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dbt build Is a Black Box in Airflow

dbt hands you a DAG. Every ref() you write draws an edge. By the time the bookshop project has stg_customers, stg_orders, stg_payments, an int_order_payments in the middle, and orders and customers at the marts layer, dbt knows the exact order those models have to run, and which ones can run in parallel. Airflow hands you a different DAG — one that schedules work, retries what fails, and stitches together tasks across every tool in your stack. Both are directed acyclic graphs. Both are good at what they do. The temptation is to bolt them together the obvious way, and the obvious way quietly discards half of what you’re paying for.

The obvious way is one task that runs dbt build. It works. It’s also a black box.

One green bar, no information

Picture the bookshop pipeline running nightly in Airflow as a single dbt build task. Most nights it’s a green bar in the grid and nobody thinks about it. Then int_order_payments throws a division-by-zero on a day when a customer has a refund larger than their order total, and the whole thing goes red.

Now look at what Airflow can actually tell you. One task failed. That’s it. Which of the six models died? Open the logs, scroll past the compiled SQL for every model that ran before it, and read dbt’s own output to find out. Airflow — the thing whose entire job is to make failures legible — has no idea int_order_payments exists. It saw a shell command exit non-zero.

Retrying is worse. The failure was in one intermediate model, but your retry button reruns dbt build from the top. The three staging models that already succeeded run again. If you’re paying per query, you pay again. If a staging model takes twenty minutes, you wait again. The unit of retry is the entire project, because the entire project is one task.

And dbt’s parallelism is stuck behind Airflow’s back. dbt can run stg_customers, stg_orders, and stg_payments at the same time — it knows they don’t depend on each other. But Airflow can’t schedule around a graph it can’t see. It can’t slot a dbt model between an unrelated extract and a downstream export, can’t give one slow model its own pool, can’t show you the lineage. dbt’s structure is real, and inside a single task it’s invisible.

Two kinds of parallelism, and why they’re not the same

There’s a line people repeat about this — “with a task per model, dbt’s parallelism becomes Airflow’s parallelism” — and it’s true enough to be useful and wrong enough to bite you. The two systems parallelize at completely different granularities, against completely different limits, and pretending they’re one number is how you end up either starving the warehouse or hammering it.

dbt’s parallelism is threads, set per target in profiles.yml. It’s in-process: a single dbt build invocation walks the graph and, whenever more than one model is unblocked, hands them to a thread pool inside that one process. threads: 4 means at most four models compile-and-submit-and-wait concurrently, all from one machine, one dbt process, one warehouse connection pool. The number is really a statement about the warehouse — how many concurrent queries you’re willing to throw at Postgres or Snowflake before you saturate a virtual warehouse or blow through a connection limit. It has nothing to do with how much compute the orchestrator has.

Airflow’s parallelism is task slots, and it’s spread across workers. How many tasks run at once is governed by a stack of ceilings: the executor’s worker capacity, max_active_tasks_per_dag on the DAG, the global parallelism, and — the knob that actually matters here — pools. A pool is a named bucket of slots that any set of tasks can be assigned to. Put every dbt-model task in a pool with four slots, and no more than four run at a time, no matter how many workers are idle. That number is a statement about the cluster — how many task processes your workers can host.

So when you fan a dbt project out into one task per model, you don’t inherit dbt’s threads setting. You retire it. Each model now runs in its own dbt run --select one_model invocation. That’s roughly what Cosmos does, and chapter seven pulls the covers off it. So each task is a single-threaded dbt process, and threads inside it is nearly moot because there’s only ever one model to run. The concurrency that used to be dbt’s thread pool is now Airflow’s pool of slots. The catch is that these two limits protect different things, and the migration silently swaps one for the other:


	dbt threads were protecting the warehouse from too many simultaneous queries.

	Airflow slots are protecting the cluster from too many simultaneous task processes.



Say you set threads: 4 for years to keep a small Snowflake warehouse happy, then fan out to a task per model on a beefy Kubernetes cluster with no pool limit. Airflow will cheerfully launch fifteen model tasks at once, and fifteen queries land on a warehouse tuned for four. Nothing in the fan-out carried your old ceiling across. You have to re-express it as a pool. The good news is that a pool is a better tool for the job. It’s visible in the UI. It can be shared across DAGs, so your nightly bookshop run and an ad-hoc backfill compete for the same warehouse budget. And it decouples “how much warehouse can I use” from “how much cluster do I have.” But it’s a knob you now own explicitly, in Airflow. “dbt’s parallelism becomes Airflow’s” is doing a lot of quiet work to gloss that hand-off.

What good looks like

The fix isn’t to run dbt differently. It’s to make Airflow see the same graph dbt sees. One Airflow task per dbt model. One task per test. int_order_payments becomes a node in the Airflow grid, sitting downstream of the three staging models and upstream of orders, exactly where dbt already knows it belongs.

Everything the black box swallowed comes back. A failure points at one node — you read the model name off the grid, not out of a log. A retry reruns that model and its downstream, not the staging layer that already passed. The concurrency moves under Airflow’s control, where a pool can cap warehouse load and a scheduler can interleave a dbt model with an unrelated extract. Lineage shows up where you’d look for it.

Translating a dbt project into Airflow tasks by hand would be miserable and would rot the moment someone adds a model. So you don’t do it by hand. Astronomer Cosmos parses your dbt project and renders its graph as Airflow tasks for you, and it’s what this book builds toward in chapter three. First, though, it’s worth building the black box on purpose — the naive bridge is a real pattern, and you can’t appreciate what Cosmos buys you until you’ve felt what it costs.

When the black box actually wins

Here’s the part the “task per model” pitch usually skips: sometimes the monolith is the right call, and not only for toy projects. There’s a cost model underneath this, and it’s U-shaped — the fan-out pays off in the middle and stops paying at both ends.

At the small end, the black box wins because there’s almost nothing to make legible. A project with eight models that runs in ninety seconds and reruns cleanly from the top gains little from per-model tasks. When it fails, dbt build’s own output tells you which model died in the first screen of logs — you didn’t need the grid to find it. A full rerun costs ninety seconds and a handful of cheap queries, so the “retry reruns everything” objection is a rounding error. Against that, a task per model adds real overhead: every task is a separately scheduled unit with its own queue time, its own worker startup, its own row in the metadata database. For eight models the ceremony costs more than it saves. One @task.bash running dbt build is the correct engineering answer, and reaching for Cosmos here is over-tooling.

At the large end — and this is the counterintuitive one — the fan-out can lose again, for the opposite reason. Per-task overhead is roughly fixed per task, so it scales linearly with model count, while the benefit (finding the one model that failed, retrying only its subtree) is realized rarely, only on the failing runs. Two costs grow with the size of the project:


	Scheduler and slot overhead. Every model task is scheduled, queued, dispatched to a worker, heartbeated, and recorded. A few hundred milliseconds to a couple of seconds of pure orchestration tax per task sounds trivial until you multiply it by 800 models and 800 tests. A monolithic dbt build that finishes in twelve minutes can turn into a run that spends more wall-clock time in Airflow’s scheduling machinery than in the warehouse, because you’ve handed the scheduler 1,600 things to babysit instead of one.

	The parse tax. To render a dbt project as tasks, something has to know the graph before the DAG runs — which means running dbt ls (or parsing manifest.json) at DAG-parse time. Cosmos does this for you, but it isn’t free, and on a large project it isn’t cheap. If it happens on every scheduler parse loop, a big project can add seconds to minutes of dbt invocation to the scheduler itself, on a cadence measured in tens of seconds. This is exactly why the render side of Cosmos has a whole configuration surface for caching the manifest and avoiding re-parsing — a surface chapter seven is about, and a tax you don’t pay at all with one dbt build.



Put rough numbers on it. Say the orchestration tax is a conservative one second per task — schedule, queue, dispatch, heartbeat, record. A 12-model project fanned into models plus tests is maybe 24 tasks: 24 seconds of pure tax against a run that’s minutes long. Invisible. Scale that to an 800-model project with a test on nearly every model, call it 1,500 tasks. You’ve added roughly 25 minutes of orchestration overhead, some of it serialized behind slot limits, to a dbt build that finished in twelve. The warehouse work didn’t change; you spent the extra half hour inside Airflow. Add the parse tax on top. If rendering that project runs dbt ls on the scheduler every parse loop, and that call takes 30 seconds on a big project, the scheduler is now doing 30 seconds of dbt work on a repeating cadence. Just to draw the DAG, whether or not it runs. Neither number exists for a single dbt build. The fan-out didn’t make the pipeline slower to transform — it made it more expensive to orchestrate, and past a certain size that bill is real.

So the decision boundary isn’t “big project → fan out.” It’s shaped by three questions:


	How often does it fail in a way where finding the failed model is the bottleneck? If failures are rare and dbt’s own logs already point at the culprit, per-model legibility buys little.

	How expensive is a full rerun? If any single model is slow or costly, the ability to retry one subtree instead of the whole project is where the fan-out earns its keep. This is the strongest single reason to do it.

	What does the parse/schedule overhead cost at your model count? Below a hundred-ish models it’s noise; into the many hundreds it’s a line item you must actively manage.



The sweet spot for a task per model is the messy middle. Dozens to low hundreds of models, some of them slow or expensive, failing often enough that “which model, and rerun just that branch” is a question you ask for real. The bookshop lives squarely in that middle, which is why this book orchestrates it that way. But say you run a 900-model monolith that almost never fails and reruns in fifteen minutes. Keeping it as one task, or fanning out only the expensive marts and leaving staging as a single build, can be the more honest answer. Cosmos supports exactly that middle ground too, via how you group and select, which is chapter four’s subject. The point is that “always fan out” is a slogan, not a cost model.

The integration landscape

“Run dbt from Airflow” has more than one answer, and Cosmos is a choice among them, not the only door. Four options come up in practice, and they sit on a line from least to most structure:

A plain BashOperator (or @task.bash). One task, dbt build, the black box we’ve been describing. Least code, fewest dependencies, no knowledge of dbt’s graph. It’s the right tool at the small end and the honest baseline everything else is measured against — which is why the next chapter builds it deliberately before we replace it.

A hand-rolled manifest parser. dbt writes a manifest.json describing every node and edge. You can read it yourself, walk the nodes, and generate one Airflow task per model with dbt run --select calls wired up by dependency:

import json
from airflow.sdk import dag, task

with open("/usr/local/airflow/include/dbt/bookshop/target/manifest.json") as f:
    manifest = json.load(f)

models = {
    uid: node for uid, node in manifest["nodes"].items()
    if node["resource_type"] == "model"
}
# then: create a task per model, and set task_a >> task_b
# for every parent/child edge in node["depends_on"]["nodes"]

This is genuinely a few dozen lines to a first working version — and then it’s a project. You have to handle tests, snapshots, and seeds, and decide how to select subsets. You have to keep the manifest fresh and render it without re-parsing on every scheduler loop. You have to deal with dbt’s full-refresh and vars. And you have to maintain all of it as dbt’s manifest schema evolves version to version. Cosmos is, in essence, this parser, done well, by people who track dbt’s manifest schema so you don’t. Building your own is reasonable if you have needs Cosmos doesn’t meet; for most teams it’s re-implementing a maintained library.

Astronomer Cosmos. DbtDag renders an entire dbt project as an Airflow DAG, and DbtTaskGroup embeds a dbt project as a group of tasks inside a larger DAG. The second is what you reach for when dbt is one stage among extract, load, and reverse-ETL. Cosmos parses the project, builds the task-per-model graph, threads your Airflow connection into a dbt profile, and gives you selectors, execution modes, and test placement as configuration. It runs dbt on your own workers, against your own warehouse. This is the book’s spine, starting in chapter three.

DbtCloudRunJobOperator. If your team runs dbt Cloud, the transformation already lives there — jobs, scheduling, logs, and its own scheduler. In that world Airflow’s job isn’t to run dbt model-by-model; it’s to trigger a dbt Cloud job and wait for it:

from airflow.providers.dbt.cloud.operators.dbt import DbtCloudRunJobOperator

run_bookshop = DbtCloudRunJobOperator(
    task_id="run_bookshop",
    dbt_cloud_conn_id="dbt_cloud",
    job_id=12345,
    wait_for_termination=True,
)

Note what this is: a black box by design. From Airflow’s side it’s one task — the whole dbt run collapses back into a single node, because the per-model graph lives inside dbt Cloud’s UI, not Airflow’s. That’s a fine trade when dbt Cloud is where your analytics engineers already work and you want Airflow only to own the seam — fire the dbt Cloud job after the load, block until it’s done, then kick off reverse-ETL. You give up in-Airflow lineage and subtree retries; you gain a managed dbt runtime and a clean separation of concerns. The choice between this and Cosmos is really a choice about where the dbt graph should be legible — inside Airflow (Cosmos) or inside dbt Cloud (the operator).

Why Airflow at all, and the seam it owns

If dbt already has a graph and already knows the order to run it in, why not just dbt build on a cron and skip Airflow entirely? Because dbt’s graph stops at the edge of the warehouse. It knows int_order_payments sits downstream of stg_orders and stg_payments. It has no idea that all three depend on a Fivetran sync landing this morning’s rows, or that the finance team’s export can’t run until orders is fresh.

Airflow owns the seams between tools. The extract-and-load that feeds the bookshop’s raw tables, the dbt run that transforms them, the reverse-ETL that pushes marts back into the CRM: those live in different systems. Something has to sequence them, retry the flaky HTTP call in the middle, and backfill a two-week gap when a source was quietly broken. That something is Airflow. dbt models the warehouse; Airflow models the day.

In Airflow 3.x, the mechanism that actually stitches those seams together has a name: Assets. (If you learned Airflow on 2.x, these are Datasets, renamed — same idea, sharper API.) An Asset is a named piece of data that a task can declare it produces, and a DAG can declare it consumes by scheduling on it. Instead of guessing a cron time that’s “probably after Fivetran finishes,” the dbt DAG says schedule=[Asset("bookshop_raw")] and runs the instant the load marks that Asset updated — data-aware scheduling, not clock-aware guessing:

from airflow.sdk import Asset, dag

@dag(schedule=[Asset("bookshop_raw")], catchup=False)
def bookshop_transform():
    ...

This is the through-line of the whole Fivetran → dbt → reverse-ETL seam. The load task produces the bookshop_raw Asset. The dbt stage consumes it and, model by model, produces an Asset per model — Cosmos does this automatically when you turn on emit_datasets, so every dbt model becomes a first-class Asset in Airflow’s lineage. And the reverse-ETL export schedules on the marts Assets it cares about, running only when orders is genuinely fresh. Three tools, three schedules, and none of them is a cron guess — each stage is triggered by the data the previous one produced. That’s Airflow owning the day at the granularity of individual tables, and it’s the payoff that a single dbt build on a timer can’t reach. The assets-and-lineage chapter later in the book builds this seam end to end. For now it’s enough to know that “Airflow owns the seams” isn’t a metaphor: it’s a concrete schedule=[Asset(...)] and a per-model Asset that Cosmos emits for you.

Final thoughts

The mistake isn’t running dbt from Airflow — that’s the right instinct. The mistake is flattening dbt’s graph into a single node on the way in by default, without asking whether flattening is what you want. Most of the time, in the messy middle where the bookshop lives, it isn’t. You want failures that point at one model, retries that rerun one subtree, concurrency you cap with a pool, and seams stitched by Assets rather than crontab arithmetic. Sometimes — a tiny project, or a giant one that reruns cleanly and never fails interestingly — the black box is the correct, cheaper answer, and reaching for Cosmos is over-engineering. A good integration doesn’t hide one tool’s structure from the other; it lets both graphs be one graph when that’s worth paying for. The rest of this book is about getting there deliberately — but the honest first step is to build the black box and stare at it.





The Naive Bridge: dbt in a BashOperator

Before reaching for a framework, build the thing a framework replaces. The simplest way to run dbt from Airflow is to shell out — cd into the project, run dbt build, let Airflow schedule it. It’s a black box, as the previous chapter argued, but it’s a real pattern that plenty of production pipelines run today, and you can’t judge what Cosmos improves until you’ve built the baseline it improves on. So build the baseline, honestly, limits and all. The value isn’t the DAG you end up with; it’s that every rough edge you hit here has a name in the next chapter, and you’ll recognize it because you felt it first.

Getting the project into reach

Airflow needs three things to run dbt: the dbt executable, the bookshop project files, and a profile telling dbt which database to hit.

Local dev here is the Astro CLI — astro dev start spins up the whole Airflow stack — so dependencies go in the project’s requirements.txt:

dbt-core
dbt-postgres

The adapter matters. In the dbt book the bookshop ran on dbt-duckdb, and DuckDB is perfect for a laptop. It’s awkward the moment work distributes across Airflow tasks, because DuckDB is a single local file — one writer, on one machine, with no notion of a connection from elsewhere. Point dbt at Postgres instead. It’s reachable over the network, it’s what an Airflow connection is built to describe, and it survives the jump from your laptop to a worker you don’t control.

The dbt project lives inside the Astro project so the scheduler can see it. Under include/ is the conventional home for files that aren’t DAGs:

include/dbt/bookshop/
  dbt_project.yml
  packages.yml
  models/
    staging/
    intermediate/
    marts/

That packages.yml is easy to overlook and it’s the first thing that will bite you. The bookshop leans on dbt_utils for a few tests and helpers, so the project declares a dependency:

packages:
  - package: dbt-labs/dbt_utils
    version: [">=1.1.0", "<2.0.0"]

On your laptop you ran dbt deps once, months ago, and forgot it existed. The packages are sitting in dbt_packages/ and every dbt build since has found them. A fresh Airflow worker has no such history.

The dependency step the naive DAG forgets

Here is the DAG most people write first, and it’s wrong in a way that passes on your machine and fails in CI:

@task.bash(env={"DBT_PROFILES_DIR": DBT_PROJECT})
def dbt_build() -> str:
    return f"dbt build --project-dir {DBT_PROJECT}"

Run it on a clean worker — a Kubernetes pod that came up thirty seconds ago, or a rebuilt Astro image — and dbt stops before it compiles a single model:

Compilation Error
  dbt found 1 package(s) specified in packages.yml, but only 0
  package(s) installed in dbt_packages. Run "dbt deps" to install...

dbt build does not install packages. It expects them present. On your laptop they are, because you ran dbt deps by hand and the result stuck around. The worker never ran it, so dbt_packages/ is empty, and the run dies at parse time with a compilation error that has nothing to do with your SQL. Any project with a packages.yml breaks this way on a machine that hasn’t been primed.

The fix is one more command, chained ahead of the build:

@task.bash(env={"DBT_PROFILES_DIR": DBT_PROJECT})
def dbt_build() -> str:
    return (
        f"dbt deps --project-dir {DBT_PROJECT} && "
        f"dbt build --project-dir {DBT_PROJECT}"
    )

&& short-circuits: if dbt deps fails to resolve a package — a version pin that no longer exists, a registry that’s down — the whole command exits non-zero and dbt build never runs, which is exactly what you want. You don’t want a build against half-installed dependencies.

You might split this into two tasks, dbt_deps >> dbt_build, for a cleaner grid. It reads better but it’s a trap: dbt deps writes into dbt_packages/ inside the project directory, and as we’re about to see, that directory doesn’t reliably survive from one task to the next. Two tasks means two workers, and the second one may not see what the first installed. Chaining deps and build in a single shell command keeps them on the same machine, in the same filesystem, in the same breath. Keep them together.

Remember this shape, because it doesn’t go away when you adopt Cosmos — it just changes clothes. Cosmos parses your project to build the DAG, and parsing a project with unmet packages fails the same way. So it exposes RenderConfig(dbt_deps=True) to install packages before it renders the graph, plus an operator-level install_deps to install before a run executes. Same problem, same fix, wearing a keyword argument. The naive bridge just makes you see the mechanism bare.

The DAG

The Task SDK’s @task.bash turns a shell command into an Airflow task. Wire it downstream of the extract-and-load that lands the raw tables, so the ordering reflects reality — dbt transforms rows that something else had to fetch first.

from airflow.sdk import dag, task

DBT_PROJECT = "/usr/local/airflow/include/dbt/bookshop"

@dag(schedule="@daily", catchup=False)
def bookshop_transform():

    @task.bash
    def extract_load() -> str:
        return "python /usr/local/airflow/include/el/sync_bookshop.py"

    @task.bash(env={"DBT_PROFILES_DIR": DBT_PROJECT})
    def dbt_build() -> str:
        return (
            f"dbt deps --project-dir {DBT_PROJECT} && "
            f"dbt build --project-dir {DBT_PROJECT}"
        )

    extract_load() >> dbt_build()

bookshop_transform()

--project-dir points dbt at the project; DBT_PROFILES_DIR points it at the profile. The >> makes dbt wait for the load. Nothing surprising — that’s the point. It runs, and every night it’s one task installing packages and doing one dbt build.

@task.bash is the Task SDK’s decorator form, and it’s the idiomatic choice in Airflow 3.x. The classic operator is still there if you prefer instantiating it directly — from airflow.providers.standard.operators.bash import BashOperator (note the providers.standard path; in Airflow 3 the once-core operators live in provider packages). The decorator and the operator produce the same kind of task and hit the same limits, so nothing in this chapter changes if you swap one for the other. I’ll use the decorator; read every claim as true of both.

A word on where dbt thinks it is. Two flags and one environment variable decide that, and their precedence is worth committing to memory because getting it wrong produces baffling “can’t find the project” errors:


	Project directory — dbt uses --project-dir if you pass it, otherwise the current working directory, otherwise it walks upward looking for a dbt_project.yml. @task.bash runs your command in a temporary working directory, not your project, so relying on cwd is asking for trouble. Pass --project-dir explicitly, or set the decorator’s cwd= argument to the project path — but not both loosely, because a --project-dir that disagrees with cwd will quietly win and confuse the next person reading the log.

	Profiles directory — dbt uses --profiles-dir if passed, otherwise the DBT_PROFILES_DIR environment variable, otherwise ~/.dbt/. On a worker there is no ~/.dbt/, so if you set neither, dbt looks in the home directory, finds nothing, and errors. Setting DBT_PROFILES_DIR in env= (as above) is the clean way; --profiles-dir on the command line does the same job.

	Target — --target prod overrides the target: key in your profile, letting one profile carry a dev and a prod output and letting the DAG choose. Handy when the same DAG runs in staging and production against different schemas.



Set the two directories explicitly and you never wonder which project ran against which database. That’s a question you will ask the first time a staging run writes to a production schema, because dbt fell back to a default you forgot about.

Credentials without committing credentials

dbt reads database connection details from profiles.yml. The naive version commits host, user, and password straight into the repo, which is fine right up until it’s a breach. Airflow already has a home for secrets — the connection store — so source the profile from there instead of hardcoding it.

The clean trick is to keep profiles.yml free of literal secrets and have it read environment variables, which dbt supports with env_var:

bookshop:
  target: prod
  outputs:
    prod:
      type: postgres
      host: "{{ env_var('DBT_HOST') }}"
      user: "{{ env_var('DBT_USER') }}"
      password: "{{ env_var('DBT_ENV_SECRET_PASSWORD') }}"
      dbname: "{{ env_var('DBT_DBNAME') }}"
      schema: analytics
      port: 5432

Then populate those variables from an Airflow connection at task time, so the credentials live in Airflow’s secret backend and never touch git. Keep them in the task environment, not in the command string. Inline DBT_PASSWORD=... dbt build looks convenient, but command-line arguments are visible to process listings — anyone who can run ps on that worker reads your password in the clear — and they often appear verbatim in Airflow’s rendered-command view, which is exactly the log a teammate opens to debug the task. The environment is still sensitive, but it stays out of the process table and out of the rendered command, and it avoids the easy leak.

from airflow.sdk import dag, task

@task.bash(
    env={
        "DBT_PROFILES_DIR": DBT_PROJECT,
        "DBT_HOST": "{{ conn.bookshop_postgres.host }}",
        "DBT_USER": "{{ conn.bookshop_postgres.login }}",
        "DBT_ENV_SECRET_PASSWORD": "{{ conn.bookshop_postgres.password }}",
        "DBT_DBNAME": "{{ conn.bookshop_postgres.schema }}",
    }
)
def dbt_build() -> str:
    return (
        f"dbt deps --project-dir {DBT_PROJECT} && "
        f"dbt build --project-dir {DBT_PROJECT}"
    )

The DBT_ENV_SECRET_ prefix does one specific thing and it’s worth being precise about, because it’s easy to overtrust: dbt scrubs any environment variable whose name starts with DBT_ENV_SECRET_ from its own output — compiled SQL, the run log, error messages. It does not scrub Airflow’s logs, the process environment, or anything a subprocess dbt spawns might print. It’s a guard against dbt itself echoing the password back at you, not a general secret manager. Keep the credential in Airflow’s backend and out of the command line; treat the prefix as a second layer, not the wall.

dbt names the profile it wants with the profile: key in dbt_project.yml (bookshop here). One connection, defined once in Airflow or in the configured secrets backend, feeds the profile — no plaintext password in the repo, no password on the process command line, and rotating the credential is a change in one place.

The filesystem your task runs on

Everything so far assumed the worker’s disk behaves like your laptop’s. It doesn’t, and the difference is the quiet foundation the rest of this book is built on, so it’s worth making concrete now while the DAG is simple enough to see clearly.

When dbt runs, it writes. Not just to the database — to a target/ directory inside the project, and that directory fills up with artifacts:

include/dbt/bookshop/target/
  compiled/           # your models with Jinja rendered to plain SQL
  run/                # the exact SQL dbt sent to the warehouse
  manifest.json       # the full graph: every node, ref, test, config
  run_results.json    # what happened this run: node, status, timing
  graph.gpickle       # the compiled DAG, dbt's internal form

Two of these matter beyond the current run. manifest.json is the complete picture of your project as of this run — every model, every ref() edge, every test and its config. run_results.json records the outcome of each node: passed, failed, skipped, how long it took. dbt’s state-comparison features — “build only what changed since last time,” “retry only what failed” — read a previous run’s manifest.json and diff against it. That’s the entire mechanism behind dbt build --select state:modified. It needs a manifest from before to compare the manifest from now.

Here’s the problem the naive bridge can’t solve. An Airflow worker’s filesystem is ephemeral. Under the Kubernetes executor, each task is a fresh pod that comes up, runs, and is destroyed — the disk goes with it. Even under a Celery worker that persists, you get no promise the next task or the next day’s run lands on the same worker, or that anything you wrote survives a deploy that rebuilds the image. So the target/ directory dbt so carefully produced exists for the lifetime of one task and then evaporates. Tomorrow night’s run starts with an empty target/ and no memory of tonight.

Which means dbt build --select state:modified has nothing to modify against. There’s no prior manifest on the worker, so dbt can’t tell what changed and either errors or falls back to building everything. The clever selectors that make dbt fast at scale are inert here, not because the flags don’t work but because the state they compare against washed away with the pod. It’s the same reason dbt deps had to run every task — dbt_packages/ is on that same disappearing disk.

You can’t fix this inside a BashOperator without bolting on infrastructure. Pushing target/ to S3 or GCS at the end of every run and pulling it back at the start of the next, managing versions, handling the first-run case where there’s nothing to pull. That’s a real pattern and a whole chapter later in this book does exactly that, deliberately, with Airflow object storage. The point for now is to see the gap: dbt’s state model assumes a persistent working directory, and Airflow workers don’t give you one. Every “make dbt incremental in Airflow” story is a story about smuggling target/ across the ephemeral gap. File that away — it’s the exact problem the state-and-deferral chapter opens on.

When dbt fails, what Airflow sees

Run dbt build and dbt does a lot: it runs models, runs tests, and reports each one. When something goes wrong, dbt has a rich, per-node picture of what happened. Airflow, through a BashOperator, sees exactly one number: the process exit code. That gap is the whole reason the next chapter exists, so let’s look straight at it.

dbt’s exit codes are coarse. 0 means everything it attempted succeeded. 1 means at least one node failed — a model errored, or a test failed at error severity. 2 is a usage error, like a bad flag. That’s essentially the vocabulary. A run where twelve models built cleanly and one test failed returns the same 1 as a run where dbt couldn’t connect to the database at all.

The dbt build command interleaves models and their tests in dependency order, and its default failure behavior is a partial one. When a model fails, dbt skips the models downstream of it — they depend on data that isn’t there — but keeps building everything on independent branches. So a single failure in int_order_payments doesn’t stop stg_customers on a parallel branch from completing; it stops orders and customers downstream of it. You end the run with some models built, some failed, some skipped. dbt knows precisely which is which — it’s all in run_results.json — and it returns 1.

Test severity adds a second axis. A dbt test can be declared severity: warn or severity: error (the default). A failing error test fails the run and pushes the exit code to 1. A failing warn test prints a warning and does not fail the run — exit code stays 0. So a dbt build can surface a genuine data-quality problem, tell you about it in the log, and still hand Airflow a green 0. If your definition of “the pipeline is healthy” includes those warnings, the exit code alone will lie to you by omission. (You can promote warnings to failures with --warn-error when you want zero tolerance, but that’s a choice you have to make.)

--fail-fast changes the shape of a failure: instead of continuing to build independent branches after the first error, dbt stops at the first failed node. It’s the difference between “tell me everything that’s broken” and “stop the moment anything is.” Faster feedback and less warehouse spend on a run you already know is doomed, at the cost of a complete failure picture. Useful in CI; a matter of taste in production.

The command choice matters here too. dbt build is deliberate. It interleaves each model with the tests that guard it, so a model’s tests run right after it’s built and before anything downstream depends on it. A failing test stops bad data from propagating, the same as a failing model would. The older habit of dbt run && dbt test splits that into two phases, and in a shell command, two exit codes you’d have to reason about. dbt run can return 0 and then dbt test return 1, and your && chain has to decide whether the run “succeeded.” Worse, run-then-test builds every model first and validates afterward, so bad rows land in downstream tables before any test catches them. dbt build folds the two into one exit code with the right ordering baked in, which is precisely why it’s the command a BashOperator wants — one process, one status, tests where they belong. It doesn’t fix the granularity problem (you still get one number for the whole graph), but it at least makes that one number mean something coherent.

Now stand where Airflow stands. @task.bash launched a subprocess, waited, and read the exit code. It got 1. It has no idea that eleven models passed, that the failure was int_order_payments, that three marts were skipped, or that a warn-level freshness test also tripped. All of that lives in run_results.json on a disk that’s about to vanish. Airflow marks the whole task failed and, on retry, reruns the whole command — dbt deps, then dbt build over the entire project, staging and all — because the project is the only unit it was ever given. There is no model-level granularity to retry, because from Airflow’s side there are no models. There’s a command that returned non-zero.

That is the motivating gap, stated as plainly as it gets: dbt has per-node truth, and the BashOperator throws all of it away at the exit-code boundary. Cosmos’s entire contribution is to stop throwing it away. Each dbt node becomes its own Airflow task, so a failure is a red cell you can name and retry, not a red bar you can only rerun whole. You’ll appreciate that far more having watched a single 1 stand in for everything dbt actually knew.

What you just built, and what it can’t do

It works. It’s scheduled, it’s ordered after the load, its packages install, and its credentials are handled properly. It’s also everything the previous chapter warned about, now concrete.

It’s one task. int_order_payments failing looks identical to stg_orders failing — a red bar and a log to scroll. Retry reruns the whole project, staging and all, because the project is the retry unit. dbt runs stg_customers, stg_orders, and stg_payments in parallel internally, but Airflow sees none of it and can schedule around none of it. A failure halfway through means a full rerun — tolerable if every model is idempotent and cheap, wasteful the day one isn’t. State can’t help you make it incremental, because state washes off the worker between runs. And the exit code that decides pass or fail is a single coarse number that can hide a warning-level problem entirely.

None of that is a bug in the code. It’s the ceiling of the approach. A single shell command can’t expose a graph it treats as an opaque blob, can’t persist the state that would make it incremental, and can’t report at a finer grain than the exit code the shell hands back. No matter how cleanly you wire the connection.

Final thoughts

The BashOperator bridge is worth building precisely because it’s honest about the trade. It’s the least code, the fewest moving parts, and for a small project that reruns cleanly it might be all you ever need. But you’ve now met, in the flesh, the three seams the rest of this book works. The packages that must be installed on every ephemeral worker. The target/ artifacts that vanish before the next run can use them. And the exit code that flattens dbt’s per-model truth to a single bit. The moment you find yourself scrolling logs to learn which model died, or rerunning twenty minutes of staging to retry one broken mart, you’ve hit the ceiling — and that ceiling is the exact shape of the next chapter. Cosmos doesn’t run dbt differently; it stops hiding dbt’s graph from Airflow.





Cosmos: One Airflow Task Per dbt Model

The naive bridge left you staring at a single green bar that turns red without telling you which of six models died. The fix isn’t a cleverer BashOperator — it’s teaching Airflow to see the graph dbt already has. That’s the entire job of Astronomer Cosmos: it reads your dbt project, walks the same ref() edges dbt walks, and renders each model as its own Airflow task with its tests hanging off it, all wired in dbt’s dependency order. int_order_payments stops being a line in a log and becomes a cell in the grid — one you can point at, read, and retry on its own.

Installing it

Cosmos is a Python package. It goes in requirements.txt alongside the dbt adapter for your warehouse, because Cosmos runs dbt in the same environment as your Airflow worker.

astronomer-cosmos==1.11.0
dbt-postgres

Pin the version. Cosmos moves fast, and the names in this chapter — LoadMode, TestBehavior, InvocationMode, the config objects — have all shifted shape at least once across releases. An unpinned astronomer-cosmos in requirements.txt means the next astro dev restart can quietly pull a version whose defaults changed under you, and the first you hear of it is a DAG that parses differently than it did yesterday. Pin the exact version, pin the adapter too if you’re strict about it, and treat a Cosmos bump as a real dependency change you test — not a free upgrade you take by accident.

With the Astro CLI, that’s the whole install — astro dev restart rebuilds the image and both land in the scheduler and workers. There’s no separate dbt Cloud, no sidecar. dbt runs where your tasks run.

The minimal DbtDag

Cosmos needs two things: where your dbt project lives, and how to connect to the warehouse. The first is a ProjectConfig pointing at the project directory. The second is a ProfileConfig, and this is where Cosmos earns its keep — instead of shipping a profiles.yml full of credentials, you hand it an Airflow connection and let it generate the profile at runtime.

from pathlib import Path

from cosmos import DbtDag, ProjectConfig, ProfileConfig, ExecutionConfig
from cosmos.profiles import PostgresUserPasswordProfileMapping

DBT_PROJECT_PATH = Path("/usr/local/airflow/include/dbt/bookshop")

profile_config = ProfileConfig(
    profile_name="bookshop",
    target_name="dev",
    profile_mapping=PostgresUserPasswordProfileMapping(
        conn_id="bookshop_pg",
        profile_args={"schema": "analytics"},
    ),
)

bookshop_dbt = DbtDag(
    dag_id="bookshop_dbt",
    project_config=ProjectConfig(DBT_PROJECT_PATH),
    profile_config=profile_config,
    execution_config=ExecutionConfig(dbt_executable_path="dbt"),
    schedule="@daily",
    start_date=None,
    default_args={"retries": 2},
)

The PostgresUserPasswordProfileMapping takes the bookshop_pg connection you already defined in Airflow — host, user, password, database all come from there — and profile_args layers on the pieces the connection doesn’t carry, like the target schema. dbt never sees a checked-in credential; it sees a profile Cosmos assembled from Airflow’s own secrets backend. Every warehouse adapter Cosmos supports has a matching mapping class, so the pattern is identical whether you’re on Postgres, Snowflake, or BigQuery.

There’s a second way to configure the profile, and it’s the escape hatch worth knowing. Instead of profile_mapping, you can pass profiles_yml_filepath pointing at an existing profiles.yml:

profile_config = ProfileConfig(
    profile_name="bookshop",
    target_name="dev",
    profiles_yml_filepath="/usr/local/airflow/include/dbt/bookshop/profiles.yml",
)

Reach for this when your adapter has no profile mapping — DuckDB is the common one — or when you already maintain a profiles.yml you’d rather not duplicate. The connection mapping is the idiomatic choice because it keeps credentials in Airflow where they belong; the file is the fallback when the mapping doesn’t exist.

That’s a complete DAG. astro dev restart and open the grid. Where the naive bridge showed one task, you now see stg_customers, stg_orders, and stg_payments fanning into int_order_payments, which feeds orders and customers. The bookshop graph, drawn in Airflow, with each model’s tests wired in behind it.

How Cosmos learns the graph

Before Cosmos can render a single task, it has to answer one question: what nodes are in this dbt project, and how do they depend on each other? It gets that answer at DAG parse time — the moment the scheduler reads your DAG file to figure out what tasks exist. And crucially, the scheduler re-parses DAG files continuously, on a loop, not just once at deploy. So how Cosmos learns the graph is a decision you make on every parse, forever.

That decision is the LoadMode, set on RenderConfig:

from cosmos import DbtDag, ProjectConfig, RenderConfig, LoadMode

bookshop_dbt = DbtDag(
    dag_id="bookshop_dbt",
    project_config=ProjectConfig(DBT_PROJECT_PATH),
    profile_config=profile_config,
    render_config=RenderConfig(load_method=LoadMode.DBT_LS),
    schedule="@daily",
    start_date=None,
)

There are six load modes, and for a first read the two that matter are:


	LoadMode.DBT_LS — Cosmos shells out to dbt ls against your project every time the scheduler parses the DAG. This is the most accurate mode: it runs real dbt, so it sees exactly what dbt sees, tags and configs and all. It’s also the most expensive, because “runs real dbt” means dbt parses the entire project — reads every .sql and .yml, resolves every ref() — on the scheduler’s clock, on a loop. For the bookshop’s handful of models that’s milliseconds. For a project with hundreds of models it’s the single thing most likely to make your scheduler sweat.

	LoadMode.DBT_MANIFEST — Cosmos reads a pre-built manifest.json instead of running dbt at all. The manifest is the artifact dbt writes after it parses a project (via dbt compile, dbt ls, or any run), and it already contains the full node graph. Point Cosmos at one and parsing becomes a file read — no dbt subprocess, no project walk, on the scheduler. The catch is that you now own the manifest: something in your build or deploy has to produce it and put it where the DAG expects it, and a stale manifest renders a stale graph.



The other two round out the set: LoadMode.AUTOMATIC (Cosmos’s default — try the manifest if one is present, otherwise fall back to dbt ls) and LoadMode.CUSTOM (parse the project yourself and hand Cosmos the nodes). AUTOMATIC is a reasonable default precisely because it does the cheap thing when it can.

The parse-cost trade-off is the whole subject of a later chapter on how Cosmos loads and runs dbt. Why DBT_LS is calm on a laptop and alarming in production, how partial parsing and manifest generation actually cut the bill, and where the manifest should live in a deploy. For now the one fact to carry: choosing a load mode is choosing how much work your scheduler does on every parse, and that’s a production concern long before it’s a correctness one.

deps and partial parse

Two RenderConfig knobs sit right next to the load mode because they change what that parse-time dbt ls actually does.

If your project uses packages — anything in packages.yml, like dbt_utils — dbt can’t parse it until those packages are installed, because a missing macro is a parse error. RenderConfig(dbt_deps=True) tells Cosmos to run dbt deps before it lists the project, so the packages are present when dbt ls walks the graph. Leave it on if you use packages; there’s little cost when you don’t.

render_config = RenderConfig(
    load_method=LoadMode.DBT_LS,
    dbt_deps=True,
)

partial_parse is the other one. dbt keeps a partial_parse.msgpack cache of its last parse so it can skip re-reading files that haven’t changed. Cosmos respects it, and it’s on by default — it’s a large part of why DBT_LS stays tolerable across repeated parses. You’d only reach in to disable it (ProjectConfig(partial_parse=False)) when you suspect the cache is stale and want dbt to reparse from scratch. The deep version of this — what the cache buys you and when it lies — lives in chapter 07 too.

From a node to a dbt command

Learning the graph is half the job. The other half is: when a task actually runs, what does it do? Cosmos maps each dbt node to the narrowest dbt command that builds just that node.

A model task runs dbt run --select <model>. A test task runs dbt test --select <model>. A seed runs dbt seed --select <seed>, a snapshot runs dbt snapshot --select <snapshot>. Cosmos passes the --select down so each Airflow task touches exactly one node — that’s the whole reason a failure points at one model instead of the project. Under the hood it’s still dbt; Cosmos is just calling it one node at a time, in the order the graph demands.

Where the tests go is a choice, and it’s the TestBehavior on RenderConfig:


	TestBehavior.AFTER_EACH (the default) — each model gets a test task wired immediately downstream of it. stg_orders runs, then stg_orders’s tests run, and only if they pass do the models that depend on stg_orders start. This is the setting that catches a bad row before it propagates into int_order_payments, and it’s why the default is what it is.

	TestBehavior.AFTER_ALL — all the models run first, then a single test task runs every test at the end. Fewer tasks, less structure; a failure tells you a test broke but not that it broke before a downstream model consumed the bad data.

	TestBehavior.BUILD — instead of separate run and test tasks, Cosmos renders one dbt build --select <node> per node. dbt build runs a model and its tests together as a unit, in dependency order — the same command the naive bridge used, but now per-node instead of whole-project. This is the closest mapping to how dbt itself likes to work.

	TestBehavior.NONE — no test tasks at all. For when tests run somewhere else entirely.



from cosmos import RenderConfig, TestBehavior

render_config = RenderConfig(test_behavior=TestBehavior.AFTER_EACH)

How the command is invoked

There’s one more layer under “run dbt run --select”: how Cosmos shells out to dbt. That’s the InvocationMode, and there are two.


	InvocationMode.SUBPROCESS — Cosmos launches a fresh dbt process for the task, exactly as if you’d typed the command. Clean and isolated; every task pays dbt’s startup and project-parse cost again.

	InvocationMode.DBT_RUNNER — Cosmos calls dbt in-process using dbt’s programmatic dbtRunner, skipping the per-task subprocess spin-up. Faster across many tasks, at the cost of sharing a process.



For the bookshop it genuinely doesn’t matter — pick neither and Cosmos chooses a sensible default. It starts to matter when you have hundreds of tasks each paying subprocess startup, and that — the real per-invocation cost, the version constraints, and when the runner’s shared process bites — is chapter 07’s territory. Here, just know the knob exists and that it’s about how dbt is called, not what it’s told to do.

Every model becomes an Asset

Here’s a Cosmos behavior that’s easy to miss and changes more than you’d expect: by default, Cosmos emits an Airflow Asset for every model it renders. That’s emit_datasets=True, and it’s on unless you turn it off.

An Asset (Airflow 3’s rename of the old Dataset) is Airflow’s handle on “a thing a task produces.” When a model task finishes successfully, Cosmos marks that model’s Asset as updated. The payoff is that other DAGs can schedule on those Assets instead of on a clock:

from airflow.sdk import Asset, dag, task

# a downstream DAG that reacts to the marts being rebuilt,
# not to a fixed time
@dag(
    schedule=[Asset("postgres://bookshop-db.internal:5432/bookshop/analytics/orders")],
    start_date=None,
)
def refresh_orders_dashboard():
    @task
    def rebuild(): ...
    rebuild()

refresh_orders_dashboard()

Now the dashboard refresh runs when the orders model is actually rebuilt — no guessing at a cron time that’s “probably after dbt finishes,” no brittle sensor polling. This is genuinely useful, and it’s the seam that makes cross-tool lineage work later in the book.

It’s also a thing to be aware of before it surprises you. Every model producing an Asset means a large project emits a lot of Assets, all showing up in Airflow’s Assets view, and any of them can become a scheduling trigger someone downstream comes to depend on. If you don’t want that surface — or you’re on a version where the emitted Asset URIs churn between releases and you’d rather not build dependencies on them yet — turn it off:

render_config = RenderConfig(emit_datasets=False)

The default is the right one for most pipelines. Just know it’s on, and that it means finishing a model is an event other DAGs can hear.

The operator_args you’ll actually use

Everything so far configures structure — what tasks exist and how they connect. operator_args configures behavior — the flags Cosmos passes down to the dbt commands the tasks run. It’s a plain dict handed to DbtDag / DbtTaskGroup, and these are the entries worth knowing:

bookshop_dbt = DbtDag(
    dag_id="bookshop_dbt",
    project_config=ProjectConfig(DBT_PROJECT_PATH),
    profile_config=profile_config,
    operator_args={
        "vars": {"start_date": "2026-01-01", "region": "EU"},
        "full_refresh": False,
        "no_version_check": True,
        "install_deps": True,
        # NOTE: "threads" here is a silent no-op — Cosmos filters unknown kwargs.
        # Set it on the profile instead: profile_args={"threads": 4}
        "env": {"DBT_LOG_LEVEL": "info"},
        "append_env": True,                 # WITHOUT THIS, env REPLACES the environment
    },
    schedule="@daily",
    start_date=None,
)


	vars — dbt’s --vars. This dict is serialized and passed to every model command, so a var('region') in your SQL resolves to "EU". This is your channel for parameterizing a run. (Some Cosmos versions also accept dbt_vars for the same purpose; vars is the one to reach for, and if you’re passing them through a RenderConfig-level path the dbt_vars name shows up there — same values, they merge into the --vars dbt ultimately receives.)

	full_refresh — dbt’s --full-refresh. Forces incremental models to rebuild from scratch rather than appending. False is the everyday setting; you flip it True for a specific run when an incremental model’s logic changed and yesterday’s rows are wrong.

	no_version_check — passes --no-version-check so dbt doesn’t abort when the installed dbt version doesn’t exactly match require-dbt-version in dbt_project.yml. Handy when Cosmos and your project disagree on a patch version and you don’t want that to be fatal.

	install_deps — runs dbt deps at execution time, so packages are installed on the worker before the model runs. This is the run-time sibling of RenderConfig(dbt_deps=True), which handles the parse-time need. Projects with packages usually want both: deps present when Cosmos lists the graph, and deps present when the worker builds a model.

	env — environment variables for the dbt process: a log level, a feature flag, an API key a macro needs.

	append_env — travels with env, and you almost always want it True. See below.



Two of these carry traps sharp enough to be worth their own paragraph.

env replaces the environment; it does not add to it. append_env defaults to False, and when it’s false Cosmos passes dbt only the variables in your env dict — the worker’s own environment is not inherited. So the moment you set env to add one log level, you have also silently removed PATH, HOME, and every credential your profile was reading from the environment, and dbt fails somewhere confusing. Set "append_env": True and env behaves the way its name promises. This is one of those defaults that is defensible (reproducibility: the task’s environment is exactly what you declared) and lethal (nobody expects it), so declare it explicitly every time rather than remembering which way it falls.

threads is not a thing. You will see operator_args={"threads": 4} in blog posts, and it does nothing at all. Cosmos filters operator_args against the operator’s real signature and silently drops anything it doesn’t recognise, so there’s no error to tell you. The thread count lives on the profile: ProfileConfig(profile_mapping=…(profile_args={"threads": 4})). Which is a small, sharp instance of the rule this book keeps arriving at: config that looks load-bearing and isn’t is worse than config that’s missing, because you stop looking for the real knob.

The mental model: RenderConfig and LoadMode decide the shape of the DAG at parse time; operator_args decides how each task behaves at run time. Reach for operator_args when you’d have typed a flag after dbt run at the terminal.

When dbt isn’t the whole DAG

DbtDag builds a DAG that is only dbt. That’s the right shape when the dbt run stands alone, but most pipelines don’t — something extracts and loads the raw tables before dbt transforms them, and something consumes the marts after. For that, Cosmos gives you DbtTaskGroup: the same per-model rendering, but as a TaskGroup you drop inside your own @dag, so the dbt graph sits shoulder to shoulder with your other tasks in one picture.

from airflow.sdk import dag, task
from cosmos import DbtTaskGroup, ProjectConfig, ProfileConfig
from cosmos.profiles import PostgresUserPasswordProfileMapping

profile_config = ProfileConfig(
    profile_name="bookshop",
    target_name="dev",
    profile_mapping=PostgresUserPasswordProfileMapping(
        conn_id="bookshop_pg",
        profile_args={"schema": "analytics"},
    ),
)


@dag(schedule="@daily", start_date=None, catchup=False)
def bookshop_pipeline():
    @task
    def extract_load():
        ...  # land this morning's raw rows

    transform = DbtTaskGroup(
        group_id="transform",
        project_config=ProjectConfig("/usr/local/airflow/include/dbt/bookshop"),
        profile_config=profile_config,
        default_args={"retries": 2},
    )

    @task
    def reverse_etl():
        ...  # push marts back to the CRM

    extract_load() >> transform >> reverse_etl()


bookshop_pipeline()

Now extract_load runs, its downstream dbt models unfold as their own tasks inside the transform group, and reverse_etl waits on the whole group before pushing marts back out. The seam between load, transform, and export is one Airflow graph — exactly the “dbt models the warehouse, Airflow models the day” split, made literal. DbtDag and DbtTaskGroup take the same project_config, profile_config, execution_config, and render_config; the only difference is whether dbt is the whole DAG or a movement within it.

What the rendering buys you

Everything the black box swallowed comes back, and a few things you didn’t have before.

Retries are per model. Set default_args={"retries": 2} and it’s int_order_payments that retries when int_order_payments fails — not the staging layer that already passed. The unit of retry is finally the unit of work. Logs are per model too: click the red cell, read that model’s dbt output, done — no scrolling past five models’ worth of compiled SQL to find the one that broke.

And because these are real tasks, dbt’s parallelism is now Airflow’s parallelism: the three staging models run concurrently because Airflow can finally see they don’t depend on each other. The dependency graph you drew in ref() calls is the dependency graph Airflow schedules against.

One thing to be deliberate about is where dbt actually runs. By default Cosmos uses ExecutionMode.LOCAL, which invokes dbt as a subprocess in the worker’s own environment — that’s why dbt-postgres had to be in requirements.txt. It’s the simplest mode and the right default. Cosmos also offers VIRTUALENV (isolate dbt’s dependencies from Airflow’s), DOCKER, and KUBERNETES (run each model in its own container or pod) for when the worker environment gets crowded or you need harder isolation. Those are a later concern — LOCAL is where you start, and for the bookshop it’s all you need.

The caveat that scales

There’s a bill attached to all of this, and it comes due in exactly one dimension: task count.

The bookshop has six models. Rendered with tests AFTER_EACH, that’s maybe a dozen tasks — a grid you can read at a glance, a scheduler that doesn’t notice. Now imagine the real project this pattern gets pointed at: 400 models, each with two or three tests. That’s over a thousand Airflow tasks in one DAG. Every one of them is a row the scheduler tracks, a cell the grid draws, a heartbeat the executor manages. The grid view that made one dbt failure legible at six models becomes a wall you scroll for a minute to find anything. Task scheduling has overhead per task, and a thousand tiny tasks — each running dbt for a few seconds — can spend more wall-clock time being scheduled than being run.

This is the real trade of task-per-model, and it’s worth naming plainly: you buy per-model observability and targeted retries, and you pay scheduler load and grid clutter. For a project of dozens of models it’s an easy trade — the visibility is worth far more than the overhead. For a project of many hundreds, it’s a decision. The levers you’ll pull are the ones this chapter introduced: a lighter LoadMode so parsing doesn’t run dbt on a loop, DBT_RUNNER invocation so tasks don’t each pay subprocess startup, and often not rendering the whole project at once but selecting a slice of it. That last one is the whole subject of the next chapter. A dbt project rendered whole is rarely the DAG you actually want to run.

Final thoughts

Cosmos doesn’t run dbt differently; it reveals dbt to Airflow. It learns the graph at parse time, maps each node to the narrowest dbt command that builds it, and hands you back everything the BashOperator hid. Per-model logs, per-model retries, real parallelism, and an Asset per model that downstream DAGs can wake up on. The parsing rebuilds itself the moment someone adds a model, and the thing you hand-wrote a shell command to bury is now the thing the grid shows you.

The interesting problems start here, not end here. Once every model is a task, two questions open up: how much that costs at scale, and which models you actually want as tasks. The first is a later deep-dive; the second is next — because a dbt project rendered whole is rarely the DAG you want to run.





Selecting What Runs: Tags, Paths, and Freshness

A DbtDag with no filtering renders every model in the project, every time. For the bookshop that’s five models and their tests — fine. But projects grow, and “rebuild the entire warehouse” is almost never the DAG you actually want. You want a nightly job that touches only the models tagged for nightly. You want a marts-only DAG that assumes staging already ran. You want to rebuild one report and everything feeding it, and nothing else. Cosmos gives you all three from the same dbt project, and it does it with a syntax you already know: dbt’s own node selectors.

RenderConfig is the filter

The knob is RenderConfig, and its two arguments — select and exclude — decide which dbt nodes turn into Airflow tasks before the DAG is even built. This is a render-time filter, not a runtime one: unselected models never become tasks, so they never show up in the grid at all. What you select is what you see.

The selector strings are dbt’s, verbatim. Three flavors cover almost everything:


	Tag — "tag:nightly" selects every model carrying that tag in its config.

	Path — "path:models/marts" selects everything under a directory.

	Graph operators — "+orders" selects orders and all its ancestors; "orders+" selects orders and everything downstream of it.



Mix them freely, because that’s what dbt does. A list means “the union of these selectors,” the same as passing multiple --select arguments on the command line.

There’s a second reason render-time selection matters, beyond a tidy grid: cost. Cosmos parses your dbt project to build the DAG — by default by running dbt ls against the project — and it does that parse every time the scheduler reprocesses the DAG file. A select narrows what Cosmos has to reason about, but more importantly it keeps a five-hundred-model project from rendering five hundred tasks into a DAG that only ever needed forty. Fewer rendered nodes means a smaller DAG for the scheduler to serialize, schedule, and draw. On a large project the difference between “render everything and let the run figure it out” and “render the slice this DAG exists for” is felt in parse time and UI responsiveness, not just aesthetics. (Chapter 7 gets into caching that parse so it doesn’t rerun on every heartbeat; for now, the point is that select is doing structural work, not cosmetic.)

Three bookshop DAGs from one project

Start with a nightly DAG. Tag the models that belong in the nightly run — say stg_orders, stg_payments, int_order_payments, and orders all carry tags: ['nightly'] in their config — and render only those:

from cosmos import DbtDag, ProjectConfig, RenderConfig

nightly = DbtDag(
    dag_id="bookshop_nightly",
    project_config=ProjectConfig(DBT_PROJECT_PATH),
    profile_config=profile_config,
    render_config=RenderConfig(select=["tag:nightly"]),
    schedule="0 2 * * *",
    start_date=None,
)

The grid now holds exactly the nightly models — the customer-facing marts the finance team reads at 2 a.m. get built, and nothing you tagged as weekly-only clutters the picture.

A marts-only DAG is a path selector. When your staging layer is loaded by a separate upstream job, you don’t want to re-render it here:

render_config=RenderConfig(select=["path:models/marts"])

Now orders and customers are the only tasks — the DAG assumes their inputs are already fresh and just rebuilds the presentation layer.

And building one mart plus its lineage is what the graph operators are for. To rebuild orders and everything it depends on — int_order_payments and the three staging models beneath it — lead with +:

render_config=RenderConfig(select=["+orders"])

That single selector walks the dependency graph backward and renders the full subtree feeding orders, in order. Same project, same profile_config, a different slice — and exclude is the mirror image when it’s easier to say what you don’t want: exclude=["tag:deprecated"] keeps everything but the models you’re sunsetting.

The rest of the selector algebra

The three flavors above get you a long way, but dbt’s selector language is bigger than that, and every bit of it works inside RenderConfig because Cosmos hands the strings straight to dbt’s graph parser. It’s worth learning the whole grammar, because the difference between the DAG you meant and the DAG you got usually comes down to one operator.

Union versus intersection. This is the distinction that trips people up first, and it’s worth being pedantic about because getting it backwards silently gives you the wrong DAG. dbt’s rule is:


	A space is a union. tag:nightly tag:finance selects everything nightly or finance. Multiple space-separated arguments on the CLI, and a Python list here, mean the same thing.

	A comma is an intersection. tag:nightly,tag:finance selects only models that are nightly and finance.



# union — nightly OR finance
render_config=RenderConfig(select=["tag:nightly", "tag:finance"])
render_config=RenderConfig(select=["tag:nightly tag:finance"])     # same thing

# intersection — nightly AND finance
render_config=RenderConfig(select=["tag:nightly,tag:finance"])

The comma is the one that surprises people, because everywhere else in computing a comma separates items in a list — here it joins conditions. Say it out loud once and it sticks: space widens, comma narrows. So ["path:models/marts,tag:nightly"] is “nightly models under marts,” while ["path:models/marts", "tag:nightly"] is “everything under marts, plus everything tagged nightly” — two very different DAGs from one character.

If you’re ever unsure, don’t reason about it: run dbt ls --select "<your selector>" against the project and count the nodes. That is exactly what Cosmos is about to do on the scheduler, so what dbt ls prints is precisely what your DAG will contain.

Depth-limited graph operators. Bare + walks the graph as far as it goes. Prefix or suffix it with a number to cap the hops. "2+orders" selects orders plus two layers of ancestors — int_order_payments and the staging models directly beneath it, but no further. "orders+3" selects orders and three layers of descendants. On the bookshop the graph is shallow enough that 2+orders and +orders land on the same set. But on a real project with a ten-deep lineage, the depth limit is how you rebuild “this model and its immediate feeders” without dragging in the entire raw layer. The number goes on the side the arrow points from: N+model limits ancestors, model+N limits descendants.

The @ operator. "@orders" is the one people forget exists, and it’s the correct choice more often than you’d think. It selects orders, everything downstream of it, and all the ancestors of those downstream nodes. In plain terms: everything you’d need to fully rebuild orders and everyone who depends on it, including the sideways inputs those dependents also read. If a shared staging model feeds both orders and customers, @orders pulls in customers’s other parents too, so the downstream rebuild has all its inputs. +orders+ would miss those sideways ancestors; @orders catches them.

It helps to resolve these against a concrete graph. The bookshop’s lineage is stg_customers, stg_orders, stg_payments → int_order_payments → orders, with stg_customers also feeding customers directly. Against that:


	"+orders" → stg_orders, stg_payments, stg_customers, int_order_payments, orders. The full ancestry.

	"orders+" → just orders (nothing is downstream of it).

	"1+orders" → int_order_payments, orders. One hop back.

	"+int_order_payments+" → the three staging models, int_order_payments, and orders — the intermediate model with its full family in both directions.

	"@orders" → same as +orders here, but the moment a dashboard exposure hangs off orders, @orders would also drag in every other input that exposure’s models need. On the shallow bookshop the operators overlap; the differences show up the instant the graph branches, which is exactly when you can’t afford to guess.



Print the resolved set before you trust a selector on a real project — dbt ls --select "@orders" lists the nodes a selector matches without running anything, and it’s the fastest way to confirm a DAG will render what you think it will.

Method selectors beyond tag and path. tag: and path: are two methods out of a family. The ones worth knowing:


	config:materialized:incremental — select by any node config, so you can render only your incremental models, or only the ones with a particular meta key.

	resource_type:seed — select by node type: model, seed, snapshot, test, source, exposure. A seed-only DAG is select=["resource_type:seed"].

	source:raw — select models by the source they read (source:raw.orders narrows to one table); pairs naturally with the freshness gate below.

	test_type:singular (or generic, unit) — select tests by kind, so a data-quality DAG can render just the singular tests without the models.

	exposure:finance_dashboard — select everything feeding a named exposure, which is how you rebuild exactly what a downstream BI dashboard depends on.



All of them compose with the union/intersection and graph rules. select=["source:raw+ tag:nightly"] is “nightly models that descend from any raw source” — a source method, a graph operator, and a tag intersection in one string.

Named selectors in selectors.yml

Once a selector string grows past about two operators, it stops being readable and starts being a thing you copy-paste between DAGs and get subtly wrong. dbt’s answer is selectors.yml at the project root: you name a selection once, define its logic in structured YAML, and refer to it by name everywhere.

selectors:
  - name: nightly_marts
    description: Finance-facing marts and their lineage, nightly cadence.
    definition:
      intersection:
        - tag: nightly
        - union:
            - method: path
              value: models/marts
            - method: config
              value: materialized:table

That defines “nightly-tagged nodes that are either under models/marts or materialized as tables.” The YAML form spells out the union/intersection nesting that the string grammar packs into spaces and commas. That’s exactly the point: the gnarlier the logic, the more the structured form earns its keep. In RenderConfig you reference it by name — and note it is not a select= value. There is no selector: method in dbt’s grammar (try it and you get Runtime Error: 'selector' is not a valid method name). RenderConfig has a dedicated field, which maps to dbt’s --selector flag:

render_config=RenderConfig(selector="nightly_marts")     # not select=["selector:..."]

Now every DAG that wants the nightly-marts slice references one definition. Change the cadence rules in selectors.yml and every DAG that uses selector:nightly_marts re-renders against the new logic on the next parse — no hunting through Python files for a selector string you inlined three times. This is the same instinct as a dbt macro: name the thing, define it once, call it by name.

When select and exclude both apply

You can set select and exclude together, and the order of operations matters. dbt resolves select first to get the candidate set, then removes anything matching exclude from it. exclude always wins the tie — a node caught by both is dropped.

render_config=RenderConfig(
    select=["+orders"],
    exclude=["tag:deprecated"],
)

That renders the full orders lineage except any node in it tagged deprecated. If a staging model feeding orders is on its way out, this builds everything around it and skips it — useful during a migration when the replacement isn’t wired in yet. The mental model: select draws the circle, exclude cuts holes in it, and you can’t select your way back into a hole. When a DAG renders fewer tasks than you expected, an over-broad exclude shadowing part of your select is the first thing to check.

Where the tests land

RenderConfig has one more argument worth setting deliberately: test_behavior. By default Cosmos renders each model’s tests as their own tasks that run immediately after that model — stg_orders builds, stg_orders’s tests run, and only then does anything downstream proceed. That’s TestBehavior.AFTER_EACH, and it’s the strict, fail-fast choice: a bad stg_orders never contaminates int_order_payments, because the test gate stops the branch cold.

The alternative is TestBehavior.AFTER_ALL, which builds every model first and runs all the tests together at the end. That’s fewer task boundaries and a bit less scheduling overhead, at the cost of letting a broken model’s rows flow downstream before any test catches them. The trade is legibility and containment versus speed: AFTER_EACH tells you precisely which model’s data failed and quarantines it there; AFTER_ALL finishes faster but hands you a pile of failures to sort through after the fact.

There’s a third option that changes the plumbing underneath, not just the timing. TestBehavior.BUILD renders each node with dbt build instead of the dbt run + dbt test pair that AFTER_EACH uses. The distinction is subtle but real. Under AFTER_EACH, a model’s task is a run and its tests are separate test tasks that Cosmos wires as downstream nodes — two task boundaries, and the test task selects that model’s tests explicitly. Under BUILD, each resource is a single build task, and dbt build interleaves runs and tests in dependency order within dbt itself. It builds a model, tests it, and refuses to build a downstream model whose upstream tests failed — all inside one command invocation. It also covers seeds and snapshots in the same pass, which run/test don’t. Reach for BUILD when you want dbt’s own build-order guarantees and you’re happy with coarser-grained tasks — a failed test then blocks descendants at the dbt level, not just the Airflow level. Reach for AFTER_EACH when you want each test surfaced as its own retryable grid cell. And there’s TestBehavior.NONE to skip test rendering entirely — useful when tests live in their own DAG.

One detail that bites people: which tests actually attach to a selected model. When you select orders and Cosmos renders its tests, dbt has to decide whether a test that touches both orders and some un-selected model comes along. That’s test_indirect_selection, and Cosmos exposes it on ExecutionConfig — not on RenderConfig, which is the natural guess and a TypeError:

from cosmos.constants import TestIndirectSelection

render_config    = RenderConfig(select=["orders"])
execution_config = ExecutionConfig(
    test_indirect_selection=TestIndirectSelection.CAUTIOUS,   # default: EAGER
)

The split makes sense once you see it: RenderConfig decides which nodes become tasks, ExecutionConfig decides how dbt is invoked — and indirect selection is a flag on the dbt test command, not a graph question.

The three modes decide the edge cases. EAGER (dbt’s default) runs a test if any model it references is selected — so a relationships test between orders and an unselected customers runs anyway. That’s usually what you want, but it means a test can run against a parent that this DAG didn’t build. CAUTIOUS runs a test only if all the models it references are selected — the orders/customers relationships test sits out unless both are in the DAG, which keeps a marts-only run from testing against staging it never touched. BUILDABLE is the middle ground: it runs a test if all referenced models are either selected or buildable from the selection’s ancestors — looser than cautious, tighter than eager. For the bookshop’s marts-only DAG, CAUTIOUS is the honest choice: don’t assert a foreign-key relationship against a table this DAG didn’t build and can’t vouch for.

Gating on fresh sources

Selecting the right models is only half the question. The other half is whether the raw data those models read is fresh enough to bother running at all — and dbt answers that with source freshness, a check Cosmos can put right at the front of the DAG.

If the bookshop’s raw orders table hasn’t been touched since yesterday’s Fivetran sync, running the nightly transform just recomputes the same numbers and burns warehouse credits doing it. dbt’s freshness check compares a timestamp against the thresholds you declare on the source:

sources:
  - name: raw
    tables:
      - name: orders
        loaded_at_field: _synced_at
        freshness:
          warn_after: {count: 12, period: hour}
          error_after: {count: 24, period: hour}
          filter: _synced_at > dateadd('day', -3, current_timestamp)

Two thresholds, two outcomes — and the mechanism is simpler than most people assume. dbt source freshness exits 0 when everything is fresh and also when a source merely warns; it exits 1 when a source crosses its error_after line. That’s it. There is no third exit code, and Cosmos does not special-case anything.

That’s worth sitting with, because it means the behavior everyone attributes to Cosmos is really just dbt’s. A freshness warning leaves the task green not because Cosmos decided to be lenient, but because dbt itself returned 0. A warn is dbt saying “getting old, not dead yet,” and it reports that in its output rather than in its exit status. Only an error_after breach exits non-zero and fails the task. So if raw.orders crosses error_after the freshness task errors, the DAG halts, and you get paged about a broken source — not a mysteriously empty orders mart three tasks later.

But a warn shouldn’t vanish silently either — twelve hours stale is worth a Slack ping even if it doesn’t stop the run. That’s what on_warning_callback is for. Cosmos lets you hand the source-rendering path a callable that fires when freshness (or a test, under some behaviors) returns a warning rather than an error:

def warn_slack(context):
    send_slack_message(
        channel="#data-alerts",
        text=f"Source freshness warning in {context['task_instance'].task_id}",
    )

render_config = RenderConfig(
    source_rendering_behavior=SourceRenderingBehavior.ALL,
    on_warning_callback=warn_slack,
)

Now a warn keeps the DAG green and posts to #data-alerts, and an error still fails hard. You get the two-tier signal dbt designed — a nudge and an alarm — mapped onto Airflow instead of flattened into a single pass/fail.

A word on loaded_at_field. It names a column dbt reads to find the newest row — _synced_at here, whatever your loader stamps. Omit it and modern dbt falls back to warehouse metadata freshness: it asks the warehouse itself when the table was last modified (via the platform’s metadata tables) instead of running a max() over a column. Metadata freshness is cheaper, since there’s no scan, and it’s the right call when your loader doesn’t write a reliable timestamp. But it measures when the table changed, not when the data is timestamped for, which can differ if rows arrive late. Prefer loaded_at_field when you have a trustworthy column; lean on metadata freshness when you don’t. The filter: line narrows what freshness even looks at, here to only rows from the last three days. That keeps the freshness query fast on a huge append-only table, and stops ancient backfilled rows from skewing the “newest row” calculation.

Cosmos doesn’t render sources as tasks by default — you opt in through RenderConfig:

from cosmos.constants import SourceRenderingBehavior

render_config = RenderConfig(
    source_rendering_behavior=SourceRenderingBehavior.ALL,
)

With ALL (or WITH_TESTS_OR_FRESHNESS, which renders a source only when it carries tests or a freshness: block), any source with thresholds renders as its own task that runs dbt source freshness ahead of the models. The gate then shows up in the grid as a real, retryable node, instead of a check buried inside a monolithic build. Fresh data, and the transform proceeds; stale data, and you’ve caught the real problem at the door instead of debugging its symptom downstream. It’s the same instinct as this book: make the failure legible at the point it actually happened.

Putting it together

Everything in this chapter composes into one purpose-built DAG. Here’s the nightly-marts job as it actually wants to be. Rendered from a named selector, gating on source freshness with a Slack callback on warnings, testing cautiously so it never asserts against tables it didn’t build — and building each node with dbt build, so failed tests block descendants at the dbt level.

from cosmos import DbtDag, ProjectConfig, RenderConfig
from cosmos.constants import (
    SourceRenderingBehavior,
    TestBehavior,
    TestIndirectSelection,
)


def warn_slack(context):
    send_slack_message(
        channel="#data-alerts",
        text=f"Freshness warning: {context['task_instance'].task_id}",
    )


nightly = DbtDag(
    dag_id="bookshop_nightly_marts",
    project_config=ProjectConfig(DBT_PROJECT_PATH),
    profile_config=profile_config,
    render_config=RenderConfig(
        select=["selector:nightly_marts"],
        source_rendering_behavior=SourceRenderingBehavior.WITH_TESTS_OR_FRESHNESS,
        test_behavior=TestBehavior.BUILD,
        test_indirect_selection=TestIndirectSelection.CAUTIOUS,
        on_warning_callback=warn_slack,
    ),
    schedule="0 2 * * *",
    start_date=None,
)

Read it top to bottom and it’s the whole chapter in one object: select names the slice, source_rendering_behavior puts the freshness gate at the front, test_behavior and test_indirect_selection decide how the slice checks itself, and on_warning_callback wires the two-tier signal. Change the definition in selectors.yml and this DAG re-renders against it. Point a second DbtDag at a different selector and you have a second slice — same project, same profile, no duplication. The DAG is thin because all the real decisions live in the config.

Final thoughts

The shift here is small to write and large in practice: a dbt project stops being one monolithic “build everything” job and becomes a library of selectable slices, each rendered into a DAG shaped for its purpose. The selector algebra is the vocabulary — union versus intersection, depth-limited graph walks, @ for the full rebuild set, method selectors for tags and configs and sources, and named selectors when the logic outgrows a one-liner. test_behavior and test_indirect_selection decide how thoroughly each slice checks itself, and source freshness decides whether the slice runs at all. Same models, same profile, different select — you’re not maintaining three projects; you’re pointing three DAGs at three views of one, and each one runs when there’s something new to do and stays out of the way when there isn’t. Which is the difference between a schedule and a schedule that respects your warehouse bill.





Only Rebuild What Changed

Cosmos gave you a task per model, selection gave you the ability to run a slice on purpose. Both still assume you know, ahead of time, which slice matters. But the most valuable selection isn’t one you write — it’s one dbt works out for you by noticing what changed. The bookshop has six models today; give it a year and it has sixty, and rebuilding all sixty at 2am because someone edited one stg_ model is the kind of waste that’s invisible until the warehouse bill arrives.

This chapter is about two dbt features that lean on the same artifact — --state and --defer — and about the unglamorous plumbing that makes them work under Cosmos. A warning up front on vocabulary, because it will bite you otherwise: Airflow has its own thing called a deferrable operator, which hands a wait off to the triggerer process to free a worker slot. That is not what “defer” means here. In this chapter “deferral” always means the dbt --defer flag, which is about resolving ref()s against production. Same five letters, completely unrelated machinery. I’ll flag the collision again at the end so it sticks.

What “changed” means to dbt

dbt can compare your current project against a snapshot of a previous run and tell you exactly which nodes differ. That snapshot is the manifest.json — the artifact dbt writes to target/ on every invocation, describing every model, its compiled SQL, its config, and its place in the graph. Point dbt at a directory containing a prior manifest and the state: selector method comes alive:

dbt build --select "state:modified+" --state ./prod-artifacts

state:modified resolves to every node whose definition differs from the manifest in ./prod-artifacts — new models, edited SQL, changed configs, altered tests. The trailing + is the graph operator you already know: also build everything downstream, because a change to int_order_payments isn’t done until orders and customers have seen it. Edit one staging model and dbt selects that model and its descendants, and nothing else. The untouched half of the project doesn’t run.

This is the same idea as --select from the previous chapter, with the selection computed from a diff instead of typed by hand. Everything downstream of the machinery is unchanged: dbt still runs a graph, Cosmos still renders that graph as Airflow tasks.

--state compares; --defer resolves

These two flags travel together so often that people fuse them into one concept, and then get confused when one works without the other. They do different jobs.

--state is comparison. It’s the flag that gives state:modified a baseline to diff against. It answers “what is different?” and nothing more. You can use it entirely on its own. A nightly run that selects state:modified+ and rebuilds that subtree, in a schema that already has every upstream table, needs --state and doesn’t need --defer at all. Every ref() in the selected subtree resolves to a table that’s really there.

--defer is resolution. It changes what a ref() points at at compile time. Normally ref('int_order_payments') compiles to “the int_order_payments relation in the schema I’m building into.” With --defer, if int_order_payments isn’t part of this run’s selection, dbt rewrites that reference to point at the version described in the state manifest — i.e. production — instead of expecting a freshly built copy in your scratch schema.

Here’s where you need both, and why. State selection has a gap. Say you edit only orders, a marts model. state:modified+ correctly picks orders and nothing upstream. But orders does ref('int_order_payments'), and in a fresh CI schema that intermediate table was never built, so the compile fails resolving a reference to something you deliberately didn’t select. --defer closes the gap:

dbt build --select "state:modified+" --defer --state ./prod-artifacts

Now orders reads from the real, already-built int_order_payments in the production schema, and only orders itself gets rebuilt. This is the mechanism that makes slim CI honest — a pull request can build the two models it touched, deferring every unchanged ref() to prod, without cloning the entire warehouse into a scratch schema first. Note that --defer uses the same --state manifest to know where production’s objects live, which is why the two feel welded together: --state supplies the baseline, and both state:modified (comparison) and --defer (resolution) read from it.

--favor-state, and the case where defer surprises you

There’s a subtlety in how --defer decides whether to use production. By default, deferral only kicks in when the referenced relation doesn’t exist in your target schema. If your CI schema happens to still hold a stale int_order_payments from a previous PR run, a plain --defer will happily use that stale copy instead of prod. The relation exists, so dbt sees no reason to reach for the deferred one. That’s a real source of “it passed in CI, it’s wrong in prod” mysteries.

--favor-state flips the preference. With it, dbt uses the deferred (production) relation for any node that isn’t in the current selection even if a copy exists in your target schema:

dbt build --select "state:modified+" --defer --favor-state --state ./prod-artifacts

Reach for --favor-state whenever your scratch schema is long-lived enough to accumulate leftovers — shared dev schemas, reused CI namespaces. It says “trust prod over whatever junk is lying around in my schema,” which is almost always what you want the moment a schema outlives a single run.

When state:modified cries wolf

state:modified is a coarse instrument, and its favorite failure mode is over-reporting. The comparison is over the compiled node, so anything that changes compiled SQL marks a model modified — including changes that don’t change a single row of output.

The classic trap is a shared macro. Say the bookshop has a cents_to_dollars macro that every model touching money calls — stg_payments, int_order_payments, orders, customers. You rename its argument from column_name to col for readability. Not a single output value changes. But dbt recompiles all four models with different SQL text, so state:modified flags all four — plus, via +, everything downstream of them, which for the bookshop is most of the marts layer. Reformat your whole project with a SQL formatter and every model is “modified.” Bump a dbt_utils version that alters generated SQL, and the blast radius is the entire project. State selection was supposed to shrink the run; a whitespace-only PR can make it rebuild the world, and it’ll do it with total confidence because, at the level dbt compares, the SQL genuinely did change.

dbt gives you finer sub-selectors so you can ask what kind of change happened rather than treating all diffs alike:


	state:modified.body — the model’s SQL body changed (this is the one you usually care about).

	state:modified.configs — a config changed (materialization, tags, cluster_by, etc.).

	state:modified.contract — the model’s enforced contract changed (columns, types).

	state:modified.relation — the database relation it points to changed (name, schema, database).



There are more (.persisted_descriptions, .macros, and so on), but those four carry most of the weight. Selecting state:modified.body+ instead of the blanket state:modified+ narrows the surface to models whose compiled body actually differs — a PR that only edited a description: in a YAML file, or retagged some models, stops triggering a rebuild of their downstream trees. It doesn’t save you from the cents_to_dollars rename, though: macros expand into the body, so a macro edit still shows up as a .body change on every caller. That’s not a bug in the selector — the body really is different — it’s the selector being honest about a change you happen to know is cosmetic. In practice the honest answer to macro churn isn’t a cleverer selector. It’s discipline about when you reformat: do it in its own PR, expect a full rebuild, move on. And for genuinely cosmetic changes, be willing to just run the full build that once, rather than trusting a diff you know is noisy. State comparison is a heuristic, not an oracle. It’s usually right and occasionally spectacularly wrong, and knowing which is on you.

Making the manifest reach Cosmos

Everything above hinges on one artifact being in the right place at the right time. State selection is only as good as the manifest you compare against — so the actual work is managing that file, not writing the selector.

The pattern: after each successful production run, publish that run’s target/manifest.json somewhere durable — object storage is the usual home — under a stable key. A subsequent run pulls that manifest down to a fixed local path, hands it to dbt as the --state directory, and selects state:modified+ against it. The comparison is always “current project vs. last known-good production.”

Under Cosmos there’s a wrinkle that trips people badly, and it comes from when Cosmos reads the manifest. Selection flows through RenderConfig, which with LoadMode.DBT_LS shells out to dbt ls to decide which nodes become tasks. That dbt ls runs at DAG parse time, on the scheduler — not at task-run time on a worker. So the state manifest has to be present, on the scheduler’s filesystem, before the scheduler parses the DAG file. A pre-task that downloads it inside the DAG run is too late: by the time that task fires, rendering already happened (or failed) minutes or hours earlier during parsing.

Concretely, stage the manifest with a hook — here’s the S3 version — writing it to a path both the scheduler (at parse) and the workers (at run) can read:

# include/stage_manifest.py
from airflow.providers.amazon.aws.hooks.s3 import S3Hook

STATE_DIR = "/usr/local/airflow/include/dbt/state"
STATE_PATH = f"{STATE_DIR}/manifest.json"

def stage_prod_manifest():
    """Pull the last known-good production manifest to a fixed local path."""
    import os
    os.makedirs(STATE_DIR, exist_ok=True)
    hook = S3Hook(aws_conn_id="aws_default")
    key = "dbt/bookshop/prod/manifest.json"  # published by the prod run on success
    obj = hook.get_key(key, bucket_name="bookshop-artifacts")
    obj.download_file(STATE_PATH)
    return STATE_PATH

The GCS equivalent is the same shape with GCSHook(...).download(bucket_name=..., object_name=..., filename=STATE_PATH). Now the awkward part: this needs to run on the scheduler before it parses the DAG, and DAG files are parsed on a loop, not on a schedule you control. The clean way to satisfy that is to make manifest-staging a step that runs outside and ahead of the DAG that renders against it. Most teams do it as a small dedicated DAG, or a deploy-time step, that refreshes include/dbt/state/manifest.json on the scheduler on its own cadence. The slim DAG simply reads whatever’s there when it next parses:

from cosmos import DbtDag, ProjectConfig, RenderConfig, ExecutionConfig
from cosmos.constants import LoadMode

STATE_DIR = "/usr/local/airflow/include/dbt/state"

render = RenderConfig(
    load_method=LoadMode.DBT_LS,
    select=["state:modified.body+"],
    # dbt ls runs at PARSE TIME on the scheduler; the manifest below
    # must already be at STATE_DIR when the scheduler parses this file.
    env_vars={"DBT_STATE": STATE_DIR},
)

DbtDag(
    project_config=ProjectConfig("/usr/local/airflow/include/dbt/bookshop"),
    render_config=render,
    execution_config=ExecutionConfig(dbt_project_path="/usr/local/airflow/include/dbt/bookshop"),
    profile_config=profile_config,
    operator_args={
        # --state alone only tells dbt what to COMPARE against. Deferral is a
        # separate switch, and Cosmos has no `defer` parameter — you pass the
        # flags yourself.
        "dbt_cmd_flags": ["--defer", "--favor-state"],
        "env": {"DBT_STATE": STATE_DIR},
        "append_env": True,          # WITHOUT THIS, `env` REPLACES the environment
        "full_refresh": False,
    },
    schedule="@daily",
    dag_id="bookshop_slim",
)

Two things in that operator_args block are load-bearing, and both are easy to get wrong in a way that looks fine.

DBT_STATE sets --state, not --defer. It threads the state directory through both phases: Cosmos passes it to the dbt ls at render time and to the dbt run at task time. So the same prior manifest that decides which nodes become tasks is also the baseline available to compare against. But that is only the comparison. Deferral — “when a selected model ref()s an unselected one, resolve it to the production relation instead of building it” — is a separate switch, and Cosmos exposes no defer parameter at all. If you set only DBT_STATE and stop, state:modified+ will correctly prune your task graph, and then every pruned-away parent will simply be missing at run time. You get the smaller DAG and none of the benefit. Pass --defer --favor-state through dbt_cmd_flags and it works. (The equivalent env vars, DBT_DEFER and DBT_FAVOR_STATE, work too if you prefer to keep it all in env.)

append_env: True is not optional. Cosmos defaults it to False, which means the env dict you supply replaces the process environment rather than extending it. So the moment you set DBT_STATE, you also silently unset PATH, HOME, and any credential your profile was reading from the environment. The failure lands somewhere unrelated and confusing. Declare it every time. If you’d rather not run dbt ls on the scheduler at all, the alternative is RenderConfig(load_method=LoadMode.DBT_MANIFEST) pointed at a pre-generated ProjectConfig(manifest_path=...). But note that renders your project’s own manifest into tasks. It doesn’t do the state comparison for you, so you’d be back to filtering some other way. DBT_LS is what makes state:modified real at render time, and the price of that is the parse-time-on-the-scheduler constraint. Pay it deliberately.

Get the staging right and state:modified+ prunes your task graph down to the changed slice automatically. Get it wrong and dbt either rebuilds the world (no manifest found — dbt treats everything as new) or compares against a stale one, which is worse, because it silently under-builds.

The clone alternative to defer

--defer is elegant for CI, but it has a cost: the deferred models are read straight out of production. Your PR build is now issuing queries against live prod tables. Usually harmless, occasionally not — a heavy PR test suite hammering prod, or a governance rule that CI must never touch production relations, and defer is off the table.

dbt clone is the other answer. It creates zero-copy clones of the models in a manifest into a scratch schema, using the warehouse’s native clone (Snowflake zero-copy clone, BigQuery table clone, and so on — a metadata operation, not a data copy, so it’s fast and nearly free):

# 1. clone the entire prod project into a per-PR scratch schema
dbt clone --state ./prod-artifacts --target ci

# 2. now build only what changed, against the clone
dbt build --select "state:modified+" --state ./prod-artifacts --target ci

After the clone, the scratch schema is a full stand-in for production, so the state:modified+ build finds every upstream ref() already present — no --defer needed, and nothing reads from prod at run time. When does clone beat defer? When you want isolation from production reads, when you’ll run the same CI schema through multiple builds and want a clean warm baseline each time, or when your warehouse’s clone is cheap enough that the up-front clone is a rounding error. Defer wins when clone is expensive or unsupported on your warehouse, and when a read-only touch of prod is acceptable. For the bookshop on DuckDB there’s no meaningful clone primitive, so defer is the natural fit; on Snowflake or BigQuery, clone is very often the better-behaved choice.

Incrementals, full-refresh, and version skew

Two more interactions worth knowing before you trust this in anger.

Deferring into an incremental model. Suppose orders is incremental and your PR edits a downstream mart that ref()s it. With --defer, that ref('orders') resolves to the production orders table — the real, fully-populated incremental table, not an empty scratch copy. That’s exactly right: you get realistic upstream data without rebuilding a large incremental in CI. But watch the override: if your run includes --full-refresh, dbt rebuilds selected incrementals from scratch, and --full-refresh takes precedence over the incremental logic for selected models. Deferred models aren’t selected, so they’re untouched — but the moment an incremental model is in your state:modified+ selection and you pass --full-refresh, it does a complete rebuild in your target schema regardless of its incremental config. In CI that’s often what you want (a clean rebuild of the thing you changed); in a nightly slim run it can be an expensive surprise. Keep --full-refresh out of the routine slim DAG and reach for it deliberately.

Manifest compatibility across versions. The manifest.json schema is versioned and it changes between dbt-core minor releases. A manifest written by dbt 1.11 is not guaranteed to be readable as state by dbt 1.9, and vice versa — dbt will usually warn and may refuse. The practical rule: the dbt version that reads the state manifest should match (or be no older than) the version that wrote it. When you upgrade dbt-core, the first run after the upgrade should regenerate and republish the production manifest before any slim run tries to compare against the old one. Pin the dbt version in your image and treat a dbt upgrade as an event that invalidates the published manifest.

The publish-on-success race. Publish the manifest only when the production run actually succeeded. If a run fails halfway and you still overwrite the published manifest.json, your next slim run compares against a baseline that describes a state production never fully reached — it will under-build, skipping models it thinks are current but aren’t. Make the “upload manifest to object storage” step conditional on the dbt build succeeding (in Airflow terms, a task with trigger_rule="all_success" gated behind the build). And because a build and its upload aren’t atomic, prefer writing to a versioned key or writing-then-copying so a concurrent slim run never reads a half-written file. The manifest is a production artifact now; give it the same care as the data.

Tracing one change through the slim run

It helps to walk a single change end to end, because the moving parts only make sense together. A developer opens a PR that edits orders.sql — adds a total_discount column, nothing else. Here’s what has to line up for the slim build to do the right thing.

First, the production DAG ran last night, built cleanly, and its success-gated upload step pushed target/manifest.json to s3://bookshop-artifacts/dbt/bookshop/prod/manifest.json. That’s the baseline. Second, the manifest-staging step — the small dedicated DAG, or the CI job — has already pulled that object down to include/dbt/state/manifest.json on the machine that will parse and run this build. Third, when the slim DAG is parsed, Cosmos runs dbt ls --select state:modified.body+ --state include/dbt/state and diffs the current project against the baseline. Only orders has a different compiled body, and orders is a leaf, so the + adds nothing downstream: the rendered task graph is a single node.

Now the run. That one orders task executes dbt build --select orders --defer --favor-state --state include/dbt/state. orders does ref('int_order_payments'), int_order_payments isn’t in the selection, so --defer rewrites the reference to production’s int_order_payments, and --favor-state guarantees it uses prod’s copy even if a stale one is loitering in the CI schema. dbt builds exactly one model, reading one deferred upstream table, and the PR gets a real result in the time it takes to rebuild a single mart. If the manifest at any of those three staging points had been stale or missing, this same PR would have either rebuilt the whole project or quietly compared against the wrong baseline. Same code, same selector, different outcome, entirely because of where one file was.

Two words spelled the same

One more pass on the vocabulary landmine, because it’s the single most common point of confusion in this whole area. dbt --defer — the subject of this chapter — is about ref() resolution: pointing unbuilt references at production. It has nothing to do with Airflow’s scheduler, workers, or the triggerer. Airflow deferrable operators — an entirely separate feature covered later in the practice series — are about a task releasing its worker slot while it waits, handing the wait to the triggerer process, and resuming later. A Cosmos task running dbt build --defer is not an Airflow deferrable task; it occupies its worker for the whole run. If someone says “the dbt task is deferred,” always ask which “defer” they mean. They are unrelated systems that lost a naming coin-flip.

Final thoughts

state:modified is dbt admitting that most of your project didn’t change since last night, and it’s right — most of it didn’t. The leverage is enormous and the interface is a single selector, which is exactly why it’s tempting to bolt on without the plumbing underneath. Don’t. The whole feature rests on one file being staged to the right place at the right time. Under Cosmos with DBT_LS, “the right time” is parse time on the scheduler, not run time on a worker. That detail is what turns a working slim DAG into a mysterious one. Version the manifest, publish it only on success, compare against exactly that, and match your dbt version to the one that wrote it. Do that and “only rebuild what changed” is a line of config. Treat the manifest casually and it’s a very confident way to build the wrong thing.





Tests, Retries, and Shipping It

The DAG runs. It’s scheduled, it renders a task per model, it only rebuilds what changed. That’s the pipeline working — and “working” is where most tutorials stop and production begins. Production is the set of things you only notice when they’re missing. Knowing which assertion failed at 2am. Hearing about the test that warned instead of failed. Retrying the one model that flaked without double-loading it. Seeing the run’s health without SSH-ing anywhere, and stopping a broken model at the pull request instead of in the warehouse. None of it is new dbt or new Airflow. It’s the payoff for having made both graphs one graph.

A failing test is a red cell, not a red run

dbt tests aren’t a separate step you remember to run — they’re nodes in the same graph. Cosmos renders them as their own Airflow tasks, so the not_null on orders.customer_id and the relationships test tying int_order_payments back to stg_customers each become a discrete cell in the grid, wired downstream of the model they guard.

Go back to the naive bridge from chapter two. There, a failed test looked exactly like a failed model looked exactly like a failed anything: one red bar, and dbt’s output buried in a log you scroll. Here, a broken unique test on orders is a single red square with the assertion’s name on it. You know which model produced bad data, which specific contract it violated, and — because the failed test is downstream of exactly one model — what to fix. You retry that model and its test. Not the world.

That’s the whole argument of this book collapsed into one screen: Airflow can only make a failure legible if it can see the thing that failed, and now it can. But “the test failed and turned the cell red” is only the loud half of the story. The half that bites you in production is the test that found something and didn’t turn anything red at all.

The failure that doesn’t fail: warn-severity tests

dbt tests have a severity. The default is error — the test fails, the node fails, and Cosmos propagates that up as a failed Airflow task, red cell, downstream blocked. But plenty of assertions aren’t “stop the pipeline” conditions; they’re “someone should look at this.” A row count that drifted 3%. A handful of orders with a null shipped_at that’s usually populated. You want those surfaced, not slammed. That’s severity: warn:

models:
  - name: orders
    columns:
      - name: total_amount
        tests:
          - dbt_utils.accepted_range:
              min_value: 0
              max_value: 100000
              severity: warn
              warn_if: ">10"
              error_if: ">100"

Here’s the trap. A warn-severity test that finds violating rows does not fail the dbt node, which means Cosmos renders it green. The test ran, it found bad data, it told dbt — and the grid shows you a clean run. If your only observability surface is “is the cell red,” warnings are invisible by construction. You built a signal and then hid it behind the one thing you look at.

Cosmos gives you the hook to un-hide it: on_warning_callback. It fires when a dbt test node emits warnings, and it’s where you turn a silent warn into a Slack message that isn’t a page:

from cosmos import DbtDag, RenderConfig

def warn_handler(context):
    # context carries the dbt test node names that warned
    warned = context.get("test_names", [])
    notify_slack(
        f":large_yellow_circle: {context['dag'].dag_id} warned on "
        f"{len(warned)} test(s): {', '.join(warned)} — non-blocking, but look."
    )

DbtDag(
    project_config=project_config,
    on_warning_callback=warn_handler,          # a DbtDag kwarg — NOT a RenderConfig field
    execution_config=execution_config,
    profile_config=profile_config,
    schedule="@daily",
    dag_id="bookshop",
)

The callback is attached at the Cosmos level, not per-task, because a warning isn’t a task failure — the task succeeded. on_warning_callback is the only thing standing between a warn-severity test and total silence, so if you use warn severity at all (you should), wire this or the severity is a lie you’re telling yourself.

Warnings tell you that something’s off. To triage what, you need the offending rows, and by default dbt throws them away — a test returns a count and discards the failing set. store_failures keeps them:

      - name: total_amount
        tests:
          - dbt_utils.accepted_range:
              min_value: 0
              severity: warn
              config:
                store_failures: true
                store_failures_as: table   # or 'view'

Now every run of that test writes the violating rows to a table in a dbt_test__audit schema, named after the test. When the Slack warn lands, you don’t re-run anything to investigate — you select * from dbt_test__audit.accepted_range_orders_total_amount and read the actual bad rows from the last run. store_failures_as: view makes it a view over live data instead of a snapshot, which is what you want for a test you’re actively debugging; table is the durable audit trail. Either way, the triage data is already in the warehouse before you go looking. --store-failures is the CLI flag for the same thing when you want it globally on a run.

Quality gates that fail before bad data exists

not_null and unique are assertions you run after building a model — they catch bad data that already landed. The stronger move is a gate that refuses to build the model at all when its shape is wrong. dbt has two, and Cosmos renders both without you doing anything special.

Model contracts enforce a schema at build time. Declare the columns and types a model must produce, set enforced: true, and dbt builds the model inside a scaffold that fails the run if the output doesn’t match. A renamed column, a type that drifted from int to numeric, a nullable field where you promised non-null:

models:
  - name: orders
    config:
      contract:
        enforced: true
    columns:
      - name: order_id
        data_type: bigint
        constraints:
          - type: not_null
          - type: primary_key
      - name: customer_id
        data_type: bigint
        constraints:
          - type: not_null
      - name: total_amount
        data_type: numeric(12,2)

The difference from a not_null test is when and how loud. A contract violation fails the model’s own build task — the red cell is orders, not orders’s downstream test — and it fails because the column contract broke, before a single downstream model reads the malformed output. It’s a compile-and-build-time gate, so a PR that changes total_amount from numeric to float fails in CI on the model itself, with a message naming the column and the type mismatch. Contracts turn “we test that the data is clean” into “the warehouse refuses to accept a differently-shaped table,” which is the gate you actually want on the models other teams build on.

Unit tests are the other half — they test your SQL logic against fixed inputs, the way application code has unit tests, and they’re a first-class dbt node so Cosmos renders each as its own task:

unit_tests:
  - name: test_order_total_excludes_refunds
    model: orders
    given:
      - input: ref('int_order_payments')
        rows:
          - {order_id: 1, amount: 100, status: 'settled'}
          - {order_id: 1, amount: -30, status: 'refunded'}
    expect:
      rows:
        - {order_id: 1, total_amount: 70}

This runs at build time against mocked inputs — no warehouse data required — and asserts that your aggregation logic actually excludes refunds the way you think it does. It catches the class of bug a data test never can: the SQL is wrong even when the data is clean. In the grid it’s a task named for the unit test, upstream of the model’s real build, so a logic regression fails the PR before the model runs against production data at all.

The third gate lives in the sources, not the models: source freshness. dbt source freshness checks the max timestamp in each raw table against a threshold and fails if the upstream feed went stale. Run it as the first thing in CI, and as an early task in the DAG. You then catch “the ingestion job died and the bookshop’s raw orders are 30 hours old” before you build a full pipeline on top of yesterday’s data and wonder why the numbers are flat.

dbt source freshness   # warn_after / error_after come from the source YAML

Contracts stop bad shapes, unit tests stop bad logic, freshness stops building on stale inputs, and data tests catch bad values after the fact. Four gates, four failure modes, all rendered as tasks in the same graph.

run_results.json is your observability, if you read it

The grid is a fine dashboard for is it green. It’s a poor one for how long did each model take, and is that getting worse. dbt already answers that — it writes run_results.json to target/ on every invocation, one record per node with its status, execution time, rows affected, and the compiled adapter response. The whole run’s performance history is sitting in a file after every dbt call. The work isn’t generating it; it’s not throwing it away.

The concrete pattern is a post-run task that parses run_results.json and loads the per-node timings into a metadata table you can trend:

Before the code, the trap — because the obvious version of this task does not work, and it fails in a way that looks like your fault.

Cosmos does not leave target/ on disk. Every Cosmos task copies the project into a tempfile.TemporaryDirectory(), runs dbt there, and deletes it. So a downstream task that does open(f"{project_dir}/target/run_results.json") gets a FileNotFoundError — not because the artifact wasn’t written, but because the directory it was written into no longer exists. This is true in every execution mode, LOCAL included; it is not a container thing.

Cosmos’s answer is to ship the artifacts out for you. Point it at object storage and it uploads target/ after each invocation:

# .env  —  the [cosmos] section
AIRFLOW__COSMOS__REMOTE_TARGET_PATH=s3://bookshop-dbt-artifacts/target/
AIRFLOW__COSMOS__REMOTE_TARGET_PATH_CONN_ID=aws_default

Now the artifacts outlive the task, in a location every downstream step can reach, and your observability task reads from there rather than from a directory that was deleted before it ran:

import json
from datetime import datetime
from airflow.sdk import task
from airflow.providers.amazon.aws.hooks.s3 import S3Hook

@task
def load_run_results(key: str):
    body = S3Hook(aws_conn_id="aws_default").read_key(
        key=key, bucket_name="bookshop-dbt-artifacts",
    )
    results = json.loads(body)

    invocation = results["metadata"]["invocation_id"]
    rows = [
        {
            "invocation_id": invocation,
            "run_at": datetime.utcnow(),
            "node": r["unique_id"],
            "status": r["status"],
            "execution_time": r["execution_time"],
            "rows_affected": r.get("adapter_response", {}).get("rows_affected"),
        }
        for r in results["results"]
    ]
    warehouse_hook().insert_rows("meta.dbt_run_results", rows)

Wire that as a task downstream of the dbt task group (it runs whether the run passed or failed — use a trigger rule so a partial failure still records what did run) and you accumulate a meta.dbt_run_results table that answers questions the grid can’t. Which model’s runtime doubled this month, which test flakes across invocations, what the p95 build time is per node. That’s the raw material for a real dashboard, and it costs one parse task because dbt did the measurement for you.

When you want that story turned into a product instead of a table, the dbt-native answer is Elementary — a package you add to packages.yml that installs models which sit on top of your run_results and manifest artifacts and materialize a run history, plus a suite of anomaly tests (volume, freshness, and column-value distributions) that fail when today’s numbers deviate from the model’s own recent history rather than a hardcoded threshold:

# packages.yml
packages:
  - package: elementary-data/elementary
    version: 0.16.0

models:
  - name: orders
    tests:
      - elementary.volume_anomalies:
          timestamp_column: created_at
      - elementary.freshness_anomalies:
          timestamp_column: created_at

Those anomaly tests are ordinary dbt tests, and Cosmos renders them as task cells like any other. But they encode “this table normally gets ~2,000 orders a day and today it got 4” as a test failure, which is exactly the drift a static not_null can’t see. Elementary also ships a report (edr report generates a self-contained HTML dashboard from the run artifacts) and an alerting integration, so the observability you were hand-rolling off run_results.json becomes a maintained package. Roll your own metadata table when you want a couple of trends in your own stack; reach for Elementary when you want anomaly detection and a report without building either.

Retries that cost one model — and don’t double-load it

Some failures aren’t bugs — a warehouse connection drops, a lock times out, a transient nothing. In the single-task world every transient blip reran the entire project. Per-model tasks make retries proportional:

default_args = {
    "retries": 2,
    "retry_delay": timedelta(minutes=1),
    "retry_exponential_backoff": True,
    "max_retry_delay": timedelta(minutes=10),
}

default_args propagates to every rendered task, so a flaky int_order_payments retries itself while stg_orders, which already succeeded, sits untouched. The retry unit is now a model, because the task unit is a model. retry_exponential_backoff=True spaces the attempts out — one minute, then two, then four — instead of hammering a warehouse that’s already struggling, and max_retry_delay caps how far that backoff can stretch. For a transient lock, backing off is strictly better than retrying instantly into the same contention.

There’s a correctness hazard hiding in that convenience, and it’s the reason to think before setting retries globally. A retry re-runs the model’s dbt run. For a view or a table materialization that’s harmless — the model is fully rebuilt from scratch, so a second attempt produces the identical result. For an incremental model it is not harmless. An incremental run appends or merges new rows since the last watermark. If the model runs, commits its insert, and then the task fails — a network blip after the warehouse already applied the write — the retry runs the incremental logic again and can load the same interval twice. retries on a non-idempotent incremental is a double-load waiting for a bad night.

The precondition for safe retries on incremental models is idempotency: the incremental logic has to produce the same table whether it runs once or three times for a given interval. That’s a delete+insert or merge on a deterministic key scoped to the run’s data interval, not a blind insert. Get the incremental model idempotent and retries: 2 is free insurance; leave it non-idempotent and every retry is a chance to corrupt the table. This is a whole topic — the data-interval-aware incremental patterns, the --full-refresh escape hatch, and how backfills interact with all of it — and it’s the subject of a later chapter on incrementals under backfills. The one-line version here: don’t set blanket retries on incremental models until they’re idempotent. For those specific models, either make them idempotent first or drop retries to 0 and let a human decide.

Alerting in 3.x: SLAs are gone, callbacks and Deadline Alerts replace them

If you learned Airflow on 2.x, your instinct for “tell me when this runs too long” is the sla parameter. It’s gone — SLAs were removed in Airflow 3. The replacement is two mechanisms that are more honest about what they do.

Callbacks handle the failure and success cases. on_failure_callback fires when a task fails, which is the hook for turning a red cell into a page:

def alert_on_failure(context):
    ti = context["task_instance"]
    notify_slack(f":red_circle: {ti.dag_id}.{ti.task_id} failed — {ti.log_url}")

default_args = {"on_failure_callback": alert_on_failure, ...}

Attach it via default_args and every model task inherits it, so the alert names the model that broke and links straight to its log. Note the distinction between task-level and DAG-level callbacks: a task callback fires per failing task, so a run where five models fail sends five pages. A DAG-level on_failure_callback fires once for the run. For a Cosmos DAG that renders dozens of tasks, task-level failure alerts are how you get an alert storm — one bad upstream model fails, and its ten downstream tasks each fire their own page. The usual shape is: DAG-level callback for “the run failed, here’s the run,” and a task-level callback only on the specific tasks whose individual failure you genuinely want paged separately.

For the “took too long” case SLAs used to cover, 3.x introduces Deadline Alerts — a DeadlineAlert you attach to a DAG that defines a deadline relative to a reference time and a callback to fire when it’s breached:

from airflow.sdk.definitions.deadline import DeadlineAlert, DeadlineReference
from datetime import timedelta

DbtDag(
    # ...
    deadline=DeadlineAlert(
        reference=DeadlineReference.DAGRUN_LOGICAL_DATE,
        interval=timedelta(hours=2),
        callback=SyncCallback(alert_slow_run),   # a bare function is rejected
    ),
)

Unlike the old SLA, which quietly recorded misses in a table most people never looked at, a Deadline Alert fires a real callback when the run blows past its window. “The nightly bookshop build was supposed to finish by 4am and it’s 6,” delivered somewhere you’ll see it. It’s the SLA you actually wanted: a deadline with an action, not a deadline with a log row.

Both of these route through the Notifier abstraction (BaseNotifier), which is 3.x’s structured way to write a reusable notifier — a class with a notify(context) method — instead of hand-rolling a callback function per DAG. Providers ship them (SlackNotifier, SmtpNotifier); you write your own by subclassing BaseNotifier and reuse it across every DAG and deadline. Whichever you use, the last mile is alert-storm dedupe: a single upstream failure cascades, and without a suppression key you page ten times for one root cause. The practical fixes are threefold. DAG-level callbacks for run failure. A dedupe key in the notifier, a hash of dag plus root-cause within a window, so repeats within N minutes collapse into one message. And reserving task-level pages for the handful of models where isolated failure genuinely means something different.

CI depth: where the production manifest comes from, and the scratch-schema problem

Everything so far protects the nightly run. CI protects the thing that breaks nightly runs — the pull request. The cheapest gate is dbt parse, which compiles the project and fails on a broken ref(), a bad column reference, or malformed YAML before any SQL touches the warehouse. Layer the slim CI from the previous chapter on top and a PR builds only the models it changed, deferring the rest to production:

name: dbt-ci
on: pull_request
jobs:
  build-changed:
    runs-on: ubuntu-latest
    steps:
      - uses: actions/checkout@v4
      - uses: actions/setup-python@v5
        with: { python-version: "3.12" }
      - uses: astral-sh/setup-uv@v4
      - run: uv pip install --system dbt-core dbt-postgres
      - run: dbt deps
      # Land the production manifest CI defers against:
      - run: aws s3 cp s3://bookshop-dbt-artifacts/prod/manifest.json ./prod-artifacts/manifest.json
      - run: dbt parse
      - run: dbt source freshness
      - run: |
          dbt build --select "state:modified+" --defer --state ./prod-artifacts \
            --target ci
        env:
          DBT_SCHEMA: "ci_pr_${{ github.event.number }}"
          DBT_HOST: ${{ secrets.DBT_HOST }}
          DBT_USER: ${{ secrets.CI_DBT_USER }}
          DBT_PASSWORD: ${{ secrets.CI_DBT_PASSWORD }}

The line that matters most is the one that lands ./prod-artifacts/manifest.json. Slim CI is only as good as that baseline (chapter five’s whole argument), and in CI it doesn’t appear by magic — it’s downloaded from the published location your production deploy writes to. The nightly run publishes its target/manifest.json to object storage on success; CI pulls that exact file down before dbt build so state:modified+ compares the PR against last-known-good prod. No manifest, and CI rebuilds the world; stale manifest, and it under-builds. The aws s3 cp line is the state discipline made executable.

Then the ephemeral schema story. A PR build must not write into production tables, so it runs against a dedicated CI target with its own credentials — CI_DBT_USER, not the prod user. It also gets a per-PR scratch schema: ci_pr_1234, keyed off the PR number so concurrent PRs don’t collide. --defer means the PR only builds its changed models into that scratch schema and reads everything unchanged from prod, so the scratch schema stays small. The catch is cleanup: every PR leaves a ci_pr_* schema behind, and without a sweep your warehouse fills with dead scratch. The fix is a teardown step on PR close that drops the schema:

  cleanup:
    if: always()
    runs-on: ubuntu-latest
    steps:
      - run: |
          dbt run-operation drop_schema \
            --args "{schema: ci_pr_${{ github.event.number }}}"

The dbt clone alternative sidesteps building into scratch entirely. Instead of rebuilding changed models, dbt clone --state ./prod-artifacts creates zero-copy clones of the production objects into the CI schema, on warehouses that support cheap cloning like Snowflake, BigQuery and Databricks. CI starts from a full copy of prod for near-free, then builds only the modified models on top. On a warehouse with cloning it’s often cheaper and more faithful than defer, because the PR sees real production data for every upstream, not a manifest’s description of it. On Postgres — the bookshop’s engine here — there’s no cheap clone, so defer is the right tool; the clone path is what you reach for once this setup points at a cloud warehouse.

On merge, the deploy is its own short job: ship the Astro project so the scheduler picks up the new DAG and dbt code, and — critically — that production run is what publishes the next baseline manifest.

  deploy:
    needs: build-changed
    if: github.ref == 'refs/heads/main'
    runs-on: ubuntu-latest
    steps:
      - uses: actions/checkout@v4
      - run: astro deploy --deployment-id ${{ secrets.ASTRO_DEPLOYMENT_ID }}
        env:
          ASTRO_API_TOKEN: ${{ secrets.ASTRO_API_TOKEN }}

Tests on the PR, deploy on the merge. The manifest production publishes becomes the state baseline the next PR compares against — the chapter-five artifact discipline and the CI gate are the same system viewed from two ends.

Final thoughts

Almost nothing in this chapter was a new capability. Test-as-task, per-model retries, the grid-as-dashboard, slim CI — every one of them fell out of the single decision made in chapter three, to let Airflow see the graph dbt already draws. What this chapter added is the discipline that keeps that legibility honest. The warn-severity test that’s silently green until on_warning_callback speaks for it. The run_results.json you’d otherwise let dbt delete. The contract that fails a bad shape before it exists, the retry you must not set on a non-idempotent incremental, and the deadline alert that replaced the SLA Airflow 3 took away. That’s the actual thesis of the book. You don’t integrate dbt and Airflow by making one run inside the other. You integrate them by refusing to hide either one’s structure, and then doing the unglamorous work of not hiding it back by accident.

The bookshop ran on Postgres the whole way through, deliberately — warehouse-agnostic, laptop-reproducible, no cloud account required to follow along. The honest next move is to point this exact setup at a warehouse built for it: swap the profile, keep the DAG, and suddenly dbt clone and zero-copy CI schemas are on the table. That’s the Snowflake capstone this track is building toward. The same Cosmos graph, the same slim CI, the same test cells, aimed at a real cloud warehouse — where the cost of rebuilding the world is the reason all of this mattered in the first place. The orchestration doesn’t change. Only the thing underneath it gets bigger.





How Cosmos Loads and Runs dbt

By now the bookshop DAG is a pleasing thing to look at. Every model is a cell, every test hangs off its model, and the grid draws the same graph dbt draws. It feels free, because on a five-model project it is free. The trap is assuming that stays true at a hundred models, or three hundred. Or the day someone points the same pattern at the analytics monolith with eleven hundred nodes, and wonders why the scheduler is suddenly pinned at 100% CPU and the UI takes nine seconds to render a grid.

Cosmos has a hidden cost, and it’s not where beginners look for it. It isn’t in running dbt — that part is the same subprocess dbt always was. The cost is in the fact that Airflow has to know the entire dbt graph before a single task runs, and it has to know it not once, but every time the scheduler re-parses the DAG file. This chapter is about that seam: how Cosmos discovers your dbt graph (LoadMode), how it invokes dbt once tasks are running (InvocationMode), and how the two together decide whether task-per-model scales or collapses.

Two things happen, at two different times

Keep these separated in your head, because conflating them is the root of most Cosmos performance confusion.

Parse time is when Airflow reads your .py DAG file to build the DAG object. This happens constantly — the dag-processor parses every file on a loop (default min_file_process_interval is 30 seconds), and it happens whether or not anything is scheduled to run. When Cosmos builds a DbtDag, it has to enumerate every dbt node at this moment, because the tasks are the DAG. No graph, no tasks.

Run time is when a rendered task actually fires and calls dbt to build one model. This happens on the worker, on the DAG’s schedule.

LoadMode governs parse time — how Cosmos discovers the graph. InvocationMode governs run time — how each task shells into dbt. A slow load mode taxes you 2,880 times a day per file (every 30s), silently, in the scheduler, for a DAG that might run once a night. That asymmetry is the whole story.

The LoadMode menu

Cosmos supports six load modes, set on RenderConfig:

from cosmos import RenderConfig, LoadMode

LoadMode.DBT_LS shells out to dbt ls during parsing. dbt compiles the project in memory, resolves every ref() and source(), and emits the node list Cosmos turns into tasks. This is the most accurate mode — it sees exactly what dbt sees, including anything computed at compile time — and it’s the reason it hurts. dbt ls on the bookshop takes maybe two seconds. On a real project it’s five to fifteen. Multiply by the parse loop and you have a scheduler that spends a meaningful fraction of its life running dbt just to answer “what models exist?”

LoadMode.DBT_MANIFEST reads a pre-built manifest.json — the artifact dbt writes into target/ after any compile — and builds the graph from that file. No subprocess, no compile, just JSON parsing. It’s the fast, calm mode for anything past toy scale. The catch is stated in its name: the manifest is a snapshot. If someone adds a model and you don’t regenerate the manifest, Cosmos renders yesterday’s graph. Freshness becomes your responsibility instead of dbt’s.

LoadMode.CUSTOM parses the project’s .yml and .sql files directly with Cosmos’s own lightweight dbt-graph parser — no dbt executable, no manifest. It’s faster than DBT_LS and needs no artifact, but it’s an approximation: it doesn’t run Jinja, so anything that depends on compile-time logic (macros that generate refs, complex dbt_project.yml var interpolation) can be misread. Good enough for straightforward projects that don’t want to maintain a manifest.

LoadMode.AUTOMATIC is the default, and it’s a heuristic, not a mode of its own. Cosmos looks for a manifest_path on your ProjectConfig; if it finds one, it uses DBT_MANIFEST. If not, and a dbt executable plus profile are available, it falls back to DBT_LS. It’s convenient and it’s exactly why people get bitten: they never set a load mode, ship to production, and inherit DBT_LS’s parse tax without ever choosing it.

Here’s the decision, compressed:









































	Load mode	Runs dbt at parse?	Accuracy	Freshness burden	Use when
	DBT_LS	Yes, every parse	Exact	None (always live)	Dev, tiny projects, or you truly need compile-time truth
	DBT_MANIFEST	No	Exact (as of build)	You keep it fresh	Production, anything > ~50 models
	CUSTOM	No	Approximate	None	No manifest wanted, simple project
	AUTOMATIC	Depends	Depends	Depends	You’ve read this table and know what it’ll pick


The one-line rule: development can afford DBT_LS; production should run on DBT_MANIFEST.

Watching the parse tax with your own eyes

You don’t have to take the “seconds × frequency” claim on faith. Airflow tells you how long each file takes to parse. With the bookshop DAG in place on DBT_LS:

astro dev run dags report

Or, more precisely, look at the dag-processor’s own accounting:

astro dev run dag-processor --help   # confirm the processor is running

The number that matters is import time per file, surfaced in the UI under the DAG’s details and in the scheduler logs as parse duration. On a DBT_LS DAG it will track your dbt ls wall-clock almost exactly, because that’s what dominates. Flip the same DAG to DBT_MANIFEST and the parse duration collapses to the milliseconds it takes to read and deserialize a JSON file. That before/after is the entire argument for manifest mode, made concrete on your own hardware.

A related, quieter cost: because DBT_LS invokes dbt in the scheduler, the scheduler’s environment must have dbt installed and be able to reach a target — dbt compiles against the profile. Manifest mode has no such requirement at parse time. The scheduler just reads a file. That decoupling is worth as much as the speed.

Building the manifest in CI, not in the scheduler

If manifest mode is the answer, the operational question becomes: who builds the manifest, and when? The wrong answer is “the scheduler, at parse time” — that’s just DBT_LS wearing a manifest’s clothes. The right answer is CI, at deploy time. The manifest is a build artifact of your dbt project, exactly like a compiled binary, and it should be produced by the same pipeline that ships the code.

The command that produces a manifest without touching your warehouse is dbt parse (or dbt compile, or any command that compiles) — parse is cheapest because it stops after building the graph:

# .github/workflows/deploy.yml (excerpt)
- name: Generate dbt manifest
  working-directory: dbt/bookshop
  run: |
    dbt deps
    dbt parse --target prod    # writes target/manifest.json, no warehouse queries
- name: Stage manifest for the image
  run: |
    mkdir -p include/dbt/bookshop/target
    cp dbt/bookshop/target/manifest.json include/dbt/bookshop/target/manifest.json

Now the manifest rides along in your Airflow image, next to the project. Point Cosmos at it explicitly:

from pathlib import Path
from cosmos import DbtDag, ProjectConfig, RenderConfig, LoadMode

DBT_PROJECT_PATH = Path("/usr/local/airflow/include/dbt/bookshop")

project_config = ProjectConfig(
    dbt_project_path=DBT_PROJECT_PATH,
    manifest_path=DBT_PROJECT_PATH / "target" / "manifest.json",
)

bookshop_dbt = DbtDag(
    dag_id="bookshop_dbt",
    project_config=project_config,
    profile_config=profile_config,   # from chapter 3
    render_config=RenderConfig(load_method=LoadMode.DBT_MANIFEST),
    schedule="@daily",
    start_date=None,
)

Two things make this robust. First, setting manifest_path means AUTOMATIC would also pick manifest mode — but naming load_method=LoadMode.DBT_MANIFEST explicitly removes the guesswork, and a reviewer reading the DAG knows exactly what parse costs. Second, because the manifest is generated with --target prod, it reflects the graph as production compiles it, not whatever a developer’s local vars happened to produce.

The freshness discipline is now a CI invariant, not a human habit: the manifest is regenerated on every deploy, so it can never drift from the deployed code. The only way it goes stale is if someone changes models without deploying. And if they haven’t deployed, the scheduler hasn’t seen the new code either. The two move together.

Partial parsing: dbt’s own cache

There’s a second cache in play, and it belongs to dbt, not Cosmos. When dbt compiles a project it writes a partial_parse.msgpack into target/. On the next invocation, dbt reads that file and only re-parses the files whose timestamps changed, rather than re-Jinja-ing the whole project. On a large project this turns a multi-second compile into a sub-second one.

This matters in two places. If you’re stuck on DBT_LS (dev, or a project where the manifest genuinely can’t be kept fresh), partial parsing is what makes each parse’s dbt ls bearable — it’s the difference between fifteen seconds and three. And when your tasks run dbt at execution time, partial parsing shaves startup off every single model invocation.

Cosmos exposes this through ProjectConfig (not RenderConfig — that’s a TypeError) and operator_args:

project_config = ProjectConfig(
    DBT_PROJECT_PATH,
    partial_parse=True,   # keep target/partial_parse.msgpack between parses (default: True)
)

The gotcha is that partial parsing depends on the partial_parse.msgpack surviving between invocations. In container execution modes, where each task gets a fresh filesystem, it won’t survive unless you mount target/ on a persistent volume — which is exactly the kind of thing that quietly stops helping without any error message. Set partial_parse=False when you specifically want to force a clean parse (CI manifest generation is a fine place to leave it on; a debugging run where you suspect a stale cache is a fine place to turn it off).

InvocationMode: how a running task calls dbt

Load mode is settled. Now the DAG is running and forty tasks need to build forty models. Each one has to get dbt to actually execute. InvocationMode, set on ExecutionConfig, controls how.

from cosmos import ExecutionConfig, InvocationMode

InvocationMode.SUBPROCESS is the classic behavior: each task spawns a fresh dbt run --select the_model subprocess, waits for it, captures its output, and exits. It’s the most isolated option — every model runs in its own process with its own clean interpreter state — and it’s the most robust, because a dbt crash is contained to one subprocess. The cost is startup. Every task pays the price of a cold Python interpreter importing dbt and its adapter, which is a meaningful fraction of a second to a second or two, per task. On a graph with hundreds of small models, that fixed overhead starts to dominate the actual SQL.

InvocationMode.DBT_RUNNER uses dbt’s programmatic entry point — dbtRunner from dbt.cli.main — to invoke dbt in-process, inside the Airflow worker’s own Python, no subprocess spawn. dbt and its adapter are imported once and reused. Startup per task drops dramatically because there’s no new interpreter to warm up. This is the faster option and the right default for ExecutionMode.LOCAL on a large graph.

execution_config = ExecutionConfig(
    invocation_mode=InvocationMode.DBT_RUNNER,
)

The tradeoff is exactly the mirror of the speedup. In-process means shared process state. dbt and Airflow now live in the same interpreter, so their dependency trees must be compatible. A version of protobuf or jinja2 that suits one and not the other becomes your problem, whereas a subprocess would have been insulated by its own environment. It also means dbt’s global state isn’t reset between tasks the way a fresh process guarantees, and a hard dbt failure has a slightly larger blast radius. If you’ve isolated dbt with ExecutionMode.VIRTUALENV or a container (next chapter), DBT_RUNNER doesn’t apply the same way — the isolation is the point there, and Cosmos manages invocation accordingly.

The rule of thumb: DBT_RUNNER for speed when Airflow and dbt already share a controlled environment; SUBPROCESS when you want isolation, are debugging a state-leak, or have a dependency conflict you can’t yet resolve. If you leave it unset under LOCAL, recent Cosmos defaults to DBT_RUNNER when the dbt library is importable, and falls back to SUBPROCESS otherwise. But as with load mode, choosing explicitly beats inheriting a default you didn’t read.

operator_args: the flags that ride down to dbt

Invocation mode decides how a task calls dbt; operator_args decides what it says. Every rendered Cosmos task is an operator wrapping a dbt command, and operator_args is the dictionary that flows into all of them. The same way default_args flows into any Airflow task group. This is where the practical dbt flags live.

render_config = RenderConfig(load_method=LoadMode.DBT_MANIFEST)

bookshop_dbt = DbtDag(
    dag_id="bookshop_dbt",
    project_config=project_config,
    profile_config=profile_config,
    render_config=render_config,
    execution_config=execution_config,
    operator_args={
        "vars": {"run_date": "{{ ds }}"},   # dbt --vars, Jinja-templated per run
        "full_refresh": False,               # dbt --full-refresh toggle
        "install_deps": True,                # run `dbt deps` before the model
        # NOTE: "threads" here is a silent no-op — Cosmos filters unknown kwargs.
        # Set it on the profile instead: profile_args={"threads": 4}
        "env": {"DBT_LOG_FORMAT": "json"},   # environment for the dbt process
    },
    schedule="@daily",
    start_date=None,
)

A few of these are worth a sentence each. vars is templated with Airflow’s Jinja context, so {{ ds }} becomes the run’s logical date and dbt sees a real value — this is how you thread Airflow’s sense of “which day” into dbt’s {{ var('run_date') }}. full_refresh=True is the switch you flip for a backfill DAG that must rebuild incrementals from scratch (a whole chapter of its own, later). install_deps=True runs dbt deps before the model so packages are present, which you want when the image doesn’t already carry dbt_packages/; leave it off when deps are baked into the image, since running it per task is wasted work. And threads is dbt’s own concurrency inside a single invocation — mostly moot under task-per-model, because Airflow is already parallelizing across models, but it matters the moment you coarsen granularity and one task builds many models.

The thing to internalize: operator_args is the run-time counterpart to RenderConfig’s parse-time selection. One decides which nodes exist; the other decides what dbt does when each node runs.

The Cosmos cache

Cosmos adds its own caching layer on top of dbt’s. This one is not a config object at all — it’s Airflow configuration, in the [cosmos] section (equivalently AIRFLOW__COSMOS__* environment variables). Reaching for RenderConfig(enable_cache=…) is the obvious guess and a TypeError. When enabled, Cosmos caches the rendered graph — the result of load-mode discovery — keyed on the inputs that would change it (project files, the manifest, relevant config). On the next parse, if nothing that matters has changed, Cosmos serves the cached graph instead of re-running discovery.

# .env  —  or the [cosmos] section of airflow.cfg
AIRFLOW__COSMOS__ENABLE_CACHE=True
AIRFLOW__COSMOS__CACHE_DIR=/usr/local/airflow/include/.cosmos_cache
AIRFLOW__COSMOS__ENABLE_CACHE_DBT_LS=True     # cache the `dbt ls` output specifically

Worth knowing: enable_cache_dbt_ls defaults to True, which means load_via_dbt_ls already checks the cache before shelling out. So the “dbt ls runs on every parse” tax this chapter has been dramatising is, out of the box, smaller than the arithmetic suggests — it runs when the project changes. The tax is real, but the default already blunts it, and you should know that before you go re-architecting around it.

This is most valuable precisely where you’d expect: it blunts the DBT_LS parse tax by not re-shelling dbt ls when the project hasn’t changed since the last parse. It’s less relevant under DBT_MANIFEST, where discovery is already cheap. Point CACHE_DIR at a path that persists between parses (in the Astro image, somewhere under include/ is convenient) and survives restarts if you want the benefit across deploys. And know the escape hatch: if you ever see Cosmos rendering a graph you’re sure is stale, AIRFLOW__COSMOS__ENABLE_CACHE=False is the blunt instrument that forces fresh discovery every parse — useful for a debugging session, wasteful as a permanent setting.

Layered up, that’s three caches doing different jobs: the Cosmos graph cache (skip re-discovery), the manifest (skip compiling to discover), and dbt’s partial parse (skip re-parsing files dbt already knows). They compose. On a well-tuned production DAG, a parse touches none of the expensive paths — it reads a manifest, finds an unchanged graph in the Cosmos cache, and returns in milliseconds.

The overhead wall at 300–500 models

Everything above buys parse-time and startup savings, but there’s a ceiling those savings don’t lift, and it’s structural. Task-per-model means N dbt models become N (or more, counting tests) Airflow tasks. Airflow’s scheduler tracks every task instance — state transitions, dependencies, retries, database rows — and the UI renders every one into the grid. Somewhere around 300 to 500 models, that stops being free regardless of load mode. The scheduler works harder to schedule thousands of task instances per run; the grid, which has to lay out every cell, becomes sluggish to render; the metadata database carries more rows per DAG run. Manifest mode fixes parse cost. It does nothing about the fact that you asked Airflow to individually manage two thousand tasks.

There are two levers, and they trade observability for scale.

Render at the TaskGroup or DAG level instead of per-node. Cosmos’s render_config can control granularity. The extreme is one task that runs dbt build for a whole selection, and you’re back to the naive bridge’s single bar. But you can also split a large project into a handful of DbtTaskGroups along tag or path boundaries, each rendered per-model. That keeps per-model visibility within a domain, while capping how much of the graph any one DAG has to draw at once. A thousand-model project sliced into eight domain DAGs is eight manageable grids, not one unmanageable one.

Always pair large graphs with manifest mode. At this scale DBT_LS isn’t a tax, it’s a denial of service on your own scheduler — hundreds of models means a slow compile run thousands of times a day. Manifest mode is not optional past a few hundred nodes; it’s the price of admission.

The honest framing, and the one this whole book keeps returning to: task-per-model is a choice you pay for in scheduler load and grid complexity, and it’s worth it exactly when per-model observability and targeted retries earn their keep. For a 40-model marts DAG that a data team stares at every morning, it’s obviously worth it. For a 900-model project where nobody looks at individual cells and a failure just means “rerun the batch,” rendering all 900 as tasks is buying a feature no one uses at a cost the scheduler pays every 30 seconds. That’s when you coarsen the granularity and let dbt’s own --select do the fine-grained work at run time.

Putting the internals together

A production-shaped configuration for a non-trivial bookshop, with every knob chosen rather than inherited:

from pathlib import Path
from cosmos import (
    DbtDag, ProjectConfig, RenderConfig, ExecutionConfig,
    LoadMode, InvocationMode,
)

DBT_PROJECT_PATH = Path("/usr/local/airflow/include/dbt/bookshop")

project_config = ProjectConfig(
    dbt_project_path=DBT_PROJECT_PATH,
    manifest_path=DBT_PROJECT_PATH / "target" / "manifest.json",
)

render_config = RenderConfig(
    load_method=LoadMode.DBT_MANIFEST,   # no dbt at parse time
    enable_cache=True,                   # skip re-discovery when unchanged
    cache_dir=Path("/usr/local/airflow/include/.cosmos_cache"),
)

execution_config = ExecutionConfig(
    invocation_mode=InvocationMode.DBT_RUNNER,   # in-process, fast startup
)

bookshop_dbt = DbtDag(
    dag_id="bookshop_dbt",
    project_config=project_config,
    profile_config=profile_config,       # from chapter 3
    render_config=render_config,
    execution_config=execution_config,
    schedule="@daily",
    start_date=None,
    default_args={"retries": 2},
)

Read it as a story about when work happens. Parse time reads a manifest that CI built — no dbt, no warehouse, milliseconds. The Cosmos cache short-circuits even that when the graph hasn’t moved. Run time invokes dbt in-process so no task pays for a cold interpreter. Nowhere in the scheduler’s hot loop does anything expensive run. That’s the shape you’re aiming for, and every knob above is there to keep the two clocks — parse and run — from stepping on each other.


Examples in this chapter are docs-checked against the book’s stated versions (Airflow 3.3.0, astronomer-cosmos, dbt-core), but they were not executed in this repository unless a companion project explicitly says so. Cosmos configuration surfaces — LoadMode, InvocationMode, cache and manifest arguments — have moved across Cosmos releases; pin your version and check its docs before shipping.



Final thoughts

The seductive thing about Cosmos is how little it asks on a small project — point it at a folder, get a graph. The dangerous thing is that the defaults that feel free at five models are quietly expensive at five hundred. And the expense hides in the one place engineers rarely think to profile: the DAG parse, running on a loop, in the scheduler, for a job that fires once a day. The fix isn’t clever. It’s separating the two clocks. Discover the graph from a manifest your CI already built, so parse time is a file read. Invoke dbt in-process, so run time isn’t a thousand cold starts. Cache what doesn’t change. And when the graph gets big enough that even a free parse can’t save you from managing two thousand task instances, admit that per-model rendering is a feature with a bill, and coarsen the granularity where nobody’s reading the cells anyway. Cosmos gives you the whole dbt graph in Airflow. What this chapter gives you is the judgment to decide how much of it Airflow should have to hold in its head at once.





Cosmos Execution Modes

Every Cosmos DAG so far has run dbt as a subprocess inside the Airflow worker. That’s ExecutionMode.LOCAL, and it’s been invisible because it’s the default — dbt-postgres sat in requirements.txt, the worker’s Python interpreter shelled out to dbt run, and nobody had to think about where the process actually lived. That works right up until it doesn’t. dbt wants a version of protobuf your Airflow provider pins to something older. A compliance reviewer asks why the process that holds warehouse credentials shares an interpreter with every other operator in the deployment. One transformation needs 16 GB of memory to build while the rest of the pipeline is happy with two.

Each of those is the same question wearing a different hat: where should dbt run, and how much of the worker’s world should it share? ExecutionMode is Cosmos’s answer to that question, and it’s a menu of nine values — from “in the worker, no isolation” to “on managed cloud compute, in its own pod, with its own credentials.” This chapter walks the whole menu. It shows how the dbt project and warehouse credentials actually reach a container when dbt no longer runs beside Airflow, and gives you a way to decide when the isolation is worth what it costs. Because it does cost — every step away from LOCAL buys you a boundary and hands you an image to build.

Where the mode goes

Execution mode is set once, on the ExecutionConfig you already pass to every DbtDag or DbtTaskGroup:

from cosmos import ExecutionConfig, ExecutionMode

execution_config = ExecutionConfig(
    execution_mode=ExecutionMode.LOCAL,
    dbt_executable_path="dbt",
)

ExecutionMode.LOCAL is what you get if you never touch it. The rest of this chapter is the argument for the other eight values, and the mechanics that come with each. The moment dbt stops running in the worker, three things that were free suddenly need arranging. The dbt project has to arrive somewhere the process can read it, the packages have to be installed, and the warehouse credentials have to cross into whatever runtime dbt now lives in.

The full menu

ExecutionMode has ten values. They sort into four families by where the dbt process ends up.

In the worker, sharing its Python:


	LOCAL — dbt runs as a subprocess in the worker’s own environment. It uses the dbt on the worker’s PATH and the adapter you installed in requirements.txt. Zero extra moving parts, and the lowest per-task latency of any mode because there’s no environment to create and no container to schedule. The catch is the shared interpreter: dbt’s dependencies and Airflow’s dependencies resolve to one set of versions, and when they disagree, one of them loses. It’s the right default and the wrong choice the day a version pin collides.



In the worker, but in an isolated Python environment:


	VIRTUALENV — Cosmos builds a Python virtualenv, installs dbt and its adapter into it from py_requirements, and runs dbt there. Same machine as the worker, separate dependency tree. This is the fix for the version-collision problem without leaving the worker or building an image. The cost is environment creation time, which virtualenv_dir caching largely amortizes away (more on that below).



In a container or pod, on infrastructure you run:


	DOCKER — dbt runs in a Docker container that the worker launches locally, via the Docker daemon. dbt, its adapter, and the project live in the image; the worker just starts it. Hard isolation from the worker’s Python, at the price of building and distributing an image.

	KUBERNETES — dbt runs in a Kubernetes Pod that Cosmos launches through the KubernetesPodOperator. Each dbt task (or task group) gets its own pod, scheduled by your cluster, with its own resource requests and limits. This is the workhorse isolation mode for teams already on Kubernetes: per-model compute sizing, a clean security boundary, and reproducibility from a pinned image.



On managed cloud compute:


	AWS_EKS — like KUBERNETES, but targeting an Amazon EKS cluster, handling the EKS auth handshake for you.

	AWS_ECS — dbt runs as an AWS ECS task (Fargate or EC2-backed). No cluster of your own to run; AWS schedules the container.

	GCP_CLOUD_RUN_JOB — dbt runs as a Google Cloud Run Job. Serverless container execution; you pay per run, not for idle capacity.

	AZURE_CONTAINER_INSTANCE — dbt runs as an Azure Container Instance. The Azure equivalent of “run this container, bill me for the seconds.”



These four are the same container idea as DOCKER/KUBERNETES, with the scheduling and capacity handed to a cloud provider. You still build the image; you just don’t run the fleet that hosts it.

Deferred to the triggerer:


	AIRFLOW_ASYNC — the outlier. Instead of running dbt to completion in a worker slot, Cosmos submits the warehouse-side work and defers to Airflow’s triggerer, freeing the worker while the query runs on the warehouse. It’s built for the case where the expensive thing isn’t dbt’s Python — it’s the SQL executing on a big warehouse — and holding a worker slot for the duration is pure waste. It leans on Airflow’s deferral machinery (the triggerer process from the executors chapter) and currently targets specific adapter paths; treat it as the specialist mode for long warehouse jobs, not a general default.



LOCAL and its ceiling

Start with what LOCAL gets right, because most of the time it’s the correct call and reaching past it is over-engineering.

from cosmos import DbtDag, ProjectConfig, ProfileConfig, ExecutionConfig, ExecutionMode
from cosmos.profiles import PostgresUserPasswordProfileMapping

profile_config = ProfileConfig(
    profile_name="bookshop",
    target_name="dev",
    profile_mapping=PostgresUserPasswordProfileMapping(
        conn_id="bookshop_pg",
        profile_args={"schema": "analytics"},
    ),
)

bookshop_dbt = DbtDag(
    dag_id="bookshop_dbt_local",
    project_config=ProjectConfig("/usr/local/airflow/include/dbt/bookshop"),
    profile_config=profile_config,
    execution_config=ExecutionConfig(execution_mode=ExecutionMode.LOCAL),
    schedule="@daily",
    start_date=None,
)

The project is a directory the worker can already read — /usr/local/airflow/include/dbt/bookshop, baked into the Astro CLI image at build time. The adapter is in requirements.txt. The credentials come from the bookshop_pg Airflow connection, assembled into a profile at runtime by the mapping. Nothing has to be delivered; it’s all present because it’s the same machine and the same image. That co-location is exactly why LOCAL is fast and simple, and exactly what every other mode has to reconstruct by hand.

The ceiling is the shared interpreter. Airflow 3.3 and its providers pin a real set of transitive dependencies, and dbt-core plus your adapter pin their own. When both worlds are compatible — which for a mainstream adapter like dbt-postgres they usually are — LOCAL is frictionless. When they aren’t, you’ll see it at astro dev restart as a pip resolution error, or worse, as a silent downgrade that breaks an operator you weren’t touching. That’s the signal to isolate.

VIRTUALENV: isolation without an image

VIRTUALENV is the smallest possible step off LOCAL. dbt still runs on the worker, but Cosmos builds it a private Python environment first and installs dbt there from a list you provide. Airflow’s dependencies and dbt’s dependencies never have to agree, because they no longer share an interpreter — and you didn’t have to build, push, or pull a container image to get there.

from cosmos import DbtDag, ProjectConfig, ProfileConfig, ExecutionConfig, ExecutionMode
from cosmos.profiles import PostgresUserPasswordProfileMapping

profile_config = ProfileConfig(
    profile_name="bookshop",
    target_name="dev",
    profile_mapping=PostgresUserPasswordProfileMapping(
        conn_id="bookshop_pg",
        profile_args={"schema": "analytics"},
    ),
)

execution_config = ExecutionConfig(
    execution_mode=ExecutionMode.VIRTUALENV,
    virtualenv_dir="/usr/local/airflow/dbt_venv",
)

bookshop_dbt = DbtDag(
    dag_id="bookshop_dbt_venv",
    project_config=ProjectConfig("/usr/local/airflow/include/dbt/bookshop"),
    profile_config=profile_config,
    execution_config=execution_config,
    operator_args={
        "py_requirements": [
            "dbt-postgres==1.9.0",
            "dbt-core==1.9.4",
        ],
        "install_deps": True,
    },
    schedule="@daily",
    start_date=None,
)

Two arguments carry the mode. py_requirements is the pip list Cosmos installs into the virtualenv — this is where you pin the exact dbt-core and adapter versions you want, independent of whatever Airflow’s own environment resolved to. install_deps=True tells Cosmos to run dbt deps so the project’s packages.yml dependencies (dbt_utils and friends) land too. With LOCAL you’d have installed all of this in requirements.txt, mixed in with Airflow’s; here it’s a separate, pinned tree that can’t perturb the worker.

The one thing to understand about VIRTUALENV is the cost model, because it’s the difference between a tolerable mode and a slow one. Building a virtualenv and pip-installing dbt is not free — do it fresh for every task and you’ve added tens of seconds of setup to each model. virtualenv_dir is the fix: point it at a persistent path and Cosmos caches the environment there, building it once and reusing it across tasks and runs. Without virtualenv_dir, Cosmos creates an ephemeral environment per task invocation — correct, but wasteful. With it, the first task pays the build cost and the rest run against the cached env. On a shared worker, make sure that path is on a filesystem all workers can reach (or accept a per-worker cache); the cache is only a speedup if the worker that runs the task can see it.

VIRTUALENV is the right answer to a dependency problem: dbt and Airflow won’t cohabit, but you don’t need a security boundary or per-model compute. It keeps everything on the worker — same logs, same retries, same locality — and only quarantines the Python. When the problem is bigger than dependencies, you go to containers.

How the project and credentials reach a container

Here’s the pivot. Under LOCAL and VIRTUALENV, the dbt project is a directory on the worker and the credentials come from an Airflow connection the worker can read. Move to DOCKER, KUBERNETES, or any cloud mode, and dbt runs in a container that is not the worker — a separate filesystem, a separate process, possibly a separate machine. Two things that were ambient now have to be delivered on purpose: the code and the credentials.

Getting the project in. There are two established patterns, and the choice shapes your whole deployment story.


	Bake it into the image. Your dbt project is copied into the container image at build time, so /dbt/bookshop is just there when the pod starts. This is the reproducible option: the image tag pins both the dbt version and the exact project code, so a run is a function of an immutable artifact. The cost is a build-and-push step in CI every time a model changes — the image is the unit of deployment, and stale images run stale SQL. This is the default recommendation for KUBERNETES and the cloud modes, because reproducibility is usually why you left LOCAL.

	Mount or git-sync it. The project lives outside the image — on a mounted volume, or pulled fresh by a git-sync init container that clones your dbt repo into a shared volume before the dbt container starts. Now code changes don’t need an image rebuild; the pod pulls the latest on launch. The trade is that a run is no longer a pure function of one artifact — it depends on the image and whatever the volume/branch held at launch. Good for fast iteration, weaker on “prove exactly what ran.”



Getting the credentials in. The container can’t read your Airflow connections directly, so the profile has to travel as environment variables or mounted secrets. Cosmos still generates the profile from your ProfileConfig, with the mapping resolving the Airflow connection at task time. The container modes then pass the resulting values into the container as env vars, through the underlying operator’s environment/env_vars, or reference a mounted secret. The rule that held in the LOCAL chapters still holds: credentials live in Airflow’s secrets backend, never in the image. You bake the code into the image; you inject the secrets at launch. An image with a warehouse password compiled in is a leaked password with a version tag.

Keep those two axes straight — project delivery (bake vs mount) and credential delivery (env vs mounted secret) — and every container mode is a variation on the same shape.

KUBERNETES: a pod per dbt task

KUBERNETES is the mode most teams reach for when LOCAL and VIRTUALENV aren’t enough, so it’s worth a full worked example. Cosmos renders each dbt node into a KubernetesPodOperator task: the model runs in its own pod, scheduled by your cluster, with resources you specify and an image you pin.

from cosmos import (
    DbtDag,
    ProjectConfig,
    ProfileConfig,
    ExecutionConfig,
    ExecutionMode,
    RenderConfig,
)
from cosmos.constants import TestBehavior

# The dbt project is baked into this image at /dbt/bookshop, along with
# dbt-core and dbt-postgres. Built and pushed by CI on every model change.
DBT_IMAGE = "registry.example.com/bookshop-dbt:2026.06.24"

profile_config = ProfileConfig(
    profile_name="bookshop",
    target_name="prod",
    # No profile_mapping here: the profile is assembled inside the pod from
    # env vars we inject below, so we point at a profiles.yml baked into the
    # image that reads those env vars via dbt's env_var() Jinja.
    profiles_yml_filepath="/dbt/bookshop/profiles.yml",
)

bookshop_dbt = DbtDag(
    dag_id="bookshop_dbt_k8s",
    project_config=ProjectConfig(
        # The project already lives in the image; this path is inside the pod.
        dbt_project_path="/dbt/bookshop",
    ),
    profile_config=profile_config,
    execution_config=ExecutionConfig(execution_mode=ExecutionMode.KUBERNETES),
    render_config=RenderConfig(test_behavior=TestBehavior.AFTER_EACH),
    operator_args={
        "image": DBT_IMAGE,
        "namespace": "airflow",
        "get_logs": True,
        "on_finish_action": "delete_pod",
        # Warehouse credentials injected from Airflow's secrets backend as
        # env vars; profiles.yml inside the image reads them with env_var().
        "env_vars": {
            "DBT_PG_HOST": "{{ conn.bookshop_pg.host }}",
            "DBT_PG_USER": "{{ conn.bookshop_pg.login }}",
            "DBT_PG_PASSWORD": "{{ conn.bookshop_pg.password }}",
            "DBT_PG_DBNAME": "{{ conn.bookshop_pg.schema }}",
        },
        # Per-model compute sizing lives here.
        "container_resources": {
            "requests": {"cpu": "500m", "memory": "1Gi"},
            "limits": {"cpu": "2", "memory": "4Gi"},
        },
    },
    schedule="@daily",
    start_date=None,
)

Read that top to bottom and you can see all four axes resolved. Project delivery: baked into DBT_IMAGE at /dbt/bookshop, pinned by the 2026.06.24 tag, so the run is reproducible from an immutable artifact. Credential delivery: the env_vars block pulls host, user, password, and database out of the bookshop_pg Airflow connection using template expressions, and hands them to the pod as environment variables. The profiles.yml inside the image reads them with dbt’s env_var(). The password is never in the image, only in Airflow’s backend. Compute sizing: container_resources sets requests and limits, so a heavy mart model can ask for 4 GB while staging models stay small. Pod hygiene: get_logs=True streams the pod’s dbt output back into the Airflow task log so the grid still shows per-model logs, and on_finish_action="delete_pod" cleans up the pod when the task finishes so you don’t leak completed pods across the cluster. (You will see is_delete_operator_pod=True in older examples. Don’t copy it: the current KubernetesPodOperator still accepts that kwarg but no longer reads it — the behaviour is driven entirely by on_finish_action, whose default happens to be delete_pod. Setting the old flag is a no-op that looks load-bearing, which is the worst kind of dead config. Use on_finish_action, whose other values — keep_pod, delete_succeeded_pod — are what you actually want when you need a failed pod left behind to autopsy.)

Notice what changed versus LOCAL beyond the mode value. The profile now comes from a baked profiles.yml reading env vars, because the pod has no access to Airflow’s connection store the way a LOCAL subprocess does. Cosmos resolves the connection in the worker while templating, then ships the values into the pod. That indirection is the whole “how do credentials cross the boundary” story in one block.

AWS_EKS, AWS_ECS, GCP_CLOUD_RUN_JOB, and AZURE_CONTAINER_INSTANCE are the same skeleton with the scheduling handed off. AWS_EKS adds the EKS cluster-auth handshake to the KUBERNETES pattern; ECS swaps the pod for a Fargate task definition; the GCP and Azure modes launch a Cloud Run Job or Container Instance respectively. In each, operator_args carries the provider-specific knobs (task definition, cluster name, region, service account) instead of namespace/container_resources, but the two questions — how does the project arrive, how do the credentials arrive — have the identical two answers.

What isolation does to logs, artifacts, and retries

There’s a subtler tax on the container modes that doesn’t show up in the config: three things that were automatic under LOCAL become design decisions you have to make on purpose.

Logs. Under LOCAL, dbt’s stdout is the worker’s stdout, so it lands in the Airflow task log for free — click the cell, read the model’s output. Under KUBERNETES the output is happening in the pod, and it only reaches the Airflow task log if the operator streams it back. That’s what get_logs=True bought in the example above; drop it and the pod runs fine but the grid shows you an empty log and you’re back to kubectl logs to see why a model failed. The per-model log visibility that made Cosmos worth it in the first place is a flag you have to remember to set.


Assets do not survive the jump to a container. This is the sharpest edge in the whole chapter, and nothing warns you about it: Cosmos’s asset emission lives on the local operator base class. DbtKubernetesBaseOperator and DbtDockerBaseOperator don’t inherit it, so under KUBERNETES or DOCKER no assets are emitted at all — and every downstream DAG that does schedule=[Asset(...)] (the entire cross-tool seam of chapter 09) simply stops firing. No error, no warning; the consumer just never runs again. If data-aware scheduling is load-bearing for you, that is an argument for LOCAL or VIRTUALENV that outweighs most of the isolation benefits below.



Artifacts. dbt writes run_results.json, manifest.json, and compiled SQL into its target/ directory — and you cannot read any of it afterwards, in any mode. This surprises people who assume LOCAL means “on the worker, where I left it”: Cosmos copies the project into a tempfile.TemporaryDirectory(), runs dbt inside it, and deletes the directory when the task ends. target/ goes with it. Containers make this more obvious (the pod is gone too) but not more true. If anything downstream depends on those artifacts — a docs build, a freshness check, an external lineage push — you have to ship them out deliberately. Cosmos gives you the switch: AIRFLOW__COSMOS__REMOTE_TARGET_PATH, plus _CONN_ID, uploads target/ to object storage after each invocation. Set it once and the artifacts outlive the task in every mode.

Retries. The retry mechanics still work — default_args={"retries": 2} retries the failed task in every mode — but what a retry costs changes. A LOCAL retry re-runs a subprocess: near-instant. A KUBERNETES retry re-schedules a pod: it pulls the image (unless cached on the node), starts the container, and re-establishes the warehouse connection before dbt even begins. On a cold node that’s tens of seconds of overhead per attempt. It’s rarely a dealbreaker, but it means “just bump retries to 5” is a cheaper decision under LOCAL than under a container mode, and flaky-test retries you’d shrug at locally become visible latency in a pod-per-model DAG.

None of this argues against isolation. It argues for going in with eyes open: the boundary you gained is real, and so is the plumbing — log streaming, artifact export, retry cost — that the boundary made your problem instead of the worker’s.

A decision framework

The temptation, once you know the menu exists, is to reach for isolation because it feels more serious. Resist it. Every mode past LOCAL adds latency, moving parts, or an image to keep current, and none of that pays for itself unless you have the problem it solves. Pick the mode from the problem, not the prestige.

Stay on LOCAL when the worker image is already yours to control, the dbt adapter cohabits cleanly with your Airflow providers, and the project is a size where one worker’s resources are plenty. This is most bookshop-scale pipelines. LOCAL is faster and simpler, and simpler is a feature in the thing that runs at 6am unattended.

Reach for VIRTUALENV when your problem is purely dependency conflict — dbt wants versions Airflow won’t allow — but you don’t need a security boundary or per-model compute. It’s the cheapest isolation: no image, no registry, no cluster, just a pinned py_requirements and a cached virtualenv_dir. If the only reason you’re eyeing containers is a pip resolution error, VIRTUALENV probably ends the conversation.

Reach for KUBERNETES (or DOCKER, or a cloud mode) when at least one of these is a real, named requirement:


	Security boundary. The dbt process holds warehouse credentials, and policy says it can’t share an interpreter or a host with the rest of the deployment. A pod with its own service account and its own injected secret is an auditable boundary; a subprocess in the worker isn’t.

	Per-model compute sizing. One transformation needs far more memory or CPU than the rest, and you’d rather size that one pod than provision every worker for the worst case. container_resources per task is exactly this lever.

	Reproducibility. You need a run to be a function of an immutable, tagged artifact — the same image produces the same dbt version and the same SQL, every time, forever. A baked image tag delivers that in a way a mutable worker environment can’t.

	Blast-radius isolation. A runaway dbt process shouldn’t be able to starve or crash the worker that’s also running your sensors and your other DAGs. A pod that OOMs takes down a pod.



Reach for AIRFLOW_ASYNC when the expensive part is the warehouse query, not dbt’s Python, and the runs are long enough that holding a worker slot for the duration is measurable waste. It’s a specialist tool; if you’re asking “should I use async mode,” the answer is usually no unless you have long-running warehouse jobs and a triggerer sized for them.

The honest default for a team that already runs on Kubernetes and needs any of those four requirements is KUBERNETES. The honest default for everyone else is LOCAL, with VIRTUALENV as the one-step escape hatch when dependencies collide. Everything in between is a specific answer to a specific need — and if you can’t name the need, you want LOCAL.


Examples in this chapter are docs-checked against the book’s stated versions, but they were not executed in this repository unless a companion project explicitly says so.



Final thoughts

Execution mode is a single ExecutionConfig argument, but it decides your whole operational posture: how fast tasks start, how your image pipeline works, where credentials cross a boundary, and what happens when one model misbehaves. The nine values line up on one axis: how much of the worker’s world dbt is allowed to share. From LOCAL, all of it, through VIRTUALENV, everything but the Python, to the container and cloud modes, nothing but what you inject. Once dbt leaves the worker, two ambient facts become deliberate deliveries: the project has to be baked or mounted, and the credentials have to be injected as env or secret, never compiled into the image.

Choose from the problem. A dependency clash is a VIRTUALENV. A security boundary, per-model sizing, or a reproducibility mandate is KUBERNETES or a cloud mode. A long warehouse query that’s wasting a worker slot is AIRFLOW_ASYNC. And a controlled worker image running a mainstream adapter is LOCAL — the mode you should have to be argued out of, not into. The isolation is real, and so is its cost; spend it where it buys you something.





Assets, Lineage, and the Cross-Tool Seam

Every DAG so far has run on a clock. @daily, 0 2 * * *, a cron string that says when — and hopes the upstream data is ready by then. That hope is the weakest joint in the whole pipeline. The nightly Fivetran sync usually finishes by 1:30, so you schedule dbt for 2:00 with a comfortable margin, and then one morning the sync runs long, dbt fires at 2:00 anyway, and your orders mart rebuilds on yesterday’s rows. Nobody wrote a bug. The clock just guessed wrong.

The fix is to stop scheduling on time and start scheduling on data. When the orders model finishes and its table is genuinely updated, the reverse-ETL sync that pushes marts back to the CRM should run — not at a time you picked, but at the moment the thing it depends on became ready. Airflow 3.x calls the unit of data an Asset, and Cosmos hands you one per dbt model for free. This chapter is about that seam: how Cosmos emits assets, how a separate DAG downstream schedules on them, and how OpenLineage lets you trace a value from the loader that ingested it all the way to the dashboard that reads it.

Cosmos emits an asset per model

You already have assets and didn’t know it. RenderConfig carries a parameter, emit_datasets, and it defaults to True. (The name is a holdover — Airflow renamed Datasets to Assets in 3.0, but Cosmos kept the parameter spelling for back-compat. What it emits in an Airflow 3.x deployment is an Asset.) With it on, every model task Cosmos renders declares the model’s table as an outlet: when the task succeeds, Airflow records that the corresponding asset was updated.

The asset needs a stable identity, and this is the part worth getting exactly right, because a URI that is almost correct produces a consumer DAG that simply never fires — no error, no warning, just a schedule that waits forever.

Cosmos does not invent its own naming scheme. It derives the URI from the OpenLineage event dbt emits for the model, which means the identity is the physical table, not the dbt project. The namespace identifies the warehouse; the name identifies the relation:

<openlineage-namespace>/<database>/<schema>/<model>

For a Postgres target the namespace is postgres://<host>:<port>, so the bookshop’s orders mart lands as:

postgres://bookshop-db.internal:5432/bookshop/analytics/orders

Two details will bite you. First, that’s the Airflow 3 form: OpenLineage names the relation bookshop.analytics.orders, with dots, and Airflow 3 tightened its URI validation rules, so Cosmos rewrites the dots to slashes. Under Airflow 2 the same asset was …:5432/bookshop.analytics.orders. If you are porting a 2.x DAG, every hand-written asset URI in it is now wrong. (Cosmos is loud about this: it logs a warning at task run naming the old and new URIs.)

Second — and this is the practical advice — don’t hand-write it at all. It is derived from the host, port, database, schema, and model, any of which can differ between your dev and prod connections. Run the producer DAG once and read the exact URI off the task log or the Assets page in the UI, then paste that into your consumer’s schedule=. Typing it from memory is the single most common way this feature appears broken.

Nothing about the URI is magic once you have it — it’s a string, and its only job is to be the same string on both sides of the seam. The producer task attaches it as an outlet; the consumer DAG names it as a schedule. Airflow matches them by exact URI. That’s the whole contract, and the reason it’s worth a paragraph is that “exact” really does mean exact.

You don’t write any of this by hand for the producer. It’s the ordinary DbtDag from earlier chapters, with emit_datasets left at its default:

from pathlib import Path

from cosmos import DbtDag, ProjectConfig, ProfileConfig, RenderConfig
from cosmos.profiles import PostgresUserPasswordProfileMapping

DBT_PROJECT_PATH = Path("/usr/local/airflow/include/dbt/bookshop")

profile_config = ProfileConfig(
    profile_name="bookshop",
    target_name="dev",
    profile_mapping=PostgresUserPasswordProfileMapping(
        conn_id="bookshop_pg",
        profile_args={"schema": "analytics"},
    ),
)

bookshop_dbt = DbtDag(
    dag_id="bookshop_dbt",
    project_config=ProjectConfig(DBT_PROJECT_PATH),
    profile_config=profile_config,
    render_config=RenderConfig(emit_datasets=True),  # the default, shown for clarity
    schedule="@daily",
    start_date=None,
)

Open the grid after a run and the orders task now shows an asset in its outlets. Airflow’s UI has an Assets view that lists every declared asset and, for each, the tasks that produce it and the DAGs that consume it. Before you write a single consumer, you can already see the bookshop graph re-expressed as data: five models, five assets, each one a node another DAG can subscribe to.


One prerequisite, easy to miss. Everything in this chapter requires ExecutionMode.LOCAL or VIRTUALENV. Asset emission is implemented on Cosmos’s local operator base class only — the Kubernetes and Docker operators don’t inherit it, so if chapter 08 talked you into containerising dbt, the assets silently stop being emitted and every consumer below stops firing. Pick your execution mode with this chapter in mind, not after it.



The consumer schedules on the asset, not the clock

Here’s the move that makes this worth the chapter. A separate DAG — different file, different schedule, possibly a different team’s — reverse-ETLs the orders mart into the CRM so sales sees fresh order totals. It has no business running on a clock. It should run exactly when orders is rebuilt, and never otherwise. So instead of a cron string, its schedule is a list of assets:

from airflow.sdk import Asset, dag, task

ORDERS = Asset("postgres://bookshop-db.internal:5432/bookshop/analytics/orders")


@dag(schedule=[ORDERS], start_date=None, catchup=False)
def crm_order_sync():
    @task
    def push_to_crm():
        # read the freshly-built orders mart, upsert into the CRM
        ...

    push_to_crm()


crm_order_sync()

That schedule=[ORDERS] is the entire mechanism. This DAG has no @daily, no cron, no start-time margin. Airflow watches that orders asset, and the instant the producing task in bookshop_dbt succeeds and marks that asset updated, the scheduler creates a run of crm_order_sync. If the dbt DAG runs late, the sync runs late with it. If dbt is skipped because a freshness gate stopped it, the sync doesn’t run at all — there was no new data to push. The dependency is expressed as data readiness, and the guessing is gone.

Notice what this is not. It’s not a TriggerDagRunOperator bolted onto the end of the dbt DAG, and it’s not an ExternalTaskSensor in the sync DAG polling the scheduler and asking “is dbt done yet?” Both of those couple the two DAGs directly. The producer has to know its consumers, or the consumer has to know the producer’s task ids and schedule. Asset scheduling inverts that. bookshop_dbt doesn’t know crm_order_sync exists; it just declares “I update orders.” crm_order_sync doesn’t know how orders gets built; it just declares “I run when orders updates.” The asset URI is the only thing they share. Either side can change freely, as long as that string holds. This is the difference between wiring two DAGs together and letting them meet at a named piece of data.

Waiting on several models at once

One asset is the easy case. The real seam usually needs more than one. A BI refresh that rebuilds a dashboard reads both orders and customers, and it should fire only when both have been rebuilt — running it after orders alone would refresh half the dashboard against stale customer data. Airflow expresses that with conditional asset expressions. Pass a list and the default is “any of these” — the DAG runs when any asset in the list updates. For “all of these,” combine them:

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

ORDERS = Asset("postgres://bookshop-db.internal:5432/bookshop/analytics/orders")
CUSTOMERS = Asset("postgres://bookshop-db.internal:5432/bookshop/analytics/customers")


@dag(schedule=AssetAll(ORDERS, CUSTOMERS), start_date=None, catchup=False)
def bi_dashboard_refresh():
    @task
    def refresh_dashboard():
        ...

    refresh_dashboard()


bi_dashboard_refresh()

AssetAll(ORDERS, CUSTOMERS) means the run waits until both assets have updated since the last time it fired — the BI refresh happens once, after the slower of the two marts lands, not twice. Its sibling AssetAny is the explicit form of the default: fire when either updates, which is what you want for a cache-invalidation job that should react to any change in a set of tables. The two compose, so you can express “when orders updates, and also when either customers or promotions updates” as AssetAll(ORDERS, AssetAny(CUSTOMERS, PROMOTIONS)). You’re describing the data precondition for the job in the same language dbt uses to describe its graph — declaratively, by naming the tables, not by encoding a schedule that approximates when they’ll be ready.

The phrase “since the last time it fired” hides the one bit of AssetAll semantics worth internalizing, because it’s where people trip. The condition tracks updates relative to the consumer’s last run. After the BI refresh fires, both assets’ counters reset for that DAG; it won’t fire again until it has seen a fresh update to both orders and customers. So if orders rebuilds three times before customers rebuilds once, the refresh still runs exactly once. The extra orders updates don’t stockpile into multiple runs; they just keep the “orders is ready” flag set until customers finally lands and completes the pair. That’s usually what you want: the refresh reflects the latest state of both tables, not a run per upstream event. But it means AssetAll is not a counter of events; it’s a gate on readiness. If you genuinely need one downstream run per upstream build, you don’t want AssetAll across several assets — you want the consumer to schedule on the single asset that paces the pipeline.

There’s a matching subtlety on the producer side worth stating plainly: Cosmos emits an asset for each model (and seed and snapshot), but not for the test tasks it renders alongside them. So under TestBehavior.AFTER_EACH, the model’s asset is marked updated when the model builds — the immediately-following test task guards the data, but it isn’t the thing that fires the asset. In practice the ordering saves you: the model task and its tests sit in the same DAG run, and a failing test upstream will fail the run before a downstream time-based dependency matters. But if you’re routing a reverse-ETL sync purely on a model’s asset, know that “asset updated” means “the model built,” not “the model built and passed its tests.” When that distinction matters, and you truly must not push untested data to the CRM, keep the sync in the same DAG as the dbt TaskGroup so Airflow’s ordinary task dependencies put it after the tests. Reserve asset scheduling for the looser, cross-DAG coupling where a build is a good-enough signal.

The whole seam, owned by Airflow

Step back and look at the shape this builds. A production analytics pipeline is almost never one tool. It’s a chain:

Fivetran / ingest  →  dbt (Cosmos)  →  reverse-ETL + BI refresh

The loader lands raw tables. dbt transforms them into marts. Downstream jobs push those marts back into operational systems and refresh dashboards. Three tools, three teams’ worth of concerns, and historically three schedules that each guessed at the previous one’s finish time — Fivetran at midnight, dbt at 2:00 “to be safe,” the BI refresh at 4:00 for the same reason. Two hours of padding, and it still breaks the night the sync runs long.

Assets let Airflow own the entire seam without a single time-based guess. The ingest side is the one link that often lives outside Airflow, and there’s a clean way to bring it in. Have the ingestion declare the raw table as an asset outlet — a Fivetran-triggering DAG, or an @task that kicks the connector and waits:

from airflow.sdk import Asset, dag, task

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


@dag(schedule="0 0 * * *", start_date=None, catchup=False)
def ingest_orders():
    @task(outlets=[RAW_ORDERS])
    def sync_fivetran():
        # trigger the connector, poll to completion
        ...

    sync_fivetran()


ingest_orders()

Now the ingestion clock is the only clock in the chain, and it belongs where the actual external constraint lives — Fivetran’s sync window. Everything after it is data-driven. The dbt DAG schedules on Asset("fivetran://bookshop/raw/orders") instead of @daily; when it finishes it emits its per-model assets; the reverse-ETL and BI DAGs schedule on those. One time trigger at the head, and the readiness of data carries the pipeline the rest of the way. Airflow becomes the thing that knows the whole seam — not because it runs every tool, but because every tool’s output is a named asset it can route on.

That’s the conceptual payoff of Assets over the old sensor-and-trigger patterns: the pipeline’s structure is declared rather than wired. You can add a new consumer of orders — a data-science feature job, say — by writing one DAG with schedule=[ORDERS], and nothing upstream changes or even notices. The seam grows by addition, not by editing the producers.

OpenLineage: seeing across the tools you route between

Asset scheduling connects the tools. It doesn’t, on its own, let you see through them. When the CRM sync pushes wrong numbers, the question is “which upstream column fed this, and what touched it?” Answering it means tracing a value across Fivetran, dbt, and the warehouse — three systems that each hold only their slice of the story. OpenLineage is the open standard for stitching those slices together, and both Airflow and Cosmos speak it.

Airflow’s side ships as a provider, apache-airflow-providers-openlineage. Install it and point it at a collector, either through airflow.cfg or environment variables:

[openlineage]
transport = {"type": "http", "url": "http://marquez:5000"}

With that in place, Airflow emits a lineage event for every task run — start, complete, fail — carrying the task’s inlets and outlets as OpenLineage datasets. Because Cosmos already declares each model’s table as an outlet, those events describe the dbt graph at the table level for free.

Cosmos adds the layer Airflow can’t see on its own: what happened inside dbt. Its operators read dbt’s run_results.json and the project manifest after each model builds and translate them into OpenLineage facets. Which sources a model read, which model it wrote, the SQL that did it, and, where the warehouse and dbt metadata support it, column-level lineage. So the event for the orders task doesn’t just say “wrote analytics.orders”; it says “read int_order_payments and stg_customers, wrote orders, and here is the SQL and the columns that map through.” Airflow contributes the cross-DAG, cross-tool edges; Cosmos contributes the intra-dbt detail. Together they emit a connected graph.

You view that graph in an OpenLineage backend — Marquez is the reference implementation, a standalone UI that ingests OpenLineage events and draws the lineage. Open it and you get a dataset-level map that crosses tool boundaries: raw.orders (landed by Fivetran) → stg_orders → int_order_payments → orders → the CRM sync’s read. Click a dataset and you see its producers, its consumers, and its run history; where column lineage is present, you can follow a single field — orders.total_amount — back to the raw column it originated from.

It helps to know what’s actually crossing the wire, because “lineage” can sound like magic until you see it’s just structured events. Each OpenLineage event is a small JSON document naming a run, the job that produced it, and the input and output datasets, each of which carries facets — typed bits of metadata. A schema facet lists a dataset’s columns and types; a SQL facet carries the query that built it; a column-lineage facet maps each output column to the input columns it derived from. Cosmos populates these by parsing what dbt already writes to target/run_results.json and target/manifest.json after a build — it isn’t re-parsing your SQL, it’s reading dbt’s own record of what ran and what it touched, and reshaping it into the OpenLineage vocabulary. That’s why the integration is cheap and why it’s only as complete as dbt’s metadata: models dbt understands fully get column lineage; a model built through a macro or a warehouse feature dbt can’t introspect gets table-level lineage and no column detail. The graph is honest about what it knows, which is the property you want from a debugging tool.

Why this matters at the seam specifically: it turns two questions from archaeology into a click.


	Impact analysis, forward. Someone proposes renaming a column in stg_orders. Lineage shows every dataset downstream before the change ships: int_order_payments, orders, the CRM sync, the dashboard. So “what breaks if I touch this” has an answer that isn’t “let’s find out in production.”

	Debugging, backward. The CRM shows a wrong order total. Lineage walks the chain in reverse: orders ← int_order_payments ← stg_orders ← raw.orders, with the run that produced each. You find the model that introduced the bad value instead of bisecting six tables by hand.



Airflow’s Assets view and OpenLineage answer related but distinct questions, and it’s worth keeping them straight. Assets are the scheduling graph — what triggers what, resolved by URI, used to route runs. OpenLineage is the observability graph — what derived from what, resolved down to columns, used to understand and debug. Cosmos feeds both from the same dbt project, which is exactly why a task-per-model rendering pays for its parse cost: one dbt graph, re-expressed as both a schedule and a lineage map.

When assets are the wrong tool

Asset scheduling is clean when Airflow can see both sides of the seam. It gets awkward — or plain wrong — when it can’t, and it’s worth naming the boundaries before you route your whole platform on it.

The first is producers Airflow doesn’t run. Asset scheduling works because a task with an outlet marks the asset updated on success. If the raw tables land via a Fivetran sync that Airflow neither triggers nor watches, there’s no task to attach an outlet to, and the asset never fires. You have two honest options. Wrap the ingestion in an Airflow task that triggers and polls the connector, the outlets=[RAW_ORDERS] pattern above. Or accept that the ingest→dbt link stays a clock or an external signal, and let asset scheduling take over only after dbt, where Airflow is genuinely in control. What you shouldn’t do is pretend an asset represents freshness it can’t observe — an asset event means “an Airflow task said so,” not “the table is actually current.”

The second is cross-team, cross-deployment coupling. Asset scheduling lives inside one Airflow deployment; a consumer DAG and the producer whose asset it watches have to run under the same scheduler. When the data platform spans teams on separate Airflow instances — or crosses into tools with no Airflow at all — the shared URI stops being a shared reality. You’re back to explicit contracts: an event on a message bus, an API call, a data contract with its own SLA. Assets are a within-Airflow coordination primitive, not a company-wide event bus, and stretching them across org boundaries builds a dependency that looks declarative but is actually a handshake nobody documented.

For those cases, Cosmos gives you the two escape hatches. Setting emit_datasets=False on RenderConfig turns off asset emission entirely — the right call when nothing schedules on dbt’s outputs and you’d rather not clutter the Assets view with URIs no DAG consumes:

render_config = RenderConfig(emit_datasets=False)

Sometimes assets are consumed but the auto-generated {conn_id}://{project}/{model} URI doesn’t match what the rest of your platform expects. A downstream tool keys on the warehouse’s fully-qualified table name, say, or a naming convention predates Cosmos. Then you override the URI so both sides agree on the string. The identity of an asset is a contract, and the moment two systems depend on it, it deserves to be chosen deliberately rather than inherited from whatever Cosmos happened to generate. A URI that changes when you swap a connection id is a URI that will silently break a consumer the day you migrate warehouses.


Examples in this chapter are docs-checked against the book’s stated versions, but they were not executed in this repository unless a companion project explicitly says so.



Final thoughts

The clock was always a stand-in. 2 a.m. never meant “2 a.m.”; it meant “after the data is ready, and this is my best guess at when that is.” Assets let you delete the guess and say the true thing: this runs when this data is ready. Cosmos hands you an asset per model without asking, a downstream DAG schedules on it with a one-line schedule=[Asset(...)], and AssetAll/AssetAny let a job wait on exactly the set of models it reads. The ingest→dbt→consume seam that used to be three padded schedules praying at each other becomes one time trigger at the head and pure data-readiness after — a pipeline Airflow owns end to end without running every tool in it.

OpenLineage is the other half of the same story. Asset scheduling connects the tools; lineage lets you see through them, so a wrong number in the CRM traces back to the model that introduced it and a proposed column rename shows its blast radius before it ships. Cosmos feeds both graphs from the one dbt project — the scheduling graph and the observability graph, the same models re-expressed twice.

And the discipline underneath all of it is naming ownership. A good cross-tool seam says which DAG produces each asset, which dbt model defines it, which tests guard it, and which downstream consumers are allowed to trust it. Get those names right and the asset URI becomes a real contract — one that survives a warehouse migration, a team handoff, a new consumer nobody told you about. Get them wrong and you’ve built the same brittle coupling as before, only now it looks declarative, which is worse, because it fails quietly. The tool is good. The naming is the work.





Incremental dbt Under Airflow Backfills

Every chapter so far sold you the same promise: a task per model, and each task retries on its own. When int_order_payments flakes on a warehouse timeout, Airflow reruns that node and leaves the twenty models around it alone. It’s the whole reason Cosmos beats a single dbt build in a BashOperator. But that promise has a hole in it, and the hole is exactly where incremental models live. A retry is only safe if the thing being retried is idempotent — running it twice produces the same result as running it once. Most dbt models are idempotent by construction: a table model is create or replace, so a second run just rebuilds the same table. An incremental model is not. It appends to state. And “append to state, then retry the append” is how you get a table with every order counted twice.

This chapter is about that hazard and its relatives. Incremental models plus Airflow’s two favorite tricks — automatic retries and catchup — interact in ways that quietly corrupt data instead of loudly failing. The bookshop has been a toy so far; the moment its fct_orders grows past a few million rows and someone makes it incremental to save money, all of these edges become real at once.

How an incremental model actually loads

A quick refresher, because the hazard lives in the mechanics. An incremental model runs one of two ways. On its first build (or with --full-refresh), dbt runs the model’s select and creates the table from scratch. On every subsequent run, dbt wraps that same select in a filter you write with is_incremental(), and takes only the new rows, then combines them with what’s already in the table. The combine step is where everything is decided.

Here’s a bookshop fct_orders written the naive way — the way that looks fine in a demo and detonates in production:

-- models/marts/fct_orders.sql
{{
  config(
    materialized='incremental',
    incremental_strategy='append',
  )
}}

select
    order_id,
    customer_id,
    ordered_at,
    amount
from {{ ref('stg_orders') }}

{% if is_incremental() %}
  where ordered_at > (select max(ordered_at) from {{ this }})
{% endif %}

Read what this does on an incremental run. {{ this }} is dbt’s reference to the model’s own existing table. The filter selects rows from stg_orders newer than the newest ordered_at already loaded, and the append strategy does exactly what it says: insert into fct_orders (...) select .... No key, no dedup, no merge. Just an insert.

Now the retry. Airflow runs the fct_orders task. dbt computes max(ordered_at) as, say, 2026-07-03 23:00, selects the 4,000 orders newer than that, and begins the insert. The insert commits — the 4,000 rows are now in the table — but then the task fails afterward: the connection drops on the final ack, the pod is evicted, the operator’s post-run bookkeeping raises. Airflow sees a failed task and does what you told it to. It retries.

On the retry, dbt runs the model again from the top. It computes max(ordered_at) again — but the table already contains the 4,000 rows from the first attempt, so max(ordered_at) is now higher, and the filter correctly skips them. In that narrow case you’re lucky. But the append strategy has no barrier: if the failure happened after the select was materialized into a temp relation but before or during the insert’s commit boundary — and depending on your warehouse’s transaction semantics for insert ... select — you can land in a state where the retry re-selects an overlapping window and inserts it a second time. On warehouses without transactional DDL for the temp-table dance, or when the “new rows” boundary is >= instead of >, or when late-arriving rows share an ordered_at with the watermark, the double-load is not a corner case. It’s the default failure mode of append under retries.

The corruption is silent. No task turns red on the second run — the retry succeeds. You find out when revenue is 8% high and finance asks why.

It’s worth being precise about why the warehouse doesn’t save you here, because the details decide how bad it gets. dbt’s incremental build is not a single atomic statement. It’s a small sequence: materialize the filtered select into a temporary relation, then apply that relation to the target — for append, a plain insert into target select * from tmp. On a warehouse with fully transactional DML (Postgres, say), a mid-insert failure rolls the insert back and the retry is clean. But many analytics warehouses treat insert ... select as committed work the moment the statement returns, with no enclosing transaction around the temp-build-then-insert dance, and a task that dies after the insert commits but before Airflow records success leaves those rows permanently in the table. The retry then runs the whole model again. Whether that retry double-loads comes down to a race between two facts: did the first insert’s rows push max(ordered_at) high enough that the retry’s > filter now excludes them? If the newest rows in the batch all share the same ordered_at as an earlier row — common with midnight-boundary timestamps or coarse date grains — a > filter can re-include the boundary rows, and a >= filter re-includes them every time. None of this is exotic; it’s the ordinary texture of real timestamp data, and append has no defense against any of it.

The fix is the merge key, not the retry policy

The instinct is to reach for the retry config: turn retries off on incremental models, or make the operator smarter. That’s backwards. The retry is not the problem; the retry is a test the model failed. The fix is to make the model idempotent so that running it twice is genuinely safe, and then leave retries on.

Idempotent means the merge strategy with a unique_key:

-- models/marts/fct_orders.sql
{{
  config(
    materialized='incremental',
    incremental_strategy='merge',
    unique_key='order_id',
  )
}}

select
    order_id,
    customer_id,
    ordered_at,
    amount,
    updated_at
from {{ ref('stg_orders') }}

{% if is_incremental() %}
  where updated_at > (select max(updated_at) from {{ this }})
{% endif %}

Two changes carry the weight. First, incremental_strategy='merge' with unique_key='order_id' means dbt no longer blindly inserts. It builds a temp table of the new rows and runs a merge into fct_orders using tmp on fct_orders.order_id = tmp.order_id when matched then update ... when not matched then insert .... Run that twice with the same input and the second run matches every row on order_id and updates in place — no new rows, no doubles. The append became a upsert. Retries are now safe by construction, because a merge keyed on a stable business key is idempotent whatever window it reselects.

Second — and this is subtler — the filter moved from ordered_at to updated_at. A merge keyed on order_id still needs to see a changed order to update it. If an order placed yesterday gets its amount corrected today, ordered_at hasn’t changed, so an ordered_at-based watermark would never re-select it. updated_at (a row-level “last modified” that your source or staging layer maintains) catches both new and mutated rows, and the merge reconciles them. Watermark on the column that reflects change, merge on the key that reflects identity.

This is the correction to the earlier chapters’ per-model-retry pitch. “Every task retries independently” is a feature only for idempotent tasks. For incremental models it’s a loaded gun, and the safety is the merge key. Write incrementals as merges with a real unique_key, and the retry story this book has been selling becomes true again. Write them as appends and every retry is a coin flip on your row counts.

One more knob is worth setting deliberately here: the operator’s retry count itself. Cosmos forwards retries through operator_args, so you can dial it per DAG (or per node with the finer-grained config from the earlier chapters):

operator_args={"retries": 2, "retry_delay": timedelta(minutes=5)}

The temptation, once you’ve been burned by a double-load, is to set retries=0 on incremental models and call it safe. Resist it. Zero retries doesn’t make the model idempotent — it just trades a silent data bug for a loud pipeline failure, so now a transient warehouse blip pages someone at 3am for a job that would have succeeded on a second attempt. The right shape is the opposite: fix the idempotency with a merge key, then keep retries on, because a keyed merge genuinely doesn’t care how many times it runs. Retries are a reliability feature you get to keep only after you’ve earned it with an idempotent model.

--full-refresh per task, on purpose

Sometimes you do want to blow away the incremental state and rebuild from scratch: the model’s logic changed, the watermark drifted, or a backfill left the table wrong and you want a clean slate. That’s --full-refresh, and the discipline is to make it a deliberate operation rather than a flag someone types at 2am and forgets.

Cosmos lets you pass it per task. The cleanest way is operator_args, which forwards kwargs to the underlying dbt operators; full_refresh=True maps to dbt’s --full-refresh:

from cosmos import DbtDag, ProjectConfig, RenderConfig, ExecutionConfig

DbtDag(
    project_config=ProjectConfig("/usr/local/airflow/include/dbt/bookshop"),
    render_config=RenderConfig(select=["fct_orders"]),
    execution_config=ExecutionConfig(
        dbt_project_path="/usr/local/airflow/include/dbt/bookshop",
    ),
    profile_config=profile_config,
    operator_args={"full_refresh": True},
    schedule=None,
    dag_id="bookshop_full_refresh",
)

For a single task you can also drop to raw flags with dbt_cmd_flags=["--full-refresh"], which is handy when you want other flags along with it. Either way, the important design choice is the last two arguments: schedule=None and a distinct dag_id. This is not the nightly DAG. It’s a separate, manually triggered DAG whose only job is to rebuild the incremental models from scratch, and it does not run on a timer.

Better still, let the operator choose which model to refresh and confirm they meant it. But this is exactly where the two-clock rule from Chapter 07 comes back to collect, so it’s worth being careful.

The tempting thing to write is RenderConfig(select=["{{ params.model }}"]). It cannot work. RenderConfig is consumed at parse time — it’s what Cosmos hands to dbt ls on the scheduler to decide which tasks exist at all. params don’t exist at parse time; they’re supplied when someone triggers a run. The scheduler would pass the literal seven-character string {{ params.model }} to --select, match zero models, and render an empty DAG. Jinja in a RenderConfig is not a template, it’s a typo with extra steps.

The fix follows from the same rule. If the set of tasks can’t vary per run, then don’t ask it to: use one task whose dbt command is templated, rather than a task-per-model graph you’re trying to reshape at run time. Cosmos’s operators expose select and full_refresh as real template_fields, so they render per run exactly as you’d want:

from airflow.sdk import Param, dag
from cosmos.operators.local import DbtRunLocalOperator


@dag(
    dag_id="bookshop_refresh",
    schedule=None,
    params={
        "model": Param("fct_orders", type="string"),
        "full_refresh": Param(False, type="boolean"),
    },
)
def bookshop_refresh():
    DbtRunLocalOperator(
        task_id="refresh_model",
        project_dir="/usr/local/airflow/include/dbt/bookshop",
        profile_config=profile_config,
        select=["{{ params.model }}"],              # a template_field — renders at run time
        full_refresh="{{ params.full_refresh }}",   # also a template_field
    )


bookshop_refresh()

Two things make this work where the DbtDag version didn’t. The graph is fixed — one task, always — so nothing needs to be known at parse time. And full_refresh is declared bool | str on the Cosmos operator precisely because it’s templated: when Jinja hands it the string "False", Cosmos runs it through to_boolean rather than testing it for truthiness, so an unticked checkbox really does mean no --full-refresh. (That is a genuine footgun avoided by the library, not by you — a plain if self.full_refresh: would see the non-empty string "False" and cheerfully rebuild your table.)

Now a full refresh is an explicit act: open the DAG, pick the model, tick the box, trigger. The scheduled pipeline never full-refreshes on its own — it merges nightly and stays cheap — and the destructive rebuild lives behind a form someone has to fill in. The distinction matters because --full-refresh on a large fct_orders can be an hour of warehouse time and a drop table that briefly leaves the model empty for anyone querying it. That belongs on a named path, not a checkbox in the daily job.

catchup=True does not rewind your state

Here’s the interaction that surprises people who know Airflow well and dbt less well. Airflow’s catchup=True means that if a DAG has been paused or newly deployed, the scheduler will replay every missed interval — one DAG run per day since the start_date. It’s a genuinely useful feature for backfilling time-partitioned work. And it does almost nothing useful for a naive incremental model, because the incremental model has no idea what interval it’s running for.

Walk through it. You deploy bookshop_daily with catchup=True and a start_date of three weeks ago. Airflow dutifully creates 21 DAG runs, one per day, and starts working through them: the run “for” July 1, then July 2, then July 3. Each run executes the same fct_orders model. But fct_orders filters on where updated_at > (select max(updated_at) from {{ this }}) — it looks at the table’s current state, not at the DAG run’s data interval. So the July 1 run loads everything up to now. The July 2 run finds max(updated_at) is already current and loads nothing. The July 3 run loads nothing. Twenty of your twenty-one “historical” runs are no-ops, because the model’s notion of “new” is the table, and the table doesn’t rewind just because Airflow labeled this run “July 2.”

Catchup replays the schedule. It does not replay your data. {{ this }} and max(event_time) are state read at execution time; they are blind to data_interval_start unless you wire the interval in yourself. So catchup on a self-watermarking incremental doesn’t backfill history — it just runs the same “load everything new” logic twenty-one times, and only the first run does anything.

There’s a second, nastier face of this. Suppose the model is interval-aware — you pass the data interval in as a dbt var and filter on it (we’ll build that in the next section). Now catchup’s 21 runs each load a different day, which is what you wanted. But if those runs execute concurrently, you have multiple merge into fct_orders statements racing, each with a different window, contending for the same table. Depending on the warehouse, that’s lock contention at best and interleaved partial writes at worst.

The guard is max_active_runs=1:

DbtDag(
    project_config=ProjectConfig("/usr/local/airflow/include/dbt/bookshop"),
    render_config=RenderConfig(select=["fct_orders"]),
    execution_config=ExecutionConfig(
        dbt_project_path="/usr/local/airflow/include/dbt/bookshop",
    ),
    profile_config=profile_config,
    schedule="@daily",
    start_date=datetime(2026, 6, 13),
    catchup=True,
    max_active_runs=1,
    dag_id="bookshop_daily",
)

max_active_runs=1 forces the historical runs to execute in order, one at a time — July 1 finishes before July 2 starts. For an incremental model whose whole job is to mutate one shared table, serialized runs are not a performance compromise; they’re a correctness requirement. Overlapping MERGEs into the same target is a data race, and max_active_runs=1 is how you say “this table has one writer at a time.”

Microbatch: making the data interval the unit of work

The real fix for “catchup replays the schedule but not the data” is to make the data interval be the batch. dbt’s microbatch strategy is built for exactly this. Instead of you hand-writing an is_incremental() filter, you declare an event_time column and a batch_size, and dbt slices the model into time buckets and builds each bucket as its own idempotent select and insert-overwrite.

-- models/marts/fct_orders.sql
{{
  config(
    materialized='incremental',
    incremental_strategy='microbatch',
    event_time='ordered_at',
    batch_size='day',
    lookback=1,
  )
}}

select
    order_id,
    customer_id,
    ordered_at,
    amount
from {{ ref('stg_orders') }}

Notice there is no is_incremental() block at all. dbt manages the windows. For each batch, it automatically adds where ordered_at >= [batch start] and ordered_at < [batch end] and replaces that day’s partition rather than appending to it. That replacement is the property that makes microbatch idempotent per batch: rebuilding the July 2 window overwrites the July 2 rows, so running it twice — a retry, a manual rerun, whatever — lands the same data. No watermark to drift, no double-load. lookback=1 tells dbt to also reprocess the prior batch on each run, which sweeps up late-arriving rows that landed after their day’s window already ran.

Now the piece that ties it back to Airflow. dbt microbatch is driven by --event-time-start and --event-time-end, and Airflow hands you exactly those two values on every run as the data interval. So the bridge is passing the interval through Cosmos as dbt vars or flags:


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



DbtDag(
    project_config=ProjectConfig("/usr/local/airflow/include/dbt/bookshop"),
    render_config=RenderConfig(select=["fct_orders"]),
    execution_config=ExecutionConfig(
        dbt_project_path="/usr/local/airflow/include/dbt/bookshop",
    ),
    profile_config=profile_config,
    operator_args={
        "dbt_cmd_flags": [
            "--event-time-start", "{{ data_interval_start }}",
            "--event-time-end", "{{ data_interval_end }}",
        ],
    },
    schedule="@daily",
    start_date=datetime(2026, 6, 13),
    catchup=True,
    max_active_runs=1,
    dag_id="bookshop_microbatch",
)

Now catchup does the right thing. The July 2 DAG run has data_interval_start = 2026-07-02 and data_interval_end = 2026-07-03, and it passes those straight to dbt’s microbatch, which builds only the July 2 partition and overwrites it. The July 3 run builds July 3. Twenty-one historical runs now backfill twenty-one distinct days, each one idempotent, each one a partition replacement rather than a blind append. Combined with max_active_runs=1, they run in order and never contend. This is the shape you want for any large time-series fact table under backfill: the Airflow data interval is the dbt batch window, and every batch is safe to rebuild.

The lookback deserves a second look, because it’s where late data and the data interval negotiate. Orders don’t always land in the warehouse on the day they were placed. A delayed ingestion, a corrected record, an event that arrived out of order — all mean the July 2 window might gain rows after the July 2 run already finished. lookback=1 tells dbt that every run should also rebuild the immediately prior batch, so tonight’s July 3 run silently re-does July 2 as well and sweeps up anything that arrived late. Because each batch is a partition replacement, redoing July 2 is free of side effects — it overwrites, it doesn’t duplicate. Widen lookback to match how late your data realistically arrives (a lookback of 3 for a source that can be three days behind), and accept that you’re paying to rebuild those trailing partitions on every run in exchange for eventual correctness. It’s the microbatch analogue of the merge’s updated_at watermark: a deliberate choice about how far back “new” reaches.

If you don’t pass the flags, dbt microbatch falls back to its own default window of recent batches relative to now. That’s fine for a plain nightly run, but it ignores catchup entirely, and you’d be back to “the schedule replays but the data doesn’t.” The --event-time-start/--event-time-end handoff is the whole point.

The other non-idempotent node: snapshots

Incremental models are the famous hazard, so they get the airtime. But this chapter’s thesis — Airflow’s reliability features assume idempotent work — has a second violator, and it is in some ways worse, because there is no merge key that rescues you from it.

A dbt snapshot records how a row changed over time. It reads the source, compares it to the snapshot table, and closes out any row whose tracked columns moved: stamping dbt_valid_to on the old version and inserting a new one with dbt_valid_from set to now. That “now” is the whole problem. A snapshot is stamped with wall-clock time, not with your data interval — dbt has no --event-time-start/--event-time-end for snapshots, and microbatch doesn’t apply to them.

Follow what that does to the two tricks this chapter has been teaching:

Catchup is meaningless on a snapshot. Deploy a Cosmos DAG with catchup=True and a start_date three weeks back, and Airflow will dutifully create 21 runs. Each one runs dbt snapshot. Each one reads today’s source table — because that’s the only state there is — and stamps its rows with today’s timestamp. You don’t get three weeks of history. You get, at best, one real version row and twenty no-ops; at worst, twenty spurious versions all dated today, and a slowly-changing dimension that claims the customer moved house twenty times this morning. History you didn’t capture cannot be backfilled. That sentence is the whole snapshot chapter in the dbt book, and it collides head-on with the instinct to fix a gap by replaying the schedule.

A retry can open a spurious version. The snapshot’s merge is not the same shape as an incremental’s. If the task dies after the merge commits but before Airflow records success, the retry re-reads the source, finds the row it just closed out, and — depending on how the timestamps land — can write another version boundary. A unique_key doesn’t save you, because the snapshot’s grain is the version, and a new version is exactly what it was asked to produce.

So the rules are blunt, and they’re different from the incremental rules:


	Never put a snapshot in a catchup=True DAG. Give snapshots their own DAG, on a plain schedule, with catchup=False. Their cadence is “how often do we want to notice a change,” which has nothing to do with the data interval of anything else.

	Never --full-refresh a snapshot unless you mean “throw away all recorded history and start again from the current state,” which is almost never what anyone means when they type it.

	Run them on a schedule you’d be happy to miss. A missed incremental run catches up on the next one. A missed snapshot run means a change that happened in the gap was never seen, and never will be. That’s the honest trade of the pattern, and the only mitigation is to run it often enough that the gap doesn’t matter.



Seeds have a milder version of the same problem. Cosmos renders dbt seed as a real task (and under TestBehavior.BUILD, dbt build covers models, snapshots and seeds in one command). That seed task re-COPYs the CSV on every DAG run, which is harmless but wasteful, and DbtSeedMixin carries full_refresh as a template field — so a full-refreshed seed drops and recreates the table. If a seed is genuinely static reference data, there’s a good argument for keeping it out of the nightly DAG entirely and running it on deploy, where it belongs.

The general shape, one more time: Airflow’s retries and catchup are safe exactly to the extent that the node underneath is idempotent. A table model is. A merge-keyed incremental can be made so. A snapshot fundamentally is not, because its output depends on when you ran it — and the fix is not a config flag, it’s keeping it away from the machinery that assumes otherwise.

Scheduler-managed backfills across a Cosmos DAG

Airflow 3.x changed how backfills work, and it matters here. The old airflow backfill CLI daemon is gone; backfills are now scheduler-managed. You ask for one — from the UI, or with airflow backfill create — and the scheduler materializes the historical DAG runs and works through them like any other runs, honoring max_active_runs, pools, and priority:

airflow backfill create \
  --dag-id bookshop_microbatch \
  --from-date 2026-06-01 \
  --to-date 2026-06-30

This is strictly better than catchup for a deliberate history rebuild, because it’s an explicit request for a bounded range rather than a side effect of a start_date. You leave the nightly DAG on catchup=False for normal operation and issue a backfill when you actually need June rebuilt. The scheduler creates 30 runs for June, serializes them under max_active_runs=1, and each run passes its own data interval to dbt microbatch — so June 1 rebuilds the June 1 partition, and so on down the month.

The thing to hold in your head is what the backfill means for incremental state. A backfill does not reset dbt’s state or drop the incremental table. It just runs the model again for each historical interval. So the model’s own strategy decides whether the backfill is safe:


	Microbatch (or any partition-replacing strategy): each backfilled interval overwrites its window. The backfill is idempotent and correct — this is the combination you want.

	Merge with unique_key: each backfilled interval upserts its rows. Also safe, though a merge without a time filter reprocesses more than the interval, so pair it with interval-aware filtering if the table is large.

	Append: a backfill is a catastrophe. Each of the 30 runs appends its window on top of whatever’s already there, and if the windows overlap the table’s existing data — which they will, since June is already loaded — you double- or triple-load the whole month. Never backfill an append-strategy incremental. Full-refresh it instead, once, through the named refresh DAG.



So the backfill machinery is only as safe as the model underneath it. Scheduler-managed backfills give you clean, bounded, serialized replays; they do not give you idempotency. That still comes from the model being a microbatch or a keyed merge. The Airflow side handles when and in what order; the dbt side handles whether running it again is safe. Get both right and a month-long backfill of fct_orders is a one-line command that finishes correct. Get the dbt side wrong and the same command is the fastest way to corrupt a fact table you own.

Final thoughts

The through-line of this chapter is a single sentence the earlier chapters left implicit: Airflow’s reliability features assume idempotent work, and incremental dbt models are not idempotent unless you build them to be. Every hazard here is a version of that. Retries double-load an append. Catchup replays a schedule your watermark can’t see. Backfills multiply rows for a model that only knows how to insert. And every fix is a version of the same answer — make the model safe to run twice, then let Airflow do its job. Merge on a unique_key, or microbatch keyed to the data interval, and the retry becomes a non-event, catchup becomes a real backfill, and airflow backfill create becomes a safe button instead of a foot-gun.

Write a one-line contract at the top of every incremental model that answers four questions: what happens on retry, on backfill, on late data, and when the logic changes. If the honest answer to “what happens on retry” is “it depends,” you have an append masquerading as a pipeline, and Airflow is only making the wrong thing more reliably scheduled.





Alternatives, Secrets, and Multi-Environment dbt

Ten chapters in, Cosmos has done a lot of quiet work for us. It read the dbt manifest, turned every model and test into an Airflow task, wired the dependencies, mapped the run states back onto the grid, and let us slice the project three ways from one codebase. It’s easy to forget it was ever a choice. So before we close the book, it’s worth asking the question a good engineer asks about any dependency: what am I actually buying, what is it costing me, and what would I use instead? Then we’ll spend the rest of this chapter on the three things that separate a demo DAG from one you’d trust in production. Running the same project against dev, CI, and prod without editing code. Keeping the warehouse credentials out of the repo and out of the process table. And passing runtime parameters into a dbt run on purpose.

The landscape: three other ways to run dbt

Cosmos is not the only way to get a dbt project running under Airflow. There are three alternatives you’ll meet in the wild, and each one moves the complexity somewhere different.

Plain BashOperator. The simplest possible thing works:

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

dbt_build = BashOperator(
    task_id="dbt_build",
    bash_command=(
        "cd /usr/local/airflow/include/dbt/bookshop && "
        "dbt build --target prod --profiles-dir ."
    ),
)

One task, one command, the whole project rebuilt as an atom. There’s nothing wrong with this for a small project — it’s honest, it’s transparent, and it fails exactly the way dbt build fails on your laptop. What you don’t get is the entire premise of this book: the dbt graph never becomes the Airflow graph. Fifty models are one green box. When int_order_payments fails you retry all fifty, because Airflow’s unit of retry is the task and the task is the whole build. There’s no per-model grid, no per-model timing, no “retry just the branch that broke,” no lineage in the UI. You’ve orchestrated dbt the way you’d orchestrate a shell script, which is fine right up until the moment you need to know which model died at 3 a.m. and can’t.

A hand-rolled manifest parser. The next step up is to do what Cosmos does, yourself: run dbt ls or read target/manifest.json, walk the nodes, and generate a task per model in a loop. People build this — it’s a reasonable weekend project and it teaches you exactly how Cosmos works under the hood (Chapter 7 walked that internal machinery). The trouble is that the weekend project is the easy 80%. The hard 20% is everything Cosmos has already solved and you’ll rediscover one bug at a time. Parsing the manifest across dbt versions when its schema changes. Mapping dbt result states back onto Airflow states, handling tests as gates versus nodes, source freshness. The LoadMode question of when to parse, at DAG-parse time or run time, which is a real scheduler-performance concern. Plus selectors and multi-target profiles. You will, eventually, have rebuilt Cosmos, minus the part where a community maintains it. The manifest-parser approach is worth understanding and rarely worth shipping.

DbtCloudRunJobOperator. The third alternative isn’t a way to run dbt from Airflow at all — it’s a way to trigger dbt Cloud from Airflow. If your organization already pays for dbt Cloud, dbt runs there: dbt Cloud owns the environments, the credentials, the scheduling, the artifacts, and the run history. In that world Airflow’s job is not to execute dbt but to kick off a dbt Cloud job at the right moment in a larger pipeline and wait for it:

from airflow.providers.dbt.cloud.operators.dbt import DbtCloudRunJobOperator

run_bookshop = DbtCloudRunJobOperator(
    task_id="run_bookshop_prod",
    dbt_cloud_conn_id="dbt_cloud_default",
    job_id=180453,
    check_interval=30,
    timeout=3600,
)

That operator calls the dbt Cloud API, starts job 180453, and polls until it finishes — no dbt Core in your Airflow image, no profile to manage, no adapter to install. This is the right answer when dbt Cloud is already your system of record. What you give up is exactly what Cosmos gives you: the models are opaque to Airflow again, because they’re running in a different system. You get one “did the dbt Cloud job pass” signal, and if you want per-model detail you look in dbt Cloud, not the Airflow grid.

So why Cosmos — and what does it cost?

Line those up and the shape of the decision is clear. Use BashOperator when the project is small and you genuinely don’t need the dbt graph to become the Airflow graph. Use DbtCloudRunJobOperator when dbt Cloud already owns scheduling and you want Airflow to trigger it, not replace it. Use a hand-rolled parser essentially never — understand it, don’t ship it. Use Cosmos when you want Airflow itself to own model-level visibility: the per-model grid, per-model retries, tests as real gates, lineage in the UI, source freshness at the door, and selectable slices of one project. That’s most teams running dbt Core who want Airflow to be the orchestrator, and it’s why this book is built on it.

Cosmos isn’t free, though, and it’s worth naming the costs so nobody’s surprised. It parses your project to build the DAG, which adds work at DAG-parse or run time and makes LoadMode and manifest caching (Chapter 7) something you have to think about on a large project. It couples you to three moving version lines at once — Airflow, Cosmos, and dbt — and cross-tool integrations break at the seams. And it hides machinery: when something goes wrong the stack trace runs through Cosmos’s rendering layer, not just dbt’s, so you need to understand both. Those are real costs. They’re the right ones to pay for the visibility, but pay them with your eyes open.

Pin your versions — the unglamorous prerequisite

Which brings up a footgun buried in the earlier chapters. The requirements.txt we’ve been sketching said, in effect, astronomer-cosmos with no version. That’s fine on the day you write it and a time bomb three months later, because Cosmos, Airflow, and dbt all release independently and the compatibility surface between them is exactly where things break. Cosmos support for Airflow 3.x and its Task SDK (from airflow.sdk import ..., the import surface this whole book has used) arrived in specific Cosmos releases. An unpinned install will one day pull a version that predates or postdates the combination you tested, and the failure won’t say “version mismatch” — it’ll say something inscrutable about a manifest or an import.

Pin everything that participates in the seam:

# requirements.txt — pin the whole cross-tool surface
apache-airflow==3.3.0
astronomer-cosmos==1.11.0
dbt-core==1.11.12
dbt-snowflake==1.11.0
apache-airflow-providers-snowflake==6.6.0
apache-airflow-providers-dbt-cloud==4.4.0

The two numbers people forget are the dbt adapter, dbt-snowflake here, which version-locks against dbt-core, and the provider packages. In Airflow 3.x providers ship on their own cadence, and a feature like Snowflake key-pair auth (below) exists only from a specific provider version onward. Pin them, and upgrade them deliberately in a branch where you can actually watch the DAG re-render, rather than discovering the incompatibility when the scheduler quietly stops parsing your file. This is the least interesting paragraph in the book and the one most likely to save you a Saturday.

Multi-environment: one project, three targets

Everything so far ran against a single target. Real pipelines run the same dbt project against at least three. dev, your sandbox schema on a cheap warehouse. ci, a throwaway schema built fresh on every pull request and torn down after. And prod, the real schema the business reads, on a bigger warehouse with tighter roles. The models are identical across all three. What changes is where they land and who’s allowed to build them — and dbt already has the concept for that. It’s the target.

A dbt profiles.yml is a set of named targets under one profile:

# profiles.yml
bookshop:
  target: dev
  outputs:
    dev:
      type: snowflake
      account: "{{ env_var('SNOWFLAKE_ACCOUNT') }}"
      user: "{{ env_var('SNOWFLAKE_USER') }}"
      role: TRANSFORMER_DEV
      warehouse: WH_DEV
      database: ANALYTICS_DEV
      schema: dbt_dev
      threads: 4
    ci:
      type: snowflake
      account: "{{ env_var('SNOWFLAKE_ACCOUNT') }}"
      user: "{{ env_var('SNOWFLAKE_USER') }}"
      role: TRANSFORMER_CI
      warehouse: WH_CI
      database: ANALYTICS_CI
      schema: "{{ env_var('DBT_CI_SCHEMA', 'ci_default') }}"
      threads: 8
    prod:
      type: snowflake
      account: "{{ env_var('SNOWFLAKE_ACCOUNT') }}"
      user: "{{ env_var('SNOWFLAKE_USER') }}"
      role: TRANSFORMER_PROD
      warehouse: WH_PROD
      database: ANALYTICS
      schema: analytics
      threads: 12

Same models, three destinations, distinct roles and warehouses. The dev target writes to ANALYTICS_DEV.dbt_dev on a small warehouse; prod writes to ANALYTICS.analytics on a big one under a role that dev doesn’t hold. The CI schema is itself an env var so each pull request can get its own (ci_pr_1487) and drop it when the PR closes.

Telling Cosmos which target — two ways

There are two ways to hand this to Cosmos, and the choice is the real decision.

The first is a checked-in profiles.yml that you point Cosmos at with profiles_yml_filepath, letting target_name select the environment:

from cosmos import ProfileConfig

profile_config = ProfileConfig(
    profile_name="bookshop",
    target_name="prod",
    profiles_yml_filepath="/usr/local/airflow/include/dbt/bookshop/profiles.yml",
)

target_name is the whole multi-environment mechanism in one string. The dev DAG constructs its ProfileConfig with target_name="dev", the prod DAG with target_name="prod", and each resolves to a different outputs: block — different database, schema, role, warehouse — from the same file. Nothing in the models changes; the target does. A tidy pattern is to compute the target from the deployment environment rather than hardcode it, so one DAG file behaves correctly wherever it’s deployed:

import os

DEPLOY_ENV = os.environ["DEPLOYMENT_ENVIRONMENT"]  # "dev" | "ci" | "prod"

profile_config = ProfileConfig(
    profile_name="bookshop",
    target_name=DEPLOY_ENV,
    profiles_yml_filepath="/usr/local/airflow/include/dbt/bookshop/profiles.yml",
)

Now target_name → environment mapping is literally an environment variable set per deployment. The dev Astro deployment sets DEPLOYMENT_ENVIRONMENT=dev; prod sets prod; the DAG code is identical in both.

The second way skips the file entirely and builds the profile from an Airflow connection via a profile mapping:

from cosmos import ProfileConfig
from cosmos.profiles import SnowflakeUserPasswordProfileMapping

profile_config = ProfileConfig(
    profile_name="bookshop",
    target_name="prod",
    profile_mapping=SnowflakeUserPasswordProfileMapping(
        conn_id="snowflake_prod",
        profile_args={
            "database": "ANALYTICS",
            "schema": "analytics",
            "warehouse": "WH_PROD",
            "role": "TRANSFORMER_PROD",
        },
    ),
)

Here Cosmos reads an Airflow connection named snowflake_prod and generates the profiles.yml at run time from it — account, user, and credentials come from the connection, while the profile-specific bits (schema, warehouse, role) come from profile_args. The dev DAG points its mapping at conn_id="snowflake_dev", prod at snowflake_prod, and per-environment separation is now a matter of which Airflow connection you reference.

Which to choose? The profiles_yml_filepath approach keeps dbt’s config in dbt’s own format — the same file works when you run dbt build by hand on your laptop, and dbt people find it obvious. The profile_mapping approach keeps credentials in Airflow’s connection store instead of leaning on env vars, which matters most for the next section. Many teams land in the middle: a checked-in profiles.yml whose sensitive values are env_var(...) lookups, with those env vars populated from a secrets backend. That gets you dbt-native config and credentials that never touch the repo — which is exactly where we’re headed.

The CI target earns its own paragraph

Dev and prod are the obvious two; CI is the one people bolt on badly. A CI dbt run has a job dev and prod don’t: prove a pull request’s changes build and pass tests without touching the schemas anyone else uses. That’s why the CI target’s schema was itself an env var above — every PR gets an isolated schema like ci_pr_1487, built from empty, tested, and dropped when the PR merges or closes. A CI run that writes into a shared dev schema isn’t testing the PR; it’s leaking one engineer’s half-finished model into everyone else’s sandbox.

This is also where the state comparison from Chapter 5 pays off outside of production. A CI run doesn’t need to rebuild fifty models to test a change to one — it needs to build the models that changed and their downstream, using dbt’s state:modified+ selector against the prod manifest as the deferral baseline. The Cosmos RenderConfig that drives your CI DAG can carry that selector, so the CI environment is not just a different destination but a different, slimmer shape of the same project. Same code, same profile mechanism, target_name="ci", and a selector that turns a fifty-model project into the three tasks the PR actually touches. Cheap warehouse, ephemeral schema, minimal graph — that’s a CI target that stays fast as the project grows instead of getting slower with every model anyone adds.

Secrets: resolving credentials at run time

Notice what the profiles.yml above did not contain: a password. Every sensitive field was an env_var(...) call or came from a connection. That’s the non-negotiable rule — credentials never live in the repo, never in the DAG file, never in the rendered bash_command. The question is where they do live, and how they arrive at run time.

The Airflow secrets backend

Airflow can resolve connections and variables from an external secrets manager instead of (or ahead of) its own metadata database. You wire it in with AIRFLOW__SECRETS__BACKEND, and from then on any conn_id your DAG references is looked up in that manager first. For AWS Secrets Manager:

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

With that set, when Cosmos’s profile_mapping asks for the connection snowflake_prod, Airflow fetches it from AWS Secrets Manager at the path airflow/connections/snowflake_prod — the credential is never stored in Airflow’s own database, only fetched into memory for the duration of the task. HashiCorp Vault is the same idea with a different class:

AIRFLOW__SECRETS__BACKEND="airflow.providers.hashicorp.secrets.vault.VaultBackend"
AIRFLOW__SECRETS__BACKEND_KWARGS='{"connections_path": "airflow/connections", "variables_path": "airflow/variables", "url": "https://vault.internal:8200"}'

The payoff is that rotating a Snowflake password becomes a one-place operation: update the secret in AWS or Vault, and the next task run picks it up. No redeploy, no DAG edit, no restart — the backend is queried per lookup. Pair this with the profile_mapping style above and the credential’s entire lifecycle lives in the secrets manager; Airflow and dbt are just consumers.

Two operational notes save real debugging time here. First, a secrets backend adds a network call to every connection lookup, so scope the prefixes tightly with connections_prefix and variables_prefix. Point it at a path with hundreds of unrelated secrets, or leave the prefix too broad, and you’ll pay the latency on lookups that were never going to be there. Second, the backend doesn’t replace Airflow’s own connection store, it sits in front of it: Airflow checks the secrets backend first and falls through to its metadata database and environment connections on a miss. That fallthrough is a feature: local dev can define snowflake_dev as an AIRFLOW_CONN_* env var, while prod resolves the same conn_id from Vault. But it’s also a trap, because a stale connection lingering in the metadata database can silently shadow the one you think you’re reading from the backend. When a credential change “isn’t taking,” check whether an old copy is winning the fallthrough.

If you’d rather stay with a checked-in profiles.yml full of env_var(...) lookups, the same backend still helps. You store the values as Airflow Variables in the backend and inject them as env_vars on the Cosmos config, which we’ll see in a moment. SNOWFLAKE_ACCOUNT and friends then resolve from Secrets Manager rather than being baked into the image.

Snowflake key-pair auth — better than a password

For Snowflake specifically there’s a stronger production pattern than any password: key-pair authentication. You register an RSA public key on the Snowflake user and authenticate with the private key, so there’s no reusable password to leak in the first place. From apache-airflow-providers-snowflake 6.3.0 onward the Cosmos Snowflake profile mappings support it through private_key_content:

from cosmos import ProfileConfig
from cosmos.profiles import SnowflakeEncryptedPrivateKeyPemProfileMapping

profile_config = ProfileConfig(
    profile_name="bookshop",
    target_name="prod",
    profile_mapping=SnowflakeEncryptedPrivateKeyPemProfileMapping(
        conn_id="snowflake_prod",
        profile_args={
            "database": "ANALYTICS",
            "schema": "analytics",
            "warehouse": "WH_PROD",
            "role": "TRANSFORMER_PROD",
        },
    ),
)

The private key itself lives in the snowflake_prod connection — stored in your secrets backend, resolved at run time, never in the repo. Snowflake lets a user hold two registered public keys at once, RSA_PUBLIC_KEY and RSA_PUBLIC_KEY_2, so rotation is genuinely zero-downtime. Register the new public key as the second key, flip the connection over to the new private key, verify a run, then unset the old key. No moment where the pipeline can’t authenticate. That’s the property you want from a credential the business depends on — it can be rotated on a schedule without anyone holding their breath.

One log-hygiene note that spans all of this: dbt treats environment variables prefixed DBT_ENV_SECRET_ as secrets and scrubs their values out of its own logs. That protects dbt’s output — it does not scrub the process table or an operator’s rendered command, which is the deeper reason to route secrets through connections and backends rather than interpolating them into a bash_command. Keep the credential out of the string, not just out of the log.

Passing vars into a run — on purpose

The last real-world pattern is parameterizing a run. dbt models often read var(...) values, and there are three places Cosmos lets you set them, each with a different scope.

ProjectConfig(dbt_vars=...) sets vars used while Cosmos parses the project to build the DAG — reach for it when a var changes the shape of the graph (a var referenced in a model’s config that decides materialization or selection):

from cosmos import ProjectConfig

project_config = ProjectConfig(
    DBT_PROJECT_PATH,
    dbt_vars={"stripe_enabled": "true"},
)

operator_args={"vars": {...}} sets vars passed to the dbt run — the --vars you’d type on the command line, affecting what the models compute, not how the DAG is built:

dag = DbtDag(
    dag_id="bookshop_prod",
    project_config=project_config,
    profile_config=profile_config,
    operator_args={
        "vars": {"start_date": "2026-01-01", "reprocess": "false"},
    },
)

env_vars sets process environment variables for the dbt subprocess — the right home for the SNOWFLAKE_ACCOUNT-style values that your profiles.yml reads through env_var(...), and for DBT_ENV_SECRET_-prefixed secrets:

from cosmos import ProjectConfig

project_config = ProjectConfig(
    "/usr/local/airflow/include/dbt/bookshop",
    env_vars={"SNOWFLAKE_ACCOUNT": "{{ var.value.snowflake_account }}"},
)

Where this gets genuinely useful is wiring the vars to an Airflow Param, so a run can be parameterized from the UI or from conf on a triggered run:

from airflow.sdk import Param

dag = DbtDag(
    dag_id="bookshop_reprocess",
    project_config=project_config,
    profile_config=profile_config,
    params={
        "start_date": Param("2026-01-01", type="string"),
        "full_refresh": Param(False, type="boolean"),
    },
    operator_args={
        "vars": {"start_date": "{{ params.start_date }}"},
        "full_refresh": "{{ params.full_refresh }}",
    },
    render_config=RenderConfig(select=["tag:reprocessable"]),
)

Now the same DAG serves double duty. It runs on its schedule with the defaults. And when an analyst needs to reprocess from a specific date, they hit Trigger DAG w/ config, set start_date, and the templated {{ params.start_date }} flows through into dbt’s --vars. That’s a manual backfill with a real UI, no code edit, and an audit trail of who triggered what with which parameters — the interval-aware pattern from Chapter 10, exposed as a button.


Examples in this chapter are docs-checked against the book’s stated versions (Airflow 3.3.0, astronomer-cosmos, dbt-core, and the Snowflake provider ≥6.3.0 for key-pair auth), but they were not executed in this repository unless a companion project explicitly says so. Confirm the exact profile-mapping class names and provider versions against the releases you pin.



Final thoughts

That’s the book. We started with the plainest question: why orchestrate dbt at all. From there we worked outward through the naive bridge, Cosmos’s task-per-model rendering, selection, state and deferral, testing and observability, the load-and-run internals, execution modes, the assets seam, incrementals under backfill, and finally the landscape around the choice we’d been making all along.

If there’s one idea that ties it together, it’s that the interesting problems in this stack live at the seams. Between Airflow and dbt, between dev and prod, between the repo and the secrets manager, between a schedule and a triggered backfill. Cosmos is worth its costs because it makes the biggest seam — the dbt graph becoming the Airflow graph — legible instead of opaque. But it doesn’t absolve you of the others. Pin your versions so the tools don’t drift apart underneath you. Map targets to environments so one project runs everywhere without an edit. Push credentials into a secrets backend and prefer key-pair auth so rotation is a scheduled non-event instead of a fire drill. Parameterize the runs that need it so a backfill is a button, not a branch.

Do those, and Airflow stops being a fancier cron in front of dbt build and becomes what it should be: the place where your transformations are visible, retryable, environment-aware, and safe to hand to the next engineer who’s on call at 3 a.m. — which, eventually, is all of us. Thanks for reading the whole way through.
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