The timezone only matters at two edges — the start_date you write, and the wall-clock moment a cron fires.

The trap is writing a naive datetime:

from datetime import datetime

start_date = datetime(2026, 5, 25)   # naive — no timezone attached

Airflow will assume UTC and warn you, and for a UTC shop that’s harmless. But the moment your schedule needs to mean a local time — “midnight in New York,” “6 a.m. in London” — a naive datetime is a latent bug. Use pendulum, which Airflow ships with and uses internally, and attach a real zone:

import pendulum
from airflow.sdk import dag

@dag(
    schedule="0 0 * * *",              # local midnight
    start_date=pendulum.datetime(2026, 5, 25, tz="America/New_York"),
    catchup=False,
)
def bookshop_daily():
    ...

Now “midnight” tracks New York’s wall clock, and here’s the part that earns pendulum its place: DST is handled for you. A cron-based schedule anchors to the local wall clock, so 0 0 * * * fires at 00:00 New York time whether the offset is currently -05:00 or -04:00. Airflow does the conversion to UTC per run — which means the UTC logical dates of your runs shift by an hour across the spring and fall transitions, even though the local time you asked for never moved. That’s correct, and it’s exactly what you want for a report that has to land “by 9 a.m. local” year-round.

The one schedule that does not respect wall-clock time is timedelta. A timedelta(hours=24) cadence counts 24 real hours of elapsed time, so across a DST boundary it lands an hour off the local clock and stays there. If you care about local time-of-day, use cron; if you care about a fixed duration between runs, use timedelta — and know which one you’re asking for.

Custom timetables: when the presets aren’t enough

Under the hood, every schedule you’ve seen is a timetable — an object that answers two questions: given the last run, what’s the next data interval, and when does it become eligible to run. The string and timedelta forms are shorthands Airflow expands into built-in timetable objects. When you need behavior the shorthands can’t express, you pass a Timetable instance to the same schedule= argument:

from airflow.timetables.trigger import CronTriggerTimetable
from airflow.timetables.interval import DeltaDataIntervalTimetable
import pendulum

# Fire at the cron instant, stamped with that instant.
schedule=CronTriggerTimetable("0 9 * * 1-5", timezone="America/New_York")

# A rolling four-hour window, anchored to start_date.
schedule=DeltaDataIntervalTimetable(timedelta(hours=4))

The two are worth contrasting, because they encode two different intentions:


	
CronTriggerTimetable fires at the cron time and stamps the run with that time. There’s no “processing the previous window” story — a 0 9 * * 1-5 trigger at 9 a.m. Monday is a run for 9 a.m. Monday. Naming it explicitly is mostly a way of being loud about your intent, because this is already what a bare cron string gives you on a default Airflow 3 install (that’s the trigger model from the top of this chapter). Reach for it when the run is a task at a moment, not a batch over a window — and remember its data interval is zero-width.



	
DeltaDataIntervalTimetable gives a timedelta cadence with a real window: intervals are contiguous, each new one starting exactly where the last ended, delta wide, anchored to start_date. Note that it is not what a bare schedule=timedelta(hours=4) produces — that resolves to DeltaTriggerTimetable, the zero-width sibling, unless you set create_delta_data_intervals. Naming DeltaDataIntervalTimetable is how you ask for the window.





That last one hides the nuance the docs bury. It’s tempting to read timedelta(hours=4) as “run four hours after the previous run finishes.” It doesn’t measure from completion. The next interval opens where the previous interval ended, not where the previous run’s tasks happened to wrap up. So if a run takes three hours, the next window still opens on the four-hour grid, not seven hours after you started. If the scheduler was down and misses a beat, the intervals resume from the last interval boundary, not from “now.” The cadence is anchored to the interval math, never to how long your job ran — which is the whole reason a delayed run doesn’t smear your entire schedule.

Custom timetables get deeper than this — you can write one that skips holidays, or aligns to a fiscal calendar — but that’s the advanced book. For foundations, the point is: schedule= accepts an object, and the two built-ins above cover most of what the presets can’t.

Catchup: the twelve mysterious runs

Now the haunting. You write the bookshop DAG on June 6th, but you set start_date to May 25th because that’s when the data begins. You deploy. Twelve runs appear and start grinding through history.

That’s catchup, and it defaults to False in modern Airflow for a reason. With catchup=True, the scheduler looks at every interval between start_date and now, notices none of them have run, and fills them all in — one run per missed day.

Let’s make it concrete. Deploy this at noon on June 6th:

@dag(
    schedule="@daily",
    start_date=pendulum.datetime(2026, 5, 25, tz="UTC"),
    catchup=True,
    max_active_runs=2,
)
def bookshop_daily():
    ...

The scheduler enumerates the closed daily intervals from May 25th through June 5th — twelve of them — and queues a run for each. It won’t run all twelve at once: max_active_runs=2 caps it at two concurrent runs, so they drain two-at-a-time in interval order until history is caught up, then the DAG continues normally. Without that cap, twelve runs would all hit your warehouse simultaneously, which is how a catchup takes down a database at lunch.

Two settings shape how that catch-up marches:


	max_active_runs throttles concurrency — how many of those historical runs execute at the same time. Always set it when catchup is on.

	depends_on_past=True (a task setting, next section) forces order — a task instance won’t start until the same task in the previous run succeeded. Combined with catchup it turns the fill-in into a strict oldest-to-newest march, which is what you want if June 5th’s numbers depend on June 4th’s already being loaded.



There’s also LatestOnlyOperator, the escape hatch for tasks that should not be part of a catchup. Put it upstream of, say, a “send the Slack summary” task, and during a backfill or catchup those downstream tasks are skipped for every run except the most recent interval. You backfill the data quietly without firing eleven historical Slack alerts at your team.

So when is catchup=True genuinely right? When missing an interval is a real gap you must fill automatically, and every run is cheap and idempotent — a metrics rollup that must exist for every day, where a hole in the book is a bug. Even then, most teams keep catchup=False and fill history deliberately — which is exactly what backfills are for.

depends_on_past and wait_for_downstream

Two task-level flags decide whether runs are allowed to overtake each other in time. They’re easy to confuse and they solve different problems.

depends_on_past=True ties a task to itself in the previous run. Task instance for June 5th won’t start until the June 4th instance of the same task succeeded. Use it when a run genuinely builds on the last one — an incremental model that reads yesterday’s output, a running balance, anything where processing days out of order corrupts the result. The catch: one failure stalls everything after it. If June 4th errors and you don’t fix it, June 5th onward never start. That’s the feature working, but it means you can’t ignore a red run.

wait_for_downstream=True is the stronger, rarer cousin. It says a task in this run waits until all downstream tasks of the same task in the previous run have completed — not just the task itself. You’d want this when the current step would clobber data that the previous run’s later steps still need to read. It implies depends_on_past, and it serializes your DAG hard, so reach for it only when you can name the specific corruption it prevents.

Default both to off. Turn depends_on_past on when order is correctness, not preference; turn wait_for_downstream on almost never.

Backfills are the scheduler’s job now

If you’ve read older Airflow material, “backfill” means a command you ran in a terminal — airflow dags backfill — that spun up a long-lived process on your laptop and executed the range itself, outside the scheduler, for as long as your SSH session survived. That’s gone.

In 3.x a backfill is a request to the scheduler. You name a DAG and a date range, and the scheduler creates and runs those runs the same way it runs scheduled ones — same executor, same queue, same visibility in the UI. Nothing depends on your terminal. You start it from the UI (there’s a “Backfill” action on the DAG page with a date-range form) or from the CLI:

airflow backfill create \
  --dag-id bookshop_daily \
  --from-date 2026-05-25 \
  --to-date 2026-05-31 \
  --max-active-runs 3

The flags are where the control lives:


	--max-active-runs throttles the backfill’s own concurrency, independent of the DAG’s normal setting. This is your safety valve against thirty runs hammering the warehouse — set it low for a heavy pipeline.

	--run-backwards processes the range newest-to-oldest instead of oldest-to-first. Handy when the recent days matter most and you want them refreshed first, provided your tasks don’t have depends_on_past (which requires forward order and will conflict).

	--reprocess re-runs intervals that already have a run, instead of skipping them. Without it, a backfill only fills in missing runs; with it, you force existing runs to execute again — the flag you want after fixing a bug that made last week’s numbers wrong.



The runs show up in the grid, throttle against your limits, retry on failure, and you watch them from the browser instead of a scrollback buffer. Backfilling a quarter of history used to be an act of nerve; now it’s a form and a progress view.

Designing a DAG you can safely backfill

A backfill re-runs old intervals, which means it re-executes tasks that already ran. Everything good about backfills depends on your tasks not caring — and that comes down to two rules.

First, be idempotent: running the June 5th load twice must leave the warehouse identical to running it once. Overwrite the day’s partition, or delete-then-insert for that interval — never blind-append, or a backfill will double your rows.

Second, and this is the one that bites, parametrize by the data interval, never by datetime.now(). A task that computes “today” from the wall clock is fine on its first live run and catastrophic on backfill: ask it to reprocess May 25th and it cheerfully loads today’s file into May 25th’s slot. Read the day from data_interval_start or {{ ds }}. Then the same code produces the same result whether it runs live tonight or backfills a year from now — which is the entire point of an orchestrator that knows what time it’s pretending to be.

Data-aware scheduling: Assets

Every schedule so far has been a clock. But the bookshop has a second kind of “when”: run the sales report as soon as the orders are loaded — not at a fixed time, but when a specific dataset is fresh. That’s a data-aware schedule, and in Airflow 3.x it’s built on Assets. (If you’ve used Airflow 2.4–2.10, these were called Datasets; same idea, renamed.)

An Asset is a named handle for a piece of data — usually a URI, though the string is just a stable identifier, not something Airflow reads. A DAG produces an asset by listing it as an outlet; another DAG consumes it by using it as its schedule. Here’s the producer half of the bookshop:

from airflow.sdk import Asset, dag, task
import pendulum

orders_asset = Asset("s3://bookshop/orders/daily.parquet")

@dag(schedule="@daily", start_date=pendulum.datetime(2026, 5, 25, tz="UTC"), catchup=False)
def bookshop_ingest():
    @task(outlets=[orders_asset])
    def load_orders(data_interval_start):
        # write today's orders to S3...
        return

    load_orders()

bookshop_ingest()

When load_orders finishes successfully, Airflow records that orders_asset was updated. That update is an event the scheduler watches. Now the consumer:

from airflow.sdk import dag, task

@dag(schedule=[orders_asset], catchup=False)
def bookshop_report():
    @task
    def build_sales_summary():
        # read the fresh orders and roll them up...
        return

    build_sales_summary()

bookshop_report()

Note what’s not there: no cron, no start_date doing scheduling work, no clock at all. schedule=[orders_asset] says “run whenever this asset updates.” The instant bookshop_ingest marks the asset fresh, the scheduler triggers bookshop_report. If the report depended on several inputs — orders and the day’s returns — you’d list them all: schedule=[orders_asset, returns_asset], and by default the DAG runs once all of them have updated. No more guessing at a cron offset generous enough to clear the upstream job; the dependency is explicit, and if ingestion runs late, the report simply waits.

There’s also a decorator shorthand when a DAG is really just “produce one asset”:

from airflow.sdk import asset

@asset(schedule="@daily")
def orders():
    # this function's body produces the asset named `orders`
    return

@asset defines a single-task DAG whose output is the asset — the function name becomes the asset, and downstream DAGs can schedule on it exactly as above. It’s the concise form for the common “one job, one dataset” case.

That’s the foundations-level view: assets connect DAGs by data instead of time, so a pipeline can be event-driven end to end. Cross-DAG lineage, conditional asset expressions (A | B for “either”), asset aliases, and watchers for external systems are all real and all deferred to the advanced book — but the promise this book kept dangling is now delivered: you can schedule a DAG on another DAG’s output, today, with the two snippets above.

Final thoughts

Scheduling in Airflow feels mystical for exactly as long as you think a run is “the job running now.” Once you internalize that a run owns an interval and fires after that interval closes, the rest collapses into common sense: catchup is “fill the intervals I missed,” backfill is “fill the intervals I choose,” timezones are a UTC core with local edges, timetables are just objects that compute intervals, and Assets swap the clock for an event. All of it is safe precisely when your tasks read time from the interval instead of the wall clock. Get that one habit right and you’ll never again write a task that quietly loads today’s data into last month’s table.





Connections and Hooks: Talking to the Outside World

A pipeline that only moves data between Python variables isn’t a pipeline. The moment the bookshop DAG needs to fetch orders and load them somewhere, it has to reach outside the process — to Postgres, to an HTTP endpoint, to a bucket — and every one of those handshakes needs a host and a credential. The wrong instinct is to paste them into the DAG. Airflow gives you two things so you never do that: connections and hooks.

A connection is a named credential

A connection is a stored, encrypted bundle of everything needed to reach one system — host, port, login, password, schema, and a bag of extras for whatever else that system wants. It lives in Airflow’s metadata store (encrypted with your Fernet key), and it has an id. Your DAG refers to the id; the secrets stay out of the code entirely.

There are three ways to create one, and they exist for three different stages of a project’s life.

In the UI. Admin → Connections → add. You fill in a form, pick a connection type, and save. Good for getting started and for connections a human manages.

As an environment variable, in URI form. Airflow reads any AIRFLOW_CONN_<ID> variable and treats it as a connection — the id is the suffix, lowercased:

export AIRFLOW_CONN_BOOKSHOP_DB='postgresql://bookshop:s3cr3t@db.internal:5432/orders'

That defines a connection with id bookshop_db. No UI, no database row — perfect for local dev and containers, where you set it in your Astro project’s .env and it’s just there. The URI packs scheme, login, password, host, port, and path into one string.

A secrets backend, for production. You point Airflow at Vault, AWS Secrets Manager, or GCP Secret Manager, and it looks up connections there first. Rotation, audit, and access control become someone else’s well-solved problem instead of rows in your Airflow database. Same conn_id in the DAG — only the storage changes underneath. We’ll sketch the config at the end of this chapter and go deep in a later one.

Whichever you pick, the rule is absolute: a password never appears in a DAG file. If you can grep a secret out of your repo, you’ve already lost.

The connection URI, in full

That one-line URI hides more structure than it looks. It’s worth pulling apart, because the URI is the canonical, portable form of a connection — it’s what an env var holds, what the CLI emits, and what you’ll paste into a teammate’s .env when they can’t get the API to respond. The full grammar is:

<conn_type>://<login>:<password>@<host>:<port>/<schema>?<extra as query params>

Every field is optional except the scheme. A bare http://api.internal is a valid connection with only a host. But two parts trip people up, and both are about encoding.

Passwords must be percent-encoded. The URI uses @, :, /, and ? as structural characters, so if your password contains any of them, the parser will misread where the password ends and the host begins. A password of p@ss/w0rd is not p@ss/w0rd in a URI — it’s a broken URI. Encode it:

# password is literally:  p@ss/w0rd
export AIRFLOW_CONN_BOOKSHOP_DB='postgresql://bookshop:p%40ss%2Fw0rd@db.internal:5432/orders'

%40 is @, %2F is /. When you construct a URI by hand and the connection mysteriously points at the wrong host, this is almost always why. If you’re building the URI in Python, don’t guess — let the machine encode it:

from urllib.parse import quote_plus

pw = quote_plus("p@ss/w0rd")   # -> 'p%40ss%2Fw0rd'
uri = f"postgresql://bookshop:{pw}@db.internal:5432/orders"

The extra bag rides in the query string. Everything after the ? becomes key-value pairs in the connection’s extra field — the place per-provider config lives. ?sslmode=require&connect_timeout=10 sets two extras. Because these are query params, their values get percent-encoded too, which is why a hand-typed options=-c search_path=orders needs its spaces encoded.

Going the other direction is easy, and you’ll do it constantly to verify what Airflow actually stored. Every Connection object can render itself back to a URI, and the CLI wraps that:

airflow connections get bookshop_db --output json
airflow connections export connections.env --file-format env --serialization-format uri

Or in Python, when you’re debugging a DAG that connects to the wrong place:

from airflow.sdk import BaseHook

conn = BaseHook.get_connection("bookshop_db")
print(conn.get_uri())   # the exact URI Airflow resolved, password and all

get_uri() round-trips: the URI it prints will reconstruct the same connection. That symmetry is the whole reason URIs are the interchange format — you can move a connection between environments as a single string and know nothing was lost.

The extra field is where providers get specific

Host, login, password, port, schema — five fields cover the shape of a connection, but no real system is that simple. Postgres wants an SSL mode. Snowflake wants a warehouse and a role. An S3 endpoint wants a region and maybe a custom endpoint URL. Airflow’s answer to “where does all that go” is the extra field: a free-form JSON blob attached to the connection, which every hook reads through the parsed property extra_dejson.

Here’s the bookshop’s Postgres connection with a realistic extra, built as a URI:

export AIRFLOW_CONN_BOOKSHOP_DB='postgresql://bookshop:s3cr3t@db.internal:5432/orders?sslmode=require&connect_timeout=10&options=-c%20search_path%3Dorders'

Or, because JSON is easier to read than a query string, the same connection defined the way the UI and airflow_settings.yaml store it:

{
  "conn_type": "postgres",
  "host": "db.internal",
  "login": "bookshop",
  "password": "s3cr3t",
  "schema": "orders",
  "port": 5432,
  "extra": {
    "sslmode": "require",
    "connect_timeout": 10,
    "options": "-c search_path=orders"
  }
}

PostgresHook reads those extra keys and passes them straight through to the underlying driver when it opens a connection — sslmode=require becomes a real TLS requirement, connect_timeout bounds the dial, options sets the session search path. You didn’t write a line of driver code; you described the connection and the hook honored it.

In your own tasks you can read the same bag directly:

conn = BaseHook.get_connection("bookshop_db")
if conn.extra_dejson.get("sslmode") != "require":
    raise RuntimeError("refusing to connect to prod without TLS")

The lesson: when a provider’s docs mention a config knob that isn’t host/port/login/password/schema, it almost certainly belongs in extra. Warehouse and role for Snowflake, region_name for AWS, verify for TLS trust — all of them live there, out of your DAG, resolved at connect time.

The pattern generalizes to every provider, which is why it’s worth getting comfortable with. A Snowflake connection, for instance, has no field for “warehouse” or “role” in the five core slots — because those are Snowflake-specific, they ride in extra:

{
  "conn_type": "snowflake",
  "login": "bookshop_loader",
  "password": "s3cr3t",
  "schema": "orders",
  "extra": {
    "account": "ab12345.us-east-1",
    "warehouse": "LOAD_WH",
    "role": "TRANSFORMER",
    "database": "BOOKSHOP"
  }
}

SnowflakeHook reads account, warehouse, and role from extra and threads them into the driver’s session — same mechanism as Postgres’ sslmode, different keys. Once you’ve seen two providers do it, you can predict how the third will: read the provider’s connection docs, find the extra keys, put them in the bag.

A hook is the client that uses it

A connection is inert data. A hook is the thing that turns that data into a live, ready-to-use client. You hand a hook a conn_id, it looks the connection up, wires the credentials, and hands you back an object you can actually call — a database cursor, an HTTP session, a bucket client — with none of the connect-and-authenticate boilerplate.

Every integration provider ships hooks. PostgresHook for Postgres, HttpHook for HTTP APIs, S3Hook for S3-compatible storage, and hundreds more. The shape is always the same: construct it with a conn_id, get a configured client.

Here’s the bookshop’s daily load as a TaskFlow task that grabs a PostgresHook and writes the day’s orders:

from airflow.sdk import task
from airflow.providers.postgres.hooks.postgres import PostgresHook

@task
def load_orders(rows, data_interval_start):
    hook = PostgresHook(postgres_conn_id="bookshop_db")
    day = data_interval_start.strftime("%Y-%m-%d")
    hook.run(
        "DELETE FROM orders WHERE order_date = %s",
        parameters=(day,),
    )
    hook.insert_rows(table="orders", rows=rows)

Notice what isn’t there: no host, no password, no psycopg2.connect(...). The hook resolved all of it from bookshop_db. Notice also the DELETE before the insert — that’s the idempotency rule from the scheduling chapter, made concrete. Run this task twice for the same day and you get one day’s orders, not two.

Hooks do more than .run()

hook.run(sql) is the workhorse for statements you don’t need results from — DDL, DELETE, INSERT. But a database hook is a small, well-stocked toolbox, and reaching for the right method saves you from writing cursor plumbing by hand. On any DB-API hook you get:

hook = PostgresHook(postgres_conn_id="bookshop_db")

# a list of tuples — every matching row
rows = hook.get_records("SELECT id, title FROM books WHERE in_stock")

# just the first row (or None) — perfect for scalars and existence checks
(count,) = hook.get_first("SELECT count(*) FROM orders WHERE order_date = %s",
                          parameters=(day,))

# a pandas DataFrame, when the next step is analysis
df = hook.get_pandas_df("SELECT * FROM orders WHERE order_date = %s",
                        parameters=(day,))

get_records and get_first are your everyday reads; get_pandas_df is the shortcut when a task’s job is to pull a slice and reshape it. All three accept parameters for safe, driver-side substitution — never build SQL with f-strings around user data.

Two more methods matter when a library wants a connection you didn’t get from Airflow. get_conn() returns the raw DB-API connection — the actual psycopg2 connection object — so you can manage transactions yourself, stream a cursor, or hand it to code that expects a plain connection:

conn = hook.get_conn()
with conn.cursor() as cur:
    cur.execute("SELECT id FROM orders WHERE total > %s", (100,))
    for (order_id,) in cur:      # stream, don't materialize
        ...
    conn.commit()

And get_sqlalchemy_engine() hands you a SQLAlchemy engine wired to the same connection — which is exactly what pandas.to_sql, SQLModel, or dbt-adjacent tooling want:

engine = hook.get_sqlalchemy_engine()
df.to_sql("orders", engine, if_exists="append", index=False)

The through-line: whatever the downstream library expects — a cursor, a raw connection, an engine, a DataFrame — the hook can produce it from the same conn_id, so the credential never leaves Airflow’s resolution path.

One habit that pays off: construct a hook once and reuse it across queries within a task, rather than newing one up per statement. Each fresh PostgresHook(...) plus its first .run() re-resolves the connection and opens a socket; a hook you hold onto can reuse its connection for a batch of reads. And when you’re inserting many rows, prefer insert_rows(..., commit_every=1000) over a loop of single inserts — it batches and commits in chunks, which is the difference between a load that finishes in seconds and one that hammers the database a row at a time.

Underneath all of this is BaseHook.get_connection(conn_id), which every hook calls to fetch the Connection object. You can call it yourself when you need a field a hook doesn’t expose — pulling a token out of extra to build a bespoke client, say. It’s the one method that’s identical across every provider, and it’s your escape hatch when no packaged hook fits.

HTTP is a hook too

Fetching from the mock orders API is the same idea with a different hook:

from airflow.providers.http.hooks.http import HttpHook

@task
def fetch_orders(data_interval_start):
    hook = HttpHook(method="GET", http_conn_id="orders_api")
    day = data_interval_start.strftime("%Y-%m-%d")
    resp = hook.run(endpoint=f"/orders/{day}.json")
    resp.raise_for_status()
    return resp.json()

The orders_api connection holds the base URL in its host field and any credentials to match. HttpHook reads the connection’s login/password for basic auth automatically, and you can set auth_type (for token or digest schemes) or drop a bearer token into extra as a default header. Swap the endpoint from a mock to production by editing the connection — the DAG doesn’t change a line.

HttpHook also does the thing you’d otherwise hand-roll: retry with backoff. run_with_advanced_retry wraps a request in a tenacity retry policy, so a flaky upstream gets a few polite re-tries before the task fails:

import tenacity

resp = hook.run_with_advanced_retry(
    endpoint=f"/orders/{day}.json",
    _retry_args={
        "stop": tenacity.stop_after_attempt(4),
        "wait": tenacity.wait_exponential(multiplier=1),
    },
)

_retry_args is handed straight to tenacity.Retrying(**_retry_args), so it takes tenacity objects, not loose keywords. You will find plenty of snippets online passing {"stop_after_attempt": 4, "wait_exponential_multiplier": 1000} — that shape is Airflow 1.x-era, and on a current tenacity it dies with TypeError: BaseRetrying.__init__() got an unexpected keyword argument 'stop_after_attempt'. If a retry helper blows up on a kwarg you didn’t invent, this is usually why.

One newcomer snag worth naming: for an HTTP connection, the base URL is assembled from the connection’s host (and optional schema, which here means the scheme — http or https — not a database schema), and the endpoint you pass to .run() is appended to it. So a connection with host=api.internal and schema=https, called with endpoint="/orders/2026-06-14.json", hits https://api.internal/orders/2026-06-14.json. Get the split wrong — a full URL in host, or the scheme baked into the endpoint — and you’ll chase 404s that are really malformed URLs.

That’s the pattern across every hook family — the packaged client already knows how to be a good network citizen, so you don’t sprinkle try/except and time.sleep through your DAG.

Variables are for knobs, not keys

Airflow has a second store that looks deceptively similar: Variables. A Variable is a named piece of config — a batch size, a feature flag, a target table name, a list of regions to process. You read and write them through the Task SDK:

from airflow.sdk import Variable

Variable.set("bookshop_batch_size", 500)
batch_size = Variable.get("bookshop_batch_size", default=500)

Variables shine when the value is structured. Store JSON and ask for it back parsed:

Variable.set("bookshop_regions", ["us", "eu", "apac"], serialize_json=True)
regions = Variable.get("bookshop_regions", deserialize_json=True)   # a real list

Like connections, Variables have an env-var shortcut — AIRFLOW_VAR_<NAME> (uppercase name, value as a string). Setting AIRFLOW_VAR_BOOKSHOP_BATCH_SIZE=500 in your .env gives you the same Variable without a database row, which is how you keep local config out of the metastore.

The distinction that matters: Variables are for non-secret configuration; Connections are for credentials and endpoints. A Variable holds a tuning knob you might change without touching code. A Connection holds the thing you’d be fired for leaking. Don’t stuff a database password into a Variable because it’s convenient — Variables aren’t built to be the encrypted, access-controlled, rotatable store that Connections and secrets backends are. (You can serve Variables from a secrets backend when they hold something sensitive-ish, but the mental split holds: knobs versus keys.)

The one Variable mistake everyone makes

There’s a trap in how Variables get read, and it’s worth flagging loudly because it’s silent until it isn’t. Never call Variable.get() at the top level of a DAG file:

# DON'T — this runs on every parse
BATCH = Variable.get("bookshop_batch_size", default=500)

@dag(schedule="@daily", start_date=...)
def bookshop():
    ...

The scheduler parses every DAG file repeatedly — many times a minute — to notice changes. Any code at the top level runs on every parse, and Variable.get() at the top level means a database round-trip on every parse, for every worker and the scheduler both. Multiply by a folder of DAGs and you’ve made your config lookups a scheduler bottleneck. Read Variables inside a task, where the code runs once per execution, not once per parse — or use templating, which defers the lookup to render time:

@task
def load(batch_size):
    ...

load(batch_size="{{ var.value.bookshop_batch_size }}")

Templating: reach config without importing anything

Both stores are exposed to Jinja templates, which is often the cleanest way to feed config into an operator without a line of Python. In any templated field you have:

{{ var.value.bookshop_batch_size }}     # a Variable, as a string
{{ var.json.bookshop_regions[0] }}      # a JSON Variable, parsed and indexed
{{ conn.bookshop_db.host }}             # a Connection's fields, one at a time
{{ conn.bookshop_db.login }}
{{ conn.bookshop_db.schema }}

{{ conn.bookshop_db.host }} is handy for building a log line or a command string that needs the host but not the password — you name the resource and Jinja pulls the field at render time, so nothing is hardcoded and nothing secret leaks into the template. Because these resolve during task execution (not at parse), they don’t carry the top-level penalty that Variable.get() does.

Managing connections and variables from the CLI

Clicking through the UI is fine for one connection. For a project you check into git, you want connections and variables defined as data you can version, review, and replay. The CLI is built for exactly this:

# add a connection from a URI
airflow connections add bookshop_db \
  --conn-uri 'postgresql://bookshop:s3cr3t@db.internal:5432/orders?sslmode=require'

# inspect and list
airflow connections get bookshop_db --output json
airflow connections list

# round-trip a whole environment's connections to a file, and back
airflow connections export connections.json
airflow connections import connections.json

Variables mirror this with airflow variables set/get/list/export/import. The export/import pair is the one to remember: it’s how you snapshot a working environment and rehydrate it somewhere else, and it’s diff-able in a pull request.

If you’re on the Astro CLI — the local stack this book uses — there’s an even smoother path. You declare connections and variables in airflow_settings.yaml at the root of your project:

airflow:
  connections:
    - conn_id: bookshop_db
      conn_type: postgres
      conn_host: db.internal
      conn_schema: orders
      conn_login: bookshop
      conn_password: s3cr3t
      conn_port: 5432
      conn_extra: '{"sslmode": "require"}'
  variables:
    - variable_name: bookshop_batch_size
      variable_value: "500"

astro dev start loads that file automatically when the stack comes up, and astro dev object import re-imports it into a running environment after you edit it — no clicking, no re-typing. Keep real secrets out of a committed airflow_settings.yaml (use .env and env-var connections for those); the file is best for the structure of your dev connections, with placeholder credentials.

Secrets backends, at a glance

Everything so far stores config in the metastore or in env vars. In production you usually want a third option: a dedicated secrets backend — HashiCorp Vault, AWS Secrets Manager, GCP Secret Manager — that owns your credentials and gives you rotation, audit trails, and access control for free. You wire one up with two settings:

AIRFLOW__SECRETS__BACKEND='airflow.providers.amazon.aws.secrets.secrets_manager.SecretsManagerBackend'
AIRFLOW__SECRETS__BACKEND_KWARGS='{"connections_prefix": "airflow/connections", "variables_prefix": "airflow/variables"}'

The one thing to internalize now is the resolution order. When a hook asks for bookshop_db, Airflow looks in a fixed sequence and takes the first hit:


	Environment variables (AIRFLOW_CONN_BOOKSHOP_DB) — checked first, always.

	The configured secrets backend — Vault, Secrets Manager, and friends.

	The metastore — the database rows the UI writes.



So an env var shadows a backend, and a backend shadows the metastore. That ordering is a feature: it lets a developer override a production connection locally with a single .env line, and it means a misplaced env var can silently mask the “real” credential — worth knowing when a connection resolves to something you didn’t expect. The backend class, backend_kwargs, per-type prefixes, and how this order plays out across deployments get the full treatment in Connections, Variables, and Secrets Backends later in the book; for now, just hold the order in your head: env → backend → metastore.

A word on the “Test” button

The UI’s connection form has a Test button, and in Airflow 3.x it’s disabled by default — deliberately. Testing a connection means the server actually dials the external system using stored credentials, which is a small but real attack surface (and it can trigger side effects on the far end). To turn it on you set AIRFLOW__CORE__TEST_CONNECTION to Enabled (or Hidden to keep it off and out of the UI). When enabled, it calls the hook’s test_connection() and reports success or the actual error, which is a genuine time-saver while you’re wiring things up. Enable it in dev if you like; think twice before enabling it on a shared production instance.

Final thoughts

The payoff of this split is that your DAG becomes portable. The same load_orders task runs against a throwaway Postgres in your Astro dev stack and against the production warehouse, and the only difference is which bookshop_db connection resolves — a .env line locally, a Secrets Manager entry in prod. Everything specific to a system — its TLS mode, its region, its retry policy — lives in the connection’s extra and the hook’s methods, not in your source. Code that names a resource instead of embedding it is code you can move, test, and hand off without a scavenger hunt for hardcoded hosts. Connections and hooks aren’t ceremony. They’re the seam that keeps your credentials out of git and your pipeline honest about the fact that the outside world is configuration, not source.





Reading the UI When a DAG Goes Red

Everything works until it doesn’t, and the first time a task turns red you’ll want to know exactly where to click. The Airflow 3.x UI is a React app that rewards a few minutes of orientation — it’s less a dashboard than a debugger for your pipelines, and the difference between a five-minute fix and a lost afternoon is knowing which panel holds the answer. This chapter walks the whole loop: find the failure, read it, reproduce it locally if you have to, rerun the slice you fixed — and, so you’re not the last to know, get Airflow to tell you instead of the other way around.

The panels, in the order you’ll use them

The DAG list is home: every DAG you have, its schedule, whether it’s paused, and the state of its recent runs as a row of colored dots. Green is success, red is failed, a soft amber is running or retrying. This is your triage screen — you scan for red and click in.

Clicking a DAG lands you on the grid view, and this is the one you’ll live in. It’s a matrix: runs along one axis, tasks along the other, each cell a colored square for that task in that run. A vertical stripe of green with one red square tells you exactly which task failed on which run, at a glance, without reading a single log. A whole red column means one task is failing every run — a systemic problem. A single red cell in a sea of green means one bad day’s data. The grid turns “something’s wrong” into “this task, this run” in one look.

The graph view answers a different question: not what failed but what’s downstream. It draws the DAG’s dependency shape, so when a task fails you can see instantly what got skipped or blocked behind it. Grid for when, graph for what depends on what.

And the logs panel: click any task instance and you get its stdout, stderr, and the full Python traceback. This is where the actual answer lives. Everything else just gets you here fast.

That’s the core three. But the 3.x UI has a handful of quieter panels that turn a hard debugging session into an easy one, and most people never open them because nobody pointed at them. Here’s the pointing.

The panels you’ll be glad you knew about

Open a task instance and you get a tab strip; open a DAG and you get a few more views hanging off it. Worth knowing, roughly in the order a real investigation reaches for them:


	Rendered Template. This is the single most useful debugging panel in Airflow and the one newcomers miss longest. When you write bash_command="load {{ ds }}.csv", the string with {{ ds }} in it is the template — Airflow fills it in at run time. The Rendered Template tab shows you the result: the actual command, with the actual date substituted, for that specific run. Nine “why did it load the wrong file” bugs out of ten are visible here in two seconds — you templated {{ ds }} where you meant {{ ds_nodash }}, or a Variable came back empty and rendered a path with a hole in it. Read the rendered value, not the source; the source lies about what ran.

	XCom. The tab that shows what a task returned — the small values tasks pass to each other (chapter 6). If transform is choking on fetch’s output, open fetch’s XCom tab and look at exactly what it handed downstream. Often the payload changed shape upstream and you can see it right there.

	Task Instance Details. The full record for one run of one task: which operator, which queue and pool, its start and end times, the try number, its configured execution_timeout, and — in 3.x — which DAG version it ran against. When behavior doesn’t match the code you’re reading, this tab tells you whether you’re even looking at the same code the run used.

	Code. The DAG’s source as Airflow parsed it, not as it sits in your editor. If your local file and this panel disagree, your change hasn’t been picked up yet — you’re debugging a version that isn’t deployed. Checking this before anything else has saved more afternoons than any traceback.

	Gantt. A timeline of a single run: each task as a horizontal bar, positioned by when it started and how long it ran. This is your view for “the DAG is slow, not broken.” Long bars are hotspots; big gaps between bars are tasks waiting — for a pool slot, an upstream dependency, a sensor. Gantt is where “it takes three hours now” becomes “this one task takes three hours now.”

	Task Duration. The same question across time: how long a given task took on each of the last N runs, plotted as a trend. A task that crept from thirty seconds to nine minutes over two weeks shows up as a rising line here long before it shows up as a failure. This is the panel that catches the slow rot.

	Calendar. A month grid of run outcomes — green and red squares by date. Good for spotting patterns your eye misses in the grid: every Monday fails, or the failures started exactly on the 3rd.

	Audit / Event Log. The answer to “who cleared this task?” and “did someone pause the DAG?” Every manual action — clears, mark-success, pause toggles, trigger-runs — is recorded with a user and a timestamp. When a run’s state doesn’t match what the schedule should have produced, a human usually reached in, and this is where you find out who and when.



You don’t need to memorize these. You need to know they exist, so that when you hit a wall the reflex is “there’s a panel for this” instead of “I’ll add a print statement and redeploy.”

The debugging loop

The loop is short and you’ll run it constantly. A task goes red. Open the grid, click the red cell, read its log, scroll to the traceback. Nine times out of ten the last few lines name the file, the line, and the exception — a missing column, a connection that timed out, a KeyError on a payload that changed shape. If the exception is about a value rather than a bug — a wrong filename, an empty config — flip to Rendered Template before you touch the code. Then you fix it.

Now the part people miss. You don’t rerun the whole DAG. You clear the failed task.

Clearing a task instance wipes its state and hands it back to the scheduler, which reruns it. By default it reruns the failed task and everything downstream of it, since those tasks consumed its output. So a fix to transform reruns transform and whatever depended on it, while the untouched upstream fetch and load are left exactly as they were. You re-execute the broken slice of the DAG, not the expensive parts that already succeeded. This is why the idempotency habit matters so much: clearing a task is running it again, and Airflow makes that one click.

The clear dialog gives you toggles for how far the blast radius reaches, and they’re worth understanding because the defaults aren’t always what you want:


	Downstream (on by default) — the cleared task and everything after it. The normal case: you fixed transform, so transform and its dependents rerun.

	Upstream — the cleared task and everything before it. Rare, but the move when you suspect the failure was actually caused by stale upstream output and you want to rebuild the whole chain leading in.

	Only failed — within the selection, clear only the tasks that failed, leaving successful ones alone. Pair this with Downstream when a fan-out step had four branches and only one broke: clear the failed branch and its tail, not the three that worked.

	Recursive — follow into TaskGroups and across into triggered DAGs, clearing their tasks too. For nested pipelines; you’ll know when you need it.

	Past and Future — clear this same task across other runs, backward or forward in time. This is how you replay a bug fix across a week of already-completed runs: select the task, tick Past, choose how far back, and Airflow re-runs it for every historical run in range. Powerful and expensive — it can kick off a lot of work, so read the count before you confirm.



Sometimes the fix isn’t code. If a task failed because of a transient outside event you’ve since handled by hand, you can mark it success to let the run proceed; you can mark failed to stop a run you know is doomed. You can do this at the single-task level or, from the run itself, at the DAG-run level — mark an entire run success or failed in one action. When you re-trigger a run manually in 3.x, you can also pass a conf — a small JSON blob of parameters the run reads through {{ dag_run.conf }} — which is how you re-run “the same DAG, but for this one customer” or “with full_refresh: true” without editing code. Use mark-success and mark-failed sparingly, though: they’re you overriding Airflow’s record of reality, which is fine when reality genuinely changed and dangerous as a habit.

Reproduce it locally, before you clear anything

Clearing in the UI is a fine way to rerun a fixed task. It’s a terrible way to iterate on a fix — each attempt is a full scheduled round-trip, and you’re debugging through a web page. When a failure is fiddly, pull the single task down to your machine and run it in a tight loop. Three ways, smallest to largest.

airflow tasks test runs one task, right now, in your terminal, ignoring the scheduler and the database’s opinion of state entirely:

airflow tasks test bookshop_etl transform 2026-06-18

That’s <dag_id> <task_id> <logical_date>. It executes the task’s code with the real templated context for that date, streams the log straight to your terminal, and writes nothing to the metadata DB — no state change, no XCom persisted, safe to run fifty times. This is the fastest way to answer “does my fix work” without touching the deployed pipeline.

dag.test() runs the whole DAG in a single local process — no scheduler, no workers, no queue — which is the right tool when the bug is in how tasks hand off to each other, not in one task alone. Add a __main__ block to your DAG file.

The detail that trips people: with the @dag decorator, there is no variable called dag lying around. The decorated function returns the DAG when you call it — that bare bookshop_etl() at the bottom of the file, the one that looked like a no-op back in chapter 03, is what registers it. So you call .test() on the object the function hands back:

@dag(schedule="@daily", start_date=datetime(2026, 1, 1), catchup=False)
def bookshop_etl():
    ...

bookshop_etl()          # registers the DAG for the parser

if __name__ == "__main__":
    bookshop_etl().test()

Then just run the file: python dags/bookshop_etl.py. Airflow executes every task in dependency order in-process, prints each log inline, and you can drop a breakpoint() anywhere in your task code and actually step through it in a debugger — something you cannot do to a task running on a remote worker. For a newcomer, dag.test() is the single biggest upgrade to your debugging life: your DAG becomes an ordinary Python script you can run and step through.

astro dev pytest is for when the fix is worth a test that stays. The Astro CLI ships a pytest runner wired to your project — it runs whatever is in tests/, the directory astro dev init scaffolded back in chapter 2 and that you have, if we’re honest, ignored ever since:

astro dev pytest

Which raises the fair question: what actually goes in there? Two things, and the first one is worth more than people expect.

The import-integrity test. The most common Airflow failure isn’t a subtle logic bug — it’s a DAG file that doesn’t import. A typo, a missing package, a circular import. In production that shows up as an import error in the UI and a DAG that silently isn’t there. One test catches every instance of it, forever:

# tests/dags/test_dag_integrity.py
from airflow.models import DagBag


def test_no_import_errors():
    dag_bag = DagBag()
    assert not dag_bag.import_errors, f"DAG import failures: {dag_bag.import_errors}"


def test_every_dag_has_tags_and_retries():
    dag_bag = DagBag()
    for dag_id, dag in dag_bag.dags.items():
        assert dag.tags, f"{dag_id} has no tags — it'll be unfindable in the UI"
        assert dag.default_args.get("retries") is not None, f"{dag_id} sets no retries"

DagBag parses every file in dags/ exactly the way the dag-processor does, and collects the failures instead of raising. The first test is a smoke alarm — it fails the moment anyone commits a DAG that can’t be imported, which is precisely the bug that’s most embarrassing to find in production and cheapest to find in CI. The second is a policy test, and it’s the one people don’t think to write: it doesn’t check that a DAG is correct, it checks that it meets your team’s house rules. Every DAG has tags. Every DAG sets retries. You can extend that list as your standards harden, and the standards then enforce themselves on every pull request instead of living in a wiki nobody reads. (If you’ve seen DagBag(include_examples=False) in older code: that kwarg is gone in Airflow 3, and you don’t need it — a bare DagBag() reads your dags/ folder and nothing else.)

The unit test of a task’s logic. The other thing worth testing is the part of your code that isn’t really Airflow at all. A @task wraps an ordinary Python function, and the function is testable as a function — call .function to reach through the decorator:

# tests/dags/test_bookshop.py
from dags.bookshop import summarize_orders


def test_summarize_counts_only_completed():
    orders = [
        {"id": 1, "status": "completed"},
        {"id": 2, "status": "cancelled"},
        {"id": 3, "status": "completed"},
    ]
    assert summarize_orders.function(orders) == 2

No DagBag, no scheduler, no database — a millisecond. That’s the whole trick to testing Airflow: keep the logic in plain functions and the Airflow in thin wrappers, and the interesting half of your pipeline becomes as testable as any other Python. When a task is hard to test, it’s usually a sign the task is doing too much.

The progression is: reproduce with tasks test, iterate with dag.test() and a breakpoint, then lock the fix in with a pytest so the bug can’t quietly return. The Practice book goes much deeper — mocking the context, testing mapped and branching tasks, wiring this into CI — but the two tests above are the ones that pay for themselves in week one, and they belong in every project from the day it’s created.

When nothing runs at all

The failure mode with no red square is the confusing one: the scheduler seems stuck, nothing runs, the grid just sits there. Before you suspect the engine, check three things in order.

First, import errors — a DAG that raises on import can’t be scheduled, and Airflow surfaces these as a banner at the top of the UI; a typo or a bad import will silently sideline a DAG. Second, is the DAG paused? A paused DAG shows a toggle in the list and simply doesn’t schedule; a surprising number of “it’s broken” reports are a switch left off. Third, is there an eligible run to make — has the current data interval actually closed, given the time model from the scheduling chapter? A @daily DAG deployed an hour ago has nothing to run yet, and that’s correct, not stuck.

But there’s a fourth, sneakier version: a task that goes to queued and stays there, forever, never reaching running. That’s not a code bug — the task never got to run its code — it’s a capacity problem. Airflow queued the task, meaning it’s ready and waiting for a slot, and no slot ever opened. The usual culprits:


	No free worker slots. Your executor has a fixed number of concurrent slots. If every slot is busy with other tasks, new ones queue behind them. On a small local or single-worker setup this happens the moment you fan out wider than the worker can handle.

	An exhausted pool. Pools cap concurrency for a named resource — say, “only 3 tasks may hit the warehouse at once.” A task assigned to a full pool waits for a peer to finish and release its slot. If the pool is misconfigured to zero slots, tasks in it wait forever. Check the pool’s usage in the UI.

	Executor saturation. Every task-level cap — the DAG’s max_active_tasks, the global parallelism setting — is a valve that can pinch. If the scheduler is willing to run but the executor has no headroom, tasks pile up in queued.



The tell is uniform: lots of gray, nothing green-lime, and it clears on its own the moment capacity frees up. If it doesn’t clear and the task sits queued while slots are visibly free, you’re likely looking at a zombie task — a task the scheduler believes is running on a worker that has actually died or lost its heartbeat. Airflow’s zombie detection notices the missing heartbeat within a couple of minutes, marks the task failed (so your retries kick in), and logs it as a zombie. If you see tasks flip to failed with a “zombie” note in the logs and no traceback of their own, that’s a worker or infrastructure problem, not your DAG — the code never got the chance to throw.

Getting told, instead of finding out

Everything so far assumes you’re already looking at the UI. In real life you want the reverse: the pipeline reaches out when something breaks, and you open the UI in response. This is the question every newcomer eventually asks — “Airflow used to have SLAs, so how do I get alerted?” — and the honest answer is that SLAs were removed in 3.x. The old sla=timedelta(...) argument is gone; set it and it’s silently ignored. Alerting is now done with callbacks, and it’s better for it, because callbacks fire on the actual event rather than on a timer’s guess.

Every task and DAG accepts callback hooks — functions Airflow calls, with the run’s context, when a specific thing happens:


	on_failure_callback — the task failed for good (retries exhausted). This is your page.

	on_retry_callback — the task failed but will try again. Lower-stakes signal: nice for a channel you skim, not one that wakes someone.

	on_success_callback — the task succeeded. Usually noise, but occasionally you want a “the nightly finished” ping.



The quickest wins don’t even need a function. On any operator, email_on_failure=True and email_on_retry=True send mail to the task’s email addresses through your configured mail connection — zero custom code, good enough for a solo project. For a team you’ll want Slack or PagerDuty, and the provider packages ship notifiers — ready-made callback objects — so you don’t write the HTTP call yourself:

from datetime import timedelta
from airflow.sdk import dag, task
from airflow.providers.slack.notifications.slack import SlackNotifier

nightly_failed = SlackNotifier(
    slack_conn_id="slack_alerts",
    text="Bookshop nightly failed — {{ ti.dag_id }}.{{ ti.task_id }} "
         "on {{ ds }}. Logs: {{ ti.log_url }}",
    channel="#data-alerts",
)

@dag(
    schedule="@daily",
    catchup=False,
    default_args={
        "retries": 2,
        "retry_delay": timedelta(minutes=5),
        "on_failure_callback": nightly_failed,
    },
)
def bookshop_etl():

    @task
    def transform():
        ...

    transform()

bookshop_etl()

Setting the callback in default_args wires every task in the DAG at once, so any red square posts to #data-alerts with a link straight to its own log — the {{ ti.log_url }} template renders the exact URL of the failed task instance, so the person reading the alert is one click from the traceback. That link is the whole point: an alert that only says “something failed” makes someone go hunting; an alert that deep-links the log makes the fix start immediately.

Callbacks cover “it broke.” The other half — “it ran, but far too long” — is what SLAs used to (badly) approximate, and 3.x replaces them with Deadline Alerts. A DeadlineAlert fires a callback if a run hasn’t finished within a window you anchor to a reference point:

from datetime import timedelta
from airflow.sdk import dag, DeadlineAlert, DeadlineReference, AsyncCallback
from airflow.providers.slack.notifications.slack import SlackNotifier


# must be a module-level *awaitable* — see the note below
async def notify_slack_late(context):
    SlackNotifier(
        slack_conn_id="slack_alerts",
        text="Bookshop nightly is 90 min past its logical date and still running.",
        channel="#data-alerts",
    ).notify(context)

@dag(
    schedule="@daily",
    catchup=False,
    deadline=DeadlineAlert(
        reference=DeadlineReference.DAGRUN_LOGICAL_DATE,
        interval=timedelta(minutes=90),
        callback=AsyncCallback(notify_slack_late),
    ),
)
def bookshop_etl():
    ...

reference sets where the clock starts — here the run’s logical date — interval is the budget, and the scheduler fires the callback if the run hasn’t finished by then. Unlike the old SLA, which was tied to a task starting, a deadline anchors to a point you choose, so “done within ninety minutes of the logical date” is finally expressible. This is the modern “this run took too long” mechanism; the Practice book goes further into routing retries and failures to different destinations.

Two related valves are worth naming here because they show up right next to alerting in the UI. execution_timeout (per task) and dagrun_timeout (per DAG) don’t notify — they kill. Set execution_timeout=timedelta(minutes=30) on a task and Airflow forcibly fails it if it runs longer, which then triggers your on_failure_callback. A deadline alert tells you a run is slow; a timeout stops a run that’s hung. You usually want both: a timeout so nothing runs forever, and a deadline (or callback) so you hear about it.

Where the logs actually live

Every task instance streams its stdout and stderr to a log, and by default those files live on disk under the scheduler/worker’s log directory, keyed by DAG, run, task, and attempt number. That last key matters: a task with retries=2 can produce three logs, and the UI gives you a per-attempt selector — a little dropdown on the log panel — so you can read attempt 1’s failure, attempt 2’s failure, and attempt 3’s success separately. When a flaky task “eventually worked,” the interesting story is in the earlier attempts, and the selector is how you get to them. If your own code uses Python’s logging, those lines land in the same log at their level (INFO, WARNING, ERROR), and Airflow’s log verbosity is configurable — turn it up when you’re chasing something, down when it’s noisy.

Local disk is fine on your laptop and wrong in production, because workers are ephemeral — the box that ran last night’s task may not exist today, and its logs with it. The fix is remote logging: point Airflow at an S3 bucket or GCS path and it ships every task log there as the task finishes, then serves it back into the same UI panel. You configure it once (a remote base folder plus a connection), and nothing about how you read logs changes — the panel just now reads from durable storage. We set this up properly in the Practice book; for now, know that “the log is gone because the worker died” is a solved problem and not something to design around.

A field guide to the colors

The grid speaks in color, and knowing the vocabulary means you read a run’s state without clicking. The ones you’ll actually meet:


































































	State	Color	What it means
	success	green	Ran and finished cleanly.
	running	bright lime	Executing right now.
	failed	red	Raised, and retries (if any) are exhausted. This is the one you click.
	up_for_retry	amber/gold	Failed, but will try again after retry_delay. Not red yet.
	up_for_reschedule	turquoise	A sensor in reschedule mode, sleeping until its next poke. Waiting, not stuck.
	queued	gray	Ready to run, waiting for a free slot. Lingers here → capacity problem.
	scheduled	tan	The scheduler has decided it should run; about to be queued.
	deferred	purple	Handed off to the triggerer, freeing its slot while it waits (the async story, covered in Practice).
	upstream_failed	orange	Never ran because something it depended on failed. Chase the upstream red square, not this one.
	skipped	pink	Deliberately not run — a branch not taken, a trigger rule that said no.
	none / no status	pale	The scheduler hasn’t gotten to it yet.


The two that trip newcomers up are upstream_failed (orange) and skipped (pink): both mean “this task didn’t run,” but orange is a problem you should follow backward and pink is by design. Learn to tell them apart at a glance and half of “why didn’t this run” answers itself before you open a single log.

Final thoughts

The UI stops being intimidating the moment you treat it as a debugger rather than a status board. Grid to find the failed cell, log to find the traceback, Rendered Template when the value’s wrong, clear to rerun the slice you fixed — and when a failure is fiddly, pull it down to dag.test() and step through it like ordinary Python. Wire one on_failure_callback so the pipeline pages you instead of the other way around, and you’ve closed the loop: it tells you it broke, links you to the log, and you fix and clear in three clicks.

That’s the whole muscle, and it becomes reflex within a week. The engineers who look fast at Airflow aren’t reading logs faster than you; they just click the red square first instead of scrolling everything, they check “paused” before they blame the scheduler, and they check the per-attempt selector before they swear the task never logged anything.

That closes the loop on the core mechanics: you can now write a DAG, schedule it, wire it to the outside world, and read the UI when it breaks — which is enough to run real pipelines. The remaining Foundations chapters fill in the control flow and the plumbing that every real pipeline eventually needs: branching and trigger rules, fanning out over a list, templating, and where connections and secrets actually come from.





Branching and Trigger Rules

Branching is the first moment an Airflow DAG stops being a straight line. Until now every task in the bookshop pipeline has run on every run — extract, transform, load, in order, no questions asked. But real pipelines have forks in them. Did new data actually arrive today, or is the source file the same one we processed yesterday? Is this a full reload or an incremental one? Did the freshness check pass, or do we need to page someone instead of loading garbage?

Each of those is a question the DAG has to answer while it runs, and then act on. Airflow’s model for this is deceptively simple: a task can look at the situation and decide which downstream path should run. Every path it doesn’t choose gets marked skipped. Skipped is not failed — the run is still healthy — but it is a real state that flows downstream, and it is the thing that trips up almost everyone the first time they put a join after a branch. This chapter is about making that fork work: how to write the branch, what skip actually does to the graph, and the trigger rules that let a downstream task survive a branch instead of being collateral damage.

The branch task: @task.branch

The Task SDK gives you a decorator that turns a function into a branch: @task.branch. It looks like an ordinary @task, but its return value is special. Instead of returning data, it returns the task_id (or a list of task ids) of whichever downstream task should run next. Everything else downstream of the branch is skipped.

from airflow.sdk import dag, task

@dag(schedule="@daily", catchup=False, tags=["bookshop"])
def bookshop_conditional():
    @task
    def count_new_orders() -> int:
        # returns how many order rows landed since the last run
        return 128

    @task.branch
    def choose_path(n: int) -> str:
        if n > 0:
            return "load_orders"
        return "skip_load"

    @task
    def load_orders():
        print("loading today's orders")

    @task
    def skip_load():
        print("nothing to load today")

    n = count_new_orders()
    branch = choose_path(n)
    branch >> [load_orders(), skip_load()]

bookshop_conditional()

Read the graph the branch builds. choose_path sits upstream of both load_orders and skip_load. At run time it returns exactly one of those two ids as a string. The task whose id matches runs; the other one — and, crucially, everything downstream of it — is skipped. The string you return must match a real, directly-downstream task_id, or Airflow raises an error at run time. That last constraint catches people: a branch can only steer to tasks that are actually wired below it, not to some arbitrary task elsewhere in the DAG.

You can return a list when more than one path should run:

@task.branch
def choose_path(n: int) -> list[str]:
    if n > 1000:
        return ["load_orders", "alert_high_volume"]
    if n > 0:
        return ["load_orders"]
    return ["skip_load"]

Now a big day runs both the load and an alert; an ordinary day runs just the load; an empty day runs the skip branch. The tasks you didn’t name are skipped either way.

There’s a classic form too, in case you meet it in an older codebase or need an operator rather than a decorated function: BranchPythonOperator, which in Airflow 3.x lives at airflow.providers.standard.operators.python.

from airflow.providers.standard.operators.python import BranchPythonOperator

def _choose(**context):
    n = context["ti"].xcom_pull(task_ids="count_new_orders")
    return "load_orders" if n > 0 else "skip_load"

choose = BranchPythonOperator(task_id="choose_path", python_callable=_choose)

Same behavior, more ceremony: you pull the upstream value out of XCom yourself and return a task id. For new code, @task.branch is the one to reach for — it reads like the TaskFlow you already know. The operator is worth recognizing but not worth choosing.

What “skipped” actually does

Here is the mechanism that everything else in this chapter depends on. When a branch picks a path, the tasks on the roads-not-taken don’t just sit idle — Airflow actively sets them to skipped, and that skip cascades downstream. If skip_load is skipped and it has three tasks below it, those three inherit the skip too. Skip is contagious; it flows down the graph exactly the way success does.

This is by design, and it’s the right design. If the branch decided the load path shouldn’t run, you certainly don’t want the reporting task that sits below the load path to run either. The skip propagating down the branch is Airflow keeping the whole subtree consistent with the decision made at the fork.

The catch is what happens when the two branches come back together. A task that sits below both the load path and the skip path — a join — has one skipped parent no matter which way the branch went. And the default rule for whether a task may start is all_success, which reads its parents strictly: every upstream must have succeeded, and a skipped parent is not a success. So the join gets skipped as well, and skip keeps cascading, and you discover that adding an innocent “send the summary” task at the bottom of your DAG quietly turned itself off. That’s the join problem, and the fix is trigger rules — but first, the whole menu of them.

@task.short_circuit: the branch’s simpler cousin

Before the full rules, one more branching primitive, because it answers a narrower question more cleanly. Sometimes you don’t need to choose between paths — you just need to decide whether to keep going at all. “If the freshness check fails, stop; otherwise run the rest of the DAG.” That’s @task.short_circuit.

@task.short_circuit
def data_is_fresh(path: str) -> bool:
    # returns True to continue, False to short-circuit
    return file_modified_today(path)

fresh = data_is_fresh(source_path)
fresh >> transform() >> load()

A short-circuit task returns a boolean. Return something truthy and the DAG carries on as normal. Return something falsy and everything downstream is skipped — you don’t name task ids, you don’t build two branches, you just stop the flow here. It’s the natural tool for guard clauses: a validation gate, a “did the upstream job even land a file” check, a feature flag.

By default the skip from a short-circuit propagates all the way down, respecting each downstream task’s trigger rule as it goes. If you have a cleanup task at the very bottom set to run all_done, you might want it to still fire even when the short-circuit stopped the pipeline. The knob for that is ignore_downstream_trigger_rules, which defaults to True:

@task.short_circuit(ignore_downstream_trigger_rules=False)
def data_is_fresh(path: str) -> bool:
    return file_modified_today(path)

With the default (True), a falsy return skips all downstream tasks regardless of their own trigger rules — the short-circuit wins outright. Set it to False and the skip only reaches the tasks that would themselves be skipped under normal propagation, letting a downstream all_done cleanup task still run. Most of the time the default is what you want; the flag exists for the case where a teardown or notification must happen even on a short-circuit.

The full trigger-rule set

A trigger rule answers one question for each task: given the states of my direct upstream tasks, am I allowed to start? The default, all_success, is the strict one — everybody upstream must have succeeded. But there are ten more, and each exists for a real situation. Here’s the whole set, with the states each one cares about:


































































	Trigger rule	Task runs when…	Reach for it when
	all_success (default)	every upstream succeeded	the normal case — a task that needs all its inputs
	all_failed	every upstream failed	a fallback that only makes sense if everything before it broke
	all_done	every upstream finished, any state	cleanup and teardown that must run win or lose
	all_skipped	every upstream was skipped	a “nothing happened” path after a branch
	one_success	at least one upstream succeeded (fires early)	a join over redundant sources — first good one wins
	one_failed	at least one upstream failed (fires early)	an alert/handler that trips the moment anything breaks
	one_done	at least one upstream succeeded or failed	react as soon as any branch resolves, ignoring skips
	none_failed	no upstream failed; skips are OK	a join after a branch where failure is still fatal
	none_failed_min_one_success	no upstream failed and at least one succeeded	the branch-join fix — the one you’ll use most
	none_skipped	no upstream was skipped; success/fail OK	a task that must not run if any path was pruned
	always	always, ignoring upstream entirely	a task with no real dependency on what came before


Two subtleties make this table make sense. First, there’s a hidden state you haven’t met yet: upstream_failed. When a task’s parents can never satisfy its trigger rule — say an all_success join whose parent already failed — Airflow doesn’t leave it stuck; it marks it upstream_failed and moves on. So “failed upstream” in these rules covers both a task that actually failed and one that was marked upstream_failed because its parents failed. Second, notice how the rules split into two families: the all_*/none_* family waits for every parent to finish before deciding, while the one_* family can fire the instant a single parent reaches the state it’s watching for — useful when you want to react quickly and don’t care about the stragglers.

The two you’ll actually type most days are all_done (for cleanup that has to run regardless) and none_failed_min_one_success (for the join after a branch). The rest are there for the day you need them, and it’s worth knowing they exist so you recognize the shape of the problem when you hit it.

Fixing the join

Back to the broken join. Recall the setup: a branch chooses between a load path and a skip path, and a report task sits below both to summarize the run. With the default all_success, report sees one skipped parent every single run and skips itself. Here’s the whole thing, fixed:

from airflow.sdk import dag, task

@dag(schedule="@daily", catchup=False, tags=["bookshop"])
def bookshop_conditional():
    @task
    def count_new_orders() -> int:
        return 128

    @task.branch
    def choose_path(n: int) -> str:
        return "load_orders" if n > 0 else "skip_load"

    @task
    def load_orders():
        print("loaded today's orders")

    @task
    def skip_load():
        print("no new orders today")

    @task(trigger_rule="none_failed_min_one_success")
    def report():
        print("run summary written")

    n = count_new_orders()
    branch = choose_path(n)
    loaded = load_orders()
    skipped = skip_load()
    branch >> [loaded, skipped]
    [loaded, skipped] >> report()

bookshop_conditional()

The only change that matters is trigger_rule="none_failed_min_one_success" on report. Now walk the two outcomes:


	New orders arrived. choose_path returns "load_orders". load_orders runs and succeeds; skip_load is skipped. At the join, report sees one success and one skip, no failures — none_failed_min_one_success is satisfied, so report runs.

	No new orders. choose_path returns "skip_load". skip_load runs and succeeds; load_orders is skipped. report again sees one success, one skip, no failures — it runs.



Either way exactly one branch succeeds, the other is skipped, no task fails, and report fires. That’s precisely what none_failed_min_one_success encodes: don’t run if anything upstream broke, but a skip is fine as long as at least one real thing succeeded. It is the canonical branch-join rule, and once you’ve been burned by the silent-skip once you’ll reach for it on reflex.

Why none_failed_min_one_success and not plain none_failed? none_failed would also run report when both parents were skipped — which can happen if the branch itself was skipped by something further up. The min_one_success clause insists that at least one upstream genuinely did work, so report only summarizes runs where something actually happened. If you’d rather the report run even in the all-skipped case, none_failed is your rule instead. That’s the granularity these eleven rules buy you.

Trigger rules in the wild: alerts and cleanup

The join fix is the rule you’ll reach for most, but two others earn their keep in almost every production DAG, and they’re worth seeing worked out because they solve problems the default rule actively gets wrong.

The first is failure handling. Suppose the bookshop load runs three tasks in parallel — orders, inventory, reviews — and if any of them breaks, you want to fire a task that posts to Slack and quarantines the partial data. You can’t hang that task off the pipeline with the default rule: all_success would demand all three succeed, which is the exact opposite of when you want the alert. one_failed is the rule, and it fires the moment the first of the three fails, without waiting for the others:

@task
def load_orders(): ...

@task
def load_inventory(): ...

@task
def load_reviews(): ...

@task(trigger_rule="one_failed")
def on_failure_alert():
    print("a load failed — posting to Slack and quarantining")

loads = [load_orders(), load_inventory(), load_reviews()]
loads >> on_failure_alert()

On a clean run all three succeed, one_failed is never satisfied, and on_failure_alert is skipped — exactly right, no alert on success. Break one and the alert trips immediately. This is the pattern behind most “notify on failure” wiring, and it composes with everything else: on_failure_alert is just a task, so it can have its own downstream teardown.

The second is cleanup that must always run. A task that drops a temp table, releases a lock, or tears down a scratch directory has to fire whether the pipeline succeeded, failed, or was short-circuited. That’s all_done — it waits for every upstream to finish, in any state, then runs:

@task(trigger_rule="all_done")
def drop_scratch_tables():
    print("cleaning up temp tables regardless of outcome")

loads >> drop_scratch_tables()

Because all_done ignores upstream state and only cares that everyone is finished, the cleanup runs on the green path, on the failed path, and on the skipped path alike. Pair it with the ignore_downstream_trigger_rules=False short-circuit setting from earlier and you can guarantee a teardown fires even when a guard clause stopped the whole run. One caution: because all_done runs regardless of failure, don’t put real pipeline logic behind it — a downstream all_success task after an all_done cleanup will happily proceed even though the pipeline it was cleaning up after actually failed. Keep all_done for teardown, not for work.

Two rules, two jobs the default could never do: one_failed to catch a break the instant it happens, all_done to guarantee cleanup no matter what. Between those, none_failed_min_one_success for the branch join, and all_success for everything ordinary, you’ve covered the vast majority of real DAGs.

Labeling the edges

A branch makes the graph harder to read, because now an edge means “the path taken when the branch chose this.” Airflow lets you annotate edges with Label, from the Task SDK, so the graph in the UI explains itself:

from airflow.sdk import Label

branch >> Label("new data") >> loaded
branch >> Label("nothing new") >> skipped

Label is pure documentation — it changes nothing about execution, it just prints text on the edge in the graph view. But on a DAG with real branching it’s the difference between a maze and a diagram. When someone opens the UI at 3 a.m. to see why the load didn’t run, “nothing new” written on the edge into the skip path answers the question before they’ve clicked anything. Label the edges out of every branch; your future on-call self will thank you.

The bookshop pipeline, with a real fork

Let’s put it all together into a pipeline that decides, each day, whether there’s work to do — and stays green whichever way it goes.

from airflow.sdk import dag, task, Label

@dag(schedule="@daily", catchup=False, tags=["bookshop"])
def bookshop_daily_conditional():
    @task
    def check_source() -> int:
        # count order rows that landed since the last successful run
        return new_row_count()

    @task.branch
    def route(n: int) -> str:
        # steer to the load path only if there's something to load
        return "load_path.transform" if n > 0 else "no_op"

    @task
    def no_op():
        print("no new orders — nothing to do today")

    from airflow.sdk import task_group

    @task_group(group_id="load_path")
    def load_path():
        @task
        def transform() -> str:
            return "/data/orders/clean.parquet"

        @task
        def load(path: str):
            print(f"loaded {path} into DuckDB")

        load(transform())

    @task(trigger_rule="none_failed_min_one_success")
    def write_run_report():
        print("run summary written")

    n = check_source()
    branch = route(n)
    work = load_path()
    nothing = no_op()

    branch >> Label("new data") >> work
    branch >> Label("no work") >> nothing
    [work, nothing] >> write_run_report()

bookshop_daily_conditional()

Three things worth calling out. The branch steers to load_path.transform — the first task inside the TaskGroup — because that’s the real entry point of the load path; a branch has to name an actual downstream task, and the group id alone isn’t one. When there’s nothing to do, the whole load_path group is skipped in one go, TaskGroups and all, because the skip cascades through the group just like it would through loose tasks. And write_run_report closes the fork with none_failed_min_one_success, so the daily summary is written on every run — busy day or quiet one — without you ever seeing a spurious skip. Open this DAG in the UI and the labeled edges tell the whole story at a glance: new data goes left into the load, no work goes right into the no-op, and both roads lead to the report.

A few sharp edges

Once you start using branches in anger, a handful of gotchas show up often enough to name.

A branch should only point at its direct children — and the way it fails when you get this wrong is nastier than an error. The task id you return is meant to name a task wired immediately downstream of the branch. Airflow validates the returned id against every task in the DAG, not against the branch’s children, and those are two very different checks:


	Return an id that doesn’t exist in the DAG at all and you get the loud failure you’d hope for: AirflowException: 'branch_task_ids' must contain only valid task_ids. Invalid tasks found: {'does_not_exist'}. Fine — a typo, caught.

	Return an id that exists in the DAG but isn’t a direct child — a task two hops down, or one on a different limb — and validation passes. The branch task goes green. Then Airflow skips every one of the branch’s actual children, because none of them matched. No error, no warning: a successful branch that silently skips the entire fork beneath it.



That second case is the one that costs you a morning, and it’s a natural mistake — “I want the load step to run, so I’ll return load” is a perfectly reasonable thing to think when load sits below stage. Say it out loud instead: a branch steers the fork immediately below it, and nothing further. If you need to reach deeper, branch to the entry task of that subtree and let the rest follow by ordinary dependency. And if a branch DAG ever runs green while doing nothing at all, this is the first thing to check.

Skip propagation stops at a tolerant trigger rule. Skip cascades down through every all_success task in its path, but the moment it reaches a task whose rule accepts a skip — none_failed_min_one_success, all_done, one_success — the cascade halts there and that task evaluates normally. This is exactly why the join fix works: the tolerant rule is a firebreak that stops the skip from burning through the rest of the DAG. Place that firebreak deliberately, at the join, not three tasks too late.

Don’t nest branches without a plan. A branch downstream of another branch is legal, but the skip states multiply and the graph gets genuinely hard to reason about. More often what you actually wanted was a single branch returning a list of task ids, or a short-circuit guarding a whole subtree. Reach for those before you stack forks on forks.

Skip is not the same as retry. A skipped task never ran and won’t retry — retries only apply to a task that started and failed. If you find yourself wishing a skipped task would “try again,” the decision belongs in the branch logic, not in a retry policy. The branch is where the choice lives; downstream tasks only ever inherit it.

Final thoughts

Branching is only hard for as long as skip surprises you. Once you internalize that a not-taken path is set to skipped, that skip cascades downstream the same way success does, and that the default all_success treats a skipped parent as a failure to launch, every strange “why didn’t my join run” mystery dissolves into the same fix: give the join a trigger rule that tolerates skips. none_failed_min_one_success is that rule nine times out of ten, all_done is the one for cleanup that must always run, and the other nine are there for the specific day you need them. Treat the trigger rule as part of a task’s contract — it’s as load-bearing as the dependencies themselves — and label your branch edges so the graph reads like the decision it encodes. Do that, and a forking DAG is no harder to reason about than a straight one; it just has more to say.





Dynamic Task Mapping and TaskGroups

Here is a problem you hit the moment a pipeline meets the real world. The bookshop doesn’t hand you one tidy orders file every morning. It hands you however many the overnight export produced — one per storefront, and the storefront count drifts as branches open and close. Some mornings it’s four files. Some mornings it’s nine. You want a load task for each one, running in parallel, each with its own logs and its own retry.

Your first instinct is a Python loop:

for path in list_todays_files():   # this runs at PARSE time, not run time
    load(path)

That instinct is wrong, and it’s worth understanding exactly why, because the reason shapes everything in this chapter. Airflow parses your DAG file to discover its shape — the tasks and the edges between them — before any run exists. At parse time there is no “today.” list_todays_files() would run against whatever the scheduler happens to see when it re-reads the file, not against the run you care about, and it would bake a fixed number of tasks into the graph until the next parse. A loop can only build a structure that’s known in advance. You need a structure whose width is decided when the run actually happens.

That is dynamic task mapping. One task returns a list at run time; another task expands into one mapped instance per element. Same mechanism your old loop wanted, except Airflow does the fanning-out during the run, when the data is real.

expand: one task, many instances

The core move is .expand(). You take a task and, instead of calling it once, you tell it to run once per item in a list:

from airflow.sdk import dag, task

@task
def list_order_files() -> list[str]:
    # discovered at RUN time — could be 4 paths, could be 9
    return find_csvs("/data/incoming/orders/")

@task
def load_file(path: str) -> int:
    rows = copy_csv_to_warehouse(path)
    return rows          # a small number — fine to return

@dag(schedule="@daily", catchup=False)
def load_orders():
    files = list_order_files()
    load_file.expand(path=files)

load_orders()

Read the last line as a sentence: for each path in files, run one load_file. If the run finds four files, you get four load_file instances; nine files, nine instances. They run in parallel, up to your concurrency limits, and — this is the part that pays off at 3 a.m. — in the UI they collapse into a single node you can expand to see every instance separately. Each mapped instance has its own log and its own retry state. One storefront ships a corrupt CSV and its instance fails on its own; the other eight load and commit. You retry the one that broke, not the whole batch.

Notice that files is the return value of list_order_files(), not a literal list. That’s the whole point — the fan-out width came from an upstream task’s output, so it was unknown until the run produced it. You can also expand over a literal list when the items are genuinely static (.expand(path=["a.csv", "b.csv"])), but the runtime-list case is why the feature exists.

partial: binding the arguments that don’t vary

expand maps every argument you give it — each one has to be a list, and each mapped instance pulls one element. But most real tasks have a mix: one argument varies per item, and the rest are constants that should be identical on every instance. A load task might take a per-file path plus a fixed target_table and a fixed batch_id.

If you tried to .expand(path=files, target_table="orders") Airflow would reject it, because expand wants a list for every argument and "orders" is a string, not a list. You don’t want to map over the table — you want the same table on all of them. That’s what .partial() is for. It binds the constant arguments up front; then .expand() maps only what’s left:

@task
def load_file(path: str, target_table: str, batch_id: str) -> int:
    return copy_csv_to_warehouse(path, target_table, batch_id)

load_file.partial(
    target_table="raw.orders",
    batch_id="{{ ds }}",
).expand(path=files)

target_table and batch_id are pinned to the same value on every instance; path varies. The rule to keep in your head: you cannot map a task without partial unless it has no constant arguments at all. The moment a mapped task takes even one fixed argument, partial is where it goes. partial/expand split the signature into “same on all” and “different on each.”

The mistake everyone makes: Cartesian vs. zipped

Now the sharp edge, and it’s the one thing in this chapter that will genuinely surprise you if nobody warns you.

You can pass more than one list to expand. When you do, Airflow does not walk the lists in lockstep — it takes the Cartesian product. Every combination.

process.expand(store=["oxford", "bath", "york"], fmt=["csv", "json"])
# 3 stores × 2 formats = SIX mapped instances, not three

That is sometimes exactly what you want — a grid of every store crossed with every export format. But it is very often not what people intend. The classic bug: you have three stores and three matching config files, you write .expand(store=stores, config=configs), you expect three instances pairing store-1 with config-1, and instead you get nine, pairing every store with every config. A ten-item fan-out that should have been ten becomes a hundred. Multiply two lists that each grow with the business and you can manufacture tens of thousands of task instances by accident.

When you want the lists paired — element i of one with element i of the other — you don’t use multiple expand arguments. You use expand_kwargs, which takes a single list of dictionaries, one dict of keyword arguments per instance:

load_file.partial(target_table="raw.orders").expand_kwargs([
    {"path": "/data/oxford.csv", "batch_id": "ox-01"},
    {"path": "/data/bath.csv",   "batch_id": "ba-01"},
    {"path": "/data/york.csv",   "batch_id": "yo-01"},
])
# exactly THREE instances — the dicts ARE the pairing

Three dicts, three instances, each with its own path and batch_id already zipped together. Here path and batch_id vary per instance while target_table stays constant via partial — the general shape when each item needs several fields.

The whole distinction lives in one line: multiple expand arguments = every combination; one expand_kwargs list = one instance per dict. If you find yourself with two lists you meant to pair, that’s the signal to reshape them into a list of dicts and reach for expand_kwargs.

And here’s the move that makes expand_kwargs shine: that list of dicts can itself be an upstream task’s return value. Instead of pairing lists at the last second and hoping you lined them up, you let one task build the exact work items — each already carrying every field its instance needs — and hand them straight to expand_kwargs:

@task
def plan_loads() -> list[dict]:
    # one dict per file, assembled where the pairing is obvious
    return [
        {"path": p, "batch_id": batch_id_for(p)}
        for p in find_csvs("/data/incoming/orders/")
    ]

@dag(schedule="@daily", catchup=False)
def load_orders():
    work = plan_loads()
    load_file.partial(target_table="raw.orders").expand_kwargs(work)

load_orders()

plan_loads decides both the fan-out width and the exact arguments for each instance, in one place, at run time. The zipping happens inside a single list comprehension where a human can see it, not implicitly across two expand arguments where a human can’t. When per-item work items get non-trivial, this “planner task feeds expand_kwargs” shape is the one to reach for — it keeps the pairing honest and the DAG code boring.

Collecting the results back: the reduce step

Fanning out is half the pattern. Usually you also want to fan back in — take the results of all those mapped instances and do one thing with them. A “reduce” step. In Airflow this is just an ordinary downstream task that consumes the mapped task’s output, and Airflow hands it the results as a list:

@task
def summarize(row_counts: list[int]) -> None:
    total = sum(row_counts)
    print(f"loaded {total:,} rows across {len(row_counts)} files")

@dag(schedule="@daily", catchup=False)
def load_orders():
    files = list_order_files()
    counts = load_file.partial(target_table="raw.orders").expand(path=files)
    summarize(counts)

load_orders()

counts is the collected output of every load_file instance. summarize receives it as a plain list — [812, 1_450, 903, ...] — and reduces it to one number. You didn’t do anything special to collect the results; passing the expanded task’s return into a normal task is the collect. This is the everyday shape of a mapping pipeline: a task that produces the work list, a mapped task that does the work in parallel, and a reduce task that consolidates. Discover, fan out, fan in.

When one of the mapped instances fails or skips

Real fan-outs have ragged edges — one store’s file is missing, another is empty. Two cases, and they behave differently, so it’s worth being precise.

A mapped instance that fails. By default the reduce task waits with the trigger rule all_success (the default you met in the branching chapter). One failed load_file instance means the mapped task, taken as a whole, isn’t fully successful, so summarize won’t run — which is often the right default, because a partial load you silently summarize is a partial load you silently ship wrong. When you genuinely want to proceed on what succeeded, give the reduce task a more permissive trigger rule such as all_done, and then defend it, because the collected list may now contain gaps from the instances that didn’t produce a value:

@task(trigger_rule="all_done")
def summarize(counts: list[int | None]) -> None:
    good = [c for c in counts if c is not None]
    print(f"loaded {sum(good):,} rows across {len(good)} files")
    if len(good) < len(counts):
        print(f"warning: {len(counts) - len(good)} file(s) did not load")

The all_done rule says “run once every mapped instance has reached some terminal state” — success, failure, or skip — so the reduce fires even with a failure in the batch. Filtering the Nones out before you sum is the defensive habit that keeps a warning from silently becoming a wrong total. The choice between the strict default and this permissive-plus-filter shape is a real decision about the pipeline’s contract: is a partial load acceptable and worth flagging, or must the whole batch be clean before anything downstream trusts it? Decide it deliberately rather than inheriting whichever trigger rule you happened to type.

A mapped instance that skips. If a particular item has legitimately no work — an empty file, a store that was closed — don’t fail it, skip it. Raise AirflowSkipException inside the task:

from airflow.sdk.exceptions import AirflowSkipException

@task
def load_file(path: str, target_table: str) -> int:
    rows = count_rows(path)
    if rows == 0:
        raise AirflowSkipException(f"{path} is empty, nothing to load")
    return copy_csv_to_warehouse(path, target_table)

A skip is not a failure — it’s “this instance had nothing to do.” The other instances are unaffected, and skipping is the honest signal for “no work here” rather than dressing it up as an error you’ll have to explain later. The difference between raising AirflowSkipException and letting a task error out is the difference between a clean empty-file run and a 3 a.m. page.

Readable map-index labels

One quality-of-life fix while you’re here. By default the mapped instances are labelled 0, 1, 2, … in the UI — fine until an instance fails and “instance 6 failed” tells you nothing about which store. You can name them with map_index_template, a Jinja string rendered against the task context, into which you write a value at run time:

from airflow.sdk import get_current_context, task

@task(map_index_template="{{ store_label }}")
def load_file(path: str) -> int:
    context = get_current_context()
    context["store_label"] = path.split("/")[-1]   # e.g. "oxford.csv"
    return copy_csv_to_warehouse(path)

Now the mapped node reads oxford.csv, bath.csv, york.csv instead of 0, 1, 2. The instance that failed names itself. On a nine-way fan-out this is the difference between reading logs and guessing.

Keeping the fan-out from stampeding

Dynamic does not mean unbounded, and a mapping that fans out too wide can hurt more than itself — a hundred instances all opening warehouse connections at once is a self-inflicted denial-of-service on the very database you’re loading. Three guardrails, from coarse to precise.

The hard ceiling: max_map_length. Airflow refuses to create more than [core] max_map_length mapped instances from a single mapping — the default is 1024. Return a list longer than that and the mapping fails rather than quietly spawning fifty thousand tasks. Treat this as a seatbelt, not a target: if you’re anywhere near 1024, the honest question is whether one Airflow task should be doing that much fan-out, or whether the work belongs in a batch engine you’re merely triggering.

Per-DAG throttle: max_active_tis_per_dag. Set this on the task to cap how many of its mapped instances run at the same time, across runs. You might have 40 files but only want 5 loading concurrently so the warehouse stays responsive:

@task(max_active_tis_per_dag=5)
def load_file(path: str) -> int:
    ...

All 40 instances still get created and still all run — five at a time, the rest queued. The fan-out width is unchanged; the burst is tamed.

The shared-resource valve: pools. max_active_tis_per_dag limits one task within one DAG. A pool limits concurrency across everything that draws on a shared resource. Give the warehouse a pool with, say, 10 slots, and tag every task that hits it — mapped or not, this DAG or another — with pool="warehouse". Now no matter how many DAGs fan out at once, only 10 warehouse-touching tasks run globally. Mapping against a pool is the standard way to stop a wide fan-out from becoming a warehouse stampede — it’s the difference between this task’s fan-out and the whole system’s pressure on one database.

Reach for the tightest tool that fits: max_map_length catches accidents, max_active_tis_per_dag shapes one task, a pool protects a shared resource from all comers.

TaskGroups: keeping the graph legible

Everything so far has been about how many tasks run. TaskGroups are about a completely different problem: how the graph reads. As pipelines grow, a flat DAG of thirty tasks becomes a wall of boxes nobody can parse at a glance. A TaskGroup bundles related tasks into one collapsible node in the UI and namespaces their task ids, so stage_orders.validate and publish.validate can coexist without colliding.

The ergonomic way is the @task_group decorator — it reads just like a function that contains tasks:

from airflow.sdk import dag, task, task_group

@task_group(group_id="stage_orders")
def stage_orders(path: str):
    cleaned = clean(path)
    validated = validate(cleaned)
    return load(validated)

Inside stage_orders, the three tasks wire together normally. From the outside, stage_orders behaves like a single unit you can depend on. Two things make groups genuinely useful beyond tidiness:

Group-level dependency wiring. You can set dependencies between whole groups, and Airflow expands that into the underlying edges:

extract_group >> stage_group >> publish_group

That one line says every task in extract_group must finish before any task in stage_group starts, and so on — the readable version of wiring dozens of individual edges.

Group default_args. Pass default_args to a group and every task inside inherits them — a natural home for “everything in this staging group retries twice and uses the warehouse pool,” set once instead of on each task.

Groups also nest — a group inside a group — which lets a large DAG read as a handful of top-level phases that you drill into only when something breaks:

@task_group(group_id="ingest")
def ingest():
    @task_group(group_id="orders")
    def orders():
        load(clean(extract_orders()))

    @task_group(group_id="inventory")
    def inventory():
        load(clean(extract_inventory()))

    orders()
    inventory()

Collapsed, ingest is one box. Open it and you see orders and inventory side by side; open one of those and you see its three tasks. The ids namespace all the way down — ingest.orders.load and ingest.inventory.load never collide even though both tasks are called load. On a fifty-task DAG this nesting is the difference between a diagram you can brief a teammate on and one you apologise for.

The one thing to internalise: a TaskGroup is pure presentation

Here’s the fact that prevents the most common misunderstanding. A TaskGroup has no runtime existence. It is not a sub-pipeline, it does not run as a unit, it has no state of its own, it cannot be retried or cleared as a whole. It is UI grouping and id namespacing — nothing more. At run time there is exactly one scheduler graph of individual tasks; the group is just how those tasks are drawn and named. Two tasks in the same group are no more isolated from the rest of the DAG than any other tasks.

That non-isolation is a feature, and it’s the crux of the SubDAG replacement story. Older Airflow had SubDAGs — an attempt to embed a whole DAG inside a task, with its own scheduling and its own executor semantics. They were a persistent source of grief: deadlocks, confusing concurrency that didn’t compose with the parent, and a second scheduling layer that behaved subtly differently from the first. SubDAGs are removed in Airflow 3. The replacement is the TaskGroup, and the replacement is better precisely because it does less: it gives you the visual grouping people actually wanted from SubDAGs, while keeping one scheduler graph with one consistent set of rules. You get the boxes without the second engine.

So if you’re arriving from an older tutorial (or an older codebase) reaching for a SubDAG, the translation is direct: it’s a TaskGroup now, and you should be relieved. You lose nothing real and shed a whole category of bugs.

Putting it together: the bookshop fan-out

Here’s the whole pattern in one DAG — discover today’s files, fan a per-file mini-pipeline out over them inside a group, then reduce:

from airflow.sdk import dag, task, task_group

@task
def list_order_files() -> list[str]:
    return find_csvs("/data/incoming/orders/")

@task_group(group_id="stage_orders")
def stage_orders(path: str) -> int:
    @task
    def validate(p: str) -> str:
        assert_schema(p)
        return p

    @task(map_index_template="{{ label }}")
    def load(p: str) -> int:
        from airflow.sdk import get_current_context
        get_current_context()["label"] = p.split("/")[-1]
        return copy_csv_to_warehouse(p, target_table="raw.orders")

    return load(validate(path))

@task
def summarize(counts: list[int]) -> None:
    print(f"loaded {sum(counts):,} rows across {len(counts)} files")

@dag(schedule="@daily", catchup=False)
def load_orders():
    files = list_order_files()
    counts = stage_orders.expand(path=files)   # map the GROUP over the files
    summarize(counts)

load_orders()

Two things are happening at once, and together they’re the payoff. stage_orders.expand(path=files) maps an entire TaskGroup over the file list — every file gets its own validate-then-load mini-pipeline, in parallel, each labelled by filename. And summarize(counts) reduces every load’s row count into one figure. Four files or nine, the DAG is the same three readable boxes; when a run goes wrong you expand exactly the one mapped instance that broke, named after the store that shipped the bad file. Discover, fan out, fan in — legible at any width.

Final thoughts

Dynamic task mapping is what lets a DAG’s shape follow the data instead of the data being forced to fit a DAG’s fixed shape. expand decides the width at run time, partial holds the constants still, and expand_kwargs is your defence against the Cartesian-product surprise that quietly multiplies a fan-out you meant to zip. Guard the width with max_map_length, max_active_tis_per_dag, and a pool, so parallelism is a lever you set rather than a stampede you discover. And TaskGroups keep all of it readable — the honest, better-because-simpler successor to SubDAGs, doing exactly one job: making a big graph legible without pretending to be a second engine underneath it.





Templating, Macros, and Rendered Fields

You met {{ ds }} back in the operators chapter, tucked inside a bash_command, and I promised templating was a feature of its own. This is that chapter. The one-line version of the whole thing: Airflow templating is not global string interpolation. It doesn’t reach into every string in your DAG file and swap in dates. It runs Jinja on a small, declared set of fields on each operator — the fields the operator’s author marked as templatable — and nowhere else. Understand which fields those are and where the values come from, and templating stops being magic. Miss that one rule and you’ll write {{ ds }} in the wrong place, watch it come out as the literal five characters {{ ds }}, and lose an afternoon.

The rule that explains everything: template_fields

Every operator class has a class attribute called template_fields — a tuple of the argument names that get rendered as Jinja before the task runs. BashOperator declares template_fields = ("bash_command", "env", "cwd"). SQLExecuteQueryOperator declares template_fields = ("sql", "conn_id", "parameters", ...). When the scheduler is about to run a task, it walks that tuple, takes the string you passed for each named field, renders it against the run’s context, and hands the rendered string to the operator’s execution logic. A value you passed to any argument not in template_fields is passed through untouched — {{ ds }} in there is just text.

So this works, because bash_command is templatable:

from airflow.providers.standard.operators.bash import BashOperator

fetch = BashOperator(
    task_id="fetch_orders",
    bash_command="curl -sf https://bookshop.internal/orders/{{ ds }}.csv "
                 "-o /data/orders/{{ ds }}.csv",
)

Airflow renders {{ ds }} to 2026-07-04 and the shell sees a real date. Good.

Now the trap. Here is the single most common newcomer mistake in Airflow 3, and it’s worth staring at:

from airflow.sdk import task

@task
def build_path():
    # WRONG. This returns the literal string "{{ ds }}".
    return "/data/orders/{{ ds }}.csv"

A plain @task return value is not a template field. Nothing renders it. The function returns exactly what you wrote — the eight characters of {{ ds }} sitting in the middle of your path — and every downstream task that reads that XCom gets a broken filename. Jinja only fires inside template_fields, and a Python function’s return value is not one of them.

The fix is to stop thinking of Jinja as the way to get the date inside a @task. Inside your own Python, you read the run context directly:

from airflow.sdk import task

@task
def build_path(data_interval_start=None):
    # RIGHT. data_interval_start is a real datetime, injected by the Task SDK.
    return f"/data/orders/{data_interval_start:%Y-%m-%d}.csv"

The Task SDK injects context values into your callable when you declare them as parameters — data_interval_start, data_interval_end, logical_date, ds, ti, params, dag_run, and the rest. No Jinja involved, because there’s no template field involved. You’re in Python; use Python. Jinja is for the operator arguments you can’t reach with code — the bash_command string, the .sql file, the env dict — the places where the value has to be a rendered string before the operator ever runs your logic.

That division is the whole mental model. Jinja renders in operator template_fields. Inside a @task body, read the context. If you can hold those two sentences in your head, the rest of this chapter is detail.

But there’s a wrinkle in the middle that trips people who take the rule too literally, so let’s settle it now: a @task’s arguments do render. The decorator builds an operator whose template_fields are ("op_args", "op_kwargs") — that is, the values you pass in to the task. So this works exactly as you’d hope:

@task
def load(batch_size: str, day: str):
    print(batch_size, day)      # '500'  '2026-07-04'

load(batch_size="{{ var.value.bookshop_batch_size }}", day="{{ ds }}")

The line to hold is therefore sharper than “Jinja doesn’t work in TaskFlow.” It’s about where the string lives when Airflow looks at it. A template in an argument is rendered, because the argument is a field on the operator and Airflow renders it before your function is ever called. A template in a string you build inside the function body is not, because by then Airflow has already finished rendering and handed control to your Python — which is exactly why f"/data/{{ ds }}.csv" inside a task gives you literal braces. Arguments in: rendered. Anything you construct in the body: yours to compute from the context.

One caveat worth knowing: what arrives is always a string. batch_size above is '500', not 500. If you need a real int, cast it — or set render_template_as_native_obj=True on the DAG, which we come back to later in this chapter.

Where the values come from: the template context

When Airflow renders a template field, it does it against the template context — a dictionary of everything known about this particular run. These are the names you can put inside {{ }}. The ones tied to the run’s schedule are the ones you’ll use daily:


	{{ ds }} — the logical date as YYYY-MM-DD, e.g. 2026-07-04. The workhorse.

	{{ ds_nodash }} — the same date as 20260704. Handy for filenames and partition keys that dislike dashes.

	{{ ts }} — a full ISO timestamp, 2026-07-04T00:00:00+00:00.

	{{ ts_nodash }} — 20260704T000000, for when even the colons are inconvenient.

	{{ logical_date }} — the run’s logical date as a pendulum datetime. This replaced execution_date, which is gone in Airflow 3.

	{{ data_interval_start }} and {{ data_interval_end }} — the datetimes bounding the period this run covers. For an @daily DAG, start is midnight of the day and end is midnight of the next day. Prefer these over ds when you mean “the window of data I’m processing,” because they say exactly what they name. ds is a convenient string; the interval is the truth about what this run is responsible for.

	{{ dag_run }} — the DagRun object, with .run_id, .run_type (scheduled, manual, backfill), and .conf (the payload from a manually triggered or API-triggered run).

	{{ ti }} — the TaskInstance, mostly used for {{ ti.xcom_pull(task_ids='...') }} to read another task’s output right inside a template.

	{{ params }} — the DAG’s params, which we’ll come back to. Access as {{ params.reprocess }}.

	{{ var.value.my_key }} — an Airflow Variable, rendered lazily so it’s only fetched if the template actually uses it. {{ var.json.my_key }} parses a JSON-valued variable so you can do {{ var.json.settings.batch_size }}.

	{{ conn.my_conn_id }} — a Connection object, so {{ conn.bookshop_duckdb.host }} pulls a field out of a connection without hardcoding it.

	{{ macros }} — a namespace of helper functions, covered below.

	{{ prev_data_interval_start_success }} — the data_interval_start of the last successful run of this DAG. Priceless for incremental loads: “give me everything since the last time I actually succeeded,” which correctly skips the gap left by a failed run instead of silently dropping a day.



A worked line that uses several at once — a shell command that syncs one day’s partition and stamps the run id into the log:

BashOperator(
    task_id="archive_day",
    bash_command=(
        "aws s3 sync /data/orders/{{ ds }}/ "
        "s3://bookshop-archive/orders/dt={{ ds_nodash }}/ "
        "--metadata run={{ dag_run.run_id }}"
    ),
)

ds versus the interval, made concrete

The reason to prefer data_interval_start/_end over ds isn’t pedantry — it’s what happens during a backfill. Say it’s July and you realize June’s rollups were computed with a bug. You backfill the whole month. Airflow now creates one run per day of June, and each run gets its own context: the run “for” June 3rd has data_interval_start = 2026-06-03 and data_interval_end = 2026-06-04, regardless of the fact that it’s physically executing in July. Your templated WHERE order_date >= '{{ data_interval_start | ds }}' AND order_date < '{{ data_interval_end | ds }}' therefore processes exactly June 3rd’s rows in that run, exactly June 4th’s in the next, and so on across the month. The interval is the contract: each run owns one window, the windows tile the month with no gaps and no overlaps, and the same DAG file backfills correctly without you editing a thing. Write it against ds alone and the query is ambiguous about which window it means; write it against the interval and it’s unambiguous, which is the whole reason backfills are trustworthy.

{{ prev_data_interval_start_success }} extends the same idea to incremental loads. Instead of “the fixed window for this run,” it gives you “everything since the last run that actually succeeded” — so a load that failed Tuesday and reran Wednesday picks up Tuesday’s data too, rather than leaving a silent hole. The distinction between “scheduled window” and “since last success” is exactly the kind of thing you want the template to state out loud.

macros: the small standard library inside a template

{{ macros }} is a namespace of functions you can call from Jinja for the date arithmetic that comes up constantly. The one you’ll reach for most:

{{ macros.ds_add(ds, 7) }}     -- ds shifted forward 7 days
{{ macros.ds_add(ds, -1) }}    -- yesterday, as a string
{{ macros.ds_format(ds, "%Y-%m-%d", "%Y/%m/%d") }}   -- reformat a date string

macros also exposes datetime, timedelta, and dateutil so you can do real date math inline: {{ (data_interval_start - macros.timedelta(days=1)).strftime("%Y%m%d") }}. The temptation is to cram logic in here; resist it past a certain point. A one-liner shift like ds_add(ds, -1) is clear at a glance. A three-clause conditional buried in Jinja is a debugging nightmare, because Jinja has no debugger and no stack trace — it just renders wrong and hands you a bad string. When the logic grows, move it into a @task and read the context there.

Templating whole files: .sql and .sh

Inlining a big SQL query as a Python string is miserable — no syntax highlighting, no formatting, no reviewer can read the diff. Airflow’s answer is that a template field can name a file, and Airflow will load and render the file’s contents instead of treating the string as the template itself. Two settings on the DAG control this:


	template_searchpath — a directory (or list of them) Airflow will search for template files, in addition to the DAG’s own folder.

	template_ext — the file extensions that trigger file-loading. On SQLExecuteQueryOperator this includes .sql; on BashOperator, .sh. When the string you pass to a template field ends in one of these extensions, Airflow reads that file and renders its contents.



So when you write sql="sql/daily_rollup.sql", the operator sees a string ending in .sql, finds daily_rollup.sql on the search path, loads it, and renders any Jinja inside the file against the run context. The file is the template.

Here’s the worked bookshop example. Project layout:

dags/
  bookshop_rollup.py
  sql/
    daily_rollup.sql

The SQL file, with Jinja in it:

-- dags/sql/daily_rollup.sql
INSERT INTO analytics.daily_book_sales
SELECT
    o.order_date,
    o.book_id,
    b.title,
    SUM(o.quantity)        AS units_sold,
    SUM(o.quantity * o.unit_price) AS revenue
FROM raw.orders o
JOIN raw.books b USING (book_id)
WHERE o.order_date >= '{{ data_interval_start | ds }}'
  AND o.order_date <  '{{ data_interval_end | ds }}'
GROUP BY 1, 2, 3;

The | ds is a built-in Jinja filter that formats a datetime as YYYY-MM-DD — so the interval datetimes come out as clean date literals. And notice the >= start AND < end window: it’s half-open, so a day’s rows land in exactly one run with no double-counting at the boundary. That’s the idempotency habit from the operators chapter, expressed in SQL.

The DAG that wires it up:

from airflow.sdk import DAG
from airflow.providers.common.sql.operators.sql import SQLExecuteQueryOperator

with DAG(
    dag_id="bookshop_rollup",
    schedule="@daily",
    catchup=False,
    template_searchpath="/usr/local/airflow/dags",   # so "sql/..." resolves
) as dag:
    rollup = SQLExecuteQueryOperator(
        task_id="daily_rollup",
        conn_id="bookshop_duckdb",
        sql="sql/daily_rollup.sql",
    )

The path in sql= is relative to the search path (and Airflow also looks in the DAG file’s own directory, which is why simple co-located files often work with no template_searchpath at all). Now the query lives in a real .sql file your team can lint and review, the dates are injected per run, and the DAG file stays about orchestration instead of SQL.

The identical mechanism works for shell scripts: point bash_command at a .sh file on the search path and Airflow renders the script’s contents. Same rule, different extension.

Bridging a @task output into a template

Remember the broken example — the @task that returned "{{ ds }}.csv" and got the literal braces? Now that you know where Jinja does and doesn’t fire, here’s the clean pattern for the real goal behind that mistake: compute a value in Python, then feed it into an operator’s template field. You don’t template inside the @task; you return a plain value, and you pull it into the operator with xcom_pull from a template field, where Jinja does run.

from airflow.sdk import DAG, task
from airflow.providers.standard.operators.bash import BashOperator

with DAG(dag_id="bookshop_ingest", schedule="@daily", catchup=False) as dag:

    @task
    def source_path(data_interval_start=None):
        # plain Python, plain return — no Jinja here
        return f"/data/orders/{data_interval_start:%Y-%m-%d}.csv"

    path = source_path()

    validate = BashOperator(
        task_id="validate",
        # Jinja DOES run here, because bash_command is a template field
        bash_command="test -s {{ ti.xcom_pull(task_ids='source_path') }}",
    )

    path >> validate

ti.xcom_pull inside the bash_command reads the value the @task pushed to XCom, and because it’s inside a template field it actually renders. The Python computed the path with real datetime formatting; the operator consumed it through Jinja. That’s the division of labour the whole chapter is about, shown end to end: context-reading in Python, string-rendering in the operator.

Rendering happens at run time, not parse time

One timing fact prevents a class of confusion. Templates render when a task instance runs, not when the DAG file is parsed. At parse time there is no run, no logical date, no ds — the scheduler is just building the graph. This is the same reason you can’t loop over runtime data at the top of a DAG file (the dynamic-mapping chapter’s whole premise). So templating can change what a task does — which date it queries, which file it reads — but it cannot change the shape of the DAG: you can’t template a task_id, add or remove tasks, or redraw dependencies with Jinja, because all of that is decided at parse time before any {{ }} is ever evaluated. Templates fill in values; they don’t build graphs.

Nested fields render too

A template field doesn’t have to be a bare string. Airflow renders recursively into lists and dicts, so a templatable env dict on BashOperator renders each value:

BashOperator(
    task_id="load",
    bash_command="./load.sh",
    env={
        "RUN_DATE": "{{ ds }}",
        "PARTITION": "{{ ds_nodash }}",
        "SCHEMA": "{{ params.target_schema }}",
    },
)

Each value in that dict is rendered; the keys are not. The same applies to a list passed to a templatable argument. You don’t have to flatten structured arguments into one big string to get templating — as long as the top-level argument is in template_fields, Airflow reaches down into the structure for you.

params: inputs a human sets at trigger time

Context values like ds describe the run. Sometimes you want an input the operator sets when they trigger the DAG — “reprocess the last 30 days,” “run against staging.” That’s params. You declare them on the DAG with defaults, and they surface as a form in the UI’s Trigger dialog and as {{ params.* }} in templates.

from airflow.sdk import DAG, Param

with DAG(
    dag_id="bookshop_rollup",
    schedule="@daily",
    catchup=False,
    template_searchpath="/usr/local/airflow/dags",
    params={
        "target_schema": Param("analytics", type="string"),
        "full_refresh": Param(False, type="boolean"),
    },
) as dag:
    ...

Inside the SQL file you can now branch on them: INSERT INTO {{ params.target_schema }}.daily_book_sales ..., or gate a TRUNCATE behind {% if params.full_refresh %}. Param enforces a type and can carry a JSON-schema validation, so a bad trigger payload is rejected before the run starts rather than blowing up mid-task. A scheduled run uses the defaults; a manual run lets a human override them from the form.

Debugging: the Rendered Template view

Here is the tool that turns templating from guesswork into a two-click check, and it’s the thing to teach yourself to open first when a templated task misbehaves. In the React UI, open a task instance and choose the Rendered Template tab. It shows you, field by field, the exact string Airflow produced after rendering — the real bash_command, the fully-substituted .sql with dates filled in, the resolved env. Not what you wrote; what actually ran.

This collapses an entire category of bug. A SQL task loaded the wrong day? Don’t reach for the database logs yet — open Rendered Template and read the WHERE clause. If it says order_date >= '2026-07-03' when you expected the 4th, the bug is in your template or your understanding of the interval, and you’ve found it in ten seconds without touching the warehouse. If it says the right date and the data’s still wrong, now you know the problem is downstream. The Rendered Template view answers the question “did Jinja do what I think?” definitively, every time. It’s available even for a task instance that failed, so a rendering mistake is visible without a successful run.

Knowing a field is templatable

When you’re unsure whether an argument renders, don’t guess — check the operator’s template_fields. Every operator advertises it, and you can read it straight off the class:

>>> from airflow.providers.common.sql.operators.sql import SQLExecuteQueryOperator
>>> SQLExecuteQueryOperator.template_fields
('sql', 'parameters', 'conn_id', 'database', 'hook_params')

That tuple is the definitive answer to “can I put {{ ds }} here?” for that operator. It also explains asymmetries that otherwise look arbitrary: sql renders because it’s in the tuple, but a helper argument you invented on a subclass won’t render unless you add it to template_fields. If you ever write a custom operator (a later chapter in the in Practice book), extending template_fields is exactly how you make one of your own arguments Jinja-aware — it’s the same mechanism the built-in operators use, not a privileged one.

render_template_as_native_obj: when a string won’t do

By default Jinja renders to a string. {{ params.batch_size }} where batch_size is the integer 500 comes out as the string "500". Usually fine — a shell command wants a string, SQL wants a string. But if a templated field needs to pass a real Python int, list, or dict to the operator, a string breaks it.

Set render_template_as_native_obj=True on the DAG and Airflow uses Jinja’s native environment: a template that resolves to a single expression yields the underlying Python object, not its string form.

with DAG(
    dag_id="bookshop_load",
    schedule="@daily",
    catchup=False,
    render_template_as_native_obj=True,
    params={"book_ids": Param([1, 2, 3], type="array")},
) as dag:
    ...

Now {{ params.book_ids }} in a template field arrives as an actual list, and {{ var.json.settings.batch_size }} arrives as an int you can compare and do arithmetic on. It’s a DAG-wide switch, so turn it on when you’re deliberately passing structured data through templates and leave it off otherwise — most DAGs never need it, and it slightly changes how borderline strings coerce.

user_defined_macros and user_defined_filters

The built-in macros namespace covers dates. For your own project conventions, the DAG takes two hooks:


	user_defined_macros — a dict of callables (or values) added to the template context. user_defined_macros={"s3_bucket": "bookshop-archive", "fmt_dt": my_fn} lets any template in that DAG write {{ s3_bucket }} or {{ fmt_dt(ds) }}.

	user_defined_filters — a dict of functions usable with Jinja’s pipe syntax. user_defined_filters={"to_partition": lambda d: d.replace("-", "/")} lets you write {{ ds | to_partition }} to get 2026/07/04.



def to_partition(ds: str) -> str:
    return ds.replace("-", "/")

with DAG(
    dag_id="bookshop_archive",
    schedule="@daily",
    catchup=False,
    user_defined_macros={"archive_bucket": "bookshop-archive"},
    user_defined_filters={"to_partition": to_partition},
) as dag:
    archive = BashOperator(
        task_id="archive_day",
        bash_command=(
            "aws s3 sync /data/orders/{{ ds }}/ "
            "s3://{{ archive_bucket }}/orders/{{ ds | to_partition }}/"
        ),
    )

That renders to s3://bookshop-archive/orders/2026/07/04/. The value of this is a single source of truth for a convention — change the bucket or the partition scheme in one place and every template follows. The value ends the moment you start hiding business logic in there. A macro named to_partition that reformats a date is a convenience; a macro that decides which schema to write to based on the day of the week is a program smuggled into a string, invisible to code search, untestable, and undebuggable. If a template function is doing more than formatting, it belongs in a @task where it has a name, a test, and a stack trace.

Final thoughts

Templating earns its keep by letting one static DAG file describe every run — today’s, yesterday’s, the backfill from March — without a single edit, because the dates and inputs arrive at render time. But it’s a narrow tool with sharp edges, and the whole of it fits in a few rules. Jinja renders only in an operator’s template_fields, never in a plain @task return — inside your Python, read data_interval_start from the context instead. File extensions and template_searchpath let you keep real SQL and shell in real files. The context gives you dates, params, variables, and connections; macros and your own filters format them. And when any of it looks wrong, the Rendered Template view shows you exactly what ran before you go blaming the database. Keep templates about runtime parameters made explicit — dates, paths, ids — and keep logic in code, and templating stays the quiet convenience it’s meant to be instead of a second, worse programming language living inside your strings.





Connections, Variables, and Secrets Backends

Back in the connections-and-hooks chapter we drew a line: Connections are for keys, Variables are for knobs. That line is the right mental model, and it’s enough to write a working DAG. But it leaves three questions unanswered, and every one of them turns into a production incident if you get it wrong. Where does the credential actually live when the worker asks for it? What order does Airflow search when the same id exists in two places? And how do you keep the whole thing out of git without making local development miserable?

This chapter is the answer to all three. It’s the last stop in the foundations book, and it’s the one that separates “my DAG runs on my laptop” from “my DAG runs in production without a password ever touching the repo.”

Connections, three ways — and the trade-offs

A connection is a named bundle: connection type, host, login, password, schema, port, and an open-ended extra field for everything else the system wants. You already know it has an id and that your DAG names the id, not the secret. What’s worth slowing down on is that there are three places that bundle can come from, and they’re not interchangeable — each is right for a different phase of a project.

The UI (and airflow_settings.yaml). In the Airflow UI, Admin → Connections → add gives you a form: pick a type, fill in the fields, save. The connection lands as an encrypted row in the metadata database. This is fine for a human-managed connection you’ll rarely change, but a form isn’t reproducible — if you rebuild the environment, someone has to re-enter it by hand.

The Astro CLI fixes that for local dev with airflow_settings.yaml at your project root. It’s a checked-in file that declares connections, variables, and pools, and the local stack loads them on startup so you never re-type them:

airflow:
  connections:
    - conn_id: bookshop_db
      conn_type: postgres
      conn_host: db.internal
      conn_login: bookshop
      conn_password: s3cr3t
      conn_schema: orders
      conn_port: 5432
      conn_extra: '{"sslmode": "require"}'
  variables:
    - variable_name: bookshop_batch_size
      variable_value: "500"

Reproducible, yes — but note conn_password sits in plaintext. That’s acceptable for a throwaway local database and a fake secret. It is not acceptable for anything real, which is exactly why airflow_settings.yaml belongs in .gitignore the moment a value stops being a toy. Keep a airflow_settings.yaml.example with placeholders in the repo instead.

The environment variable, in URI form. Airflow reads any AIRFLOW_CONN_<ID> variable and treats it as a connection — the id is the suffix, lowercased. The value is a connection URI that packs everything into one string:

export AIRFLOW_CONN_BOOKSHOP_DB='postgresql://bookshop:s3cr3t@db.internal:5432/orders?sslmode=require'

That defines bookshop_db with no database row and no UI click. The ?sslmode=require query string becomes the connection’s extra. This is the form you’ll use inside containers and CI, where a .env line or an injected environment variable is the natural home for config.

The URI form has one genuine pain: if your password contains @, /, or :, you have to percent-encode it, and a mis-encoded URI fails in confusing ways. Airflow 3 lets you sidestep that with a JSON form of the same variable, which is far easier to read and to template:

export AIRFLOW_CONN_BOOKSHOP_DB='{
  "conn_type": "postgres",
  "host": "db.internal",
  "login": "bookshop",
  "password": "p@ss/w:rd",
  "schema": "orders",
  "port": 5432,
  "extra": {"sslmode": "require"}
}'

Same connection, no encoding gymnastics, and extra is a real nested object instead of a query string.

A secrets backend, for production. You point Airflow at Vault, AWS Secrets Manager, or GCP Secret Manager, and it resolves bookshop_db there. Rotation, audit, and access control become a solved problem owned by your platform team instead of rows you manage. The DAG still just says bookshop_db — only the storage moves. This is the big one, and it gets its own section below.

extra, extra_dejson, and where the provider settings go

The extra field is the part newcomers underuse. It’s a JSON blob attached to a connection for provider-specific settings that don’t fit host/login/password — SSL mode, a warehouse and role for Snowflake, an AWS region, an API’s auth scheme, connection timeouts. Hooks read it back as a parsed dict via extra_dejson:

from airflow.sdk import BaseHook

conn = BaseHook.get_connection("bookshop_db")
conn.host            # "db.internal"
conn.extra_dejson    # {"sslmode": "require"}
sslmode = conn.extra_dejson.get("sslmode", "prefer")

The rule that follows: settings that describe how to reach a system belong in extra, not in DAG code. If you find yourself writing sslmode="require" as a literal in a task, that’s a value that should have travelled with the connection. Put it in extra and every task that opens bookshop_db inherits it for free.

Fernet, and what it does and doesn’t protect

When a connection or variable lands in the metadata database, Airflow encrypts the sensitive fields at rest using a Fernet key — a symmetric key set via AIRFLOW__CORE__FERNET_KEY. Generate one once and treat it as infrastructure:

from cryptography.fernet import Fernet
print(Fernet.generate_key().decode())

export AIRFLOW__CORE__FERNET_KEY='fUj...your-generated-key...=='

Two things people learn the hard way. First, if you lose the key, every encrypted secret in the metastore becomes unrecoverable ciphertext — back it up like you’d back up a database. Second, Fernet only protects secrets at rest in Airflow’s own database. It does nothing about who can read that database, nothing about rotation, and nothing about secrets that live in airflow_settings.yaml or a .env in plaintext. Fernet is a floor, not a strategy — which is the whole argument for secrets backends.

Variables, done right

A Variable is a small piece of non-secret runtime config: a batch size, a target table name, a feature flag, a list of regions. In the Task SDK you read one with Variable.get, and you can pull JSON straight into a Python object:

from airflow.sdk import Variable

batch = Variable.get("bookshop_batch_size", default=500)
regions = Variable.get("bookshop_regions", deserialize_json=True)   # ["us", "eu"]

Setting one from code is symmetrical, and serialize_json=True writes a structure back as JSON:

Variable.set("bookshop_last_full_load", "2026-07-09")
Variable.set("bookshop_regions", ["us", "eu", "apac"], serialize_json=True)

In templates — the Jinja fields from the previous chapter — Variables are exposed two ways. {{ var.value.<key> }} gives the raw string; {{ var.json.<key> }} parses a JSON variable and lets you index into it:

BashOperator(
    task_id="report",
    bash_command="generate_report --batch {{ var.value.bookshop_batch_size }} "
                 "--region {{ var.json.bookshop_regions[0] }}",
)

And like connections, Variables have an environment-variable form: AIRFLOW_VAR_<KEY>, uppercased. export AIRFLOW_VAR_BOOKSHOP_BATCH_SIZE=500 defines bookshop_batch_size with no database row — the same container-friendly pattern as AIRFLOW_CONN_*. Note that AIRFLOW_VAR_* values are always strings, so a JSON variable set this way still needs deserialize_json=True on the read.

One behavior that bites newcomers: Variable.get("missing_key") with no default raises — in Airflow 3 it’s an AirflowRuntimeError carrying a VARIABLE_NOT_FOUND error type — and fails the task. That’s usually what you want: a missing required config should be loud, not silent. But it means default isn’t optional politeness; it’s how you distinguish “this variable is genuinely optional” from “this variable must exist.” Pass default=500 when a sensible fallback exists, and omit it when a missing value should stop the run. Don’t reach for a bare try/except around the call to paper over a config you forgot to set.

(Watch the keyword. In Airflow 2 it was default_var; the Task SDK’s signature is Variable.get(key, default=..., deserialize_json=False). Most tutorials you’ll find still spell it the old way.)

The top-level-parse anti-pattern

Here’s the mistake that quietly degrades a whole deployment. The scheduler re-parses every DAG file constantly — that’s how it discovers changes. Any code at the top level of a DAG file (module scope, outside a task) runs on every parse. So this:

# DON'T: runs on every single DAG parse
from airflow.sdk import Variable
BATCH = Variable.get("bookshop_batch_size")   # a database hit, every parse, forever

with DAG("bookshop"):
    ...

turns your config lookup into a load-bearing part of scheduler performance. Multiply one Variable.get by hundreds of parses per minute across dozens of DAGs and you’ve built a self-inflicted denial-of-service against your own metadata database — or, with a secrets backend, against AWS Secrets Manager, where you’re also now paying per API call.

The fix is to read Variables where they’re actually needed: inside a task, which only runs when the task runs, or in a template, which only renders at execution time. Both defer the lookup out of the parse loop:

@task
def load_orders():
    batch = Variable.get("bookshop_batch_size", default=500)   # runs at task time, not parse time
    ...

If you truly need a value at parse time to shape the DAG’s structure, that value is a deployment concern, not a runtime one — put it in an environment variable and read it with os.getenv, which is a cheap in-process lookup with no database or API behind it.

Secrets backends, in full

A secrets backend is a pluggable source that Airflow consults for connections and variables before falling back to its own database. You configure it with two settings — the backend class and its keyword arguments:

export AIRFLOW__SECRETS__BACKEND='airflow.secrets.local_filesystem.LocalFilesystemBackend'
export AIRFLOW__SECRETS__BACKEND_KWARGS='{"connections_file_path": "/opt/airflow/secrets/connections.yaml", "variables_file_path": "/opt/airflow/secrets/variables.yaml"}'

backend_kwargs is JSON, and its keys are specific to the backend class. The two you’ll set on almost every real backend are connections_prefix and variables_prefix — the path or name prefix under which the backend looks for each. This lets one Vault or Secrets Manager instance hold everything, with Airflow’s secrets namespaced under a known root.

The resolution order

This is the single most important fact in the chapter, because it explains every “why is it using the wrong password” mystery. When a hook asks for connection bookshop_db, Airflow searches in a fixed order and returns the first hit:


	Environment variables — AIRFLOW_CONN_BOOKSHOP_DB (or AIRFLOW_VAR_* for variables)

	The configured secrets backend — Vault, Secrets Manager, etc.

	The metadata database — the UI/airflow_settings.yaml rows



Environment always wins. That’s a feature: it means you can override any connection locally by exporting AIRFLOW_CONN_*, without touching the backend or the database. It’s also a trap: if a stale AIRFLOW_CONN_BOOKSHOP_DB is lingering in a worker’s environment, it silently shadows the correct value in Secrets Manager, and nothing in the UI will show you why. When a connection resolves to something you didn’t expect, check the environment first, the backend second, the database last — in that order, because that’s the order Airflow used.

LocalFilesystemBackend for dev

LocalFilesystemBackend reads connections and variables from local YAML or JSON files. It’s the honest way to develop against a secrets backend without standing up Vault: your DAG code and resolution path are identical to production, only the storage is a file. A connections.yaml:

bookshop_db:
  conn_type: postgres
  host: db.internal
  login: bookshop
  password: s3cr3t
  schema: orders
  port: 5432
  extra:
    sslmode: require

and a variables.yaml:

bookshop_batch_size: "500"
bookshop_regions: '["us", "eu"]'

These files hold secrets in plaintext, so the same rule as airflow_settings.yaml applies: they never go in git.

A worked AWS Secrets Manager setup

For production on AWS, the backend is SecretsManagerBackend from the Amazon provider. Configure it once:

export AIRFLOW__SECRETS__BACKEND='airflow.providers.amazon.aws.secrets.secrets_manager.SecretsManagerBackend'
export AIRFLOW__SECRETS__BACKEND_KWARGS='{
  "connections_prefix": "airflow/connections",
  "variables_prefix": "airflow/variables",
  "region_name": "us-east-1"
}'

With those prefixes, a connection named bookshop_db is looked up at the secret airflow/connections/bookshop_db, and a variable bookshop_batch_size at airflow/variables/bookshop_batch_size. You create the connection secret with the same URI (or JSON) form you’d use in an environment variable:

aws secretsmanager create-secret \
  --name airflow/connections/bookshop_db \
  --secret-string 'postgresql://bookshop:s3cr3t@db.internal:5432/orders?sslmode=require'

and a variable is just its plain value:

aws secretsmanager create-secret \
  --name airflow/variables/orders_api_key \
  --secret-string 'sk_live_9f2a...'

Two operational notes worth internalizing early. Set connections_prefix (or variables_prefix) to null to tell Airflow not to search Secrets Manager for that kind at all — useful when you keep connections in the backend but variables in the database, and want to avoid a failed lookup and its cost on every miss. And workers authenticate to Secrets Manager with the usual AWS credential chain (an IAM role on the task, typically), so the DAG carries no AWS keys either — the secret store’s own auth replaces them.

The rotation payoff is the reason platform teams push for this. When the bookshop database password changes, you rotate the value in Secrets Manager once — aws secretsmanager put-secret-value — and every worker picks up the new credential on its next lookup, because nothing cached the old one in a DAG file, a .env, or a metastore row. No redeploy, no restart, no editing twelve DAGs. Compare that to a password pasted into code: rotation there means a code change, a review, and a deploy, for something that should be an ops action. The indirection you set up in the connections chapter is exactly what makes rotation a non-event.

Airflow can also resolve its own config values from the same backend — a [core] sql_alchemy_conn or a [smtp] smtp_password can be stored as a secret with a config_prefix and pulled in the same lookup path. You won’t need that on day one, but it’s the same machinery, and it means the pattern in this chapter scales all the way down to Airflow’s own bootstrap secrets.

The same shape in Vault

HashiCorp Vault is the same pattern with a different provider. The class is VaultBackend, and the kwargs point at your mount and paths:

export AIRFLOW__SECRETS__BACKEND='airflow.providers.hashicorp.secrets.vault.VaultBackend'
export AIRFLOW__SECRETS__BACKEND_KWARGS='{
  "connections_path": "connections",
  "variables_path": "variables",
  "mount_point": "airflow",
  "url": "https://vault.internal:8200"
}'

A connection bookshop_db then lives at the KV path airflow/connections/bookshop_db, with the fields stored under a conn_uri key. The mechanics differ; the mental model doesn’t. This chapter is the intro-level tour — the Airflow in Practice book has a deeper secrets-backends chapter that gets into multiple backends, auth methods, and caching.

Keeping secrets out of the logs

Resolving a secret cleanly at run time is only half the job. The other half is making sure it doesn’t leak on the way through — into a task log, an XCom, or the Rendered Template view from the previous chapter. A pipeline that reads a password from Vault and then prints it in a log line has undone all of the work above.

Airflow helps here with secret masking. Any value that came from a connection’s password field, or from a Variable whose name contains a sensitive-looking token — password, secret, api_key, token, and a few others — is automatically redacted to *** wherever Airflow renders it: log output, the UI’s Variable list, the Rendered Template panel. That’s why naming matters. A Variable called orders_api_key gets masked; the identical value stashed in one called orders_config does not. Name secrets like secrets and Airflow will hide them for you.

Masking is a safety net, not a license to be careless. It only catches values Airflow knows are sensitive, and it only catches them in Airflow’s own rendering — it can’t reach inside a print() you wrote or a third-party library’s debug output. So two habits pay off: give sensitive Variables telltale names so the automatic masking engages, and never return a credential from a task (that puts it in XCom, where it’s stored and displayed). Read the secret, use it, let it fall out of scope. In the bookshop’s fetch_orders, api_key lives entirely inside the task and never becomes a return value — that’s deliberate.

One more edge from the connections form: in Airflow 3, the “Test” button on the connection editor is disabled by default, because testing a connection means the server dials out to whatever host you typed. If you want it in a trusted environment, you opt in with AIRFLOW__CORE__TEST_CONNECTION=Enabled — but the default-off posture is the right instinct for anything internet-facing.

The decision: Variable, Connection, or secret

With all three stores on the table, the choice is usually clear once you ask two questions.

Is it a credential or an endpoint — something that reaches an external system? Then it’s a Connection, resolved from a secrets backend in production. Database passwords, API base URLs and their auth, bucket clients: connections, always.

Is it non-secret runtime config — a knob a human might turn without a code change? Then it’s a Variable: batch sizes, feature flags, region lists, a target table name.

Is it a secret that isn’t a connection — a lone API token, a signing key, a webhook secret? It’s still config-shaped like a Variable, but because it’s sensitive, serve it through the secrets backend rather than the plaintext Variable store. A Variable resolved from Secrets Manager is a secret with a Variable’s ergonomics.

And the value that shapes the DAG’s structure at parse time — how many mapped tasks, which branch exists — isn’t any of the three. That’s a plain environment variable read with os.getenv, because it must be cheap and it must be available before a task ever runs.

Underneath all four is one rule the whole chapter serves: if you can grep a secret out of your repository, you’ve already lost. Code names a resource; it never embeds one.

Wiring the bookshop end to end

Here’s the daily bookshop load with both a Postgres connection and an API key, every secret resolved at run time from the backend and nothing sensitive in the file:

from airflow.sdk import DAG, task, Variable
from airflow.providers.http.hooks.http import HttpHook
from airflow.providers.postgres.hooks.postgres import PostgresHook

with DAG("bookshop_daily", schedule="@daily", catchup=False):

    @task
    def fetch_orders(data_interval_start):
        # orders_api connection -> Secrets Manager: airflow/connections/orders_api
        # orders_api_key variable -> Secrets Manager: airflow/variables/orders_api_key
        api_key = Variable.get("orders_api_key")            # resolved at task time, not parse time
        hook = HttpHook(method="GET", http_conn_id="orders_api")
        day = data_interval_start.strftime("%Y-%m-%d")
        resp = hook.run(
            endpoint=f"/orders/{day}.json",
            headers={"Authorization": f"Bearer {api_key}"},
        )
        return resp.json()

    @task
    def load_orders(rows, data_interval_start):
        # bookshop_db connection -> Secrets Manager: airflow/connections/bookshop_db
        hook = PostgresHook(postgres_conn_id="bookshop_db")   # extra_dejson sslmode travels with it
        day = data_interval_start.strftime("%Y-%m-%d")
        hook.run("DELETE FROM orders WHERE order_date = %s", parameters=(day,))
        hook.insert_rows(table="orders", rows=rows)

    load_orders(fetch_orders())

Read the file top to bottom and there is not one host, password, token, or region in it. orders_api and bookshop_db are ids; orders_api_key is a name. At parse time the scheduler touches none of them — no top-level Variable.get, no connection lookup outside a task. When the task actually runs, Variable.get("orders_api_key") and the two hooks each walk the resolution order, hit Secrets Manager, and return live values. sslmode=require rides along in the connection’s extra, so the task never has to know the database wants SSL.

Now change environments. Locally, you swap the backend for LocalFilesystemBackend (or export AIRFLOW_CONN_* / AIRFLOW_VAR_* in your .env, which win outright) and point orders_api at a mock. In production the backend is Secrets Manager and the same ids resolve to the real warehouse and the real API. The DAG file is byte-for-byte identical across both. That portability is the entire point — and it’s why this, the last piece of the foundations, is the piece that makes everything before it deployable.


Examples in this chapter are docs-checked against the book’s stated Airflow 3.3.0 version, but they were not executed in this repository.



Final thoughts

Connections, Variables, and secrets backends are three answers to one question: where does configuration live so that it isn’t in your code? A Connection names a system you reach; a Variable names a knob you turn; a secrets backend decides where either can be resolved from, ahead of Airflow’s own database, in a fixed order you can reason about. Get the split right and your DAGs stop being environment-specific scripts and start being portable descriptions of work — the same file, running against a throwaway Postgres on your laptop and a production warehouse behind Vault, differing only in which secret store answers the lookup.

That’s the end of Airflow from Scratch. You can stand up a local stack, write TaskFlow DAGs, schedule and backfill them, reach real systems through hooks, template the parts that vary, and now keep every credential out of git. Where the foundations stop, the Airflow in Practice book picks up — deferrable operators, custom XCom backends, executors, Kubernetes, and the deeper secrets-backend patterns this chapter only introduced.
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