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Rolling Your Own Operators and Hooks

You hit the same wall on every project. The first DAG that pulls from the bookshop’s orders API is a single @task — a few lines of requests, a token from a connection, a bit of pagination. Clean enough. Then a second DAG needs the same pull. Then a third wants just the returns endpoint. Each time you copy the function, tweak two lines, and promise yourself you’ll clean it up later. You won’t, and now there are four slightly-different copies of your auth logic and no single place to fix the one that’s wrong.

That’s the moment to stop writing tasks and start writing a component. Airflow gives you two: the operator (a reusable unit of work you drop into any DAG) and the hook (a reusable client that knows how to reach an external system). Used well, they turn “the thing that talks to the bookshop API” from a shape you keep redrawing into a name you import.

A custom operator is a class with an execute method

An operator is a subclass of BaseOperator. You take configuration in __init__ and you put the actual work in execute. Everything else — retries, scheduling, where it sits in the graph — you inherit for free.

from airflow.sdk import BaseOperator


class BookshopApiToWarehouseOperator(BaseOperator):
    template_fields = ("endpoint", "since", "table")
    template_ext = (".sql",)
    ui_color = "#0d9488"
    ui_fgcolor = "#ffffff"

    def __init__(self, *, conn_id, endpoint, since, table, **kwargs):
        super().__init__(**kwargs)
        self.conn_id = conn_id
        self.endpoint = endpoint
        self.since = since
        self.table = table

    def execute(self, context):
        hook = BookshopApiHook(conn_id=self.conn_id)
        rows = hook.fetch(self.endpoint, since=self.since)
        hook.load_to_warehouse(rows, table=self.table)
        return len(rows)

In Airflow 3.x the base classes live in the Task SDK, so the import is from airflow.sdk import BaseOperator — not the old airflow.models path (which may still resolve, but shouldn’t be what you reach for). Whatever execute returns is pushed to XCom, so returning a row count gives downstream tasks something to branch on.

The **kwargs forwarded to super().__init__ is what lets a caller pass retries, pool, task_id — all the standard operator arguments — through your constructor without you re-declaring each one. One piece of 2.x ceremony you can now delete: the old @apply_defaults decorator. In Airflow 3 default-argument application is wired into the metaclass, so it happens automatically — if you’re porting an operator forward, strip the decorator and the import.

The templating surface is bigger than template_fields

template_fields is the mechanism most people know: name a field there and it gets Jinja-rendered before execute runs, so a caller can write endpoint="{{ params.endpoint }}" or hand you a templated date and trust it resolves. Fields you leave off the list are used verbatim. But there are three neighbours worth knowing, because together they turn a crude operator into one that behaves like a first-class citizen in the UI.

template_ext lets a templated field load its value from a file. In the operator above I listed (".sql",), which means if a caller passes table="load_orders.sql", Airflow notices the extension, reads that file from the DAG folder, and then renders it as a template. This is how the built-in SQL operators let you keep queries in .sql files next to the DAG instead of as inline strings. The field has to appear in template_fields too — template_ext only decides which values get the file-loading treatment.

template_fields_renderers is pure ergonomics, and free. It’s a dict mapping a field name to a renderer the UI understands, and it controls syntax highlighting on the Rendered Template view — the tab where you inspect exactly what a field resolved to for a given run. Point a SQL field at "sql" and a JSON field at "json":

    template_fields_renderers = {"table": "sql", "endpoint": "py"}

Now when you’re debugging why last night’s run hit the wrong endpoint, the resolved value is highlighted instead of dumped as a flat string. ui_color and ui_fgcolor (set above to the Data-track teal) tint the task box in the Grid and Graph views, which sounds cosmetic until you have a DAG with forty tasks and want your custom loads to stand out from the dbt runs at a glance.

Finally, params. Templating pulls from the render context, and params is how you give an operator (or a whole DAG) typed, defaulted, UI-editable inputs that land in that context as {{ params.x }}. You attach a Param with a JSON-schema type and a default:

from airflow.sdk import DAG
from airflow.sdk.definitions.param import Param

with DAG(
    "bookshop_backfill",
    params={"region": Param("eu", type="string", enum=["eu", "us", "apac"])},
) as dag:
    BookshopApiToWarehouseOperator(
        task_id="load",
        conn_id="bookshop_api_default",
        endpoint="orders/{{ params.region }}",
        since="{{ ds }}",
        table="load_orders.sql",
    )

Because region is declared with an enum, a Trigger DAG w/ config run renders it as a validated dropdown instead of a free-text box, and a bad value is rejected before the DAG runs rather than at load time against your API. For an operator, params are the seam between “the value is fixed in code” and “someone can override it at trigger time without editing the DAG” — which is exactly what you want for a manual backfill of one region.

A hook is where the integration actually lives

Notice what the operator above doesn’t do: it never opens a socket, parses a connection, or knows the shape of the API. It calls a hook. That separation is the whole point. The operator is the Airflow-facing shell — it deals with context, XCom, and templating. The hook is the system-facing client — it deals with connections, auth, and requests. Keep the operator thin and the hook does the work.

from airflow.sdk import BaseHook
import requests


class BookshopApiHook(BaseHook):
    conn_name_attr = "conn_id"
    default_conn_name = "bookshop_api_default"
    conn_type = "bookshop"
    hook_name = "Bookshop API"

    def __init__(self, conn_id=default_conn_name):
        super().__init__()
        self.conn_id = conn_id
        self._session = None

    def get_conn(self):
        if self._session is None:
            conn = self.get_connection(self.conn_id)
            extra = conn.extra_dejson
            self._session = requests.Session()
            self._session.headers["Authorization"] = f"Bearer {conn.password}"
            self._session.headers["X-Api-Version"] = extra.get("api_version", "v2")
            self._session.request_timeout = extra.get("timeout", 30)
            self._base_url = conn.host
        return self._session

    def fetch(self, endpoint, since):
        session = self.get_conn()
        resp = session.get(f"{self._base_url}/{endpoint}", params={"since": since})
        resp.raise_for_status()
        return resp.json()["data"]

BaseHook gives you get_connection, which reads the credential you stored once in the Airflow UI or an environment variable and hands back a Connection object. Your code never sees a raw secret and never hardcodes an endpoint. Caching the client in get_conn matters more than it looks — a mapped or retried task can call the hook repeatedly, and you’d rather not rebuild a session each time.

The connection model, and where the real config hides

A Connection is more than a username and password. It has structured fields — host, schema, login, password, port, conn_type — and then the field that saves you: extra. The named fields cover the common shape of a database or HTTP endpoint, but every integration has settings that don’t fit those slots: an API version, a region, a retry budget, a TLS flag. Those go in extra as a JSON blob, and you read them through extra_dejson, which parses that blob into a dict so you’re not calling json.loads yourself. In the hook above, api_version and timeout live there. This is where most real per-environment config ends up, and it’s the first place to look when someone asks “how do I make this hook talk to staging instead of prod” — usually the answer is a different extra, not different code.

It helps to remember that a connection is just a URI under the hood. The same bookshop connection can be defined three ways, and they’re equivalent:


	In the UI — Admin → Connections, one field per attribute, extra as a JSON textarea. Good for humans, bad for reproducibility.

	As an environment variable — AIRFLOW_CONN_BOOKSHOP_API_DEFAULT='bookshop://:tok3n@api.bookshop.dev/?api_version=v2'. The AIRFLOW_CONN_ prefix plus the upper-cased conn id, value is a connection URI. This is the form to bake into an Astro project’s .env for local dev, because it’s checked in with the code (minus the secret) and needs no manual UI step.

	Via a secrets backend — the same URI, fetched from Vault or AWS Secrets Manager at runtime. That’s a whole chapter later in this book.



Because it’s a URI, conn.get_uri() round-trips a connection back to that string — handy when you want to log which endpoint you resolved to (with the password redacted, which Airflow does for you) or hand a URI to a library that wants one. And the parsed pieces are all addressable: conn.host, conn.schema (the path segment — a database name for a DB connection), conn.login, conn.port. Knowing that schema is the path and extra is the query string demystifies why a connection URI looks the way it does.

Making the hook a good UI citizen

The four class attributes at the top of BookshopApiHook — conn_name_attr, default_conn_name, conn_type, hook_name — aren’t decoration. They’re what let Airflow discover your hook and render a sensible connection form for it. conn_type is the machine key (bookshop), hook_name is the human label that shows in the connection-type dropdown, conn_name_attr tells Airflow which constructor argument names the connection, and default_conn_name is the fallback id.

Once a hook is discoverable, two optional classmethods let you shape its connection form:

    @classmethod
    def get_ui_field_behaviour(cls):
        return {
            "hidden_fields": ["schema", "port"],
            "relabeling": {"host": "API base URL", "password": "Bearer token"},
        }


get_ui_field_behaviour hides the standard fields your integration doesn’t use and relabels the ones it repurposes, so nobody types a port number into a REST connection. It’s the difference between a connection form that reads as “your integration” and one that reads as “generic HTTP, good luck.”

There’s a sibling method, get_connection_form_widgets, which promotes a setting you’d otherwise bury in extra — say api_version — into a labelled box of its own. It still exists on BaseHook in 3.x, but be careful with the examples you’ll find for it: nearly all of them open with

from flask_appbuilder.fieldwidgets import BS3TextFieldWidget
from wtforms import StringField

and that is 2.x code. Airflow 3 replaced the Flask/FAB webserver with the React UI, and flask_appbuilder is no longer installed with core Airflow — that import raises ModuleNotFoundError on a stock 3.x environment unless you’ve pulled in the FAB provider. If you’re only adding your own hook to your own deployment, put the extra settings in extra and read them through extra_dejson (below); it costs a JSON key and buys you code that survives the UI rewrite.

The link between a conn_type string and your hook class is hook discovery. A Connection object carries a get_hook() method, and calling it hands back an instance of the right hook for that connection’s type — but only if Airflow knows the mapping. For a hook living in include/, that mapping comes from the class attributes above; for a packaged provider, it comes from the connection-types entry in the provider’s get_provider_info metadata, which Airflow reads at startup to build the whole registry of connection types, widgets, and field behaviours. This is why a freshly-installed provider makes its connection type appear in the UI dropdown with no further wiring: the metadata is the registration. When you write conn.get_hook() in a generic operator — one that shouldn’t hardcode which system it talks to — you’re leaning on exactly this registry to resolve the concrete hook at runtime from the connection the user picked.

The operator lifecycle is more than execute

execute is the method you’ll write ninety percent of the time, but BaseOperator gives you hooks around it, and one of them is not optional in production.

pre_execute(context) and post_execute(context, result) run immediately before and after execute, on the same worker, inside the same try/except. They’re the place for setup and teardown that you want logged as part of the task but kept out of the core logic — validating that a required connection exists before you do real work, or emitting a metric with the row count after. They’re genuinely optional; reach for them only when the bracketing logic would clutter execute.

on_kill is the one that matters. When a task is killed — a timeout fires, someone clears it from the UI, the scheduler decides it’s a zombie — Airflow calls on_kill so you can clean up. If your operator kicked off work in an external system (submitted a Spark job, opened a long transaction, started a warehouse query), the default kill just stops the Airflow process and leaves the external job running, burning money and holding locks. on_kill is where you cancel it:

    def execute(self, context):
        hook = BookshopApiHook(conn_id=self.conn_id)
        self._job_id = hook.start_export(self.endpoint, since=self.since)
        return hook.wait_for_export(self._job_id)

    def on_kill(self):
        if getattr(self, "_job_id", None):
            BookshopApiHook(conn_id=self.conn_id).cancel_export(self._job_id)
            self.log.info("Cancelled bookshop export %s", self._job_id)

The rule of thumb: if execute starts anything that outlives the Python function, you owe it an on_kill. Note the two ways you land there: an execution_timeout on the task (the modern replacement for the removed SLA machinery — set a timeout and Airflow kills the task when it blows past it) and a manual clear or a zombie detection when the worker dies. Both funnel through on_kill, so it’s the single place to make your operator a good tenant of shared infrastructure. Guard it defensively — on_kill can fire before execute has assigned self._job_id, which is why the example reads it through getattr with a default rather than assuming the attribute exists. The fourth lifecycle method, execute_complete, belongs to deferrable operators — that’s the next section.

A deferrable custom operator, end to end

The sensors chapter makes the case for deferring: a task that’s only waiting shouldn’t pin a worker. That chapter uses the built-in flavours; here’s how you author the deferrable path in your own operator, because it’s a different shape from a plain execute.

The idea: execute does the synchronous part, then hands off a small async trigger to the triggerer and steps aside by calling self.defer. The triggerer runs the trigger’s coroutine cheaply. When the condition fires, Airflow resumes your operator by calling the method you named — conventionally execute_complete.

First the trigger. It subclasses BaseTrigger, which requires exactly two things: serialize, which returns the classpath and the kwargs needed to rebuild it (because the trigger is stored and reconstructed in the triggerer process), and an async run that yields a TriggerEvent when done.

import asyncio
from airflow.triggers.base import BaseTrigger, TriggerEvent


class BookshopExportTrigger(BaseTrigger):
    def __init__(self, conn_id, job_id, poll_interval=30):
        super().__init__()
        self.conn_id = conn_id
        self.job_id = job_id
        self.poll_interval = poll_interval

    def serialize(self):
        return (
            "bookshop.triggers.BookshopExportTrigger",
            {"conn_id": self.conn_id, "job_id": self.job_id,
             "poll_interval": self.poll_interval},
        )

    async def run(self):
        hook = BookshopApiHook(conn_id=self.conn_id)
        while True:
            status = await hook.async_export_status(self.job_id)
            if status == "ready":
                yield TriggerEvent({"status": "ready", "job_id": self.job_id})
                return
            await asyncio.sleep(self.poll_interval)

Two things make this correct. The run loop uses await asyncio.sleep, not time.sleep — the whole point is that the coroutine yields control back to the triggerer’s event loop while it waits, so thousands of these share one process. And serialize returns only JSON-friendly primitives; the triggerer rebuilds the trigger from exactly those kwargs, so nothing stateful can hide on the instance.

Now the operator defers to it:

    def execute(self, context):
        hook = BookshopApiHook(conn_id=self.conn_id)
        job_id = hook.start_export(self.endpoint, since=self.since)
        self.defer(
            trigger=BookshopExportTrigger(conn_id=self.conn_id, job_id=job_id),
            method_name="execute_complete",
        )

    def execute_complete(self, context, event=None):
        if event["status"] != "ready":
            raise RuntimeError(f"Export failed: {event}")
        hook = BookshopApiHook(conn_id=self.conn_id)
        rows = hook.fetch_export(event["job_id"])
        hook.load_to_warehouse(rows, table=self.table)
        return len(rows)

execute runs on a worker just long enough to kick off the export and get a job id, then self.defer raises a special exception that suspends the task and registers the trigger. The worker slot is released. When the trigger yields its TriggerEvent, the scheduler schedules execute_complete on a worker, passing the event payload — and that’s where you do the fast follow-up work. The event dict is whatever you put in the TriggerEvent, so keep it small and serializable. Note the payoff: the operator holds a worker for two short bursts instead of one long wait, and the waiting itself costs a coroutine.

Two footguns to respect. The hook method the trigger awaits — async_export_status above — has to be genuinely async: a blocking requests call inside a coroutine stalls the entire triggerer event loop and starves every other trigger sharing it, so use an async HTTP client (or run the blocking call in a thread executor). And self.defer accepts a timeout for the wait itself; without one, a trigger whose condition never fires waits forever, holding nothing but never finishing. Set it, and pair it with the same execute_complete handling a failure event so a stuck export surfaces as a failed task instead of a silent hang.

Testing a custom operator

The reason to build this at all is testability, so prove it. A hook is a plain object — instantiate it, mock get_connection, assert fetch builds the right URL, no Airflow runtime involved. The operator has one Airflow-specific thing worth testing directly: that its template_fields actually render. You can drive that without a scheduler by rendering the operator inside a DAG context:

import datetime
from airflow.sdk import DAG


def test_endpoint_templating():
    with DAG("t", start_date=datetime.datetime(2026, 1, 1)) as dag:
        op = BookshopApiToWarehouseOperator(
            task_id="load",
            conn_id="bookshop_api_default",
            endpoint="orders/{{ params.region }}",
            since="{{ ds }}",
            table="load_orders.sql",
        )
    op.render_template_fields({"params": {"region": "eu"}, "ds": "2026-04-25"})

    assert op.endpoint == "orders/eu"
    assert op.since == "2026-04-25"

Note that render_template_fields returns None — it rewrites the operator’s attributes in place. So you call it for the side effect and then assert against op itself; there is no rendered copy handed back, and trying to capture one is a common way to end up asserting against None.

Rendering the template fields against a fake context and asserting the resolved values is the cheapest real test you can write for an operator, and it catches the most common bug: a field you forgot to list in template_fields, which silently ships the literal {{ params.region }} string to your API. Because table ends in .sql and is in template_ext, the same machinery would load and render that file — a good second assertion once the query file exists.

Where this code lives, and when to package it

An Astro (Astronomer) project is a directory with dags/, include/, plugins/, and a Dockerfile. Your operator and hook are just importable Python, so you have three homes, in rough order of ceremony:


	
A module under include/ — put bookshop.py there (or a package you add to the image) and from bookshop import BookshopApiToWarehouseOperator in your DAGs. Simplest path, prefer it for a single project.



	
The plugins/ folder — Airflow adds it to the path automatically, and it’s where the plugin system looks to register operator extra links. If you want a “Open in Bookshop console” button on the task instance page, you subclass BaseOperatorLink, give it a name and a get_link that returns a URL, and expose it via the operator’s operator_extra_links:

from airflow.sdk import BaseOperatorLink

class BookshopConsoleLink(BaseOperatorLink):
    name = "Bookshop console"

    def get_link(self, operator, *, ti_key):
        return f"https://console.bookshop.dev/exports?endpoint={operator.endpoint}"

class BookshopApiToWarehouseOperator(BaseOperator):
    operator_extra_links = (BookshopConsoleLink(),)

get_link receives the operator instance and a ti_key identifying the exact run, so the button can deep-link to that task’s job in the external system. It’s a small thing that saves an on-call engineer three clicks at 2am, and that kind of glue belongs in a plugin.



	
A real provider package — when the integration is shared across repositories, not just DAGs, you package it as an installable provider (a pip-installable distribution with a get_provider_info entry point that registers your hook’s conn_type, connection widgets, and extra links). Now pip install airflow-provider-bookshop gives any Airflow instance your connection type in the UI dropdown and your operators on the path. It’s more work and only pays off at that scope — but it’s the same mechanism the official providers use, and there’s nothing magic about it.





Either of the first two: astro dev start bakes the code into the local image and the UI at localhost:8080 runs your DAGs against it. Restart the project after adding a new module so the image picks it up.

The other two bookshop hooks

BookshopApiHook is the one worth building from scratch, because it shows the whole pattern. But the rest of this book — and the test suite in chapter 09 — leans on two siblings, so here they are in full. They live beside it in include/bookshop.py, and there is nothing surprising in either; that’s rather the point.

# include/bookshop.py  (alongside BookshopApiHook)
from airflow.sdk import BaseHook
from airflow.providers.amazon.aws.hooks.s3 import S3Hook
from airflow.providers.postgres.hooks.postgres import PostgresHook


class BookshopStorageHook(BaseHook):
    """Finds the files the bookshop's partners drop for us."""

    conn_type = "bookshop_storage"
    hook_name = "Bookshop Storage"

    def __init__(self, conn_id="bookshop_storage_default"):
        super().__init__()
        self.conn_id = conn_id

    def list_keys(self, prefix: str) -> list[str]:
        conn = self.get_connection(self.conn_id)
        bucket = conn.extra_dejson["bucket"]
        return S3Hook(aws_conn_id=self.conn_id).list_keys(bucket, prefix=prefix) or []


class BookshopWarehouseHook(BaseHook):
    """Writes into the warehouse the marts are built from."""

    conn_type = "bookshop_warehouse"
    hook_name = "Bookshop Warehouse"

    def __init__(self, conn_id="bookshop_warehouse_default"):
        super().__init__()
        self.conn_id = conn_id

    def copy_into(self, key: str, *, table: str, batch_rows: int = 5_000) -> int:
        pg = PostgresHook(postgres_conn_id=self.conn_id)
        with pg.get_conn() as conn, conn.cursor() as cur:
            cur.execute(
                f"COPY {table} FROM PROGRAM %s WITH (FORMAT csv, HEADER true)",
                (f"aws s3 cp s3://{key} -",),
            )
            return cur.rowcount

Both are deliberately thin — they wrap a provider hook and expose one verb each, named for what the bookshop does rather than for what the underlying system is called. That’s the whole discipline: list_keys(prefix) and copy_into(key, table=…) are the vocabulary your DAGs speak, and the day you migrate off S3 or Postgres, the DAGs don’t change.

Final thoughts

The instinct to reach for a custom operator early is usually wrong, and the instinct to keep copy-pasting is worse. The honest rule is that operators and hooks aren’t about capability — a @task can do anything they can — they’re about reuse and testability. You extract them the same day you notice you’re maintaining the integration in more than one file. But once you commit, do it fully: list your template_fields, wire an on_kill for anything external, read config from extra_dejson, and give the hook the discovery metadata that makes its connection form legible. Get the split right — operator thin, hook does the work, trigger for the waiting — and the class you write isn’t overhead, it’s the version of the integration you can finally cover with tests.





Sensors and Deferrable Operators: Waiting Without Wasting

The bookshop’s orders don’t arrive on your schedule. An upstream job drops a CSV into object storage sometime after midnight — usually by 00:20, occasionally at 02:00 when their source system is slow. Your load can’t start until that file exists. So you write a sensor: a task whose whole job is to wait until a condition is true, then let the pipeline proceed.

Sensors are one of Airflow’s oldest ideas and one of its easiest to misuse. The naive version works fine in a demo and quietly wrecks your cluster in production, because “wait for two hours” and “hold a worker slot for two hours” turn out to be the same sentence unless you say otherwise.

A sensor is a poll with a timeout

At heart a sensor repeatedly asks a yes/no question — is the file here? is the partition ready? — until the answer is yes or it gives up. In TaskFlow you write one with @task.sensor:

from airflow.sdk import task
from airflow.sdk.definitions.context import Context


@task.sensor(poke_interval=60, timeout=2 * 60 * 60, mode="reschedule")
def wait_for_orders_csv(hook, key):
    return hook.object_exists(key)

The function returns truthy when the condition is met. Between checks, the sensor sleeps for poke_interval and tries again, giving up after timeout. The interesting argument is mode, and it’s the one people get wrong.

In poke mode (the default), the sensor holds its worker slot the entire time it waits. It sits in the process, sleeps sixty seconds, wakes, checks, sleeps again. For a five-second wait that’s fine. For a two-hour wait it means one of your worker slots is doing nothing but napping — and if you have a handful of these across your DAGs, they can starve real work out of the pool. This is the classic Airflow footgun: a cluster that looks busy and produces nothing.

In reschedule mode, the sensor checks once, and if the answer is no it releases the slot and asks the scheduler to run it again after poke_interval. Between pokes it holds nothing. The trade is granularity — you can’t poll every second in reschedule mode without hammering the scheduler, so it suits waits measured in minutes, which most file-arrival waits are. For the bookshop CSV, reschedule mode with a sixty-second interval is a reasonable default. But it has a caveat sharp enough to deserve its own section, so hold that thought.

Timeout is a policy, not just a number

Before we get to modes, notice how much behavior hangs off what happens when a sensor gives up. timeout is the wall-clock ceiling — measured from the task’s first poke, not from DAG start — and when it’s crossed the sensor raises AirflowSensorTimeout, which by default fails the task. A failed sensor fails the DAG run, and everything downstream is blocked. Sometimes that’s exactly right: if the nightly orders file never lands, you want a red run and a page.

But often a missing input isn’t a failure, it’s an absence — the upstream job didn’t run today because it was a holiday, and there’s nothing to load. For that you want soft_fail=True:

@task.sensor(
    poke_interval=60,
    timeout=90 * 60,
    mode="reschedule",
    soft_fail=True,
)
def wait_for_orders_csv(hook, key):
    return hook.object_exists(key)

With soft_fail, a timeout skips the task instead of failing it. The distinction propagates: a skipped sensor, under the default trigger rule, skips its downstream tasks rather than marking them failed. So soft_fail=True is how you say “if the file isn’t here, quietly do nothing today” versus “if the file isn’t here, wake me up.” Choose deliberately — a soft-failing sensor guarding a critical load can hide a genuine upstream outage behind a wall of green-with-skips.

Two more knobs shape the polling itself. exponential_backoff=True stops the sensor from polling on a fixed cadence and instead lengthens the gap between pokes over time — 60s, then longer, then longer still — which is kind to a rate-limited API you’re checking. Pair it with max_wait (a timedelta) to cap how large that gap is allowed to grow, so an all-night wait doesn’t back off to checking once an hour:

from datetime import timedelta

from airflow.providers.http.sensors.http import HttpSensor

wait_for_upstream_api = HttpSensor(
    task_id="wait_for_upstream_api",
    http_conn_id="orders_api",
    endpoint="v1/exports/{{ ds }}/status",
    response_check=lambda r: r.json().get("state") == "ready",
    poke_interval=30,
    exponential_backoff=True,
    max_wait=timedelta(minutes=5),
    timeout=2 * 60 * 60,
)

And silent_fail=True handles the case where the check itself errors — a transient connection reset while poking S3, say. Normally an exception inside a poke fails the task immediately; silent_fail logs it and treats that poke as “not yet,” so a flaky check doesn’t nuke a two-hour wait over one dropped packet. It’s the difference between “the condition is false” and “I couldn’t tell,” and you usually want the latter to be patient rather than fatal.

The reschedule-mode caveat nobody mentions

Reschedule mode sounds like a free win — release the slot, poll again later, no worker pinned. It is not free, and the way it isn’t free has starved more than one cluster.

When a reschedule-mode sensor releases its slot, the task instance does not leave the scheduler’s world. It enters the up_for_reschedule state, and it comes back every poke_interval to run one poke. Each of those pokes is a real task-instance execution: it counts against max_active_tis_per_dag, it draws from whatever pool the task is assigned to, and it’s subject to the scheduler’s parallelism limits exactly like any other task. Reschedule mode doesn’t make the sensor cost nothing — it makes it cost briefly, repeatedly instead of continuously.

That distinction bites in two ways. First, poke_interval has a floor you don’t set: the scheduler loop. The scheduler only notices that an up_for_reschedule task is due to run again when it comes around on its next loop. If your scheduler loop is running every few seconds under load, a poke_interval=5 is a fiction — you’ll get pokes spaced by the loop, not by your five seconds. Reschedule mode is honest only at minute-ish granularity; ask it for sub-minute polling and it silently rounds up to whatever the scheduler can manage.

Second, and worse, is the starvation math. Suppose you give your sensors a pool of 16 slots to keep them from crowding out real loads. Now imagine 20 DAGs, each with a reschedule-mode sensor waiting on a file, all firing at roughly the same time after midnight. Twenty sensors want to poke; the pool has 16 slots. Four sensors queue behind the pool, waiting for a slot just to ask a yes/no question. Meanwhile the sixteen that got in poke, find nothing, and reschedule — and on the next loop all twenty are contending again. You’ve built a system where tasks compete for the privilege of checking whether they can start, and if the pool is small relative to the fan-in of waiters, some of them get reschedule-starved: perpetually near the back of the queue, poking far less often than their poke_interval claims, occasionally not making it in before their timeout expires. The failure looks baffling — “my sensor timed out but the file was there for an hour” — and the cause is that it never got a slot to look.

The lesson isn’t “don’t use reschedule mode.” It’s that reschedule mode moves the cost from worker slots to scheduler churn and pool contention, and if you have many sensors waking at once, that new cost is real and needs a pool sized for the peak count of simultaneous waiters, not the average. Or — and this is where the chapter is heading — you sidestep the whole trade with deferrable operators, which don’t consume a task-instance slot to wait at all.

Deferrable is the real fix

Reschedule mode solves the pinned-slot problem by re-queuing the task over and over, and we just saw what that re-queuing costs. There’s a cleaner mechanism built for exactly this: deferrable operators, backed by triggers.

A deferrable task runs until it hits a point where it must wait, then defers — it raises out of its worker entirely, handing a small async trigger to a separate process called the triggerer. The triggerer runs hundreds or thousands of these triggers concurrently on an asyncio event loop, cheaply, because a trigger that’s waiting on a file is just an idle coroutine. When the trigger’s condition fires, it wakes the task back up on a worker to finish. During the wait, the deferred task occupies no worker slot, no pool slot, and no scheduler queue — it’s a coroutine in the triggerer costing almost nothing. That’s the crucial contrast with reschedule mode: a deferred task is not up_for_reschedule coming back to poke; it’s deferred, entirely off the scheduler’s execution path until the trigger says go.

Many built-in operators and sensors ship a deferrable path behind a deferrable=True flag:

from airflow.providers.amazon.aws.sensors.s3 import S3KeySensor

wait_for_orders = S3KeySensor(
    task_id="wait_for_orders",
    bucket_name="bookshop-dropbox",
    bucket_key="orders/{{ ds }}/orders.csv",
    deferrable=True,
)

Under the hood the task defers to a trigger that polls the bucket asynchronously and resumes your DAG the instant the orders CSV appears. The behavior your DAG sees is identical to a plain sensor; what changed is that a two-hour wait no longer costs you a worker or a pool slot or a scheduler loop’s worth of churn.

If you’d rather not repeat deferrable=True on every sensor in the project, set it once. The default_deferrable config ([operators] default_deferrable = True, or AIRFLOW__OPERATORS__DEFAULT_DEFERRABLE=True) flips the default for every operator that supports deferral, so a plain S3KeySensor(...) becomes deferrable without the flag. It’s a good project-wide default once you’ve confirmed the triggerer is running everywhere your DAGs run.

Which sensors actually honor deferrable=True? As of the current providers, the common ones do: S3KeySensor and the GCS object sensors, the SQL sensors (SqlSensor), HttpSensor, the time-based DateTimeSensor and TimeDeltaSensor, and ExternalTaskSensor. Some older or niche sensors — and, notably, any @task.sensor you write yourself — have no async path and ignore the flag; they only ever poke. When in doubt, check whether the sensor exposes a deferrable argument at all. If it doesn’t, poke versus reschedule is your only lever, and the previous section’s math applies.

There’s an older, more explicit form you’ll still see: sensors with an Async suffix, like DateTimeSensorAsync, which are hard-wired to defer with no flag to toggle:

from airflow.providers.standard.sensors.date_time import DateTimeSensorAsync

wait_until_load_window = DateTimeSensorAsync(
    task_id="wait_until_load_window",
    target_time="{{ logical_date.add(hours=1) }}",
)

The deferrable=True flag on the non-Async class is the newer, preferred spelling — same effect, one class instead of two.

Building your own deferrable sensor

Consuming deferrable=True is the easy 90%. The instructive part — and the thing that separates people who use Airflow from people who extend it — is writing a deferrable operator when no provider ships the wait you need. The bookshop’s upstream team, for instance, doesn’t drop a file; they flip a row in a “batch manifest” table to status = 'CLOSED' when the day’s orders are final. No off-the-shelf sensor knows about that table. So we build one.

A custom deferrable component has two halves that talk across the worker/triggerer boundary:


	A trigger: a BaseTrigger subclass with an async run() that does the actual non-blocking waiting and yields a TriggerEvent when the condition is met, plus a serialize() that lets the trigger be stored in the metadata DB and rehydrated in the triggerer.

	An operator (or sensor): whose execute() calls self.defer(...) to hand off the trigger, and whose execute_complete() is called when the trigger fires.



Here’s the trigger. Its whole job is to poll the manifest table asynchronously and resolve when the batch is closed:

import asyncio
from typing import Any, AsyncIterator

from airflow.triggers.base import BaseTrigger, TriggerEvent
from airflow.providers.postgres.hooks.postgres import PostgresHook


class BatchClosedTrigger(BaseTrigger):
    def __init__(self, conn_id: str, batch_date: str, poke_interval: float = 60.0):
        super().__init__()
        self.conn_id = conn_id
        self.batch_date = batch_date
        self.poke_interval = poke_interval

    def serialize(self) -> tuple[str, dict[str, Any]]:
        return (
            "bookshop.triggers.BatchClosedTrigger",
            {
                "conn_id": self.conn_id,
                "batch_date": self.batch_date,
                "poke_interval": self.poke_interval,
            },
        )

    async def run(self) -> AsyncIterator[TriggerEvent]:
        while True:
            status = await self._fetch_status()
            if status == "CLOSED":
                yield TriggerEvent({"status": "success", "batch_date": self.batch_date})
                return
            await asyncio.sleep(self.poke_interval)

    async def _fetch_status(self) -> str | None:
        hook = PostgresHook(postgres_conn_id=self.conn_id)
        sql = "SELECT status FROM batch_manifest WHERE batch_date = %s"
        # run the sync DB call in a thread so it doesn't block the event loop
        row = await asyncio.to_thread(hook.get_first, sql, parameters=(self.batch_date,))
        return row[0] if row else None

Three things in there are load-bearing. First, serialize() returns the fully-qualified path to the trigger class plus a plain-dict of constructor kwargs. When your operator defers, Airflow serializes the trigger by that tuple, writes it to the DB, and the triggerer reconstructs it by importing that path and calling __init__(**kwargs). That’s why every argument the trigger needs must be a JSON-serializable kwarg — no live hook object, no connection, just the conn_id string it can rebuild from.

Second, run() is an async generator. It loops, checks, awaits a sleep, and the moment the batch is closed it yields exactly one TriggerEvent carrying whatever payload you want to hand back to the task, then returns to end the coroutine. The event dict is arbitrary; put a status flag in it so execute_complete can distinguish success from a soft-failure signal.

Third — and this is the rule that trips everyone — the event loop must never block. The triggerer is running your run() alongside potentially thousands of others on a single asyncio loop. A synchronous hook.get_first(...) would block that loop, freezing every other trigger in the process until your DB call returns. That’s why the DB call is wrapped in asyncio.to_thread(...): it shoves the blocking psycopg call onto a thread-pool so the event loop stays free. Any real network or disk I/O in a trigger has to go through a genuinely async client or a thread offload. If you take one thing from this section: no synchronous I/O in run().

Now the sensor that uses it:

from typing import Any

from airflow.sdk.bases.sensor import BaseSensorOperator
from airflow.sdk.definitions.context import Context
from airflow.exceptions import AirflowException

from bookshop.triggers import BatchClosedTrigger


class BatchClosedSensor(BaseSensorOperator):
    def __init__(self, *, conn_id: str, batch_date: str, **kwargs):
        super().__init__(**kwargs)
        self.conn_id = conn_id
        self.batch_date = batch_date

    def execute(self, context: Context) -> None:
        self.defer(
            trigger=BatchClosedTrigger(
                conn_id=self.conn_id,
                batch_date=self.batch_date,
                poke_interval=self.poke_interval,
            ),
            method_name="execute_complete",
            timeout=self.execution_timeout,
        )

    def execute_complete(self, context: Context, event: dict[str, Any]) -> str:
        if event.get("status") != "success":
            raise AirflowException(f"Batch never closed: {event}")
        self.log.info("Batch %s closed; proceeding.", event["batch_date"])
        return event["batch_date"]

The flow reads cleanly once you see the handoff. execute() runs on a worker, immediately calls self.defer(...), and that call raises a special exception that unwinds the task off the worker — the worker slot is now free. Airflow persists the trigger, the triggerer picks it up and runs BatchClosedTrigger.run(), and when that coroutine yields its TriggerEvent, Airflow schedules the task back onto a worker and calls the method named in method_name — here execute_complete — passing the event payload. execute_complete runs the resolution logic: it inspects the event, and its return value becomes the task’s XCom, just as a normal execute return would. The timeout= on defer is the deferred-side deadline; if the trigger never fires within it, the task is failed with a timeout rather than hanging forever.

That last point is a subtlety worth naming. A classic sensor’s timeout produces AirflowSensorTimeout from the poking loop on the worker. A deferred task doesn’t poke on a worker, so its timeout is enforced differently — by the timeout you pass to self.defer, tracked while the trigger is parked in the triggerer. Same intent, different machinery, and the deferred version doesn’t burn a worker while the clock runs.

@task.sensor, revisited: hooks, keys, and PokeReturnValue

Back at the top we wrote a @task.sensor with hook and key parameters and glossed over where those come from. The decorated function is a poke: it’s called repeatedly, and Airflow doesn’t magically inject a hook — you supply the arguments the same way you’d feed any TaskFlow function. The cleanest way is a closure over the hook, or partial application:

from airflow.providers.amazon.aws.hooks.s3 import S3Hook


@task.sensor(poke_interval=60, timeout=2 * 60 * 60, mode="reschedule")
def wait_for_orders_csv(bucket: str, key: str):
    hook = S3Hook(aws_conn_id="bookshop_s3")
    return hook.check_for_key(key, bucket_name=bucket)


# in the DAG body:
wait_for_orders_csv(bucket="bookshop-dropbox", key="orders/{{ ds }}/orders.csv")

Building the hook inside the poke (rather than passing a live hook object in) matters for the same serialization reason as before, and it keeps the connection fresh across reschedules. If you want one sensor per key over a list of keys, @task.sensor supports .expand() just like any mapped task — wait_for_orders_csv.partial(bucket="bookshop-dropbox").expand(key=[...]) fans out a sensor per key, each waiting independently.

The genuinely useful feature hiding in @task.sensor is PokeReturnValue. A plain sensor returns truthy to mean “done” and nothing else — the downstream task learns that the condition was met but not what the poke saw. PokeReturnValue lets a sensor both signal completion and push an XCom in the same breath:

from airflow.sdk.bases.sensor import PokeReturnValue


@task.sensor(poke_interval=60, timeout=2 * 60 * 60, mode="reschedule")
def wait_for_manifest(bucket: str, prefix: str):
    hook = S3Hook(aws_conn_id="bookshop_s3")
    keys = hook.list_keys(bucket_name=bucket, prefix=prefix)
    if not keys:
        return PokeReturnValue(is_done=False)
    return PokeReturnValue(is_done=True, xcom_value=sorted(keys))

When is_done is True, the sensor completes and the xcom_value is pushed as the task’s return XCom, so the downstream load can pull the exact list of keys that landed without re-listing the bucket. When is_done is False, the sensor keeps waiting. It turns a sensor from a pure gate into a gate-that-hands-you-the-goods, which removes a redundant “now go find what I was waiting for” task downstream.

ExternalTaskSensor and cross-DAG waits

The single most common real-world sensor isn’t waiting on a file — it’s waiting on another DAG. The bookshop’s daily_load DAG must not build reports until the daily_ingest DAG has finished landing today’s data, and those are separate DAGs on the same schedule. ExternalTaskSensor is the canonical tool:

from airflow.providers.standard.sensors.external_task import ExternalTaskSensor

wait_for_ingest = ExternalTaskSensor(
    task_id="wait_for_ingest",
    external_dag_id="daily_ingest",
    external_task_id="finalize_load",
    allowed_states=["success"],
    failed_states=["failed", "upstream_failed"],
    poke_interval=120,
    timeout=3 * 60 * 60,
    deferrable=True,
)

Two details make or break it. First, alignment: by default ExternalTaskSensor looks for a run of the external DAG at the same logical date as the sensor’s own run. If the two DAGs share a schedule that’s automatic; if their schedules differ, you must supply execution_date_fn or execution_delta to point the sensor at the right upstream run, or it’ll wait forever for a run that doesn’t exist. Second, set failed_states — without it, the sensor treats an upstream failure as merely “not success yet” and keeps waiting until timeout, turning a fast upstream failure into a three-hour hang. Listing failed and upstream_failed in failed_states lets the sensor give up immediately when the thing it’s waiting for has clearly died.

For mode, ExternalTaskSensor is one of the sensors that ships deferrable=True, and cross-DAG waits are often long (a full upstream pipeline), so deferrable is usually the right call here — it’s precisely the “long, variable wait, possibly many at once” case the triggerer was built for. Reschedule mode works too and is fine when you don’t run the triggerer, but remember the pool math from earlier: a fleet of report DAGs all waiting on ingest via reschedule-mode ExternalTaskSensor is exactly the fan-in that starves a small sensor pool.

The prerequisite people forget

Everything deferrable in this chapter — deferrable=True, the Async sensors, your hand-built BatchClosedSensor — depends on the triggerer process actually running. In an Astro project astro dev start brings it up alongside the scheduler and workers, so locally it just works. On a cluster you manage yourself, confirm the triggerer is deployed before you scatter deferrable=True across your DAGs, or those tasks will defer into a void and never resume. The triggerer supports HA — you can run more than one, and triggers are distributed across them — so it isn’t a single point of failure, but it does have to be there. It’s the one piece of infrastructure that turns “wait cheaply” from a promise into a fact.

Final thoughts

A sensor is the rare Airflow component where the default setting is the dangerous one. poke mode reads as harmless — it’s just waiting — and that’s exactly why it slips into production and quietly eats a pool. Reschedule mode looks like the cure until you do the arithmetic and find you’ve traded a pinned worker for pool contention and scheduler churn that can starve the very sensors you were trying to make cheap. The mental model worth keeping is that waiting and occupying a resource are separable, and the whole progression — from poke to reschedule to deferrable, and finally to writing your own trigger with a non-blocking run() — is Airflow prying those two apart. Once the triggerer is running, “wait for the file” stops being a resource decision and goes back to being what it should have been all along: a line in your DAG that costs nothing until the world is ready.





Dynamic Task Mapping and TaskGroups: Fan Out, Stay Tidy

The bookshop reports orders per region, and the regions aren’t fixed. Some days there are four files, some days seven, and the day they open in a new country there’s an eighth. You can’t hardcode a task per file, because you don’t know the count when you write the DAG — you only know it when today’s run inspects the bucket. The foundations book introduced .expand() and showed the shape of a fan-out. This chapter is about the parts that bite once you actually depend on mapping in production: binding the constants you don’t want to map, telling a Cartesian product from a zip before it multiplies your task count by fifty, capping the stampede against a warehouse, and collecting the results back without silently coercing a lazy sequence into a list that eats your worker’s memory.

.partial(): the constants that must not fan out

Here’s the mistake everyone makes on their second mapped task. The first one maps a single argument and reads beautifully. The second one has a target table, a batch size, a retry count — arguments that are the same for every mapped instance — and there’s a temptation to jam them into the list too. Don’t. That’s what .partial() is for. .partial() binds the arguments that stay constant across every mapped instance; .expand() supplies the ones that vary. You cannot write a realistic mapped task without both, because real tasks almost always have a mix of the two.

from airflow.sdk import dag, task


@dag(schedule="@daily")
def bookshop_regional_load():
    @task
    def list_region_files(ds: str) -> list[str]:
        # `ds` is injected from the run context. Do NOT write "{{ ds }}" in a
        # task body — Jinja doesn't render there; you'd get literal braces.
        return BookshopStorageHook().list_keys(prefix=f"orders/{ds}/")

    @task
    def load_region(key: str, table: str, batch_rows: int) -> int:
        return BookshopWarehouseHook().copy_into(
            key, table=table, batch_rows=batch_rows
        )

    keys = list_region_files()
    counts = load_region.partial(table="stg_orders", batch_rows=5_000).expand(key=keys)


bookshop_regional_load()

table and batch_rows are bound once, for the whole mapped node. Only key fans out. If eight keys come back, you get eight load_region instances, every one of them writing to stg_orders in batches of five thousand, differing only in which file they read. Leave table out of .partial() and Airflow will complain that load_region is missing a required argument, because .expand() only provides the keys you mapped. The rule is simple and worth internalising: every argument the callable takes must be accounted for — mapped by .expand()/.expand_kwargs(), or pinned by .partial(). There’s no third option, and that’s a feature. It forces you to decide, per argument, whether it varies.

.partial() also carries the task-level knobs you’d normally pass to @task: retries, retry_delay, pool, queue, max_active_tis_per_dag, execution_timeout. Those apply to the mapped node as a whole and to each instance under it, which is exactly where we’re heading once the fan-out gets wide.

One expand, many args: the Cartesian trap

.expand() accepts more than one keyword. The moment you pass two mapped arguments, Airflow builds the cross product — every combination of the two lists. This is the single most misread behaviour in the whole feature, and it’s misread in the expensive direction.

# Cartesian product: 3 regions × 2 formats = 6 mapped instances
load_region.partial(table="stg_orders").expand(
    key=["us.csv", "eu.csv", "apac.csv"],
    fmt=["gzip", "raw"],
)

Three regions and two formats produce six instances: (us, gzip), (us, raw), (eu, gzip), (eu, raw), and so on. That’s genuinely what you want when the axes are independent — reprocess every region in every format. It is emphatically not what you want when the two lists are meant to line up positionally, one key paired with its own matching table. Do that with the cross product and three regions each with their own table become nine instances, six of which write the wrong region into the wrong table. The failure isn’t an error; it’s a quietly wrong result, which is worse.

When you want the lists zipped — the first key with the first table, the second with the second, no combinatorics — you have two tools. The first is .expand_kwargs(), which takes a list of dicts and creates exactly one instance per dict:

# Zipped: one instance per dict, key paired with its own table
load_region.partial(batch_rows=5_000).expand_kwargs([
    {"key": "orders/us.csv", "table": "stg_orders_us"},
    {"key": "orders/eu.csv", "table": "stg_orders_eu"},
    {"key": "orders/apac.csv", "table": "stg_orders_apac"},
])

Three dicts, three instances, each argument taken straight from its dict. No products, no accidental multiplication. expand_kwargs is the right call whenever the per-item difference is more than a single value and the values are pre-paired. And crucially, its argument can itself be an XComArg — the output of an upstream task that assembles those dicts at runtime — so you’re not limited to literals:

@task
def plan_region_jobs(ds: str) -> list[dict]:
    keys = BookshopStorageHook().list_keys(prefix=f"orders/{ds}/")
    return [{"key": k, "table": f"stg_orders_{region_of(k)}"} for k in keys]

load_region.partial(batch_rows=5_000).expand_kwargs(plan_region_jobs())

Now the fan-out width and the per-instance argument pairing are both decided during the run. That’s the pattern to reach for when each region needs a genuinely different set of parameters, not just a different key.

Transform before you expand: .map(), .zip(), and dicts

The second way to zip lives on XComArg itself, and it’s lighter than a whole extra task. Any task output is an XComArg, and XComArg carries lazy transforms you can chain before expanding — they don’t create their own task instances, they reshape the sequence in place.

.zip() pairs two (or more) upstream outputs into tuples, the way Python’s zip does:

keys = list_region_files()          # ["us.csv", "eu.csv", ...]
tables = derive_tables(keys)        # ["stg_orders_us", "stg_orders_eu", ...]

@task
def load_pair(pair: tuple[str, str]) -> int:
    key, table = pair
    return BookshopWarehouseHook().copy_into(key, table=table)

load_pair.expand(pair=keys.zip(tables))

By default .zip() stops at the shortest input, exactly like the builtin; pass default= for zip_longest behaviour when the lists can differ in length. There’s a sibling, .concat(), that chains sequences end to end rather than pairing them — keys_a.concat(keys_b) gives you one combined list to map over, without materialising either in a task.

.map() applies a plain Python function to each element before it reaches .expand(). The callable must be an ordinary function — not a @task — takes one argument, and runs inline as part of resolving the mapping:

def to_job(key: str) -> dict:
    return {"key": key, "table": f"stg_orders_{key.split('/')[1]}"}

load_region.partial(batch_rows=5_000).expand_kwargs(
    list_region_files().map(to_job)
)

One thing that trips people up: inside a .map() function you skip an item by raising AirflowSkipException, not by returning None. Return None and you get a mapped instance that receives None and probably explodes; raise the skip and that index simply drops out of the fan-out. It’s the map-side equivalent of filtering.

And then there’s expanding over a dict directly. If the value you hand .expand() is a dict rather than a list, Airflow maps over its items — one mapped instance per key-value pair, and each instance receives a (key, value) tuple:

@task
def region_thresholds() -> dict[str, int]:
    return {"us": 10_000, "eu": 8_000, "apac": 3_000}

@task
def check_region(item: tuple[str, int]) -> None:
    region, min_rows = item
    BookshopWarehouseHook().assert_min_rows(region, min_rows)

check_region.expand(item=region_thresholds())

Three keys, three instances, each unpacking its own (region, min_rows) pair. The map index in the UI even shows the dict key, so check_region["us"] is legible at a glance instead of an anonymous [0]. Reach for dict-expansion when the identity of each item matters and you’d otherwise be threading a separate lookup table alongside a positional list.

Naming the instances: map_index_template

Dict-expansion gets legible labels for free, but list-expansion doesn’t — map over eight file keys and the grid shows load_region[0] through load_region[7], which tells you nothing when instance [5] fails at 3 a.m. and you need to know which region it was. map_index_template fixes that. It’s a Jinja template, rendered after the task body runs, that overrides the label shown in the UI and referenced in the logs. Because it renders post-execution, it can read anything you computed during the run — you stash the value on the task context and name the template after it:

from airflow.sdk import task, get_current_context


@task(map_index_template="{{ region }}")
def load_region(key: str, table: str) -> int:
    context = get_current_context()
    context["region"] = key.split("/")[1]   # e.g. "eu"
    return BookshopWarehouseHook().copy_into(key, table=table)

Now the grid shows load_region[eu] beside load_region[us], and the instance that failed names the region that failed with it. Since the template resolves against the live context, it isn’t limited to inputs — you can label an instance by the row count it loaded, the source filename it resolved, whatever makes triage a glance instead of a per-index log dive. On a wide, mixed fan-out this small annotation pays for itself the first time something breaks.

The labels aren’t only cosmetic. A mapped task instance is still individually addressable, so once you’ve identified the one bad region you can clear and re-run just that instance from the grid — right-click, clear, and only load_region[eu] re-queues while the other seven stay done. A named index turns that from guesswork into a single deliberate action, which matters most on exactly the wide fan-outs where you’d otherwise be re-running the whole mapped node to fix one file.

Bounding the fan-out: pools, max_active_tis_per_dag, max_map_length

Dynamic does not mean unbounded, and the bookshop warehouse will remind you of that the first time a mapping over two thousand micro-batches opens two thousand connections at once. There are three separate limits, and they do genuinely different jobs.

[core] max_map_length (default 1024) is the guardrail on how many instances a single .expand() may create. If an upstream task returns a list longer than this, the mapped task fails outright rather than spawning a runaway graph. It’s a blast-radius cap: a source file with a corrupt row count that suddenly yields fifty thousand keys should break loudly, not quietly try to schedule fifty thousand tasks. Raise it deliberately in airflow.cfg (or AIRFLOW__CORE__MAX_MAP_LENGTH) only when you’ve decided a genuinely wider fan-out is safe.

max_active_tis_per_dag caps concurrency, not count — how many mapped instances of a task run at the same time, within one DAG. You can still fan out to 800 instances; with max_active_tis_per_dag=8 on the task, only eight run concurrently and the rest queue. This is the knob for “I have hundreds of files but the warehouse tolerates eight parallel COPYs.”

load_region.partial(table="stg_orders", max_active_tis_per_dag=8).expand(key=keys)

And for the case where the constraint is shared across DAGs — a warehouse that permits, say, twelve concurrent loaders total no matter which pipeline issues them — that’s a pool. Create a bookshop_warehouse pool with twelve slots in the UI, assign it, and every mapped instance draws a slot before it runs. When the pool is full, instances wait. This is the correct tool for protecting a shared resource from a stampede, because it counts across every DAG and task that names the pool, not just within one mapped node.

load_region.partial(table="stg_orders", pool="bookshop_warehouse").expand(key=keys)

The three compose: max_map_length says this fan-out may not exceed N instances at all; max_active_tis_per_dag says no more than K of this task’s instances run together; the pool says no more than M things touch the warehouse across the whole deployment. On a wide, warehouse-bound mapping you’ll often set all three.

Collecting the results: the lazy sequence, and partial failures

The reduce step — the task that consumes a mapped output — is where a subtle performance and correctness detail lives. When a downstream task takes the collected output of a mapped task, Airflow does not hand it a plain list. It hands it a lazy proxy (you’ll see it logged as LazySelectSequence([N items])) that pulls each mapped return value from the metadata database only as you iterate. That laziness is deliberate: a mapping over a thousand instances shouldn’t load a thousand XComs into worker memory just because the reduce task started.

@task
def consolidate(counts) -> None:  # counts is a lazy sequence, not a list
    total = 0
    for c in counts:              # streamed from the DB one at a time
        total += c
    BookshopWarehouseHook().refresh_orders_mart(expected_rows=total)

consolidate(load_region.partial(table="stg_orders").expand(key=keys))

Iterate it, sum it, feed it to a generator — fine, it streams. But call list(counts), len(counts), sort it, or index into it, and you force the whole thing to materialise; Airflow will even log a “coercing lazy proxy to list, which may degrade performance” warning to tell you it happened. For a reduce, iterating is almost always enough, so prefer sum(counts) and for c in counts over anything that needs the sequence all at once.

The other thing the reduce has to survive is partial failure. If one of eight mapped instances fails, the collected sequence does not include a slot for it — the failed index is absent, not None. By default the downstream task uses the all_success trigger rule, so a single failed mapped instance means consolidate doesn’t run at all, which is usually the safe default: don’t refresh the mart from seven regions when the eighth is missing. When partial results are acceptable — refresh from whatever loaded, flag the gap — set the trigger rule explicitly:

from airflow.sdk import TriggerRule

@task(trigger_rule=TriggerRule.ALL_DONE)
def consolidate(counts) -> None:
    loaded = list(counts)  # only the successful instances' returns
    BookshopWarehouseHook().refresh_orders_mart(
        expected_rows=sum(loaded), partial=True
    )

ALL_DONE runs the reduce once every mapped instance has finished in some terminal state, and the lazy sequence contains only the successful returns. Skipped instances — the ones a .map() dropped with AirflowSkipException — are likewise simply not present. Deciding between all_success and all_done here is a real product choice, not a default to accept blindly: it’s the difference between “one bad region blocks the mart” and “one bad region silently shrinks it.”

Mapping a whole TaskGroup

Sometimes the unit that needs to fan out isn’t a task — it’s a mini-pipeline. Each region needs validating, then loading, then row-counting, three steps in sequence, and you want that trio repeated per region. @task_group.expand() maps the entire group: every mapped instance gets its own copy of the group’s internal wiring.

from airflow.sdk import task_group


@task_group
def stage_region(key: str):
    @task
    def validate(k: str) -> str:
        BookshopStorageHook().assert_schema(k)
        return k

    @task
    def load(k: str) -> int:
        return BookshopWarehouseHook().copy_into(k, table="stg_orders")

    return load(validate(key))


counts = stage_region.expand(key=list_region_files())
consolidate(counts)

Airflow builds this as a mapped task group: one collapsed node in the graph that, expanded, shows a validate → load chain per region, each chain isolated from the others. The group’s return value collects across all instances into the usual lazy sequence, so the reduce downstream works exactly as before.

Constants pin to a mapped group exactly the way they pin to a mapped task — the .partial()/.expand() split lifts wholesale from one task up to a whole mini-pipeline. If every region’s trio writes to the same staging table and shares a batch size, don’t smuggle those through key; bind them once on the group:

@task_group
def stage_region(key: str, table: str, batch_rows: int):
    @task
    def validate(k: str) -> str:
        BookshopStorageHook().assert_schema(k)
        return k

    @task
    def load(k: str, table: str, batch_rows: int) -> int:
        return BookshopWarehouseHook().copy_into(k, table=table, batch_rows=batch_rows)

    return load(validate(key), table, batch_rows)


counts = stage_region.partial(table="stg_orders", batch_rows=5_000).expand(
    key=list_region_files()
)

table and batch_rows are supplied once to the group and threaded to whichever inner tasks need them; only key fans the group out. Every rule from single-task mapping still applies — the same max_active_tis_per_dag and pool you’d set on a task can go on the group’s .partial() to cap how many chains run at once.

There’s one hard limit to know before you design around this: you cannot nest task mapping inside a mapped task group. A task inside a group that’s already being expanded cannot itself call .expand() — Airflow forbids the two-dimensional fan-out because the instance-index bookkeeping doesn’t compose. So stage_region above can map as a group, but load inside it must take a single key, not expand over a list of its own. If you find yourself wanting a mapped task within a mapped group, that’s the signal to flatten: precompute the full cross product in an upstream task and expand once over the combined list, rather than nesting.

TaskGroups as structure: deps, defaults, labels

Fan-out aside, TaskGroups earn their keep as pure organisation. A TaskGroup is UI and namespacing only — it collapses related tasks into one box in the graph and prefixes their task IDs (stage_orders.load, stage_orders.validate), so the same group can appear in several DAGs or nest inside another group without ID collisions. It creates no runtime isolation: the tasks inside still run as ordinary, independent instances on whatever executor, with no shared process, no transaction boundary, nothing. If you’re expecting a group to give you atomicity or a sandbox, you’re expecting SubDAG behaviour that TaskGroups deliberately don’t provide.

What groups do give you at the structural level is clean dependency wiring. You can set dependencies between whole groups — ingest_group >> transform_group makes every task in transform_group wait on every task in ingest_group — which reads far better than hand-wiring the boundary tasks. You can pass default_args to a group so every task inside inherits the same retries, retry_delay, or pool without repeating yourself. And Label lets you annotate the edge between tasks or groups, which is invaluable when a branch leaves a group down a “processed” versus “skipped” path:

from airflow.sdk import Label

ingest_group >> Label("clean batch") >> transform_group
ingest_group >> Label("quarantine") >> triage_group

Those labels render right on the edges in the graph, turning an otherwise cryptic fork into something a teammate reads without opening a single task.

Retiring the last SubDAG

If you’re modernising an older codebase, mapped groups are also the endgame for the last SubDagOperator you’re carrying. SubDAGs are removed in Airflow 3.x, and they were never mourned: they ran a whole child DAG inside a task, brought their own scheduler and their own deadlock modes, and quietly starved pools. The migration recipe is mechanical. A SubDAG factory that returned a DAG becomes a @task_group function that returns its final task’s output. The SubDagOperator(subdag=make_subdag(...)) call site becomes a plain call to that group function, wired into the parent with >> like any other node. The child DAG’s dag_id-prefixed task IDs become the group’s automatic group_id. namespacing, so your logs and metrics stay legible. If the SubDAG existed specifically to fan out over data — the common case — the group becomes a mapped group via .expand(), and you’ve replaced a fragile nested-scheduler construct with a first-class one.

Concretely, here’s the before and after. The 2.x construct was a factory that returned a DAG, handed to a SubDagOperator at the call site:

# BEFORE — Airflow 2.x, removed in 3.x
from airflow.operators.subdag import SubDagOperator
from airflow.providers.standard.operators.python import PythonOperator


def make_stage_subdag(parent_id: str, child_id: str, args: dict) -> DAG:
    subdag = DAG(dag_id=f"{parent_id}.{child_id}", default_args=args, schedule=None)
    with subdag:
        validate = PythonOperator(task_id="validate", python_callable=_validate)
        load = PythonOperator(task_id="load", python_callable=_load)
        validate >> load
    return subdag


with DAG("bookshop_regional_load", default_args=default_args, schedule="@daily"):
    stage = SubDagOperator(
        task_id="stage_region",
        subdag=make_stage_subdag("bookshop_regional_load", "stage_region", default_args),
    )
    list_files >> stage >> consolidate

The same pipeline as a task group is a plain function that returns its final task’s output, called inline and wired with >> like any other node:

# AFTER — Airflow 3.x
@task_group
def stage_region(key: str) -> int:
    return load(validate(key))


list_files >> stage_region(one_key) >> consolidate

The dag_id-prefixed child IDs (bookshop_regional_load.stage_region.load) collapse to the group’s automatic stage_region.load namespacing, so logs and metrics keep the same shape; the child scheduler and its deadlock modes simply evaporate. And when the SubDAG was there to run a region at a time, the call site becomes stage_region.expand(key=list_region_files()) and the migration and the fan-out land in the same edit. Anything a tutorial still writes with SubDagOperator is describing an Airflow that no longer exists.

Final thoughts

Dynamic mapping and TaskGroups pull in opposite directions, and that’s exactly why they belong together. Mapping multiplies — .partial() pins what’s constant, .expand() cross-multiplies, .expand_kwargs() and .zip() keep things paired, and the whole thing turns one authored task into as many runtime instances as today’s data demands. Left unchecked, that’s also what makes a graph explode and a warehouse buckle, which is why the limits — max_map_length, max_active_tis_per_dag, and a pool — aren’t optional trivia but part of authoring a mapped task honestly. TaskGroups fold the picture back down into something a human reads at a glance, and mapped groups let a whole mini-pipeline fan out as cleanly as a single task. Get the pairing right, cap the stampede, collect the lazy sequence without coercing it, and the bookshop pipeline scales with the data while the diagram of it stays the same size.





Assets: Scheduling on Data, Not the Clock

Every cron schedule is a bet. You write schedule="0 3 * * *" on the transform DAG and you’re wagering that the ingest job upstream will always be done by 3am. Most days it is. Then one morning the extract runs long, the transform fires against yesterday’s data, and you spend the standup explaining a number that’s off by a day. The clock didn’t lie — it just doesn’t know anything about your data.

Airflow 3 gives you a way out of the bet. Instead of scheduling on time, you schedule on data: a task declares that it produces a piece of data, and a downstream DAG says “run me whenever that data updates.” The scheduler wires the two together. No cron, no sensor polling, no guessing the lag.

Assets, formerly Datasets

If you read a 2.x tutorial, you saw this feature called a Dataset. It’s the same idea, renamed in 3.x to Asset — a logical handle to a piece of data, identified by a URI. The URI is just a name the scheduler tracks; it doesn’t have to point at anything Airflow can open.

from airflow.sdk import Asset

raw_orders = Asset("s3://bookshop/raw/orders")

A task becomes a producer by listing the asset in its outlets. When that task finishes successfully, Airflow records an update to the asset — that’s the event everything downstream keys off.

from airflow.sdk import dag, task

@dag(schedule="@daily", catchup=False)
def ingest_orders():
    @task(outlets=[raw_orders])
    def extract_and_load():
        # pull yesterday's orders from the store API, write to S3
        ...

    extract_and_load()

ingest_orders()

The ingest DAG still runs on a clock — something has to kick off the daily pull. But that’s the only clock in the chain. Everything downstream rides the data.

Scheduling on the asset

The transform DAG drops cron entirely. Its schedule is a list of assets, and it runs when they update.

@dag(schedule=[raw_orders], catchup=False)
def transform_orders():
    @task
    def build_marts():
        # read raw_orders, write the daily sales mart
        ...

    build_marts()

transform_orders()

The moment extract_and_load succeeds and marks raw_orders updated, the scheduler queues a run of transform_orders. If ingest is done at 2:58, the transform starts at 2:58. If ingest limps in at 4:15 after a retry, the transform starts at 4:15 — against the right data, every time. You’ve replaced a fragile assumption about timing with a fact about lineage.

This is cross-DAG choreography with no sensor in sight. The old pattern — an ExternalTaskSensor in the downstream DAG poking the upstream one until it went green — meant a worker slot held hostage, poll intervals to tune, and timeouts to get wrong. Assets invert it: the producer announces, the scheduler routes, nobody polls.

URIs, names, and why identity matters

Before you scale this past two DAGs, understand what actually identifies an asset — because the scheduler matches producers to consumers by identity, and getting the identity wrong means a trigger that silently never fires.

An asset has two identifying fields: a name and a uri. In 3.x you can construct one with either or both. If you pass a single positional string that looks like a URI, it becomes the uri and the name defaults to it; pass name= explicitly and you get a named asset whose URI may differ.

from airflow.sdk import Asset

# URI is the identity; name defaults to the same string
a = Asset("s3://bookshop/raw/orders")

# name is the identity, uri is metadata pointing at the physical store
b = Asset(name="raw_orders", uri="s3://bookshop-prod/raw/orders/")

The scheduler treats the URI as a canonical key, and it normalizes it. The URI must be a valid URI with a scheme, it must not contain a fragment (#...), and Airflow parses known schemes to canonicalize them — a postgres:// URI gets its host lowercased and default port folded in, for instance. Two producers that write s3://Bucket/x and s3://bucket/x are not guaranteed to resolve to the same asset once normalization runs; two that disagree on a trailing slash may or may not, depending on scheme. The failure mode is quiet: the consumer waits on s3://bucket/orders, the producer emits s3://bucket/orders/, and the trigger never fires because, as far as the scheduler is concerned, those are different assets. The fix is discipline — define each asset once, in a shared module, and import it into both producer and consumer:

# bookshop/assets.py — the single source of truth
from airflow.sdk import Asset

RAW_ORDERS = Asset("s3://bookshop/raw/orders")
RAW_INVENTORY = Asset("s3://bookshop/raw/inventory")
DAILY_SALES = Asset("s3://bookshop/marts/daily_sales")

Both DAGs from bookshop.assets import RAW_ORDERS. Now the identity is literally the same Python object, and a typo becomes an ImportError at parse time instead of a trigger that quietly does nothing at 3am.

Asset expressions: AND, OR, and the messy real cases

A mart usually needs more than one source. Pass several assets in the list and, by default, the DAG runs when all of them have updated since its last run — an implicit AND across your inputs:

@dag(schedule=[RAW_ORDERS, RAW_INVENTORY], catchup=False)
def daily_report():
    ...

But real dependencies aren’t always a flat AND. Maybe the report should run when orders land or when a manual correction file drops. Maybe it needs orders and either of two regional inventory feeds. For that, 3.x gives you AssetAny and AssetAll, and — more ergonomically — operator overloading on the assets themselves. & builds an AND (AssetAll), | builds an OR (AssetAny), and they nest:

from airflow.sdk import Asset, AssetAny, AssetAll

RAW_ORDERS = Asset("s3://bookshop/raw/orders")
INV_US = Asset("s3://bookshop/raw/inventory/us")
INV_EU = Asset("s3://bookshop/raw/inventory/eu")
CORRECTION = Asset("s3://bookshop/raw/corrections")

# orders AND (either inventory feed), OR a manual correction drop
condition = (RAW_ORDERS & (INV_US | INV_EU)) | CORRECTION

@dag(schedule=condition, catchup=False)
def daily_report():
    @task
    def build():
        ...
    build()

daily_report()

That expression reads exactly like the sentence you’d say in the standup: “run when orders and one of the inventory feeds have landed, or whenever a correction comes in.” The overloaded form is sugar for the explicit constructors, which you can still reach for when you’re building a condition programmatically:

condition = AssetAny(
    AssetAll(RAW_ORDERS, AssetAny(INV_US, INV_EU)),
    CORRECTION,
)

One subtlety worth internalizing: an AssetAll fires when each of its members has updated at least once since the DAG’s last asset-triggered run. It does not require them to update simultaneously, or within a window. If orders update at 01:00 and inventory at 05:00, the AND is satisfied at 05:00 and the run fires then, carrying both updates. If orders then update three more times before inventory moves again, those extra updates are folded into the next satisfaction — the scheduler tracks “has each leg seen an update since we last ran,” not a count. That’s usually what you want, but it means you can’t assume one downstream run per upstream update. Design the consuming task to read the current state of its inputs, not to assume it’s processing exactly one delta.

Data and time together: AssetOrTimeSchedule

Sometimes you need both a data trigger and a time floor: “run when orders land, but also run at 6am no matter what, so the morning report exists even if ingest is down.” That’s AssetOrTimeSchedule — it marries a timetable with an asset condition, and fires on either.

from airflow.sdk import Asset
from airflow.timetables.assets import AssetOrTimeSchedule
from airflow.timetables.trigger import CronTriggerTimetable

@dag(
    schedule=AssetOrTimeSchedule(
        timetable=CronTriggerTimetable("0 6 * * *", timezone="UTC"),
        assets=(RAW_ORDERS & RAW_INVENTORY),
    ),
    catchup=False,
)
def daily_report():
    ...

daily_report()

Now the report runs the instant both sources land — and if they never do, the 6am tick guarantees a run anyway (against whatever data exists). You’re not choosing between data-driven and time-driven; you’re composing them. This is the pattern for anything with an SLA on existence rather than freshness: financial close reports, compliance extracts, the dashboard someone opens at 8am and expects to be populated. The asset condition gives you freshness on the good days; the timetable gives you a floor on the bad ones.

The @asset decorator and producing chains

For a DAG whose whole purpose is to produce one asset, the @asset decorator collapses the boilerplate. The function is the producing task, and the asset takes the function’s name.

from airflow.sdk import asset

@asset(schedule="@daily")
def raw_orders():
    # returns / writes the day's orders
    ...

This defines the asset and the DAG that maintains it in one move. What makes it more than sugar is that @asset-decorated functions compose into chains. A downstream asset can name an upstream one as a parameter, and Airflow injects the upstream asset’s event context and schedules the downstream on it:

from airflow.sdk import asset

@asset(schedule="@daily")
def raw_orders():
    # write the day's raw orders
    ...

@asset(schedule=raw_orders)
def clean_orders(raw_orders):
    # `raw_orders` is the upstream AssetEvent context;
    # this asset is produced whenever raw_orders updates
    ...

When one function genuinely produces several assets, @asset.multi lets a single task update more than one outlet at once — useful when a job writes a fact table and its late-arriving-dimension side table in the same transaction and you want both signals emitted together:

from airflow.sdk import asset, Asset

@asset.multi(
    schedule=raw_orders,
    outlets=[Asset("s3://bookshop/marts/sales"), Asset("s3://bookshop/marts/returns")],
)
def split_marts(raw_orders):
    # write both marts, emit both asset updates on success
    ...

Reach for the decorator when the DAG and the asset are one-to-one (or the multi case); drop back to explicit outlets on @task when a task updates assets as a side effect of doing something larger.

Metadata: attaching payloads to an update

An asset update doesn’t have to be a bare “something changed” ping. You can attach an extra payload — a JSON-serializable dict — that rides along with the event and is readable by every downstream consumer. This is how you pass what changed, not just that it changed: a row count, an S3 key, a watermark, a data-quality verdict.

There are two ways to emit metadata. The declarative way, when you know the payload at return time, is to yield a Metadata object from the task:

from airflow.sdk import Asset, Metadata, task

RAW_ORDERS = Asset("s3://bookshop/raw/orders")

@task(outlets=[RAW_ORDERS])
def extract_and_load():
    key = write_orders_to_s3()          # returns e.g. "raw/orders/2026-05-10.parquet"
    n = count_rows(key)
    yield Metadata(RAW_ORDERS, extra={"s3_key": key, "row_count": n})

The imperative way, when you’re deep in logic and want to attach metadata (or emit the update conditionally), is outlet_events from the task context:

from airflow.sdk import Asset, get_current_context, task

RAW_ORDERS = Asset("s3://bookshop/raw/orders")

@task(outlets=[RAW_ORDERS])
def extract_and_load():
    key = write_orders_to_s3()
    n = count_rows(key)
    context = get_current_context()
    context["outlet_events"][RAW_ORDERS].extra = {"s3_key": key, "row_count": n}
    # you can also skip the emit entirely by not touching the outlet on a no-op run

Either way, the payload is now part of the asset event, versioned in the metadata DB alongside the timestamp.

Reading events downstream: inlet_events and triggering_asset_events

The consumer side is where metadata earns its keep. A downstream task can read the events that triggered its run — so instead of re-scanning S3 to find what’s new, it reads the S3 key straight out of the event the producer emitted.

Two accessors matter. triggering_asset_events gives you exactly the events that caused this run to be scheduled — the OR/AND legs that fired. inlet_events[asset] gives you the full history of events for an asset you’ve declared as an inlet, most-recent last, which is how you reach back to “the previous watermark” for an incremental load.

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

RAW_ORDERS = Asset("s3://bookshop/raw/orders")

@dag(schedule=[RAW_ORDERS], catchup=False)
def transform_orders():
    @task(inlets=[RAW_ORDERS])
    def build_marts():
        context = get_current_context()

        # what fired *this* run
        for asset, events in context["triggering_asset_events"].items():
            for e in events:
                key = e.extra.get("s3_key")
                rows = e.extra.get("row_count")
                load_parquet(key, expected_rows=rows)

        # reach back to the prior event for an incremental watermark
        history = context["inlet_events"][RAW_ORDERS]
        if len(history) >= 2:
            last_key = history[-2].extra.get("s3_key")
            # process only what's newer than last_key
            ...

    build_marts()

transform_orders()

Note the two roles are separate: outlets/inlets declare the lineage edges (and grant access to the event accessors), while schedule= declares what triggers the run. A task can be an inlet reader without the asset being in the schedule, and vice versa. Declaring RAW_ORDERS as both the schedule trigger and an inlet — as above — is the common shape when you want the run to fire on the asset and read its payload.

AssetAlias: emitting to an asset you don’t know at parse time

Everything above assumes you know the asset’s identity when you write the DAG. Sometimes you don’t. A task partitions its output by date, or region, or tenant, and which asset it produces is decided at runtime — you can’t enumerate s3://bookshop/raw/orders/2026-05-10, .../2026-05-11, and so on in code that’s parsed once and runs forever. That’s what AssetAlias is for: a stable, parse-time handle that a task resolves to a concrete asset at run time.

You declare the alias in outlets, then, inside the task, add a real asset to the alias’s event. Downstream DAGs schedule on the alias and get triggered whenever the task resolves it to any concrete asset.

from airflow.sdk import Asset, AssetAlias, get_current_context, task

orders_partition = AssetAlias("bookshop-orders-partition")

@task(outlets=[orders_partition])
def extract_partition(logical_date):
    key = write_partition_to_s3(logical_date)   # e.g. raw/orders/2026-05-10.parquet
    concrete = Asset(f"s3://bookshop/raw/orders/{logical_date:%Y-%m-%d}")

    events = get_current_context()["outlet_events"]
    events[orders_partition].add(concrete, extra={"s3_key": key})

The .add(asset, extra=...) call is the runtime emission: it registers the concrete asset (creating it if it’s never been seen), attaches the metadata, and associates it with the alias. A consumer written like this needs to name neither the date nor the partition — it schedules on the alias and rides whatever the producer resolves:

@dag(schedule=[AssetAlias("bookshop-orders-partition")], catchup=False)
def index_partitions():
    @task(inlets=[AssetAlias("bookshop-orders-partition")])
    def index():
        context = get_current_context()
        for asset, events in context["triggering_asset_events"].items():
            for e in events:
                update_search_index(e.extra["s3_key"])
    index()

index_partitions()

The trade you’re making: an alias adds a layer of indirection that the asset graph can only fill in after the producer has run at least once, so the lineage looks empty until the first resolution. Reach for it only when the set of concrete assets genuinely isn’t knowable at parse time — dynamic partitions, per-tenant outputs. When you can enumerate them, a plain Asset per output is easier to read and shows up in the graph immediately.

data_interval on asset-triggered runs, and idempotency

Here’s the gotcha that bites people migrating time-based logic to assets. On a cron run, data_interval_start/data_interval_end bracket a real time window, and you lean on them for idempotency — “process the rows in [start, end).” On an asset-triggered run there is no natural time window: the run was caused by an event, not a tick. Airflow does populate a data_interval, but it’s effectively a point derived from the triggering event’s timestamp, not the meaningful business window your query wants.

The consequence: do not key your incremental logic off data_interval on asset-triggered DAGs. If the same asset event gets reprocessed (a manual re-run, a clear-and-rerun during an incident), a data_interval-based WHERE clause won’t protect you, because the interval is tied to when the event happened, not to the slice of data it represents. Instead, carry the business watermark in the asset extra (the s3_key, the max updated_at, a batch id) and make the consuming task idempotent on that — a MERGE/upsert keyed on the batch id, or a delete-insert scoped to the key from the event. You already have the mechanism from the section above; the discipline is to trust the payload for identity and treat the run’s data_interval as metadata about when, not what.

External events: the AssetWatcher and message queues

Everything so far is Airflow-produces, Airflow-consumes. The other half of “event-driven” — and the genuinely new capability in 3.x — is scheduling a DAG on an event that originates outside Airflow entirely. A file lands in a bucket and an SQS message announces it; a Kafka topic gets a record; an upstream system you don’t control pushes a notification. You want a DAG run then, without a sensor burning a worker slot polling.

That’s the AssetWatcher. You attach one or more watchers to an asset; each watcher wraps a trigger (the same deferrable-trigger machinery from the async world) that listens on a message queue. When a message arrives, the triggerer marks the asset updated — and anything scheduled on that asset runs. The listening happens in the triggerer process, asynchronously, so a thousand idle queues cost you almost nothing.

from airflow.sdk import Asset, AssetWatcher
from airflow.providers.amazon.aws.triggers.sqs import SqsSensorTrigger

# a trigger that long-polls an SQS queue for new messages
orders_landed_trigger = SqsSensorTrigger(
    sqs_queue="https://sqs.us-east-1.amazonaws.com/123456789012/bookshop-orders",
    aws_conn_id="aws_default",
)

orders_arrived = Asset(
    "s3://bookshop/raw/orders",
    watchers=[AssetWatcher(name="sqs_orders", trigger=orders_landed_trigger)],
)

@dag(schedule=[orders_arrived], catchup=False)
def ingest_on_arrival():
    @task
    def load():
        # the file is already in S3; the SQS message told us it landed
        ...
    load()

ingest_on_arrival()

Now the DAG runs on the external event — the message on the queue — not on a clock and not on an Airflow-produced asset. This is the closest Airflow gets to a true event-driven system: a producer outside your orchestrator drops a message, and the run happens in seconds. Providers ship watcher-compatible triggers for the common brokers (SQS, and Kafka-family message queues); the pattern generalizes to anything you can express as a deferrable trigger. The message’s contents can be threaded into the asset event’s extra, so the downstream task reads the S3 key from the same event that woke it up.

Seeing it in the UI

The api-server’s UI carries an asset view that turns all this wiring into a graph you can read: each asset as a node, producers feeding in, consumers hanging off, and a history of update events per asset — extra payloads included. When the daily report didn’t run, you don’t reverse-engineer a cron expression — you open the asset graph, find the input that never got its green update, and you’re already looking at the DAG to blame. The dependency you declared in code is the dependency you debug in the UI.

When assets are the wrong tool

Assets are a coordination mechanism inside one Airflow deployment. That’s their boundary, and it’s worth stating plainly so you don’t reach for them where they’ll disappoint:


	Cross-team, cross-deployment. If the producer lives in another team’s Airflow instance, in-process asset events don’t cross the wire. You need a real broker between you — which is exactly the AssetWatcher-on-a-queue pattern above, not a shared Asset object. Assets coordinate; they don’t federate.

	Non-Airflow producers. A Fivetran sync or a Spark job on someone else’s cluster can’t add to your outlet_events. Either have it drop a message on a queue an AssetWatcher listens to, or accept a time-based schedule with a sensor as the seam. Don’t fake an asset update from a DAG that merely checks whether the external job ran — at that point you’ve reinvented the sensor with extra steps.

	Fan-out where every consumer needs a different slice. Assets signal “this changed.” If ten downstreams each need a genuinely different, computed view of the change, the asset gets you the trigger but not the routing — you still write the per-consumer logic. That’s fine; just don’t expect the asset to carry it.



Migrating from 2.x Dataset

If you’re bringing a 2.x pipeline forward: the concept is unchanged, the imports moved, and the names got shorter. Dataset becomes Asset; from airflow.datasets import Dataset becomes from airflow.sdk import Asset. The DatasetAny/DatasetAll expression classes become AssetAny/AssetAll (the &/| overloads work the same). DatasetOrTimeSchedule becomes AssetOrTimeSchedule. The task-context accessors were renamed in lockstep — outlet_events, inlet_events, and triggering_asset_events (the last was triggering_dataset_events in 2.x). The URIs you already defined carry over unchanged, so existing lineage survives the rename — but re-verify any URI you typed twice, because the identity rules and normalization described above are what a working trigger actually depends on.

Final thoughts

Cron scheduling encodes what you hope is true about timing. Asset scheduling encodes what’s actually true about dependencies — this data comes from that job — and lets the scheduler act on it. Composed with expressions, metadata, and external watchers, it stops being a clever way to skip a sensor and becomes the backbone of a pipeline whose structure lives in one place: the producer announces with a payload, the condition decides, the consumer reads what changed, and an external message can start the whole thing. That’s not just fewer failed mornings. It’s a pipeline where the question “did this run against fresh inputs?” stops being something you check and starts being something the scheduler guarantees.





Executors: Local, Celery, and Kubernetes

The scheduler gets the glory, but it never runs a single line of your task code. Its whole job is bookkeeping: it looks at the DAGs, works out which task instances have their dependencies met, and marks them ready. Then it hands them off. The thing on the other side of that handoff — the component that actually finds a machine, spins up a process, and runs your Python — is the executor. Same DAG, same scheduler; swap the executor and you’ve changed how your entire pipeline scales, isolates, and costs.

You pick an executor in config, and — this is the headline change in 3.x — you no longer have to pick just one. But the DAG code still doesn’t know or care which executor it runs under. That separation is the whole point, and it’s what lets everything below be a deployment decision rather than a rewrite.

LocalExecutor

The simplest thing that parallelizes. LocalExecutor runs each task as a subprocess on the same host as the scheduler.

AIRFLOW__CORE__EXECUTOR=LocalExecutor

That’s the entire setup — no broker, no worker fleet, no extra moving parts. It’s what astro dev start gives you locally, and it’s a perfectly honest choice for small production too: if your workload fits on one reasonably-sized box, a single host running dozens of concurrent tasks is far less to operate than anything distributed.

The knob that matters is parallelism, the ceiling on how many task subprocesses run at once across the whole deployment:

AIRFLOW__CORE__PARALLELISM=32

The default is 32. Every ready task spawns a subprocess, and when 32 are live the rest queue until one exits — so parallelism is really a promise about how much concurrent memory the host can survive. Set it by dividing available RAM by a task’s realistic peak, not by wishful thinking; a bookshop ingestion task that pulls a day of orders into memory needs very different headroom than a task that just triggers dbt and waits. There are two other ceilings stacked above it — max_active_tasks_per_dag (per DAG) and each pool’s slot count — and the effective limit is always the smallest of the three that applies.

The ceiling is exactly what it sounds like: one machine’s CPU and memory, and one machine’s uptime. LocalExecutor is a single point of failure — the scheduler host is the worker fleet, so if it reboots, every running task dies with it and there is nowhere else for the work to go. That’s fine for a nightly bookshop refresh you can rerun; it’s not fine for a deployment that has to keep making progress through a node failure. When tasks queue because the host is saturated, or when a single host’s downtime is unacceptable, you’ve outgrown it, and no config knob fixes either problem.


The SequentialExecutor is gone. If you’re arriving from a 2.x tutorial, you may remember SequentialExecutor as the SQLite-backed default that ran one task at a time. It was removed in Airflow 3 — it existed only because SQLite couldn’t handle concurrent writes, and the modern local setup ships with Postgres instead. LocalExecutor with a real metadata database is now the floor. Don’t go looking for the sequential one; there’s nothing to configure.



CeleryExecutor

The classic way past a single host. CeleryExecutor puts a broker — Redis or RabbitMQ — between the scheduler and a pool of long-running worker processes. The scheduler drops ready tasks onto the queue; workers pull them off and run them. Add capacity by adding workers.

AIRFLOW__CORE__EXECUTOR=CeleryExecutor
AIRFLOW__CELERY__BROKER_URL=redis://redis:6379/0
AIRFLOW__CELERY__RESULT_BACKEND=db+postgresql://airflow:airflow@postgres/airflow

Two pieces of infrastructure, not one. The broker carries the messages — “here is a task to run” — from scheduler to workers. The result backend carries the outcomes back; Celery workers report task state through it, and the standard, boring choice is to point it straight at your existing Airflow metadata database with the db+ prefix as shown above. People sometimes reuse Redis as both broker and result backend to save a component; resist it for anything real, because a Redis eviction or restart then loses task results as well as queued messages.

The workers are always on, so there’s no per-task startup cost — throughput is excellent and latency is low. The trade you’re making is warmth for elasticity: capacity is whatever you’ve provisioned, so you pay for idle workers in the troughs and you can starve at the peaks unless you autoscale.

Worker concurrency

Each worker runs several tasks at once. How many is worker_concurrency:

AIRFLOW__CELERY__WORKER_CONCURRENCY=16

That’s 16 task processes per worker. Total cluster capacity is worker_concurrency × number of workers, capped by the same parallelism ceiling from before — set parallelism too low and your beautiful worker fleet sits half-idle because the scheduler won’t dispatch past the global limit. Because Airflow tasks are usually I/O-bound — they trigger a dbt run, submit a Spark job, poll an API, and mostly wait — you can safely run concurrency well above the worker’s CPU count. A worker with 4 vCPUs happily handles 16 tasks that spend their lives waiting on other systems.

For workloads that swing between quiet and busy, worker_autoscale lets a single worker grow and shrink its own process count between a floor and a ceiling:

AIRFLOW__CELERY__WORKER_AUTOSCALE=16,4

Up to 16 when there’s work, down to 4 when there isn’t — the max comes first. This is process-level autoscaling within a worker; it doesn’t add or remove worker machines. For that you want KEDA, below.

Queues: routing work to the right workers

By default every worker pulls from one shared queue. That’s wasteful the moment your tasks aren’t uniform — you don’t want a heavyweight GPU job and a two-second API poll competing for the same processes. Queues fix this. Tag a task with the queue it belongs on:

from airflow.sdk import dag, task

@dag(schedule="@daily", catchup=False)
def bookshop_ml():
    @task(queue="gpu")
    def train_recommender():
        # runs only on workers listening to the "gpu" queue
        ...

    @task  # default queue
    def refresh_sales_mart():
        ...

    refresh_sales_mart() >> train_recommender()

bookshop_ml()

Then start workers that listen only to the queues they’re built for. Your GPU boxes subscribe to gpu; everything else stays on the default:

# on the GPU node
airflow celery worker -q gpu

# on a general-purpose node
airflow celery worker -q default

Now train_recommender can only ever land on a GPU worker, and refresh_sales_mart never wastes one. Queues are how you keep a single Celery fleet heterogeneous without letting the wrong task type saturate the wrong hardware. The default queue name comes from AIRFLOW__OPERATORS__DEFAULT_QUEUE (it’s default), and a task’s queue has to match a queue some worker is actually listening on — tag a task gpu with no gpu worker running and it queues forever, silently.

KEDA: autoscaling the worker fleet

worker_autoscale grows processes inside a fixed set of machines; KEDA grows the machines. Running Celery on Kubernetes (the Airflow Helm chart supports this directly), KEDA watches a metric and scales the worker Deployment against it. The right metric is the depth of the queue — specifically a SQL query against the metadata DB counting queued and running task instances:

workers:
  keda:
    enabled: true
    minReplicaCount: 1
    maxReplicaCount: 10
    # scale one worker per this many queued/running tasks
    query: >-
      SELECT ceil(COUNT(*)::decimal / 16)
      FROM task_instance
      WHERE (state='running' OR state='queued')

The 16 is your worker_concurrency: one worker per sixteen pending tasks. When the bookshop DAG fires at midnight and floods the queue, KEDA spins workers up toward maxReplicaCount; when the backlog drains, it scales back to minReplicaCount — often 1, or even 0 for a fleet that can tolerate cold starts. This is how Celery reclaims the elasticity that Kubernetes gets for free: you keep warm-worker latency during the day and stop paying for a full fleet overnight.

Flower, and the Redis visibility-timeout trap

Celery ships a monitoring UI called Flower — a live view of workers, queues, and task throughput — which you can run alongside the deployment (airflow celery flower, or the Helm chart’s flower.enabled). It’s handy for watching a fleet, though most day-to-day debugging still happens in Airflow’s own UI.

There’s a robustness detail here that’s easy to miss: Celery decouples worker lifetime from scheduler lifetime. Because tasks live on the broker and run in independent worker processes, a scheduler restart doesn’t kill in-flight work — the running tasks keep going, and when the scheduler comes back it adopts them, reconciling their state from the workers rather than starting over. That’s the opposite of LocalExecutor, where the scheduler host and the worker are the same process and a restart takes everything down with it. It’s a big part of why Celery is the workhorse for deployments that have to survive a rolling restart mid-run.

The one Celery gotcha worth burning into memory involves Redis as a broker. Redis has no native concept of “this message is being worked on,” so Celery fakes it with a visibility timeout: when a worker picks up a task, the message is hidden for a fixed window, and if it isn’t acknowledged as done within that window, Redis makes it visible again and another worker picks it up. The default window is one hour. So any Airflow task that runs longer than the visibility timeout can be dispatched a second time while the first copy is still running — a duplicate, concurrent execution of the same task instance. For the bookshop this is mostly a nuisance; for a task that writes to a warehouse or moves money it’s a correctness bug. The fix is to set the timeout comfortably above your longest task:

AIRFLOW__CELERY_BROKER_TRANSPORT_OPTIONS__VISIBILITY_TIMEOUT=21600

Six hours here. RabbitMQ doesn’t have this problem — it acknowledges messages properly — which is a real reason to prefer it as a broker if your tasks are long-running.

KubernetesExecutor

Where Celery keeps warm workers waiting, KubernetesExecutor launches one pod per task and tears it down when the task finishes. Nothing idles.

AIRFLOW__CORE__EXECUTOR=KubernetesExecutor

Two things fall out of that model. First, isolation: every task gets its own pod, its own image, its own resource limits. A memory-hungry Spark submit and a tiny API poll no longer share a host or fight over a worker’s RAM, and one task’s crash can’t touch another’s. Second, elasticity: pods exist only while tasks run, so your cluster scales with actual demand and — paired with a cluster autoscaler — you’re not paying for a worker pool at 3am. The cost is latency: pod scheduling and image pull add seconds to every task, invisible on a 20-minute transform and painful on a thousand two-second tasks. This is the executor for spiky, heterogeneous, resource-hungry workloads that benefit from hard isolation.

The lever that makes per-task isolation real is executor_config, which lets a single task override the pod it runs in — a bigger memory limit, a different image, a GPU request, a node selector:

from kubernetes.client import models as k8s

@task(
    executor_config={
        "pod_override": k8s.V1Pod(
            spec=k8s.V1PodSpec(
                containers=[
                    k8s.V1Container(
                        name="base",
                        resources=k8s.V1ResourceRequirements(
                            requests={"memory": "4Gi"},
                            limits={"memory": "8Gi"},
                        ),
                    )
                ]
            )
        )
    }
)
def rebuild_search_index():
    ...

pod_override is a full Kubernetes V1Pod that Airflow merges over the base worker template, so you can reshape one task’s runtime without touching any other. That’s the whole superpower of this executor, and it deserves more room than an overview gives it — the base pod template, the merge semantics, affinity and tolerations, secrets and volumes, and the sharp edges all live in Chapter 17, on Kubernetes and multi-executor deployments. Here, just know the seam exists: the executor gives every task a pod, and executor_config is how you make that pod fit the task.

Celery vs. Kubernetes: the actual trade-off

Both scale past a single host, so the choice between them is really a choice between warm capacity and per-task isolation. Laid side by side:



















































	Dimension	CeleryExecutor	KubernetesExecutor
	Startup latency	~none — workers are warm, tasks start instantly	seconds per task — pod schedule + image pull
	Throughput	excellent for many short tasks	pod-creation rate becomes the bottleneck at high fan-out
	Isolation	tasks share a worker’s OS, RAM, and Python env	one pod per task — separate image, limits, blast radius
	Idle cost	pay for the worker fleet even when quiet (unless KEDA)	near-zero — pods exist only while tasks run
	Per-task resources	coarse, via queues → specialized worker pools	fine, via executor_config/pod_override per task
	Scaling model	add workers / KEDA on queue depth	cluster autoscaler adds nodes on pod demand
	Ops surface	broker + result backend + worker fleet to keep healthy	a Kubernetes cluster to run
	Classic failure mode	Redis visibility-timeout double-run; broker outage stalls dispatch	image-pull failures; pod scheduling latency under load


The short version: lots of small, similar, latency-sensitive tasks favor Celery, because warm workers amortize the startup cost that Kubernetes pays on every single task. Heterogeneous, bursty, resource-hungry tasks that want hard isolation favor Kubernetes, because per-pod limits and elastic cost are exactly what a uniform worker fleet can’t give you. Most of the pain people attribute to “Airflow doesn’t scale” is really a workload sitting on the wrong side of this table.

You don’t have to choose just one

Historically that table forced an awkward compromise. Teams with both profiles — a flood of cheap sensors and a few monstrous Spark jobs — reached for the old CeleryKubernetesExecutor, a bolted-together hybrid that routed tasks to Celery or Kubernetes based on a magic queue name. It worked, but it was one more thing to understand and operate.

Airflow 3 replaces it with something cleaner: multiple executors, configured as a list, chosen per task. You declare every executor the deployment should support:

AIRFLOW__CORE__EXECUTOR=CeleryExecutor,KubernetesExecutor

The first entry is the default — any task that doesn’t say otherwise runs on Celery. Then any individual task opts into a different one with executor=:

from airflow.sdk import dag, task

@dag(schedule="@daily", catchup=False)
def bookshop_nightly():
    @task  # default → CeleryExecutor, warm and fast
    def poll_orders_api():
        ...

    @task(executor="KubernetesExecutor")  # isolated, big, its own pod
    def rebuild_search_index():
        ...

    poll_orders_api() >> rebuild_search_index()

bookshop_nightly()

Now the cheap poll rides a warm Celery worker with near-zero startup, and the memory-hungry index rebuild gets its own Kubernetes pod with its own limits — in the same DAG, from the same scheduler. You can even reference executors by an alias defined in config to keep the strings tidy. This supersedes CeleryKubernetesExecutor entirely; the hybrid is deprecated, and the right mental model now is “a deployment has a list of executors, and each task picks from it.” Pick the default for the shape most of your tasks have, and reach for executor= on the exceptions.

The triggerer runs deferrable tasks — no matter which executor

There’s a component here that sits outside the whole executor discussion, and it trips people up: the triggerer. When a task defers — a deferrable sensor waiting for a file, TimeDeltaTrigger waiting out a delay, any task that hits self.defer(...) — it does not hold a worker, a subprocess, or a pod while it waits. It releases its execution slot entirely, and its trigger is handed to the triggerer, a separate async (asyncio) process that can watch thousands of pending conditions at once on a single thread. When the condition fires, the triggerer wakes the task and the scheduler dispatches it back to whichever executor it belongs to, to run its post-defer code.

The reason this matters in an executors chapter: the triggerer’s role is identical regardless of executor. Local, Celery, Kubernetes, a mix — deferred waiting always happens on the triggerer, never on a worker or a pod. That’s precisely why a deferrable sensor is so much cheaper than a classic one: a classic sensor in poke mode occupies a full worker slot (or a whole pod, under Kubernetes) doing nothing but sleeping and re-checking, while a deferrable sensor occupies a shared async loop. This is the payoff of the deferrable-operators work from the sensors chapter — but it only exists if a triggerer is actually running. The Astro CLI starts one for you; a hand-rolled deployment needs airflow triggerer as its own process, and forgetting it means deferrable tasks defer and simply never come back.

The Edge executor

The executors above assume workers sit next to the scheduler on the same network. The Edge executor, newer in 3.x, drops that assumption: workers talk to the api-server over HTTP, so they can live anywhere you can reach a URL from. A worker in another datacenter, in a customer’s VPC, on-prem next to a database that can’t be exposed — it pulls work over the API and runs it where the data actually is.

That HTTP model changes the security story. There’s no broker to share, no direct database connection from the worker back to the core — the worker authenticates to the api-server with a shared secret (a JWT signed with a configured key), polls for work assigned to its queue, and reports results back over the same authenticated channel. Because the connection is worker-initiated and outbound, the remote site only needs to reach your control plane, not be reachable by it — no inbound firewall holes into the customer’s VPC. That’s a different problem from raw scale: Edge is about reach — running tasks in places the scheduler can’t see directly — and it’s how Airflow starts to look like a distributed control plane rather than a single cluster. If your compute has to run somewhere your control plane doesn’t, this is the one to read up on.

Choosing, and not having to

The honest decision tree is short. One host is enough → LocalExecutor. Need horizontal scale, lots of similar warm-friendly tasks, and you’re comfortable operating a broker → CeleryExecutor. Want per-task isolation and elastic cost on a cluster you already run → KubernetesExecutor. Both profiles at once → list both and route with executor=. Workers have to run somewhere remote → Edge. And whichever you pick, a triggerer runs alongside it so deferred tasks wait cheaply.

And if operating any of this sounds like a second job, that’s because it is — which is exactly what the managed platforms sell. Astro, MWAA, and Composer pick an executor, run the broker or the cluster, keep the workers healthy, and run the triggerer for you. Your DAGs stay identical; you’ve just handed someone else the part of this chapter that involves getting paged. Still worth knowing what’s underneath: the trade-offs — throughput, isolation, latency, cost — don’t disappear because someone else operates them.

Final thoughts

The executor is the least glamorous choice in an Airflow deployment and one of the most consequential. It never shows up in your DAG code, which is the good news — you can start on LocalExecutor and move to Kubernetes years later without touching a task. But it decides whether your pipeline scales by adding a box, adding a worker, or adding a pod, and each of those is a different bet about where your pain will come from. The 3.x change worth internalizing is that this stopped being a single, all-or-nothing decision: you can run a list of executors and let each task pick, so the warm-worker jobs and the isolated-pod jobs finally coexist without a hybrid hack. Pick a default for the workload you have, reach for executor= on the exceptions, and let the clean separation between scheduler and executor mean you can change your mind later.





Containerized Tasks: Run Anything, Blame Nothing

Sooner or later a task shows up that doesn’t want to live in your Airflow worker. The bookshop’s recommender needs torch, and torch wants a CUDA build. The finance team’s reconciliation script is written in Go. The image-resizing step depends on a fourteen-year-old C library whose maintainer has moved on to woodworking. Each is a perfectly reasonable piece of software and every one is a terrible houseguest: to run it inside your worker, you have to install it inside your worker — and now your orchestrator’s dependency tree is the union of every dependency tree in the company.

That union is where Airflow deployments go to die. Someone pins pandas<2 for the legacy loader, the new mart job needs pandas>=2.2, and two DAGs that have nothing to do with each other are suddenly in a fight because they share an interpreter. The fix isn’t a better resolver. The fix is to stop sharing the interpreter.

Containerize the task. Give it its own image, its own Python (or its own Go, or no Python at all), its own libraries, its own filesystem — and let Airflow do the thing it’s actually good at: start it, watch it, read the exit code, retry it. The container is the interface. Airflow never imports your code; it launches your image. This chapter is the two operators that do that, in full: DockerOperator when you have a daemon, KubernetesPodOperator when you have a cluster.

Why containerize a task at all

Dependency isolation is what gets you here. The worker’s Python is not your task’s Python, and pretending otherwise is a tax you pay forever. A containerized task’s dependencies are frozen into its image at build time — nothing the platform team does to the Airflow image can break it, and nothing you do can break the platform. That decoupling matters on any team where the people who own the orchestrator and the people who own the job are different people, which is most teams past about eight engineers.

Reproducibility is what saves you at 2am. registry.internal/bookshop/recommender:2.4 is a thing you can pull onto your laptop and run with the same command and the same environment — no “well, the worker had scikit-learn 1.4 back then.” A failed containerized task reproduces with a docker run, which beats reconstructing a worker’s site-packages from six weeks ago.

Language agnosticism unlocks work you’d otherwise refuse. Airflow is a Python orchestrator; nothing says a task has to be Python. A container is a process contract — here’s an image, here’s a command, here’s an exit code — so the Go reconciler and the crusty C pipeline are exactly as schedulable, retryable, and backfillable as a @task function.

The honest cost

Now the bill, because nobody puts this in the tutorial.

You need an image build: a Dockerfile, a CI job, a registry, a tagging convention, and a human answer to “how does a code change get from a pull request into the image the DAG names.” A task that used to be a function you edited is now an artifact you ship. On a small team that can genuinely be worse than a fat worker image.

You need registry auth on every machine that might pull, managed so it doesn’t rot. This is the Sunday failure: someone rotates the registry token, no DAG changes, and every containerized task starts failing at pull time with an error that looks nothing like a data bug.

You pay a cold start — pod scheduling plus a layer cache that isn’t warm, seconds to tens of seconds. Invisible on a 20-minute transform, ruinous on a thousand two-second tasks. Containers are a bad answer to “my tasks are tiny and there are a lot of them.”

And your debugging story now spans two systems. The task failed — but did the task fail, or did the launch? Bad exit code, image-pull error, OOMKill, evicted pod, a mount that didn’t exist on the host? Airflow only reports what it can see, and much of this chapter is about making sure it can see enough. “The container failed” is not a diagnosis, and the last section is entirely about turning it into one.

None of this should scare you off; it should tell you when. Containerize the task with awkward dependencies, the task another team owns, the task that isn’t Python, the task that needs hard resource limits. Don’t containerize the task that reads a config file and posts to Slack.

DockerOperator, knob by knob

DockerOperator runs a container on a Docker daemon and blocks until it exits. That’s the whole model, and it’s a good one when you have a Docker host — a VM running the Airflow worker with the daemon alongside it, a build box, a single-machine deployment.

from airflow.sdk import dag
from airflow.providers.docker.operators.docker import DockerOperator
from docker.types import Mount


@dag(schedule="@daily", catchup=False)
def bookshop_recommendations():
    score = DockerOperator(
        task_id="score_recommendations",
        image="registry.internal/bookshop/recommender:2.4",
        command="python score.py --date {{ ds }} --out /scratch/scores.parquet",
        docker_conn_id="internal_registry",
        environment={"MODEL_BUCKET": "s3://bookshop-models", "LOG_LEVEL": "info"},
        private_environment={"HF_TOKEN": "{{ conn.huggingface.password }}"},
        mounts=[Mount(source="/data/scratch", target="/scratch", type="bind")],
        mount_tmp_dir=False,
        network_mode="bookshop_net",
        docker_url="unix:///var/run/docker.sock",
        force_pull=True,
        auto_remove="success",
        cpus=2.0,
        mem_limit="4g",
        xcom_all=False,
    )
    score


bookshop_recommendations()

Every one of those arguments is doing work. Take them in order.

The command, and the entrypoint you didn’t override

command is templated, which is the whole reason {{ ds }} works there. A string is parsed shell-style; a list (["python", "score.py", "--date", "{{ ds }}"]) is passed as an argv vector with no shell involved, which is what you want the moment an argument could contain a space.

The subtlety people trip on: command overrides the image’s CMD, not its ENTRYPOINT. If the Dockerfile declares ENTRYPOINT ["python", "score.py"], then command="--date 2026-05-20" appends to it, and command="python score.py --date …" gets you python score.py python score.py --date …. There’s an entrypoint parameter to override that too. Nine times out of ten the confusion is an ENTRYPOINT you forgot about, and the symptom is a usage error from a binary you didn’t think you were invoking.

Getting config in

environment is a templated dict of env vars, and it’s the sanctioned channel for configuration. It’s also visible — those values render into the task’s Rendered Template view. Great for LOG_LEVEL, catastrophic for a token.

That’s what private_environment is for: same mechanism, but the values aren’t surfaced in the task detail or the logs. Anything from a connection or a Variable that would embarrass you in a screenshot belongs there. Above, {{ conn.huggingface.password }} pulls a secret out of Airflow’s connection store at render time and hands it to the container without ever writing it into the DAG file.

env_file points at a .env file whose pairs are loaded into the container; anything you also set in environment wins. Handy when a container has twenty settings — but note the file must exist where the operator runs (the worker), not on the Docker host, if those differ.

Getting files in: mounts, and the volumes you’ll see in old code

mounts takes docker.types.Mount objects — the modern, explicit form:

mounts=[
    Mount(source="/data/scratch", target="/scratch", type="bind"),
    Mount(source="bookshop_models", target="/models", type="volume", read_only=True),
]

type="bind" mounts a host path, type="volume" a named Docker volume, and read_only=True is a keyword instead of a :ro suffix you can typo.

What you’ll find in every pre-2022 StackOverflow answer is volumes=["/data/scratch:/scratch:rw"] — a list of colon-delimited strings. That parameter is deprecated, and in recent majors of the Docker provider it’s gone outright. If you’re porting a 2.x DAG forward and it explodes on an unexpected keyword argument, that’s your culprit.

mount_tmp_dir earns its own paragraph, because it’s the most common DockerOperator failure on a remote daemon. By default (True), the operator creates a temp directory on the machine running the operator and bind-mounts it into the container at /tmp/airflow, advertising it through an AIRFLOW_TMP_DIR env var. Beautiful when the worker and the daemon are the same host. When they’re not — a remote docker_url, Docker-in-Docker, a daemon on another box — the daemon is asked to bind-mount a path that exists only on the worker, and it fails with a mount error that explains none of this. Remote daemon? Set mount_tmp_dir=False.

Networking, and which daemon

network_mode puts the container on a network: "bridge" (the default), "host" (share the host’s stack — fast, and a security decision), "none", or a user-defined Docker network by name. That last form is what you want when the container must reach a sibling service: put the bookshop’s Postgres and the scoring container on bookshop_net and it can dial postgres:5432 like a normal citizen.

docker_url says which daemon. The default is the local socket, unix:///var/run/docker.sock, which the worker must have mounted and be permitted to use. Point it at a tcp:// URL and you’re driving a remote daemon — at which point tls_ca_cert / tls_client_cert / tls_client_key stop being decoration, because an unauthenticated Docker daemon on a TCP port is root on that host, offered to the internet.

Pull policy, cleanup, limits

force_pull=True re-pulls before every run. Without it, Docker uses whatever it cached for that tag — so re-pushing :2.4 with a fix and re-running the DAG cheerfully executes the old image while you spend an hour convinced the fix didn’t work. If your team mutates tags (most do, at least :latest and :dev), force_pull=True isn’t optional; with immutable git-SHA tags you can drop it and save the pull.

auto_remove is a string, not a boolean (the boolean form is deprecated): "never" (the default), "success", or "force". The production-sane setting is "success" — clean up the boring runs, keep the failures so you can docker inspect the corpse. Just remember “keep the failures” also means “accumulate the failures,” and something has to sweep them before they eat the host’s disk.

cpus and mem_limit cap the container, and they matter more than they look: without mem_limit, a runaway container can OOM the whole worker host and take every other running task with it. And skip_on_exit_code — the one most people miss — marks the task skipped rather than failed when the container exits with the code you name. That’s how you say “there was no new data today, and that’s fine” without inventing a sentinel file.

Registry auth, without a password in the DAG

DockerOperator takes no username and no password. It takes docker_conn_id, pointing at an Airflow connection of type Docker Registry — host is the registry URL, login and password are the credentials, and the operator logs in before it pulls. Set it once, keep the secret in Airflow’s encrypted connection store (or a secrets backend, per chapter 13), and every private pull just works. The credential never appears in the DAG file, never appears in the rendered template, and rotates in one place.

How a value escapes a container

This one is genuinely surprising, and people build systems on it without knowing what they built on.

When do_xcom_push is on (it is by default, inherited from BaseOperator), DockerOperator pushes an XCom. What does it push? The container’s stdout. The operator captures the log stream, and xcom_all decides how much of it becomes the value: False (the default) pushes only the last line; True pushes every line, as a list.

Read that again. The mechanism by which a containerized task returns a value to Airflow is: print it, last. No serialization contract, no return protocol, no typed boundary. The container’s final line of stdout becomes the string that lands in XCom and flows into the next task’s xcom_pull.

It works, it’s used everywhere, and it’s a trap laid for your future self. Add a logging.info("done!") at the end of score.py and you have silently changed your DAG’s data contract — the downstream task now gets "done!" instead of a row count. Turn on a library’s debug logging and a stray warning becomes your return value. The mechanism is invisible in the DAG, invisible in the image, and fails by producing plausible garbage rather than an error.

If you use it, use it deliberately: have the container print one machine-readable line — a JSON object — as the last thing it ever does, and treat that as the documented interface between image and DAG. Better still, use the other mechanism:

score = DockerOperator(
    task_id="score_recommendations",
    image="registry.internal/bookshop/recommender:2.4",
    command="python score.py --date {{ ds }}",
    retrieve_output=True,
    retrieve_output_path="/tmp/result.pickle",
)

With retrieve_output=True, the operator reads a pickled file out of the container’s filesystem at retrieve_output_path after it exits and pushes the unpickled object as the XCom. Now the return value is an explicit artifact your code chose to write, not an accident of whatever printed last. It costs you one pickle.dump in the image and buys you a return contract that a stray log line cannot corrupt.

The @task.docker shortcut

There’s a middle road worth knowing. The Docker provider ships a TaskFlow decorator that runs a plain Python function inside a container:

from airflow.sdk import dag, task


@dag(schedule="@daily", catchup=False)
def bookshop_scoring():
    @task.docker(image="registry.internal/bookshop/recommender:2.4", auto_remove="success")
    def score(ds=None):
        import torch  # not installed on the worker — installed in the image
        ...
        return {"scored": 1234}

    score()


bookshop_scoring()

Airflow serializes the function, ships it into the container, runs it there, and brings the return value back — container-level dependency isolation while you still write Python in the DAG file. The catch is that the function must be self-contained: its imports live in the image, not on the worker, and it’s easy to violate that boundary by accidentally closing over something from the DAG module. Lovely fit for “this one task needs a library the worker can’t have”; poor fit for “another team owns this image.”

KubernetesPodOperator, knob by knob

On a cluster, you don’t launch sibling containers — you launch pods. KubernetesPodOperator (everyone says KPO) creates a pod, waits for it, streams its logs, and cleans it up. It is the better-behaved cousin of DockerOperator in essentially every dimension, and it has more knobs because Kubernetes has more knobs.

from airflow.sdk import dag
from airflow.providers.cncf.kubernetes.operators.pod import KubernetesPodOperator
from airflow.providers.cncf.kubernetes.secret import Secret
from kubernetes.client import models as k8s


@dag(schedule="@daily", catchup=False)
def bookshop_recommendations_k8s():
    score = KubernetesPodOperator(
        task_id="score_recommendations",
        name="bookshop-scorer",
        namespace="data-jobs",
        image="registry.internal/bookshop/recommender:2.4",
        cmds=["python", "score.py"],
        arguments=["--date", "{{ ds }}"],
        env_vars={"MODEL_BUCKET": "s3://bookshop-models"},
        secrets=[
            Secret("env", "HF_TOKEN", "recommender-secrets", "hf-token"),
            Secret("volume", "/etc/model-creds", "model-creds"),
        ],
        volumes=[
            k8s.V1Volume(
                name="scratch",
                empty_dir=k8s.V1EmptyDirVolumeSource(size_limit="20Gi"),
            )
        ],
        volume_mounts=[k8s.V1VolumeMount(name="scratch", mount_path="/scratch")],
        container_resources=k8s.V1ResourceRequirements(
            requests={"cpu": "500m", "memory": "2Gi"},
            limits={"cpu": "2", "memory": "8Gi"},
        ),
        image_pull_policy="Always",
        image_pull_secrets=[k8s.V1LocalObjectReference(name="regcred")],
        node_selector={"workload": "batch"},
        tolerations=[
            k8s.V1Toleration(key="dedicated", operator="Equal",
                             value="batch", effect="NoSchedule")
        ],
        startup_timeout_seconds=300,
        get_logs=True,
        log_events_on_failure=True,
        on_finish_action="delete_succeeded_pod",
        in_cluster=True,
        do_xcom_push=True,
    )
    score


bookshop_recommendations_k8s()

cmds and arguments, not command

Kubernetes splits the command in two, and KPO mirrors it faithfully. cmds maps to the container’s command in the pod spec, which overrides the image’s ENTRYPOINT. arguments maps to args, which overrides the image’s CMD. Both are lists, both are templated.

Which means the mental model is inverted from Docker’s, and mixing them up is the classic first-KPO bug. If the image has ENTRYPOINT ["python", "score.py"] and you want to pass a date, you set only arguments=["--date", "{{ ds }}"] and leave cmds alone. Set cmds=["python", "score.py"] as well and you’ve replaced the entrypoint with the same thing, which happens to work — until the image’s entrypoint changes and your DAG doesn’t notice.

Where the pod lives, and how Airflow reaches the cluster

namespace is where the pod is created. Give the bookshop’s jobs their own namespace with a ResourceQuota and a LimitRange, and a bad DAG can’t starve the cluster.

in_cluster=True says “I am running inside Kubernetes; use my pod’s own ServiceAccount token to talk to the API server.” That’s the setting when Airflow itself runs on the cluster it launches into — no kubeconfig, no stored credential, just RBAC on a service account.

kubernetes_conn_id (default kubernetes_default) is the other path: Airflow runs somewhere else — a VM, a Celery fleet on EC2, your laptop — and reaches the cluster through a connection carrying a kubeconfig. That pairing is the thing that makes KPO-vs-KubernetesExecutor click, and we’ll get there shortly. config_file and cluster_context point at a kubeconfig on disk and pick a context in it; that’s the local-dev shape.

service_account_name sets the ServiceAccount the launched pod runs as — distinct from the identity Airflow used to create it. That’s how the scoring pod gets an IRSA / Workload-Identity binding to read the model bucket without any cloud keys existing anywhere.

Config and secrets

env_vars is a templated dict (or a list of k8s.V1EnvVar if you need valueFrom), and it’s visible.

secrets is the good part. A Secret binds a Kubernetes Secret into the pod; its positional arguments are deploy_type, deploy_target, secret, key:


	Secret("env", "HF_TOKEN", "recommender-secrets", "hf-token") reads the hf-token key out of the recommender-secrets Secret and exposes it as the HF_TOKEN environment variable.

	Secret("volume", "/etc/model-creds", "model-creds") — no key — mounts every key of that Secret as files under /etc/model-creds. That’s how a job gets a credentials.json without anyone base64-ing it into a DAG.



The value never passes through Airflow. Airflow references the Secret by name; the kubelet resolves it. Your DAG file, your rendered templates, and your task logs contain the name of a secret, not a secret. That’s a materially better posture than environment={"TOKEN": "…"}, and it’s one of the strongest arguments for KPO over DockerOperator on a cluster. env_from (a list of k8s.V1EnvFromSource) is the bulk version — pull a whole ConfigMap or Secret in as env vars in one line.

Volumes and resources

volumes and volume_mounts are the raw Kubernetes objects in two lists, joined by name: a V1Volume declares what (an emptyDir, a persistentVolumeClaim, a configMap), a V1VolumeMount declares where in the container. The emptyDir above is the standard “give this pod scratch space that dies with it” move, with a size_limit so a runaway job fills its own disk instead of the node’s.

container_resources takes a k8s.V1ResourceRequirements. Requests are what the kube-scheduler uses to place the pod — promise too much and it sits Pending forever with FailedScheduling; promise too little and you land on a node that’s already full. Limits are what the kubelet enforces — exceed the memory limit and the kernel OOMKills your container, which is the failure mode we dissect at the end of this chapter.

The gotcha is the parameter name: it is container_resources, not resources. resources is a BaseOperator argument about Airflow’s own pool accounting, and passing a V1ResourceRequirements there is a hard error rather than a silent one — TypeError: Resources() argument after ** must be a mapping, not V1ResourceRequirements. That’s the good outcome: you find out at parse time. The bad outcome is the opposite mistake — omitting container_resources entirely, which is silent, and leaves your pod inheriting the namespace’s default limits. If your pod keeps inheriting the namespace’s default limits no matter what you set, check the keyword.

Pulling the image

image_pull_policy is the Kubernetes cousin of force_pull: "Always" re-pulls for every pod, "IfNotPresent" uses the node’s cache, "Never" demands it already be there. Same reasoning — mutable tags need "Always", immutable SHAs don’t.

image_pull_secrets takes k8s.V1LocalObjectReference(name="regcred") objects naming a dockerconfigjson Secret in the pod’s namespace. Note where the credential lives: in the cluster, not in Airflow. Airflow just names it. (Most platform teams skip the parameter entirely and attach the pull secret to the namespace’s ServiceAccount — then every pod can pull and no DAG has to know.)

startup_timeout_seconds (default 120) is how long the operator waits for the pod to leave Pending before giving up. On a cold node pulling a 6GB CUDA image, 120 seconds is not enough, and the resulting Pod took too long to start reads like a bug in your job when it’s really a bug in your patience. Raise it for fat images.

Cleanup, and one dead knob that looks alive

on_finish_action decides the pod’s fate:


	"delete_pod" — the default. Always delete, success or failure.

	"keep_pod" — never delete. You now own a growing pile of Completed pods.

	"delete_succeeded_pod" — delete on success, keep on failure. This is the setting you want in production: successes vanish, failures stick around for kubectl describe.



And now the sharp edge. The old parameter was is_delete_operator_pod, a boolean. It is still accepted by the operator’s constructor — passing it raises no error, no TypeError, nothing. It is also no longer read: the operator derives its cleanup behaviour entirely from on_finish_action, whose default is delete_pod. So a DAG that says

    is_delete_operator_pod=False,   # dead config — looks load-bearing, isn't

reads, to every human who opens it, like a task that keeps its pod for debugging. It does not. It deletes the pod, every time, because on_finish_action defaulted to delete_pod and nobody overrode it. This is the worst possible category of bug: config that is syntactically fine, semantically inert, and misleading to the reader. If you’re porting a 2.x DAG, grep for is_delete_operator_pod, delete every occurrence, and set on_finish_action to what you actually meant.

Placement: node selectors, tolerations, affinity

node_selector is the blunt instrument — a dict of labels the node must have. {"workload": "batch"} keeps the scoring pod off the nodes running your API.

tolerations let a pod land on a tainted node, which is the half of the dedicated-node-pool pattern people remember. Here’s the half they forget: a toleration only grants permission to land on the taint, it doesn’t attract the pod there. You almost always need a node_selector (or node affinity) alongside it — and forgetting that is why your expensive GPU pool sits empty while the GPU job runs happily on a general node with no GPU in it.

affinity is the expressive form: V1Affinity with node/pod/anti-pod rules, preferred (soft) as well as required (hard). It’s the tool for “spread these across zones” or “never co-schedule two of these.” It’s also verbose enough that it belongs in a module-level constant, not inline in the DAG.

do_xcom_push, and the sidecar you didn’t ask for

KPO’s XCom mechanism is different from Docker’s, and — unlike Docker’s — it does not read stdout. When you set do_xcom_push=True (the default is False; the pod pushes nothing unless you ask):


	The operator adds an emptyDir volume to the pod, mounted at /airflow/xcom in your container.

	It injects a sidecar container — a tiny alpine image — sharing that same volume, whose only job is to sit there doing nothing.

	Your container runs, and before it exits it writes a JSON file to /airflow/xcom/return.json.

	Your container exits. The pod does not die, because the sidecar is still running.

	Airflow execs into the sidecar, reads /airflow/xcom/return.json, pushes it as the XCom, and tells the sidecar to exit. The pod finishes.



A shared emptyDir, a file, and a babysitter container that exists purely to keep the pod alive long enough for Airflow to read the file — because once every container in a pod has exited, the pod’s filesystem is gone. The consequences fall right out of it:


	The file must be valid JSON. print() does nothing; your container has to actually write it.

	Write it unconditionally. A pod that succeeds but forgets the file fails at the very last step of an otherwise-green task. If you have nothing to return, write {}.

	The directory must be writable by whatever user the image runs as. A hardened image with a read-only root filesystem fails here for reasons that have nothing to do with your code.

	The sidecar is really in the pod. It shows up in kubectl get pod, it nibbles at the namespace quota, and a policy engine that rejects pods with unexpected containers will reject yours.



The distinction that trips everyone: operator vs. executor

Two things here are named almost identically and are not the same thing, and it is the single most common Kubernetes-and-Airflow confusion.

KubernetesPodOperator is an operator — something you put in a DAG, saying “this task’s job is to launch a container.” It works under any executor: Local, Celery, Kubernetes, Edge. It only needs credentials to a cluster.

KubernetesExecutor is an executor — something your platform team sets in config, saying “every task in this deployment runs in its own pod.” It has nothing to do with what your tasks do.














































		KubernetesPodOperator	KubernetesExecutor
	What it is	An operator you put in a DAG	An executor set in deployment config
	Who chooses it	The DAG author, per task	The platform team, per deployment
	What runs in a pod	The container this one task launches	Every task, whatever operator it uses
	What’s in the image	Your job — Go, R, CUDA, anything	Airflow — it runs airflow tasks run
	Works under any executor?	Yes — Local, Celery, Kubernetes	It is the executor
	Per-task shaping	Operator kwargs (container_resources, …)	executor_config={"pod_override": …}
	Needs a cluster?	Yes, to launch into	Yes, to run on


The line that clarifies it: KubernetesExecutor decides how your task process runs. KubernetesPodOperator decides what your task launches. They live at different layers, and they compose freely — you can run KPO tasks on a plain Celery deployment with no KubernetesExecutor anywhere in sight (the Celery worker runs the operator, which asks the cluster for a pod), and you can run KubernetesExecutor and never write a single KPO (your ordinary @task functions each get a pod).

You can also do both at once, which is where the mental model earns its keep: under KubernetesExecutor, a KPO task means Airflow creates a pod (to run the task process) which then creates another pod (the job). That’s occasionally exactly right — you want the job’s image to be independent and the task process isolated — and it’s often a sign you could have picked one. Chapter 05 covers the executor choice; chapter 17 goes all the way down into pod templates, pod_override merge semantics, and multi-executor deployments. This chapter is only about the operator.

And which container operator should you use?

Mostly, whichever your compute already is. If you have a Docker daemon and no cluster, DockerOperator is the entire answer and it’s a good one. If you’re on Kubernetes, KPO is strictly the better citizen: real requests and limits, native Secret mounting, RBAC per namespace, node placement, and cleanup the cluster handles.

The anti-pattern to name explicitly: running DockerOperator on a Kubernetes deployment by bind-mounting the node’s Docker socket into an Airflow worker pod. It works in a demo. In production it means any DAG author can start a privileged container on a node, bypassing every Kubernetes control you have — resource quotas, network policy, pod security, the scheduler itself. It’s a container escape with extra steps. On a cluster, launch pods.

Deferrable pods: the six-hour job that holds nothing

By default, a KPO task occupies a worker slot for the entire life of its pod. The operator sits in a loop watching pod status. If the pod runs for six hours, an Airflow worker slot is pinned for six hours doing nothing but asking Kubernetes “is it done yet?”

deferrable=True fixes that:

    score = KubernetesPodOperator(
        task_id="score_recommendations",
        image="registry.internal/bookshop/recommender:2.4",
        ...
        deferrable=True,
        poll_interval=10,
    )

The operator creates the pod, calls self.defer(...), and releases its execution slot entirely. The watching moves to the triggerer — the async process from chapter 02 — which babysits thousands of pending pods on one event loop, because “poll the Kubernetes API every ten seconds” is exactly the cheap await that asyncio was built for. When the pod reaches a terminal phase, the trigger fires an event and the scheduler puts the operator’s completion method back on a worker to collect the result and clean up.

The economics are stark. Twenty long-running pods under a non-deferrable KPO pin twenty worker slots — and under KubernetesExecutor, twenty pods whose entire purpose is watching twenty other pods. Deferred, they pin zero. The costs: you must actually be running a triggerer (airflow triggerer; the Astro CLI starts one), and logs arrive differently — in deferred mode the trigger fetches container logs on an interval rather than streaming continuously, so the UI fills in chunks, with logging_interval controlling the cadence. That’s why some teams leave short pods non-deferrable and reserve deferrable=True for the long ones. The heuristic is right: defer when the wait is long or the fan-out is wide.

”How do I know it worked?”

The question the whole chapter has been building to, and it deserves a precise answer, because containerized tasks fail in ways ordinary tasks can’t.

The exit code is the contract

Both operators key success off the container’s exit status. Zero succeeds; non-zero fails the task and hands it to Airflow’s retry machinery. That is the cleanest signal in this entire book — the thing that did the work is the thing whose result Airflow reads. No polling, no external API, no eventual consistency.

Which means your image owes Airflow an honest exit code, and a shocking number of images don’t give one. A Python script that catches every exception and logs it exits zero. A shell pipeline (extract | transform) exits with the status of the last command, so a failing extract feeding a happy transform is a green task with no data. A set -e-less bash entrypoint marches cheerfully past its own failures. If you take one operational lesson from this chapter: audit your images’ exit codes. A containerized task that can’t fail is not a task, it’s a rumour.

Two codes to memorize, because you’ll read them in pod status: 137 is 128 + 9, SIGKILL — on Kubernetes that almost always means OOMKilled. 143 is 128 + 15, SIGTERM — something asked it to stop politely, usually an eviction or a kubectl delete.

Getting the logs back

get_logs=True (KPO’s default) streams the container’s stdout/stderr into the Airflow task log. That’s not a nicety. With on_finish_action="delete_pod", the pod is gone by the time you look and kubectl logs has nothing to show you — the only copy of the container’s output is the one Airflow pulled while it was running. Turn get_logs off and a failed pod becomes a red box with no explanation. DockerOperator streams logs the same way, which is also, awkwardly, why its stdout doubles as its XCom channel.

The failures that aren’t in the logs

And now the part that separates people who’ve run this in production from people who’ve read the docs.

OOMKilled. Your container exceeded its memory limit. The kernel killed it — instantly, SIGKILL, no traceback, no exception, no “MemoryError.” The task log just ends mid-sentence. Exit code 137. There is nothing in the logs explaining it, because the process was never given a chance to say anything. The evidence lives in the pod’s container status (reason: OOMKilled) and its events, not in your application’s output.

Evicted. The node ran out of memory or disk and the kubelet threw your pod overboard to save itself. Phase Failed, reason: Evicted — and here’s the cruel part: an evicted pod may have its container filesystem reclaimed, so even the logs can be gone. This is what happens when your memory request sat far below actual usage: the scheduler packed the node based on your optimism, the node filled, and the kubelet started evicting. The fix is not “retry.” The fix is an honest request.

FailedScheduling. The pod never started. It sat Pending until startup_timeout_seconds expired, because no node had room for its requests, or its node_selector matched nothing, or it tolerated a taint with nothing attracting it to the pool. Empty logs, because there was never a container.

ImagePullBackOff. The registry said no — wrong tag, expired pull secret, secret in the wrong namespace. Again: Pending pod, empty logs, timeout.

Every one of these presents identically in Airflow’s UI — a failed task with useless or absent logs — and every one has a completely different fix. The evidence is in Kubernetes events, and one parameter drags it into the place you’re already looking:

    log_events_on_failure=True,

Set it. When a pod fails, KPO dumps its Kubernetes events into the task log, and OOMKilled / Evicted / FailedScheduling / ImagePullBackOff show up in the Airflow UI instead of requiring cluster access and a race against the garbage collector. Pair it with on_finish_action="delete_succeeded_pod" so failed pods survive for a kubectl describe, and you’ve turned “the container failed, I guess” into an actual diagnosis. Its sibling log_pod_spec_on_failure dumps the resolved pod spec too — invaluable when the real bug is that your container_resources never applied the way you thought.

On the Docker side the equivalent discipline is auto_remove="success" plus the habit of docker inspect-ing a failed container’s State for OOMKilled: true. Docker will tell you — you just have to ask, and you have to have kept the corpse.

Retries, and the pod that’s still running

One last piece of machinery. reattach_on_restart (default True) handles the case where the Airflow side dies while the pod is fine: the worker is killed, the task is queued for retry, and the pod is still happily grinding away. On the retry, rather than launching a second pod to do the same work, KPO finds the pod carrying that exact task instance’s labels and reattaches — resuming the log stream and waiting for the original. It quietly saves you from double-running an expensive job every time a worker gets rescheduled, and it means your pods’ labels are load-bearing. Don’t fight the operator over them.

Final thoughts

Containerizing a task is a trade, and it’s worth being clear-eyed about both sides. You buy dependency isolation, reproducibility, and the freedom to orchestrate software that has never heard of Python — genuinely large wins, and the only real answer once more than one team’s code has to run on the same orchestrator. You pay with a build pipeline, a registry, a cold start, and a failure surface that now includes the container runtime, the kube-scheduler, the node, and the registry — none of which write anything useful into your application’s logs.

You make that trade pay by closing the visibility gap on purpose. Give your image an honest exit code, because that’s the only contract Airflow actually checks. Turn on get_logs so the container’s output survives the pod. Turn on log_events_on_failure so the cluster’s explanation lands in the same place. Delete successful pods, keep the failed ones. Set a memory request you believe rather than one you hope for. Use Secret objects instead of environment variables and let the kubelet handle the credential. Defer the long ones so a six-hour pod costs a coroutine instead of a worker. And write /airflow/xcom/return.json deliberately — or better, don’t return anything at all, because a task that writes its output to object storage and returns nothing has no XCom to corrupt.

Get that right and a containerized task is the most honest kind of task there is: a black box with a clean interface, an image you can run on your laptop, and an exit code that means what it says. Airflow starts it, watches it, and gets out of the way — which, as the next chapter argues at length, is the only thing Airflow should ever be doing.





Delegating Compute: Airflow Is the Conductor, Not the Orchestra

Here is a task that looks fine and is a bug:

@task
def build_daily_sales():
    df = pd.read_sql("SELECT * FROM raw.orders", warehouse_engine)
    df = df[df.status == "complete"]
    daily = df.groupby(["order_date", "title_id"]).revenue.sum().reset_index()
    daily.to_sql("daily_sales", warehouse_engine, if_exists="replace")

Every line of it is idiomatic Python. It reads clearly. It also drags the bookshop’s entire orders table across the network into an Airflow worker’s RAM, filters it there, groups it there, and pushes the result back — to the same database that could have done all three operations without moving a single byte over the wire. It will work on the sample data. It will work in staging. And it will fall over the first quarter the bookshop has a good year, at which point your options are “give the worker more memory” or “give the worker more memory again.”

But the memory isn’t even the real problem. The real problem is that the transformation logic now lives inside an orchestrator. It can only run when the scheduler runs it. It can only be tested by running a DAG. It can’t be executed by an analyst in a SQL client, or profiled by the DBA, or reused by the reporting job, or ported to a different warehouse. You have taken a piece of business logic and welded it to your scheduling infrastructure, and every future change to either one now has to consider the other.

Airflow is the conductor, not the orchestra. Its job is to decide what runs, in what order, with what retries, and to keep an honest record of what happened. The computation belongs to the tools that were built to compute: the warehouse for set-based work, dbt for the transform layer, Spark for the genuinely big stuff. Every operator in this chapter is a variation on the same shape — start a job somewhere else, and know whether it worked — and once you see it, the whole “how do I process this data in Airflow?” question dissolves. You don’t. You trigger something that does, and you watch it.

The database: SQLExecuteQueryOperator

Start with the most under-used delegation in the whole stack. An enormous amount of what people call “data processing” is just SQL that belongs in the warehouse: a MERGE, a table swap, a CREATE TABLE AS, a stored procedure. It doesn’t need dbt, it doesn’t need Spark, it needs a statement sent to a database and a database left alone to do its job.

In Airflow 3.x the tool for that is SQLExecuteQueryOperator, and if you learned Airflow on 2.x, the first thing to internalize is what happened to the operators you used to reach for.

The per-database operators are gone

PostgresOperator. SnowflakeOperator. MySqlOperator. SqliteOperator. OracleOperator. They’re gone — deprecated through 2.x and removed by the time you’re on a current 3.x provider stack. There is one operator now, and it lives in the common.sql provider:

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


@dag(schedule="@daily", catchup=False, template_searchpath="/opt/airflow/include/sql")
def bookshop_marts():
    refresh = SQLExecuteQueryOperator(
        task_id="refresh_daily_sales",
        conn_id="warehouse",
        sql="refresh_daily_sales.sql",
        parameters={"run_date": "{{ ds }}"},
        autocommit=True,
    )
    refresh


bookshop_marts()

This is not a rename for the sake of a rename. The conn_id decides the dialect. Point it at a Postgres connection and it speaks Postgres; point it at a Snowflake connection and it speaks Snowflake — same operator, same code, zero changes. The operator resolves the connection, gets the right hook, and hands the SQL to that hook’s DBAPI driver. Migrating the bookshop from Postgres to Snowflake becomes a connection change rather than a find-and-replace across every DAG in the repo. That’s the whole point of the consolidation, and it’s a good one.

sql: strings, lists, and files

The sql parameter takes three shapes, and the third is the one you want.

An inline string is fine for a one-liner. A list of strings runs each statement in order, in one connection — handy for a TRUNCATE then INSERT pair.

A file path is the real answer. SQLExecuteQueryOperator declares .sql in its template_ext, which means passing sql="refresh_daily_sales.sql" makes Airflow read that file and then Jinja-render it before execution. Your SQL lives in a .sql file, where your editor can highlight it, your linter can check it, and a human can read it without wading through Python quoting. template_searchpath on the DAG (see the example above) tells Airflow where to look, beyond the DAG file’s own folder.

The rendered SQL then shows up in the task’s Rendered Template view in the UI, which means when someone asks “what exactly did last Tuesday’s run execute?”, the answer is three clicks away rather than a reconstruction exercise. That alone justifies the pattern.

parameters, and why f-strings are a security bug

Now the part that matters most and gets taught least.

There are two completely different ways a value can get into your SQL, and they are not interchangeable.

Templating — {{ ds }}, {{ params.region }} — is string interpolation. Jinja renders the value into the SQL text, and the database receives a single string containing that value. Whatever the value was, it is now SQL.

Parameters — the parameters= argument — are bound values. They are handed to the DBAPI driver alongside the statement, and the driver passes them to the database as data, out of band, never parsed as SQL. A parameter cannot change the shape of your query. It can only fill a hole.

The difference is invisible until it isn’t. Consider a DAG triggered with a config payload — the bookshop’s ops team can re-run a region:

-- refresh_daily_sales.sql — DANGEROUS
DELETE FROM analytics.daily_sales WHERE region = '{{ dag_run.conf["region"] }}';

Someone triggers that DAG through the REST API (chapter 14) with {"region": "eu'; DROP TABLE analytics.daily_sales; --"} and the rendered SQL is exactly the injection you’d expect. The templating engine did its job perfectly. It interpolated the string it was given. It has no idea it was building SQL.

The fix is to bind:

-- refresh_daily_sales.sql — safe
DELETE FROM analytics.daily_sales WHERE region = %(region)s;
INSERT INTO analytics.daily_sales
SELECT order_date, title_id, sum(revenue)
FROM raw.orders
WHERE order_date = %(run_date)s AND region = %(region)s
GROUP BY 1, 2;

    refresh = SQLExecuteQueryOperator(
        task_id="refresh_daily_sales",
        conn_id="warehouse",
        sql="refresh_daily_sales.sql",
        parameters={"region": "{{ dag_run.conf['region'] }}", "run_date": "{{ ds }}"},
        split_statements=True,
        autocommit=True,
    )

parameters is itself templated — so {{ dag_run.conf['region'] }} still resolves — but the result of that rendering is bound, not interpolated. The driver sends the query and the value separately. The malicious string arrives at the database as a region name that matches nothing, and your table survives.

One nuance worth flagging so it doesn’t bite you: the placeholder syntax is the driver’s, not Airflow’s. psycopg (Postgres) uses %s positionally or %(name)s for named parameters. Some drivers want ?. Some want :name. There is no Airflow-level abstraction over DBAPI’s paramstyle, so the placeholders in your .sql file are coupled to the database it targets — which is the one place the otherwise-lovely conn_id-decides-the-dialect story leaks.

Rule of thumb: template the things that decide which SQL runs; bind the things that are values in it. A table name chosen by environment is a template. A date, an ID, a region, anything that came from a user or a trigger payload, is a parameter. If you’re ever tempted to f-string a value into a query, you are one careless trigger away from an incident.

autocommit, split_statements, return_last, handler

Four more knobs, each of which quietly changes behaviour.

autocommit (default False) decides whether each statement commits as it runs. Left off, your statements run in a transaction that the hook commits at the end — which is what you want for a multi-statement DELETE-then-INSERT that must be atomic. Turn it on for DDL on databases that can’t run it transactionally, and for anything long-running where you’d rather not hold a transaction open. Getting this wrong is how you end up with an empty mart: the DELETE committed, the INSERT failed, and there was no transaction to roll either one back.

split_statements decides whether a single string containing several ;-separated statements is broken up and executed one at a time. Some drivers refuse multiple statements in one execute() call; others silently run only the first. The default varies by hook, which is precisely why you should set it explicitly whenever your .sql file has more than one statement in it. (Passing a Python list of statements always runs them one by one, regardless.)

handler decides what — if anything — comes back. By default the operator uses a handler that fetches all rows, so a SELECT returns a list of tuples. Pass fetch_one_handler and you get a single row. The results are then pushed to XCom, which brings us to the important caveat: with do_xcom_push=False, the operator doesn’t fetch results at all. That’s not just an optimization — it’s the correct setting for a MERGE or a CREATE TABLE AS, where there is no result set and you don’t want the operator groping for one.

return_last (default True) matters only when several statements ran: True gives you the last statement’s results; False gives you a list of every statement’s results. If a downstream task is reading an XCom from a multi-statement task and getting a shape it didn’t expect, this is why.

Data quality, also delegated

While you’re here: common.sql ships a family of check operators that push assertions into the database rather than pulling rows out to assert on.

from airflow.providers.common.sql.operators.sql import (
    SQLColumnCheckOperator,
    SQLTableCheckOperator,
)

check_columns = SQLColumnCheckOperator(
    task_id="check_daily_sales_columns",
    conn_id="warehouse",
    table="analytics.daily_sales",
    column_mapping={
        "revenue": {"min": {"geq_to": 0}, "null_check": {"equal_to": 0}},
        "title_id": {"distinct_check": {"greater_than": 100}},
    },
)

check_table = SQLTableCheckOperator(
    task_id="check_daily_sales_rows",
    conn_id="warehouse",
    table="analytics.daily_sales",
    checks={"row_count_check": {"check_statement": "COUNT(*) > 0"}},
)

Each of these compiles down to SQL that runs in the warehouse and returns a handful of booleans. No dataframe, no row transfer, no worker memory. It’s the same discipline as everything else in this chapter, applied to testing: ask the engine a question, carry home the answer.

When a hook beats an operator

Operators are declarative and that’s usually right. But when you need a value in Python — a count to branch on, an ID to pass downstream, a decision to make — drop to a hook:

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


@task
def assert_load_landed(ds: str):
    # `ds` comes from the run context. A literal "{{ ds }}" here would be sent to
    # Postgres verbatim, match nothing, and this check would "fail" every single day.
    hook = PostgresHook(postgres_conn_id="warehouse")
    (count,) = hook.get_first(
        "SELECT count(*) FROM raw.orders WHERE order_date = %(d)s",
        parameters={"d": ds},
    )
    if count == 0:
        raise ValueError("no orders landed — upstream extract failed")
    return count

Notice what did not happen: no rows were pulled into the worker, no dataframe was built. The count(*) ran in the database; only the integer came back. That’s the thesis in miniature — even when Airflow touches the data, it asks the compute engine a question and carries home the answer.

DbApiHook gives every SQL hook the same vocabulary: get_first for one row, get_records for many, run for statements, insert_rows for a batch write. And there’s a dataframe method — historically get_pandas_df, now generalized to get_df(sql, df_type="pandas" | "polars") in current common.sql releases — which is the most dangerous method in the provider, because it makes the anti-pattern this chapter opened with a one-liner. It has legitimate uses: a small result set, a few hundred rows, something you genuinely need to iterate in Python. It has no business being pointed at a fact table. If you find yourself writing get_df("SELECT * FROM …"), stop and ask what SQL would have done instead.

The hooks also carry the bulk paths, and those are worth knowing because they’re the fast way to move real volume. PostgresHook.copy_expert() drives Postgres’s COPY — a streaming bulk load that is orders of magnitude faster than INSERT-per-row and never materializes the data in Python at all. Every serious warehouse has an equivalent (COPY INTO on Snowflake, LOAD DATA on BigQuery), and the right shape for a big load is always: land the file in object storage, then tell the warehouse to ingest it. Airflow’s task is two lines long and moves zero bytes.

dbt: don’t reimplement the transform layer

Your SQL transforms already have a home. The dbt book builds the bookshop warehouse — staging models, a daily sales mart, tests, snapshots — and dbt is extremely good at exactly that. Airflow’s job is to run it on a schedule and care whether it passed.

The monolith, and its four real problems

The blunt version is a shell-out, and it’s the right first move:

from airflow.sdk import dag, task


@dag(schedule="@daily", catchup=False)
def bookshop_transform():
    @task.bash
    def dbt_build():
        return "cd /opt/dbt/bookshop && dbt build --target prod"

    dbt_build()


bookshop_transform()

One task, one command. dbt’s exit code decides success — if a test fails, dbt build returns non-zero and the task goes red. For a lot of teams that is genuinely all you need, and reaching for something fancier on day one is a mistake.

Live with it for a quarter, though, and four seams open up, each worse than the last.

One task, one log. A red task tells you “dbt broke.” It does not tell you which model. To find out you’re either scrolling a 4,000-line log or parsing run_results.json by hand. The Airflow graph — the thing you built to give you visibility — shows a single box.

No per-model retry. Model 47 of 60 fails on a transient warehouse timeout. You clear the task. dbt reruns all sixty models, including the fifty-nine that were fine, because Airflow’s unit of retry is the task and the task is the whole project. (dbt retry exists and helps, but only if the target/ directory from the failed run is still there — see below.)

dbt deps on a fresh worker. The dbt project’s packages have to exist before dbt build can run. On a containerized or ephemeral worker they don’t, so either you bake them into the image (and now the Airflow image has a dbt dependency tree in it, with all the version-conflict joy that implies) or you run dbt deps every single time, adding a network round-trip to every run.

target/ on an ephemeral filesystem. dbt writes its manifest.json, run_results.json, and compiled SQL into target/. On a Kubernetes worker, that directory dies with the pod. Everything downstream that wants those artifacts — dbt retry, state-based selection (--select state:modified), lineage tooling, the docs site — is looking at a filesystem that no longer exists.

Plus the one that isn’t about failure at all: profiles.yml has to be somewhere, which means warehouse credentials are now a file on the worker rather than an entry in Airflow’s encrypted connection store, and --profiles-dir becomes a string you paste into every command.

Cosmos: a task per model

Cosmos (the astronomer-cosmos package) closes all of it. It parses your dbt project and renders it as an Airflow TaskGroup where every model and every test is its own task, wired in dbt’s own dependency order. You keep writing dbt; Airflow gets a graph it can actually reason about.

from cosmos import DbtTaskGroup, ProjectConfig, ProfileConfig, RenderConfig, LoadMode
from cosmos.profiles import PostgresUserPasswordProfileMapping

profile = ProfileConfig(
    profile_name="bookshop",
    target_name="prod",
    profile_mapping=PostgresUserPasswordProfileMapping(
        conn_id="warehouse",                       # a real Airflow connection
        profile_args={"schema": "analytics"},
    ),
)


@dag(schedule="@daily", catchup=False)
def bookshop_elt():
    extract = ...  # a normal Airflow task

    transform = DbtTaskGroup(
        group_id="dbt",
        project_config=ProjectConfig("/opt/dbt/bookshop"),
        profile_config=profile,
        render_config=RenderConfig(load_method=LoadMode.DBT_MANIFEST),
    )

    notify = ...  # another normal task

    extract >> transform >> notify

Two things are doing the heavy lifting. ProfileConfig solves the credentials problem: a profile mapping builds profiles.yml at runtime from an Airflow connection, so the warehouse password lives in Airflow’s encrypted store (or a secrets backend) and never in a file on disk. And DbtTaskGroup — as opposed to DbtDag — embeds the dbt graph inside a larger DAG, which is the shape you actually want: extract, then dbt, then notify, all in one graph, with the dbt part exploded into real tasks.

The payoff is per-model retry, per-model logs, per-model duration in the Gantt view, and a dependency graph the on-call engineer can read.

The cost is parse time, and it’s the tradeoff that separates a Cosmos demo from a Cosmos deployment. By default Cosmos runs dbt ls to discover models — correct, and slow, and DAG parsing happens constantly. The production answer is LoadMode.DBT_MANIFEST: point Cosmos at a pre-built manifest.json generated in CI whenever the dbt project changes. You trade a little freshness (the manifest is a snapshot) for a lot of parse speed, and if you take one thing from this section, that’s it.

This is a genuinely deep topic — render modes, mapping dbt’s --select onto Airflow, running Cosmos tasks in containers, how dbt’s state and lineage cross the boundary into Airflow’s Assets — and it has its own home. The Orchestrating dbt with Airflow book takes it apart properly. What belongs here is the shape of the decision: shell out when “dbt passed or it didn’t” is a good enough signal; reach for Cosmos when “which model failed, and can I retry just that one” is a question you ask often enough to pay a parse step for.

Spark: the big crunch belongs on a cluster

When the data genuinely outgrows a single machine, the compute moves to Spark and Airflow’s job shrinks to submit and watch.

SparkSubmitOperator

from airflow.providers.apache.spark.operators.spark_submit import SparkSubmitOperator

reprocess = SparkSubmitOperator(
    task_id="reprocess_order_history",
    conn_id="spark_default",
    application="/opt/jobs/reprocess_orders.py",
    application_args=["--date", "{{ ds }}", "--full-refresh"],
    packages="io.delta:delta-spark_2.12:3.2.0",
    py_files="/opt/jobs/bookshop_utils.zip",
    files="/opt/config/reprocess.conf",
    conf={
        "spark.executor.instances": "10",
        "spark.sql.shuffle.partitions": "400",
    },
    executor_memory="8g",
    driver_memory="4g",
)

The dependency-shipping knobs are the ones that bite when you skip them, because Spark runs your code on machines that have never heard of your project:


	packages pulls Maven coordinates onto the cluster’s classpath — how you add Delta, or a JDBC driver, without building a fat jar.

	jars does the same with local jar files.

	py_files ships Python modules (a .zip or .egg) so your job’s import bookshop_utils resolves on the executors, not just on the driver. This is the single most common Spark-on-Airflow failure: it works locally, it works on the driver, and the executors throw ModuleNotFoundError because nobody shipped the module to them.

	files distributes plain files into each executor’s working directory — config, a lookup CSV, a certificate.

	application_args are the arguments your job’s own main parses, and they’re templated, so {{ ds }} flows in as the run date.

	conf sets Spark properties. spark.executor.instances sizes the run from the DAG; spark.sql.shuffle.partitions is the one you’ll actually spend time tuning.



Client vs. cluster, and where the driver lives

Two things decide where Spark actually runs, and they matter more than any of the above.

Deploy mode. In client mode, the Spark driver — the JVM that plans the job, coordinates the executors, and collects results — runs wherever spark-submit was invoked, which is your Airflow worker. In cluster mode, the driver runs out on the cluster in its own container. For anything but the smallest jobs you want cluster: a driver in client mode competes with Airflow for memory, and a driver OOM takes an Airflow worker down with it. (Worse: a df.collect() in client mode pulls the result set into the Airflow worker’s heap, which is the anti-pattern from the top of this chapter, wearing a Spark costume.)

The resource manager — YARN, Kubernetes, or standalone — is set by the master URL in the Spark connection (yarn, k8s://https://…, spark://…). It’s why the operator’s code looks identical whether you’re on a Hadoop cluster or Spark-on-K8s. Deploy mode has historically lived in the connection’s extra alongside spark-home and spark-binary, though recent provider versions surface deploy_mode directly on the operator — check which shape your version wants rather than assuming.

And one cost that’s easy to miss: SparkSubmitOperator shells out to the spark-submit binary. That binary — and a JVM, and the Spark distribution — has to exist on the Airflow worker. You have just given your orchestrator a Java dependency, which is exactly the kind of thing the previous chapter told you to containerize. It also means the operator holds a worker slot for the whole life of the job: it’s a subprocess, not a poll, and there’s no deferrable escape hatch. A six-hour Spark job is a six-hour worker slot.

(There’s a on_kill implementation, at least: kill the Airflow task and the operator does its best to kill the Spark application rather than orphaning it. That’s the discipline from chapter 01, and it’s why you want it.)

What teams actually use instead

Here’s the honest caveat. Most teams don’t run spark-submit from Airflow anymore. If your Spark lives behind a managed service — and it almost certainly does — the operator you reach for is the one that speaks to that service’s API, which means no JVM on the worker, no Spark distribution in the image, and a REST call instead of a subprocess.

Livy — LivyOperator — submits through Apache Livy’s REST endpoint and polls it for completion. It’s the on-prem/self-managed answer, and it’s deferrable, which the raw spark-submit path is not.

from airflow.providers.apache.livy.operators.livy import LivyOperator

reprocess = LivyOperator(
    task_id="reprocess_order_history",
    livy_conn_id="livy_default",
    file="s3://bookshop-jobs/reprocess_orders.py",
    args=["--date", "{{ ds }}"],
    num_executors=10,
    executor_memory="8g",
    polling_interval=30,     # 0 means fire-and-forget — it will NOT wait
    deferrable=True,
)

Note polling_interval. Leave it at its default of 0 and the operator submits the job and succeeds immediately, without waiting for it. Sometimes that’s what you want. Usually it’s a task that goes green while the job it launched is still running — or failing.

EMR — on AWS, EmrAddStepsOperator submits steps to a cluster and returns step IDs; EmrStepSensor waits for one to finish. The submit/sensor split is the classic shape, and both have deferrable modes. EmrServerlessStartJobOperator is the newer, simpler path if you’re not managing a cluster.

Databricks — DatabricksSubmitRunOperator creates and runs a one-off job; DatabricksRunNowOperator triggers a job that already exists in the workspace (which is usually the better boundary: the job is owned and versioned in Databricks, and Airflow just names it and passes parameters). Both poll for completion, both support deferrable=True.

from airflow.providers.databricks.operators.databricks import DatabricksRunNowOperator

reprocess = DatabricksRunNowOperator(
    task_id="reprocess_order_history",
    databricks_conn_id="databricks_default",
    job_id=4471,
    python_params=["--date", "{{ ds }}"],
    idempotency_token="{{ dag.dag_id }}-{{ task.task_id }}-{{ run_id }}",
    deferrable=True,
)

They differ in surface but not in spirit. Airflow hands a job description to a system that owns Spark, and waits. The job runs on ten executors and reprocesses a terabyte of order history; the Airflow task is a thin handle that submits, waits, and reports. Your worker never sees a row.

The pattern, and why it pays

Step back and every operator in this chapter has the same skeleton:


	Submit a job to an external system.

	Wait for it — by holding a subprocess, or by polling an API.

	Interpret the outcome: exit code, job status, run_results.json.

	Record it, so the graph tells the truth.



That’s it. That’s the whole job. And two things follow from it that are worth making explicit.

Deferrable: the six-hour job that holds zero worker slots

Step 2 is where the money is. A LivyOperator or DatabricksRunNowOperator in classic mode occupies a worker slot for the entire life of the external job — six hours of a worker process asking, every thirty seconds, “done yet?” Sixty concurrent Spark submits pin sixty workers, none of which is computing anything.

deferrable=True hands the waiting to the triggerer (chapter 02): the operator submits, calls self.defer(...), and releases its slot completely. The triggerer’s asyncio loop babysits all sixty polls on one process, and when a job finishes it wakes the task to interpret the result. Sixty six-hour jobs go from sixty pinned workers to zero.

This is the single highest-leverage change available to most Airflow deployments, and it costs one keyword argument. Any operator that waits on an external system should be deferrable if the wait is long or the fan-out is wide. The prerequisite — as always — is that a triggerer is actually running.

Idempotency at the boundary

The uncomfortable truth about submit-and-watch: the submit and the watch can be separated by a failure. Airflow submits a Databricks job, the worker is evicted before it records the run ID, the task is marked for retry, and the retry submits the job again. Now two runs are writing to the same table.

Airflow cannot solve this for you, because the duplicate happened on the other side of the boundary. Which means the boundary is where you solve it, and there are exactly three honest tools:


	An idempotency token, if the platform offers one. Databricks does — idempotency_token in the example above. Submit twice with the same token and Databricks returns the existing run rather than starting a second. Build the token from something stable and unique to the task instance (dag_id + task_id + run_id, as above) and a retry is a no-op instead of a double-run. Use it. It is free correctness.

	Make the job itself idempotent. The job overwrites a partition instead of appending to it. The SQL MERGEs on a key instead of INSERTing. dbt build is idempotent by construction — it rebuilds tables, it doesn’t accumulate into them — which is a large and under-appreciated part of why dbt fits so well under an orchestrator that retries things.

	Check before you submit. A reattach_to_previous_run on the platform’s operator, or a task that queries the external system for an in-flight job with this run’s tag before starting a new one. Clunkier, but it’s what you’re left with when the platform gives you nothing.



If none of those is available, you have an at-least-once boundary and you should know it, because Airflow’s retries — the feature you want — will find it.

Final thoughts

The temptation to compute inside Airflow never really goes away. It’s right there, it’s Python, and for a small job it feels easier than wiring up an external tool. But every one of those tasks is a piece of business logic you have quietly welded to your scheduler, and the bill comes due later: the pandas transform nobody can run outside a DAG, the worker you keep resizing, the transformation nobody can test without a scheduler.

Delegate instead, and the boundaries do real work for you. dbt owns the transforms. The warehouse owns the set-based statements. Spark owns the big crunch. Containers own the awkward code. Airflow owns scheduling, ordering, retries, and the record of what happened. Each of those tools stays independently runnable — you can dbt build by hand, execute the SQL in a client, submit the Spark job from a shell — which means none of them is hostage to your orchestrator, and you can replace any of them without touching the others.

A DAG built this way is one you can read in a minute. It’s a list of things to trigger and the shape of their dependencies, not a pile of business logic wearing an orchestrator as a costume. Push the compute out, keep the control, and defer the waiting — and Airflow becomes what it’s actually good at being: the thing that knows what should have run, whether it did, and what to do when it didn’t.

A conductor who grabs a violin mid-performance isn’t being helpful. They’re just one more thing that can go wrong.





Production Patterns: Idempotent, Observable, Alerting

A DAG that works on the first run is easy. A DAG that works on the second run — after the first one half-failed at 2am and the retry fired against a table that already has today’s rows in it — is the one you actually want. Production isn’t about the happy path. It’s about what happens when a task runs twice, or runs late, or runs against a source that’s already on fire. Three habits get you there: make every task idempotent so re-running is free, make failures loud so you hear about them before your users do, and cap concurrency so one greedy DAG can’t take down the database it reads from. Everything in this chapter is a variation on those three.

Idempotency: re-running has to be safe

The single most useful property a task can have is that running it again changes nothing. Run it once, run it five times — same result. That’s what makes retries harmless and backfills survivable, and it’s almost always violated by the same mistake: appending.

@task
def load_orders():
    rows = fetch_orders()
    db.execute("INSERT INTO orders SELECT * FROM staging")  # runs twice, doubles the data

Retry that task and you’ve got duplicate rows. Backfill a week and you’ve got seven copies of the overlap. The fix is to scope every write to the run’s data interval and replace that slice, never add to it. The blunt, portable version is delete-then-insert:


Before this works, check your interval. Every window in this section relies on data_interval_start and data_interval_end being different values. On a default Airflow 3 install they are not: a cron schedule uses CronTriggerTimetable, whose data interval is zero-width, so >= start AND < end matches nothing and this task silently does no work. Set AIRFLOW__SCHEDULER__CREATE_CRON_DATA_INTERVALS=True (the foundations scheduling chapter explains why, and what the alternative is). If you inherit a DAG and the numbers look wrong, print both bounds first — if they’re equal, you’ve found it.



@task
def load_orders(data_interval_start=None, data_interval_end=None):
    rows = fetch_orders(since=data_interval_start, until=data_interval_end)
    db.execute(
        "DELETE FROM orders WHERE ordered_at >= %s AND ordered_at < %s",
        (data_interval_start, data_interval_end),
    )
    db.bulk_insert("orders", rows)

Now the task owns exactly one window of the table, and running it again just rewrites that same window. The other half of this rule is where the window comes from: it comes from the run, not the wall clock. The moment a task calls datetime.now() to decide which data to pull, backfills are dead — every historical run would grab today’s rows instead of the day it’s supposed to represent. Airflow hands you data_interval_start and data_interval_end for exactly this reason. Use them, and a backfill of last March produces last March’s numbers.

Delete-insert has one failure mode worth naming: the gap between the DELETE and the bulk_insert. If the task dies in that window, you’ve deleted a day of data and written nothing back, and now the table is worse than before you ran. Two fixes. The first is a transaction — wrap both statements so the delete only commits if the insert does:

@task
def load_orders(data_interval_start=None, data_interval_end=None):
    rows = fetch_orders(since=data_interval_start, until=data_interval_end)
    with db.begin() as tx:  # commits together, rolls back together
        tx.execute(
            "DELETE FROM orders WHERE ordered_at >= %s AND ordered_at < %s",
            (data_interval_start, data_interval_end),
        )
        tx.bulk_insert("orders", rows)

Now a mid-task crash rolls the whole thing back and the retry starts from the same clean state it did the first time. That’s the property you’re actually chasing: not “the task succeeds” but “the table is the same after a failed-and-retried run as after a clean one.”

The second fix, when you key on a natural identifier rather than a time window, is an upsert — a MERGE that inserts new rows and overwrites existing ones by primary key, with no delete at all:

@task
def load_customers():
    rows = fetch_changed_customers()
    db.execute("""
        MERGE INTO customers AS t
        USING staging_customers AS s
        ON t.customer_id = s.customer_id
        WHEN MATCHED THEN UPDATE SET name = s.name, email = s.email, updated_at = s.updated_at
        WHEN NOT MATCHED THEN INSERT (customer_id, name, email, updated_at)
                             VALUES (s.customer_id, s.name, s.email, s.updated_at)
    """)

Run this twice and the second run matches every row it just wrote and updates them to identical values — a no-op with extra steps, which is exactly what idempotent means. MERGE is the right tool when the grain is a business key (a customer, an order, a book) rather than a time slice, because it doesn’t care how many times it runs or in what order relative to its neighbors.

The hard case is the one that has no MERGE: an external side effect. Charging a card, sending an email, kicking a downstream API — a retry of that isn’t a rewrite, it’s a second charge. The pattern here is an idempotency key: derive a deterministic token from the run (the task’s logical date plus the entity), hand it to the external system, and let them dedupe. Every serious payments and messaging API supports this precisely because retries are unavoidable.

@task
def charge_subscriptions(logical_date=None):
    for sub in due_subscriptions(logical_date):
        # same key on every retry of this run → the provider charges once
        payments.charge(
            amount=sub.amount,
            idempotency_key=f"sub-{sub.id}-{logical_date:%Y-%m-%d}",
        )

The key has to be a pure function of the run and the entity — never a UUID generated inside the task, because that changes on every attempt and defeats the whole mechanism. Get this right and the answer to “the task failed after charging half the customers, is it safe to retry?” becomes an unhesitating yes.

Retries: the whole reason idempotency matters

Idempotency is the property; retries are why you want it. A task with no retries is a task that pages a human the first time a network blip drops a connection. Airflow’s retry machinery turns most transient failures into a footnote in the logs, and it’s controlled entirely through default_args or the task decorator:

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

@dag(
    schedule="@daily",
    catchup=False,
    default_args={
        "retries": 4,
        "retry_delay": timedelta(minutes=2),
        "retry_exponential_backoff": True,
        "max_retry_delay": timedelta(minutes=30),
        "execution_timeout": timedelta(minutes=45),
    },
)
def load_bookshop():
    ...

Each knob earns its place. retries is how many times Airflow re-queues a failed task before giving up and marking it failed for real. retry_delay is the wait between attempts. retry_exponential_backoff=True turns that fixed delay into a doubling one — two minutes, then four, then eight — which is the correct behaviour against a source that’s failing because it’s overloaded, since hammering it every two minutes just prolongs the outage. max_retry_delay caps that exponential growth so you don’t end up waiting six hours between the last two attempts.

execution_timeout is the one people forget, and it’s the most important for protecting the rest of the system. Without it, a task that hangs — a query that never returns, an API that accepts the connection and then goes silent — occupies a worker slot forever, and a few of those will quietly starve your whole deployment. execution_timeout kills the task after its budget and lets the retry logic take over. Set it to something a healthy run comfortably fits inside; a task that’s running twice its normal duration is a task that’s usually stuck.

The catch that ties this back to the previous section: retries are only safe if the task is idempotent. Airflow doesn’t know whether attempt two is picking up cleanly or doubling your data — it just re-runs the same code. retries=4 on a non-idempotent append task isn’t resilience, it’s four chances to corrupt the table. Every retry you configure is a bet that re-running is harmless, which is exactly the bet idempotency lets you win.

Catchup and backfill: idempotency at scale

The place all of this gets stress-tested is backfill, because a backfill runs your task dozens of times in quick succession over historical intervals. Airflow’s catchup controls whether it does this automatically. With catchup=True, deploying a DAG with a start_date three months ago tells the scheduler to run every missed daily interval since — ninety runs, right now.

@dag(
    schedule="@daily",
    start_date=datetime(2026, 3, 1),
    catchup=True,
    max_active_runs=3,
)
def load_bookshop():
    ...

catchup=True is only sane on top of genuine idempotency — those ninety runs each rewrite their own interval, so the end state is correct regardless of order or overlap. max_active_runs=3 is the guardrail: it caps how many DAG runs execute at the same time, so the catchup marches through history three intervals at a time instead of trying to launch all ninety at once and stampeding your source. Most teams keep production DAGs on catchup=False and reach for the explicit airflow backfill create command (or the UI, in 3.x — the old CLI daemon is gone) when they actually want history reprocessed, which makes the intent deliberate rather than a side effect of a start_date.

Two ordering knobs matter when a run genuinely depends on the run before it. depends_on_past=True blocks a task from starting until the same task succeeded in the previous run — the right call when today’s incremental needs yesterday’s to have landed first. wait_for_downstream=True goes further, waiting for the previous run’s downstream tasks too. Both are powerful and both are traps: one failed run with depends_on_past set halts every run after it until you intervene, which is correct for a strict chain and catastrophic for a DAG that just happens to have it switched on. Reach for them when the data model is genuinely sequential, not as a default.

Callbacks: the full family, and where they run

By default a failed task turns red in the UI and does nothing else. In production you want it to reach out. Every task and DAG takes a family of callbacks — functions Airflow invokes with the task context at specific moments in the lifecycle:


	on_success_callback — the task (or run) finished cleanly.

	on_failure_callback — it failed for good, after exhausting retries.

	on_retry_callback — a single attempt failed and another is queued.

	on_execute_callback — the task is about to start running.



def notify_slack(context):
    ti = context["task_instance"]
    post_to_slack(
        channel="#data-alerts",
        text=f":red_circle: {ti.dag_id}.{ti.task_id} failed "
             f"for {context['logical_date']} — {ti.log_url}",
    )

@dag(schedule="@daily", catchup=False, default_args={"on_failure_callback": notify_slack})
def load_bookshop():
    ...

Setting a callback in default_args wires every task in the DAG at once. You can also set callbacks at the DAG level — @dag(on_failure_callback=...) fires when the run as a whole fails, separately from the per-task ones. The precedence is worth internalizing: a task-level callback and a DAG-level callback are not either/or, they’re different events. The task callback runs once per failed task; the DAG callback runs once for the run. Put “which task broke” logic in the task callback and “the pipeline didn’t finish” logic on the DAG.

Route the different callbacks at different volumes. on_retry_callback is signal you want in a channel you skim, not a page — a retry that eventually succeeds means the system healed itself, which is reassuring, not urgent. on_failure_callback is the one that should reach PagerDuty. on_execute_callback is niche but handy for audit (“this task touched production at this time”). Route retries to Slack, hard failures to the pager, and you’ll stop training yourself to ignore alerts.

Now the sharp edge that catches everyone: callbacks run in the scheduler and dag-processor context, not in your task’s worker. They execute in the same process that’s scheduling every other DAG in your deployment, and Airflow deliberately swallows any exception they raise — a callback that blows up will not fail your task, it’ll just vanish into the scheduler logs. Two consequences. First, keep them cheap and fast: a callback that makes a slow synchronous HTTP call is stealing time from the scheduler’s core loop, and a hundred of them firing at once is a scheduler you’ve quietly degraded. Second, don’t put anything load-bearing in a callback — it’s for notification, not for logic you’re relying on to run. If it must happen, make it a task.

Notifiers: reusable, testable alerting

Hand-rolled callback functions have a smell: every DAG grows its own slightly-different notify_slack, and none of them are tested. Airflow 3.x’s answer is notifiers — a BaseNotifier subclass that packages the “how do I tell someone” logic into a reusable object you drop into any callback slot. The provider packages ship the common ones; SlackNotifier is the one you’ll reach for first:

from airflow.providers.slack.notifications.slack import SlackNotifier

slack_failed = SlackNotifier(
    slack_conn_id="slack_default",
    text="{{ ti.dag_id }}.{{ ti.task_id }} failed for {{ ds }} — {{ ti.log_url }}",
    channel="#data-alerts",
)

@dag(schedule="@daily", catchup=False, default_args={"on_failure_callback": slack_failed})
def load_bookshop():
    ...

The text is a Jinja template rendered against the task context, so you’re not writing f-string plumbing in every DAG. Because a notifier is a plain object, you can define it once in a shared module, unit-test it in isolation, and reuse it across every pipeline you own. Writing your own is a two-method affair — subclass BaseNotifier, declare the templated fields, implement notify(context):

from airflow.sdk import BaseNotifier

class PagerDutyNotifier(BaseNotifier):
    template_fields = ("summary",)

    def __init__(self, summary, severity="critical"):
        self.summary = summary
        self.severity = severity

    def notify(self, context):
        pagerduty.trigger(summary=self.summary, severity=self.severity)

Same object works as on_failure_callback, on_retry_callback, or a DAG-level callback — the notifier abstraction is exactly the “define the channel once, attach it everywhere” shape that raw functions never quite reach.

Deadline alerts: the modern replacement for SLAs

If you’re coming from 2.x, the biggest thing to unlearn here: SLAs are gone. The old sla=timedelta(...) argument that fired a miss callback when a task ran long no longer exists — port it and it’s silently ignored, which is the worst kind of removed. Deadline-style alerting — “tell me if this run hasn’t finished in time” — is now a first-class DAG-level deadline under AIP-86, expressed with a DeadlineAlert:

from datetime import timedelta
from airflow.sdk import DeadlineAlert, DeadlineReference, AsyncCallback

async def deadline_missed(context):
    post_to_slack(channel="#data-alerts", text="bookshop load missed its 2h deadline")

@dag(
    schedule="@daily",
    catchup=False,
    deadline=DeadlineAlert(
        reference=DeadlineReference.DAGRUN_LOGICAL_DATE,
        interval=timedelta(hours=2),
        callback=AsyncCallback(deadline_missed),
    ),
)
def load_bookshop():
    ...

Three parts. reference is where the clock starts. interval is how much time you’re granting from that reference point. callback is what fires if the run hasn’t finished by reference + interval. Anchoring to a reference you choose is the real upgrade over sla: “done within two hours of the logical date” is now directly expressible, instead of the old “within N minutes of a task starting.”

The DeadlineReference variants are the vocabulary worth knowing:


	DAGRUN_LOGICAL_DATE — the clock starts at the run’s logical date, the interval it represents. Best when the deadline is about the data being fresh: “yesterday’s sales should be in the mart within two hours of midnight.”

	DAGRUN_QUEUED_AT — the clock starts when the run was actually queued. Best when the deadline is about execution time regardless of how far behind the schedule is: “however late we started, this shouldn’t take more than 90 minutes to run.” During a backfill, where logical dates are historical, this is the reference that still means something.

	A fixed reference — a wall-clock deadline like “must be done by 6am,” independent of when the run started, for the report someone opens at the start of the business day.



The callback wrapper is the other choice, and it maps onto the same machinery you met with deferrable operators. SyncCallback runs the function synchronously in the scheduler context — fine for something instant. AsyncCallback hands the callback to the triggerer to run as an async coroutine, which is what you want when the notification itself does I/O (an HTTP POST to Slack or PagerDuty), because it keeps that I/O off the scheduler’s hot loop and on the process built to wait on async work. The same subprocess-vs-triggerer distinction that makes deferrable sensors cheap makes async deadline callbacks cheap: slow, waiting work belongs on the triggerer, not the scheduler. Import both, plus DeadlineAlert and DeadlineReference, from airflow.sdk — the AIP-86 surface lives in the Task SDK alongside dag and task.

Concurrency: three ceilings, three different jobs

The bookshop’s orders live in the store’s production Postgres, and that database has a day job serving the actual store. If a backfill spins up thirty task instances that all open connections and run extracts at once, you’ve turned a data pipeline into a denial-of-service attack on the thing paying the bills. Airflow has three distinct concurrency ceilings, and the reason people get bitten is that they’re solving different problems and it’s easy to reach for the wrong one.

[core] parallelism is the global ceiling. It’s a deployment-wide setting — the absolute maximum number of task instances running across every DAG at once. This is the number that protects your workers and your metadata database from the sum of everything you run. It’s an infrastructure knob, set in config, not something you tune per pipeline.

max_active_tasks_per_dag (set per-DAG, or as the [core] default) caps how many tasks run simultaneously within a single DAG run. A DAG that fans out into two hundred mapped tasks would happily try to run all two hundred; this is what stops one wide DAG from eating the whole global budget and starving its neighbours. It’s about fairness between DAGs.

Pools cap concurrency across DAGs by resource, which is the one that actually protects the fragile source. Define a source_db pool with four slots in the UI, assign every task that touches that database to it — from any DAG — and Airflow will never run more than four of them at a time no matter how many runs across how many pipelines are in flight:

@task(pool="source_db", pool_slots=1)
def extract_orders(data_interval_start=None, data_interval_end=None):
    ...

The distinction between the three: parallelism protects the cluster, max_active_tasks_per_dag enforces fairness between DAGs, and pools protect a shared resource regardless of which DAG reaches for it. Only the pool travels with the resource, which is why it’s the right tool for “don’t melt the source database.”

pool_slots is the lever most people never touch and occasionally need: a task can claim more than one slot. A cheap metadata query takes pool_slots=1; a heavyweight full-table extract that hammers the source as hard as four normal queries should take pool_slots=4, so it accounts for its real cost against the pool’s capacity. It lets you size a pool by load rather than by task count, which is far more honest when your tasks aren’t uniform.

When more work is queued than a pool can run, priority_weight decides who goes first. Higher weight wins the next free slot. By default a task’s effective priority is rolled up from its downstream chain via weight_rule="downstream" (the default) — a task with a lot of work depending on it outranks a dead-end. Set weight_rule="upstream" to invert that, or weight_rule="absolute" to make priority_weight mean exactly what it says with no rollup, which is the predictable choice when you want a specific critical extract to always jump the queue:

@task(pool="source_db", priority_weight=10, weight_rule="absolute")
def extract_todays_orders(...):
    ...  # always grabs the next free source_db slot ahead of backfill work

That’s the combination that keeps a fragile source both safe and responsive: a pool bounds the total load, pool_slots accounts for uneven task cost, and priority_weight makes sure the daily run isn’t stuck behind a three-month backfill for the same four slots.

Observability: know what happened without guessing

Alerts tell you something broke. Observability tells you what, and ideally warns you before it does. Three surfaces matter.

Logs are the first stop. Every task instance streams its stdout and stderr to the log backend, reachable from the UI or straight from a callback via ti.log_url. In production, don’t leave logs on the workers’ local disk — a Kubernetes pod dies and takes its logs with it, right when you need them. Configure remote logging to S3, GCS, or Elasticsearch so logs outlive the worker that wrote them:

AIRFLOW__LOGGING__REMOTE_LOGGING=True
AIRFLOW__LOGGING__REMOTE_BASE_LOG_FOLDER=s3://bookshop-airflow-logs/
AIRFLOW__LOGGING__REMOTE_LOG_CONN_ID=aws_logs

The UI transparently reads from the remote store, so the debugging experience is unchanged — the logs are just somewhere durable. Elasticsearch additionally makes them searchable across every run, which is the difference between “grep one task’s log” and “find every task that hit this error last week.”

The health endpoint is what your uptime monitor should be hitting so you learn the scheduler died from a page, not from a pile of tasks stuck in queued. The api-server exposes /api/v2/monitor/health, returning the status of the core components:

{
  "metadatabase": { "status": "healthy" },
  "scheduler": { "status": "healthy", "latest_scheduler_heartbeat": "2026-05-25T04:12:07Z" },
  "triggerer": { "status": "healthy", "latest_triggerer_heartbeat": "2026-05-25T04:12:06Z" }
}

Point your monitor at it and alarm on anything that isn’t healthy. The field that actually catches the sneaky failures is latest_scheduler_heartbeat. A scheduler can be up — the process is running, the endpoint responds — while its scheduling loop is wedged and no new tasks are being queued. The heartbeat going stale is the earliest signal of that, well before the symptom (nothing running) becomes obvious. The equivalent StatsD/OpenTelemetry metric is scheduler_heartbeat; alarm when it stops incrementing, and you catch a stuck scheduler in a minute instead of when someone notices the mart is empty.

Metrics are how you catch the slow degradation a single failure won’t show. Airflow emits scheduler and task metrics over StatsD, and 3.x speaks OpenTelemetry, so task durations, queue depths, and pool utilization land in the same tracing stack as the rest of your services instead of a bespoke dashboard. The ones worth a chart: task duration trending up (a source getting slower), pool slots pinned at capacity (you’ve under-provisioned and everything’s queuing), and the scheduler heartbeat above. A failure pages you; a metric lets you fix the thing before it fails.

Secrets don’t belong in Variables

The last production habit is the least glamorous: stop putting credentials in Airflow Variables and Connections as plaintext. Anyone with UI access can read them, and they end up in database backups. Point Airflow at a secrets backend instead via AIRFLOW__SECRETS__BACKEND — an environment-variable backend for simple setups, or AWS/GCP/Vault Secrets Manager for the real thing. You configure the backend once, keep referencing connections and variables by name in your DAGs, and Airflow resolves them from the vault at runtime. The DAG code doesn’t change; the secret just stops living in the metadata database.

Final thoughts

None of these are Airflow features so much as production disciplines that Airflow happens to make cheap. Idempotency is the one that pays for itself first — the day a task fails halfway and you retry it without a second thought, instead of manually diffing tables to figure out what already ran, you’ll understand why it’s the pattern everything else rests on. Retries lean on it, backfills lean on it, and the whole alerting stack exists to tell you the rare times it wasn’t enough. Wire the deadlines and notifiers so the pipeline tells you when it’s late, cap the pools so it can’t hurt the systems it reads from, and point a monitor at that heartbeat so a dead scheduler is a page and not a mystery. A pipeline you can retry without thinking, that shouts when it slips, and that can’t melt its source, is a pipeline you can sleep through.





Testing DAGs and Wiring Up CI

The worst way to find out a DAG is broken is the scheduler telling you. A typo in an import, a task id that doesn’t match a downstream dependency, an accidental cycle — none of these need production to surface. They need a test that takes half a second, and a CI pipeline that runs it before anyone can merge. The good news is that Airflow DAGs are Python, and Python has a mature testing story. The trick is knowing which parts to test cheaply and which parts to test for real — and in Airflow 3.x, the tools for the “for real” half are better than the version most tutorials were written against.

One DAG to test against

Everything in this chapter tests the same small pipeline, so it’s worth putting on the table up front. It’s the bookshop’s daily load, boiled down to three TaskFlow tasks: pull orders from the API, normalize them, write them to the warehouse. The real logic lives in a plain function, normalize_orders, and the tasks are thin wrappers — which, as you’ll see, is the single decision that makes the whole thing testable.

# dags/load_bookshop.py
import pendulum
from airflow.sdk import dag, task
from include.bookshop import BookshopApiHook, BookshopWarehouseHook


def normalize_orders(rows: list[dict]) -> list[dict]:
    return [
        {
            "order_id": r["id"],
            "total_cents": int(round(r["total"] * 100)),
            "title": r["book"].strip(),
        }
        for r in rows
        if r["total"] > 0
    ]


@dag(
    dag_id="load_bookshop",
    schedule="@daily",
    start_date=pendulum.datetime(2026, 1, 1, tz="UTC"),
    catchup=False,
    params={"endpoint": "orders"},
)
def load_bookshop():
    @task
    def extract_orders(params: dict) -> list[dict]:
        return BookshopApiHook().fetch(params["endpoint"], since="{{ ds }}")

    @task
    def transform(rows: list[dict]) -> list[dict]:
        return normalize_orders(rows)

    @task
    def load_orders(rows: list[dict]) -> int:
        return BookshopWarehouseHook().load("stg_orders", rows)

    load_orders(transform(extract_orders()))


load_bookshop()

Three task ids — extract_orders, transform, load_orders — one param, and two hooks (the BookshopApiHook and BookshopWarehouseHook from the custom-operators chapter). That’s the whole system under test. Keep it in mind; every test below references this exact DAG.

Validation tests: the cheap net

Before you test what a DAG does, test that it’s a valid DAG at all. The single highest-value test in any Airflow repo just imports every DAG file and asserts nothing exploded. It catches the import typos, the missing dependencies, the malformed decorators — the boring breakage that’s most of what actually goes wrong.

import pytest
from airflow.models import DagBag


@pytest.fixture(scope="session")
def dagbag():
    return DagBag()


def test_no_import_errors(dagbag):
    assert not dagbag.import_errors, dagbag.import_errors


def test_expected_dags_present(dagbag):
    assert "load_bookshop" in dagbag.dags


def test_load_bookshop_structure(dagbag):
    dag = dagbag.dags["load_bookshop"]
    assert {t.task_id for t in dag.tasks} == {"extract_orders", "transform", "load_orders"}
    assert dag.get_task("transform").downstream_task_ids == {"load_orders"}


def test_bag_is_clean(dagbag):
    # No file blew up, and no DAG is a lone orphan with zero tasks.
    assert not dagbag.import_errors, dagbag.import_errors
    for dag_id, dag in dagbag.dags.items():
        assert dag.tasks, f"{dag_id} parsed with no tasks"
        assert dag.tags, f"{dag_id} has no tags — untag-able DAGs rot in the UI"

from airflow.models import DagBag is the one airflow.models import you should still reach for in 3.x — the rest of the modeling surface moved behind the Task SDK, but DagBag is the sanctioned way to parse a directory the way the scheduler would. Its import_errors dict is the same problem list you’d otherwise hit in production, surfaced in a unit test instead. Airflow builds the DAG graph at parse time, so a cycle won’t even load — test_no_import_errors catches it for free, no separate cycle assertion needed. Assert the task ids and the wiring, and you’ll notice the day someone renames transform and forgets to repoint load_orders at it. test_bag_is_clean widens the same idea to a whole-bag sweep: it walks every parsed DAG and asserts each one has tasks and carries at least one tag. The tag check is a small governance win — tags are how DAGs get filtered and owned in the 3.x UI, and an untagged DAG is one nobody finds until it fails. Because the bag is parsed once and shared, adding these blanket invariants costs nothing per DAG and scales to a repo of hundreds without a per-DAG test each.

DagBag has a couple of sharp edges worth knowing before you lean on it:


	Forget include_examples=False. You’ll see it in every 2.x example, and in Airflow 3 it is a TypeError — the kwarg was removed. You also don’t need it: a bare DagBag() reads your DAGs folder and nothing else. If your project keeps DAGs somewhere non-standard, pass the path: DagBag(dag_folder="dags/").

	The whole-bag parse can time out. DagBag enforces core.dagbag_import_timeout per file — a DAG that does real work at import time (hits a network, reads a big file) will blow the timeout in CI even though it “works” locally. That’s a signal, not a flake: move that work inside a task. If you only care about one file, parse one file — DagBag(dag_folder="dags/load_bookshop.py") is faster and gives a tighter failure than parsing the whole directory.

	Session scope pays off. Parsing is the expensive part, so scope the fixture to the session and let every test share one parsed bag.



Unit tests: pull the logic out of Airflow

Here’s the mistake that makes DAGs feel untestable: burying real logic inside a task. The moment your transformation lives in the body of an @task function, testing it means standing up a runtime. So don’t do that — which is exactly why transform in the canonical DAG is a one-liner that calls normalize_orders. The task is the wrapper; the function is the thing you test.

from dags.load_bookshop import normalize_orders


def test_normalize_drops_zero_total_orders():
    rows = [{"id": 1, "total": 12.5, "book": " Dune "},
            {"id": 2, "total": 0, "book": "Free Sample"}]
    out = normalize_orders(rows)
    assert len(out) == 1
    assert out[0] == {"order_id": 1, "total_cents": 1250, "title": "Dune"}

That’s the test that earns its keep. It pins the actual business rule — drop zero-total orders, round to cents, trim titles — and runs in microseconds, with no Airflow in sight. You can throw fuzzy inputs at it, table-drive it, cover the rounding edge cases, all without a scheduler. Every rule you can express as a plain function is a rule you can test this way, and most of them can be.

dag.test(): run the whole DAG in-process

Unit tests prove the logic. They don’t prove the wiring — that extract_orders hands the right shape to transform, that transform feeds load_orders, that the XCom plumbing between TaskFlow tasks actually connects. For that you want to run the DAG, and in Airflow 3.x you run it with dag.test().

def test_load_bookshop_runs(dagbag):
    dag = dagbag.dags["load_bookshop"]
    dr = dag.test()
    assert dr.state == "success"

dag.test() executes the entire DAG in your current process — no scheduler, no worker, no Celery, no separate triggerer. It runs the tasks in dependency order, moves real XCom between them, and returns the completed DagRun so you can assert on its state. A task that raises surfaces the traceback right there in your test output, which is exactly what you want from a test.

It is the programmatic sibling of the airflow dags test <dag_id> CLI command — which, contrary to a lot of migration chatter, is not gone in 3.x; it’s alive and has even gained flags (--bundle-name, --dagfile-path, --mark-success-pattern). Use the CLI from a shell, dag.test() from a test or a debugger. If you have a shell script or a runbook that shells out to airflow dags test, it no longer works — the in-process runner is now a method on the DAG object, called from Python. That’s a strict upgrade for testing: dag.test() lives in your test file, takes fixtures, and composes with monkeypatch and pytest the way the CLI never could.

It runs real task code, so give it real dependencies. This is the part people trip on. dag.test() doesn’t mock anything — when extract_orders calls BookshopApiHook().fetch(...), that call really happens. Run the canonical DAG untouched and it’ll try to reach the bookshop API. So the pattern is: patch the boundaries, run the middle for real.

from include import bookshop


def test_load_bookshop_end_to_end(dagbag, monkeypatch):
    monkeypatch.setattr(
        bookshop.BookshopApiHook, "fetch",
        lambda self, endpoint, since: [{"id": 1, "total": 12.5, "book": " Dune "}],
    )
    captured = {}
    monkeypatch.setattr(
        bookshop.BookshopWarehouseHook, "load",
        lambda self, table, rows: captured.setdefault(table, rows) or len(rows),
    )

    dr = dagbag.dags["load_bookshop"].test()

    assert dr.state == "success"
    assert captured["stg_orders"][0]["title"] == "Dune"

Now the run is hermetic: the API hook returns a fixture, the warehouse hook captures what it was asked to write, and everything between — the extract-transform-load wiring, the normalize_orders call, the XCom hand-offs — runs for real. The assertion proves the pipeline end to end: a raw order went in one side and a trimmed, normalized row came out the other.

dag.test() takes a few arguments that matter for realistic tests (exact keyword names are docs-verified against 3.3.0, not run here):


	run_conf= feeds the run’s conf, which is how params get overridden. The canonical DAG defaults endpoint to "orders"; a test can drive the returns path with dag.test(run_conf={"endpoint": "orders/returns"}) and assert the hook was called with "orders/returns".

	conn_file_path= and variable_file_path= point at a YAML/JSON file of connections and variables to load for the run, so you can supply bookshop_api credentials or a warehouse_schema variable without touching your real metadata DB. Handy when a task genuinely needs a connection to exist.

	logical_date= sets the run’s date, which is what {{ ds }} in extract_orders renders from — pass it when a test depends on a specific partition date.

	use_executor=False is the default and the right one for tests: it runs tasks inline. Flip it on only if you specifically want to exercise a real executor path.



Know its limits, too. dag.test() runs tasks sequentially in one process, so it won’t catch a race between two parallel tasks, it doesn’t exercise pools or concurrency limits, and it won’t reproduce a scheduler-timing bug. Deferrable operators don’t actually defer to a triggerer under it — they run through inline. It’s a faithful test of logic and wiring, not of scheduling behavior. For the scheduling half, you’re back to a real deployment; for everything else, dag.test() is the fastest honest test you have.

Testing custom operators and hooks

The custom BookshopApiToWarehouseOperator from earlier in this book is a class, and classes test even more directly than DAGs — you don’t need dag.test() at all. An operator’s contract is its execute method, so call it with a context and assert on what it returns and what it did.

from include import bookshop
from include.bookshop import BookshopApiToWarehouseOperator


def test_operator_execute(monkeypatch):
    op = BookshopApiToWarehouseOperator(
        task_id="load", conn_id="bookshop_api",
        endpoint="orders", logical_date="2026-07-01", table="stg_orders",
    )
    monkeypatch.setattr(bookshop.BookshopApiHook, "fetch",
                        lambda self, endpoint, since: [{"id": 1}, {"id": 2}])
    monkeypatch.setattr(bookshop.BookshopApiHook, "load_to_warehouse",
                        lambda self, rows, table: None)

    assert op.execute(context={}) == 2

Instantiate the operator, mock the hook methods it calls, hand execute a plain dict for the context, and assert. No DAG, no runtime. The context can be {} when the operator doesn’t read from it, or a fake with just the keys it does read — more on that below.

The other thing worth testing on an operator is templating, because template_fields is easy to get wrong and silent when you do. render_template_fields runs the same Jinja pass the scheduler would, against a context you supply:

def test_operator_renders_templates():
    op = BookshopApiToWarehouseOperator(
        task_id="load", conn_id="bookshop_api",
        endpoint="{{ params.endpoint }}", logical_date="{{ ds }}", table="stg_orders",
    )
    op.render_template_fields({"params": {"endpoint": "returns"}, "ds": "2026-07-01"})

    assert op.endpoint == "returns"
    assert op.logical_date == "2026-07-01"

If someone forgets to list endpoint in template_fields, this test fails with op.endpoint == "{{ params.endpoint }}" — the literal string, unrendered — which is precisely the bug that ships to production and surprises you a week later.

When you genuinely need a bound TaskInstance — to test something that reads ti.try_number or the map index — Airflow ships pytest fixtures (dag_maker, create_task_instance) for constructing one. In 3.x, though, a live TaskInstance runs through the Task Execution API, so building one standalone is more ceremony than it used to be; reach for those fixtures only when .execute(context) genuinely can’t express the test, and prefer dag.test() for anything that needs a real run.

Hooks are the easiest of all, because a hook is a plain object whose only Airflow dependency is get_connection. Mock that and the whole thing is unit-testable:

from types import SimpleNamespace
from include import bookshop


def test_hook_builds_authed_session(monkeypatch):
    fake_conn = SimpleNamespace(host="https://api.bookshop.test", password="tok_123")
    monkeypatch.setattr(bookshop.BookshopApiHook, "get_connection",
                        lambda self, conn_id: fake_conn)

    session = bookshop.BookshopApiHook().get_conn()

    assert session.headers["Authorization"] == "Bearer tok_123"
    assert session.base_url == "https://api.bookshop.test"

No connection in a metadata DB, no environment variable — just a fake connection object handed back from get_connection, and an assertion that the hook wired the auth header and base URL correctly. This is the payoff of keeping the integration in a hook: the trickiest code in your project (auth, pagination, retries) becomes ordinary Python you can cover without Airflow running at all.

Faking the context, mocking XCom

Some operators read from the context and push or pull XCom directly. You don’t need a real one. The context is a dict-like object, so a fake with the handful of keys the code touches is enough, and a MagicMock task-instance handles XCom:

from unittest.mock import MagicMock


def test_operator_fetches_and_loads(monkeypatch):
    fetched = [{"id": 1, "total": 12.5, "book": " Dune "}]
    loaded = {}

    monkeypatch.setattr(BookshopApiHook, "fetch",
                        lambda self, endpoint, since: fetched)
    monkeypatch.setattr(BookshopApiHook, "load_to_warehouse",
                        lambda self, rows, table: loaded.update(rows=rows, table=table))

    op = BookshopApiToWarehouseOperator(
        task_id="load", conn_id="bookshop_api_default",
        endpoint="orders", since="2026-07-01", table="stg_orders",
    )
    count = op.execute(context={})

    assert count == 1                       # execute's return value becomes the XCom
    assert loaded["table"] == "stg_orders"

That’s BookshopApiToWarehouseOperator from chapter 01 — the operator you built — with its hook stubbed out. You assert on what it asked the hook for and what it handed back. Note there is no xcom_push to assert on: execute simply returns the count, and Airflow turns the return value into the XCom for you. That is the TaskFlow contract, and it means the thing to test is the return value, not a mock’s call log. For connections and variables specifically, there’s an even lighter trick than mocking: environment overrides. Airflow reads a connection named bookshop_api from AIRFLOW_CONN_BOOKSHOP_API and a variable warehouse_schema from AIRFLOW_VAR_WAREHOUSE_SCHEMA when they’re set, so monkeypatch.setenv is often the cleanest way to satisfy code that calls BaseHook.get_connection or Variable.get:

def test_reads_connection_from_env(monkeypatch):
    monkeypatch.setenv("AIRFLOW_CONN_BOOKSHOP_API",
                       "https://tok_123@api.bookshop.test")
    monkeypatch.setenv("AIRFLOW_VAR_WAREHOUSE_SCHEMA", "test_raw")
    # code under test can now call get_connection("bookshop_api")
    # and Variable.get("warehouse_schema") with no metadata DB

Data quality vs. pipeline testing — and the tricky constructs

There are two different things people mean by “testing a pipeline,” and it’s worth being precise. Pipeline testing is everything above: does the code do what I think, in CI, before merge. Data-quality testing is a runtime concern — does today’s data satisfy its contract — and it belongs inside the DAG, as tasks or expectations that run against the real load, not in your pytest suite. A CI test asserting “row counts are positive” tests nothing, because there’s no data in CI. Keep the two separate: pytest proves the pipeline; a data-quality task (dbt tests, Great Expectations, a SQLColumnCheckOperator) proves the run.

The constructs from earlier chapters — mapping, branching, trigger rules — each have a natural pipeline test, and they’re the ones most projects skip:


	
Mapping. Test the fan-out width by driving the mapped task through dag.test() with a fixture list and asserting how many instances ran, or — cheaper — test the function that produces the list. The bug you’re guarding against is “the upstream returned something that isn’t a list,” which a plain assert isinstance(list_region_files(...), list) catches before mapping ever explodes at runtime. When the fan-out width itself is the contract — “one task per region file, and no more” — assert it against the real run. dag.test() returns the DagRun, and its task instances carry a map_index, so you can count the expansion and even check per-index output:

from include import bookshop

def test_per_region_load_fans_out(dagbag, monkeypatch):
    # Upstream lists three region files; the mapped loader runs once per file.
    monkeypatch.setattr(
        bookshop.BookshopStorageHook, "list_keys",
        lambda self, prefix: ["us.json", "eu.json", "apac.json"],
    )
    monkeypatch.setattr(
        bookshop.BookshopWarehouseHook, "copy_into",
        lambda self, key, table, batch_rows: {
            "us.json": 12, "eu.json": 7, "apac.json": 3
        }[key],
    )

    dr = dagbag.dags["bookshop_regional_load"].test()

    mapped = [ti for ti in dr.get_task_instances()
              if ti.task_id == "load_region" and ti.map_index >= 0]
    assert len(mapped) == 3                       # fan-out width
    assert all(ti.state == "success" for ti in mapped)
    assert sorted(ti.map_index for ti in mapped) == [0, 1, 2]

That’s bookshop_regional_load from chapter 03, with its two hooks stubbed. The ti.map_index >= 0 filter matters: an unexpanded task carries map_index == -1, and the reduce/summary side of a mapped group can show up separately, so you count only the real expanded instances. This is the test that catches the day someone changes list_keys to return a dict or a generator — the width silently drops to one, and only this assertion notices.



	
Branching. A branch is a function that returns a task id (or ids). Test it as a function — no DAG required:

from dags.bookshop_conditional import choose_path

def test_branch_picks_the_load_path():
    assert choose_path.function(128) == "load_orders"
    assert choose_path.function(0) == "skip_load"

Note .function — a @task.branch-decorated object is a task, not a plain callable, so you reach through to the undecorated function to call it directly. That is the whole trick to testing branches: the decision is ordinary Python, and ordinary Python is cheap to test.



	
Trigger rules. The classic branching bug is a join task that never runs because upstream branches got skipped rather than succeeded. Test it structurally — assert the join’s trigger rule is the tolerant one — and then, if it’s load-bearing, exercise the skip path through dag.test() and assert the join still succeeded:

def test_join_tolerates_skipped_branches(dagbag):
    join = dagbag.dags["bookshop_conditional"].get_task("report")
    assert join.trigger_rule == "none_failed_min_one_success"





That last assertion catches the single most common conditional-DAG mistake — a join left on the default all_success rule, which quietly skips itself the moment one branch is skipped — in a test that runs in a millisecond.

CI: run it all on every PR

Local tests you have to remember to run aren’t a safety net. Wire them into CI so a broken DAG can’t merge. Here’s a GitHub Actions workflow that does the real work: it runs the suite against a matrix of Airflow versions, caches the environment so it’s fast, stands up a real Postgres for the metadata DB, and lints for the 2.x-isms that 3.x deleted.

name: ci
on: pull_request

jobs:
  test:
    runs-on: ubuntu-latest
    strategy:
      fail-fast: false
      matrix:
        airflow: ["3.2.0", "3.3.0"]
    services:
      postgres:
        image: postgres:16
        env:
          POSTGRES_USER: airflow
          POSTGRES_PASSWORD: airflow
          POSTGRES_DB: airflow
        ports: ["5432:5432"]
        options: >-
          --health-cmd pg_isready --health-interval 5s
          --health-timeout 5s --health-retries 5
    env:
      AIRFLOW__DATABASE__SQL_ALCHEMY_CONN: postgresql+psycopg2://airflow:airflow@localhost:5432/airflow
      AIRFLOW__CORE__LOAD_EXAMPLES: "False"
    steps:
      - uses: actions/checkout@v4
      - uses: astral-sh/setup-uv@v5
        with:
          enable-cache: true
      - run: uv pip install --system "apache-airflow==${{ matrix.airflow }}" -r requirements.txt pytest ruff
      - run: airflow db migrate
      - run: ruff check --select AIR30 dags/ include/
      - run: pytest tests/ -q

Each part pulls its weight. The matrix runs the suite against the Airflow you’re on today and the one you’ll upgrade to next, so an API that 3.3 deprecated shows up as a failing cell before the upgrade, not during it. setup-uv with enable-cache: true caches the resolved environment keyed on your lockfile, so the second run installs in seconds — the same caching you’d get from actions/cache around a pip download dir, with less wiring. The Postgres service container gives the metadata DB a real home: airflow db migrate creates the schema against it, so dag.test() runs and any test that touches the DB behaves like production instead of against an ephemeral SQLite that hides locking bugs.

ruff check --select AIR30 is the line that earns its place in an Airflow 3.x repo specifically. The AIR30x rule families flag exactly the removed-and-renamed surface this whole book keeps warning about — schedule_interval=, timetable=, sla=, SubDagOperator, the old airflow.operators.* and airflow.models import paths — so the stale 2.x snippet someone copied off a three-year-old blog post fails the build with a clear message instead of a mysterious parse error six weeks later. Add it to pre-commit and it runs before the commit even lands:

# .pre-commit-config.yaml
repos:
  - repo: https://github.com/astral-sh/ruff-pre-commit
    rev: v0.9.0
    hooks:
      - id: ruff
        args: ["--select", "AIR30", "--fix"]
  - repo: https://github.com/gitleaks/gitleaks
    rev: v8.24.0
    hooks:
      - id: gitleaks

The second hook matters more than it looks. DAG files are where credentials go to die — someone hardcodes a warehouse password “just to test,” it lands in git history, and now it’s a rotation. A secret-scanner in pre-commit (and again in CI) refuses the commit that carries a bearer token or a connection string, which is the one CI failure your security team will thank you for.

If your project is an Astro (Astronomer) one, there’s a nicer front door than raw pytest: astro dev pytest runs your test suite inside the project’s own Docker image — the same image astro dev start runs — so the tests execute against the exact Airflow version, providers, and system libraries your deployment uses. Wiring astro dev pytest into CI (instead of, or alongside, a bare pytest) closes the “works on my Airflow” gap entirely, because there’s only one Airflow: the one in the image. On merge to main, a second workflow deploys — which is where the next chapter picks up.

Final thoughts

The reason Airflow testing has a bad reputation is that people try to test the framework instead of their code. Airflow’s scheduler works; you don’t need to prove it. What you need to prove is that your transform does the right thing, your operator renders its templates, and your DAG is wired the way you think — and in 3.x every one of those is an ordinary Python test: a plain function for the logic, .execute(context) for the operator, dag.test() for the wiring, a five-line DagBag import for the cheap net. Write that import test today, before anything else. It’s the highest ratio of bugs-caught to effort you’ll find in this whole book.





Shipping It: Astronomer, MWAA, and Cloud Composer

Everything so far has run inside astro dev start on your machine. That’s a real Airflow — scheduler, api-server, workers, the React UI at localhost:8080 — but it evaporates when you close the laptop, and it’s serving exactly one user. Production means something that stays up, survives a node dying, keeps its metadata database backed up, and doesn’t make you the on-call for the infrastructure underneath your pipelines. You can run all of that yourself. Most teams shouldn’t. The interesting decision isn’t self-host versus managed — it’s which managed service, and what each one asks in return.

The three managed roads

Astronomer is the shortest path from this book’ setup, because this book’ setup is Astronomer’s local tooling. The project astro dev init scaffolded — the Dockerfile, requirements.txt, dags/, packages.txt — is the exact shape Astronomer deploys. One command ships it:

astro deploy

That builds the image, pushes it, and rolls it out to a Deployment you provisioned in their control plane. You configure the environment (Airflow version, worker resources, environment variables, secrets backend) through their UI or API and never touch a Kubernetes manifest. It’s a paid product on top of open-source Airflow, and the trade is money for not owning the platform. If you got this far with the Astro CLI, this is the road of least resistance.

AWS MWAA (Managed Workflows for Apache Airflow) is the AWS-native option. You point an environment at an S3 bucket holding your dags/ folder and a requirements.txt, pick an environment class, and AWS runs the scheduler and workers inside your VPC. It integrates cleanly with IAM, CloudWatch, and Secrets Manager, which is the whole appeal — if your data already lives in AWS, MWAA keeps the blast radius and the bill in one account. The cost is a heavier deploy loop (sync to S3, wait for the environment to pick it up) and less say over the exact Airflow build than Astronomer gives you.

GCP Cloud Composer is the same bargain on Google’s side. Composer runs Airflow on GKE, wired into Cloud Storage for DAGs, Cloud Logging for logs, and Secret Manager for secrets. If your warehouse is BigQuery and your stack is GCP, Composer is the native fit and the operators for Google services are first-class. Same shape of trade as MWAA: tight cloud integration, in exchange for a deploy that goes through a storage bucket and a platform you tune less directly.

Self-hosting — Airflow on your own Kubernetes via the official Helm chart — is real and plenty of teams do it. Just be honest that you’re signing up to run the metadata database, the scheduler’s availability, upgrades, and the 3am page when a worker node dies. That’s a platform team’s job, not a side quest. We’ll walk that road first, because seeing what the managed services do for you is the fastest way to understand what you’re paying them for.

Self-hosting on the official Helm chart

The community maintains an official chart at apache-airflow/airflow. It stands up every component we’ve talked about — scheduler, api-server, workers, triggerer — plus the plumbing that keeps them alive. You drive it with a values.yaml, and reading a production one top to bottom is the best map of what “running Airflow” actually entails.

helm repo add apache-airflow https://airflow.apache.org
helm repo update
helm upgrade --install airflow apache-airflow/airflow \
  --namespace airflow --create-namespace \
  --version 1.18.0 \
  -f values.yaml

The first decision is the executor, and it flows through the rest of the file:

# values.yaml
executor: CeleryExecutor          # or KubernetesExecutor — or both (see below)

airflowVersion: "3.3.0"
defaultAirflowRepository: your-registry.example.com/bookshop-airflow
defaultAirflowTag: "2026.06.01-abc1234"   # your baked image tag, not "latest"

With CeleryExecutor you run a fixed-ish pool of workers and a broker (Redis); with KubernetesExecutor every task is its own pod and there’s no standing worker fleet. If you want both behaviors, do not reach for the old CeleryKubernetesExecutor hybrid — Airflow 3 supersedes it with multiple executors per deployment (chapter 17): you configure a list, and route individual tasks with executor="KubernetesExecutor". Same outcome, no special hybrid class. For the bookshop I’d run Celery with KEDA autoscaling as the default — it’s cheaper for a stream of short tasks than paying pod-startup latency on each one — and send only the fat, isolation-hungry tasks to Kubernetes.

Workers, KEDA, and the broker

workers:
  replicas: 2
  resources:
    requests: { cpu: "500m", memory: "1Gi" }
    limits:   { cpu: "2",    memory: "4Gi" }
  keda:
    enabled: true
    minReplicaCount: 1
    maxReplicaCount: 10
    # KEDA queries the metadata DB for queued+running tasks and scales workers to match
    pollingInterval: 5
  persistence:
    enabled: false     # workers are stateless when logs go to S3/GCS (below)

redis:
  enabled: true        # the Celery broker; disable and point brokerUrl at managed ElastiCache if you prefer

KEDA is the piece that turns a static worker pool into something that tracks load: it reads the count of queued and running tasks straight from the metadata database and scales the worker Deployment between minReplicaCount and maxReplicaCount. Without it you’re sizing for peak and paying for peak at 3am. Note persistence.enabled: false on the workers — that’s only safe once task logs are shipped off-box to object storage, which you configure under config.logging with a remote_base_log_folder like s3://bookshop-airflow-logs/. Otherwise a scaled-down worker takes its logs with it.

The metadata database and PgBouncer

Airflow’s metadata Postgres is the single most important thing to not run casually. The chart ships a bundled Postgres for demos; in production you turn it off and point at a managed instance:

postgresql:
  enabled: false       # do not run the bundled DB in prod

data:
  metadataConnection:
    host: bookshop-airflow.abc123.us-east-1.rds.amazonaws.com
    user: airflow
    db: airflow
    # password comes from a referenced Secret, not inline

pgbouncer:
  enabled: true
  maxClientConn: 100
  metadataPoolSize: 10
  resultBackendPoolSize: 5

Use managed RDS (or Cloud SQL on GCP) so backups, failover, and point-in-time restore are someone else’s cron job. Then turn on PgBouncer. Every scheduler, worker, triggerer, and api-server pod opens connections to Postgres, and with multiple schedulers and KEDA-scaled workers that count explodes past what Postgres wants to hold open. PgBouncer is a connection pooler that sits in front and multiplexes — the pods connect to it, it keeps a small warm pool to Postgres. On any deployment past a couple of pods it’s not optional; you’ll hit FATAL: sorry, too many clients already without it.

Scheduler HA and DAG delivery

Airflow 3.x supports multiple active schedulers running at once — real high availability, not active/passive. They coordinate through row-level locks (SELECT ... FOR UPDATE SKIP LOCKED) in the metadata database, so two schedulers never grab the same task, and if one pod dies the others keep scheduling without a failover pause:

scheduler:
  replicas: 2          # active/active HA in 3.x; both schedule concurrently

triggerer:
  replicas: 1          # runs deferred/async sensors (from the deferrable-operators post)

apiServer:
  replicas: 2          # the 3.x api-server + React UI; Flask webserver is gone

Two schedulers is the standard starting point — it survives a node loss and roughly doubles scheduling throughput. That’s also why the managed metadata DB matters: HA schedulers put more concurrent lock traffic on Postgres, which is exactly what PgBouncer absorbs.

The last big lever is how DAG code reaches the pods, and the chart supports the two mainstream answers. git-sync runs a sidecar that clones your DAG repo into a shared volume and re-pulls on an interval:

dags:
  gitSync:
    enabled: true
    repo: git@github.com:your-org/bookshop-airflow.git
    branch: main
    subPath: "dags"
    wait: 30           # seconds between pulls
    sshKeySecret: airflow-git-ssh

Git-sync gives you fast DAG-only iteration — push to main, and within wait seconds every pod has the new code without rebuilding an image. The tradeoff is that your dependencies (the requirements.txt) still come from the image, so a DAG that imports a new package needs an image rebuild anyway, and now you have two propagation paths to reason about. The other answer is the baked image: DAGs and dependencies together in defaultAirflowRepository:defaultAirflowTag, deployed by rolling the pods. One artifact, one propagation path, fully reproducible — at the cost of an image build and a pod roll for every DAG edit. I lean baked-image for the bookshop because reproducibility beats iteration speed once something pages a rotation, but git-sync earns its keep on teams shipping DAG tweaks hourly.

DAG deployment mechanics: how code actually propagates

Whichever platform you land on, “deploy a DAG” resolves to one of three delivery mechanisms, and their differences are entirely about propagation latency — how long between “merged” and “the scheduler sees it.”


	Baked image. DAGs live inside the container image. Propagation = an image build plus a rolling pod restart, so minutes, and every pod is guaranteed identical. This is what astro deploy and a Helm image bump both do. Best reproducibility, slowest DAG-only loop.

	git-sync. A sidecar re-clones on an interval (wait). Propagation = seconds to a minute, no rebuild. Fast, but code and dependencies now travel separately.

	Object-storage sync (S3/GCS). Files land in a bucket; the platform pulls them into the DAGs folder. This is MWAA and Cloud Composer’s model. Propagation is the sync interval plus the scheduler’s own parse cadence.



That last term is the one people forget. The dag processor only rescans the DAGs folder every refresh_interval seconds (default 300 — five minutes):

# env: AIRFLOW__DAG_PROCESSOR__REFRESH_INTERVAL
[dag_processor]
refresh_interval = 30

Mind the name here if you’re coming from 2.x: this setting used to be [scheduler] dag_dir_list_interval, and it was renamed in Airflow 3.0 when DAG parsing moved out of the scheduler into the standalone dag processor. The old key still resolves as a deprecated alias, so a stale AIRFLOW__SCHEDULER__DAG_DIR_LIST_INTERVAL in your .env will appear to work — which is exactly why the rename is worth knowing.

So on MWAA, a DAG synced to S3 can take S3 sync time + up to refresh_interval before it’s live. If your team keeps asking “I uploaded it, why isn’t it showing up,” this interval is usually the answer. Lowering it makes new DAGs appear faster at the cost of more parsing churn; don’t drop it to a few seconds on a deployment with hundreds of DAGs.

Native DAG versioning changes how this interacts with a rolling deploy. In 3.x each run records the DAG version it executed against, and the UI renders that run’s graph from the code as it was then. During a rolling deploy you briefly have old and new pods serving simultaneously — a task that started under version N and whose worker rolled mid-run won’t have its history rewritten to look like version N+1. The run stays pinned to the code it started with, which is exactly what you want when you’re staring at a failed backfill trying to figure out what actually executed. It doesn’t make deploys atomic — a DAG that changes shape mid-run can still surface edge cases — but it removes the old 2.x confusion where the graph always showed current code regardless of what ran.

What “config” means in production

Across all three managed roads, the same handful of things move from your laptop to the deployment. Your requirements.txt and the Docker image define the runtime — the Python packages and system libraries your DAGs import. Environment variables carry the settings that differ per environment. Connections and secrets move to a secrets backend (the one from the production-patterns chapter), so credentials live in Secrets Manager or its equivalent, not in the metadata database. And the whole thing is driven by CI/CD: the merge-to-main workflow teased at the end of the previous chapter is where astro deploy — or an S3 sync, or a Composer bucket push — actually runs, so shipping a DAG is opening a PR and merging it, not SSHing anywhere. The local project and the production deployment are the same artifact; CI is the only thing that should touch prod.

MWAA in practice

MWAA hands you the same three delivery levers but wraps them in AWS’s opinions. You create an environment, point it at an S3 bucket, and pick an environment class that sizes the scheduler and workers together:


	mw1.micro / mw1.small — dev and light workloads.

	mw1.medium / mw1.large — production tiers with more scheduler CPU and headroom.



The bucket layout is fixed by convention: dags/ for your code, a requirements.txt for PyPI packages, and a plugins.zip for anything that has to land on the Python path as a plugin (custom operators, hooks, the airflow.plugins_manager extensions from the plugins chapter). MWAA also supports a startup_script.sh — a shell script it runs on every scheduler and worker before Airflow boots, which is where you set environment variables, export secrets, or install an OS package that isn’t a pip install:

#!/bin/bash
# startup_script.sh — runs on each MWAA component at startup
export DBT_PROFILES_DIR="/usr/local/airflow/dags/dbt"
export AIRFLOW__CORE__DAG_CONCURRENCY=32

You point the environment at these files by S3 object version — MWAA pins a specific version of requirements.txt, plugins.zip, and the startup script, so updating dependencies means uploading a new version and updating the environment, which triggers a rebuild that can take 20–30 minutes. That’s the heavy part of the MWAA loop. Autoscaling covers workers only: you set MinWorkers and MaxWorkers and MWAA scales the fleet on queued-task pressure, similar to KEDA but with less control. The real friction is version lag — MWAA supports specific Airflow versions on AWS’s timeline, so a 3.3.0 feature can be weeks or months from availability there. If you need the newest Airflow the day it ships, MWAA is not that road.

Cloud Composer in practice

Composer is Google’s managed Airflow on GKE, and the first thing to know is Composer 2 versus Composer 3. Composer 2 runs on a GKE cluster with autoscaling (via GKE node pools) that you have some visibility into. Composer 3 moves to a more fully managed model on GKE Autopilot, where Google runs the node infrastructure and you think in terms of workloads and resource requests rather than nodes — less to tune, less to see, and generally the one to pick for a new environment unless you have a specific reason to manage the cluster yourself.

DAG delivery is object-storage sync: Composer provisions a Cloud Storage bucket and syncs gs://<bucket>/dags/ into every component. Deploying is gsutil rsync or gcloud composer environments storage dags import into that bucket, then the same dag_dir_list_interval wait applies. Dependencies are PyPI packages you declare on the environment rather than a raw requirements.txt file:

gcloud composer environments update bookshop-prod \
  --location us-central1 \
  --update-pypi-packages-from-file requirements.txt

Composer resolves and installs those into the image, which — like MWAA — triggers an environment update that takes real time. Secrets go through Secret Manager, logs through Cloud Logging, and the Google operators (BigQuery, GCS, Dataproc) are first-class. Same bargain as MWAA on a different cloud: native integration and a managed control plane, paid for with a bucket-based deploy and a platform you tune less directly.

Astronomer in practice

Astronomer maps cleanly onto the tooling this whole book has used. The mental model is Workspaces (a team boundary — projects, users, RBAC) containing Deployments (a running Airflow environment: version, resources, environment variables, secrets backend). You provision a Deployment in the control plane, and shipping to it is the command you already know:

astro deploy <deployment-id>

That builds your Astro project’s image, pushes it, and rolls it out. The sharpest lever Astronomer adds is worker queues — named pools of workers with their own size and autoscaling, so you can route heavy tasks (a big dbt run) to a large-machine queue and keep light tasks on a cheap one, set per-task with the queue argument you’d use on any Celery setup. For fast iteration, Astronomer supports DAG-only deploys that skip the image rebuild:

astro deploy --dags       # ships only the dags/ folder, no image build — seconds, not minutes

That’s the git-sync tradeoff repackaged as a flag: use astro deploy --dags when you’ve only touched DAG code, and a full astro deploy when requirements.txt or the Dockerfile changed. For CI, you authenticate with a Deployment API token (or a Workspace token scoped to several Deployments) set as ASTRO_API_TOKEN in the environment, so the pipeline deploys without a human logging in. The trade for all this ergonomics is that it’s a paid product on top of open-source Airflow — you’re buying the platform team, not renting a cloud’s Airflow.

A real CI/CD deploy workflow

Whichever road you’re on, the shape is the same: a GitHub Actions workflow that runs on merge to main, and the only thing that differs is the final deploy step. Here’s the Astronomer version — test, then deploy on green:

# .github/workflows/deploy.yml
name: Deploy to Astronomer
on:
  push:
    branches: [main]

jobs:
  deploy:
    runs-on: ubuntu-latest
    steps:
      - uses: actions/checkout@v4

      - name: Install Astro CLI
        run: curl -sSL https://install.astronomer.io | sudo bash -s

      - name: Test DAGs parse
        run: |
          pip install -r requirements.txt
          python -m pytest tests/dags   # the DAG-integrity tests from the testing post

      - name: Deploy
        env:
          ASTRO_API_TOKEN: ${{ secrets.ASTRO_API_TOKEN }}
        run: astro deploy ${{ secrets.ASTRO_DEPLOYMENT_ID }}

Swap the last step and the same skeleton deploys to MWAA:

      - name: Sync DAGs to S3
        run: |
          aws s3 sync ./dags s3://bookshop-mwaa/dags --delete
          aws s3 cp ./requirements.txt s3://bookshop-mwaa/requirements.txt

…or to Cloud Composer:

      - name: Push DAGs to Composer bucket
        run: |
          gcloud composer environments storage dags import \
            --environment bookshop-prod --location us-central1 \
            --source ./dags

The invariant across all three: tests gate the deploy. The DAG-integrity test that imports every DAG and asserts no parse errors is the cheapest insurance you’ll ever buy — it catches the typo that would otherwise take down the whole scheduler’s parsing loop, and it runs in seconds before anything touches prod.

The 2.x → 3.x upgrade path

If you’re inheriting an existing 2.x deployment rather than starting fresh, the migration is real work but it’s a well-marked trail. Airflow ships a ruff-based ruleset that flags the deprecated constructs automatically. The AIR30x rules cover the renames and removals:

# find everything 3.x will reject
ruff check --select AIR30 dags/

# auto-fix the mechanical ones (import path rewrites, schedule_interval → schedule)
ruff check --select AIR30 --fix dags/

Most of what it finds is import paths and argument renames. The high-frequency ones:










































	2.x	3.x
	airflow.operators.python	airflow.providers.standard.operators.python
	airflow.operators.bash	airflow.providers.standard.operators.bash
	airflow.sensors.filesystem	airflow.providers.standard.sensors.filesystem
	from airflow import Dataset	from airflow.sdk import Asset
	schedule_interval= / timetable=	schedule=
	from airflow.decorators import dag, task	from airflow.sdk import dag, task
	SubDAGs	TaskGroups
	sla=	on_failure_callback / deadlines


Then the database itself migrates in place:

airflow db migrate      # applies the 3.x schema migrations; back up Postgres first

A migration checklist that won’t leave you stranded:


	Pin your versions. Freeze apache-airflow==2.x and every provider in requirements.txt so nothing floats mid-migration. You want one variable moving at a time.

	Run ruff --select AIR30 on the whole dags/ tree and fix everything — mechanical rewrites first with --fix, then the structural ones (SubDAGs → TaskGroups, sla= → callbacks) by hand.

	Snapshot the metadata database. RDS/Cloud SQL snapshot, or pg_dump. airflow db migrate rewrites schema; you want a restore point.

	Bump to 3.3.0 and the matching providers, run airflow db migrate against a copy first, and let it run in a staging environment.

	Re-test in staging — the DAG-integrity tests plus a real backfill of a representative day, so you exercise the scheduler-managed backfill path (which itself changed in 3.x).

	Roll production with the same image, and keep the old version’s image tag around so a rollback is one Helm/astro command, not a rebuild.



The removed features that most often force a code change are SubDAGs (gone entirely — the mechanical fix is TaskGroups, which you were probably already using) and SLAs (the sla= argument is gone; the replacement is on_failure_callback plus the newer deadline mechanism). Neither is a one-line rewrite, so budget for them rather than discovering them at migrate time.

The Airflow 3.x recap

You’ll spend the next few years reading Airflow material written for 2.x, and a lot of it is now actively wrong. Keep this list handy — these are the changes that will bite when you copy an old snippet:


	Scheduling is schedule= only. schedule_interval= and timetable= are gone. One argument takes a cron string, a preset like @daily, a timedelta, or an Asset.

	Datasets are now Assets. Same data-aware scheduling idea, renamed. from airflow.sdk import Asset.

	Backfills are scheduler-managed. You trigger them from the UI or airflow backfill create and the scheduler runs them — no more launching a separate CLI process that owns the backfill on its own.

	The Task SDK is the authoring home. from airflow.sdk import dag, task. DAGs talk to Airflow through the Task Execution API rather than reaching into the metadata database directly, which is what let Airflow split into a standalone api-server and a new React UI.

	DAG versioning is native. The UI tracks which version of a DAG each run executed, so a run’s graph reflects the code as it was then, not as it is now.

	SubDAGs and SLAs were removed. Use TaskGroups instead of SubDAGs; use on_failure_callback and the deadline mechanism instead of sla=.



If a tutorial uses schedule_interval, imports a SubDAG, or sets an sla, it predates 3.x. Trust the version, not the search ranking.

Final thoughts

Airflow’s real job was never running your Python — cron can run Python. Its job is to know what ran, when, against which slice of data, and what to do when a piece of it fails, and to keep knowing all of that whether the run is a scheduled daily or a backfill of last year. That’s the difference between a pile of scripts and an orchestrator. Once it’s deployed, Airflow orchestrates the movement — but the transformations themselves are their own craft, and the dbt book is where that lives: the SQL models Airflow schedules, treated as real software. If you want to see how the other orchestrators frame the same problem, Dagster’s asset-first model and Prefect’s lighter, Python-native take are both worth a weekend — knowing where Airflow’s choices are load-bearing and where they’re just history is what makes you good at this. That’s the deployment story end to end. What’s left in this book is the machinery you reach for once the pipeline is live and load-bearing: conditional flow and typed params, custom XCom backends, secrets in depth, the REST API, plugins and listeners, scheduler tuning, and Kubernetes.





Branching, Setup/Teardown, and Params

The foundations book taught the three moving parts of a forking DAG: @task.branch picks a path, everything on the roads not taken is set to skipped, and a join underneath needs trigger_rule="none_failed_min_one_success" or it skips itself. If any of that is fuzzy, Branching and Trigger Rules is the place to firm it up — this chapter assumes it. What’s left for a production DAG is the harder half: branches that nest, branches that feed a dynamic fan-out, resources that have to be created before the work and destroyed after it even when the work explodes, and manual runs that need real, validated inputs instead of a free-form conf dictionary someone typed by hand at 2 a.m. Those are three different tools — advanced branching, setup/teardown tasks, and the Param system — and each one closes a gap that the basics leave open.

Branching, past the basics

Two quick recaps so the rest stands on its own. @task.branch returns the task_id (or a list of them) of the path to run; @task.short_circuit returns a boolean and skips everything downstream on a falsy return. Both live in the Task SDK alongside @task, and the classic BranchPythonOperator still exists at airflow.providers.standard.operators.python if you meet it in an older DAG. Every join beneath a branch needs a trigger rule that tolerates a skipped parent — none_failed_min_one_success nine times out of ten. That’s the whole of what you carry forward. Now the parts the foundations chapter deliberately skipped.

Skipping without a branch. A @task.branch is overkill when you have exactly one task that sometimes shouldn’t run and there’s no alternate path to choose. Raise AirflowSkipException from inside an ordinary @task and that single instance goes to skipped — no branch node, no dummy task to steer toward:

from airflow.sdk import dag, task
from airflow.sdk.exceptions import AirflowSkipException


@task
def load_reviews(path: str) -> int:
    rows = read_parquet(path)
    if not rows:
        # nothing landed today — skip, don't fail, don't fabricate an empty load
        raise AirflowSkipException("no review file for this run")
    return warehouse.load(rows, table="stg_reviews")

The distinction that matters: this task decides its own fate, mid-work, using information it only has once it’s running. A branch decides other tasks’ fate before any of them start. Reach for AirflowSkipException for “this specific step turned out to be a no-op today,” and for a branch when the shape of the downstream graph changes. The skip still cascades and still trips joins, so anything below a task that might raise it wants the same none_failed_min_one_success treatment.

Nested branches. Production decisions are rarely a single fork. The bookshop’s nightly run first asks is this a full refresh or an incremental one, and only on the incremental path does it then ask did any regions actually change. That’s a branch whose chosen path contains another branch, and the only real subtlety is that each join needs its own trigger rule — the discipline doesn’t compound, it just repeats at every fork:

@dag(schedule="@daily", catchup=False, tags=["bookshop"])
def bookshop_nightly():
    @task.branch
    def choose_refresh(params: dict) -> str:
        return "full_reload" if params["full_refresh"] else "check_changes"

    @task
    def full_reload():
        warehouse.rebuild_all()

    @task.branch
    def check_changes() -> str:
        return "incremental_load" if changed_regions() else "no_changes"

    @task
    def incremental_load():
        warehouse.merge_changed()

    @task
    def no_changes():
        print("nothing changed since last run")

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

    # Call each task EXACTLY once and hold the reference. Calling `full_reload()`
    # twice does not reuse the task — it creates a second one (`full_reload__1`)
    # with no upstream, which then runs on every single run, unconditionally.
    refresh = choose_refresh()
    inner = check_changes()
    full = full_reload()
    incremental = incremental_load()
    nothing = no_changes()
    report = write_run_report()

    refresh >> [full, inner]
    inner >> [incremental, nothing]
    [full, incremental, nothing] >> report


bookshop_nightly()

Read the fan-in on the last line. write_run_report sits below the outer branch’s full_reload and below both arms of the inner branch. On a full-refresh run, full_reload succeeds and both inner arms are skipped — one success, two skips, no failures, so none_failed_min_one_success fires. On an incremental run with changes, full_reload is skipped, incremental_load succeeds, no_changes is skipped — again one success amid skips. The rule holds at the join no matter how deep the branching that feeds it, because it only ever asks the same question: did anything upstream fail, and did at least one thing actually work? Nesting branches doesn’t require a new idea, only that you remember to put the rule on every convergence, not just the outermost one.

Branch into a dynamic fan-out. The other combination worth knowing is a branch that steers into dynamic task mapping. The branch decides whether to process regions at all; if it says yes, a mapped task fans out over however many regions today’s run turned up. A branch task can name the first task of the mapped path as its target, and mapping proceeds from there as normal:

@task.branch
def gate(params: dict) -> str:
    return "list_regions" if not params["skip_regions"] else "skip_all"

@task
def list_regions() -> list[str]:
    return storage.list_regions()  # runtime-decided width

@task
def load_region(region: str) -> int:
    return warehouse.load_region(region)

@task
def skip_all():
    print("regional load disabled for this run")

@task(trigger_rule="none_failed_min_one_success")
def consolidate(counts):
    print(f"loaded {sum(c for c in counts if c)} rows")

g = gate()
regions = list_regions()
loads = load_region.expand(region=regions)
skipped = skip_all()

summary = consolidate(loads)     # consuming the mapped output IS the dependency

g >> [regions, skipped]
skipped >> summary               # so the skip path also reaches the join

The one thing to hold in your head: when gate chooses skip_all, the entire mapped load_region node is skipped as a unit — Airflow doesn’t expand it and then skip each instance, it never expands it at all, because its upstream list_regions was skipped and produced no list. The reduce step consolidate collects the mapped outputs when they exist and tolerates the all-skipped case through its trigger rule. Branch-then-map gives you a fan-out whose width is data-driven and whose existence is decision-driven, which is exactly the pipeline that only touches the warehouse when there’s genuinely something to touch.

Setup and teardown: resource lifecycle as first-class tasks

Here’s the problem the trigger rules can’t solve cleanly. The nightly dbt build wants an isolated place to work — a scratch schema, a temp cluster, a checked-out branch of a repo — created before the transform runs and destroyed after. The destroy step is non-negotiable: leave the schema behind and tomorrow’s run collides with today’s, or you leak storage until someone notices the bill. So the cleanup has to run whether the transform succeeded, failed, or was skipped. The foundations book’ answer to “always run” was trigger_rule="all_done", and it works, but it’s a blunt instrument — an all_done cleanup will also fire if the pipeline never got far enough to create the thing it’s cleaning up, and it doesn’t model the fact that the cleanup and the creation are paired. Airflow 3.x has a purpose-built construct for exactly this shape: setup and teardown tasks.

A setup task creates a resource. Its paired teardown destroys it. Airflow understands the relationship, and that understanding buys three things all_done can’t: the teardown runs even when the work between them fails, a failed teardown doesn’t automatically fail your DAG run (cleanup breaking is not the same as the pipeline breaking), and the teardown is excluded from the DAG’s success calculation, so a green run means the work succeeded, not that the cleanup happened to. You mark them with the @setup and @teardown decorators from the Task SDK:

import re

from airflow.sdk import dag, task, setup, teardown, get_current_context
from airflow.providers.postgres.hooks.postgres import PostgresHook


@dag(schedule="@daily", catchup=False, tags=["bookshop"])
def bookshop_dbt_nightly():
    @setup
    def create_scratch_schema() -> str:
        # a schema unique to this run, so concurrent/backfill runs never collide
        run_id = get_current_context()["run_id"]
        suffix = re.sub(r"[^0-9a-zA-Z]+", "_", run_id).strip("_").lower()
        schema = f"dbt_scratch_{suffix}"

        hook = PostgresHook(postgres_conn_id="warehouse")
        hook.run(f"CREATE SCHEMA IF NOT EXISTS {schema}")
        return schema

    @task
    def run_dbt(schema: str) -> None:
        # build the bookshop models into the throwaway schema
        run_dbt_build(target_schema=schema)

    @task
    def test_dbt(schema: str) -> None:
        run_dbt_tests(target_schema=schema)

    @teardown
    def drop_scratch_schema(schema: str) -> None:
        hook = PostgresHook(postgres_conn_id="warehouse")
        hook.run(f"DROP SCHEMA IF EXISTS {schema} CASCADE")

    schema = create_scratch_schema()
    built = run_dbt(schema)
    tested = test_dbt(schema)

    schema >> built >> tested >> drop_scratch_schema(schema)


bookshop_dbt_nightly()

Note how the schema name gets built, because it’s the mistake everyone makes once: the run id comes out of get_current_context(), in Python. It is tempting to write f"dbt_scratch_{{ run_id }}" instead — but that is two bugs stacked. An f-string treats {{ as an escaped literal brace, so you would get the characters { run_id } in your schema name; and even if you dodged that, Jinja does not render inside a @task body — templating happens in an operator’s template_fields, not in arbitrary Python. Inside a task, reach into the context object. (A real run_id looks like scheduled__2026-07-12T00:00:00+00:00, which is not a legal identifier, hence the re.sub — the colons and plus signs have to go.)

The wiring on the last line is ordinary >>, but because create_scratch_schema is a setup and drop_scratch_schema is a teardown, Airflow reads the tasks between them — run_dbt and test_dbt — as being in the setup’s scope. That scope is the whole point. If run_dbt fails, test_dbt is skipped as usual, but drop_scratch_schema still runs and drops the schema. If test_dbt fails, same story. The teardown fires on the failure path exactly as reliably as on the success path — which is what you always wanted from cleanup and what all_done only approximates. And crucially, the run’s overall state reflects the work: if run_dbt failed, the DAG run is failed even though the teardown succeeded, because a teardown’s success doesn’t paper over a failure in its scope.

When the teardown itself fails. By default, a teardown that throws does not fail the DAG run — the reasoning being that if the real work succeeded, a hiccup dropping a temp schema shouldn’t turn a green pipeline red and page someone. Sometimes that’s wrong: if leaking the resource is genuinely dangerous (an expensive cluster left running, a lock never released), you want a failed teardown to be loud. That’s the on_failure_fail_dagrun flag:

@teardown(on_failure_fail_dagrun=True)
def drop_scratch_schema(schema: str) -> None:
    PostgresHook(postgres_conn_id="warehouse").run(f"DROP SCHEMA IF EXISTS {schema} CASCADE")

With that set, a DROP that fails marks the run failed, so the leak surfaces instead of hiding behind a green checkmark. Leave it at the default for cheap, idempotent cleanups; turn it on when the cost of a silent leak is real.

Teardown as a context manager. Wiring the scope with explicit arrows is clear for a couple of tasks, but for a scope with several steps it’s easy to forget one and leave a task dangling outside the teardown’s protection. The teardown task doubles as a context manager, and anything defined inside the block is automatically placed in scope between the setup and the teardown:

schema = create_scratch_schema()
drop = drop_scratch_schema(schema)

with drop:
    built = run_dbt(schema)
    tested = test_dbt(schema)
    built >> tested

schema >> built

Every task created within with drop: is guaranteed to be inside the scope — you can’t accidentally strand one downstream of the teardown or upstream of the setup. For a scratch-schema build with two steps the arrow form reads fine; for a scope with a TaskGroup and a fan-out inside it, the context manager is the safer default because it makes “these tasks are protected by this cleanup” a structural fact rather than something you have to wire correctly by hand.

More than one setup, more than one teardown. A real build often borrows more than one resource. The bookshop nightly might need both a scratch schema and a temporary object-store prefix for staged extracts, each with its own creation and its own cleanup. You don’t nest scopes for this — you pair each setup with the teardown that undoes it, and the arrows describe which teardown belongs to which setup:

@setup
def create_scratch_schema() -> str: ...

@teardown
def drop_scratch_schema(schema: str) -> None: ...

@setup
def create_staging_prefix() -> str: ...

@teardown
def clear_staging_prefix(prefix: str) -> None: ...

schema = create_scratch_schema()
prefix = create_staging_prefix()
drop = drop_scratch_schema(schema)
clear = clear_staging_prefix(prefix)

# both setups feed the work; both teardowns close over it
[schema, prefix] >> run_dbt(schema, prefix) >> [drop, clear]

The rule Airflow applies is worth stating plainly: a task is in the scope of a setup when it sits downstream of that setup and upstream of the paired teardown. run_dbt sits downstream of both setups and upstream of both teardowns, so it’s in both scopes — if it fails, both teardowns still fire, and neither resource leaks. A teardown fires as soon as everything in its scope has finished, so if you also had a schema-only step that no longer needs the staging prefix, clear_staging_prefix could run while later schema work continues, freeing the resource the moment it’s genuinely done rather than at the end of the DAG. Pairing is per-resource; the arrows, not proximity in the file, decide what each teardown protects.

One more property that makes setup/teardown more than sugar over all_done: setups and teardowns are excluded from the DAG’s clear-and-rerun logic in the way you’d hope. Clear a failed run_dbt to retry it, and Airflow, by default, also reruns the setup — it knows the setup has to run again to recreate the scratch schema the retry needs, so the resource lifecycle travels with the work it wraps. When the resource is expensive and still healthy — a warm cluster you don’t want rebuilt just to re-run one downstream step — clear with the ignore setup/teardown option (the flag is exposed on the clear action in the UI and on airflow tasks clear), and Airflow leaves the already-created resource in place and reruns only the work. The default is the safe choice; the ignore option is the escape hatch for when recreation is the expensive part. Either way that’s the difference between modeling the relationship and merely bolting a cleanup task onto the end of the graph.

Params: typed inputs instead of a conf junk drawer

The last gap is input. A manually-triggered run — a backfill, a one-off full refresh, a re-run for a specific date — needs to be told what to do, and the lazy way is dag_run.conf, a free-form dictionary the operator fills in as raw JSON. Nothing validates it. Misspell a key, pass a string where the DAG expected a boolean, forget a field entirely, and the run launches anyway and fails deep inside a task, or worse, does the wrong thing silently. The Param system replaces that junk drawer with a typed, validated, self-documenting surface: you declare the inputs a DAG accepts, their types and constraints, and Airflow renders a real form in the UI and rejects invalid input before the run ever starts.

You declare params in the params= argument on @dag, each one a Param with a default and a schema:

from airflow.sdk import dag, task, Param


@dag(
    schedule="@daily",
    catchup=False,
    tags=["bookshop"],
    params={
        "full_refresh": Param(
            False,
            type="boolean",
            title="Full refresh",
            description="Rebuild every model from scratch instead of merging changes.",
        ),
        "run_date": Param(
            None,
            type=["null", "string"],
            format="date",
            title="Run date",
            description="Override the logical date. Leave blank to use the run's own date.",
        ),
        "batch_size": Param(
            5000,
            type="integer",
            minimum=100,
            maximum=50000,
            title="Batch size",
        ),
        "environment": Param(
            "staging",
            type="string",
            enum=["staging", "production"],
            title="Target environment",
        ),
    },
)
def bookshop_configurable():
    ...

Each Param is a small JSON-Schema declaration. type="boolean" renders a checkbox; type="integer" with minimum/maximum renders a number field that the form refuses to submit out of range; enum=[...] renders a dropdown of exactly those choices, so environment can never be a typo’d "prod". type=["null", "string"] makes run_date genuinely optional — its default of None is a valid value — while format="date" gives the field a date picker. title and description are what the operator reads in the form; spend a sentence on each, because this is the documentation someone sees at the moment they’re deciding what to run.

Where params show up. Two places. In any templated field you reference them through the Jinja context as {{ params.x }}:

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

run_models = BashOperator(
    task_id="run_dbt",
    bash_command=(
        "dbt build --target {{ params.environment }} "
        "{% if params.full_refresh %}--full-refresh{% endif %} "
        "--vars '{run_date: {{ params.run_date or ds }}}'"
    ),
)

Note {{ params.run_date or ds }} — the param defaults to None, and when it’s left blank the template falls back to ds, the run’s own logical date. A scheduled run gets its date automatically; a manual or backfill run can override it by filling in the field. That’s the idiomatic way to make a date both automatic and overridable: a nullable param that falls through to the built-in macro.

Inside a @task, reach the params through the runtime context rather than Jinja:

from airflow.sdk import task, get_current_context


@task
def summarize_run() -> None:
    context = get_current_context()
    params = context["params"]
    if params["full_refresh"]:
        print(f"full rebuild into {params['environment']}, batch={params['batch_size']}")
    else:
        print(f"incremental into {params['environment']} for {params['run_date'] or context['ds']}")

get_current_context() (from airflow.sdk) hands back the same dict Jinja sees, so context["params"] is your typed, already-validated input. This is how the nested branch from earlier read params["full_refresh"] to choose its path — the branch is just a @task.branch that pulls the param and returns a task_id.

The form, and the validation. In the UI, the Trigger DAG w/ config action reads these param declarations and builds a form: a checkbox for full_refresh, a bounded number field for batch_size, a dropdown for environment, a date picker for run_date. The operator fills it in and Airflow validates before creating the run — a batch_size of 80 is rejected against minimum=100 with a message, not accepted and blown up on later. This is the payoff over conf: the invalid run never launches, the valid one carries structured values every task can trust, and the form itself documents what the DAG accepts. A newcomer triggering a backfill sees titled fields and descriptions instead of a blank JSON box, and can’t invent a key the DAG doesn’t understand.

Two sharp edges. First, params are validated at trigger time, but a param with no default and no null in its type makes the DAG un-runnable on a schedule — the scheduler has nothing to fill it with and there’s no form to prompt. If a param must be supplied every run, that DAG is manual-only by design; if it should schedule, give it a sensible default. Second, dag_run.conf still exists and still overrides params when a run is triggered with an explicit config payload (the API, airflow dags trigger --conf, an upstream TriggerDagRunOperator), so params and programmatic triggering coexist — the form is the human front door, conf is the machine one, and both land in the same validated context["params"].

The machine door is validated too, which is the part people miss. The same JSON-Schema that renders the form runs against a programmatic conf payload — a TriggerDagRunOperator or a POST to /dagRuns that supplies environment="prod" is rejected against enum=["staging", "production"] before the run is created, exactly as the dropdown would reject it, and the caller gets the validation error back rather than a run that fails halfway through. Airflow 3.x is strict about unexpected keys as well: by default a conf that includes a key you never declared as a Param is rejected rather than silently passed through, so a typo’d field name surfaces at trigger time instead of being read as None three tasks later. The upshot is that “validated input” isn’t a UI nicety bolted onto a still-loose backend; declaring params tightens every path into the DAG, human and programmatic alike, which is what lets a downstream task treat context["params"] as trustworthy without re-checking it.

Bringing it together

The three tools stack. The bookshop’s nightly DAG takes a full_refresh param that the operator flips for a manual rebuild; a @task.branch reads that param and forks between a full reload and an incremental path; the incremental path fans out over regions with dynamic mapping; and the whole transform runs inside a setup/teardown scope that spins up a scratch schema and drops it whether the build passes or fails. Each tool covers a distinct axis — the param is what to do, the branch is which shape the graph takes, the setup/teardown is what resources the work borrows and returns. None of them substitutes for another, and a production DAG of any real complexity ends up using all three at once, which is precisely why they share a chapter.

Final thoughts

The through-line here is making the implicit explicit. A branch makes a conditional visible in the graph instead of buried in an if inside one fat task. Setup/teardown makes a resource’s lifetime a pair of nodes Airflow tracks and guarantees, instead of cleanup hidden in a finally or bolted on with all_done and hope. Params make a run’s inputs a typed, validated, documented form instead of a dictionary nobody checks. In every case the win is the same: Airflow now understands something it used to merely execute, and because it understands it, it can show it in the UI, validate it before it runs, and do the right thing when a piece fails. That’s the whole thesis of the advanced book in miniature — the orchestrator earns its keep not by running your code but by knowing what your code is for. Push the conditionals, the lifecycles, and the inputs out of your task bodies and into the constructs built for them, and the DAG stops being a script that happens to run on a schedule and becomes something a stranger can read, trigger safely, and trust.





Custom XCom Backends

XCom is a mailbox, not a warehouse. When the bookshop’s enrich_titles task hands a fact table to load_warehouse, the honest question is what actually travels between them. Most of the time it should be a short string — a row count, a partition key, an S3 URI — and the data itself should have moved through a system built to hold data. The trouble starts the day someone returns a pandas DataFrame from a task and Airflow, being obliging, serializes the whole thing into the metadata database. It works in the demo. It works for the first month. Then the DataFrame grows, the xcom table balloons, the UI’s “XCom” tab times out trying to render a 40MB cell, and a Postgres VACUUM becomes a production event. A custom XCom backend is how you keep the mailbox behavior — the value flows through Airflow’s dependency graph like any other XCom — while moving the payload somewhere that was designed to carry it.

What XCom actually stores

By default in Airflow 3.x, an XCom value is serialized to JSON and written to a single row in the xcom table of the metadata database. That default matters for two reasons. First, JSON is deliberately conservative: it round-trips dicts, lists, strings, numbers, and booleans cleanly, and it refuses anything it can’t represent, which is a feature — it stops you from smuggling a live database handle or a NumPy array through XCom by accident. Second, JSON has no size ceiling of its own, but the column it lands in does, and every push is a write to the same shared, transactional database that the scheduler is using to decide what runs next. XCom was designed for coordination signals measured in bytes, and every property of the default backend follows from that assumption.

The 3.x detail that changes the mechanics — and that most 2.x-era writing gets wrong — is who does the writing. In Airflow 2.x a worker held a direct connection to the metadata database and inserted the XCom row itself. In 3.x, the Task Execution API brokers all of it. A worker no longer touches the metadata DB; when your task calls ti.xcom_push(...) or returns a value, the Task SDK serializes it and sends it to the api-server over the Execution API, and the api-server persists it. This is the security and isolation boundary that let Airflow 3 split the api-server from the workers in the first place — a worker running arbitrary DAG code never gets database credentials.

A custom XCom backend lives on both sides of that boundary, and understanding where each hook runs is the whole game. serialize_value runs in the worker, inside the task process, before the value crosses the Execution API. deserialize_value also runs in the worker, when a downstream task pulls the value back. And purge runs when the XCom is cleared, so it’s where you delete whatever you offloaded. Notice what is not on that list: nothing your backend writes ever runs on the api-server. The UI displays the stored row as-is. Get that mental model right and everything else is detail.

The mechanism: subclassing BaseXCom

A custom backend is a subclass of airflow.sdk.BaseXCom that overrides three methods. The contract is small:

from airflow.sdk import BaseXCom

class MyXComBackend(BaseXCom):
    @staticmethod
    def serialize_value(value, *, key=None, task_id=None,
                        dag_id=None, run_id=None, map_index=None, **kwargs):
        # Runs in the WORKER. Turn `value` into something the base
        # class can persist through the Execution API.
        ...

    @staticmethod
    def deserialize_value(result):
        # Runs in the WORKER. `result` is the stored row; return the
        # original object a downstream task expects.
        ...

    @classmethod
    def purge(cls, xcom, *args):
        # Runs when an XCom is CLEARED. Delete the object you wrote
        # in serialize_value — this is your garbage collector.
        ...

Two things about that signature are easy to miss and expensive to get wrong.

serialize_value is a @staticmethod and it receives the full identity of the XCom — dag_id, run_id, task_id, key, map_index — as keyword arguments. That identity is the reason a custom backend can do anything interesting: it’s exactly the coordinate you need to build a stable, unique storage path for the payload. Accept **kwargs defensively; Airflow has added parameters to this signature across minor versions, and a backend that hard-codes the argument list will break on upgrade.

The return value of serialize_value is whatever eventually gets stored via the base class. The pattern that keeps the metadata database small is: write the big payload to object storage inside serialize_value, and return only a tiny reference (a URI string, or a small JSON envelope). The base class serializes that reference to JSON and hands it to the Execution API. The xcom row now holds a pointer measured in bytes, not the DataFrame.

purge is the hook people don’t know exists, and it’s the one that keeps your bucket from becoming a landfill. When Airflow clears an XCom — you clear a task, you clear a DAG run, a retention job sweeps old runs — it deletes the xcom row. It has no idea that row pointed at a five-megabyte Parquet file in S3. purge is where you tell it: Airflow calls it with the XCom being removed, and your job is to delete the object you wrote. Skip it and every cleared run leaves its payload behind forever, and you find out from the storage bill.

A note if you’re porting a 2.x backend. You may be looking for orm_deserialize_value — the hook that returned a cheap stand-in so the UI didn’t have to download the payload just to render a table cell. It no longer exists in Airflow 3, and the reason is the architecture change this chapter opened with. In 2.x the api-server read XComs straight out of the metadata DB, so it needed its own deserialization path and its own way of not being slow. In 3.x the worker is the only thing that ever calls deserialize_value, and the UI simply displays what’s stored in the row — which, in an offloading backend, is already the small reference string you returned from serialize_value. The cheap render isn’t a hook you have to remember any more; it falls out of the boundary for free. One less thing to get wrong, and a good example of the Task Execution API earning its keep.

A worked S3 backend for the bookshop

Here is a complete backend that offloads any large payload to S3 and leaves a URI behind. It’s written for the bookshop pipeline, where a task might legitimately produce a Parquet-sized frame that a downstream task consumes.

# include/xcom/s3_backend.py
import json
import os
import uuid

import pandas as pd
from airflow.sdk import BaseXCom
from airflow.providers.amazon.aws.hooks.s3 import S3Hook

# A marker so we can tell "we offloaded this" from an ordinary small XCom.
_OFFLOAD_PREFIX = "s3xcom://"


class S3XComBackend(BaseXCom):
    BUCKET = os.environ["XCOM_S3_BUCKET"]
    AWS_CONN_ID = os.environ.get("XCOM_S3_CONN_ID", "aws_default")
    # Only offload things worth offloading; small values stay inline.
    THRESHOLD_BYTES = 4096

    @staticmethod
    def _hook():
        return S3Hook(aws_conn_id=S3XComBackend.AWS_CONN_ID)

    @staticmethod
    def _key_for(dag_id, run_id, task_id, key, map_index):
        # A path that is unique per (dag, run, task, key, mapped index),
        # so a re-run or a mapped fan-out never collides with a sibling.
        suffix = "" if map_index in (None, -1) else f"/{map_index}"
        salt = uuid.uuid4().hex[:8]
        return f"{dag_id}/{run_id}/{task_id}/{key}{suffix}/{salt}.bin"

    @staticmethod
    def serialize_value(value, *, key=None, task_id=None, dag_id=None,
                        run_id=None, map_index=None, **kwargs):
        # Decide the wire format based on the payload's type.
        if isinstance(value, pd.DataFrame):
            body = value.to_parquet()          # bytes
            fmt = "parquet"
        else:
            try:
                body = json.dumps(value).encode("utf-8")
                fmt = "json"
            except (TypeError, ValueError):
                # Not JSON-serializable and not a frame: let the base
                # class refuse it, exactly as the default backend would.
                return BaseXCom.serialize_value(
                    value, key=key, task_id=task_id, dag_id=dag_id,
                    run_id=run_id, map_index=map_index, **kwargs)

        # Below the threshold, keep it inline — object storage isn't free
        # and tiny values belong in the DB.
        if len(body) < S3XComBackend.THRESHOLD_BYTES and fmt == "json":
            return BaseXCom.serialize_value(
                value, key=key, task_id=task_id, dag_id=dag_id,
                run_id=run_id, map_index=map_index, **kwargs)

        s3_key = S3XComBackend._key_for(dag_id, run_id, task_id, key, map_index)
        S3XComBackend._hook().load_bytes(
            body, key=s3_key, bucket_name=S3XComBackend.BUCKET, replace=True)

        # This tiny envelope is what actually lands in the metadata DB.
        reference = {
            "uri": f"{_OFFLOAD_PREFIX}{S3XComBackend.BUCKET}/{s3_key}",
            "format": fmt,
            "bytes": len(body),
        }
        return BaseXCom.serialize_value(
            reference, key=key, task_id=task_id, dag_id=dag_id,
            run_id=run_id, map_index=map_index, **kwargs)

    @staticmethod
    def deserialize_value(result):
        raw = BaseXCom.deserialize_value(result)
        if not (isinstance(raw, dict)
                and str(raw.get("uri", "")).startswith(_OFFLOAD_PREFIX)):
            # A small inline value that was never offloaded — return as-is.
            return raw

        path = raw["uri"][len(_OFFLOAD_PREFIX):]
        bucket, _, s3_key = path.partition("/")
        body = S3XComBackend._hook().get_key(
            key=s3_key, bucket_name=bucket).get()["Body"].read()

        if raw["format"] == "parquet":
            import io
            return pd.read_parquet(io.BytesIO(body))
        return json.loads(body.decode("utf-8"))

    @classmethod
    def purge(cls, xcom, *args):
        # Called when this XCom is CLEARED. Delete what we offloaded,
        # or the bucket grows forever.
        raw = cls.deserialize_value(xcom) if xcom.value else None
        uri = raw.get("uri") if isinstance(raw, dict) else None
        if uri and str(uri).startswith(_OFFLOAD_PREFIX):
            bucket, key = _split(uri)
            cls._hook().delete_objects(bucket=bucket, keys=[key])

Note what the UI shows for an offloaded value with no extra work from you: the small JSON envelope you returned from serialize_value — the URI, the byte count, the format. That’s exactly the cheap render you want, and you get it because the api-server displays the stored row and never calls deserialize_value. In Airflow 2 you had to implement a separate hook to achieve that; in Airflow 3 the worker/api-server boundary hands it to you.

Wire it up with a single environment variable, in the Astro project’s .env or your deployment’s config:

AIRFLOW__CORE__XCOM_BACKEND=include.xcom.s3_backend.S3XComBackend
XCOM_S3_BUCKET=bookshop-xcom
XCOM_S3_CONN_ID=aws_default

Restart the scheduler, api-server, and workers so all three load the class. Now a bookshop task can return frame and downstream tasks receive a DataFrame, while the metadata database only ever sees s3xcom://bookshop-xcom/etl_bookshop/manual__2026-06-14.../enrich_titles/return_value/3f9a1c22.bin.

Trace the flow once, end to end, and the 3.x model clicks: enrich_titles runs in a worker, serialize_value writes the Parquet bytes to S3 from the worker, and only the URI envelope crosses the Task Execution API to the api-server, which stores that string. When load_warehouse starts, its worker pulls the XCom, deserialize_value reads the bytes back from S3, and reconstitutes the frame. The metadata database never held the data, and the worker never held database credentials. The custom backend slots cleanly into the brokered model precisely because the payload takes a different road than the coordination signal — the api-server brokers the pointer; S3 carries the freight.

Cleanup: purge is the hook

Airflow deletes the xcom rows when it clears a DAG run’s XComs, and — via purge — it will delete your S3 object too, but only if you implement it. Left unimplemented, it has no idea your row pointed at an S3 object — that byte-blob is now orphaned storage, quietly accruing cost. There is no built-in reaper for offloaded payloads, and pretending otherwise is how a “cheap” backend turns into a surprise bill.

Two defenses, used together. First, an S3 lifecycle policy on the bucket: expire objects after N days. Because the key path starts with {dag_id}/{run_id}/, you can even scope lifecycle rules per DAG if some pipelines need longer retention than others. This is the durable safety net — it runs whether or not Airflow is healthy. Second, if you need prompt cleanup tied to run lifecycle, a small teardown task (the setup/teardown pattern from the previous chapter) or an on_success_callback can delete the run’s prefix once downstream consumers are done. Lifecycle policy is the floor; explicit teardown is the optimization. Never rely on the explicit path alone — a failed run skips its own teardown, and those are exactly the runs whose debris you’ll forget.

Serialization: JSON, pickle, or Parquet

The backend above branches on type deliberately, because the right wire format depends on what you’re moving:


	JSON is the safe default for structured, non-tabular values — dicts, lists, config-shaped payloads. It’s portable, human-readable in S3, and version-stable. Its limits are its virtues: no dates, no NumPy scalars, no arbitrary objects.

	Parquet is the right call for DataFrames. It’s columnar, compressed, typed, and — critically — it preserves dtypes across the round trip in a way to_json() does not. If tabular data is your reason for building a backend at all, Parquet is why the backend pays off.

	Pickle will serialize almost anything, and that is exactly why you should reach for it last. Pickle is a code-execution format: deserializing a malicious or corrupted pickle can run arbitrary code, and pickled objects are brittle across Python and library versions. Reserve it for objects you genuinely can’t express otherwise, and never point a pickle-based backend at storage that untrusted parties can write to.



The through-line: prefer the most constrained format that fits the payload. A backend that quietly falls back to pickle for everything is a backend that will one day deserialize something it shouldn’t.

Global versus per-task, and testing

AIRFLOW__CORE__XCOM_BACKEND is global — one backend for the whole deployment. There’s no per-task override knob, so the backend has to behave sanely for every XCom in the system, including the tiny ones the scheduler and mapped tasks pass around constantly. That’s the entire reason the worked example keeps a size threshold and an inline fallback: a global backend that offloads a three-character partition key to S3 would generate a storm of pointless network calls and make the whole instance slower. The discipline for a global backend is “offload only what’s worth offloading, pass everything else straight through to BaseXCom.”

If you genuinely need per-task behavior — say only the bookshop’s ETL DAG should offload, and everything else stays inline — the identity kwargs are your lever. serialize_value receives dag_id and task_id, so you can gate offloading on them: branch to the S3 path only when dag_id is in an allowlist, and fall through to BaseXCom.serialize_value otherwise. That keeps a single deployment-wide class while letting policy vary by pipeline. It’s a code branch, not configuration, which is a fair criticism — but it’s honest about the constraint, and it’s far safer than the tempting alternative of raising the global threshold so high that the DAGs which should offload silently stop doing so. Treat the size threshold and any DAG allowlist as the backend’s public policy surface, document them next to the class, and resist the urge to bury magic numbers in the branch logic.

Because the class is plain Python with static methods, you can unit-test it without a running Airflow. Round-trip a value through serialize_value and deserialize_value against a mocked or local S3 (moto, or MinIO in the Astro project’s docker-compose.override.yml) and assert you get an equal object back. Test the branches explicitly, including purge — a large DataFrame goes to Parquet in S3, a small dict stays inline, a non-serializable object raises the same error the default backend would. Test purge too: assert the object is gone afterwards, because a broken purge is completely silent — the DAG stays green and the bucket grows forever.

Here’s what that test file actually looks like with moto standing in for S3. The moto fixture gives you a real-enough S3 API in-process, so the same code path that runs in production runs in the test — no monkeypatching the hook:

# tests/xcom/test_s3_backend.py
import io
import boto3
import pandas as pd
import pytest
from moto import mock_aws

from include.xcom.s3_backend import S3XComBackend, _OFFLOAD_PREFIX


@pytest.fixture
def s3_bucket(monkeypatch):
    with mock_aws():
        boto3.client("s3", region_name="us-east-1").create_bucket(
            Bucket="bookshop-xcom")
        monkeypatch.setenv("XCOM_S3_BUCKET", "bookshop-xcom")
        yield


def _coords():
    # The identity Airflow would pass to serialize_value.
    return dict(key="return_value", task_id="enrich_titles",
                dag_id="etl_bookshop", run_id="manual__2026-06-14T00:00",
                map_index=-1)


def test_large_frame_offloads_and_round_trips(s3_bucket):
    frame = pd.DataFrame({"isbn": range(10_000), "title": ["x"] * 10_000})
    stored = S3XComBackend.serialize_value(frame, **_coords())

    # What lands in the metadata DB is a tiny envelope, not the frame.
    assert _OFFLOAD_PREFIX in stored
    assert len(stored) < 512

    back = S3XComBackend.deserialize_value({"value": stored})
    pd.testing.assert_frame_equal(back, frame)


def test_small_dict_stays_inline(s3_bucket):
    stored = S3XComBackend.serialize_value({"rows": 42}, **_coords())
    assert _OFFLOAD_PREFIX not in stored          # never touched S3
    assert S3XComBackend.deserialize_value({"value": stored}) == {"rows": 42}


def test_purge_deletes_the_offloaded_object(s3_bucket):
    frame = pd.DataFrame({"isbn": range(10_000)})
    stored = S3XComBackend.serialize_value(frame, **_coords())

    uri = json.loads(stored)["uri"]
    bucket, key = _split(uri)
    assert S3XComBackend._hook().check_for_key(key, bucket)   # it's there

    S3XComBackend.purge(SimpleNamespace(value=stored))

    assert not S3XComBackend._hook().check_for_key(key, bucket)   # and now it isn't

That last test is the one worth having, because the failure it guards against is invisible. A backend with a broken purge works perfectly — tasks push, tasks pull, the DAG is green — and quietly leaks an object per cleared XCom until someone notices the bucket has grown to a terabyte of orphaned Parquet. Nothing else in your pipeline will ever tell you. (SimpleNamespace(value=…) stands in for the XCom record Airflow passes; the real object carries more, but purge only reads the stored value.)

The exact shape of the stored result handed to deserialize_value is an internal detail; against a real Airflow you’d push through a live task instance. These tests catch the failures that are miserable to debug in a live deployment, where a serialization bug surfaces as a task that pushes fine and a downstream task that mysteriously can’t read.

When to skip the backend entirely

A custom XCom backend is the right tool when you want transparent handoff — tasks return and receive real Python objects and neither one knows storage is involved. But it’s not the only tool, and often not the best one.

If your tasks are explicitly moving files or datasets, Airflow 3.x ships airflow.io, the ObjectStorage abstraction, and using it directly is frequently cleaner than hiding S3 behind XCom. You get a Path-like API over S3, GCS, or Azure through ObjectStoragePath, and your DAG says what it does — it writes a Parquet file to a known location and passes the path. The data movement is visible in the code and in the graph, not tucked inside a serialization hook.

Here’s the same bookshop handoff written the explicit way. Note what crosses XCom: a plain string, the path — exactly the small signal XCom was built for:

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

BASE = ObjectStoragePath("s3://bookshop-xcom", conn_id="aws_default")


@dag(schedule="@daily", catchup=False)
def etl_bookshop_explicit():
    @task
    def enrich_titles(**context) -> str:
        frame = build_enriched_frame()          # a big DataFrame
        target = BASE / context["run_id"] / "enriched.parquet"
        with target.open("wb") as f:
            frame.to_parquet(f)
        return str(target)                       # only the path travels

    @task
    def load_warehouse(path: str):
        src = ObjectStoragePath(path, conn_id="aws_default")
        with src.open("rb") as f:
            frame = pd.read_parquet(f)
        write_to_warehouse(frame)

    load_warehouse(enrich_titles())


etl_bookshop_explicit()

Because ObjectStoragePath supports the same brokered path resolution and the familiar /-join, .open(), .unlink(), and .rmdir() operations, cleanup is a first-class line of code (target.unlink() in a teardown task) rather than an out-of-band lifecycle policy you hope fires. The trade is explicitness for uniformity: every task that touches the file has to know about the path convention, whereas the custom backend hides all of it behind an ordinary return. Reach for ObjectStorage when the file is the interface between tasks; reach for a custom XCom backend when you’d rather the return-value ergonomics stay invisible and uniform across many tasks.

And step back one more level: if a downstream task needs a table, the most honest handoff is a table. Write it to the warehouse in the upstream task, pass the table name or partition through XCom, and let the downstream task read it. This is exactly the boundary where the bookshop pipeline hands off to dbt — Airflow schedules the load, the warehouse holds the data, and what crosses between them is a name, not a payload. A custom XCom backend is for the cases that fall between “a tiny signal” and “a materialized table” — a real object that’s too big for the metadata database but not something you want to model as a warehouse artifact. That band is narrower than people expect, which is the real lesson.

Final thoughts

The metadata database is Airflow’s nervous system, not its cargo hold. Everything in this chapter follows from taking that seriously: XCom exists to carry the small signals that coordinate a DAG — ids, counts, keys, URIs — and the moment a payload outgrows a log line, the answer is to move the payload through storage that was built for it and let Airflow carry only the reference. A custom BaseXCom subclass makes that offload transparent, and Airflow 3.x’s Task Execution API makes it safe, because the worker that runs your serialization code never holds the keys to the database it’s protecting. But the sharpest version of the lesson is the one that tells you not to build the backend: if downstream tasks need a table, write a table; if they need a file, use ObjectStorage and pass the path; and if they need a Python object larger than a log line, ask one more time whether XCom is the abstraction you actually want. The best custom backend is the one you reach for only after you’ve ruled out the simpler handoff — and then it’s the difference between a pipeline that scales and a VACUUM that pages you.





Secrets Backends in Depth

The foundations book taught that secrets backends exist: point AIRFLOW__SECRETS__BACKEND at Vault or Secrets Manager, keep naming connections by id, and the credential stops living in the metadata database. That’s the intro. This chapter is the operating model — the part you need when there are three backends in play, when a secret rotated at 2am and half your workers still hold the old one, and when the bill from your secrets provider shows up itemized by API call because somebody put a Variable.get at module scope.

The mental model is unchanged. What changes is that every convenience in the intro has a production edge, and this is where we grind those edges down: exactly how a lookup name becomes a backend path, how the three big providers authenticate without shipping a key into the image, how to stack backends, how caching interacts with rotation, and how to prove a connection resolves before a DAG ever depends on it.

The full config, and the cache that sits under it

Two settings drive everything: the backend class and its keyword arguments, the latter as a JSON string.

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"}'

backend_kwargs being JSON matters more than it looks. It gets parsed once and passed as **kwargs to the backend’s __init__, so every value is a JSON scalar or object — a null is a real None, a number is a number, and a nested extra-style object stays an object. Malformed JSON here fails the whole secrets subsystem at startup, which is the good failure: you find out at boot, not on the first task that needs a password.

The resolution order is the fact that explains every “why is it using the wrong credential” incident:


	Environment variables — AIRFLOW_CONN_* / AIRFLOW_VAR_*

	The configured secrets backend — Vault, Secrets Manager, GCP, custom

	The metadata database — UI rows, airflow_settings.yaml



Airflow returns the first hit and stops. Environment always wins, which is a deliberate override hatch and a silent trap in equal measure — a stale AIRFLOW_CONN_BOOKSHOP_DB on one worker will shadow the correct value in the backend and never show up in the UI.

What the foundations chapter didn’t cover is the secrets cache that sits underneath this order. DAG parsing hits connections and variables constantly, and in 3.x you can let Airflow cache those lookups so the scheduler isn’t re-fetching the same secret on every parse:

export AIRFLOW__SECRETS__USE_CACHE=True
export AIRFLOW__SECRETS__CACHE_TTL_SECONDS=900   # 15 minutes

This cache is scoped to a process and is used during parsing, not task execution — a running task still resolves fresh. But the TTL is now part of your rotation math: a secret you rotate is guaranteed to be picked up by parsing only after the cache expires, up to cache_ttl_seconds later. Turn the cache on to protect your backend’s rate limits and bill; know that you’ve traded a slice of rotation latency for it. Leave it off (the default) and every parse pays the backend round-trip, which on a busy scheduler with a metered provider is a line item you’ll notice.

One more property of that cache decides how you reason about it: it lives inside each parsing process, not in a shared store, so the scheduler, the DAG processor, and each worker keep their own copy with independent TTLs. A rotation doesn’t propagate to the whole fleet at one instant — it lands process-by-process as each one’s TTL lapses. Size the TTL for the slowest propagation you can tolerate, not the average, because the worst case is what a rotation runbook has to plan around.

How a name becomes a path

A backend exposes three namespaces — connections, variables, and Airflow config — each with its own prefix. The prefix plus a separator plus the id is the literal path the backend fetches:

connections_prefix + sep + conn_id   ->  airflow/connections/bookshop_db
variables_prefix   + sep + var_key   ->  airflow/variables/bookshop_batch_size
config_prefix      + sep + config    ->  airflow/config/sql_alchemy_conn

config_prefix is the one the intro skipped, and it’s genuinely useful: it lets Airflow resolve its own sensitive settings — the metadata DB connection string, the broker URL, the Fernet key itself — from the same backend, instead of baking them into env vars on the box. Set config_prefix and store a secret at airflow/config/sql_alchemy_conn, and Airflow will pull its database URL from Vault at startup. That closes the last gap where a real credential still lived in plaintext on the host.

The separator is provider-specific and it’s the detail that bites people porting config between clouds. AWS and Vault use / and their paths look like directories. GCP Secret Manager forbids / in secret names — names are [A-Za-z0-9_-] only — so its backend defaults sep to -, and the same connection resolves to airflow-connections-bookshop_db. Same id, same prefix intent, completely different literal name. Get this wrong and every lookup misses.

Each prefix can be disabled independently by setting it to null:

{"connections_prefix": "airflow/connections", "variables_prefix": null}

That tells Airflow: resolve connections from this backend, but never search it for variables — skip straight to the metadata database for those. This is not just tidiness. Every lookup that isn’t disabled is a backend round-trip even on a miss, and a miss still costs a call and its latency. If you keep connections in Vault but variables in the database, disabling variables_prefix removes an entire class of wasted, billable, latency-adding calls that would otherwise fire on every variable read and fail. Disable what a backend doesn’t hold.

There’s a sharper version of the same lever. Every backend also takes a connections_lookup_pattern and variables_lookup_pattern — a regex the id must match before the backend is consulted at all:

{"connections_prefix": "airflow/connections", "connections_lookup_pattern": "^bookshop_"}

That tells the backend to answer only for connections whose id starts with bookshop_ and fall straight through for everything else, with no round-trip. Where null disables a whole namespace, the pattern disables it selectively: keep the fleet’s shared warehouse_* connections in the metastore while routing only your team’s bookshop_* ids to Vault. It’s the cleanest way to scope a backend to exactly the ids it owns, and on a metered provider it’s the same miss-cost saving as null, applied per-id instead of per-namespace.

HashiCorp Vault, three ways to authenticate

Vault is the richest of the three because Airflow has to become something Vault trusts before it can read anything, and the auth method is where the real production decisions live. The class is VaultBackend from the HashiCorp provider.

The shape:

export AIRFLOW__SECRETS__BACKEND='airflow.providers.hashicorp.secrets.vault.VaultBackend'
export AIRFLOW__SECRETS__BACKEND_KWARGS='{
  "connections_path": "connections",
  "variables_path": "variables",
  "config_path": "config",
  "mount_point": "airflow",
  "kv_engine_version": 2,
  "url": "https://vault.internal:8200",
  "auth_type": "approle",
  "role_id": "9d1e...",
  "secret_id": "b47c..."
}'

Two Vault-specific kwargs need naming. mount_point is the KV secrets engine’s mount — Vault lets you mount the same engine type at many paths, and airflow here means a bookshop_db connection lives at airflow/connections/bookshop_db in Vault’s addressing. kv_engine_version is a genuine footgun: KV v2 (the default for new Vault mounts) versions secrets and stores data under a data/ sub-path internally, while v1 does not. Set this to the wrong number and every read fails with a confusing 404, because the backend is looking at the wrong physical path. Check vault secrets list -detailed and match it.

Now the three auth methods, which is where team maturity shows:

Token — the simplest and the one you should outgrow. You hand Vault a token directly:

{"auth_type": "token", "token": "hvs.CAESI...", "url": "https://vault.internal:8200", "mount_point": "airflow"}

Fine for a spike. In production it’s a long-lived credential sitting in an env var — the exact thing secrets backends exist to eliminate — so treat it as a stepping stone, not a destination.

AppRole — the standard for a service that runs outside Kubernetes. Vault issues a role_id (stable, non-secret-ish, like a username) and a secret_id (rotating, like a password), and Airflow exchanges the pair for a short-lived token it refreshes itself. The role_id/secret_id in the config block above is this method. The win is that the secret_id can be delivered by a Vault agent or CI at deploy time and rotated on its own schedule, so nothing durable lives in the image.

Kubernetes — the cleanest when Airflow runs in a cluster, because it uses no static credential at all. Vault trusts the pod’s projected service-account JWT, and Airflow presents that token:

{
  "auth_type": "kubernetes",
  "kubernetes_role": "airflow-worker",
  "kubernetes_jwt_path": "/var/run/secrets/kubernetes.io/serviceaccount/token",
  "url": "https://vault.internal:8200",
  "mount_point": "airflow",
  "kv_engine_version": 2
}

kubernetes_role is the Vault role bound to the worker’s service account; kubernetes_jwt_path is where the kubelet projects the pod token. Nothing secret is in the config — the pod’s identity is the credential, and it’s short-lived and rotated by the platform. On Kubernetes this is the method to reach for; it’s the same argument as IAM roles on AWS, applied to Vault.

Two more Vault kwargs matter once you’re past a single team. Vault Enterprise partitions everything into namespaces, and if your platform runs Airflow under one, "namespace": "engineering/data" is mandatory — omit it and every read 404s against the root namespace, which looks identical to a wrong kv_engine_version and burns an afternoon of debugging the wrong thing. And the token Airflow receives from AppRole or Kubernetes auth is short-lived by design: the backend holds an hvac client per process and re-authenticates when the lease expires, so you set the token TTL on the Vault role, not anywhere in Airflow. Keep it long enough to cover a parse cycle and short enough that a leaked token dies on its own — minutes to an hour is the usual band. The whole appeal of AppRole and Kubernetes auth is that this expiry is automatic; a token credential has none, which is the other reason to outgrow it.

AWS Secrets Manager, on the instance’s identity

The Amazon provider’s SecretsManagerBackend is the least ceremony of the three because AWS’s credential chain does the authentication for you.

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",
  "config_prefix": "airflow/config",
  "region_name": "us-east-1"
}'

There is no key or token in that config, and that’s the whole point. The backend uses boto3’s default credential chain, so on a worker it authenticates as the IAM role attached to the task — an ECS task role, an EC2 instance profile, or an IRSA-bound service account on EKS. You attach a policy that grants secretsmanager:GetSecretValue scoped to airflow/*, and the worker can read exactly its own secrets and nothing else. If you must cross accounts you can add "role_arn" to have the backend assume a role, and "profile_name" uses a named local profile for dev — but the production default is “the machine’s own identity, least-privileged.”

Two AWS-specific knobs earn their keep. region_name should be set explicitly; leaving it to the environment is how a multi-region deployment ends up reading secrets from the wrong copy. And full_url_mode controls how a connection secret is stored: true (the default) means the secret string is a connection URI, while false lets you store a JSON object of connection fields — the readable form that dodges URI percent-encoding for passwords full of @ and /. Pick one convention and hold it, because the two aren’t interchangeable per-secret without the reader knowing which to expect.

Creating the secrets is the URI or JSON you already know:

aws secretsmanager create-secret \
  --name airflow/connections/bookshop_db \
  --secret-string 'postgresql://bookshop:s3cr3t@db.internal:5432/orders?sslmode=require'

aws secretsmanager create-secret \
  --name airflow/variables/orders_api_key \
  --secret-string 'sk_live_9f2a...'

With full_url_mode set to false, that first secret becomes the readable JSON form instead — which is what you want the moment a password contains an @, /, or % that URI-encoding would otherwise mangle:

aws secretsmanager create-secret \
  --name airflow/connections/bookshop_db \
  --secret-string '{"conn_type": "postgres", "host": "db.internal", "port": 5432, "login": "bookshop", "password": "s3c/r3t@!", "schema": "orders", "extra": {"sslmode": "require"}}'

The keys are the connection fields Airflow already knows — conn_type is required, and extra stays a nested object rather than a URL-encoded query string, so no character in password needs escaping. Choose full_url_mode: false fleet-wide before you store the first secret; flipping it later means every secret written under the old convention is now read with the wrong parser, and there’s no per-secret signal telling the backend which is which.

GCP Secret Manager, and the hyphen

The Google provider’s CloudSecretManagerBackend mirrors AWS’s model — authenticate as the workload, not as a stored key — with the naming twist from earlier.

export AIRFLOW__SECRETS__BACKEND='airflow.providers.google.cloud.secrets.secret_manager.CloudSecretManagerBackend'
export AIRFLOW__SECRETS__BACKEND_KWARGS='{
  "connections_prefix": "airflow-connections",
  "variables_prefix": "airflow-variables",
  "config_prefix": "airflow-config",
  "sep": "-",
  "project_id": "bookshop-prod"
}'

Note the prefixes use - and sep is -, because a GCP secret named airflow/connections/bookshop_db is illegal — the resolved name is airflow-connections-bookshop_db, and that’s what you must actually create:

echo -n 'postgresql://bookshop:s3cr3t@db.internal:5432/orders?sslmode=require' | \
  gcloud secrets create airflow-connections-bookshop_db \
    --project bookshop-prod --data-file=-

Authentication follows Application Default Credentials. On GKE with Workload Identity, or on any GCE-family compute, the attached service account is the credential and the config carries nothing sensitive — same pattern as AWS IAM and Vault’s Kubernetes auth, third verse. For off-GCP or local use you can point at a key file with "gcp_key_path": "/secrets/sa.json", but reaching for that in production usually means you’ve skipped a Workload Identity binding that would have let you carry no key at all. Grant the service account roles/secretmanager.secretAccessor scoped to the airflow-* secrets and you have the same least-privilege story as the other two.

Env vars, multiple backends, and rolling your own

The AIRFLOW_CONN_* / AIRFLOW_VAR_* convention isn’t just a dev convenience — because it sits above the backend in resolution order, it’s the right tool for a specific production job: a per-worker or per-environment override that must win unconditionally. A canary pool that should hit a read-replica, a break-glass credential injected for one deploy, a CI run pinned to a mock endpoint — all of these are AIRFLOW_CONN_* exports precisely because they beat whatever the shared backend says, with no backend change and no database row. The rule of thumb: the backend holds the default truth for the fleet; an env var expresses a local exception to it.

When one backend can’t hold everything — you keep application connections in Vault but the platform team publishes shared variables in AWS — Airflow does not natively chain two secrets backends. The clean way to get multi-backend behavior is to write a thin backend that delegates. Subclassing BaseSecretsBackend is a smaller job than it sounds; you implement the lookups you care about and return None to fall through to the next stage of the resolution order:

from airflow.secrets import BaseSecretsBackend
from airflow.providers.hashicorp.secrets.vault import VaultBackend
from airflow.providers.amazon.aws.secrets.secrets_manager import SecretsManagerBackend


class BookshopSecrets(BaseSecretsBackend):
    """Connections from Vault, variables from AWS Secrets Manager."""

    def __init__(self, **kwargs):
        super().__init__()
        self._vault = VaultBackend(mount_point="airflow", connections_path="connections",
                                   variables_path=None, url=kwargs["vault_url"],
                                   auth_type="kubernetes", kubernetes_role="airflow-worker")
        self._aws = SecretsManagerBackend(variables_prefix="airflow/variables",
                                          connections_prefix=None, region_name="us-east-1")

    def get_conn_value(self, conn_id: str):
        return self._vault.get_conn_value(conn_id)      # None -> Airflow tries the metastore next

    def get_variable(self, key: str):
        return self._aws.get_variable(key)

The methods that matter are get_conn_value(conn_id) (return a serialized connection — a URI or JSON string — or None), get_variable(key), and get_config(key). Returning None from any of them is not an error; it’s how you say “not here, keep looking,” and Airflow proceeds to the next source in the order. Point AIRFLOW__SECRETS__BACKEND at your class and pass vault_url and friends through backend_kwargs. The same hook is how you’d wrap a provider that doesn’t ship an Airflow backend at all — a secrets API internal to your company becomes a first-class Airflow source in about thirty lines.

Rotation, and the Fernet key nobody rotates

Rotation is the real test of the whole setup, and the promise is simple: rotate a database password in the backend, and workers pick up the new value without a DAG edit or a redeploy, because every task resolves the connection fresh at run time. That promise holds only if nobody defeated it — a top-level Variable.get or BaseHook.get_connection at module scope caches the value into a long-lived parsing process, and now a rotation doesn’t take effect until the next parse (and, if the secrets cache is on, not even then until the TTL lapses). The discipline from the foundations chapter — resolve inside tasks and templates, never at module scope — is what makes rotation work, not just what keeps the scheduler fast.

The credential everyone forgets to rotate is the Fernet key. It encrypts sensitive fields at rest in the metadata database, and once a secrets backend holds your real credentials, Fernet is protecting less than it used to — but it still guards anything that does land in the metastore, and losing it turns those rows into unrecoverable ciphertext. Airflow supports rotating it without downtime: set the new key first with the old one kept behind it as a comma-separated fallback, run the rotation command, then drop the old key.

export AIRFLOW__CORE__FERNET_KEY='<new-key>,<old-key>'   # new key first, old key still valid
airflow rotate-fernet-key                                 # re-encrypts every row with the new key
export AIRFLOW__CORE__FERNET_KEY='<new-key>'              # retire the old key

The order is load-bearing: new key leading, old key trailing, so both decrypt during the window; once rotate-fernet-key has re-encrypted everything, the old key is dead weight and comes out.

Cost, latency, and proving it resolves

Every backend lookup is a network round-trip and, on a metered provider, a billed call. The two forces that turn this from a footnote into an incident are both about frequency: a secret read at module scope multiplies by the parse rate (hundreds a minute across a fleet), and a non-disabled prefix pays a call even on a miss. The levers are the ones already introduced, used deliberately — resolve at task time so lookups fire only when work runs, null out prefixes a backend doesn’t hold so misses don’t call out, and turn on use_cache with a TTL you’ve reconciled against your rotation SLA. On a heavy scheduler against AWS Secrets Manager, those three together are frequently the difference between a trivial bill and a surprising one.

For local development the honest tool is LocalFilesystemBackend, which reads connections and variables from YAML/JSON files so your resolution path is byte-for-byte identical to production while the storage is a file on disk:

export AIRFLOW__SECRETS__BACKEND='airflow.secrets.local_filesystem.LocalFilesystemBackend'
export AIRFLOW__SECRETS__BACKEND_KWARGS='{"connections_file_path": "secrets/connections.yaml", "variables_file_path": "secrets/variables.yaml"}'

Those files hold plaintext and never enter git — the same rule as airflow_settings.yaml.

Finally, prove a connection resolves before a DAG depends on it. The CLI walks the exact resolution order Airflow uses at run time, so it’s the ground truth for “where is this actually coming from”:

airflow connections get bookshop_db

If that returns the value you expect, the backend, prefixes, auth, and separator are all correct end to end. If it returns something surprising, the resolution order is your debugging script: check the environment first (a stray AIRFLOW_CONN_*), the backend second, the metastore last — in that order, because that’s the order Airflow searched. The variable equivalent is airflow variables get orders_api_key, and inside the Astro CLI stack you run either through astro dev bash so it executes against the same config the scheduler sees. A connection you’ve confirmed with connections get is a connection you can build on; one you’ve only assumed is a 2am incident waiting for its logical date.


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

The intro treats a secrets backend as a place secrets go. Production treats it as an identity and access problem wearing a storage costume — which is why the hard parts of this chapter were never about getting a value and always about who Airflow becomes to read it (AppRole, IRSA, Workload Identity, a Kubernetes JWT), how a name turns into a path across providers that don’t agree on a separator, and what happens on the second read when a cache, a TTL, and a rotation all have opinions. The backend doesn’t remove the need for least privilege; it relocates it. The worker’s identity should read only the secrets its DAGs need — one broad role over every production password just rebuilds the original risk in a system with better branding. Get the identity, the prefixes, and the resolution order right, and the same DAG file resolves against a file on your laptop and a Vault behind Kubernetes auth in prod, differing only in which store answers — and you can prove which one did, on demand, with a single command.





REST API, External Triggers, and Dynamic DAGs

Most of this book has treated the bookshop pipeline as something Airflow decides to run — on a schedule, on an Asset update, on a sensor firing. But a lot of real orchestration starts outside Airflow. A CI job finishes building a new data image and wants to kick off a validation run. A finance app lets an analyst press “recompute Q3” and expects a pipeline to start with that quarter baked in. A sibling DAG finishes staging and needs to hand off to a marts DAG that another team owns. In every one of these, something that isn’t the scheduler needs to say “run this DAG, with this input, now.”

Airflow 3.x gives you three doors for that, and this chapter walks through all three: the stable REST API v2 for outside systems, the TriggerDagRunOperator for DAG-to-DAG handoffs, and the Param/conf contract that makes any triggered run safe to accept input. Then we close on the other kind of “dynamic” — generating many DAGs at parse time from a config file, and the parsing-cost tax that comes with it.

The stable REST API v2 is the front door

In Airflow 3.x the API story finally settled. The old experimental API is removed — if you have scripts hitting /api/experimental/..., they stop working on upgrade. In its place is a single stable REST API v2, served by the api-server (the same process that backs the React UI), documented with an OpenAPI spec, and versioned so you can build against it without fear of a point release moving the furniture. Everything the UI does, the API can do, because the UI is just a client of it.

Two things changed that trip people up. First, the base path is /api/v2/, not /api/v1/. Second, auth is token-based: you present a short-lived JWT on every request, and there is no more Basic-auth-against-a-web-user fallback baked into the core API. You obtain a token, then use it as a bearer credential until it expires.

Getting a token

The api-server exposes an auth endpoint that trades credentials for a JWT. With the default auth manager, that’s a POST with a username and password, and you get back a token you cache and reuse:

# 1. Trade credentials for a JWT
TOKEN=$(curl -s -X POST "http://localhost:8080/auth/token" \
  -H "Content-Type: application/json" \
  -d '{"username": "admin", "password": "admin"}' \
  | python -c "import sys, json; print(json.load(sys.stdin)['access_token'])")

echo "$TOKEN"   # eyJhbGciOiJIUzI1NiIsInR5cCI6...

That admin/admin pair is the Astro CLI local default — the same login you use for the UI. In a real deployment the credentials come from whatever auth manager you’ve configured, and for machine-to-machine access you’d issue a service identity rather than reusing a human’s login. The important part is the shape: authenticate once, get a JWT, send it as Authorization: Bearer <token> on every subsequent call. Tokens are short-lived by design, so a long-running client re-fetches when one expires rather than trying to make a single token immortal.

Triggering a run with conf

Here is the call the whole chapter orbits — start a DAG run and hand it a JSON conf payload:

curl -s -X POST \
  "http://localhost:8080/api/v2/dags/bookshop_reprocess/dagRuns" \
  -H "Authorization: Bearer $TOKEN" \
  -H "Content-Type: application/json" \
  -d '{
        "logical_date": "2026-06-24T00:00:00Z",
        "conf": {
          "quarter": "2026-Q2",
          "regions": ["us", "eu"],
          "full_refresh": true
        }
      }'

The response echoes the created run — its dag_run_id, state (queued), the logical_date, and the conf you passed:

{
  "dag_run_id": "manual__2026-06-24T00:00:00+00:00",
  "dag_id": "bookshop_reprocess",
  "logical_date": "2026-06-24T00:00:00Z",
  "state": "queued",
  "run_type": "manual",
  "conf": { "quarter": "2026-Q2", "regions": ["us", "eu"], "full_refresh": true }
}

That conf dict is the entire external input to the run. Inside the DAG, tasks read it back (we’ll see how in the params section), so conf is the wire format for “recompute Q2 for US and EU with a full refresh.” And logical_date is not optional, which catches everyone porting from 2.x. Omit the key entirely and the API rejects the request:

{"type": "missing", "loc": ["body", "logical_date"], "msg": "Field required"}

If you don’t care about the date — you just want a run now — you must say so explicitly by sending "logical_date": null. That reads like pedantry and isn’t: the whole point of Airflow 3 making it required is that “what data window is this run for?” should be an answer the caller gives, not one the server guesses. Passing an explicit date is what you want when the run is keyed to a business date; passing null is what you want when it genuinely isn’t.

Inspecting and controlling runs

The API isn’t only for starting things. A caller that triggered a run usually wants to poll it, and an ops script wants to list and pause. All read-only and idempotent, all the same bearer token:

# List recent runs of a DAG, newest first
curl -s -G "http://localhost:8080/api/v2/dags/bookshop_reprocess/dagRuns" \
  -H "Authorization: Bearer $TOKEN" \
  --data-urlencode "order_by=-logical_date" \
  --data-urlencode "limit=5"

# Fetch one run's state
curl -s "http://localhost:8080/api/v2/dags/bookshop_reprocess/dagRuns/manual__2026-06-24T00:00:00+00:00" \
  -H "Authorization: Bearer $TOKEN"

# Drill into the task instances of that run
curl -s "http://localhost:8080/api/v2/dags/bookshop_reprocess/dagRuns/manual__2026-06-24T00:00:00+00:00/taskInstances" \
  -H "Authorization: Bearer $TOKEN"

# Get the state of one specific task instance by task_id
curl -s "http://localhost:8080/api/v2/dags/bookshop_reprocess/dagRuns/manual__2026-06-24T00:00:00+00:00/taskInstances/reprocess" \
  -H "Authorization: Bearer $TOKEN"

That last call returns a single task instance — its state, try_number, start_date/end_date, and the hostname that ran it. A monitoring client that already knows which task it cares about (say the final publish step) polls that endpoint directly instead of listing all task instances and filtering client-side; it’s the difference between “is the whole run done?” and “did the one step I’m gating on finish?” A polling client loops on the run endpoint until state is success or failed, then reads taskInstances to find which task failed if it did. That’s the whole external-monitoring pattern in a handful of endpoints.

Pausing a DAG is a PATCH on the DAG resource — the API equivalent of flicking the toggle in the UI, and unpausing is the same call with the field flipped back:

# Pause: stop the scheduler from creating new runs
curl -s -X PATCH \
  "http://localhost:8080/api/v2/dags/bookshop_reprocess" \
  -H "Authorization: Bearer $TOKEN" \
  -H "Content-Type: application/json" \
  -d '{"is_paused": true}'

# Unpause: hand scheduling back once the deploy is done
curl -s -X PATCH \
  "http://localhost:8080/api/v2/dags/bookshop_reprocess" \
  -H "Authorization: Bearer $TOKEN" \
  -H "Content-Type: application/json" \
  -d '{"is_paused": false}'

This is how a deploy pipeline quiesces a DAG before swapping code under it: pause, wait for in-flight runs to drain, deploy, unpause. Pausing only stops new scheduled runs — it does not kill runs already in flight, which is exactly why the “wait to drain” step exists. The is_paused field is what the UI toggle writes, so scripting it and clicking it are the same operation.

One habit worth building: treat these tokens like production credentials. A JWT that can POST a run to your marts DAG can also trigger a full refresh at 2am on quarter close. Scope the identity, keep tokens short-lived, and don’t paste them into shared shell history. The API is powerful precisely because it’s the same surface the UI uses — which means anything a logged-in operator could do, a leaked token can do too.

TriggerDagRunOperator: one DAG starts another

Inside Airflow, the equivalent of that curl is the TriggerDagRunOperator. It lives in the standard provider — from airflow.providers.standard.operators.trigger_dagrun import TriggerDagRunOperator — and it exists for one honest use case: a deliberate, named handoff between two DAGs that have a real boundary between them.

The bookshop’s staging pipeline and its marts pipeline are owned by different people and run on different cadences, but staging finishing should wake marts. Rather than merge them into one giant DAG, staging ends with a trigger:

from airflow.sdk import dag, task
from airflow.providers.standard.operators.trigger_dagrun import TriggerDagRunOperator


@dag(schedule="@daily")
def bookshop_staging():
    @task
    def stage_orders() -> str:
        BookshopWarehouseHook().refresh_staging()
        return "{{ ds }}"

    staged = stage_orders()

    hand_off = TriggerDagRunOperator(
        task_id="trigger_marts",
        trigger_dag_id="bookshop_marts",
        conf={"staged_date": "{{ ds }}", "source": "staging"},
        wait_for_completion=False,
        reset_dag_run=True,
    )

    staged >> hand_off


bookshop_staging()

The conf here is the same JSON payload the REST API sends — the marts DAG reads staged_date and source out of dag_run.conf exactly as if a curl had started it. The operator templates its conf, so {{ ds }} renders to the run date at execution time.

Four keyword arguments carry the real behavior, and knowing them is the difference between a clean handoff and a mystery:


	wait_for_completion — when True, the trigger task doesn’t finish until the triggered run does. This turns a fire-and-forget into a synchronous dependency: your staging DAG’s trigger_marts task stays running (and can therefore fail) based on the marts run’s outcome. Leave it False for a true handoff; set it True when staging genuinely shouldn’t be considered done until marts succeeds.

	allowed_states — paired with wait_for_completion, this says which final states count as success. Default is ["success"]; if you’d accept a marts run that ended success or skipped, list both. Anything outside the set fails the trigger task.

	reset_dag_run — if a run already exists for the target logical_date, triggering again normally errors with a duplicate-run conflict. reset_dag_run=True clears and re-runs it instead. This is what makes the operator safe to retry: without it, a retried trigger task hits “run already exists” and fails for the wrong reason. With it, a retry cleanly re-triggers.

	failed_states — the mirror image of allowed_states: the set of final states that should fail the trigger task immediately rather than keep it waiting. By default a target run that ends failed trips it, but you can widen the net — treat a marts run that ended skipped as a failed handoff, for instance, if “skipped” means the data you were waiting on never landed. Between allowed_states and failed_states you draw the exact line between “this counts as upstream succeeding,” “this means give up now,” and (anything in neither set) “keep polling.”

	poke_interval — how often, in seconds, a completion-waiting trigger re-checks the target run’s state. It’s purely the polling cadence for wait_for_completion and does nothing without it. In classic (non-deferred) waiting it’s how long the task sleeps between checks while holding its slot; deferred, it’s how often the triggerer re-evaluates on the task’s behalf. A tight interval (10s) makes a short marts run feel responsive; a loose one (300s) is kinder to a long run you don’t need second-by-second news about. The poke_interval=60 in the example below says “check once a minute.”

	deferrable — when waiting for completion, deferrable=True frees the worker slot while it waits. Instead of a task holding a slot for the entire marts run, the trigger task defers to the triggerer (the same mechanism the deferrable-sensors chapter covered) and wakes only when the target run finishes. On a busy cluster this is the difference between a handful of idle-waiting slots and none — and it’s why a synchronous handoff on a large fleet should almost always set deferrable=True rather than burn a slot polling.



Put together, a synchronous, retry-safe, slot-friendly handoff reads:

hand_off = TriggerDagRunOperator(
    task_id="trigger_marts",
    trigger_dag_id="bookshop_marts",
    conf={"staged_date": "{{ ds }}"},
    wait_for_completion=True,
    allowed_states=["success"],
    reset_dag_run=True,
    deferrable=True,
    poke_interval=60,
)

When Assets are the better answer

Before you reach for TriggerDagRunOperator, ask whether the relationship is really “DAG A commands DAG B” or actually “DAG B depends on data DAG A produces.” If it’s the latter — and cross-team handoffs usually are — the Asset-based approach from the Assets chapter is the cleaner contract. Staging produces an Asset; marts is scheduled on that Asset:

from airflow.sdk import Asset, dag, task

orders_staged = Asset("warehouse://bookshop/stg_orders")


@dag(schedule="@daily")
def bookshop_staging():
    @task(outlets=[orders_staged])
    def stage_orders():
        BookshopWarehouseHook().refresh_staging()

    stage_orders()


@dag(schedule=[orders_staged])   # runs when the Asset updates
def bookshop_marts():
    ...

The difference is who holds the knowledge. With TriggerDagRunOperator, the staging DAG has to know the name bookshop_marts and reach across the boundary to poke it — staging is coupled to its consumers. With Assets, staging only declares “I updated stg_orders” and any number of downstream DAGs subscribe without staging knowing they exist. Use TriggerDagRunOperator when you genuinely need to pass a conf payload or want the imperative, synchronous coupling (deploy gates, “recompute exactly this”); use Assets when the trigger is really about data readiness and you’d rather not hardcode who consumes it.

Params: the contract for a triggered run

A DAG that accepts conf from outside is accepting arbitrary JSON from a caller you may not control. A raw dict is not a schema, and “the run silently did the wrong thing because someone passed region: "usa" instead of "us"” is a genuinely bad afternoon. Airflow’s answer is the Param system: declare, per DAG, exactly which inputs you accept, their types, and their allowed values. Params are the typed contract; conf is what a caller sends to fill it.

You declare params on the DAG, and Airflow validates incoming conf against them before the run starts:

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


@dag(
    schedule=None,   # triggered, not scheduled
    params={
        "quarter": Param(
            "2026-Q2",
            type="string",
            pattern=r"^\d{4}-Q[1-4]$",
            description="Fiscal quarter to reprocess, e.g. 2026-Q2",
        ),
        "regions": Param(
            ["us", "eu"],
            type="array",
            items={"type": "string", "enum": ["us", "eu", "apac"]},
        ),
        "full_refresh": Param(False, type="boolean"),
        "batch_size": Param(500, type="integer", minimum=1, maximum=5000),
    },
)
def bookshop_reprocess():
    @task
    def reprocess(**context):
        conf = context["dag_run"].conf
        params = context["params"]
        quarter = params["quarter"]          # validated, with default applied
        regions = params["regions"]
        full = params["full_refresh"]
        BookshopWarehouseHook().reprocess(
            quarter=quarter, regions=regions, full_refresh=full
        )

    reprocess()


bookshop_reprocess()

Each Param carries a default (the first positional argument) plus JSON-Schema-style constraints: type, enum, minimum/maximum, pattern, and for arrays an items schema with its own enum. When a run is triggered — from the API, from TriggerDagRunOperator, or from the UI — Airflow merges the incoming conf over the defaults and validates the result. A conf with "quarter": "Q2" (no year) fails the pattern and the run is rejected up front, with an error naming the offending param, rather than blowing up three tasks deep with a confusing SQL error.

Inside tasks you have two ways to read the values, and they’re subtly different. context["params"] gives you the validated, defaulted view — every declared param is present, defaults filled in, types checked. context["dag_run"].conf gives you the raw payload the caller actually sent — useful if you want to know whether a value was explicitly provided versus defaulted. Reach for params for normal logic; reach for conf only when the distinction between “sent” and “defaulted” matters.

In templates, params render through the params namespace:

run_sql = SQLExecuteQueryOperator(
    task_id="reprocess_marts",
    conn_id="bookshop_dw",
    sql="CALL reprocess_orders('{{ params.quarter }}', {{ params.batch_size }})",
)

There’s a DagParam object underneath (what you get from dag.param("quarter") when wiring values into the TaskFlow graph directly), but for most work the params={...} declaration plus {{ params.x }} / context["params"] reads are all you touch.

The payoff shows up in the UI too. Because the params are typed and declared, the “Trigger DAG w/ config” form renders real inputs — a dropdown for the regions enum, a checkbox for the boolean full_refresh, a text box with pattern validation for quarter. An operator triggering a manual reprocess gets a form, not a “paste raw JSON and pray” box, and the same validation that guards the API guards the button. One declaration; three protected front doors.

Parse-time dynamic DAGs: many DAGs from one factory

The other meaning of “dynamic” is generating whole DAGs programmatically. This is a different mechanism from the dynamic task mapping of the earlier chapter, and confusing the two causes real pain. Task mapping fans out at runtime, inside one DAG — the count is decided when the run starts. DAG factories fan out at parse time, across many DAGs — the scheduler runs your factory code on every parse and registers whatever DAGs it produces.

The bookshop ingests from several source systems — the Shopify store, a wholesale partner feed, a returns portal — and each needs its own DAG so it can be paused, scheduled, and monitored independently. Rather than copy-paste three near-identical DAG files, describe them in YAML and generate them:

# dags/config/sources.yaml
sources:
  - id: shopify
    schedule: "@hourly"
    table: raw_shopify_orders
  - id: wholesale
    schedule: "@daily"
    table: raw_wholesale_orders
  - id: returns
    schedule: "0 */4 * * *"
    table: raw_returns

The factory reads that file and stamps out one DAG per entry, registering each into the module’s globals() so Airflow’s parser discovers it:

# dags/source_ingest_factory.py
from pathlib import Path

import yaml
from airflow.sdk import dag, task

CONFIG = Path(__file__).parent / "config" / "sources.yaml"


def build_dag(source: dict):
    dag_id = f"ingest_{source['id']}"

    @dag(dag_id=dag_id, schedule=source["schedule"], catchup=False, tags=["ingest"])
    def _factory():
        @task
        def extract() -> str:
            return SourceHook(source["id"]).dump_to_stage()

        @task
        def load(stage_path: str) -> int:
            return BookshopWarehouseHook().copy_into(
                table=source["table"], path=stage_path
            )

        load(extract())

    return _factory()


# Read config once, at parse time, and register one DAG per source.
with CONFIG.open() as fh:
    _sources = yaml.safe_load(fh)["sources"]

for _source in sorted(_sources, key=lambda s: s["id"]):
    _dag = build_dag(_source)
    globals()[f"ingest_{_source['id']}"] = _dag

The load-bearing line is globals()[f"ingest_{_source['id']}"] = _dag. Airflow’s DAG parser inspects the module’s top-level namespace for DAG objects, so a DAG that only exists inside a function is invisible — it has to land in globals() to be registered. Three YAML entries become three DAGs (ingest_shopify, ingest_wholesale, ingest_returns), each independently schedulable and pausable, from one file you maintain.

The parsing-cost tax

Here’s the tradeoff you must respect: that top-level code runs on every parse, and the scheduler parses your DAG files continuously — every dag_dir_list_interval, across every file, forever. Whatever the factory does at module top level, it pays for it on a loop, and slow parsing shows up as sluggish scheduling for the whole deployment, not just these DAGs.

So the rule is: parse-time code must be cheap and deterministic. Reading a local YAML file is fine. Sorting the list (so DAG order is stable across parses) is fine. What is not fine is the tempting version where the factory queries a database — for row in db.execute("SELECT * FROM tenants") at top level — or hits an API, or does heavy computation. That turns every parse into a database round-trip; multiply by the parse interval and the number of scheduler processes and you’ve built a self-inflicted load test against your metadata store’s neighbor. If the list of DAGs must come from a database, generate the YAML (or a JSON manifest) in a separate, scheduled job and let the factory read the cached file — keep the live query out of the parse path.

Sort your inputs, too. If the factory iterates a set or an unsorted dict, DAG discovery order can wobble between parses, which confuses versioning and makes diffs noisy. sorted(...) costs nothing and keeps the generated set stable.

When one mapped DAG beats many generated ones

Dynamic DAG generation and dynamic task mapping solve overlapping problems, and choosing wrong is a common design mistake. Generate separate DAGs when the units need separate lifecycles: their own schedule, their own pause switch, their own SLA and alerting, their own place in the UI. The three source systems qualify — wholesale runs daily and returns every four hours, and an operator wants to pause ingest_returns alone during a portal outage without touching Shopify.

Prefer one DAG with mapped tasks when the units share a lifecycle and differ only in data. The regional order files from the mapping chapter are the archetype: same schedule, same logic, same “process today’s batch,” varying only in which files showed up. Generating a DAG-per-region there would be pure overhead — dozens of near-identical DAGs cluttering the UI, all on the same schedule, when a single .expand() does the fan-out at runtime with none of the parse-time cost. If the only thing that varies is the data and everything runs on the same clock, that’s mapping’s job, not the factory’s.

Final thoughts

These four features are really one idea seen from four angles: the boundary between Airflow and the things that want to drive it. The REST API v2 is that boundary for outside systems, and Airflow 3.x hardened it — one stable, JWT-authed, versioned surface, with the experimental API retired. TriggerDagRunOperator is the boundary between two DAGs, and its keyword arguments (wait_for_completion, reset_dag_run, allowed_states, deferrable) let you choose exactly how tight that coupling is — while Assets stand ready when the handoff is really about data, not commands. Param is the boundary’s contract: it turns “arbitrary JSON from a caller” into a typed, validated, UI-rendered schema, so the API, the operator, and the trigger button all get the same guardrails from one declaration. And DAG factories are the boundary between your config and your DAG set — powerful, but taxed on every parse, so keep them cheap, local, and deterministic, and reach for mapping instead when the units only differ by data. Get these seams right and Airflow stops being the thing that only runs on a timer and becomes the thing the rest of your platform can safely call.


Examples in this chapter are docs-checked against the book’s stated versions, but they were not executed in this repository unless a companion project explicitly says so.







Plugins, Listeners, and Notifiers

Three requests land on the bookshop platform team in the same week, and they sound similar enough to be confused for one. The first: analysts want a “View in warehouse” button on the task page so they can jump straight from a failed load to the table it writes. The second: the data-governance group wants an audit trail — every task outcome, from every DAG, shipped to their lineage system, and they very much do not want to open a code review on forty DAGs to get it. The third: on-call wants a Slack ping when the nightly bookshop_daily run fails, formatted, with a link, not a wall of log text.

Those are three different jobs, and Airflow has three different tools for them — which is exactly why they get muddled. A plugin extends the platform itself: it adds things to Airflow’s UI and template surface. A listener observes the platform: it fires on lifecycle events across every DAG without touching any of them. A notifier reacts to an outcome: it’s a reusable, parameterized alert you attach where you want it. Get the mapping wrong and you end up hand-rolling Slack calls in a listener, or copy-pasting a callback into forty DAGs, or reaching for a plugin when a three-line notifier would do. This chapter is about keeping them straight.

A plugin extends Airflow, not your pipeline

An Airflow plugin is a class that subclasses AirflowPlugin and declares what it contributes. You drop it in the project’s plugins/ folder, Airflow discovers it at startup, and its contributions become part of the platform. The mental model that keeps you out of trouble: a plugin adds capabilities to Airflow, never business logic to a DAG. If the code you’re about to write does work when a DAG runs, it belongs in an operator or a @task. A plugin is for the machinery around the work — the buttons, the macros, the registrations.

Here’s the shape. The class body is almost entirely a manifest — a list of named attributes Airflow reads to wire up each contribution type:

from airflow.plugins_manager import AirflowPlugin
from airflow.sdk import BaseOperatorLink


class BookshopWarehouseLink(BaseOperatorLink):
    name = "View in warehouse"

    def get_link(self, operator, *, ti_key):
        table = getattr(operator, "table", "unknown")
        return f"https://warehouse.bookshop.dev/tables/{table}"


def days_since_release(release_date):
    from datetime import date, datetime
    d = datetime.fromisoformat(release_date).date()
    return (date.today() - d).days


class BookshopPlugin(AirflowPlugin):
    name = "bookshop"
    operator_extra_links = [BookshopWarehouseLink()]
    macros = [days_since_release]

Two contribution types are shown, and they’re the two that survive cleanly into Airflow 3.x. Operator extra links add a button to the task-instance page — the “View in warehouse” the analysts asked for. get_link receives the operator instance and a ti_key identifying the exact run, so the URL can deep-link to that run’s table rather than a generic dashboard. (You can attach an extra link directly on an operator via operator_extra_links, as the custom-operators chapter did; registering it through a plugin instead lets you bolt a link onto operators you don’t own — a built-in SQLExecuteQueryOperator, say — by matching on operators = [SQLExecuteQueryOperator] in the link class.)

Macros register callables into the Jinja render context, so any templated field in any DAG can call {{ macros.bookshop.days_since_release(params.release) }}. This is the right home for a formatting or lookup helper you want available everywhere — a fiscal-quarter calculator, a partition-path builder — without importing it into each DAG file. It’s genuinely global, which is the point and also the caution: a macro is shared surface, so keep it pure and cheap.

Beyond those two, the plugin manifest can also register timetables (custom schedule classes, so a DAG can write schedule=BookshopTradingCalendar()), listeners (the subject of the next section — a plugin is how a listener module gets loaded), and a handful of others. Airflow discovers plugins two ways: modules dropped in plugins/, and packages that advertise an airflow.plugins entry point. For a single Astro project, plugins/ is the whole story — astro dev start bakes the folder into the image and the plugin is live after a restart. You can confirm what got loaded at Admin → Plugins in the UI, which lists every registered contribution and is the first place to look when your extra link stubbornly refuses to appear.

The honest part: UI plugins changed in Airflow 3.x

If you’ve written Airflow plugins before, you’re waiting for the part where I show you flask_blueprints, appbuilder_views, and appbuilder_menu_items — the attributes that let a 2.x plugin mount a whole custom page, a Flask view, or a top-nav menu entry into the web UI. Here’s the thing you need to know before you port anything forward: Airflow 3 replaced the Flask webserver with a React UI served by a new FastAPI api-server. The classic Flask-blueprint UI-plugin path is a casualty of that change.

Concretely: a 2.x plugin that registered flask_blueprints or appbuilder_views to render a custom HTML page does not light up in the 3.x React UI the way it used to. The AirflowPlugin attributes still exist — Airflow won’t reject the class — but the Flask app that used to host those blueprints is gone, so a blueprint has no webserver to attach to. Menu items and full custom pages that were trivial in 2.x are the affected surface. If your platform leaned on a bespoke admin page mounted as a plugin, that’s the piece to re-plan, not just re-import.

What still works, and works well, is everything that isn’t a Flask view: operator extra links, macros, timetables, and listeners. Those are wired through Airflow’s own machinery, not through the webserver, so they carry forward unchanged — the extra link renders as a button in the React UI, the macro lands in the render context, the listener fires. The forward-looking replacement for “a whole custom page in the UI” is the plugin external_views / React-based app-plugin surface the 3.x UI exposes (you point the UI at your own app rather than injecting server-rendered HTML), but if all you need is a button and a macro — which is most of what plugins are actually used for — you don’t touch any of that. The takeaway for a migration: audit your plugins, sort them into “extra-link-or-macro” (keep) versus “renders a page” (rework), and don’t assume a green import means the page still shows up.

A listener observes every run, without touching a DAG

The governance team’s request — every task outcome shipped to their lineage system, no per-DAG changes — is the textbook case for the listener API. A listener is a module of functions that Airflow calls on lifecycle events: a task instance starts, succeeds, or fails; a DAG run succeeds or fails. Crucially, it’s ambient. You register it once, and it fires for every eligible event in the whole deployment. No DAG author has to know it exists, and no DAG file changes. That’s precisely the property you want for cross-cutting concerns — audit, metrics, lineage — where the alternative is a callback duplicated into every DAG that then rots the moment someone forgets to add it.

Listeners are built on pluggy, the same hook framework pytest uses. You write plain functions, decorate them with @hookimpl, and give them the exact names and signatures Airflow’s hook specification defines. The names are the contract — Airflow calls on_task_instance_success because that’s what the spec names it, so a typo means your hook silently never fires. The signatures Airflow 3.x hands you are built around the Task SDK’s runtime objects:

# plugins/bookshop_listener/audit.py
from airflow.listeners import hookimpl


def _emit(event_type, payload):
    """Ship one audit event. Cheap and non-blocking — see the note below."""
    import json, urllib.request
    req = urllib.request.Request(
        "https://lineage.bookshop.dev/events",
        data=json.dumps({"event": event_type, **payload}).encode(),
        headers={"Content-Type": "application/json"},
        method="POST",
    )
    urllib.request.urlopen(req, timeout=2)


@hookimpl
def on_task_instance_running(previous_state, task_instance, session=None):
    _emit("task_running", {
        "dag_id": task_instance.dag_id,
        "task_id": task_instance.task_id,
        "run_id": task_instance.run_id,
        "try_number": task_instance.try_number,
        "operator": task_instance.operator,
    })


@hookimpl
def on_task_instance_success(previous_state, task_instance, session=None):
    _emit("task_success", {
        "dag_id": task_instance.dag_id,
        "task_id": task_instance.task_id,
        "run_id": task_instance.run_id,
        "duration": task_instance.duration,
    })


@hookimpl
def on_task_instance_failed(previous_state, task_instance, error=None, session=None):
    _emit("task_failed", {
        "dag_id": task_instance.dag_id,
        "task_id": task_instance.task_id,
        "run_id": task_instance.run_id,
        "try_number": task_instance.try_number,
        "error": str(error),
    })

Three task-level hooks, and their DAG-run siblings work the same way:

@hookimpl
def on_dag_run_success(dag_run, msg=None):
    _emit("dag_success", {
        "dag_id": dag_run.dag_id,
        "run_id": dag_run.run_id,
        "start": str(dag_run.start_date),
        "end": str(dag_run.end_date),
    })


@hookimpl
def on_dag_run_failed(dag_run, msg=None):
    _emit("dag_failed", {"dag_id": dag_run.dag_id, "run_id": dag_run.run_id})

A listener module isn’t discovered on its own — you register it through a plugin, using the listeners attribute you met earlier. The value is the module, not a function; Airflow scans it for every @hookimpl it can find:

# plugins/bookshop_listener/__init__.py
from airflow.plugins_manager import AirflowPlugin
from bookshop_listener import audit


class BookshopAuditPlugin(AirflowPlugin):
    name = "bookshop_audit"
    listeners = [audit]

That’s the entire wiring. Restart the project, run any DAG, and audit events start flowing for tasks whose author has never heard of your listener. The on_task_instance_failed hook receives the actual exception as error, which makes it a natural spot to compute failure metrics or route a structured incident record — richer than parsing logs after the fact.

Now the sharp edge, because listeners have a nasty one. A listener runs synchronously, in the process that raised the event — task-instance hooks execute in the worker as part of the task’s own lifecycle, and DAG-run hooks fire in scheduler-adjacent context. That means a slow listener slows down the thing it’s observing, and a listener that raises can disrupt it. The urllib.urlopen(..., timeout=2) above is deliberate: a short, bounded timeout so a flaky lineage endpoint costs every task two seconds at most instead of hanging it. In production you go further — the body of _emit should hand the event to something that delivers it out-of-band (a local queue, a StatsD line, a fire-and-forget append) rather than making a blocking HTTP call inline. A listener is the right place to decide an event happened; it is the wrong place to do slow work in response. The framing to carry: a listener is on the critical path of every run, so it must stay cheap the way a hot loop must stay cheap.

The full hook set, and the lifecycle pair worth knowing

The five hooks above — three task, two DAG-run — are the ones you reach for daily, but they aren’t the whole specification. The hook set Airflow 3.x exposes rounds out the lifecycle: on_task_instance_running/_success/_failed on the task side, on_dag_run_running/_success/_failed on the run side (note the running variants, which give you a fired-at-start event on both levels), and a process-lifecycle pair that fires not on pipeline events but on the component hosting the listener: on_starting and before_stopping.

Those two are the ones people miss, and they’re the answer to “where do I open and close the thing my hooks talk to.” on_starting(component) fires once as the hosting component (scheduler, or a worker’s task-running process) boots and before any task or DAG hook runs; before_stopping(component) fires once as it shuts down. That’s the natural bracket for a client you don’t want to reconstruct on every event — a StatsD socket, a batched HTTP session, a lineage-SDK handle. Open it in on_starting, drain and close it in before_stopping, and the hot task hooks just enqueue against something already warm:

# plugins/bookshop_listener/audit.py  (lifecycle additions)
from airflow.listeners import hookimpl

_client = {}


@hookimpl
def on_starting(component):
    """Fires once as the hosting process boots, before any task hook."""
    import queue, threading
    q = _client["queue"] = queue.Queue(maxsize=10_000)
    _client["stop"] = threading.Event()

    def _drain():
        while not (_client["stop"].is_set() and q.empty()):
            try:
                _emit(*q.get(timeout=0.5))
            except Exception:
                pass  # never let the background sender die

    t = _client["thread"] = threading.Thread(target=_drain, daemon=True)
    t.start()


@hookimpl
def before_stopping(component):
    """Fires once on shutdown — flush what's still queued."""
    _client["stop"].set()
    _client["thread"].join(timeout=5)

Now the task hooks can call _client["queue"].put(("task_success", payload)) instead of a blocking urlopen, and the two-second timeout stops being every task’s tax — the emit happens off the critical path on the drain thread, and before_stopping guarantees the tail gets flushed rather than dropped when the worker recycles. component is passed so a single listener module can behave differently depending on which process loaded it (a scheduler-side listener that watches DAG-run events versus a worker-side one that watches task instances). It’s the same registration as before — the plugin’s listeners = [audit] picks up every @hookimpl in the module, lifecycle hooks included, with no extra wiring.

One more property worth internalizing: a listener sees events across DAGs but doesn’t belong to any of them, which is its whole value and also why it’s the wrong tool for “alert me when this one pipeline fails.” For that you want the outcome to be attached to the DAG, declaratively — which is a notifier.

The asset hooks nobody uses

The hooks above cover task instances and DAG runs — the two things everyone reaches for. But Airflow 3 ships four more that are exactly what a lineage or governance listener wants, and they’re almost never mentioned:

from airflow.listeners import hookimpl


class AssetAudit:
    @hookimpl
    def on_asset_created(self, asset):
        audit.record("asset.created", uri=asset.uri, name=asset.name)

    @hookimpl
    def on_asset_changed(self, asset):
        audit.record("asset.changed", uri=asset.uri)

    @hookimpl
    def on_asset_event_emitted(self, asset_event):
        # fires whenever a task marks an asset updated — the moment a
        # downstream DAG becomes eligible to run
        audit.record("asset.updated", uri=asset_event.asset.uri,
                     extra=asset_event.extra)

(There’s an on_asset_alias_created too, plus on_existing_dag_import_error / on_new_dag_import_error for the parse-failure side.)

Why these matter more than they look: chapter 04 made assets the unit of data-aware scheduling, which means an asset event is the closest thing Airflow has to a semantic statement — “this dataset is now current.” A task-instance listener tells you a Python function succeeded; an asset listener tells you a table became fresh. If you’re pushing lineage to a catalog, feeding a data-observability tool, or answering “when did orders last actually update?”, these are the hooks that carry the meaning. The task-level hooks carry only the mechanics.

A notifier is a reusable, testable alert

On-call’s Slack request could be satisfied with a raw callback — on_failure_callback has always accepted any callable, and you could write a function that builds a Slack payload and posts it. People do this, and it’s how notifications rot: the function lives in one DAG, someone copies it to a second with the channel hardcoded, the token handling drifts, and now there’s no single place to fix the message format. A notifier is Airflow’s answer to that decay. It’s a small class — a subclass of BaseNotifier — that packages “how to send this kind of alert” into a reusable, parameterized, testable object you attach wherever you want it.

The contract is one method, notify, plus whatever constructor arguments parameterize the message. BaseNotifier gives you two things a raw callback lacks: it templates your fields (list them in template_fields and they Jinja-render against the run context, exactly like an operator), and it standardizes the call signature so the same notifier plugs into a callback slot or the declarative notifiers list.

from airflow.sdk import BaseNotifier
from airflow.providers.slack.hooks.slack_webhook import SlackWebhookHook


class BookshopSlackNotifier(BaseNotifier):
    template_fields = ("channel", "dag_id", "run_id")

    def __init__(self, slack_conn_id, channel, dag_id="{{ dag.dag_id }}",
                 run_id="{{ run_id }}"):
        self.slack_conn_id = slack_conn_id
        self.channel = channel
        self.dag_id = dag_id
        self.run_id = run_id

    def notify(self, context):
        ti = context["task_instance"]
        text = (
            f":rotating_light: *{self.dag_id}* failed\n"
            f"task `{ti.task_id}` · run `{self.run_id}`\n"
            f"<https://airflow.bookshop.dev/dags/{self.dag_id}/runs/{self.run_id}|open run>"
        )
        SlackWebhookHook(slack_webhook_conn_id=self.slack_conn_id).send(
            text=text, channel=self.channel
        )

Because channel and the id fields are in template_fields, a caller can pass templated values and they resolve per-run; because notify takes the standard context, the object drops straight into any callback slot. You attach it declaratively:

from airflow.sdk import DAG

with DAG(
    "bookshop_daily",
    on_failure_callback=[
        BookshopSlackNotifier(slack_conn_id="slack_default", channel="#data-alerts"),
    ],
) as dag:
    ...

Note the failure notifier is set on the DAG, so it fires once for a failed DAG run — the right granularity for “the nightly pipeline broke.” Set a notifier on a task’s on_failure_callback instead and it fires per failing task, which you want for a noisy-but-isolated task and not for a whole-pipeline alert. Both slots accept a list, so you can stack a Slack ping and a PagerDuty escalation on the same event without either knowing about the other. There’s also on_success_callback for the “the backfill finally finished, tell the analysts” case, and the same notifier objects work there.

You usually don’t write the notifier — the provider did

The custom class above is worth understanding, but for the common targets you don’t write one at all: the provider packages ship notifiers, and you configure rather than code. Slack and SMTP are the two you’ll reach for most:

from airflow.providers.slack.notifications.slack import SlackNotifier
from airflow.providers.smtp.notifications.smtp import SmtpNotifier

with DAG(
    "bookshop_daily",
    on_failure_callback=[
        SlackNotifier(
            slack_conn_id="slack_default",
            text="bookshop_daily failed — run {{ run_id }}",
            channel="#data-alerts",
        ),
        SmtpNotifier(
            from_email="airflow@bookshop.dev",
            to="data-oncall@bookshop.dev",
            subject="[Airflow] {{ dag.dag_id }} failed",
            html_content="Run {{ run_id }} failed. See the UI for the failed task.",
        ),
    ],
) as dag:
    ...

SlackNotifier reads its token from a Slack connection (slack_conn_id) so no secret sits in the DAG. SmtpNotifier reads the mail server from an SMTP connection — by default the connection id smtp_default, which you define once (host, port, login, password, and TLS flags in extra) either in the UI or as an AIRFLOW_CONN_SMTP_DEFAULT URI. This is the Airflow-3 replacement for the old [smtp] section in airflow.cfg and the airflow.email module: email delivery is a provider now, configured through a connection, and SmtpNotifier is the idiomatic way to send it. Both notifiers template their message fields, so {{ run_id }} and {{ dag.dag_id }} resolve against the failing run.

The reason to prefer a notifier over a hand-written callback comes down to four properties that a bare function doesn’t give you for free. It’s reusable — one object, attached to many DAGs, one place to change the format. It’s parameterized — channel, recipient, and subject are constructor arguments, not hardcoded strings, so the same class serves #data-alerts and #ml-alerts. It’s templated — message fields resolve against the run context through the same Jinja machinery as operators. And it’s testable — a notifier is a plain object, so you can construct one, call notify with a fake context, and assert on the payload it would have sent, with no scheduler and no live Slack workspace:

def test_slack_notifier_builds_link(mocker):
    sent = mocker.patch(
        "airflow.providers.slack.hooks.slack_webhook.SlackWebhookHook.send"
    )
    n = BookshopSlackNotifier(slack_conn_id="slack_default", channel="#data-alerts")
    n.dag_id, n.run_id = "bookshop_daily", "manual__2026-06-29"
    n.notify({"task_instance": mocker.Mock(task_id="load_orders")})
    assert "bookshop_daily" in sent.call_args.kwargs["text"]
    assert "manual__2026-06-29" in sent.call_args.kwargs["text"]

That test is the whole argument in code: the alert format is now something you can pin down in CI instead of discovering is broken the night it’s supposed to fire.

When to reach for which

The three tools blur together because all three can, technically, “do something when a task finishes.” The distinction that actually decides is scope and intent:


	Plugin — when you’re extending the platform. A button on the task page, a macro every DAG can call, a custom timetable, a connection type. The test: does this add a capability to Airflow itself, independent of any one pipeline’s logic? If yes, it’s a plugin. (And in 3.x, if that capability is a full custom page, budget for the React-UI rework — the Flask-blueprint path is gone.)

	Listener — when you need to observe every run without editing DAGs. Audit, lineage, deployment-wide metrics — anything that must fire for pipelines whose authors shouldn’t have to opt in. Ambient by design; keep it cheap because it’s on the critical path.

	Notifier — when you want a reusable alert on a specific outcome. Slack on failure, email on success, PagerDuty on a critical DAG. It’s attached where you want it, parameterized per use, and testable. Prefer it over a raw callback the moment the same alert shows up in a second DAG.

	Raw callback — the honest fourth option. When the reaction is genuinely one-off and lives in exactly one DAG, a plain on_failure_callback function is fine. The instant it wants to be reused, promote it to a notifier.




Examples in this chapter are docs-checked against the book’s stated versions, but they were not executed in this repository unless a companion project explicitly says so.



Final thoughts

The reason these three get conflated is that they answer the same-sounding question — “run some code around a task” — from three different altitudes, and picking the wrong altitude is where the pain comes from. A notifier crammed into a listener means every task in the deployment pays for one pipeline’s Slack call. A per-DAG callback copy-pasted for a governance requirement means the one DAG that skipped it is the one the auditors find. A Flask-blueprint UI plugin ported straight into 3.x means a page that silently never renders. The fix is boring and reliable: match the tool to the scope. Extend the platform with a plugin, observe the platform with a listener, alert on an outcome with a notifier, and reach for a raw callback only when the reaction truly lives in one place. Do that and each of the three earns its keep — the button saves on-call three clicks, the listener feeds governance without a single DAG review, and the alert is something you can test in CI instead of hoping it fires. Keep the listener and notifier paths cheap, respect that Airflow 3’s React UI moved the goalposts for UI plugins, and these extension points stop being a source of surprise and become the quiet infrastructure they’re supposed to be.





Performance, Scheduler Tuning, and Monitoring

The first thing to internalize about Airflow performance is that most of it happens before a single task runs. By the time a bookshop extract is actually pulling orders, the interesting decisions — how fast the DAG got noticed, how long the scheduler took to mark it ready, whether there was a free slot to run it in — are already made. Those decisions live in three places: the parser that turns your .py files into DAG objects, the scheduler loop that decides what’s runnable, and the stack of concurrency ceilings that decides how much runs at once. When someone says “Airflow feels slow,” it’s almost always one of those three, and they’re almost always looking at the fourth thing — the worker — where the problem isn’t.

This chapter walks the three in order, then wires up the metrics that tell you which one is actually hurting, and ends with a runbook for the day the whole thing feels sluggish and you don’t yet know why.

Parsing is the hidden cost

Airflow doesn’t parse your DAG files once. It parses them over and over, forever, because a DAG file is live Python and the only way to know whether you changed it is to re-execute it. Every file in the DAGs folder gets imported on a loop, and the DAG objects it produces get serialized into the metadata database for the scheduler to read. This is the single most misunderstood cost in an Airflow deployment, and it’s the reason for the oldest rule in the book: do no real work at the top level of a DAG file.

Top-level code is anything that runs at import time — module scope, outside any task function. The parser executes it on every single parse, of every file, several times a minute. So this is a slow-motion disaster:

# module scope — runs on EVERY parse, several times a minute
import pandas as pd
from my_company.warehouse import get_connection

conn = get_connection()                      # opens a DB connection at parse time
active_books = pd.read_sql("SELECT ...", conn)  # queries the warehouse at parse time

@dag(schedule="@daily", catchup=False)
def bookshop_report():
    @task
    def summarize():
        ...

Every parse now opens a warehouse connection and runs a query. Multiply by “every file, every 30 seconds, across a dozen scheduler parse cycles” and you’ve built a denial-of-service loop against your own database — and made every parse take as long as that query, which stalls the whole DAGs folder behind it. The fix is to push the work inside a task, where it runs once per DAG run instead of on every parse:

@dag(schedule="@daily", catchup=False)
def bookshop_report():
    @task
    def summarize():
        import pandas as pd                    # import inside the task
        from my_company.warehouse import get_connection
        conn = get_connection()                # connection at RUN time, once
        active_books = pd.read_sql("SELECT ...", conn)
        ...

The rule generalizes past database calls: no API requests, no reading large files, no expensive imports, no dynamic DAG generation that loops over a remote list at module scope. Heavy imports are the sneaky one — import pandas at the top of forty DAG files makes every parse of all forty pay for pandas’ import cost, even though only one task uses it. Push non-trivial imports into the tasks that need them. Whatever must run at parse time — the DAG structure itself, the dependency wiring — should be cheap, deterministic, and free of I/O.

The knobs that govern parsing

Assuming your files are clean, four settings control how aggressively Airflow re-parses:

AIRFLOW__DAG_PROCESSOR__MIN_FILE_PROCESS_INTERVAL=30
AIRFLOW__DAG_PROCESSOR__REFRESH_INTERVAL=300
AIRFLOW__DAG_PROCESSOR__PARSING_PROCESSES=2
AIRFLOW__DAG_PROCESSOR__DAG_FILE_PROCESSOR_TIMEOUT=50

refresh_interval is the one that used to be called [scheduler] dag_dir_list_interval — it was renamed in 3.0 when parsing moved into the standalone dag processor, and the old name lingers in every 2.x tutorial you’ll find.

min_file_process_interval is the floor on how often a given file is re-parsed — 30 seconds by default. Lower it and edits show up in the UI faster, at the cost of more parse load; raise it (60, 120) on a big, stable DAGs folder and you cut parsing CPU noticeably, trading away only how quickly a code change is picked up. dag_dir_list_interval is how often Airflow re-scans the directory for new or deleted files (300 seconds default) — this is about noticing that a file appeared, not about re-parsing existing ones. parsing_processes is how many files the processor chews through in parallel; on a host with spare cores and hundreds of DAG files, bumping it from 2 to 4 or 8 shortens the time to get through the whole folder.

The standalone dag-processor

In Airflow 3, parsing runs in its own component: the dag-processor. This is a real architectural change from 2.x, where the scheduler could parse files in-process. Now the dag-processor imports your files, and the scheduler only reads the serialized DAGs out of the database — it never executes your DAG code at all. That’s a security and stability win (a DAG file that hangs or leaks memory can’t take the scheduler down with it), and it means parse load and schedule load can be reasoned about, and scaled, separately.

Locally, astro dev start runs a dag-processor for you. In a hand-rolled deployment it’s a process you have to start:

airflow dag-processor

Forget it and DAGs simply never appear — the scheduler is happily reading an empty serialized table because nothing is filling it. If your team is coming from 2.x, this is the most common “my new DAG isn’t showing up” cause: there’s no dag-processor running.

Measuring parse time, and .airflowignore

You don’t have to guess which file is slow. The dag-processor writes per-file timing, and the CLI surfaces it:

airflow dags report

This lists every file with its parse duration and the number of DAGs it produced. A healthy file parses in tens of milliseconds; anything measured in seconds has real work happening at module scope, and airflow dags report will point straight at it. The aggregate — total time to parse the whole folder — is also exported as a metric (dag_processing.total_parse_time, which we’ll wire up below); watch that number and you’ll catch a folder sliding from “parses in 4 seconds” to “parses in 40” before it becomes an outage.

The cheapest parse is the one that never happens. An .airflowignore file in the DAGs folder tells the processor which paths to skip entirely — the same idea as .gitignore. Utility modules, test fixtures, a plugins/ subtree, generated SQL — none of it defines DAGs, so none of it should be parsed:

# dags/.airflowignore
utils/
tests/
.*_helpers\.py

In Airflow 3 the patterns are globs by default ([core] dag_ignore_file_syntax = glob); 2.x treated them as regexes, so an inherited .airflowignore full of .* patterns will quietly stop matching. Keeping non-DAG Python out of the folder — or ignoring it explicitly — means the processor spends its cycles on files that actually produce DAGs, which is the whole point.

The concurrency ceilings

Here’s the scenario that sends people to the forums: a task sits in the queued state, not running, and the workers look idle. Nothing is failing. It’s just stuck. The reason is that “can this task run?” is gated by a stack of independent ceilings, and the task runs only when it’s under all of them at once. Miss one and the task waits, silently, with no error to grep for. Let’s walk the stack from the top.

[core] parallelism is the global ceiling — the maximum number of task instances running across the entire deployment, regardless of DAG, pool, or worker. Default is 32.

AIRFLOW__CORE__PARALLELISM=32

If 32 tasks are already running anywhere, the 33rd waits, full stop. This is the master valve, and on a busy deployment it’s the one people forget they set low years ago.

max_active_tasks_per_dag caps concurrent tasks within a single DAG run’s worth of parallelism — how many tasks of one DAG run at once (default 16). It’s set globally and overridable per DAG:

@dag(schedule="@daily", catchup=False, max_active_tasks=8)
def bookshop_nightly():
    ...

A DAG that fans out into 200 mapped tasks won’t run 200 at once; it runs max_active_tasks at a time. Good for being polite to a downstream system, and a trap if you set it low and wonder why a wide DAG crawls.

max_active_runs_per_dag caps how many runs of the same DAG are active at once (default 16, but commonly set to 1). This is the one that bites during backfills:

@dag(schedule="@daily", catchup=False, max_active_runs=1)
def bookshop_nightly():
    ...

With max_active_runs=1, a catchup or backfill of thirty days runs the days one at a time — day two doesn’t start until day one finishes. That’s usually what you want for a source you’re protecting, but if you’re staring at a backfill that seems to be executing serially when you expected parallelism, this is why. It’s a correctness knob as much as a speed one.

Pool slots cap concurrency by resource rather than by DAG. You define a pool with N slots and assign tasks to it; no more than N of them run at once, across every DAG:

@task(pool="source_db", pool_slots=1)
def extract_orders():
    ...

The source_db pool with 4 slots means at most four tasks touching that database run concurrently, whether they’re in one DAG or ten. Pools are how you protect a shared resource that DAG-level limits can’t see. (A task can also claim more than one slot with pool_slots if it’s especially heavy.)

worker_concurrency (Celery only) caps how many tasks a single worker process runs at once (default 16). Total Celery capacity is worker_concurrency × number of workers — and that product is itself capped by parallelism.

AIRFLOW__CELERY__WORKER_CONCURRENCY=16

Worked: “why is my task stuck in queued?”

Now the diagnosis, in the order I actually check it. A bookshop extract is queued and not running:


	Global parallelism. Count running task instances across the whole deployment. At or above parallelism? That’s it — the global valve is shut, and the task waits for any other task anywhere to finish. Symptom: lots of tasks queued across many DAGs at once.

	The pool. Is the task in a pool? Check the pool’s used vs. total slots in the UI (Admin → Pools). Zero open slots means the task waits for a pool-mate to finish, even if the rest of the deployment is idle. Symptom: only tasks in that pool are stuck; everything else runs.

	max_active_runs on the DAG. Is another run of the same DAG already active and holding the limit? Then this run hasn’t even started scheduling its tasks. Symptom: the DAG run is queued/waiting, not just the task.

	max_active_tasks within the run. Are max_active_tasks sibling tasks already running in this run? The rest queue behind them. Symptom: some tasks of this DAG run, a specific number, and the rest wait.

	Executor capacity. Only now do you look at workers. On Celery, are all worker_concurrency slots on every worker full? On Kubernetes, is the cluster refusing to schedule more pods (quota, no nodes)? Symptom: open_slots at zero on the executor metric.



The discipline is to walk it top-down. Ninety percent of “stuck in queued” is one of the first four — a ceiling you set and forgot — not the workers you’re tempted to blame first. The metrics section below gives you a number for each of these so you’re not counting rows by hand.

Tuning the scheduler loop

The scheduler runs a loop: examine the serialized DAGs, create any DAG runs that are due, find task instances whose dependencies are met, and hand the runnable ones to the executor. Do that as fast as possible, sleep briefly, repeat. A few knobs shape it.

AIRFLOW__SCHEDULER__MAX_DAGRUNS_TO_CREATE_PER_LOOP=10
AIRFLOW__SCHEDULER__SCHEDULER_IDLE_SLEEP_TIME=1

max_dagruns_to_create_per_loop caps how many new DAG runs the scheduler creates in one pass (default 10). It exists to keep one burst of due DAGs — say, the fifty things scheduled at midnight — from monopolizing a loop iteration and starving the scheduling of already-running tasks. If you have a lot of DAGs firing at the same instant and they’re slow to start, raising this lets the scheduler create runs faster, at the cost of longer, heavier loop iterations. scheduler_idle_sleep_time (formerly scheduler_heartbeat_sec-adjacent tuning) is how long the scheduler naps when a loop found nothing to do — lower it toward zero for snappier response on a quiet deployment, though the default is already fine for most.

The more important lever here isn’t a config value, it’s your DAG shape. The scheduler’s per-loop cost scales with the number of DAGs and task instances it has to evaluate. Many small DAGs spread that work out — each is cheap to evaluate, cheap to parse, cheap to reason about, and one failing doesn’t touch the others; the cost is more scheduling overhead in aggregate and a busier metadata database. Few large DAGs concentrate it — a single 500-task DAG is one parse and one dependency graph, but that graph is expensive to walk every loop, one bad task can wedge the whole run, and max_active_tasks becomes a bottleneck you feel. There’s no universal answer, but the failure mode to avoid is the pathological large one: a DAG with thousands of dynamically mapped tasks that the scheduler has to evaluate on every loop will slow scheduling for everything else on the deployment, because they share the loop. If one DAG is dragging the scheduler down, splitting it — or capping its fan-out — helps the whole system, not just that DAG.

The metrics catalog

You cannot tune what you cannot see, and the Airflow UI is a poor performance dashboard — it shows you individual runs, not trends. The trends live in metrics, which Airflow emits in two ways: the older StatsD protocol, and, in 3.x, OpenTelemetry (OTel) for both metrics and traces. OTel is the direction of travel — it puts Airflow’s telemetry in the same standard your other services already speak — but StatsD is still fully supported and slightly simpler to stand up, so I’ll show both.

The metrics worth watching, and what each one tells you:


	scheduler.heartbeat — the scheduler emits this every loop. If it stops or slows, the scheduler is wedged or dying, and nothing will schedule. This is your number-one liveness signal; alert on its absence.

	dag_processing.total_parse_time — how long it takes the dag-processor to get through the whole DAGs folder. Rising steadily means a file (or the folder as a whole) is getting expensive to parse — the top-level-code problem, caught early. This is the metric behind the parsing section above.

	dag_processing.import_errors — count of files that failed to import. Nonzero means a DAG is broken and invisible.

	executor open_slots and queued_tasks — the executor reports how much capacity is free and how much work is waiting. open_slots at zero with queued_tasks climbing is textbook slot exhaustion: the executor is full and a backlog is forming. This is the “stuck in queued” story as a graph.

	dagrun.schedule_delay.<dag_id> — the gap between when a run was supposed to start and when it actually did. Growing delay means the scheduler is falling behind its own schedule.

	task duration (dag.<dag_id>.<task_id>.duration) and ti.finish / ti.start counters — per-task timing and throughput, for spotting the task that’s quietly getting slower.



Wiring it up: StatsD → Prometheus → Grafana

The classic pipeline points Airflow’s StatsD output at a statsd-exporter, which Prometheus scrapes, and Grafana graphs:

AIRFLOW__METRICS__STATSD_ON=True
AIRFLOW__METRICS__STATSD_HOST=statsd-exporter
AIRFLOW__METRICS__STATSD_PORT=9125
AIRFLOW__METRICS__STATSD_PREFIX=airflow

Airflow pushes metrics as UDP packets to the statsd-exporter, which translates them into the Prometheus format on a /metrics endpoint; Prometheus scrapes that, and Grafana queries Prometheus. The one subtlety is that StatsD metric names contain the dag_id and task_id as dotted path segments (airflow.dag.bookshop_nightly.extract.duration), so to get clean Prometheus labels you give the exporter a mapping config that turns those segments into dag_id="bookshop_nightly" labels. It’s boilerplate, but it’s the difference between one queryable airflow_task_duration{dag_id=...} series and thousands of unlabeled metric names.

Wiring it up: OpenTelemetry

The 3.x-native path skips the StatsD translation and emits OTel directly to a collector:

AIRFLOW__METRICS__OTEL_ON=True
AIRFLOW__METRICS__OTEL_HOST=otel-collector
AIRFLOW__METRICS__OTEL_PORT=4318
AIRFLOW__METRICS__OTEL_INTERVAL_MILLISECONDS=30000

Now Airflow exports OTLP to an OpenTelemetry Collector, which can fan the data out to Prometheus, to a managed observability backend, or anywhere else — the collector is the routing layer, so you configure exporters there rather than reconfiguring Airflow. Metric names arrive with proper attributes rather than dotted paths, which is the main ergonomic win over StatsD.

Traces, not just metrics

The reason to prefer OTel isn’t the metrics — it’s the traces. With tracing enabled Airflow emits spans for a DAG run: the run is the root span, and scheduling, queueing, and each task’s execution hang off it as child spans.

AIRFLOW__TRACES__OTEL_ON=True
AIRFLOW__TRACES__OTEL_HOST=otel-collector
AIRFLOW__TRACES__OTEL_PORT=4318

Open one bookshop_nightly run in a trace viewer (Jaeger, Tempo, Grafana) and you see, on a single timeline, exactly where the wall-clock time went: how long the run sat queued before a slot opened, how long scheduling took, and which task dominated the runtime. That “queued” gap rendered as a visible span is the single most useful thing for diagnosing the concurrency-ceiling problems above — you stop guessing whether a run was slow because of the work or slow because it was waiting for a slot, because the waiting is right there as a bar on the chart.

The deployment feels slow — where do I look

When the whole thing feels sluggish and you don’t yet know why, resist jumping to “add more workers.” Walk it in the order the work actually flows: parse → schedule → run.


	
Is the scheduler alive and keeping pace? Check scheduler.heartbeat is steady and dagrun.schedule_delay isn’t climbing. A stalled or lagging heartbeat means the scheduler itself is the bottleneck — often because one enormous DAG is dragging the loop (see the shape discussion above), or the metadata database is slow. Nothing downstream matters until the scheduler is healthy.



	
Is parsing keeping up? Look at dag_processing.total_parse_time and run airflow dags report. If total parse time is high or a single file parses in seconds, you’ve got top-level work — a query, an import, an API call at module scope. Fix that file and everything speeds up, because a slow parse delays every DAG in the folder from being noticed. Check import_errors too, in case the “slow” DAG is actually a broken one that never appears.



	
Are tasks starting promptly once ready? Now look at the executor: open_slots and queued_tasks. If slots are at zero and the queue is growing, you’re slot-exhausted — but which ceiling? Walk the stack from the concurrency section: global parallelism, then the relevant pool, then max_active_runs, then max_active_tasks, then actual worker/pod capacity. The metric tells you there’s a backlog; the ceiling walk tells you which valve is shut. Only if you reach the bottom of that list — genuinely full workers, nothing else constraining — is “add capacity” the right answer.





The trap at every step is skipping to the end. The worker fleet is the most visible, most tangible part of the system, so it’s where the eye goes — but a slow deployment is far more often a query running on every parse, a scheduler loop bogged down by one giant DAG, or a parallelism value someone set to 16 during testing and forgot. Walk parse → schedule → run, read the metric at each stage, and you’ll land on the real ceiling instead of paying for workers that then sit idle behind it.

Final thoughts

Almost none of this is about making tasks run faster — it’s about removing the things that keep them from running at all. The parser re-executing a warehouse query every thirty seconds, the scheduler loop grinding through a ten-thousand-task DAG, the parallelism valve someone throttled during a test and left throttled: these are the costs that don’t show up in any single task’s logs, which is exactly why they’re worth instrumenting. Get StatsD or OTel flowing into a dashboard before you need it, so that when the deployment feels slow you’re reading total_parse_time and queued_tasks instead of guessing. And keep the oldest rule in front of everything: do no real work at the top of a DAG file. Most Airflow performance problems are just that rule, violated, at scale — and the fix is deletion long before it’s a bigger box.





Kubernetes and Multi-Executor Patterns

The executors chapter gave you the map: Local for one host, Celery for warm horizontal scale, Kubernetes for per-task isolation, a list of them when you want both. It ended by pointing here for the parts an overview can’t fit — the pod lifecycle, the base template, the merge rules that decide what your task’s pod actually looks like, and the one distinction that trips up almost everyone the first time: KubernetesExecutor and KubernetesPodOperator are not the same thing, and you can run both at once.

This is the last chapter of the book, so we’re going to go all the way down. By the end you’ll be able to reason about a pod from the moment the scheduler decides a task is ready to the moment Kubernetes garbage-collects it, shape that pod per-task without touching any other, run cheap steady work on Celery and heavy isolated work on Kubernetes in the same DAG, and autoscale the whole thing down to nothing overnight. Then we’ll wrap the book.

What actually happens when a task runs under KubernetesExecutor

Under Celery, a ready task is a message on a broker that a warm worker pulls. Under KubernetesExecutor there is no broker and no warm worker. When the scheduler marks a bookshop task instance ready, the executor calls the Kubernetes API and asks it to create a pod — one pod, for that one task instance. The pod’s single container runs airflow tasks run for exactly that DAG, task, and run, streams its logs, exits, and the pod is torn down. Nothing about it survives to the next task.

That has consequences worth making explicit, because they explain every operational quirk of this executor:


	The scheduler talks to the Kubernetes API, not to workers. There’s a component inside the scheduler process — historically called the Kubernetes job watcher — that opens a watch stream on the API server and receives pod status events (Pending → Running → Succeeded/Failed). That’s how Airflow learns a task finished: not from a worker reporting back over a result backend, but from Kubernetes telling it the pod’s phase changed. If the watch stream drops, the executor reconnects and resumes from the last resource version it saw, so it doesn’t lose track of pods across a blip.

	Pod creation is rate-limited on purpose. The scheduler doesn’t fire a thousand create pod calls at the API server the instant a big DAG unblocks. It creates them in batches, governed by worker_pods_creation_batch_size (default 1 — yes, one per scheduler loop unless you raise it). On a fan-out of hundreds of mapped tasks this is the difference between a smooth ramp and hammering the API server, and it’s the first knob to raise when Kubernetes tasks are slow to start even though the cluster has capacity.

	Orphaned pods get adopted. If the scheduler restarts while pods are running, the new scheduler doesn’t abandon them. On startup it lists pods carrying its Airflow labels and adopts the running ones, resuming the watch rather than starting the tasks over — the Kubernetes analogue of Celery’s task adoption. This is why a rolling scheduler restart mid-run doesn’t kill in-flight Kubernetes tasks.



The tradeoff is the one the overview named, and now you can see exactly where it comes from: every task pays pod-scheduling and image-pull latency at the front. The kube-scheduler has to place the pod, the node may have to pull the worker image if it’s cold, the container has to start, and only then does your task code begin. That’s seconds — sometimes tens of seconds on a cold node pulling a fat image — added to every task instance, invisible on a 20-minute transform and brutal on a thousand two-second sensors. The flip side is that when the task ends, the pod ends, and with a cluster autoscaler the node eventually ends too. You scale to zero for free; you just pay a cold start to scale back up.

The [kubernetes_executor] config that matters

The executor’s behavior lives under [kubernetes_executor] (env vars are AIRFLOW__KUBERNETES_EXECUTOR__*). The handful you’ll actually touch:

[kubernetes_executor]
# Where task pods are created
namespace = airflow

# The base pod spec every task pod is built from (more below)
pod_template_file = /opt/airflow/pod_templates/pod_template.yaml

# The image task pods run, if not set in the template
worker_container_repository = my-registry/airflow
worker_container_tag = 3.3.0

# How many pods the scheduler creates per loop — raise for high fan-out
worker_pods_creation_batch_size = 16

# Clean up finished pods. Keep failed ones for debugging.
delete_worker_pods = True
delete_worker_pods_on_failure = False

# Watch pods across many namespaces (multi-tenant clusters)
multi_namespace_mode = False

Two of these decide how much you can debug and how much your cluster fills with corpses. delete_worker_pods = True (the default) tears down every pod when its task finishes — tidy, but a failed task’s pod vanishes and with it the easy kubectl logs post-mortem. The common production compromise is exactly what’s shown: delete successful pods, keep failed ones (delete_worker_pods_on_failure = False) so you can inspect the container that broke. Just remember failed pods then accumulate and someone has to sweep them, or they’ll pin nodes and quietly cost money.

namespace is where task pods land, and it doesn’t have to be the namespace the scheduler runs in. On a shared cluster you’ll often give Airflow its own namespace with a resource quota, so a runaway DAG can’t starve everything else on the cluster. multi_namespace_mode plus a list of namespaces lets one deployment scatter task pods across several — useful for genuine multi-tenancy, at the cost of broader RBAC (the scheduler’s service account now needs pod permissions in every one of those namespaces).

The base pod template, and how pod_override merges into it

Every task pod starts from a base pod template — a plain Kubernetes Pod manifest at pod_template_file. This is where you put everything common to all tasks so no DAG has to repeat it: the image, the service account, the security context, the log-sidecar arrangement, default resource requests, the standard volumes. Think of it as the pod your tasks run in by default.

# pod_template.yaml — the baseline every bookshop task pod inherits
apiVersion: v1
kind: Pod
metadata:
  name: airflow-worker
spec:
  serviceAccountName: airflow-worker
  restartPolicy: Never
  securityContext:
    runAsUser: 50000
    fsGroup: 0
  containers:
    - name: base            # <-- this name is load-bearing; see below
      image: my-registry/airflow:3.3.0
      resources:
        requests:
          cpu: "250m"
          memory: "512Mi"
        limits:
          cpu: "1"
          memory: "1Gi"
      volumeMounts:
        - name: dags
          mountPath: /opt/airflow/dags
  volumes:
    - name: dags
      persistentVolumeClaim:
        claimName: airflow-dags

Now the per-task part. A task’s executor_config["pod_override"] is a full V1Pod that Airflow strategically merges over this base. The rule that catches everyone: the container you want to modify must be named base. Airflow matches containers by name when merging, so a pod_override container named anything else is added as a second container rather than overriding the first — and your resource bump silently does nothing while the task keeps running with the template’s defaults. Name it base, override only the fields you care about, and leave the rest to inherit.

Here’s a bookshop task that needs a genuinely big pod — a nightly rebuild of the search index that loads the whole catalog into memory and wants to land on the memory-optimized node pool, tolerating that pool’s taint:

from airflow.sdk import dag, task
from kubernetes.client import models as k8s

BIG_POD = k8s.V1Pod(
    spec=k8s.V1PodSpec(
        # Land only on the memory-optimized pool...
        node_selector={"workload": "mem-optimized"},
        # ...which is tainted so nothing else schedules there.
        tolerations=[
            k8s.V1Toleration(
                key="dedicated",
                operator="Equal",
                value="mem-optimized",
                effect="NoSchedule",
            )
        ],
        # Spread these pods across zones rather than stacking them.
        affinity=k8s.V1Affinity(
            pod_anti_affinity=k8s.V1PodAntiAffinity(
                preferred_during_scheduling_ignored_during_execution=[
                    k8s.V1WeightedPodAffinityTerm(
                        weight=100,
                        pod_affinity_term=k8s.V1PodAffinityTerm(
                            topology_key="topology.kubernetes.io/zone",
                            label_selector=k8s.V1LabelSelector(
                                match_labels={"task": "rebuild-search-index"}
                            ),
                        ),
                    )
                ]
            )
        ),
        containers=[
            k8s.V1Container(
                name="base",  # MUST be "base" to override, not add
                resources=k8s.V1ResourceRequirements(
                    requests={"cpu": "2", "memory": "12Gi"},
                    limits={"cpu": "4", "memory": "16Gi"},
                ),
                volume_mounts=[
                    k8s.V1VolumeMount(name="scratch", mount_path="/scratch")
                ],
            )
        ],
        volumes=[
            k8s.V1Volume(
                name="scratch",
                empty_dir=k8s.V1EmptyDirVolumeSource(
                    size_limit="20Gi", medium=""
                ),
            )
        ],
    )
)


@dag(schedule="@daily", catchup=False)
def bookshop_search():
    @task  # inherits the template: 250m CPU / 512Mi, default node pool
    def extract_catalog_delta():
        ...

    @task(executor_config={"pod_override": BIG_POD})
    def rebuild_search_index():
        # runs in a 16Gi pod on the mem-optimized pool
        ...

    @task  # back to a normal small pod
    def notify_search_ready():
        ...

    extract_catalog_delta() >> rebuild_search_index() >> notify_search_ready()


bookshop_search()

The two ordinary tasks around it get the template’s modest 512Mi pod on the default node pool; only rebuild_search_index gets the 16Gi behemoth, the node selector, the toleration, and the scratch volume. Nothing about the big task leaks onto the small ones, and nothing about the template had to change. That is the entire point of the executor: the base template is the shared floor, and pod_override is the per-task delta.

A few things worth internalizing about the merge. It’s a strategic merge, so lists like volumes, volumeMounts, env, and tolerations are combined by key rather than wholesale-replaced — your override adds the scratch volume without clobbering the dags volume from the template. Fields you don’t mention are inherited untouched. And because pod_override is real Python building real V1Pod objects, you can factor the common overrides into a helper and stamp them across many tasks — a gpu_pod(memory="8Gi") function beats copy-pasting fifty lines of k8s.* per task. Just keep the object at module scope or inside a factory, not built at DAG-parse time in a way that hits the network, or you’ll pay for it on every scheduler parse.

Multiple executors: cheap on Celery, heavy on Kubernetes, one DAG

Everything above assumes the whole deployment runs KubernetesExecutor. But most real bookshop workloads are lopsided: a hundred small, similar, latency-sensitive tasks — poll the orders API, run a dbt model, send a Slack ping — and a handful of monsters like the index rebuild. Run all of it on Kubernetes and the hundred small tasks each eat a pod cold-start they can’t afford. Run all of it on Celery and the monsters have to fit inside a shared worker’s RAM.

The 2.x answer was CeleryKubernetesExecutor, a hybrid that inspected a magic kubernetes queue name and shunted those tasks to pods. It worked and it was a wart. Airflow 3 supersedes it entirely with first-class multiple executors: you configure a list, and each task names the one it wants.

[core]
# First entry is the default. Aliases keep the per-task strings tidy.
executor = CeleryExecutor,KubernetesExecutor

You can alias them so DAG code reads cleanly and you’re free to swap the implementation behind a name later:

executor = airflow.providers.celery.executors.celery_executor.CeleryExecutor:celery,airflow.providers.cncf.kubernetes.executors.kubernetes_executor.KubernetesExecutor:k8s

Now the same bookshop nightly DAG runs its steady tasks warm and its heavy task isolated:

from airflow.sdk import dag, task
from kubernetes.client import models as k8s


@dag(schedule="@daily", catchup=False)
def bookshop_nightly():
    @task  # default → CeleryExecutor: warm worker, ~zero startup
    def poll_orders_api():
        ...

    @task(executor="celery")  # explicit, same as default
    def run_dbt_marts():
        ...

    @task(  # its own 16Gi pod, its own limits, its own blast radius
        executor="k8s",
        executor_config={
            "pod_override": k8s.V1Pod(
                spec=k8s.V1PodSpec(
                    containers=[
                        k8s.V1Container(
                            name="base",
                            resources=k8s.V1ResourceRequirements(
                                requests={"memory": "12Gi"},
                                limits={"memory": "16Gi"},
                            ),
                        )
                    ]
                )
            )
        },
    )
    def rebuild_search_index():
        ...

    poll_orders_api() >> run_dbt_marts() >> rebuild_search_index()


bookshop_nightly()

Notice executor_config only means something to the executor that understands it — pod_override is honored by k8s and ignored by celery, so the two coexist without conflict. The cost of this feature is real and worth stating plainly: each executor in the list needs its whole substrate present and healthy. Listing CeleryExecutor,KubernetesExecutor means you now operate a broker and a result backend and a worker fleet and a Kubernetes cluster with the right RBAC — the union of both operational surfaces, not a clever way to avoid either. The feature is elegant; the ops bill is additive. Reach for it when your workload genuinely has two shapes, not because the config line is easy to type.

KEDA: autoscaling Celery down to zero

If you are running Celery (on Kubernetes, via the Helm chart), the elasticity gap versus Kubernetes-per-task is closed by KEDA. The executors chapter showed the shape; here’s the operational depth. KEDA runs a controller that scales the worker Deployment against a metric, and for Airflow the right metric is queue depth measured straight from the metadata DB — count the task instances that are queued or running and divide by worker concurrency:

workers:
  keda:
    enabled: true
    minReplicaCount: 0        # scale-to-zero when idle
    maxReplicaCount: 12
    pollingInterval: 5        # check the metric every 5s
    cooldownPeriod: 300       # wait 5 min of idle before scaling in
    query: >-
      SELECT ceil(COUNT(*)::decimal / 16)
      FROM task_instance
      WHERE (state = 'running' OR state = 'queued')
        AND queue = 'default'

Three details make or break this. First, scale-to-zero is minReplicaCount: 0 — when the bookshop queue has been empty past the cooldownPeriod, KEDA removes the last worker and you pay for nothing overnight. The cooldownPeriod exists precisely so a brief lull between tasks doesn’t thrash the fleet down and back up; make it comfortably longer than your typical inter-task gap. Second, scoping the query by queue lets you run separate KEDA scalers per queue — a gpu worker Deployment scaling on the gpu queue’s depth, a default Deployment on the default queue’s — so expensive hardware only wakes when there’s expensive work. Third, scale-to-zero reintroduces a cold start on the first task after idle: the worker Deployment has to schedule a pod before anything runs. That’s fine for a nightly batch and wrong for a queue that must answer within seconds; keep minReplicaCount: 1 on the latter.

The honest way to think about KEDA-on-Celery versus KubernetesExecutor: both give you elastic, scale-to-zero cost, but they amortize startup differently. KEDA cold-starts a worker that then serves many tasks warm; KubernetesExecutor cold-starts a pod per task, forever. For a flood of small tasks, one warm worker spun up by KEDA beats a thousand pod creations. For a few big isolated tasks, per-task pods win. Which is, once again, the whole workload-shape argument — now with a dial on both sides.

The triggerer: deferrable tasks, independent of all of this

One component sits entirely outside the executor question and you must run it regardless of which executor you chose: the triggerer. When a task defers — a deferrable sensor waiting on a bookshop S3 file, a TimeDeltaTrigger, anything that calls self.defer(...) — it gives up its execution slot completely. It is not holding a Celery worker slot or a Kubernetes pod while it waits. Its trigger moves to the triggerer, a separate asyncio process that watches thousands of pending conditions on a single event loop, and only when the condition fires does the scheduler dispatch the task back to its executor to run the post-defer code.

That’s why deferrable beats classic sensors so decisively: a classic poke-mode sensor pins a whole worker (or, under KubernetesExecutor, a whole pod) doing nothing but sleeping and re-checking, while a deferred task costs a slice of one shared async loop. Under Kubernetes especially, the savings are stark — you are not paying pod-per-idle-wait.

For production, two triggerer facts matter. It’s horizontally scalable and highly available: run more than one triggerer and they partition the outstanding triggers between themselves, heartbeating so that if one dies its triggers are picked up by the survivors — no deferred task is stranded. And each triggerer has a capacity ([triggerer] default_capacity, default 1000 triggers) that caps how many conditions one instance watches at once; blow past it across your fleet and triggers queue waiting for a free slot. So sizing the triggerer is a real capacity-planning input, not an afterthought — if your bookshop graph fans out into thousands of concurrent deferrable sensors, you size and possibly replicate the triggerer for it. And the classic footgun stands: no triggerer running means deferred tasks defer and simply never wake up. The Astro CLI starts one for you locally; a hand-rolled deployment needs airflow triggerer as its own long-lived process.

KubernetesPodOperator is a different thing — and that’s the point

Here’s the distinction the chapter opened on, now that you have the machinery to see it. KubernetesExecutor is how the task process runs. KubernetesPodOperator is what a task does. They live at different layers, and confusing them is the single most common Kubernetes-and-Airflow mistake.

KubernetesExecutor runs every task as a pod, and that pod runs your Airflow task code — the @task function, the operator’s execute(). KubernetesPodOperator (KPO) is an operator: it’s a task whose entire job is to launch some other container — a Docker image that isn’t Airflow at all, maybe a Go binary, a dbt image, a model-training container — wait for it to finish, and collect its result. And crucially, KPO works under any executor. You can run KPO on LocalExecutor, on Celery, on Kubernetes. It doesn’t need KubernetesExecutor; it only needs credentials to a Kubernetes cluster to launch its container into.

from airflow.sdk import dag
from airflow.providers.cncf.kubernetes.operators.pod import KubernetesPodOperator
from kubernetes.client import models as k8s


@dag(schedule="@daily", catchup=False)
def bookshop_ml_train():
    train = KubernetesPodOperator(
        task_id="train_recommender",
        name="recommender-trainer",
        namespace="ml-jobs",
        image="my-registry/recommender-trainer:2.4.0",  # NOT an Airflow image
        cmds=["python", "train.py"],
        arguments=["--epochs", "20", "--catalog", "s3://bookshop/catalog/"],
        container_resources=k8s.V1ResourceRequirements(
            requests={"cpu": "4", "memory": "16Gi", "nvidia.com/gpu": "1"},
            limits={"nvidia.com/gpu": "1"},
        ),
        node_selector={"accelerator": "nvidia-a100"},
        get_logs=True,
        on_finish_action="delete_pod",
    )
    train


bookshop_ml_train()

This DAG could be running on a plain Celery deployment with no KubernetesExecutor anywhere. The train_recommender task itself runs on a Celery worker; all it does is ask Kubernetes to launch the training container, stream its logs, and delete the pod when done. The training image doesn’t contain Airflow, doesn’t import your DAGs, and can be owned and versioned by a completely different team. That’s the real reason to reach for KPO: you want to run a container that isn’t your Airflow codebase, on Kubernetes, from any executor.

When to reach for which:




































	You want to…	Use	Notes
	Run your normal Airflow task code, one isolated pod each, elastic cost	KubernetesExecutor	Execution substrate; shape pods with pod_override
	Run a foreign container (non-Airflow image, other team’s job) as a task	KubernetesPodOperator	Works under any executor; needs cluster creds, not KubernetesExecutor
	Run many small, similar, latency-sensitive tasks warm	CeleryExecutor	Amortizes startup; add KEDA for elastic cost
	Fit everything on one host, keep ops minimal	LocalExecutor	Single point of failure; fine for small/rerunnable
	Cheap steady tasks and heavy isolated ones in one DAG	Multiple executors + executor=	Supersedes CeleryKubernetesExecutor; you operate both substrates


The two Kubernetes rows are the ones people conflate, so hold them apart: you can run KubernetesPodOperator tasks on a Celery fleet (no KubernetesExecutor in sight), and you can run KubernetesExecutor without ever writing a KubernetesPodOperator (your ordinary @task functions each get a pod). They compose freely because they answer different questions — how does the task run versus what does the task launch.


Examples in this chapter are docs-checked against the book’s stated versions (Apache Airflow 3.3.0), but they were not executed in this repository — treat the YAML and pod_override specs as unverified against a live cluster.



Final thoughts

Kubernetes is where Airflow stops being a scheduler with some workers and becomes a control plane that provisions compute on demand — and everything in this chapter is really about controlling that provisioning precisely. The pod lifecycle explains your latency and your debugging story. The base template plus pod_override explains how one task gets 16Gi and a tainted node while the task beside it stays small, with the container named base doing the load-bearing work of the merge. Multiple executors explain how the warm-worker jobs and the isolated-pod jobs finally live in one DAG without a hybrid hack, at the cost of operating both substrates. KEDA and the triggerer explain how you stop paying for idle — one scaling the workers to zero, the other holding thousands of deferred waits on a single loop that no executor ever notices.

The thread running through every chapter so far is the one this chapter ends on: Airflow gives you a clean separation between what your pipeline does and how and where it runs, and mastery is knowing which layer a given problem lives on — so you change the DAG when the logic is wrong, and change the deployment when the physics are. Pick the substrate that matches your workload’s shape, keep the DAG code oblivious to it, and you’ve bought yourself the freedom to change your mind about the hardest, most expensive decision in the stack without rewriting a single task.

Which leaves exactly one question unanswered, and it’s the one every chapter has quietly assumed away: who is allowed to do any of this? Every knob in this book — clearing a task, editing a connection, triggering a DAG through the API, writing a DAG file at all — is a permission someone either has or doesn’t. That’s the last chapter.





Who Gets to Press the Buttons

Seventeen chapters of this book have been about making Airflow do things: run a task in a pod, resolve a secret from Vault, defer a sensor, route work to a second executor, survive a rolling deploy. Every one of them assumed a person or a system was allowed to ask. This chapter is about that assumption, and it’s the one most production deployments have never actually examined.

The problem, stated plainly. Airflow’s UI has a button that clears a task and reruns it, a button that deletes a DAG run, a page listing every connection you own, and an API that will start any DAG with any conf payload you like. Somewhere in your company there’s an analyst who needs to look at a graph, an engineer who needs to clear a failed task, and a platform engineer who needs to rotate a connection — and in an alarming number of deployments all three log in as admin/admin, because that’s what the tutorial said and nobody circled back.

Worse, and more subtly: Airflow’s real privilege boundary isn’t the UI at all. It’s the dags/ folder. A DAG is Python that Airflow executes. Anyone who can merge a file into that folder can run arbitrary code inside your orchestrator — as the DAG processor, as the triggerer, as the worker. “Just give the analytics team write access to the DAGs repo, it’ll be easier” is not a convenience decision. It’s a grant of remote code execution, and you should make it deliberately or not at all.

So: who gets to press the buttons.

Airflow 3 moved the whole thing behind an auth manager

If you carry security knowledge from Airflow 2, quarantine it first. In 2.x, authentication and authorization were Flask-AppBuilder. The webserver was a Flask app, FAB was bolted into it, roles lived in FAB’s tables, and configuring auth meant editing webserver_config.py and hoping. There was no seam. Security was a property of the webserver.

Airflow 3 deleted the Flask webserver. What replaced it is a React UI served by a FastAPI api-server, and — this is the part that matters — authentication and authorization were factored out behind a pluggable interface: the auth manager. One config option selects it:

airflow config get-value core auth_manager
# airflow.api_fastapi.auth.managers.simple.simple_auth_manager.SimpleAuthManager

The auth manager is a single component with a defined job, and knowing its job tells you exactly where to look when something is denied. It owns:


	Authentication — the login and logout flow, and what “a user” even is in this deployment.

	Authorization — the yes/no on “may this user read this DAG / edit this connection / see this pool,” resource by resource.

	JWT issuance — minting and refreshing the tokens the React UI and the REST API run on.

	User representation — serializing a user into and out of a token.



Two auth managers ship in the box, and they are not two flavors of the same thing. They are a development one and a production one, and the gap between them is the entire subject of the next two sections.

# The default — dev-oriented, users in config
[core]
auth_manager = airflow.api_fastapi.auth.managers.simple.simple_auth_manager.SimpleAuthManager

# The real one — roles, permissions, SSO
[core]
auth_manager = airflow.providers.fab.auth_manager.fab_auth_manager.FabAuthManager

A third path exists: auth managers ship as providers, so apache-airflow-providers-keycloak gives you a Keycloak-backed one, and the interface is public enough that a platform team with an unusual identity story can write their own. But for almost everyone the decision is binary: Simple for local, FAB for production.

SimpleAuthManager: exactly as much security as its name promises

SimpleAuthManager is what astro dev start gives you, and it’s what has been quietly authenticating you for seventeen chapters. It stores no users in the database. Users are a string in your config:

[core]
auth_manager = airflow.api_fastapi.auth.managers.simple.simple_auth_manager.SimpleAuthManager
simple_auth_manager_users = "priya:admin,marco:op,sam:user,analysts:viewer"

Four roles, hardcoded into the implementation, and you cannot add a fifth or change what one means:


	viewer — read-only. DAGs, assets, pools. Looks, doesn’t touch.

	user — viewer, plus full edit/create/delete on DAGs. This is the “clear a task, trigger a run” role.

	op — user, plus management of pools, assets, config, connections, and variables.

	admin — everything.



Passwords are generated, not chosen. On startup Airflow mints one per user, prints it to the api-server logs, and writes them to a file:

[core]
simple_auth_manager_passwords_file = /opt/airflow/simple_auth_manager_passwords.json.generated

Edit that file to set a password you’ll actually remember. And there’s a switch that turns the whole thing off:

[core]
simple_auth_manager_all_admins = True    # no login screen; everyone is admin

Which is genuinely useful — behind an identity-aware proxy that has already established who the caller is, having Airflow ask a second time is friction with no security value. But understand what you’ve done: you’ve delegated 100% of your access control to the thing in front of Airflow. If that proxy is misconfigured, or if anyone can reach the api-server’s port directly, you have an unauthenticated admin console on your network.

The honest summary, which Airflow’s own docs make: SimpleAuthManager is for development and testing. No custom roles, no per-DAG scoping, no SSO, no LDAP, no group mapping, no audit of who changed what. If your Airflow schedules something a customer or a finance close depends on, you’ve outgrown it.

FabAuthManager: the roles-and-permissions machine

FAB didn’t die in Airflow 3 — it was extracted into a provider. The classic RBAC model that 2.x baked into the webserver is now something you opt into, and opting in is three steps: install it, point auth_manager at it, and migrate its tables — because FAB keeps users, roles, and permissions in its own schema, with its own migration command.

pip install apache-airflow-providers-fab

[core]
auth_manager = airflow.providers.fab.auth_manager.fab_auth_manager.FabAuthManager

airflow fab-db migrate      # creates/upgrades the FAB tables (ab_user, ab_role, ab_permission, ...)

That last command is new in 3.x and it catches everyone. airflow db migrate migrates Airflow’s schema; the FAB provider’s tables are a separate DB manager with a separate command. If you skip it, the api-server boots and then dies on the first login with a missing-table error that reads like a broken install. (You can wire FAB into the main airflow db migrate by listing FABDBManager in [core] external_db_managers, which is the tidier thing to do in a Helm chart’s migration job — one command, all schemas.)

Now you have users:

airflow users create \
  --username priya \
  --firstname Priya \
  --lastname Raman \
  --email priya@bookshop.dev \
  --role Admin \
  --password '<not-this-please>'

airflow users list
airflow users add-role --username sam --role User
airflow users remove-role --username sam --role Op
airflow users export users.json      # and `import` — how you seed a fresh environment

Note that airflow users and airflow roles are vended by the FAB provider. They don’t exist under SimpleAuthManager. If you type airflow users list and the CLI tells you there’s no such command, that’s not a broken install — that’s Airflow telling you which auth manager is loaded.

The five roles, and what they actually do

FAB ships five built-in roles, and they nest:






























	Role	What it can do
	Public	Nothing. This is the anonymous, not-logged-in role. Leave it empty.
	Viewer	Read. DAGs, DAG runs, task instances, logs, XComs. Cannot trigger, cannot clear, cannot see connections.
	User	Viewer, plus can_create/can_edit/can_delete on DAGs, DAG runs, task instances. This is the working data engineer: trigger, clear, mark success, delete a run.
	Op	User, plus the Admin menu — full CRUD on connections, variables, pools, XComs, and access to config. This is a platform-adjacent role and it is much more powerful than it sounds.
	Admin	Op, plus user management, role management, audit logs, triggers, task reschedules. Total control.


The line worth tattooing on the back of your hand is between User and Op. User operates pipelines. Op can write connections — which means Op can point the bookshop_dw connection at a host they control, and the next DAG run will happily authenticate to it. Granting Op because “they needed to add a variable” has a much larger blast radius than the request implied.

(The 3.x mitigation is real: connection passwords are no longer readable in the UI, even for users who can edit connections. An Op can overwrite a credential; they can’t exfiltrate the one that’s there. It’s another argument for keeping the real credential in a secrets backend, where Airflow never holds it at all.)

The permission model underneath

Those five roles are not primitives — they’re bundles of permissions, and a permission is a (resource, action) pair. The actions are the CRUD set plus a menu one:

ACTION_CAN_READ  ACTION_CAN_CREATE  ACTION_CAN_EDIT  ACTION_CAN_DELETE  ACTION_CAN_ACCESS_MENU

The resources are Airflow’s nouns: DAGs, DAG Runs, Task Instances, Connections, Variables, Pools, XComs, Assets, Audit Logs, Configurations, Plugins, plus the per-DAG resources named DAG:<dag_id>. A permission reads DAG:bookshop_daily.can_edit or Connections.can_read. Each endpoint declares the permissions it needs, and — the rule that explains every confusing 403 — the user needs all of them, not any of them. A page listing DAG runs and their DAGs needs read on both.

Custom roles are built from exactly those pairs. If the bookshop’s analysts should be able to trigger the reporting DAGs and touch nothing else, that’s a role, not a plea for Op:

airflow roles create BookshopAnalyst

airflow roles add-perms BookshopAnalyst \
  -r "DAGs"          -a can_read \
  -r "DAG Runs"      -a can_read -a can_create \
  -r "Task Instances" -a can_read

airflow roles list-perms BookshopAnalyst
airflow roles export roles.json     # version-control this; `import` it into staging

Exporting roles to JSON and committing the file is what turns RBAC from tribal knowledge into infrastructure. Roles drift — someone grants a permission in the UI at 2am to unblock a release and nobody remembers. A roles.json in git, imported by CI into every environment, means the role is reviewed like code and identical everywhere.

SSO, because nobody should be typing an Airflow password

AUTH_DB — usernames and passwords in Airflow’s own tables — is where you start and not where you should stop. The FAB provider still generates a webserver_config.py (yes, that file survived; no, the Flask webserver did not), and that’s where you switch to OAuth, LDAP, or a header-trusting REMOTE_USER:

# webserver_config.py
from flask_appbuilder.security.manager import AUTH_OAUTH

AUTH_TYPE = AUTH_OAUTH

# Anyone who authenticates but matches no mapping gets this. Make it the safe one.
AUTH_USER_REGISTRATION = True
AUTH_USER_REGISTRATION_ROLE = "Viewer"

# The load-bearing line: map your IdP's groups onto Airflow roles.
AUTH_ROLES_SYNC_AT_LOGIN = True
AUTH_ROLES_MAPPING = {
    "airflow-admins":   ["Admin"],
    "data-engineering": ["User"],
    "data-platform":    ["Op"],
    "analytics":        ["BookshopAnalyst"],
}

OAUTH_PROVIDERS = [
    {
        "name": "okta",
        "icon": "fa-circle-o",
        "token_key": "access_token",
        "remote_app": {
            "client_id": "<client-id>",
            "client_secret": "<client-secret>",   # from an env var, not this file
            "api_base_url": "https://bookshop.okta.com/oauth2/v1/",
            "server_metadata_url":
                "https://bookshop.okta.com/.well-known/openid-configuration",
            "client_kwargs": {"scope": "openid profile email groups"},
        },
    },
]

AUTH_ROLES_MAPPING plus AUTH_ROLES_SYNC_AT_LOGIN is the whole prize. Offboarding becomes removing someone from an IdP group — which the IdP already does on their last day, automatically, without anyone remembering that Airflow exists. If Airflow keeps its own passwords, offboarding is a checklist item, and checklist items are how a departed contractor keeps Op for eight months. Providers cover the usual suspects (Okta, Azure/Entra, Google, Keycloak, GitHub, Auth0); LDAP is there for the estates that need it.

access_control: scoping a role to specific DAGs

Roles answer “what kinds of things can this person do.” They don’t answer “which DAGs.” For that — the primary multi-tenancy lever Airflow actually offers — there’s DAG-level access control, declared on the DAG and enforced by the FAB auth manager:

from airflow.sdk import DAG

with DAG(
    dag_id="bookshop_daily",
    schedule="@daily",
    access_control={
        "BookshopAnalyst": {"can_read"},
        "BookshopEngineer": {"can_read", "can_edit", "can_delete"},
    },
) as dag:
    ...

Under the hood this creates and grants the DAG:bookshop_daily.can_read style permissions to those roles. The finer-grained form lets you scope by resource within the DAG — read the graph but also be allowed to create a run, without being allowed to edit the DAG:

with DAG(
    dag_id="bookshop_reprocess",
    schedule=None,
    access_control={
        "BookshopAnalyst": {
            "DAGs": {"can_read"},
            "DAG Runs": {"can_create"},     # may trigger it; may not change it
        },
    },
) as dag:
    ...

Three behaviors here are load-bearing, and getting them wrong is how permissions mysteriously disappear:


	If access_control is present, it is authoritative. It doesn’t add to existing DAG-level permissions; it replaces them. Whatever someone granted in the UI is gone at the next parse.

	access_control={} wipes all DAG-level access for that DAG. That’s the explicit “nobody but the global roles” statement.

	Omitting access_control entirely leaves existing permissions alone. Silence is not a denial. A DAG with no access_control inherits whatever the global roles grant — which for User and above is everything.



That third point is the one that bites. If your plan is “team A can only see team A’s DAGs,” you cannot achieve it by putting access_control on team A’s DAGs. You must also ensure team A’s role has no global DAGs.can_read, or they’ll see everything anyway. Per-DAG grants are additive on top of global grants; they don’t subtract. Build the role with no global DAG permissions, then hand it DAGs one access_control block at a time.

And because access_control lives in the DAG file, it’s reviewed in the same PR as the pipeline — which is either elegant (permissions as code, diffable) or alarming (a DAG author can grant their own role access to their own DAG), depending on your posture. It’s both. Which is fine, for reasons that will become clear two sections from now.

The API is a first-class door, and JWTs are credentials

The REST API chapter showed the mechanics: POST /auth/token, get an access_token, send it as Authorization: Bearer …. What that chapter didn’t dwell on is that this is not a separate security surface — it’s the same one the UI uses. The React UI is a client of the api-server; it authenticates the same way; anything a logged-in operator can click, a token with that user’s role can call. There is no “the API is for machines and therefore less privileged” tier.

Three things follow.

First, the 2.x API auth story is gone. The experimental API was removed. The [api] auth_backends list of pluggable backends — basic auth, Kerberos, deny-all — isn’t how you configure this anymore; the auth manager is. If a runbook tells you to set auth_backends = airflow.api.auth.backend.basic_auth, it predates 3.0. If it hits /api/experimental/, it’s been broken since you upgraded.

Second, the JWT signing key is a real piece of infrastructure, and forgetting to set it produces a failure that looks like anything but a config problem:

[api_auth]
jwt_secret = <long random string, from the environment>     # AIRFLOW__API_AUTH__JWT_SECRET
jwt_expiration_time = 86400        # REST API tokens: 24h default
jwt_cli_expiration_time = 3600     # CLI tokens: 1h default
jwt_leeway = 10                    # clock-skew tolerance, in seconds

If you don’t set jwt_secret, Airflow generates a random one per process. On a laptop that’s invisible. On a real deployment with two api-servers behind a load balancer, a token minted by pod A is rejected by pod B — so every other request 401s and your users report that “Airflow logs me out randomly.” Set it explicitly, from a secret, everywhere. And synchronize your clocks: JWT validation is time-based, and skew beyond jwt_leeway produces auth failures that look exactly like a permissions bug.

Better still, go asymmetric. With a symmetric secret, every component that can validate a token can also forge one — same key, both jobs. With jwt_private_key_path, only the components that mint tokens (scheduler, api-server) hold the private key; workers validate with the public half and cannot sign anything:

[api_auth]
jwt_private_key_path = /etc/airflow/keys/jwt-signing.pem   # scheduler + api-server only
trusted_jwks_url = https://airflow.bookshop.dev/.well-known/jwks.json

Third, treat tokens like the passwords they are. A JWT that can POST /api/v2/dags/bookshop_marts/dagRuns can trigger a full refresh at quarter close. Issue a dedicated service identity per calling system — not a shared human’s login — scope its role to the minimum (a BookshopTrigger role with DAG Runs.can_create on exactly the DAGs it may start), keep expirations short, and store them where you store every other credential.

The genuine 3.x security win: workers don’t touch the database

Here’s what I’d put at the centre of any “should we upgrade to Airflow 3” conversation that touches security, and it has nothing to do with roles.

In Airflow 2, a worker held the metadata database connection string. It had to — task code called into Airflow’s ORM to read a Variable, push an XCom, update its own state. Which meant any code running on a worker — any DAG, from any author — could from airflow.settings import Session, open that session, and do whatever it liked. Read every connection row. Rewrite another team’s run history. Drop a table. There was no boundary; the worker held the keys to the kingdom because the kingdom had one door.

Airflow 3 closes it. Workers now talk to a Task Execution API — a separate surface on the api-server — over HTTP, authenticated with a short-lived JWT scoped to that task instance. State transitions, heartbeats, XCom reads and writes, connection and variable fetches: all of it goes through that API. And critically, workers are not given database credentials at all. The connection string isn’t in the worker’s environment. Task code cannot open a session to a database whose address and password it doesn’t have.

[execution_api]
jwt_expiration_time = 600                        # 10 minutes; a task's token is ephemeral
jwt_audience = urn:airflow.apache.org:task

That token carries a ti:self scope: a task can act on itself — heartbeat, report success, push its own XCom — and not on other task instances. An entire class of vulnerability, the one where a buggy or malicious DAG corrupts the orchestrator’s own state, is now structurally impossible rather than merely discouraged.

Be precise about the limits, though. The Execution API has no cross-workload isolation. Connections, variables, and XComs are shared: any task can fetch any connection id it knows the name of. The scope stops a task from impersonating another task; it does not stop a task from reading the credentials another team’s tasks use. If task A can call BaseHook.get_connection("payroll_db"), it gets payroll_db. That’s not a bug — it’s the model.

And the DAG file processor and the triggerer do still hold database credentials, running as the same Unix user as their parent process. Which is the perfect segue.

The blast radius of a DAG file

Read Airflow’s own security-model documentation and you’ll find a sentence stated without apology: DAG authors can execute arbitrary code on workers, the DAG file processor, and the triggerer.

Not “might.” Can. By design. A DAG is a Python module and the DAG processor imports it — top-level code runs, on a loop, forever, in a process holding your metadata database credentials. Then tasks run on workers. Then deferred triggers run in the triggerer. Three processes, three chances, and a subprocess.run at module scope executes in all of them.

So the trust boundary of your Airflow deployment is not the login page. It’s your repository’s branch protection rules. Airflow’s model treats DAG authors as trusted insiders — people who could abuse the position but won’t, the same way your backend engineers could ship a data-exfiltrating endpoint but don’t. And there is no per-author isolation: every DAG author functionally has access to every DAG in the deployment, because they can write a DAG that reads any connection.

The real access-control questions, then, are not “what role does Priya have in the UI”:


	Who can merge to the branch git-sync pulls from? That’s your actual admin list. If deploying uses git-sync against main, merge rights on main are equivalent to code execution in production. Branch protection, required reviews, and CODEOWNERS on dags/ aren’t process hygiene — they are the access control.

	What’s in each DAG bundle? Airflow 3’s DAG bundles are the delivery abstraction — a git repo, a local path, an object-storage prefix — and each bundle is a trust unit. Separate bundles let the analytics team’s DAGs live in a different repo, with different reviewers, from the platform team’s.

	Who can push the image? If DAGs are baked into the container, the registry credentials are the grant.



So when the analytics team asks for write access to the DAGs folder “so we don’t have to bother you for a one-line change,” the answer is neither “no” nor “sure.” It’s: that’s a request for arbitrary code execution as the orchestrator’s service account, so let’s put it behind a review gate and a bundle boundary. Give them their own bundle, their own repo, their own reviewers, and a DAG-parse check in CI that gates the merge. That’s a yes with a spine.

One small, genuinely useful control: .airflowignore, which tells the processor what in a bundle not to import. In Airflow 3 the default syntax is glob, .gitignore-style, not the regex of 2.x:

# dags/.airflowignore  (glob syntax, Airflow 3 default)
scratch/
*_notebook.py
!scratch/keep_this.py

It’s not a sandbox — an ignored file isn’t contained, it’s simply not imported — but it stops a data scientist’s exploratory script from being executed on a loop by your DAG processor because it landed in the wrong folder. Which is a surprisingly common way to discover that the DAG processor runs everything.

Secrets hygiene: what leaks, and where

Chapter 13 covered where secrets live. This is about where they escape.

Airflow masks sensitive values in logs, the UI, and rendered templates — and the masker works on field names, matching a built-in keyword list: password, passwd, secret, token, access_token, api_key, apikey, authorization, passphrase, private_key, keyfile_dict, service_account. A connection’s password is always masked. A variable named orders_api_key is masked everywhere it appears. A variable named orders_credential is not, because “credential” isn’t on the list — which is why the extension knob exists:

[core]
sensitive_var_conn_names = credential,pat,session_cookie,signing_key
hide_sensitive_var_conn_fields = True     # leave this True. Always.

For values that don’t come from a connection or a variable at all — something you fetched from an internal API mid-task, say — you register them with the masker yourself, before anything logs them:

from airflow.sdk.log import mask_secret

@task
def call_partner_api():
    token = PartnerHook().mint_short_lived_token()
    mask_secret(token)          # from here on, this string is ***** in every log line
    return PartnerHook().fetch(token=token)

Now the leaks the masker cannot save you from, because they happen outside its reach:


	Environment variables are not masked. A secret injected as an env var into a worker or a KubernetesPodOperator pod is a secret Airflow doesn’t know is a secret. It won’t show up in a task log unless your code prints it — but it will show up to anything that can read the process environment.

	ps and the command line. The classic. A BashOperator with bash_command="psql 'postgresql://user:{{ var.value.db_password }}@host/db'" renders that password into an argv every process on the box can read in ps aux. Pass secrets through the environment or a file, never as a command-line argument.

	Rendered templates. The UI’s “Rendered Template” tab shows the post-Jinja value of every templated field. The masker covers it — so a field rendering a masked-name variable is safe, and a field rendering an unmasked-name one is a credential on a web page.

	XComs. An XCom is a value in the metadata database, or in your custom XCom backend — which is worse if that’s a bucket. Returning a token from a task is how tokens end up in object storage with a five-year retention policy.



And the credential everybody forgets: the Fernet key, which encrypts sensitive fields at rest in the metadata DB. Chapter 13 gave the rotation dance (new,old → airflow rotate-fernet-key → new). The point to restate: once a secrets backend holds your real credentials Fernet protects a much smaller surface — but losing it still turns whatever is in the metastore into unrecoverable ciphertext. Back it up like a database password, because it is one.

Multi-tenancy: the honest section

Every platform team eventually asks whether they can run one Airflow for the whole company with each team isolated from the others. For Airflow 3.3 the honest answer is not in the way you mean it — and the precision of why is what lets you design around it.

Airflow 3.3 ships an experimental multi-team mode. It’s real work and genuinely useful, and it’s explicitly labeled incomplete and subject to change:

[core]
multi_team = True

Teams attach to DAG bundles, and DAGs inherit their team from the bundle they came from — Task → DAG → Bundle → Team:

[dag_processor]
dag_bundle_config_list = [
    {
        "name": "analytics_dags",
        "classpath": "airflow.dag_processing.bundles.local.LocalDagBundle",
        "kwargs": {"path": "/opt/airflow/dags/analytics"},
        "team_name": "analytics"
    },
    {
        "name": "shared_dags",
        "classpath": "airflow.dag_processing.bundles.local.LocalDagBundle",
        "kwargs": {"path": "/opt/airflow/dags/shared"}
    }
]

airflow teams create analytics
airflow teams list

A bundle with no team_name is global — visible to everyone. What that buys you in 3.3 is genuine scoping of variables, connections, pools, XComs, and asset events, plus per-team executors (executor = LocalExecutor;analytics=CeleryExecutor;ml=KubernetesExecutor). That’s a lot, and for the common case — several cooperating teams who want their own connections, their own worker pool, and not to see each other’s clutter — it’s a real answer.

What it is not is a boundary against a hostile tenant. Take the limits at face value:


	All teams share one metadata database and one set of core infrastructure.

	DAG ids, variable keys, and connection ids must be globally unique — two teams cannot each have a warehouse connection.

	The Execution API has no cross-workload isolation: teams share the same API, the same signing keys, the same runtime surface.

	By default a single DAG processor and triggerer serve all teams, both holding database credentials, both executing every team’s code. (Run them per-team — you should — and each still has DB access.)

	Parts of the UI aren’t team-aware yet.



So: Airflow’s multi-tenancy is a convenience boundary, not a trust boundary. It organizes teams that trust each other. It does not contain a team that doesn’t.

When the isolation requirement is real, here is what actually works:


	Separate deployments. One Airflow per trust boundary — separate metadata DB, separate workers, separate everything. It’s the only airtight answer, and on Kubernetes it’s a different namespace and a different Helm release, which is less scary than it sounds. When someone says “we can’t afford five Airflows,” price five Airflow deployments against one incident and the arithmetic usually resolves itself.

	KubernetesExecutor with per-task service accounts. From the Kubernetes chapter: every task is its own pod, and a pod carries its own service account. Bind that SA to an IAM or Vault role scoped to exactly one team’s data, and a task from team A that reaches for team B’s bucket gets a 403 from the cloud, not from Airflow. This is the strongest isolation you can build inside one Airflow, precisely because the enforcement lives outside it. That’s the whole trick: don’t ask the orchestrator to be the authority — make the resource the authority.

	Queues and pools per team, so a runaway backfill starves its own capacity and nobody else’s. Blast-radius reduction rather than access control, but it’s the failure you’ll actually hit.

	Bundle-per-team with separate repos and CODEOWNERS, so the code-execution grant is scoped where it actually lives.



What you should not do is run one Airflow for teams who must not read each other’s credentials and tell yourself that roles and access_control have it covered. They cover the console. They do not cover a DAG file.

The hardening checklist

Everything above, as the thing you’d actually run down before a production launch:

Identity


	auth_manager is FabAuthManager, not SimpleAuthManager. Verify with airflow config get-value core auth_manager against the running deployment, not the repo.

	airflow fab-db migrate runs in your migration job (or FABDBManager is listed in [core] external_db_managers).

	AUTH_TYPE = AUTH_OAUTH (or LDAP) with AUTH_ROLES_MAPPING + AUTH_ROLES_SYNC_AT_LOGIN. Nobody has an Airflow-local password.

	AUTH_USER_REGISTRATION_ROLE = "Viewer" — the default for an unmapped user is the least-privileged role, not User.

	The Public role has zero permissions.

	Op and Admin are a countable list of humans, and you can name them.

	Roles are exported to a version-controlled roles.json and imported by CI, not hand-edited in the UI.



API and tokens
8. [api_auth] jwt_secret (or jwt_private_key_path) is explicitly set, from a secret, and identical across every component. Asymmetric if you can.
9. NTP is running everywhere. JWT validation is a clock.
10. Machine callers have their own service identities and minimal roles — no shared human logins in CI.
11. CORS origins are an explicit allowlist (Airflow rejects * at startup, which is a feature).
12. The api-server is behind TLS and not reachable from the open internet.

Code and secrets
13. dags/ is protected: required reviews, CODEOWNERS, and a DAG-parse test that gates the merge.
14. Merge rights on the git-sync branch are treated as production access, and audited as such.
15. Real credentials live in a secrets backend; the worker’s identity can read only its own prefix.
16. hide_sensitive_var_conn_fields = True; sensitive_var_conn_names extended for your naming conventions.
17. No secret is ever a command-line argument. Grep your DAGs for bash_command with a {{ var.value. in it.
18. The Fernet key is backed up, and you’ve rehearsed rotating it.

Isolation
19. One Airflow per trust boundary. Multi-team mode is for teams that trust each other.
20. Tasks that touch sensitive data run as pods with their own service account, and the cloud enforces the boundary.

Final thoughts

We started this book with a custom operator and we’re ending it with an argument about who’s allowed to merge a Python file. That’s not a swerve — it’s the same subject arriving at its conclusion.

Everything Airflow does, it does by running your code with some identity, against some data, on some schedule. Chapter by chapter we made that machinery better: operators that encapsulate, sensors that don’t burn a slot, mapping that fans out at runtime, Assets that let producers and consumers stop knowing about each other, executors that put the right work on the right hardware, backends that keep secrets out of the database, tuning that keeps the scheduler quick, Kubernetes that gives each task a clean room. Every one of those made Airflow more capable. This one is the only one that asks what happens when that capability gets pointed at something it shouldn’t be.

The clarifying truth is that Airflow’s most powerful interface has never been the UI. It’s the DAG file. Roles and access_control and OAuth and JWTs are all real and all worth doing — they’re what stops an analyst from deleting a run by accident and a leaked token from triggering a quarter-close refresh — but they govern the console, and the console was never where the power was. The power is in a Python module that a process imports, in a loop, forever, holding your database credentials. Airflow 3 made that meaningfully better: workers genuinely cannot reach the metadata database anymore, task tokens are short-lived and scoped to themselves, connection passwords are write-only in the UI. Take the win — it’s a big one. Then keep being honest about what’s left. The DAG processor still runs whatever you give it. Teams in one deployment still share a credential namespace. Multi-tenancy is a convenience, not a wall.

So build accordingly. Put the real boundaries where they can actually be enforced — in the identity provider, in branch protection, in a Kubernetes service account, in an IAM policy, in a separate deployment — and use Airflow’s own controls for what they’re genuinely good at: making sure the person clicking “clear” meant to, and that the person who never needed the connections page never saw it. That’s a defensible posture. “Everyone’s an admin because it was easier” is not, and the day that stops being a philosophical position and starts being an incident is not a day you get to schedule.

That’s the book. Seventeen chapters of making Airflow do more, and one of making sure it only does it for the right people. Go run something.


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.
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