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The Modern Data Stack, Wired Together

You’ve read the dbt book and learned to treat SQL like software. You’ve read the Snowflake series and learned what a warehouse actually is. You’ve read the Airflow series and learned to schedule work without cron and a prayer. And you’ve seen Cosmos turn a dbt project into an Airflow DAG. Four sets of parts, each impressive on its own bench — and, so far, never bolted together.

That’s what this book does. One warehouse, one dbt project, one orchestrator, one graph of models running on real data. No more toy examples that stop at the interesting part.

Who does what

The temptation is to think of these tools as competitors for the same job. They aren’t — they occupy four different seats, and the whole point is that each does the thing it’s good at and nothing else.

Snowflake is the engine. It stores the tables and it runs the compute. Every SELECT, every CREATE TABLE AS, every join over a billion rows happens inside a Snowflake virtual warehouse, not on your laptop and not inside Airflow. If you’re fuzzy on how the account/database/schema/warehouse pieces fit, the Snowflake fundamentals chapter is the ground floor for everything here.

dbt is the score. It defines the transformations — staging models, marts, tests — as version-controlled SQL, and it compiles them into the right CREATE statements in dependency order. dbt doesn’t have a compute engine of its own; it hands SQL to Snowflake and lets Snowflake do the lifting. The dbt book is the prerequisite for the modeling in chapters 4 through 6.

Airflow is the conductor. It decides when the transformation runs, retries the parts that fail, backfills history, and gives you a place to look when something breaks at 3am. On its own Airflow knows nothing about your dbt models — it just runs tasks on a schedule. The orchestration series covers the DAG and TaskFlow basics this assumes.

Cosmos is the bridge between the last two. It reads your dbt project and renders each model as its own Airflow task, so the DAG graph is the dbt graph — every model gets its own retry, its own logs, its own green or red square. We built that warehouse-agnostic in the Cosmos book; here we point it at Snowflake specifically.

Airflow conducts, Snowflake plays, dbt is the sheet music, Cosmos hands out the parts. Keep that mapping in your head and the rest of the book is just wiring.

[image: The modern data stack: Airflow triggers Cosmos, which renders dbt as a task per model; those models run on Snowflake's compute over its storage, while raw sources load into Snowflake.]

The end-state architecture

Here is the whole machine in one breath, left to right, so you have a mental picture to hang every later chapter on.

1 — Ingestion lands bytes in raw. Something outside dbt puts source-shaped tables into a schema called RAW. In our build that “something” is one of two things. For the hands-on chapters we take a shortcut: TPCH-shaped tables already exist in the read-only SNOWFLAKE_SAMPLE_DATA share Snowflake gives every account for free, and we clone them into RAW with a plain CREATE TABLE ... AS SELECT, so the schema looks exactly like something a loader would have produced. In a real deployment the loader is a COPY INTO statement pulling CSV or Parquet from an external stage: an S3, GCS, or Azure bucket registered in Snowflake as @ANALYTICS.RAW.TPCH_STAGE with a named FILE FORMAT. Or it’s Snowpipe, which fires that same COPY INTO automatically the moment a file lands, event-driven instead of on a poll. If you don’t want to own that pipe at all, a managed EL tool like Fivetran or Airbyte owns the connector and writes straight into RAW for you; what changes is who operates the mechanism, not the contract downstream. Either way the deal is the same: RAW holds append-mostly, source-shaped tables with a _loaded_at timestamp, and nothing in RAW is ever hand-edited. We keep the sample-share shortcut through chapter 6 so the modeling can be the star; chapter 8 replaces it with a genuine COPY INTO/Snowpipe load and spells out the raw-to-staging contract.

2 — dbt transforms raw into staging and marts. This is the code you write and the part you version-control. Staging models (STG_ORDERS, STG_CUSTOMER, STG_LINEITEM, …) rename and retype the raw columns into house style — one staging model per source table, thin and boring on purpose. Marts (FCT_ORDERS, DIM_CUSTOMER, MART_REVENUE_BY_NATION) join those clean pieces into the tables a business actually queries. dbt compiles the lot into ordered CREATE OR REPLACE TABLE/CREATE VIEW statements and ships them to Snowflake.

3 — Cosmos renders that dbt project as an Airflow DAG. At DAG-parse time Cosmos reads your project (via a dbt ls/manifest parse) and emits one Airflow task per model, wired in dbt’s dependency order. When the DAG runs, each task shells out to dbt for exactly one node — effectively dbt run --select stg_orders — inside the Airflow worker.

4 — Airflow decides when. The DAG is asset-scheduled, not clock-scheduled: it wakes when the RAW load reports fresh data (Airflow 3’s schedule=[Asset(...)]), runs the model graph, runs the tests, and stops. The warehouse it used auto-suspends. Nothing spins until the next batch lands. In skeleton, the transform DAG is barely more than a Cosmos object with an asset on its schedule:

from airflow.sdk import Asset
from cosmos import DbtDag, ProfileConfig, ExecutionConfig

raw_orders = Asset("snowflake://analytics_prod/raw/orders")

bookshop_transform = DbtDag(
    dag_id="bookshop_transform",
    schedule=[raw_orders],          # runs when the load updates the asset
    profile_config=ProfileConfig(...),      # the key-pair profile from post 2
    execution_config=ExecutionConfig(...),  # local mode; settled in post 4
)

The whole DAG body is that one object — Cosmos fills in the per-model tasks at parse time. The interesting decisions are all in the two configs, which is why chapters 2 through 4 spend their length on them.

That’s the pipeline. Five later chapters build it; four more harden it. Before any of that, though, two boring but load-bearing questions: what versions, and which databases.

Prerequisites and versions

Everything in this book was written against the versions below. This is a docs-verified book — the code is checked against each tool’s documentation for these releases, not run end-to-end against a live Snowflake account — so pin these if you want the snippets to behave.



















































	Component	Version	What it is
	Apache Airflow	3.3.0	The orchestrator. 3.x matters: Assets replace Datasets, schedule= is unified, backfills are scheduler-managed.
	astronomer-cosmos	1.11.x	Renders the dbt project into Airflow tasks. Needs a version with Airflow 3 support.
	apache-airflow-providers-snowflake	6.x	Gives Airflow the Snowflake connection type and SQLExecuteQueryOperator wiring.
	dbt-core	1.11.x	The transformation framework.
	dbt-snowflake	1.11.x	The Snowflake adapter dbt uses to compile and run SQL.
	snowflake-connector-python	pulled in by the above	The Python driver; both dbt-snowflake and the Airflow provider sit on it. Key-pair auth lives here.
	Python	3.12	The runtime for Airflow, Cosmos, and dbt in the same image.
	Snowflake	Standard edition	Enough for the whole build. You only need Enterprise for multi-cluster warehouses and some governance features we flag as optional.


The version most worth internalizing is Airflow 3.3. If your Airflow reflexes are from 2.x, three things changed under you. Datasets are now Assets — from airflow.sdk import Asset, schedule=[Asset(...)]. The schedule argument is unified, with no more schedule_interval or hand-rolled timetables for the simple case. And backfills are managed by the scheduler, via airflow backfill create or the UI, rather than a CLI daemon. The orchestration in this book leans on all three.

One packaging note that shapes chapter 4: dbt and Airflow live in the same image. dbt-snowflake, astronomer-cosmos, and the Snowflake provider are all installed into the Airflow environment (a single requirements.txt under the Astro CLI project), so a worker can invoke dbt in-process. That’s Cosmos’s default local execution mode — dbt runs as a subprocess in the Airflow worker, sharing its Python. It is the simplest thing that works and it’s what we use; chapter 4 also names the alternative (an isolated virtualenv, or a separate container per task) and says when you’d reach for it. The choice of execution mode is not cosmetic — it decides where your dbt_project.yml lives, how the profile is resolved, and how the private key reaches the worker — so we settle it early and don’t revisit it.

Dev and prod, spelled out

A stack is not one environment even when the repo has one branch. We run two databases with identical shapes:









































		Dev	Prod
	Database	ANALYTICS_DEV	ANALYTICS_PROD
	Raw landing	ANALYTICS_DEV.RAW	ANALYTICS_PROD.RAW
	dbt staging	ANALYTICS_DEV.STAGING	ANALYTICS_PROD.STAGING
	dbt marts	ANALYTICS_DEV.MARTS	ANALYTICS_PROD.MARTS
	Who runs it	a developer’s laptop, or CI	the Airflow DAG
	Login	your Snowflake user, key-pair	a service user, key-pair


The two databases are the same three schemas — RAW, STAGING, MARTS — so a model that compiles in dev compiles in prod with nothing changed but the target. In dbt terms that’s two targets in one profiles.yml: dev writes to ANALYTICS_DEV, prod writes to ANALYTICS_PROD, and the only difference is the database name and which credential signs in. Chapter 2 builds exactly that profile.

A raw table carries just enough metadata to make the rest of the stack honest. ANALYTICS_DEV.RAW.ORDERS is the source columns plus one thing the source didn’t have:

O_ORDERKEY  O_CUSTKEY  O_ORDERSTATUS  O_TOTALPRICE  O_ORDERDATE   _LOADED_AT
--------------------------------------------------------------------------------
1           37001      O              173665.47     1996-01-02    2026-05-14 02:03:11
2           78002      O               46929.18     1996-12-01    2026-05-14 02:03:11

That _LOADED_AT column is the seam between ingestion and dbt. It’s what a source freshness check reads to decide whether the data is stale, and what an incremental model reads to find “rows since last run.” It costs one clause in the load and it’s non-negotiable — chapter 8 makes that the heart of the raw-to-staging contract.

Compute is split by job, not by environment, and this is where a lot of first stacks go wrong. Both databases share three warehouses, each sized to its work:


	LOADING_WH — the ingestion warehouse. It runs COPY INTO/Snowpipe and nothing else, so a slow load can’t starve a dbt run, and load cost is legible on its own line. In the sample-share chapters it barely runs; chapter 8 gives it real work.

	TRANSFORMING_WH — the dbt warehouse. Every staging and mart model executes here. It’s the one the Airflow DAG points at, and the one you’ll watch in the cost views. Default size XS; chapter 6 explains when one heavy incremental earns a temporary size bump.

	REPORTING_WH — the readers’ warehouse. BI tools and analysts querying MARTS land here, isolated from the transform job so a dashboard refresh never fights a dbt build for slots.



Every one of them is set to AUTO_SUSPEND after a minute of idle and AUTO_RESUME on the next query, so an idle stack costs nothing. That “spins down when the work is done” property is the single biggest reason the bill for a nightly pipeline is small; chapter 7 and chapter 10 make it explicit with resource monitors and statement timeouts.

Roles get the same job-shaped split rather than a per-person split: an INGEST role can write RAW, a TRANSFORM role can build STAGING and MARTS, a REPORTER role can only read MARTS. The service user Airflow logs in as is granted TRANSFORM and nothing more — it has no business writing raw or reading anything a reporter shouldn’t. We sketch this here and build the full grant tree, future grants, and per-developer sandboxes in chapter 9.

The target

The pipeline we build runs against TPCH data — the order-management benchmark Snowflake ships free in SNOWFLAKE_SAMPLE_DATA.TPCH_SF1. It has the tables you’d expect from a business that sells things: CUSTOMER, ORDERS, LINEITEM, NATION, REGION. Real enough to have interesting joins, small enough to run on the smallest warehouse. We clone those into ANALYTICS_DEV.RAW so the raw layer looks landed rather than shared, and dbt takes it from there.

Traced end to end with real object names, one row of an order’s revenue flows like this:

SNOWFLAKE_SAMPLE_DATA.TPCH_SF1.ORDERS      (the free share)
      │  CREATE TABLE ... AS SELECT   (post 5; a COPY INTO in post 8)
      ▼
ANALYTICS_DEV.RAW.ORDERS                    (source-shaped, _loaded_at stamped)
      │  dbt: models/staging/stg_orders.sql
      ▼
ANALYTICS_DEV.STAGING.STG_ORDERS            (renamed, retyped, house style)
      │  dbt: models/marts/fct_orders.sql   (joins STG_LINEITEM, STG_CUSTOMER)
      ▼
ANALYTICS_DEV.MARTS.FCT_ORDERS
      │  dbt: models/marts/mart_revenue_by_nation.sql (joins DIM_CUSTOMER, NATION)
      ▼
ANALYTICS_DEV.MARTS.MART_REVENUE_BY_NATION  (the question a business asks)

By the end you’ll have that graph running on a schedule, incrementally, with tests, on a warehouse that spins down when it’s finished — and an Airflow UI where every one of those arrows is its own retriable, log-carrying task.

Here’s what each chapter adds, in three acts.

Act one — make the parts talk (chapters 2–4).


	Chapter 2 points dbt at Snowflake with a profiles.yml — and does it with key-pair authentication, because in 2026 that’s no longer optional.

	Chapter 3 gives Airflow its own Snowflake connection and proves it with a smoke test.

	Chapter 4 brings in Cosmos so the dbt run becomes a task-per-model DAG on Snowflake, and settles the execution-mode question above.



Act two — build the pipeline (chapters 5–7).


	Chapter 5 builds the actual TPCH staging-and-marts models on real data.

	Chapter 6 makes the heavy models incremental and puts the DAG on an asset schedule.

	Chapter 7 is the first production pass: warehouse sizing, secrets, and keeping the bill sane.



Act three — make it a platform (chapters 8–12).


	Chapter 8 replaces the sample-share shortcut with a real ingestion layer — COPY INTO, Snowpipe, EL tools, and the raw-to-staging contract.

	Chapter 9 builds environments and RBAC across the whole stack: dev/CI/prod, per-developer sandboxes, and the ingest/transform/reader roles.

	Chapter 10 goes deep on warehouses and cost — per-workload sizing, query tags, resource monitors, statement timeouts.

	Chapter 11 wires CI/CD so a pull request tests dbt and deploys the DAG.

	Chapter 12 closes with lineage, contracts, and observability — proving the seams hold.



What the stack survives

A pipeline is not defined by what it does on a good day; it’s defined by what it does on a bad one. Three failures will happen to any stack that runs long enough, and the design above absorbs each one in a specific place — which is exactly why we split the tools the way we did.

A model fails. A mart references a column that ingestion quietly dropped, and the SELECT errors. Because Cosmos renders one Airflow task per model, the failure is a single red square with its own log and its own retry count. The fifteen models upstream of it that already succeeded don’t re-run, and the ones downstream are correctly held back rather than run against half-built data. You fix the model, clear the one task, and the DAG resumes from the break. Chapter 4 sets up the task-per-model granularity; chapter 6 tunes retries and the trigger rules that decide what “held back” means.

A source is late. The nightly file doesn’t land, or lands two hours after the DAG would normally have fired. A clock schedule would cheerfully run the whole graph against yesterday’s data and publish a wrong answer with full confidence. Asset scheduling won’t: the transform DAG is triggered by the RAW load asset updating, so no fresh data means no run, and a dbt source freshness check turns “the data is stale” into a loud, specific test failure rather than a silently old dashboard. Chapter 8 defines the freshness expectation and the _loaded_at semantics; chapter 6 wires the asset trigger.

A key rotates. The private key the service user authenticates with is rotated on schedule — as it should be, because that’s the whole security case for key-pair auth over passwords. Because the credential lives in exactly one place per tool (dbt’s profile, Airflow’s connection) and is pulled from a secrets backend rather than baked into an image, rotation is a swap of one secret, not a redeploy. Chapter 2 and chapter 3 set up the key on each side; chapter 7 and chapter 9 move it into a secrets backend and describe the rotation itself.

None of these are exotic. They’re the ordinary weather of running a data platform. The reason to assemble the stack this particular way — separate engine, score, conductor, and bridge — is that each failure lands on the component built to handle it, instead of taking the whole thing down.

What this book deliberately does not cover

To keep the scope honest: this is a build of the transform-and-orchestrate core, and there are two neighbors we point at but don’t enter.


	The BI and semantic layer. We publish clean marts to ANALYTICS_PROD.MARTS and stop there. What a Looker, a Tableau, a Metabase, or dbt’s own semantic layer does with those tables — metrics definitions, dashboards, a governed metrics API — is a series of its own. We make the marts good enough to sit under one; we don’t build one.

	Streaming. Everything here is batch: data lands, the DAG wakes, the graph runs, the warehouse suspends. Sub-minute freshness, Kafka, Snowpipe Streaming, and materialized-view-driven continuous transforms are a genuinely different shape of problem, and pretending a batch orchestrator is a stream processor is how stacks get sad. Snowpipe appears in chapter 8, but as event-driven file loading, not as streaming.



Naming what’s out keeps the promise of what’s in believable.

What’s genuinely new here

If you did the Cosmos book, most of the orchestration mechanics will feel familiar. What changes when the warehouse is specifically Snowflake — and where this book has to say something the agnostic version couldn’t — is authentication.

Snowflake is in the middle of retiring single-factor password sign-in for the kind of non-human accounts that dbt and Airflow use. A service user that logs in with a username and password is on a deprecation clock. The replacement is key-pair auth: you generate an RSA key pair, register the public half on the Snowflake user, and hand the private half to the tool. Both dbt and Airflow support it, and both of the next two chapters lead with it rather than treating it as an appendix.

That single decision ripples through the whole stack — the dbt profile, the Airflow connection, and where the private key is allowed to live. It’s the first thing we set up, and it’s the reason a Snowflake-specific book exists at all instead of a footnote on the generic one.

Final thoughts

The modern data stack gets sold as a shopping list — buy the warehouse, buy the transform tool, buy the orchestrator — as if the value were in owning four logos. It isn’t. The value is in the seams: dbt trusting Snowflake for compute, Cosmos trusting dbt for the graph, Airflow trusting all three to fail loudly. A stack is only “modern” when those handoffs are clean enough that you can change one part on a Friday without the other three noticing. That’s the pipeline we’re building — engine, score, conductor, and bridge, over two databases and three warehouses — and it starts with getting dbt to log in.





Pointing dbt at Snowflake (with Key-Pair Auth)

The dbt-snowflake adapter is genuinely boring to install and genuinely easy to misconfigure in exactly one way that most tutorials still get wrong. They hand you a profiles.yml with password: in it. That profile connects today and stops connecting some morning this autumn, because the account it uses is exactly the kind Snowflake is retiring password sign-in for.

So we’re doing this in the order that survives contact with 2026: key pair first, grants second, profile third. By the end of the chapter you’ll have a svc_dbt service user that logs in with an RSA key, a transformer role scoped to exactly what dbt touches, and a profiles.yml with real dev and prod outputs. Plus a debugging section for the one error everyone hits first.

Why a password won’t do

Snowflake is deprecating single-factor password authentication for service accounts — the non-human users that tools like dbt log in as. The legacy password path is scheduled to be retired by October 2026, and Snowflake has been steadily turning it off for new accounts already. A dbt project that authenticates with a username and password is building on a floor that’s being removed.

The supported answer for a service account is key-pair authentication. You generate an RSA key pair, register the public key on a Snowflake user, and give dbt the private key. Nothing about the login is a shared secret that travels over the wire — dbt signs a short-lived JSON Web Token with the private key, Snowflake verifies the signature with the public one, and the private key never leaves your machine. Password auth still exists for now, but treat it the way you treat a deprecated API: only if you have no choice, and never in anything new.

Generate the key pair

Two commands with OpenSSL. Make a private key wrapped in a passphrase, then derive the public key from it:

openssl genrsa 2048 | \
  openssl pkcs8 -topk8 -v2 des3 -inform PEM -out rsa_key.p8

openssl rsa -in rsa_key.p8 -pubout -out rsa_key.pub

Three details in that first line earn their keep. genrsa 2048 is the key length Snowflake expects — 2048-bit RSA, not a smaller key and not an EC curve. pkcs8 -topk8 wraps it in PKCS#8, the container format the login flow reads; a bare PKCS#1 BEGIN RSA PRIVATE KEY block is not what Snowflake’s clients want, and feeding one in is a common first stumble. -v2 des3 encrypts the key so it’s useless on disk without the passphrase you’ll be prompted for.

You can skip the encryption and produce an unencrypted key with openssl genrsa 2048 | openssl pkcs8 -topk8 -nocrypt -out rsa_key.p8. Don’t, for anything a human might read — an unencrypted .p8 is a plaintext credential to your warehouse. The one place unencrypted keys are defensible is inside a secrets manager that already encrypts at rest and hands the raw bytes to the process at runtime; there the passphrase would just be a second secret to store next to the first. Everywhere else, keep the passphrase.

rsa_key.p8 is the private key dbt will use. rsa_key.pub is the public half you’ll paste into Snowflake. The private key never goes into git, never into a Slack thread, never into a DAG file.

Register the key on the user

In Snowsight, create a dedicated user for dbt — a service identity, not your personal login — and attach the public key. The key body is everything between the -----BEGIN PUBLIC KEY----- and -----END PUBLIC KEY----- lines, with the line breaks stripped out:

CREATE USER svc_dbt
  DEFAULT_ROLE = transformer
  DEFAULT_WAREHOUSE = transforming
  TYPE = SERVICE;

ALTER USER svc_dbt SET RSA_PUBLIC_KEY = 'MIIBIjANBgkqh...IDAQAB';

GRANT ROLE transformer TO USER svc_dbt;

TYPE = SERVICE tells Snowflake this is a non-human account, which excludes it from MFA-for-humans policies and makes the intent explicit in audits. The user has no password at all — the only way in is the key.

Confirm the key registered with DESC USER svc_dbt. The row that matters is RSA_PUBLIC_KEY_FP: the SHA-256 fingerprint of the key Snowflake now trusts, printed as SHA256: followed by a base64 hash. Write that value down — it’s the single most useful thing you have when authentication mysteriously fails later, because you can compute the same fingerprint from your local private key and compare.

One more thing to get right before you ever open profiles.yml: the account identifier. Snowflake’s current format is orgname-accountname — your organization name and account name joined by a hyphen, both findable under Admin → Accounts in Snowsight. The older locator-style identifier (xy12345.us-east-1) still resolves for some connections but is exactly the kind of mismatch that produces a baffling auth error, because the account identifier is baked into the JWT the client signs. Use orgname-accountname and you sidestep a whole category of failure.

What dbt actually needs granted

A dedicated transformer role matters more than it looks. It’s the boundary that decides what dbt is allowed to touch — the raw sample data to read from, and the working schemas to write into — and it keeps dbt’s blast radius separate from a human analyst’s or an ingest job’s. Grant it precisely what it needs and nothing else.

dbt needs four things: compute, read access to its sources, the right to build objects in its target, and — so the tables it produces are actually useful to anyone — a way to let downstream readers see its output.

-- 1. Compute: dbt hands SQL to this warehouse.
GRANT USAGE ON WAREHOUSE transforming TO ROLE transformer;

-- 2. Read the source. TPCH ships in a shared database;
--    shared databases are granted via IMPORTED PRIVILEGES.
GRANT IMPORTED PRIVILEGES ON DATABASE snowflake_sample_data TO ROLE transformer;

-- 3. Write the output. dbt builds into ANALYTICS_DEV in development.
GRANT USAGE ON DATABASE analytics_dev TO ROLE transformer;
GRANT CREATE SCHEMA ON DATABASE analytics_dev TO ROLE transformer;

That CREATE SCHEMA grant is load-bearing and easy to miss. dbt doesn’t just write tables — it creates schemas, one per developer or environment, on the fly (dbt_dev, dbt_alice, a CI run’s throwaway schema). When the transformer role creates a schema it owns it, and ownership carries CREATE TABLE and CREATE VIEW automatically, so you don’t grant those separately in this model — dbt gets them by owning the schema it just made. What you do still need is the fourth thing:

-- 4. Future grants: anything dbt builds later becomes readable
--    by consumers without a manual grant per table.
GRANT USAGE ON FUTURE SCHEMAS IN DATABASE analytics_dev TO ROLE reader;
GRANT SELECT ON FUTURE TABLES IN DATABASE analytics_dev TO ROLE reader;
GRANT SELECT ON FUTURE VIEWS IN DATABASE analytics_dev TO ROLE reader;

Without those FUTURE grants, every new mart dbt materializes is invisible to your BI tool until someone runs a GRANT SELECT by hand — which someone always forgets, so the dashboard is empty and nobody knows why. ON FUTURE says “any table or view that comes to exist in this database, grant reader SELECT on it automatically.” dbt builds it, reader can immediately query it, no human in the loop.

This is deliberately the minimum dbt needs — the compute, the source, the target, and the reader hand-off. It is not the whole stack’s security model. The full picture gets its own treatment in Environments and RBAC Across the Stack. A separate ingest role that loads raw data, the transform role you see here, a reader role for consumers, how future grants interact with schema ownership across all three, and how dev and prod databases divide. For now: dbt can read TPCH, build into ANALYTICS_DEV, and hand its results to readers. That’s enough to connect.

The profile, with dev and prod

Now the part that’s identical to every other dbt project except for how it authenticates. In ~/.dbt/profiles.yml:

tpch_snowflake:
  target: dev
  outputs:
    dev:
      type: snowflake
      account: "{{ env_var('SNOWFLAKE_ACCOUNT') }}"
      user: svc_dbt
      role: transformer
      authenticator: snowflake_jwt
      private_key_path: "/secure/rsa_key.p8"
      private_key_passphrase: "{{ env_var('SNOWFLAKE_KEY_PASSPHRASE') }}"
      warehouse: transforming
      database: analytics_dev
      schema: dbt_dev
      threads: 8
      query_tag: dbt-dev
      client_session_keep_alive: false

    prod:
      type: snowflake
      account: "{{ env_var('SNOWFLAKE_ACCOUNT') }}"
      user: svc_dbt
      role: transformer
      authenticator: snowflake_jwt
      private_key_path: "{{ env_var('SNOWFLAKE_PRIVATE_KEY_PATH') }}"
      private_key_passphrase: "{{ env_var('SNOWFLAKE_KEY_PASSPHRASE') }}"
      warehouse: transforming
      database: analytics_prod
      schema: analytics
      threads: 12
      query_tag: dbt-prod
      reuse_connections: true
      connect_retries: 2
      connect_timeout: 30
      session_parameters:
        STATEMENT_TIMEOUT_IN_SECONDS: 3600

The authenticator: snowflake_jwt line is what flips the adapter from password mode to key-pair mode — it tells dbt to sign a JWT with your private key instead of sending a secret. Miss it and dbt won’t attempt key-pair auth at all, even with a private_key_path sitting right there; it’s the switch, and the two private_key_* fields are what the switch reads.

target: dev at the top picks which output runs when you don’t say otherwise. Everyday dbt build runs against dev — your ANALYTICS_DEV database, your dbt_dev schema, safe to clobber. When Airflow or CI runs the pipeline for real it passes --target prod, and dbt swings over to ANALYTICS_PROD with production’s schema and thread count. Same models, same profile, one flag decides the blast radius. Keeping both outputs in one profile — rather than two profiles or two files — means there is exactly one description of “how dbt reaches Snowflake” and the only thing that varies is which environment.

The two outputs differ in exactly the ways that matter. database: analytics_dev vs analytics_prod. schema: a shared dev schema vs prod’s canonical analytics. threads: more parallelism in prod, where the warehouse is sized for it. And query_tag, so you can tell dev noise from prod work in Snowflake’s query history at a glance. Everything else — the user, the role, the key — is shared, because a single service identity reaching two databases is simpler to reason about than two identities.

Three ways to hand dbt the key

The profile above uses private_key_path — a path to the .p8 file on disk, which is the right default for a laptop or a container that mounts a secret file. But the adapter accepts the key two other ways, and which you pick depends on where the key lives:


	private_key_path — a filesystem path. Best when a secrets manager or Kubernetes mounts the key as a file, or on a developer machine.

	private_key — the key material inline, as the PEM text (or a base64-encoded DER). Best when the key arrives as an environment variable rather than a file, e.g. private_key: "{{ env_var('SNOWFLAKE_PRIVATE_KEY') }}". This is the form CI systems reach for, since they inject secrets as env vars, not files. (The Airflow provider in the next chapter calls its inline equivalent private_key_content — same idea, different field name, so don’t be thrown when you see it there.)

	A secrets backend — you never put the key in the file at all; env_var() pulls it from Vault, AWS Secrets Manager, or the CI secret store at runtime. Whichever field you use, wrap the value in env_var() and the profile stays committable while the key stays out of git.



In every form, if the key is encrypted — and it should be — private_key_passphrase supplies the passphrase, itself sourced from the environment. Notice what’s not in the file: no account identifier hardcoded, no passphrase, no key bytes. The profile is safe to commit; the secrets it references are not in it.

Tuning the connection

The knobs at the bottom of each output are worth understanding rather than copying:

threads is how many models dbt builds concurrently. It is not a Snowflake setting — it’s dbt opening that many sessions at once. The right number is bounded by your DAG’s width (there’s no point in 12 threads if only 4 models can run in parallel) and by the warehouse’s concurrency. A single Small warehouse comfortably absorbs 8 concurrent queries; push threads well past what the warehouse can run at once and queries queue rather than run, so you pay for the same wall-clock time with more moving parts. Start at 8 in dev, size prod to the warehouse, and watch Snowflake’s query history for queuing.

query_tag stamps every statement dbt issues with a label that shows up in QUERY_HISTORY. When the monthly bill spikes, WHERE query_tag = 'dbt-prod' is how you prove — or disprove — that dbt was the cause.

session_parameters sets Snowflake session settings for dbt’s connections. STATEMENT_TIMEOUT_IN_SECONDS: 3600 caps any single statement at an hour, so a runaway model with a bad join gets killed instead of burning credits until you notice. You can set any session parameter here.

reuse_connections (default true on current dbt-snowflake) lets dbt reuse an open connection across models on the same thread instead of tearing down and re-authenticating each time — which, with key-pair auth, means re-signing a JWT per model. On a wide DAG that’s real overhead saved. connect_retries and connect_timeout make the initial handshake resilient to a warehouse that’s resuming or a transient network blip: retry twice, wait 30 seconds before giving up.

client_session_keep_alive deserves a caution. Set true, it keeps dbt’s session token from expiring during a very long run. But it also keeps the session, and its keep-alive traffic, alive after dbt is done unless the process exits cleanly — which for a scheduled job can quietly hold sessions open. Leave it false unless you have a specific run that genuinely exceeds the four-hour session lifetime, which a dbt run almost never does.

Prove it connects:

dbt debug           # uses the default target: dev
dbt debug --target prod

dbt debug runs the whole connection check — it opens a session as svc_dbt, signs the JWT, confirms the warehouse, database, and schema resolve, and tells you exactly which line is wrong if one is. Run it against both targets before you trust either.

Rotating the key with zero downtime

Keys get rotated — on a schedule, or the day someone leaves, or the hour a laptop goes missing. The naive rotation is a self-inflicted outage: overwrite RSA_PUBLIC_KEY with the new public key, and every dbt run signing with the old private key fails instantly, until you’ve deployed the new private key everywhere. In a stack where dbt runs from Airflow on a schedule, “everywhere” and “instantly” don’t line up, and you get a red pipeline.

Snowflake gives each user two public-key slots for exactly this reason: RSA_PUBLIC_KEY and RSA_PUBLIC_KEY_2. Both are valid for authentication at the same time, which lets you roll forward without a gap:

-- 1. Register the NEW public key in the second slot.
--    The old key still works; nothing breaks yet.
ALTER USER svc_dbt SET RSA_PUBLIC_KEY_2 = 'MIIBIjANBg...NEWKEY...IDAQAB';

Now deploy the new private key to dbt (and Airflow) at your leisure and verify with dbt debug. Both keys authenticate, so a run using the old key and a run using the new key both succeed during the overlap. Once every consumer is on the new key:

-- 2. Promote the new key into the primary slot and drop the old one.
ALTER USER svc_dbt SET RSA_PUBLIC_KEY = 'MIIBIjANBg...NEWKEY...IDAQAB';
ALTER USER svc_dbt UNSET RSA_PUBLIC_KEY_2;

DESC USER svc_dbt shows both fingerprints — RSA_PUBLIC_KEY_FP and RSA_PUBLIC_KEY_2_FP — throughout, so you can confirm exactly which keys are live at each step. No window where authentication is impossible, which is the whole point.

When dbt debug says the token is invalid

The error you will meet, probably on your first attempt, reads roughly:

Database Error
  250001 (08001): Failed to connect to DB:
  <account>.snowflakecomputing.com:443.
  JWT token is invalid.

JWT token is invalid is Snowflake refusing the signed token, and it has three usual causes. Work them in this order.

1. The account identifier is wrong. The account is part of what the JWT is built from, so a mismatched identifier produces an invalid token even when the key is perfect. Confirm SNOWFLAKE_ACCOUNT is the orgname-accountname form from Snowsight, with a hyphen — not the legacy xy12345.us-east-1 locator, not the full ...snowflakecomputing.com URL. This is the single most common cause, and the error message is unhelpfully silent about it.

2. The clocks disagree. The JWT carries an issued-at and an expiry a minute or two apart. If the machine running dbt has drifted more than about a minute from real time, Snowflake sees a token that’s expired or not-yet-valid and rejects it. Containers with a paused or unsynced clock are the usual culprit. Fix: make sure NTP is running (timedatectl on Linux) and the clock is accurate.

3. The fingerprints don’t match. The private key dbt is signing with doesn’t correspond to the public key on the user — because you rotated one but not the other, pointed private_key_path at the wrong file, or the passphrase is decrypting the key wrong. Prove it directly. Compute the fingerprint of your local key:

openssl rsa -in rsa_key.p8 -pubout -outform DER | \
  openssl dgst -sha256 -binary | \
  openssl enc -base64

Prefix the result with SHA256: and compare it to RSA_PUBLIC_KEY_FP from DESC USER svc_dbt. If they don’t match character for character, the key on the user isn’t the key dbt is using — re-register the right public key, or point dbt at the right .p8.

Two failures that look like auth errors but aren’t: a wrong private_key_passphrase surfaces as a decryption error before any JWT is even built, and a missing warehouse grant surfaces after a successful login as a permissions error on the first query. dbt debug distinguishes these — it reports the connection open separately from the schema/warehouse checks — so read which line it flags rather than assuming every red line is the key.

A first model

With dbt debug green, point a small model at the sample data to confirm the round trip end to end. In models/staging/stg_orders.sql:

select
    o_orderkey    as order_id,
    o_custkey     as customer_id,
    o_orderstatus as status,
    o_totalprice  as total_price,
    o_orderdate   as order_date
from snowflake_sample_data.tpch_sf1.orders

Then build it:

dbt build --select stg_orders

dbt compiles that into a create ... as select in your dbt_dev schema, Snowflake runs it on the transforming warehouse, and any tests you’ve attached run right after. Look in QUERY_HISTORY and you’ll see the statement tagged dbt-dev, run by SVC_DBT, on the TRANSFORMING warehouse — the whole chain you just wired, visible in one row. You now have a real table, built by dbt, materialized in Snowflake, authenticated with a key.

The mental model

Here’s the reassuring part: nothing you learned about dbt changed. ref() still stitches models into a DAG. Materializations still decide table versus view versus incremental. Tests, sources, docs — all identical. The things that moved are the profile (which warehouse dbt hands its SQL to) and the login (a signed token instead of a password). Swap type: bigquery for type: snowflake and the same project runs against a different engine.

That’s the whole trick to the modern data stack. dbt is warehouse-agnostic by design, so “putting dbt on Snowflake” is a configuration task, not a rewrite. The interesting work stays in the models. The profile just tells them where to run, and the key just proves who’s asking.

Final thoughts

Key-pair auth isn’t a security-team nicety you’ll get to later — it’s the default that keeps your pipeline connecting past October. Set it up on day one and it’s ten minutes of OpenSSL, one ALTER USER, and one authenticator: snowflake_jwt line. Retrofit it after a password user gets disabled mid-run, and it’s an incident. The good news is that once the key is registered and the transformer role is scoped, the profile is the same tidy config it’s always been, both environments live in one file, and everything you know about dbt still applies. Next we give Airflow the same key.





Connecting Airflow to Snowflake

dbt can log in to Snowflake now. Airflow can’t — and it needs its own way in, because Cosmos runs dbt from inside Airflow, and there are pipeline steps that never touch dbt at all. A COPY INTO to load raw files, a warehouse resize before a heavy model, a one-off CALL to a stored procedure: those are Airflow talking straight to Snowflake, and they need a connection that exists whether or not dbt is involved.

So this chapter is short on ceremony and long on the two things that actually bite people: who Airflow logs in as, and where that credential lives so it never lands in a DAG file. Install the provider, give Airflow its own identity, wire the connection through a secrets backend that resolves at runtime, and prove the whole thing with a query. By the end, the non-dbt tasks the book keeps promising are ordinary operators on a connection you trust.

The provider, and the version that matters

Snowflake support isn’t in core Airflow; it’s a provider package. Pin it in requirements.txt, and pin it to a version that isn’t older than 6.3.0:

apache-airflow-providers-snowflake>=6.3.0

The version floor isn’t superstition. Before 6.3.0 the provider accepted an inline private key in the connection as raw PEM text, which is a nightmare to stuff into an environment variable or a secrets-manager value. PEM is multi-line, and every layer between you and Airflow — shell, JSON, a Vault UI — mangles newlines differently. From 6.3.0 the connection’s private_key_content field is base64-encoded, so the key becomes one long single-line token that survives being pasted into JSON, exported as an env var, or stored as a secret without a single escaped newline. If you’re going to hold the key inline — and with a secrets backend you will — 6.3.0 is the version where that stops being painful.

The provider gives you three things: the snowflake connection type, the SnowflakeHook, and — through the common-SQL provider it depends on — the operators for running SQL against Snowflake from a task.

Two service users, not one

Chapter 2 created svc_dbt. The temptation now is to reuse it for Airflow and be done. Resist it. Give Airflow its own Snowflake user, svc_airflow, with its own key pair, and the reasons compound quickly.

The first is audit. Snowflake’s QUERY_HISTORY records the user behind every statement. If dbt and Airflow share one login, you cannot tell, from Snowflake’s side, whether a runaway query on the warehouse came from a dbt model or from a hand-written COPY INTO in a DAG — they’re the same USER_NAME. Split them and the account usage views become a ledger: svc_dbt ran the transforms, svc_airflow ran the loads and the maintenance. When something burns credits at 3 a.m., the query history tells you which tool to go read.

The second is least privilege. dbt reads raw data and writes models; that’s its whole job, and transformer is scoped to exactly that. Airflow’s non-dbt work is different in kind — it issues COPY INTO against ingestion stages, it resizes warehouses, it calls operational procedures. Those need grants dbt should never hold. Model them as a separate role:

CREATE USER svc_airflow
  DEFAULT_ROLE = airflow_ops
  DEFAULT_WAREHOUSE = ingest_wh;

ALTER USER svc_airflow SET RSA_PUBLIC_KEY = 'MIIBIjANBgkq...IDAQAB';

CREATE ROLE airflow_ops;
GRANT ROLE airflow_ops TO USER svc_airflow;

-- what Airflow's own tasks need, and dbt does not
GRANT OPERATE, MODIFY ON WAREHOUSE ingest_wh TO ROLE airflow_ops;
GRANT USAGE ON DATABASE raw TO ROLE airflow_ops;
GRANT CREATE TABLE, INSERT ON SCHEMA raw.landing TO ROLE airflow_ops;

Same key-pair mechanism as chapter 2 — generate an RSA pair with OpenSSL, register the public half with ALTER USER ... SET RSA_PUBLIC_KEY, hand Airflow the private half. Nothing about the login is a shared secret on the wire; Airflow signs a token, Snowflake verifies it with the public key. The only thing that changed is that this is a second identity, with a second key, scoped to a role dbt will never assume.

When Cosmos runs dbt in the next chapter, it can still use svc_dbt through its own connection, or run dbt under svc_airflow if you’d rather have one orchestration identity — that’s a policy call. But for Airflow’s own SQL, svc_airflow is the identity, and keeping it distinct is the cheap version of an audit trail you’ll wish you had later.

One connection, and which field goes where

Airflow keeps credentials in named connections rather than in DAG code. You create a connection of type snowflake, give it a conn_id, and every Snowflake task points at it by that id. The subtlety with the Snowflake provider is that the connection has a handful of top-level fields and an open-ended extra blob, and it matters which value goes where:


	Login (top-level) — the service user, svc_airflow.

	Password (top-level) — not a Snowflake password. This field holds the passphrase for the encrypted private key. Key-pair auth still needs a secret to unlock the .p8, and this is where it goes.

	Schema (top-level) — the default schema, if you want one.

	Extra (JSON blob) — everything else the session needs: account, warehouse, database, role, and the key itself as private_key_file (a path) or private_key_content (base64, inline).



The warehouse, role, and database live in extra because the provider treats them as session defaults rather than first-class connection identity. That’s exactly right: a single connection often runs tasks that want different warehouses, and you’ll override the warehouse per-task later without touching the stored connection.

You can create it from the CLI so it’s reproducible rather than clicked into a form:

airflow connections add snowflake_default \
  --conn-type snowflake \
  --conn-login svc_airflow \
  --conn-password "$SNOWFLAKE_KEY_PASSPHRASE" \
  --conn-extra '{
    "account": "MYORG-MYACCT",
    "warehouse": "INGEST_WH",
    "database": "RAW",
    "role": "AIRFLOW_OPS",
    "private_key_file": "/secure/svc_airflow.p8"
  }'

That works, and for a laptop or a single box it’s fine. But it stores the connection in Airflow’s metadata database, and the passphrase came from your shell history. For anything shared — and certainly for anything in production — the connection shouldn’t live in the metadata DB at all. It should live in a secrets backend, and Airflow should resolve it at runtime.

Where the credential actually lives

Airflow resolves a connection through a chain: a secrets backend first (if one is configured), then environment variables, then the metadata database. That order is the whole game — configure a backend and Airflow reads the connection from there without the credential ever touching the DB or a DAG.

The simplest form is an environment variable, and it’s worth understanding because every backend is a fancier version of it. Airflow reads a connection named X from AIRFLOW_CONN_X (uppercased). So snowflake_default becomes:

export AIRFLOW_CONN_SNOWFLAKE_ANALYTICS='{
  "conn_type": "snowflake",
  "login": "svc_airflow",
  "password": "the-key-passphrase",
  "extra": {
    "account": "MYORG-MYACCT",
    "warehouse": "INGEST_WH",
    "database": "RAW",
    "role": "AIRFLOW_OPS",
    "private_key_content": "LS0tLS1CRUdJTiBFTkNSWVBURUQg...base64...LS0tLS0K"
  }
}'

Two things to notice. First, this is the JSON form — Airflow accepts either a URI (snowflake://svc_airflow:pass@/?account=...&warehouse=...) or JSON, and JSON is far easier to read and to get right than URL-encoding a private key into a query string. Second, this is where private_key_content earns its base64 encoding: the entire .p8 — including its BEGIN ENCRYPTED PRIVATE KEY armor — is base64’d into a single line that drops cleanly into a JSON string. No private_key_file on disk, no newline escaping. That’s the 6.3.0 behavior paying off. Produce the value with:

base64 -w0 /secure/svc_airflow.p8    # one long line, no wrapping

The env-var form is real and useful — it’s how you inject a connection into a CI job or a container without a database — but it’s still a secret sitting in an environment, visible to anything that can read the process. The production answer moves it one layer out, into a managed secrets store, and points AIRFLOW__SECRETS__BACKEND at it.

A secrets backend, concretely

Set two config values (env vars, or the [secrets] block in airflow.cfg): the backend class, and its kwargs. Here’s HashiCorp Vault:

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

With that, when a DAG asks for snowflake_default, Airflow reads the secret at airflow/connections/snowflake_default in Vault. You store the connection there as the same JSON blob you’d have put in the env var — conn_type, login, password, extra with the base64 key — under a conn_uri or JSON value. The DAG names the connection; Vault holds the bytes; the metadata DB never sees the key.

AWS Secrets Manager is the same shape with a different class:

export AIRFLOW__SECRETS__BACKEND=airflow.providers.amazon.aws.secrets.secrets_manager.SecretsManagerBackend
export AIRFLOW__SECRETS__BACKEND_KWARGS='{
  "connections_prefix": "airflow/connections",
  "region_name": "us-east-1"
}'

Now the connection is a secret named airflow/connections/snowflake_default in Secrets Manager, and the workers authenticate to AWS with an IAM role rather than a static credential. So the only long-lived secret in the whole chain is Snowflake’s private key, and it’s encrypted at rest in a store built to hold it. GCP Secret Manager is airflow.providers.google.cloud.secrets.secret_manager.CloudSecretManagerBackend with {"connections_prefix": "airflow-connections", "project_id": "my-project"}, and workers authenticate with a service account. Same pattern, three clouds: the DAG references a conn_id, the backend resolves it, and nothing sensitive is in Airflow’s database or your repo.

A useful property falls out of the resolution order. Because the backend is checked before the metadata DB, you can keep a throwaway connection in the DB for local dev and have production transparently override it from Vault. Same conn_id, different source, zero DAG changes.

The payoff you feel later is rotation. Key-pair auth is only as good as your ability to replace a key without a redeploy, and Snowflake makes that graceful: a user can hold two public keys at once (RSA_PUBLIC_KEY and RSA_PUBLIC_KEY_2). To rotate svc_airflow, register the new public key in the second slot, update the connection secret in Vault or Secrets Manager to the new base64 private key, let Airflow pick it up on the next task, then unset the old slot. No DAG changes, no image rebuild, no window where the pipeline can’t sign in — because the credential was never baked into anything you’d have to rebuild. Try that when the key is inlined in a DAG or lives in a profiles.yml on the worker, and rotation becomes a deploy with downtime instead of a two-line secret edit.

The smoke test

Prove the connection before you build anything on it. The modern way to run SQL from a task is SQLExecuteQueryOperator, the generic operator that works across every database provider — the old SnowflakeOperator still exists but is deprecated, so reach for the generic one in anything new:

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

check_connection = SQLExecuteQueryOperator(
    task_id="check_connection",
    conn_id="snowflake_default",
    sql="select current_version(), current_role(), current_warehouse()",
)

A green run means Airflow pulled the connection from the backend, unlocked the key with the passphrase, signed in as svc_airflow, and got an answer back. Returning current_role() and current_warehouse() in the same query is a cheap way to confirm the extra values actually took effect — if the role comes back as something you didn’t expect, your extra didn’t parse.

The operator has a few parameters worth knowing before the non-dbt tasks arrive:


	hook_params overrides connection defaults per task without editing the stored connection. A task that needs a bigger warehouse for one heavy statement passes hook_params={"warehouse": "BIG_WH"} and leaves everyone else on the default.

	autocommit defaults to True for the Snowflake hook; set it False when a task issues several statements that must land together or not at all.

	split_statements lets a single sql string hold multiple ;-separated statements and run them in order — handy for a small setup script, and off by default so a stray semicolon in one statement doesn’t silently fan out into several.

	parameters binds values into the SQL instead of formatting them in, which is how you keep templated values from becoming an injection hole (more below).



Reading a result back with SnowflakeHook

SQLExecuteQueryOperator is perfect for doing something. When a task needs to decide something — read a row and branch, or assert a count — drop into a SnowflakeHook inside a TaskFlow task and handle the result directly:

from airflow.sdk import task
from airflow.providers.snowflake.hooks.snowflake import SnowflakeHook

@task
def assert_orders_loaded(day: str):
    hook = SnowflakeHook(snowflake_conn_id="snowflake_default")
    (count,) = hook.get_first(
        "select count(*) from raw.landing.orders where o_orderdate = %(day)s",
        parameters={"day": day},
    )
    if count == 0:
        raise ValueError(f"no orders landed for {day}")
    return count

The hook gives you the whole spectrum of result handlers: get_first for one row, get_records for all rows as a list of tuples, get_pandas_df when a downstream step wants a DataFrame, and plain run for statements whose return value you don’t care about. run also accepts a list of SQL strings and an autocommit flag, so a multi-step maintenance task can live in one call.

Notice parameters={"day": day} and the %(day)s placeholder rather than an f-string. This is not a style preference. day here comes from {{ ds }} — Airflow’s run date — and templated values are exactly the kind of thing that ends up user-influenced in a real system. Binding the parameter hands the value to the Snowflake driver as data, so a value like 2026-05-25'; drop table orders; -- is compared as a string and does nothing. Format it into the SQL with an f-string and you’ve written the classic injection. parameters= works identically on SQLExecuteQueryOperator and on every hook method, so there’s no reason to ever build SQL by concatenation.

The non-dbt tasks, for real

Everything above exists to make these three ordinary. Each is a plain operator on snowflake_default, and each is the kind of step that sits around the dbt models in a real pipeline.

Load raw files with COPY INTO. The ingestion step that lands data before dbt ever runs:

load_orders = SQLExecuteQueryOperator(
    task_id="load_orders",
    conn_id="snowflake_default",
    sql="""
        copy into raw.landing.orders
        from @raw.landing.orders_stage
        file_format = (type = 'PARQUET')
        match_by_column_name = case_insensitive
        on_error = 'ABORT_STATEMENT'
    """,
    hook_params={"warehouse": "INGEST_WH"},
)

There’s a quiet reason COPY INTO is the right ingestion primitive to hand Airflow, beyond it being one statement: it’s idempotent by default. Snowflake records which files a stage has already loaded and skips them on a re-run, so a COPY INTO that partially succeeds and then gets retried by Airflow doesn’t double-load the rows it already ingested — it picks up only the files it hasn’t seen. That property is precisely what makes the retries: 3 policy below safe on a load task. Without it, a retry after a mid-load network drop would be a data-duplication bug. With it, the retry is a no-op for the completed files and a clean finish for the rest. on_error = 'ABORT_STATEMENT' keeps a single malformed file from silently loading a partial batch, and match_by_column_name decouples the load from column order in the source files. (If you ever do need to reload files Snowflake already remembers — a corrected extract, say — that’s what force = true is for, and it’s a deliberate override, not the default.)

Resize a warehouse before a heavy model, and shrink it after. Snowflake resizes are near-instant and billed by the second, so scaling up for one expensive step and back down afterward is a legitimate cost lever:

scale_up = SQLExecuteQueryOperator(
    task_id="scale_up",
    conn_id="snowflake_default",
    sql="alter warehouse transforming set warehouse_size = 'LARGE'",
)

scale_down = SQLExecuteQueryOperator(
    task_id="scale_down",
    conn_id="snowflake_default",
    sql="alter warehouse transforming set warehouse_size = 'SMALL'",
    trigger_rule="all_done",
)

The all_done trigger rule on scale_down matters: you want the warehouse to shrink even if the heavy model between the two failed, or you’ll leave a LARGE warehouse running on a red pipeline. That grant to MODIFY ON WAREHOUSE back in the svc_airflow role is what makes this statement legal — and a grant svc_dbt deliberately doesn’t have.

Call a stored procedure for an operational task that’s cleaner as SQL than as Python:

refresh_dim_date = SQLExecuteQueryOperator(
    task_id="refresh_dim_date",
    conn_id="snowflake_default",
    sql="call raw.ops.rebuild_date_spine(%(start)s, %(end)s)",
    parameters={"start": "2020-01-01", "end": "2030-12-31"},
)

None of these should run without retry and timeout policy, because all three touch a warehouse and any warehouse call can hit a transient network blip. Set the defaults once on the DAG:

from datetime import datetime, timedelta
from airflow.sdk import DAG

default_args = {
    "retries": 3,
    "retry_delay": timedelta(minutes=2),
    "retry_exponential_backoff": True,
    "execution_timeout": timedelta(minutes=30),
}

with DAG(
    dag_id="tpch_ingest",
    schedule="@daily",
    start_date=datetime(2026, 5, 1),
    catchup=False,
    default_args=default_args,
) as dag:
    scale_up >> load_orders >> refresh_dim_date >> scale_down

retries with exponential backoff rides out transient errors; execution_timeout is the guardrail that matters most on Snowflake, because a query that hangs is a warehouse that keeps billing. A task with no timeout and a stuck statement is an open tab on your credit card — cap it, and a runaway becomes a failed task instead of a surprise on the invoice.

Tag every query so the audit trail is legible

Splitting svc_airflow from svc_dbt gets you who. A query tag gets you which task. Snowflake stamps a session-level QUERY_TAG onto every statement it records, and if you set it to the DAG and task that issued the SQL, QUERY_HISTORY stops being a wall of anonymous statements and becomes a per-task cost-and-latency ledger you can group by.

Set it through the hook’s session_parameters, which you can attach on the connection’s extra for a blanket default or per-task via hook_params for something templated:

load_orders = SQLExecuteQueryOperator(
    task_id="load_orders",
    conn_id="snowflake_default",
    sql="copy into raw.landing.orders from @raw.landing.orders_stage ...",
    hook_params={
        "warehouse": "INGEST_WH",
        "session_parameters": {
            "QUERY_TAG": "airflow:tpch_ingest:load_orders:{{ ds }}",
        },
    },
)

Now a question like “what did the ingest DAG cost us on May 25th?” is a where query_tag like 'airflow:tpch_ingest:%2026-05-25' against snowflake.account_usage.query_history, not a forensic exercise. Combined with the separate svc_airflow identity, you can attribute every credit either tool spent, down to the task and the run. It’s the kind of thing nobody sets up until a Snowflake bill forces the question, and then wishes they’d had all along.

Testing the connection in CI

The one failure mode worse than a broken connection is a broken connection you discover at 2 a.m. instead of on a pull request. Airflow ships a command that resolves a connection and actually opens it:

airflow connections test snowflake_default

It runs the connection through the same resolution chain the scheduler uses — backend, then env, then DB — so it proves the secrets wiring, not just that a row exists somewhere. (One gotcha: for safety Airflow disables connection testing from the UI and REST API by default; the CLI connections test still runs, and if you want the UI button too you opt in with AIRFLOW__CORE__TEST_CONNECTION=Enabled. In CI you want the CLI form anyway, so the default is fine.) In CI, export the connection as AIRFLOW_CONN_SNOWFLAKE_ANALYTICS from your pipeline’s own secret store (or point the job at the real backend with a read-only, non-prod identity) and run the test as a step. If the key rotated, the passphrase drifted, or the base64 got truncated on the way into a secret, the pipeline goes red on a branch — where a red build is an inconvenience — instead of during a nightly run, where it’s an incident. Pair it with airflow dags test tpch_ingest 2026-05-25 to execute the whole DAG against a scratch schema, and a bad credential never reaches production.

Final thoughts

The connection looks like a throwaway prerequisite, but it’s the hinge the rest of the stack hangs on. Get it right and three things become true at once. Airflow reaches Snowflake as its own auditable identity. The private key lives in a secrets backend and nowhere near a DAG. And every non-dbt step — loads, resizes, procedure calls — is an ordinary operator you can retry, time out, and test. Cosmos, in the next chapter, will reuse this exact connection to build dbt’s profile in memory, so the credential you wired once serves both the dbt tasks and Airflow’s own. Configure it as if the key protects your warehouse, because it does — and then stop thinking about it, because you won’t have to.





dbt on Snowflake, Orchestrated by Airflow

Three chapters in, you have three tools that each know how to log in to Snowflake — and no single graph that ties them together. dbt has a profile. Airflow has a connection. Both hold a copy of the same private key, which is one copy too many. This chapter collapses that duplication and, in the same move, turns the dbt run into something Airflow can actually see inside: one task per model, each with its own retry, its own logs, its own square in the grid.

Cosmos is the piece that does it. You built it warehouse-agnostic in the Cosmos deep-dive; here it points at Snowflake. The interesting parts are all where the two tools meet: who holds the credentials, which warehouse each model bills to, where dbt actually runs, and how Cosmos learns the shape of your project without paying for it at every scheduler heartbeat.

One place for credentials

The naive way to run dbt from Airflow is a BashOperator that shells out to dbt run. It works, and it’s a black box — the whole project is one task, one retry, one log file, and when model number forty of sixty fails you rerun all sixty. Worse, that approach needs a profiles.yml sitting on the worker with the Snowflake private key in it, which means your key now lives in two places: the Airflow connection from chapter 3, and a YAML file on disk.

Cosmos removes both problems. It reads your dbt project’s manifest, renders each model as its own Airflow task, and — this is the part that matters for Snowflake — builds the dbt profile in memory from an existing Airflow connection. No profiles.yml ships to the worker. The key lives in exactly one place, the connection you already created.

The bridge is a profile mapping. The connection from chapter 3 stored an encrypted .p8 key by path, with the passphrase in the connection’s password field, so the mapping that matches it exactly is the encrypted-private-key-file one:

from cosmos import (
    DbtDag,
    ProjectConfig,
    ProfileConfig,
    ExecutionConfig,
    RenderConfig,
)
from cosmos.profiles import SnowflakeEncryptedPrivateKeyFilePemProfileMapping

profile_config = ProfileConfig(
    profile_name="tpch",
    target_name="prod",
    profile_mapping=SnowflakeEncryptedPrivateKeyFilePemProfileMapping(
        conn_id="snowflake_default",
        profile_args={
            "database": "ANALYTICS",
            "schema": "DBT_TPCH",
        },
    ),
)

The mapping reads the snowflake_default connection — the account, user, role, warehouse, the private_key_file path, and the passphrase — and assembles the equivalent of a profiles.yml target at runtime. profile_args layers on the two things a connection doesn’t naturally carry: which database and schema dbt should build into. profile_name and target_name just have to match what your dbt_project.yml expects; nothing on disk has to agree with them because, in this mode, nothing on disk exists.

Cosmos ships a mapping per Snowflake auth shape, and the one you pick has to match how the connection stored the key. SnowflakeUserPrivateKeyProfileMapping reads an inline, unencrypted key from private_key_content in the connection extra — reach for it if you held the key as base64 content instead of a file path. SnowflakeEncryptedPrivateKeyPemProfileMapping is the same idea for an encrypted inline key. And SnowflakeUserPasswordProfileMapping pulls a password out of the connection — the legacy path, for the auth method Snowflake is retiring. Match the mapping to the connection you built in chapter 3 and the profile assembles itself; mismatch it and you get a render-time error we’ll come back to at the end.

Or check in a profiles.yml — and why you usually shouldn’t

ProfileConfig has a second constructor that’s worth understanding precisely because the title of this chapter implies a choice. Instead of a mapping, you can hand Cosmos a path to a real profiles.yml:

profile_config = ProfileConfig(
    profile_name="tpch",
    target_name="prod",
    profiles_yml_filepath="/opt/airflow/dbt/tpch/profiles.yml",
)

Now Cosmos doesn’t build a profile at all — it points dbt at the file you checked in, exactly as if you’d run dbt by hand. This is the right call in a couple of real situations. When your profiles.yml uses dbt features the mapping doesn’t model — a custom query_tag, a reuse_connections toggle, per-target threads you tune by hand. Or when the same dbt project has to run identically inside and outside Airflow, and you want one source of truth for the profile that both honor.

The tradeoff is the whole reason the connection mapping exists. A checked-in profiles.yml has two bad options. It hardcodes the Snowflake credentials — a private key in your repo, exactly the thing chapter 3 spent a page telling you never to do. Or it defers to env_var() interpolation, which means you’re now managing a second set of environment variables that has to stay in lockstep with the Airflow connection. Either way the credential lives in two places, and two places drift. The connection mapping keeps the number at one: the key sits in Airflow’s secrets store, Cosmos reads it at task time, and there is no YAML on the worker to leak, rotate separately, or forget to update. Unless you have a concrete reason to check in the file, the mapping is the default that keeps this whole book’ “one source of truth for credentials” promise intact.

The rest of the wiring

The profile is the only Snowflake-specific piece. The other three configs are the same shape you’d use against any warehouse:

from datetime import datetime

project_config = ProjectConfig("/opt/airflow/dbt/tpch")

execution_config = ExecutionConfig(
    dbt_executable_path="/opt/airflow/dbt-venv/bin/dbt",
)

tpch_dag = DbtDag(
    project_config=project_config,
    profile_config=profile_config,
    execution_config=execution_config,
    render_config=RenderConfig(select=["path:models/marts"]),
    schedule="@daily",
    start_date=datetime(2026, 6, 1),
    catchup=False,
    dag_id="tpch_transform",
)

ProjectConfig points at the dbt project directory — the one with your models/, dbt_project.yml, and packages.yml. ExecutionConfig names the dbt binary and, by omission, runs in the default LOCAL execution mode. RenderConfig takes dbt’s own selector syntax, so select=["path:models/marts"] renders only the marts subtree — drop it to render the whole project. DbtDag produces a complete Airflow DAG whose graph is the dbt DAG. Each TPCH model becomes a discrete task — stg_orders, stg_lineitem, revenue_by_region — with per-model retries and logs. Each dbt test renders as its own task downstream of the model it guards, so a failing not_null is a red square you click into rather than a line buried in a 400-line log. Because every task’s SQL runs inside the Snowflake warehouse named in the connection, compute cost tracks the work, not the wall clock of the DAG.

Per-model warehouse overrides survive the render

Here’s the first thing that’s genuinely Snowflake-specific and easy to get wrong. Snowflake bills by warehouse, and not every model deserves the same size. Your thin staging models are cheap single-scan renames; a wide fan-out mart that joins orders to lineitem across a year is the model that wants an XL for ninety seconds and an XS the rest of the time. dbt-snowflake already knows how to express this — the snowflake_warehouse config overrides the profile’s warehouse for a single model:

-- models/marts/revenue_by_region.sql
{{ config(
    materialized='table',
    snowflake_warehouse='TRANSFORMING_XL'
) }}

select ...

Or in bulk, per folder, in dbt_project.yml:

models:
  tpch:
    marts:
      +snowflake_warehouse: TRANSFORMING_XL
    staging:
      +snowflake_warehouse: TRANSFORMING_XS

The question that matters for this chapter is: does that override survive Cosmos rendering the model as an Airflow task? It does — and the reason is worth internalizing. Cosmos doesn’t reach into your SQL and reinterpret it; it renders a task that runs dbt run --select revenue_by_region, and dbt itself applies the config() block, issuing a use warehouse TRANSFORMING_XL before the model and resizing back after. The warehouse switch is dbt’s behavior, and Cosmos preserves it precisely because it delegates rather than reimplements. Set the warehouse in dbt config, and every model bills to the right compute with no Airflow wiring at all. This is the cleanest division of labor in the stack: dbt owns which warehouse, Airflow owns when and whether, and neither has to know the other’s job.

When you do want Airflow to have a say per node, operator_args and dbt_cmd_flags are the two hooks. dbt_cmd_flags appends flags to the underlying dbt command for every task Cosmos renders — dbt_cmd_flags=["--no-partial-parse"] to force a clean parse, say. operator_args sets Airflow operator attributes on the rendered tasks — retries, pools, execution timeouts — which we’ll use in a moment. The rule of thumb: warehouse and materialization are dbt’s job (config), scheduling and resource governance are Airflow’s job (operator_args), and you’ll almost never need to cross the streams.

Choosing where dbt runs

ExecutionMode decides where the dbt process lives, and the default — LOCAL — is both the right first choice and a specific liability worth naming. Under LOCAL, Cosmos shells out to the dbt on the worker (or the dbt_executable_path you named), sharing the worker’s Python interpreter. Zero extra moving parts, lowest latency, all your logs in one place. The catch is the shared interpreter: dbt-snowflake pins its own transitive dependencies — snowflake-connector-python, cryptography, protobuf — and so does the Airflow Snowflake provider you installed in chapter 3. When those pins disagree, one of them loses, and you find out at astro dev restart as a pip resolution error or, worse, a silent downgrade that breaks an operator you weren’t touching. dbt-snowflake and apache-airflow-providers-snowflake both lean on the Snowflake connector, so this collision is more likely here than it was on, say, Postgres.

The fix is to stop sharing the interpreter. ExecutionMode.VIRTUALENV has Cosmos build a private virtualenv, pip-install a pinned dbt-snowflake into it from a py_requirements list, and run dbt there — same worker, separate dependency tree, no image to build. ExecutionMode.KUBERNETES (and DOCKER, and the cloud variants) run each dbt task in its own container. That buys you per-model compute sizing and a hard security boundary, at the cost of building an image and arranging for the Snowflake credentials to cross into the container as env vars. The full menu, the parse-cost implications, and how the project and credentials reach a container that isn’t the worker are the entire subject of the execution-modes chapter in the sibling Airflow + dbt book. None of that theory changes on Snowflake, so I won’t re-derive it here. The Snowflake-concrete takeaway is narrow. Because dbt-snowflake shares the connector library with the Airflow provider, VIRTUALENV is a more common necessity on this stack than on others. Reaching for it the day you see a snowflake-connector-python version fight is not over-engineering; it’s the intended fix.

How Cosmos reads your project

Before Cosmos can render a single task it has to answer “what nodes are in this project?”, and when it answers costs real time. This happens at DAG parse — every few seconds, on the scheduler — so the method matters. RenderConfig.load_method picks it:

from cosmos.constants import LoadMode

render_config = RenderConfig(
    load_method=LoadMode.DBT_MANIFEST,
    manifest_path="/opt/airflow/dbt/tpch/target/manifest.json",
    select=["path:models/marts"],
)

LoadMode.DBT_LS shells out to dbt ls at parse time — the most accurate reading, because it’s what dbt itself sees, and the most expensive, because dbt ls compiles the project against the profile on every parse. On Snowflake that has a second sting the Postgres examples don’t. dbt ls needs to reach the warehouse to compile, so your scheduler now authenticates to Snowflake every few seconds just to answer “what models exist?” It burns a connection, and occasionally a few credits, for pure metadata. LoadMode.DBT_MANIFEST reads a pre-built manifest.json from target/ instead: no subprocess, no compile, no Snowflake round-trip at parse time, just JSON. The tradeoff is freshness — the manifest is a snapshot, so if someone adds a model and the manifest isn’t regenerated, Cosmos renders yesterday’s graph. The one-line rule the internals chapter argues at length: development can afford DBT_LS; production should run on DBT_MANIFEST.

Which raises the operational question manifest mode always raises — where does manifest.json come from on deploy? The wrong answer is “the scheduler builds it,” which is just DBT_LS wearing a manifest’s clothes. The right answer is CI: dbt compile --target prod runs in your build pipeline, produces the manifest as a build artifact, and ships it into the image alongside the DAG. The manifest and the code that produced it travel together, so a DAG never points at a manifest from a different commit. partial_parse=True is the complementary speed-up, keeping dbt’s own partial_parse.msgpack between invocations so each dbt call re-parses only changed files. But it only helps on filesystems that persist between runs, which rules it out of the fresh-filesystem container modes unless you mount target/.

Two more RenderConfig knobs earn their place on Snowflake. dbt_deps=True (equivalently install_deps on some paths) runs dbt deps so your packages.yml dependencies — dbt_utils, and the dbt_snowflake_query_tags package if you’re tagging warehouse queries for cost attribution — are installed before rendering; without it, a ref into a package macro renders a broken task. And test_behavior controls how the tests you saw earlier attach: the default TestBehavior.AFTER_EACH puts each test as its own task right after its model (the granular, click-into-the-red-square behavior), while TestBehavior.AFTER_ALL collapses all tests into a single task at the end, and TestBehavior.NONE skips them. On Snowflake, AFTER_EACH is usually what you want, because a failed test halts that model’s downstream branch before it spends warehouse credits building marts on data you already know is wrong.

Worth knowing how Cosmos maps the rest of a dbt project, because it’s not only models and tests. A source with a freshness block renders as a source-freshness check task, a snapshot becomes a dbt snapshot task, and a seed becomes a dbt seed task. Each is a real Airflow task on the same Snowflake connection. select and exclude on RenderConfig take dbt’s selector grammar for all of them, so exclude=["tag:hourly"] on a daily DAG or select=["path:models/marts", "path:models/staging"] scopes exactly what renders, tags and paths and all. On TPCH that mapping matters more than it looks. The raw orders and lineitem tables are declared as a dbt source, so a freshness check on them renders as an upstream task that fails the run before Snowflake spends a credit on staging models built from stale data. The source node isn’t just documentation; it’s a gate Cosmos turns into a real task.

The selector also decides how much of Snowflake a single DAG touches. A common split on this stack is a fast staging DAG on a small warehouse (select=["path:models/staging"]) and a heavier marts DAG on a larger one (select=["path:models/marts"]), each with its own schedule. Two DbtTaskGroups reading the same manifest and the same connection, differing only in their selector and the pool they run in. Because the selector is dbt’s own grammar, nothing about that split is Cosmos-specific; it’s the same --select you’d type by hand, which is the point — the graph Airflow renders is always exactly the graph dbt would build.

operator_args, env_vars, and living inside a bigger DAG

operator_args is where Airflow’s governance lands on every rendered task. Retries, a Snowflake-specific pool that caps how many models hit the warehouse at once, an execution timeout that kills a runaway query before it bills an hour of XL:

from datetime import timedelta
from cosmos import DbtTaskGroup

render_config = RenderConfig(
    load_method=LoadMode.DBT_MANIFEST,
    manifest_path="/opt/airflow/dbt/tpch/target/manifest.json",
    dbt_deps=True,
)

tpch_tg = DbtTaskGroup(
    group_id="dbt_tpch",
    project_config=project_config,
    profile_config=profile_config,
    execution_config=execution_config,
    render_config=render_config,
    operator_args={
        "retries": 2,
        "pool": "snowflake_transforming",
        "execution_timeout": timedelta(minutes=20),
    },
    env_vars={"DBT_ENV": "prod"},
)

env_vars passes environment variables into the dbt process — useful for anything your dbt_project.yml reads via env_var(), like an env_var('DBT_ENV') that switches the target schema between prod and staging. And the swap from DbtDag to DbtTaskGroup in that snippet is the move the whole rest of this book depends on. A DbtTaskGroup is the same four configs, but it renders as a task group you drop inside a DAG you own, so a non-dbt Snowflake step can bracket it:

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

@dag(schedule="@daily", start_date=datetime(2026, 6, 1), catchup=False)
def tpch_pipeline():
    resize_up = SQLExecuteQueryOperator(
        task_id="warehouse_xl",
        conn_id="snowflake_default",
        sql="alter warehouse transforming set warehouse_size = 'XLARGE'",
    )

    transform = DbtTaskGroup(
        group_id="dbt_tpch",
        project_config=project_config,
        profile_config=profile_config,
        execution_config=execution_config,
        render_config=render_config,
        operator_args={"retries": 2, "pool": "snowflake_transforming"},
    )

    resize_down = SQLExecuteQueryOperator(
        task_id="warehouse_xs",
        conn_id="snowflake_default",
        sql="alter warehouse transforming set warehouse_size = 'XSMALL'",
    )

    resize_up >> transform >> resize_down

tpch_pipeline()

Now the dbt models sit between two plain Snowflake operators on the same connection — resize the warehouse up before the heavy transform, run the models, shrink it back down — and the whole thing is one DAG with one dependency graph. That’s exactly the shape the next chapter fills in with real SQL.

Pinning Cosmos for Airflow 3.x

One version note that will save you an afternoon. This book targets Airflow 3.3, which moved DAG-authoring imports to the Task SDK — from airflow.sdk import dag, task — and Cosmos only grew clean 3.x support in its 1.8+ line. Pin it explicitly in requirements.txt (astronomer-cosmos>=1.8) rather than floating, because a Cosmos built against Airflow 2’s operator base classes will import against 3.3 and then fail at render with attribute errors that look like your DAG’s fault. Pin Cosmos, pin dbt-snowflake, and pin the Airflow Snowflake provider together — the three of them share the Snowflake connector, and a coordinated bump is the difference between a boring upgrade and the dependency fight that sent you to VIRTUALENV in the first place.

When it breaks: three render-time failures

Cosmos does its work at DAG parse, which means its failures show up in the scheduler, not the task run — and they read like different problems than they are. Three you’ll actually hit:

Stale manifest. You added revenue_by_customer.sql, deployed, and the model never appears in the grid. Nothing errored; Cosmos is on DBT_MANIFEST and rendered a manifest.json that predates your model. The fix is upstream of Cosmos: regenerate the manifest in CI and ship it with the code. If you find yourself hand-editing manifests to force a model in, you’ve inverted the pipeline — the manifest is a build output, not a source file.

Version mismatch. The DAG import fails with an AttributeError deep in Cosmos or a ModuleNotFoundError for an operator path, and your DAG code looks fine. This is almost always the Airflow-3.3-versus-Cosmos-line problem above, or a dbt-snowflake that pip resolved to a version incompatible with the connector the provider wants. Read the import-time traceback in the scheduler log, not the task log — there is no task log, because rendering never got far enough to make tasks.

Connection not found at render. SnowflakeEncryptedPrivateKeyFilePemProfileMapping(conn_id="snowflake_default") throws at parse time if snowflake_default doesn’t exist in this environment — and the classic trap is CI, where the connection you created locally isn’t defined. Under DBT_LS the failure is loud and immediate because Cosmos tries to build the profile to run dbt ls; under DBT_MANIFEST it can stay hidden until a task actually runs, since parsing a manifest doesn’t need the connection. Either way the fix is to make the connection exist everywhere the DAG parses, via a secrets backend or an AIRFLOW_CONN_SNOWFLAKE_DEFAULT environment variable in CI. And to remember that a mapping named for a connection is a promise that the connection is present, checked when Airflow reads the file.

Final thoughts

The reason this is worth doing isn’t that the grid looks nicer, though it does. It’s that credentials and dependency graph both now have exactly one source of truth. The private key lives in the Airflow connection and nowhere else; the dependency order lives in dbt’s ref() calls and nowhere else; which warehouse each model bills to lives in dbt config and rides through Cosmos untouched. Cosmos is the thin adapter that lets those facts stay single without either tool having to know the other exists. It delegates to dbt for everything dbt already does, and adds only the Airflow-shaped layer around it: retries, pools, a task per node, and a place for the non-dbt Snowflake steps to sit. Get the profile mapping, the load method, and the version pins right once, and every model you write from here is automatically a retryable, observable, correctly-billed Snowflake task the moment you save the file. That’s the property that makes the next chapter, an actual pipeline, boring to run and easy to trust.





Building the TPCH Pipeline

Everything until now was scaffolding — a profile, a connection, a bridge. This is the chapter where you build the thing the scaffolding was holding up: a dbt project that turns the raw TPCH tables into marts a business would actually query, running on Snowflake, orchestrated end to end by Airflow. No more diagrams. Models with SQL in them.

Three layers, not two

The instinct is to build two layers — staging on the raw data, marts on staging — and for a project this small you could get away with it. You shouldn’t, and the reason is a join you’re about to write twice. Both marts in this pipeline need to walk lineitem → orders → customer → nation → region, and if that walk lives inside each mart, you now maintain it in two places and re-run it in two places. So the project has three layers, and the middle one exists precisely to make sure nobody walks that join more than once.


	Staging sits directly on the raw sample data — one model per source table — and does nothing but clean, rename, cast, and key. Nothing downstream ever touches SNOWFLAKE_SAMPLE_DATA again; it goes through staging, which means the day the source schema changes you fix it in one model instead of forty.

	Intermediate (int_) is where the shared join and the risky arithmetic live once. It has no consumers outside the project — no BI tool queries it — so it doesn’t even need to be a table.

	Marts are the tables a human or a dashboard reads. They’re thin: by the time you reach a mart, the joining and the aggregating are already done, and the mart is a final projection with a business name on it.



The raw tables are declared once, as a source, and this is also where you wire up the first thing that isn’t a model at all — freshness:

# models/staging/_tpch__sources.yml
sources:
  - name: tpch
    database: SNOWFLAKE_SAMPLE_DATA
    schema: TPCH_SF1
    tables:
      - name: orders
        loaded_at_field: "o_orderdate::timestamp"
        freshness:
          warn_after: { count: 48, period: hour }
          error_after: { count: 168, period: hour }
      - name: lineitem
      - name: customer
      - name: nation
      - name: region

dbt source freshness compiles that block into a query that asks Snowflake for max(o_orderdate) and measures how long ago that was. A blunt honesty is owed here: TPCH_SF1 is a static sample whose orders are years old, so this freshness check would fire on the first run. That’s not a bug in the config — it’s the config working, telling you the “source” hasn’t loaded recently. On the real ingested landing tables you’ll build two chapters from now, the same block is the tripwire that stops the whole pipeline from transforming yesterday’s data as if it were today’s. It’s worth wiring in now so the shape is already there when the data underneath it starts moving.

Staging: cast once, rename once, never again

Every staging model has the same skeleton, and the sameness is the point — anyone who opens stg_* knows exactly what they’ll find. Pull the source in one CTE, do the boring work in a second, and select the result:

-- models/staging/stg_orders.sql
with source as (
    select * from {{ source('tpch', 'orders') }}
),

renamed as (
    select
        o_orderkey              as order_id,
        o_custkey               as customer_id,
        o_orderstatus           as status,
        o_totalprice::number(12, 2) as total_price,
        o_orderdate::date       as order_date
    from source
)

select * from renamed

Two things earn their place in that second CTE. The rename turns TPCH’s cryptic o_-prefixed columns into names a person can read — every model downstream says order_date, never o_orderdate. The cast is where you refuse to inherit whatever type the source happened to land in. o_totalprice is money, so it becomes number(12, 2) and stops there; o_orderdate is a calendar date, not a timestamp with a phantom midnight on it, so it becomes date. TPCH is disciplined about types and you might get away with skipping this, but the habit is what saves you when a source column arrives as a string that looks like a number. Cast it once, at the edge, and everything downstream can trust it.

lineitem is where casting stops being decorative. Revenue in this benchmark comes out of l_extendedprice, a decimal — and if you let Snowflake infer its way through l_extendedprice * (1 - l_discount) without pinning precision, rounding drifts on you at scale. Pin it. Line items also expose the other thing staging owes you: a key. TPCH’s line-item grain is (l_orderkey, l_linenumber) — there is no single natural primary key — so you mint a surrogate from the pair with dbt_utils:

-- models/staging/stg_lineitem.sql
with source as (
    select * from {{ source('tpch', 'lineitem') }}
),

renamed as (
    select
        {{ dbt_utils.generate_surrogate_key(['l_orderkey', 'l_linenumber']) }} as line_item_id,
        l_orderkey                   as order_id,
        l_linenumber                 as line_number,
        l_partkey                    as part_id,
        l_suppkey                    as supplier_id,
        l_quantity::number(12, 2)    as quantity,
        l_extendedprice::number(12, 2) as extended_price,
        l_discount::number(12, 2)    as discount,
        l_shipdate::date             as ship_date
    from source
)

select * from renamed

generate_surrogate_key hashes the concatenation of l_orderkey and l_linenumber into one stable string. Now a line item has a single-column identity you can test unique and not_null on, and you can point a relationships test at it later without a compound-key song and dance. stg_customer follows the same skeleton — c_custkey as customer_id, c_nationkey as nation_id, c_acctbal::number(12,2) as account_balance — And stg_nation_region is the one staging model that does more than one table’s worth of work. It folds the two-hop nation → region lookup into a single flat model, so nothing downstream has to remember that geography is a join:

-- models/staging/stg_nation_region.sql
with nation as (
    select * from {{ source('tpch', 'nation') }}
),

region as (
    select * from {{ source('tpch', 'region') }}
)

select
    nation.n_nationkey as nation_id,
    nation.n_name      as nation,
    region.r_regionkey as region_id,
    region.r_name      as region
from nation
join region on nation.n_regionkey = region.r_regionkey

The intermediate layer nobody skips twice

Here’s the join both marts want, built exactly once. And building it once forces you to confront the trap that would otherwise be hiding inside orders_enriched: grain.

orders_enriched is supposed to have one row per order. revenue_by_region sums money that only exists at the line-item level. Those are two different grains, and line item is the finer one — a single order fans out to many line items. Write orders_enriched as a naive join of orders to line items to get revenue onto it, and every order silently multiplies into as many rows as it has line items. total_price gets counted once per line, and every downstream sum is inflated by a factor nobody can see. That’s the classic fan-out bug, and it doesn’t error — it just quietly returns numbers that are too big.

The fix is to aggregate line items to order grain first, in the intermediate layer, before anything joins them to orders. One int_ model does the collapse and the shared join in the same breath:

-- models/intermediate/int_orders_enriched.sql
with order_revenue as (
    select
        order_id,
        sum(extended_price * (1 - discount)) as order_revenue,
        count(*)                             as line_item_count
    from {{ ref('stg_lineitem') }}
    group by order_id
),

orders_with_geography as (
    select
        o.order_id,
        o.customer_id,
        o.status,
        o.order_date,
        c.customer_name,
        nr.nation,
        nr.region
    from {{ ref('stg_orders') }}      o
    join {{ ref('stg_customer') }}    c  on o.customer_id = c.customer_id
    join {{ ref('stg_nation_region') }} nr on c.nation_id  = nr.nation_id
)

select
    og.order_id,
    og.customer_id,
    og.customer_name,
    og.status,
    og.order_date,
    og.nation,
    og.region,
    rev.order_revenue,
    rev.line_item_count
from orders_with_geography og
join order_revenue rev on og.order_id = rev.order_id

Read the grain of each CTE. order_revenue is one row per order — the group by order_id collapses the fan-out before it can touch anything else. orders_with_geography is one row per order too, because orders-to-customer-to-region is all many-to-one on the way down. Join two order-grained sets on order_id and you get one clean row per order, carrying both the region label and the summed revenue. The fan-out never happens, because the line items were already folded up when they arrived.

To feel how much this matters, put a number on it. TPCH orders carry between one and seven line items, averaging about four. Join orders straight to line items and orders_enriched isn’t a 1.5-million-row table anymore — it’s a six-million-row one, and every total_price in it appears four-ish times. Any analyst who then does sum(total_price) reports a revenue figure roughly quadruple the truth, and there is nothing in the output that looks wrong: the numbers are plausible, the rows are populated, the dashboard renders. That’s the whole danger of a grain bug — it doesn’t throw, it lies. Collapsing line items to order grain in the intermediate layer is the one move that makes the lie impossible, and doing it here means both marts inherit the fix for free.

And this is the model both marts stand on. The lineitem → orders → customer → nation → region walk lives here, and only here. Neither mart re-derives it — one of them slices it by region, the other just publishes it.

Two marts on one shared spine

With the join and the aggregation already done, the marts are almost embarrassingly short. revenue_by_region is the model the whole benchmark exists to make you write, and now it’s a group by over an intermediate that already knows the region:

-- models/marts/revenue_by_region.sql
select
    region,
    sum(order_revenue)     as revenue,
    sum(line_item_count)   as line_items,
    count(*)               as orders
from {{ ref('int_orders_enriched') }}
group by region
order by revenue desc

No joins in the mart at all — the joins are upstream. The mart is the business question stated as arithmetic: revenue by region, plus the order and line-item counts a stakeholder always asks for two seconds later.

The second mart is orders_enriched, and it’s the analyst-facing wide table — one row per order with the customer, the geography, and the totals already attached, so nobody slicing orders ever has to relearn the join:

-- models/marts/orders_enriched.sql
select
    order_id,
    customer_id,
    customer_name,
    status,
    order_date,
    nation,
    region,
    order_revenue,
    line_item_count
from {{ ref('int_orders_enriched') }}

That’s it — a projection over the shared intermediate. It looks trivial, and it is supposed to look trivial: all the danger was in the grain, and the grain got handled one layer down where both marts benefit from the fix. This is also the exact model the next chapter turns incremental — when int_orders_enriched carries three years of history, rebuilding this table from scratch every night is the waste we go after. For now it’s a full table, and it’s correct.

Because every reference here is a ref(), dbt infers the whole dependency order — four staging models, then the intermediate, then the two marts — and Cosmos turns that inferred order into the Airflow graph. You never wrote an edge by hand.

Materialization is a cost decision

On a laptop, how a model is stored barely matters. On Snowflake, it’s a line item on your bill, and the three layers each want a different answer. Set it once per folder in dbt_project.yml rather than sprinkling config() blocks across forty models:

# dbt_project.yml
models:
  tpch:
    staging:
      +materialized: view
      +schema: staging
      +tags: ["staging"]
    intermediate:
      +materialized: ephemeral
      +tags: ["intermediate"]
    marts:
      +materialized: table
      +schema: marts
      +tags: ["marts"]

Walk the reasoning, because it’s the same reasoning you’ll apply to every dbt project on Snowflake you ever build:


	Staging is a view. A view stores no data and costs nothing to build — it’s just a saved query. The only thing that reads a staging model is the next model in the same dbt build, so there’s no point paying to materialize rows that get consumed seconds later. The compute happens once, at build time, folded into the model that selects from it.

	Intermediate is ephemeral. An ephemeral model isn’t even a database object — dbt inlines it as a CTE directly into whatever refs it. int_orders_enriched never becomes a table or a view; its SQL is pasted into revenue_by_region and orders_enriched at compile time. You get the reuse and the single-source-of-truth in your codebase without paying to persist a middle layer nobody queries directly. (The one cost: ephemeral models don’t show up as their own object, so you can’t test them with a stored relationships test the same way — which is part of why the keys and casts live in staging, where they can be tested, not here.)

	Marts are tables. These are the objects a dashboard hits, possibly hundreds of times a day. Materializing them means you pay the compute once per build and every read after that is a cheap scan of stored rows. The alternative — a mart as a view — would re-run the entire join-and-aggregate on every single dashboard load, which on Snowflake means spinning the warehouse for every curious analyst. Pay once, read cheap.



That’s the whole Snowflake cost story in one config block: push compute to build time where you control it, and never make a human wait on a warehouse for a number you could have stored. The +tags earn their keep in the next chapter — they let Airflow select tag:marts for a targeted rebuild without naming models.

ephemeral is the right default for int_orders_enriched, but it’s a default worth knowing when to abandon. Because an ephemeral model is inlined into every mart that refs it, its SQL runs once per consumer — with two marts, the join-and-aggregate executes twice per build. At this scale that’s nothing. If a fourth and fifth mart start leaning on the same intermediate, or if the aggregation itself grows expensive, you’re paying to recompute the identical result several times over. The answer then flips: promote the intermediate to a table or a view, pay for the join once, and let the marts read the stored result. That’s the same push-compute-to-build-time logic applied one layer up — the only reason it isn’t the call today is that two cheap inlinings are cheaper than one persisted object you’d have to store and test.

Tests that catch the mistakes this pipeline makes

Tests in dbt aren’t a coverage metric; they’re assertions about the specific ways this data can be wrong. Cosmos renders each one as its own task, so a failed test is a discrete red square in the grid, downstream of the model it guards. The interesting tests are the ones aimed at a real hazard:

# models/staging/_stg__models.yml
models:
  - name: stg_orders
    description: "One row per order, cleaned and typed from the raw TPCH orders table."
    columns:
      - name: order_id
        description: "Primary key — TPCH o_orderkey."
        tests: [unique, not_null]
      - name: customer_id
        description: "Foreign key into stg_customer."
        tests:
          - not_null
          - relationships:
              to: ref('stg_customer')
              field: customer_id
      - name: status
        tests:
          - accepted_values:
              values: ["O", "F", "P"]

  - name: stg_lineitem
    columns:
      - name: line_item_id
        tests: [unique, not_null]
      - name: discount
        tests:
          - dbt_expectations.expect_column_values_to_be_between:
              min_value: 0
              max_value: 1

Each test is pointed at a failure that would otherwise be invisible:


	relationships on customer_id is the one this pipeline is genuinely prone to. Every mart join assumes an order’s customer exists; this test compiles to a query returning any customer_id with no match in stg_customer. If it returns a row, the marts that depend on that key never build on top of a silent orphan.

	accepted_values on status catches a source that starts emitting a fourth status code you didn’t design for. TPCH orders are O, F, or P; the day a C shows up, you want a red square, not a mystery bucket in a dashboard.

	dbt_expectations.expect_column_values_to_be_between on discount guards the arithmetic directly. Revenue is extended_price * (1 - discount); a discount above 1 would flip the sign of every affected line and quietly turn revenue negative. Asserting 0 ≤ discount ≤ 1 is asserting that the formula stays sane.



Both dbt_utils and dbt_expectations come from packages.yml and a dbt deps — the same install that gave you generate_surrogate_key:

# packages.yml
packages:
  - package: dbt-labs/dbt_utils
    version: [">=1.3.0", "<2.0.0"]
  - package: calogica/dbt_expectations
    version: [">=0.10.0", "<0.11.0"]

The marts get their own guardrails, and they’re different in kind — a mart test asserts the result is shaped right, not that an input is clean:

# models/marts/_marts__models.yml
models:
  - name: revenue_by_region
    description: "Total revenue and order counts rolled up to TPCH's five regions."
    columns:
      - name: region
        tests: [unique, not_null]
      - name: revenue
        tests:
          - dbt_expectations.expect_column_values_to_be_between:
              min_value: 0
  - name: orders_enriched
    columns:
      - name: order_id
        tests: [unique, not_null]

unique on revenue_by_region.region is the fan-out canary — if the grain ever breaks and a region shows up twice, this test fails loudly instead of double-counting into a chart. unique on orders_enriched.order_id asserts the thing the whole intermediate layer was built to guarantee: one row per order. And revenue ≥ 0 is the downstream echo of the discount check — if bad discounts ever slip through, negative revenue trips a mart test even if the staging test somehow didn’t.

Freshness rounds it out. dbt source freshness is a separate command from dbt build, and Cosmos can render it as its own task at the head of the graph — a gate that refuses to transform stale source data at all. On static TPCH it’s a teaching prop; on real ingestion it’s the difference between a pipeline that notices the upstream feed died and one that cheerfully republishes yesterday.

Bracketing the models with Snowflake steps

Rendered as a DbtDag, the dbt project is the whole DAG. But a real run usually wants a step or two that isn’t a dbt model — resize the warehouse before a heavy build, size it back after. That’s why you reach for DbtTaskGroup inside your own @dag, with plain Snowflake operators on either side:

from datetime import datetime
from airflow.sdk import dag
from airflow.providers.common.sql.operators.sql import SQLExecuteQueryOperator
from cosmos import DbtTaskGroup, ProjectConfig, ExecutionConfig, RenderConfig
from tpch_profile import profile_config  # the ProfileConfig from post 4

@dag(schedule="@daily", start_date=datetime(2026, 6, 1), catchup=False)
def tpch_pipeline():
    resize_up = SQLExecuteQueryOperator(
        task_id="warehouse_up",
        conn_id="snowflake_default",
        sql="alter warehouse transforming_wh set warehouse_size = 'MEDIUM'",
    )

    transform = DbtTaskGroup(
        group_id="dbt_tpch",
        project_config=ProjectConfig("/opt/airflow/dbt/tpch"),
        profile_config=profile_config,
        execution_config=ExecutionConfig(dbt_executable_path="/opt/airflow/dbt-venv/bin/dbt"),
        render_config=RenderConfig(select=["staging", "intermediate", "marts"]),
    )

    resize_down = SQLExecuteQueryOperator(
        task_id="warehouse_down",
        conn_id="snowflake_default",
        sql="alter warehouse transforming_wh set warehouse_size = 'XSMALL'",
    )

    resize_up >> transform >> resize_down

tpch_pipeline()

Both operators and the whole task group ride the same snowflake_default connection — the one that’s held your key-pair credentials since chapter 3. The >> chain reads as the run actually behaves: size the warehouse up, let every staging, intermediate, and mart model run as its own retryable task on that warehouse, then size it back down so an idle warehouse doesn’t quietly bill you. In the grid it’s one graph — a Snowflake step, a fan-out of dbt models with their tests hanging off them, a Snowflake step — top to bottom.

Final thoughts

Look at what each tool contributed and none of it overlaps. dbt owns the SQL, the layering, and the dependency order. Cosmos owns the translation from that order into tasks. Airflow owns the schedule, the retries, and the two warehouse steps dbt has no business knowing about. Snowflake owns every byte of compute. You didn’t write a single line that made two of those tools care about each other’s internals — the ref() graph and the one connection did all the coordinating.

The pipeline is also correct in the ways that matter and cheap in the ways you control. The fan-out is caught one layer before it can inflate a number, the join is written once and reused twice, and the storage cost of each layer is a deliberate choice rather than an accident. What it isn’t yet is scaled. This all ran on TPCH_SF1 — about six million line items. Snowflake ships the same schema at TPCH_SF10, TPCH_SF100, and TPCH_SF1000, and at scale factor 1000 that line-item table is roughly six billion rows. Point this exact project at TPCH_SF1000 and the nightly full rebuild of orders_enriched stops being free and starts being a decision you’d get asked about in a cost review. That’s the next chapter: making the heavy models incremental so they process only what changed — a change that touches the dbt layer and leaves everything else in this DAG exactly as it is.





Incremental Models and Scheduling on Snowflake

The pipeline works. Every model builds, the tests pass, and the DAG is green. It’s also quietly expensive in a way a demo never shows you: every run reprocesses all of TPCH from scratch. On your laptop that’s free. On a Snowflake warehouse, every full rebuild is a create table as select that scans the whole source and bills you for the compute — and most of what it recomputes hasn’t changed since yesterday. Orders from three years ago don’t get re-placed overnight. Rebuilding them anyway is money you’re setting on fire on a schedule.

Two changes fix the two halves of that waste. Incremental models stop you from reprocessing rows that haven’t moved. A schedule that follows the data stops you from running at all when there’s nothing new. Together they’re the shape almost every production pipeline lands on.

Incremental: process only what’s new

A normal dbt model rebuilds its whole table every run. An incremental model rebuilds it once, then on every subsequent run only processes the rows you tell it are new. The natural candidate is the orders_enriched mart from the last chapter — the one that ended with the promise that this chapter would turn it incremental. As it stands it’s a full rebuild of every order ever placed, every night:

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

select
    order_id,
    customer_id,
    customer_name,
    status,
    order_date,
    nation,
    region,
    order_revenue,
    line_item_count
from {{ ref('int_orders_enriched') }}

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

Notice what didn’t change: it still selects from int_orders_enriched, and it still carries order_revenue and line_item_count. That matters more than it looks. The intermediate model is where the last chapter collapsed line items to order grain. Reaching past it to re-join stg_orders and stg_lineitem here is the tempting shortcut, since you’re already writing a where clause. It would quietly reintroduce the fan-out bug the whole intermediate layer exists to prevent — and this time inside an incremental model, where the inflated rows get merged in and persist. The rule that falls out: making a model incremental changes when its rows are computed, never where they come from. If you find yourself rewriting the from clause to add a filter, stop — filter the model you already had.

Two things are doing the work. materialized='incremental' tells dbt to build the table once and append to it after that. The is_incremental() block is a filter that only applies on runs where the table already exists — it reads the latest order_date in the table ({{ this }} is the model’s own relation) and pulls only orders newer than that. On the first run, is_incremental() is false, the where clause disappears, and you get a full build. On every run after, it’s the delta and nothing else.

unique_key='order_id' is what makes this safe when a row can change, not just arrive. With a unique key set, dbt doesn’t blindly append — it MERGEs. New keys insert; existing keys update in place. Without it you’d get duplicates the first time an order’s status changed and the row came through twice.

Four strategies, and why Snowflake makes you choose

MERGE is the default because it’s correct, not because it’s cheap. dbt-snowflake exposes four incremental_strategy values, and the whole game is picking the one that matches how your data actually mutates:

{{ config(
    materialized='incremental',
    unique_key='order_id',
    incremental_strategy='merge'
) }}

merge (the default) runs a single MERGE INTO … USING (your select) ON target.order_id = source.order_id — matched rows update, unmatched insert. It handles the general case: rows that both arrive and change. The cost is that a MERGE has to locate every matched row in the target, and Snowflake locks the target table’s affected micro-partitions for the duration. On a wide, unclustered table that’s a lot of partitions to touch.

delete+insert does exactly what it says: delete from target where order_id in (select order_id from source), then a plain insert. Two statements instead of one atomic merge. It’s often cheaper than merge when your new batch is a well-defined slice — a day’s partition — because the delete can prune to that slice and the insert is an append with no per-row matching logic. The tradeoff is a brief window between the delete and the insert where those rows don’t exist; inside dbt’s transaction that’s invisible to other sessions, but it’s why delete+insert wants a unique_key that cleanly identifies the batch you’re replacing.

append skips matching entirely — no unique_key, no delete, no merge. Every run just inserts the new rows. It’s the cheapest strategy that exists and the easiest to get wrong. append is only safe when a row, once written, is immutable and can never arrive twice: append-only event logs, immutable fact rows keyed on an event id you’ve already deduplicated upstream. Point it at TPCH orders — where o_orderstatus flips from O to F as an order fills — and you’ll accumulate one row per status change per order, silently, forever. Use it for facts that are born final.

microbatch is the strategy that earns its own section below, because it changes how the window itself is computed.

Here’s the same model as delete+insert, which for a daily partition of orders is usually the better call:

{{ config(
    materialized='incremental',
    unique_key='order_date',
    incremental_strategy='delete+insert'
) }}

Note the unique_key changed meaning. For merge it’s the grain of a row (order_id). For delete+insert it’s the grain of the batch you replace — set it to order_date and each run deletes the whole day and reinserts it, which makes reruns idempotent: run the same day twice and you get the same table, not doubled rows. That idempotency is worth more than it looks; it’s what lets a backfill re-run a window without you cleaning up first.

incremental_predicates: bounding the MERGE scan

The single largest cost lever on a Snowflake merge isn’t the strategy — it’s how much of the target the merge has to scan to find its matches. By default, MERGE … ON target.order_id = source.order_id gives Snowflake license to consider the entire target table. If nothing tells the optimizer that matches only live in the last few days, it may scan micro-partitions going back years.

incremental_predicates bolts an extra condition onto the merge’s ON clause, pruning the target before matching begins:

{{ config(
    materialized='incremental',
    unique_key='order_id',
    incremental_strategy='merge',
    incremental_predicates=[
        "DBT_INTERNAL_DEST.order_date >= dateadd(day, -7, current_date)"
    ]
) }}

DBT_INTERNAL_DEST is dbt’s alias for the target table inside the compiled merge. That predicate becomes part of the join condition, so Snowflake prunes to the last seven days of target partitions before it looks for a single match. If your incoming batch only ever touches recent orders — which for late-arriving data it does — you’ve turned a full-history scan into a seven-day scan. On a large fact table this is frequently the difference between a merge that costs cents and one that costs dollars, on every single run.

The predicate has to be true for every row your source might update, or you’ll skip a legitimate match and leave a stale row behind. Size the window to your worst realistic lateness, not your average one.

Clustering so the predicate can prune

incremental_predicates only saves you if Snowflake can actually skip partitions using it — and it can only skip partitions that are physically organized by the predicate’s column. TPCH sample orders happen to load roughly in order_date order, so date pruning works out of the box. Real ingestion rarely lands that tidily. When a table’s rows are scattered across partitions by load order rather than by date, a where order_date >= … still has to open most partitions to check.

cluster_by tells Snowflake to co-locate rows by the columns you actually filter on:

{{ config(
    materialized='incremental',
    unique_key='order_id',
    incremental_strategy='merge',
    cluster_by=['order_date'],
    incremental_predicates=[
        "DBT_INTERNAL_DEST.order_date >= dateadd(day, -7, current_date)"
    ]
) }}

Now the merge predicate and the physical layout agree: recent orders sit together, the seven-day predicate prunes to a handful of partitions, and the merge scans almost nothing. Clustering isn’t free — Snowflake maintains the order in the background and bills for the reclustering credits — so it pays off on large, frequently-merged tables and is overkill on a small one. The heuristic: cluster the incremental target on the same column your incremental_predicates bound, and the two features multiply. Cluster on a column you never filter on, and you’re paying maintenance for nothing.

on_schema_change: what happens when the SELECT grows a column

An incremental table already exists with a fixed set of columns. Add a column to the model’s select and the next incremental run has to decide what to do with a target that doesn’t have that column yet. on_schema_change is that decision:

{{ config(
    materialized='incremental',
    unique_key='order_id',
    on_schema_change='append_new_columns'
) }}

ignore (the historical default) drops the new column silently on incremental runs — your model emits it, the target doesn’t have it, dbt just doesn’t write it, and you get a confusing gap until the next full-refresh. append_new_columns runs an alter table … add column and starts populating it going forward (old rows stay null, since the filter never revisited them). sync_all_columns adds new columns and drops ones you removed. fail aborts the run loudly, which is the right choice when a schema change should be a deliberate, reviewed event rather than something that happens on a Tuesday. Set it to append_new_columns for models under active development and fail for the ones you consider stable.

The boundary problem: > vs >=, and lateness

The where order_date > (select max(order_date) from {{ this }}) filter has a bug hiding in the comparison operator, and it’s the classic incremental footgun. Orders don’t arrive perfectly ordered by date. If your max(order_date) in the table is 2026-06-08, and after that run three more 2026-06-08 orders land in the source (a late file, a slow upstream), the next run’s > '2026-06-08' filter excludes them — they’re not strictly greater than the max you already saw. You’ve silently dropped a day’s tail.

Switch to >= and you re-scan the boundary day, catching the stragglers — but now you reprocess every row from that day, and unless your unique_key/MERGE dedupes them, you double-count. >= with a merge on order_id is correct: you re-read the boundary day, but the merge overwrites the rows you’d already written instead of appending duplicates. That’s the safe combination — a small deliberate overlap that the merge reconciles.

For data that can arrive genuinely late — hours or days after its business date — a one-row boundary isn’t enough. You want a lookback window:

{% if is_incremental() %}
where order_date >= (
    select dateadd(day, -3, max(order_date)) from {{ this }}
)
{% endif %}

This reprocesses the last three days on every run. Combined with a merge, late orders up to three days stale get corrected, and the merge keeps the table from doubling. The cost is three days of rescan per run instead of one, which is exactly why the incremental_predicates and clustering above matter — the lookback defines how much you must read, and clustering makes reading it cheap.

microbatch: let Airflow define the window

Every filter so far derives its window from the data — max(order_date) — which means the model’s idea of “new” depends on the current state of the table. microbatch, dbt’s newer incremental materialization, inverts that: the window comes from time, sliced into fixed batches, and each batch is processed independently.

{{ config(
    materialized='incremental',
    incremental_strategy='microbatch',
    event_time='order_date',
    batch_size='day',
    lookback=3,
    begin='2024-01-01'
) }}

select
    order_id,
    customer_id,
    customer_name,
    status,
    order_date,
    nation,
    region,
    order_revenue,
    line_item_count
from {{ ref('int_orders_enriched') }}

There’s no is_incremental() block at all. You declare event_time (the column that timestamps each row), batch_size (day here), and lookback (reprocess the last N batches to absorb late data), and dbt slices the run into one filtered statement per day. Each batch does an atomic replace of its own slice — so it’s idempotent by construction, and a failed batch doesn’t poison its neighbors. lookback=3 means every run also re-runs the previous three days’ batches, which is the boundary/late-arrival fix from above, expressed as configuration instead of hand-written SQL.

The reason microbatch belongs in a scheduling chapter is the payoff: dbt derives the batch window from dbt run’s --event-time-start/--event-time-end, and Airflow already hands every run a data interval. Wire the DAG’s interval to those flags and a scheduled run processes exactly the slice it was scheduled for — nothing more, nothing less — and a backfill of last March processes March’s batches with March’s boundaries, not “everything since max(order_date)”. The window stops depending on table state and starts depending on the run’s identity, which is precisely what makes backfills correct.

Full-refresh: cost, locks, and triggering it through Cosmos

Every incremental strategy shares one hazard: the table drifts from what a clean rebuild would produce. Change the join, fix a bug in the logic, add a column that on_schema_change can’t backfill into old rows — the existing rows still hold the old output, because your filter never revisited them. --full-refresh is the reset:

dbt build --select orders_enriched --full-refresh

It ignores the incremental logic, issues a create or replace table … as select over the entire history, and gives you a table that matches the current SQL exactly. Two things to respect about it on Snowflake. It costs: you’re scanning and rewriting the whole thing, the one bill incremental was built to avoid. And create or replace swaps the table atomically, so readers see the old table until the instant it’s replaced, rather than a lock that blocks them. The expensive part is compute, not contention.

Because full-refresh is occasional and deliberate, you don’t want it on the daily schedule. You want a way to trigger it on demand. Cosmos lets you pass dbt flags straight through, so the cleanest pattern is a separate param-driven DAG whose whole job is a full-refresh:

from airflow.sdk import dag, Param
from cosmos import DbtTaskGroup, ProjectConfig, RenderConfig
from datetime import datetime

@dag(
    schedule=None,                       # manual trigger only
    start_date=datetime(2026, 6, 1),
    catchup=False,
    params={"select": Param("marts", type="string")},
)
def tpch_full_refresh():
    DbtTaskGroup(
        group_id="dbt_full_refresh",
        project_config=ProjectConfig("/opt/airflow/dbt/tpch"),
        render_config=RenderConfig(
            select=["{{ params.select }}"],
            dbt_cmd_flags=["--full-refresh"],
        ),
    )

tpch_full_refresh()

schedule=None means it only runs when a human triggers it. The select param lets you point it at one model or a whole layer from the trigger form, and dbt_cmd_flags=["--full-refresh"] is what turns every rendered dbt run/dbt build command in the group into its full-refresh variant. Ship a logic change, trigger this DAG for the affected model, and the daily incremental DAG goes back to processing deltas the next morning — clean slate, no code edit to the scheduled pipeline.

Scheduling: a clock, then the data

The Cosmos-rendered DAG from earlier in this book turns your dbt project into Airflow tasks — one per model, wired in dependency order (that’s the Cosmos book in a sentence). Giving it a schedule is a single argument:

from airflow.sdk import DAG
from cosmos import DbtDag

dag = DbtDag(
    schedule="@daily",
    catchup=False,
    max_active_runs=1,
    ...
)

In Airflow 3.x the argument is the unified schedule= — @daily fires the whole pipeline once a day. catchup=False is the setting you almost always want: without it, a DAG created today with a start date last month will immediately try to run every day it “missed,” which for an incremental pipeline is a stampede of runs you never asked for. Leave catchup off unless you specifically want to backfill.

max_active_runs=1 matters more for an incremental pipeline than for a normal one, and it’s easy to forget. If two runs overlap — a slow run still merging while the next one starts — you have two MERGEs racing on the same target table. At best they serialize on Snowflake’s partition locks and one stalls; at worst, with a max(order_date) filter, the second run reads a max the first hasn’t finished writing and picks the wrong window. Pinning to one active run makes the merges strictly sequential, which is the only safe way to run stateful incremental logic on a schedule.

@daily is a guess, though — a clock hoping the data landed before it fired. The better trigger is the data itself. Airflow 3.x renames Datasets to Assets, and a DAG can be scheduled on one:

from airflow.sdk import Asset

raw_orders = Asset("snowflake://analytics_prod/raw/orders")

transform_dag = DbtDag(
    schedule=[raw_orders],
    max_active_runs=1,
    ...
)

This DAG is the consumer side of the asset. It doesn’t run at midnight and hope; it runs when whatever produces raw_orders finishes and updates it. And that producer isn’t hypothetical — it’s the ingestion DAG this trilogy builds in the ingestion chapter, whose COPY INTO/Snowpipe/EL task declares the same asset in its outlets:

# in the ingest DAG (chapter 08) — the PRODUCER
from airflow.sdk import Asset

@task(outlets=[Asset("snowflake://analytics_prod/raw/orders")])
def load_raw_orders():
    ...  # COPY INTO ANALYTICS_PROD.RAW.orders

The URIs match, so the loop closes: ingest lands the day’s orders and updates the asset, the update triggers the transform, and nobody wired a timer between them. The pipeline runs because the data arrived. If ingest is late, the transform waits; if ingest fails, the transform never fires on stale input. That’s the event-driven scheduling the Airflow series covers, applied to the whole dbt layer at once.

When the transform needs more than one input

Orders alone rarely make a mart. revenue_by_region needs line items and orders and the customer/nation dimensions. Airflow lets you express “wait for all of these” or “wake on any of these” with AssetAll and AssetAny:

from airflow.sdk import Asset
from airflow.sdk.definitions.asset import AssetAll, AssetAny

raw_orders    = Asset("snowflake://analytics_prod/raw/orders")
raw_lineitem  = Asset("snowflake://analytics_prod/raw/lineitem")
raw_customer  = Asset("snowflake://analytics_prod/raw/customer")

transform_dag = DbtDag(
    schedule=AssetAll(raw_orders, raw_lineitem, raw_customer),
    max_active_runs=1,
    ...
)

AssetAll fires only once all three raw tables have been refreshed since the last transform run — the right choice here, because building revenue_by_region off a fresh orders but a stale lineitem would produce a half-updated number. AssetAny fires when any one updates, which suits a mart that should refresh the moment any of its inputs moves. The two compose, so AssetAll(orders, AssetAny(dim_a, dim_b)) is a legal, readable condition. Conditional scheduling is how you stop a transform from running on a partially-arrived dataset without writing a single sensor.

Backfills, catchup, and incremental state

There’s a sharp interaction between backfills and incremental state worth naming before it bites you. A max(order_date)-filtered model has no real concept of “which run am I” — it reads whatever’s in the table and pulls everything newer. Turn on catchup=True (or launch a scheduler-managed backfill) against that model and every “missed” run computes the same max(order_date) and pulls the same delta, because the earlier backfill runs haven’t committed in the order you’d expect. The state-based filter and the multi-run backfill fight each other.

Two fixes, both already on the table. microbatch is the clean one: its window comes from the run’s data interval, so backfill run for March 3rd processes March 3rd’s batch and only that — the runs are independent by construction. The delete+insert with unique_key='order_date' is the other: each run idempotently replaces its own day, so re-running a window is safe even if the ordering is odd. Airflow 3.x runs backfills through the scheduler (airflow backfill create, or the UI) rather than the old detached CLI daemon, which means a backfill respects max_active_runs=1 and your merges stay serialized instead of stampeding. The combination — scheduler-managed backfill, max_active_runs=1, an interval-keyed or idempotent incremental strategy — is what makes “re-run last quarter” a safe operation instead of a data-corruption event.

Tag the runs so the bill is legible

One more line pays for itself the first time someone asks “what did the transform layer cost last month.” Snowflake attaches a QUERY_TAG to every statement in a session, and it surfaces in ACCOUNT_USAGE.QUERY_HISTORY. Tagging your incremental runs lets you slice credits by exactly this pipeline. Set it in the dbt profile or per-run:

# profiles.yml
tpch:
  target: prod
  outputs:
    prod:
      type: snowflake
      query_tag: "dbt_incremental_transform"
      # ...connection details from post 3

Every merge, every full-refresh, every create or replace from this project now carries dbt_incremental_transform in the query history, and you can attribute warehouse spend to the incremental layer down to the statement. That thread — turning tags into a per-model cost report — is the whole subject of the cost chapter; here it’s enough to know the tag is the hook everything downstream hangs on, and it costs one line to set.

The shape it converges to

Put the pieces together and you get the pattern most production pipelines end up at without planning to. Ingest lands the day’s new orders and updates an asset. That asset — with AssetAll if the mart needs several inputs — triggers the Cosmos DAG. max_active_runs=1 keeps merges from overlapping. The dbt run is incremental with a merge and a bounded incremental_predicate, reading only the recent, clustered slice. A lookback window (or microbatch, keyed to Airflow’s data interval) absorbs late arrivals without double-counting. A separate param DAG fires --full-refresh when logic changes. And every statement is query-tagged so the bill is legible.

Daily cadence, incremental compute, driven by the data rather than the clock. Every piece is a config change, and none of them touched a line of business SQL. That’s the through-line of this whole stack: the interesting work stays in the models, and the machinery around them is configuration.

Final thoughts

Incremental models and asset-driven scheduling look like two separate optimizations — one saves warehouse credits, one saves you from running on empty. They’re really the same instinct wearing two hats: do work in proportion to what actually changed. A full rebuild on a fixed clock does maximum work regardless of input, which is fine until the bill or the data volume makes it not fine. The version that merges the bounded delta when the delta lands scales with your data instead of with the calendar. Get this shape right early — the right strategy, a predicate that prunes, clustering that lets it, and a schedule that follows the asset — and “the pipeline got slow” becomes a problem you never have to have.





Production: The Pipeline That Runs Without You

Everything up to here runs. That’s not the same as running in production. A DAG that goes green while you watch it is a demo. Production is the run that happens at 2am with nobody looking — on the night the warehouse takes an extra thirty seconds to resume, the night ingest fires the trigger twice, the night one source column comes through null. The gap between the two isn’t a bigger machine. It’s four properties a demo lets you skip and an unattended pipeline can’t. It has to be idempotent, so a retry or a backfill can’t corrupt the table. It has to retry the failures that are just weather. It has to tell you when it hits one it can’t retry past. And it needs a runbook, so the person the pager wakes knows what to do.

This is the orchestration-and-reliability chapter. The other production concerns each got their own: warehouse sizing and resource monitors are chapter 10, CI/CD and artifact promotion are chapter 11, environments and RBAC are chapter 9, and lineage and contracts are chapter 12. This one is about the DAG itself — how you assemble it so that the boring nights stay boring and the bad nights stay recoverable.

The assembled production DAG

You’ve met all the pieces. Chapter 5 wrapped the dbt project in a DbtTaskGroup inside your own @dag. Chapter 6 made the models incremental and swapped the @daily clock for an Asset that ingest updates, so the transform runs because the data arrived, not because a timer went off. Production is where you add the properties that make an unattended run safe, and they all live in the DAG’s arguments:

from datetime import datetime, timedelta

from airflow.sdk import dag, Asset
from airflow.providers.slack.notifications.slack_webhook import SlackWebhookNotifier
from cosmos import DbtTaskGroup, ProjectConfig, ExecutionConfig, RenderConfig
from tpch_profile import profile_config  # the ProfileConfig from chapter 4

raw_orders = Asset("snowflake://analytics_prod/raw/orders")

default_args = {
    "retries": 3,
    "retry_delay": timedelta(minutes=2),
    "retry_exponential_backoff": True,
    "max_retry_delay": timedelta(minutes=20),
    "on_failure_callback": SlackWebhookNotifier(
        slack_webhook_conn_id="slack_alerts",
        text=(
            ":red_circle: `{{ ti.task_id }}` failed in "
            "`{{ dag.dag_id }}` — run `{{ run_id }}`, try {{ ti.try_number }}"
        ),
    ),
}

@dag(
    schedule=[raw_orders],
    start_date=datetime(2026, 6, 1),
    catchup=False,
    max_active_runs=1,
    default_args=default_args,
    tags=["tpch", "prod"],
)
def tpch_prod():
    transform = DbtTaskGroup(
        group_id="dbt_tpch",
        project_config=ProjectConfig("/opt/airflow/dbt/tpch"),
        profile_config=profile_config,
        execution_config=ExecutionConfig(
            dbt_executable_path="/opt/airflow/dbt-venv/bin/dbt"
        ),
        render_config=RenderConfig(select=["staging", "marts"]),
        operator_args={"vars": {"run_date": "{{ data_interval_start | ds }}"}},
    )
    transform

tpch_prod()

Nothing here is new machinery. It’s the chapter-5 DAG with four production dials turned, and every one of them earns its place.

schedule=[raw_orders] is the asset trigger from chapter 6: the ingest DAG lists raw_orders in its outlets, and finishing it wakes this transform. catchup=False says a DAG deployed today with a June start date should not stampede through every day it “missed” — you never want a fresh deploy to launch three weeks of incremental runs on its own.

max_active_runs=1 is the one people forget until it bites. An asset can fire twice in quick succession — ingest reran, or two file batches landed — and without this, Airflow will happily start a second run of the transform while the first is still MERGEing into the marts. Two runs writing the same incremental table on overlapping windows is a race you don’t want to debug. Pinning it to one active run serializes them: the second trigger queues behind the first and starts clean when it finishes.

default_args pushes the retry policy and the failure notifier down into every task Cosmos renders. That’s the quiet advantage of the Cosmos model. Because each dbt model and each dbt test is its own Airflow task, retries=3 isn’t “retry the whole dbt build” — it’s “retry this one model three times.” A blip on stg_orders re-runs stg_orders, not the forty tasks that already succeeded.


Check your interval before you trust this. {{ data_interval_start }} is only meaningful if the interval has width — and on a default Airflow 3 install it does not: a cron schedule resolves to CronTriggerTimetable, whose data_interval_start and data_interval_end are the same instant. Any dbt model that windows between them then processes nothing, silently. This track opts in with AIRFLOW__SCHEDULER__CREATE_CRON_DATA_INTERVALS=True; the foundations scheduling chapter explains why and what the alternative is.



The operator_args line passes Airflow’s data_interval_start into dbt as a run_date var. That’s the seam that makes the whole thing backfillable, and it’s worth its own section.

Idempotency across the stack

Idempotency is the property that running a task twice leaves the world in the same state as running it once. It’s what makes a retry safe, and it’s what makes a backfill safe, and in an unattended pipeline you will do both — usually at the same time, usually at night.

Start with the dbt layer, because it’s where the trap hides. Recall the incremental model from chapter 6: it’s materialized incremental with unique_key='order_key', which means dbt doesn’t insert the new window, it MERGEs it — new keys insert, existing keys update in place. That one config is the difference between an idempotent model and a corrupting one. Picture the failure: the task runs, the MERGE commits half a million rows into orders_enriched, and then the worker dies before Airflow marks the task success. Airflow, seeing no success, retries. An append-only model (insert with no unique_key) now inserts those rows a second time — instant duplicates. The MERGE version re-processes the same window, matches the keys it already wrote, and updates them to the identical values. The retry is a no-op you can’t tell happened. That’s idempotency, and you bought it with unique_key.

Backfills lean on the same property from the other direction. In Airflow 3.x, backfills are scheduler-managed — you ask for a date range with airflow backfill create (or the UI) instead of the old CLI daemon, and the scheduler runs those logical dates through the same DAG with the same code. Because you plumbed data_interval_start into a run_date var, each backfilled run tells dbt which slice it is. Key the incremental filter to that var instead of max(order_date):

{% if is_incremental() %}
where o.o_orderdate = '{{ var("run_date") }}'::date
{% endif %}

Now a backfill of June 3rd processes exactly June 3rd’s orders, MERGEs them on order_key, and lands the same rows whether you run it once, run it again, or run it three months after the fact. Contrast the max(order_date) filter from chapter 6: it’s fine for the forward-only daily run, but on a backfill it reads “everything after the latest row already in the table,” which for an old date is nonsense. The data-interval var makes each run reference its own window, and the MERGE makes re-running that window free. This is the through-line: a run should describe the slice it owns, and writing that slice should be repeatable.

catchup=False and idempotency are two ends of the same policy. catchup=False says the pipeline won’t invent runs on its own; idempotency says that when you invent them deliberately — a retry, a backfill, a manual clear-and-rerun — they can’t do damage. You want both. Automatic catchup on an incremental pipeline is a stampede; a deliberate, idempotent backfill is a Tuesday.

Those deliberate reruns come in exactly two flavors, and both are safe only because of the MERGE. The first is the grid’s Clear: click a red task, clear it, and the scheduler re-queues that single task (Airflow can clear downstream tasks with it, so clearing stg_orders re-runs the marts that depend on it too). Because the task rewrites its slice with a MERGE, clearing it a second time — or clearing it after it half-succeeded — converges on the same table. The second is a range: airflow backfill create for, say, June 1–7 runs each of those logical dates through the DAG as its own run, each keyed to its own run_date, each MERGEing its own window. The operator’s daily toolkit is really just those two levers: clear one task, or backfill a range. The reason you can reach for either at 2am without thinking hard is that you did the thinking once, when you set unique_key and plumbed the interval var. Idempotency isn’t an abstract virtue here; it’s the thing that lets recovery be a click.

The non-dbt tasks have to clear the same bar, or the DAG is only as idempotent as its weakest step. The good news is that the two kinds of bracketing step this stack uses are already idempotent. alter warehouse … set warehouse_size sets an absolute state, so running it twice is the same as running it once — that’s the resize pattern from chapter 5, whose sizing rationale lives in chapter 10. And Snowflake’s COPY INTO tracks load history per file, so a re-run won’t reload a file it already ingested; the ingestion detail is chapter 8. The step to be suspicious of is any task that increments or appends — a homegrown “log this run” insert, a counter, an email that goes out unconditionally. If a task isn’t naturally idempotent, either make it so (upsert on a run key) or gate it so a retry skips the part that already happened.

Retries: which failures are weather

A retry policy is a bet that most failures are transient. In this stack that bet mostly pays: a warehouse that takes an extra beat to resume, a momentary Snowflake connection reset, a transient lock, a worker the executor reaped. Those are weather. They clear on their own, and a second attempt two minutes later succeeds. The default_args above encode a sane default — three tries, starting at a two-minute delay, doubling each time (retry_exponential_backoff=True) up to a twenty-minute ceiling (max_retry_delay). Exponential backoff matters because the failures that aren’t instant tend to be a system under load, and hammering it every ten seconds makes that worse; backing off gives a resuming warehouse or a throttled account room to recover.

But not every failure is weather, and this is where the Cosmos task graph does you a favor most orchestration setups can’t. Because each dbt model and each dbt test renders as its own task, your grid distinguishes two failures that a monolithic dbt build smears into one exit code:


	A run task goes red (stg_orders, orders_enriched). The model’s SQL failed to execute, or the warehouse it ran on failed. This is usually infra or a code defect — the kind of thing a retry might paper over (transient) or won’t (a genuine SQL error). Either way it’s a pipeline problem.

	A test task goes red (stg_orders_order_id_not_null, the relationships test on customer_id). The model built fine; the data it produced violated an assertion. A not_null found nulls; a relationships test found an order pointing at a customer that doesn’t exist. This is a data problem, and it is almost never transient.



That distinction should change how you retry. Retrying a failed test is wasted motion — the test query is deterministic, so re-running it three times just re-discovers the same orphaned key and pages you twenty minutes later than it needed to. If your dbt tests are heavy, it’s worth rendering test tasks with retries=0 while leaving models on the retry policy. Cosmos lets you steer operator arguments by node type, and the payoff is that a data failure alerts fast while an infra flake still gets its three chances. At minimum, know that a red test square means “go look at the data,” not “wait and see.”

One more Cosmos knob belongs here: warn-severity dbt tests. A dbt test set to severity: warn doesn’t fail the task — it passes with a warning — which means by default nobody hears about it. Cosmos surfaces these through an on_warning_callback you can wire to a quieter Slack channel, so the tests you’ve decided aren’t page-worthy still leave a trail instead of vanishing into logs.

Alerting: making the pipeline page you

on_failure_callback fires when a task lands in the failed state, with the run’s context in hand. In the DAG above it’s a SlackWebhookNotifier — Airflow 3.x ships notifiers as first-class, reusable objects, so you attach an instance rather than hand-rolling a callback function. The text field is templated, so every alert names the task, the DAG, the run, and the attempt number — enough for whoever’s on call to open straight to the failed square. PagerDuty is the same shape for the failures that need to wake someone:

from airflow.providers.pagerduty.notifications.pagerduty import PagerdutyNotifier

on_failure_callback = PagerdutyNotifier(
    pagerduty_events_conn_id="pagerduty_prod",
    summary="tpch_prod: {{ ti.task_id }} failed",
    severity="error",
    source="airflow",
)

And when the built-in notifiers don’t fit — you want to route to a team based on which model failed, or enrich the message with the dbt run results — you subclass BaseNotifier and put the logic in notify(context):

from airflow.sdk import BaseNotifier

class RoutedNotifier(BaseNotifier):
    template_fields = ("message",)

    def __init__(self, message):
        self.message = message

    def notify(self, context):
        task_id = context["ti"].task_id
        channel = "#data-oncall" if task_id.endswith("_test") else "#data-infra"
        # dispatch self.message to `channel`
        ...

That task_id.endswith("_test") line is the test-vs-run distinction turned into routing: data failures go to the analysts who own the model, infra failures go to the platform channel. The classification you get for free from the Cosmos graph becomes an on-call policy.

Deadline Alerts replace SLAs. Airflow 3.x removed the old sla= parameter entirely, so the question it used to answer — “what if this finishes late rather than failing?” — needs the new mechanism. A missed-freshness alert is real: the marts feed a 7am executive dashboard, and a run that’s still grinding at 6:55 is a problem even though nothing is red. You attach a DeadlineAlert to the DAG:

from airflow.sdk import DeadlineAlert, DeadlineReference

deadline = DeadlineAlert(
    reference=DeadlineReference.DAGRUN_LOGICAL_DATE,
    interval=timedelta(hours=7),
    callback=SlackWebhookNotifier(
        slack_webhook_conn_id="slack_alerts",
        text=":hourglass: tpch_prod missed its 7am freshness deadline",
    ),
)

Read that as “seven hours after the run’s logical date, if we’re not done, fire the callback.” It’s the SLA idea decoupled from failure: a run can be perfectly healthy and still miss a deadline, and now you hear about the miss on its own channel. Deadline Alerts arrived in the 3.1 line and the exact import path and callback wrapping are still settling across releases — pin them against your own 3.3 build before you rely on them, the way you would any young API.

Finally, alert-storm dedupe, because the first thing a naive setup does on a bad night is send you forty messages. Here the Cosmos graph saves you again, and it’s worth understanding why. When stg_orders fails, the marts downstream of it don’t fail — they go to upstream_failed, a distinct state that means “I never got to run because my dependency broke.” And on_failure_callback fires only on failed, not on upstream_failed. So a failure at the root of a fan-out produces exactly one page (the model that actually broke) plus its own tests, while the ten marts hanging off it stay silent and held back. The storm dedupes itself, as long as your DAG is a real dependency graph and not a pile of independent tasks. For the coarser signal — “the run as a whole failed” — attach a notifier at the DAG level (on_failure_callback on the @dag, not just in default_args) so on-call gets one “pipeline failed” summary alongside the one detailed task page, and nothing in between.

A production runbook

Alerts are worthless if the person they wake doesn’t know the next move. Write the runbook down; here’s the shape of the one this pipeline needs. Each scenario names the chapter that owns the actual fix, because triage lives here and the repair usually lives elsewhere.

A model run task is red. Open the task log — Cosmos shows the compiled SQL and the raw Snowflake error. Read the error first. Warehouse … was suspended or a connection reset is weather; the retries already burned or will, and if the final attempt failed on a resume timeout you clear the single task in the grid and let it rerun (idempotent MERGE, so this is safe). A syntax or column error is not weather — the model’s SQL is broken, which means a change reached production that shouldn’t have, and the fix is upstream in CI, not in the grid (chapter 11). Don’t keep clearing a deterministic failure; it will fail identically every time.

A dbt test task is red. This is a data problem, so resist the reflex to rerun. The model built; its output violated a contract. Inspect the failing rows — if tests are configured to store_failures, the offending records are sitting in a table waiting for you (chapter 12 owns the contract-and-observability tooling). Then decide which of two things happened. The source delivered bad data — an orphaned customer_id, a null where there’s never been one — which is an ingestion conversation (chapter 8). Or the world legitimately changed and the test is now wrong, which is a contract update, not a rerun. Either way, notice that the marts downstream are upstream_failed, not published — the test did its job and stopped bad data from reaching the dashboard. That’s a feature. Let it hold.

A source is late. With asset-driven scheduling, “late” looks like nothing — the transform simply never triggered, because the asset it waits on never updated. That’s correct behaviour, not a bug: the pipeline didn’t run on stale data at midnight and quietly publish yesterday’s numbers as today’s. Go look at the ingest DAG (chapter 8) to find out why the source is late. If freshness by a certain hour is contractual, your DeadlineAlert is what should have paged you, not a red square. And do not hand-trigger the transform on stale raw to “get a run in” — you’ll publish incomplete data and MERGE it into the marts, which is exactly the incident the late source was protecting you from.

A key rotated (every task fails at connection). When all tasks fail identically on an authentication error, it’s not the data — it’s the credential. Service-account keys rotate, and if the connection is still pointing at the old private key, nothing authenticates. The fix is a rotation done in one place: register the new public key on the Snowflake user, update the secret in the backend, and the connection resolves the new material on its next run (the secrets backend and role model are chapter 9). Then clear the failed run and let it go — idempotent, so a full rerun is fine.

A run suddenly costs 10x. Nothing is red; the DAG is green and the bill isn’t. Orchestration didn’t break — a model did, quietly. The usual culprit is an incremental filter that stopped filtering (a bad merge, a changed source column) so a “delta” run scanned the entire history. The Airflow grid tells you which task got slow; Snowflake’s query history and query tags tell you why and what it cost, and resource monitors are what should have caught it before the invoice did — all chapter 10. The orchestration lesson that stays here: a green run is not a healthy run, and duration is a signal you should be watching, not just success.

Final thoughts

Look back at what actually turned the chapter-5 demo into a production pipeline, and none of it was a new tool. It was four arguments and a document. max_active_runs=1 and catchup=False keep the DAG from getting in its own way. unique_key on the incremental models and a data-interval var make every run describe and rewrite its own slice, so a retry or a backfill can’t corrupt the table. A retry policy with backoff absorbs the failures that are just weather, while the Cosmos task graph splits the ones that aren’t into “the pipeline broke” and “the data broke” — a distinction that flows straight into who gets paged. And the runbook turns each of those pages into a decision instead of a panic.

That’s the real definition of production for a data stack: not that it never fails, but that its failures are legible. A red test square means look at the data; a red run task means look at the pipeline; a run that never fired means look upstream; a green run that costs a fortune means look at the query history. Every failure mode has a shape, a signal, and a chapter that owns the fix. Build the pipeline so those shapes stay distinct, and 2am stops being the hour you dread — it’s just another idempotent run, retrying its way through the weather, paging you only when it truly can’t cope.





The Ingestion Layer

Every pipeline in this book so far has read from SNOWFLAKE_SAMPLE_DATA.TPCH_SF1 — a share Snowflake maintains, keeps fresh, and hands you for free. That was a deliberate shortcut. It let us build staging models, marts, tests, and a Cosmos-rendered DAG without first solving the problem every real stack has to solve: the raw data doesn’t arrive by itself. Somebody has to land bytes in Snowflake before dbt has anything to stage.

And there’s a loose thread to tie off. Back in the scheduling chapter, the transform DAG was scheduled on an Asset — schedule=[Asset("snowflake://analytics_prod/raw/orders")] — so it fires when the data arrives instead of on a hopeful clock. But nothing in the book ever produced that asset. The consumer was written; the producer was hand-waved. This chapter writes the producer. By the end, a real ingest DAG lands TPCH-shaped orders into an ANALYTICS_PROD.RAW schema, declares that same asset as an outlet, and completing the load kicks off the whole dbt pipeline downstream.

From a borrowed share to your own raw

The first shift is conceptual. The sample data lives in a database Snowflake owns; your production data lives in a raw schema you own, inside your own database. Everything else in the stack — ANALYTICS_DEV and ANALYTICS_PROD, the roles, the warehouses — is yours too, and raw is the schema where the outside world’s data first touches your account. Nothing transforms it there. It’s a landing pad: columns in roughly the shape the source hands you, plus a little metadata about when it landed.

So the target for orders is a plain table in ANALYTICS_PROD.RAW, TPCH’s columns verbatim, with one column that isn’t in the source file at all:

create table ANALYTICS_PROD.RAW.orders (
    o_orderkey      number,
    o_custkey       number,
    o_orderstatus   varchar,
    o_totalprice    number(12,2),
    o_orderdate     date,
    o_orderpriority varchar,
    o_clerk         varchar,
    o_shippriority  number,
    o_comment       varchar,
    _loaded_at      timestamp_ntz default current_timestamp()
);

That _loaded_at column is the whole raw-to-staging contract in one line, and we’ll come back to it. First, the mechanics of getting rows into that table.

The file path: stage, file format, COPY INTO

The bread-and-butter way to load files into Snowflake is COPY INTO, and it needs two things defined first: a file format (how to parse the bytes) and a stage (where the files live).

A file format is a named, reusable description of the file’s shape. TPCH’s reference files are pipe-delimited with a trailing delimiter on each row — the classic .tbl format — so:

create file format ANALYTICS_PROD.RAW.tpch_csv
    type = csv
    field_delimiter = '|'
    skip_header = 0
    field_optionally_enclosed_by = '"'
    null_if = ('', 'NULL')
    empty_field_as_null = true
    trim_space = true
    compression = auto;

Defining it once means every COPY and every PIPE references format_name => tpch_csv instead of restating a dozen options and drifting apart over time.

A stage is Snowflake’s abstraction over a location full of files. There are two flavors. An internal stage is storage Snowflake manages for you — you push files to it with PUT from SnowSQL or a driver:

create stage ANALYTICS_PROD.RAW.tpch_internal
    file_format = ANALYTICS_PROD.RAW.tpch_csv;

# from SnowSQL, on the machine that has the files
put file:///data/tpch/orders/*.tbl @ANALYTICS_PROD.RAW.tpch_internal/orders/;

That’s fine for a bootstrap or an occasional manual load. Production ingestion almost always uses an external stage instead — a pointer at a cloud bucket (S3, GCS, ADLS) that some upstream process is already dropping files into. The catch is authentication: you don’t want AWS keys pasted into a CREATE STAGE. The clean answer is a storage integration, a Snowflake object that trusts an IAM role rather than holding a key:

create storage integration tpch_s3_int
    type = external_stage
    storage_provider = 's3'
    enabled = true
    storage_aws_role_arn = 'arn:aws:iam::123456789012:role/snowflake-tpch-loader'
    storage_allowed_locations = ('s3://acme-raw-landing/tpch/');

Then you run desc integration tpch_s3_int, read back the STORAGE_AWS_IAM_USER_ARN and STORAGE_AWS_EXTERNAL_ID Snowflake generated, and add those to the trust policy on the AWS side. The result is a bucket Snowflake can read without a single long-lived credential living in your account — the two sides trust each other by role, and either can rotate independently. The stage then names the integration instead of secrets:

create stage ANALYTICS_PROD.RAW.tpch_stage
    storage_integration = tpch_s3_int
    url = 's3://acme-raw-landing/tpch/'
    file_format = ANALYTICS_PROD.RAW.tpch_csv;

With the format and stage in place, the load itself is one statement — but the interesting part is that _loaded_at column, which isn’t in the file. You supply it with a transform in the COPY: instead of copying the stage straight into the table, you SELECT from the stage and add the timestamp as an extra expression.

copy into ANALYTICS_PROD.RAW.orders
    (o_orderkey, o_custkey, o_orderstatus, o_totalprice, o_orderdate,
     o_orderpriority, o_clerk, o_shippriority, o_comment, _loaded_at)
from (
    select
        $1, $2, $3, $4, $5, $6, $7, $8, $9,
        current_timestamp()
    from @ANALYTICS_PROD.RAW.tpch_stage/orders/
)
file_format = (format_name = ANALYTICS_PROD.RAW.tpch_csv)
pattern = '.*orders.*[.]tbl'
on_error = 'skip_file';

$1…$9 are the positional columns from each row; current_timestamp() stamps the moment Snowflake loaded it. The pattern is a regex that scopes the load to just the orders files under that stage prefix, so one shared bucket can feed every raw table without cross-contamination. If you also want lineage — which file did this row come from — Snowflake exposes it as metadata$filename, and you can carry it into a _source_file column the same way. _loaded_at answers “how fresh,” metadata$filename answers “from where”; together they make a raw table debuggable.

Idempotent by default (and how to break it on purpose)

Here’s the property that makes COPY INTO safe to re-run, which matters enormously once Airflow is retrying tasks: Snowflake remembers which files it already loaded. Every COPY records the files it consumed in the table’s load metadata, and it keeps that history for 64 days. Point the same COPY at the same stage again and it skips every file it’s already seen — a retried task re-loads nothing, a re-run after a partial failure only picks up the new files. You get idempotency for free, keyed on file identity, without writing a line of dedup logic.

Two escape hatches are worth knowing. FORCE = TRUE overrides the skip and re-loads everything — occasionally what you want after truncating a table, usually a foot-gun that produces duplicates, so reach for it deliberately. And before a big first load, VALIDATION_MODE = 'RETURN_ERRORS' runs the COPY as a dry run: it parses every file, returns the rows it would reject, and writes nothing. It’s the cheapest way to catch a wrong delimiter or an off-by-one column list before you’ve loaded a million bad rows.

The other lever is what happens when a row won’t parse. ON_ERROR decides:


	ABORT_STATEMENT (the default) — one bad row fails the entire load. Correct when the file is supposed to be clean and a parse error means something is badly wrong upstream.

	CONTINUE — skip the offending rows, load the rest. Maximizes throughput, quietly drops data.

	SKIP_FILE — skip the whole file if it has any errors (or SKIP_FILE_5 / SKIP_FILE_5% for a threshold). The middle ground most batch loads want: a poisoned file doesn’t taint the load, and it doesn’t half-load either.



There’s no universally right answer — it’s a contract decision. A financial feed wants ABORT_STATEMENT and a human paged. A high-volume event firehose wants SKIP_FILE and a dashboard.

Watching the load

A load you can’t inspect is a load you don’t trust. Two views cover it. For recent activity, COPY_HISTORY in INFORMATION_SCHEMA is a table function scoped to one table:

select file_name, status, row_count, row_parsed, error_count, last_load_time
from table(information_schema.copy_history(
    table_name => 'ANALYTICS.RAW.ORDERS',
    start_time => dateadd('hour', -24, current_timestamp())
));

For a wider window there’s SNOWFLAKE.ACCOUNT_USAGE.COPY_HISTORY (account-level, up to 365 days, with the usual latency). And when a specific COPY rejected rows, validate() replays exactly what went wrong:

select * from table(validate(ANALYTICS_PROD.RAW.orders, job_id => '_last'));

That gives you the file, the row, the column, and the error for every rejection from the last load — the difference between “the load logged 400 errors” and “line 88,203 of orders_03.tbl has a date Snowflake can’t parse.”

Snowpipe: the same load, continuously

COPY INTO is a batch verb — you run it, it loads what’s there, it stops. When files arrive continuously and you want them loaded within a minute or two of landing rather than on the next scheduled run, that’s Snowpipe. A pipe is a named, saved COPY statement that Snowflake runs for you when new files show up:

create pipe ANALYTICS_PROD.RAW.orders_pipe
    auto_ingest = true
as
copy into ANALYTICS_PROD.RAW.orders
    (o_orderkey, o_custkey, o_orderstatus, o_totalprice, o_orderdate,
     o_orderpriority, o_clerk, o_shippriority, o_comment, _loaded_at)
from (
    select $1, $2, $3, $4, $5, $6, $7, $8, $9, current_timestamp()
    from @ANALYTICS_PROD.RAW.tpch_stage/orders/
)
file_format = (format_name = ANALYTICS_PROD.RAW.tpch_csv);

AUTO_INGEST = TRUE wires the pipe to cloud event notifications: you run desc pipe orders_pipe, take the notification_channel SQS ARN it returns, and configure your S3 bucket to publish s3:ObjectCreated events to it. Now every new object in the stage triggers the pipe automatically — no scheduler involved. (There’s also a REST path via insertFiles if you’d rather push notifications yourself.) Snowpipe is serverless. It runs on Snowflake-managed compute, billed per-file rather than by a warehouse you keep awake, which is exactly the right cost model for a trickle of files arriving at odd hours.

The trade-off is orchestration visibility. A pipe fires outside Airflow, so it doesn’t update an Airflow asset — which is a problem for us, because the entire point of this chapter is producing the asset that triggers the transform DAG. Two ways to reconcile that. Keep the load inside Airflow as a COPY task, which is what we do below and the cleanest loop. Or let Snowpipe do the loading, and add a small Airflow task that watches a stream on raw.orders and emits the asset when new rows appear. For a daily-batch TPCH pipeline, batch COPY in Airflow is the honest fit. Save Snowpipe for the genuinely event-shaped feeds.

Where a managed EL tool fits

Everything above is you hand-rolling extraction and load. The industry mostly doesn’t — it buys it. Fivetran, Airbyte, and their kin are managed EL tools: you point a connector at a source (a Postgres database, Stripe, Salesforce, a SaaS API), and it handles extraction, schema detection, incremental syncs, and schema drift, landing the result in your warehouse. What they land is still a raw schema of source-shaped tables — the contract downstream is identical. dbt neither knows nor cares whether raw.orders arrived via Fivetran or via a COPY you wrote; it sees a table with columns and a load timestamp.

So when do you still hand-roll COPY INTO? When you already have files in a bucket and no connector is involved — a partner drops a nightly extract in S3, and there’s nothing to “connect” to. When the source is bespoke enough that no connector exists. When the volume is large enough that a per-row-priced connector gets expensive and a COPY off a bucket is nearly free. And for one-time bulk backfills, where standing up a connector to load history once is more work than a COPY with a pattern. The rule of thumb: buy the connectors for the long tail of SaaS sources where drift and API churn would eat your week; hand-roll the file loads where you already own the files and want the control. Either way, raw looks the same, and so does the producer’s job — land the data, then tell the rest of the stack it arrived.

Closing the loop: the producer DAG

Now the payoff. The transform DAG waits on Asset("snowflake://analytics_prod/raw/orders"). To make it fire, some task somewhere has to declare that asset in its outlets and succeed. That task is a COPY INTO running on the same snowflake_default connection every Snowflake step in this book has used:

from datetime import datetime
from airflow.sdk import dag, Asset
from airflow.providers.common.sql.operators.sql import SQLExecuteQueryOperator

RAW_ORDERS = Asset("snowflake://analytics_prod/raw/orders")

COPY_ORDERS = """
copy into ANALYTICS_PROD.RAW.orders
    (o_orderkey, o_custkey, o_orderstatus, o_totalprice, o_orderdate,
     o_orderpriority, o_clerk, o_shippriority, o_comment, _loaded_at)
from (
    select $1, $2, $3, $4, $5, $6, $7, $8, $9, current_timestamp()
    from @ANALYTICS_PROD.RAW.tpch_stage/orders/
)
file_format = (format_name = ANALYTICS_PROD.RAW.tpch_csv)
pattern = '.*orders.*[.]tbl'
on_error = 'skip_file';
"""

@dag(schedule="@hourly", start_date=datetime(2026, 6, 1), catchup=False)
def ingest_raw_orders():
    SQLExecuteQueryOperator(
        task_id="copy_into_orders",
        conn_id="snowflake_default",
        sql=COPY_ORDERS,
        outlets=[RAW_ORDERS],
    )

ingest_raw_orders()

That outlets=[RAW_ORDERS] is the entire mechanism. When copy_into_orders succeeds, Airflow materializes the asset — records a new update — and any DAG scheduled on it wakes up. The transform DAG from chapter 6 is scheduled on exactly this asset, so the sequence is now complete end to end. Files land in the stage, this hourly DAG COPYs them into raw.orders, the asset updates, and the Cosmos-rendered dbt pipeline runs because the orders arrived — not because a clock struck. If ingest is late, the transform waits. If ingest lands nothing new (the COPY skips already-loaded files but the task still succeeds), the transform still fires but the incremental models process an empty delta — cheap and harmless.

A word on which warehouse runs that COPY. The snowflake_default connection defaults to the transforming warehouse, and a load will run there perfectly well — but loading and transforming are different workloads with different shapes, and the cost chapter later in this book makes the case for splitting them. A loading warehouse sized XSMALL is usually plenty for COPY, which is I/O-bound rather than compute-bound; you don’t need a big warehouse to parse files. Keeping loads off the transform warehouse also stops a heavy dbt build and a bulk load from queuing behind each other on the same compute. You can steer a single task’s warehouse without touching the connection by prefixing the SQL — use warehouse loading; copy into ... — or, cleaner, by giving ingest its own connection whose default warehouse is loading. Same key pair, same account, different compute lane.

One detail is doing all the work and it’s easy to miss: the URI is an opaque string, and it must match byte-for-byte. snowflake://analytics_prod/raw/orders here has to be character-identical to the string chapter 6 passed to Asset(...). Airflow never parses that URI, never connects to Snowflake through it, never validates it points anywhere real — it’s just a name two DAGs agree on. Producer and consumer are wired together entirely by string equality. Fat-finger raw/order in one place and the two DAGs silently never talk, with no error to tell you why. In a real project you’d define the Asset once in a shared module and import it into both DAGs, precisely so the string can’t drift.

You rarely load just one table. Real ingest fans the pattern out — a COPY task per raw table, each with its own outlet — and the transform DAG decides how many of those it waits on. Airflow 3.x lets you combine assets in a schedule: schedule=[orders, lineitem, customer] is an implicit all-of (the transform waits for every one to update), while schedule=(orders & lineitem) | reload expresses richer logic — build when the two fact-ish tables both refresh, or whenever a manual reload asset is poked. For TPCH the natural shape is “wait for orders and lineitem, treat the slow-moving dimension tables as best-effort,” so the fact loads gate the run and a stale nation doesn’t block anything. The producer side stays dead simple regardless: each COPY task declares its one outlet, and the scheduling logic lives entirely in the consumer’s schedule=. You can also emit richer signal than “it happened” by running the COPY through a TaskFlow task, reading back the rows the load reported, and attaching that as asset metadata:

from airflow.sdk import task, Metadata
from airflow.providers.snowflake.hooks.snowflake import SnowflakeHook

@task(outlets=[RAW_ORDERS])
def copy_into_orders():
    hook = SnowflakeHook(snowflake_conn_id="snowflake_default")
    # COPY returns one row per file: name, status, rows_parsed, rows_loaded, ...
    results = hook.get_records(COPY_ORDERS)
    loaded = sum(row[3] for row in results)   # rows_loaded column
    files = len(results)
    yield Metadata(RAW_ORDERS, {"rows_loaded": loaded, "files_loaded": files})

Now the asset event carries how many rows landed, visible in the Airflow UI next to the update — the difference between “orders refreshed” and “orders refreshed: 12,480 rows across 3 files.”

The raw-to-staging contract

_loaded_at isn’t decoration. It’s the term in the contract that lets the transform layer reason about freshness without knowing anything about how the data got here. dbt formalizes it in the source definition. Remember that in chapter 5 staging read from the SNOWFLAKE_SAMPLE_DATA share; in production it reads from your own raw schema, and the source declaration is where you also state your freshness expectations:

# models/staging/_tpch__sources.yml
sources:
  - name: raw
    database: analytics
    schema: raw
    loaded_at_field: _loaded_at
    freshness:
      warn_after: {count: 12, period: hour}
      error_after: {count: 24, period: hour}
    tables:
      - name: orders
      - name: lineitem
      - name: customer
      - name: nation
      - name: region

loaded_at_field: _loaded_at tells dbt which column marks arrival time. The freshness block turns that into an SLA: dbt source freshness runs select max(_loaded_at) from ANALYTICS_PROD.RAW.orders, compares it to now, and warns if the newest row is over 12 hours old, errors if it’s over 24. Warn logs and keeps going; error fails the check — so you can gate the transform DAG on it and refuse to build marts on top of stale raw data rather than publishing yesterday’s numbers as though they were today’s. On a big table you’d add a filter: to the freshness config so that max() scan stays cheap, and per-table overrides let a fast-moving orders demand tighter freshness than a nation table that changes once a year.

The staging model then reads raw through source(), exactly as it read the sample share — the only change is the source name:

-- models/staging/stg_orders.sql
select
    o_orderkey    as order_id,
    o_custkey     as customer_id,
    o_orderstatus as status,
    o_totalprice  as total_price,
    o_orderdate   as order_date
from {{ source('raw', 'orders') }}

Notice staging drops _loaded_at — it’s raw-layer metadata, not a business column, and nothing downstream should join on it. It exists to answer freshness and to debug “when did this row arrive,” and its job ends at the source boundary.

A contract is more than a timestamp, though, and the honest version writes down the rest. Is raw.orders append-only, or does each load fully replace the table? That determines whether staging can trust that a missing key means a deleted order or just a not-yet-loaded one — TPCH batch files are append-and-update, so deletes aren’t represented at all, and any “soft delete” logic has to come from a status column, not from absence. How does schema drift show up? With hand-rolled COPY and a fixed column list, a new source column is silently ignored until you widen the list — safe but invisible; with a managed EL tool, new columns usually appear automatically, which is convenient until an unexpected one breaks a downstream assumption. None of these have a universally right answer. What matters is that the contract states one, so the person debugging a stale mart at 2 a.m. knows whether they’re looking at a load that didn’t run, a delete that isn’t represented, or a column that drifted.

Final thoughts

The sample-data share let us pretend raw data is free and always fresh. It isn’t. Something lands it, on a cadence, with a shape and a freshness and an error policy — and every one of those is a decision you make, not a default you inherit. The load itself is almost anticlimactic: a file format, a stage, one COPY INTO, idempotent because Snowflake remembers the files it’s seen. The engineering is in the seams around it. _loaded_at and a source freshness SLA turn “is this data current?” from a guess into a query. The outlets=[Asset(...)] on the load task turns “did ingest finish?” from a Slack message into a trigger. That single outlet is what finally makes the whole stack one connected graph instead of two DAGs that happen to touch the same table and hope their timers line up — the producer announces the data arrived, and the transform runs because it did. The asset was always there waiting to be produced. Now something produces it.





Environments and RBAC Across the Stack

A stack has more than one environment even if the repo has one branch. Developers need somewhere to build that nobody else can see. CI needs a schema it can throw away after every pull request. Production needs grants that don’t move. And all three have to touch the same warehouse without stepping on each other or leaking data sideways.

Up to now this book has run everything as one identity into one place — svc_dbt writing to a DBT_TPCH schema, svc_airflow loading raw. That’s fine for a proof of concept and a liability in production, where a single incident exposes the whole shortcut. Every table owned by the wrong role, every dashboard pointed at a developer’s scratch schema, and no way to tell from Snowflake’s side who ran the query that spiked the bill. This chapter fixes that before it happens. Two databases, a dbt macro that keeps them straight, per-developer sandboxes, and a Snowflake grant model that says exactly who can read raw, who can write marts, and who can only look.

Two databases, one shape

The first decision is where dev and prod live. There are three options and only one is right for a small stack.

You can split by account — a whole separate Snowflake account for non-prod. That’s real isolation, and it’s overkill for one team: separate billing, separate users, separate everything to keep in sync, and you still need cross-account shares to test against prod-shaped data. You can split by schema inside one database — raw, staging, marts for prod and raw_dev, staging_dev for dev. That keeps one database but smears the environment into schema names, so a fully-qualified table like ANALYTICS.MARTS.orders no longer tells you whether it’s real. Or you can split by database: ANALYTICS_DEV and ANALYTICS_PROD, each with the same three schemas — RAW, STAGING, MARTS.

The database split is the sweet spot. The environment is the first identifier in every path, so ANALYTICS_PROD.MARTS.orders and ANALYTICS_DEV.MARTS.orders are unmistakably different things that are otherwise structurally identical. A grant scoped to ANALYTICS_PROD can’t accidentally reach dev. Tearing down a dev environment is DROP DATABASE ANALYTICS_DEV — one statement, no risk of clipping a prod schema that lived next door. And because the schema layout is identical across both, the same dbt project, the same models, the same ref() graph run against either one with nothing changed but the database name. That last property is the whole point: the environment is a coordinate, not a code path.

Where dbt puts things: generate_schema_name

dbt has an opinion about schema names that surprises everyone once. When a model sets +schema: marts, dbt does not build into a schema called marts. It calls a macro, generate_schema_name, and the built-in version concatenates your target schema with the custom one. If your profile’s schema: is dbt_prod and the model says marts, the table lands in dbt_prod_marts. That default exists to keep two developers who share a database from colliding, and it’s exactly wrong for a clean production layout, where you want the schema to be MARTS, full stop.

So every serious dbt project overrides it. Drop this in macros/generate_schema_name.sql:

{% macro generate_schema_name(custom_schema_name, node) -%}

    {%- if target.name == 'prod' -%}
        {{ custom_schema_name | trim }}

    {%- elif custom_schema_name is none -%}
        {{ target.schema }}

    {%- else -%}
        {{ target.schema }}_{{ custom_schema_name | trim }}

    {%- endif -%}

{%- endmacro %}

Read it as three cases. In prod, use the custom schema verbatim — a model tagged marts builds into MARTS, no prefix. In every other target, a model with no custom schema builds into the profile’s own schema:, and a model with a custom schema gets the concatenated form. The environment is decided entirely by target.name, which is the hook the rest of this chapter pulls on.

Pair it with the schema config in dbt_project.yml:

models:
  tpch:
    staging:
      +schema: staging
    marts:
      +schema: marts

Now the outcome depends only on which target you run:


























	Model	target: prod (schema PROD)	target: dev (schema dbt_alice)
	stg_orders	ANALYTICS_PROD.STAGING	ANALYTICS_DEV.dbt_alice_staging
	orders (mart)	ANALYTICS_PROD.MARTS	ANALYTICS_DEV.dbt_alice_marts
	an un-tagged model	ANALYTICS_PROD.PROD	ANALYTICS_DEV.dbt_alice


Prod gets clean, stable schema names that a BI tool and a grant can rely on. Dev gets everything tucked under a per-developer prefix so nobody clobbers anybody. Same models, same macro — the only variable is the target.

Per-developer sandboxes

The dev column above hints at the pattern: every developer builds into a schema named after them. Alice’s models live in dbt_alice*, Bob’s in dbt_bob*, and neither can overwrite the other’s orders table because they’re in different schemas of the same ANALYTICS_DEV database. The way you get there is to make the profile’s schema: a per-developer value instead of a constant:

tpch:
  target: dev
  outputs:
    dev:
      type: snowflake
      account: "{{ env_var('SNOWFLAKE_ACCOUNT') }}"
      user: "{{ env_var('SNOWFLAKE_USER') }}"
      role: developer
      private_key_path: "{{ env_var('SNOWFLAKE_KEY_PATH') }}"
      private_key_passphrase: "{{ env_var('SNOWFLAKE_KEY_PASSPHRASE') }}"
      warehouse: TRANSFORMING_WH
      database: ANALYTICS_DEV
      schema: "dbt_{{ env_var('USER') }}"
      threads: 8

schema: "dbt_{{ env_var('USER') }}" reads the developer’s shell username, so Alice’s checkout resolves to dbt_alice and Bob’s to dbt_bob from the same committed profiles.yml. Note the user: and key come from the environment too — in dev each developer authenticates as themselves, with their own Snowflake login and their own key, not through the shared svc_dbt service user. That keeps QUERY_HISTORY honest even in development: a runaway query in a sandbox is attributable to a person.

For dbt to create dbt_alice on the fly, the developer role needs CREATE SCHEMA on ANALYTICS_DEV — dbt makes the schema if it’s missing on the first build. That grant is deliberately a dev-only privilege; the production transformer role, as we’ll see, gets no CREATE SCHEMA, because prod’s three schemas already exist and nothing should be inventing new ones at 2 a.m.

Two habits make sandboxes cheap to live with. First, dbt build --defer --state ./prod-artifacts lets Alice build only the handful of models she’s changed and resolve every unchanged ref() against production instead of rebuilding the whole warehouse into her sandbox — the same slim-CI trick from the production chapter, applied to a laptop. Second, sandboxes are disposable by construction: DROP SCHEMA ANALYTICS_DEV.dbt_alice CASCADE when she’s done, or a scheduled job that drops any dbt_* schema untouched for thirty days. Because the whole sandbox is one schema prefix, cleanup is one statement, not archaeology.

Cosmos picks the environment: target_name

Local dbt reads target: from profiles.yml. Airflow doesn’t run dbt that way — Cosmos builds the profile in memory from a connection, so it has to say which target this DAG is. That’s the target_name on ProfileConfig, and it’s the single dial that threads the environment all the way from Airflow through dbt into the schema macro and the grant model:

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


def tpch_dag(dag_id, target_name, conn_id, database):
    return DbtDag(
        dag_id=dag_id,
        project_config=ProjectConfig("/opt/airflow/dbt/tpch"),
        execution_config=ExecutionConfig(
            dbt_executable_path="/opt/airflow/dbt-venv/bin/dbt",
        ),
        profile_config=ProfileConfig(
            profile_name="tpch",
            target_name=target_name,
            profile_mapping=SnowflakePrivateKeyFileProfileMapping(
                conn_id=conn_id,
                profile_args={"database": database, "schema": "PROD"},
            ),
        ),
        schedule="@daily",
        start_date=datetime(2026, 6, 1),
        catchup=False,
    )


prod = tpch_dag("tpch_prod", "prod", "snowflake_prod", "ANALYTICS_PROD")
ci = tpch_dag("tpch_ci", "ci", "snowflake_ci", "ANALYTICS_DEV")

target_name="prod" sets target.name to prod inside every model, so the macro’s first branch fires and marts land in ANALYTICS_PROD.MARTS. The connection behind snowflake_prod logs in as svc_dbt with the transformer role. Swap the three arguments and the same project runs as a CI job into ANALYTICS_DEV under whatever identity snowflake_ci carries — the profile mapping reads the account, user, role, and key from the connection, and profile_args overlays the database. Nothing on disk changes between environments; the DAG factory is the environment map, expressed once in code. Which brings us to the identities themselves.

Functional roles vs access roles

Snowflake’s grant system is a graph — privileges go to roles, roles go to other roles, roles go to users — and the mistake everyone makes early is granting privileges straight to the role a user assumes. It works, and it rots. Six months later transformer has forty grants scattered across three databases, half of them added for a one-off, and nobody can say what removing one would break.

The pattern that survives is two layers of roles. Access roles are bundles of object privileges, and nothing else — “read the marts schema”, “write the raw schema”. They map one-to-one onto a thing you can do to a specific object, and they’re never granted to a user. Functional roles represent a job — ingest, transformer, reporter — and hold no direct object grants at all. They’re assembled by granting the access roles they need. Users only ever get functional roles.

The indirection buys two things. Auditing “who can read MARTS?” becomes “which functional roles hold ar_prod_marts_r?” — a single question with a list answer, instead of a crawl through every role’s grants. And composing a new job is granting existing access roles, not re-deriving privileges: a “read marts and staging” analyst role is two GRANT ROLE statements, reusing bundles you already trust.

The last piece of the convention is the top: every functional role is granted to SYSADMIN. SYSADMIN is Snowflake’s built-in role for managing objects, and because role grants inherit privileges upward, granting ingest, transformer, and reporter to SYSADMIN means SYSADMIN can do anything any of them can. An admin can then manage, test, and troubleshoot every environment from one role, without anyone handing out ACCOUNTADMIN. Skip that grant and you get orphaned roles that only their service users can exercise, which is how you end up debugging prod as a bot.

Three jobs, three roles

The reason the stack needs distinct roles isn’t tidiness — it’s that ingest, transform, and read are genuinely different jobs with different blast radii, and collapsing them means the thing that loads a file can also drop a mart.

ingest writes raw and nothing else. Whatever lands bytes in Snowflake — svc_ingest running COPY INTO, or a Fivetran/Airbyte service user — needs USAGE on the database and the RAW schema, CREATE TABLE to land into, and USAGE + OPERATE on the loading warehouse. It has no grant anywhere near STAGING or MARTS. If an ingestion job goes haywire, the worst it can touch is raw, which is by definition reproducible from the source.

transformer reads raw and owns staging and marts. This is dbt’s role. It needs SELECT on RAW (its sources), and CREATE TABLE + CREATE VIEW on STAGING and MARTS (its outputs) — dbt decides table-vs-view per model, so it needs both. It gets USAGE + OPERATE on the transforming warehouse. Crucially it holds no INSERT on raw: dbt reads raw, it does not write it, and a role that can’t write raw can’t corrupt the source of truth no matter what a model does.

reporter only selects marts. The BI tool’s service user and human analysts assume this. It gets USAGE on the database and MARTS schema, SELECT on the tables and views there, and USAGE + OPERATE on a reporting warehouse — so dashboard queries run on separate compute from the pipeline and can’t slow a build. It has no path to raw or staging at all. A dashboard cannot read a half-built intermediate table because it was never granted the schema, and a curious analyst cannot query personally-identifiable columns that never made it out of raw.

The privileges themselves are worth naming precisely, because they’re the vocabulary of every grant below:


	USAGE on a warehouse lets a role submit queries to it; OPERATE lets it resume, suspend, and (with MODIFY) resize. Reader roles get USAGE and OPERATE but not MODIFY — they can wake a warehouse, not resize it.

	USAGE on a database and schema is the price of admission — without it, a role can’t even see the objects inside, let alone query them. Every grant below starts here.

	CREATE TABLE / CREATE VIEW on a schema lets a role build new objects in it, and the role becomes the owner of what it builds.

	SELECT on tables and views is read. Nothing more.



Future grants and managed access

There’s a gap in the model as described, and it’s the one that bites every stack that skips this section. reporter has SELECT on the tables in MARTS today. Tomorrow dbt ships a new model, revenue_by_region, and creates a brand-new table. Who granted reporter access to it? Nobody. SELECT ON ALL TABLES grants on the tables that existed when you ran it — it is not a standing rule. So the dashboard 404s on the new mart until someone re-runs the grant, and now every dbt deploy has a manual “and don’t forget to re-grant” step that someone will forget.

Future grants are the standing rule. GRANT SELECT ON FUTURE TABLES IN SCHEMA ANALYTICS_PROD.MARTS TO ROLE reporter says: any table created here from now on is automatically readable by reporter. dbt builds revenue_by_region, and reporter can query it the instant it exists, no human in the loop. You grant both — ALL for what’s already there, FUTURE for everything to come, and VIEWS as well as TABLES because dbt materializes either:

GRANT SELECT ON ALL    TABLES IN SCHEMA ANALYTICS_PROD.MARTS TO ROLE reporter;
GRANT SELECT ON FUTURE TABLES IN SCHEMA ANALYTICS_PROD.MARTS TO ROLE reporter;
GRANT SELECT ON ALL    VIEWS  IN SCHEMA ANALYTICS_PROD.MARTS TO ROLE reporter;
GRANT SELECT ON FUTURE VIEWS  IN SCHEMA ANALYTICS_PROD.MARTS TO ROLE reporter;

That closes the loop — but it opens a subtler question about ownership. When transformer creates a table, transformer owns it, and in plain Snowflake an object’s owner can grant privileges on it to anyone. So dbt, mid-run, technically holds the power to hand out access to the marts it builds. You almost certainly don’t want the transform role to also be a grant-management role; that’s authority creep hiding in a CREATE TABLE.

The fix is managed access schemas. Create the schema WITH MANAGED ACCESS and Snowflake takes grant authority away from object owners and centralizes it on the schema owner (plus roles with MANAGE GRANTS). Now transformer can still create and own marts — it just can’t grant on them. Only the central admin decides who reads MARTS, and it decides once, via the future grant. Ownership stops implying the right to share:

CREATE SCHEMA IF NOT EXISTS ANALYTICS_PROD.MARTS WITH MANAGED ACCESS;

Managed access and future grants are the pair that makes a self-serve pipeline safe: dbt builds freely, the reader role reads automatically, and nobody can widen access as a side effect of shipping a model.

The worked script

Here’s the whole thing for production, in the order Snowflake wants it — objects as SYSADMIN, roles and grants as SECURITYADMIN (which carries MANAGE GRANTS), users as USERADMIN. Run it once and the RBAC model above is real.

-- ── Compute and storage (SYSADMIN owns the objects) ───────────────
USE ROLE SYSADMIN;

CREATE WAREHOUSE IF NOT EXISTS LOADING_WH
  WAREHOUSE_SIZE = 'XSMALL' AUTO_SUSPEND = 60 AUTO_RESUME = TRUE
  INITIALLY_SUSPENDED = TRUE;
CREATE WAREHOUSE IF NOT EXISTS TRANSFORMING_WH
  WAREHOUSE_SIZE = 'SMALL'  AUTO_SUSPEND = 60 AUTO_RESUME = TRUE
  INITIALLY_SUSPENDED = TRUE;
CREATE WAREHOUSE IF NOT EXISTS REPORTING_WH
  WAREHOUSE_SIZE = 'XSMALL' AUTO_SUSPEND = 60 AUTO_RESUME = TRUE
  INITIALLY_SUSPENDED = TRUE;

CREATE DATABASE IF NOT EXISTS ANALYTICS_PROD;
CREATE SCHEMA IF NOT EXISTS ANALYTICS_PROD.RAW;
CREATE SCHEMA IF NOT EXISTS ANALYTICS_PROD.STAGING WITH MANAGED ACCESS;
CREATE SCHEMA IF NOT EXISTS ANALYTICS_PROD.MARTS   WITH MANAGED ACCESS;

-- ── Access roles: object privileges, nothing else ─────────────────
USE ROLE SECURITYADMIN;

CREATE ROLE IF NOT EXISTS ar_prod_raw_w;       -- write raw   (ingest)
CREATE ROLE IF NOT EXISTS ar_prod_raw_r;       -- read raw    (transform)
CREATE ROLE IF NOT EXISTS ar_prod_staging_all; -- build staging
CREATE ROLE IF NOT EXISTS ar_prod_marts_all;   -- build marts
CREATE ROLE IF NOT EXISTS ar_prod_marts_r;     -- read marts  (reporter)

-- write raw
GRANT USAGE ON DATABASE ANALYTICS_PROD          TO ROLE ar_prod_raw_w;
GRANT USAGE ON SCHEMA   ANALYTICS_PROD.RAW      TO ROLE ar_prod_raw_w;
GRANT CREATE TABLE ON SCHEMA ANALYTICS_PROD.RAW TO ROLE ar_prod_raw_w;

-- read raw
GRANT USAGE ON DATABASE ANALYTICS_PROD     TO ROLE ar_prod_raw_r;
GRANT USAGE ON SCHEMA   ANALYTICS_PROD.RAW TO ROLE ar_prod_raw_r;
GRANT SELECT ON ALL    TABLES IN SCHEMA ANALYTICS_PROD.RAW TO ROLE ar_prod_raw_r;
GRANT SELECT ON FUTURE TABLES IN SCHEMA ANALYTICS_PROD.RAW TO ROLE ar_prod_raw_r;

-- build staging (transformer owns what it creates here)
GRANT USAGE ON DATABASE ANALYTICS_PROD         TO ROLE ar_prod_staging_all;
GRANT USAGE ON SCHEMA   ANALYTICS_PROD.STAGING TO ROLE ar_prod_staging_all;
GRANT CREATE TABLE, CREATE VIEW ON SCHEMA ANALYTICS_PROD.STAGING
  TO ROLE ar_prod_staging_all;

-- build marts
GRANT USAGE ON DATABASE ANALYTICS_PROD       TO ROLE ar_prod_marts_all;
GRANT USAGE ON SCHEMA   ANALYTICS_PROD.MARTS TO ROLE ar_prod_marts_all;
GRANT CREATE TABLE, CREATE VIEW ON SCHEMA ANALYTICS_PROD.MARTS
  TO ROLE ar_prod_marts_all;

-- read marts, now and forever (the future grant that matters)
GRANT USAGE ON DATABASE ANALYTICS_PROD       TO ROLE ar_prod_marts_r;
GRANT USAGE ON SCHEMA   ANALYTICS_PROD.MARTS TO ROLE ar_prod_marts_r;
GRANT SELECT ON ALL    TABLES IN SCHEMA ANALYTICS_PROD.MARTS TO ROLE ar_prod_marts_r;
GRANT SELECT ON FUTURE TABLES IN SCHEMA ANALYTICS_PROD.MARTS TO ROLE ar_prod_marts_r;
GRANT SELECT ON ALL    VIEWS  IN SCHEMA ANALYTICS_PROD.MARTS TO ROLE ar_prod_marts_r;
GRANT SELECT ON FUTURE VIEWS  IN SCHEMA ANALYTICS_PROD.MARTS TO ROLE ar_prod_marts_r;

-- ── Functional roles: jobs, assembled from access roles ───────────
CREATE ROLE IF NOT EXISTS ingest;
CREATE ROLE IF NOT EXISTS transformer;
CREATE ROLE IF NOT EXISTS reporter;

GRANT ROLE ar_prod_raw_w       TO ROLE ingest;
GRANT ROLE ar_prod_raw_r       TO ROLE transformer;
GRANT ROLE ar_prod_staging_all TO ROLE transformer;
GRANT ROLE ar_prod_marts_all   TO ROLE transformer;
GRANT ROLE ar_prod_marts_r     TO ROLE reporter;

-- compute per job
GRANT USAGE, OPERATE ON WAREHOUSE LOADING_WH      TO ROLE ingest;
GRANT USAGE, OPERATE ON WAREHOUSE TRANSFORMING_WH TO ROLE transformer;
GRANT USAGE, OPERATE ON WAREHOUSE REPORTING_WH    TO ROLE reporter;

-- roll every job up to SYSADMIN so admins can manage it
GRANT ROLE ingest      TO ROLE SYSADMIN;
GRANT ROLE transformer TO ROLE SYSADMIN;
GRANT ROLE reporter    TO ROLE SYSADMIN;

-- ── Identities: users get functional roles only ──────────────────
USE ROLE USERADMIN;

CREATE USER IF NOT EXISTS svc_ingest
  DEFAULT_ROLE = ingest DEFAULT_WAREHOUSE = LOADING_WH;
CREATE USER IF NOT EXISTS svc_dbt
  DEFAULT_ROLE = transformer DEFAULT_WAREHOUSE = TRANSFORMING_WH;

USE ROLE SECURITYADMIN;
GRANT ROLE ingest      TO USER svc_ingest;
GRANT ROLE transformer TO USER svc_dbt;
GRANT ROLE reporter    TO USER bi_service;   -- BI tool
GRANT ROLE reporter    TO USER analyst_alice; -- and humans who read

Dev is the same shape with two deliberate differences — no managed access on the schemas (developers iterate too fast to route every grant through an admin), and a developer role that can make sandbox schemas:

USE ROLE SYSADMIN;
CREATE DATABASE IF NOT EXISTS ANALYTICS_DEV;
CREATE SCHEMA   IF NOT EXISTS ANALYTICS_DEV.RAW;

USE ROLE SECURITYADMIN;
CREATE ROLE IF NOT EXISTS developer;

GRANT USAGE        ON DATABASE ANALYTICS_DEV TO ROLE developer;
GRANT CREATE SCHEMA ON DATABASE ANALYTICS_DEV TO ROLE developer;  -- dbt_<name>
GRANT USAGE ON SCHEMA ANALYTICS_DEV.RAW      TO ROLE developer;
GRANT SELECT ON ALL    TABLES IN SCHEMA ANALYTICS_DEV.RAW TO ROLE developer;
GRANT SELECT ON FUTURE TABLES IN SCHEMA ANALYTICS_DEV.RAW TO ROLE developer;
GRANT USAGE, OPERATE ON WAREHOUSE TRANSFORMING_WH TO ROLE developer;

GRANT ROLE developer TO ROLE SYSADMIN;
GRANT ROLE developer TO USER dev_alice;
GRANT ROLE developer TO USER dev_bob;

CREATE SCHEMA is what lets dbt spin up dbt_alice on first build; ownership of that schema then gives Alice full rein inside it and nowhere else. The production transformer role, by contrast, never gets CREATE SCHEMA — prod’s three schemas are fixed, and a role that can’t create schemas can’t scatter half-built experiments across the production database.

Final thoughts

The environment map isn’t a diagram you draw once and file away — it’s a set of grants that either exist or don’t. Write it down as a table anyway: for dev, CI, and prod, the database, the schema rule, the role, the warehouse, the secret path, and who owns it. That table is the spec; the script above is the implementation; generate_schema_name and Cosmos’s target_name are what keep code and spec pointing at the same place.

The payoff shows up the day something goes wrong, which is the only day RBAC design ever gets tested. A query spikes the bill and QUERY_HISTORY names the exact service user. A dashboard breaks and it’s obviously reporter missing a grant, not a mystery. A developer’s experiment stays in dbt_alice and never leaks into a mart. None of that is luck — it’s the difference between three roles that mean three things and one role that means “everything”, decided months earlier in a script nobody had to touch again. Get the boundaries right while the stack is small, because the first incident is exactly when you’ll have no time to draw them.





Warehouses and Cost in Production

Every model in this pipeline runs on Snowflake compute, and Cosmos points all of it at whatever warehouse the Airflow connection names. That’s a fine default and a terrible steady state. A select over a source table and a window function across the full lineitem history are not the same shape of work, and they should not run on the same size of machine. When the monthly credit number moves, you want to name the model that moved it, not shrug at a warehouse ten workloads share. This chapter is about making compute a dial you set per model, tagging every query so a credit traces back to the work that spent it, and installing the guardrails that stop a broken incremental from teaching you the cost lesson at production scale. The Snowflake series covered the credit model, resource monitors, and account usage views as concepts; here they stop being concepts and become config in a dbt_project.yml and a macro in macros/.

One warehouse per shape of work

Snowflake warehouses are sized by doubling — XS is one credit an hour, S is two, M four, L eight — and billed per second past a sixty-second minimum. That pricing makes the obvious mistake expensive: running thin staging models on the same warehouse as a heavy mart means either you oversize the warehouse and pay M rates for a select *, or you undersize it and the mart spills to remote storage and crawls. The fix is to stop thinking about a warehouse and start thinking about a small fleet of them, each matched to a workload.

Create two, sized for the two ends of your DAG:

CREATE WAREHOUSE transform_xs
  WAREHOUSE_SIZE = 'XSMALL'
  AUTO_SUSPEND = 60 AUTO_RESUME = TRUE
  INITIALLY_SUSPENDED = TRUE;

CREATE WAREHOUSE transform_l
  WAREHOUSE_SIZE = 'LARGE'
  AUTO_SUSPEND = 60 AUTO_RESUME = TRUE
  INITIALLY_SUSPENDED = TRUE;

AUTO_SUSPEND = 60 parks each one a minute after the last query, so between DAG runs neither idles on the clock; AUTO_RESUME wakes it on the next statement. Now you need a way to send stg_orders to the small one and orders_enriched to the large one without editing a line of SQL — and dbt has exactly that config.

You set it declaratively in dbt_project.yml, folder by folder, so the routing is a property of where a model lives rather than something scattered through model files:

models:
  tpch:
    staging:
      +snowflake_warehouse: TRANSFORM_XS
    marts:
      +snowflake_warehouse: TRANSFORM_L
      # the one genuinely heavy mart wants more still:
      orders_enriched:
        +snowflake_warehouse: TRANSFORM_XL

Everything under models/staging/ builds on the XS; everything under models/marts/ on the L; the one wide fan-in that joins lineitem to orders, part, and supplier gets its own XL. A model with no override falls through to the warehouse the Airflow connection carries — so you only annotate the exceptions. You can also drop the override inline when it’s truly one model’s quirk: {{ config(snowflake_warehouse='TRANSFORM_XL') }} at the top of the file.

The mechanism underneath is worth knowing, because it’s what makes the next section’s claim true. dbt-snowflake doesn’t do anything clever: before it builds a model with a snowflake_warehouse set, it issues a USE WAREHOUSE TRANSFORM_XL, runs the model’s SQL, and reverts to the connection’s default afterward. The warehouse switch is a session command dbt sends around each node — nothing more.

Does the override survive Cosmos?

This is the question that matters for our stack, because Cosmos builds the dbt profile in memory from the Airflow connection, and it would be reasonable to worry that a per-model warehouse set in dbt_project.yml gets flattened away in that translation. It doesn’t — and the reason is that the override never travelled through Cosmos in the first place.

Walk the path. Cosmos parses your project into a manifest at render time; every model’s snowflake_warehouse config is baked into its node in that manifest. When the DAG runs, each Cosmos task shells out to dbt run --select stg_orders (or orders_enriched, task by task). It’s dbt-snowflake, inside that per-model invocation, that reads the node’s config and emits the USE WAREHOUSE. Cosmos supplies only the connection — the account, user, role, and the default warehouse — via SnowflakePrivateKeyFileProfileMapping. The per-model override rides in the compiled SQL dbt is executing, a layer Cosmos doesn’t touch. So the connection’s warehouse is the floor; the dbt config raises specific models above it; and no operator_args wiring is required to make that happen.

You can prove it rather than trust it. After a run, ask Snowflake which warehouse each model’s queries actually landed on:

SELECT
  warehouse_name,
  COUNT(*)                          AS statements,
  ROUND(SUM(total_elapsed_time)/1000, 1) AS wall_seconds
FROM SNOWFLAKE.ACCOUNT_USAGE.QUERY_HISTORY
WHERE start_time >= DATEADD('hour', -2, CURRENT_TIMESTAMP())
  AND query_text ILIKE 'create%table%tpch%'
GROUP BY warehouse_name
ORDER BY wall_seconds DESC;

You’ll see TRANSFORM_XS, TRANSFORM_L, and TRANSFORM_XL as distinct rows, which is the override surviving end to end.

Where operator_args and dbt_cmd_flags do come in is when you want the warehouse chosen at runtime rather than baked into the project — the backfill case. A twelve-month backfill of orders_enriched is a different workload from its nightly one-day slice, and you may want it on an XL only for that run. Make the model read a var with a sane default:

{{ config(snowflake_warehouse=var('mart_warehouse', 'TRANSFORM_L')) }}

Then let the backfill DAG pass a different value through Cosmos, which forwards flags to the underlying dbt command:

DbtTaskGroup(
    # ...project_config, profile_config as before...
    operator_args={"vars": {"mart_warehouse": "TRANSFORM_XL"}},
)

Nightly runs omit the var and get TRANSFORM_L; the backfill DAG sets it and the same models build on the XL — the warehouse becomes a run-time parameter without a code change. dbt_cmd_flags=["--vars", "{mart_warehouse: TRANSFORM_XL}"] on the render config does the same thing at the DAG level if you’d rather set it once for the whole graph. That’s the seam: static routing lives in dbt_project.yml, dynamic routing rides through Cosmos as a flag.

Tag every query with the model and the DAG run

Sizing decides how much each model costs. Attribution decides whether you can find out. When ten models share TRANSFORM_L, WAREHOUSE_METERING_HISTORY will happily tell you the warehouse burned forty credits yesterday and nothing about which model spent them. The fix is a query tag: a label Snowflake stamps onto every statement in a session and surfaces in QUERY_HISTORY. The trick is to make dbt set it automatically, per model, with the Airflow DAG run folded in — so a credit traces back not just to a model but to the run of the pipeline that built it.

dbt-snowflake gives you the hook: a set_query_tag() macro it calls before each node and an unset_query_tag() after. Both are no-ops by default; override them in your project’s macros/ and every model starts labelling itself:

-- macros/query_tag.sql
{% macro set_query_tag() -%}
  {% set tag = {
      "dbt_model":     this.identifier,
      "invocation_id": invocation_id,
      "dag_id":        env_var('AIRFLOW_CTX_DAG_ID',     'adhoc'),
      "dag_run":       env_var('AIRFLOW_CTX_DAG_RUN_ID', 'manual'),
      "task":          env_var('AIRFLOW_CTX_TASK_ID',    'local')
  } %}
  {% set original = get_current_query_tag() %}
  {% do run_query("alter session set query_tag = '" ~ tojson(tag) ~ "'") %}
  {{ return(original) }}
{%- endmacro %}

{% macro unset_query_tag(original_query_tag) -%}
  {% if original_query_tag %}
    {% do run_query("alter session set query_tag = '" ~ original_query_tag ~ "'") %}
  {% else %}
    {% do run_query("alter session unset query_tag") %}
  {% endif %}
{%- endmacro %}

Every piece here earns its place. this.identifier is the model being built. invocation_id is dbt’s own per-run UUID, so you can separate two runs of the same model. And the three env_var reads are the cross-tool seam: Airflow injects AIRFLOW_CTX_DAG_ID, AIRFLOW_CTX_DAG_RUN_ID, and AIRFLOW_CTX_TASK_ID into the environment of every task it runs, and because each Cosmos task is an Airflow task, dbt sees them for free. The 'adhoc'/'manual' defaults mean the same macro still works when you run dbt build from your laptop — it just tags those queries as manual instead of crashing on a missing variable. The set returns the prior tag so unset can restore it rather than blindly clearing, which keeps the macro polite if something else set a tag upstream.

Now every CREATE TABLE Cosmos triggers arrives in QUERY_HISTORY wearing a JSON tag like {"dbt_model":"orders_enriched","dag_run":"scheduled__2026-06-28T...","task":"orders_enriched_run",...}. You wrote no SQL to make that happen and you’ll never have to remember to.

From a tag to a number of credits

A tag on a query is a label; you still have to turn labels into credits. QUERY_HISTORY gives you timings and bytes but not a per-query charge — historically you’d approximate a query’s share of its warehouse by execution time. Snowflake closes that gap with QUERY_ATTRIBUTION_HISTORY, which assigns actual compute credits to individual queries. Join it to QUERY_HISTORY on query_id, parse the tag, and group:

SELECT
  PARSE_JSON(q.query_tag):dbt_model::string AS model,
  PARSE_JSON(q.query_tag):dag_run::string   AS dag_run,
  ROUND(SUM(a.credits_attributed_compute), 3) AS credits
FROM SNOWFLAKE.ACCOUNT_USAGE.QUERY_ATTRIBUTION_HISTORY AS a
JOIN SNOWFLAKE.ACCOUNT_USAGE.QUERY_HISTORY AS q USING (query_id)
WHERE q.start_time >= DATEADD('day', -1, CURRENT_TIMESTAMP())
  AND q.query_tag ILIKE '%dbt_model%'
GROUP BY 1, 2
ORDER BY credits DESC;

That result is the whole discipline in one table: a ranked list of your models by the credits their last day of runs actually cost, grouped by the DAG run that built them. Cost has stopped being a property of infrastructure and become a property of work, which is the only form of it anyone can act on. Swap the GROUP BY to dag_run alone and you get spend per pipeline execution — the number to watch trend after a schema change.

Two honest caveats keep you from over-trusting it. First, QUERY_ATTRIBUTION_HISTORY attributes warehouse compute only, and only for queries substantial enough to attribute — very short statements and pure idle time aren’t charged to any query, so the sum of attributed credits for a warehouse is a little below that warehouse’s line in WAREHOUSE_METERING_HISTORY. Reconcile the two and expect the gap; it’s idle and overhead, not a bug. Second, ACCOUNT_USAGE views lag — metering by up to about three hours — so this is the tool for yesterday’s audit, not for “what did the query I ran ninety seconds ago cost.” That reconciliation query against metering is worth keeping alongside the attribution one:

SELECT warehouse_name, ROUND(SUM(credits_used), 2) AS credits
FROM SNOWFLAKE.ACCOUNT_USAGE.WAREHOUSE_METERING_HISTORY
WHERE start_time >= DATEADD('day', -1, CURRENT_TIMESTAMP())
  AND warehouse_name LIKE 'TRANSFORM%'
GROUP BY warehouse_name ORDER BY credits DESC;

The guardrails: monitors and timeouts

Attribution is visibility, and visibility never stopped a bill — it only explains one after the fact. The object that actually enforces a ceiling is the resource monitor, and in a stack with per-workload warehouses you want them at two scopes. A generous account-level backstop catches anything that runs away as a whole; a tighter per-warehouse cap on the transform warehouses stops a broken model from spending the entire budget by itself:

USE ROLE ACCOUNTADMIN;

-- account backstop: the whole stack can't exceed this in a month
CREATE OR REPLACE RESOURCE MONITOR account_backstop
  WITH CREDIT_QUOTA = 2000 FREQUENCY = MONTHLY START_TIMESTAMP = IMMEDIATELY
  TRIGGERS
    ON 80  PERCENT DO NOTIFY
    ON 100 PERCENT DO SUSPEND;
ALTER ACCOUNT SET RESOURCE_MONITOR = account_backstop;

-- tight daily cap on the heavy transform warehouse
CREATE OR REPLACE RESOURCE MONITOR transform_l_cap
  WITH CREDIT_QUOTA = 120 FREQUENCY = DAILY START_TIMESTAMP = IMMEDIATELY
  TRIGGERS
    ON 90  PERCENT DO NOTIFY
    ON 100 PERCENT DO SUSPEND_IMMEDIATE;
ALTER WAREHOUSE transform_l SET RESOURCE_MONITOR = transform_l_cap;

The two verbs are not interchangeable, and choosing them per scope is deliberate. DO SUSPEND lets in-flight statements finish before the warehouse stops accepting new ones — the graceful choice for the account backstop, where you’d rather not kill a nearly-done nightly build to save a few credits. DO SUSPEND_IMMEDIATE kills running statements and rolls them back — the right hard stop on the per-warehouse cap, where the whole point is that the meter stops now. A warehouse and the account can each hold one monitor and both apply, so transform_l is bounded by the lower of its 120-credit day and the account’s 2000-credit month. One limit to carry forward from the Snowflake series: monitors govern user-managed warehouses only — they can’t see the serverless meters — so this covers your dbt compute but not, say, a runaway Snowpipe.

A resource monitor is a blunt instrument, though: it caps aggregate credits over a window and doesn’t care whether one query hung for six hours or a hundred ran cleanly. The finer guardrail is a statement timeout, which kills any single query that runs too long. Set it on the warehouse so it applies to everything that lands there:

ALTER WAREHOUSE transform_l SET
  STATEMENT_TIMEOUT_IN_SECONDS        = 1800   -- kill any query past 30 min
  STATEMENT_QUEUED_TIMEOUT_IN_SECONDS = 300;   -- abort if it waits 5 min to start

STATEMENT_TIMEOUT_IN_SECONDS is the backstop against a model that fans out a join into a Cartesian product and would otherwise burn credits until someone notices — thirty minutes is generous for a mart and merciful to the bill. The effective timeout is the lower of the warehouse setting and any session setting, so a warehouse value is a ceiling no model can raise. STATEMENT_QUEUED_TIMEOUT_IN_SECONDS is the one that matters specifically because of how Cosmos runs: it aborts a query that’s been waiting in the concurrency queue too long, which is exactly the failure mode a wide task-per-model DAG can create when everything piles onto one warehouse at once.

Setting these on the warehouse is the belt; dbt gives you the braces. The profile can carry session_parameters, which dbt applies to every connection it opens, so you can pin a tighter timeout for the transform role without touching the shared warehouse that BI also uses. Because Cosmos builds the profile from the Airflow connection, you pass them as profile_args on the mapping:

profile_mapping=SnowflakePrivateKeyFileProfileMapping(
    conn_id="snowflake_default",
    profile_args={
        "database": "ANALYTICS",
        "schema": "DBT_TPCH",
        "session_parameters": {"STATEMENT_TIMEOUT_IN_SECONDS": 1800},
    },
)

Now every model dbt builds runs under a thirty-minute session ceiling regardless of what the warehouse default is, and an analyst running the same query interactively on the same warehouse keeps the looser warehouse setting. Two dials, two audiences, one warehouse. Which brings us to concurrency.

Concurrency: scale out, not just up

Cosmos renders one Airflow task per model, and Airflow will run as many of them at once as max_active_tasks (and your pools) allow. A DAG with thirty staging models and max_active_tasks=16 means up to sixteen dbt processes hitting the transform warehouse simultaneously. A single-cluster warehouse has a concurrency limit — it runs a handful of queries at a time and queues the rest. At 3am, queuing is harmless: the queue drains, the DAG finishes a few minutes later, nobody’s watching. During the day, when the same warehouse also serves BI dashboards and ad-hoc analysts, queuing means a stakeholder’s dashboard spins because your pipeline filled the lane.

Sizing up doesn’t fix this. A bigger warehouse makes each individual query faster; it does not let more queries run at once — that’s a different axis. The axis you want is scale-out, which on Enterprise edition and above is a multi-cluster warehouse:

CREATE OR REPLACE WAREHOUSE transform_l
  WAREHOUSE_SIZE      = 'LARGE'
  MIN_CLUSTER_COUNT   = 1
  MAX_CLUSTER_COUNT   = 3
  SCALING_POLICY      = 'STANDARD'
  AUTO_SUSPEND = 60 AUTO_RESUME = TRUE;

MIN_CLUSTER_COUNT = 1 means the warehouse costs the same as before when load is light — one cluster, one L’s worth of credits per hour. When enough queries arrive that they’d start queuing, Snowflake spins up a second cluster, and a third, up to MAX_CLUSTER_COUNT = 3; each added cluster bills independently while it’s up, then spins down as load falls. You pay for concurrency only when you’re using it. SCALING_POLICY decides how eagerly. STANDARD adds a cluster the moment a query would otherwise queue, favoring responsiveness, which is what a shared prod warehouse wants. ECONOMY waits until there’s enough backlog to keep a new cluster busy for several minutes, favoring cost over latency. For the transform-plus-BI mix, STANDARD.

The two levers now compose cleanly. Per-model sizing (the earlier snowflake_warehouse config) is scale-up: it makes the one genuinely heavy mart finish faster on an XL. Multi-cluster is scale-out: it lets the wide fan of staging models run concurrently without stepping on the dashboards. And the knob that decides whether you even need the second cluster is on the Airflow side — max_active_tasks and your Cosmos pool govern how much concurrency you generate. If your DAG is deliberately throttled to four parallel tasks, a single-cluster warehouse is plenty and multi-cluster would never trigger. Tune the two together: don’t pay for clusters to serve concurrency you’ve capped in Airflow, and don’t uncap Airflow onto a warehouse that can only queue it.

Worked example: pin a spike to a model, then fix it

Put it together with the failure this whole chapter exists to handle. Tuesday morning, the weekly cost habit — glancing at WAREHOUSE_METERING_HISTORY — shows TRANSFORM_L burned 96 credits on Monday against a trailing average near 40. Something in the transform pipeline more than doubled overnight. Without tags you’d be guessing; with them, you drill straight to the model. Run the attribution query narrowed to that warehouse and day, and one row dominates: orders_enriched, 61 credits, up from a typical 9. The tag even carries the dag_run, so you know it was the scheduled nightly build, not a stray manual dbt run.

Now ask Snowflake why it cost that. QUERY_HISTORY for that model’s statement tells the story that credits can’t:

SELECT
  bytes_scanned / POWER(1024, 3)       AS gb_scanned,
  partitions_scanned, partitions_total,
  bytes_spilled_to_remote_storage / POWER(1024, 3) AS gb_spilled_remote,
  execution_time / 1000                AS exec_seconds
FROM SNOWFLAKE.ACCOUNT_USAGE.QUERY_HISTORY
WHERE query_tag ILIKE '%orders_enriched%'
  AND start_time >= DATEADD('day', -2, CURRENT_TIMESTAMP())
ORDER BY start_time DESC;

The numbers are damning: partitions_scanned equals partitions_total — a full-table scan — and there’s remote spill, meaning the join outgrew even the L’s memory. The model is supposed to be incremental, processing one day of new lineitem rows and merging them in. A full scan every night means the incremental predicate stopped filtering. Open the model and the cause is a one-line regression: a refactor moved the where that referenced {{ this }} outside the {% if is_incremental() %} guard, so is_incremental() is now effectively always false and every run rebuilds the entire history.

The fix is two moves, one immediate and one structural. Restore the predicate inside the guard so the model goes back to touching one day, and let the next scheduled run confirm it — the following morning orders_enriched is back under 10 credits and partitions_scanned is a thin slice of the total. Then close the door so the next such regression can’t run for hours before anyone notices. The STATEMENT_TIMEOUT_IN_SECONDS = 1800 you set on transform_l would have killed the runaway full scan at thirty minutes, and the transform_l_cap monitor’s daily 120-credit SUSPEND_IMMEDIATE would have stopped the warehouse cold long before month-end. The guardrails don’t prevent the bug; they bound its blast radius to one night and a fraction of a day’s budget. That’s the trade the whole chapter is arguing for. You will ship a broken incremental eventually, and the difference between a shrug and an incident is whether the tag names it, the timeout caps it, and the monitor refuses to let it run past a line you drew in advance.

Final thoughts

Cost on this stack is not a bill you receive; it’s a system you build, and it has three moving parts that each live in a different tool. Sizing lives in dbt — a snowflake_warehouse config that routes each model to compute that fits it, riding through Cosmos untouched because it was never Cosmos’s to touch. Attribution lives in a macro — a query tag that folds the model, the invocation, and the Airflow DAG run into every statement, so QUERY_ATTRIBUTION_HISTORY can hand you spend per model and per run instead of spend per anonymous warehouse. And enforcement lives in Snowflake — resource monitors at two scopes, statement and queue timeouts on the warehouse, multi-cluster scale-out sized against the concurrency Airflow generates. None of it is cleanup you do after an invoice surprises you. It’s plumbing you install before the first production run, the way you’d wire a breaker into the panel before you switch the house on. The model that eventually spikes won’t announce itself, and the only thing that turns that spike from an incident into a Tuesday-morning glance is the instrumentation you put there first.





CI/CD and Deployment Across dbt and Airflow

Every other chapter in this book shipped one thing at a time: a dbt model, an Airflow DAG, a warehouse setting. Deployment is where you have to ship them together, because the modern data stack has two codebases that pretend to be one. There’s the dbt project — the models, tests, and snapshots that define what the data means. And there’s the orchestration project — the DAGs, the Cosmos config, the manifest.json that tells Airflow the shape of the dbt graph. A change to the first almost always implies a change to the second, and a CI pipeline that treats them as independent will merrily ship a DAG that points at a manifest describing models that no longer exist.

So this chapter is about two questions that turn out to be the same question. On a pull request: how do you test a dbt change against Snowflake without rebuilding the world or touching production? And on merge: how do the dbt project and its manifest actually reach the Airflow workers, in lockstep with the DAG that runs them? Get both right and a merge to main is a non-event. Get either wrong and you find out at 2am.

The PR problem: test against Snowflake without touching prod

A dbt pull request changes SQL. The only way to know that SQL is correct is to run it against a real Snowflake warehouse — dbt’s tests are selects that have to execute somewhere. That “somewhere” is the whole design problem. It can’t be production ANALYTICS_PROD: a broken PR would corrupt the tables your dashboards read. It can’t be a full rebuild of every model on every push either — on Snowflake that’s a bill, and on a project with hundreds of models it’s a twenty-minute check nobody waits for.

The pattern that solves both is Slim CI: build only the models the PR touched and everything downstream of them, and resolve the untouched upstream models against production instead of rebuilding them. That’s the state:modified+ selector you met in the production chapter, now given a real environment to run in:

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

Three flags, three jobs. state:modified+ selects the changed models plus their descendants (the trailing +), so a one-line fix to a staging model rebuilds that model and its dependents, not the warehouse. --state ./prod-artifacts points dbt at a directory holding production’s manifest.json — the reference dbt diffs against to decide what “modified” means. And --defer says: for any ref() to a model I’m not building, don’t error and don’t rebuild it — resolve it to the object production already has. That last flag is what lets a PR build the tip of the graph while leaning on prod for the trunk.

Two things have to exist for this to work: a production manifest to diff against, and a Snowflake environment to build into. Take them in order.

Where the production artifacts live, and how they stay fresh

--state ./prod-artifacts is only as good as the manifest sitting in that folder. If it’s a week old, state:modified compares your PR against a week-old graph and either rebuilds too much or misses a change. The manifest has to be the one from the last successful production run, and keeping it current is a job for the deploy pipeline, not a human.

The production job — the one that runs dbt build against ANALYTICS_PROD on merge — writes a fresh target/manifest.json as a side effect of every run. The trick is to publish it somewhere the PR job can fetch it. Two common homes:


	A GitHub Actions artifact, uploaded by the production job and downloaded by the PR job. Simple, no extra infrastructure, but artifacts are scoped to a workflow run and expire, so you fetch “the manifest from the most recent successful deploy run.”

	An S3 (or GCS) bucket with a stable key like s3://acme-dbt-artifacts/prod/manifest.json, overwritten on every prod deploy. This is the more durable choice and the one that scales past a single repo — the same object doubles as the manifest Airflow will load, which matters later in this chapter.



Either way the invariant is the same: the production manifest is refreshed on every production run, and the PR job pulls the latest one before it diffs. Miss that and Slim CI silently drifts.

Giving the PR a Snowflake environment: clone vs. defer

Now the environment. There are two ways to give a PR build the production data it needs to resolve those deferred refs, and they represent a genuine trade-off rather than a right answer.

Option one: a dedicated CI database, defer to prod. You keep a permanent ANALYTICS_CI database, build the PR’s state:modified+ models into a PR-scoped schema inside it, and let --defer resolve every unchanged ref() back to ANALYTICS_PROD. Nothing gets cloned; the PR only ever materializes the handful of models it changed. It’s cheap and fast, and it’s the model most teams start with.

The subtlety is a flag called --favor-state. When you defer, dbt’s default is to prefer a relation in your current target if one exists, falling back to the state manifest only when it doesn’t. That default bites in a shared CI database: a previous PR may have left a stale stg_orders sitting in some schema, and dbt will happily resolve to that ghost instead of prod. --favor-state inverts the preference — for any deferred node, use the production relation from --state, even if something by that name exists in the CI database:

dbt build \
  --select state:modified+ \
  --defer --favor-state \
  --state ./prod-artifacts \
  --target ci

Reach for --favor-state whenever your CI database is long-lived and shared, so deferral always means “the real production table,” never “whatever a past run left lying around.”

Option two: a zero-copy clone of production. Snowflake can hand you a full, writable copy of a database in seconds, for no storage cost, because it copies metadata and not bytes:

CREATE DATABASE analytics_ci CLONE analytics_prod;

That single statement gives the PR its own ANALYTICS_CI that is production — every table, every row, every schema — but forked. Cloned objects share prod’s underlying micro-partitions until something writes to them; only the models your PR rebuilds diverge, and only those consume new storage. So the build resolves every ref() against real, complete data that lives right there in the clone. You don’t even strictly need --defer in this mode: the unchanged parents are physically present in analytics_ci, so ref('stg_orders') in the clone just works.

The clone’s virtues are isolation and realism. Writes land in the clone, never in prod, so there’s no shared-schema contamination and no --favor-state footgun. Tests run against a true copy of production’s data volume, which is exactly where the interesting bugs — a join that fans out at scale, an incremental filter that stops filtering — actually surface. The cost is that a clone is a whole database you must remember to destroy.

Which to pick? Defer-to-prod when your prod tables are enormous and cloning a snapshot per PR feels heavy, or when you’re happy for tests to run against production data indirectly. Clone when you want each PR fully sandboxed and don’t mind managing lifecycle. Many teams land on a hybrid: clone prod for isolation, and pass --defer --state ./prod-artifacts so state:modified still has a manifest to diff against — the clone supplies the data, the manifest supplies the “what changed.”

Teardown is not optional

A zero-copy clone costs nothing to create and nearly nothing to hold — until a PR build mutates a few tables and those diverge into real storage, and until you’ve accumulated three hundred abandoned ANALYTICS_CI_<pr> databases because a workflow died before cleanup. Teardown is a first-class step, and it has to run whether the build passed or failed:

DROP DATABASE IF EXISTS analytics_ci;

In practice you give each PR a uniquely named clone — ANALYTICS_CI_PR_1487 — so concurrent PRs never collide, and you drop it in a step that runs if: always(). A nightly sweep that drops any ANALYTICS_CI_PR_% database older than a day is a cheap belt-and-suspenders against the workflow that crashed between clone and drop. The rule: nothing named after a PR should outlive the PR.

The full GitHub Actions workflow

Here’s the PR job assembled — reproducible install, fetch the prod manifest, clone, dbt deps, Slim build, and unconditional teardown:

# .github/workflows/dbt-ci.yml
name: dbt CI
on:
  pull_request:
    paths:
      - "dbt/**"

concurrency:
  group: dbt-ci-${{ github.event.pull_request.number }}
  cancel-in-progress: true

jobs:
  slim-ci:
    runs-on: ubuntu-latest
    defaults:
      run:
        working-directory: dbt/tpch
    env:
      DBT_PROFILES_DIR: ${{ github.workspace }}/dbt/tpch
      SNOWFLAKE_ACCOUNT: ${{ secrets.SNOWFLAKE_ACCOUNT }}
      SNOWFLAKE_USER: ${{ secrets.SNOWFLAKE_CI_USER }}
      SNOWFLAKE_PRIVATE_KEY: ${{ secrets.SNOWFLAKE_CI_PRIVATE_KEY }}
      CI_DB: ANALYTICS_CI_PR_${{ github.event.pull_request.number }}
    steps:
      - uses: actions/checkout@v4

      - name: Install uv
        uses: astral-sh/setup-uv@v5

      - name: Install dbt (pinned)
        run: uv pip install --system dbt-core==1.11.12 dbt-snowflake==1.11.0

      - name: dbt deps
        run: dbt deps

      - name: Fetch production manifest
        run: |
          mkdir -p prod-artifacts
          aws s3 cp s3://acme-dbt-artifacts/prod/manifest.json \
            prod-artifacts/manifest.json

      - name: Clone production into a CI database
        run: |
          dbt run-operation clone_ci_db --args "{db: ${CI_DB}}" --target prod

      - name: Slim build against the clone
        run: |
          dbt build \
            --select state:modified+ \
            --defer --favor-state \
            --state ./prod-artifacts \
            --target ci \
            --vars "{ci_database: ${CI_DB}}"

      - name: Teardown clone
        if: always()
        run: |
          dbt run-operation drop_ci_db --args "{db: ${CI_DB}}" --target prod

A few things earn their place. dbt deps runs before anything compiles because a project with packages.yml (dbt-utils, codegen, an internal macro package) won’t parse without its dependencies vendored into dbt_packages/ first — skip it and the very next command fails on an unresolved macro. The pinned install (dbt-core==1.11.12, matching the versions this whole book is verified against) means CI runs the exact dbt a developer ran locally, not whatever floated to the top of PyPI this week. The clone and drop are wrapped as dbt run-operation macros so the SQL lives in the dbt project next to everything else, but they’re just the CREATE DATABASE ... CLONE and DROP DATABASE statements above. And concurrency with cancel-in-progress means a second push to the same PR kills the first run — no point cloning prod twice for a branch that just moved.

Authentication is the key pair from earlier in the book, not a password — SNOWFLAKE_CI_PRIVATE_KEY is a GitHub secret, and the CI Snowflake user is a dedicated service account scoped to create and drop ANALYTICS_CI_* databases and read ANALYTICS_PROD, nothing more.

Branch protection: the part that isn’t code

The workflow above is worthless if someone can merge around it. Branch protection on main is what turns a green check from a suggestion into a gate:


	Require the slim-ci status check to pass before merge.

	Require the branch to be up to date with main, so state:modified diffs against the manifest for the code you’re actually merging, not a stale base.

	Require at least one review, and dismiss stale approvals on new commits.

	Forbid direct pushes to main — every change arrives through a PR that ran CI.



The “up to date” rule is the subtle one for a data stack. If your branch is behind main and someone merged a change to a shared upstream model in the meantime, your Slim CI ran against a manifest that predates their change, and the two modifications can conflict in a way neither PR’s CI ever saw. Requiring the branch to be current forces the diff to reflect reality.

Deploying the dbt project into Airflow

CI is half the story. The other half starts on merge: the dbt project and its manifest.json have to reach the machines that run Airflow. This is the seam beginners miss entirely, because on a laptop the dbt project is just there — Cosmos reads it off the local disk. In production, the scheduler and the workers are containers somewhere else, and the dbt project has to be delivered to them. There are three ways to do it, and they differ mostly in how fast a change propagates.

Baked image. The dbt project is copied into the Airflow Docker image at build time — COPY dbt/ /usr/local/airflow/include/dbt/ in the Dockerfile — and the manifest, generated in CI, is baked in alongside it. When the image deploys, every scheduler and worker gets the exact same project and manifest, atomically. This is the most reproducible option: the image is an immutable, versioned unit, and “which dbt code is running?” has a one-word answer (the image tag). The cost is propagation latency — a dbt-only change means a full image rebuild and rollout, minutes not seconds. For most teams that’s the right trade: data pipelines don’t need sub-minute deploys, and reproducibility is worth more.

Git-sync. A sidecar container clones the dbt repo into a shared volume and pulls on an interval (say every 60 seconds), so the workers always track a branch. Changes propagate fast — merge, and within a pull cycle the workers have the new code, no image rebuild. The catch is that “fast and continuous” is also “no atomic boundary”: mid-pull, some pods may have the new code and some the old, and there’s no single version stamp for a run. Git-sync shines for iterating on DAGs; for the dbt project specifically it reintroduces exactly the freshness problem the baked image solves.

Object-storage (S3) sync. The dbt project and manifest are pushed to S3 by the deploy pipeline, and workers sync them down on a schedule or at task start. It’s a middle ground — more atomic than git-sync if you sync a versioned prefix, faster than a full image rebuild — and it pairs naturally with the S3 manifest you already publish for Slim CI. The same s3://acme-dbt-artifacts/prod/manifest.json that CI diffs against can be the one the scheduler loads.

The manifest-staleness trap under LoadMode.DBT_MANIFEST

Whichever delivery mechanism you choose, there’s a failure mode specific to how Cosmos discovers your graph, and it’s worth stating plainly because it’s the single most common production-Cosmos bug. In production you run LoadMode.DBT_MANIFEST — Cosmos reads a pre-built manifest.json to construct the Airflow tasks, instead of shelling out to dbt ls on every scheduler parse (the Cosmos internals chapter is the deep version of why). That’s the correct, fast choice. But the manifest is a snapshot, and its name is a promise you have to keep:


A stale manifest renders yesterday’s DAG. Add a model, forget to regenerate the manifest, and Cosmos builds a task graph that doesn’t include it — the model silently never runs, and no error fires, because from Airflow’s point of view the task simply doesn’t exist.



The discipline that closes this is to make manifest generation a build step of every deploy, never a thing the scheduler or a human does. In the same pipeline that ships the dbt project, run dbt parse (or dbt compile) against the prod target to write a fresh target/manifest.json, and deliver that manifest with that code:

      - name: Generate a fresh prod manifest
        run: dbt parse --target prod   # writes target/manifest.json, no warehouse queries

      - name: Publish manifest for Airflow + Slim CI
        run: aws s3 cp target/manifest.json s3://acme-dbt-artifacts/prod/manifest.json

dbt parse is the cheapest command that produces a manifest — it builds the graph and stops, touching no warehouse. Because it’s regenerated on every deploy, the manifest can only ever drift if someone changes models without deploying — and if they haven’t deployed, the workers haven’t seen the new code either. The manifest and the project move as one.

Promote the DAG bundle and the dbt project together

Which is the real deployment rule, and it’s boring on purpose: the Airflow DAG bundle and the dbt project are one deployable unit. A Cosmos DAG is not standalone code — it’s a program whose behavior is defined by the manifest it reads. Ship a DAG that expects a model the deployed manifest doesn’t describe, or ship a new manifest to workers still running last week’s DAG file, and you’ve built a version skew that surfaces as a task that mysteriously errors or a model that mysteriously doesn’t run.

The baked image is the cleanest enforcement of this rule precisely because it makes skew impossible: the DAG files, the dbt project, and the manifest are all in one image tag, promoted atomically. If you use git-sync or S3-sync instead, you have to manufacture that atomicity — deploy the manifest and the DAG bundle from the same commit, gate on both syncs completing, and never let one lead the other. A DAG pointing at a manifest from a different commit isn’t a crash; it’s a delayed, confusing failure, which is worse.

Backfilling after a breaking change

There’s one deployment scenario the happy path doesn’t cover, and it’s the one that actually pages you: you merged a change to an incremental model that alters its logic — a new column, a fixed join, a changed grain. As the incremental chapter warned, an incremental table doesn’t retroactively fix itself; the old rows still hold output from the old SQL, because the is_incremental() filter never revisits them. Your deploy succeeded, the DAG is green, and the data is quietly half-old, half-new.

The fix is a --full-refresh, and the coordination is the fiddly part, because you have to reconcile a dbt operation with Airflow’s own rerun machinery. The safe sequence:


	Merge and deploy the code first, so the fresh manifest and the new model logic are live on the workers. A full-refresh has to run the new SQL, which means the new code has to be deployed before you trigger it.

	Run the full-refresh out of band, scoped to just the affected subgraph, so you rebuild the broken model and its descendants without nuking every incremental table in the project:
dbt build --select orders_enriched+ --full-refresh --target prod



	Then let Airflow resume normal incremental runs. From the next scheduled run on, is_incremental() is true again against a table that now matches the current logic, so it appends correctly.



In Airflow 3.x, if you’d rather drive the rebuild through the orchestrator than a shell, remember that backfills are now scheduler-managed — you request a backfill (airflow backfill create, or the UI) over a date range and Airflow queues the runs, rather than the old 2.x CLI daemon. The pattern that keeps it clean is a separate, parameterized “maintenance” DAG whose Cosmos build passes --full-refresh, triggered manually for the window you need to repair, while the scheduled DAG stays incremental. Don’t bolt --full-refresh onto the everyday DAG and forget it there — you’ll rebuild all of TPCH from scratch every night and wonder where the credits went. Full-refresh is a scalpel for the day logic changes, not a default.

The ordering is the whole game: code deploys, then data backfills, then the schedule resumes. Fire the backfill before the deploy and it runs the old logic; resume the schedule before the backfill finishes and the incremental run appends onto a half-repaired table. Sequence them and a breaking change becomes a controlled, reviewable operation instead of a corrupted mart you discover three dashboards later.

Final thoughts

Two codebases, one deploy. That’s the sentence this chapter keeps circling back to, because every failure mode here is some version of letting the dbt project and the orchestration project drift apart. Slim CI keeps a PR honest without a full rebuild, but only if the production manifest it diffs against is fresh. A zero-copy clone gives a PR a real Snowflake environment for free, but only if teardown always runs. LoadMode.DBT_MANIFEST makes the scheduler fast, but only if the manifest is regenerated on every deploy. And a Cosmos DAG does what you expect, but only if the manifest, the dbt project, and the DAG file were all promoted from the same commit.

None of these is hard on its own. What makes deployment the discipline it is, is that they’re only correct together. The CI gate, the artifact freshness, the delivery mechanism, and the backfill sequence are one system, with one invariant running through all of it: known-good code and known-good artifacts move as a unit, or they don’t move at all. Hold that line and merging to main stops being an act of faith. It becomes the least eventful thing you do all day, which is exactly what a deploy should be.





Lineage, Contracts, and Observability

Everything in this book has been about assembling the stack. This last chapter is about trusting it — which is a different problem. A pipeline you can’t see into is a pipeline you’re afraid to change, and a stack you’re afraid to change slowly ossifies until the only safe move is no move. The three things that break that fear are the three subjects here: lineage so you know what depends on what, contracts so you can change one link without guessing about the rest, and observability so you find out a run went wrong before a stakeholder does.

Each of the three tools you’ve bolted together holds a fragment of the truth. dbt knows how models and columns depend on each other. Airflow knows how tasks depend on each other. Snowflake knows who actually read which table. None of them, alone, can answer the question you’ll be asked in an incident — if I change raw.orders, what breaks all the way to the BI dashboard? — because the answer runs through all three. So we start by making the three fragments into one picture.

Three views of one graph

dbt’s view is the transformation graph, down to the column. Because every model refers to its parents through ref() and source(), dbt already knows the edges — that’s how Cosmos turned your project into an Airflow DAG in the first place. What’s easy to miss is that dbt also parses the compiled SQL of each model, so it knows which columns flow into which. Run:

dbt docs generate

and dbt writes a manifest.json and catalog.json that together describe the model graph and, where it can resolve them, column-level edges: revenue_by_region.revenue is derived from stg_lineitem.extended_price and stg_lineitem.discount. dbt docs serve renders that as the familiar lineage graph; dbt Explorer (the hosted version) draws the same graph with column-level lineage you can click through — pick stg_orders.customer_id and it highlights every downstream column that consumed it. This view is authoritative for everything inside the warehouse transformation, and blind to everything outside it. It does not know a schedule fired the run, and it does not know a Tableau extract read the mart afterward.

Airflow’s view is the run graph, and OpenLineage is how it leaves the box. Airflow knows the task DAG, but a task DAG is per-pipeline — it can’t tell you that this transform DAG consumes a dataset that ingest DAG produced. OpenLineage is the open standard that fixes this: it models runs, jobs, and the datasets between them, and every tool that speaks it emits events into a shared graph. Airflow ships a first-party provider for it:

pip install apache-airflow-providers-openlineage

# airflow.cfg  (or AIRFLOW__OPENLINEAGE__* env vars)
[openlineage]
transport = {"type": "http", "url": "http://marquez:5000", "endpoint": "api/v1/lineage"}
namespace = tpch_prod

With that in place, every task run emits a start and complete event describing what it read and wrote. Marquez is the reference OpenLineage store and UI — point the transport at it and you get a lineage browser fed by the runs themselves, not by a static parse.

The important part is what Cosmos adds. Because Cosmos renders each dbt model as its own task and runs it through dbt, it can emit per-model OpenLineage events — dbt already knows the input and output relations of every model, so Cosmos attaches that dataset lineage to each task’s event. The result is that the Airflow graph and the dbt graph land in the same Marquez namespace. The ingest DAG’s write to raw.orders, the transform DAG’s models reading it, and the marts they produce all become one connected dataset graph, stitched by the physical Snowflake table names both sides reference. This is the seam that dbt-alone and Airflow-alone can’t cross — dbt doesn’t know about ingest, Airflow doesn’t know about columns, and OpenLineage is where their two graphs meet.

Snowflake’s view is who actually touched the data. dbt lineage is what should read a table; ACCESS_HISTORY is what did. It’s an account-usage view that records, per query, every object read and written — including reads dbt never orchestrated, like an analyst’s ad-hoc query or a BI tool’s nightly extract:

select
    query_id,
    user_name,
    directsource.value:objectName::string as object_read
from snowflake.account_usage.access_history,
     lateral flatten(input => base_objects_accessed) as directsource
where directsource.value:objectName::string
      = 'ANALYTICS.MARTS.REVENUE_BY_REGION'
  and query_start_time > dateadd('day', -7, current_timestamp())
order by query_start_time desc;

base_objects_accessed resolves through views to the underlying tables, as opposed to direct_objects_accessed, which stops at the object named in the query. Each entry carries the columns touched, so you can ask not just who read revenue_by_region but which columns of it anyone read all week. A column no downstream consumer has selected in ninety days is a column you can probably drop. This is the one view of the three that sees past the mart into the humans and tools consuming it.

Combining them for impact analysis. Now the incident question has an answer with a shape. If I change raw.orders, what breaks all the way to the dashboard?


	dbt lineage walks the inside: source('tpch','orders') → stg_orders → orders_enriched and revenue_by_region. Column-level lineage narrows it — if you’re only dropping o_comment, nothing downstream selected it, and the blast radius is zero.

	OpenLineage / Marquez walks the run graph: which DAGs produce and consume those datasets, so you know the ingest job upstream and every transform run that would need re-running.

	ACCESS_HISTORY walks the outside: who queried the affected marts and which columns, so you know which dashboards and which people to warn before, not after.



Concretely, once you’ve decided the change touches revenue_by_region, the “who do I warn” half is one query against the outside view:

select distinct user_name, count(*) as reads_last_30d
from snowflake.account_usage.access_history,
     lateral flatten(input => base_objects_accessed) as o
where o.value:objectName::string = 'ANALYTICS.MARTS.REVENUE_BY_REGION'
  and query_start_time > dateadd('day', -30, current_timestamp())
group by user_name
order by reads_last_30d desc;

The BI_SERVICE account at the top of that list is the dashboard; the human names below it are the analysts who built reports on the mart. That’s your notification list, generated from what actually happened rather than a wiki page someone forgot to update. No single tool spans raw arrival to BI consumer. The three together do, and once they’re all emitting into places you can query — manifest.json, Marquez, ACCOUNT_USAGE — impact analysis stops being a memory exercise and becomes a join.

Contracts: change one part on a Friday

Lineage tells you what you’re about to break. A contract is what lets you not break it. The scenario contracts are built for is the one every data team fears: a mart that BI reads directly, a change that has to ship, and no way to know if the change will silently reshape the table the dashboard is bound to. Without a contract, you find out when the dashboard errors. With one, you find out at build time, in the PR.

dbt model contracts enforce the shape of a model — its columns, their types, and their constraints — as a condition of building it. Declare one on the mart BI depends on:

# models/marts/_marts__models.yml
models:
  - name: revenue_by_region
    access: public
    config:
      contract:
        enforced: true
    columns:
      - name: region
        data_type: varchar
        constraints:
          - type: not_null
      - name: revenue
        data_type: number(38,2)
        constraints:
          - type: not_null

With contract: {enforced: true}, dbt refuses to build the model unless the SELECT produces exactly these columns with these types. Rename revenue to total_revenue, change it from a number(38,2) to a float, or drop the region column, and the build fails with an explicit diff — before the model reaches the warehouse the dashboard reads. The error is specific: dbt names the mismatched column and prints the expected type against the one your SQL produced, so a contract break is a two-line fix in review, not a forensic exercise after a dashboard errors. On Snowflake, dbt enforces this by building against the declared column definitions, so the physical table is guaranteed to match the contract or the run stops. The contract turns “did I just change the interface” from a question you answer by watching the dashboard into one the build answers for you.

There’s a discipline cost worth naming: an enforced contract means every column and type is now declared in YAML, so a genuine, intended change is two edits — the SQL and the contract — instead of one. That friction is the feature. It’s exactly the pause you want before the shape of a public table moves, and it’s cheap precisely on the models where it matters, because a mart BI reads has a handful of columns, not forty. Enforce contracts on the public marts; leave the private staging churn unencumbered.

access marks which models are interfaces at all. A contract protects a table’s shape; access protects which tables outsiders are even allowed to depend on. Three levels:


	private — only models in the same group may ref() it. Your staging models should be private; nothing outside the transform project has any business joining to stg_orders.

	protected — any model in the same dbt project may reference it (the default).

	public — anyone, including other projects and BI tools, may depend on it. This is the promise: this is a stable interface, we won’t reshape it under you.



revenue_by_region is public because BI reads it; the staging models that feed it are private. Marking that distinction is what lets you refactor forty staging models freely while treating the two public marts as contracts you honor.

groups give the private/public wall an owner. A group is a named bundle of models with an owner, and access: private is scoped to a group. Declare one:

# models/_groups.yml
groups:
  - name: finance
    owner:
      name: Analytics Engineering
      email: analytics-eng@bookshop.example

# then, on the models
models:
  - name: stg_orders
    group: finance
    access: private     # only other `finance` models may ref it
  - name: revenue_by_region
    group: finance
    access: public

Now stg_orders is private to the finance group — a model in some other group that tries to ref('stg_orders') fails to compile, with dbt naming the group boundary it crossed. Groups turn “please don’t depend on our internal staging tables” from a code-review plea into a rule the parser enforces.

versions let a breaking change ship without a flag day. Sometimes the interface genuinely has to change — a new grain, a dropped column a consumer still uses. Contracts would (correctly) block it, and access: public means you can’t just break consumers. Versioning is the escape hatch: publish the new shape as v2 while v1 keeps serving until everyone migrates.

models:
  - name: revenue_by_region
    access: public
    config:
      contract: {enforced: true}
    versions:
      - v: 1
        # the original columns
      - v: 2
        # v2 adds a currency column and drops the ordering guarantee
        columns:
          - name: region
            data_type: varchar
          - name: currency
            data_type: varchar
          - name: revenue
            data_type: number(38,2)
    latest_version: 2

Consumers pin the version they built against — ref('revenue_by_region', version=1) — and the two versions build as separate relations (revenue_by_region_v1, revenue_by_region_v2). You set a deprecation_date on v1, dbt warns anyone still referencing it, and when the last dashboard has moved you delete the v1 definition. That’s the whole point of the governance layer: you can change one part on a Friday, ship it as a new version behind a contract, and let consumers migrate on their own clock instead of yours.

Observability: knowing before the stakeholder does

Contracts stop you from breaking the shape. Observability catches the world breaking the data — a source that stopped loading, a join that fanned out, a metric that quietly went anomalous. The stack gives you four layers, and the craft is wiring them so the important ones page and the noisy ones don’t.

Freshness catches the source that stopped arriving. Half of all “the dashboard is wrong” incidents are really “the data is stale” — the transform ran fine, on yesterday’s data, because ingest silently died. dbt checks this directly:

# models/staging/_tpch__sources.yml
sources:
  - name: tpch
    database: SNOWFLAKE_SAMPLE_DATA
    schema: TPCH_SF1
    loaded_at_field: _loaded_at
    freshness:
      warn_after: {count: 12, period: hour}
      error_after: {count: 24, period: hour}
    tables:
      - name: orders

dbt source freshness compares max(_loaded_at) to now and warns at twelve hours, errors at twenty-four. Run it as its own step before the transform — a source that’s already a day stale is a run you’d rather skip than propagate. (The static SNOWFLAKE_SAMPLE_DATA has no load timestamp, so freshness is something you turn on once you’re transforming a real ingested source, which chapter 8 built.)

Tests carry a severity, and severity is the whole trick to alert sanity. A dbt test failing is not the same class of event as a task crashing, and treating them identically is how teams train themselves to ignore the pager. dbt lets each test declare how loudly it fails:

models:
  - name: orders_enriched
    columns:
      - name: order_key
        tests:
          - unique
          - not_null
      - name: total_price
        tests:
          - dbt_utils.accepted_range:
              min_value: 0
              config:
                severity: warn                 # negative price: suspicious, not fatal
                store_failures: true
      - name: customer_key
        tests:
          - relationships:
              to: ref('stg_customer')
              field: customer_id
              config:
                severity: error                # orphaned FK: the mart is wrong, stop

severity: error fails the build; severity: warn records the failure and keeps going. You can even make severity conditional — error_if: ">1000", warn_if: ">0" — so one bad row warns but a thousand pages. This is the distinction that keeps observability trustworthy: a broken foreign key means the marts are built on a lie and the run should go red; a handful of oddly-priced line items is worth a look, not a 2am wake-up.

store_failures turns tests into a queryable audit trail. By default a failed test is a red mark and a count in the logs. store_failures: true writes the offending rows to a table (in a dbt_test__audit schema by default), so instead of “12 rows failed accepted_range” you have the twelve rows. Build a thin monitoring model on top of those audit tables and you have a dashboard of your own data quality over time:

-- models/monitoring/test_failures.sql
{{ config(materialized='view') }}

select
    'orders_enriched.total_price_range' as test_name,
    count(*)                            as failing_rows,
    current_timestamp()                 as checked_at
from {{ ref('accepted_range_orders_enriched_total_price') }}
-- union additional stored-failure tables here

Now “is data quality getting worse” is a query, not a vibe.

Elementary adds the tests you didn’t know to write. Schema tests catch violations of rules you stated. Anomalies are the failures you didn’t think to assert — row volume that halved overnight, a freshness gap, a column whose null rate tripled. Elementary is a dbt package that installs anomaly-detection tests and, through an on-run-end hook, logs every test and run result into an elementary schema:

# packages.yml
packages:
  - package: elementary-data/elementary
    version: [">=0.16.0", "<0.17.0"]

# an anomaly test on the mart's daily volume
models:
  - name: revenue_by_region
    tests:
      - elementary.volume_anomalies:
          timestamp_column: checked_at

edr report renders an HTML observability report from that schema — test results, model run times, and anomaly flags — and edr monitor can push alerts to Slack. It’s the layer that watches the metrics you never wrote a rule for, which in practice is where the surprising incidents live. The day a source doubled its row count because of a bad upstream backfill. The morning a column’s null rate spiked because a producer renamed a field. No schema test you’d have thought to write catches those; a baseline the tool learned from history does. Because Elementary rides your existing dbt run — same warehouse, same on-run-end hook — it costs one extra pass over the audit schema, not a second monitoring system to operate.

Reconciling Airflow alerts with dbt test results. Here’s the seam that ties observability back to the orchestrator, and the good news is that it mostly works correctly already — for a reason worth understanding, because people routinely reach for the wrong knob here.

Cosmos renders each dbt test as its own Airflow task, and a failed task fires on_failure_callback. So the worry is obvious: will a severity: warn test — the kind that shouldn’t wake anyone — page like a crashed warehouse?

No, and severity is dbt’s business, not Cosmos’s. A test configured severity: warn does not fail dbt test or dbt build; dbt reports it as a warning and still exits zero. The Cosmos task wrapping it therefore stays green, and no failure callback fires. There is no Cosmos setting involved in that, and in particular TestBehavior is not the lever — it only decides how tests are rendered into tasks (a dbt build per node, a test task after each model, one at the end, or none at all). Setting TestBehavior.BUILD in the belief that it makes warnings non-paging is cargo-cult config: the behavior you wanted was already there.

The real problem is the opposite one. A warned test leaves the task green, which means nobody ever sees it. It scrolls past in a task log that only gets opened when something is red. If a warning is worth configuring, it’s worth surfacing, and Cosmos gives you a hook for exactly that:

from cosmos import DbtDag, RenderConfig

def warn_to_slack(context, test_names, test_results):
    send_slack(f"dbt warnings in {context['dag'].dag_id}: "
               + ", ".join(test_names))

dag = DbtDag(
    render_config=RenderConfig(),
    operator_args={"on_warning_callback": warn_to_slack},
    ...
)

on_warning_callback fires when a test warns but does not fail, and it receives the names and results of the warning tests. Route it somewhere low-noise — a #data-quality channel, the Elementary report, a monitoring model fed by store_failures — deliberately not the pager.

The rule to hold onto: infrastructure failures and data-quality errors page; data-quality warnings get logged and reviewed. dbt’s severity already implements that split for you; your job is to make sure the quiet half is still visible somewhere. Wire them the same and you’ll soon be muting the channel, which is worse than no alerting at all.

Deadline Alerts catch the run that never finished. Every alert above fires when something runs and fails. The nastier failure is the run that hangs, or never starts — a warehouse that won’t resume, an upstream asset that never arrives, so the pipeline is simply late with no error to catch. Airflow 2.x had SLAs for this; Airflow 3.x removed SLAs and replaced them with Deadline Alerts, which fix the old feature’s worst flaw — an SLA only evaluated after a task ran, so a task that never started never missed its SLA. A deadline is absolute:

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

dag = DAG(
    dag_id="tpch_pipeline",
    schedule=[raw_orders],
    deadline=DeadlineAlert(
        reference=DeadlineReference.DAGRUN_LOGICAL_DATE,
        interval=timedelta(hours=2),
        callback=alert_pipeline_late,   # paged if not done 2h after the run's logical time
    ),
)

If the run hasn’t completed two hours after its logical date, alert_pipeline_late fires — whether the pipeline failed, stalled, or never woke up. That closes the last observability gap: you now hear about the run that errored (failure callbacks), the data that’s wrong (dbt tests), the data that’s anomalous (Elementary), the source that’s stale (freshness), and the run that’s simply not there (deadlines). (Deadline Alerts arrived in the Airflow 3.1 line and evolved across 3.x; the class path and reference options are worth checking against your exact 3.3 build, since the API firmed up release to release.)

Final thoughts

Seven series brought you here, and this last chapter is the one that makes the other six safe to touch. Look at what each layer actually bought: lineage gave you a graph that spans all three tools, so impact analysis is a query instead of a guess. Contracts gave the public marts a shape you can’t accidentally break and a versioning scheme for when you must break them on purpose. Observability gave you five different ways to learn a run went wrong, sorted so the urgent ones page and the routine ones don’t. Governed, versioned, and observable — that’s the difference between a pipeline that demos and one a business runs its numbers on.

Notice, one final time, that none of this lives in a tool. dbt emits the lineage and enforces the contracts; Airflow and Cosmos emit the run graph and route the alerts; Snowflake records who read what and runs every test as SQL; OpenLineage and Elementary and Marquez are the connective tissue that lets the three see each other. The platform was never any one of them. It’s the chain of evidence they form together, from raw arrival through a modeled and contracted table to the dashboard someone trusts. With enough seams in the right places that you can change one link on a Friday and know, before you merge, exactly what you touched and exactly who to tell.

That’s the whole stack. Snowflake for compute, dbt for transformation, Airflow and Cosmos for orchestration, and this last layer for the trust that lets you keep changing it. Build the seams deliberately and you don’t get a product a vendor sold you — you get a data platform you understand, one config file at a time. Go ship something.
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