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Prefect: Orchestration Without the DAG

In Airflow, the graph comes first. You declare a DAG, the scheduler imports the file and parses the objects into a static shape, and only then does anything run. When you want the shape to change with the data — a task per file, a branch that depends on a row count — you reach for dynamic task mapping, branching operators, and Jinja templating, because the graph was fixed at parse time and you’re negotiating with it after the fact.

Prefect turns that inside out. There is no DAG object to declare and no parse step to satisfy. You write a Python function, decorate it @flow, and call it — and the running of that function is the workflow. The graph isn’t a thing you build up front for a scheduler to inspect; it’s whatever your code happens to do this time, discovered as it executes. If you’ve spent a while bending Airflow’s static graph to fit dynamic work, that one difference is most of the story.

What Prefect actually is

Prefect is a Python-native orchestrator. Two decorators carry the core:

from prefect import flow, task

@task
def extract_orders() -> list[dict]:
    return [
        {"title": "Dune", "qty": 2, "price": 18},
        {"title": "Piranesi", "qty": 1, "price": 15},
    ]

@flow(log_prints=True)
def daily_load():
    orders = extract_orders()
    revenue = sum(o["qty"] * o["price"] for o in orders)
    print(f"{len(orders)} orders, revenue {revenue}")

if __name__ == "__main__":
    daily_load()

Run that file and it runs. No dags/ folder to be scanned, no scheduler process that has to be alive, no toggling the flow on in a UI first. A flow is an ordinary Python function that Prefect has wrapped with orchestration — state tracking, logging, retries — and a task is a unit inside it that gets the same treatment. Flows call tasks, and flows can call other flows. That last one matters more than it looks: composition is just a function calling a function, which is exactly the thing Airflow made awkward.

The same pipeline, both ways

Description only gets you so far. Here is a bookshop load — extract orders, compute revenue — written first the way you’d write it in Airflow, then in Prefect, so the swap is visible line for line.

The Airflow version, against 3.x:

from datetime import datetime
from airflow import DAG
from airflow.providers.standard.operators.python import PythonOperator

def extract_orders(**context):
    orders = [
        {"title": "Dune", "qty": 2, "price": 18},
        {"title": "Piranesi", "qty": 1, "price": 15},
    ]
    context["ti"].xcom_push(key="orders", value=orders)

def compute_revenue(**context):
    orders = context["ti"].xcom_pull(key="orders", task_ids="extract")
    revenue = sum(o["qty"] * o["price"] for o in orders)
    print(f"{len(orders)} orders, revenue {revenue}")

with DAG(
    dag_id="daily_load",
    start_date=datetime(2026, 1, 1),
    schedule="@daily",
    catchup=False,
) as dag:
    extract = PythonOperator(task_id="extract", python_callable=extract_orders)
    revenue = PythonOperator(task_id="revenue", python_callable=compute_revenue)
    extract >> revenue

The Prefect equivalent:

from prefect import flow, task

@task
def extract_orders() -> list[dict]:
    return [
        {"title": "Dune", "qty": 2, "price": 18},
        {"title": "Piranesi", "qty": 1, "price": 15},
    ]

@task
def compute_revenue(orders: list[dict]) -> float:
    return sum(o["qty"] * o["price"] for o in orders)

@flow(log_prints=True)
def daily_load():
    orders = extract_orders()
    revenue = compute_revenue(orders)
    print(f"{len(orders)} orders, revenue {revenue}")

if __name__ == "__main__":
    daily_load()

Read the two side by side and every Airflow concept has quietly dissolved into plain Python. The with DAG(...) block is gone — the @flow function is the DAG. The two PythonOperator wrappers are gone — the functions are the tasks. The extract >> revenue edge is gone — the dependency exists because compute_revenue(orders) takes the output of extract_orders() as an argument, so Prefect knows one must finish before the other starts. And the whole xcom_push/xcom_pull dance — pushing a value into a side-channel keyed by task id, pulling it back out by name — collapses into orders = extract_orders(). The data moves the way data moves in Python: it’s a return value you hold in a variable.

The schedule hasn’t vanished, it’s just not baked into the workflow file. In Airflow the schedule="@daily" lives on the DAG object because the DAG and its schedule are the same declaration. In Prefect the flow doesn’t know or care how often it runs; scheduling is a property of a deployment, set separately, which is why the same flow can be a scheduled batch job, an ad-hoc python daily_load.py, and an event-triggered run without touching its code. We’ll get to deployments in their own chapter — for now the point is that the scheduling concern has been peeled off the workflow definition.

The noun-for-noun map

Most of learning Prefect from Airflow is re-mapping a vocabulary you already own. Here is the whole table in one place; the rest of the book is really just filling in each row.












































































	Airflow	Prefect	What changed
	DAG	@flow function	The function is the workflow; no separate graph object to build.
	Operator / task	@task function	You write Python and decorate it instead of choosing an operator class.
	>> / set_upstream	Passing a return value	Order comes from data flow between function calls, not declared edges.
	XCom	Task return value	A plain Python return, held in a variable — no push/pull, no key.
	Connection	Block	A typed, validated config object (pydantic v2), stored and reusable.
	Variable	Variable	Same idea, prefect.variables.Variable; JSON values by key.
	Executor (Celery / K8s)	Work pool + task runner	Where runs execute (work pool) split from how tasks fan out in-process (task runner).
	Sensor	Event + Automation	Instead of a task that polls, an external event triggers a run via an automation.
	Pool / concurrency slot	Work pool / work queue / concurrency limit	Throughput is capped at the pool, the queue, or with named concurrency limits.
	SubDAG / TaskGroup	Subflow	A flow calling another flow — ordinary composition, not a special construct.
	Scheduler	Prefect server + deployment schedule	The schedule lives on a deployment, not on the workflow.
	Webserver	Prefect UI (server or Cloud)	Records what happened; the flow can run without it being alive.
	Backfill / catchup	Deployment run (prefect deployment run)	Re-runs are triggered runs with parameters, not a catchup window.


The Connection → Block and Variable → Variable rows are the ones you’ll touch first when you move a real pipeline over, so a taste of both. An Airflow connection is a row in a metadata table addressed by a conn_id string, unpacked at runtime by a hook. A Prefect block is a typed, validated object you define, register, and load by name:

from prefect import flow
from prefect.variables import Variable
from prefect_sqlalchemy import SqlAlchemyConnector  # a stock block type

@flow
def load_to_warehouse():
    warehouse = SqlAlchemyConnector.load("bookshop-dw")   # was a Connection
    batch_size = Variable.get("load_batch_size", default=500)  # was a Variable
    with warehouse.get_connection(begin=False) as conn:
        ...

The difference from a conn_id string is that the block is a pydantic v2 model — its fields are typed and validated when you save it, and misspelling a field fails loudly at registration rather than with a KeyError three tasks deep. Variable.get(...) is the near-identical twin of airflow.models.Variable.get, JSON values by key, with a real default argument instead of a sentinel. Blocks get a whole chapter later; the mapping is clean enough that this is most of it.

Two rows deserve a flag because they trip people up. Executor → work pool + task runner is not one-to-one: Airflow’s executor bundles two concerns Prefect keeps apart. The work pool decides where a flow run lands — a local process, a Docker container, a Kubernetes job, a serverless push pool — and a worker pulls runs from it. The task runner is a separate, in-flow choice about whether the tasks inside a single run execute sequentially, in threads, or on a Dask/Ray cluster. You can run tasks concurrently on your laptop with no infrastructure, or run each flow on Kubernetes with tasks sequential inside it; those are independent dials. And Sensor → event + automation is a genuine inversion: an Airflow sensor is a task that sits in the graph pulling — occupying a slot, poking a condition on a schedule. Prefect flips it to push — something emits an event, an automation matches it, and a run is triggered. Nothing sits and waits burning a worker.

Prefect 2 was a different animal

If you go looking for tutorials, most of the search results are Prefect 2, and enough changed in 3.x that following them will strand you. The differences worth knowing before you read anything dated 2023 or 2024:


	Agents are gone. Prefect 2 used agents — lightweight pollers tied to a queue — to pick up scheduled runs. Prefect 3 replaced them entirely with typed work pools and workers. If a guide tells you to prefect agent start, it’s out of date; the command and the concept no longer exist.

	Deployments are built differently. The 2.x Deployment.build_from_flow(...) API and the prefect deployment build CLI are gone. In 3.x you use flow.serve() for the simple case, flow.deploy() for containerized/remote work, or a prefect.yaml with prefect deploy for repo-driven deployments.

	Blocks are pydantic v2. Prefect moved to pydantic v2 across the board, and blocks — the typed config objects — are pydantic v2 models. Custom blocks written against v1 validators need updating.

	Results and transactions are new. Prefect 3 added first-class, durably persisted results and transactions — with transaction(): blocks with on_rollback hooks, so a group of tasks commits or rolls back together. There is no Airflow equivalent and no Prefect 2 equivalent; it’s the headline 3.x feature, and chapter 10 is built around it.

	Autonomous background tasks are new. Calling some_task.delay(...) to run work on a separate task server, outside any flow, is a 3.x capability.



There’s a subtler shift underneath results, too: in 3.x a task’s return value can be persisted to configurable storage and keyed, which is what makes caching (“don’t recompute this”) and transactions (“commit or roll back these together”) possible at all. Prefect 2 treated results as mostly in-memory plumbing; Prefect 3 treats them as durable, addressable artifacts. If a 2.x tutorial’s mental model of caching feels thinner than what the UI shows you, that’s why.

The through-line is that Prefect 3 is a real re-architecture, not a point release, with a rewritten engine and a stronger concurrency and transactional story. Treat 2.x material as archaeology.

The moving parts

Because Prefect drops the always-on scheduler, it’s easy to assume there’s no server at all. There is — you just don’t always need it running. Four pieces make up a Prefect deployment:


	The API server — a FastAPI service (prefect server start) that is the orchestration brain: it stores flow-run and task-run state, holds schedules, and serves the REST API every other piece talks to.

	The database — where that state lives. SQLite by default for local development; Postgres for anything real. This is your run history, your logs, your block and variable storage.

	The UI — a React app the server hosts, showing flow runs, task runs, states, logs, and (once a run exists) its graph. It’s an observability surface, not the thing that makes runs happen.

	Workers — processes that poll a work pool for scheduled runs and execute them. Pull-based: a worker asks the API “anything for me?” rather than a scheduler shoving work at it.



That last piece is the quiet architectural swap. Airflow’s scheduler pushes: a central process holds the whole graph, decides what’s runnable, and hands work to executors. It’s the brain and the bottleneck — if it falls behind, everything waits, and scaling it is its own tuning exercise. Prefect’s workers pull: the API just records that a run is due, and independent workers ask for work when they have capacity. Nothing central has to know how many workers exist or where they run, so you can point a Kubernetes work pool and a laptop process pool at the same API and each pulls only what it’s meant to. The failure modes are gentler, too — a worker dying doesn’t stall the API, and standing up more throughput is starting another worker, not retuning a scheduler.

The part that feels alien coming from Airflow is that a bare python daily_load.py still works with none of this stood up. In that mode Prefect spins up a temporary ephemeral API backed by a throwaway local SQLite, tracks the run, and tears it down when the script exits — so you get states, retries, and logging with zero infrastructure. Point the same code at a persistent server (prefect server start) or at Prefect Cloud and now the history sticks around, the UI has something to show, and deployments can schedule the flow. Ephemeral mode is how you develop; a persistent API is how you operate. The workflow code is identical either way.

That persistent API comes in two editions, which the deployments and work-pool chapters will lean on:


	Self-hosted (open source) — free, prefect server start, you run the API, a Postgres, and your workers. Single-tenant, and the auth story is thin but not absent: it ships with a single shared credential — set PREFECT_SERVER_API_AUTH_STRING="admin:hunter2" and both the UI and the API demand it (unauthenticated calls get a 401). What it does not have is per-user identity, RBAC, or SSO — it’s one password for everyone, so you’re still expected to put it behind your own network controls. “No auth” is the thing people say; “one shared password and no roles” is the truth, and the difference matters when you’re deciding how much to trust it.

	Prefect Cloud — a hosted API and UI with workspaces, users, RBAC, SSO, service accounts, audit logs, event-driven automations, and serverless push work pools that run flows without you managing a worker at all. There’s a free tier; paid plans scale the seats, retention, and governance.



The practical rule of thumb: reach for self-hosted when you’re learning, prototyping, or running inside a single trusted network where you can live without built-in auth — it’s free and it’s honest about being single-tenant. Reach for Cloud the moment more than one person needs scoped access, you want event-driven automations and audit trails without building them, or you’d rather not babysit a Postgres and a fleet of workers. Crucially, your flow code doesn’t change between the two — you’re only pointing it at a different API URL — so this isn’t a lock-in decision you have to make on day one. Start ephemeral, graduate to a self-hosted server when you want history to persist, and move to Cloud when governance or serverless execution earns its cost.

Where it wins, and where Airflow still leads

This is the book’s framing, so let’s be honest rather than sell. Prefect wins on the dynamic, Pythonic end. Workflows whose shape depends on runtime data are a plain for loop and an if, not a mapping API. There’s far less ceremony between an idea and a running pipeline, and testing a flow is testing a function — you can call it in a pytest file with no test harness for a scheduler. If your work is genuinely data-shaped and changes run to run, Prefect stops fighting you.

Airflow still leads where its maturity compounds, and it’s worth naming the specific gaps rather than waving at them:


	The provider ecosystem is much smaller. Airflow has hundreds of operators and hooks; Prefect has a tidy set of integration libraries (prefect-aws, prefect-gcp, prefect-snowflake, prefect-dbt, and friends) and expects you to write more plain Python against vendors’ own SDKs. That’s often fine — a task calling boto3 is not hard — but the “there’s already an operator for this” reflex won’t always pay off.

	RBAC is thin outside Cloud. The open-source server has no real access control; meaningful RBAC, SSO, and audit logs are Cloud (paid) features. Airflow’s OSS RBAC is more mature.

	Cloud pricing is a real line item. The managed edition is usage-based, and at scale — many flows, high run volume, long retention — it can surprise you. Budget for it if Cloud is the plan.

	The graph is only visible at runtime. This is the flip side of “no static DAG.” Because the shape is discovered as the code runs, there’s no parse-time diagram of a pipeline you haven’t executed yet. The UI draws the graph while and after it runs, which is great for observability and worse for eyeballing an unfamiliar flow’s structure cold. Airflow’s static graph, for all its rigidity, is a picture you can read before anything happens.

	The ecosystem around it is younger. Fewer managed offerings (there’s no first-party AWS/GCP managed Prefect the way MWAA and Cloud Composer wrap Airflow — Prefect Cloud is the managed option), fewer Stack Overflow answers, less institutional muscle memory on teams.



If you haven’t yet, the case for any orchestrator is worth reading in the Airflow foundations chapter on why orchestration exists — Prefect answers the same need, it just answers it in Python instead of in a graph you declare.

And Prefect isn’t the only one making this bet. If you’re evaluating, know the neighbors. Dagster is asset-first: you declare the data assets you want to exist and it orchestrates to produce them, which maps cleanly onto a dbt-shaped world and gives you a lineage catalog out of the box — more opinionated than Prefect, and the closest thing to “orchestration that thinks in tables.” Temporal is a durable-execution engine for long-running, mission-critical workflows — sagas, microservice coordination — polyglot and lower-level, heavier to operate, and not really data-pipeline-shaped (though Prefect’s transactions borrow its durable-execution ideas). Mage is a batteries-included, UI-forward pipeline tool aimed at getting data engineers productive fast, less flexible than code-first Prefect but quicker to a first result. Prefect sits where you want general, code-first orchestration in Python with dynamic workflows and minimal ceremony — and where a static asset graph or a durable microservice engine would be either too opinionated or too low-level.

What the book covers

Sixteen chapters, built for someone who already thinks in DAGs, grouped by theme rather than read strictly in order:


	The model and the setup — this chapter’s swap, running Prefect and standing up the server UI, and flows/tasks/subflows as the building blocks of composition.

	Making runs happen — dynamic workflows where fan-out is just a loop; deployments from .serve() to something production schedules and triggers; and work pools and workers, where and how runs execute at scale.

	Config and control — blocks for typed config and secrets, variables/settings/profiles, states and state-change hooks, and concurrency and rate limiting.

	Durability and failure — results and caching so you don’t recompute what you already have, and retries, timeouts, and the exact semantics of failure.

	The Prefect 3 frontier — pause/resume and human-in-the-loop flows, and transactions, automations, and autonomous tasks — the features with no Airflow equivalent.



By the end you should be able to read a Prefect codebase and see the Airflow shape underneath it, and know which of your pipelines are better off written this way.

Final thoughts

The DAG object was never the point of orchestration — retries, observability, scheduling, and not running step two before step one are. Airflow reached those through a graph you declare and a scheduler that parses it, and that machinery earned it a decade of ubiquity. Prefect makes a bet that for a large class of Python-heavy, dynamic pipelines, the declared graph was accidental complexity — that if the language already expresses order through ordinary function calls, the orchestrator should read the order off the running code instead of asking you to write it twice. Whether that bet pays off for your pipelines is a real question, and it’s the one the rest of this book is built to help you answer.





Running Prefect: Your First Flow Run

Getting Airflow running locally is a project of its own — a scheduler, a metadata database, a webserver, and usually the Astro CLI to hold them together before a single DAG runs. Prefect’s first run is one virtual environment and a function call. The gap between those two experiences is the whole point, so let’s feel it, and then let’s understand exactly what is and isn’t running underneath.

Install and run

Prefect needs Python 3.10 or newer. Make a project directory, create a fresh virtualenv with uv, and install into it:

mkdir bookshop && cd bookshop
uv venv --python 3.12
source .venv/bin/activate
uv pip install prefect

uv venv --python 3.12 pins the interpreter for this project so you’re not at the mercy of whatever python3 happens to be on the machine. If you’d rather manage the whole project through uv’s lockfile — which is what you’ll want the day this pipeline runs somewhere other than your laptop — uv add prefect writes prefect into a pyproject.toml and pins the exact resolved version in uv.lock. Either way, confirm what you got:

prefect version

Version:             3.4.0
API version:         0.8.4
Python version:      3.12.3
Git commit:          abcdef12
Built:               ...
Server type:         ephemeral
Profile:             default

That Server type: ephemeral line and the Profile: default line are the two facts this whole chapter is about — hold onto them. Now write the bookshop’s daily load in bookshop.py:

from prefect import flow, task

@task
def extract_orders() -> list[dict]:
    return [
        {"title": "Dune", "qty": 2, "price": 18},
        {"title": "Piranesi", "qty": 1, "price": 15},
    ]

@task
def transform(orders: list[dict]) -> dict:
    return {
        "count": len(orders),
        "revenue": sum(o["qty"] * o["price"] for o in orders),
    }

@flow(log_prints=True)
def daily_load():
    orders = extract_orders()
    summary = transform(orders)
    print(f"{summary['count']} orders, revenue {summary['revenue']}")

if __name__ == "__main__":
    daily_load()

Run it like any script:

python bookshop.py

Here’s the part that stops Airflow people short: it just ran. No dags/ folder, no scheduler process waiting to pick it up, no toggling the flow on in a UI first. You called daily_load() and Python executed it — top to bottom, extract_orders before transform because that’s the order you wrote. There is no deployment to register and no scheduler to be alive. The terminal shows Prefect’s log lines wrapping your print, because log_prints=True routes print output into the flow’s logs:

Beginning flow run 'daily_load'
Created task run 'extract_orders'
Created task run 'transform'
2 orders, revenue 51
Finished in state Completed()

That last line is Prefect telling you the flow run ended in the Completed state. It tracked states, task runs, and logs for a script you ran by hand — no server involved yet. So where did that record go?

The ephemeral API: a flow run with no server

You didn’t start a server, but Prefect still needed an API to talk to — states have to be written somewhere, or the Finished in state Completed() line couldn’t exist. When no server is configured, Prefect spins up an ephemeral API inside your process for the duration of the run: an in-process instance of the same orchestration API a real server exposes, wired straight to a local database. It lives and dies with the Python process. That’s the Server type: ephemeral you saw in prefect version. It’s why the flow could record its own states with nothing listening on a port — the API was riding along inside python bookshop.py the whole time.

The database it writes to isn’t ephemeral, though. By default Prefect uses a SQLite file at ~/.prefect/prefect.db:

ls -la ~/.prefect/prefect.db

Every ephemeral run appends to that file, which is why your history survives from one python bookshop.py to the next even with no server. It’s also why, if you ever get the database into a weird state during experimentation, there’s a reset:

prefect server database reset

That drops and recreates the schema — a clean slate, and a genuinely useful thing to know exists the first time a migration or a corrupted local DB trips you up. (It affects whatever database your current profile points at; against a shared Postgres, treat it with the respect that implies.)

The ephemeral API is a fast local loop, not a place to keep anything. It has no long-running scheduler, so it can’t fire scheduled runs on its own, and nothing outside your process can query it. The moment you want history that outlives the process, a UI to look at it, or a scheduler that triggers runs on a cron, you graduate to a real server.

One consequence to know before it surprises you: ephemeral mode is a convenience for local development, and some environments disable it deliberately (it’s gated by the PREFECT_SERVER_ALLOW_EPHEMERAL_MODE setting). When it’s off — as it typically is on a shared or production box — a flow that finds no PREFECT_API_URL configured will error instead of quietly standing up its own API, which is the safe default there: you want production runs to fail loudly rather than record into a throwaway in-process database nobody can see. On your laptop it’s on, and the whole “just call the function” experience above depends on it.

Stand up the server when you want to watch

Running a flow doesn’t need a server, but observing your history does — the equivalent of Airflow’s webserver and its grid of colored squares, plus its scheduler. In a second terminal:

prefect server start

That launches the Prefect API and UI at http://127.0.0.1:4200, backed by that same SQLite database at ~/.prefect/prefect.db. Now it’s a real, long-lived process instead of an in-process guest — the difference is that it stays up, serves the web UI, and runs the components that fire scheduled and triggered runs. You can move it off the default port and bind:

prefect server start --host 0.0.0.0 --port 4200

--host 0.0.0.0 makes it reachable from other machines on the network rather than just localhost — the first thing you reach for when the server lives on a box and you want to browse the UI from your laptop.

There’s one wrinkle Airflow engineers hit immediately: starting the server doesn’t automatically point your client at it. python bookshop.py will keep using the ephemeral API until you tell your CLI and your flows to talk to the running server. That’s what PREFECT_API_URL is for:

prefect config set PREFECT_API_URL="http://127.0.0.1:4200/api"

Now run the flow again:

python bookshop.py

Open http://127.0.0.1:4200 and the run is there. Click into it and you’ll see the flow run with its two task runs underneath, each with a state, a duration, and its own logs — your 2 orders, revenue 51 sitting in the daily_load run’s log, exactly where you’d click when a task goes red.

Backing the server with Postgres

SQLite is perfect for one laptop. It is the wrong choice the moment more than one process writes concurrently — multiple workers, a team sharing a server, anything that isn’t just you. For that, point the server at Postgres by setting its connection URL before you start it:

prefect config set PREFECT_SERVER_DATABASE_CONNECTION_URL="postgresql+asyncpg://prefect:prefect@localhost:5432/prefect"
prefect server database reset   # initialize the schema in the new database
prefect server start

The postgresql+asyncpg:// scheme matters — Prefect talks to Postgres over the async asyncpg driver, not psycopg2, so the URL prefix isn’t optional. Everything else about the server is identical; you’ve only swapped the storage engine underneath it from a file to a database that handles concurrent writers. This is the standard self-hosted production shape, and we’ll return to it when we deploy for real.

Compare the setup to Airflow’s. Airflow’s UI is inseparable from running it: no scheduler and webserver, no observability, and standing those up locally is the whole of the run-it-locally exercise. In Prefect the flow already ran on its own; the server is a recorder-and-scheduler you attach when you want history and scheduling, not a prerequisite for anything to execute.

Profiles and settings

You just set two settings — PREFECT_API_URL and a database URL — with prefect config set. Where did they go, and how do you keep a “local SQLite” configuration and a “shared Postgres server” configuration from clobbering each other? That’s profiles.

A profile is a named bundle of settings. Prefect ships with one called default, which is the one you’ve been editing. List them, see the active one, and inspect what’s in it:

prefect profile ls
prefect config view

prefect config view shows the effective settings and — usefully — where each came from: a profile, an environment variable, or a built-in default. When a flow talks to the wrong API, this is the first command to run, because it tells you which PREFECT_API_URL actually won.

The point of profiles is switching cleanly. Create one for a local server and one for, say, Cloud, and flip between them without hand-editing anything:

prefect profile create local-server
prefect profile use local-server
prefect config set PREFECT_API_URL="http://127.0.0.1:4200/api"

Now default still has whatever it had, and local-server holds the running-server URL. prefect profile use default puts you back on the ephemeral setup with one command. The settings themselves live in a TOML file at ~/.prefect/profiles.toml, so a profile is portable and inspectable — but you rarely edit it by hand; prefect config set and prefect config unset do it for you. One caution that follows from the file being plain TOML: an API key set on a Cloud profile is stored there in the clear, so ~/.prefect/profiles.toml is not something to commit to a repo or share — treat it like any other credential on disk, and in CI prefer passing PREFECT_API_URL and PREFECT_API_KEY as environment variables (which, remember, override the profile anyway) over baking a profile into the image. Two things worth knowing: prefect config set writes to the currently active profile (check prefect config view if you’re unsure which that is), and an environment variable of the same name overrides the profile at runtime — so PREFECT_API_URL=... python bookshop.py wins over whatever the profile says, which is exactly what you want in CI.

Prefect Cloud

The self-hosted server is one option; the other is Prefect Cloud, where Prefect runs the API, database, and UI for you and you never prefect server start at all. The client-side flow is a login and a workspace selection:

prefect cloud login

That opens a browser to authenticate and hands your CLI an API key, or you can paste a key directly for headless environments:

prefect cloud login -k pnu_your_api_key_here

API keys are how anything non-interactive — a worker on a server, a CI job — authenticates to Cloud; you generate them in the Cloud UI under your account settings. Cloud organizes runs into workspaces (think of a workspace as one isolated environment — its own runs, deployments, and blocks). If you belong to more than one, pick the active one:

prefect cloud workspace ls
prefect cloud workspace set --workspace "my-org/production"

Under the hood, prefect cloud login is just setting PREFECT_API_URL (to your workspace’s Cloud endpoint) and an API key on a profile — the same machinery as pointing at a local server, aimed at Prefect’s infrastructure instead of yours. Which is why switching between “my laptop’s ephemeral DB,” “our self-hosted server,” and “Cloud production” is really just switching profiles.

Cloud vs. self-hosted, at a glance

You don’t have to decide this now, but the shape of the choice is worth having in mind:


	Self-hosted (SQLite or Postgres) gives you full control and keeps everything on your infrastructure — the right call when data-residency or network policy rules out a SaaS control plane, or when you simply don’t want to pay for one. The cost is that you run and upgrade the server, the database, and its availability yourself.

	Cloud removes all of that operational surface and adds things a bare self-hosted server doesn’t have out of the box — accounts and RBAC, multiple workspaces, SSO, audit logs, and managed automations. The cost is a per-seat/usage bill and your control plane living in Prefect’s cloud (your flows still run on your own infrastructure via workers — Cloud orchestrates, it doesn’t execute your code).



We’ll go deeper on the self-hosted production shape and on workers when we get to deployments and work pools; for now, the mental model is that both are “an API your client points at,” and the code you write doesn’t change between them.

A short CLI tour

The prefect CLI is how you inspect everything the API knows without opening the UI. A few commands you’ll reach for constantly:

prefect version                    # client + API version, server type, active profile
prefect config view                # effective settings and where each came from
prefect flow-run ls                # recent flow runs, with their states
prefect deployment ls              # registered deployments (empty until you make one)
prefect profile ls                 # your profiles; the active one is marked

Run prefect flow-run ls now and you’ll see the runs of daily_load you’ve fired, each with an id, name, and state — the CLI reading back the same records the UI renders. Note that prefect flow-run ls reads from whatever API your active profile points at, so if a run you expected is missing, the usual cause is that you ran the flow under the ephemeral profile and are now listing against the server (or vice versa) — prefect config view settles it. To undo a setting you no longer want on a profile, prefect config unset PREFECT_API_URL removes it and falls back to the default (the ephemeral API), which is the clean way back to a laptop-only setup.

prefect deployment ls is empty at this point, and that’s the correct answer: you haven’t created a deployment yet (that’s the deployments post), and running a flow by calling its function never makes one. It’s a good early sanity check that “I ran a flow” and “I have a deployment” are genuinely separate things in Prefect, which trips up people expecting Airflow’s “the file is the DAG registration” model. Almost every noun has a corresponding CLI group — prefect flow-run, prefect deployment, prefect work-pool, prefect block, prefect profile — and prefect <group> --help lists what it can do.

Logging: get_run_logger() vs. log_prints

You’ve already seen log_prints=True fold your print calls into the flow’s logs. That’s the quick path, and it’s genuinely useful for a print you dropped in while debugging — it shows up next to the orchestration logs instead of vanishing into stdout. But the idiomatic way to log inside a flow or task is to ask Prefect for the run’s logger:

from prefect import flow, task, get_run_logger

@task
def transform(orders: list[dict]) -> dict:
    logger = get_run_logger()
    revenue = sum(o["qty"] * o["price"] for o in orders)
    logger.info("Transformed %d orders → revenue %d", len(orders), revenue)
    return {"count": len(orders), "revenue": revenue}

get_run_logger() returns a standard Python logger that’s bound to the current flow or task run, so its output is tagged with the run and level (INFO, WARNING, ERROR) and lands in exactly the place the UI shows per-run logs. Reach for it over print + log_prints when you care about levels, structured messages, or code that also runs outside Prefect — the logger is a no-op-safe standard logger, whereas log_prints is a blunt “capture all stdout” switch. Note that get_run_logger() only works inside a running flow or task; call it at module top level and it’ll raise, because there’s no run to bind to. The two aren’t mutually exclusive — keep log_prints=True on for convenience and use get_run_logger() where you want real log lines. The dedicated logging post goes deeper on formatting, levels, and shipping logs off-box; this is the working minimum.

The states you’ll actually see

That view in the UI is built from states, and because later chapters on retries, caching, and automations all act on specific state names, it’s worth naming the real set now rather than waving at “and more.” A flow run or task run is always in exactly one of these:


	Scheduled — Prefect intends to run it, but not yet; it’s waiting for its time or a slot. Late is a Scheduled sub-state meaning its start time has passed and it still hasn’t begun — the signal that something (usually a worker) isn’t picking work up.

	Pending — the run has been claimed and is preparing to execute.

	Running — actively executing right now.

	Completed — finished successfully. This is the one you saw.

	Failed — finished by raising an error. Retries operate on transitions out of this.

	Crashed — the run’s infrastructure died (process killed, pod evicted, OOM) rather than the code raising — Prefect distinguishes “your code failed” from “the thing running your code went away.”

	Cached — completed by reusing a previous result instead of re-executing, because a cache key matched.

	Cancelled — stopped deliberately, by a human or an automation.

	Paused — suspended mid-run, waiting to be resumed (for an approval step, say).



These aren’t just UI colors; they’re a state machine, and much of what makes Prefect feel different from Airflow lives in the transitions between them. The dedicated states and hooks post leans on this list directly — Cached comes back in results and caching, the Failed → Scheduled → Running loop is retries, and Crashed vs. Failed is why Prefect’s failure handling is more precise than “the task went red.” Worth internalizing early: Airflow has task states too, but it has no first-class equivalent of Cached (its result reuse lives in XComs and custom logic) or Crashed as a distinct outcome, so this vocabulary is part of what you’re learning, not a renaming of something you already have.

The everyday loop

Working in Prefect settles into a tight cycle. Edit the Python. Run python bookshop.py. Watch the run land in the UI (or read it back with prefect flow-run ls). Because the flow is a plain function, that inner loop needs nothing running — the ephemeral API records it either way — and you only attach a server when you want durable history, a scheduler, and a shared view.

Keep the mental split clean. A flow runs whether or not a server is up: with no server it uses the ephemeral in-process API and still records to ~/.prefect/prefect.db; with a server it records to that server’s database and shows up in the UI. What changes when you attach a real server isn’t whether the code executes or even whether it’s recorded — it’s whether that record is durable, shared, and schedulable. That’s the line to keep in your head as the rest of the book turns these local runs into deployed, triggered, production workflows.

Final thoughts

The friction Airflow charges up front — a scheduler, a database, a webserver before “hello world” — buys real things at scale, but it also means you can’t casually try a pipeline. Prefect moves that cost to where you actually need it. A flow is a function you run today against an ephemeral API and a SQLite file you didn’t have to configure; the server, Postgres, profiles, and Cloud are infrastructure you add the day you want history, scheduling, and a team — and adding them changes nothing about the code, only which API your client points at. Start with the function, earn the server. The next chapter takes the two decorators you just used and pushes on what they’re really for.





Flows, Tasks, and Subflows

Two decorators do almost everything in Prefect, which makes it easy to sprinkle them without asking what each one buys you. @flow and @task aren’t interchangeable garnish — they mark different units with different guarantees, and one of them, subflows, quietly fixes a problem Airflow spent years failing to solve well. This chapter is about using all three deliberately, and about the two dozen keyword arguments hiding behind those decorators that you’ll actually reach for once the toy example grows up.

What earns a @task

A @task is a unit Prefect will observe and, if you ask, retry, cache, and track as its own run. That’s the whole test: does this piece of work deserve to be seen and recovered independently? Calling a warehouse, hitting an API, reading a file — anything that can fail on its own, take real time, or that you’d want to see as a distinct row in the UI — earns a task. A three-line dictionary reshape between two of those does not; that’s a plain helper function, and wrapping it in @task only adds orchestration overhead and UI noise for something that never fails alone.

from prefect import flow, task

@task
def extract_orders() -> list[dict]:
    return [
        {"title": "Dune", "qty": 2, "price": 18},
        {"title": "Piranesi", "qty": 1, "price": 15},
    ]

def line_total(order: dict) -> int:      # plain helper, no decorator
    return order["qty"] * order["price"]

@task
def load(summary: dict) -> None:
    print(f"loaded {summary}")

@flow(log_prints=True)
def daily_load():
    orders = extract_orders()
    summary = {"count": len(orders), "revenue": sum(line_total(o) for o in orders)}
    load(summary)

extract_orders and load touch the outside world, so they’re tasks — each becomes a task run with its own state and logs. line_total is pure arithmetic that only runs inside a comprehension; leaving it a plain function keeps the UI honest about what actually did I/O. Coming from Airflow, resist the reflex that every step must be an operator. Here, “step the orchestrator cares about” and “function” are separate decisions, and most functions stay undecorated.

The full @task surface

The bare @task is the two-percent case. In a real pipeline the decorator carries the configuration Airflow spreads across operator kwargs, default_args, and the odd Variable. Here’s a task wearing most of what it can wear:

from datetime import timedelta
from prefect import task
from prefect.cache_policies import INPUTS

def alert_oncall(task, task_run, state):
    print(f"{task_run.name} failed: {state.message}")

@task(
    name="extract-orders",
    task_run_name="extract-{day}",
    tags=["warehouse", "extract"],
    retries=3,
    retry_delay_seconds=[10, 30, 60],
    retry_jitter_factor=0.2,
    timeout_seconds=120,
    cache_policy=INPUTS,
    cache_expiration=timedelta(hours=6),
    persist_result=True,
    log_prints=True,
    on_failure=[alert_oncall],
)
def extract_orders(day: str) -> list[dict]:
    print(f"pulling {day}")
    ...

Take these in groups, because they answer four different questions.

Identity and observability. name sets the task’s display name (it defaults to the function name); task_run_name templates the name of each individual run from the call’s arguments, so the UI shows extract-2026-05-05 instead of five identical extract_orders rows. That template pulls from the task’s parameters by name — {day} resolves to the day argument — which is the single highest-leverage thing you can do for a busy flow’s readability. tags attach labels that you can filter runs by and, more usefully, hang concurrency limits off of; a "warehouse" tag shared across every task that hits the warehouse is how you cap that pool globally, which the concurrency chapter picks up.

Failure and time. retries, retry_delay_seconds (a scalar or a per-attempt list), and retry_jitter_factor (spreads retry timing so a fleet of tasks doesn’t retry in lockstep and re-hammer a recovering service) are the recovery knobs. timeout_seconds bounds the run — overrun it and the task run goes to a failed state instead of hanging your flow forever, the thing Airflow’s execution_timeout does. These are Airflow-familiar in spirit; the retries chapter covers the sharper edges like retry_condition_fn.

Results and caching. cache_policy and cache_key_fn decide when a task run can be skipped because an equivalent one already succeeded — INPUTS here means “same arguments, same cached result.” persist_result forces the return value to durable storage (not just in-memory), and result_serializer picks how it’s written ("json", "pickle", or a custom serializer). This is the one area where the decorator argument is only the tip; caching in Prefect 3.x is a real subsystem and it gets its own results and caching chapter. Know that the knob lives here; learn the model there.

Logging and hooks. log_prints=True routes the task’s print calls into its run logs. on_completion and on_failure (each a list of callables) fire when the task run settles into that state — the local, in-code reaction that lives next to the task, as opposed to a platform-level automation. A hook receives (task, task_run, state), so it can read the message, inspect the result, page someone. The full state-hook story, including on_crashed, is in the states chapter.

You will almost never set all of these at once. The point is that the decorator is the configuration surface — there’s no separate operator class to subclass, no default_args dict to thread down — so when you need one of these behaviors you add a keyword and move on.

Task run versus flow run

The vocabulary lines up with Airflow’s, one rung shifted. A flow run is one execution of a flow — the counterpart of a DAG run. A task run is one execution of a task inside that flow run, the counterpart of a task instance. Trigger daily_load twice and you have two flow runs, each containing its own extract_orders and load task runs. States live at both levels: the flow run has a state, each task run has a state, and a task run failing is what typically drags its flow run to Failed.

The full @flow surface

@flow carries its own set, and it overlaps the task’s on purpose — a flow is also a run with a name, retries, and hooks — while adding the arguments that only make sense for the top-level unit.

from prefect import flow
from prefect.task_runners import ThreadPoolTaskRunner

@flow(
    name="daily-load",
    flow_run_name="daily-load-{day}",
    description="Extract, summarize, and reconcile a day of bookshop orders.",
    version="2026.05.05",
    task_runner=ThreadPoolTaskRunner(max_workers=8),
    retries=2,
    retry_delay_seconds=30,
    timeout_seconds=600,
    validate_parameters=True,
    log_prints=True,
    on_failure=[alert_oncall],
)
def daily_load(day: str):
    ...

flow_run_name templates the run’s name from parameters exactly like task_run_name. description defaults to the function’s docstring and shows in the UI; version tags the run with a version string (defaults to a hash of the source) so you can tell which revision of the code produced a given run — the manual cousin of Airflow 3’s DAG versioning. task_runner is the flow-only lever that decides how this flow’s tasks execute when submitted concurrently — the default runs them on a thread pool; swap in a Dask or Ray runner for distributed execution — and it’s the subject of its own discussion in the work pools chapter. retries, retry_delay_seconds, and timeout_seconds apply to the whole flow run: a flow with retries=2 re-executes the entire flow function on failure, which is a blunter instrument than task retries and worth using sparingly. State hooks (on_completion, on_failure, and flow-only additions) behave as they do on tasks. That leaves validate_parameters, which needs its own section.

Parameters and validation

A flow’s parameters are its interface — the values a schedule, an API call, or a UI form supplies when it triggers a run. Prefect leans on your type hints to validate and coerce those values through Pydantic v2 before the flow body runs. This is not decoration; it’s a gate.

from datetime import date
from prefect import flow

@flow
def daily_load(day: date, limit: int = 1000, dry_run: bool = False):
    print(type(day), day)   # <class 'datetime.date'> 2026-05-05
    ...

Trigger this from the UI or the API with day="2026-05-05" — a string, because JSON has no date type — and Prefect coerces it to a real datetime.date before your code sees it. Pass limit="1000" and it becomes an int. Pass day="not-a-date" and the flow run fails at validation with a clear Pydantic error before the body executes, instead of blowing up three lines in when you try to do date math. Coming from Airflow, this replaces the ritual of reaching into dag_run.conf and hand-checking every value; the type hint is the schema.

For anything beyond a scalar, hand the flow a Pydantic model and get structured validation for free:

from pydantic import BaseModel, Field
from prefect import flow

class LoadConfig(BaseModel):
    day: date
    limit: int = Field(gt=0, le=100_000)
    sources: list[str] = ["orders", "returns"]

@flow
def daily_load(config: LoadConfig):
    print(config.limit, config.sources)

Now the trigger sends a JSON object, Prefect parses it into a LoadConfig, and limit=0 or a negative limit is rejected by the Field constraint. The flow body receives a fully-typed, already-validated object. This is a genuine step up from conf dictionaries you defensively .get() your way through.

When you don’t want coercion — say a parameter is an exotic type Pydantic can’t build, or you’re passing an object you’d rather hand through untouched — set validate_parameters=False on the flow. Validation is skipped entirely and values arrive as given. It’s an escape hatch, not a default; leaving validation on is what makes a scheduled flow fail loudly at the boundary rather than quietly deep inside.

Return values, not XComs

Look at how summary moves from extract_orders to load: it’s a return value passed as an argument. That’s the entire mechanism. There is no xcom_push, no ti.xcom_pull, no separate metadata store that serializes your data behind the scenes and imposes a size limit. A task returns a Python object; you hand it to the next task the way you’d pass any value in any function.

In Airflow, XComs exist because tasks are separate operator instances that can’t share a call stack, so data between them has to detour through the metadata database — the whole reason the XComs chapter needs to exist. Prefect’s tasks run inside one Python function, so passing data is just passing data. Prefect does have a durable results layer underneath — where returns are stored so they survive retries and power caching — but you don’t reach for it to move a value between two steps. That’s covered later in the book; for now, a return is a return.

Getting state from a call

By default, calling a task returns its result — the return value — and if the task failed, the exception is raised right there in your flow, exactly like calling a normal function. Most of the time that’s what you want: let it raise, let the flow fail. But sometimes you need to inspect how a task ended without your flow immediately dying on it, and Prefect gives you a few precise handles.

return_state=True changes what the call hands back. Instead of the result (or a raised exception), you get the task run’s state object, and reading the value becomes an explicit, non-raising step:

@flow
def daily_load(day: date):
    state = extract_orders(day, return_state=True)
    if state.is_failed():
        print("extract failed; loading yesterday's snapshot instead")
        orders = load_snapshot(day)
    else:
        orders = state.result()   # unwrap the value now
    ...

state.result() pulls the return value out of a completed state; on a failed state it re-raises unless you pass raise_on_failure=False. This is the mechanism behind conditional recovery — you catch the failure as data, branch on it, and keep going, instead of the whole flow crashing. It’s also how a hook or an automation reads what a run produced.

allow_failure is the complementary tool for the dependency direction. Normally, passing one task’s output into another creates a data dependency: if the upstream failed, the downstream never runs, because there’s no value to give it. Wrap the argument in allow_failure and the downstream runs anyway, receiving the failed state instead of a value — the deliberate “run this even if its input broke” you’d express with trigger rules in Airflow:

from prefect import allow_failure

@flow
def daily_load(day: date):
    orders = extract_orders(day)
    report = build_report(orders)
    notify(allow_failure(report))   # send the notification even if the report failed

The states chapter goes deep on the full model — Failed versus Crashed, AwaitingRetry, the lot — so treat this as the working subset: return_state=True to inspect, .result() to unwrap, allow_failure to depend-through-failure. See the states and hooks chapter for the rest.

One more distinction lives here: calling a task directly versus .submit(). A direct call runs the task and blocks until it’s done — sequential, synchronous, the default. .submit() hands the task to the flow’s task runner and returns a PrefectFuture immediately, letting the flow keep going and the task run in the background:

@flow
def daily_load(days: list[date]):
    futures = [extract_orders.submit(d) for d in days]   # all start concurrently
    results = [f.result() for f in futures]              # gather when you need them

.submit() is how you get concurrency out of the task runner without touching threads yourself; .result() on the future blocks until that one finishes. Passing a future straight into another task’s arguments wires up the dependency and unwraps it automatically — you only call .result() when you need the value in flow code. Direct call for a simple sequence, .submit() when the steps are independent and you want them overlapping.

Async flows and async tasks

Because a flow is just a Python function, an async def flow is a first-class flow, and an async task is a first-class task. This matters the moment your pipeline is I/O-bound — a dozen HTTP calls, a handful of async database drivers — because you get real asyncio concurrency instead of thread-pool workarounds.

import asyncio
from prefect import flow, task

@task
async def fetch(source: str) -> dict:
    async with http_client() as c:
        resp = await c.get(f"https://feed.internal/{source}")
        return resp.json()

@flow
async def daily_load(sources: list[str]):
    results = await asyncio.gather(*(fetch(s) for s in sources))
    return combine(results)

You await an async task call the way you’d await any coroutine, and you can asyncio.gather a batch of them for concurrency without a task runner in sight. Run the flow with asyncio.run(daily_load([...])) or, from the deployment machinery later in the book, let Prefect await it for you. Sync and async tasks coexist in the same codebase; pick async where the work is genuinely awaitable and sync everywhere else — mixing them is fine, and Prefect doesn’t force the whole pipeline to commit to one color.

Subflows: a flow calling a flow

A flow can call another flow, and the callee becomes a subflow — a flow run nested inside the parent’s flow run, with its own state and its own group of task runs in the UI. That’s the composition primitive, and it’s the one Airflow never delivered cleanly. SubDAGs were fragile enough that they were removed; TaskGroups replaced them but are only visual grouping — they don’t give you a reusable, independently-stated unit you can call from anywhere.

Give the bookshop a reconciliation step and make it its own flow:

from prefect import flow, task

@task
def check_totals(summary: dict) -> bool:
    return summary["revenue"] > 0

@flow
def reconcile(summary: dict) -> None:
    if not check_totals(summary):
        raise ValueError("revenue reconciliation failed")

@flow(log_prints=True)
def daily_load():
    orders = extract_orders()
    summary = {"count": len(orders), "revenue": sum(line_total(o) for o in orders)}
    load(summary)
    reconcile(summary)

reconcile is a full flow — it has its own tasks and states and could be scheduled or tested on its own — and daily_load uses it by calling it. In the UI, the daily_load run shows a nested reconcile subflow run beneath it, its check_totals task run tucked inside. You compose pipelines the way you compose functions: extract a piece, give it a name, call it from wherever you need it. No SubDAG caveats, no accepting that your grouping is cosmetic.

Two properties are worth naming. First, a subflow runs in-process, in the same Python process and (unless you make it async and submit it) inline in the call — you pass it real Python objects and get real Python objects back, no serialization at the boundary. Second, state rolls up: a failed subflow, by default, fails its parent, the same way a failed task does. reconcile raising ValueError fails the reconcile subflow run, and that failure propagates up and fails daily_load — unless you called it with return_state=True and chose to handle it, exactly the mechanism from the previous section. Subflows are the level at which you assemble a big pipeline out of independently-testable pieces while keeping one coherent, drill-down-able run in the UI.

run_deployment: crossing the infra boundary

A subflow shares your process, which is its strength and its limit — everything runs on the same worker, at the same time, with the same dependencies. When you want one flow to trigger another deployment — a flow that lives elsewhere, runs on different infrastructure, or is owned by another team — the tool is run_deployment:

from prefect.deployments import run_deployment

@flow
def daily_load(day: date):
    summary = summarize(extract_orders(day))
    # hand off to a separately-deployed flow, on its own infra
    run_deployment(
        name="reporting/nightly-report",
        parameters={"day": day.isoformat(), "revenue": summary["revenue"]},
    )

This creates a run of the nightly-report deployment in the reporting project and (by default) waits for it, surfacing it as a related run. It’s the cross-infra composition primitive — the closest Prefect analog to Airflow’s cross-DAG triggering — and it’s how you stitch a fleet of independently-deployed flows into one lineage.

The critical difference from a subflow is the boundary. A subflow shares memory, so data passes as live objects. run_deployment crosses a process — often a machine — so the data you send serializes: parameters go out as JSON through the API and are validated by the target flow’s Pydantic signature on the way in, which is exactly why we send day.isoformat() and a plain number rather than rich objects. You get isolation, independent scaling, and separate ownership; you pay for it with a serialization boundary and the size and type limits that come with JSON. Reach for a subflow when the pieces belong to the same pipeline and process; reach for run_deployment when they’re genuinely separate systems that should stay decoupled. Deployments themselves are the next major chapter; this is just the seam where flows call across them.

Tags, naming, and nested tasks

Two habits pay for themselves the first time a flow run misbehaves at 2 a.m. Name your runs with flow_run_name/task_run_name templates so the UI reads as daily-load-2026-05-05 instead of a wall of identical function names — future-you scanning a list of runs will know instantly which day broke. Tag by concern, not by name: a "warehouse" tag on every task that touches the warehouse, a "external-api" tag on every task that leaves your network. Tags are how you filter runs across flows and, more importantly, where global concurrency limits attach — so the tag you add for observability today becomes the throttle you need next month.

A word on nesting tasks. Calling a task from inside another task is allowed, and in Prefect 3 the inner call does get its own tracked task run — you’ll see both in the UI and in the logs. (If you’ve read that nested tasks aren’t tracked, that was Prefect 2; it changed.) So the reason to avoid deep nesting isn’t lost observability any more — it’s that a task calling a task calling a task produces a run graph that reads like a stack trace rather than a pipeline, and you lose the flat, glanceable shape that made the flow legible in the first place. Nest when it genuinely helps; reach for a subflow when you want a named, reusable unit with its own state roll-up. The clean shape is flat — a flow orchestrates tasks; tasks call plain functions, not other tasks. When you genuinely need a nested unit of orchestration, that’s the signal to make the inner piece a subflow instead, which Prefect does track as a nested run with full state roll-up. Keep tasks as leaves and reach for subflows when you want a branch, and the run tree in the UI will mirror the structure you actually intended.

Final thoughts

The discipline Prefect asks for isn’t in an API — it’s in deciding what’s worth orchestrating, and then reaching for the right keyword. @task for the units that fail, wait, or deserve their own row; plain functions for everything in between; @flow for anything you’d want to name, version, validate, or call from another flow. The decorator arguments are the whole configuration surface, so the leap from a toy flow to a production one is a handful of keywords — retries, a task_run_name, a tag, a Pydantic-typed parameter — not a new class hierarchy. And when a pipeline outgrows one process, subflows compose in-memory and run_deployment composes across infrastructure, with the serialization boundary being the one real difference between them. Get those calls right and your pipeline reads as ordinary, composable Python that happens to be observed — which was the promise the whole time. Next we lean on that: when the workflow itself has to change shape with the data, Prefect’s answer is the least surprising thing an Airflow engineer could hear.





Dynamic Workflows: Just Write Python

Here’s the moment Prefect earns its place in your toolbox. You have a task that returns today’s order files — one per region, and you don’t know how many until the extract runs. In Airflow, that unknown count is a design problem: the graph is fixed at parse time, so a task-per-file needs dynamic task mapping — .expand(), a mappable operator, and the discipline to keep the expanded input serializable and small. In Prefect the same requirement is a for loop, or one call to .map(), and there was never a graph to negotiate with in the first place.

There’s one trap in that sentence, though, and it catches almost everyone coming from a language runtime rather than a scheduler. So before the fan-out patterns, the gotcha.

The for loop that doesn’t parallelize

Write the obvious thing and it will run, produce correct output, and quietly do it one file at a time:

@flow(log_prints=True)
def daily_load():
    files = list_order_files()
    counts = []
    for path in files:
        counts.append(load_file(path))   # BLOCKS here, every iteration
    print(f"loaded {sum(counts)} rows")

Calling load_file(path) directly — the way you’d call any Python function — runs the task to completion and returns its value before the loop advances. Three files that each take twenty seconds take a minute, in order. Nothing is concurrent. This surprises Airflow engineers because in Airflow a loop that builds tasks is the parallel construct: the loop runs at parse time, emits N task instances, and the scheduler runs them across your workers. Here the loop runs at execution time and each call is a blocking function call. The loop is control flow, not a fan-out.

Concurrency is opt-in, and the opt-in is one of two method calls on the task. .submit(path) schedules the task on the flow’s task runner and hands back a future immediately, without waiting:

@flow(log_prints=True)
def daily_load():
    files = list_order_files()
    futures = [load_file.submit(path) for path in files]   # all scheduled, none awaited
    counts = [f.result() for f in futures]                  # now collect
    print(f"loaded {sum(counts)} rows")

The list comprehension fires off every task run without blocking; the three loads overlap on the thread pool; only the second comprehension, where you call .result(), waits. Or skip the manual loop entirely and let .map() do the fan-out for you — which is where most dynamic Prefect code actually lives.

Fan-out is a method call

The bookshop extract lands a variable number of regional order files each morning. You want to load each one, then consolidate. The whole thing:

from prefect import flow, task

@task
def list_order_files() -> list[str]:
    # today's per-region drops; count varies day to day
    return ["orders-emea.csv", "orders-amer.csv", "orders-apac.csv"]

@task
def load_file(path: str) -> int:
    rows = read_csv(path)
    write_to_warehouse(rows)
    return len(rows)

@task
def consolidate(counts: list[int]) -> int:
    return sum(counts)

@flow(log_prints=True)
def daily_load():
    files = list_order_files()
    counts = load_file.map(files)
    total = consolidate(counts)
    print(f"loaded {total} rows")

load_file.map(files) submits one task run per element (the fan-out) and returns a PrefectFutureList — a list of futures standing in for the results. Hand that list straight to consolidate and Prefect resolves every future before the reduce runs; you didn’t await anything by hand. The count of load_file runs is decided the instant list_order_files returns. Nothing was declared up front, because there’s no up front — the shape is the execution.

Compare the Airflow version in your head: a mapped task, an XCom carrying the file list, the parse-time constraint that the thing you map over stay modest, and a UI that renders the mapped instances as a group. The Prefect version is the same idea with the scaffolding removed. If you want the map without a separate reduce task, a comprehension over the futures works too:

counts = load_file.map(files)
total = sum(f.result() for f in counts)

One thing to internalize: .map() runs concurrently and .submit()-in-a-loop runs concurrently, but a bare for path in files: load_file(path) runs sequentially. Same three lines of intent, three very different execution profiles. When you want fan-out, reach for .map() or .submit() deliberately.

.map() past the happy path

The one-iterable case is the demo. Real fan-out mixes per-element inputs with constants, zips several lists together, and occasionally maps a map. Prefect handles all of it, but the rules are specific.

Constants need unmapped(). By default .map() treats every argument as an iterable to spread over, one element per task run. Pass a plain value you want shared across all runs and Prefect will try to iterate it — a string gets mapped character by character, a dict by its keys, and a bare object raises. Wrap anything that should be held constant:

from prefect import unmapped

@task
def load_file(path: str, target_schema: str, run_date: str) -> int:
    ...

@flow
def daily_load(run_date: str):
    files = list_order_files()
    counts = load_file.map(
        files,
        target_schema=unmapped("analytics"),   # same for every run
        run_date=unmapped(run_date),            # same for every run
    )

Without unmapped, "analytics" would be spread letter by letter and you’d get one task run per character — usually a crash when the lengths don’t line up, occasionally a silent nonsense fan-out. unmapped is also how you pass a list you mean as a single value: unmapped(["a", "b"]) gives every run the whole two-element list, where the bare list would map over it.

Multiple iterables zip. Give .map() two lists of equal length and it pairs them positionally — element i of each goes to task run i:

counts = load_file.map(files, schemas)   # (files[0], schemas[0]), (files[1], schemas[1]), ...

This is zip, not a cross product. And unlike Python’s zip, mismatched lengths do not silently truncate to the shortest — Prefect refuses outright with MappingLengthMismatch: Received iterable parameters with different lengths. That’s the right call, and it means you don’t have to defensively assert the lengths match: if the pairing is wrong, you find out immediately and loudly rather than by noticing that three of your five regions never loaded. Keyword arguments map the same way; you can mix mapped and unmapped freely:

counts = load_file.map(
    path=files,                       # mapped
    target_schema=schemas,            # mapped, zipped with files
    run_date=unmapped(run_date),      # constant
)

Nested maps compose because .map() returns futures and .map() accepts futures. To fan a second stage out over the first stage’s results, map the downstream task over the upstream future list — no intermediate collection, no .result() call to force a barrier:

raw = load_file.map(files)            # PrefectFutureList
validated = validate.map(raw)         # one validate run per load, chained through futures
report = summarize(validated)

Prefect wires each validate run to wait on its matching load_file future, so the two stages pipeline: a file that finishes loading early can start validating while a slower file is still loading. You didn’t build a dependency graph; you passed futures to a function.

Ordering dependencies with no data link use wait_for=, the same knob you’d use on a normal task call. When a mapped stage must run after some upstream that it doesn’t take as input — a schema migration, a truncate, a permission grant — pass the upstream future(s):

prep = ensure_target_tables()
counts = load_file.map(files, wait_for=[prep])   # every load waits on prep, no data passed

Finally, a cost worth knowing before you map over something huge: to fan out, Prefect has to introspect the mapped inputs — walk each iterable, resolve any futures inside it, and pair everything up. For a few hundred elements that’s nothing. For a map over tens of thousands of large dicts it’s real overhead, both in the introspection and in the per-run bookkeeping. The fix is the same as Airflow’s advice, for the same reason: map over small identifiers — file paths, IDs, partition keys — and let each task run fetch its own heavy payload, rather than mapping over the payloads themselves.

The Futures API

.submit() and .map() both trade in PrefectFuture objects, and knowing the handful of methods on them is what lets you move past “map then reduce” into arbitrary orchestration.

A future is a handle to a task run that may not have finished. The methods you’ll reach for:


	.result() blocks until the run finishes and returns its value — or re-raises the task’s exception, so a failed upstream surfaces where you call .result(), not silently.

	.wait() blocks until the run finishes but does not raise or return the value; it just resolves the future. Use it when you care that the work is done, not what it produced.

	.state gives you the run’s State object without blocking on a not-yet-finished run in the way .result() does — useful for inspecting whether a run is Completed or Failed and branching on it.



future = load_file.submit("orders-emea.csv")
# ... do unrelated work while it runs ...
if future.state.is_completed():
    rows = future.result()

When you’ve submitted a batch, you rarely want to .result() them in list order, because that makes you wait on the slowest run before touching the ones that already finished. Prefect gives you two collective helpers from prefect.futures:

from prefect.futures import wait, as_completed

futures = [load_file.submit(p) for p in files]

# Barrier: block until every run is done, whatever its state.
done = wait(futures)
print(f"{len(done.done)} done, {len(done.not_done)} still running")

# Stream: handle each result the moment it lands, fastest first.
for future in as_completed(futures):
    print("finished:", future.result())

wait(futures) is a barrier that returns after all (or, with a timeout=, as many as finished in time) have resolved, sorting them into done and not_done sets. as_completed(futures) is an iterator that yields each future the instant it completes, so you process results in completion order rather than submission order — the right tool when downstream work per result is expensive and you don’t want the tail of the batch to hold up the head. Both are the Prefect-3.x equivalents of the concurrent.futures functions of the same name, and they behave the way that experience trained you to expect.

Passing a whole list of futures where a task wants a list of values also just works — Prefect resolves futures inside arguments before the task body runs, which is exactly why consolidate(counts) at the top of this chapter never had to call .result().

Choosing a task runner

.map() and .submit() describe what runs concurrently; the task runner decides how. It’s a per-flow argument, which is the sharpest contrast with Airflow: there, the executor is a cluster-wide deployment decision made by whoever runs the scheduler; here, two flows in the same file can use two different runners, and you change one by editing a keyword.

The default is ThreadPoolTaskRunner — submit tasks and they run across a thread pool with no configuration from you. Set the pool size where the default isn’t enough:

from prefect.task_runners import ThreadPoolTaskRunner

@flow(task_runner=ThreadPoolTaskRunner(max_workers=8))
def daily_load():
    ...

Threads are the right default because they cover I/O-bound work — reading files, calling a warehouse, hitting an API — which is most of what a load pipeline does. While one thread waits on the network, another runs. But threads share one Python process and one GIL, so genuinely CPU-bound work (parsing, hashing, compression, in-Python number crunching) doesn’t actually parallelize on a thread pool — the threads take turns holding the GIL. For that, Prefect 3.x adds ProcessPoolTaskRunner, which runs each task in a separate process with its own interpreter:

from prefect.task_runners import ProcessPoolTaskRunner

@flow(task_runner=ProcessPoolTaskRunner(max_workers=4))
def crunch_reports():
    reports = build_report.map(partitions)   # each runs in its own process, real parallelism

The tradeoff is the one you’d expect from multiprocessing: task inputs and return values have to be picklable because they cross a process boundary, and there’s spawn overhead per run, so it pays off for coarse CPU-heavy tasks and loses to threads for short I/O-bound ones. Reach for it specifically when profiling shows the GIL is your ceiling.

When one machine isn’t enough — CPU work that has to spread across a cluster, or fan-out too wide for a single host — the runner swaps for a distributed one and the flow code doesn’t change. DaskTaskRunner and RayTaskRunner ship as separate integration packages (uv pip install prefect-dask / prefect-ray) and take the cluster wiring as constructor kwargs:

from prefect_dask import DaskTaskRunner

@flow(task_runner=DaskTaskRunner(
    cluster_kwargs={"n_workers": 4, "threads_per_worker": 2},
))
def daily_load():
    counts = load_file.map(files)   # identical call, now scheduled onto a Dask cluster

Point it at an existing cluster with address="tcp://..." instead of having it spin up an ephemeral one. RayTaskRunner is the same shape against Ray. The point worth holding onto: .map(), .submit(), and every future method above are runner-agnostic. You develop against threads locally and move to Dask for a heavy run by changing one decorator argument — no rewrite of the orchestration.

One alternative that isn’t a task runner at all: if your tasks are async def, a flow can await them and use asyncio.gather for concurrency directly, no pool involved. That’s the natural fit when your whole stack is already async (an httpx.AsyncClient, an async database driver). For synchronous code — most data work — the task runners above are the path, and ThreadPoolTaskRunner is the one you’ll use most.

When one mapped run fails

A fan-out’s default behavior is strict, and that’s usually correct: if one load_file in the map fails, the futures it feeds into propagate that failure, and consolidate — which depends on all of them — is marked Failed without running. One bad regional file sinks the whole reduce.

Sometimes that’s exactly wrong. If a single corrupt file shouldn’t cost you the other nine loads, wrap the upstream futures in allow_failure so the downstream task receives the failures as values instead of having them short-circuit its run:

from prefect import allow_failure

@task
def consolidate(counts: list) -> int:
    # counts may contain State objects for the runs that failed
    good = [c for c in counts if isinstance(c, int)]
    return sum(good)

@flow
def daily_load():
    files = list_order_files()
    counts = load_file.map(files)
    total = consolidate(allow_failure(counts))   # runs even if some loads failed

allow_failure tells Prefect: don’t block consolidate on the success of these upstreams; let it start, and pass through the failed runs’ states so the reduce can decide what to do. The failed load_file runs are still Failed in the UI — you don’t lose the signal — but they no longer veto the aggregation. Inside consolidate you filter out the non-values and sum what survived, which is the “process the files that loaded, alert on the ones that didn’t” pattern that partial-failure fan-outs actually want.

Keeping a wide fan-out from becoming an attack

.map() over a list makes it trivially easy to launch a thousand task runs, and a thousand task runs hitting one Postgres or one rate-limited API at once is a self-inflicted outage. The task runner’s max_workers caps local concurrency, but the ceiling that matters is often the shared external resource, and that’s not the runner’s job.

Prefect’s answer is a concurrency limit keyed to the resource, not the flow — so every task touching that warehouse shares a ceiling even across unrelated flows. In brief, you guard the sensitive section with the concurrency context manager:

from prefect.concurrency.sync import concurrency

@task
def load_file(path: str) -> int:
    rows = read_csv(path)
    with concurrency("warehouse-writes", occupy=1):   # at most N of these run at once, globally
        write_to_warehouse(rows)
    return len(rows)

Now load_file.map(thousand_files) can submit a thousand runs, but only N are inside the warehouse-write section at any moment; the rest wait their turn. This is the load-bearing companion to easy fan-out, and it has its own chapter — global limits, tag-based limits, deployment limits, collision strategies, and rate_limit for per-second ceilings — in concurrency and rate limiting. The one-line version: dynamic fan-out and concurrency limits are two halves of the same feature. Ship them together.

Fanning out over subflows and other infrastructure

Everything above maps a task. You can just as well fan out over subflows when each unit of work is itself a multi-step pipeline — call a subflow inside a loop or a comprehension and each becomes a nested flow run with its own tasks and state:

@flow
def load_region(region: str) -> int:
    files = list_files_for(region)
    return sum(load_file.map(files).result())

@flow
def daily_load():
    regions = ["emea", "amer", "apac"]
    results = [load_region(r) for r in regions]   # subflows; see the note on concurrency below

Subflows called this way run in the parent’s process, and a plain loop over them is sequential for the same reason the task loop was — to overlap subflow runs you generally push each onto its own infrastructure. That’s what run_deployment is for: it triggers a registered deployment as its own flow run, on whatever work pool that deployment targets, and hands you back the run to await. Fan out across it and each shard runs on separate infrastructure — the cross-infra version of .map():

from prefect.deployments import run_deployment

@flow
def orchestrate_regions():
    regions = ["emea", "amer", "apac"]
    runs = [
        run_deployment(
            name="load-region/prod",
            parameters={"region": r},
            timeout=0,          # return immediately, don't block on completion
        )
        for r in regions
    ]
    # each triggered run executes on its deployment's work pool

timeout=0 makes each call return as soon as the run is scheduled rather than blocking until it finishes, so the three regional loads launch in parallel across your infrastructure instead of one machine. This is how a Prefect fan-out scales past a single host without a distributed task runner: the parent flow is a thin dispatcher, and the heavy work runs as independent deployment runs. For very large fan-outs — thousands of shards — this pattern plus a deployment-level concurrency limit is far kinder to your control plane than a single flow trying to hold thousands of futures in one process.

Branching is an if

Airflow gives dynamic routing its own machinery — BranchPythonOperator, and the skipped-downstream bookkeeping that follows from a graph where every possible path had to exist at parse time. Prefect has no equivalent because it needs none. A branch is an if:

@flow
def daily_load():
    files = list_order_files()
    if not files:
        print("no drops today, nothing to load")
        return
    counts = load_file.map(files)
    if sum(f.result() for f in counts) == 0:
        alert_empty_load()

No path exists unless the code runs it. There’s no skipped state to reason about, no trigger rule to pick so the reduce still fires when a branch was pruned — the untaken branch simply never happened. The same goes for loops with early exits, try/except around a flaky source, and building the work list from a comprehension. It’s all just Python, because the flow is just Python.

The honest tradeoff

This flexibility has a real cost, and pretending otherwise would be the marketing version. In Airflow, the static graph buys you a complete picture of the workflow before it runs — every task, every dependency, visible in the DAG view, lintable in CI, diffable in review. You can look at a DAG and know its shape without executing it.

A Prefect flow gives that up. Because the graph is discovered at runtime, there’s no full task inventory until the flow has actually run — the UI shows you the real run after the fact, richly, but it can’t show you a run that hasn’t happened. For a pipeline whose shape depends on the data, that’s the correct trade: the static picture was always a fiction you maintained by hand anyway. For a fixed, well-known batch graph that never changes, Airflow’s parse-time certainty is a genuine feature you’re walking away from. Know which kind of pipeline you have before you decide the loop is strictly better.

Final thoughts

The reason dynamic work is easy here isn’t a cleverer mapping API — it’s that Prefect never built the wall that made mapping necessary. Airflow’s dynamic features are all workarounds for a graph fixed too early; .expand(), branch operators, and trigger rules are the tax on a parse step that had to commit to a shape before it saw the data. Remove the parse step and the workarounds have nothing to work around.

What’s left is Python you already know how to write, with exactly one thing to remember that isn’t obvious: the loop doesn’t parallelize on its own. Fan-out is .map() or .submit(); the results come back as futures you .result(), wait(), or stream with as_completed; the runner underneath is a one-line choice between threads, processes, and a cluster; and a wide fan-out wants a concurrency limit the same way it wants the fan-out. Get those pieces right and you have real concurrency that reads as ordinary code — which is what you wanted the dynamic features to give you in the first place, minus the negotiation.





Deployments: From .serve() to Production

Everything so far has been a script you run — call the flow, watch it execute, read the logs. That’s the right way to develop and exactly the wrong way to operate. Production wants a flow that runs on a schedule you don’t babysit, that someone can trigger from a UI or an API without your laptop being open, that has a stable identity the platform can attach runs and history to. In Prefect that identity is a deployment, and creating one is the line between “a thing I run” and “a workflow the platform runs.”

Airflow schedules everything; Prefect makes you ask

This is a real reversal worth sitting with. Drop a DAG file in Airflow’s dags/ folder and the scheduler finds it, parses it, and — subject to the schedule you set — starts scheduling it. Scheduling is the default; the folder is the registration. A @flow-decorated function has no such ambient home. Import it, call it, and it runs once, right there, and stops. Nothing is watching for the next 6 a.m. Prefect never scans a directory and never assumes your flow wants a schedule.

You make it schedulable by deploying it, explicitly. The upside of the extra step is that there’s no accidental scheduling, no half-finished flow going live because it landed in the wrong folder, and no scheduler that has to stay alive parsing every file to keep the lights on. The cost is one deliberate action per flow you want the platform to own.

The one-liner: serve()

The fastest way to a scheduled flow is serve():

from flows import daily_load

if __name__ == "__main__":
    daily_load.serve(name="bookshop-daily", cron="0 6 * * *")

Run that and two things happen. First, a deployment named bookshop-daily is registered on the server — it shows up in the UI, it has a schedule, and anyone can trigger a run of it from there or via the API. Second, this process becomes a runner: it stays up, polls for runs the schedule creates, and executes them right here, in this process. Leave it running — under systemd, in a container, wherever — and the bookshop load fires every morning at six without you touching it.

That’s a genuinely complete first deployment. No work pool, no image build, no extra infrastructure — the schedule lives on the server, the execution lives in the process you launched. serve() executes runs in the process you started: that’s its strength, dead simple, and its ceiling. The flow runs where you launched it, with that machine’s Python environment. If the box dies, the runner dies with it; if two flows need conflicting dependencies, or a run needs more memory than the host has, serve() has no answer. It’s the right tool for a handful of flows on a stable box, and the wrong one for a fleet.

Three ways to deploy, one deployment

When you outgrow a single process, the schedule and the execution have to come apart. You deploy the flow to a work pool, and separate workers pull runs and provision fresh infrastructure per run — the whole subject of the next chapter. What matters here is the choice you make when you create the deployment: how does the worker get your code? There are three answers, and they’re the real fork in the road.

The first is serve(), above — the worker is your process, the code is already imported, nothing is fetched. Single-host, tied to that process’s lifetime.

The second is bake the code into an image. deploy() builds a Docker image with your flow inside it, pushes it to a registry, and the deployment records the image tag. Every run pulls that image and runs the pinned code:

from flows import daily_load

if __name__ == "__main__":
    daily_load.deploy(
        name="bookshop-daily",
        work_pool_name="k8s-pool",
        image="registry.example.com/bookshop:1.4.0",
    )

The code and its dependencies travel together, immutably, which is exactly what you want for a Kubernetes pool where each run is a fresh pod. The cost is a build-and-push on every change.

The third — the one this chapter leans on — is pull the code from source at run time, no image bake. flow.from_source() points the deployment at a git repository and an entrypoint; the worker clones the repo when a run starts and imports the flow from it:

from prefect import flow

if __name__ == "__main__":
    flow.from_source(
        source="https://github.com/bookshop/pipelines.git",
        entrypoint="flows/daily_load.py:daily_load",
    ).deploy(
        name="bookshop-daily",
        work_pool_name="process-pool",
    )

Note what’s not there: no image. from_source can take a git URL, a Prefect storage block, or a local path; entrypoint is path/to/file.py:flow_function relative to the repo root. At deploy time Prefect stores the source location and entrypoint on the deployment — it does not fetch anything now. When a run comes due, the worker clones (or pulls) the repo, imports the flow, and runs the current code on the referenced branch. Push a fix to main, and the next scheduled run picks it up with no rebuild, no re-deploy. That is the appeal, and — as we’ll see — the trap, of pull-from-source.

Three transports, one concept. The deployment is always the same thing: a schedulable, triggerable, server-side identity for your flow. What differs is where the Python lives when a run fires — in the runner’s own process, in a pinned image, or in a repo the worker clones on demand.

Parameters: deployments are callable, with defaults

A deployment isn’t just a schedule attached to a function — it’s a bound call. Your flow signature has parameters; the deployment can pin default values for them, and any run can override them.

from prefect import flow

@flow
def daily_load(source: str = "s3://raw/bookshop", full_refresh: bool = False):
    ...

if __name__ == "__main__":
    daily_load.serve(
        name="bookshop-daily",
        cron="0 6 * * *",
        parameters={"source": "s3://raw/bookshop", "full_refresh": False},
    )

The parameters= dict sets the defaults this deployment runs with. Scheduled runs use them as-is. A manual run from the UI or CLI can override any of them for that run only — prefect deployment run 'daily_load/bookshop-daily' -p full_refresh=true fires a one-off full refresh without touching the schedule’s defaults. This is the clean version of the thing Airflow does with params and dag_run.conf: same flow, different inputs per run, without editing the definition.

Because your flow is type-annotated, Prefect builds a JSON-schema for its parameters and, with enforce_parameter_schema=True (the default for deployments created via deploy/prefect.yaml), validates every run’s inputs against it before the run starts. Pass a string where the flow wants an int, or omit a required argument, and the run is rejected up front with a clear error rather than blowing up three tasks deep. The UI reads the same schema to render a typed form for manual runs. If you have a parameter Prefect can’t introspect — an exotic type, a positional-only quirk — set enforce_parameter_schema=False to opt that deployment out.

To trigger a deployment from another flow — the orchestrator-of-orchestrators pattern — use run_deployment:

from prefect import flow
from prefect.deployments import run_deployment

@flow
def nightly_orchestrator():
    load = run_deployment(
        name="daily_load/bookshop-daily",
        parameters={"full_refresh": True},
    )
    run_deployment(
        name="dbt_build/bookshop-transform",
        parameters={"upstream_run_id": str(load.id)},
    )

run_deployment creates a flow run of the target deployment — scheduled onto its work pool, run by its workers, with the parameters you pass — and by default waits for it to finish, returning the FlowRun. It’s how one deployment invokes another as a subroutine while each keeps its own infrastructure, and it’s the Prefect equivalent of Airflow’s TriggerDagRunOperator, minus the cross-DAG dependency bookkeeping.

Schedules, past the one cron string

cron="0 6 * * *" is the training-wheels form. The real object is a schedule, and a deployment can carry a list of them.

from prefect.schedules import Cron, Interval, RRule
from datetime import timedelta, datetime

daily_load.serve(
    name="bookshop-daily",
    schedules=[
        Cron("0 6 * * *", timezone="America/New_York"),
        Cron("0 18 * * 1-5", timezone="America/New_York"),
    ],
)

Three schedule types cover the field. Cron is wall-clock times with an optional timezone — and the timezone matters, because a bare cron string runs in UTC and will drift an hour off your business day twice a year. Interval is a fixed cadence — Interval(timedelta(hours=6), anchor_date=datetime(2026, 1, 1, 0, 0), timezone="UTC") — where anchor_date fixes the phase so “every 6 hours” lands at 00:00/06:00/12:00/18:00 rather than at whatever minute you happened to deploy. RRule is the iCalendar recurrence rule for calendar logic cron can’t state — last business day of the month, third Thursday, every other week — e.g. RRule("FREQ=MONTHLY;BYDAY=-1MO").

Multiple schedules on one deployment is the feature Airflow made you fake with a second DAG or a branching timetable. Here, a “6 a.m. plus a weekday 6 p.m. top-up” pipeline is two Cron entries on the same deployment, so both fire runs of the same flow with the same parameters and share one run history. Each schedule can be independently active or paused — prefect deployment schedule pause / resume, or active: false in YAML — so you can silence the evening run during a freeze without deleting it. Pausing a schedule stops new runs from being created; runs already scheduled or in flight are unaffected.

Event-driven runs: deployment triggers

Schedules answer “run at these times.” Some pipelines want “run when this happens” — a file lands, an upstream deployment succeeds, an external system emits an event. Prefect’s answer is a deployment trigger, declared right on the deployment in prefect.yaml:

deployments:
  - name: bookshop-transform
    entrypoint: flows/dbt_build.py:dbt_build
    work_pool:
      name: process-pool
    triggers:
      - type: event
        enabled: true
        match:
          prefect.resource.id: "prefect.flow-run.*"
        expect:
          - prefect.flow-run.Completed
        match_related:
          prefect.resource.id: "prefect.deployment.<daily-load-deployment-id>"
        parameters:
          triggered_by: "{{ event.resource.id }}"

That trigger says: when a flow run of the daily_load deployment reaches Completed, start a run of bookshop-transform. It’s an automation scoped to this deployment and defined alongside it, so the “load, then transform” chain is expressed as a reaction to an event rather than as a wired dependency in a single DAG. Triggers can match on any event in Prefect’s event stream — including custom events you emit and events from integrations — and pass values from the event into the run’s parameters via {{ event.* }} templating. This is the event-driven half of orchestration that Airflow only grew recently with Assets; in Prefect it’s a first-class deployment field.

The distinction from run_deployment is worth drawing. run_deployment is a push — the upstream flow explicitly calls the downstream one, so the dependency is written into the caller’s code and the caller waits. A trigger is a pull — the downstream deployment declares what it reacts to, and the upstream flow neither knows nor cares that anything watches its completion. Push when the orchestration is one flow’s job and you want it to block on the result; use a trigger when the coupling should live with the consumer and the producer should stay oblivious. Real pipelines mix both: a nightly flow that pushes its immediate children with run_deployment, and a reporting deployment that quietly triggers itself off the whole batch reaching Completed.

Serving several flows from one process

serve() on a single flow is the common case, but a small project often has a fistful of flows that don’t each deserve their own runner host. to_deployment() plus the top-level serve() runs several from one process:

from prefect import serve
from flows import daily_load, hourly_sync, weekly_report

if __name__ == "__main__":
    serve(
        daily_load.to_deployment(name="bookshop-daily", cron="0 6 * * *"),
        hourly_sync.to_deployment(name="bookshop-sync", interval=3600),
        weekly_report.to_deployment(
            name="bookshop-report", cron="0 8 * * 1", parameters={"format": "pdf"}
        ),
    )

flow.to_deployment(...) builds a deployment object without serving it — same arguments as serve(), but deferred. The module-level serve(d1, d2, d3) then registers all of them and runs one poller that executes runs for any of the three. One process, one thing to keep alive, three independently scheduled deployments. It’s the sweet spot between “a serve() per flow, each its own process to babysit” and “stand up a work pool and workers” — ideal for a handful of related flows on one trusted box.

prefect.yaml, in full

serve() and deploy() are Python. For anything that lives in CI, you want the declarative form: a prefect.yaml at the repo root, deployed with prefect deploy. Here is the whole anatomy, not a fragment:

# prefect.yaml
name: bookshop
prefect-version: 3.4.0

# Build a Docker image (omit entirely for pull-from-source deployments)
build:
  - prefect_docker.deployments.steps.build_docker_image:
      id: build-image
      requires: prefect-docker
      image_name: registry.example.com/bookshop
      tag: "{{ get-commit-hash.stdout }}"
      dockerfile: Dockerfile

# Push that image to the registry
push:
  - prefect_docker.deployments.steps.push_docker_image:
      requires: prefect-docker
      image_name: "{{ build-image.image_name }}"
      tag: "{{ build-image.tag }}"

# How a worker gets the code at run time
pull:
  - prefect.deployments.steps.git_clone:
      repository: https://github.com/bookshop/pipelines.git
      branch: main

deployments:
  - name: bookshop-daily
    entrypoint: flows/daily_load.py:daily_load
    work_pool:
      name: k8s-pool
      job_variables:
        image: "{{ build-image.image }}"
        env:
          BOOKSHOP_ENV: production
    parameters:
      full_refresh: false
    schedules:
      - cron: "0 6 * * *"
        timezone: America/New_York
    tags: ["bookshop", "etl"]
    version: "{{ get-commit-hash.stdout }}"
    concurrency_limit: 1

Three step lists run in order at deploy time. build produces artifacts — most often a Docker image; each step can expose outputs (here build-image.image) that later steps and deployments reference. push ships those artifacts somewhere workers can reach — a registry, object storage. pull is the one that runs at the start of every flow run, on the worker: it’s the recipe for getting your code in place, most commonly git_clone (pull-from-source) or set_working_directory (code already baked into the image). If you’re deploying pull-from-source with no image, you delete build and push entirely and keep only pull.

The deployments list is where each deployment’s identity lives: entrypoint, work_pool (with per-deployment job_variables that override the pool’s base job template — image, env vars, CPU/memory, whatever the pool type exposes), parameters, schedules, triggers, tags, version, and concurrency_limit. The {{ }} templating pulls from three sources: step outputs ({{ build-image.tag }}), Prefect blocks and variables ({{ prefect.blocks.secret.my-token }}), and environment variables — so one YAML file parameterizes cleanly across environments. A sibling .prefectignore (same syntax as .gitignore) controls what’s excluded when code is uploaded to storage, keeping .venv/, data files, and secrets out of what ships.

job_variables is the seam most people underuse. A work pool ships a base job template — the full spec for how that pool’s runs are configured, with defaults for image, environment, resource requests, service accounts, and so on. job_variables on a deployment overrides just the keys you name, per deployment, without editing the pool. That’s how one Kubernetes pool serves a memory-hungry backfill deployment (job_variables: {memory: "8Gi"}) and a lightweight sync (the pool default) side by side, and how the same YAML targets staging versus production by resolving {{ }} env vars into different image tags and BOOKSHOP_ENV values. The pool defines the shape; each deployment perturbs only what it must. Reach for job_variables before you consider a second work pool — most of the time “these runs need more memory” or “these runs need this env var” is a job-variable override, not new infrastructure.

Deploy from the file with the CLI:

prefect deploy --all              # every deployment in the file
prefect deploy -n bookshop-daily  # just this one, by name

Wiring it into CI

Because prefect deploy is declarative and non-interactive when the YAML is complete, promotion becomes a CI job. A GitHub Actions workflow that re-deploys on every push to main:

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

jobs:
  deploy:
    runs-on: ubuntu-latest
    steps:
      - uses: actions/checkout@v4
      - uses: actions/setup-python@v5
        with:
          python-version: "3.12"
      - run: pip install -r requirements.txt prefect-docker
      - name: Authenticate to Prefect Cloud
        env:
          PREFECT_API_KEY: ${{ secrets.PREFECT_API_KEY }}
          PREFECT_API_URL: ${{ secrets.PREFECT_API_URL }}
        run: prefect deploy --all

The job checks out the repo, installs dependencies, authenticates to Prefect Cloud (or your self-hosted server) with an API key and URL from GitHub secrets, and runs prefect deploy --all. Every merge re-registers the deployments with a fresh version — commonly the commit SHA via a get-commit-hash build step — so the UI shows exactly which commit each deployment is running, and a bad deploy is a revert-and-merge away. This is the payoff of the declarative form: deployments are code, reviewed in PRs and shipped by the same pipeline as everything else.

The decision that actually matters: image vs. source

Everything above circles one operational choice, so state it plainly. Bake code into an image and every run is immutable and reproducible: the deployment pins a tag, the tag pins the code and its dependencies, and a run from six months ago can be reproduced exactly. The cost is a build-and-push in the loop — every change is a new image before it’s a new run — and a registry to feed. This is the right default for Kubernetes and Docker pools, anything multi-tenant, and anywhere “what code ran?” must have a bit-exact answer.

Pull from source and there’s no build step at all: push to the branch, and the next run clones the current code. Iteration is instant and the registry disappears. The cost is that “what code ran?” now means “whatever was on main at run time” — a merge changes production with no deploy gesture, dependencies aren’t pinned by the transport (the worker’s environment has to already satisfy them), and reproducing an old run means checking out an old commit. This is the right default for a process pool on a stable host, for fast internal iteration, and for teams that pin the branch and treat the repo as the source of truth.

The two aren’t mutually exclusive — pin dependencies in an image, pull code from git on top of it, and you get reproducible dependencies with instant code changes. But most teams pick a lane per work pool, and picking it deliberately — rather than discovering it when a run can’t be reproduced — is most of what “productionizing Prefect” means.

The prefect deployment surface

Once deployments exist, the CLI manages them without touching code:

prefect deployment ls                              # list all deployments
prefect deployment inspect 'daily_load/bookshop-daily'
prefect deployment run 'daily_load/bookshop-daily' -p full_refresh=true
prefect deployment schedule pause 'daily_load/bookshop-daily'
prefect deployment schedule resume 'daily_load/bookshop-daily'

Deployments are addressed as flow-name/deployment-name. run fires an ad-hoc run with optional -p parameter overrides; schedule pause/resume toggle schedules without deleting them; inspect dumps the full server-side object. Alongside these, three deployment fields carry weight in production: version stamps each deploy so the UI and history record which code is live (set it to the commit SHA); tags group and filter deployments across flows — a bookshop or etl tag lets you find, and set concurrency across, everything in a domain; and concurrency_limit caps how many runs of this deployment execute at once, so a slow backfill can’t stack a dozen overlapping runs on top of the morning load. Set the limit to 1 on anything that mustn’t overlap itself.

Final thoughts

The deployment is the smallest unit of “production” in Prefect — the object that lets the platform, rather than you, decide a flow should run now, and with what inputs, on what schedule, in reaction to what event. Airflow folded that registration into the filesystem, which is convenient right up until a stray file is live in production and you’re explaining how. Prefect’s insistence on an explicit deploy is a little more typing and a lot less ambient behavior: a flow is a script until you say otherwise, and when you say otherwise you make three real choices — how the code travels (process, image, or source), how it’s scheduled (cron, interval, rrule, or an event trigger), and what infrastructure the promotion is worth. serve() gets you scheduled today; to_deployment() fans a few flows out of one process; a prefect.yaml in CI turns deployments into reviewed, versioned code. What none of these decided is where a scheduled run actually executes when no runner of yours is up — that’s the work pool, and it’s next.





Work Pools and Workers

When serve() runs out of road — one host, one environment, one process that has to stay alive — the flow needs somewhere else to execute, and something else to decide where. That’s the job of two pieces you haven’t met yet: a work pool and a worker. Together they’re Prefect’s answer to the question Airflow answers with executors, and the shape of the answer is nearly the mirror image.

Pools and workers, defined

A work pool is a typed queue of scheduled runs. When a deployment’s schedule comes due, the server doesn’t run anything — it creates a flow run and drops it in the pool the deployment targets. The pool has a type — process, docker, kubernetes, ecs, and others — and that type dictates what kind of infrastructure runs get executed on. The pool itself is passive: a labeled inbox of pending work, plus a template describing how work from it should be run.

A worker is the process that empties it. You start one and point it at a pool:

prefect worker start --pool k8s-pool

From then on it polls that pool, and when a run appears it provisions the pool’s kind of infrastructure — a subprocess, a Docker container, a Kubernetes pod — runs the flow inside it, reports state back to the API, and tears the infrastructure down. Deployments target the pool by name; workers serve the pool by name; the two never reference each other directly. You can run several workers against one pool for capacity and redundancy, and one dead worker doesn’t strand the pool — another picks up the runs.

The Airflow contrast: pull, not push

If you’ve read the Airflow executors chapter, the difference is worth drawing sharply, because it’s structural rather than cosmetic.

Airflow’s executor is wired into the scheduler. The scheduler decides a task is ready and the executor — Local, Celery, Kubernetes — dispatches it: Local runs it in a subprocess of the scheduler, Celery pushes it to a broker for workers to consume, Kubernetes asks the API for a pod. The executor is a property of the scheduler, chosen once for the whole deployment, and the scheduler is upstream of every task placement.

Prefect cuts that cord. The API’s only job is to put a scheduled run in a pool; it does not dispatch, does not know or care whether anything is listening. Workers are independent, long-running clients that pull from a pool on their own clock. Nothing centrally decides that this worker runs that flow — a worker takes the next run when it’s ready for it. Scheduling and execution end up fully decoupled: the API can file runs into a pool with no workers up at all, and they’ll wait until a worker starts and drains them. Airflow pushes work down from the scheduler through its one executor; Prefect parks work in a pool and lets workers pull it, and you can have different pools, of different types, served by different workers, all at once.

The practical upshot is per-run infrastructure that isn’t the scheduler’s concern. A Kubernetes work pool doesn’t mean “Prefect runs on Kubernetes” the way the KubernetesExecutor ties Airflow’s scheduler to a cluster — it means runs from that pool get a pod each, while a process pool on some other box handles the cheap stuff, and neither knows about the other.

Two families: pull pools and push pools

Everything above describes a pull work pool — the kind that needs a worker. There’s a second family that doesn’t, and skipping it leaves you thinking you always have a worker process to babysit. You don’t.

A push work pool hands submission to a cloud’s serverless container service. Instead of a worker polling and launching infrastructure, the Prefect API (Cloud only) calls the cloud provider’s API directly the moment a run is scheduled, and the provider spins up the container. Four flavours ship today:


	ecs:push — AWS Fargate tasks, no ECS cluster capacity to manage.

	cloud-run:push — Google Cloud Run jobs.

	azure-container-instance:push — Azure Container Instances.

	modal:push — Modal’s serverless runtime.



Create one exactly like a pull pool, only the type carries a :push suffix:

prefect work-pool create serverless-pool --type ecs:push --provision-infra

--provision-infra is the part that earns its keep: for a push pool, Prefect walks your cloud account and creates (or reuses) everything the pool needs — for ECS that’s a cluster, an IAM execution role and policy, a VPC/security group, and an ECR repository — then stores the credentials as a block and wires them into the pool. You answer a few “create this? [y/n]” prompts and the pool comes out ready to run, no Terraform of your own.

There is also Prefect-managed execution — prefect work-pool create my-pool --type prefect:managed — where Prefect Cloud runs the containers on its infrastructure. No cloud account, no worker, no --provision-infra; you deploy and runs happen. It’s the fastest path to a scheduled flow that isn’t tied to your laptop, with the tradeoff that you’re on Prefect’s compute (capped resources, no access to your private VPC without extra wiring).

The way to hold the three apart:


	Pull pool — you run a worker; the worker launches infra in your environment. Maximum control, a process to keep alive.

	Push pool — no worker; Prefect Cloud calls your cloud’s serverless API. Infra is yours, submission is Prefect’s.

	Managed pool — no worker, no cloud account; runs execute on Prefect’s compute.



Cost and cold-start fall out of that. A pull pool with an idle worker is a machine you pay for even when nothing runs, but the worker is warm and submission is instant. A push pool costs nothing between runs — Fargate/Cloud Run bill per execution — at the price of a cold start each time the provider builds a container (seconds to tens of seconds, image-size dependent). For a flow that fires hourly, the always-on worker is cheap insurance; for one that fires twice a day, or bursts unpredictably, serverless push is usually the better economics. Isolation is strong in all three — every run is a fresh container regardless.

The base job template: where infrastructure is actually configured

Both families run on the same underlying mechanism, and it’s the piece people miss: every pool carries a base job template. It’s a JSON document with two halves — a job_configuration block (the infrastructure spec: image, command, env, CPU, memory, namespace, the manifest for a k8s pool) written with {{ placeholder }} fields, and a variables block (a JSON Schema) declaring which of those placeholders are tunable and their defaults. When a run is submitted, Prefect renders the template: variables fill the placeholders, and the result is the concrete infrastructure spec.

You can read the default for any type before creating a pool:

prefect work-pool get-default-base-job-template --type kubernetes

For a Kubernetes pool that prints the full Job manifest with {{ image }}, {{ namespace }}, {{ cpu_request }}, {{ service_account_name }} and friends threaded through it, plus the schema of defaults. Edit that JSON and pass it at create time, and you’ve set the pool’s baseline for every deployment on it:

prefect work-pool create k8s-pool \
  --type kubernetes \
  --base-job-template ./k8s-template.json

This is the answer to “how do I set the image / memory / service account for my runs” — you don’t hand-write pod YAML per flow, you set pool defaults in the template and override the handful that vary per deployment. Same idea as Airflow’s pod_template_file for the KubernetesExecutor, except it’s per-pool, versioned as data on the server, and editable in the UI.

Overriding per deployment and per run: job_variables

The template gives defaults; job_variables overrides them for a specific deployment. Anything the pool’s variables schema exposes — image, env, resource requests, namespace — you can set at deploy time:

from flows import daily_load

if __name__ == "__main__":
    daily_load.deploy(
        name="bookshop-daily",
        work_pool_name="k8s-pool",
        image="registry.example.com/bookshop:latest",
        job_variables={
            "namespace": "data-prod",
            "service_account_name": "prefect-runner",
            "env": {"DBT_TARGET": "prod"},
            "cpu_request": "1000m",
            "memory_request": "2Gi",
        },
    )

In prefect.yaml the same thing lives under the deployment’s work_pool:

deployments:
  - name: bookshop-daily
    entrypoint: flows/daily_load.py:daily_load
    work_pool:
      name: k8s-pool
      job_variables:
        namespace: data-prod
        memory_request: "2Gi"
        env:
          DBT_TARGET: prod

And you can go one level finer — override at the moment a single run is created, without touching the deployment. From the UI’s “Custom run” form, or from code:

from prefect.deployments import run_deployment

run_deployment(
    name="daily-load/bookshop-daily",
    job_variables={"memory_request": "8Gi"},  # this one run needs more headroom
)

So there are three layers, each overriding the last: the pool’s base job template, the deployment’s job_variables, and a single run’s job_variables. That layering is how you keep one pool serving many flows — shared defaults in the template, the differences declared where they belong.

Per-type operational detail

The three pull types differ in exactly the ways their infrastructure differs.

process runs each flow in a subprocess on the worker’s own host. There’s no image; the flow uses the worker’s Python environment, so the worker has to be started in a venv that already has your dependencies (and your flow’s source, unless the deployment pulls it from git/remote storage). job_variables here are things like env and working_dir. No isolation beyond the process, nothing to build, fast to start — the natural step up from serve().

docker runs each flow in a fresh container from an image you specify. The worker talks to a Docker daemon (its own host’s, typically), so it needs registry auth to pull a private image — you provide that with a DockerRegistryCredentials block referenced from the template, or by logging the daemon in out of band. prefect deploy can build and push the image for you as part of deployment (driven by the build/push steps in prefect.yaml), so the image the pool pulls is the one your code just produced. Every run gets its own dependencies and a clean filesystem; two flows with conflicting requirements coexist.

kubernetes runs each flow as a Job — a pod per run — on a cluster. The operational surface is the cluster’s: the pool template sets the namespace, the service account the pod runs as (and therefore its RBAC — the worker itself also needs a Role that can create/watch/delete Jobs and read pod logs), image pull secrets, and per-run CPU/memory requests and limits. This is the elastic, resource-governed option, and the most operational overhead — you’re now managing RBAC and namespaces, not just a template.

Deciding between the lot comes down to three axes. Isolation: process gives you none beyond a subprocess, everything else gives a fresh container per run — so anything untrusted, or with dependencies that clash, rules process out immediately. Cost: an idle pull-pool worker (and its host, or its k8s Deployment) is a standing bill whether or not flows run; push and managed pools bill only per execution. Cold-start: the warm worker submits instantly, while push/serverless pays a container-build penalty at the front of every run — negligible for a long ETL job, painful for a flow you want to feel interactive. A blunt heuristic: process for trusted, high-frequency, low-isolation work on a box you already keep alive; docker/kubernetes pull pools when you need isolation and run often enough that a warm worker pays for itself; ecs:push/cloud-run:push when runs are spiky or infrequent and per-run billing beats an always-on worker; prefect:managed when you want none of the above and Prefect’s compute will do.

Worker operations

Starting a worker is one command, but the flags are where day-two lives:

prefect worker start \
  --pool k8s-pool \
  --name worker-a \
  --type kubernetes \
  --limit 5 \
  --work-queue high


	--pool is the only required flag. --type is optional — the worker infers it from the pool — but stating it makes the worker refuse a mismatched pool, which catches wiring mistakes.

	--name gives the worker a stable identity in the UI; without it you get a generated one, which is fine until you’re staring at ten anonymous workers wondering which host each is on.

	--limit N caps concurrent flow runs this worker will submit. On a process pool that’s how many subprocesses one host will run at once; it’s the per-worker backpressure valve.

	--work-queue narrows the worker to one queue in the pool (more on queues below). Omit it and the worker serves every queue.



A running worker does three things on a loop. It polls the pool on an interval (PREFECT_WORKER_QUERY_SECONDS, default 10) for runs due to start. It prefetches — PREFECT_WORKER_PREFETCH_SECONDS (default 10) tells it to submit runs a little before their scheduled time, so slow-to-start infrastructure (a cold pod, an image pull) is ready by the wall-clock moment; bump it for a k8s pool where pods take a while to schedule. And it heartbeats — the worker regularly reports it’s alive, so the UI shows it online and the server can tell a worker apart from a dead one. Stop heartbeating and the worker goes offline in the UI; its runs don’t vanish, they wait in the pool for another worker.

Shutdown is graceful by design. Send SIGINT/SIGTERM (Ctrl-C, or a container stop) and the worker stops polling for new work but waits for runs it has already submitted, so you can redeploy a worker without killing in-flight flows — the same rolling-restart property you’d want from any long-lived poller.

For a --provision-infra push pool there’s no worker to run at all, but for pull pools in a cluster the worker is itself a workload you deploy. Prefect ships a Helm chart for exactly this:

helm repo add prefect https://prefecthq.github.io/prefect-helm
helm install prefect-worker prefect/prefect-worker \
  --namespace prefect --create-namespace \
  --set worker.cloudApiConfig.accountId=<account> \
  --set worker.cloudApiConfig.workspaceId=<workspace> \
  --set worker.config.workPool=k8s-pool

That runs the worker as a Deployment in the cluster, with the API key supplied as a secret — so the thing that launches your Job pods lives in the same cluster it launches them into, and Kubernetes keeps it alive and restarts it for you.

The prefect work-pool CLI

The pool is a first-class object with its own verbs. The ones you’ll actually use:

prefect work-pool create k8s-pool --type kubernetes   # make one
prefect work-pool ls                                   # list pools + worker status
prefect work-pool inspect k8s-pool                     # full config incl. base job template
prefect work-pool preview k8s-pool                     # runs this pool will pick up soon
prefect work-pool set-concurrency-limit k8s-pool 10    # cap concurrent runs across the pool
prefect work-pool pause k8s-pool                       # stop handing out runs (they queue)
prefect work-pool resume k8s-pool

set-concurrency-limit is the pool-wide governor — a ceiling on how many runs from this pool execute at once, no matter how many workers are pulling. It’s the knob that keeps a pool from overwhelming a downstream (a warehouse that tolerates ten concurrent loads, not fifty). pause is the quiet-hours switch: a paused pool keeps accepting scheduled runs but stops dispatching them, so runs pile up safely and drain the moment you resume — the clean way to hold execution during a maintenance window without losing a schedule.

Inside a pool, work queues give finer control still. A pool has a default queue, and you can add named queues with priorities (a lower number is higher priority — a high queue at priority 1 is drained before the default) and their own concurrency limits:

prefect work-queue create high --pool k8s-pool --priority 1 --limit 3

Now a deployment can target high, a worker can be pinned to it with --work-queue high, and workers drain higher-priority queues first — so a greedy backfill on the default queue can’t starve the morning load. Reach for queues when one pool serves work of genuinely different urgency; skip them until you feel that need.

The hybrid security model

One property makes all of this deployable behind a firewall, and it’s worth stating outright because it’s the opposite of how a naive “cloud runs my jobs” system would work. Workers only make outbound calls. A worker polls the Prefect API over HTTPS, pulls down the runs it should execute, and reports states back — it never listens on a port, and nothing (not even Prefect Cloud) connects in to it. You can run workers deep inside a private VPC with no ingress and they still work, because they reach out.

The corollary is that your code and credentials never leave your environment on a pull pool. Prefect Cloud holds metadata — deployments, schedules, run states, logs you choose to send — but the worker executes in your infrastructure, pulls your image from your registry, and uses secrets from your own blocks/secret store. Cloud never holds your database password or your cloud keys. (Push pools shift that line deliberately: to call your cloud’s API on your behalf, Prefect stores a scoped credential from --provision-infra — a tradeoff you opt into for the no-worker convenience.) This is the same posture Airflow deployments reach for the hard way with a private executor and a locked-down network; in Prefect it’s the default shape, because the worker is a client, not a server.

The bookshop on Kubernetes

Concretely, the daily bookshop load on a Kubernetes pool. Create the pool once, with a template that sets the sensible defaults:

prefect work-pool create k8s-pool \
  --type kubernetes \
  --base-job-template ./k8s-template.json

Deploy the flow to it, overriding only what’s specific to this flow:

from flows import daily_load

if __name__ == "__main__":
    daily_load.deploy(
        name="bookshop-daily",
        work_pool_name="k8s-pool",
        image="registry.example.com/bookshop:latest",
        job_variables={"memory_request": "2Gi", "env": {"DBT_TARGET": "prod"}},
    )

Run a worker in the cluster (or install the Helm chart), pointed at the pool:

prefect worker start --pool k8s-pool --name k8s-worker-a

Now the pieces move on their own. At 6 a.m. the server creates a run and files it in k8s-pool. The worker, polling — and prefetching a few seconds early so the pod is ready on time — sees it, renders the base job template with your job_variables, asks Kubernetes for a pod running bookshop:latest, and the pod runs daily_load, including the concurrent .map() fan-out from the dynamic execution chapter, inside that one pod. It reports its states back and exits. Tomorrow, a fresh pod. Nothing of yours stayed up overnight but the worker, and even that can be replaced without losing a scheduled run, because the run was safe in the pool the whole time.

Want the same flow with no worker at all? Point the deployment at an ecs:push pool instead and delete the prefect worker start line — Prefect Cloud submits the Fargate task the instant the run is scheduled, you pay per run, and the only thing you gave up is the warm poller.

Final thoughts

Work pools and workers are the same responsibility as an Airflow executor — get runs onto infrastructure — split along a different seam. Airflow keeps execution close to the scheduler, one executor for the whole deployment, work pushed down from the top. Prefect files runs into a typed pool and lets the edge decide how they run: a worker pulls them and stands up disposable infrastructure per run, or, on a push pool, no worker exists and Prefect Cloud calls your cloud’s serverless API directly. The base job template is where the infrastructure actually lives, job_variables is how you bend it per deployment and per run, and the hybrid model — workers polling outbound, credentials never leaving your environment — is what lets all of it sit behind a firewall. It’s more moving parts than a single executor setting, and in exchange the thing that decides when a flow runs stops being coupled to the thing that decides where — and you get to choose, pool by pool, whether where is even a machine you keep running.





Blocks: Config and Secrets

Every pipeline has a second codebase hiding inside it: the credentials, endpoints, bucket names, and warehouse handles that the real code needs but that don’t belong in the real code. Airflow files this under connections and variables — a connection is a bag of fields (host, login, password, a JSON extra for whatever didn’t fit), and a hook is the class that knows how to read that bag and talk to the thing. The split works, but the connection itself is barely typed, and the knowledge of what its fields mean lives somewhere else entirely. Prefect collapses that split. A block is the config and the client in one typed object.

A block is a class, not a bag

The simplest block is a secret. The bookshop’s warehouse password lives in Prefect, encrypted, and your flow loads it by name:

from prefect import task
from prefect.blocks.system import Secret

@task
def load_orders():
    password = Secret.load("bookshop-db-password").get()
    conn = connect(host="warehouse.internal", password=password)
    ...

Secret.load("bookshop-db-password") fetches the block from the Prefect API; .get() decrypts and returns the value. The password never appears in the flow file, never lands in git, and never shows in a log — it exists as an encrypted value server-side and arrives only at the moment .get() runs. That’s the same guarantee an Airflow connection’s password field gives you, with one difference: Secret is a class, load returns an instance of it, and the type is right there in the import. You’re not pulling a field out of a dict and hoping it’s the field you meant.

You create the block once, either in the UI or in code:

from prefect.blocks.system import Secret

Secret(value="hunter2").save("bookshop-db-password")

Run that once — from a REPL, a setup script, wherever — and the block is registered. From then on every flow loads it by name. Saving from the UI is the more common path for real secrets, precisely because it keeps the value out of any file you’d commit. Pass overwrite=True to .save() when you’re updating one that already exists.

Integration blocks carry the client, not just the config

Where blocks pull ahead of connections is the provider integrations. Prefect’s prefect-* collections ship blocks that bundle credentials and a working client for a specific system. Install prefect-aws and you get S3Bucket; install prefect-snowflake and you get SnowflakeConnector. The block isn’t a description of how to reach S3 — it is the S3 handle:

from prefect_aws import S3Bucket

@task
def stage_extract(rows: bytes):
    bucket = S3Bucket.load("bookshop-staging")
    bucket.write_path("orders/today.csv", content=rows)

S3Bucket.load(...) gives you an object with methods — write_path, read_path, list_objects — already wired to the right bucket and credentials. Compare the Airflow shape: a connection holding the AWS keys, plus an S3Hook you instantiate with that connection’s id, plus your memory of which hook method does what. In Prefect the credentials and the operations are the same object, and the type tells you what operations exist. The SnowflakeConnector block works the same way — load it, get a connection you can query, with the account, warehouse, and auth already baked in.

Because blocks are classes, they compose. An S3Bucket block holds an AwsCredentials block; a SnowflakeConnector holds a SnowflakeCredentials block. You configure the credentials once and point every resource block at them, instead of copying the same keys into a dozen connections. That nesting is not a special feature — it’s just a block field whose type is another block, and it’s the same mechanism you get when you write your own.

Writing your own block

The moment your system isn’t one of the two hundred things a prefect-* collection already covers, you subclass Block and declare your fields. This is where blocks stop being a nicer connection and start being something Airflow has no direct answer for. Say the bookshop talks to a small in-house “royalties” API that wants a base URL, a numeric timeout, and an API key. In Airflow you’d stuff the URL into a connection’s host, the key into password, and the timeout into the JSON extra — and then write a hook to dig them back out. In Prefect you write the shape down once:

from typing import Optional
import httpx
from prefect.blocks.core import Block
from pydantic import SecretStr


class RoyaltiesAPI(Block):
    """Client for the bookshop royalties service."""

    _block_type_name = "Royalties API"
    _logo_url = "https://bookshop.example/static/royalties.png"

    base_url: str
    api_key: SecretStr
    timeout_seconds: int = 30
    verify_tls: bool = True

    def _client(self) -> httpx.Client:
        return httpx.Client(
            base_url=self.base_url,
            headers={"Authorization": f"Bearer {self.api_key.get_secret_value()}"},
            timeout=self.timeout_seconds,
            verify=self.verify_tls,
        )

    def royalties_for(self, isbn: str) -> dict:
        with self._client() as client:
            resp = client.get(f"/titles/{isbn}/royalties")
            resp.raise_for_status()
            return resp.json()

The fields are ordinary pydantic type annotations, so validation is free: pass a string where timeout_seconds wants an int and the block refuses to save. base_url is required because it has no default; verify_tls defaults to True. _block_type_name is the human label the UI shows (without it Prefect derives one from the class name); _logo_url is the icon on the block’s card. Both are class attributes with a leading underscore, which is Prefect’s convention for “this is block metadata, not a savable field” — they don’t become part of the stored document.

The two methods are the whole point. _client is private plumbing; royalties_for is the operation a flow actually wants. Once this block is saved, a task never constructs an httpx client, never assembles an auth header, never remembers the base URL:

@task
def enrich_royalties(isbn: str) -> dict:
    api = RoyaltiesAPI.load("bookshop-royalties")
    return api.royalties_for(isbn)

That’s the shape every first-party integration block has — S3Bucket.write_path, SnowflakeConnector.get_connection — and now yours has it too, with the same load-by-name ergonomics and the same UI card.

Nesting blocks

Because a block field is just a typed attribute, a field can be another block, and that’s how the first-party integrations avoid repeating credentials. You can do the same in your own code. Suppose the royalties service and a second internal service share the same OAuth credentials — model the credentials as their own block and reference it:

class ServiceCredentials(Block):
    _block_type_name = "Bookshop Service Credentials"
    client_id: str
    client_secret: SecretStr


class RoyaltiesAPI(Block):
    _block_type_name = "Royalties API"
    base_url: str
    credentials: ServiceCredentials   # a nested block
    timeout_seconds: int = 30

Save a ServiceCredentials instance once, and every resource block that needs it points at the same document. When you load the outer block, Prefect resolves the nested one for you — RoyaltiesAPI.load("bookshop-royalties").credentials.client_secret is a live SecretStr, hydrated from its own encrypted record. Rotate the secret in one place and every consumer picks it up on its next run. That’s the composition that S3Bucket → AwsCredentials and SnowflakeConnector → SnowflakeCredentials are doing under the hood; you don’t so much learn a new feature as notice the field types already allow it.

SecretStr and SecretDict

Note that api_key is a SecretStr, not a str. This is the field-level version of the Secret block, and it does two jobs. First, the value is stored encrypted alongside the rest of the block. Second — and this is the part that saves you at 2 a.m. — pydantic refuses to render it. If a RoyaltiesAPI instance gets logged, printed, or shown in the UI, the key comes out as SecretStr('**********'). You have to call .get_secret_value() to see the real string, which is exactly why the _client method does so explicitly and nothing else can do it by accident. A plain str field would sit in your logs the first time someone prints the block during debugging.

When the sensitive thing is a whole document rather than a single string — a service-account JSON, a map of per-region keys — use SecretDict:

from prefect.blocks.core import Block
from pydantic import SecretStr
from prefect.types import SecretDict


class WarehouseCredentials(Block):
    account: str
    password: SecretStr
    connect_args: SecretDict  # every value obfuscated, keys visible

SecretDict obfuscates the values while leaving the keys readable, so the UI can show you that there’s a private_key entry without showing you the key itself. Mix secret and non-secret fields freely; only the ones you type as secret get the encryption-and-masking treatment.

Registering the type

A block type has to exist on the server before the UI can offer a form for it. First-party collections register themselves on install, but a block you wrote lives in your code, so you register it explicitly:

prefect block register -m bookshop.blocks

-m takes the module path; Prefect imports it, finds every Block subclass, and registers the type (its name, its field schema, its logo) with the API. After that the “Royalties API” card shows up in the UI’s block catalog and someone can fill in a bookshop-royalties instance by hand — no code required to create the value, only to define the shape. You register the type once; you save instances as often as you like. If you change the class — add a field, tighten a type — re-run register so the server’s schema matches the code.

Schema evolution is the part worth being deliberate about. When you add a field, give it a default so existing saved instances still validate against the new schema; a required field with no default will make older documents fail to load until someone fills it in. Prefect keeps track of a block type’s schema as it changes so the server can tell whether a stored instance matches the code that’s trying to load it, but — as the caveat later in this chapter stresses — that bookkeeping is not a rollback history you can browse to un-break a bad edit. Treat a block class the way you’d treat any shared interface: additive changes are cheap, renames and required-field additions are migrations, and the register step is when the server learns about them. In CI, a prefect block register -m bookshop.blocks after deploy keeps the registered schema honest without anyone remembering to run it by hand.

The CLI

Blocks have a small prefect block command surface that’s worth knowing before you reach for the UI:

prefect block type ls          # every registered block type
prefect block ls               # every saved block instance, with slug/name
prefect block inspect s3-bucket/bookshop-staging   # one instance's fields
prefect block delete s3-bucket/bookshop-staging    # remove it
prefect block register -m prefect_aws              # register a whole collection

The s3-bucket/bookshop-staging form — type-slug/instance-name — is the block’s stable identifier, and it’s what shows up in deployment YAML and error messages. inspect prints the non-secret fields and masks the secret ones, so it’s safe to run in a shared terminal. register -m prefect_aws is how you’d surface every AWS block type after installing the collection, if for some reason the auto-registration didn’t run.

Block, Variable, Secret, or parameter?

Four things in Prefect can hold a value your flow reads, and using the wrong one is the most common config mistake. Here’s the decision matrix:









































	Mechanism	Holds	Typed?	Encrypted?	Reach for it when
	Parameter	Per-run input	Yes (flow signature)	No	The value changes every run — a date, a batch id, a filename
	Variable (prefect.variables.Variable)	Small JSON config	Loosely (JSON)	No	A shared knob many flows read — a feature flag, a threshold, a region list
	Secret block	One sensitive string	Yes	Yes	A bare credential with no client attached — a token, a password
	Custom / integration block	Typed config + methods	Yes	Per-field	An external resource with behavior — a bucket, a warehouse, an API


The line people trip over is Variable versus block. prefect.variables.Variable is the true analogue of an Airflow Variable: a small JSON-ish value, stored in plaintext, meant for runtime knobs that many flows share and that ops folks tweak without a deploy. It is not the place for a credential (no encryption) and not the place for a large document or a client object (it has no type and no methods). Blocks are the opposite: typed, method-bearing, encrypted where you ask for it, and built to carry a whole resource. Variables get their own chapter precisely because the two are easy to conflate and shouldn’t be — if you find yourself putting a password in a Variable or JSON-encoding a config dict into one, you wanted a block. And parameters are the axis orthogonal to both: they’re the inputs that change per run, not the config that changes on a slower clock than the code.

The integrations catalog

“Airflow has more providers” is the honest first objection from anyone with a mature Airflow install, and it deserves a straight answer. Airflow’s provider ecosystem is genuinely enormous. Prefect’s is smaller in raw count but covers the systems most pipelines actually touch, and each integration ships blocks that do more than describe a connection. The survey:


	prefect-aws — S3Bucket, AwsCredentials, ECSTask, plus Secrets Manager and Batch helpers.

	prefect-gcp — GcsBucket, GcpCredentials, BigQueryWarehouse, Cloud Run and Vertex infrastructure.

	prefect-azure — Blob Storage, AzureContainerInstanceCredentials, ML and Cosmos helpers.

	prefect-snowflake — SnowflakeConnector, SnowflakeCredentials.

	prefect-databricks — credentials plus jobs blocks for triggering and polling Databricks runs.

	prefect-dbt — runs a dbt project from inside a flow, and it’s the one integration this track’s readers are most likely to reach for, so it gets code below rather than a bullet.

	prefect-kubernetes — credentials and job blocks, the backbone of the Kubernetes work pool.

	prefect-github — repository storage blocks for pulling flow code at run time.

	prefect-slack — a webhook/credentials block for notifications, wired into automations.



Installing one is the ordinary pip step, and the blocks it ships register themselves so they appear in the UI catalog immediately:

uv pip install prefect-aws prefect-snowflake

prefect-dbt, concretely

That bullet list is a catalog, and a catalog is not an answer. So here is the one integration this track actually needs, with code — because the bookshop we keep loading is the same bookshop the dbt book models, and “how do I run my dbt project from a flow?” is the first question a reader of both will ask.

Ignore the older material telling you to reach for a dbt block. The current API is a runner:

from prefect import flow
from prefect_dbt import PrefectDbtRunner, PrefectDbtSettings


@flow
def bookshop_transform():
    runner = PrefectDbtRunner(
        settings=PrefectDbtSettings(
            project_dir="/opt/dbt/bookshop",
            profiles_dir="/opt/dbt/bookshop",
        ),
        raise_on_failure=True,
    )
    runner.invoke(["build", "--select", "marts"])

invoke takes the dbt CLI arguments as a list — it is dbt build --select marts, run in-process through dbt’s programmatic entrypoint rather than shelled out. Which buys you the thing that matters: prefect-dbt reads dbt’s own event stream and turns each model, seed, and test into a tracked Prefect task run. You don’t get one opaque green square that means “dbt did something”; you get the dbt DAG, node by node, in the Prefect UI, with the failing model named. That is the same argument Cosmos makes on the Airflow side, arrived at from the other direction — and it’s why raise_on_failure=True matters: without it, a failed dbt node leaves your flow cheerfully green.

The comparison worth holding: Airflow’s Cosmos parses your manifest.json at parse time to build the DAG, which is why that book spends a chapter on parse-time cost. prefect-dbt doesn’t need to — the graph is discovered while it runs, because in Prefect the graph is always discovered while it runs. Same problem, and the dynamic-execution model dissolves it rather than solving it. If you’ve read the dbt-on-Airflow book, this is the paragraph that pays it off.

The catalog breadth matters, but the doubling matters more. In Airflow a provider gives you operators and hooks — things you call from task code. A Prefect block from the same integration is also your deployment storage (a GitHubRepository block tells a worker where to pull code), your result storage (an S3Bucket block is where task results get persisted, the subject of the next chapter), and your infrastructure config (an ECSTask or Kubernetes job block configures where a run executes). One typed object is credential, client, code source, and result store depending on where you point it. Concretely, the same S3Bucket block you write extracts into can be handed to a deployment as its result store:

from prefect import flow
from prefect_aws import S3Bucket

@flow(result_storage=S3Bucket.load("bookshop-staging"))
def nightly_load():
    ...

Nothing new was configured — the bucket credentials the pipeline already uses are now also where Prefect persists task results, because a block is a value you can pass wherever a resource is expected. So the provider-count comparison undersells the design: a single block type is load-bearing across the parts of Prefect that Airflow spreads across connections, extra_dag_run config, remote logging settings, and executor config. Fewer moving parts, each doing more.

The security model

Blocks are only as safe as where they’re stored, and the guarantee differs by deployment. On Prefect Cloud, secret fields are encrypted at rest and the values are write-only through the API surface — the UI and CLI mask them, and the plaintext is never returned except to a running flow that calls .get() / .get_secret_value(). On a self-hosted Prefect server, encryption depends on your database and the server’s configuration; the server encrypts secret fields, but you own the key management and the database’s own at-rest protection. The practical rule: on self-hosted, treat the Prefect database with the same care you’d give an Airflow metadata database that holds Fernet-encrypted connections, because that’s exactly the analogous asset. Either way, a SecretStr field is masked in transit through logs and UI — the obfuscation is a client-and-server behavior, not just a display trick — so the failure mode where a credential leaks into a task log is closed by construction, not by remembering to be careful.

There’s a corollary for who can read a secret. Anyone whose flow can .load() a block and call .get_secret_value() has the plaintext — that’s the whole point, the running flow needs it. So the boundary that actually protects a credential is the boundary around who can run code against your workspace and who can edit blocks in the UI, not the encryption itself. On Cloud that’s workspace membership and roles; on self-hosted it’s whatever authentication you’ve put in front of the API and the database. The mental model to carry over from Airflow is exact: a Fernet-encrypted connection is safe from someone reading the metadata database directly, and useless as protection against someone who can already trigger a DAG that uses it. Blocks inherit that shape. Encrypt at rest, mask in logs, and then spend your real attention on access to the control plane.

Loading blocks in async flows

Everything so far used the synchronous .load(). In an async flow, load is awaitable, and so are the block methods that do I/O:

from prefect import flow
from prefect_aws import S3Bucket

@flow
async def stage_async(rows: bytes):
    bucket = await S3Bucket.load("bookshop-staging")
    await bucket.awrite_path("orders/today.csv", content=rows)

await S3Bucket.load(...) fetches the block without blocking the event loop, and integration blocks expose async variants of their I/O methods (aread_path / awrite_path on S3Bucket, for instance) so a highly concurrent flow that fans out over hundreds of keys doesn’t serialize on the network. For your own blocks, if a method does async I/O, write it async def and load the block with await — the framework doesn’t force a choice, it follows yours.

Why this matters past the syntax

The real payoff is that your configuration becomes inspectable and editable without touching code. Every block shows up in the Prefect UI: you can see that bookshop-staging points at the right bucket, rotate the warehouse password on the Secret block, and correct a typo’d endpoint — all without a deploy, because the flow reads the block fresh at run time. That’s the same operational win Airflow connections give you, and it’s the right instinct: config that changes on a different schedule than code shouldn’t live in the code.

One operational caveat: treat block updates as replacements, not as a friendly undo stack. Prefect block schemas are versioned as types evolve, and .save(..., overwrite=True) is the explicit signal that you are replacing the document stored under that name, but you should not depend on a user-facing rollback history to rescue a bad credential edit. Manage important block definitions the same way you manage Airflow connections: document the intended fields, rotate through a controlled process, and keep the source of truth somewhere your team can audit. Keep secrets in Secret blocks, SecretStr fields, or credentials blocks — never in a flow parameter, never in a plain variable, never in the source. The rule is the same one you already follow with Airflow connections; blocks just give you a typed, extensible object to follow it with.

Final thoughts

Airflow’s connection-plus-hook split made sense for a system where the scheduler is generic and the integrations are bolted on: keep the credential dumb and let a hook interpret it. Prefect started from the assumption that config is code you didn’t want to write, and gave it types, classes, inheritance, methods, and a UI — so a bucket is an object that writes to a bucket, an API is an object that answers questions, and a secret is an object that hands you a secret only when you ask by name. It’s a small idea with a large blast radius: once your configuration is typed and loadable by name, the rest of your pipeline stops carrying strings it has to remember the meaning of.





Retries, Timeouts, and the Failures Worth Repeating

Here is the friendliest chapter in the book. Almost everything in it will feel like home: you already know what retries=3 means, you already know why a delay between attempts is a good idea, and you have already had the argument about whether the number should be three or five. Prefect changes the syntax and adds two or three genuinely better knobs, and that’s it. If you skimmed one chapter of this book, this would be the safe one to skim.

Don’t. Because buried under the familiar surface is a precondition that neither Airflow nor Prefect will ever check for you, that no tutorial states out loud, and that is quietly false in about a third of the pipelines I’ve read: a retry is only correct if the thing you’re retrying is idempotent. retries=3 doesn’t mean “try harder.” It means “I hereby assert that running this function up to four times has the same effect on the world as running it once.” Airflow let you make that assertion by typing a number into a kwarg. So does Prefect. Neither of them will tell you when you’re lying.

So we’ll do the easy material fast, spend real time on the two knobs that let you stop retrying things that will never succeed, be honest about what flow-level retries actually re-execute (the answer surprised me, and I ran it), and finish on the precondition — which is also the on-ramp to the next two chapters, because “make this safe to run twice” is what results, caching, and transactions are all secretly for.

The part that ports cleanly

A flaky extract against an external order feed should try again before it gives up:

from prefect import task

@task(retries=3, retry_delay_seconds=[10, 30, 60])
def extract_orders(day: str) -> list[dict]:
    resp = http_get(f"https://feed.internal/orders?day={day}")
    resp.raise_for_status()
    return resp.json()

retries=3 gives three more attempts after the first failure — four executions in the worst case, the same off-by-one Airflow trained into you. retry_delay_seconds accepts four shapes, and it’s worth knowing all of them because they cover a surprising amount of ground:


	A number — every attempt waits that long. retry_delay_seconds=30.

	A list — a delay per attempt, as above: 10s, then 30s, then 60s. If the list is shorter than retries, Prefect repeats the final value rather than falling off the end (the engine indexes with min(attempt, len(delays) - 1)), so retries=5, retry_delay_seconds=[10, 60] gives you 10, 60, 60, 60, 60. A list longer than 50 entries is a ValueError — there’s a hard cap.

	A callable taking the retry count and returning a list of delays. More on this shortly.

	Nothing, in which case the task retries immediately, back-to-back, with no pause at all. This is almost never what you want and it’s the default. A retry with no delay against a service that just 503’d you is not a retry; it’s a second helping of the same failure.



The mapping from Airflow is close to mechanical:


































	Airflow	Prefect
	retries=3	retries=3
	retry_delay=timedelta(seconds=30)	retry_delay_seconds=30
	retry_exponential_backoff=True	retry_delay_seconds=exponential_backoff(...)
	max_retry_delay=timedelta(minutes=10)	(no direct equivalent — cap it in your own callable)
	execution_timeout=timedelta(minutes=5)	timeout_seconds=300
	default_args={"retries": 3}	flow-level defaults, or @task on a shared decorator


The real difference isn’t in the table. It’s that in Airflow these values live in default_args, get inherited by every task in the DAG, and are then selectively overridden three files away — so the effective retry policy of any given task is a scavenger hunt. In Prefect the decorator is the configuration surface. The retry policy of extract_orders is written on extract_orders. That sounds like a small thing until the first time you have to answer “why did this task retry eleven times” at 2 a.m. and the answer is on the same screen as the function.

Backoff, and why jitter is not decoration

Fixed delays are fine for a service that’s either up or down. They’re wrong for a service that’s overloaded, because a fixed delay means every client that failed comes back at the same moment with the same enthusiasm. What you want is to back off further each time, and Prefect ships the curve rather than making you write it:

from prefect import task
from prefect.tasks import exponential_backoff

@task(
    retries=4,
    retry_delay_seconds=exponential_backoff(backoff_factor=10),
    retry_jitter_factor=0.5,
)
def extract_orders(day: str) -> list[dict]:
    ...

exponential_backoff is not magic and it’s worth seeing the whole thing, because it’s about six lines: it returns a callable that, given the retry count, produces [backoff_factor * 2**r for r in range(retries)]. With backoff_factor=10 and retries=4 that’s exactly [10, 20, 40, 80] — I ran it, and that’s the list. backoff_factor=3 with retries=5 gives [3, 6, 12, 24, 48]. It also clamps at 50 retries, which you will never hit and shouldn’t want to.

Now the interesting argument. retry_jitter_factor exists to solve a failure mode that has nothing to do with your code and everything to do with the fact that your code has friends.

Picture the actual incident. The orders API falls over at 03:00:00. Two hundred mapped task runs — one per store — all call it within the same second, all get a 503, all fail, all schedule a retry for now + 10s. At 03:00:10, two hundred requests arrive at a service that is still recovering, in a burst tighter than anything it sees in normal traffic. It falls over again. Every one of them backs off to 20s. At 03:00:30, two hundred requests arrive at once. The synchronised retry doesn’t just fail to help — it is now the cause of the continued outage, and it will stay perfectly in lockstep forever, because they all failed together so they all back off together. You have built a distributed metronome that beats the service to death. The literature calls this the thundering herd; the on-call engineer calls it “it recovers for two seconds every thirty.”

The fix is to make the delays disagree. And here is where I have to correct something I’ve seen written a hundred times, including in an earlier draft of this very chapter: retry_jitter_factor does not add up to N% on top of your delay. That’s the intuitive reading and it’s wrong. What Prefect actually does is draw the delay from a clamped Poisson interval centred on your base delay, where the jitter factor is the clamping factor — the upper bound is delay × (1 + factor), and the lower bound is chosen so that the mean stays at your base delay. The spread goes both ways.

I ran twenty thousand draws so you don’t have to. For a base delay of 60 seconds:

retry_jitter_factor=0.2  ->  min 49.5s   mean 60.1s   max 72.0s
retry_jitter_factor=0.5  ->  min 37.8s   mean 60.2s   max 90.0s

Read those numbers carefully, because they tell you how to choose the value. The mean is preserved — jitter doesn’t make your pipeline slower on average, which is the objection people reach for when they leave it off. What changes is the variance, and variance is the entire point: those two hundred retries now land smeared across a 52-second window instead of stacked on one instant. The herd disperses. The service gets a chance to breathe between requests instead of being hit with all of them.

Use 0.2 for a mild smear when you have a handful of concurrent tasks. Use 0.5 or higher when you have a fan-out — a .map() over stores, a hundred parallel API calls, anything where the count of simultaneous retries is large enough to be its own load test. And note that the jitter is applied server-side, by the orchestration rules that schedule the AwaitingRetry state, not by a sleep() in your process — which means it works the same whether your tasks are threads in one flow or pods across a cluster. That’s the version of this feature Airflow never had; retry_exponential_backoff is deterministic, and the jitter is something you were expected to hand-roll into an operator subclass and then forget to.

When the curve isn’t a curve

Exponential is a good default and a bad religion. Sometimes the right schedule is shaped by a fact about the downstream system, not by a formula — and that’s what the callable form of retry_delay_seconds is for. The contract is simple: a function that takes the number of retries and returns a list of delays. That’s the same contract exponential_backoff fulfils internally, so you’re not using an escape hatch, you’re using the same door.

def probe_then_wait_for_the_batch(retries: int) -> list[float]:
    # The vendor's feed rebuilds on a 15-minute cron. One quick probe in case
    # it was a blip; after that there is no point trying again until the
    # next rebuild, so stop hammering and wait for it.
    return [5.0] + [900.0] * (retries - 1)

@task(retries=3, retry_delay_seconds=probe_then_wait_for_the_batch)
def extract_orders(day: str) -> list[dict]:
    ...

That schedule — 5s, 900s, 900s — is not a curve any backoff library would generate, and it’s exactly right for this system: one attempt in case the failure was a dropped packet, then patience aligned to the thing you’re actually waiting for. A capped exponential is the other common one, and Airflow’s max_retry_delay has no Prefect equivalent precisely because you can just write it:

def capped_exponential(retries: int) -> list[float]:
    return [min(600.0, 10 * 2**r) for r in range(retries)]   # never wait > 10 min

One wrinkle worth knowing: the callable is invoked once, at decoration time, with self.retries — the delay list is computed when the task is constructed, not fresh on each failure. So you can’t make the delay depend on the exception, or on how the world looks right now. It’s a schedule, not a reaction. If you need the retry decision to depend on what actually went wrong, that’s a different knob, and it’s the best one in the chapter.

retry_condition_fn: not all failures deserve a second chance

Here’s the question retries never ask: should this be retried?

Your task calls an API. The API returns 500. That is a fine thing to retry — the server had a bad moment, and the same request a minute later has a genuinely different chance of succeeding. Now the API returns 404, because you asked for a day the vendor never published. Retrying that is not resilience. It is a machine confidently repeating a question it has already been given a definitive answer to, four times, over ten minutes, before surfacing the error you could have had immediately. And it’s worse than the delay: the alert now fires ten minutes late, the failure looks flaky instead of deterministic (because it “tried several times”), and the next engineer to look at it wastes an hour hunting for a transient cause that never existed.

Same for a ValidationError on a schema you got wrong, a PermissionDenied on a credential that expired, a ZeroDivisionError in your own code. None of these are going to fix themselves in thirty seconds. Retrying them is superstition — a ritual performed in the hope that the universe will relent.

retry_condition_fn is how you stop. It’s a predicate Prefect calls when the task fails, with the signature (task, task_run, state) -> bool, returning True to allow the retry and False to give up now:

from prefect import task

class FeedError(Exception):
    def __init__(self, status: int):
        self.status = status
        super().__init__(f"feed returned {status}")

def is_retryable(task, task_run, state) -> bool:
    """Retry server-side and transport failures. Never retry a client error."""
    exc = state.result(raise_on_failure=False)

    # Transport-level: the request never got a real answer.
    if isinstance(exc, (TimeoutError, ConnectionError)):
        return True

    # Application-level: 5xx is the server's problem, 4xx is ours.
    if isinstance(exc, FeedError):
        return exc.status >= 500 and exc.status != 501   # 501 won't be implemented later

    # Anything we didn't explicitly classify: don't retry. Fail loudly and fast.
    return False

@task(retries=3, retry_delay_seconds=exponential_backoff(10), retry_condition_fn=is_retryable)
def extract_orders(day: str) -> list[dict]:
    ...

Note the shape of is_retryable: it uses state.result(raise_on_failure=False) to get the exception object as a value rather than having it re-raised in the predicate’s face. That’s the same handle you’ll meet properly in the states chapter — a Prefect State carries its failure as data, so a function that inspects failures is just a function, not an exception-handling contortion.

Note also the last line. The default branch is return False, not return True, and that is a deliberate and slightly aggressive choice: classify the failures you know are transient, and treat everything else as a bug until proven otherwise. The opposite default — retry unless you recognise it as fatal — sounds safer and isn’t, because the failures you didn’t anticipate are exactly the ones most likely to be real bugs, and burying a real bug under four retries and a ten-minute delay is how a crisp stack trace becomes a flaky-test folklore.

I ran this to be sure of the semantics, and there are two behaviours worth writing down. First, the predicate genuinely short-circuits: a task with retries=3 whose condition returns False executes its body exactly once and goes straight to Failed. Second — a detail I hadn’t expected — the predicate is only consulted while retries remain. With retries=3 and a condition that always returns True, the body runs four times but is_retryable is called only three. There’s no point asking permission for a retry you weren’t going to get.

The Airflow equivalent of this, if you want to feel good about your move, is either subclassing the operator to catch and re-raise as AirflowFailException (which forces an immediate fail and skips remaining retries) or wrapping the whole body in a try/except that decides between two exception types by hand. It works. It’s also code you write once per operator and copy-paste forever, and it lives inside the task body, tangled up with the business logic, rather than beside it as policy.

Flow-level retries: what actually re-executes

Airflow retries a task. Prefect will also retry the flow — put retries on @flow and a failure anywhere inside re-executes the flow function from the top.

The pitch you’ll read everywhere, including in the first draft of this chapter, is that this is cheap: on the second attempt, tasks that already completed are served from their results and only the unfinished work re-runs, so a flow retry resumes rather than restarts. That’s a lovely story. It’s also, out of the box, false — and I only know that because I ran it.

Here’s the experiment. extract is expensive and always succeeds. load fails on its first two attempts and succeeds on the third. The flow has retries=2.

from prefect import flow, task

@task
def extract(day: str) -> list[int]:
    print("BODY extract")
    return [1, 2, 3]

@task
def load(rows: list[int]) -> None:
    print("BODY load")
    if not warehouse_is_feeling_well():
        raise RuntimeError("warehouse said no")

@flow(retries=2, retry_delay_seconds=30)
def daily(day: str):
    load(extract(day))

What I expected: extract runs once, load runs three times. What actually happened:

extract bodies: 3      load bodies: 3

extract re-executed on every single flow attempt. The expensive task I was promised would be skipped ran three times.

The reason is a chain of defaults that each look reasonable and combine into a trap. A bare @task gets the DEFAULT cache policy — good, and that policy’s key is stable across flow retries. But a bare @task does not persist its result: persist_result is unset, so it falls through to PREFECT_RESULTS_PERSIST_BY_DEFAULT, which ships as False. And a cache key with no stored result behind it is not a cache hit. It’s a key pointing at nothing. Prefect computes the key, looks for a record, finds none, and runs your task — exactly as it should, given that nobody ever wrote the result down.

Turn persistence on — either persist_result=True on the tasks, or PREFECT_RESULTS_PERSIST_BY_DEFAULT=true for the process — and the promise comes true:

extract bodies: 1      load bodies: 3

One extract, three loads. That is the resume-not-restart behaviour, and it is genuinely excellent — it’s the thing an Airflow “clear the DAG run” can never give you, because clearing a DAG run re-runs the tasks and Airflow has no notion of a task’s output being already known. But it is a behaviour you opt into, by making results durable, and the whole of the next chapter is about doing that deliberately instead of by accident.

So the precise statement — the one to carry out of here — is this: a flow retry re-executes the flow function from the top. Every task call in it is evaluated again. A task call whose cache key resolves to a persisted result returns that result without running its body; a task call whose result was never persisted runs again in full. Flow retries don’t skip tasks. Caching skips tasks, and a flow retry is just an ordinary re-execution that caching happens to be very good at.

Which tells you when to reach for the feature. Flow-level retries are the right tool when the failure is about the flow, not about one task — a shared connection that died, a token that expired mid-run, an infrastructure hiccup that poisoned everything downstream. They’re the wrong tool when one task is flaky, because a flow retry re-enters every task’s orchestration machinery to reach the one that broke, and if your results aren’t persisted it re-executes all of them too. Task retries are a scalpel. Flow retries are a restart with a good memory — and only if you gave it one.

Timeouts are a different failure, not a slow success

timeout_seconds catches Airflow engineers off-guard, not because the mechanism is strange but because the category is. A task that runs past its budget doesn’t get politely nudged. It is cancelled, and it goes to a TimedOut state — a failure, with all the consequences of failure.

@task(retries=2, retry_delay_seconds=30, timeout_seconds=30)
def extract_orders(day: str) -> list[dict]:
    ...

A hung TCP connection to the feed — the classic, where the socket is open, no data is coming, and no exception will ever be raised because nothing has gone wrong, it’s just never going to go right — no longer stalls the flow forever. It fails at 30 seconds, and because retries are configured, it comes back for another go with a fresh connection. That’s the composition you want: a timeout behaves exactly like an exception, so everything you’ve built on top of failure keeps working over it.

This is the same idea as Airflow’s execution_timeout, and Prefect adds the obvious sibling: timeout_seconds on @flow, bounding the whole run. Worth having on anything scheduled, because a flow that hangs doesn’t just fail to deliver data — it holds infrastructure, occupies a concurrency slot, and keeps the next scheduled run of the same flow waiting behind it. One hung run at 02:00 quietly becomes a backlog by breakfast. A flow timeout converts an indefinite hang into a bounded, alertable failure, which is the whole job.

Now the honest caveat, because “cancelled” is doing a lot of work in that first paragraph. Prefect enforces a timeout by interrupting your code, and Python is not universally interruptible. Pure-Python work and normal I/O get cut off cleanly. But if your task is blocked inside a C extension that holds the GIL and never checks for signals — a chunky NumPy operation, some database drivers mid-call, a compiled library in a tight loop — the interrupt cannot land until control returns to the interpreter. The timeout is honoured as soon as Python is in a position to honour it, which for a well-behaved task is immediately and for a badly-behaved one is “when it feels like it.”

Two consequences, and they’re not theoretical. A timeout is not a guaranteed kill, so don’t design as though a timed-out task has definitely stopped touching the world. And a timed-out task may have already done part of its work — half a load, some rows inserted, an email sent — and interrupting it doesn’t unwind any of that. Which is precisely the thing the retry sitting next to it is about to walk straight into. Set your timeout with genuine headroom over the p99 (a timeout that fires on a slow-but-fine run is a self-inflicted outage), and if the task has side effects, keep reading, because the next section is about you.

The precondition nobody states

Every retry in this chapter rests on an assumption that no framework can verify and almost no team writes down:


Running this task twice must have the same effect on the world as running it once.



If that’s true, retries are free and you should use them liberally. If it’s false, a retry is not a safety net — it is an amplifier, and you’ve configured it to multiply your worst failure by four.

Look at what the assumption actually rules out:

@task(retries=3)
def load_orders(rows: list[dict]) -> None:
    warehouse.execute("INSERT INTO orders VALUES (...)", rows)   # append

This task is not idempotent, and retries=3 on it is a bug with a friendly face. Attempt one inserts eight thousand rows, then the connection drops on the commit — or, worse, the commit lands and the acknowledgement is lost, which is the same thing from your side. Prefect sees a failure, waits, and retries. Attempt two inserts eight thousand rows again. Now the table has sixteen thousand rows, your revenue number is double, and — this is the cruel part — the flow is green. The retry succeeded. Every dashboard says the pipeline is healthy. You will find out about this from a finance analyst, in a meeting, in three weeks.

Compare that to what would have happened with retries=0: a red flow run, an alert, an engineer, and a table that is missing data rather than lying about it. Missing data is an incident. Wrong data that nobody flagged is a catastrophe with a long fuse. A retry on a non-idempotent task converts a loud failure into a silent corruption, and it does so at exactly the moment you thought you were being careful.

So before you type retries=, ask what the second execution does to the world. There are only a few honest answers:


	The task is pure. It reads, it computes, it returns. Retry it freely — this is most extracts, most transforms, and the entire happy path of this feature.

	The task’s write is naturally idempotent. A MERGE/upsert on a real primary key, an overwrite of s3://bucket/orders/2026-06-04.parquet, a PUT to a keyed endpoint, a CREATE TABLE ... AS SELECT that replaces the target. Running it twice is running it once. Retry freely.

	You can make it idempotent, and you should. Delete-then-insert for the partition inside a database transaction. An idempotency key on the vendor’s API (they almost all support one; use it). A dedupe on load. This is nearly always cheaper than the alternative, and it is the actual engineering work that “make the pipeline reliable” refers to.

	It genuinely can’t be made idempotent — a partner’s POST /orders that mints a new order every time, an email you can’t un-send. Then a retry is a decision with a blast radius, and you need a different tool: either retries=0 and a human, or the transaction machinery two chapters from now, which exists precisely so that irreversible side effects happen only on commit, after everything that could veto them already has.



This is not a Prefect problem and I want to be fair: Airflow has exactly the same hole, and the entire genre of “idempotent DAG patterns” blog posts exists because of it. What’s different is that Prefect gives you tools to close it — a cache policy that makes the second execution a no-op, a transaction that makes a half-done group of writes roll back — rather than leaving it as a discipline you enforce with code review and hope. The next two chapters are those tools. Read them as the second half of this one.

Where retries touch the rest of the system

Two seams, so nothing surprises you later.

States. Every word in this chapter is really a statement about state transitions. A failed attempt with retries left doesn’t go to Failed — it goes to AwaitingRetry, which is a name under the Scheduled type, because a task waiting to retry is mechanically just a task scheduled for a moment in the future. It then re-enters as Retrying, runs, and either completes or loops. Failed is only reached when retries are exhausted, and that ordering has a consequence people trip over: an on_failure hook fires once, at the end, not on each failed attempt. If you want to know about every attempt, a state hook is the wrong mechanism. The full model, and the Failed-versus-Crashed split that decides whether a retry is hope or superstition, is the states chapter.

Concurrency. A retry is a scheduled future execution, and when it wakes up it has to acquire a slot like anything else. So a burst of retries against a tag with a concurrency limit doesn’t stampede — it queues, which is a second, quieter defence against the thundering herd, and a good reason to tag every task that leaves your network with the same tag and cap it. It also means your retry delay is a lower bound, not a promise: a task with retry_delay_seconds=30 behind a saturated limit retries in thirty seconds plus however long it waits for a slot. That’s usually what you want and occasionally a surprise. The concurrency chapter has the rest.

Final thoughts

The reason this chapter is the easy one is that retries are the piece of orchestration the industry actually agreed on. Prefect’s version is better in three specific, unglamorous ways — jitter that’s a real distribution instead of a hand-rolled hack, a predicate that lets you refuse to retry a 404, and a flow-level retry that can genuinely resume rather than restart — and those improvements are worth taking. But they’re improvements at the margin. The model is the model you already had.

What’s not the same is what sits underneath. Airflow’s retry is a re-execution and nothing more, because Airflow has no memory of what a task returned; when the retry runs, the task starts from nothing, every time, and “skip the part we already did” is a subgraph you build by hand. Prefect’s retry can be a resume, because Prefect can remember. That’s the whole difference, and you saw it in the experiment above: the same flow, the same retry, one setting apart — and one of them re-ran the expensive extract three times while the other ran it once.

The setting was where the result gets stored. Which is the entire subject of the next chapter, and the reason it comes next: until you know where your return values land, “retry” is a coin flip, “cache” is a rumour, and the idempotency this chapter has been begging you for is something you’ll be enforcing by hand for the rest of your career.





Results and Caching, or: Where Your Return Values Actually Live

The last chapter ended on a cliff: the same flow, the same retries=2, one setting apart — and one version re-ran the expensive extract three times while the other ran it once. The setting was whether the task’s return value got written down.

That’s the hinge of the whole book. Prefect’s headline features — a retry that resumes instead of restarting, a cache hit that skips the work, a transaction that rolls back a half-done load — are not three features. They are three questions asked of one store: have we already got a value for this key? Airflow cannot ask that question, not because nobody thought of it, but because Airflow has nowhere to look. A task instance’s return value goes to XCom if it’s small and nowhere if it isn’t, and XCom is a message-passing channel, not a result store you cache against and roll back through.

So results are the substrate, and caching is the first thing you build on it. But lead with the sentence I wish someone had put in front of me two years ago, because it’s the difference between the feature working and the feature appearing to work:

If you don’t know where your results land, you don’t have caching. You have luck.

And luck has a very specific expiry date. It runs out the moment your work crosses a process boundary — the moment the task that writes the result and the task that would hit the cache are two different pods, on two different nodes, and the “shared” result store is ~/.prefect/storage on a container filesystem that ceased to exist eleven seconds after the pod exited. Nothing errors. Nothing warns. Every run is a first run, forever, and the caching you configured is a decoration on a task that recomputes everything, every time, while you tell people in standup that you’ve turned on caching.

Let’s make sure that isn’t you.

What a result actually is

A result is a task’s (or flow’s) return value, as a durable artifact. That’s it. Not a dataset, not a table, not an XCom — the literal Python object your function returned, serialized and written somewhere Prefect can find it again by key.

By default, in a fresh Prefect install, that doesn’t happen. The return value lives in memory for the duration of the flow run and then it’s garbage. PREFECT_RESULTS_PERSIST_BY_DEFAULT ships as False, and the bare @task you’ve been writing throughout has been quietly throwing its output away the instant the process ended.

Which raises the obvious question: then how did anything in the last chapter work at all, and how does the cache_policy=INPUTS you’ve seen in every Prefect tutorial ever manage to hit? The answer is a rule that is genuinely useful and genuinely under-documented. Prefect turns persistence on for you, implicitly, if you do any of five things. I went and read the constructor rather than guessing, and here is the actual list — if persist_result is left unset, it becomes True when any of these is true:


	you set a cache_policy that isn’t NO_CACHE,

	you set a cache_key_fn,

	you set a result_storage_key,

	you set a result_storage,

	you set a result_serializer.



The logic is sound: every one of those settings is meaningless without a durable result, so asking for one implies the other. In practice this means you will almost never type persist_result=True — you’ll write a cache policy and persistence will follow. But it also means the inverse is the trap that bit us in the last chapter: a bare @task, with none of those five, gets the DEFAULT cache policy but does not persist. It computes a perfectly good cache key, looks in the store, finds nothing (because nothing was ever written), and runs. Forever. The key without the store is a lock with no door behind it.

Three questions decide a result’s fate: whether it’s persisted, where it’s written, and how it’s encoded.

Whether: persist_result and the global switch

Set it explicitly when you want it and mean it, with @task(persist_result=True). Or flip the process-wide default and stop thinking about it:

prefect config set PREFECT_RESULTS_PERSIST_BY_DEFAULT=true

For any deployment on real infrastructure, I’d argue the global switch is the right call. The failure mode of persisting a result you didn’t need is a small file you didn’t need. The failure mode of not persisting one you did need is a flow retry that re-runs your six-minute extract, a cache that never hits, and a transaction record that never gets written — all silently. The costs are not symmetric.

persist_result=False is the explicit off switch, and it has one edge worth knowing: it wins over a cache policy, and it tells you so. Set it alongside a real cache_policy and Prefect forces the policy to NO_CACHE and logs Ignoring 'cache_policy' because 'persist_result' is False. It refuses to pretend. Use it on tasks whose return values are enormous and worthless — one that returns a 400 MB DataFrame the next task immediately reduces to a single number, where writing that object to S3 every run is pure cost.

Where: result_storage, and the moment local disk stops working

With nothing configured, results go to a LocalFileSystem rooted at ~/.prefect/storage (the PREFECT_LOCAL_STORAGE_PATH setting; I checked mine and it resolves to exactly that). Files there are named by an opaque hash — you can go look, and you’ll find a directory of UUID-ish filenames that tell you nothing.

On a laptop this is perfect. In production it is the single most common way a correct-looking Prefect setup does nothing at all, and the boundary doesn’t announce itself. Local disk works right up until your flow runs in a Kubernetes job and the next run gets a different pod with an empty volume; or you run two workers on two hosts and the result written by one is invisible to the other; or, generally, the process that writes and the process that reads are not the same process on the same machine with the same filesystem.

Cross that line and every cache lookup misses, every flow retry restarts from scratch, and every transaction record — because transaction records live in the same store — vanishes with the pod that wrote it. Your “we only load each day once” guarantee now holds once per pod. Which is to say: not at all.

The fix is to point result_storage at something every process can see:

from prefect import task
from prefect_aws import S3Bucket

@task(result_storage=S3Bucket.load("bookshop-results"))
def transform(rows: list[dict]) -> list[dict]:
    return [clean(r) for r in rows]

Note .load(), not a constructor. This matters, and it’s a hard error rather than a subtle one — Prefect will refuse an unsaved block outright:

TypeError: Result storage configuration must be persisted server-side. Please call
`.save()` on your block before passing it in, or use a string reference like
'local-file-system/my-storage' instead.

The reason is sound: the worker on the other machine has to reconstruct that storage config from the API, and it can only do that if the block exists server-side. So either .save("bookshop-results") your block once and .load() it thereafter, or use the string-reference shorthand the error suggests — result_storage="s3-bucket/bookshop-results" — which resolves at runtime. Both work; I ran both.

Set it on the flow (@flow(result_storage=...)) to establish a default for every task inside, then override on the individual tasks that need somewhere else. That’s the shape I’d recommend: one storage decision at the top of the pipeline, inherited downward, rather than a bucket sprinkled across forty decorators.

How: result_serializer, and what’s actually in the file

The default serializer is pickle, which round-trips almost any Python object and ties the bytes to your Python environment. A pickled result written by Python 3.12 with pandas 2.2 may be unreadable to a worker on Python 3.11 with pandas 2.1 — and the failure will be an AttributeError deep inside an unpickle, at 3 a.m., which is an unpleasant way to learn about your deployment’s version drift.

json is the alternative: portable, human-readable, inspectable by anything, and constrained to JSON-friendly values.

@task(result_serializer="json", result_storage=S3Bucket.load("bookshop-results"))
def transform(rows: list[dict]) -> list[dict]:
    return [clean(r) for r in rows]

My rule: json for anything a human might want to look at, or that crosses a version boundary; pickle for rich in-process objects that only Prefect will ever read. If the result is list[dict] or a dict of numbers — which, in a data pipeline, it very often is — you’re paying pickle’s fragility tax for nothing.

Worth knowing what actually lands on disk, because people assume it’s their payload and it isn’t. I wrote a result with result_serializer="json" and opened the file:

{
  "metadata": {
    "storage_key": "orders/2026-05-30.json",
    "expiration": null,
    "serializer": {"type": "json", ...},
    "prefect_version": "3.7.8",
    "storage_block_id": "..."
  },
  "result": "[{\"title\": \"Dune\", \"qty\": 2}]"
}

It’s an envelope: metadata plus your serialized payload as a nested string. A result file is not a data file. You can’t hand orders/2026-05-30.json to pd.read_json and expect joy, and you definitely shouldn’t point a downstream consumer at Prefect’s result store. It’s Prefect’s bookkeeping, in Prefect’s format, and Prefect reserves the right to change it.

result_storage_key, and the trap inside it

By default a result’s filename is a hash. result_storage_key lets you template it from the run context instead, so results are addressable and legible:

@task(
    result_storage=S3Bucket.load("bookshop-results"),
    result_storage_key="orders/{parameters[day]}.json",
    result_serializer="json",
)
def extract_orders(day: str) -> list[dict]:
    ...

A run for 2026-05-30 writes orders/2026-05-30.json. I ran it; that’s the path. The template draws from the run context and from parameters, so {parameters[day]} resolves to the day argument.

Now the trap, and it’s a good one, because it’s invisible. Setting a result_storage_key on a task with a cache policy replaces the cache key with the storage key. In the source: supply a result_storage_key with a cache policy that isn’t NO_CACHE, and Prefect sets self.cache_policy = None, then uses the formatted storage key as the task’s key instead.

Sometimes that’s exactly right — “the key for this work is the day, and the file is named after the day” is a tidy design. But it means your carefully-composed INPUTS + TASK_SOURCE policy is silently not in effect, and editing the function body no longer invalidates anything, because TASK_SOURCE isn’t in the key. There is no key. There’s a filename. Know which of the two you’re configuring, and don’t reach for both expecting them to compose.

The last knob here is cache_result_in_memory (default True), which decides whether Prefect also holds the value in memory after persisting it. For a big result you only need occasionally, cache_result_in_memory=False keeps the object out of the flow’s memory footprint and reads it back from storage when something asks. It’s the pressure valve for pipelines that pass large payloads between tasks — and the reason a flow that “shouldn’t” be using 8 GB sometimes is.

Results are not datasets

One clarification that saves an architectural argument later. A Prefect result is an orchestration artifact — the value Prefect stores so it can recover, cache, or inspect a task’s output, sitting in an envelope in the store you configured. The bookshop’s actual output table is still something a task writes on purpose, with a warehouse client, to the warehouse.

Conflate the two and you end up with people treating ~/.prefect/storage as a data lake, and then a dbt model reading from a pickle. Keep the buckets separate: results are how the framework remembers what ran; datasets are what your tasks deliberately write to the systems your consumers read. A task can and often should return a pointer — an S3 URI, a table name, a row count — rather than the payload. That’s a small result, cheap to persist, perfectly cacheable, and it doesn’t turn your orchestrator into a storage tier it was never designed to be.

Caching: the feature you used to hand-roll

Now the payoff. Re-running the bookshop transform for a day you already processed should do nothing — the inputs are identical, so the output is identical, so why recompute it.

In Airflow, “so why recompute it” is a project: a sensor to check whether the output exists, a BranchPythonOperator to skip the work if it does, a dummy task to join the branches back, and idempotency logic you wrote by hand and tested by hoping. In Prefect it’s an argument.

A cache policy describes how the cache key is computed. Prefect ships a catalog in prefect.cache_policies, and the whole vocabulary is six names:


	INPUTS — key on a hash of the task’s arguments. Same inputs, same key, cache hit.

	TASK_SOURCE — key on the task’s source code. Edit the function body and the cache invalidates, instead of serving output produced by logic that no longer exists.

	RUN_ID — scope the key to the enclosing flow run, so a hit can only happen within one run. This is what makes flow-level retries reuse completed tasks without leaking results between separate runs.

	FLOW_PARAMETERS — key on the parameters the enclosing flow was called with. For when the question “is this stale?” is really about the run’s parameters rather than the task’s own arguments.

	NO_CACHE — never cache. Also the way to say “and don’t auto-persist this one either.”

	DEFAULT — what you get when you don’t choose. It is exactly TASK_SOURCE + RUN_ID + INPUTS — I printed it to be sure — which means a bare task caches within a flow run and never across runs.



from datetime import timedelta
from prefect import task
from prefect.cache_policies import INPUTS

@task(cache_policy=INPUTS, cache_expiration=timedelta(hours=24))
def transform(rows: list[dict]) -> list[dict]:
    return [clean(r) for r in rows]

Call transform again with the same rows inside the window and it’s a cache hit: the body doesn’t run, and Prefect returns the persisted result. cache_expiration is a timedelta bounding how long a cached result stays valid; leave it off and the cache never expires on its own. There’s also refresh_cache=True, the “no, really, run it again” override that bypasses a hit and overwrites the record — the manual escape hatch you’ll want in exactly one situation, which is when you’re standing in front of a stale cache at 3 p.m. with an analyst waiting.

Composing with + and -

The catalog is small because the policies compose. + builds a compound policy that requires both dimensions in the key — DEFAULT is literally that composition made explicit.

The move you’ll reach for most is dropping RUN_ID, because dropping it is what turns a within-run optimisation into the across-run “re-running yesterday does nothing” behaviour you actually came for:

from prefect.cache_policies import INPUTS, TASK_SOURCE

@task(cache_policy=INPUTS + TASK_SOURCE, cache_expiration=timedelta(days=7))
def transform(rows: list[dict]) -> list[dict]:
    return [clean(r) for r in rows]

Now the cache survives across flow runs and across deployments, keyed on inputs and source together. Edit the transform and the source hash changes, forcing a recompute rather than serving output from logic you’ve since deleted. I’d keep TASK_SOURCE in nearly every cross-run policy, and the reason is in the next section.

- subtracts a named argument from the INPUTS hash — it doesn’t remove a policy, it adds to Inputs’ exclude list:

@task(cache_policy=(INPUTS - "run_note") + TASK_SOURCE)
def transform(rows: list[dict], run_note: str) -> list[dict]:
    ...

run_note is logging metadata; changing it shouldn’t bust a cache that’s really about rows. (Because - operates on Inputs, it only means anything on a policy that contains INPUTS. TASK_SOURCE - "x" is not a thing worth typing.)

When the built-ins can’t express “the same work”

cache_key_fn lets you compute the key yourself. The signature — verified, because it’s the kind of thing people get backwards — is (context, parameters) -> str | None: context is the TaskRunContext, parameters is a dict of the task’s arguments, and returning None means “don’t cache this call.”

def by_day(context, parameters) -> str:
    return f"bookshop-transform-{parameters['day']}"

@task(cache_key_fn=by_day)
def transform(day: str, rows: list[dict]) -> list[dict]:
    ...

Now the key is the day, not the payload. I ran this with two genuinely different rows lists for the same day, and the second call was a cache hit that returned the first call’s result — which is either exactly what you wanted or a catastrophe, depending on whether “the same day” really does mean “the same work” in your domain. cache_key_fn is the sharpest tool in the chapter and it has no guard.

Note the prefix in that key: bookshop-transform-, not just the day. When you write your own key, you own the namespace. A cache key is a key in a shared store; two different tasks that compute the same key against the same storage will collide, and one will cheerfully serve the other’s result. The built-in policies mostly protect you here because TASK_SOURCE makes two different functions produce two different hashes — which is the real reason to keep it in the policy rather than caching on INPUTS alone. Roll your own and that protection is gone. Namespace deliberately.

How INPUTS actually hashes, and where it bites

INPUTS builds the key by hashing the resolved arguments, and the mechanism has three sharp edges. I went looking for them.

It hashes via JSON first, then cloudpickle. hash_objects tries a JSON dump with sort_keys=True; if that fails it falls back to cloudpickle; if that fails too it raises. The sort_keys matters more than it sounds: {"a": 1, "b": 2} and {"b": 2, "a": 1} produce the same hash (I checked — 850dc833d975... both times), so dict ordering won’t spuriously bust your cache. Good.

A task with no arguments never caches under INPUTS. This one is a genuine trap and it’s four lines into the source: Inputs.compute_key returns None if the inputs dict is empty, and a None key means no caching. So:

@task(cache_policy=INPUTS)     # zero-argument task
def fetch_config() -> dict:
    return load_from_vault()

…will run its body every single time, forever, and nothing will tell you. I ran it four times across two flow runs and got four executions. If you want a zero-arg task cached, key it on something else — TASK_SOURCE, FLOW_PARAMETERS, or a cache_key_fn returning a constant.

And when the hash fails, Prefect swallows it. This is the behaviour I most want you to know, because it is so quiet. Pass an argument that can’t be serialized — a threading.Lock, a live database connection, an open socket — and the key computation raises internally… and the engine catches it, logs

ERROR | Task run 'transform-b0d' - Error encountered when computing cache key -
        result will not be persisted.

…sets the key to None, and runs your task normally. Nothing fails. The flow is green. Your task is simply, permanently uncached, and the only evidence is one ERROR line in a log nobody reads at INFO-and-above volume. I confirmed this: the task returned its value happily while caching was silently switched off underneath it.

So if a task you cached is mysteriously always recomputing, grep the logs for Error encountered when computing cache key before you do anything else.

Now — the folklore fix for this is to wrap the offending argument in quote(), and the folklore is wrong, so let’s kill it here. from prefect.utilities.annotations import quote (that’s the import path; there is no from prefect import quote) does one documented thing: it tells Prefect not to introspect the wrapped object when it’s passed as a parameter. That’s a real optimisation — introspection walks large collections looking for futures to resolve, and on a big nested dict or a DataFrame that walk costs real time — and it disables dependency tracking for that argument as a side effect.

What it does not do is remove the argument from the cache key. I tested it directly: same task, cache_policy=INPUTS + TASK_SOURCE, one quoted argument, called twice with two different quoted values. If quote() excluded it from the key, the second call would be a hit. It wasn’t. The body ran both times. The quoted value is still in the hash.

The tool for excluding an argument from the key is the one designed for it:

@task(cache_policy=(INPUTS - "config") + TASK_SOURCE)
def transform(rows: list[dict], config: dict) -> list[dict]:
    ...

Or a cache_key_fn that only looks at the parameters you care about. Use quote() for what it’s for — performance on large inputs — and - for the key. They are not the same knob, and I have seen quote() deployed as a caching fix in production code where it did precisely nothing.

Isolation and locking: the race nobody configures

The subtle bug in any cache is two runs computing the same key at the same time. Both check the store. Both see a miss. Both do the expensive work. One clobbers the other, and if the work had side effects, you did them twice. The scheduled 03:00 run and the engineer who clicked “Run” at 03:00:02 have just double-loaded your warehouse, and the cache you added to prevent duplicate work did nothing — because a cache without a lock is a suggestion.

Prefect 3 lets you make the cache transactional. A policy carries an isolation level, and SERIALIZABLE demands a lock manager:

from pathlib import Path
from prefect import task
from prefect.cache_policies import INPUTS, TASK_SOURCE
from prefect.transactions import IsolationLevel
from prefect.locking.filesystem import FileSystemLockManager

policy = (INPUTS + TASK_SOURCE).configure(
    isolation_level=IsolationLevel.SERIALIZABLE,
    lock_manager=FileSystemLockManager(lock_files_directory=Path("/srv/prefect/locks")),
)

@task(cache_policy=policy)
def transform(rows: list[dict]) -> list[dict]:
    return [clean(r) for r in rows]

The two levels, and there are only two:


	READ_COMMITTED (the default) does no locking. It guarantees you won’t read a half-written result, and that is all it guarantees. Two concurrent misses on the same key will both proceed and both compute. Fine when your runs are naturally serialized — one schedule, one deployment, no overlap.

	SERIALIZABLE takes a lock on the cache key for the life of the computation. Of two runs racing on the same key, one computes while the other blocks, and then reads the committed result. This is the guarantee you’d otherwise implement with an advisory lock in Postgres and a lot of care.



.configure() takes exactly three things — key_storage, lock_manager, isolation_level — and Prefect will not let you fake the last one. Ask for SERIALIZABLE without a lock manager and you get a hard failure at task start, not a warning:

ConfigurationError: Isolation level SERIALIZABLE is not supported by provided
configuration. Please ensure you've provided a lock file directory or lock
manager when using the SERIALIZABLE isolation level.

Good. That’s a framework refusing to let you believe something false.

Three lock managers, and choosing wrong is the whole game:


	MemoryLockManager() (prefect.locking.memory) coordinates threads within one process. Useful in tests and for concurrent tasks inside a single flow run. Useless across processes.

	FileSystemLockManager(lock_files_directory=Path(...)) (prefect.locking.filesystem) coordinates every process that can see that directory. Note the kwarg — it’s lock_files_directory, and it wants a Path. (It is not root_dir; I have written root_dir before and it does not exist, and I’d rather say so than let you find out.) On one box this coordinates everything. Across a fleet of Kubernetes pods that share no filesystem, it coordinates nothing — each pod locks a directory only it can see. “We run on K8s and use the filesystem lock manager” is a sentence that means “we have no lock.”

	RedisLockManager from prefect-redis puts the lock somewhere every worker can genuinely see. If your workers span machines and you need SERIALIZABLE, this is the answer and the others are theatre.



Match the lock’s blast radius to the race you’re actually trying to prevent. The race is almost always “two workers, two machines,” and exactly one of these three options addresses it.

A cache hit skips retries — and everything else

Tie the two chapters together with the order of operations, because it explains several behaviours at once.

On a cache hit, the task body never runs. Not “runs and returns early” — never runs. Which means:


	Retries never engage. There is nothing to retry, because nothing executed. A task with retries=5 and a cache hit has zero attempts, not one.

	timeout_seconds never engages. You can’t time out work you didn’t do.

	retry_condition_fn is never called. No failure, no predicate.

	The task’s side effects don’t happen. This is the important one, and it is the seam where caching becomes dangerous instead of merely useless: if your task writes to a table and returns a value, a cache hit gives you the value and skips the write. Which is either the idempotency you wanted or a data loss you didn’t, and the framework cannot tell the difference.



I ran this to be certain of the ordering. A task with cache_policy=INPUTS + TASK_SOURCE and retries=5, whose body raises on any call after the first: the first flow run computes and stores; the second returns the stored value with the body untouched — the RuntimeError sitting in there was never reached. Prefect checks the cache first, and only a miss proceeds to execute, at which point the whole failure-handling apparatus from the last chapter applies to that execution and only that one.

It also explains the flow-retry experiment. On the second flow attempt, every completed task is a cache hit and every incomplete one is a miss, so the retry re-runs exactly the unfinished work — provided the results were persisted. Flow retries don’t skip tasks. Caching skips tasks. The flow retry just re-executes the function and lets the cache do the rest.

In the UI, all of this shows up as a state named Cached — which is a successful terminal state (is_completed() returns True for it, and code that checks for success shouldn’t have to special-case it). Hold onto that word. It’s about to turn out to be a transaction.

Three idempotency mechanisms, kept straight

Prefect gives you more than one way to say “don’t do this twice,” and using the wrong one is the most expensive mistake in this part of the book. Disentangle them now:

Caching dedupes the execution of one task, by cache key. A hit returns the persisted result and skips the body. Its question is “did we already compute this?” It is the right tool when the work is pure enough that the same inputs genuinely mean the same output. It has no notion of undoing anything — it can skip a write, but it cannot un-write one.

Transaction keys dedupe a group of tasks that must land together. You wrap them in with transaction(key=...), and the block gets commit-or-roll-back semantics: if the middle blows up, the compensating hooks on everything that already succeeded fire, and the world goes back to how it was. Its question is “did we already commit this — and if half of it lands, how do I undo the half?” That’s the next chapter, and it’s the tool for side effects that must be all-or-nothing.

Manual idempotency keys dedupe the creation of a run, at the orchestration boundary — an idempotency_key passed when you trigger a deployment, so a retried webhook or a nervous cron produces one run and not two. It has nothing to do with task output. It’s about not launching the pipeline twice in the first place.

The trap is using caching where you meant a transaction. A cached task that has already written to a table is fine on re-run — the cache skips the write, the table is correct. A task that failed halfway through writing is exactly what caching cannot help you with: there’s no cache record (it failed), so a re-run redoes the write on top of a table that already has half of it. Caching answers “did we compute this.” Transactions answer “did we commit this.” When your task touches the outside world, you almost always meant the second one.

And now for the part that reframes everything you just read. Those are not two systems that happen to look alike. A task’s cache key is its transaction key — the same string, computed by the same compute_key call, written to the same store. Every task run in Prefect 3 opens a transaction whose key comes from its cache policy; a “cache hit” is that transaction discovering its record already exists and being born committed; refresh_cache is passed straight through as the transaction’s overwrite. Even the persistence rule falls out of it: the task’s transaction is created with write_on_commit=should_persist_result(), which is precisely why a task that doesn’t persist its result never writes a record, and therefore never hits a cache, and therefore re-runs on every flow retry — the mystery we opened this chapter with, solved by one keyword argument deep in the engine.

The Cached state you see in the UI is a transaction that found its record already written. That’s not an analogy for how caching works. That is how caching works.

Final thoughts

Results are the least glamorous chapter in this book and the one everything else is standing on. Get them wrong — leave persistence off, or point every worker at its own local disk — and Prefect’s three best features quietly degrade into nothing: retries restart instead of resuming, caches never hit, transaction records evaporate with the pod. Every one of those failures is silent. There is no error. Your pipeline just does more work than it should, forever, while the config file says otherwise.

Get them right and the payoff is immediate. INPUTS + TASK_SOURCE does, in one argument, what a sensor and a branch and a hand-written idempotency check used to do in a subgraph — and unlike that subgraph, it invalidates itself when you edit the code. That’s the trade this framework is offering: the thing you used to assemble becomes the thing you declare.

But declare it with your eyes open. Know where the results land. Know that an unhashable argument turns your cache off without telling you, and that SERIALIZABLE without a shared lock manager is a lock protecting one container from itself. Caching is not a performance tweak you sprinkle on. It’s a correctness claim about your task — “the same inputs mean the same output, and skipping this is safe” — and Prefect will take you completely at your word.

Which leaves the one thing caching can’t do: undo. A cache can skip work that already happened. It cannot reach into your warehouse and remove the half of a load that landed before everything went wrong. For that you need the same store, the same key, and one more guarantee.





Transactions, or: How to Un-Write Half a Load

Every failure mode this book has covered so far is a failure of execution. The task threw, the worker died, the API timed out — something didn’t finish, and you retried it or you cached past it or you let it fail loudly. In every one of those stories, the world outside your pipeline was still telling the truth. The load didn’t happen, so the table doesn’t claim it did.

This chapter is about the other kind of failure — the one where the pipeline stops halfway and the world is now wrong. The staging table holds rows that correspond to no completed load. The Parquet file sits in the warehouse prefix but the manifest was never updated. The vendor’s API accepted your “order shipped” call and then the database write that was supposed to record it blew up, so your system and theirs now disagree about reality. Nothing is running. Nothing is retrying. The pipeline is red and quiet, and the damage is already done.

Airflow’s answer to this is: write the cleanup yourself. There’s a cleanup task, a TriggerRule.ONE_FAILED to make it fire, and a long careful think about the exact set of upstream states in which it should and shouldn’t run — and if you get the trigger rule wrong you either clean up work that succeeded or leave behind work that didn’t. It’s not that Airflow does compensation badly. It’s that Airflow has no concept of compensation at all, so you build one out of graph edges every single time.

Prefect has the concept. It’s called a transaction, and it is the headline feature of Prefect 3.

The failure that retries make worse

Make it concrete with the bookshop load. Two tasks. stage transforms the day’s orders and writes them to a staging table. load copies staging into the warehouse table and updates a watermark. Between them, a fifteen-second window in which the staging table contains a write that the warehouse hasn’t consumed.

@task
def stage(orders: list[dict]) -> str:
    write_staging(orders)          # side effect #1
    return "staged"

@task
def load(_staged: str) -> None:
    load_warehouse()               # side effect #2 — and it fails
    advance_watermark()

load raises. Now think about what a retry does for you here, because the instinct — “it’s fine, it’ll retry” — is exactly wrong. The retry re-runs load, which runs load_warehouse() again, on top of a staging table that is still holding yesterday’s half-copied rows plus today’s. If load_warehouse isn’t idempotent, you’ve now double-loaded. If it is idempotent, congratulations: you’ve correctly loaded from a staging table that’s in an undefined state. The retry didn’t heal anything. It re-ran the second half of a two-half operation whose first half nobody ever agreed to keep.

What you actually want is the word every database engineer already knows: either both writes land or neither does. That’s not a retry policy. That’s a transaction, and until Prefect 3 no orchestrator gave you one that spanned tasks.

with transaction(): — the smallest version that works

Here is the whole idea in one block:

from prefect import flow, task
from prefect.transactions import transaction

@task
def stage(orders: list[dict]) -> str:
    write_staging(orders)
    return "staged"

@stage.on_rollback
def undo_stage(txn):
    clear_staging()

@task
def load(_staged: str) -> None:
    load_warehouse()

@flow
def daily_load(orders: list[dict]):
    with transaction():
        staged = stage(orders)
        load(staged)

Both tasks run inside with transaction():. If load raises, the transaction never commits — and every task that already succeeded inside that block fires its on_rollback hook on the way out. undo_stage runs, the staging table gets cleared, and the exception propagates to the flow as usual. The pipeline still fails. It just doesn’t leave a mess behind when it does.

@stage.on_rollback is a decorator that registers a compensating function against the task. It takes exactly one argument — the transaction — and Prefect calls it for you. You never call it. You never wire an edge to it. You never reason about trigger rules. The undo for a task lives next to the task, which is the only place it was ever going to stay correct.

That’s the pitch. Now let’s take the machine apart, because every single knob on it changes the failure semantics, and the defaults are only right until they aren’t.

commit_mode: when the work actually lands

A transaction has a commit_mode that decides when the commit — and therefore when the on_commit hooks, and the write of the staged result — actually happens. There are exactly three values, and I want to name them precisely because older material (including, for a while, this book) has been sloppy about it:

from prefect.transactions import CommitMode

CommitMode.EAGER
CommitMode.LAZY
CommitMode.OFF

That’s the complete list. If you’ve read somewhere that there’s an ATOMIC mode, there isn’t — CommitMode has three members and ATOMIC is not one of them. The atomicity people are reaching for when they say that word is what LAZY already gives you.

LAZY is the default, and it means: stage everything, commit nothing, and when the outermost with block exits cleanly, commit the whole tree at once. Every task inside stages its result and its hooks; nothing is finalized. Then the root exits, and the commit sweeps through — children first, then the root’s own commit hooks, then the write to the record store. This is the all-or-nothing you came for.

EAGER commits a transaction the instant its own block exits successfully, without waiting for anything above it. An eager transaction that finishes has cashed out for good. A later failure elsewhere in the flow — even in the parent that contains it — will not roll it back. Use it for a step that is genuinely independent and shouldn’t be held hostage to work that comes after it.

OFF is the one nobody mentions and it’s a genuinely useful escape hatch: a root transaction with commit_mode=CommitMode.OFF rolls back even on success. Read that again. If nobody takes responsibility for committing — no parent, and the mode says don’t — the exit path rolls the whole thing back. That is a dry-run switch. Run the transaction, do the work, fire the rollback hooks, undo it all, and confirm your compensation logic actually compensates. If you have ever wanted to test that your cleanup code works without waiting for a real 3 a.m. failure to find out, OFF is that test.

The inheritance rule matters as much as the values: a nested transaction inherits its parent’s commit mode unless you set one explicitly. A root with no commit_mode gets LAZY; every child under it gets LAZY too, which is precisely why the tree commits as a unit by default.

Nesting, and which way rollback flows

Transactions nest, and the nesting is where the model earns its keep:

@flow
def nightly():
    with transaction():              # root
        extract_and_stage()
        with transaction():          # child
            transform()
            load()                   # ← this raises

Walk the failure. load raises inside the child. The child’s __exit__ sees the exception, rolls itself back (running the rollback hooks of everything that succeeded inside it, transform included), and re-raises. The child then hands itself to its parent — and here’s the part worth memorizing: when a rolled-back child resets into its parent, it rolls the parent back too. The root’s rollback runs, extract_and_stage’s hook fires, and the exception continues up into your flow.

Rollback flows outward. A child cannot fail quietly inside a successful parent.

Two ordering details you’ll be glad to know before you’re debugging a compensation at midnight:


	Rollback hooks run in reverse. The transaction unwinds its hooks LIFO, and rolls back its children in reverse order too. That’s the right semantics — you undo the last thing you did first — and it means your compensations compose like a stack, not like a list.

	Commit runs forward, children first. On a successful root commit, children commit in order, then the parent’s own on_commit hooks fire, then the parent writes its record.



And the escape hatch: an EAGER child opts out of the whole arrangement. It commits when its own block ends, so when the root later fails, that child is already committed and is not rolled back. Here’s that difference, run for real:

@flow
def eager_child():
    with transaction():                                   # root, LAZY
        with transaction(commit_mode=CommitMode.EAGER):   # child, EAGER
            stage(4)
        load("x", boom=True)                              # root fails

BODY stage
HOOK stage.on_commit     ← child committed immediately, before load even ran
BODY load
flow caught: warehouse said no
                         ← and no rollback hook fires. The stage is kept.

Compare the same shape with a default (LAZY) child:

BODY stage
BODY load
HOOK stage.on_rollback   ← root failed, so the child never committed
flow caught: warehouse said no

Same code, one keyword apart, opposite outcomes. EAGER inside a LAZY root is a deliberate hole you punch in the atomicity, and it should be a decision you can defend in review, not something you copied off a blog.

Both halves of the hook pair: on_commit and on_rollback

on_rollback gets all the attention because it’s the flashy one, but a task has a matching on_commit hook, and the pair is what makes real compensation logic tractable. The pattern is older than Prefect and you already know it under another name: a write-ahead log. Do the reversible thing during the task. Do the irreversible thing only on commit. Undo the reversible thing on rollback.

from prefect import flow, task
from prefect.transactions import transaction, get_transaction

@task
def write_temp(orders: list[dict]) -> str:
    path = f"/staging/{today()}.parquet"
    write_parquet(path, orders)          # reversible: it's just a temp file
    get_transaction().set("tmp_path", path)
    return path

@write_temp.on_commit
def promote(txn):
    tmp = txn.get("tmp_path")
    move(tmp, tmp.replace("/staging/", "/warehouse/"))   # irreversible, and safe now

@write_temp.on_rollback
def discard(txn):
    delete(txn.get("tmp_path"))                          # never happened

@flow
def publish_day(orders: list[dict]):
    with transaction():
        path = write_temp(orders)
        validate(path)          # if this raises, the temp file is deleted
        register(path)          # if this raises, the temp file is deleted

The task body never performs the move. The move happens in on_commit, which only runs when the entire transaction succeeded — so validate and register both get a veto over whether the file is ever visible in the warehouse. If either one raises, discard deletes the temp file and the warehouse never knew anything was in flight.

Notice the timing, because it’s the whole point of LAZY: under the default commit mode, promote does not run when write_temp returns. It runs when the with block exits cleanly, after register. I ran this, and the trace is unambiguous:

BODY stage
BODY load
HOOK stage.on_commit      ← fired at block exit, not at task exit

The commit hook is your “now it’s safe to do the irreversible thing” callback: publish the file, flip the pointer, send the email, call the vendor’s confirm endpoint. Anything you would regret doing before you knew the rest of the block was going to work belongs there.

The scratch space between a task and its hooks

You saw txn.set() and txn.get() above and might have skimmed past them. Don’t — they solve a problem that otherwise pushes you straight back to global variables.

A rollback hook needs to know what to undo. Which file did the task write? Which row IDs did it insert? Which idempotency token did it send the vendor? That information exists inside the task body and nowhere else, and the hook is a separate function that Prefect calls later, possibly after the task’s stack frame is long gone. So the transaction doubles as a key/value scratch space that the task and its hooks share:

from prefect.transactions import get_transaction

@task
def charge_card(order_id: str, cents: int) -> str:
    charge_id = payments.charge(order_id, cents)
    txn = get_transaction()
    txn.set("charge_id", charge_id)     # the hook will need this
    return charge_id

@charge_card.on_rollback
def refund(txn):
    payments.refund(txn.get("charge_id"))

get_transaction() returns whichever transaction is currently active — the innermost one — so inside a task body it hands you exactly the transaction that will later call your hook. txn.set(name, value) stashes; txn.get(name) retrieves, with an optional default (without one, an unknown key raises rather than silently handing you None, which is the correct and slightly rude choice).

Two behaviors worth knowing because they will otherwise surprise you:

get() falls through to the parent. A child transaction that doesn’t have a key asks its parent for it. That makes the root a natural place to stash run-wide context — a batch id, a target prefix — that every nested compensation can read without you threading it through five function signatures.

get() deep-copies. Mutating what get() hands back does not update the stored value. If you pull a list out, append to it, and expect the transaction to have noticed, it hasn’t. Set it back explicitly:

rows = txn.get("row_ids", default=[])
rows.append(new_id)
txn.set("row_ids", rows)      # required — the mutation above touched a copy

This is a small paper cut with a good reason behind it (a shared mutable scratch space across nested transactions and async hooks would be a race condition factory), but it is a paper cut, and it’s the one people file bugs about.

isolation_level, and the lock manager it demands

Now the concurrency problem. Two runs — a scheduled one and a nervous human clicking “Run” — both enter a transaction keyed on today’s date at the same time. Both check the store, both see no committed record, both proceed, and both do the work. Whatever “at most once” meant, you didn’t get it.

isolation_level is the fix, and it has exactly two values:


	READ_COMMITTED (the default) does no locking. It guarantees you won’t read a half-written record, and that’s all it guarantees. Two concurrent first-runs of the same key will both proceed. It’s fine when your transactions are naturally serialized — one scheduler, one deployment, non-overlapping runs.

	SERIALIZABLE takes a lock on the transaction record for the life of the block. The second runner for the same key blocks at the with line until the first releases — at which point it sees a committed record and skips, or sees a rollback and takes its turn.



And here’s the part everybody gets wrong the first time: SERIALIZABLE requires a store with a lock manager, and Prefect will refuse to run without one. Not a warning. A ConfigurationError at __enter__:

ConfigurationError: Isolation level SERIALIZABLE is not supported by provided
configuration. Please ensure you've provided a lock file directory or lock
manager when using the SERIALIZABLE isolation level.

So you build the store yourself:

from pathlib import Path
from prefect import flow
from prefect.filesystems import LocalFileSystem
from prefect.locking.filesystem import FileSystemLockManager
from prefect.results import ResultStore
from prefect.transactions import transaction, IsolationLevel

@flow
def daily_load(day: str, orders: list[dict]):
    store = ResultStore(
        result_storage=LocalFileSystem(basepath="/srv/prefect/records"),
        lock_manager=FileSystemLockManager(
            lock_files_directory=Path("/srv/prefect/locks"),
        ),
    )

    with transaction(
        key=f"bookshop-load-{day}",
        store=store,
        isolation_level=IsolationLevel.SERIALIZABLE,
    ) as txn:
        if txn.is_committed():
            return                      # someone already did this day
        staged = stage(orders)
        load(staged)

FileSystemLockManager takes a lock_files_directory and it wants a Path, not a string. It coordinates every process that can see that directory — which on one box is every process, and across a fleet is nobody, because your workers don’t share a filesystem. For a real distributed setup you want RedisLockManager from prefect-redis, so the lock lives somewhere every worker can actually see it. A filesystem lock on ephemeral container storage is a lock that protects one container from itself, which is not the race you were worried about.

There’s also MemoryLockManager from prefect.locking.memory, which coordinates within a single process. Useful in tests, useful for threads inside one flow run, useless for anything that spans processes. Choose the lock manager whose blast radius matches the race you’re actually trying to prevent, and be honest that “we run on Kubernetes and use the filesystem lock manager” is a sentence that means “we have no lock.”

The record store: where a committed transaction actually lives

A transaction with a key writes a record when it commits, and that record is what makes the key mean anything on a later run. So: where does it go?

It goes in a ResultStore — the same abstraction from the results chapter. If you pass a key and no store, Prefect grabs the ambient result store from the run context, which by default is a LocalFileSystem rooted at ~/.prefect/storage. The record is a file. I checked: commit a transaction keyed ser-2 against a store rooted at ./.res, and afterwards ./.res/ contains a file named ser-2. That’s the whole magic trick. The transaction record store is your result store, and a transaction record is a result keyed by your string.

Which produces two consequences you should hold onto:

The idempotency is exactly as durable as the storage. Local disk means the record dies with the box. Point result_storage at S3 or GCS and the “we already loaded 2026-06-04” fact survives a redeploy, a new worker, a different region. If your transaction keys are meant to prevent double-loading across a fleet, and your record store is a laptop’s home directory, they prevent nothing.

All the workers need to see the same store. Same rule as results, same failure mode as caching: two workers with two private stores never see each other’s records, so every run is a first run, and your at-most-once transaction runs once per worker. This is the single most common way a correct-looking transaction key does nothing at all.

Two more knobs on transaction() round it out. overwrite=True ignores an existing record and re-does the work — the transaction-level equivalent of refresh_cache, and your manual “no really, run it again” override. And write_on_commit=False gives you the hooks and the atomicity without persisting a record at all, when you want the rollback semantics but not the idempotency.

Transaction key and cache key are the same machinery

This is the section that will save you the most confusion, so I’m going to be blunt about it: a task’s cache key is its transaction key. They are not analogous. They are not similar. They are literally the same string, computed by the same code path, stored in the same store.

Every task run in Prefect 3 opens its own transaction. The engine computes that transaction’s key by calling cache_policy.compute_key(...) — the exact machinery from the caching chapter. Then, on entry, the transaction checks whether a record already exists for that key. If it does, the transaction begins life already COMMITTED, the task body is skipped, and the state you see in the UI is named… Cached.

That’s not a metaphor for how caching works. That is how caching works. refresh_cache on a task is passed straight through as overwrite on its transaction. A cache hit is a transaction that found its record already written. The Cached state is a transaction that was born committed.

So why do you have two words for it? Because they operate at different scopes, and the scope is the entire distinction:


	A cache policy keys the transaction that wraps one task. Its unit of atomicity is a single function call. Its question is “did we already compute this?”

	A with transaction(key=...) block keys a transaction that wraps a group of tasks, with your own hooks attached to it. Its unit of atomicity is the block. Its question is “did we already commit this whole thing, and if the middle of it blows up, how do I undo the beginning?”



Caching gives you skip-the-work. Transactions give you skip-the-work plus undo-the-work. Same store, same key mechanism, one extra guarantee — and that guarantee is the only reason to reach for the heavier tool.

One honest correction while we’re here, because I’ve seen this claimed (and this book claimed it too, in an earlier draft): a group-level transaction whose key is already committed does not magically skip the body of your with block. Python doesn’t work that way. What happens is that the transaction enters in a COMMITTED state, and commit() becomes a no-op — the hooks don’t re-fire, the record isn’t rewritten. The statements inside the block still execute, and the tasks inside still get evaluated (they’ll each hit their own caches, if their own policies say so). If you want the block to actually short-circuit, you have to ask:

with transaction(key=f"bookshop-load-{day}") as txn:
    if txn.is_committed():
        logger.info("day %s already committed; nothing to do", day)
        return
    stage(orders)
    load(staged)

I ran the version without that if, twice, and watched the task body execute both times. txn.is_committed() is not decoration. It’s the branch.

What transactions are not

Time to be a bad salesman, because the fastest way to get burned by this feature is to hear the word “transaction” and import your database intuitions wholesale.

They are not database transactions. There is no ACID here, no MVCC, no write-ahead log in the storage engine sense. Prefect is not intercepting your INSERTs. If two tasks in a Prefect transaction each write to Postgres, Postgres has no idea they’re related; a reader querying between them sees a half-done world, exactly as it would have without the with block. Prefect gives you compensation, not isolation from readers. If you need other sessions to never observe the intermediate state, you need a database transaction — and the right move is often to put a real BEGIN/COMMIT inside a single task, with the Prefect transaction wrapping the coarser, cross-system stuff around it.

They do not roll back side effects you didn’t write a hook for. This is the big one. Prefect does not know what your task did. It cannot infer that write_staging() should be undone by clear_staging(). The rollback is entirely the code in your on_rollback function, and a task with no rollback hook rolls back by doing precisely nothing, silently, with no warning. The framework gives you the call; you still write the undo. A transaction full of tasks with no hooks is an expensive way to type with.

The task that failed does not get rolled back. Look closely at that trace from earlier. load raised — and load’s own rollback hook never ran. Only stage’s did. That’s not a bug; it’s the semantics. A task’s hooks are registered with the transaction when the task succeeds and stages its result. A task that dies partway through its own side effect never staged anything, so it has nothing to roll back, and Prefect will not guess. Compensation covers completed work, not the half-finished work of the task that broke. If load_warehouse() can fail after writing some rows, cleaning that up is your job, inside load — a try/except around your own partial write. The transaction protects the steps around the explosion, not the inside of the explosion.

Not everything is reversible. You cannot un-send an email. You cannot un-call a partner’s POST /orders. When a step is irreversible, the transaction’s job is not to undo it — it’s to make sure you never do it until the commit. That’s what on_commit is for, and if you find yourself writing an on_rollback that tries to walk back an irrevocable action, you’ve put the action in the wrong place. Move it to the commit hook and let the transaction decide whether it happens at all.

And hooks can themselves fail. A rollback hook that raises will be logged, and the rollback will abort. Write them the way you’d write any cleanup: idempotent, defensive, DELETE ... IF EXISTS, safe to run twice. Your compensation code runs on the worst day your pipeline has; that is a bad day to discover it assumed a happy path.

Final thoughts

The reason Airflow doesn’t have this isn’t a missing feature — it’s a missing idea. Airflow’s model is a graph of tasks the scheduler moves through, and a task’s relationship to the outside world is entirely opaque to it. There is no place in that model to hang “and here is how to undo it,” because the graph is a plan for what to run, not a record of what happened. So Airflow engineers do what they’ve always done: they draw the compensation as more graph, wire it with a trigger rule, and hold it right in their heads.

Prefect can offer transactions because it already treats a task run as a durable, keyed, recorded thing — the same substrate that made results and caching work in the last chapter. Once a task run has a record in a store, “has this committed?” is a lookup, “commit these together” is a tree walk, and “undo this” is a hook you attach next to the code it undoes. It’s not magic. It’s just the third feature you get from the same foundation, and it’s the one that turns a red pipeline from a mess you clean up into a mess that cleans up after itself.

Use it where it earns its place: multi-step operations that write to more than one system, side effects you’d have to explain to someone in a post-mortem, days you must load exactly once. Skip it where a plain retry will do. And write the hooks — because a transaction with no hooks is a promise you made to yourself that nobody, including Prefect, has any intention of keeping.





Automations: The 3 a.m. Runbook That Runs Itself

Here’s a question worth sitting with. What does Airflow do when a DAG fails?

The honest answer is: nothing. Airflow marks the run red and moves on. Everything else — the Slack message, the PagerDuty page, the decision to stop scheduling more runs of a pipeline that’s clearly broken, the recovery job, the “don’t re-run this until someone looks at it” — is something you built, inside the DAG, out of on_failure_callback functions and cleanup tasks and trigger rules. Your reaction to failure is a subgraph. It lives in the same file as the work, it deploys with the work, it fails with the work, and if the pod that was running the DAG got OOM-killed, your on_failure_callback — which is Python, in that pod — got killed with it. The alerting you built to tell you about infrastructure failures does not survive infrastructure failures.

Prefect’s answer is a different shape entirely. Prefect emits an event for essentially everything that happens — every state change, every deployment, every work pool going quiet — into a stream the server owns. And an automation is a rule over that stream: a trigger that watches for a pattern and a list of actions that fire when it matches. The rule lives on the server. It is not in your flow, it does not deploy with your flow, and it does not die when your flow’s process does. It is a control plane that sits outside your pipelines and watches them.

That relocation — reactions out of the DAG, onto the platform — is the whole chapter.

Everything is an event

Start with the substrate, because the trigger grammar only makes sense once you’ve seen what it’s matching against.

A Prefect event is a small, uniform record with a fixed shape:

{
  "occurred": "2026-06-08T02:14:03.221Z",
  "event": "prefect.flow-run.Failed",
  "resource": {
    "prefect.resource.id": "prefect.flow-run.9f2c…",
    "prefect.resource.name": "bookshop-extract",
    "prefect.state-name": "Failed"
  },
  "related": [
    {"prefect.resource.id": "prefect.deployment.4a1b…", "prefect.resource.role": "deployment"},
    {"prefect.resource.id": "prefect.work-pool.7cd2…", "prefect.resource.role": "work-pool"}
  ],
  "payload": {},
  "id": "…"
}

Five fields do all the work. event is the name — a dotted string, and for Prefect’s own events it’s almost always prefect.<thing>.<StateName>. resource is the primary thing the event is about, identified by prefect.resource.id, with whatever labels are relevant hanging off it. related is everything else implicated: the deployment the run belongs to, the work pool it ran in, the flow it’s an instance of, each tagged with a role. payload is free-form detail. And occurred is when.

Every state transition from the states chapter has a corresponding event: prefect.flow-run.Running, prefect.flow-run.Completed, prefect.flow-run.Failed, prefect.flow-run.Crashed, prefect.flow-run.Cancelled, and the same family for task-run. There are operational ones too — deployments, work pools, work queues going healthy and unhealthy. Plus whatever you emit yourself, which we’ll get to.

You can watch the whole thing go by, live, which is the fastest way to learn the event names you’ll be writing triggers against:

prefect events stream                     # JSON, live, every event
prefect events stream --format text

Run that in one terminal, kick a flow in another, and you’ll see the run’s whole life scroll past as events. Do this once before you write your first automation. Every trigger you write is a pattern-match against those exact strings, and guessing at them from memory is how you end up with an automation that has never fired and that you’ve assumed for six months is protecting you.

An automation is a trigger plus actions

The object model is small enough to state in a sentence: an automation has a name, one trigger, and a list of actions. When the trigger fires, the actions run, in order.

The trigger is one of exactly four types — event, metric, compound, sequence — and the actions come from a fixed catalog of eighteen. That’s the whole vocabulary. What makes it expressive isn’t the size of the catalog; it’s that the trigger grammar composes and the actions compose, so a handful of primitives covers an enormous amount of ground.

Event triggers, and the grammar you’ll use daily

The event trigger is the one you’ll write ninety percent of the time. Its fields:


	expect — the set of event names that arm it. {"prefect.flow-run.Failed"}.

	match — a filter on the event’s own resource. {"prefect.resource.name": "bookshop-extract"}.

	match_related — a filter on the related resources. This is how you scope to a deployment or a work pool, because a flow-run event’s own resource is the run, and the deployment is related to it. Getting match and match_related backwards is the single most common reason a trigger never fires.

	after — an event that must have been seen first to arm the trigger. after={"prefect.flow-run.Running"} with expect={"prefect.flow-run.Failed"} means “a failure that followed a start.”

	for_each — the resource label to group by. This is the underrated one. for_each={"prefect.resource.id"} says: count thresholds per run, not across all runs. Without it, “three failures” means three failures of anything matching; with it, it means three failures of the same resource.

	threshold — how many matching events are required. Default 1.

	within — the window the threshold is measured over, as a timedelta. Default zero.

	posture — Reactive or Proactive. This is the big one.



Reactive means: fire when the expected event arrives. That’s the normal case — something bad happened, do something.

Proactive means: fire when the expected event does not arrive within within. This is a dead man’s switch, and it is the trigger Airflow engineers most conspicuously lack. Airflow removed SLAs in 3.x and never replaced the “this thing was supposed to happen and didn’t” primitive. Prefect just inverts the posture:

- name: nightly-load-never-finished
  trigger:
    type: event
    posture: Proactive
    after: ["prefect.flow-run.Running"]
    expect: ["prefect.flow-run.Completed"]
    match_related:
      prefect.resource.id: "prefect.deployment.4a1b…"
    within: 5400        # 90 minutes
  actions:
    - type: send-notification
      block_document_id: "{{ oncall_slack }}"
      subject: "bookshop nightly load has not completed"
      body: "It started, and 90 minutes later it still hasn't finished or failed."

Read the semantics carefully, because they’re precise and they’re good: the trigger arms when the run starts (after), then waits for Completed (expect), and fires only if ninety minutes pass without it. A run that finishes in forty minutes fires nothing. A run that fails fires nothing (that’s a different automation’s job). A run that hangs — the case that silently ruins your morning, because a hung run is neither red nor done — fires this. That’s the alarm you could never quite build in Airflow without a second DAG whose whole job was to go and check on the first one.

The reactive counterpart, with a threshold, in Python this time:

from datetime import timedelta
from prefect.automations import Automation
from prefect.events.schemas.automations import EventTrigger, Posture
from prefect.events.actions import RunDeployment

Automation(
    name="recover-after-three-failures",
    trigger=EventTrigger(
        expect={"prefect.flow-run.Failed"},
        match_related={"prefect.resource.id": "prefect.deployment.4a1b…"},
        posture=Posture.Reactive,
        threshold=3,
        within=timedelta(minutes=10),
    ),
    actions=[RunDeployment(deployment_id=recovery_id)],
).create()

Three failures of that deployment inside ten minutes, and the recovery deployment starts. One failure does nothing — because one failure is a Tuesday, and three in ten minutes is an incident.

match versus match_related, which you will get wrong once

Spend thirty seconds on this and save yourself an afternoon. A prefect.flow-run.Failed event’s own resource is the flow run — its id, its name, its state. The deployment it came from, the flow it’s an instance of, and the work pool it ran in are all in related, each stamped with a prefect.resource.role.

So this trigger never fires:

# WRONG — a flow-run event's resource is the RUN, not the deployment
match:
  prefect.resource.id: "prefect.deployment.4a1b…"

and this one does:

# RIGHT — the deployment is a RELATED resource of the event
match_related:
  prefect.resource.id: "prefect.deployment.4a1b…"

The rule of thumb: match filters the noun the event is about; match_related filters everything that noun belongs to. Scoping to “runs of this deployment,” “runs in this work pool,” or “runs of this flow” is always match_related. Scoping by the run’s own name or state is match. Both accept lists of values, so match_related: {prefect.resource.name: ["bookshop-extract", "bookshop-transform"]} covers two deployments in one rule.

Test the trigger without waiting for a real failure

An automation you’ve never seen fire is an automation you don’t have. You can hand-inject an event and watch the thing go off:

prefect events emit bookshop.orders.loaded \
  --resource-id "bookshop.orders.2026-06-08" \
  --payload '{"day": "2026-06-08", "rows": 41233}'

That’s a real event in the real stream, and any automation matching it fires for real. Pair it with prefect events stream in another terminal and you have a complete loop: emit, watch it land, watch the action run. Do this for every automation you write, especially the destructive ones — because the alternative is discovering that your cancel-flow-run rule matches more broadly than you thought, at the exact moment it cancels something you needed.

Metric triggers: when counting events is the wrong instrument

Some questions are not about events at all. “Has our success rate dropped below 90% this hour?” is not a pattern you can express by counting Failed events, because the answer depends on how many runs there were. “Is the p95 duration double what it was?” isn’t an event either. That’s what the metric trigger is for, and it watches exactly three metrics — no more:


	successes — the success rate, as a fraction.

	duration — how long runs are taking.

	lateness — how far behind schedule runs are starting.



The query has four parts: the metric name, an operator (<, <=, >, >=), a threshold, a range (the window the metric is computed over, default 5 minutes), and firing_for (how long it must stay bad before the automation fires, also default 5 minutes).

- name: bookshop-success-rate-dropped
  trigger:
    type: metric
    match_related:
      prefect.resource.id: "prefect.deployment.4a1b…"
    metric:
      name: successes
      operator: "<"
      threshold: 0.9        # below 90% success…
      range: 3600           # …measured over the trailing hour…
      firing_for: 600       # …and still bad ten minutes later
  actions:
    - type: send-notification
      block_document_id: "{{ oncall_slack }}"

The range / firing_for pair is what separates a useful metric trigger from a pager that everyone mutes by Thursday. range is the lens; firing_for is the patience. Set firing_for: 0 and a single unlucky minute wakes someone up. Set it to ten minutes and you’re saying “I’ll believe it when it’s still true after ten minutes,” which is what a human on-call would do anyway, so encode it.

Compound and sequence triggers: correlation and order

The last two trigger types don’t watch events directly — they watch other triggers, which lets you express conditions that no single event can carry.

A compound trigger has a list of child triggers, a within window, and a require of "any", "all", or an integer n: fire when at least that many children have each fired inside the window.

- name: bookshop-extract-incident
  trigger:
    type: compound
    require: all           # or "any", or 2
    within: 600
    triggers:
      - type: event
        expect: ["prefect.flow-run.Failed"]
        match_related:
          prefect.resource.name: "bookshop-extract"
      - type: event
        expect: ["prefect.work-queue.unhealthy"]
  actions:
    - type: run-deployment
      deployment_id: "{{ recovery_deployment_id }}"

The extract failing is noise; you have retries for that. The work queue going unhealthy on its own is noise too; it happens during deploys. Both, within ten minutes is an incident, and require: all is how you say so. This is correlation as a first-class trigger, and it’s the difference between an alerting setup people trust and one they’ve filtered into a folder.

A sequence trigger is a compound trigger that also demands order: child A must fire, then B, then C, all within the window. And the distinction is not pedantry — it’s the difference between two opposite realities built from the same two events:

- name: run-is-stuck-not-recovering
  trigger:
    type: sequence
    within: 1800
    triggers:
      - type: event
        expect: ["prefect.flow-run.Running"]
      - type: event
        expect: ["prefect.flow-run.Late"]
  actions:
    - type: cancel-flow-run

A run that went Late and then Running is a run that was queued too long and is now recovering — leave it alone. A run that went Running and then Late is a run that started, lost its worker, and is now a zombie holding a slot. Same two events. Opposite meanings. Only sequence can tell them apart, and a compound with require: all would fire on both, which is how you end up with an automation that cancels healthy runs.

The actions catalog

When a trigger fires, its actions list executes. The full catalog, which is worth reading in one go because half of these are things people don’t realize they can do without writing code:


































































	Action	What it does
	run-deployment	Start a run of a deployment, with parameters and job_variables
	pause-deployment / resume-deployment	Stop or restart a deployment’s schedule
	pause-work-queue / resume-work-queue	Quarantine or restore a queue
	pause-work-pool / resume-work-pool	Quarantine or restore a whole pool
	cancel-flow-run	Kill a run
	suspend-flow-run	The softer stop — frees infrastructure, resumable (chapter 16)
	resume-flow-run	Resume a paused/suspended run — an automation can answer a gate
	delete-flow-run	Remove a run outright
	change-flow-run-state	Force a run into a state, with a message and a force flag
	send-notification	Send via a notification block
	call-webhook	POST to an external system via a webhook block
	pause-automation / resume-automation	Automations arming and disarming each other
	declare-incident	Open a tracked incident (Cloud only)
	do-nothing	Exactly what it says — useful as a placeholder while you build


Two of these deserve a second look. resume-flow-run means an automation can supply the answer to a human-in-the-loop gate — a Suspended run can be resumed by a rule, not just a person, which turns “wait for approval” into “wait for approval or for this other condition to become true.” And pause-automation means automations can regulate each other: an incident automation that disables the noisy per-failure alerter while the incident is open is four lines of YAML, not a feature request.

Note also that the automation object has actions, actions_on_trigger, and actions_on_resolve. That last one is the “all clear” hook — for a proactive or metric trigger that stops firing, actions_on_resolve lets you send the “recovered” message that closes the loop. An alert that never tells you it’s over is an alert you’ll eventually stop reading.

Composing actions into a runbook

The catalog is fine. The composition is the point. Actions run in order, so one trigger can execute a sequence that a human would otherwise be doing by hand, half-awake, under pressure:

- name: bookshop-extract-runbook
  trigger:
    type: event
    expect: ["prefect.flow-run.Failed"]
    match_related:
      prefect.resource.name: "bookshop-extract"
    for_each: ["prefect.resource.id"]
    threshold: 3
    within: 600
  actions:
    # 1. stop digging — no more scheduled runs while this is broken
    - type: pause-deployment
      deployment_id: "{{ extract_deployment_id }}"

    # 2. kick the recovery path, and tell it WHICH run died
    - type: run-deployment
      deployment_id: "{{ recovery_deployment_id }}"
      parameters:
        failed_run_id: "{{ event.resource['prefect.resource.id'] }}"

    # 3. tell a human what already happened without them
    - type: send-notification
      block_document_id: "{{ oncall_slack }}"
      subject: "bookshop-extract paused after 3 failures"
      body: >
        Deployment paused. Recovery started.
        Failed run: {{ event.resource['prefect.resource.id'] }}

Read those three actions as three lines of an incident checklist. Stop the bleeding. Start the recovery. Tell someone. That’s a runbook, and it executes itself in the second after the third failure rather than the twenty minutes after somebody notices a red square.

The {{ event.… }} templating is what elevates this from “notifier” to “responder.” Actions render Jinja against the triggering event, so the recovery deployment is told which run died instead of having to go and figure it out, and the Slack message contains the actual run id instead of “something failed, go look.” An automation that only notifies is a smoke alarm. An automation that templates the event into its actions is a sprinkler.

Notification blocks

The send-notification action doesn’t take a Slack URL — it takes a block_document_id. Which means the credential lives exactly once, in a block, and every automation references it. Rotate the webhook, and nothing else changes.

from prefect_slack import SlackWebhook

SlackWebhook(url="https://hooks.slack.com/services/…").save("oncall", overwrite=True)

from prefect_pagerduty import PagerDutyWebHook

PagerDutyWebHook(
    integration_key="…",
    api_key="…",
).save("oncall-page", overwrite=True)

Slack, PagerDuty, Microsoft Teams, email via EmailServerCredentials, Twilio, Opsgenie — the notification blocks come from the integration libraries and all of them plug into the same action. The subject and body are Jinja-templated against the event, so you can route different severities to different blocks and give each one a message that says something useful.

The rule I’d hold to: Failed goes to the team that owns the pipeline; Crashed goes to the team that owns the infrastructure. Prefect draws that distinction in the state model (the whole point of chapter 13), and automations are where you finally use it — two automations, two expects, two blocks. Airflow collapses both into failed and routes them to the same overloaded channel, where they get equally ignored.

emit_event(): your own events in the same stream

Everything so far reacts to Prefect’s events. But the stream isn’t Prefect’s — it’s yours, and you can push domain events into it from any code that can reach the API:

from prefect import task
from prefect.events import emit_event

@task
def load(staged: str, day: str) -> int:
    rows = load_warehouse(staged)
    emit_event(
        event="bookshop.orders.loaded",
        resource={
            "prefect.resource.id": f"bookshop.orders.{day}",
            "prefect.resource.name": "bookshop orders",
            "bookshop.day": day,
        },
        payload={"rows": rows, "day": day},
    )
    return rows

bookshop.orders.loaded is now a first-class event that any automation can expect, match, and template against, exactly like a built-in one. The resource dict needs a prefect.resource.id and can carry any other labels you like; the payload carries the detail.

This is the move that changes what automations are for. Without it, you’re building an ops layer: alert on failure, restart on crash. With it, you’re building an event-driven data platform: “when the orders for a day load, refresh the dashboards for that day,” expressed as a rule between two independently-deployed pipelines that don’t import each other, don’t know each other’s names, and can be changed independently.

- name: refresh-dashboards-when-orders-land
  trigger:
    type: event
    expect: ["bookshop.orders.loaded"]
  actions:
    - type: run-deployment
      deployment_id: "{{ dashboard_refresh_id }}"
      parameters:
        day: "{{ event.payload['day'] }}"

If you’ve read the Airflow assets chapter, this is the same instinct — schedule on data, not on the clock — with the ceiling removed. Airflow’s asset scheduling is one event type (“a dataset was produced”) wired to one action (“run a DAG”). Prefect’s is any event you can name, wired to any of eighteen actions, and the coupling between the two pipelines is a rule on the server rather than an object both DAGs must import. That last part matters more than it sounds: it means the downstream team can change what happens when orders land without opening the upstream repo.

Inbound webhooks: events from systems that aren’t yours

The other direction. Your vendor drops a file. Your CI finishes a build. Your SaaS tool fires a callback. None of these can call emit_event() — they’ve never heard of Prefect, and they’re not going to.

An inbound webhook is a static HTTPS endpoint Prefect hosts for you. The third party POSTs to it. A Jinja template you configure turns the request body into a Prefect event, which lands in the stream and arms your triggers like anything else:

prefect cloud webhook create vendor-drop \
  --template '{
    "event": "vendor.file.dropped",
    "resource": {
      "prefect.resource.id": "vendor.drop.{{ body.dataset }}",
      "vendor.path": "{{ body.s3_path }}"
    }
  }'

You get back a URL, you hand it to the vendor, and the next time they finish their nightly drop your ingest deployment starts within a second — no polling sensor, no cron guessing when the file lands, no FileSensor in reschedule mode occupying a slot for six hours because the vendor was late.

Two things to be straight about. First, the CLI is prefect cloud webhook, and that prefix is not an accident: inbound webhooks are a Prefect Cloud feature. They need a stable, externally-addressable, authenticated URL, and OSS Server doesn’t provide one. Second, this is the first place in this chapter where the Cloud/OSS line actually bites, so let’s draw it properly.

Cloud versus OSS Server, honestly

This changed between Prefect 2 and Prefect 3, and a lot of writing on the internet is still describing the old world, so here is the current state:

Events and automations run on the self-hosted open-source Server. Not Cloud-only. Run prefect server start and you get the event stream, most of the trigger taxonomy, and the action catalog. In the 2.x era this was largely a Cloud story; in 3.x it isn’t. If you’re evaluating Prefect and someone tells you automations are a paid feature, they are describing 2022.

What stays Cloud-only: metric triggers — the OSS server has no MetricTrigger at all, and posting one to /api/automations/ comes back 422 Unprocessable Entity, which is a confusing way to learn this. (Event, compound, and sequence triggers all create fine.) Also Cloud-only: inbound webhooks (the hosted URLs above), the declare-incident action and the incident-management surface around it, and the long-term event retention and SLA guarantees.

One retention detail worth setting a calendar reminder about, because it is the kind of thing you discover during a post-mortem: the OSS server keeps events for 7 days by default (PREFECT_SERVER_EVENTS_RETENTION_PERIOD). Automations fire off the event stream, and your forensic trail is the event stream — so if you plan to ask “what happened three weeks ago,” raise that number before you need it, not after. Plus the usual managed-platform things — SSO, RBAC, audit logs, managed work pools.

So the practical shape: you can develop, test, and run automations entirely on OSS. You reach for Cloud when you need external systems to push events in, when you want managed incidents rather than rolling your own, or when you need event history to persist longer than a self-hosted database you have to babysit. That’s a real and defensible line, and it’s a much smaller Cloud tax than Prefect 2 charged.

Automations as code

Clicking an automation together in the UI is a fine way to learn and a terrible way to operate. An automation is infrastructure: it pauses your deployments, it cancels your runs, it pages your people. It belongs in the repo, in review, in the deploy.

Three ways in, all equivalent:

A YAML file plus the CLI, which is my default because it diffs cleanly and a reviewer can read it:

prefect automation create --from-file automations.yaml
prefect automation ls
prefect automation inspect bookshop-extract-runbook
prefect automation pause bookshop-extract-runbook     # disable without deleting

Python, when the automation needs to be built from values you have to look up anyway (a deployment id, a block document id) — Automation(...).create(), as shown earlier. It has the full complement: .create(), .read(), .update(), .delete(), .disable(), .enable(), and a-prefixed async twins for all of them.

Inline in prefect.yaml, under a deployment’s triggers: key, which is the tightest coupling and often the right one — the rule that protects a deployment ships in the same file as the deployment:

deployments:
  - name: bookshop-transform
    entrypoint: flows/transform.py:transform
    work_pool:
      name: k8s-pool
    triggers:
      - type: event
        expect: ["bookshop.orders.loaded"]
        parameters:
          day: "{{ event.payload['day'] }}"

Deploy that, and the automation is created with it. Delete the deployment, and the trigger goes with it. That’s the right lifecycle for a rule whose entire purpose is to start this deployment, and it means the answer to “what causes this pipeline to run?” is in the pipeline’s own file rather than in someone’s browser tab.

Whichever door you use: prefect automation ls should never show you something that isn’t in the repo. An automation nobody remembers creating, that cancels flow runs, is an outage with a countdown on it.

Where hooks end and automations begin

You’ll meet state hooks in two chapters, and they look like they solve this same problem, so plant the flag now.

A hook is Python in your codebase, running in the run’s own process, on the same worker, with the same imports and the same secrets. That makes it perfect for reactions that need the run’s context — drop the staging table this flow created, compute a duration from the flow_run object, call a client you already have open. And it makes it useless for the failure you most need to hear about: if the worker was OOM-killed, the hook was in that worker.

An automation runs on the server, off the event stream, and does not care whether your process is alive. That independence is the entire value. An automation watching for Crashed fires precisely when your on_crashed hook can’t.

The rule: hooks for reactions that belong to the run; automations for reactions that must survive it. A serious setup uses both, and uses them for different things.

Final thoughts

Go back to the opening question. What does Airflow do when a DAG fails? It does what you told it, in the DAG, with the DAG’s own Python, on the DAG’s own infrastructure — which is exactly the infrastructure that might be the thing that failed. The reaction is inside the thing it’s reacting to, and it’s per-DAG, so the hundredth pipeline needs the hundredth copy of the alerting boilerplate, and the one that got it wrong is the one that fails silently.

Prefect pulls the reaction out. Events are emitted by the server, automations are evaluated by the server, and actions are taken by the server — so “page the platform team whenever anything crashes” is one rule, written once, that covers every flow you will ever deploy, including the ones written by people who’ve never heard of it. Then emit_event() lets you push your own domain facts into the same stream, and the same machinery that pages someone at 3 a.m. becomes the machinery that chains your pipelines together on data rather than on cron.

That’s a control plane. It’s the thing you were building by hand out of callbacks and sensors and a Slack webhook you pasted into six DAGs, and the reason it’s worth the switch isn’t that Prefect’s version is prettier. It’s that Prefect’s version keeps working after the process that would have run yours is already dead.





Background Tasks: Your Job Queue Was a Decorator All Along

Ten chapters in, this book has trained you on an assumption so foundational you probably stopped noticing it: a task lives inside a flow. The flow is the unit of work, the thing you deploy, the thing that gets scheduled; tasks are the steps within it. Everything from flows and tasks through transactions has taken that for granted. Airflow takes it for granted too — a task without a DAG isn’t a thing Airflow has a word for.

Prefect 3 breaks the assumption. A task can run with no flow at all:

resize_cover.delay(book_id=42)

No flow. No DAG. No schedule. That line, called from a FastAPI request handler or a Django view or a python -c one-liner, creates a task run in the Prefect API and returns immediately. Somewhere else — a different process, possibly a different machine — a task worker picks it up and executes it, with the retries, the caching, the result persistence and the state machine that task was decorated with.

You have just written a job queue. You did not stand up a broker, define a Celery app, configure a result backend, or learn a second framework’s idea of what a “task” is. You used the @task decorator you were already using, and called a different method on it.

This is the least Airflow-shaped thing in Prefect, and depending on your architecture it’s either a curiosity or the single feature that makes Prefect worth adopting on its own.

What a background task actually is

Strip the marketing off and the mechanism is simple. Three parties:


	The producer calls .delay(). That does not run anything. It creates a task run in the Prefect API in a Scheduled state, writes the call’s parameters to storage, and hands back a future. It returns in milliseconds.

	The API holds the run. It is the queue. There is no separate broker — no Redis, no RabbitMQ, no SQS — because the Prefect server you already have is doing that job.

	The task worker is a long-lived process that has called serve() on one or more tasks. It subscribes to the API for scheduled runs of exactly those tasks, pulls them, and executes them in its own process.



The producer and the worker never talk to each other. They don’t share memory, they don’t share a process, and in production they usually don’t share a machine. All they share is the task’s definition (both import it from the same module) and the API in between. That’s it. That’s the whole architecture.

The thing worth noticing is what you didn’t have to do. The task is not a special “background task” type. It’s the same @task you’d put in a flow — same decorator, same arguments, same everything — and it can be called all three ways: directly (resize_cover(42) runs it inline), submitted (resize_cover.submit(42) runs it on the flow’s task runner), or delayed (resize_cover.delay(42) ships it out of the process entirely). One definition, three execution modes. That’s a genuinely nice piece of design, and it’s the payoff of Prefect treating a task as a durable, addressable, keyed thing rather than a node in someone’s graph.

.delay(): the producer side

# bgtasks.py — the shared definition, imported by both sides
from prefect import task

@task(retries=2, log_prints=True)
def resize_cover(book_id: int) -> str:
    print(f"resizing cover for book {book_id}")
    src = fetch_original(book_id)
    out = resize(src, width=800)
    return upload(out, f"covers/{book_id}-800x1200.webp")

# anywhere at all — no flow in sight
from bgtasks import resize_cover

future = resize_cover.delay(book_id=42)
print(future.task_run_id)

I ran exactly this against a local Prefect server, and the producer printed a task run id and exited in well under a second while the worker did the work. What comes back is a PrefectDistributedFuture — “distributed” because, unlike the PrefectFuture you get from .submit(), the thing it’s a handle on isn’t running in your process and never will.

.delay() is a thin alias for apply_async(args=…, kwargs=…), which exists if you need the explicit form (and if that name rings a Celery bell, that is not an accident — the API is a deliberate nod). .delay() just lets you pass arguments naturally, so use it.

Note what carries over untouched: retries=2 still applies — the worker retries the run. log_prints=True still routes prints to the run’s logs, viewable in the UI. Cache policies still apply. State hooks still fire. Everything you know about a Prefect task remains true; only the execution venue changed.

The task worker, and the serve() that isn’t the other serve()

The consumer half is a process that stays alive:

# worker.py
from prefect.task_worker import serve
from bgtasks import resize_cover, rebuild_thumbnails

if __name__ == "__main__":
    serve(resize_cover, rebuild_thumbnails, limit=10)

python worker.py

Mind that import, because Prefect has two functions called serve and they take completely different things.


	from prefect import serve — the one chapter 05 used — takes deployments (RunnerDeployment objects, what you get from flow.to_deployment(...)). It polls the API for scheduled flow runs and runs them.

	from prefect.task_worker import serve takes tasks. It subscribes for delayed task runs and runs them.



They are not interchangeable, they are not overloads of each other, and handing tasks to the top-level serve will not do what you want. The full signature of the one you want here:

serve(*tasks, limit=10, status_server_port=None, timeout=None)


	limit caps how many task runs this process executes concurrently. It defaults to 10. Pass None to remove the cap entirely, which you should do approximately never.

	status_server_port stands up a small HTTP status endpoint — point a Kubernetes liveness probe at it.

	timeout makes the worker exit after N seconds. Useful for a worker you run as a periodic job rather than a daemon.



One constraint that catches people: you must serve the same task object you submit. The worker imports resize_cover from bgtasks and so does the producer, and that shared import is how the two sides agree on what’s being run. If you redefine the task in the worker file, or wrap it in a decorator that changes its identity, the worker will sit there politely receiving nothing.

Getting the answer back

.delay() gives you a future, and you have three ways to interrogate it:

future = slow_report.delay(month="2026-05")

future.wait(timeout=60)          # block until it's final; returns None
print(future.state.name)         # "Completed" / "Failed" / "Crashed" / …
result = future.result(timeout=60)   # block, then hand back the return value

Run for real, against a worker in another process:

delay() returned immediately; task_run_id = 0eb382bd-a4dc-4c64-b495-8b15791fdc72
type: PrefectDistributedFuture
state: Completed
result: covers/42-800x1200.webp

.result() takes raise_on_failure=True by default — a failed background run re-raises its exception in your process when you ask for its result, which is usually what you want and is occasionally a surprise, because the traceback you get is from code that ran on a different machine. raise_on_failure=False hands you the exception as a value instead. And .add_done_callback(fn) exists if you’d rather not block at all.

Now the part that matters in production and that nobody tells you until it breaks. The worker ran in a different process. The return value is not in your memory and never was — it has to travel. It travels through Prefect’s result storage, and the parameters you passed travel the same way, written by the producer and read by the worker.

Which means both sides must be able to read the same storage.

.delay() quietly forces persist_result=True on the submission path when the call has parameters — you don’t have to remember it, and that’s why a naive .delay() on your laptop Just Works. It works because the default storage is a LocalFileSystem at ~/.prefect/storage, and on your laptop the producer and the worker are the same laptop. Ship that to production with the web app in one pod and the task worker in another, and the worker cannot read the parameters the producer wrote, because they were written to a filesystem that no longer exists from where it’s standing.

So configure it. Point background-task parameter storage and result storage at something both sides can see:

# both the producer (your API pods) and the task worker need these
export PREFECT_TASKS_SCHEDULING_DEFAULT_STORAGE_BLOCK="s3-bucket/bookshop-tasks"
export PREFECT_RESULTS_PERSIST_BY_DEFAULT=true
export PREFECT_DEFAULT_RESULT_STORAGE_BLOCK="s3-bucket/bookshop-results"

PREFECT_TASKS_SCHEDULING_DEFAULT_STORAGE_BLOCK is the one that’s specific to this feature and the one nobody sets: it names the block where the parameters of a delayed run get stashed. Leave it unset and it silently falls back to the local filesystem. That’s the single highest-value line in this chapter, and it’s the one that will otherwise cost you a confused afternoon watching a worker fail to hydrate a task run it can plainly see.

.submit() versus .delay(), made rigorous

Both return a future. They are not the same tool, and the difference is not a matter of degree.

.submit() hands the task to the task runner of the current flow run. It requires a flow. The work happens inside your flow’s process (on a thread, by default, or on Dask/Ray if you’ve configured that runner), the future resolves within that flow run, and the flow won’t finish until you’ve collected it. It’s for parallelism inside one pipeline — fan out over forty files, rejoin, sum the counts.

.delay() hands the task to the API. It does not require a flow, does not run in your process, and does not resolve within any particular run. Whoever calls it gets a receipt and gets on with their life. It’s for decoupling work out of the caller — a background job, not a pipeline step.

The distinction that actually decides it for you: does the caller need to wait?


	If the caller’s job is not done until this work is done — the flow needs the transformed rows to load them — you want .submit(). The work is part of the caller.

	If the caller’s job is done the moment the work is accepted — the HTTP response should go out now, the resize can happen whenever — you want .delay(). The work is triggered by the caller.



A second axis worth naming: .submit() scales with your flow’s task runner (threads, or a Dask cluster). .delay() scales with how many task workers you’re running, which is an infrastructure decision made outside the code entirely. .submit() scales a flow. .delay() escapes the flow.

And yes, you can call .delay() from inside a flow. It does exactly what it says: fires a run off to the workers and doesn’t wait, so the flow can complete while the work continues elsewhere. That’s a strange and occasionally perfect thing to do — a nightly flow whose last act is to enqueue ten thousand thumbnail regenerations that it has no intention of supervising.

Chaining background work with wait_for

Background runs aren’t required to be independent. apply_async — the explicit form under .delay() — takes a wait_for of futures, and the second run won’t start until the first is done:

from bgtasks import extract_cover, resize_cover

extracted = extract_cover.delay(book_id=42)
resized = resize_cover.apply_async(
    kwargs={"book_id": 42},
    wait_for=[extracted],        # doesn't start until `extracted` is final
)

Both calls return instantly; the ordering is enforced by the API, not by your process blocking between them. I ran this with two tasks and one worker and got exactly that: both submitted in the same breath, the second executing only after the first reached a terminal state, and both results retrievable afterwards.

This is a genuinely useful shape — a small dependency chain of background work that no flow supervises — but resist the urge to build a DAG out of it. If you find yourself hand-wiring wait_for through five delayed tasks, you have written a pipeline with none of the pipeline features, and you should have written a flow. Use wait_for for a link or two of ordering. Use a flow for a graph.

Failure, retries, and the worker that dies

Everything the states chapter says about failure applies here, with one twist worth internalizing: the failure happens somewhere you aren’t.

Retries work exactly as declared, and they are executed by the worker. A @task(retries=2, retry_delay_seconds=30) that fails in the background waits thirty seconds and comes back, with the producer none the wiser — the producer left ages ago. Only when the retries are exhausted does the run land in Failed, at which point future.result() (if anyone is still holding the future) re-raises, and any on_failure hook on the task fires in the worker’s process.

If the worker itself dies mid-run — OOM-killed, pod evicted, SIGKILL — the run goes Crashed, not Failed, which is exactly the distinction Prefect draws everywhere else and exactly the one Celery has never drawn. And this is where the automation you already wrote pays off: a server-side rule watching for prefect.task-run.Crashed fires whether or not any Python of yours survived, which is the only kind of alerting that’s worth anything when the failure mode is “the process is gone.”

The observability story is the quiet win here. A background job that failed is a run in the Prefect UI with a state, a message, a traceback, its logs, its retry history, and its parameters. You click on it. Compare the Celery experience — grep the worker’s stdout in your log aggregator, hope the traceback wasn’t interleaved with three other workers’, and reconstruct what arguments it was called with from a task_id you don’t have.

One setting to know while you’re here: PREFECT_TASKS_SCHEDULING_DELETE_FAILED_SUBMISSIONS (default true) controls whether runs that fail to submit — as opposed to fail to run — are cleaned out. Leave it alone unless you’re debugging why a .delay() didn’t produce a run.

Scaling: the API is the queue

The task worker is a plain Python process. It scales the plain way: run more of them.

Several serve() processes subscribed to the same tasks share the incoming runs. Two workers give you roughly twice the throughput; ten give you ten. There is no coordination to configure, no consistent-hash ring, no broker partitions to rebalance, because the Prefect API is the queue and the workers are just subscribers to it. kubectl scale deployment task-worker --replicas=8 is the entire scaling story.

Within one worker, limit= is your throttle:

serve(resize_cover, limit=20)     # I/O-bound: crank it
serve(train_model, limit=2)       # memory-hungry: don't

limit bounds how many runs that process executes concurrently. Raise it for I/O-bound work where the process is mostly waiting on the network. Lower it for anything that holds a lot of memory, because ten concurrent image resizes in one container is a very effective way to discover your memory limit.

And note that the two knobs stack in a useful way. limit is a per-process cap. The tag-based concurrency limits from the concurrency chapter are global — they apply to task runs by tag, across every worker, everywhere. So:

@task(tags=["thumbnails"], retries=2)
def resize_cover(book_id: int) -> str:
    ...

prefect concurrency-limit create thumbnails 30

Now you can run twelve workers with limit=20 each — 240 slots of capacity — while the global limit guarantees at most 30 resizes are actually executing at once, because that’s what your image service can take. Capacity and permission are separate concerns, and Prefect lets you set them separately. Celery makes you approximate this with queue routing and prefetch multipliers, and it’s never quite the thing you meant.

Serve the right tasks together

serve() takes a list of tasks, and which tasks you group into one worker is a real design decision rather than an afterthought. A worker’s limit is shared across everything it serves — so if you serve a memory-hungry train_model alongside a cheap send_email in a process with limit=10, ten model trainings can start at once and take the pod with them.

The rule: one worker per resource profile. Group tasks that want the same limit, the same memory, the same image. Cheap I/O tasks in a high-limit worker; heavy tasks in a low-limit worker with a bigger memory request; anything needing a GPU in a worker scheduled onto GPU nodes. They’re separate serve() scripts and separate deployments, and they all talk to the same API. That’s it — that’s the whole routing story, and it’s a lot less machinery than Celery queues plus routing keys plus worker -Q flags.

Running task workers in production

A task worker is a long-lived Python process with no HTTP surface, which makes it the most boring possible thing to deploy — a Deployment with replicas, or a systemd unit, or an ECS service.

FROM python:3.12-slim
WORKDIR /app
COPY requirements.txt .
RUN pip install --no-cache-dir -r requirements.txt
COPY . .
CMD ["python", "worker.py"]

Three operational details separate a worker that survives a bad Tuesday from one that doesn’t:

Health checks. serve(..., status_server_port=8080) stands up a small HTTP endpoint reporting the worker’s status. Point a Kubernetes livenessProbe at it and a wedged worker gets restarted instead of quietly holding slots forever. Without it, your orchestrator’s only signal is “the process hasn’t exited,” which a deadlocked worker satisfies beautifully.

Shared storage, again. Every worker replica and every producer needs the same PREFECT_TASKS_SCHEDULING_DEFAULT_STORAGE_BLOCK and result storage. This is not optional in a multi-pod deployment and it is the number one way this feature fails in production — so put it in the shared ConfigMap where both the API pods and the worker pods pick it up, not in one Dockerfile.

Graceful shutdown. A worker that gets SIGTERM’d mid-run leaves a task run that never reaches a terminal state until Prefect’s lost-heartbeat detection marks it Crashed. Give the pod a terminationGracePeriodSeconds long enough for in-flight runs to finish, and set retries on the tasks that matter so a genuinely-killed run comes back rather than being lost. The timeout= argument to serve() is also worth knowing here: it makes the worker exit cleanly after N seconds, which turns a daemon into a periodic job — useful when you’d rather recycle processes on a timer than trust them to stay healthy indefinitely.

The payoff: a web handler that returns immediately

This is the case the whole feature exists for.

# api.py
from fastapi import FastAPI
from bgtasks import resize_cover

app = FastAPI()

@app.post("/books/{book_id}/cover", status_code=202)
def upload_cover(book_id: int):
    future = resize_cover.delay(book_id=book_id)
    return {"status": "queued", "task_run_id": str(future.task_run_id)}

# status.py — because you returned an id, the client can poll
from prefect.client.orchestration import get_client

@app.get("/tasks/{task_run_id}")
async def task_status(task_run_id: str):
    async with get_client() as client:
        run = await client.read_task_run(task_run_id)
        return {"state": run.state.name}

The handler enqueues and returns 202 Accepted in single-digit milliseconds. The image resize — slow, failure-prone, and absolutely not something that should hold an HTTP connection open — happens in a worker pod, with two retries, with its state visible in the Prefect UI, with its logs collected, and with a result you can fetch by id.

Count what you didn’t build. No broker. No result backend. No task registry. No separate serialization contract between the web app and the worker. No second UI to go and look at when something failed at 2 a.m., because the run is in Prefect, next to your pipelines, with the same states, the same retries, and the same automations watching it — which means the Crashed automation you wrote in the last chapter already covers your web app’s background jobs. You didn’t do anything to make that true. It’s true because it’s the same task system.

Where this competes with Celery and RQ, honestly

Now let me be the bad salesman again, because “Prefect replaces Celery” is a claim that deserves scrutiny rather than applause.

What Prefect genuinely wins. One system instead of two. If you’re already running Prefect for pipelines, adding a job queue costs you a .delay() and a worker deployment. Your background jobs get the whole platform for free: states, retries with exponential backoff, result persistence, caching, transactions, the UI, the event stream, automations, and the ability to call the same task from a flow when you want it in a pipeline instead. Celery gives you none of that. Celery gives you a queue, and everything else is yours to build — which is why every Celery shop I’ve ever seen has a homegrown Flower-adjacent admin page and a Slack bot that nobody maintains.

Where Celery still wins, and it isn’t close. Throughput. Celery over RabbitMQ or Redis is a purpose-built broker doing one job at machine speed; Prefect’s queue is an HTTP API backed by Postgres, and every task run is a database row with a state history. If you are enqueuing tens of thousands of jobs a second, this is not your tool, and no amount of tuning will make it your tool — the per-run overhead is the price of the observability, and you cannot have one without the other. Prefect’s background tasks are for jobs that are worth a database row: the image resize, the report build, the email send, the webhook retry. Not the fifty-thousand-a-second telemetry writes.

RQ sits in between and its pitch is simplicity — it’s a few hundred lines you can read in an afternoon. If your entire requirement is “run this function later, on this box,” RQ is smaller than Prefect and always will be.

The honest decision rule. Already running Prefect and need background jobs at human scale? Use this; the marginal cost is nearly zero and the marginal benefit is a real control plane. Running Celery at high throughput with no orchestrator? Don’t rip it out; you’d be trading a fast queue for a slower one to get features you may not need. Greenfield, and you need both pipelines and background jobs? That’s the sweet spot, and running one system instead of two is worth a great deal more than the benchmark difference will ever cost you.

And notice the ground this covers that Airflow simply doesn’t have a story for. Airflow is a batch scheduler for graphs of work on a timetable. There is no supported way to say “run this one function, right now, from my web handler, with no DAG” — the closest you get is triggering a DAG run via the API and then explaining to your teammates why a single image resize has a scheduler, an executor, and a five-second startup tax. Prefect covers the scheduled-pipeline ground and this ground with the same task abstraction, and that’s not a nicer skin on the same tool. It’s a wider tool.

Final thoughts

The three chapters that ended here — transactions, automations, background tasks — don’t share a line of code, but they share a thesis, and it’s the thesis this whole book has been building toward.

Because a Prefect task is a durable, addressable, first-class thing — a value that persists, a state that emits an event, a run you can enqueue by id — you get capabilities Airflow’s static graph cannot express, not because Airflow’s engineers were less clever, but because a graph parsed ahead of time can only describe work it knew about at parse time. Transactions make “these steps are atomic, and here’s the undo” a property of the code. Automations make “when this happens, do that” a rule on a live event stream instead of a callback trapped inside the process that’s already dead. Background tasks make “run this now, off to the side, no pipeline required” a method call.

Airflow’s bet is the opposite one, and it’s just as coherent: a workflow is a static graph on a schedule, and committing to that shape up front buys you a picture you can see before it runs, a decade of operators for every system you’ll ever touch, and an operational story that large batch shops have already hardened at a scale Prefect hasn’t been tested at. For a fixed nightly graph feeding a warehouse, that certainty and that ecosystem are a feature, not a limitation you’re tolerating.

So don’t read these three chapters as Prefect winning. Read them as the honest answer to “what do I get that I couldn’t have?” If your pipelines write to multiple systems, react to things that happen, or double as your application’s background jobs, this is exactly the ground Airflow left you to build by hand — and building it by hand is how you ended up with a cleanup task guarded by a trigger rule, a Slack webhook pasted into six DAGs, and a Celery cluster nobody wants to own.





States and State Hooks

Every chapter so far has leaned on the word “state” and trusted you to fill in the meaning. A retry happens because a task run entered AwaitingRetry. A cache hit shows up as Cached. A deployment that missed its window is Late. Automations fire on state changes. We’ve been spending this vocabulary without ever laying it out, because states are the substrate everything else in Prefect sits on — and Airflow’s much smaller state set is one of the places the two tools diverge hardest. This is the chapter that stops hand-waving.

In Airflow a task instance is success, failed, skipped, up_for_retry, upstream_failed, queued, running, or a handful of others, and the set is essentially fixed enum values the scheduler writes to a column. Prefect’s states are richer, they carry data, they carry a message, and they’re the thing your code can hold in its hand and interrogate. Treating them as mere UI labels is the fastest way to write brittle Prefect — so let’s treat them as what they are: the contract between your code, the API, and every reaction the platform can have to a run.

The full taxonomy

A Prefect state has a type (one of a fixed set) and often a more specific name layered on top. The types you’ll actually reason about:


	Scheduled — the run exists and has a time it’s meant to start. Nothing is executing yet. Late and AwaitingRetry are both names under the Scheduled type, which is a detail that surprises people: a run waiting to retry is, mechanically, just a run scheduled for a moment in the future.

	Late — a scheduled run whose start time has passed by more than a small grace period and no worker has picked it up. This is the state you set alerts on when a work pool has no healthy workers.

	Pending — the run has been claimed and is preparing to execute; the gap between “scheduled” and “actually running.”

	Running — code is executing right now.

	Retrying — a specific Running-type name for the execution attempt that follows a retry delay. AwaitingRetry is the wait; Retrying is the re-run itself.

	Paused — the flow run hit a pause and is waiting, holding its place in memory or in the process. Used for interactive input and manual gates.

	Suspended — like paused, but the run exits — the process is torn down and the run will be rehydrated later when resumed. The difference from Paused matters for anything long-lived: a suspended run isn’t holding an infrastructure slot.

	Cancelling — cancellation was requested and Prefect is tearing down the run’s infrastructure.

	Cancelled — that teardown finished; the run was deliberately stopped.

	Completed — terminal success. The unit did its work and returned.

	Cached — terminal, and also a success, but the result came from a prior run’s cache rather than fresh execution (the caching chapter is where this one is earned).

	Failed — terminal failure caused by your code — an exception propagated out of the task or flow.

	Crashed — terminal failure caused by the environment, not the code. The worker died, the pod was OOM-killed, the process got a SIGKILL. This is the state Airflow has no honest word for, and it gets its own section below.



The single most useful way to group these is terminal versus non-terminal. A terminal state is the end of the line: Completed, Cached, Failed, Crashed, Cancelled. Once a run enters one, it doesn’t leave on its own — the only way past a terminal state is a new run or an explicit retry that creates a fresh attempt. Everything else — Scheduled, Late, Pending, Running, Retrying, AwaitingRetry, Paused, Suspended, Cancelling — is non-terminal, a stage the run is passing through. Automations, alerting, and your own return_state inspection all care intensely about which side of that line a state falls on, because “is this run done, and how did it end?” is the question most orchestration logic is really asking.

There’s a second useful axis: is_final (terminal) versus is_completed/is_failed/is_crashed/is_cancelled, which slice the terminal states by outcome. Cached reports is_completed() == True — a cache hit is a success, and code that checks is_completed() shouldn’t have to special-case it. That’s deliberate: the outcome predicates are about what the run means, not how it got there.

The state lifecycle, in prose

Trace one task run through its life. It’s created Scheduled, with a start time. A worker (or the flow’s task runner) picks it up; it moves to Pending while inputs resolve and infrastructure readies, then to Running when your function body actually begins. From Running there are three doors. The clean one: the function returns, and the run goes Completed (or Cached, if a cache key matched before the body even ran). The code-failure door: the function raises, and if retries remain the run goes AwaitingRetry (a Scheduled name) — it waits out retry_delay_seconds, re-enters as Retrying, and loops back through Running. When retries are exhausted, the door closes on Failed. The third door is the one nobody chooses: the process disappears out from under the run, and Prefect marks it Crashed.

Flow runs walk the same path with a couple of extra rooms. A flow run can enter Paused or Suspended when it hits an interactive pause, sitting non-terminal until something resumes it. It can be asked to stop, moving Cancelling → Cancelled. And a flow run’s terminal state is normally derived from its task runs: if any task run finished Failed or Crashed and nothing caught it, the flow run ends Failed; if all the ones that matter finished Completed/Cached, the flow run is Completed. That derivation is why “the flow failed” and “a task in the flow failed” are usually the same sentence — but not always, which is exactly what allow_failure and return_state let you pry apart.

Failed versus Crashed: the distinction Airflow won’t draw

Here is the difference worth internalizing. Failed means your code raised. A SQL statement errored, an API returned 500, an assertion tripped, a ValueError you threw yourself. The failure is inside the workflow’s logic, and it is reproducible — run the same code against the same inputs and you’ll likely fail the same way. Crashed means the code never got to finish because the ground gave way underneath it. The Kubernetes node was preempted. The container hit its memory limit and the kernel killed it. The worker lost its network connection to the API and the heartbeat stopped. The failure is outside the workflow’s logic, and it is often transient — the same code on a healthy machine would have sailed through.

Airflow collapses both of these into failed. A task that raised a genuine bug and a task whose pod got OOM-killed land in the same red box, and the DAG author has to go spelunking in logs to tell them apart — assuming the logs even survived the crash, which after an OOM kill they frequently don’t. That collapse has real costs:


	Alerting. A Crashed run usually means “look at your infrastructure,” not “look at your code.” Paging the on-call data engineer for an OOM kill when the fix is a bigger work pool is noise; paging the platform team for a genuine Failed assertion is misrouted. When the states are distinct you can route them to different places — and Prefect’s automations let you do exactly that, firing one action on Crashed and another on Failed.

	Retries. Retrying a Crashed run is almost always correct — transient infra hiccups are the textbook case for “just try again.” Retrying a deterministic Failed run three times just fails three times slower and buries the real error under duplicate alerts. Knowing which you’re dealing with tells you whether a retry is hope or superstition.

	SLOs and post-mortems. “We had four Failed runs and eleven Crashed runs this week” is two completely different conversations — one about a flaky model, one about undersized infrastructure. A single failed count hides that.



You don’t have to do anything to get this distinction; Prefect assigns Crashed automatically when it detects abnormal termination (a lost heartbeat, a non-zero exit from infrastructure rather than a propagated exception). Your job is to stop treating “failure” as one bucket and start reacting to the two kinds differently — starting with the hook that only fires on one of them.

Inspecting state from code

By default a task or flow call behaves like a normal function: it returns its result, or it raises. That’s the right default and it’s what most code should want. But sometimes you need the state object itself — to branch on it, to pull a failed result out without blowing up, to decide something the orchestrator can’t decide for you. That’s what return_state=True is for.

from prefect import flow, task

@task
def fetch_inventory(store_id: int) -> dict:
    if store_id == 7:
        raise RuntimeError("store 7 feed is down")
    return {"store_id": store_id, "titles": 1200}

@flow(log_prints=True)
def nightly_rollup():
    state = fetch_inventory(7, return_state=True)   # does NOT raise

    if state.is_failed():
        print(f"skipping store 7: {state.message}")
        inventory = {"store_id": 7, "titles": 0}     # fall back
    else:
        inventory = state.result()

    print(f"rolling up {inventory['titles']} titles")

With return_state=True, the call returns a State no matter how the task ended, and the exception stays boxed inside it instead of propagating. Now you can ask the state questions: state.is_completed(), state.is_failed(), state.is_crashed(), state.is_cancelled(), state.is_final(). The .message attribute carries the human-readable reason. And when you’re ready for the actual return value, state.result() unpacks it — but with a knob:

data = state.result(raise_on_failure=False)

state.result() on a failed state re-raises the original exception by default — sensible, because usually you called .result() because you wanted the value and its absence is an error. But raise_on_failure=False says “hand me whatever’s there and let me decide,” returning the exception object rather than throwing it. That’s the controlled-access path: you get to look at the failure as data instead of having control flow ripped out from under you. Use it when a failed upstream is a branch in your logic, not an abort.

This is a genuinely different posture from Airflow. There, a task instance’s outcome isn’t a first-class object your Python can hold; you reach for TriggerRule.ALL_DONE, or an airflow.exceptions.AirflowSkipException, or you poke the metadata DB, to express “continue even though something upstream didn’t succeed.” In Prefect the state is a value, so “look at how the upstream ended and decide” is just an if.

allow_failure in dependencies

There’s a cousin to return_state for the specific case where a downstream task should run even though an upstream one failed, and should receive the failed state as input rather than being cancelled by the propagation. That’s allow_failure:

from prefect import flow, task
from prefect.states import State
from prefect import allow_failure

@task
def load_primary() -> str:
    raise RuntimeError("primary warehouse unreachable")

@task
def load_backup() -> str:
    return "loaded into backup"

@task
def notify(primary_result, backup_result: str) -> None:
    # primary_result is the FAILED state, not a raised exception
    if isinstance(primary_result, State) and primary_result.is_failed():
        print(f"primary failed ({primary_result.message}); backup: {backup_result}")
    else:
        print("both loads succeeded")

@flow(log_prints=True)
def resilient_load():
    primary = load_primary.submit()
    backup = load_backup.submit()
    notify(allow_failure(primary), backup)

Without allow_failure, a downstream task that depends on a failed upstream is itself marked as failed-by-propagation and never runs its body — Prefect’s equivalent of Airflow’s upstream_failed. Wrapping the dependency in allow_failure overrides that: notify runs regardless, and instead of receiving load_primary’s value it receives its failed state, which it can inspect exactly like a return_state result. This is the clean way to express “try the primary, but don’t let its failure abort the notification/cleanup path” — the pattern you’d otherwise contort trigger rules to get in Airflow.

Returning a state to force an outcome

return_state=True lets the caller read a state; the mirror image is letting the callee write one. A task or flow can return a State object straight from its body, and Prefect honors it as the run’s outcome instead of deriving one from whether an exception propagated. It is how you say “this run is a failure, but not because Python raised” — a data-quality gate, or a business rule that vetoes the result.

from prefect import task
from prefect.states import State, Completed, Failed

@task
def validate_feed(rows: list[dict]) -> State:
    missing = [r for r in rows if r.get("price") is None]
    if len(missing) > len(rows) * 0.1:
        # >10% of rows missing price: fail deliberately, with a message
        return Failed(message=f"{len(missing)}/{len(rows)} rows missing a price")
    return Completed(message=f"validated {len(rows)} rows ({len(missing)} warnings)")

Returning Failed(message=...) marks the task Failed without raising — no traceback, just a terminal failure carrying the string you chose, shown in the UI and readable via state.message. Contrast it with raise ValueError("..."), which also yields Failed but wraps the exception as the state’s data, so state.result(raise_on_failure=False) hands back the exception object rather than a message. Reach for a returned State when the failure is a decision your code made — a rule or gate — and for raise when it’s an error your code hit.

State-change hooks

Inspecting state is pull. Hooks are push: functions Prefect calls for you when a run enters a particular state, wired directly onto the @flow or @task decorator. There are five, matched to the transitions worth reacting to:


	on_running — fires when the run enters Running. Good for “mark this job started” side effects.

	on_completion — fires on Completed (terminal success).

	on_failure — fires on Failed (your code raised, retries exhausted).

	on_crashed — fires on Crashed (infrastructure died). This is the hook that exists because Prefect splits Failed from Crashed; Airflow has no equivalent because it has no such split.

	on_cancellation — fires on Cancelled.



Every hook has the same signature: it’s called with three positional arguments — the flow (or task) object, the run object, and the state that triggered it.

def hook(flow, flow_run, state):
    ...

For a task hook the first two are the task and the task run; for a flow hook, the flow and the flow run. The state argument is the same rich State you’d get from return_state, so inside a hook you have state.message, state.result(raise_on_failure=False), and the predicates all available.

Here’s a flow that puts three of them to work — a metric on success, a cleanup on failure, and a distinct infrastructure alert on crash:

import time
from prefect import flow, task

def emit_duration_metric(flow, flow_run, state):
    elapsed = (flow_run.end_time - flow_run.start_time).total_seconds()
    print(f"[metric] {flow.name} completed in {elapsed:.1f}s")

def clean_up_staging(flow, flow_run, state):
    # runs only when the flow's code raised — safe to assume staging is dirty
    print(f"[cleanup] dropping staging tables after failure: {state.message}")
    # drop_staging_tables(...)

def page_platform_team(flow, flow_run, state):
    # runs only when infra died — route to a DIFFERENT channel than on_failure
    print(f"[PAGE] {flow.name} crashed (infra): {state.message}")
    # pagerduty.trigger(service="platform", ...)

@flow(
    log_prints=True,
    on_completion=[emit_duration_metric],
    on_failure=[clean_up_staging],
    on_crashed=[page_platform_team],
)
def nightly_etl():
    time.sleep(1)
    raise RuntimeError("dbt run exited non-zero")   # → Failed → clean_up_staging

Run that and clean_up_staging fires, because the body raised — a genuine Failed. If instead the worker had been killed mid-run, page_platform_team would fire and clean_up_staging would not. That’s the payoff of the taxonomy made concrete: two different reactions to two different kinds of failure, declared right on the decorator. Note that each hook argument is a list — you can attach several functions to the same transition, and they run in order.

Task-level hooks are the right place for reactions scoped to a single unit of work — but they are not the same set, and this catches people:




































	Hook	@flow	@task
	on_completion	yes	yes
	on_failure	yes	yes
	on_running	yes	yes
	on_crashed	yes	no
	on_cancellation	yes	no


Pass on_crashed= to a @task and you don’t get a silently-ignored kwarg, you get TypeError: task() got an unexpected keyword argument 'on_crashed' — which is at least honest. The asymmetry is defensible once you think about who observes what: a crash is the runtime dying underneath you, and it’s the flow run — the thing still standing — that is in a position to notice and report. If you need per-task crash handling, put an on_crashed on the flow and inspect which task run is in a non-terminal state.

def alert_on_extract_failure(task, task_run, state):
    print(f"[alert] extract task failed: {state.message}")

@task(retries=2, on_failure=[alert_on_extract_failure])
def extract_orders() -> list[dict]:
    ...

One timing subtlety worth internalizing: on_failure fires when the run reaches its terminal Failed state — after retries are exhausted, not on each failed attempt. A task with retries=2 that fails all three times fires on_failure once, at the end. If you want to react to every attempt, that’s a different mechanism; the state hooks are about the run’s final verdict, which is almost always what you want for alerting and cleanup.

Write hooks to be idempotent. A hook can run more than once — a UI retry re-enters Failed and re-fires on_failure — so a cleanup hook should be safe to run twice: DROP TABLE IF EXISTS, not DROP TABLE. And on_crashed carries a caution people miss: it is best-effort by construction. A hook is Python in the run’s own process, so if the worker was OOM-killed there may be nothing left to invoke it. Prefect fires it when it can, but anything that must happen after a crash — paging, releasing a lease — belongs in a server-side automation, which brings us to that distinction.

Hooks versus automations

Hooks and automations look like they solve the same problem, and choosing wrong leads to grief, so draw the line clearly:


	Hooks run in-process, inside your run’s own execution. They’re Python functions in your codebase, they execute on the same worker as the run, and they share its environment — imports, secrets, network access, the lot. That makes them ideal for reactions that need the run’s context or its Python objects: cleaning up staging tables the flow created, computing a duration from flow_run, calling a library you already have imported. Their flip side: if the process crashed, an in-process hook is on shaky ground — which is precisely why on_crashed is best-effort and why truly infrastructure-independent alerting shouldn’t rely solely on it.

	Automations run server-side, on the Prefect API, reacting to the event stream. They don’t live in your code; you configure them in the UI or via the API, and they fire on emitted state-change events regardless of whether the originating process is still alive. That independence is their whole value: an automation watching for Crashed still fires when the worker is gone, because the server saw the state change. Automations are how you do fleet-wide, cross-flow reactions — “notify Slack whenever any production flow enters Failed,” “if this deployment is Late for 10 minutes, page” — without editing a single flow’s code.



The rule of thumb: use a hook when the reaction needs to be part of the run (it touches the run’s resources or objects, or is specific to that one flow); use an automation when the reaction should survive the run and apply across many (platform alerting, SLA monitoring, anything that must fire even if the process is dead). A robust setup uses both — an on_failure hook to clean up locally, and a server-side automation on Failed/Crashed to alert independently of the worker’s health.

How states drive the UI and automations

Everything visible in the Prefect UI is a projection of state. The colored dots on a flow run, the flat-line chart of run outcomes over time, the “Late” badge on a work pool with no workers — all of it is the server reading state transitions off the event stream and rendering them. When you filter the runs page to “show me failures,” you’re querying state type. This is why states aren’t cosmetic: the same signal that colors a dot is the signal an automation subscribes to. A run entering Crashed emits an event; the UI paints it red and any automation watching for Crashed fires, from one source of truth.

That shared substrate is the reason to get comfortable naming states precisely. “The pipeline broke” isn’t actionable. “Three task runs entered Crashed while the work pool showed zero healthy workers” tells you it’s a Late-plus-Crashed infrastructure story, points you at the work pool, and — if you’d set it up — would already have fired an automation before you looked. The next chapter picks up one of the levers that produces those states directly.

Final thoughts

Coming from Airflow, the temptation is to translate: Completed is success, Failed is failed, Cancelled is whatever the closest Airflow thing is, and move on. Resist it. The states Airflow doesn’t have are exactly the ones that make Prefect worth reasoning about — Crashed as a first-class category separate from Failed, Cached as a success that skipped the work, Suspended as a pause that gives back its infrastructure, Late as a schedulable-but-unclaimed alarm. Each of those is a distinction you were probably making anyway in Airflow, badly, with log-grepping and convention. Prefect promotes them to values your code and your platform can both see.

Treat state as data, not decoration. Hold it with return_state, branch on it with the predicates, unpack it carefully with raise_on_failure=False, keep a downstream alive across an upstream failure with allow_failure, and react to transitions with hooks in-process and automations server-side. Do that and the vague Airflow trinity of success/failed/skipped gives way to a model that actually describes what happened — which is the whole point of an orchestrator watching your work in the first place.





Concurrency and Rate Limiting

Back in the dynamic execution chapter, fan-out stopped being a design problem and became a method call: load_file.map(files) submits one task run per file and runs them concurrently through a thread pool, no executor conversation required. That’s the feature. It’s also the loaded gun. The morning the extract drops forty regional files instead of three, that same clean line opens forty concurrent connections to the warehouse — and the warehouse, or the third-party API behind one of those tasks, was never asked whether it wanted forty. Prefect made the fan-out free. Nothing made it safe. That’s this chapter’s job.

In Airflow you had one tool for this and you knew its name: the pool. You created a pool with some number of slots, tagged tasks into it with pool="warehouse", and the scheduler refused to run more than that many pooled tasks at once, across every DAG. One concept, one ceiling, applied by the scheduler. It was blunt and it was reliable, and its bluntness was the point — you rarely had to think about which mechanism, because there was only one.

Prefect fragments that single idea into several distinct knobs, each operating at a different layer of the stack, and getting production right means knowing which one you’re reaching for. There’s a tag-based limit that looks almost exactly like an Airflow pool. There’s a global concurrency limit you can wrap around an arbitrary block of code, not just a task. There’s a rate limit for “N per second” instead of “N at once.” And there are two infrastructure-level ceilings — on work pools and on deployments — that count whole flow runs rather than tasks. They are not interchangeable, and the reason there are several is that Airflow’s one pool was quietly answering four different questions at once.

Tag-based limits: the Airflow pool, ported

Start with the one that maps cleanest, because if you’re coming from pools it’s the mechanism you already understand. A tag-based task concurrency limit says: across every flow run, everywhere, no more than N tasks carrying this tag may be Running at the same time. That is the Airflow pool, almost line for line — a named ceiling on concurrent task execution, enforced globally rather than per flow.

You create the limit against a tag name and a slot count:

prefect concurrency-limit create warehouse 5

Then you tag the tasks that should share those five slots:

from prefect import flow, task

@task(tags=["warehouse"])
def load_file(path: str) -> int:
    rows = read_csv(path)
    write_to_warehouse(rows)          # holds a warehouse connection
    return len(rows)

@flow(log_prints=True)
def daily_load():
    files = list_order_files()
    counts = load_file.map(files)     # fans out to N runs...
    total = sum(f.result() for f in counts)
    print(f"loaded {total} rows across {len(files)} files")

Now the .map() can produce forty load_file runs and Prefect will not care. Every one of those runs carries the warehouse tag, and the limit lets exactly five hold the Running state at once; the other thirty-five sit in a concurrency-gated pending state and get promoted as slots free up. The fan-out count is still whatever the data says it is — you didn’t cap the work, you capped how much of it touches the warehouse simultaneously. That distinction is the whole game, and it’s identical to what the Airflow pool bought you.

The tag is the join key, and it’s cheap to slice finely. Give your warehouse writes tags=["warehouse"] and your Stripe calls tags=["stripe_api"], create a limit for each, and the two ceilings are independent — a backfill saturating the warehouse can’t also starve the payments API, because they draw from different pools. A task can carry several tags and will then be governed by every matching limit at once, which is occasionally what you want (a task that both writes the warehouse and calls Stripe waits on whichever slot is scarcer) and occasionally a footgun (a broad tag like db accidentally throttling half your codebase). Tag deliberately.

Two operational notes that bite people. First, these limits are global server state, not code — the limit for warehouse lives in the Prefect API and persists until you change it, so prefect concurrency-limit ls, inspect, and delete are how you see and manage them, and a limit set to 0 is a valid, deliberate way to pause every task with that tag without touching a deployment. Second, a task that dies without cleanly releasing its slot — a hard crash, a killed worker — can leave a slot occupied; Prefect reclaims these, but if you ever see a limit wedged below its ceiling, prefect concurrency-limit inspect <tag> shows you which run IDs are holding slots, and that’s your first stop.

Global concurrency limits and the concurrency() block

The tag limit is elegant right up until the thing you need to protect isn’t a task. Maybe the contended resource is guarded inside a helper function three calls deep, or a single task makes several protected calls in a loop, or the resource is shared by code that isn’t a Prefect task at all. Tagging can’t reach in there. This is where Prefect goes somewhere Airflow’s pool never could: the global concurrency limit and its concurrency() context manager, which put a ceiling around an arbitrary block of code.

You create the limit up front, same shape as before but this is a distinct object type:

prefect gcl create warehouse-writes --limit 5

(gcl is the short alias; prefect global-concurrency-limit create is the full form, and prefect gcl ls / inspect / update round it out.) Then you acquire slots inline, wherever the contention actually lives:

from prefect import flow, task
from prefect.concurrency.sync import concurrency

@task
def load_file(path: str) -> int:
    rows = read_csv(path)
    with concurrency("warehouse-writes", occupy=1):
        write_to_warehouse(rows)      # only 5 of these run at once, globally
    return len(rows)

Only five threads, flows, or processes — anywhere holding this context — can be inside that with block simultaneously; the sixth blocks at the with line until one exits and releases a slot. Notice what moved: the ceiling no longer wraps the whole task, only the write. read_csv still runs at full fan-out width; the throttle applies exactly to the four lines that touch the warehouse. That surgical scope is the reason to reach past a tag limit.

The trap: a limit that doesn’t exist is not an error

Now the part that will bite you, and it is exactly the kind of silent failure this book keeps hunting. The limit and the code that uses it are created in two different places — one is a CLI command you ran once, the other is a string in your source. Nothing checks that they match. And if they don’t:

with concurrency("warehouse-wrties", occupy=1):   # typo. or a fresh environment
    write_to_warehouse(rows)                      # ...runs at full fan-out. no error.

concurrency() against a limit that doesn’t exist does nothing at all — it enters the block, grants you imaginary slots, and returns. No exception, no warning, no log line. Your throttle is now a comment. Typo the name, or deploy to a staging environment where nobody ran prefect gcl create, and the protection you carefully designed silently isn’t there — which you discover when the warehouse falls over under a load you thought was capped at five.

The fix is one keyword, and you should treat it as mandatory in anything that isn’t a scratch script:

with concurrency("warehouse-writes", occupy=1, strict=True):
    write_to_warehouse(rows)
# ConcurrencySlotAcquisitionError: Concurrency limits ['warehouse-writes']
# must be created before acquiring slots

strict=True refuses to proceed against a limit that was never created. It turns “silently unprotected” into “loudly broken at the first call,” which is the trade you always want from a guardrail. rate_limit() has the identical default and the identical trap — pass strict=True there too. The default is False presumably so that a limit you haven’t created yet doesn’t block local development; that’s a defensible default and a terrible production posture, and knowing which one you’re in is your job.

Three things the block gives you that the tag can’t. occupy lets a single acquisition claim more than one slot — a bulk load that’s worth three normal writes can take occupy=3, so the limit measures weight, not just count. A timeout_seconds turns “wait forever for a slot” into “raise after this long,” which you want anywhere an unbounded wait would be worse than a clean failure. And because it’s just a context manager, it composes with anything — it protects code inside a task, code shared across tasks, and code that runs outside a flow entirely. There’s an async twin, from prefect.concurrency.asyncio import concurrency, with the identical shape for async flows, so an async API client gets the same guard without blocking the event loop.

The mental model worth carrying: a tag limit governs task runs by their tag; a global limit governs whoever enters the block, by name. The first is declarative and coarse and reads like an Airflow pool. The second is imperative and precise and has no Airflow analogue at all — it’s the tool for when the resource you’re protecting doesn’t line up with a task boundary.

The async block, inside a .map() fan-out

The place this earns its keep is the exact scenario that opened the chapter: a .map() that fans out wide against a resource that hates being hit wide. Do it with async tasks and the guard has to hold across an await — the slot must stay claimed while a coroutine is parked on a network call, not just while it’s on-CPU. The async concurrency() does precisely that. Here’s the whole thing, end to end:

import httpx
from prefect import flow, task, unmapped
from prefect.concurrency.asyncio import concurrency

@task
async def enrich(order: dict, client: httpx.AsyncClient) -> dict:
    async with concurrency("warehouse-writes", occupy=1, timeout_seconds=30):
        resp = await client.post("https://internal/enrich", json=order)
        resp.raise_for_status()
    return resp.json()

@flow(log_prints=True)
async def enrich_all(orders: list[dict]):
    async with httpx.AsyncClient(timeout=30) as client:
        futures = enrich.map(orders, client=unmapped(client))
        enriched = [f.result() for f in futures]
    print(f"enriched {len(enriched)} orders, at most 5 in flight at the warehouse")

Two things are doing the work. unmapped(client) tells .map() not to iterate the shared HTTP client — every mapped run reuses the same connection pool while orders is the axis that fans out (the .map() broadcast rule from the dynamic-execution chapter, and it matters here because you want one pooled client, not a thousand). And the async with concurrency(...) means that when a thousand enrich runs are all suspended on their POST, only five are actually inside the block holding a slot; the other 995 are suspended at the async with line, consuming no slot and not blocking the event loop. Swap the import to prefect.concurrency.sync and the identical shape works for threaded tasks — the async version exists so the wait yields the loop instead of pinning a thread. The timeout_seconds=30 is the seatbelt: if the warehouse wedges and no slot frees in thirty seconds, the acquisition raises rather than hanging the whole fan-out forever.

rate_limit(): throttling per unit of time

Concurrency limits answer “how many at once.” A whole class of external systems doesn’t care about that question — they care about “how many per second.” A partner API rated at 100 requests/minute doesn’t mind whether you make them one connection or ten; it minds the rate, and it will 429 you the moment you cross it regardless of your concurrency. Capping simultaneous calls is the wrong instrument here: five concurrent tasks in a tight loop can blow a per-second budget while never exceeding five at once.

The right instrument is rate_limit(), which throttles the frequency of entry rather than the count of occupants. It’s built on the same global-limit object, with one extra property: a slot decay that returns slots to the pool at a fixed rate over time. You configure the decay when you create the limit:

prefect gcl create partner-api --limit 100 --slot-decay-per-second 1.67

A limit of 100 with slots decaying at ~1.67 per second is, in effect, a budget of about 100 calls per minute that refills continuously. Then you call rate_limit() before the protected call:

from prefect import task
from prefect.concurrency.sync import rate_limit

@task
def enrich_order(order: dict) -> dict:
    rate_limit("partner-api")         # blocks until a slot has decayed free
    return partner_client.enrich(order)

Unlike concurrency(), rate_limit() isn’t a context manager and doesn’t wrap a block — it’s a single gate you pass through. It acquires a slot and doesn’t hold it; the slot is simply gone until decay replenishes it. When you fan out enrich_order.map(orders) over a thousand orders, they don’t all fire at once and they don’t trickle through a fixed five-wide door — they pace themselves to the decay rate, and the partner API sees a smooth ~100/min stream instead of a thundering herd followed by a wall of 429s. That’s the behavior you actually wanted from “don’t hammer the API,” and no amount of pure concurrency capping produces it. There’s an async rate_limit under prefect.concurrency.asyncio too, same signature.

The math underneath is worth making explicit, because it’s the whole difference from a concurrency cap. Model the limit as a bucket holding at most --limit slots. Every rate_limit() call spends one slot and doesn’t return it; independently, --slot-decay-per-second slots trickle back into the bucket every second, up to the ceiling. Two numbers, two behaviors. The decay rate sets the sustained throughput — at 1.67/s the bucket hands out ~1.67 calls per second on average, ~100/min, no matter how long you run. The limit sets the burst allowed before pacing bites: a full bucket of 100 lets the first 100 calls rush through, then the 101st waits ~0.6s for a slot to decay back and you settle into the steady 100/min. Want a strict trickle with no burst? --limit 1 --slot-decay-per-second 1.67, and every call waits its ~0.6s turn. Contrast a concurrency cap of 5, where slots return the instant a call finishes — fast calls refill it in milliseconds and let five more fire at once, which is exactly why a tight loop of quick requests stays under “5 at once” while blowing past “100 per minute.” Concurrency slots track occupancy; decay slots track the clock, and only the clock enforces a rate.

Work-pool and work-queue caps: counting flow runs

Everything so far counts tasks (or code blocks). The next two mechanisms count flow runs, and they live at the infrastructure layer we built in the work pools chapter rather than in your flow code. The distinction matters: a task-tag limit can’t stop ten copies of the same flow from all starting, because each copy independently respects the tag ceiling for its own tasks. If the problem is “too many whole runs at once,” you need a ceiling on runs.

The coarsest is the work-pool concurrency cap. A pool is a typed queue of scheduled runs; capping it limits how many of its runs can be executing simultaneously, no matter how many workers are polling or how much the scheduler wants to launch:

prefect work-pool set-concurrency-limit k8s-pool 10

Now k8s-pool runs at most ten flow runs concurrently. The eleventh scheduled run stays in the pool in a pending state until one of the ten finishes — the runs aren’t lost, they’re queued at the infrastructure door. This is your backstop against a cluster meltdown: whatever your deployments schedule, the pool won’t let more than ten pods exist at once, so a runaway schedule or a flood of event-triggered runs can’t scale your Kubernetes bill to the moon. Set it to the concurrency your infrastructure can actually afford, and treat it as a safety rail rather than a routing tool.

Work queues give you the same lever one level finer. A pool can hold several named queues with their own priorities and their own caps, so you can carve the pool’s total capacity between classes of work:

prefect work-queue set-concurrency-limit high 3 --pool k8s-pool

Cap the high queue at three and the default queue at, say, seven, and you’ve reserved headroom so an urgent run isn’t stuck behind a backfill that filled the pool. Priorities decide drain order; per-queue caps decide how much of the pool any one class may occupy. Reach for queues when one pool legitimately serves work of different urgency; skip them until you feel that specific pain, exactly as in the pools chapter.

Deployment concurrency and the collision strategy

The last knob is the most specific and the one with a genuinely new decision attached. A deployment-level concurrency limit caps how many runs of one particular deployment can be active at once — and crucially, it makes you answer a question the other mechanisms dodge: when a new run wants to start but the limit is full, what happens to it?

The classic case is a deployment that must never overlap itself. Your hourly incremental load reads a watermark, processes everything since, and advances the watermark; if the 3:00 run is still going when the 4:00 run fires, two runs race on the same watermark and you get duplicated or skipped data. The flow isn’t idempotent under overlap, so overlap must be forbidden. A limit of one enforces it:

from prefect.client.schemas.objects import ConcurrencyLimitConfig
from flows import incremental_load

if __name__ == "__main__":
    incremental_load.deploy(
        name="bookshop-incremental",
        work_pool_name="k8s-pool",
        concurrency_limit=ConcurrencyLimitConfig(
            limit=1,
            collision_strategy="ENQUEUE",
        ),
    )

limit=1 means one run of bookshop-incremental at a time. The interesting part is collision_strategy, which decides the fate of a run that arrives while the limit is full:


	ENQUEUE holds the new run in a pending state and lets it start once the slot frees. If the 3:00 run runs long, the 4:00 run waits and then executes — nothing is dropped, work just serializes. This is what you want when every scheduled run represents data that must eventually be processed. The cost is that a persistently slow run backs up a queue behind it, and you can drift ever further from wall-clock schedule.

	CANCEL_NEW does the opposite: the new run is cancelled outright the moment it collides. If the 3:00 run is still going at 4:00, the 4:00 run never happens. This is right when a fresh run would be redundant — a “sync latest state” job where a run already in progress will pick up the newest data anyway, so a second one is pure waste. The cost is silent skips: runs vanish from the schedule, and you need to be certain that’s harmless.



There’s no universal default worth memorizing, because the choice is the semantics of your pipeline. Ask one question: if a run gets skipped, does data go unprocessed? Yes → ENQUEUE, every run matters. No, a later run subsumes it → CANCEL_NEW, drop the redundant one. Getting this backwards is a real incident — CANCEL_NEW on a load that needed every window silently loses data, and ENQUEUE on a “latest state” sync builds a pointless backlog that runs stale work for hours.

Which knob for which problem

Five mechanisms is a lot after one pool, so here’s the decision guide, framed against the bookshop ETL fan-out that’s run through the whole book. First the whole set on one screen:
















































	Mechanism	Counts	Where it lives	Airflow analogue	Reach for it when
	Tag concurrency limit	Task runs, by tag	API / global	pool	The contended resource is a task
	Global limit + concurrency()	Occupants of a code block	Inline in code	none	Contention is inside a helper / non-task code
	rate_limit() (decaying GCL)	Entries per second	Inline in code	none	The system meters by time, not count
	Work-pool / work-queue cap	Whole flow runs	Infrastructure	parallelism config	Capping runs hitting your infra
	Deployment limit + collision strategy	Runs of one deployment	Deployment	max_active_runs	Stopping a deployment lapping itself


And the same choices as prose, since the table can only gesture at the why:


	Protecting a shared resource that lines up with a task — the warehouse, an API, “no more than 5 of these at once, everywhere.” Reach for a tag-based task concurrency limit. It’s the direct port of the Airflow pool, it’s declarative, and it’s the right first instinct. load_file writes the warehouse → tags=["warehouse"] + prefect concurrency-limit create warehouse 5.

	Protecting a resource that doesn’t line up with a task — a guarded call inside a helper, a bulk write worth extra weight, code outside any flow. Reach for a global concurrency limit with the concurrency() block, scoped to exactly the lines that contend. It’s the surgical version, and it’s the only one that reaches inside a task.

	Protecting something that meters by time, not count — a partner API rated per minute, anything that 429s on rate. Reach for rate_limit() with a decaying global limit. Concurrency capping is the wrong shape here and will still get you throttled.

	Limiting how many whole runs hit your infrastructure — stopping a runaway schedule from launching a hundred pods, or reserving cluster headroom for urgent work. Reach for the work-pool cap (total infrastructure ceiling) and, when one pool serves mixed urgency, work-queue caps (dividing that ceiling). These count flow runs, not tasks, and they’re a safety rail, not routing.

	Stopping one deployment from overlapping itself — the non-idempotent incremental load, the sync that mustn’t double-run. Reach for the deployment-level limit with a deliberate collision strategy: ENQUEUE when every run’s data matters, CANCEL_NEW when a running instance already covers the new one.



The useful way to hold all five: they answer different questions Airflow’s single pool answered by accident. “How many tasks touch this resource?” is the tag limit. “How many at once inside this exact code?” is the block. “How many per second?” is the rate limit. “How many runs on my infrastructure?” is the pool cap. “Can this deployment overlap itself, and if not, wait or drop?” is the deployment limit. A serious pipeline usually wants more than one — a warehouse tag limit and a work-pool cap and an ENQUEUE deployment limit on the incremental load are three different ceilings guarding three different failure modes, and none substitutes for the others.

Final thoughts

Airflow gave you one pool and made you clever about squeezing every concurrency problem through it. Prefect gives you a matched set of instruments and makes you name the problem before you pick one — which feels like more to learn, and is, right up until you hit the case the single pool never fit: throttling a rate-metered API, guarding a resource that isn’t a task, or forbidding a deployment from lapping itself. Then the fragmentation reads as precision rather than sprawl. The through-line is that concurrency control is part of correctness, not an afterthought you bolt on when something falls over. The .map() that fans out to forty is only as good as the ceiling standing behind it; retrying faster than a source recovers, or running ten copies of a non-idempotent flow, isn’t reliability — it’s the same failure, louder. Pick the knob that fits the resource, and the fan-out you got for free stays free and safe.





Variables, Settings, and Profiles

The blocks chapter drew the line and promised to come back to the other side of it. A block is the Prefect answer to an Airflow connection — typed config plus a client, credentials and the code that uses them in one object. Airflow Variables are a different animal, and Prefect’s exact analogue for them is what this chapter is about. prefect.variables.Variable is the true Airflow-Variable equivalent: a small, mutable, UI-and-CLI-editable JSON value with a name and nothing else. No client, no credential handling, no typed schema — just a knob you can turn without a deploy.

And once we’ve untangled variables from blocks, there’s a second, quieter layer that every Airflow engineer has an intuition for but no Prefect vocabulary yet: the machinery that decides which Prefect the CLI and your workers are even talking to. In Airflow that’s airflow.cfg, environment variables, and AIRFLOW__CORE__… overrides. In Prefect it’s settings and profiles, and getting them wrong is the single most common reason a flow “runs fine locally” and vanishes into a different backend in production.

A Variable is a name and a JSON value

Here is the whole surface area:

from prefect.variables import Variable

# write it once (REPL, setup script, CI, wherever)
Variable.set("bookshop_batch_size", 500)

# read it anywhere
size = Variable.get("bookshop_batch_size", default=100)

Variable.set(name, value) stores the value server-side, in the same Prefect API that holds your flow runs and blocks. Variable.get(name, default=...) reads it back. If the variable doesn’t exist and you passed default=, you get the default; if it doesn’t exist and you didn’t, you get None. That’s the Airflow Variable.get("key", default_var=100) pattern, beat for beat.

The values are JSON, not just strings — and this is the first place Prefect diverges usefully from Airflow habit. In Airflow, Variable.get returns a string unless you pass deserialize_json=True and remember to have stored valid JSON. Prefect variables are JSON natively. You can store a number, a boolean, a list, or a nested object and get the same Python type back:

Variable.set("bookshop_batch_size", 500)                 # int
Variable.set("bookshop_notify", True)                    # bool
Variable.set("bookshop_skip_publishers", ["acme", "old-house"])   # list
Variable.set(
    "bookshop_thresholds",
    {"min_orders": 10, "max_late_days": 3},              # dict
)

th = Variable.get("bookshop_thresholds", default={})
if th["max_late_days"] > 5:
    ...

No deserialize_json flag, no ast.literal_eval, no wondering whether the string you got back is "500" or 500. What you set is what you get.

Two operational notes. First, set is create-or-fail by default; to change an existing variable in code you pass overwrite=True:

Variable.set("bookshop_batch_size", 1000, overwrite=True)

Second, there’s a full async twin. Inside an async flow or task you don’t want a synchronous network call blocking the event loop, so use aget / aset:

from prefect import flow
from prefect.variables import Variable

@flow
async def nightly_load():
    size = await Variable.aget("bookshop_batch_size", default=100)
    skip = await Variable.aget("bookshop_skip_publishers", default=[])
    ...

The sync get/set and the async aget/aset are the same variable — the split is purely about which calling context you’re in, exactly the way the rest of Prefect 3.x gives you a sync and an a-prefixed async form of everything.

One timing subtlety worth stating plainly, because it’s the whole reason variables are useful for operations: Variable.get reads over the network at the moment it runs, not when the module imports. Call it at the top of a flow and each run picks up whatever the value is right then. That means an edit in the UI takes effect on the next run, and it also means you should read a variable once at the start of a flow and pass it down, rather than calling Variable.get in a tight loop — each call is an API round-trip, and a variable that changes mid-run would give different tasks different answers. Treat it as configuration you snapshot at the top of a run, not a live feed you poll.

From the CLI and the UI

Because a variable is just a named value on the API, you never need Python to manage one. The prefect variable command group covers it:

prefect variable set bookshop_batch_size 500
prefect variable set bookshop_thresholds '{"min_orders": 10, "max_late_days": 3}'
prefect variable get bookshop_batch_size
prefect variable ls
prefect variable inspect bookshop_thresholds
prefect variable unset bookshop_batch_size

set from the CLI takes the value as a string and stores it as JSON where it parses as JSON. The same variables appear in the Prefect UI under Variables, editable in a text box. This is the operational point: an on-call engineer can bump bookshop_batch_size from 500 to 100 during an incident, in the UI, with no deploy and no code change — the next flow run reads the new value the instant it calls Variable.get. That’s the same “config that changes on a different schedule than code” win blocks give you, applied to the small stuff that doesn’t deserve a typed class.

Variables in prefect.yaml

Variables also resolve inside your deployment definition. Anywhere in prefect.yaml you can template a variable with the {{ prefect.variables.<name> }} syntax, and Prefect substitutes its value when the deployment is built or when a run is scheduled:

deployments:
  - name: nightly-load
    entrypoint: flows/load.py:nightly_load
    work_pool:
      name: bookshop-pool
    parameters:
      batch_size: "{{ prefect.variables.bookshop_batch_size }}"
    tags:
      - "{{ prefect.variables.bookshop_env }}"

This is the mirror image of Airflow’s {{ var.value.bookshop_batch_size }} in a templated field — same idea, resolved at the deployment layer rather than in a Jinja-rendered operator argument. It lets one prefect.yaml, checked into git unchanged, produce differently-parameterized deployments depending on what the target environment’s variables hold. Hold that thought; it’s the backbone of the dev-vs-prod setup at the end of this chapter.

Variable, block, or parameter?

Now the record-straightening. You have three places to put a value that isn’t hard-coded, and they are not interchangeable. Choosing wrong is how projects get hard to operate.


	
A parameter is a per-run input. It changes every time you call the flow, or every time a schedule fires with a different argument. batch_size passed to nightly_load(batch_size=500) is a parameter. If the question is “what did this run operate on,” it’s a parameter. Parameters live in the flow signature and the run’s context; they are not stored anywhere between runs.



	
A variable is small, shared, mutable config — the same value across many runs, changed occasionally by a human, holding no secret. Batch sizes, feature flags, a list of publishers to skip, an environment name, a Slack channel to notify. If the question is “what setting is this environment currently using,” it’s a variable. It’s stored on the API, editable in the UI, and read fresh at run time.



	
A block is a typed external resource or a secret — a database connector, an S3 bucket handle, a warehouse credential. It carries a schema and often a live client. If the value is a password, an API key, or a connection to a system, it’s a block, not a variable. Chapter 7 is the full story.





If you’re porting an Airflow project, the sorting is usually quick. Anything you stored as an Airflow Variable — a JSON blob of feature flags, a list of accounts to process, a threshold — moves to a Prefect variable almost verbatim, and the code shrinks because you drop the deserialize_json=True and the string-parsing. Anything you stored as an Airflow Connection — a database DSN, an AWS credential, an HTTP endpoint with auth — moves to a block, gaining a typed schema and often a client. And anything you passed through dag_run.conf or an operator argument that varied per run stays a parameter. The one migration that bites is the Airflow Variable that was quietly holding a secret because someone didn’t want to make a Connection: that does not become a Prefect variable, it becomes a Secret block, because a Prefect variable is as visible as an Airflow Variable was and you don’t want the token in the clear.

The bright line between a variable and a block is secrets and types. Variables are stored in plaintext and shown in the UI in the clear — putting a password in a variable is exactly the mistake of putting a password in an Airflow Variable instead of a Connection. If it’s sensitive, it belongs in a Secret block. And if it needs structure and behavior — “this is a Snowflake connector with an account, a warehouse, and a .get_connection() method” — that’s a block’s typed schema, not a variable’s loose JSON. Variables are for the dumb little knobs; blocks are for the smart configured things. They’re two tools, and the reason the blocks chapter spent a table separating them is that Airflow’s habit of saying “connections and variables” in one breath makes them feel like one. Use variables for the values you’d have reached for an Airflow Variable to hold, and blocks for the ones you’d have reached for a Connection.

Settings: which Prefect are you talking to?

Every prefect command and every running flow needs to know a handful of things before it can do anything: what API to hit, what key to authenticate with, how verbose to log, where to write results. These are settings, and in Prefect 3.x they’re the direct descendant of Airflow’s airflow.cfg plus AIRFLOW__SECTION__KEY environment overrides.

Every setting has a canonical environment-variable name prefixed PREFECT_. The two that matter most are the ones that pick your backend:

PREFECT_API_URL     # the Prefect API this CLI / worker talks to
PREFECT_API_KEY     # the auth key (Prefect Cloud, or a secured self-hosted server)

PREFECT_API_URL is the whole ballgame for “why can’t I see my run.” Point it at http://127.0.0.1:4200/api and you’re talking to a local server you started with prefect server start. Point it at a Prefect Cloud workspace URL and you’re talking to Cloud. A flow submitted against one is completely invisible from the other — there is no shared state, just two different APIs. Most “my deployment disappeared” confusion is a CLI configured for one backend and a worker configured for another.

If you’re coming from Airflow, the mental map is almost mechanical. Airflow’s AIRFLOW__CORE__PARALLELISM becomes Prefect’s PREFECT_…-prefixed name; Airflow’s airflow.cfg sections become Prefect’s prefect.toml tables; Airflow’s per-environment env-var overrides become Prefect’s per-profile settings. The values differ, but the shape — a layered config where environment variables override a file which overrides defaults — is the same layered config you already reason about when you debug an Airflow deployment. A few settings beyond the API URL that come up constantly:

PREFECT_API_URL          # the API to talk to (the big one)
PREFECT_API_KEY          # auth for Cloud or a secured server
PREFECT_LOGGING_LEVEL    # DEBUG when a run is misbehaving
PREFECT_RESULTS_PERSIST_BY_DEFAULT   # persist task results without per-task config
PREFECT_HOME             # where ~/.prefect lives (profiles, local DB)

You inspect and change settings with the prefect config command group:

prefect config view              # show effective settings + where each came from
prefect config set PREFECT_API_URL=http://127.0.0.1:4200/api
prefect config set PREFECT_LOGGING_LEVEL=DEBUG
prefect config unset PREFECT_LOGGING_LEVEL

prefect config view is the command to reach for first when anything behaves unexpectedly. It prints the effective value of every setting and its source — whether it came from an environment variable, the active profile, or a default. It’s airflow config list with provenance attached, and it turns “which config won” from a guess into a fact.

Settings can be supplied from several places, and they resolve in a strict precedence order, highest wins:


	Environment variables — PREFECT_API_URL=… in the process environment. Always wins.

	A .env file in the working directory — the same PREFECT_* names, loaded automatically.

	prefect.toml (or [tool.prefect] in pyproject.toml) in the working directory — project-scoped settings checked into the repo.

	The active profile in ~/.prefect/profiles.toml — your machine’s current default.

	Built-in defaults.



The rule to internalize: environment beats profile beats default. A PREFECT_API_URL exported in a container’s environment overrides whatever profile that machine happens to have active, which is exactly what you want in production — the deployment’s environment is authoritative, and no developer’s leftover prefect profile use can redirect a production worker. Conversely, on your laptop the profile is the convenient default and you rarely set env vars by hand. Both mechanisms exist so the same settings can be chosen interactively during development and pinned explicitly in production.

prefect.toml deserves a word because it’s the newest and most Airflow-like of these. It’s a file you commit to the repo, next to prefect.yaml, holding settings that should travel with the project rather than the machine:

# prefect.toml
[logging]
level = "INFO"

[results]
persist_by_default = true

Mind the table name, because this one is a genuinely nasty near-miss. [logging] level is the setting you just met — the log level of your flows and tasks. There is also a [server] logging_level, and it looks like the obvious place to put it, and it is not: that one sets the log level of the server process itself. Put your INFO in [server] and Settings().logging.level doesn’t move at all — your flows keep logging at whatever they were, and you’ve configured the wrong program.

Anyone who checks out the repo and runs a flow from that directory inherits those settings, no per-machine setup required — the project-scoped analogue to shared airflow.cfg defaults, but scoped to a directory and overridable by environment above it.

Profiles: named bundles of settings

A profile is a named collection of settings stored in ~/.prefect/profiles.toml. One profile is active at a time, and switching profiles swaps every setting in it at once. This is the piece Airflow has no clean equivalent for — Airflow assumes one configured environment per machine; Prefect assumes you’ll routinely juggle several.

prefect profile ls               # list profiles, mark the active one
prefect profile create local     # make a new empty profile
prefect profile use local        # switch the active profile
prefect profile inspect local    # dump this profile's settings

The file itself is readable and hand-editable:

# ~/.prefect/profiles.toml
active = "local"

[profiles.local]
PREFECT_API_URL = "http://127.0.0.1:4200/api"

[profiles.staging]
PREFECT_API_URL = "https://api.prefect.cloud/api/accounts/<acct>/workspaces/<staging-ws>"
PREFECT_API_KEY = "pnu_staging_…"

[profiles.prod]
PREFECT_API_URL = "https://api.prefect.cloud/api/accounts/<acct>/workspaces/<prod-ws>"
PREFECT_API_KEY = "pnu_prod_…"

prefect config set writes into the active profile, so the CLI and the file are two views of the same thing. And when you run prefect cloud login, Prefect fills in PREFECT_API_URL and PREFECT_API_KEY for your chosen Cloud workspace into the active profile for you — the guided path in and out of Cloud without editing TOML by hand.

In practice you end up with a profile per backend, because Prefect assumes three of them and the profile is how you keep them straight:


	A local server you start yourself with prefect server start — an ephemeral SQLite-backed API at http://127.0.0.1:4200/api, perfect for iterating on a laptop with no network dependency.

	A self-hosted server your team runs — the same open-source Prefect server, but on shared infrastructure with a real database, reached over the network and (ideally) behind auth, so PREFECT_API_KEY comes into play alongside the URL.

	Prefect Cloud workspaces — the hosted control plane, each workspace a distinct PREFECT_API_URL under api.prefect.cloud, always keyed.



A profile bundles the URL (and key, where needed) for each, so switching among all three is a one-liner:

prefect profile use local        # ephemeral local server
prefect profile use team          # shared self-hosted server
prefect profile use prod          # Prefect Cloud prod workspace

Every prefect deploy, prefect run, prefect variable, and prefect block you type afterward targets whatever the active profile points at. This is why prefect config view earns its keep: it always shows you which profile is active and therefore which backend you’re about to affect. The failure mode profiles exist to prevent is the subtle one — creating a variable or a block against local, then wondering why the Cloud worker can’t find it. It can’t find it because it was never there; you wrote it to a different API. Profiles don’t make that impossible, but they make the active backend a thing you name out loud rather than a thing you forget.

A worked dev-vs-prod setup

Let’s assemble the pieces into the setup a real bookshop project would run, where the same flow code reads a different batch size in development than in production, and where that difference lives in the environment, not in the code.

The flow reads its knob from a variable, with a safe default:

# flows/load.py
from prefect import flow, get_run_logger
from prefect.variables import Variable

@flow
def nightly_load():
    logger = get_run_logger()
    env = Variable.get("bookshop_env", default="dev")
    batch_size = Variable.get("bookshop_batch_size", default=100)
    logger.info(f"running in {env} with batch_size={batch_size}")
    # ... extract, transform, load in batches of batch_size ...

Nothing in this file knows or cares which environment it’s in. It asks the API for bookshop_env and bookshop_batch_size at run time and adapts. That’s the goal: one artifact, environment-dependent behavior, resolved at run time.

Now the two environments. On the laptop, a dev profile pointing at a local server, with small, cheap variable values:

prefect profile create dev
prefect profile use dev
prefect config set PREFECT_API_URL=http://127.0.0.1:4200/api

# seed dev's variables against the dev backend
prefect variable set bookshop_env dev
prefect variable set bookshop_batch_size 50

And the prod profile pointing at Cloud, with production-scale values seeded against the Cloud API:

prefect profile create prod
prefect profile use prod
prefect cloud login                 # fills in PREFECT_API_URL + PREFECT_API_KEY

# seed prod's variables against the Cloud backend
prefect variable set bookshop_env prod
prefect variable set bookshop_batch_size 2000

The crucial and easily-missed detail: variables live in the backend, so bookshop_batch_size is genuinely two different values in two different APIs. When the dev profile is active you’re reading and writing the local server’s copy (50); when prod is active you’re reading Cloud’s copy (2000). The variable name is shared; the value is per-backend. There’s no if env == "prod" branch anywhere in the flow — the branch is data, stored where the run happens.

Production doesn’t rely on anyone having run prefect profile use prod, though. The worker that actually executes runs is configured by environment, because environment beats profile:

# in the prod worker's container / systemd unit / k8s manifest
export PREFECT_API_URL="https://api.prefect.cloud/api/accounts/<acct>/workspaces/<prod-ws>"
export PREFECT_API_KEY="pnu_prod_…"
prefect worker start --pool bookshop-pool

Those exported PREFECT_* values override any profile on the box, so the worker is nailed to the prod workspace no matter what. The profile is the human’s convenient default; the environment variable is the machine’s pinned truth. Same settings system, two mechanisms, chosen deliberately per context.

Finally, prefect.yaml ties parameters to variables so even the deployment’s inputs follow the environment:

deployments:
  - name: nightly-load
    entrypoint: flows/load.py:nightly_load
    work_pool:
      name: bookshop-pool
    parameters:
      batch_size: "{{ prefect.variables.bookshop_batch_size }}"

Deploy this against the dev backend and the scheduled runs carry batch_size=50; deploy the identical file against Cloud and they carry 2000. When something looks wrong in either place, the first command is always the same:

prefect config view          # which profile? which API? where did each setting come from?

If the answer is “the wrong workspace,” you’ve found your bug before reading a single line of flow code.

Final thoughts

The clean version of the rule, now that variables and blocks are properly separated:


	Parameters are per-run inputs — they live in the flow signature and change every run.

	Variables are small, shared, mutable, non-secret config — plain JSON knobs on the API, editable in the UI, read fresh at run time. This is the true Airflow-Variable analogue — the other half of the block-versus-variable line the blocks chapter drew.

	Blocks are typed external resources and secrets — schemas and clients and credentials, never plaintext knobs.

	Settings and profiles choose the control plane — which Prefect API, which key, which defaults — with environment beating profile beating default, so humans get convenient switching and machines get pinned truth.



Airflow taught you to keep config out of code; Prefect keeps the same discipline but hands you sharper instruments for it, and the whole system only stays legible if you use each one for the job it’s shaped for. Put a secret in a variable and you’ve leaked it; scatter if env == "prod" through your flows and you’ve hard-coded the thing that was supposed to be data; let a worker inherit whichever profile a developer last touched and you’ve made production non-deterministic. Get the four boxes right and an on-call engineer can retune a live pipeline from a text box, and a new hire can point their laptop at the local server, run the exact production flow, and never once edit its code.





Pause, Resume, and Human-in-the-Loop Flows

Sooner or later a pipeline needs a person in the middle. Someone has to approve a backfill that will rewrite six months of a table. Someone has to eyeball a reconciliation report before it goes to finance. Someone has to choose which of two remediation paths the job takes after it finds a data-quality break. The work isn’t fully automatable — not because the code can’t do it, but because a human is meant to make the call, and the pipeline should stop and ask.

Airflow has no first-class answer to this. What it has is a set of workarounds you bolt together: a PythonSensor that polls an external flag, an Airflow Variable a human flips through the UI, a task that blocks on a Slack webhook, or the honest-but-grim airflow tasks run ... --mark-success executed by hand. Every one of these lives outside the DAG’s own state model. The approval isn’t a flow state; it’s a side effect you invented, stored somewhere Airflow doesn’t know about, and the DAG’s record of “we waited for Priya to say yes” is, at best, a log line. This is the category of feature where the honest thing to say is: Prefect does something Airflow simply doesn’t. Waiting for a human is a state a flow run can be in, and resuming it is a first-class transition with the input the human provided attached to the run forever.

The Airflow version, and why it grates

Picture the approval gate concretely in Airflow. You want a DAG that computes how many rows a cleanup will delete, stops, waits for a human to approve, then deletes. The least-bad implementation is roughly:

# The Airflow shape — a sensor polling external state
from airflow.sdk import DAG, task
from airflow.providers.standard.sensors.python import PythonSensor
from airflow.models import Variable

@task
def count_doomed_rows() -> int:
    ...  # returns, say, 42_000

def approval_granted() -> bool:
    return Variable.get("prune_approved", default_var="false") == "true"

with DAG("prune_orders", schedule=None, catchup=False) as dag:
    count = count_doomed_rows()
    wait = PythonSensor(
        task_id="await_approval",
        python_callable=approval_granted,
        mode="reschedule",
        poke_interval=300,
        timeout=60 * 60 * 24,
    )
    # ... a delete task downstream, gated on `wait`
    count >> wait

Look at what you had to invent. The approval lives in a Variable — global mutable state with no connection to this run, so if two runs are waiting, one human flip approves both. The human doesn’t see the row count the sensor is guarding; the “42,000” is in a log somewhere and the approver approves blind. There’s no record of who approved or why attached to the run — the audit trail is “the variable was true when we poked.” And the reschedule-mode sensor still occupies a slot in the scheduler’s bookkeeping the whole time. You can make this work. You cannot make it clean, because Airflow’s state machine has no state that means “paused, waiting on a person, here is the schema of what I need from them.”

That sentence is exactly the Prefect feature.

pause_flow_run versus suspend_flow_run

Prefect gives you two ways to stop a flow mid-run and wait, and the difference between them is the whole design decision — get it wrong and you either burn infrastructure for a day or silently re-run work you didn’t mean to.

pause_flow_run freezes the flow in place. The Python process stays alive, holding every local variable in memory, and blocks on a poll loop waiting to be resumed. The flow run enters a Paused state; the worker (or the python my_flow.py process) is still there, still yours, still costing you whatever a running process costs.

from prefect import flow, task
from prefect.flow_runs import pause_flow_run

@flow(log_prints=True)
def nightly_report():
    report = build_report()          # local variable, held in memory
    pause_flow_run(timeout=600)      # process blocks here, up to 10 minutes
    publish(report)                  # `report` is still right here on resume

suspend_flow_run is the stronger move. It doesn’t block — it exits. The flow run enters a Suspended state, the engine returns control, and the infrastructure running it can be torn down entirely: the worker is freed, the container stops, the Kubernetes job completes, you stop paying for idle compute. When someone resumes the run later, Prefect reschedules it from the beginning — a fresh process picks it up and re-executes the flow function from the top.

from prefect import flow
from prefect.flow_runs import suspend_flow_run

@flow(log_prints=True)
def nightly_report():
    report = build_report()          # runs now...
    suspend_flow_run(timeout=86400)  # process EXITS; infra torn down
    publish(report)                  # ...and build_report() runs AGAIN on resume

Read those two comments on the last line carefully, because that is the trap. With pause, the process never died, so report is the same object you built a moment ago. With suspend, resuming re-runs the flow from the start — build_report() executes again, and if it isn’t deterministic (or its results aren’t cached), the thing you publish after approval is not the thing that was computed before the wait. Suspension trades “hold the process” for “hold nothing,” and the price is that your flow has to survive being re-run from the top.

The way you pay that price is the caching you already met earlier in this book: mark the expensive, pre-suspension tasks so their results persist and get reused instead of recomputed.

from datetime import timedelta
from prefect import flow, task
from prefect.flow_runs import suspend_flow_run

@task(persist_result=True, cache_expiration=timedelta(days=2))
def build_report():
    ...  # heavy; on resume this returns the cached result, doesn't recompute

@flow
def nightly_report():
    report = build_report()          # first run: computes. resume: cache hit.
    suspend_flow_run(timeout=86400)
    publish(report)                  # same report both times, cheaply

So the rule of thumb writes itself. A brief gate — seconds to a few minutes, a human who’s already watching — use pause. The process is cheap to hold and you get consistency for free. A long wait — an approval that might sit until tomorrow morning — use suspend, free the infrastructure, and make sure the pre-suspension tasks are cached so the resume is consistent and cheap. Pausing a flow for eighteen hours means eighteen hours of paid idle worker; suspending it means zero, at the cost of one line of persist_result=True.

Resuming, and the timeout that bites

A stopped flow comes back three ways. In the UI, a Paused or Suspended run shows a Resume button (and, if it’s waiting on input, the form to fill — more on that next). From the CLI, prefect flow-run resume <flow-run-id>. And programmatically, from another flow, a script, or an automation:

from prefect.flow_runs import resume_flow_run

resume_flow_run("6f2c…")  # by flow run id

That last form is how you wire approvals to anything: a Slack slash-command handler, an internal admin page, a webhook — whatever your reviewers already use — calls resume_flow_run and the run comes back to life.

Now the edge that catches everyone: both functions take a timeout, and blowing past it fails the run — but their defaults are not the same, and neither is what you’d guess. suspend_flow_run defaults to timeout=None, which means no timeout at all: a suspended flow waits indefinitely, which is usually what you want from a human approval and is worth knowing before you go adding one “just in case.” pause_flow_run defaults to 3600 seconds — one hour — after which the run transitions to Failed, not back to running. (Older Prefect 2 material puts this default at five minutes; it isn’t, and hasn’t been for a while. Check it rather than trusting a tutorial, yours truly included.) An hour is generous for a machine and short for a human being who might be at lunch, so if your approver is a person, set the timeout to the real human timescale you expect rather than inheriting one:

pause_flow_run(timeout=1800)            # 30 minutes for a watching operator
suspend_flow_run(timeout=60 * 60 * 24)  # 24 hours for an async approval

Treat the timeout as a deadline for the human, not a formality. It’s the answer to “how long should this wait before we give up and call it abandoned?”

There’s one more prerequisite that trips people up and follows straight from how suspension works. Because suspend_flow_run exits the process, resuming means a new process has to pick the run up — and something has to schedule that new process. That something is a worker pulling from a work pool, which means a suspended run can only resume if the flow runs as part of a deployment. Suspend an interactive python prune.py run started from your terminal and there’s nothing left to reschedule it onto; the infrastructure is gone and no worker owns the run. pause_flow_run has no such requirement — the process is still alive, so even an ad-hoc local run can pause and resume. The practical reading: pause works anywhere, including at your desk; suspend is a production tool that assumes deployments and workers, which is exactly the setting where its “free the infrastructure” payoff matters.

Resuming can also carry data back in. When a run is waiting on input, the UI form is the usual path, but you can resume programmatically and supply the answers as a dict, which is how you drive approvals from Slack, an internal page, or an automation:

from prefect.flow_runs import resume_flow_run

resume_flow_run(
    "6f2c…",
    run_input={"approved": True, "reason": "Confirmed with data-gov, 2026-06-24"},
)

The dict is validated against the same RunInput model the flow declared, so a bad payload is rejected here just as it would be in the form — the schema is enforced no matter which door the answer comes through.

Typed human input with wait_for_input

Stopping is half of it. The better half is that when Prefect stops to ask a person a question, it can ask a structured question and get back validated, typed data — not a boolean flag scraped from a Variable, but a real object your code can branch on.

You describe what you need from the human as a RunInput, which is a Pydantic v2 model (subclassing RunInput instead of BaseModel), and hand it to pause_flow_run or suspend_flow_run through the wait_for_input argument. Prefect turns the model’s fields into a form in the UI, validates the human’s answers against the model, and returns you a populated instance.

from prefect import flow
from prefect.flow_runs import pause_flow_run
from prefect.input import RunInput

class Approval(RunInput):
    approved: bool
    reason: str = ""

@flow
async def gated_flow():
    decision = await pause_flow_run(wait_for_input=Approval)
    if decision.approved:
        ...

Two things to notice. First, the pause/suspend call returns the filled-in Approval instance — the value comes back to you where you asked for it, rather than landing in some side channel you then have to read. (You’ll see this written both ways in the wild. pause_flow_run is sync-compatible: call it from an ordinary def flow and it just blocks; await it from an async def flow and it dispatches to the async implementation. Async is a choice here, not a requirement — pick whichever your flow already is.) Second, that instance is typed: decision.approved is a real bool, validated by Pydantic before it ever reaches your code. If the reviewer somehow submits a non-boolean, the form rejects it; your flow only ever sees data that satisfies the schema. This is the thing the Airflow Variable can never give you — the input is shaped, validated, and bound to this run.

Defaults and the description make the form usable. RunInput subclasses get a with_initial_data helper that pre-fills fields and, importantly, sets the markdown blurb shown above the form — your chance to tell the approver what they’re approving:

decision = await pause_flow_run(
    wait_for_input=Approval.with_initial_data(
        description=f"About to delete **{doomed:,}** rows. Approve?",
        approved=False,   # form pre-checks to "no" — safe default
    ),
    timeout=1800,
)

Validation is just Pydantic, which means you can enforce policy in the model itself. Want to require a reason whenever someone rejects? A model validator makes the form refuse an empty rejection:

from pydantic import model_validator
from prefect.input import RunInput

class Approval(RunInput):
    approved: bool
    reason: str = ""

    @model_validator(mode="after")
    def reason_required_on_reject(self):
        if not self.approved and not self.reason.strip():
            raise ValueError("A reason is required when rejecting.")
        return self

The reviewer who unchecks “approved” and submits a blank reason gets a validation error in the form, not a broken flow. The rule lives with the data, once, instead of being re-checked in every flow that uses the gate.

A worked approval gate

Here is the whole pattern end to end — the ETL that stops for a human before a destructive delete, done properly. Because the wait might be long, it suspends (frees the worker); because suspension re-runs the flow from the top, the count is cached so the number the approver saw is the number that gets deleted.

from datetime import timedelta
from prefect import flow, task
from prefect.flow_runs import suspend_flow_run
from prefect.input import RunInput
from pydantic import model_validator


class DeleteApproval(RunInput):
    approved: bool
    reason: str = ""

    @model_validator(mode="after")
    def reason_required_on_reject(self):
        if not self.approved and not self.reason.strip():
            raise ValueError("A reason is required when rejecting.")
        return self


@task(persist_result=True, cache_expiration=timedelta(days=1))
def count_stale_orders(threshold_days: int) -> int:
    # Cached: on resume this returns the same count it computed pre-suspend,
    # so the approver's "42,000" is exactly what we delete.
    return _count_older_than(threshold_days)


@task
def delete_stale_orders(threshold_days: int) -> int:
    return _delete_older_than(threshold_days)


@flow(log_prints=True)
async def prune_stale_orders(threshold_days: int = 90, auto_below: int = 10_000):
    doomed = count_stale_orders(threshold_days)
    print(f"{doomed:,} orders older than {threshold_days} days")

    # Small deletes go through unattended; only big ones need a human.
    if doomed >= auto_below:
        decision = await suspend_flow_run(
            wait_for_input=DeleteApproval.with_initial_data(
                description=(
                    f"This will permanently delete **{doomed:,}** orders "
                    f"older than {threshold_days} days. Approve?"
                ),
                approved=False,
            ),
            timeout=60 * 60 * 24,  # a human has 24 hours to answer
        )
        if not decision.approved:
            print(f"Delete rejected: {decision.reason}")
            return {"deleted": 0, "rejected_reason": decision.reason}

    deleted = delete_stale_orders(threshold_days)
    print(f"Deleted {deleted:,} orders")
    return {"deleted": deleted}

Walk the run. The flow computes the count and prints it. If the count is under the threshold, no human is involved — routine cleanups don’t page anyone. If it’s over, the flow suspends: the process exits, the worker is freed, and the run sits in Suspended state showing an approval form seeded with the exact row count. A reviewer opens the run in the UI (or gets a Slack link from an automation on the Suspended state — the state-hooks chapter covers wiring that), reads “permanently delete 42,000 orders,” and either approves or rejects with a reason. On approve, Prefect reschedules the run; count_stale_orders is a cache hit so no recompute and no drift; the delete proceeds against the same number the human saw. On reject, the flow returns cleanly with the reason recorded. Either way the decision — who, when, approved or not, and why — is attached to this flow run in Prefect’s own state store, which is the audit trail the Airflow version never had.

Compare this to the sensor-and-Variable contraption from the top. Same outcome, but the approval is scoped to the run, the approver sees what they’re approving, the rejection reason is captured and validated, and no worker sits poking a flag for a day.

Beyond yes/no: choosing a path

Approval is the common case, but the input model is a full Pydantic model, so the human can hand back anything you can type — including a choice. When a data-quality check breaks, you might want an operator to pick the remediation rather than fail the run outright. Model the choice with an Enum (or a Literal), and Prefect renders it as a dropdown instead of a free-text box:

from enum import Enum
from prefect import flow, task
from prefect.flow_runs import suspend_flow_run
from prefect.input import RunInput


class Remediation(str, Enum):
    quarantine = "quarantine"   # move bad rows aside, keep loading the rest
    halt = "halt"               # stop the load, page the on-call
    ignore = "ignore"           # accept the rows as-is, log it


class QualityDecision(RunInput):
    action: Remediation = Remediation.halt   # safe default: stop
    note: str = ""


@flow(log_prints=True)
async def load_with_gate():
    bad = check_quality()                    # a task that counts violations
    if bad == 0:
        return finish_load()

    decision = await suspend_flow_run(
        wait_for_input=QualityDecision.with_initial_data(
            description=f"Found **{bad:,}** quality violations. How should we proceed?",
        ),
        timeout=60 * 60 * 4,
    )

    if decision.action is Remediation.halt:
        raise RuntimeError(f"Load halted by operator: {decision.note}")
    if decision.action is Remediation.quarantine:
        quarantine_bad_rows()
    return finish_load()                      # runs for quarantine and ignore

The operator gets a dropdown of exactly the three legal actions — they can’t fat-finger a typo into a policy decision — and the flow branches on a typed enum, not a parsed string. This is the general shape: the human’s judgment becomes structured data, the set of valid answers is enforced by the schema, and the branch reads like ordinary Python because that’s all it is.

Streaming input, briefly

wait_for_input is a single question with a single answer. Prefect also supports a conversation — a flow that receives inputs over time while it keeps running — through receive_input and send_input. This is the machinery behind interactive, long-lived flows (think a flow backing a chatbot, or a supervisor flow taking a stream of commands), and it’s more than most pipelines need, so treat this as a pointer rather than a deep dive.

A receiving flow loops over inputs as they arrive:

from prefect import flow
from prefect.input import receive_input

@flow
async def responder():
    async for name in receive_input(str, timeout=None, poll_interval=1):
        print(f"Hello, {name}!")

And any other flow (or process holding the run id) sends into it:

from prefect.input import send_input

await send_input("Ada", flow_run_id=responder_run_id)

receive_input yields each input as it lands — you can type it as a primitive like str or as a RunInput model for structured messages — and send_input pushes one in by flow-run id. The mental model: wait_for_input is a form the flow stops to fill once; receive_input/send_input is a mailbox the flow reads from while it runs. Reach for the mailbox only when you genuinely have an ongoing exchange; for approvals, gates, and choose-a-path prompts, the single wait_for_input is the right tool and the simpler one.

When not to reach for this

Human-in-the-loop is a power tool, and the failure mode is over-using it. A gate is only as reliable as the human behind it, and a human is the slowest, least available component in any pipeline. Put a pause_flow_run in a job that runs every fifteen minutes and you’ve built a system that fails every time nobody’s watching — which, at 3 a.m., is always. The timeout will fire, the run will fail, and you’ll have manufactured an outage out of a step that should have been automated.

So keep the gates where they earn their keep: high-stakes, low-frequency, genuinely-needs-judgment operations — the destructive delete, the six-month backfill, the report that carries legal weight, the remediation path a machine shouldn’t pick alone. For anything routine, encode the decision as a rule and let the flow make it — the auto_below threshold in the worked example is exactly this, letting small deletes through untouched so a person is only ever asked about the ones that matter. If you find yourself reaching for a human gate on a daily pipeline, the real fix is usually a better automated check, not a person clicking Approve at dawn.

Final thoughts

The reason Airflow never grew a clean version of this is that its state machine was built around a graph the scheduler parses ahead of time, and “waiting on a person” isn’t a shape you can draw at parse time — it’s a thing that happens, unpredictably, mid-run. So Airflow engineers approximate it from the outside with sensors and shared variables, and the approval ends up living everywhere except in the run’s own record. Prefect discovers the graph as the code runs, which means “stop here and ask a human” is just another thing the code can do, and Prefect made it a real state with real, typed, validated input bound to the run. The two knobs to keep straight are the ones this chapter turns on: pause when the process is cheap to hold and you want the in-memory value, suspend when the wait is long and you’ll cache your way to a consistent resume — and a timeout that reflects how long a human actually gets. Use it sparingly, on the operations that deserve a person’s judgment, and the audit question — who approved, what they saw, what they said, what happened next — finally has an answer that lives inside the flow instead of beside it.





Artifacts and Logging

Airflow gives you two observability surfaces: the task log, and whatever you bolt on around it. Prefect gives you three: run-scoped logs, states (covered earlier), and artifacts — a first-class, published, versioned output attached to a run. Artifacts have no Airflow equivalent, and once you have them you stop misusing logs for things logs were never good at.

This chapter is about the two you reach for constantly: artifacts and logging. Both flow to the API and show up in the UI, both are keyed to the run that produced them, and both are cheap to add. The difference is what they are for. A log line is a timestamped event in a stream you scroll. An artifact is a rendered, durable, addressable piece of output you link to.

Why artifacts exist

In Airflow, when a task wants to surface a result — a row-count summary, a data-quality report, a link to the file it wrote — you have bad options. You log it (and it scrolls away). You push it to XCom (and it is invisible unless someone opens the XCom tab and reads raw JSON). You write a custom Slack notifier. None of these produce something a teammate can look at three days later without replaying the run in their head.

Prefect artifacts are the fix. An artifact is a piece of output you explicitly publish from inside a flow or task run. It renders in the UI, it is attached to the run, and — crucially — it can be keyed, giving you a versioned history of that output across every run that emitted it. There are four types:


	create_markdown_artifact — a rendered Markdown document (reports, summaries, tables you hand-format).

	create_table_artifact — a structured table from a list of dicts or a dict of columns.

	create_link_artifact — a hyperlink to something the run produced (an S3 object, a dashboard, a report URL).

	create_progress_artifact / update_progress_artifact — a live progress bar for a long-running loop.



All of them are imported from prefect.artifacts and called from within run context.

A Markdown run-report

The most common artifact is a formatted summary at the end of a flow. Instead of logging twelve lines that a human has to reassemble, you publish one rendered document.

from prefect import flow, task
from prefect.artifacts import create_markdown_artifact


@task
def load_orders() -> dict:
    # ... real work ...
    return {"ingested": 1_284, "rejected": 17, "source": "orders_api"}


@flow
def daily_ingest():
    stats = load_orders()

    report = f"""# Daily Ingest Report

**Source:** `{stats['source']}`

| Metric        | Value |
|---------------|------:|
| Rows ingested | {stats['ingested']:,} |
| Rows rejected | {stats['rejected']:,} |
| Reject rate   | {stats['rejected'] / stats['ingested']:.2%} |

Rejected rows were written to the quarantine table for review.
"""

    create_markdown_artifact(
        key="daily-ingest-report",
        markdown=report,
        description="Row counts and reject rate for the daily ingest.",
    )

The markdown argument is rendered as-is in the UI. The description is metadata shown alongside it. And key is the interesting part, which we come back to below.

Reach for a Markdown artifact when the output is meant to be read by a person — a summary, a data-quality writeup, a “here is what this run did” report. Do not reach for it to trace execution step by step; that is what logs are for.

A table of row counts

When your output is genuinely tabular, create_table_artifact renders it as a sortable table rather than making you hand-build Markdown pipes. It accepts either a list of row dicts or a dict of columns.

from prefect import flow
from prefect.artifacts import create_table_artifact


@flow
def validate_tables():
    row_counts = [
        {"table": "stg_orders",    "rows": 1_284, "expected": ">1000", "ok": True},
        {"table": "stg_customers", "rows": 402,   "expected": ">300",  "ok": True},
        {"table": "stg_returns",   "rows": 0,     "expected": ">0",    "ok": False},
    ]

    create_table_artifact(
        key="table-row-counts",
        table=row_counts,
        description="Post-load row counts per staging table.",
    )

Each dict is a row; the union of keys becomes the columns. This is the artifact to publish when you have per-entity metrics — one row per table, per partition, per source file — and you want them scannable rather than buried in prose.

A link to the output file

A task that writes a file has produced something outside Prefect. The run should point at it. create_link_artifact turns that into a clickable link in the UI, so nobody has to reconstruct the S3 path from a log line.

from prefect import flow, task
from prefect.artifacts import create_link_artifact


@task
def export_report(rows: list[dict]) -> str:
    key = "reports/2026-06-29/orders.parquet"
    # ... write to s3://analytics-exports/<key> ...
    return f"s3://analytics-exports/{key}"


@flow
def nightly_export():
    uri = export_report(rows=[...])

    create_link_artifact(
        key="nightly-export-file",
        link=uri,
        link_text="orders.parquet (S3)",
        description="The Parquet file produced by tonight's export.",
    )

link is the URL; link_text is the label shown. This is the artifact that closes the loop between “the pipeline ran” and “here is the thing it made.” An Airflow user would have logged the URI and hoped someone copied it correctly.

A progress bar for a long loop

The one artifact with genuinely different behavior is progress. create_progress_artifact returns an id; update_progress_artifact moves the bar. Unlike the others, it is meant to be updated during the run, not published once at the end.

from prefect import flow
from prefect.artifacts import (
    create_progress_artifact,
    update_progress_artifact,
)


@flow
def backfill(partitions: list[str]):
    progress_id = create_progress_artifact(
        progress=0.0,
        key="backfill-progress",
        description="Reprocessing historical partitions.",
    )

    total = len(partitions)
    for i, partition in enumerate(partitions, start=1):
        process_partition(partition)  # your work
        update_progress_artifact(
            artifact_id=progress_id,
            progress=(i / total) * 100,
        )

progress is a percentage from 0 to 100. While the flow runs, the UI shows a live bar instead of a wall of “processed partition 47/312” log lines. For a long backfill or a big fan-out, this is the difference between a run you can glance at and a run you have to read. Use it whenever “how far along is it?” is a question someone will actually ask.

Keyed artifacts and the versioned timeline

Here is the feature that makes artifacts more than pretty logs. When you pass a key, Prefect treats every artifact with that key as a version of the same logical output. The UI gives you a dedicated page for the key with a timeline of every version across every run that emitted it.

That means key="daily-ingest-report" is not just this run’s report — it is the daily ingest report, with today’s version on top and every prior day beneath it. You can watch the reject rate drift over a week without opening seven separate runs. Keys must be lowercase, hyphen-or-numeric slugs (no spaces, no uppercase), which is the small tax for that history.

Unkeyed artifacts still render, but only on the run that produced them — no cross-run timeline. So the rule is simple: if the output is a recurring thing you will want to compare over time (a report, a metrics table, a validation summary), key it. If it is a genuinely one-off note tied to a single run, you can skip the key.

A data-quality report that builds its own history

The keyed-timeline behavior turns an ordinary validation task into something you cannot easily build in Airflow: a report that accumulates its own history with zero extra infrastructure. Emit a keyed table artifact from a check that runs every day, and after a week you have a page — one URL, key="dq-orders" — where each version sits above the last. No metrics database, no Grafana panel, no separate dq_history table to maintain. The same call that publishes today’s numbers is the thing that archives yesterday’s.

from prefect import flow, task
from prefect.logging import get_run_logger
from prefect.artifacts import create_table_artifact


@task
def run_checks(rows: list[dict]) -> list[dict]:
    logger = get_run_logger()
    total = len(rows)
    nulls = sum(1 for r in rows if r.get("customer_id") is None)
    dupes = total - len({r["order_id"] for r in rows})
    negatives = sum(1 for r in rows if r.get("amount", 0) < 0)

    results = [
        {"check": "null customer_id", "failed": nulls,     "of": total, "ok": nulls == 0},
        {"check": "duplicate order_id", "failed": dupes,    "of": total, "ok": dupes == 0},
        {"check": "negative amount",    "failed": negatives, "of": total, "ok": negatives == 0},
    ]
    for r in results:
        if not r["ok"]:
            logger.warning("DQ fail: %s — %d/%d rows", r["check"], r["failed"], r["of"])
    return results


@flow
def data_quality(source: str = "orders"):
    rows = load_rows(source)          # your extract
    results = run_checks(rows)

    create_table_artifact(
        key=f"dq-{source}",
        table=results,
        description=f"Data-quality checks for {source}, run {source} nightly.",
    )

Because the key is derived from the source, dq-orders and dq-customers each get their own independent timeline. Open dq-orders a month later and you can watch the duplicate count creep up the day a producer’s dedupe logic broke, without opening thirty runs to find the one where it started. The artifact is the trend line — the run that emitted the newest version is one click away, but the history reads on its own.

Note what the logs are still doing here: the logger.warning per failing check is the event trace (“this specific run saw 12 duplicates”), while the keyed table is the durable, comparable result. Same run, two surfaces, each doing the job it is good at.

Artifact or log? The dividing line

Both go to the API, so the question is what the reader will do with it.

Emit an artifact when the output is a result — something a person is meant to look at, compare, or click: a summary report, a table of metrics, a link to a file, a progress indicator on long work. Artifacts are for the handful of things per run that matter after the run is over.

Write a log when the output is an event in the execution trace — “starting extract,” “retrying connection,” “loaded 1,284 rows.” Logs are for the running narrative you consult when something went wrong. There can be hundreds of them and that is fine; you scroll, filter, and search.

The failure mode from the Airflow world is using logs for both, so the one number anyone cares about is buried in line 340 of a log nobody reads until an incident. Artifacts pull that number to the surface.

Logging: get_run_logger over plain logging

Prefect ships a run-aware logger. Inside a flow or task, call get_run_logger() and use it exactly like a standard library logger — .info(), .warning(), .error(), .debug(), .critical(). What you get for free is that every line is tagged with the flow run, task run, and their names, sent to the Prefect API, and rendered in the UI against the correct run.

from prefect import flow, task
from prefect.logging import get_run_logger


@task
def extract(source: str) -> list[dict]:
    logger = get_run_logger()
    logger.info("Extracting from %s", source)
    rows = fetch(source)
    logger.info("Fetched %d rows", len(rows))
    if not rows:
        logger.warning("Source %s returned no rows", source)
    return rows


@flow
def etl(source: str = "orders_api"):
    logger = get_run_logger()
    logger.info("Starting ETL for %s", source)
    rows = extract(source)
    logger.info("ETL complete: %d rows", len(rows))

get_run_logger() must be called inside run context — within a flow or task while it is executing. Call it at import time or in plain helper code and it raises, because there is no run to attach to.

The contrast is a plain logging.getLogger(__name__). That still writes to your console, but Prefect does not capture it, so it never reaches the API or the UI — the line exists locally and nowhere the platform can see it. For anything you want visible against the run, use the run logger.

Log levels and PREFECT_LOGGING_LEVEL

The levels are the standard DEBUG < INFO < WARNING < ERROR < CRITICAL. The threshold is a setting, not something you hard-code: PREFECT_LOGGING_LEVEL controls the root level Prefect emits, defaulting to INFO. Drop it to DEBUG when you are chasing something:

export PREFECT_LOGGING_LEVEL="DEBUG"

The broader PREFECT_LOGGING_* family tunes the rest — most usefully PREFECT_LOGGING_LEVEL for the floor and the per-logger settings loaded from Prefect’s logging config. You can point PREFECT_LOGGING_SETTINGS_PATH at your own YAML if you need to reshape formatters or handlers, but for the common case the level env var is all you touch. Because it is a setting, it obeys the same profile precedence as everything else in Prefect — set it per profile, per deployment environment, or per shell.

log_prints: capture stray print statements

Not every useful line comes from a logger. Third-party code, quick scripts, and half the internet’s example snippets just print(). Prefect can capture those and route them through the run logger as INFO logs, so they land in the UI like everything else. Turn it on with log_prints=True:

from prefect import flow, task


@task
def crunch(n: int):
    print(f"crunching {n} items")  # captured as an INFO log


@flow(log_prints=True)
def pipeline():
    crunch(100)

The scoping rule matters and mirrors how Prefect handles most configuration: log_prints set on a flow is inherited by its tasks, unless a task overrides it. So @flow(log_prints=True) captures prints in the flow and in every task it calls — but a @task(log_prints=False) inside that flow opts back out, and vice versa. Set it broadly at the flow level and override the exceptions.

log_prints is a convenience, not a substitute for real logging. It captures at INFO with no level control and no structure. Use it to catch output from code you do not own; use get_run_logger() for output you write yourself.

Capturing a noisy third-party logger

By default Prefect only ships its own loggers to the API. A library that logs through its own logger — httpx, boto3, sqlalchemy — writes to your console but not to the run. When you need that library’s output attached to the run (debugging a flaky API call, say), add its logger name to PREFECT_LOGGING_EXTRA_LOGGERS:

export PREFECT_LOGGING_EXTRA_LOGGERS="httpx,sqlalchemy.engine"

It is a comma-separated list of logger names. Once listed, those loggers are captured and their records flow to the API alongside your run logs, at whatever level they emit. This is the escape hatch for “the failure is inside a library and I need to see what it saw.” Leave it off in normal operation — a chatty client logger at DEBUG will flood your run logs — and switch it on when you are actually debugging.

How run logs reach the UI

The mechanics are worth understanding so you know what you are paying for. When you log through the run logger (or via captured prints / extra loggers), Prefect batches those records and sends them to the API, which stores them against the flow run and task run. The UI reads them back, which is why you can open a run and read its logs without SSHing anywhere — the log lives in the API, not on the worker’s disk.

You can turn API shipping off with PREFECT_LOGGING_TO_API_ENABLED=false, in which case logs stay local (console only) and the UI shows nothing for that run. That is occasionally what you want for a noisy local dev loop, but in any real deployment you leave it on — the whole point is that logs outlive the ephemeral worker that produced them.

Logging an exception

When a task fails, the state carries the traceback — but often you want the failing context logged before you re-raise or swallow, with the stack trace attached to the run log rather than only the state. logger.exception does exactly that: it logs at ERROR and appends the current traceback, and it is only valid inside an except block.

from prefect import task
from prefect.logging import get_run_logger


@task
def call_pricing_api(order_id: str) -> dict:
    logger = get_run_logger()
    try:
        return pricing_client.get(order_id)
    except TimeoutError:
        # ERROR-level log with the full traceback attached to the run
        logger.exception("Pricing API timed out for order %s", order_id)
        raise

The message you pass is the human summary; the traceback is appended automatically, so you do not interpolate the exception yourself. Re-raising after logging keeps Prefect’s retry and state machinery intact — you have added visibility without changing control flow. Use logger.exception in any except where the failure is worth a first-class, searchable ERROR line in the run log, which is most of them.

A custom logging config and structured fields

For the common case, PREFECT_LOGGING_LEVEL and the extra-loggers list are all you touch. When you need to reshape the output itself — a JSON formatter for a log aggregator, a quieter handler for one chatty logger, extra fields on every record — point PREFECT_LOGGING_SETTINGS_PATH at your own logging.yml. Prefect ships a default config internally; your file is merged over it, so you override only the pieces you care about.

# logging.yml — a JSON formatter for the API-bound run logs
version: 1
disable_existing_loggers: false

formatters:
  json:
    format: '{"ts": "%(asctime)s", "level": "%(levelname)s", "flow_run": "%(flow_run_id)s", "msg": "%(message)s"}'

handlers:
  api:
    level: INFO
    class: prefect.logging.handlers.APILogHandler

loggers:
  prefect.flow_runs:
    level: INFO
    handlers: [api]
  prefect.task_runs:
    level: INFO
    handlers: [api]

export PREFECT_LOGGING_SETTINGS_PATH="/etc/prefect/logging.yml"

The %(flow_run_id)s token is available because Prefect injects run context onto every record it handles — the same mechanism that lets the UI file a line against the right run. You can lean on that to attach your own structured fields at the call site with the standard-library extra= dict, then reference them in a formatter:

logger = get_run_logger()
logger.info(
    "Loaded batch",
    extra={"rows": len(clean), "source": source, "batch_id": batch_id},
)

With a formatter that names %(rows)s/%(source)s/%(batch_id)s, those values land in each record as first-class columns rather than being smeared into the message string — which is what makes the difference between logs you grep and logs you actually query in whatever aggregator sits downstream. This is the seam where Prefect’s run-aware logging plugs straight into the standard-library logging model you already know: same logging.yml schema, same extra= convention, with run identity threaded through for free.

A worked ETL: structured logs plus a summary artifact

Putting both features together in the shape you will actually use — logs narrate the run, one keyed artifact publishes the result:

from prefect import flow, task
from prefect.logging import get_run_logger
from prefect.artifacts import create_markdown_artifact


@task
def extract(source: str) -> list[dict]:
    logger = get_run_logger()
    logger.info("Extract: reading from %s", source)
    rows = fetch(source)
    logger.info("Extract: %d rows", len(rows))
    return rows


@task
def transform(rows: list[dict]) -> tuple[list[dict], int]:
    logger = get_run_logger()
    clean = [r for r in rows if is_valid(r)]
    rejected = len(rows) - len(clean)
    if rejected:
        logger.warning("Transform: dropped %d invalid rows", rejected)
    logger.info("Transform: %d clean rows", len(clean))
    return clean, rejected


@task
def load(rows: list[dict]) -> None:
    logger = get_run_logger()
    logger.info("Load: writing %d rows", len(rows))
    write_to_warehouse(rows)


@flow(log_prints=True)
def daily_etl(source: str = "orders_api"):
    logger = get_run_logger()
    logger.info("Starting daily ETL for %s", source)

    raw = extract(source)
    clean, rejected = transform(raw)
    load(clean)

    reject_rate = rejected / len(raw) if raw else 0.0
    create_markdown_artifact(
        key="daily-etl-summary",
        markdown=f"""# Daily ETL Summary — `{source}`

| Metric        | Value |
|---------------|------:|
| Rows read     | {len(raw):,} |
| Rows loaded   | {len(clean):,} |
| Rows rejected | {rejected:,} |
| Reject rate   | {reject_rate:.2%} |
""",
        description="Row counts and reject rate for the daily ETL run.",
    )
    logger.info("Daily ETL complete")

Open a run and you get the full narrative in the logs — extract counts, the transform warning when rows were dropped, the load. Open the daily-etl-summary artifact and you get today’s numbers on top of every prior day’s, one scannable timeline of how the pipeline’s health is trending. The logs answer “what happened in this run?”; the keyed artifact answers “how is this pipeline doing over time?” — two questions Airflow makes you answer with the same overloaded log stream.

Final thoughts

Logs and artifacts are not competing features; they are a division of labor. Logs are the execution trace — high volume, event-shaped, consulted when something breaks. Artifacts are the published result — low volume, meant to be read, and (when keyed) versioned into a timeline you can watch across runs. Coming from Airflow, the instinct is to cram everything into the log because it is the only surface you had. Prefect’s artifacts give the numbers-that-matter their own home, and the discipline of choosing which is which is what keeps your runs legible six months later. Log the narrative; publish the result; key anything you will want to compare.





Testing Prefect Flows

Every chapter so far has leaned on the same claim: a Prefect task is a decorated Python function, and a flow is a Python function that calls some of those. It’s been a nice thing to say. Testing is where it stops being a slogan and starts saving you time, because the payoff of “it’s just a function” is that you can test it like a function — no scheduler to stand up, no metadata DB to seed, no operator to mock into submission. This chapter is about the two levels you actually test at, and the one Prefect-specific tool that makes the second level cheap.

If you tried to unit-test an Airflow DAG, you remember the friction: a task is bound up inside an operator, its logic tangled with the execution context, and getting at “the code that does the work” meant instantiating the operator, faking a context dict, and often reaching into execute() by hand. Most teams gave up and tested the DAG’s structure — does it import, do the dependencies wire up — rather than its behavior. Prefect inverts that. The logic is a plain function you can call directly, and the orchestration is something you can spin up in-process for a few milliseconds when you genuinely need it. Two levels, two tools, and knowing which one a given test needs is the whole skill.

The two levels

Draw the line first, because reaching for the heavy tool when the light one would do is the most common way testing gets slow.

Level one is unit-testing the logic. A task computes something — reshapes rows, applies a business rule, derives a total. That computation is pure Python, and it has nothing to do with retries, states, caching, or the orchestration engine. You want to test it the way you’d test any function: call it with inputs, assert on the output. Prefect gives you .fn() for exactly this — it hands you the undecorated function underneath the task, so you call it with zero orchestration overhead.

Level two is integration-testing the flow. Here you care about the orchestration itself: does the flow wire its tasks together correctly, does a failure propagate, does a retry actually fire, does a cache hit skip the second call. That behavior only exists when the Prefect engine is running the show, so you need a real engine — but you emphatically do not need a server. prefect_test_harness() spins up an ephemeral, throwaway Prefect backend (a temporary SQLite DB, torn down when the block exits) so your flow runs with full orchestration, entirely local, in the same test process.

The rule of thumb: if the assertion is about what the code computes, use .fn(). If it’s about how Prefect ran it, use the harness. Most of your tests should be the first kind, because most of your logic is the first kind — and those tests run at the speed of plain Python.

Level one: .fn() and the “it’s just a function” payoff

Take a task with real logic in it — the bookshop’s line-item math and a small validation rule:

from prefect import task

@task(retries=3, retry_delay_seconds=[10, 30, 60])
def summarize_orders(orders: list[dict]) -> dict:
    if not orders:
        raise ValueError("no orders to summarize")
    revenue = sum(o["qty"] * o["price"] for o in orders)
    return {"count": len(orders), "revenue": revenue}

The temptation is to call summarize_orders([...]) in a test and assert on the result. Don’t — that call goes through the Prefect engine: it creates a task run, resolves the cache policy, wires up retries, writes state. For a logic test that’s pure overhead, and outside a flow context it’ll warn you about running a task on its own. What you want is the naked function:

def test_summarize_computes_revenue():
    orders = [
        {"title": "Dune", "qty": 2, "price": 18},
        {"title": "Piranesi", "qty": 1, "price": 15},
    ]
    result = summarize_orders.fn(orders)   # call the wrapped function directly
    assert result == {"count": 2, "revenue": 51}

.fn is the original function the decorator wrapped. Calling summarize_orders.fn(orders) skips Prefect entirely — no task run, no state, no engine — so this test is indistinguishable in speed and simplicity from testing any helper. This is the promise made good: the decorator is orchestration metadata bolted onto a function, and .fn() lets you unbolt it for the length of one call.

The same handle works for the failure path. The retry configuration on the decorator is irrelevant here — retries are an orchestration behavior, and .fn() runs no orchestration — so the raw function simply raises:

import pytest

def test_summarize_rejects_empty():
    with pytest.raises(ValueError, match="no orders"):
        summarize_orders.fn([])

Note what this test is not asserting: it isn’t checking that Prefect retries three times, because .fn() doesn’t retry. It’s checking that the logic raises on bad input. That separation is deliberate and healthy — the retry policy is tested separately, at level two, where it actually runs. Mixing “does the math work” with “does the engine retry” into one test is how you end up with slow tests that fail for two unrelated reasons.

One caveat worth internalizing: .fn() is genuinely just the function, so it does not resolve Prefect features for you. It won’t pull a block, won’t apply a cache, won’t give you a run logger. If your task body calls get_run_logger(), calling .fn() outside a run context will complain there’s no active run. That’s what disable_run_logger() is for.

Quieting the logger with disable_run_logger()

Tasks and flows commonly grab the Prefect run logger:

from prefect import task, get_run_logger

@task
def load(summary: dict) -> None:
    logger = get_run_logger()
    logger.info("loading summary: %s", summary)
    write_to_warehouse(summary)

Call load.fn(summary) in a test and get_run_logger() raises MissingContextError — there’s no run to log against. Wrap the call in disable_run_logger() and Prefect swaps the run logger for a standard Python logger that no-ops cleanly, so the logic runs without needing a run context and without spraying orchestration log lines through your test output:

from prefect.logging import disable_run_logger

def test_load_writes_summary(monkeypatch):
    writes = []
    monkeypatch.setattr("myproject.tasks.write_to_warehouse", writes.append)

    with disable_run_logger():
        load.fn({"count": 2, "revenue": 51})

    assert writes == [{"count": 2, "revenue": 51}]

disable_run_logger() is the small tool that keeps .fn() viable for real tasks — the ones that log — rather than only the pure ones. Use it whenever a unit test of task logic trips over get_run_logger().

Level two: prefect_test_harness()

Now the tests that need the engine. When you want to assert on orchestration — the flow ran end to end, a subflow failed the parent, a retry fired, a cache was hit — you have to actually run Prefect. prefect_test_harness() makes that local and cheap by standing up a temporary backend for the duration of a with block:

from prefect import flow, task
from prefect.testing.utilities import prefect_test_harness

@flow
def daily_load(orders: list[dict]) -> dict:
    return summarize_orders(orders)

def test_daily_load_runs_end_to_end():
    with prefect_test_harness():
        result = daily_load([
            {"title": "Dune", "qty": 2, "price": 18},
        ])
    assert result == {"count": 1, "revenue": 36}

Inside that with block, daily_load(...) executes through the real Prefect engine — task runs are created, states are recorded, the cache policy is consulted, retries would fire — but all of it against an ephemeral SQLite database that’s created when the block opens and deleted when it closes. There is no Prefect server, no Cloud, no network. The harness sets a temporary Prefect profile pointed at that throwaway DB, so nothing touches your real workspace and nothing leaks between tests.

This is the tool that has no Airflow equivalent worth naming. To integration-test a DAG’s runtime behavior you were looking at spinning up a metadata database, running the scheduler, or leaning on dag.test() with all the context plumbing that implies. The harness gives you the real engine with none of the standing infrastructure, in-process, in milliseconds.

Because starting the harness has a small cost and you don’t want to pay it per test, wrap it in a session-scoped pytest fixture and let every integration test run inside it:

import pytest
from prefect.testing.utilities import prefect_test_harness

@pytest.fixture(autouse=True, scope="session")
def prefect_harness():
    with prefect_test_harness():
        yield

scope="session" starts one ephemeral backend for the whole test run; autouse=True means every test executes against it without having to request the fixture by name. If you’d rather isolate database state between tests, drop to scope="function" (a fresh DB per test, slower but hermetic) — but session scope is the common default, and it’s fast.

Asserting on states

Running a flow to a successful result is the easy case. The valuable integration tests are about failure, and for those you don’t want the flow to raise and abort your test — you want to catch how it ended and assert on it. That’s return_state=True, the same mechanism from the flows and tasks chapter, now used as a test tool:

from prefect.testing.utilities import prefect_test_harness

def test_daily_load_fails_on_empty():
    with prefect_test_harness():
        state = daily_load([], return_state=True)

    assert state.is_failed()
    # pull the exception out without re-raising it
    exc = state.result(raise_on_failure=False)
    assert isinstance(exc, ValueError)
    assert "no orders" in str(exc)

Two state methods carry these tests. state.is_failed() (and its siblings is_completed(), is_crashed(), is_cancelled()) is a boolean you assert directly — the readable way to say “this run failed.” state.result(raise_on_failure=False) unwraps the state’s payload without re-raising on a failed state, so a failure hands you back the exception object as a value you can inspect. Leave off raise_on_failure=False and a failed state re-raises, which is occasionally what you want — but for asserting on failure, non-raising is the mode.

This is the level-two counterpart to the level-one pytest.raises test earlier. There, .fn() raised and you caught the exception. Here, the flow fails, Prefect captures that into a Failed state, and you assert on the state. Same failure, two vantage points: the pure logic at level one, the orchestrated outcome at level two.

Testing retries actually fire

Retries are orchestration behavior, so this is squarely a harness test — and it’s the case where .fn() would quietly lie to you, because .fn() never retries. The trick is a task that fails a set number of times and then succeeds, backed by a mutable counter, so you can prove Prefect came back for the later attempts:

from prefect import flow, task
from prefect.testing.utilities import prefect_test_harness

def test_task_retries_then_succeeds():
    attempts = {"n": 0}

    @task(retries=2, retry_delay_seconds=0)
    def flaky() -> str:
        attempts["n"] += 1
        if attempts["n"] < 3:
            raise ConnectionError("feed not ready")
        return "ok"

    @flow
    def run_it() -> str:
        return flaky()

    with prefect_test_harness():
        result = run_it()

    assert result == "ok"
    assert attempts["n"] == 3   # first attempt + 2 retries

retries=2 means two attempts after the first, so three total — the counter proves all three ran and that the third succeeded. Setting retry_delay_seconds=0 is the important test-hygiene move: you’re asserting the retry happened, not waiting out real backoff, so zero the delay to keep the test fast. Defining the task inside the test keeps the counter local and the state fresh; for a task defined at module scope you’d reset its counter in a fixture instead.

The mirror-image test asserts a task retries and still fails — that exhausting retries lands in a Failed state rather than silently swallowing the error:

def test_task_exhausts_retries_and_fails():
    @task(retries=1, retry_delay_seconds=0)
    def always_broken() -> None:
        raise ConnectionError("down")

    @flow
    def run_it() -> None:
        return always_broken()

    with prefect_test_harness():
        state = run_it(return_state=True)

    assert state.is_failed()

Between them these two tests pin down the retry contract: transient failures recover, permanent ones surface. That’s a behavior worth a test, and the harness is the only place it’s real.

Testing caching hits

Caching is the other behavior that only exists under orchestration, and the harness is where you prove a second call was served from cache instead of recomputed. Same technique as retries — a side-effect counter — but now you’re asserting the function ran once despite being called twice:

from datetime import timedelta
from prefect import flow, task
from prefect.cache_policies import INPUTS
from prefect.testing.utilities import prefect_test_harness

def test_transform_is_cached_on_repeat():
    calls = {"n": 0}

    @task(cache_policy=INPUTS, cache_expiration=timedelta(hours=1))
    def transform(rows: tuple) -> int:
        calls["n"] += 1
        return sum(rows)

    @flow
    def run_twice(rows: tuple) -> tuple[int, int]:
        return transform(rows), transform(rows)   # same inputs, second is a hit

    with prefect_test_harness():
        first, second = run_twice((1, 2, 3))

    assert first == second == 6
    assert calls["n"] == 1   # second call was a cache hit, body never ran

The assertion that matters is calls["n"] == 1: two calls, one execution, because cache_policy=INPUTS computed the same key both times and the second call returned the persisted result without running the body. This is the level-two proof of the caching chapter’s central claim — and note it requires the harness, because caching leans on Prefect’s results layer, which needs the engine and its storage to exist. Try to observe a cache hit with .fn() and there’s nothing there; .fn() is the bare function and knows nothing about cache policies.

If a test that should recompute is coming back cached (or vice versa), the ephemeral DB is your friend: a fresh harness has an empty cache, so use function-scoped isolation or distinct inputs to keep cache state from bleeding between tests.

Testing parameters and validation

The flows and tasks chapter made a lot of Pydantic-validated flow parameters — bad input rejected at the boundary, before the body runs. That’s a behavior, so test it. Good parameters produce a run; bad parameters fail validation:

from datetime import date
from pydantic import BaseModel, Field
from prefect import flow
from prefect.testing.utilities import prefect_test_harness

class LoadConfig(BaseModel):
    day: date
    limit: int = Field(gt=0, le=100_000)

@flow
def daily_load(config: LoadConfig) -> int:
    return config.limit

def test_valid_params_coerced():
    with prefect_test_harness():
        # a JSON-shaped dict is coerced into LoadConfig, "2026-07-04" into a date
        result = daily_load({"day": "2026-07-04", "limit": 500})
    assert result == 500

def test_bad_limit_rejected():
    with prefect_test_harness():
        state = daily_load(
            {"day": "2026-07-04", "limit": 0},   # violates gt=0
            return_state=True,
        )
    assert state.is_failed()

The first test proves coercion — a string date and a plain dict become a typed LoadConfig before the body sees them. The second proves the gate holds: limit=0 fails the Field(gt=0) constraint and the run lands in a Failed state without executing the body. This is testing your flow’s interface, which is the part a schedule or an API caller actually hits, and it’s the kind of test that catches a loosened constraint before it reaches production.

Mocking blocks and variables

Real flows load blocks and variables — a warehouse connection, an S3 bucket, a feature flag. Tests shouldn’t reach the real warehouse. Two techniques cover it, and which you use depends on whether the value is loaded inside a run context.

For a variable or a block that your logic loads by name, the ephemeral harness is empty, so save a fake into it inside a fixture. Because the harness DB is throwaway, this pollutes nothing:

import pytest
from prefect.variables import Variable
from prefect.blocks.system import Secret

@pytest.fixture
def seed_config():
    # written into the ephemeral harness DB, gone when the harness tears down
    Variable.set("warehouse_schema", "test_bookshop", overwrite=True)
    Secret(value="test-token").save("feed-token", overwrite=True)
    yield

overwrite=True is what makes fixtures idempotent — re-running the suite re-saves over the previous value instead of erroring on a name clash. A flow that calls Variable.get("warehouse_schema") or Secret.load("feed-token") inside the harness now gets the seeded fakes.

For an external client you’d rather not construct at all — a real S3Bucket, a live HTTP session — monkeypatch the point where your code loads it, so the block is never built:

def test_flow_with_mocked_bucket(monkeypatch):
    class FakeBucket:
        def __init__(self):
            self.written = []
        def write_path(self, path, content):
            self.written.append((path, content))

    fake = FakeBucket()
    # replace the loader so no real S3Bucket block is constructed
    monkeypatch.setattr("myproject.tasks.S3Bucket.load", lambda name: fake)

    with prefect_test_harness():
        upload_report.fn({"revenue": 51})   # .fn(): pure logic, mocked dependency

    assert fake.written

The distinction is worth holding onto. Seed the harness when the thing is Prefect-native state (a variable, a stored block) and you want your code’s real load path to find a test value. Monkeypatch when the thing is an expensive external client and you want to intercept it before construction. Often a single flow test uses both — seeded config for the flags, a monkeypatched client for the network.

A pytest layout that holds up

Put it together into a shape you can drop into a project. One conftest.py for the shared harness and any seeded config, then test modules split by level:

# conftest.py
import pytest
from prefect.testing.utilities import prefect_test_harness

@pytest.fixture(autouse=True, scope="session")
def prefect_harness():
    with prefect_test_harness():
        yield

@pytest.fixture
def seed_config():
    from prefect.variables import Variable
    Variable.set("warehouse_schema", "test_bookshop", overwrite=True)
    yield

# test_logic.py — level one: fast, pure, no orchestration
from prefect.logging import disable_run_logger
from myproject.tasks import summarize_orders, load

def test_summarize_computes_revenue():
    result = summarize_orders.fn([{"title": "Dune", "qty": 2, "price": 18}])
    assert result == {"count": 1, "revenue": 36}

def test_load_logs_cleanly(monkeypatch):
    writes = []
    monkeypatch.setattr("myproject.tasks.write_to_warehouse", writes.append)
    with disable_run_logger():
        load.fn({"count": 1, "revenue": 36})
    assert writes

# test_flows.py — level two: real engine, ephemeral DB
from myproject.flows import daily_load

def test_etl_runs_end_to_end(seed_config):
    result = daily_load([{"title": "Dune", "qty": 2, "price": 18}])
    assert result["revenue"] == 36

def test_etl_fails_on_empty_input():
    state = daily_load([], return_state=True)
    assert state.is_failed()

The test_logic.py module never opens a harness — those tests are plain-function fast and make up the bulk of the suite. test_flows.py runs inside the session harness the conftest.py fixture provides, and reaches for return_state=True whenever it’s asserting on failure. That split — a fat file of .fn() logic tests and a lean file of harness integration tests — is the layout to aim for.

A note on CI

The whole point of the harness is that it needs nothing standing, which is exactly what makes it right for CI. Your pipeline runs pytest, the session fixture spins up an ephemeral SQLite backend inside the runner, the tests execute against it, and it’s torn down when the process exits. No Prefect Server to deploy, no Postgres to provision, and — the important one — no Prefect Cloud. Never point your test suite at a real workspace: a shared Cloud or Server backend means tests write real run history, race each other over shared blocks and variables, and fail for reasons that have nothing to do with your code. Run against the harness, which is private and disposable per CI job.

The one thing to get right in CI config is that the harness sets its own temporary profile, so make sure no PREFECT_API_URL or PREFECT_API_KEY in the runner’s environment is fighting it — a stray Cloud API key in CI secrets is the classic way a “local” test suite accidentally talks to production. Let the harness own the profile for the length of the run, and CI stays hermetic.

Final thoughts

Testing is the chapter that collects on every “it’s just a function” the book has been making. Because a task really is a decorated function, .fn() hands you the logic with the orchestration peeled off, and the overwhelming majority of your tests are ordinary, fast, pure-Python assertions — the thing that was so awkward to get at inside an Airflow operator. And because orchestration is real behavior worth testing on its own, prefect_test_harness() gives you the whole engine on a throwaway database, so the tests that are genuinely about retries, caching, state propagation, and parameter validation run locally in milliseconds with no server in sight. The discipline is knowing which level a test belongs to: assert on what the code computes with .fn(), assert on how Prefect ran it with the harness, and don’t let the two blur into slow tests that fail for two reasons. Get that split right and your pipeline earns the same safety net any well-tested Python codebase has — which, once more, is the whole promise: it was Python the entire time, so test it like Python.





Cloud or Self-Hosted: Who Gets Paged for the Orchestrator?

Every Prefect evaluation eventually arrives at a slide with two columns on it, and the slide is always wrong. On the left, “Self-hosted: free.” On the right, “Cloud: $$$.” Somebody says “we’ll self-host, it’s open source,” everyone nods, and eighteen months later a data engineer is awake at 3 a.m. because a Postgres connection pool exhausted itself and now no flow run in the company can transition out of Pending.

The column headers are the problem. You are not choosing a hosting option. You are choosing who operates the control plane — whose pager goes off when the thing that remembers what your pipelines are doing stops remembering, and whose weekend gets spent on the upgrade. Free is a price on a licence, not a price on a system. The self-hosted column has a number in it too; it’s just denominated in engineer-hours and written in invisible ink.

You have made this decision before, incidentally — Airflow forced it on you the first time someone said “MWAA or a cluster?” So you have priors, and most of them don’t transfer, because the thing being hosted is a different shape in both directions: Prefect’s open-source server is much lighter to run than Airflow’s, and it gives you much less than Airflow’s does. Both halves of that sentence matter, and the chapter is spent earning them.

What the control plane actually is

Be precise about what you’d be hosting, because the fuzziness is where the bad estimates come from. A Prefect control plane is four things:


	An API — a FastAPI app. Every client you have talks to it: the CLI, your flows, your workers, CI.

	A database — SQLite for a laptop, Postgres for anything real. This is the whole product. Every flow run, task run, log line, state transition, event, block document, variable, deployment, schedule, work pool, and automation lives here.

	A UI — a static React app the API serves.

	Loop services — the background processes that make things happen: the scheduler that creates runs from schedules, the one that marks runs Late, the trigger evaluator that fires your automations, the event persister that writes the event stream to disk.



And here is the crucial thing it is not: an executor. The control plane does not run your flows. Workers do, in your infrastructure, on both editions — that’s chapter 06’s whole argument. Which means the blast radius of the control plane going down is narrower than an Airflow engineer’s instinct expects. A flow run that is already executing when the API falls over doesn’t die; it keeps running and fails to report, because the code is in your pod, not on the server.

That’s the good news, and it is thinner than it sounds. Nothing new gets scheduled. Nothing gets triggered. No automation fires — so the 3 a.m. runbook from chapter 11, the one that pages a human when the nightly load hangs, is exactly as down as everything else. No block loads, so any flow that starts by calling SqlAlchemyConnector.load(...) fails on line one. No variable resolves. Your on-call engineer can’t see anything, because the UI is the API. The control plane isn’t in the data path, but it is in the control path, and “the orchestrator is fine, we just can’t orchestrate” is a distinction nobody will let you make on the incident call.

So: who keeps that up, and who is accountable when it isn’t?

Self-hosting, properly

prefect server start is a development toy. I want to say that early and without hedging, because it is a fantastic toy — one command, a UI on 4200, zero configuration — and that experience is precisely what convinces teams the production version is also one command. It is not. Here is the gap, item by item.

Postgres, and the URL you’ll get wrong once

SQLite is the default and it is disqualifying for production. Not “suboptimal” — disqualifying. Prefect’s API is an async web server with multiple workers and a fleet of loop services all writing concurrently, and SQLite’s writer lock will turn that into database is locked under exactly the load you built the thing for.

Point it at Postgres before you start it:

prefect config set PREFECT_SERVER_DATABASE_CONNECTION_URL=\
"postgresql+asyncpg://prefect:hunter2@postgres.internal:5432/prefect"

Two notes. The +asyncpg is not decoration — Prefect talks to Postgres over the async driver, and a postgresql:// or postgresql+psycopg2:// URL will fail. And if you’ve read older material (or chapter 02), you’ll have seen PREFECT_API_DATABASE_CONNECTION_URL; that name still works as a legacy alias, but PREFECT_SERVER_DATABASE_CONNECTION_URL is the current one and it’s what the settings model calls canonical.

In a container you almost certainly don’t want the connection URL, because it embeds the password in a single string that shows up in prefect config view, in your manifest, and in anything that dumps the environment. The database settings decompose, which is the shape you want when the password comes from a Kubernetes secret and nothing else does:

env:
  - name: PREFECT_SERVER_DATABASE_DRIVER
    value: "postgresql+asyncpg"
  - name: PREFECT_SERVER_DATABASE_HOST
    value: "postgres.internal"
  - name: PREFECT_SERVER_DATABASE_PORT
    value: "5432"
  - name: PREFECT_SERVER_DATABASE_NAME
    value: "prefect"
  - name: PREFECT_SERVER_DATABASE_USER
    value: "prefect"
  - name: PREFECT_SERVER_DATABASE_PASSWORD
    valueFrom:
      secretKeyRef: { name: prefect-db, key: password }

Same result, one secret, no credential smeared across a URL string.

Migrations are your upgrade path, and reset is not

Every Prefect release can carry Alembic migrations. Upgrading the server means running them, and the command is:

prefect server database upgrade -y

It takes --dry-run (prints the migrations without applying them — run this in CI against a restored snapshot before you ever run it against prod) and --revision (pin to a specific Alembic revision rather than head). There’s a matching prefect server database downgrade if a release goes badly, though as with every downgrade in every system, the migration that dropped a column is not coming back to help you.

The operational rule is boring and non-negotiable: migrations run before the new server serves traffic. In Kubernetes that’s an init container or a Job with a helm.sh/hook: pre-upgrade annotation; in a compose setup it’s a one-shot container that must exit 0 before the API container starts. If you skip this and roll a new image, you get an API talking to a schema it doesn’t recognise, and the errors will be creative.

And then there is the command that sits one keystroke away from all of this:

prefect server database reset      # DROPS AND RECREATES ALL TABLES

It is in chapter 02 as the friendly “unstick my laptop” move, and against ~/.prefect/prefect.db that’s exactly what it is. Against a production Postgres it deletes every flow run, block, variable, automation, and deployment your team has ever created — and it does it against whatever API your active profile currently points at, which, after chapter 15, you’ll recognise as a sentence that ends careers. The profile you forgot you switched is the profile it uses. If reset must appear in a runbook at all, put a mandatory prefect config view above it.

Auth: one password, and exactly what it buys

The folk wisdom is “the OSS server has no auth.” That’s wrong, and repeating it will make you either over-fear or under-defend. It has auth. It has one password.

Set it on the server:

PREFECT_SERVER_API_AUTH_STRING="admin:hunter2" prefect server start

Now the API is gated with HTTP Basic. Unauthenticated calls get a 401, the UI presents a login, and a wrong password gets a 401 too. And every client — every worker, every CI job, every developer’s laptop, every python bookshop.py — must present the same credential, under a different setting name that catches people out:

export PREFECT_API_URL="https://prefect.internal/api"
export PREFECT_API_AUTH_STRING="admin:hunter2"    # note: API, not SERVER_API
prefect work-pool ls

Miss that on a client and you don’t get a friendly message; you get PrefectHTTPStatusError: Client error '401 Unauthorized' for url '.../api/csrf-token?client=...', which sends people hunting for a CSRF bug that isn’t there.

One wrinkle worth knowing before it fools you: /api/health is not gated. It answers 200 to an unauthenticated request, by design, so your load balancer’s probe doesn’t need credentials. The trap is that “I curled the server and got a 200, so it’s up and it’s fine” tells you nothing about whether auth is on. Curl something real — POST /api/flow_runs/filter with an empty body — and see if you get a 401. If you get a 200, your orchestrator is on the open internet.

Now the honest accounting of what that password isn’t:


	It is not identity. Every request looks identical to the server. “Who cancelled that flow run at 02:14?” has no answer, and never will, because the information was never collected.

	It is not authorization. There are no roles. Everyone who can read the UI can delete every deployment in it. The read-only stakeholder who wants to check whether the nightly load finished has the same power as your platform lead.

	It is not revocable per-actor. Rotating it means changing the string on the server and simultaneously in every worker, every CI secret, and every laptop. There is no “revoke Sarah’s access” — there is only “change the password for everybody, at once, and then go find out what broke.”



That’s a real security control and it is worth turning on — it is the difference between an exposed orchestrator and a defended one. It is just not a governance story, and if your compliance questionnaire has the word “least privilege” in it, this is where the conversation ends.

The reverse proxy, and the three settings that make the UI work

The server speaks plain HTTP and has no opinion about TLS. Production means a reverse proxy in front — nginx, an ALB, an ingress — terminating TLS and forwarding to :4200. Three configuration details will bite you in order:

Websockets. The event stream (chapter 11) and the UI’s live-updating run views are websockets. A proxy that doesn’t forward the upgrade handshake gives you a UI that loads, looks perfect, and never updates — and an engineer who spends a day convinced the scheduler is broken:

location / {
    proxy_pass         http://prefect-server:4200;
    proxy_http_version 1.1;
    proxy_set_header   Upgrade    $http_upgrade;
    proxy_set_header   Connection "upgrade";
    proxy_set_header   Host       $host;
    proxy_read_timeout 300s;
}

PREFECT_UI_API_URL. The UI is a browser app, and it calls the API from the browser, not from the server. Its default is http://127.0.0.1:4200/api, which is correct on a laptop and catastrophic behind a proxy: the browser dutifully tries to call the user’s own machine. Set it to the URL the outside world uses:

PREFECT_UI_API_URL="https://prefect.internal/api"

CSRF and CORS. PREFECT_SERVER_CSRF_PROTECTION_ENABLED defaults to False, and PREFECT_SERVER_CORS_ALLOWED_ORIGINS defaults to *. Both defaults are chosen for the laptop case and neither is what you want on a server that other humans reach:

PREFECT_SERVER_CSRF_PROTECTION_ENABLED=true
PREFECT_SERVER_CORS_ALLOWED_ORIGINS="https://prefect.internal"

None of this is exotic. All of it is yours, and all of it is work that a managed control plane simply doesn’t generate.

Event retention: the setting that quietly deletes your forensics

This one deserves its own heading because it is the single most expensive default in self-hosted Prefect, and you will discover it during a post-mortem or not at all.

PREFECT_SERVER_EVENTS_RETENTION_PERIOD    # default: 7 days

Seven days. After that, events are deleted. And your event stream is your forensic trail — it’s the record of every state transition, every deployment, every work-pool health change, and every domain event you emitted with emit_event(). It is also the substrate automations match against, which means a proactive trigger’s whole world is that window.

So when someone asks “this pipeline has been silently producing bad data since the last release — show me when the behaviour changed,” and the last release was eleven days ago, the answer on a default self-hosted server is: we don’t know, and we can’t find out. The data is gone. Not archived, not cold — gone.

Raise it deliberately, and size the disk to match:

prefect config set PREFECT_SERVER_EVENTS_RETENTION_PERIOD="90 days"

Events are high-cardinality and high-volume — every task run in every flow run emits several — so 90 days of retention on a busy deployment is a real Postgres table with real growth, and “grow the volume before it fills” is now a thing on your plate. That’s the deal. The default protects your disk at the cost of your memory, and nobody tells you which one you traded.

(While you’re in there: PREFECT_SERVER_SERVICES_DB_VACUUM_RETENTION_PERIOD defaults to 90 days and governs the periodic cleanup of other aged rows. Know it exists before your DBA asks why the database only ever grows.)

Splitting the API from the services

prefect server start runs the API and every loop service in one process. That’s convenient and it means an API restart takes your scheduler and your trigger evaluator down with it. You can split them:

prefect server start --no-services      # API + UI only; scale this behind the LB
prefect server services start           # the scheduler, trigger evaluator, persister, …
prefect server services ls              # what's enabled, and the setting that gates each

Now the API is a horizontally-scalable stateless web tier and the services are a single replica you can restart independently. prefect server services ls is worth running once just to see the list — TaskRunRecorder, EventPersister, ReactiveTriggers, Actions, Distributor and friends, each with the PREFECT_SERVER_SERVICES_* setting that turns it on or off. These are the moving parts you have adopted.

The Helm reality check

Prefect publishes a Helm repo with two charts. Everybody uses one of them.

helm repo add prefect https://prefecthq.github.io/prefect-helm
helm install prefect-worker prefect/prefect-worker ...   # extremely well-trodden
helm install prefect-server prefect/prefect-server ...   # comparatively lonely

The worker chart is the one chapter 06 showed, and it’s mature because it’s the path every Prefect Cloud customer on Kubernetes takes. The server chart exists and works, but the population running it in anger is a fraction of that, and it shows in the places you’d expect: fewer people have hit your ingress bug before you, fewer write-ups of your Postgres tuning, fewer Slack threads that end in an answer. Self-hosting the Prefect server is not exotic, but it is lonelier than self-hosting Airflow, where a decade of engineers have already stepped on every rake in the yard and blogged about it. Budget for being the one who finds the rake.

And back it up like it’s a database, because it is

Your Postgres holds every block (including credentials), every variable, every automation, every deployment and schedule, and all of your run history. Losing it does not stop the flow that’s running right now. It stops absolutely everything else, permanently. Back it up on the schedule you’d use for a production transactional database, and — this is the part teams skip — restore it somewhere, once, on purpose, so that the first time you find out your backup is a directory of zero-byte files is not the day you need it.

What Prefect Cloud actually sells you

Now the other column, itemised and unsentimental. The mistake here is assuming you’re paying for a scheduler you don’t have to run. You aren’t, particularly — the OSS scheduler is the same code and it’s fine. What you’re buying is identity and governance, plus a handful of features that genuinely cannot exist without a hosted, addressable, multi-tenant control plane.

Workspaces. A hard isolation boundary with its own API URL, its own blocks, its own deployments, its own run history. Dev, staging, and prod as three workspaces you switch between with prefect cloud workspace set --workspace "acme/prod". On OSS the equivalent is three separate servers and three separate Postgres instances that you run and upgrade three times.

Users, and RBAC. Real per-user identity, with roles scoped per workspace. This is the one OSS structurally cannot approximate — not “hasn’t got around to,” cannot, because a single shared password carries no identity to attach a role to. Every governance feature below is downstream of this one.

SSO, and SCIM provisioning. Access follows your identity provider. Someone joins the data team in Okta and gets a Prefect seat; someone leaves the company and loses it — without anyone remembering to go and do it. Deprovisioning that depends on human memory is deprovisioning that doesn’t happen.

Service accounts. Non-human identities with their own keys and their own roles. This is important enough that it gets its own section below.

Audit logs. “Who paused that deployment?” is a question with an answer. It’s a compliance checkbox, sure, but it’s also the thing that turns a confusing incident into a five-minute one.

Incidents. The declare-incident action from chapter 11, plus the tracking surface around it.

Inbound webhooks. prefect cloud webhook create — and that cloud prefix in the command is not an accident. A webhook needs a stable, externally-addressable, authenticated URL, which is a thing a hosted platform has and a server behind your VPN doesn’t.

Metric triggers. The successes / duration / lateness triggers are Cloud-only, and the OSS server doesn’t just ignore them — it doesn’t have the type. POST a metric trigger to a self-hosted /api/automations/ and you get a 422, while an event, compound, or sequence trigger POSTs happily and returns a 201. It’s an unhelpful way to learn a licensing boundary, so learn it here instead.

Longer event retention. The forensic window above, as a plan feature rather than a disk you have to grow.

Push and managed work pools. ecs:push, cloud-run:push, azure-container-instance:push, modal:push, and prefect:managed — the worker-free execution models from chapter 06. Cloud only, because it’s the Cloud API that calls your cloud provider’s API on your behalf.

IP allowlisting. prefect cloud ip-allowlist add restricts which addresses can reach your account at all — the answer to “but our orchestrator’s control plane is on the public internet.”

And the cost, honestly: it’s usage-based, and the line item that surprises people is not seats — it’s run volume. A team with six engineers and four hundred thousand task runs a month is not paying a six-seat bill. Model it on your actual task-run count before you commit, and remember that Prefect’s fan-out ergonomics (chapter 04) make it very easy to turn one Airflow task into two thousand Prefect task runs without noticing.

The hybrid boundary, drawn properly

This is the strongest thing Cloud has, and in my experience almost nobody who uses it can state it accurately — including, embarrassingly often, the person defending it to their security team.

Workers only ever make outbound calls. A worker polls the Prefect API over HTTPS, takes the runs it’s meant to execute, and reports states back. It does not listen on a port. Nothing — not Prefect, not anyone — connects inward to it. Which means you can run workers deep inside a private subnet with no ingress, no VPN, no public endpoint and no inbound firewall rule, and the whole system works, because the only network flow is your VPC dialling out on 443.

That’s the shape. Now the boundary, in both directions, without the marketing gloss.

What never crosses:


	Your flow code. The worker pulls it — from your git remote, your registry, your S3 bucket. Cloud stores a pointer (an entrypoint and a storage reference), not a copy.

	Your data. Rows never traverse Prefect. The flow runs in your pod, reads your warehouse over your network, writes your warehouse. Prefect learns that a task completed, not what was in it.

	Your worker’s infrastructure credentials. The kubeconfig, the Docker daemon socket, the IAM role the pod assumes — those are the worker’s, held locally, never uploaded. (The exception you opt into: a push pool needs a scoped credential to call your cloud’s API on your behalf, which is exactly the trade you’re making when you choose “no worker.”)



What does cross — and be honest about this list:


	Run metadata. Flow-run and task-run records, state names, timings, retry counts. Obviously.

	Your flow parameters. They’re stored on the API so a run can be re-run and inspected. Corollary: do not pass secrets as flow parameters. People do this and then act surprised. Parameters are visible in the UI, forever.

	Logs, if you let them (they’re shipped to the API by default). If your log lines contain customer PII, they are now in Prefect’s database. That’s a PREFECT_LOGGING_TO_API_ENABLED decision and a log-hygiene decision, and it’s yours.

	Artifacts (chapter 17) — you published them precisely so someone could read them in the UI. That’s the point, but it means the table you rendered lives on the control plane.

	Events you emit. Whatever you put in emit_event(payload=...) is stored.

	Block documents. Here is the one people get wrong. A block is stored on the API — that’s what makes it loadable by name from anywhere. So when you write Secret(value="hunter2").save("warehouse-password"), that value goes over the wire and into Prefect’s database. Cloud encrypts it at rest and the UI obfuscates the field, and that is a perfectly reasonable place to keep it for most teams — but the sentence “Prefect never sees my credentials” stops being true the instant you put one in a block, and you should not say it to your security team.



The clean version of that last point, since it’s the one that matters: if your policy is that a third party must never hold a copy of a credential, then don’t put credentials in blocks. Use a block that holds a reference and resolves at run time inside your environment — an AwsSecret-style block that stores a secret name and fetches the value from your own Secrets Manager, using the worker’s own IAM role — or skip blocks entirely for that credential and inject it as an environment variable via your own infrastructure (chapter 07 is where the block types live). The block then contains a pointer, the pointer is not sensitive, and the boundary you described to your auditor is the boundary that actually exists.

Which sets up the comparison that ought to be doing the work in your evaluation. MWAA and Cloud Composer are not the same shape as Prefect Cloud. They run your scheduler and your workers — your DAG files are uploaded to them, your task code executes on their managed compute. Prefect Cloud runs the control plane only; the data plane stays entirely yours. For a regulated shop, that is a genuinely different conversation, and it’s the exact opposite of what people assume “SaaS orchestrator” means. The instinctive objection to Cloud — “we can’t send our data to a vendor” — is answered by the architecture, not by a promise. You aren’t sending your data anywhere. You’re sending the fact that a job finished.

API keys and service accounts

Now the specific self-inflicted wound, because I have watched this one land more than once.

Cloud has two kinds of API key. A user API key authenticates as a person and inherits that person’s role. A service account key authenticates as a robot — a first-class, non-human identity with its own role, that has no mailbox, no laptop, and no exit interview.

Here is the failure mode, in full. Your CI deploys with PREFECT_API_KEY, and that key was generated eighteen months ago by Sarah, because Sarah set the pipeline up and it was a Tuesday and she had a key already. Sarah takes a job elsewhere. IT deprovisions her in Okta on her last day — exactly what a well-run IT department should do. SSO revokes her Prefect access, and her API key dies with her identity.

At 06:00 the next Monday, prefect deploy --all fails with a 401 in a CI job nobody owns, and the deploy that was supposed to ship the quarter’s model refresh doesn’t. It takes two hours to find, and the finding is embarrassing, because the root cause is that your production deployment pipeline was authenticating as a person — and the correct security behaviour of your identity provider is what took it down. You didn’t get hacked. You got offboarded.

The fix costs about ninety seconds. Create a service account in the Cloud UI, give it a role scoped to what CI actually needs (create deployments — not “Admin”), generate its key, and put that in your secret store:

# .github/workflows/deploy.yml
- name: Deploy Prefect flows
  env:
    PREFECT_API_URL: https://api.prefect.cloud/api/accounts/${{ vars.PREFECT_ACCOUNT_ID }}/workspaces/${{ vars.PREFECT_WORKSPACE_ID }}
    PREFECT_API_KEY: ${{ secrets.PREFECT_CI_SERVICE_ACCOUNT_KEY }}
  run: |
    uv run prefect deploy --all

Note what’s not there: no prefect cloud login. In CI you don’t need it — environment variables beat profiles (chapter 15), so exporting PREFECT_API_URL and PREFECT_API_KEY is the whole authentication step. prefect cloud login -k <key> is a convenience for humans that writes those two values into a profile; a CI runner doesn’t want a profile, it wants a process environment.

Your workers need the same treatment, and for the same reason. A worker is a long-lived robot; it should hold a service account key with a worker-scoped role, not a human’s key with Admin on it. If a worker’s key leaks, you want the blast radius to be “can poll a work pool and report run states,” not “can delete every deployment in the workspace.”

Rotation is where the service-account model quietly earns its keep. Because the identity and the credential are separate objects, you can rotate without an outage:


	Generate a second key on the same service account.

	Roll it into your secret store; let the next deploy / worker restart pick it up.

	Confirm it’s in use.

	Delete the old key.



Two valid keys exist at once for a window, so nothing has to be simultaneous. Set an expiry on keys when you create them, so that a forgotten key eventually stops working on purpose rather than living forever as a credential nobody can account for.

Now hold that whole section up against the self-hosted server, where none of it exists. There is one password. It is in every worker’s environment, every CI secret, and every developer’s shell history. It cannot be scoped, it cannot be attributed, and rotating it is a synchronised restart of everything you own. If your answer to “how do we rotate credentials” is currently “we don’t,” self-hosting will not force you to fix that — it will just make it structurally impossible to.

The decision, then

Three questions. Answer them honestly and the choice usually makes itself.

1. Do you need per-user identity? Not “would it be nice.” Do you need to answer who cancelled that run, or to revoke one person’s access without changing everyone’s password, or to give a stakeholder read-only access that is actually read-only? If yes, the self-hosted server cannot get you there. There is no setting, no plugin, no prefect.toml table. Stop evaluating the two options; you have one.

2. Is the event trail forensically load-bearing? If a post-mortem three weeks after the fact is a normal part of your operating rhythm — because you’re in a regulated industry, or because your data is used for decisions people later audit — then a 7-day default on a disk you have to grow yourself is a liability with a fuse on it. You can fix it on self-hosted. You have to remember to, before you need it, which is a different thing from it being fixed.

3. Who is on call for the control plane at 3 a.m.? Say the name out loud. If the honest answer is “the data team,” then you have just made the data team a platform team, and you should price that: the Postgres, the ingress, the TLS certs, the upgrade path, the backups, the restore drill, the disk growth, and the pager. That is not zero, and it is not one-off — it recurs every quarter, forever, and it competes directly with the pipelines they were hired to build.

There’s a fourth question that isn’t really a question: does policy forbid a SaaS control plane? Data residency, an air-gapped network, a vendor review you will not win. If so, you’re self-hosting, the first three questions are moot, and everything in the self-hosting section above is your build list. Go do it well, and turn on PREFECT_SERVER_API_AUTH_STRING on your way past.

For most teams — a handful of data engineers, no compliance mandate, no air gap — the honest arithmetic is that Cloud’s lower tiers cost less than the engineering week you’d spend building the self-hosted equivalent, and the engineering week recurs. Self-host when you already have a platform team that runs Postgres and ingress and considers this a Tuesday, or when policy leaves you no choice. Those are good reasons. “It’s free” is not one, because it isn’t.

And the escape hatch is cheaper than the decision feels. Your flow code does not change between the two — this has been true since chapter 01 and it’s still true here; you’re pointing a client at a different URL. There’s even a supported move for the state:

prefect transfer --from self-hosted --to cloud-prod

Two profiles, one command, and your blocks, variables, deployments and work pools come across. Start self-hosted and graduate. Start on Cloud and pull it in-house when your platform team is ready. This is not a one-way door, and treating it like one is how evaluations turn into six-month stalls.

The Airflow trade, closed

The book has been an Airflow comparison from the first line, so let’s close this one properly, because the reflex answer is wrong in an interesting way.

Airflow’s open-source story is a whole platform you must run: a scheduler, an api-server, a metadata database, an executor, a fleet of workers, and a mechanism to get DAG files onto all of them. Running it seriously is a full-time job for at least one person, which is precisely why MWAA, Cloud Composer, and Astronomer exist and why “we self-host Airflow” so often means “two engineers whose actual job is Airflow.”

Prefect’s open-source story is a lighter control plane you must run: an API, a database, a UI, some loop services. You run workers either way, on both stacks and both editions, so they cancel out. Net: self-hosting Prefect is genuinely less work than self-hosting Airflow. That’s real, and it’s the argument you’ll hear.

Here’s the argument you won’t hear, and it’s the one that ought to change your mind. Self-hosted Airflow ships real users and real roles — its RBAC has Admin, Op, User, Viewer, Public, per-user accounts, and a permission model you can bend. Self-hosted Prefect ships one password. So if you are today running open-source Airflow with named accounts and a Viewer role for your analysts, and you migrate to a self-hosted Prefect server, you have just downgraded your access control — and I have never once seen that appear on the migration slide.

That’s the trade, stated without a thumb on the scale: Airflow makes you run more and gives you more governance for free. Prefect makes you run less and sells the governance back to you. Which of those is better depends entirely on whether you have a platform team and whether you have a compliance officer — and it is not obviously, universally, one of them.

Final thoughts

Go back to the slide with two columns on it. The correction isn’t to add a dollar figure to the left-hand side, though you should. It’s that the columns were never “free vs. paid” — they were “we operate the control plane” vs. “Prefect operates the control plane,” and the second column has always carried a price tag because the first one does too. Yours is simply paid in engineer-weekends, upgrade windows, and the disk you didn’t grow until the events were already deleted.

Choose either. Both are legitimate, and a competent team can run the self-hosted server well — Postgres, a migration job, an auth string, a proxy that forwards websockets, ninety days of event retention, and a restore drill somebody has actually performed. What you cannot do is choose self-hosted because it’s free and then act surprised that you bought a system instead of a licence. Price it honestly, name the person who gets paged, and the decision stops being a religious argument and becomes what it always was: a question about where your team’s scarce hours are best spent.





Migrating from Airflow to Prefect

Fifteen chapters taught you to read Prefect with an Airflow eye. This one is about moving — taking a deployment that already runs your business on Airflow and getting it onto Prefect without a weekend of downtime and a rollback plan you never get to test. Migration is a different skill from translation. You know by now that a DAG maps to a flow; the question that decides whether the project succeeds is which DAG you port first, what runs both stacks the night you cut over, and which three Airflow features have no clean Prefect answer so you stop looking for one.

So this is the working finale: a concept map with the port baked into each row, a strategy for running both engines side by side instead of a big-bang rewrite, and an honest list of where the translation leaks. Nothing here assumes you’ll like the answer — some pipelines should stay on Airflow, and the last section names which.

The concept map, as a port

The first chapter gave you the noun-for-noun table for understanding Prefect. This is the version you keep open while you’re actually rewriting a file — every row is a thing you’ll delete from the Airflow side and the shape it takes on the Prefect side.

















































































	Airflow	Prefect	How you port it
	with DAG(...) block	@flow function	Delete the context manager; the function body is the graph.
	PythonOperator(python_callable=fn)	@task def fn	Decorate the callable; call it directly instead of wrapping it.
	BashOperator(bash_command=...)	@task calling subprocess.run	The shell command moves into a task body; you own the invocation.
	xcom_push / xcom_pull	Return value / argument	Return the value; pass it to the next task as a parameter.
	Connection (conn_id)	Block (.load(name))	Register a typed block; load it by name where the hook used to unpack.
	Variable.get(...)	Variable.get(...)	Near-identical; prefect.variables.Variable, JSON by key.
	Pool (slots)	Tag concurrency limit	Tag the tasks; set a named limit on the tag.
	Sensor (poke)	Event + automation, or a polling task	Prefer push (event triggers a run); fall back to a task that polls.
	executor = in config	Work pool + task runner	Where runs land (pool) is split from how tasks fan out (runner).
	KubernetesExecutor	Kubernetes work pool	One prefect work-pool create --type kubernetes; deploy against it.
	SubDagOperator / TaskGroup	Subflow	A flow calls another flow; ordinary function composition.
	schedule= on the DAG	Schedule on the deployment	The schedule leaves the code and lives on the deployment.
	on_failure_callback	State hook or automation	on_failure=[hook] in-process, or an automation on the failed event.
	airflow dags backfill	run_deployment loop	You trigger one parameterized run per date; there’s no catchup window.


Most rows are the mechanical swaps you’ve already seen. The ones worth code are the ones the first chapter didn’t work through, because they’re where a naive port goes wrong.

BashOperator → a task that shells out. Airflow’s BashOperator is templated, retried, and logged by the framework. When you move it, you keep the retries and logging (they’re on @task) but you own the subprocess call, and you should own it deliberately — check=True so a nonzero exit becomes a Python exception the task can retry, and captured output so it lands in the flow logs.

The Airflow version:

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

run_dbt = BashOperator(
    task_id="dbt_run",
    bash_command="cd /opt/bookshop && dbt run --select marts",
)

The Prefect version:

import subprocess
from prefect import task, get_run_logger

@task(retries=2)
def dbt_run(select: str = "marts"):
    logger = get_run_logger()
    result = subprocess.run(
        ["dbt", "run", "--select", select],
        cwd="/opt/bookshop",
        check=True,               # nonzero exit -> CalledProcessError -> a retry
        capture_output=True,
        text=True,
    )
    logger.info(result.stdout)
    return result.stdout

The command is now an argument, not a Jinja-templated string, so parameterizing it is a function parameter rather than a params dict and a {{ }}. (If you’d rather not hand-roll it, prefect-shell ships a ShellOperation block that wraps exactly this pattern — worth it once you have more than a couple.)

Pool → a tag concurrency limit. An Airflow pool caps how many tasks touch a scarce resource at once — the classic case is “at most three tasks may hit the warehouse.” In Prefect the cap rides on a tag, not a named pool object, and you set the limit once with the CLI:

prefect concurrency-limit create warehouse 3

@task(tags=["warehouse"])
def load_partition(day: str):
    ...

Every task tagged warehouse now shares three slots across all runs, exactly like the pool did — a run that can’t get a slot waits rather than piling on. The mental shift is that the limit is a property of the tag, applied wherever that tag appears, instead of a slot count you assign a task to. (For a limit around an arbitrary block of code rather than a whole task, there’s the concurrency("warehouse") context manager — same limiter, finer scope. The concurrency chapter has the full story.)

KubernetesExecutor → a Kubernetes work pool. This is where the executor split from chapter one pays off concretely. In Airflow, choosing Kubernetes means an executor = KubernetesExecutor in airflow.cfg and a pod_template_file, and it’s a deployment-wide decision. In Prefect it’s one work pool you create, and only the flows you deploy against it run as pods:

prefect work-pool create --type kubernetes bookshop-k8s

if __name__ == "__main__":
    daily_load.deploy(
        name="nightly",
        work_pool_name="bookshop-k8s",
        image="registry.example.com/bookshop:latest",
    )

Now daily_load runs as a Kubernetes job when it’s scheduled, while a different flow deployed to a process pool keeps running as a plain subprocess on a VM. You didn’t reconfigure the platform; you pointed one deployment at one pool. The work pools chapter covers the worker you run in-cluster to pull those jobs.

on_failure_callback → a state hook or an automation. Airflow’s on_failure_callback is a function the scheduler calls when a task fails. Prefect gives you two places to put that logic, and which one you pick is a real design choice. In-process, a state hook is a function attached to the flow that fires on a state transition:

def alert_oncall(flow, flow_run, state):
    send_slack(f"{flow_run.name} failed: {state.message}")

@flow(on_failure=[alert_oncall])
def daily_load():
    ...

That’s the closest one-to-one port, and the hook signature (flow, flow_run, state) is stable. But the more Prefect-native move is to leave the flow clean and put the reaction in an automation — a rule on the server that watches the event stream and fires when any run enters Failed, sending the notification without a line of alerting code in your flow. The hook couples the reaction to this flow; the automation decouples it and covers every flow at once. Port the callback to a hook if it’s flow-specific cleanup; port it to an automation if it’s operational alerting. The states and hooks chapter draws that line in detail.

backfill → a loop over run_deployment. This is the migration’s sharpest edge and it deserves its own section, but the mechanics belong in the table. Airflow’s airflow dags backfill -s 2026-01-01 -e 2026-01-31 daily_load walks a date range and materializes a run per interval, tracked as catchup. Prefect has no catchup concept — a flow doesn’t know its “logical date,” so there’s nothing to catch up on. You reproduce a backfill by triggering parameterized runs yourself:

from datetime import date, timedelta
from prefect.deployments import run_deployment

def backfill(start: date, end: date):
    day = start
    while day <= end:
        run_deployment(
            name="daily-load/nightly",
            parameters={"run_date": day.isoformat()},
            timeout=0,                      # fire-and-forget — see below
        )
        day += timedelta(days=1)

Each call triggers one real run of the deployment with that day as a parameter, and they queue and execute like any scheduled run — visible in the UI, retried, logged.

That timeout=0 is not decoration. run_deployment defaults to timeout=None, and in this API None means poll indefinitely — the call blocks until that run finishes. Leave it out and your “backfill” is a serial queue: it triggers July 1st, waits for it to complete, then triggers July 2nd. Thirty-one nightly loads, one after another, when the whole point of a backfill is that they can run concurrently. timeout=0 submits and returns immediately, and the work pool’s concurrency limit — not your while loop — decides how many run at once, which is exactly where that decision belongs.

The other catch is that your flow must take the date as a parameter rather than reading it from an execution context, because there is no execution context to read. A flow that assumed {{ ds }} was ambient has to be rewritten to accept run_date before it can be backfilled at all. That’s the single most common surprise in a real port, and it’s a design fix, not a config flag.

Sensor → an event trigger, or an honest polling task. An Airflow sensor is a task that sits in the graph and pokes — an S3KeySensor reoccupying a worker slot every thirty seconds until the file lands. Porting it well means not reproducing the poke. The native move is to flip it to push: the thing that drops the file emits an event, and an automation triggers your flow when the event arrives. If the producer is another Prefect flow, that’s emit_event("bookshop.orders.landed") on its side and an automation on yours — no polling, no burned slot. But you don’t always control the producer, and then the honest port is a task that polls, written as a plain retry loop rather than a framework sensor:

from prefect import task
from prefect_aws import S3Bucket

@task(retries=60, retry_delay_seconds=30)
def wait_for_orders(key: str):
    bucket = S3Bucket.load("bookshop-raw")
    if key not in {o["Key"] for o in bucket.list_objects()}:
        raise FileNotFoundError(key)   # a "retry" is the next poke
    return key

Sixty retries at thirty seconds is a thirty-minute poke window, and it reads as exactly what it is. The difference from an Airflow sensor is that you see the polling — it’s a retrying task, not a magic operator with a hidden poke_interval — and you can reach for the event-driven version the moment you control the producer. Prefer push; fall back to this.

TaskGroup / SubDAG → a subflow. An Airflow TaskGroup bundles tasks for visual grouping and reuse; a SubDagOperator (deprecated, but still in old code) nests a whole DAG. Both collapse into the plainest Prefect construct there is — a flow calling a flow:

@flow
def validate_orders(orders: list[dict]) -> list[dict]:
    ...  # the "task group" is just its own flow

@flow
def daily_load():
    orders = extract_orders()
    clean = validate_orders(orders)   # subflow call; runs and reports as a unit
    load(clean)

The subflow gets its own run record, its own state, and its own retries, and it composes by being called — no TaskGroup context manager, no SubDagOperator wiring, no separate DAG file. Grouping stops being an orchestration construct and becomes what it always should have been: a function.

A strategy that isn’t a rewrite weekend

The failure mode of an orchestrator migration is treating it as a rewrite: freeze features, port everything, cut over on a Saturday, discover the backfill semantics changed at 2 a.m. Don’t. Both engines are just processes that run Python and hit a database, and there is no rule that says only one may be alive. Run them side by side and migrate by pipeline.

Migrate by pipeline, not by feature. Pick one DAG and move the whole thing — flow, deployment, schedule, alerting — until it runs green on Prefect for a week. Then pick the next. The tempting alternative, “port all the PythonOperators, then all the schedules, then all the alerts,” leaves you with two half-working systems and no pipeline you can trust on either. One fully-migrated pipeline is worth ten half-migrated concepts, because it proves the whole path end to end — including the parts (deployment, worker, alerting) you can’t validate from a code diff.

Port a self-contained DAG first. The right first pipeline has no upstream or downstream dependency on another DAG, a single external system, and a schedule you can afford to run twice. A nightly extract-transform-load into one warehouse table is ideal; the DAG that fifteen other DAGs wait on via a sensor is the worst possible starting point. You want the first migration to teach you the mechanics — deploy, worker, block, schedule — without also teaching you cross-DAG coordination on day one. Save the entangled ones for after you trust the path.

Keep the schedules on Airflow until the flow is proven. Deploy the Prefect flow with its schedule paused and trigger it by hand for a few days, comparing its output against the Airflow run that’s still the source of truth. When they agree, pause the Airflow DAG and unpause the Prefect schedule in the same change. Re-pointing a schedule is two toggles, and doing them together — Airflow off, Prefect on — means there’s never a window where both write or neither does. If Prefect misbehaves, you flip it back; the Airflow DAG never left.

Bridge the two during the transition. A pipeline mid-migration often needs to talk across the fence, and both directions are a few lines. To trigger a Prefect flow from an Airflow DAG that hasn’t moved yet, drop a PythonOperator that calls run_deployment:

from airflow.providers.standard.operators.python import PythonOperator
from prefect.deployments import run_deployment

def kick_prefect():
    run_deployment(name="daily-load/nightly", timeout=0)  # fire-and-forget

trigger = PythonOperator(task_id="trigger_prefect", python_callable=kick_prefect)

timeout=0 returns immediately instead of blocking the Airflow worker until the flow finishes — the Airflow task’s job is to start the Prefect run, not babysit it. To go the other way and trigger a still-on-Airflow DAG from a Prefect flow, call Airflow’s REST API from a task:

import requests
from prefect import task
from prefect.blocks.system import Secret

@task
def trigger_airflow_dag(dag_id: str, conf: dict):
    token = Secret.load("airflow-api-token").get()
    resp = requests.post(
        f"https://airflow.example.com/api/v2/dags/{dag_id}/dagRuns",
        json={"conf": conf},
        headers={"Authorization": f"Bearer {token}"},
    )
    resp.raise_for_status()
    return resp.json()["dag_run_id"]

With those two bridges you can migrate the middle of a dependency chain: the upstream Airflow DAG triggers your new Prefect flow, which triggers the still-Airflow downstream, and nobody notices the seam. The chain migrates one link at a time, and at every step something real is running the business.

Gotchas worth knowing before you commit

The mapping table is honest about shape but quiet about friction. Four things will bite, and knowing them before the port beats discovering them during it.

There is no backfill UI like Airflow’s. This is the one that generates the most “wait, where is it” in a migration. Airflow gives you a first-class backfill: a date range, a catchup toggle, a grid view that shows exactly which intervals ran and lets you clear-and-rerun a cell. Prefect has none of that as a built-in surface. A backfill is a script you write — the run_deployment loop above — and the “which dates ran” question is answered by filtering the runs list, not by a purpose-built grid. For a team whose operational muscle memory is “clear the failed cell in the tree view and let it rerun,” this is a genuine downgrade in ergonomics, and it’s worth building a small internal backfill helper early so nobody hand-writes the loop each time. The flip side is that a backfill is just parameterized runs, so it’s scriptable, parameterizable, and testable in ways Airflow’s baked-in version isn’t — but you are trading a UI for a script, and you should say so out loud when you pitch the migration.

The provider ecosystem is smaller — map to prefect-* or plain SDKs. Airflow’s superpower is that there is already an operator for the obscure thing: a SnowflakeToS3Operator, a GoogleCloudStorageToBigQueryOperator, hundreds of them. Prefect’s integration libraries — prefect-aws, prefect-gcp, prefect-snowflake, prefect-dbt, prefect-shell, and the rest — cover the common systems with blocks and helpers, but they’re a tidy set, not an exhaustive catalog. When you hit an Airflow operator with no prefect-* equivalent, the port is a task that calls the vendor’s own SDK — boto3, google-cloud-storage, a snowflake-connector-python cursor — which is usually five lines and often clearer than the operator’s dozen parameters. But budget for it: “find the operator, fill in its kwargs” becomes “write the SDK call,” and for a DAG that leaned on ten exotic operators that’s real work, not a decoration swap.

The dynamic-by-default mindset shift is the deep one. Airflow parses your DAG file at the top level, repeatedly, to build the graph — which is why top-level code has to be cheap, why you don’t put a database query at module scope, and why dynamic shape needs a mapping API. Prefect has no parse step; the graph is discovered as the function runs, so a for loop over a query result is the fan-out and an if is the branch. The trap on the way in is porting an Airflow developer’s habits rather than their DAG: writing a Prefect flow that still avoids “expensive top-level code” that no longer exists, or reaching for a mapping helper where a plain loop would do. The port isn’t just syntactic — the whole reason to avoid dynamic shape in Airflow evaporates, and code that fought the parser can be deleted, not translated. Miss that and you’ll write timid Prefect that reads like Airflow with different imports.

Sometimes Airflow is still the right home. A migration project needs a stop rule, and the honest one is: not every DAG should move. A large, fixed, nightly batch graph feeding a warehouse — the same forty tasks in the same order every night, leaning on a dozen mature providers, with an ops team whose runbooks are built around the grid view and backfill UI — gains little from Prefect and gives up a decade of hardening and a picture of the graph you can read before it runs. Prefect earns its place on the pipelines that are dynamic: shape that depends on the data, workflows that double as background jobs, event-triggered work, config that wants to be typed objects, pipelines that change often enough that the ceremony hurts. The right output of an evaluation is a split — the dynamic, Python-heavy, fast-changing pipelines move; the big fixed batch graphs stay — not a mandate to migrate everything. A team that ports its whole estate to prove a point usually ends up wishing half of it were back on Airflow.

Final thoughts

Sixteen chapters, and the arc was never “Prefect wins.” It was: here is what a pipeline looks like when the orchestrator reads order off running Python instead of asking you to declare a graph, and here is how every Airflow concept you own translates into that world — cleanly for most rows, with a real shift for a few, and not at all for the three features (transactions, automations, background tasks) Airflow simply doesn’t have.

Migration is where that translation stops being an intellectual exercise and meets your actual deployment — the DAG that pays the bills, the ops team with muscle memory, the backfill someone will need at 2 a.m. The right way through it is the unglamorous one: both engines alive at once, one pipeline moved at a time, schedules re-pointed only after a flow has proven itself for a week, and a clear-eyed decision about which pipelines shouldn’t move at all. The flashy rewrite weekend is how migrations fail; the boring pipeline-by-pipeline crawl is how they succeed.

And the deepest thing the book had to teach can’t be ported, only learned: Prefect and Airflow are two coherent answers to what a pipeline is — dynamic Python versus a scheduled graph — and the skill isn’t fluency in one, it’s knowing which of your pipelines is which. You can read a Prefect codebase now and see the Airflow shape under it. You know which rows in the map are clean swaps and which are mindset shifts. You know where Prefect’s transactions and automations give you things you were building by hand, and where Airflow’s static graph and provider catalog were never the thing slowing you down. Take that judgment to your own estate, split it honestly, and move the half that’s fighting the graph. That’s the whole job — and it’s where this book leaves you.


Examples in this chapter are docs-checked against the book’s stated versions (Prefect 3.x, Airflow 3.x), but they were not executed in this repository.
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