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Snowflake: A Warehouse That Splits Storage From Compute

Somewhere in most data teams there’s a database server that everyone is a little afraid of. It holds the reporting tables, and it’s sized for the worst Monday morning of the quarter — because the moment it can’t keep up, the dashboards go grey and someone’s Slack lights up. So it’s a big box. It’s a big box that sits at maybe fifteen percent utilization most of the week, and you pay for the whole thing the entire time, including the hours nobody is awake to run a query.

The reason it’s a big box is that in a traditional warehouse, storage and compute are welded together. The disks that hold your data and the CPUs that scan it live in the same machine, scale together, and get billed together. That coupling is the source of a specific, familiar pain: the nightly ETL job and the analytics team are pointed at the same hardware, so they contend for it. The batch load slows down the ad-hoc query; the heavy dashboard slows down the load. You can buy a bigger box, but you’re buying it for peak, and peak is rare.

This book is written against Snowflake as it exists in 2026, and it’s honest about its own limits: the SQL and behavior described here are drawn from Snowflake’s documentation, not run against a live account inside this project. Where something is a number you can look up — an edition boundary, a credit rate — I’ll say so; where it’s a mental model, I’ll build it carefully, because the model is the part that outlasts any one release.

The idea: pull the two apart

Snowflake’s whole design turns on separating storage from compute. Instead of one machine that both holds and processes your data, there are two independent things.

Storage is cloud object storage — the same class of durable, effectively bottomless storage that backs S3 and its equivalents — and Snowflake manages it for you. You load data in; you don’t provision disks, you don’t think about files, you just have tables. It sits there whether or not anything is running against it, and you pay for what it occupies.

Compute is a virtual warehouse: a cluster you spin up on demand, size to the job, and suspend when you’re done. It reads from that shared storage, does the work, and hands you a result. Here’s the part that dissolves the old pain — you can point several warehouses at the same data at once, and they don’t fight. The ETL load runs on one warehouse. The analytics team runs on another. Neither slows the other down, because they aren’t sharing CPUs; they’re only sharing bytes that no one is contending to write. And a suspended warehouse costs you nothing for compute — you pay for the seconds it actually runs, not for the privilege of it existing.

Concreteness helps here. Imagine your nightly job is bulk-loading the LINEITEM table — the big one, six million rows in the sample dataset — while at the same time an analyst runs a heavy aggregation across ORDERS and CUSTOMER for a report. In the old welded world those two workloads share a machine and slow each other down. In Snowflake you give the load its own warehouse and the analyst theirs; both read from the one shared copy of the data, and because neither is contending for the other’s CPUs, the load runs at full speed and the report runs at full speed. Add a second analyst, a dashboard, a data scientist — each gets a warehouse sized to its need, and none of them queues behind the others. That’s what “zero-contention concurrency” means in practice: concurrency stops being a fight over a fixed box and becomes a matter of how many warehouses you’re willing to turn on.

That single decoupling is the thing to hold onto. Almost everything else about Snowflake is a consequence of it.

Three layers, one mental model

Picture Snowflake as three layers stacked on top of each other: storage at the bottom, compute in the middle, cloud services on top. Storage holds your data, compute processes it, cloud services coordinates the whole thing. If you keep those three straight, the rest of the product stops being surprising — so it’s worth looking at each one a little more closely than the slogan version, because the details of how they work are the details that come back in every later chapter.

Storage: immutable micro-partitions

When you load a table into Snowflake, it doesn’t sit as one big file or as rows you can reach in place. Snowflake slices the table into micro-partitions — contiguous chunks each holding on the order of 50 to 500 MB of uncompressed data (much smaller once compressed on disk). Within each micro-partition the data is stored columnar: all the values of one column together, then all the values of the next. That layout is what makes an analytical query fast, because a query that touches three columns of a fifty-column table reads only those three columns’ worth of bytes and skips the rest entirely.

Three properties of micro-partitions are worth committing to memory now, because they underpin features that show up much later in this book:


	They’re compressed. Snowflake picks a compression scheme per column automatically. Columnar data compresses well — a column of country codes or order statuses has few distinct values and packs down hard — which is why your storage bill is usually a fraction of the raw data size.

	They’re immutable. A micro-partition, once written, is never edited in place. “Updating” a row means writing a new micro-partition with the changed data and marking the old one as no longer current. Nothing is overwritten; old versions are simply retired.

	They carry metadata. For every micro-partition, Snowflake records the range of values in each column, the count of distinct values, and more. That per-partition metadata lets the engine prune — skip whole micro-partitions that can’t possibly contain rows matching your WHERE clause — without reading them at all.



To make pruning concrete: the sample ORDERS table you’ll query in a couple of chapters holds 1.5 million rows across many micro-partitions. Ask for a single order date range, and the optimizer consults the per-partition min/max metadata for the order-date column, discovers that most partitions fall entirely outside your range, and reads only the handful that overlap. You wrote ordinary SQL; the storage format did the skipping for you, and it did it from metadata alone without touching the data. That’s why a well-shaped query over a huge table can come back in a moment on the smallest warehouse — most of the table was never read.

Immutability is the quiet hero here. Because old micro-partitions are retired rather than destroyed, Snowflake can hand you the table as it was an hour ago simply by pointing at the versions that were current then — that’s Time Travel, and it’s why it costs almost nothing to offer. For the same reason, a zero-copy clone of a huge table is instant: the clone just references the same immutable micro-partitions, and only diverges — writing new ones — when you actually change something. We’ll spend a whole later chapter on each of these; for now, notice that they aren’t bolted-on features. They fall out of the storage format.

Compute: virtual warehouses

A virtual warehouse is the compute you rent to run a query. Nothing runs without one — a SELECT needs a warehouse the way an engine needs to be turned on. Warehouses come in T-shirt sizes: X-Small, Small, Medium, Large, X-Large, and then 2X-Large through 6X-Large. Each step up doubles the compute — and doubles the cost. An X-Small burns 1 credit per hour of running time; Small is 2, Medium 4, Large 8, and so on, doubling all the way up to 512 credits per hour at 6X-Large. (What a credit costs in dollars depends on your edition and cloud, which we’ll get to.)

The billing is per second, with a 60-second minimum each time a warehouse starts or resumes. That minimum is the one bit of nuance: firing a warehouse up for a five-second query still bills a full minute, so it’s cheaper to run a batch of related queries in one warm session than to resume the thing repeatedly for one statement each.

Two independent knobs control a warehouse, and it’s worth keeping them separate in your head:


	Size (scale up) makes a single query faster by throwing more compute at it. A Large scans and joins the same data roughly twice as fast as a Small.

	Multi-cluster (scale out) makes a warehouse handle more concurrent queries by adding whole extra clusters behind the same warehouse name when the queue grows, then removing them when it shrinks. This is how you serve a crowd of dashboard users without any of them waiting. Multi-cluster warehouses are an Enterprise-edition-and-up feature — a boundary we’ll return to below.



Then there’s what happens when a warehouse is idle. Snowflake will auto-suspend it after a short, configurable stretch of inactivity, and auto-resume it on the next query. Resuming is fast — on the order of a second or two to go from cold to serving — which is the whole reason disposable compute is practical: you’re not waiting minutes for a cluster to boot. A running warehouse also keeps a local cache of the micro-partition data it has recently read, on fast storage attached to the cluster. Re-run a similar query on the same warm warehouse and it may skip fetching from remote storage entirely. But that cache is warehouse-local and volatile — suspend the warehouse and the cache is gone, so the first query after a resume runs a touch cooler than the ones that follow.

Cloud services: the brain, and yes, it’s billed

The top layer is the one newcomers overlook, partly because you never provision it. Cloud services is a fleet Snowflake runs on your behalf that does everything around the query: it holds the metadata about what tables and micro-partitions exist, it runs the query optimizer that plans your SELECT and decides which partitions to prune, it manages transactions and consistency, it enforces security and access control, and it maintains the result cache.

That result cache is worth calling out. When a query runs, its result is retained for 24 hours, and if anyone runs a byte-for-byte identical query against unchanged data within that window, Snowflake returns the stored result without starting a warehouse at all. Zero compute, near-instant answer. It’s a genuine “free” fast path, and it lives entirely in this top layer.

Here’s the part people miss: cloud services is metered and billable like everything else — it consumes credits for the metadata lookups, optimization, and coordination it does. The catch that keeps it from mattering for most accounts is the 10% rule: cloud-services usage is only charged to the extent it exceeds 10% of your daily virtual-warehouse compute. If your warehouses burned 100 credits today, the first 10 credits of cloud-services work are on the house. Ordinary query workloads stay comfortably under that line, so most accounts pay nothing for cloud services. You can blow past it, though, with pathological patterns — thousands of tiny metadata-heavy statements, or floods of INFORMATION_SCHEMA queries and object-creation churn — which is exactly the kind of surprise this chapter exists to pre-empt.

Storage holds it, compute processes it, cloud services coordinates it — and each of the three is billed on its own axis. That independence is the point.

[image: Snowflake's three decoupled layers: cloud services on top, several independent virtual warehouses in the compute layer, all reading one centralized storage layer underneath.]

Where Snowflake physically runs

Snowflake isn’t a place you install software; it’s a managed service running on top of one of the big public clouds. You choose which one — Snowflake runs on AWS, Microsoft Azure, and Google Cloud — and within it a region, a geographic location like a US-East or an EU-West. That choice sets where your storage physically lives and which region’s object storage and compute your account draws on.

The unit that matters is the account, and an account lives in exactly one region of one cloud. Everything in it — your databases, warehouses, users, roles — sits in that region. This is why the signup flow (the subject of the next chapter) asks for a cloud and region before it does anything else: it’s provisioning your account somewhere specific, and that somewhere is durable. For learning, the choice is cosmetic — pick a region near you for lower latency and don’t overthink it. In production it has teeth: it governs data-residency and compliance obligations, and it affects latency and egress cost when Snowflake talks to other services you run in the same cloud and region.

Because an account is region-bound, spanning regions or clouds is a deliberate, higher-tier act rather than a default. Snowflake offers replication — keeping a copy of databases (and eventually whole account state) in sync in a second region or even a second cloud — as the mechanism for that, whether for disaster recovery, for serving users on another continent with local latency, or for a business that has standardized on a different cloud than the one your account started in. You won’t set this up as a beginner, but it’s useful to know the shape of it now: your data has a home region, and reaching beyond it is replication, not magic. We’ll frame the cloud-and-region decision more concretely when you actually make it in the next chapter.

How this compares to what you might know

If you’ve used another cloud warehouse, it helps to place Snowflake among them, because they’ve converged on similar ideas from different starting points.

The sharpest contrast is with a traditional shared-nothing MPP warehouse — the classic on-premises or first-generation cloud design, where data is partitioned across a fixed cluster of nodes and each node owns its slice of disk. That design scales beautifully until you need to resize: adding nodes means physically reshuffling data across the cluster, a heavy operation you plan around, and storage and compute grow in lockstep whether or not you want both. Snowflake’s separation is precisely the escape from that. Because compute doesn’t own the data — it all lives in shared object storage — resizing a warehouse is instant and reshuffles nothing, and you can run ten differently-sized warehouses over one copy of the data.

Amazon Redshift began life as that shared-nothing design and has since grown a separated-storage option, but its heritage still shows in how you reason about nodes and clusters. Google BigQuery arrives at a similar destination from the opposite direction: it’s fully serverless, with no warehouse to size at all — you submit SQL and Google allocates ephemeral compute (slots) behind the scenes. That’s less to manage, but it also hands you less control; Snowflake’s explicit, sized, suspendable warehouses are the deliberate middle ground, giving you a dial you can turn per workload without making you administer a cluster. Databricks overlaps heavily on the analytics surface but grew out of Spark and the data-lake world, leading with notebooks, open table formats, and data-science and ML workflows, where Snowflake leads with SQL and a managed, closed-format warehouse. The lines blur more every year, but the instinct holds: reach for Snowflake when you want a SQL-first warehouse with per-workload compute you can reason about, and no cluster to babysit.

Editions and the credit model

Snowflake sells the same architecture at four editions, which gate features and set the price per credit rather than changing how the thing works:


	Standard — the full warehouse: all the SQL, storage/compute separation, and 1 day of Time Travel. Enough to learn everything in this book.

	Enterprise — adds the features larger teams lean on: multi-cluster warehouses, Time Travel extended up to 90 days, materialized views, search optimization, and column- and row-level security controls like dynamic data masking.

	Business Critical — layers on stringent security and compliance: support for regimes like HIPAA and PCI, customer-managed encryption keys, private connectivity, and database failover for disaster recovery.

	VPS (Virtual Private Snowflake) — the most isolated tier, a dedicated environment for organizations with the strictest requirements.



You don’t choose an edition to learn — the free trial gives you enough. But it pays to know the ladder exists, because more than once in this book a feature will come with the asterisk “Enterprise and up,” and now you’ll know what that asterisk means.

Underneath every edition is the same currency: the credit. Compute is priced in credits per second of warehouse runtime (recall the size table — 1 credit/hour at X-Small, doubling each size up). Storage is billed separately, by the terabyte-month of compressed data you’re holding, at a flat rate closer to raw cloud-storage cost. And cloud services is billed under the 10% rule above, which usually rounds to nothing. A credit’s dollar value depends on your edition, cloud, and region — higher editions cost more per credit — but the structure is consistent: you pay for storage while data sits, for compute while a query runs, and effectively nothing while nothing is happening. Sit with that last clause. It’s the opposite of the big idle box we started with, and it’s why “just leave a warehouse running” is the single most common way beginners run up a bill. A whole later chapter is devoted to keeping that from happening; for now, the mental model is enough — cost in Snowflake is a thing you do, not a thing you own.

Where this sits, and where we’re going

Snowflake is a cloud data warehouse — a SQL-first place to keep analytical data and run queries against it, without administering anything at the machine level. There are no instances to patch, no indexes to rebuild at 2 a.m., no storage to grow. You write SQL, you pick a warehouse to run it on, and the platform handles the rest. If you know SQL, you already know most of how to use it; what’s new is the model around the SQL, not the SQL itself.

This book builds that model from the ground up. Next we get you into the product and running your first query. From there: the object hierarchy (and the naming trap where “warehouse” means compute, not storage), querying the sample data that ships with every account, loading data of your own, and handing out access with roles so that not everyone is an account administrator. Cost, micro-partitions in performance depth, and Time Travel come later, once the shape of things is familiar — but you’ve now met all three in outline, which is the point of an opening chapter.

Final thoughts

The separation of storage and compute isn’t a feature you switch on — it’s the assumption underneath every decision you’ll make in Snowflake. Once compute is disposable and storage is shared, the old instinct to protect one precious server stops making sense. You stop sizing for peak and start sizing per job. You stop rationing access to the box and start giving each workload its own. And once you know that storage is immutable micro-partitions, that compute is warehouses you rent by the second, and that a whole billed brain-layer coordinates them, the features to come — Time Travel, cloning, multi-cluster scaling, the result cache — read less like a grab-bag and more like consequences of one decision. The hardest part of learning Snowflake isn’t the syntax; it’s unlearning the habit of treating the warehouse as a place your data lives.





Getting In: Snowsight and Your First Worksheet

The fastest way to understand a data warehouse is to run one query against it, so let’s get you to a result quickly and explain the surroundings on the way there. You don’t need a company account, an admin’s blessing, or a credit card — Snowflake’s free trial is enough to do everything in this book.

The trial

Go to Snowflake’s signup and take the 30-day free trial. It comes with roughly $400 in credits and no commitment — no card required to start, and nothing charges automatically when the clock runs out; the account just stops until you choose to convert it under Admin → Billing. That budget is far more than you’ll spend learning. Warehouses bill by the second while they run and cost nothing while suspended, and the queries in this book run for seconds on the smallest warehouse.

Signup asks you to make a few choices, and it’s worth knowing what each one commits you to.

Edition. The trial defaults to Enterprise, which is the middle tier and — conveniently for learning — the one that switches on most of the features you’ll read about. Snowflake sells four editions, and they’re a strict ladder, each a superset of the one below:


	Standard — the full SQL warehouse: all the compute, storage, and query features, plus one day of Time Travel and secure data sharing.

	Enterprise — adds the things larger teams lean on: up to 90 days of Time Travel, multi-cluster warehouses, materialized views, search optimization, and column-level security. This is what the trial gives you.

	Business Critical — adds compliance and resilience: HIPAA/PCI support, customer-managed encryption keys, private connectivity, and database failover between regions.

	Virtual Private Snowflake (VPS) — a completely isolated Snowflake deployment for organizations with the strictest requirements.



Nothing in this book needs more than Standard, but starting on Enterprise means a feature won’t be greyed out on you mid-lesson. If your trial happens to land on Standard, everything here still works.

Cloud provider and region. For learning it genuinely doesn’t matter which — pick a region near you and move on. Snowflake runs the same on AWS, Azure, and Google Cloud, and the choice only affects where your data physically sits and, later, latency to other services in that cloud. It’s not something you can change after the fact, though, so if you already know you’ll be pulling data from an S3 bucket in us-east-1, matching that region will save you cross-region transfer costs down the line. For a trial, don’t overthink it.

Once you submit, Snowflake emails you an activation link and spins up the account. Provisioning takes a minute or two.

Account identifiers, and the URL you’ll actually use

Before the interface, a word about how you address your account, because it’s the one piece of Snowflake plumbing that confuses newcomers for far longer than it should — and it’s the thing every driver, connection string, and CLI tool will eventually ask you for.

Every Snowflake account has two names for the same thing:


	An account identifier in the form orgname-accountname. When you signed up, Snowflake put your account inside an organization (your company or, for a trial, a generated org name) and gave the account a name within it. So the identifier reads like myorg-learning1 — organization, a hyphen, then the account. This is the modern, human-readable identifier, and it’s what you’ll paste into connectors.

	An account locator — an older, opaque code like xy12345, sometimes with a region and cloud suffix baked in (xy12345.us-east-1.aws). It still works and you’ll see it in older docs, but the orgname-accountname form is preferred now because it’s stable and readable.



You don’t need to memorize any of this to use the web UI, because when you follow the activation link or later sign in at app.snowflake.com, Snowflake’s sign-in flow handles the routing for you: you pick your account from a list (or type the identifier once), and it drops you into the right place. The direct URL for a specific account looks like https://app.snowflake.com/<orgname>/<accountname>/, and once you’ve signed in your browser will remember it.

Where to find your identifier when you need it. In Snowsight, click your account name in the bottom-left corner. The account menu that pops up shows your organization and account name, and there’s a copy account identifier option and a copy account URL option right there. You can also get it in SQL:

SELECT CURRENT_ORGANIZATION_NAME(), CURRENT_ACCOUNT_NAME();

Tuck this away — the moment you go past the browser and try to connect a BI tool, a Python script, or the Snowflake CLI, the very first thing it asks for is that identifier.

Signing in to Snowsight

Once the account is provisioned, you sign in at app.snowflake.com. What loads is Snowsight, the web interface where you’ll spend all your time — writing SQL, browsing objects, managing the account. If you’ve read older tutorials that mention a “Classic Console,” ignore that instinct; the classic UI has been retired, and Snowsight is the whole experience now.

The left navigation is worth a slow, honest tour, because it maps almost exactly onto the mental model from the previous chapter, and the stub tours most tutorials give you skips half of it. Here’s what each area is actually for.

Projects → Worksheets. Where you write and run SQL. This is home base, and where we’re headed in a minute. Grouped alongside it under Projects you’ll find Dashboards and, depending on your account, Notebooks and Streamlit apps.

Projects → Dashboards. A place to pin the result of a query as a chart or table and arrange several of them on one page — a lightweight, built-in BI surface. You won’t need it early, but it’s handy: any query result in a worksheet can be promoted to a dashboard tile, and the tile re-runs the query on a schedule or on demand. It is not a replacement for a real BI tool, but it’s enough to keep an eye on a few numbers without leaving Snowflake.

Data → Databases. A browser for your storage: databases, schemas, and the tables, views, and other objects inside them. Expand SNOWFLAKE_SAMPLE_DATA here and you can drill all the way down to a table, click it, and see its columns, data types, row count, and a Preview of the first rows — all without writing a SELECT. This is the fastest way to answer “what’s actually in here?” and we’ll live in it next chapter.

Data → Marketplace. A completely different idea that happens to sit in the same menu. The Marketplace is a catalog of live datasets and applications published by other organizations — weather, demographics, financial data, and so on — that you can attach to your own account as read-only databases and query as if they were local, with no copying and no ETL. That’s Snowflake’s data-sharing technology turned into a storefront. You won’t use it in this book, but it’s worth knowing the distinction: Databases is your storage; Marketplace is everyone else’s, offered to you.

Monitoring → Query History. A searchable log of every query the account has run — yours and everyone else’s — with the SQL text, who ran it, which warehouse, how long it took, how many rows and bytes it scanned, and whether it hit the result cache. This is the single most useful diagnostic screen in Snowflake, and we’ll open it in a moment to inspect your very first query. You can filter by user, warehouse, status, and time range, and click any query to see a detailed profile.

Monitoring → Copy History. A narrower log focused on data loading — every COPY INTO that pulled files into a table, with success and error counts per file. You’ll care about this when you start ingesting data; for now, just know it’s where load failures announce themselves.

Admin → Cost Management. The account’s spending dashboard: credits consumed over time, broken down by warehouse and by service, plus your remaining trial balance. On a trial this is the screen to glance at occasionally so you can see how little the learning queries actually cost.

Admin → Resource Monitors. Guardrails on spend. A resource monitor sets a credit budget over a time window and can notify you — or automatically suspend warehouses — when consumption crosses a threshold. On a trial you don’t strictly need one because the account simply stops when the free credits run out, but this is exactly the mechanism a real account uses to keep a runaway query from burning the month’s budget.

Admin → Warehouses. Where virtual warehouses are created, resized, suspended, and configured — the compute side of the account. You can see each warehouse’s size, its auto-suspend and auto-resume settings, and whether it’s currently running. Chapter three is all about warehouses, so we’ll come back here properly.

Admin → Users & Roles. Account membership and permissions: the users who can log in, and the roles that grant them what they can see and do. This is the machinery behind that USE ROLE line you’re about to run, and chapter seven is dedicated to it.

Admin → Security. Account-wide security policies — network rules that restrict which IP ranges can connect, session policies, and (on the right editions) more. You won’t touch it in this book, but it’s where an administrator hardens a production account.

Admin → Billing / Contracts. Where a trial converts to a paid account and where payment and terms live. Nothing to do here until you decide to keep the account past 30 days.

That’s the map. Most of it you can ignore for weeks; the two you’ll open constantly are Worksheets and Query History.

A trial account isn’t empty, which is why we can query on minute one. It’s provisioned with a default virtual warehouse or two — typically a COMPUTE_WH — so you have compute available immediately and don’t have to create anything before your first query. Storage is stocked too: every account ships with a shared, read-only SNOWFLAKE_SAMPLE_DATA database full of realistic tables, including the TPCH_SF1 schema we’ll use throughout this book.

Your first Worksheet

Open Worksheets and create one with the + button. You get two flavors when you create one: a plain SQL Worksheet, and a Python Worksheet. Take the SQL worksheet — the Python option runs Snowpark, Snowflake’s DataFrame API, inside a managed Python sandbox, and it’s a genuinely useful thing to know exists, but it’s a topic for much later. Everything in this book is SQL.

A worksheet is a SQL editor with a result grid below it and, in the top-right corner, a set of context pickers — a role picker and a warehouse picker, plus a database/schema selector. Context is the answer to a question Snowflake asks of every statement: as whom, on what compute, against which data? The role you pick decides what you’re allowed to see; the warehouse decides what compute runs your query. You can set all of it with the pickers, or in SQL, which is what we’ll do because it’s explicit and copy-pasteable:

USE ROLE ACCOUNTADMIN;
USE WAREHOUSE COMPUTE_WH;
USE DATABASE SNOWFLAKE_SAMPLE_DATA;
USE SCHEMA TPCH_SF1;

One thing to flag now and explain in full later: a fresh trial logs you in as ACCOUNTADMIN, the most powerful role in the account. That’s expected on a trial — you’re the only user, and someone has to be able to do everything — but it’s a bad habit to carry into real work, because running everyday queries as the top-level admin is exactly the kind of thing that turns a typo into an incident. We’ll set up saner, lower-privilege roles in chapter seven. For now, ACCOUNTADMIN gets you moving.

Run those four lines, then run a real query against the sample data:

SELECT COUNT(*) FROM snowflake_sample_data.tpch_sf1.orders;

That table has 1.5 million rows, and you’ll have the count back in a moment. Fully qualifying the name — database.schema.table — means it works regardless of the context you set above; once you’ve USEd a database and schema, you can drop the prefix and just write SELECT COUNT(*) FROM orders. We’ll lean on that in the next chapter.

A note on case, because it trips up newcomers and Snowflake handles it in a specific way. Snowflake folds unquoted identifiers to uppercase. So orders, Orders, and ORDERS all resolve to the same object, stored internally as ORDERS — which is why the sample tables show up in all-caps in the Databases browser even though you can type them in lowercase. The catch: if you ever quote an identifier — "orders" — Snowflake takes it literally, lowercase and all, and that would not match the uppercase ORDERS. The practical rule is simple: don’t quote identifiers unless you have to, write them in whatever case you find readable, and let the folding sort it out.

How the worksheet actually runs

A handful of mechanics that save real confusion later.

Run current vs. run all. The Run button executes the statement your cursor is in. The keyboard shortcut is Cmd-Enter (macOS) or Ctrl-Enter (Windows/Linux) — you’ll use it constantly. To run every statement in the worksheet top to bottom, use the run-all option in the menu next to the Run button (Cmd/Ctrl-Shift-Enter). That distinction matters here — the four USE lines and the SELECT are five separate statements, separated by semicolons, so either place your cursor in each and run them one at a time, or run all. Multi-statement execution runs them in order and shows you the last statement’s result grid, with the earlier ones available in the results dropdown.

Session variables. A worksheet is a session, and sessions can hold variables. You set one with SET and read it back with a $ prefix:

SET min_price = 100000;
SELECT COUNT(*) FROM orders WHERE o_totalprice > $min_price;

The variable lives for the life of the session, so it’s handy for a threshold you reference in several queries. It’s a small thing, but it’s the first hint that a worksheet is a stateful connection, not just a text box — close the tab and reopen it, and the session resets, variables and context alike.

Comments and formatting. The editor understands SQL comments (-- for a line, /* */ for a block), autocompletes table and column names once your context is set, and has a format option that re-indents a messy query. Autocomplete is more than a convenience on Snowflake: because it reads your current database and schema context, it’ll suggest the actual columns of ORDERS as you type, which doubles as a quick way to remember what’s in a table without switching to the Databases browser.

The result grid. Output lands in the panel below the editor: sortable columns, a row count, and a filter box. It’s a working surface, not just a read-out — you can sort and scan a result without re-querying. Two limits are worth internalizing. First, the grid displays at most 10,000 rows — the query may return millions, but the interactive grid caps what it renders, so a SELECT * on a huge table won’t hang your browser; it just shows you the first slice. Second, when you want the whole result, use the Download option above the grid to export it as CSV (or, in newer Snowsight, other formats). The download pulls the full result set, not just the displayed 10,000.

Charts from results. Next to the results grid is a Chart toggle. Flip it and Snowsight turns the current result into a quick bar, line, or scatter chart — pick which column is the axis and which is the value. It’s the same engine that powers dashboard tiles, and it’s genuinely useful for eyeballing a GROUP BY without leaving the worksheet.

A query needs a running warehouse. Compute has to be on for anything to execute. If your warehouse is suspended when you hit Run, Snowflake auto-resumes it — the first query after an idle stretch pays a second or two of startup, then runs normally. A warehouse auto-suspends after a short idle too, so you’re not paying for it to sit there. That’s the reason a query occasionally pauses before it starts: the engine was off, and Snowflake just turned it on for you.

The first-query warm-up: why the cold run feels slow

Run that COUNT(*) right after signing in and it might take a few seconds. Run it a second time and it comes back almost instantly. That gap is worth understanding concretely, because it’s the difference between two very different things happening under the hood — and reading it correctly is your first real Snowflake skill.

Open Monitoring → Query History and find your query at the top of the list. Click it. The detail view breaks the total elapsed time into phases, and on that cold first run you’ll typically see:


	Queued (provisioning) or a warehouse-start delay — the warehouse was suspended, and Snowflake spent a second or two resuming it before the query could even begin. This is the auto-resume latency, and it’s a one-time cost paid by whichever query wakes the warehouse.

	Execution — the actual scanning and counting.



Now the caching. That first run was cold in two senses. The warehouse had no data cached locally, so it read the ORDERS micro-partitions from cloud storage into the warehouse’s local SSD cache. And there was no result to reuse. The second run is fast for one of two reasons, and Query History tells you which:


	If nothing about the query or the underlying data changed, Snowflake serves it straight from the result cache — a stored copy of the previous answer, returned without spinning up the warehouse at all. In the query detail you’ll see it flagged as served from cache, execution time near zero. This cache is account-wide and lasts 24 hours as long as the data hasn’t changed.

	If you run a similar query — say, the same count with a different filter — the warehouse is now warm: the ORDERS data it needs is already sitting in local cache from the first run, so it skips the trip to cloud storage. Faster, but not free, because it still executes.



So the honest answer to “why did the first one feel slow?” is a stack of small, explainable costs: the warehouse had to wake up, and the data had to be fetched from cloud storage for the first time. None of it is a sign that Snowflake is slow — it’s the system paying setup costs once so that everything after is quick. Getting in the habit of opening Query History to see those phases, rather than guessing, is exactly how you’ll debug a genuinely slow query later.

Checking your credits. While you’re poking around, open Admin → Cost Management and look at the remaining balance and the consumption chart. Run the whole warm-up exercise above and watch how little it moved the needle — a few seconds of an extra-small warehouse is a rounding error against $400. That’s the reassurance to carry forward: learning on Snowflake is cheap, and the tools to see that it’s cheap are one click away.

Final thoughts

Notice how little ceremony that was. No connection strings, no driver install, no DBA to file a ticket with — a browser tab, four lines of context, and a query against a million and a half rows. That frictionlessness is deliberate, and it’s easy to mistake for the whole product. It isn’t. The context you just set by hand — role, warehouse, database, schema — is the skeleton everything else hangs on, and the next chapter is about the bones.





Databases, Schemas, and the Warehouse That Isn't Storage

Most of Snowflake’s object model will feel like coming home. There’s an account at the top, databases inside it, schemas inside those, and tables and views inside those. If you’ve used Postgres or any grown-up SQL database, you’ve seen this shape before and you can navigate it on instinct. And then you meet the word “warehouse,” reach for the instinct that says warehouse means where the data is kept, and walk straight into the one thing about Snowflake that trips up everyone.

The hierarchy

Storage in Snowflake nests four levels deep:

account
└── database
    └── schema
        └── table / view

An account is your whole Snowflake environment. Inside it you create databases, inside those schemas, and inside those the tables and views that hold and shape data. The full address of a table is all three levels joined by dots:

SELECT * FROM analytics.sales.orders;

One thing this little tree quietly omits: databases aren’t the only things that hang off the account. Warehouses live at the account level too, as siblings of databases rather than children of them — and so do roles, users, and resource monitors. That’s your first hint of the twist coming later in this chapter: the warehouse isn’t tucked inside a database because it was never storage in the first place. But hold that thought.

That’s database.schema.table — a fully-qualified name, and it works from anywhere regardless of what you’ve selected. Writing it out every time gets old fast, which is what USE is for. Setting a database and schema as your context lets you drop the prefixes:

USE DATABASE analytics;
USE SCHEMA sales;

SELECT * FROM orders;

Same query, resolved through context. orders becomes analytics.sales.orders because that’s where you’re standing. Fully-qualified names are how you reach across to something outside your current context; USE is how you avoid repeating yourself within it. You’ll use both constantly.

You’ve already been reading data through exactly this address. SNOWFLAKE_SAMPLE_DATA.TPCH_SF1.ORDERS is a database (SNOWFLAKE_SAMPLE_DATA), a schema (TPCH_SF1), and a table (ORDERS) — the same three-dot shape as anything you’ll build yourself. The sample data isn’t special; it’s an ordinary database that Snowflake put in your account for you, and it obeys the same rules as the ones you create.

What a schema actually holds

A schema is usually described as “the thing tables live in,” and that’s true but sells it short. A schema is the real namespace of Snowflake — the level where most objects are named and owned — and it holds a good deal more than tables and views. It’s worth knowing the full inventory now, because these names will keep surfacing and you’ll want to already know which drawer they’re in:


	Tables — the rows and columns, in a few flavours we’ll get to in a moment.

	Views — saved queries that look like tables. A plain view recomputes on every read; a materialized view stores its result and refreshes as the base table changes (a paid, Enterprise-and-up convenience for expensive, slow-changing queries).

	Stages — named pointers to file storage, internal or in an S3/GCS/Azure bucket, that loading and unloading read through. You’ll meet these when you bring in your own data.

	File formats — reusable descriptions of how a file is laid out (CSV delimiters, JSON, Parquet, compression) so you don’t respecify it on every load.

	Sequences — number generators for surrogate keys.

	Streams — change-tracking objects that record what rows were inserted, updated, or deleted in a table since you last looked; the backbone of incremental pipelines.

	Tasks — scheduled or triggered units of SQL, often chained together and often driven by a stream.

	Stored procedures and user-defined functions — your own logic, in SQL, JavaScript, Python, Java, or Scala, callable by name.



Streams, tasks, and the programmability objects each get their own chapter later; the point here is only that a schema is a container for all of these, not just tables. When you drop a schema, everything in this list goes with it.

Table types: three flavours, and why it costs you to not know

Even the word “table” hides a choice. When you write CREATE TABLE, you get a permanent table — the default, and the one you want for anything real. Permanent tables get the full safety net: Time Travel (query or restore an earlier version, up to 90 days on Enterprise and above) followed by Fail-safe (a further seven-day, Snowflake-managed recovery window you can’t query but Snowflake support can restore from). That safety costs storage, because Snowflake keeps the historical bytes around to make it possible.

A transient table (CREATE TRANSIENT TABLE) trades that net for a lower bill. It keeps at most one day of Time Travel and has no Fail-safe at all — which means you stop paying for those seven days of retained history. Use it for data you can rebuild: staging tables, scratch space, the reload-from-source layer of a pipeline. If it vanished, you’d shrug and re-run the load.

A temporary table (CREATE TEMPORARY TABLE) is narrower still: it exists only for your current session and disappears the moment you disconnect, invisible to everyone else the whole time. It’s for the intermediate result you need for the next three queries and never again. It also has no Fail-safe.

Here’s the part that bites newcomers: transience is inherited. Create a transient database or a transient schema and every table inside it is transient by default, whether or not you said so — so an entire environment can quietly have no Fail-safe because someone typed CREATE TRANSIENT SCHEMA once. That’s usually what you want for a dev or scratch environment, but it’s a decision you should make on purpose. The full matrix of table types — permanent, transient, temporary, plus external, Iceberg, and dynamic tables — and how each interacts with Time Travel and Fail-safe is the subject of its own chapter; for now, just know the default is permanent, and that the word TRANSIENT in front of a DATABASE or SCHEMA changes the cost profile of everything you’ll ever put in it.

Creating storage, and who ends up owning it

You create storage with the CREATE verb, top-down:

CREATE DATABASE analytics;
CREATE SCHEMA analytics.sales;

That’s a database and a schema inside it — a place for tables to live, holding no compute of any kind. Two things happen at creation that you should be able to see coming.

First, ownership. The role you’re using when you run CREATE becomes the object’s owner, and the owner has every privilege on it plus the right to hand those privileges to others. This is why the role you had active matters: create a database as SYSADMIN and SYSADMIN owns it; create it as some personal role and you may find your teammates locked out of a thing you didn’t mean to make private. Roles are their own chapter, but the reflex to build now is notice which role is active before you create things.

Second, in a normal schema, the owner of each object controls grants to that object — so whoever creates a table can also decide who reads it. Sometimes that’s exactly the delegation you want; sometimes it’s a governance headache, because access decisions end up scattered across whoever happened to create what. That’s the problem managed-access schemas solve.

Managed-access schemas

Create a schema with one extra clause:

CREATE SCHEMA analytics.sales WITH MANAGED ACCESS;

In a managed-access schema, object owners lose the ability to grant access to their own objects. Only the schema owner (and roles holding the global MANAGE GRANTS privilege) can grant privileges on anything inside it. Ownership still means you can alter and drop your table — but who gets to read it is decided in one place, by the schema owner, not by each object’s creator. For a team that cares about governance, that single clause turns “access is wherever someone left it” into “access is decided here,” and it’s far easier to reason about a schema where one role holds the grant pen. You can see whether a schema is managed in the output of SHOW SCHEMAS — there’s an is_managed_access column.

Finding your way around

Once objects exist, three tools tell you what’s there. They overlap on purpose — different situations want different ones.

SHOW lists objects and is the quickest look around:

SHOW DATABASES;
SHOW SCHEMAS IN DATABASE analytics;
SHOW TABLES IN SCHEMA analytics.sales;
SHOW WAREHOUSES;

SHOW reads live metadata, needs no running warehouse, and returns one row per object with handy columns — created-on, owner, row count, bytes, the managed-access flag. It’s what you reach for when the question is “what have I got?”

DESCRIBE (or DESC) zooms into one object’s shape:

DESCRIBE TABLE analytics.sales.orders;

That gives you the column names, types, nullability, and defaults — the answer to “what does this table actually look like?” It works on more than tables: DESCRIBE VIEW, DESCRIBE WAREHOUSE, DESCRIBE SCHEMA, and so on.

INFORMATION_SCHEMA is the queryable, SQL-standard version of the same knowledge. Every database has its own, a read-only schema full of views and table functions describing that database’s contents:

SELECT table_name, row_count, bytes
FROM analytics.information_schema.tables
WHERE table_schema = 'SALES'
ORDER BY bytes DESC;

The sample data answers the same way. Point the same query at it and you get the catalogue of the TPC-H schema you’ve been reading from:

SELECT table_name, row_count
FROM snowflake_sample_data.information_schema.tables
WHERE table_schema = 'TPCH_SF1'
ORDER BY row_count DESC;

That’s how you’d discover that LINEITEM dwarfs ORDERS, which dwarfs CUSTOMER — useful reconnaissance before you write a join that has to grind through six million rows. Because it’s ordinary SQL, you can filter, join, aggregate, and script against it — which SHOW can’t do as cleanly. The rule of thumb: SHOW and DESCRIBE for eyeballing, INFORMATION_SCHEMA when you need to compute over the catalog (for account-wide metadata there’s also the shared SNOWFLAKE.ACCOUNT_USAGE schema, which we’ll meet in the admin chapter). Note the filter above says 'SALES', uppercase — that’s not an accident, and the next-but-one section explains why.

The database is also the unit of the big operations

One more reason the database level matters: several of Snowflake’s most distinctive features operate on whole databases (or objects within them), and knowing that shapes how you organize things. Zero-copy cloning — making an instant, storage-free copy of a database or schema — is a database-level trick we’ll use in the Time Travel and cloning chapter. Replication copies a database to another account or region for resilience. Shares expose selected objects to other Snowflake accounts without moving data, the basis of the data-sharing and Marketplace chapter. You don’t need any of this yet. Just file away that the database isn’t only a naming bucket — it’s the natural boundary for cloning, replicating, and sharing, so a sensible database layout pays off later.

The trap: a warehouse is compute

Here is the sentence to tattoo somewhere: in Snowflake, a warehouse is not where data lives. It’s not in the hierarchy above. It’s not a container, not a folder, not storage. A Snowflake warehouse is a chunk of compute — a cluster of CPUs and memory that runs your queries. The data lives in databases, schemas, and tables. The warehouse is the engine that reads them.

The word is doing damage because everywhere else in the industry, “data warehouse” means the place the data is warehoused. Snowflake overloads the term: the product is a data warehouse in that usual sense, but a warehouse object inside it means compute and nothing else. Once you separate the two meanings, the confusion evaporates. Storage is the noun — the tables. The warehouse is the verb — the running.

So every query has two independent targets. It reads from a storage target (a table, addressed by database.schema.table) and it runs on a compute target (a warehouse, selected by context). Neither implies the other. The same table can be read by ten different warehouses; the same warehouse can read a thousand different tables. They’re chosen separately because they are separate — this is the storage-and-compute split from the first chapter, showing up as two different kinds of object you point a single query at.

Creating a warehouse, the full knobs

The warehouse we made earlier was deliberately bare. Here’s the same CREATE with the parameters worth understanding on day one:

CREATE WAREHOUSE dev_wh
  WAREHOUSE_SIZE       = 'XSMALL'
  MIN_CLUSTER_COUNT    = 1
  MAX_CLUSTER_COUNT    = 1
  SCALING_POLICY       = 'STANDARD'
  AUTO_SUSPEND         = 60
  AUTO_RESUME          = TRUE
  INITIALLY_SUSPENDED  = TRUE
  COMMENT              = 'Dev + learning warehouse';

Read it top to bottom:


	WAREHOUSE_SIZE is the power of a single cluster, on a t-shirt scale that doubles at each step: XSMALL, SMALL, MEDIUM, LARGE, XLARGE, and on up through 2XLARGE to 6XLARGE. Each step up doubles the compute — and doubles the per-hour credit burn — but a query that fits in cache can finish more than twice as fast, so a bigger warehouse is often cheaper per query even though it costs more per second. XSMALL is the right default for learning and light work, and you can resize a warehouse later with a single ALTER without touching anything that reads through it.

	MIN_CLUSTER_COUNT and MAX_CLUSTER_COUNT turn on multi-cluster warehouses. Size handles a query that’s big; clusters handle queries that are many. Set the max above one and Snowflake spins up extra same-sized clusters when concurrent queries start queuing, then spins them down when the rush passes — automatic horizontal scaling for lots of simultaneous users. Leaving both at 1 (as here) gives you a plain single-cluster warehouse. Multi-cluster is an Enterprise-edition-and-up feature; on Standard, these parameters simply aren’t available to raise.

	SCALING_POLICY governs how eagerly those extra clusters start. STANDARD favours performance — add capacity fast to avoid queuing. ECONOMY favours cost — make the running clusters work harder before paying for another. It only matters once MAX_CLUSTER_COUNT is above one.

	AUTO_SUSPEND is the idle timeout in seconds. After this long with nothing to run, the warehouse powers down and stops billing. Sixty seconds is a reasonable learning default; production values are a balance we’ll weigh later.

	AUTO_RESUME brings it back the instant a query arrives, so a suspended warehouse is invisible in practice — the first query after a nap just waits a second or two for the lights to come on.

	INITIALLY_SUSPENDED = TRUE creates it already asleep, so it doesn’t start billing the moment the CREATE runs while you’re still typing. A small, good habit.

	WAREHOUSE_TYPE we left at its default, STANDARD. Setting it to 'SNOWPARK-OPTIMIZED' gives you nodes with much more memory per node, for memory-hungry Snowpark / machine-learning workloads. You won’t need it for SQL analytics, but it’s there.

	COMMENT is free-text documentation that shows up in SHOW WAREHOUSES. On a real account with a dozen warehouses, a one-line note on why this one exists is worth the eight seconds it takes to write.



Now pair compute with storage — pick your engine, then read your data:

USE WAREHOUSE dev_wh;

SELECT count(*) FROM analytics.sales.orders;

The USE WAREHOUSE line chooses the engine; the SELECT names the data. Change one and the other is unaffected. Point the query at a different table and dev_wh still runs it. Swap in a bigger warehouse and the table doesn’t notice. Sizing, credits, and the arithmetic of when a bigger warehouse is the cheaper choice get a whole chapter of their own — Warehouse Sizes, Auto-Suspend, and the Credit Meter; here we’re just naming the knobs so the syntax isn’t a surprise.

The bug that gets everyone: identifier case

Now that you’re creating objects, here’s the single most common beginner DDL mistake, and it’s about capital letters.

When you write an identifier without quotes, Snowflake folds it to UPPERCASE before storing it. These three statements all create the same table, named ORDERS:

CREATE TABLE orders (...);
CREATE TABLE Orders (...);
CREATE TABLE ORDERS (...);

And because reads fold the same way, SELECT * FROM orders, FROM Orders, and FROM ORDERS all find it. This is why you can type lowercase all day and it just works, and it’s why the metadata views hold 'ORDERS' and 'SALES' in uppercase — the earlier INFORMATION_SCHEMA filter used WHERE table_schema = 'SALES' for exactly this reason. The stored name is uppercase even though you never typed it that way.

When you wrap an identifier in double quotes, all of that stops. A quoted identifier is stored exactly as written, case and all, and from then on you must quote it and match the case every time:

CREATE TABLE "Orders" (...);      -- stored as  Orders

SELECT * FROM Orders;             -- ERROR: resolves to ORDERS, which doesn't exist
SELECT * FROM "Orders";           -- works
SELECT * FROM "orders";           -- ERROR: that's a different name again

The trap springs when a tool — a BI connector, an ORM, a loader — quotes every identifier it emits, creating "Orders" and "customerKey" with the case preserved, and then you sit in Snowsight typing unquoted SQL that folds to uppercase and can’t find any of it. The fix is a rule you can adopt from your very first CREATE: don’t quote identifiers unless you have to, and stay consistent. Let everything fold to uppercase and you never think about case again. Reserve double quotes for the rare name that genuinely needs a space or a reserved word — and when you do quote one, know that you’ve signed up to quote it forever.

Why the split earns its keep

Keeping compute out of the hierarchy isn’t pedantry — it’s what makes the platform bend to your workload.

Because a warehouse is just compute you name and size, you size it to the job. A dashboard that scans a few million rows runs fine on an XSMALL; a monthly rebuild that grinds through billions gets a large one for the twenty minutes it runs, then goes away. You’re not sizing one server for the worst case and paying for it always.

Because it suspends when idle, an unused warehouse costs nothing. Compute is billed by the second while running and zero while suspended, so a warehouse you touch twice a day is nearly free the rest of the time.

And because storage is shared, you give each team its own warehouse over the same tables. Analysts on one, the nightly load on another, a data scientist on a third — all reading the identical analytics.sales.orders, none slowing the others down, because they share bytes but not CPUs. That’s the payoff of refusing to let “warehouse” mean “storage”: you can multiply the engines without ever copying the data.

Final thoughts

The object model is easy right up to the word that isn’t. Databases, schemas, tables — you already knew those, though a schema holds more than you might have guessed, and even “table” hides a permanent-versus-transient choice that quietly sets your bill. The single idea worth carrying forward is that a warehouse sits outside that tree entirely, as compute you attach to a query rather than a place a query lives. Get that boundary firm, keep your identifiers unquoted and uppercase, and you’ve internalized the thing Snowflake is actually built around; the rest of the platform is just details hanging off a split you now see clearly.





Querying the Sample Data You Already Have

Most database tutorials open with a chore: install this, seed that, wait for the load to finish before you can write your first real query. Snowflake skips it. The moment your account exists, there’s a database sitting in your object list called SNOWFLAKE_SAMPLE_DATA — read-only, shared by Snowflake, and already populated with a business large enough to be interesting. No download, no COPY INTO, no waiting. You can write a query that scans a million orders in the time it takes to read this sentence.

That database is where you should live for your first hour. It’s the difference between learning Snowflake’s SQL and warehouse behavior on realistic data versus poking at a SELECT 1 and pretending you’ve learned something.

What’s actually in there

SNOWFLAKE_SAMPLE_DATA holds the TPCH dataset — a standard benchmark schema modeled on a wholesale supplier. It’s not toy data. It’s a normalized orders business with the joins you’d actually write against a real warehouse. The same tables are provided at several scales, each in its own schema: TPCH_SF1 is roughly one gigabyte and about 1.5 million line items, TPCH_SF100 is a hundred times that, and TPCH_SF1000 is a thousand times — that last one is billions of line items, and it’s genuinely useful for feeling what a big warehouse is for.

The tables you’ll care about:


	CUSTOMER — who’s buying, with a C_NATIONKEY pointing at their nation and a C_MKTSEGMENT you can slice by.

	ORDERS — one row per order, with a total price (O_TOTALPRICE), an order date (O_ORDERDATE), a status, and a priority.

	LINEITEM — the individual lines on each order (quantity, price, discount, ship date, return flag). This is the big one and where the real money lives.

	PART, SUPPLIER, PARTSUPP — the catalog side: what’s being sold, who supplies it, and at what cost. PARTSUPP is the many-to-many bridge between parts and suppliers.

	NATION and REGION — the geography lookup tables that turn a key into “Germany” and “Europe”.



Orders belong to customers, line items belong to orders and reference a part and a supplier, customers belong to nations, and nations roll up into regions. That’s a real star-ish shape — enough to practice every join and aggregation you’ll write for the rest of your Snowflake life.

Before any query runs, set your context so you don’t have to fully-qualify every table:

USE DATABASE SNOWFLAKE_SAMPLE_DATA;
USE SCHEMA TPCH_SF1;

A query that earns its keep

Here’s the top ten customers by total order value — a group-by across a join, which is the shape of most analytics work you’ll ever do:

SELECT
  c.c_name,
  n.n_name AS nation,
  SUM(o.o_totalprice) AS lifetime_value
FROM customer c
JOIN orders o ON o.o_custkey = c.c_custkey
JOIN nation n ON n.n_nationkey = c.c_nationkey
GROUP BY c.c_name, n.n_name
ORDER BY lifetime_value DESC
LIMIT 10;

Nothing here is Snowflake-specific — it’s ANSI SQL, and that’s the point. Snowflake didn’t invent a new dialect for you to relearn. What it did was make this query return against a million-order table without you thinking about indexes, partitions, or vacuum.

Push one level deeper and aggregate revenue by region, joining all the way up the geography chain:

SELECT
  r.r_name AS region,
  SUM(l.l_extendedprice * (1 - l.l_discount)) AS net_revenue
FROM lineitem l
JOIN orders o   ON o.o_orderkey = l.l_orderkey
JOIN customer c ON c.c_custkey  = o.o_custkey
JOIN nation n   ON n.n_nationkey = c.c_nationkey
JOIN region r   ON r.r_regionkey = n.n_regionkey
GROUP BY r.r_name
ORDER BY net_revenue DESC;

That l_extendedprice * (1 - l_discount) is how TPCH models net revenue after the line discount — worth internalizing, because you’ll reach for it every time you compute revenue off this dataset. Five joins, an arithmetic expression inside an aggregate, grouped and sorted. If you can write and read this, you can query Snowflake.

SQL beyond ANSI: the parts worth learning early

Snowflake speaks standard SQL, but it also ships a handful of extensions that turn three-query problems into one-query problems. You don’t strictly need them, but the day you learn them you stop writing subquery gymnastics. Here are the ones worth pocketing, each against TPCH so you can run it right now.

QUALIFY with window functions. The classic “top N per group” problem — the single most-valued customer in each nation — is awkward in plain SQL because you can’t filter on a window function in a WHERE clause. Snowflake’s QUALIFY fixes exactly that: it filters on the result of a window function the way HAVING filters on an aggregate.

SELECT
  n.n_name AS nation,
  c.c_name,
  SUM(o.o_totalprice) AS customer_value,
  ROW_NUMBER() OVER (
    PARTITION BY n.n_name
    ORDER BY SUM(o.o_totalprice) DESC
  ) AS rnk
FROM customer c
JOIN orders o ON o.o_custkey = c.c_custkey
JOIN nation n ON n.n_nationkey = c.c_nationkey
GROUP BY n.n_name, c.c_name
QUALIFY rnk = 1;

That’s a group-by and a window function and a top-1-per-partition filter in one statement. Swap ROW_NUMBER() for RANK() if you want ties to share a rank (and possibly return more than one row per nation), or DENSE_RANK() if you don’t want ranks to skip. ROW_NUMBER() always breaks ties arbitrarily and gives you exactly one winner per partition — usually what you want for “the top one.”

Window functions also do running totals without a self-join. Monthly revenue with a cumulative-to-date column:

WITH monthly AS (
  SELECT
    DATE_TRUNC('month', o.o_orderdate) AS order_month,
    SUM(l.l_extendedprice * (1 - l.l_discount)) AS revenue
  FROM lineitem l
  JOIN orders o ON o.o_orderkey = l.l_orderkey
  GROUP BY order_month
)
SELECT
  order_month,
  revenue,
  SUM(revenue) OVER (ORDER BY order_month
                     ROWS BETWEEN UNBOUNDED PRECEDING AND CURRENT ROW)
    AS running_total
FROM monthly
ORDER BY order_month;

Two things to notice. First, the CTE (WITH monthly AS (...)) — Snowflake handles these cleanly, and chaining several of them is the idiomatic way to write a readable multi-step query instead of nesting subqueries five deep. Second, SUM() OVER (...) with an explicit window frame is how you get a running total; the ROWS BETWEEN UNBOUNDED PRECEDING AND CURRENT ROW frame says “everything from the start up to this row.”

Date functions. TPCH order dates run from 1992 through 1998, which makes it a good playground for Snowflake’s date toolkit. DATE_TRUNC snaps a date down to the start of a month, quarter, or year. YEAR(), MONTH(), and friends pull out components. DATEADD and DATEDIFF do date arithmetic, and LAST_DAY gives you the end of a period:

SELECT
  YEAR(o.o_orderdate)                       AS order_year,
  COUNT(*)                                  AS orders,
  DATEADD('day', 90, MAX(o.o_orderdate))    AS ninety_days_out,
  LAST_DAY(MAX(o.o_orderdate))              AS month_end
FROM orders o
GROUP BY order_year
ORDER BY order_year;

You’ll use DATE_TRUNC constantly for time-series rollups and DATEADD/DATEDIFF for anything involving windows of days. The gap between l_commitdate and l_receiptdate on LINEITEM, for instance, is a natural “how late was this shipment” calculation — and DATEDIFF makes it one line:

SELECT
  l_shipmode,
  AVG(DATEDIFF('day', l_commitdate, l_receiptdate)) AS avg_days_late,
  COUNT_IF(l_receiptdate > l_commitdate)            AS late_shipments
FROM lineitem
GROUP BY l_shipmode
ORDER BY avg_days_late DESC;

COUNT_IF there is another Snowflake convenience — a conditional count that saves you a SUM(CASE WHEN … THEN 1 END). Small, but it’s the kind of thing that makes queries read like what they mean.

PIVOT and UNPIVOT. To turn rows into columns — a cross-tab of order counts by year and priority — Snowflake gives you PIVOT instead of a pile of CASE WHEN … THEN 1 END expressions:

SELECT *
FROM (
  SELECT YEAR(o_orderdate) AS yr, o_orderpriority AS priority
  FROM orders
) src
PIVOT (
  COUNT(*) FOR priority IN (
    '1-URGENT', '2-HIGH', '3-MEDIUM', '4-NOT SPECIFIED', '5-LOW'
  )
)
ORDER BY yr;

UNPIVOT does the reverse, folding a set of columns back into rows — handy when someone hands you a wide report and you need it long for charting. Say you’ve built a per-region summary with one column per year; UNPIVOT turns those year-columns back into (region, year, revenue) rows:

WITH wide AS (
  SELECT * FROM (
    SELECT r.r_name AS region, YEAR(o.o_orderdate) AS yr,
           l.l_extendedprice * (1 - l.l_discount) AS rev
    FROM lineitem l
    JOIN orders o    ON o.o_orderkey  = l.l_orderkey
    JOIN customer c  ON c.c_custkey   = o.o_custkey
    JOIN nation n    ON n.n_nationkey = c.c_nationkey
    JOIN region r    ON r.r_regionkey = n.n_regionkey
  )
  PIVOT (SUM(rev) FOR yr IN (1994, 1995, 1996))
    AS p (region, y1994, y1995, y1996)
)
SELECT * FROM wide
UNPIVOT (revenue FOR order_year IN (y1994, y1995, y1996))
ORDER BY region, order_year;

The catch with PIVOT is that you have to list the target values explicitly (Snowflake also supports PIVOT (... FOR yr IN (ANY ORDER BY yr)) to discover them dynamically, which is newer and worth knowing). Notice too how the CTE lets the pivot and unpivot read as two clean steps rather than one unreadable nest.

QUALIFY again, for deduplication. The same QUALIFY ROW_NUMBER() = 1 shape that found the top customer per nation is also the idiomatic Snowflake way to deduplicate. Suppose you want the single most recent order per customer:

SELECT o_orderkey, o_custkey, o_orderdate, o_totalprice
FROM orders
QUALIFY ROW_NUMBER() OVER (
  PARTITION BY o_custkey ORDER BY o_orderdate DESC
) = 1;

No subquery, no self-join — partition by the key you want to be unique, order by whatever decides the winner, keep row 1. You’ll write this pattern constantly against your own data to collapse duplicate loads down to one row per key.

LISTAGG. To collapse many rows into one delimited string — every ship mode used by each order priority, on a single line:

SELECT
  o_orderpriority,
  LISTAGG(DISTINCT l_shipmode, ', ')
    WITHIN GROUP (ORDER BY l_shipmode) AS ship_modes
FROM orders o
JOIN lineitem l ON l.l_orderkey = o.o_orderkey
GROUP BY o_orderpriority
ORDER BY o_orderpriority;

LISTAGG is the string-building aggregate: it’s how you get a comma-separated summary column without exporting to a script. The WITHIN GROUP (ORDER BY …) clause controls the order inside each concatenated string.

TOP n and SAMPLE. LIMIT works, but Snowflake also accepts SELECT TOP 10 … if you prefer that spelling. More interesting is SAMPLE, which pulls a pseudo-random subset — invaluable for eyeballing a huge table cheaply:

-- 1% of line items, sampled by row (Bernoulli)
SELECT * FROM lineitem SAMPLE (1);

-- exactly 100 rows, sampled
SELECT * FROM lineitem SAMPLE (100 ROWS);

On TPCH_SF1000, SELECT * is a bad idea and SAMPLE (0.01) is how you get a feel for the data’s shape without scanning billions of rows. Add a SEED if you need the same sample twice — SAMPLE (1) SEED (42) — which matters when you’re comparing two versions of a transform and want them looking at identical rows. It’s a real workhorse once your own tables get big.

Reading the Query Profile

Everything so far treats Snowflake as a black box that “just works.” The Query Profile is where you open the box. After any query runs in Snowsight, click into the query’s history and open the Query Profile tab — it’s a visual tree of the operators Snowflake used, with the expensive ones flagged. Learning to read it is what separates “the query is slow” from “here’s why it’s slow.” Run the region-revenue query above, then open its profile and look for four things.

Pruning. Find the TableScan on LINEITEM and read its statistics: partitions scanned versus partitions total. Snowflake stores data in immutable micro-partitions and keeps min/max metadata for each one, so a filtered query can skip partitions that can’t possibly match — that’s pruning. Our region-revenue query has no filter on LINEITEM, so it scans all of them, and the ratio will read something like “partitions scanned: 250 / 250.” Add a WHERE o.o_orderdate >= '1998-01-01' and rerun, and — because the data correlates with date — you’ll see far fewer partitions scanned. That drop is the performance win, made visible.

The most expensive operator. Each node shows a percentage of total execution time. In a five-join aggregation the biggest cost is usually a TableScan (reading LINEITEM) or one of the Join nodes. The profile sorts this for you — the “Most Expensive Nodes” panel names the single operator eating your query so you know where to aim.

Join order. The tree shows the order Snowflake chose to join the tables and, on each Join node, how many rows came in versus went out. A join that takes ten million rows in and emits fifty million is exploding — usually a sign of a missing or wrong join key producing a partial cross product. On correct TPCH joins the row counts stay sane, but this is exactly the panel you’d check when a query mysteriously balloons.

Spilling. If a join or sort needs more memory than the warehouse has, Snowflake spills to local disk, and if that fills, to remote storage. The profile shows “Bytes spilled to local storage” and “…to remote storage.” Any remote spilling is a red flag — it means the warehouse is too small for this query’s working set, and the fix is a bigger warehouse (or a cheaper query). On TPCH_SF1 you won’t spill; run the same query on SF100 on an X-Small and you might, which is the point of the next section.

Two more numbers reward a glance. Bytes scanned, shown on the scan nodes, is the honest measure of how much data the query actually touched — it’s what maps most directly to work done, and watching it fall as you add filters is the tightest feedback loop you have. And if you want to see the plan before paying to run it, EXPLAIN USING TEXT SELECT … prints the operator tree with estimated row counts without executing — a cheap way to sanity-check a monster query on SF1000 before you commit compute to it.

This is a first pass, not the full treatment. The deep dive on micro-partitions, clustering keys, and the cache layers is chapter 13 — for now, just knowing these numbers exist changes how you think about every query you write.

The scale experiment, done honestly

Now the part that makes Snowflake click. Take the region-revenue query, change exactly one word, and run it against a hundred times more data:

USE SCHEMA TPCH_SF100;

Same query, same joins, same result shape — but now it’s scanning hundreds of millions of line items instead of a million and a half. Here’s the thing, though: if you just run it twice and time it, you’ll get a lie. To measure honestly, you have to defeat the caches.

Turn off the result cache first. Snowflake keeps a result cache that stores the exact output of a query for 24 hours. Run a query, run it again unchanged, and the second run returns instantly — without spinning the warehouse or burning a credit — because Snowflake handed you the stored result, not a fresh computation. That’s wonderful in production and poison for a benchmark, because your second timing measures the cache, not the warehouse. Switch it off for the session:

ALTER SESSION SET USE_CACHED_RESULT = FALSE;

Now every run actually computes. Time the SF1 query, then the SF100 query, on the same small warehouse. SF1 returns in a second or two; SF100 makes you wait. That wait is the physical sensation of a query outgrowing its compute — and it’s exactly what a bigger warehouse is for. Resize the warehouse up, rerun, watch the wait shrink.

But there’s a second cache, and it’s subtler. Even with the result cache off, the first time a warehouse reads a table it pulls the micro-partitions from cloud storage and keeps them in a warehouse-local data cache on the compute node’s SSD. The next query against the same data reads from that local cache instead of remote storage — so a second run can be faster than the first even though it genuinely recomputed the result. This isn’t the result cache; it’s warm local disk. To see a true cold number you’d suspend and resume the warehouse (which clears its local cache) between runs. For a rough feel you don’t need to be that fussy, but know that the two caches are different animals: the result cache skips the computation entirely, the data cache just skips the remote read.

And mind the credits. With the result cache off, every rerun on SF100 and SF1000 is real compute you’re paying for by the second. This is the cheapest performance lab you’ll ever have, but it isn’t free — a few minutes of an X-Small is nothing, a spree on a Large against SF1000 adds up. Turn USE_CACHED_RESULT back on (or just start a new session) when you’re done experimenting. The credit-and-warehouse-sizing math gets its own treatment in chapter 8; for now, the discipline is: cache off to measure, cache on to work.

One more thing: this database is a share

There’s a detail hiding in plain sight. You never loaded SNOWFLAKE_SAMPLE_DATA, you can’t write to it, and it doesn’t count against your storage bill — because it isn’t really your database. It’s a share: Snowflake maintains one copy of TPCH and exposes it, read-only, to every account through its Secure Data Sharing feature. When you query it, you’re reading Snowflake’s data live, with no copy made on your side. That’s not a special case built just for samples — it’s the same sharing primitive any Snowflake account can use to hand a live dataset to a partner or customer without exporting a single file. You’re already a data-sharing consumer on day one and didn’t notice. The full mechanics — providers, consumers, reader accounts, and the Marketplace — are chapter 15; file the idea away.

While you’re exploring, SNOWFLAKE_SAMPLE_DATA has more than TPCH. Poke around its other schemas: TPCH_SF1000 for a genuinely large dataset to stress a warehouse, TPCDS_SF10TCL (the TPC-DS benchmark — a richer retail schema with many more tables than TPCH, at a huge scale), and the smaller WEATHER schema if you want something other than orders to join against. They’re all shared the same way, all free to query, all there before you’ve loaded anything.

Two operational notes to pocket. A query needs a running warehouse — storage and compute are separate here, so the data sits in the share whether or not anything is running, but to scan it you need a virtual warehouse turned on. If a query errors about no warehouse selected, that’s the fix: USE WAREHOUSE COMPUTE_WH; (or whatever yours is named), and make sure it isn’t suspended. And when you’re not benchmarking, leave the result cache on — that suspiciously-fast third run of your demo is a cache hit doing you a favor.

Final thoughts

The instinct with a new warehouse is to load your own data first, because that’s the data you care about. Resist it for an hour. TPCH is better than your data for learning Snowflake precisely because it’s already there, already big, and already shaped like a real business — so the only variable you’re studying is Snowflake itself. Write the window functions, open the Query Profile, flip the schema from SF1 to SF100 with the cache off and feel the difference. Get fluent on data you didn’t have to load, and the day your own data arrives, the only new thing to learn is the loading.





Loading Your Own Data: Stages and COPY INTO

The first time you try to load a CSV into Snowflake, you’ll look for an INSERT-from-file command and not find one. That’s not an omission — it’s the whole design. Snowflake splits loading into two steps that most databases smear into one: first you get the file near the table, into a holding area called a stage, and then a single command reads from that stage into the table. Once you see why the split exists, everything about loading stops being mysterious.

The reason is the same separation of storage and compute you’ve already met. A stage is just a place files sit in cloud storage; loading them is a compute operation that runs when you say so, at whatever scale you choose. Decoupling the upload from the load means you can stage a hundred files over an afternoon and load them all in one transaction at midnight — or reload them, or validate them first, without re-uploading a byte. It also means the same file can feed two different loads, that a failed load leaves the file exactly where it was, and that Snowflake can parallelize the read across every core in your warehouse without caring how the bytes arrived.

The four kinds of stage

A stage is a named pointer to file storage. There are four flavors, and the only real decision is which one to reach for:


	User stage (@~) — one per user, created automatically the moment your account exists. Your personal scratch space for files you’re about to load anywhere. No setup, nothing to grant, nothing to drop.

	Table stage (@%orders) — one per table, also automatic. Files destined for a single table. No setup either, but it can’t be shared across tables and you can’t attach a default file format to it.

	Named internal stage — one you CREATE STAGE my_stage. A first-class object you can grant privileges on, attach a default file format to, and reuse across loads and users. This is the one you’ll build pipelines on.

	External stage — a named stage that points at your S3, GCS, or Azure bucket. The files never move into Snowflake-managed storage; Snowflake reads them where they already live, using credentials you configure once.



The first two exist so you can load something in the next five minutes without creating any objects. The last two exist so a team can run the same load repeatedly against a known location. Start with a user or table stage; graduate to named and external when a one-off becomes a habit. You reference a stage by name with the @ sigil — @my_stage, @my_stage/subdir/orders.csv — and you can always look before you load with LIST @my_stage (aliased ls @my_stage), which prints every file, its size, and its MD5.

Getting files in: PUT and GET

For an external stage you never upload anything through Snowflake — the bucket is filled by whatever already writes to it (an application, an ETL job, a partner’s export), and the stage just reads from there. For an internal stage (user, table, or named), you push files up from your machine with PUT:

PUT file:///data/orders.csv @my_stage;

Two things about PUT catch newcomers. First, it cannot run from a Snowsight worksheet — the browser has no access to your local filesystem, so PUT and its download cousin GET only work from SnowSQL, the Snowflake CLI, or a driver (JDBC, ODBC, the Python connector). We cover setting those up in a later chapter on connecting from outside the browser; for now, just know that “why won’t PUT run in the web UI” has a one-word answer: sandbox.

Second, PUT does more than copy. By default it compresses the file with gzip on the way up (AUTO_COMPRESS = TRUE) and encrypts it, so a 400 MB CSV lands as a much smaller .gz and COPY INTO transparently decompresses it on load. It also uploads files in parallel — the PARALLEL parameter (default 4) controls how many threads push at once, which matters when you’re staging a directory of hundreds of files. And PUT will silently skip a file that’s already in the stage unless you pass OVERWRITE = TRUE, so a re-run doesn’t clobber by accident:

PUT file:///data/orders*.csv @my_stage
  PARALLEL = 8
  AUTO_COMPRESS = TRUE
  OVERWRITE = TRUE;

GET is the reverse — it pulls files out of an internal stage down to a local directory, which is how you retrieve the results of an unload (more on that at the end). Same client requirement: not from the browser.

File formats as first-class objects

Snowflake needs to be told how to parse a file, and “how to parse” is a bundle of a dozen settings — delimiter, quote character, header rows, compression, null markers, date formats. You can spell that bundle out inline on every COPY INTO, or you can name it once with CREATE FILE FORMAT and reference it everywhere. Named formats are the source-of-truth move: when the finance team changes their export to pipe-delimited, you edit one object instead of hunting through fifteen copy statements.

CREATE FILE FORMAT csv_orders
  TYPE = CSV
  SKIP_HEADER = 1
  FIELD_OPTIONALLY_ENCLOSED_BY = '"'
  NULL_IF = ('', 'NULL', 'N/A')
  ERROR_ON_COLUMN_COUNT_MISMATCH = TRUE;

CSV is where everyone starts, but TYPE accepts a whole family: CSV, JSON, PARQUET, AVRO, ORC, and XML. The columnar and self-describing formats — Parquet, Avro, ORC — are the ones you actually want for anything large, because they carry their own schema and compress far better than text. Snowflake reads all of them natively.

The structured formats (CSV, Parquet, ORC with a defined schema) map field-by-field into a normal typed table. The semi-structured ones (JSON, Avro, XML, and Parquet when you want the whole record) are usually loaded into a single column of type VARIANT — Snowflake’s schema-flexible type that holds an entire JSON document, object, or array in one cell and lets you query into it with path syntax later. A minimal semi-structured load looks like this:

CREATE FILE FORMAT json_events TYPE = JSON;

CREATE TABLE raw_events (payload VARIANT);

COPY INTO raw_events
FROM @my_stage/events.json
FILE_FORMAT = (FORMAT_NAME = json_events);

That lands each JSON record as one VARIANT row, no columns pre-declared, no schema migration when the shape drifts. Querying into that payload — payload:customer.id, FLATTEN, and friends — is a big enough topic that it gets its own chapter later; for now the load itself is the point: semi-structured data goes in as VARIANT, and the file format tells Snowflake which dialect it’s reading.

The easy path: the wizard

For a single CSV you just want in a table, don’t write any of this. Snowsight has a Load Data into Table wizard that does the staging and the COPY INTO for you behind a few clicks. From a table’s page, hit Load Data, browse to (or drag in) your file, confirm the target table, set or pick a file format (CSV, header row or not, delimiter), and click Load.

Under the hood the wizard is doing exactly the two steps above — putting your file in the table’s stage and running a COPY INTO. It’s the right tool for a one-off import of a smallish file (there’s a size cap of a few hundred megabytes, since the browser is doing the upload). It’s the wrong tool the second time you need to load the same shape of file, because clicking isn’t repeatable and isn’t reviewable. The moment you catch yourself about to click through it twice, switch to SQL.

COPY INTO, in depth

COPY INTO <table> is the workhorse, and it has far more control surface than the one-line version suggests. The skeleton is: a target table, a FROM stage (optionally a specific path or a PATTERN regex to match a subset of files), a file format, and a set of copy options.

COPY INTO orders
FROM @my_stage/orders/
FILE_FORMAT = (FORMAT_NAME = csv_orders)
PATTERN = '.*orders_2026.*[.]csv[.]gz'
ON_ERROR = SKIP_FILE
PURGE = FALSE;

The single most important option is ON_ERROR, which decides what a malformed row does to the whole load:


	ABORT_STATEMENT — the default for bulk COPY INTO. One bad row anywhere and the entire load rolls back. Nothing is loaded. Strict, and often what you want during development.

	CONTINUE — load every good row, skip the bad ones, keep going. Maximally permissive; you get the data you can parse and a report of what you couldn’t.

	SKIP_FILE — if a file has any error, skip that whole file but load the others. The right setting when a file is either good or garbage and you don’t want a half-loaded file.

	SKIP_FILE_n / SKIP_FILE_n% — skip the file only once it exceeds n error rows, or n percent of its rows. SKIP_FILE_5% means “tolerate a little dirt, bail on a lot.” This is the grown-up option for messy production feeds.



Before you commit to a load, you can dry-run it. VALIDATION_MODE parses the files and reports what would happen without loading a byte:

COPY INTO orders
FROM @my_stage/orders/
FILE_FORMAT = (FORMAT_NAME = csv_orders)
VALIDATION_MODE = 'RETURN_ERRORS';

RETURN_ERRORS lists every row that would fail across all files; RETURN_ALL_ERRORS includes errors from files that were only partially loaded in prior runs; RETURN_n_ROWS just parses the first n rows and shows you what a clean load would produce, which is a fast sanity check on your format settings. After an actual load, the VALIDATE() table function replays the errors from a specific run by query ID:

SELECT * FROM TABLE(VALIDATE(orders, JOB_ID => '_last'));

_last means the most recent load into that table; you can also pass a specific query ID. Between VALIDATION_MODE before and VALIDATE() after, you never have to guess why a load misbehaved.

Idempotency and load metadata

Here’s the behavior that saves the most grief: COPY INTO is idempotent by load history. Snowflake keeps per-table load metadata recording every file it has already loaded — keyed on the file’s name and ETag (a content fingerprint) — and by default it will not load the same file twice. Rerun a COPY INTO after a partial failure and it picks up only files it hasn’t seen; it does not duplicate your rows. This is the bookkeeping table you’d otherwise build by hand, and it’s free.

Two caveats worth internalizing. First, that load metadata expires after 64 days. If you re-stage a file with the same name more than 64 days after its last load, Snowflake no longer remembers it and will load it again — so long-lived staged files can surprise you. Second, “same file” means same name and same ETag: overwrite a staged file with new contents under the same name and Snowflake treats it as new, because the fingerprint changed.

When you want to reload — reprocessing after a schema fix, say — override the guard with FORCE = TRUE, which loads every matched file regardless of history (and will happily create duplicates, which is the point). A few companion options round it out:


	PURGE = TRUE deletes the staged files automatically after a successful load — handy for keeping a landing area clean, though it makes re-runs impossible since the files are gone.

	RETURN_FAILED_ONLY = TRUE trims the load result set to just the files that failed, so a thousand-file load doesn’t bury three failures in a wall of “LOADED” rows.



Watching what happened: LOAD_HISTORY and COPY_HISTORY

Every load is recorded, and you can query the record two ways. INFORMATION_SCHEMA.LOAD_HISTORY is a per-database view covering roughly the last 14 days of loads — good for “did last night’s job run, and how many rows?” The COPY_HISTORY table function (and the account-level SNOWFLAKE.ACCOUNT_USAGE.COPY_HISTORY view, which retains about a year) gives the fuller picture, including error counts per file:

SELECT file_name, status, row_count, row_parsed, error_count, first_error_message
FROM TABLE(INFORMATION_SCHEMA.COPY_HISTORY(
  TABLE_NAME => 'ORDERS',
  START_TIME => DATEADD('hour', -24, CURRENT_TIMESTAMP())
));

That’s your audit trail: what loaded, what got skipped, and the first thing that went wrong in each file.

External stages, done properly

Pointing a stage at an S3 bucket takes one line — STORAGE_INTEGRATION = s3_orders — and that one line glosses over the only genuinely fiddly setup in this chapter. A storage integration is a Snowflake object that holds the trust relationship between your account and a cloud bucket, so you never paste an access key into SQL. You create it once, wire up IAM on the cloud side, and every external stage that references it inherits the credentials.

CREATE STORAGE INTEGRATION s3_orders
  TYPE = EXTERNAL_STAGE
  STORAGE_PROVIDER = 'S3'
  ENABLED = TRUE
  STORAGE_AWS_ROLE_ARN = 'arn:aws:iam::123456789012:role/snowflake-load'
  STORAGE_ALLOWED_LOCATIONS = ('s3://my-bucket/orders/');

The trick is that the trust is mutual and you set it up in two passes. After creating the integration, you run DESC INTEGRATION s3_orders and read two generated values back out: STORAGE_AWS_IAM_USER_ARN and STORAGE_AWS_EXTERNAL_ID. Those are Snowflake’s identity and a shared secret. You paste them into the trust policy of the AWS IAM role you named, so AWS will let Snowflake assume that role — and only Snowflake, only for that external ID. Then the external stage is credential-free:

CREATE STAGE my_ext_stage
  URL = 's3://my-bucket/orders/'
  STORAGE_INTEGRATION = s3_orders
  FILE_FORMAT = csv_orders;

GCS and Azure follow the same shape with provider-specific fields (a service account email for GCS, a tenant and consent grant for Azure). The payoff is that rotating or revoking access is a cloud-IAM operation, not a scramble to find every stage with a hardcoded key.

Transforming during the load

You don’t have to load files straight into an identically shaped table. COPY INTO accepts a SELECT over the stage, which lets you reorder columns, drop ones you don’t want, cast types, and compute values on the way in. Staged CSV columns are referenced positionally as $1, $2, and so on:

COPY INTO orders (order_id, customer_id, amount, loaded_at)
FROM (
  SELECT $1, $3, $2::NUMBER(10,2), CURRENT_TIMESTAMP()
  FROM @my_stage/orders.csv
)
FILE_FORMAT = (FORMAT_NAME = csv_orders);

Note the source file has amount in column 2 and customer in column 3, but the table wants them the other way around — the SELECT reorders them, casts the amount, and stamps a load timestamp the file never contained. This “COPY-with-transform” is Snowflake’s answer to the light reshaping you’d otherwise do in a staging table.

For the self-describing formats, there’s an even nicer shortcut. MATCH_BY_COLUMN_NAME tells COPY INTO to line up columns by name rather than position, reading the names out of the Parquet or JSON schema:

COPY INTO orders
FROM @my_stage/orders.parquet
FILE_FORMAT = (TYPE = PARQUET)
MATCH_BY_COLUMN_NAME = CASE_INSENSITIVE;

The CASE_INSENSITIVE versus CASE_SENSITIVE choice matters more in Snowflake than elsewhere, because of how it folds identifiers. Snowflake uppercases unquoted identifiers: a column you created as order_id is stored as ORDER_ID, while a Parquet file written by Spark probably has a lowercase order_id. Match those case-sensitively and nothing lines up; CASE_INSENSITIVE bridges the gap and is what you almost always want. (NONE, the default, falls back to positional matching.)

A worked load, rejected rows and all

Let’s run the whole thing with a file that isn’t clean. Say orders.csv has 1,000 rows, and three of them are broken: one has a non-numeric amount ("twelve"), one is missing a trailing column, and one has an unescaped quote. First, stage it and dry-run:

CREATE STAGE load_demo FILE_FORMAT = csv_orders;
-- from SnowSQL:  PUT file:///data/orders.csv @load_demo OVERWRITE = TRUE;

COPY INTO orders
FROM @load_demo/orders.csv
VALIDATION_MODE = 'RETURN_ERRORS';

VALIDATION_MODE loads nothing and returns three rows, each with an ERROR, the offending LINE, the COLUMN_NAME, and the raw REJECTED_RECORD — so you can see that line 118 has twelve where a number belongs and line 640 is short a field. You decide the file is mostly good and you’ll tolerate a little loss:

COPY INTO orders
FROM @load_demo/orders.csv
FILE_FORMAT = (FORMAT_NAME = csv_orders)
ON_ERROR = CONTINUE;

The result set reports 997 rows loaded, 3 errors, status PARTIALLY_LOADED. The 997 good rows are now in the table; the 3 bad ones were skipped. To see exactly which, replay them:

SELECT error, line, character, column_name, rejected_record
FROM TABLE(VALIDATE(orders, JOB_ID => '_last'));

You fix those three rows in the source, re-stage the file with OVERWRITE = TRUE (which changes its ETag), and re-run the COPY INTO. Because the ETag changed, Snowflake sees a “new” file and loads it — but now you’d double-load the 997 good rows. So instead, the clean pattern is to fix only the three rows into a small correction file and load that, letting load metadata keep the original 997 out of your way. This is the daily reality of loading: the metadata guard and ON_ERROR together let you converge on a complete, non-duplicated table without ever reloading the whole thing.

Continuous loading with Snowpipe

Everything so far is a load you trigger. When files arrive continuously — a stream of exports dropping into S3 every few minutes — you don’t want to babysit COPY INTO. Snowpipe wraps a copy statement in a pipe object that ingests files automatically as they land:

CREATE PIPE orders_pipe
  AUTO_INGEST = TRUE
AS
  COPY INTO orders
  FROM @my_ext_stage
  FILE_FORMAT = (FORMAT_NAME = csv_orders);

With AUTO_INGEST = TRUE, you wire your cloud bucket’s event notifications (S3 → SNS/SQS, GCS → Pub/Sub, Azure → Event Grid) to the pipe, and every new object triggers a load within a minute or so — no warehouse, no schedule, no cron. Snowpipe runs on Snowflake-managed serverless compute — it never touches a warehouse of yours, and it’s billed on its own meter, per GB ingested. (If you’ve read that Snowpipe charges per file, that model is retired; the next chapter covers the current one, and why it changes how big you should make your files.) (One difference from bulk copy worth flagging: Snowpipe’s default ON_ERROR is SKIP_FILE, not ABORT_STATEMENT.) It’s the same COPY INTO you already understand, just triggered by the arrival of a file instead of by you.

The reverse direction: unloading

COPY INTO also runs backward. COPY INTO <location> — a stage or bucket instead of a table — unloads query results to files, which is how you export from Snowflake:

COPY INTO @my_stage/export/
FROM (SELECT * FROM orders WHERE order_date >= '2026-01-01')
FILE_FORMAT = (TYPE = CSV HEADER = TRUE)
MAX_FILE_SIZE = 100000000
SINGLE = FALSE;

By default Snowflake splits the output across many files for parallelism; SINGLE = TRUE forces one file, MAX_FILE_SIZE caps each chunk, HEADER = TRUE writes column names, and PARTITION BY can fan the output into a folder tree by a column’s value. Then you GET the files down from an internal stage, or read them straight out of the external bucket. Load and unload are the same verb pointed in opposite directions — once you know one, you know both.

Final thoughts

The stage feels like a detour the first time — an extra place your data has to sit before it’s really loaded. It isn’t. It’s the seam that lets loading be repeatable, resumable, and reviewable, which is the difference between a data import you did once and a data pipeline your team can rely on. The pieces stack cleanly: a stage decides where files live, a file format decides how they’re read, COPY INTO decides what happens to the good and bad rows, load metadata keeps you from doubling up, and Snowpipe turns the whole thing continuous when files start arriving on their own. Use the wizard when you mean “just this once.” Reach for CREATE STAGE, a named file format, and a checked-in COPY INTO the moment you catch yourself about to click through the wizard a second time.





Ingestion That Never Sleeps: Snowpipe, Streaming, and the Way Back Out

Look hard at the last chapter and you’ll notice something the syntax hides: every load had a human in it. You staged the file. You typed the COPY INTO. You read the error report and decided whether 997 of 1,000 rows was good enough. That’s fine when data arrives on your schedule — a monthly export, a backfill, a one-off from finance. It stops being fine the moment data starts arriving on its own schedule, which is what happens to every pipeline that survives contact with production.

COPY INTO is a batch verb. It does exactly what it’s told, exactly once, when told. So the interesting question isn’t “how do I load a file?” — you already know — but “who decides when to load?” And the honest answers are a depressing little ladder. A person, at first. Then a cron job on somebody’s laptop. Then an Airflow DAG that runs every fifteen minutes and mostly loads nothing — and then every minute, so now you pay for a warehouse to wake up sixty times an hour and discover there’s no work.

Continuous ingestion is the discipline of deleting that somebody. Snowflake gives you two ways to do it and one way to go backwards, and this chapter is all three: Snowpipe, which turns a file landing in a bucket into the trigger; Snowpipe Streaming, which deletes the file entirely and takes rows; and COPY INTO <location>, which runs the whole apparatus in reverse to hand your data to somebody else. Plus the decision in the middle of it that quietly sets your ingest bill: how big the files are.

Everything here builds directly on stages and COPY INTO. If a stage, a file format, and ON_ERROR aren’t yet reflexes, go back — none of what follows makes sense without them, because all of it is COPY INTO wearing a different hat.

Three latencies, three cost models

Before any syntax, get the shape of the decision in your head. There are three ways data gets into a Snowflake table from the outside, and they are not three points on a smooth curve — they’re three different machines with three different bills.

Batch COPY INTO. You (or an orchestrator you own) run a COPY on a warehouse you own. Latency is however often you run it. Cost is warehouse credits, billed per second while the warehouse is up, so the load competes for — and benefits from — the same compute your queries use. Good: total control, the full ON_ERROR surface, VALIDATION_MODE, FORCE, PURGE, all-or-nothing semantics across a whole set of files. Bad: somebody owns the schedule, and the warehouse spins up whether or not there’s anything to do.

Snowpipe. Files still arrive as files, but Snowflake watches the stage and loads each one within about a minute of it landing. Latency is roughly one minute plus your file cadence. Cost is serverless — Snowflake’s compute, not yours, on a separate meter that never touches your warehouse. Good: no scheduler, no idle warehouse, scales with arrival rate. Bad: no ABORT_STATEMENT, no transactional grouping, no dry run, and a file-size problem we’ll spend real time on.

Snowpipe Streaming. No files at all. A client — your app, a Kafka connector — pushes rows over a channel, and they become queryable in seconds. Latency is sub-ten-second, often around five. Cost is per uncompressed GB ingested, a third meter again. Good: the only real option when a minute is genuinely too slow, and it deletes the entire staging-file apparatus. Bad: it’s an API, so somebody has to write and operate a producer, and that somebody is you.

The ladder matters because most teams reach for a lower rung than they need. The question that decides it is not “how fresh could the data be?” — the answer is always “fresher!” — but “how fresh does the data need to be before somebody acts differently?” If the dashboard is read at 9am and the decision is made at 10am, a nightly COPY is correct and everything else is expensive theatre. If a fraud rule fires in-session, streaming isn’t a luxury. Most of the real world lives on the middle rung, which is why Snowpipe is the bulk of this chapter.

Snowpipe: a COPY that watches the door

A pipe is a Snowflake object that wraps a COPY INTO statement and can be triggered by something other than you. That’s the entire concept. Here it is:

CREATE TABLE IF NOT EXISTS orders (
    o_orderkey    NUMBER,
    o_custkey     NUMBER,
    o_orderstatus VARCHAR(1),
    o_totalprice  NUMBER(12,2),
    o_orderdate   DATE,
    region        VARCHAR
);

CREATE OR REPLACE PIPE orders_pipe
  AUTO_INGEST = TRUE
AS
  COPY INTO orders
  FROM @my_ext_stage/orders/
  FILE_FORMAT = (FORMAT_NAME = csv_orders)
  ON_ERROR = SKIP_FILE;

That’s the same orders shape the rest of the book uses — TPCH’s order columns plus a region — and the same @my_ext_stage, csv_orders, and s3_orders storage integration you built last chapter. (In the next chapter this table gets a proper home as sales.public.orders, owned by SYSADMIN rather than by whoever happened to be logged in. For now it’s the same table, one namespace shallower.)

Read the CREATE PIPE carefully and notice how little is new. The body is a COPY INTO. The stage is a stage. The file format is the file format. The only new thing is AUTO_INGEST = TRUE, and what that says is: don’t wait for me to call you.

What a pipe is not

Before the wiring, the fine print — because the ways a pipe differs from a bulk COPY are exactly the ways people get surprised.

Several copy options are not supported inside a pipe, and the list tells you what a pipe fundamentally is:


	ON_ERROR = ABORT_STATEMENT — unsupported. A pipe’s default is SKIP_FILE, and the alternatives are CONTINUE and the SKIP_FILE_n family. Think about why: ABORT_STATEMENT means “roll the whole load back,” but a pipe has no “whole load” — it’s a stream of independent per-file loads with no transaction spanning them. There is nothing to abort into.

	VALIDATION_MODE — unsupported. A dry run needs a run to be dry. A pipe fires on its own; there’s no moment to interpose a rehearsal.

	PURGE and FORCE — unsupported. No auto-delete of staged files after load, and no way to say “load it again anyway.”

	SIZE_LIMIT, FILES, RETURN_FAILED_ONLY — also out.



PATTERN is supported, and you’ll be tempted to use it to make one pipe ignore files it doesn’t care about. Resist: Snowflake’s own advice is to filter on the cloud provider’s event configuration instead (an S3 prefix/suffix rule), because a PATTERN filter means the event still reaches Snowpipe, still gets processed, and then gets discarded. Filtering at the source is strictly cheaper than filtering at the destination.

And the one that bites hardest, months later: a pipe keeps its own load history, retained for 14 days, separate from the 64-day table-level load metadata from last chapter. Which means CREATE OR REPLACE PIPE drops that history. Recreate a pipe over a stage that still holds a thousand already-loaded files, REFRESH it, and you will cheerfully load all thousand a second time. If you must recreate a pipe, pause it first, and know exactly which files are still sitting in that stage.

The wiring: S3 event → SQS → pipe

AUTO_INGEST = TRUE doesn’t magically watch your bucket. It says “I will listen on a queue.” Your job is to make the bucket talk to that queue. On AWS the chain is: object lands in S3 → S3 emits an event notification → the event goes to an SQS queue that Snowflake created and owns → Snowpipe reads it and runs the COPY for that file.

You never create the queue. Snowflake made it when you made the pipe, and it hands you the address:

SHOW PIPES LIKE 'orders_pipe';

Look at the notification_channel column. It holds an ARN like arn:aws:sqs:us-east-1:123456789012:sf-snowpipe-AIDA.... (DESC PIPE orders_pipe; shows you the pipe’s definition and the same channel.) That ARN is the whole handoff. Copy it.

Now go to the S3 bucket — console, CloudFormation, Terraform, whatever you use — and add an event notification:


	Event types: s3:ObjectCreated:* (the “All object create events” checkbox).

	Prefix: the path your pipe’s stage points at — orders/. This is the filter that means your pipe isn’t woken up by every unrelated object in the bucket.

	Destination: SQS Queue → Enter SQS queue ARN → paste the notification_channel.



Save it. Drop a file into s3://my-bucket/orders/. Within about a minute, rows appear. No warehouse ran. No cron fired. Nobody typed COPY.

The IAM permissions are worth one sentence, because “it silently doesn’t work” is the failure mode. The role your storage integration assumes needs the usual read permissions (s3:GetObject, s3:GetObjectVersion, s3:ListBucket) on the prefix — the same ones bulk COPY needed. The SQS side needs nothing from you, because the queue is Snowflake’s. If files land and nothing happens, the first thing to check is not the pipe; it’s whether the bucket’s event notification actually got saved with the right prefix.

The SNS variant, for buckets that already have opinions

One bucket, one S3 event notification per event-type-and-prefix combination. If something else already subscribes to s3:ObjectCreated:* on that prefix — a Lambda, another team’s pipeline — you can’t just add a second SQS destination and call it a day. The clean answer is to fan out through SNS: point the S3 event at an SNS topic, and let every consumer subscribe to that topic, Snowpipe included.

Snowflake supports this directly. Give the pipe the topic ARN and it subscribes its own SQS queue to your topic:

CREATE OR REPLACE PIPE orders_pipe
  AUTO_INGEST = TRUE
  AWS_SNS_TOPIC = 'arn:aws:sns:us-east-1:123456789012:s3-object-created'
AS
  COPY INTO orders
  FROM @my_ext_stage/orders/
  FILE_FORMAT = (FORMAT_NAME = csv_orders);

Now the S3 notification goes to SNS, and SNS fans out to Snowpipe’s queue and to everyone else’s. Reach for this the moment the bucket is shared, which in a real company is roughly always.

GCS and Azure

The shape is identical; the plumbing has different names, and both need one extra Snowflake object — a notification integration — where AWS needed none.

For GCS, the bucket publishes to a Pub/Sub topic, and you create an integration bound to that topic’s subscription:

CREATE NOTIFICATION INTEGRATION gcs_orders_notify
  TYPE = QUEUE
  NOTIFICATION_PROVIDER = GCP_PUBSUB
  ENABLED = TRUE
  GCP_PUBSUB_SUBSCRIPTION_NAME = 'projects/my-project/subscriptions/orders-sub';

CREATE OR REPLACE PIPE orders_pipe
  AUTO_INGEST = TRUE
  INTEGRATION = 'GCS_ORDERS_NOTIFY'   -- uppercase, and quoted
AS
  COPY INTO orders
  FROM @my_gcs_stage/orders/
  FILE_FORMAT = (FORMAT_NAME = csv_orders);

For Azure, the storage account publishes to Event Grid, Event Grid delivers to a Storage Queue, and the integration is NOTIFICATION_PROVIDER = AZURE_STORAGE_QUEUE with the queue’s URL and your tenant ID. Same three moves in all three clouds: the cloud emits an event, a queue holds it, Snowpipe drains it. Learn the pattern once and the provider is a detail.

Note the small trap in the INTEGRATION value above: it’s a string, and Snowflake wants it in the case the catalog stores it — which, for an unquoted CREATE NOTIFICATION INTEGRATION gcs_orders_notify, is GCS_ORDERS_NOTIFY. Pass it lowercase and the pipe won’t find it: identifier folding, leaking into a string literal.

Operating a pipe

A pipe is a piece of infrastructure that runs when you’re asleep, so the interesting part isn’t creating it — it’s the four questions you’ll ask it at 8:15am when somebody says the numbers look wrong.

”Is it alive?” — SYSTEM$PIPE_STATUS

SELECT SYSTEM$PIPE_STATUS('orders_pipe');

It returns a JSON blob, and the fields you care about are these:


	executionState — RUNNING is what you want. PAUSED means someone paused it. STOPPED_MISSING_TABLE and friends mean the pipe compiled fine once and the world moved out from under it (somebody dropped the target table, or the stage).

	pendingFileCount — files Snowpipe knows about and hasn’t loaded yet. This is your backlog gauge. A steady zero-to-small number is healthy. A number climbing all morning means arrivals are outrunning ingestion, and you should go look at file sizes.

	oldestFileTimestamp / oldestPendingFilePath — how far behind the backlog stretches, and which file is at the back of the queue. If pendingFileCount is 4 but the oldest has been pending for six hours, that’s not a backlog, that’s a stuck file.

	lastIngestedTimestamp and lastIngestedFilePath — the last thing that actually made it in. If this is stale and pendingFileCount is 0, nothing is arriving: your problem is upstream of Snowflake.

	notificationChannelName and numOutstandingMessagesOnChannel — the queue and its depth. A queue with messages and a pipe that isn’t ingesting is a permissions or configuration story.

	lastPipeErrorTimestamp / error — the last time the pipe’s COPY failed to compile (a column that no longer exists, say), and why.

	lastPipeFaultTimestamp / fault — an internal Snowflake error. Rare; if you see it, it’s a support ticket, not a bug in your SQL.



The diagnostic flowchart writes itself. Nothing loading, queue empty, nothing pending → the bucket isn’t notifying you; check the S3 event config. Nothing loading, queue has messages → the pipe isn’t draining; check executionState. Loading, but behind → your files are too small and too many. Loading, but rows are missing → that’s not a pipe problem, that’s an ON_ERROR problem — and here’s the tool for it.

”What did it reject?” — VALIDATE_PIPE_LOAD

Bulk COPY has VALIDATE(), which replays the errors from a specific query ID. A pipe has no query you ran, so it has its own function keyed on the pipe and a time window:

SELECT file, error, line, column_name, rejected_record, row_number
FROM TABLE(VALIDATE_PIPE_LOAD(
  PIPE_NAME  => 'MY_DB.PUBLIC.ORDERS_PIPE',
  START_TIME => DATEADD('hour', -24, CURRENT_TIMESTAMP())
));

PIPE_NAME wants the fully qualified name, as a string. START_TIME is required and must fall within the last 14 days (there’s an optional END_TIME too). You get one row per error: the file, the parse error, the line and column, and the raw rejected_record — the same forensic detail VALIDATE() gives you, scoped to a pipe instead of a job.

This is the function that makes ON_ERROR = SKIP_FILE survivable. A pipe’s default is to quietly skip a bad file and keep going, which is right for a service that must not stop — but quietly is the word that costs you a week when nobody looks. Put a VALIDATE_PIPE_LOAD query on a dashboard. A pipe with no error monitoring is lying to you by omission.

For the same reason, wire up ERROR_INTEGRATION — a notification integration that pushes pipe errors out to SNS / Pub/Sub / Event Grid, so failures come to you instead of waiting to be discovered.

ALTER PIPE orders_pipe SET ERROR_INTEGRATION = pipe_errors_notify;

And because a pipe’s loads are still loads, they all show up in COPY_HISTORY — with the PIPE_NAME column populated, which bulk copies leave null:

SELECT file_name, status, row_count, error_count, first_error_message,
       last_load_time
FROM TABLE(INFORMATION_SCHEMA.COPY_HISTORY(
  TABLE_NAME => 'ORDERS',
  START_TIME => DATEADD('hour', -6, CURRENT_TIMESTAMP())
))
WHERE pipe_name IS NOT NULL
ORDER BY last_load_time DESC;

That’s your “what actually got ingested overnight” query — run it before you go spelunking in SYSTEM$PIPE_STATUS.

”Turn it off” — pausing, and the pause you’ll regret

Pipes get paused — a schema migration, an upstream system emitting garbage, a cutover. One statement:

ALTER PIPE orders_pipe SET PIPE_EXECUTION_PAUSED = TRUE;
-- ... do the surgery ...
ALTER PIPE orders_pipe SET PIPE_EXECUTION_PAUSED = FALSE;

The pipe owner can do this; so can a role holding OPERATE on the pipe — which is the grant you want for an on-call engineer who should be able to stop a bad pipe at 3am without owning it.

While the pipe is paused, the bucket keeps emitting events and the queue keeps holding them — for a while. Stay paused more than 14 days and those queued messages start aging out, at which point Snowflake refuses a plain resume rather than silently ingesting a partial set. Restarting then requires an explicit acknowledgment that files may have been missed:

SELECT SYSTEM$PIPE_FORCE_RESUME('orders_pipe', 'staleness_check_override');

The same function takes an ownership_transfer_check_override argument, used after transferring a pipe’s ownership so the new owner deliberately accepts a queue they’ve never looked at. Both overrides exist to make you say out loud that you might be about to lose or duplicate data.

”Catch up on what I missed” — ALTER PIPE … REFRESH

Auto-ingest only sees files that arrive after the notification is wired. Files that landed before, or while the pipe was paused, or during the hour the S3 event config was misconfigured, are invisible to it — no event, no load. The fix:

ALTER PIPE orders_pipe REFRESH;

REFRESH walks the stage, compares against the pipe’s load history, and queues anything it hasn’t already loaded. You can narrow it:

ALTER PIPE orders_pipe REFRESH
  PREFIX = 'orders/2026-07/'
  MODIFIED_AFTER = '2026-07-10T00:00:00-07:00';

Two constraints, both easy and expensive to miss. First, REFRESH only stages files modified in the last 7 days — and MODIFIED_AFTER has a maximum (and default) lookback of 7 days too. It is not a backfill tool. To load a month of files that never got notified, use a plain COPY INTO on a warehouse, where you have FORCE and VALIDATION_MODE and the whole control surface.

Second, Snowflake frames REFRESH explicitly as a troubleshooting command, not an operating procedure. If you’re calling it on a schedule, your notification wiring is broken and you’re papering over it. Fix the wiring. The right use is the ten minutes after you create a pipe over a bucket that already has files in it: create, wire the notification, REFRESH once to sweep up what’s already there, and let auto-ingest carry it from there.

What Snowpipe actually costs (and the file-size tax)

Here’s the part that decides whether your pipeline is a line item or an incident.

Snowpipe does not use your warehouse. It runs on Snowflake-managed serverless compute: it doesn’t compete with your queries, doesn’t keep a warehouse warm, and — the part people miss — doesn’t show up when you look at warehouse credit usage. It’s a separate meter, and a team can spend months tuning warehouse sizes while a pipe quietly outspends all of them, because nobody was looking at the right table.

That table is PIPE_USAGE_HISTORY:

SELECT pipe_name,
       DATE_TRUNC('day', start_time) AS day,
       SUM(credits_used) AS credits,
       SUM(bytes_inserted) / POWER(1024, 3) AS gb_inserted,
       SUM(files_inserted) AS files
FROM SNOWFLAKE.ACCOUNT_USAGE.PIPE_USAGE_HISTORY
WHERE start_time >= DATEADD('day', -30, CURRENT_TIMESTAMP())
GROUP BY 1, 2
ORDER BY day DESC, credits DESC;

Look at that query’s shape: credits, bytes, and files, side by side. That juxtaposition is the whole lesson, and it’s about to be why.

The billing model changed, and most of the internet hasn’t noticed

If you read a Snowpipe blog post written before 2026, it will tell you Snowpipe bills two things: the serverless compute that does the load (per-second, per-core), plus an overhead of 0.06 credits per 1,000 files. That per-file charge was the source of the single most famous Snowflake cost horror story — the team that streamed one tiny JSON object per file, landed ten million files a day, and paid six hundred credits a day in overhead alone, before a byte was parsed.

That is not the model any more. Snowpipe moved to flat throughput pricing: a fixed credit amount per GB ingested, with no per-second compute charge and no per-1,000-files fee. Text formats (CSV, JSON, XML) are billed on their uncompressed size; binary formats (Parquet, Avro, ORC) on their observed size, compressed or not. For most accounts this was an enormous cut — the small-file penalty simply evaporated from the bill.

I am deliberately not printing the rate. Snowflake’s own cost documentation doesn’t either: it states the shape of the model and points you at the Snowflake Service Consumption Table for the number, because the number varies by edition and region and moves. Anyone quoting you a hard credits-per-GB figure from memory — this book included — is quoting a snapshot. Read it from the table, and read your own bill from PIPE_USAGE_HISTORY.

Two things follow, and they pull in opposite directions, which is why you have to hold both.

One: stop quoting the old number. If your cost model, your internal wiki, or your vendor’s comparison chart is built on 0.06 credits per 1,000 files, it is describing a world that no longer exists. Go look at PIPE_USAGE_HISTORY and see what you’re actually billed.

Two: small files are still a bad idea. The billing penalty is gone. The engineering penalty is not, and it never was really about the invoice:


	Latency doesn’t improve below about a minute anyway. Snowflake’s docs are blunt: staging files more often than once a minute “can’t guarantee a reduction in latency.” Cutting a 60-second file into six 10-second files buys you nothing but six times the files. If you need faster than a minute, files are the wrong abstraction and Snowpipe Streaming is the answer — not a smaller file.

	Per-file work is still real work. Every file is an object to list, fetch, open, parse, and account for. Ten thousand 20 KB files take dramatically longer to ingest than one 200 MB file holding the same bytes, and that shows up as a climbing pendingFileCount — a backlog, which is a latency problem even when it isn’t a cost problem.

	The downstream damage outlives the load. Tiny files make tiny writes make poorly-populated micro-partitions, and that bill arrives later, in every query that scans the table, forever. More in micro-partitions and clustering; the short version is that a table built out of ten million dribbles scans badly for the rest of its life.



So the guidance survives the pricing change intact, and it’s Snowflake’s own: aim for files roughly 100–250 MB compressed, or larger. If your producer accumulates that much within a minute, you get good file sizes and minute-level latency for free. If it doesn’t, the documented compromise is one file per minute, whatever size that turns out to be. Below that you’re buying nothing.

Which makes the operational rule: put the aggregation upstream. A producer that buffers for sixty seconds and writes one file is a better citizen than one that writes per event and asks Snowflake to sort it out. If you can’t change the producer, land the dribble in a cheap staging prefix, compact it with something dumb (a Lambda, a scheduled job), and let the pipe watch the compacted prefix instead. Compaction is boring, and it is almost always the right answer.

Snowpipe Streaming: deleting the file

Everything above still has a file in it — and the file is a staging artifact: a bucket you pay for, an event you wire, a size you tune, a latency floor you can’t get under. If your data is genuinely a stream of rows, that file is pure overhead standing between the row and the table.

Snowpipe Streaming removes it. A client opens a channel to a table and writes rows; Snowflake buffers them server-side, commits them, and makes them queryable. No stage. No PUT. No bucket. No SQS. Rows in, rows queryable, in as little as five seconds end to end, at up to 10 GB/s per table on the current architecture.

Before you go read the documentation, know that the naming is in flux and will confuse you. There are two architectures. The original — now called the classic architecture — is the snowflake-ingest-sdk Java SDK, and Snowflake has said it is planned for deprecation. The current one is Snowpipe Streaming with high-performance architecture, GA since September 2025. Existing classic workloads keep working; new work should start on high-performance. If a tutorial has you instantiating a SnowflakeStreamingIngestClient from snowflake-ingest-sdk, check its date.

The high-performance architecture reuses a name you now know: the PIPE. A streaming pipe is a CREATE PIPE whose source isn’t a stage but a synthetic streaming source:

CREATE OR REPLACE PIPE orders_stream_pipe
AS
  COPY INTO orders (o_orderkey, o_custkey, o_orderstatus,
                    o_totalprice, o_orderdate, region)
  FROM (
    SELECT $1:orderkey::NUMBER,
           $1:custkey::NUMBER,
           $1:orderstatus::VARCHAR,
           $1:totalprice::NUMBER(12,2),
           $1:orderdate::DATE,
           $1:region::VARCHAR
    FROM TABLE(DATA_SOURCE(TYPE => 'STREAMING'))
  );

Look at what that is. It’s COPY INTO. Again. Same verb, same transform-on-load SELECT from last chapter, same $1 — except $1 is now the incoming row rather than a CSV column, and the source is DATA_SOURCE(TYPE => 'STREAMING') rather than a stage. The in-flight transformation surface (cast this, drop that, stamp a timestamp) is the one you already know. That symmetry isn’t an accident: Snowflake really only has one loading verb, pointed at four different things.

The client side is where you actually do work. The high-performance SDKs — Java, Python, and Node.js, all built on a shared Rust core — plus a REST API for lightweight producers, open a channel against the pipe and append rows. Channels give you the property that matters most for streaming ingest: exactly-once delivery, via an offset token you advance as you commit, so a client that crashes and reconnects resumes where it left off rather than double-writing. If you’re on Kafka you write none of this — the Snowflake Kafka connector speaks Snowpipe Streaming natively and maps topics to tables, which is how most streaming ingest into Snowflake actually happens.

Billing is a third model: per uncompressed GB ingested, measured on the input bytes the service received, not the bytes that end up in the table. High-performance streaming has no serverless-compute charge and no per-client-connection charge — just throughput. (Classic charged for both, which is another reason to be on the new one.) Watch the spend through METERING_HISTORY filtered to the streaming service type, or the cost pages in Snowsight.

When does streaming actually beat Snowpipe? Three cases, and I’d want to see one of them before signing off on operating a streaming client:


	The business acts in seconds. Fraud scoring, live ops dashboards, an alert that fires while the user is still on the page. If nobody looks at the number for an hour, you don’t have this case.

	The source is already a stream. You have Kafka. You have a service emitting events. Batching those into 200 MB files, writing them to a bucket, and wiring event notifications is an elaborate way to un-stream a stream — you’re building a file layer for the privilege of tearing it back down.

	The file layer is the cost. Millions of small events where landing files is genuinely painful — the small-file problem, solved by not having files.



If none of those hold, Snowpipe is simpler, and simpler wins. There’s no prize for the lowest latency nobody uses.

The way back out: COPY INTO <location>

Enough about getting in. The last chapter mentioned in passing that COPY INTO runs backwards; here’s the whole of it, because “how do I get data out of Snowflake” is a question that arrives sooner than anyone expects and is answered badly more often than it should be.

COPY INTO <location> takes a stage or a bucket path instead of a table, and a query instead of a set of files, and writes the results out:

COPY INTO @my_ext_stage/exports/orders/
FROM (
  SELECT o_orderkey, o_custkey, o_orderstatus,
         o_totalprice, o_orderdate, region
  FROM orders
  WHERE o_orderdate >= '2026-01-01'
)
FILE_FORMAT = (TYPE = CSV COMPRESSION = GZIP FIELD_OPTIONALLY_ENCLOSED_BY = '"')
HEADER = TRUE
MAX_FILE_SIZE = 100000000;

By default this splits the output across many files, one per parallel thread, because that’s how you get a 400 GB unload to finish before lunch. The knobs:


	HEADER = TRUE writes column names as the first row. The default is FALSE, which is how a colleague ends up with a headerless CSV and a confused Slack message.

	MAX_FILE_SIZE caps each output file in bytes. The default is a rather small 16 MB; the maximum is 5 GB. It’s an upper bound, not a target. Raise it: leaving it at 16 MB is how a modest export becomes four hundred files.

	SINGLE = TRUE forces exactly one output file. Convenient, and a trap at scale — one file means one writer means no parallelism. Use it for a small, human-consumed extract; never a large one. (Quirk: with SINGLE = TRUE Snowflake ignores FILE_EXTENSION and names the file literally data. If you want orders.csv.gz, put the full name in the path.)

	OVERWRITE = TRUE overwrites files whose names match, and does not clean out non-matching leftovers. Because multi-file unloads append per-thread suffixes, a re-run with a different thread count can leave the previous run’s files sitting alongside the new ones — and now your consumer reads both, and your export has duplicates. This is the nastiest thing in the unload story. Snowflake’s own recommendation is INCLUDE_QUERY_ID = TRUE, which stamps each file with the query’s UUID so runs can’t collide. Or, honestly: unload to a fresh empty prefix every time and delete the old one. Cheap, obvious, correct.

	DETAILED_OUTPUT = TRUE returns one row per file written — path, size, row count — instead of one summary row. Turn it on when the consumer needs a manifest.



TYPE for unload accepts CSV, JSON, and PARQUET. Parquet is the right default for anything a machine will read: typed, columnar, compact. CSV is for humans and for the legacy system that only speaks CSV. For JSON, remember that the unload wants an object per row, so the idiom is to construct one:

COPY INTO @my_ext_stage/exports/orders_json/
FROM (SELECT OBJECT_CONSTRUCT(*) FROM orders WHERE region = 'EUROPE')
FILE_FORMAT = (TYPE = JSON COMPRESSION = GZIP);

OBJECT_CONSTRUCT(*) packs each row into a JSON object keyed by column name — the same function you’ll meet properly in semi-structured data, doing the exact inverse of the flattening you’ll do there.

PARTITION BY: the option everybody names and nobody shows

The last chapter mentioned PARTITION BY and moved on. It deserves better, because it’s the difference between “a folder of files” and “a table a lakehouse can actually read.”

PARTITION BY takes an expression that evaluates to a string, and that string becomes a path fragment. Rows are routed into files by that path. Which means you can produce Hive-style partitioned output — the layout Spark, Athena, Trino, and every lakehouse engine on earth expects — straight out of a COPY:

COPY INTO @my_ext_stage/exports/orders/
FROM (
  SELECT o_orderkey, o_custkey, o_orderstatus,
         o_totalprice, o_orderdate, region
  FROM orders
)
PARTITION BY ('region=' || region
              || '/month=' || TO_VARCHAR(o_orderdate, 'YYYY-MM'))
FILE_FORMAT = (TYPE = PARQUET)
MAX_FILE_SIZE = 128000000;

That writes out region=EUROPE/month=1998-03/data_01a2...snappy.parquet, and so on for every region-and-month combination in the result. Point Athena at the prefix and it discovers region and month as partition columns without being told. Point a Spark job at it and predicate pushdown on region works immediately. You did not write a Spark job to produce it; you wrote a SELECT.

Three rules, all learned the hard way:


	Partition on low-cardinality, well-behaved values — dates, months, regions, statuses. Snowflake’s docs say this outright, and here’s why: the expression becomes a path, so every distinct value becomes a directory and every directory gets at least one file. Partition by o_custkey and you’ll produce hundreds of thousands of directories holding one tiny file each. You have reinvented the small-file problem, on the way out.

	It’s mutually exclusive with SINGLE = TRUE and OVERWRITE = TRUE — obviously, since you’re asking for many files in many places. INCLUDE_QUERY_ID is forced to TRUE, which is why those filenames carry a UUID.

	A NULL partition value becomes _NULL_ in the path — perfectly reasonable of Snowflake, and an absolutely baffling directory to find in your bucket if you weren’t expecting it. Coalesce your partition expression.



Getting the files onto your laptop: GET

If you unloaded to an external stage, you’re done — the files are in your bucket and whoever needs them can read them there. If you unloaded to an internal stage, they’re in Snowflake-managed storage, and pulling them down is GET, the mirror image of the PUT from last chapter:

LIST @my_stage/exports/;

GET @my_stage/exports/ file:///Users/me/exports/
  PARALLEL = 10;

Same constraint as PUT: this does not work from a Snowsight worksheet. The browser can’t write to your filesystem, so GET runs from SnowSQL, the Snowflake CLI, or a driver. (We set those up in connecting from outside the browser.)

When unloading is actually the right answer

“Export the data” is a request that sometimes deserves a “why?”. The honest cases:


	Handing data to a system that can’t read Snowflake. A partner, a regulator, a vendor with a 2009 SFTP endpoint. The majority case, and completely legitimate.

	A lakehouse handoff. Your ML team runs Spark; your data is in Snowflake. Partitioned Parquet in S3 is a clean seam, and PARTITION BY makes it a one-statement seam. (Iceberg tables are increasingly the better answer — same storage, no export — but that’s a later conversation.)

	Archival. Cheap, long-term, readable by anything in ten years without a Snowflake account. Parquet in a bucket is a genuinely good archive format.

	What it is not for: moving data between two Snowflake accounts. That’s secure data sharing, and sharing copies zero bytes. Unloading to S3 so another Snowflake account can COPY it back in is the most expensive possible way to do the thing that is free.



Where the managed EL tools fit

Somebody on your team is going to say “why are we writing pipes at all — can’t Fivetran do this?” It’s a fair question and it deserves a real answer instead of tribal loyalty.

What Fivetran, Airbyte, Stitch, and their peers actually sell you is connectors — specifically, the ongoing maintenance of connectors. The hard part of getting Salesforce data into a warehouse was never the COPY INTO. It was Salesforce’s API: pagination, rate limits, the bulk endpoint, custom fields, schema drift, its idiosyncratic notion of a deleted record — and doing it again next quarter when any of that changes. Multiply by every SaaS tool your company uses. That’s a real, grinding, unglamorous cost, and outsourcing it to a company whose entire business is keeping four hundred connectors alive is frequently the correct call.

What demystifies the whole category is what happens at the Snowflake end: they mostly land files in a stage and run COPY INTO. Some of the modern ones use Snowpipe Streaming. Either way the last mile is exactly the machinery in this chapter — they aren’t doing anything to Snowflake you couldn’t do, and they aren’t doing it faster. The magic, such as it is, lives entirely on the source side.

What you give up, honestly:


	Cost, and its shape. They bill on rows, or on “monthly active rows” — so your bill scales with something you don’t control. The classic surprise is a 50-million-row table whose every row gets touched nightly, and an invoice that thinks you ingested 50 million rows every night.

	Control at the seams. Their COPY isn’t your COPY. You don’t pick ON_ERROR, you don’t tune file sizes, you often don’t own the landing schema, and when the load step misbehaves you’re reading their logs and filing their ticket.

	The dependency. They’re in the critical path of your data arriving, and their outage is your outage.



The line I’d draw: use a managed EL tool for the sources whose APIs you don’t want to own — SaaS apps, marketing platforms, the long tail. Own the ingestion for your own systems — your application database, your event stream, your files. You already have the credentials, the schema, and the on-call rotation for those; paying a vendor per row to move data between two systems you control is paying for a connector you didn’t need.

Choosing, in three questions

Strip away the syntax and the whole chapter is one decision, and it has three inputs.

1. What latency will the business actually act on? Not “how fresh could it be” — how fresh does it need to be before a human or a system behaves differently. Read overnight, decided in the morning → batch COPY, on a schedule you own. Read through the day, minutes are fine → Snowpipe. Acted on in-session, in seconds → Snowpipe Streaming. Be ruthless here. The number of “real-time” dashboards that get opened once a week is the great unwritten tragedy of data engineering.

2. How does the data arrive? As files someone else drops in a bucket (a partner export, an app’s batch output) → the file already exists, and Snowpipe meets it where it is. As events, continuously, from a system you own (Kafka, a service emitting records) → constructing files is work you’re inventing, and streaming skips it. As a big periodic dump → batch COPY gives you the strongest guarantees — ABORT_STATEMENT, VALIDATION_MODE, all-or-nothing across a file set — and there’s no reason to hand those back.

3. What does it cost, on the meter it actually lands on? Three meters, not interchangeable: batch COPY shows up in warehouse credits; Snowpipe in PIPE_USAGE_HISTORY (per-GB, serverless, invisible in your warehouse spend); streaming on its own throughput meter. If you can’t say which of the three a pipeline lands on, you can’t manage its cost — and a very common shape of “a Snowflake bill nobody understands” is a pipe nobody was watching because everyone was staring at warehouses.

A last word on the middle rung, where most of you will live. Snowpipe plus deliberate file sizing is the default, and it’s a good one. Land 100–250 MB compressed files, or one file a minute if you can’t fill that; wire the notification once; put pendingFileCount and VALIDATE_PIPE_LOAD on a dashboard; let the pipe run for years. Then hand the landed rows to a Stream and a Task — the change-capture-and-schedule pair from programmability — and raw arrivals become modeled tables without you touching a scheduler there either. Ingestion that never sleeps, feeding transformation that never sleeps: four objects, no cron.

Final thoughts

The deep joke of this chapter is that there’s only one verb. COPY INTO <table> loads files when you say so. A pipe is that same COPY INTO, triggered by a cloud event instead of by you. Snowpipe Streaming is that same COPY INTO, fed by a channel of rows instead of a stage of files. And COPY INTO <location> is that same COPY INTO with the arrow reversed. Learn the verb once and continuous ingestion turns out to be a wiring exercise, not a new mental model.

What is new is the operational surface, and that’s where the money and the outages live. A pipe is infrastructure: it needs a status check (SYSTEM$PIPE_STATUS), an error monitor (VALIDATE_PIPE_LOAD, plus an ERROR_INTEGRATION so failures come to you), a way to stop it (PIPE_EXECUTION_PAUSED), and a way to catch it up (REFRESH — within seven days, as a repair, not a routine). It has its own 14-day load history that a careless CREATE OR REPLACE will throw away under you. And it bills on a meter your warehouse dashboards don’t show — a per-GB meter, as of December 2025, which is cheaper than the per-file model everyone still quotes, and which does nothing at all to fix the real reason small files hurt: they don’t buy you lower latency, they build a backlog, and they leave you a badly-laid-out table forever.

So: size your files. Watch the pending count. Alert on the rejects. And when someone asks for real-time, ask them what they’ll do differently at 9:04 that they wouldn’t have done at 10:00 — then be genuinely delighted on the days they have a good answer.


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







Roles, Grants, and Not Everyone an ACCOUNTADMIN

When you sign up, Snowflake makes you an ACCOUNTADMIN — the role that can do everything, including delete everything and read every byte in the account. For the first week it’s just you, so you do all your work as ACCOUNTADMIN and never think about it. That habit is a time bomb. The day a second person joins, or the day a query you didn’t write drops a table you cared about, you’ll wish access had been shaped from the start. It’s far easier to build the shape early than to retrofit it onto a warehouse full of objects that all belong to the wrong owner.

The good news is that Snowflake’s access model is small. Once the pieces click, you can lay down a sane structure in an afternoon and never fight it again.

The model: privileges, roles, users

Snowflake’s rule is simple and rigid: privileges are never granted to users. A privilege — SELECT on a table, CREATE TABLE in a schema, USAGE on a warehouse — is granted to a role. Roles are then granted to users, and a user activates a role to act with its privileges. A user can hold several roles but works as one primary role at a time, chosen with USE ROLE. (We’ll qualify that “one at a time” claim shortly — secondary roles bend it — but start by internalizing the strict version, because that’s the mental model that keeps you out of trouble.)

The move that makes this scale is that roles can be granted to other roles. That builds a hierarchy: if you grant role analyst to role sysadmin, then anyone acting as sysadmin inherits everything analyst can do. Privileges roll upward. Design the hierarchy well and a senior role automatically has everything its juniors have, without anyone re-granting a thing.

One wrinkle worth naming before it bites you: Snowflake case-folds unquoted identifiers to uppercase. CREATE ROLE analyst creates a role named ANALYST; USE ROLE Analyst finds it fine because that folds to ANALYST too. The only way to get a lowercase or mixed-case role name is to double-quote it everywhere (CREATE ROLE "analyst"), which then forces you to quote it in every grant forever. Don’t. Let identifiers fold, write them however reads best, and know that the catalog stores them upper-cased.

The system roles you’re handed

Every account starts with a fixed set of built-in roles, arranged in a hierarchy:


	ORGADMIN — the organization level, above the account. It creates and manages accounts within your Snowflake organization and sees org-wide billing. Most people never touch it; it isn’t part of the day-to-day account tree. We come back to it when we discuss multi-account setups (chapter 20).

	ACCOUNTADMIN — the top of the account. Billing, account-wide settings, and everything below it. Dangerous enough that it should be held by very few people and used only when a task genuinely requires it.

	SECURITYADMIN — manages users, roles, and grants account-wide. Crucially it holds the MANAGE GRANTS privilege globally, which lets it grant or revoke any privilege on any object regardless of who owns it. This is the role that hands out access.

	USERADMIN — creates and manages users and roles via the CREATE USER and CREATE ROLE privileges. It’s a deliberately contained slice of SECURITYADMIN’s job: USERADMIN can make people and roles, and can grant a role it owns, but it does not hold MANAGE GRANTS, so it can’t hand out privileges on objects it doesn’t own. USERADMIN is a child of SECURITYADMIN, so SECURITYADMIN inherits it.

	SYSADMIN — creates and owns warehouses, databases, schemas, and the objects inside them. This is where your data infrastructure should live.

	PUBLIC — granted to everyone automatically. Anything granted to PUBLIC is visible to the whole account, so grant to it sparingly and deliberately.



The distinction between SECURITYADMIN and USERADMIN trips up newcomers, so make it concrete: USERADMIN is the HR department (it creates the people and the job titles); SECURITYADMIN is the badge office (it decides which doors each title opens). In a small shop one person wears both hats, but keeping the privileges separate means you can later delegate user creation to a helpdesk without also handing them the power to grant themselves SELECT on payroll.

The relationship that matters: SYSADMIN and SECURITYADMIN both roll up into ACCOUNTADMIN, so an account admin inherits both. Your job is to slot your own custom roles into this tree so the right privileges roll up to the right place.

Create the users first

Before we grant anything to Dana and Sam, Dana and Sam have to exist. This is the step every “here’s the grant” tutorial skips, and then you paste GRANT ROLE analyst TO USER dana and Snowflake tells you the user doesn’t exist. Users are created by USERADMIN (or anything above it):

USE ROLE USERADMIN;

CREATE USER dana
  PASSWORD = 'Ch4nge-me-now!'
  MUST_CHANGE_PASSWORD = TRUE
  DEFAULT_ROLE = analyst
  DEFAULT_WAREHOUSE = compute_wh
  DISPLAY_NAME = 'Dana Ruiz'
  EMAIL = 'dana@example.com';

CREATE USER sam
  PASSWORD = 'Ch4nge-me-too!'
  MUST_CHANGE_PASSWORD = TRUE
  DEFAULT_ROLE = loader
  DEFAULT_WAREHOUSE = compute_wh
  DISPLAY_NAME = 'Sam Okafor'
  EMAIL = 'sam@example.com';

MUST_CHANGE_PASSWORD = TRUE forces a reset on first login, so the throwaway password you typed here never becomes a real one. DEFAULT_ROLE and DEFAULT_WAREHOUSE set what the user lands in when they log in without an explicit USE ROLE/USE WAREHOUSE — a convenience, not a security boundary (the default role has to have actually been granted to them, which we do below, and a user can still USE ROLE any other role they hold).

A word on that password. In a real account you should not be handing out passwords at all for human users — turn on multi-factor authentication. Snowflake enforces MFA for human logins going forward, and the modern path is to enroll each user in an authenticator (or a passkey) rather than lean on a password. For programmatic access, use key-pair authentication or OAuth instead of a password entirely. Treat the PASSWORD above as a first-login bootstrap that MFA sits on top of, not the account’s actual front door.

Now the users exist and have a sensible landing role. On with the grants.

The shape that scales: functional roles and access roles

The naive version of “custom roles” is one role per job function, each granted its privileges directly. That works and it’s where most accounts start. But Snowflake’s own reference pattern goes one layer further, and it’s worth learning early because it’s much cheaper to adopt on day one than to refactor into later. The pattern splits roles into two kinds:


	Access roles hold privileges on objects, and nothing else. They’re named for what they can do to what — sales_read, sales_readwrite — and you grant object privileges only to these. An access role never gets granted to a user.

	Functional roles are named for who someone is — analyst, data_engineer. They hold no object privileges directly. Instead you grant them the access roles they need, and you grant the functional roles to users.



Access roles roll up into functional roles; functional roles roll up into SYSADMIN. When a new table’s permissions change, you edit one access role and every functional role that includes it inherits the change. When a person changes jobs, you swap which functional role they hold. Objects and people are decoupled by the access-role layer in between.

First, something to grant on

Every grant below refers to sales.public.orders, so let’s actually build it — this is the table the rest of the book keeps coming back to (sharing in chapter 15, streams and tasks in chapter 17, the metadata queries in chapter 20), and it is worth having one real thing rather than a hypothetical one.

Build it as SYSADMIN, not ACCOUNTADMIN. That’s the whole lesson of the ownership section later in this chapter, applied before you can get it wrong:

USE ROLE SYSADMIN;

CREATE DATABASE IF NOT EXISTS sales;
CREATE SCHEMA   IF NOT EXISTS sales.public;

CREATE OR REPLACE TABLE sales.public.orders (
    o_orderkey    NUMBER,
    o_custkey     NUMBER,
    o_orderstatus VARCHAR(1),
    o_totalprice  NUMBER(12,2),
    o_orderdate   DATE,
    region        VARCHAR        -- which sales region booked the order
);

Rather than invent rows, fill it from the TPCH sample data you’ve been querying since chapter 04 — the region column comes from walking customer → nation → region, which is the same five-way join from the capstone:

INSERT INTO sales.public.orders
SELECT o.o_orderkey, o.o_custkey, o.o_orderstatus,
       o.o_totalprice, o.o_orderdate, r.r_name
FROM snowflake_sample_data.tpch_sf1.orders   o
JOIN snowflake_sample_data.tpch_sf1.customer c ON c.c_custkey   = o.o_custkey
JOIN snowflake_sample_data.tpch_sf1.nation   n ON n.n_nationkey = c.c_nationkey
JOIN snowflake_sample_data.tpch_sf1.region   r ON r.r_regionkey = n.n_regionkey
WHERE o.o_orderdate >= '1998-01-01';

Add the two lookup tables the later chapters join against — the share in chapter 15, the Python connector in chapter 18 — so that sales is a small but complete schema rather than a single table:

CREATE OR REPLACE TABLE sales.public.customer AS
SELECT c_custkey, c_name, c_nationkey, c_mktsegment, c_acctbal
FROM snowflake_sample_data.tpch_sf1.customer;

CREATE OR REPLACE TABLE sales.public.nation AS
SELECT n_nationkey, n_name, n_regionkey
FROM snowflake_sample_data.tpch_sf1.nation;

Now there is a real database, three real tables, and real rows — and the grants below have something to be about.

The roles

Here’s the sales schema wired up the two-layer way. First the access roles and their object grants, done by SECURITYADMIN because these are grants on objects:

USE ROLE USERADMIN;
CREATE ROLE sales_read;
CREATE ROLE sales_readwrite;

USE ROLE SECURITYADMIN;
-- read access role: can see the schema and select from it
GRANT USAGE ON DATABASE sales                     TO ROLE sales_read;
GRANT USAGE ON SCHEMA   sales.public              TO ROLE sales_read;
GRANT SELECT ON ALL TABLES    IN SCHEMA sales.public TO ROLE sales_read;
GRANT SELECT ON FUTURE TABLES IN SCHEMA sales.public TO ROLE sales_read;

-- readwrite access role: inherits read, adds create + write
GRANT ROLE sales_read TO ROLE sales_readwrite;
GRANT CREATE TABLE ON SCHEMA sales.public              TO ROLE sales_readwrite;
GRANT INSERT, UPDATE, DELETE ON ALL TABLES    IN SCHEMA sales.public TO ROLE sales_readwrite;
GRANT INSERT, UPDATE, DELETE ON FUTURE TABLES IN SCHEMA sales.public TO ROLE sales_readwrite;

ON ALL versus ON FUTURE — the grant that silently rots

Look closely at the pairs of grants above, because this is the single most common way access quietly breaks. GRANT SELECT ON ALL TABLES IN SCHEMA sales.public grants SELECT on every table that exists right now. It is a one-time snapshot. The table you create tomorrow is not covered — sales_read will get a bald “does not exist or not authorized” on it, and you’ll waste an afternoon convinced the grant “didn’t take.”

GRANT SELECT ON FUTURE TABLES IN SCHEMA sales.public is the other half: it’s a standing rule that says any table created here from now on is automatically granted SELECT to this role. Neither one covers the other’s case, which is why you almost always want both — ON ALL catches what’s already there, ON FUTURE catches everything to come. Grant only ON ALL and your access decays every time someone runs CREATE TABLE. Grant only ON FUTURE and your existing tables stay invisible. Together they mean “this role can read this schema, permanently.”

(Future grants can also be set at the database level — ON FUTURE TABLES IN DATABASE sales — to blanket every schema, and they exist for other object types too: FUTURE VIEWS, FUTURE SCHEMAS, and so on. If both a database-level and a schema-level future grant apply, the more specific schema-level one wins.)

Now the functional roles. These hold no object privileges — only access roles — and they’re what people actually get:

USE ROLE USERADMIN;
CREATE ROLE analyst;
CREATE ROLE loader;

USE ROLE SECURITYADMIN;
-- functional roles get access roles, plus a warehouse to run on
GRANT ROLE sales_read      TO ROLE analyst;
GRANT USAGE ON WAREHOUSE compute_wh TO ROLE analyst;

GRANT ROLE sales_readwrite TO ROLE loader;
GRANT USAGE ON WAREHOUSE compute_wh TO ROLE loader;

Finally, wire the functional roles into the system hierarchy and hand them to people:

GRANT ROLE analyst TO ROLE SYSADMIN;
GRANT ROLE loader  TO ROLE SYSADMIN;

GRANT ROLE analyst TO USER dana;
GRANT ROLE loader  TO USER sam;

Granting both functional roles up to SYSADMIN means a SYSADMIN — and therefore an ACCOUNTADMIN above it — inherits everything without you re-granting anything. Dana logs in and lands in analyst (her default role); Sam lands in loader. Dana runs:

USE ROLE analyst;
SELECT n.n_name, SUM(o.o_totalprice)
FROM sales.public.orders o
JOIN sales.public.customer c ON c.c_custkey = o.o_custkey
JOIN sales.public.nation   n ON n.n_nationkey = c.c_nationkey
GROUP BY n.n_name;

That query works because analyst inherits sales_read, which holds SELECT on those tables. Run it while a role that lacks the grant is active and Snowflake refuses — access is exactly as wide as the active role, and no wider.

If the two-layer split feels like a lot for two roles, it is — for two roles. The payoff shows up at ten roles and fifty tables, when “give the new BI hire read access to sales and marketing” is two GRANT ROLE statements instead of a scavenger hunt through per-table grants. Start with the layers even while it’s just you; future-you inherits a clean account.

One role at a time — unless you use secondary roles

Earlier I said a user works as one role at a time. That’s the default and it’s a good default: your active privileges are exactly those of your current primary role, which makes “what can I do right now?” answerable without a whiteboard. But Snowflake has an escape hatch called secondary roles. Run:

USE SECONDARY ROLES ALL;

and your session’s active privileges become the union of every role granted to you, on top of your primary role. Dana, holding both analyst and — say — a marketing_read role, would with secondary roles active be able to query across both without switching. This is enormously convenient for interactive analysis and it’s why a BI tool connection often turns it on.

The catch, and the reason it’s not the default: some operations still care about your primary role specifically. Object creation uses the primary role for ownership (more on ownership next), and a few privilege checks look only at the primary role. So secondary roles widen what you can read and use, but “which role owns the table I just made” is still your one primary role. Keep that seam in mind — the “one role at a time” rule is really “one role at a time for the things that assign ownership,” with secondary roles unioning the rest.

Ownership, and the real fix for stranded objects

Here’s the trap that catches everyone who lives in ACCOUNTADMIN too long: the role that creates an object owns it. If you CREATE TABLE while acting as ACCOUNTADMIN, that table is owned by ACCOUNTADMIN, and your analyst and loader roles can’t touch it until someone explicitly grants access — which means every object you made during the “just me” phase is stranded at the top of the tree.

The first-line fix is a habit: create objects under the role that should own them. Switch to SYSADMIN (or a custom role beneath it) before you build a database or a table — which is exactly why the setup at the top of this chapter opened with USE ROLE SYSADMIN; rather than leaving you in ACCOUNTADMIN:

USE ROLE SYSADMIN;      -- not ACCOUNTADMIN
CREATE DATABASE sales;

Because sales was created that way, it is owned by SYSADMIN, sits in the hierarchy where you can reason about it, and your access roles can be granted against it cleanly. Had you built it as ACCOUNTADMIN — which is the role a fresh trial drops you into, and the reason this trap is so easy to fall into — you would already be in the mess the next paragraph digs out of.

But what about the objects you already stranded? Re-creating them isn’t the answer — ownership transfer is. OWNERSHIP is itself a privilege you can grant, and doing so hands the object to another role wholesale:

USE ROLE ACCOUNTADMIN;   -- or a role holding MANAGE GRANTS
GRANT OWNERSHIP ON TABLE sales.public.orders
  TO ROLE sales_readwrite
  COPY CURRENT GRANTS;

The COPY CURRENT GRANTS clause is the important part. Transferring ownership revokes all existing privilege grants on the object by default — which would break every role currently reading it. COPY CURRENT GRANTS preserves them across the handover. Its counterpart, REVOKE CURRENT GRANTS, does the opposite: it strips every other grant as part of the transfer, which is the sledgehammer you reach for when you’re deliberately locking an object down to its new owner. You have to name one or the other; there’s no silent default worth relying on. To sweep a whole schema of stranded objects, GRANT OWNERSHIP ON ALL TABLES IN SCHEMA sales.public TO ROLE ... COPY CURRENT GRANTS does them in bulk.

Delegating grants without handing over the keys

Two more mechanisms come up the moment more than one person is administering access.

WITH GRANT OPTION lets a role not only hold a privilege but re-grant it onward. GRANT SELECT ON ... TO ROLE analyst WITH GRANT OPTION means anyone in analyst can turn around and grant that same SELECT to another role. Use it sparingly — it’s how privileges spread in ways you didn’t personally authorize — but it’s the clean way to let a team lead manage access within their own domain without giving them SECURITYADMIN.

Managed access schemas invert the ownership-grants-everything default. Normally the owner of a table can grant privileges on it. In a schema created WITH MANAGED ACCESS, object owners cannot grant on their own objects — only the schema owner (or a role with MANAGE GRANTS) can. That centralizes all grant decisions for a sensitive schema in one place:

CREATE SCHEMA sales.restricted WITH MANAGED ACCESS;

It’s a foundations-level thing to name; you’ll reach for it the first time you have a schema where “whoever made the table gets to decide who reads it” is exactly the wrong policy.

The fine-grained tools, named so you know they exist

Roles and grants are the coarse control — who can touch which objects. Snowflake also has finer instruments for which rows and which column values a role sees. You won’t wire these up on day one, but you should recognize the names when they come up:


	Row access policies filter rows by role. You write a policy and attach it to a table; the policy decides, per query, which rows the current role may see. One-liner: ALTER TABLE sales.public.orders ADD ROW ACCESS POLICY region_policy ON (region); — now analyst might see only EUROPE rows while loader sees all.

	Dynamic data masking (column masking) rewrites a column’s value at query time based on role. ALTER TABLE ... ALTER COLUMN email SET MASKING POLICY mask_email; — and analyst gets ***@*** while a privileged role sees the real address. The underlying data never changes; the mask is applied on read.

	Object tagging attaches key-value labels to objects (ALTER TABLE ... SET TAG cost_center = 'sales';), which then drive governance and cost reporting, and pair with the policies above to apply masking by tag rather than column-by-column.



Each of these gets its own treatment in chapter 16, where the policies are written out in full; for now, know that “roles decide objects, policies decide rows and cells” is the division of labor.

Auditing what you’ve granted

Grants accumulate, and six months in you’ll need to answer “who can read this?” and “what can this role do?” without guessing. Three tools cover it:

-- everything a role can do, and everything a user holds
SHOW GRANTS TO ROLE analyst;
SHOW GRANTS TO USER dana;

-- who has any privilege on a specific object
SHOW GRANTS ON TABLE sales.public.orders;

SHOW GRANTS is the live, point-in-time answer. For historical and account-wide analysis — “every grant to every role, queryable as a table” — reach for the Account Usage views:

SELECT grantee_name, privilege, name AS object_name
FROM snowflake.account_usage.grants_to_roles
WHERE deleted_on IS NULL
  AND granted_on = 'TABLE'
ORDER BY grantee_name;

SNOWFLAKE.ACCOUNT_USAGE.GRANTS_TO_ROLES (and its sibling GRANTS_TO_USERS) is the auditor’s friend: it’s SQL, so you can join it, filter it, and diff it over time. Note the usual Account Usage trade-off — these views have latency (up to a couple of hours) and retain deleted grants with a deleted_on timestamp, so filter deleted_on IS NULL when you want the current picture.

Tidying up defaults after the fact

Finally, the two settings you’ll adjust most often as people’s needs shift. Neither requires re-creating the user:

USE ROLE USERADMIN;
ALTER USER dana SET DEFAULT_ROLE = analyst;
ALTER USER dana SET DEFAULT_WAREHOUSE = compute_wh;

Changing DEFAULT_ROLE just changes where Dana lands; it doesn’t grant her anything (the role must already be granted to her) and it doesn’t stop her using other roles she holds. Changing DEFAULT_WAREHOUSE points her sessions at a different compute pool by default — handy when you spin up a dedicated warehouse for a team, which is exactly where the next chapter goes.

Final thoughts

Access control feels like ceremony when it’s just you, and that’s exactly the wrong time to judge it — the point of roles isn’t to slow you down today, it’s to make the account legible the day it stops being just you. The discipline reduces to a handful of habits: grant privileges to roles and roles to people, never privileges to people; split object-privilege access roles from person-shaped functional roles so you can change one without churning the other; always pair ON ALL with ON FUTURE so new tables don’t quietly fall out of coverage; and create objects as the role that should own them — reaching for GRANT OWNERSHIP ... COPY CURRENT GRANTS when something’s already stranded. Get those right from chapter one and you’ll never spend a weekend untangling who can see what.





Warehouse Sizes, Auto-Suspend, and the Credit Meter

The bill for a traditional database is a server you rented, and it costs the same whether you hammered it all month or let it idle. Snowflake tears that model up. Here you don’t pay for a machine sitting there — you pay for compute-seconds, the actual time a warehouse spends running your queries. That one change moves cost out of the finance department’s spreadsheet and into your SQL. How much you spend is now a thing you design, query by query and warehouse by warehouse. And the first design mistake everyone makes is leaving a warehouse running while they stare at the results, which is the cloud equivalent of leaving the car engine on in the driveway.

A warehouse, to be concrete, is just a named cluster of compute that runs your queries. It has no data of its own — the data lives in cloud storage, and any warehouse can read any table your role can see. That separation is the whole reason cost is malleable: you can run a huge warehouse for the two minutes a rebuild needs, drop it, and spin up a tiny one for dashboards, all pointed at the same tables, none of them holding anything hostage. This chapter is about the two things a warehouse controls — how fast it burns money and how long — and how those turn into a number on an invoice.

The credit meter

Snowflake bills compute in credits. A warehouse consumes credits at a rate set by its size, and only while it’s actually running — the second it suspends, the meter stops. What a credit costs in dollars depends on your edition, cloud, and region, so don’t hard-code a figure in your head. A Standard-edition credit is cheaper than an Enterprise one, which is cheaper than Business Critical; think “a few dollars” and leave it fuzzy until you look up your own rate. We’ll turn credits into dollars near the end, but the mechanics come first.

The billing granularity is the part worth internalizing: per-second, with a 60-second minimum each time a warehouse resumes. Wake a warehouse, run a two-second query, and you’re charged for a full minute. Wake it, run for three minutes, and you pay for three minutes — after the first minute, the meter is truly per-second, no rounding up to the next hour like the old cloud-VM world. So a hundred tiny queries that each cold-start a fresh warehouse can cost more than one long one — the 60-second floor punishes stop-start churn. The lesson isn’t to avoid stopping; it’s to avoid thrashing between stopped and started, which the auto-suspend timing below controls.

Compute is the meter you’ll watch most, but it isn’t the only one. It helps to hold the whole bill in your head at intro level, because a “why is this so expensive” question usually turns out to be one of the quieter meters:


	Compute credits — your warehouses, billed per-second as above. This is the big, visible number and the one you design.

	Cloud-services credits — the always-on brain of Snowflake (query planning, the optimizer, metadata, security, result caching) runs on a shared layer that also consumes credits. But there’s a break most people don’t know about: cloud-services usage is only charged for the portion that exceeds 10% of your daily compute credits. Burn 100 compute credits in a day and your first 10 credits of cloud-services work are free. For normal query workloads this means cloud services costs you effectively nothing; it only shows up on the bill when you do something metadata-heavy and compute-light, like hammering INFORMATION_SCHEMA or running thousands of tiny DDL statements against a barely-used warehouse.

	Storage — billed in dollars per terabyte per month, on the compressed size of your data (Snowflake stores everything columnar and compressed, so a raw 1 TB CSV lands far smaller). Two rates exist: on-demand, where you pay as you go, and capacity, where you pre-commit to a volume up front for a lower per-TB rate. Storage is usually a small fraction of a compute-heavy account, but Time Travel and Fail-safe retention (the next chapter) quietly add to it.

	Serverless features — some Snowflake capabilities run on compute that Snowflake manages for you rather than on your warehouses: Snowpipe, automatic clustering, materialized-view maintenance, search optimization, serverless tasks, and the Query Acceleration Service below. These bill in credits at their own per-feature rates and show up on separate lines. You don’t size them; you enable them and they scale themselves.



Storage, cloud services beyond the 10% line, serverless rates, and the edition-by-edition pricing are the province of the cost-governance chapter — Cost, Credits, and Resource Monitors. Here we stay on the warehouse.

The size ladder

A warehouse comes in T-shirt sizes, and each step up roughly doubles both the compute and the credit rate:

XS     1 credit/hour
S      2
M      4
L      8
XL     16
2XL    32
3XL    64
4XL    128
5XL    256
6XL    512

The doubling is the whole story, and it runs all the way from a 1-credit XS to a 512-credit 6XL. Under the hood each size step doubles the number of servers in the cluster, which is why the rate doubles — you’re renting twice the machines for the hour. Here’s the part that isn’t obvious: a bigger warehouse is often not more expensive for the same work. A query that takes eight minutes on a Small might take one minute on a Large. The Large burns credits eight times faster but runs one-eighth as long — same total credits, and you got your answer seven minutes sooner. When a query parallelizes cleanly across those extra servers, sizing up buys you speed close to free.

“Close to free” is the honest phrasing, not “free,” because scaling is rarely perfectly linear. Some queries have a serial bottleneck — a final sort, a single-threaded step, spilling to disk — that a bigger warehouse can’t halve. The practical move is to measure: run the real query one size up and check whether the wall-clock time actually roughly halved. If it did, the credits are a wash and you keep the speed; if it barely moved, you sized up into a bottleneck and you’re now paying double for nothing. Query Acceleration, later in this chapter, is one answer when the bottleneck is a big scan rather than the compute width.

The trap is the other direction. Point a Large at a query that only ever touches a few thousand rows and you’re paying the 8-credit rate for work an XS would’ve cleared in the same wall-clock time. Now the doubling is pure waste. So the rule is size to the workload, not to the biggest number you’re allowed: heavy scans and big rebuilds earn a large warehouse for the minutes they run; dashboards and ad-hoc pokes belong on an XS. The SF1-versus-SF100 wait you felt in the sample-data chapter was exactly this signal — a query outgrowing its compute — and resizing is the answer to it.

The two switches that save the most

Right-sizing controls the rate. Two warehouse settings control the duration, and they’re where most wasted money hides.

AUTO_SUSPEND is the idle timeout — how long a warehouse waits, doing nothing, before it powers itself down. The default is 10 minutes, which for interactive work is ten minutes of paying for silence every time you get distracted. Set it low. Sixty seconds is a sane default for a warehouse a human is typing against:

USE ROLE SYSADMIN;   -- objects should be owned by the role that should own them (ch07)

CREATE WAREHOUSE analyst_wh
  WAREHOUSE_SIZE = 'XSMALL'
  AUTO_SUSPEND = 60
  AUTO_RESUME = TRUE;

-- A warehouse nobody can use is an expensive ornament. Creating it does NOT
-- grant it: the role that will run queries on it needs USAGE, explicitly.
GRANT USAGE ON WAREHOUSE analyst_wh TO ROLE analyst;

That last line is the one people forget, and the error it produces is unhelpfully vague. A warehouse is an object like any other, and USAGE is the privilege to run queries on it. Create a warehouse as SYSADMIN, hand your analyst a role that can read every table in the schema, and they will still be unable to run a single query — because they can select from the data and have nowhere to compute it. Grant the warehouse and the table; either alone is useless.

AUTO_RESUME is the other half of the same idea: with it on, a warehouse that suspended itself wakes automatically the instant a query arrives. You never manually turn it back on — the query does. Together the pair means a warehouse is running only during the seconds you’re actually asking it questions, and costs nothing across the long stretches you’re reading, thinking, or in a meeting.

There’s a tension to tune, not ignore. Suspend too aggressively and a bursty workload keeps paying the 60-second minimum on every cold start; suspend too lazily and you pay for idle. For a human at a keyboard, a short timeout wins — the churn cost is small and the idle savings are large. For a warehouse serving steady automated traffic, a longer timeout keeps it warm between jobs. Either way you don’t resize to change cost here; you ALTER the timing:

ALTER WAREHOUSE analyst_wh SET AUTO_SUSPEND = 120;

And when a query genuinely does outgrow its size, resize live — no recreate, no downtime:

ALTER WAREHOUSE analyst_wh SET WAREHOUSE_SIZE = 'LARGE';

The next query lands on the bigger cluster. Bump it back down when the heavy job is done.

The cache you throw away when you suspend

There’s a hidden cost to both switches that nobody warns you about. A running warehouse keeps a local disk cache — the raw table data it has already pulled from cloud storage sits on the warehouse’s own SSDs, so a follow-up query that touches the same columns skips the fetch and runs faster. That cache is warm compute’s quiet reward for staying up.

It is lost when the warehouse suspends, and lost again when you resize — a resize provisions fresh servers, and the new cluster starts cold. So the first query after a suspend (or after an ALTER ... SET WAREHOUSE_SIZE) re-reads from storage and runs slower than the warm repeat you got a minute earlier. This is the real tension inside AUTO_SUSPEND: a very short timeout saves idle credits but throws away the cache more often, making the next query cold. For a warehouse serving a steady dashboard that re-reads the same tables all day, a slightly longer timeout can be cheaper overall, because keeping the cache warm avoids repeated cold scans. Measure both meters, not just the idle one.

One cache does survive suspend: the result cache. If you re-run byte-for-byte the same query and the underlying data hasn’t changed, Snowflake returns the stored result from the cloud-services layer in milliseconds, using no warehouse at all — it’ll even answer while the warehouse is suspended. That’s genuinely near-free, but don’t let it fool your measurements: a result-cache hit isn’t a fast warehouse, so change a literal (or add a nonce) when you actually want to time a cold run.

Up versus out: multi-cluster warehouses

Sizing up makes a single query faster. It does nothing for a hundred people running queries at once — that’s a concurrency problem, not a horsepower one. Every warehouse can only run so many statements side by side before the rest wait in a queue; a bigger warehouse runs each of those faster but doesn’t widen the door. For concurrency, Snowflake scales out: a multi-cluster warehouse runs several clusters of the same size behind one name, spinning up extra clusters when the queue backs up and retiring them when the crowd thins. Scale up for one heavy query; scale out for many light ones arriving together. Reaching for the wrong knob is a classic misdiagnosis — a bigger warehouse won’t drain a queue, and more clusters won’t speed up a single grind.

Multi-cluster is an Enterprise-edition (and above) feature. On Standard edition a warehouse is always exactly one cluster; the settings below simply aren’t available. You configure the range with two parameters:

CREATE WAREHOUSE bi_wh
  WAREHOUSE_SIZE = 'SMALL'
  MIN_CLUSTER_COUNT = 1
  MAX_CLUSTER_COUNT = 4
  SCALING_POLICY = 'STANDARD'
  AUTO_SUSPEND = 120
  AUTO_RESUME = TRUE;

MIN_CLUSTER_COUNT and MAX_CLUSTER_COUNT set the floor and ceiling on how many same-size clusters can run. When they’re equal, you’re in maximized mode — a fixed wall of clusters, always on when the warehouse is up, for predictable heavy concurrency. When the min is lower than the max (the common case), you’re in auto-scale mode: Snowflake keeps MIN_CLUSTER_COUNT running and adds clusters up to MAX_CLUSTER_COUNT as concurrency demands, then removes them as it fades. Each running cluster bills at the warehouse’s size rate independently, so a Small warehouse running three clusters costs 3 × 2 = 6 credits/hour for as long as all three are up. The ceiling is your cost cap: MAX_CLUSTER_COUNT is literally the most compute this warehouse can ever consume at once.

The scaling policy: STANDARD vs ECONOMY

SCALING_POLICY decides how eagerly Snowflake adds and removes clusters, and it’s a direct performance-versus-cost dial.

STANDARD (the default) favors starting queries over saving credits. It spins up an additional cluster the moment a query is queued — or the moment the system judges the current clusters can’t keep up — so users wait as little as possible. To scale back down, it watches at roughly one-minute intervals and shuts a cluster off after a couple of consecutive checks show the remaining clusters could absorb the load. Fast to react, quick to relieve pressure, slightly more generous with credits.

ECONOMY favors keeping clusters busy over starting them fast. Before launching another cluster it estimates whether there’s enough queued work to keep that cluster occupied for at least about six minutes; if not, it makes the existing clusters shoulder the queue instead. It’s also slower to shut clusters down, waiting for more consecutive idle checks. The trade is deliberate: queries may sit in the queue a little longer at the edges of a spike, but you don’t pay to briefly light up a cluster for a handful of stragglers. Use ECONOMY where a short wait is acceptable and cost discipline matters (batch, internal reporting); keep STANDARD where humans are staring at a spinner.

You can change either at any time on a live warehouse:

ALTER WAREHOUSE bi_wh SET
  MAX_CLUSTER_COUNT = 6
  SCALING_POLICY = 'ECONOMY';

A note on the two axes together: size and cluster count are independent. Size is how powerful each cluster is (per-query speed); cluster count is how many of them run (concurrent capacity). A crowd of heavy queries wants both — a larger size and a higher max cluster count. Tuning them one at a time, with the query queue as your signal, beats guessing at both.

Statement timeouts and the concurrency ceiling

Within a single cluster, how many statements run at once before the rest queue is governed by MAX_CONCURRENCY_LEVEL, which defaults to 8. When more than that many queries hit a cluster together, the extras wait — and in a multi-cluster warehouse, a sustained queue is exactly what triggers another cluster to spin up. Lowering MAX_CONCURRENCY_LEVEL gives each running query a larger slice of the warehouse (useful when your queries are individually heavy and you’d rather they not fight for memory and spill to disk); raising it packs more small queries onto each cluster before queuing kicks in. It’s a subtle knob — most accounts leave it at 8 — but it’s the reason two identical warehouses can behave differently under load.

Two timeouts keep runaway work from quietly draining credits:

ALTER WAREHOUSE analyst_wh SET
  STATEMENT_TIMEOUT_IN_SECONDS = 3600
  STATEMENT_QUEUED_TIMEOUT_IN_SECONDS = 300;

STATEMENT_TIMEOUT_IN_SECONDS is the longest a single statement may run before Snowflake cancels it. The default is 172800 seconds — 48 hours — which is really a safety net, not a limit; a runaway query can burn two days of credits before it trips. On any real warehouse, set this to something sane (an hour, a few hours) so a pathological query dies instead of billing all weekend.

STATEMENT_QUEUED_TIMEOUT_IN_SECONDS is the longest a statement may wait in the queue before being cancelled, and it defaults to 0, meaning “wait forever.” Setting it to a few minutes means that when a warehouse is saturated, latecomers fail fast instead of piling up — often what you want behind a dashboard, where a stale query is worthless anyway. Both parameters can be set at the account, warehouse, session, or even user level, with the more specific scope winning.

Two specialized warehouse tricks

Query Acceleration Service attacks the case where a query’s cost is a giant scan rather than compute width. Turn it on with ENABLE_QUERY_ACCELERATION = TRUE, and Snowflake will offload the scan-and-filter-heavy parts of eligible queries onto transient serverless compute, so a warehouse that’s normally sized for its steady workload can borrow burst capacity for the occasional monster query instead of being permanently oversized for it. You cap the borrow with QUERY_ACCELERATION_MAX_SCALE_FACTOR (default 8 — up to eight times the warehouse’s own compute):

ALTER WAREHOUSE transform_wh SET
  ENABLE_QUERY_ACCELERATION = TRUE
  QUERY_ACCELERATION_MAX_SCALE_FACTOR = 8;

The offloaded work bills as a serverless feature, on its own line, separate from the warehouse’s credits — so it’s real money, not a free lunch, but you only pay it on the queries that actually qualify. It shines for unpredictable, scan-bound analytics; it does nothing for queries whose cost is joins, sorts, or aggregation.

Snowpark-optimized warehouses are a different build of warehouse for memory-hungry work — large Python/Java UDFs, ML training, and other Snowpark workloads that would blow out a normal warehouse’s per-node memory. You request one at creation with WAREHOUSE_TYPE = 'SNOWPARK-OPTIMIZED'; it provides substantially more memory per node and costs more credits per hour than a standard warehouse of the same size. Most foundational analytics never needs one — reach for it only when a job is failing on memory, not for ordinary SQL.

Putting dollars on it

Everything above is credits. Credits become dollars by multiplying by your per-credit rate, which depends on edition/cloud/region — so pick a placeholder to build intuition and swap your real rate in later. Say $3 per credit for the worked example below.

Here’s a realistic small-team day, three warehouses doing three jobs:

Warehouse     Size  Rate      Active time      Credits
analyst_wh    XS    1  cr/hr   ~3 h of queries    3.0
transform_wh  M     4  cr/hr   45 min nightly     3.0
bi_wh (×1)    S     2  cr/hr   ~2 h of dashboards 4.0
                                        Total    ~10 credits

The analyst_wh was “up” far more than three hours across the day, but with AUTO_SUSPEND = 60 it only billed for the roughly three hours of actual query activity — the rest was suspended silence at zero cost. The nightly transform ran a Medium for 45 minutes: 4 credits/hour × 0.75 hour = 3 credits. The BI warehouse served dashboards on a Small, mostly one cluster, adding up to about two active hours.

Ten compute credits at $3 is $30 for the day — call it $900/month if every day looked the same. Cloud services that day might be, say, 0.8 credits of planning and metadata work; since that’s under the 10%-of-10-credits free allowance (1 credit), it’s $0 charged. Storage is separate and, for a small account, likely a few dollars a month on compressed data. Now play the counterfactual: leave analyst_wh on the 10-minute default suspend and never think about it, and those three active hours balloon toward eight or ten billed hours of mostly-idle XS — several extra dollars a day, every day, for nothing. Scale that carelessness across a big account and multi-cluster warehouses, and “we forgot to set auto-suspend” becomes a five-figure line item. The knobs are small; the leverage is not.

To see your own real numbers instead of a made-up $3, two places tell you the truth: Admin → Cost Management in Snowsight gives you the visual breakdown, and the WAREHOUSE_METERING_HISTORY view (in ACCOUNT_USAGE and INFORMATION_SCHEMA) gives you credits per warehouse per hour in SQL. And the hard guardrail — resource monitors, which set a credit quota and can notify or even suspend a warehouse when it’s breached — is how you stop a mistake from running all month. We introduce them here only as the safety net they are; the full treatment, along with metering views and edition pricing, lives in Cost, Credits, and Resource Monitors.

Final thoughts

The instinct carried over from rented servers is to provision for the worst case and let it run, because that’s what kept you safe when the box was fixed. In Snowflake that instinct is exactly backwards. The platform hands you three dials — a rate knob (size), a duration knob (suspend timing), and a concurrency knob (clusters) — and puts the wheel in your hands. Size up for a slow query, out for a crowded one, and down to nothing the moment work stops. Cost stops being a number you receive at the end of the month and becomes a consequence of choices you make in the CREATE statement — which is either liberating or terrifying depending on whether you’ve set AUTO_SUSPEND low. Set it low.





Time Travel and Zero-Copy Clones

Every engineer has run the query. The UPDATE with the WHERE clause you forgot, the DELETE that matched more rows than you meant, the moment the row count comes back wrong and your stomach drops. On most databases the next move is a restore from last night’s backup, a lost afternoon, and an apologetic message in a channel. Snowflake has a different next move, and it takes about ten seconds. It can show you the table as it looked before your mistake, and hand those rows back. The feature next to it lets you copy an entire production database for a new engineer to break, at a storage cost of zero. Both feel like magic. Both are actually the same piece of plumbing — Snowflake keeps its storage as immutable, versioned chunks, and once you know that, the magic turns into arithmetic.

Time Travel: the table remembers

Snowflake keeps old versions of your data around for a window after every change, and lets you query straight into that window. This is Time Travel, and you reach it by hanging one of two clauses off a table reference: AT, which addresses a moment inclusive of the change at that point, and BEFORE, which addresses the state just prior to it. Each takes one of three coordinates — a relative offset, an absolute timestamp, or a specific statement — so there are effectively six ways to name a point in a table’s past. In practice you’ll use three of them constantly.

Query the table as it was a set number of seconds ago with an offset — here, one hour back:

SELECT * FROM orders AT(OFFSET => -3600);

The offset is always negative and always in seconds, so -3600 is “one hour ago,” -86400 is “yesterday at this exact time.” It’s the quickest way in when you don’t need precision, just “before all this went wrong a little while ago.”

Or as of an exact wall-clock moment, which is what you reach for when you know when things were still fine — say a colleague messaged “the numbers looked right at 9am”:

SELECT * FROM orders AT(TIMESTAMP => '2026-07-04 09:00:00'::timestamp);

Or — the one that saves your afternoon — as of the instant before a specific statement ran. This is the surgical option: not “roughly an hour ago,” but “the state of the table immediately before that one query touched it.”

Finding the query id you’re time-travelling to

Here’s the part most tutorials wave past, and it’s the part you actually need: BEFORE(STATEMENT => '...') wants a query id, and a query id is not something you know off the top of your head. It’s a UUID-shaped string like 01af8c3e-0000-d5a2-0000-6f5900a1b2c3 that Snowflake assigns to every statement it runs. So before you can travel to a point before a statement, you have to find that statement. There are two ways, depending on whether the culprit is your own last query or something that ran a while ago.

If you just ran the offending statement yourself, in this same session, the id is one function call away:

SELECT LAST_QUERY_ID();

LAST_QUERY_ID() returns the id of the most recent statement in your session; passing it a negative number walks further back (LAST_QUERY_ID(-2) is the one before that). You can even inline it, which is the fastest possible recovery — no copy-pasting UUIDs:

SELECT * FROM orders BEFORE(STATEMENT => LAST_QUERY_ID(-1));

More often, though, the damage was done a while ago, by someone else, or in a session that’s long closed. Then you go to the query history. Snowflake keeps it in two places. The INFORMATION_SCHEMA.QUERY_HISTORY table function is the low-latency one — it reads recent activity (roughly the last 7 days) with essentially no delay:

SELECT query_id, query_text, start_time, rows_produced
FROM TABLE(INFORMATION_SCHEMA.QUERY_HISTORY())
WHERE query_text ILIKE '%UPDATE orders%'
ORDER BY start_time DESC;

For anything older, or for account-wide auditing, there’s SNOWFLAKE.ACCOUNT_USAGE.QUERY_HISTORY — a shared view retaining a full year of history. It lags real time by up to about 45 minutes, so it’s the archive, not the live feed:

SELECT query_id, query_text, user_name, start_time
FROM SNOWFLAKE.ACCOUNT_USAGE.QUERY_HISTORY
WHERE query_type = 'UPDATE'
  AND start_time > DATEADD('hour', -3, CURRENT_TIMESTAMP())
ORDER BY start_time DESC;

Either way, you eyeball the results, find the row whose query_text is your regrettable UPDATE, and copy its query_id. (The Snowsight UI has the same history under Monitoring → Query History, where you can click a query and copy its id straight off the details pane — often the fastest route mid-incident.) Now the surgical time-travel query has a real value to work with:

SELECT * FROM orders BEFORE(STATEMENT => '01af8c3e-0000-d5a2-0000-6f5900a1b2c3');

From “look at the past” to “restore the past”

Reading the past is diagnosis; the cure is writing it back. You ran a bad UPDATE and half the orders table is wrong. You don’t restore from a backup — you overwrite the damage with the pre-damage version, read live out of the table’s own history:

CREATE OR REPLACE TABLE orders AS
  SELECT * FROM orders BEFORE(STATEMENT => '01af8c3e-0000-d5a2-0000-6f5900a1b2c3');

The table is whole again, sourced from a version of itself that existed a moment ago. If only some rows are wrong and you’d rather surgically mend them than rebuild the whole table, the same source works inside a MERGE, so you can reconcile just the affected keys against their past selves. But for a wholesale “undo the last few minutes,” the CREATE OR REPLACE is blunt and effective.

And for the bluntest disaster of all — you dropped the wrong table entirely — there’s a one-liner that needs no timestamp, no query id, nothing:

UNDROP TABLE orders;

The table comes back exactly as it was at the drop, because Snowflake never truly deleted it; it marked it gone and kept the bytes inside the retention window. The same verb works up the hierarchy — UNDROP SCHEMA analytics and UNDROP DATABASE prod restore a whole schema or database and everything under it. There’s one failure mode worth knowing before you need it: UNDROP restores to the original name, so if you dropped orders, then created a new table also called orders, the undrop has nowhere to land and fails with a name-collision error. The fix is to rename the live object out of the way first, then undrop. Snowflake won’t silently clobber the new table to make room for the old one.

How long the past sticks around

That window is governed by DATA_RETENTION_TIME_IN_DAYS, and its default is 1 day — 24 hours of history behind every table. On Standard edition, one day is also the ceiling. On Enterprise edition and above you can set it anywhere from 0 to 90 days. Zero is legal and it means no Time Travel at all — no undrop, no point-in-time query — which is occasionally what you want for a scratch table you never need to recover.

The parameter isn’t only a table setting. It lives at four levels — account, database, schema, and table — and it inherits downward with override. Set it on the account and every object beneath adopts that value unless it declares its own; set it on a database and every schema and table inside inherits that unless they in turn override. So a common shape is a conservative account default with a generous override on the databases that matter:

-- account-wide baseline (run as ACCOUNTADMIN)
ALTER ACCOUNT SET DATA_RETENTION_TIME_IN_DAYS = 1;

-- but the production database keeps a month of history
ALTER DATABASE prod SET DATA_RETENTION_TIME_IN_DAYS = 30;

-- and one especially precious table keeps the full 90
ALTER TABLE prod.sales.orders SET DATA_RETENTION_TIME_IN_DAYS = 90;

There’s a companion parameter, MIN_DATA_RETENTION_TIME_IN_DAYS, settable only at the account level, that acts as a floor. When it’s set, the effective retention for any object is the greater of the object’s DATA_RETENTION_TIME_IN_DAYS and the account minimum — so an admin can guarantee, say, a 7-day safety net that no individual table owner can accidentally drop below, while still letting teams turn up retention on tables that warrant it. It raises the floor; it never lowers a ceiling someone set higher.

One sharp edge to internalize: lowering retention takes effect immediately, and it drops history retroactively. If a table has 30 days of retention and you set it to 1, you don’t keep the old 30 days and start counting down — the 29 days beyond the new window are gone the moment the ALTER commits, moved on toward Fail-safe. Turning retention up, by contrast, only affects data that enters Time Travel from that point forward; it can’t resurrect history that already aged out. So retention is a dial you should set deliberately and rarely turn down in anger.

Fail-safe: the seven days you don’t control

When retention finally expires, the data isn’t instantly gone forever. For permanent tables it slips into Fail-safe — a further 7 days, fixed, during which Snowflake itself can recover it but you cannot. Fail-safe is not configurable: you can’t extend it, shorten it, or turn it off, and unlike Time Travel it’s not something you query. There’s no AT, no BEFORE, no SELECT that reaches into it. Recovery from Fail-safe means opening a support case and asking Snowflake to do it for you, which they’ll do only for genuine “the data is truly gone and it matters” situations — it’s a disaster backstop, not a self-serve second undo.

So the full mental model is a three-stage decay. For your retention window the past is yours: self-serve, one query away. For seven days after that it exists but only Snowflake can reach it. Then it’s truly gone. Everything you’d actually script — the undrop, the point-in-time restore — lives in that first stage, which is exactly why setting retention thoughtfully matters.

Two exceptions are worth carrying around. First, Fail-safe is table-only — it protects table data and nothing else. Second, and more important day to day: transient and temporary tables have no Fail-safe at all, and their Time Travel retention maxes out at 1 day. A TEMPORARY table vanishes with your session; a TRANSIENT table persists but skips the 7-day Fail-safe entirely. That’s not a limitation to route around — it’s the point. Which brings us to why any of this shows up on your bill.

What the past costs

None of this is free in storage, even if cloning is free in copies. Every version Snowflake retains for Time Travel, and every version sitting in Fail-safe, is real bytes it’s holding on your behalf and charging you for. A table that churns heavily — big daily rewrites, frequent full refreshes — can quietly carry several multiples of its live size in historical and Fail-safe versions, especially at 90-day retention.

You don’t have to guess at this; it’s measurable. The TABLE_STORAGE_METRICS view breaks a table’s footprint into exactly these buckets:

SELECT table_name,
       active_bytes,
       time_travel_bytes,
       failsafe_bytes,
       retained_for_clone_bytes
FROM SNOWFLAKE.ACCOUNT_USAGE.TABLE_STORAGE_METRICS
WHERE table_schema = 'SALES'
ORDER BY failsafe_bytes DESC;

active_bytes is your live data; time_travel_bytes and failsafe_bytes are the history you’re paying to keep recoverable; retained_for_clone_bytes is data kept alive only because a clone still references it (more on that shortly). When a storage bill looks surprising, this view is almost always where the surprise is hiding — and it’s often a high-churn table at long retention, not the live data, doing the damage. The fix is usually to make that table TRANSIENT, or to bring its retention down to something the recovery story actually needs.

That churn deserves a closer look, because it’s the hinge the whole chapter turns on.

Why both are cheap: the same trick

Snowflake stores table data as immutable micro-partitions — small, compressed, columnar chunks, typically tens of megabytes each, that once written are never edited. This is the single design decision behind everything above, and it’s worth sitting with, because it also explains a cost that surprises newcomers.

Because a micro-partition can’t be modified, a change never edits data in place. An UPDATE that touches even one row in a partition can’t patch that partition — it writes a new partition holding the updated version and re-points the table’s metadata at it, leaving the old partition untouched. A DELETE is the same story: the rows don’t get erased from their chunk; a new version of the affected partitions is written without them. This is write amplification, and it’s why a small logical change can produce a large physical write, and why heavy update/delete workloads generate a lot of superseded partitions.

Now the two features fall out for free. Time Travel is just reading the metadata as it pointed last hour — the old partitions the UPDATE superseded are still physically sitting there, so “the table an hour ago” is nothing more than the earlier set of pointers. And Fail-safe’s cost, and Time Travel’s cost, are simply how long Snowflake keeps those superseded partitions around before reclaiming the space. The immutability that makes the past queryable is the same immutability that makes churn expensive: every superseded version is retained, and retention is you telling Snowflake how long to hold them. Micro-partitions, write amplification, Time Travel cost, and Fail-safe cost are four views of one mechanism.

Zero-copy clones: a full copy that copies nothing

The other hat the same trick wears. You need a copy of a production table to experiment against without risking the original. Anywhere else that’s a slow, expensive duplication of every byte. In Snowflake it’s instant and free:

CREATE TABLE orders_dev CLONE orders;

orders_dev is a complete, independent, writable table with every row of orders — created in about the time it took to submit the statement, consuming essentially no new storage. It works at every level of the hierarchy, so you can clone a whole schema or database in one line:

CREATE DATABASE analytics_dev CLONE analytics;

The word “zero-copy” is literal. Nothing was copied. The clone is metadata — a new set of pointers at the same underlying micro-partitions the original already uses, which is exactly why it’s the mirror image of Time Travel. Time Travel is old pointers to old partitions; a clone is a second name’s pointers to current partitions. Neither copies bytes. The clone starts paying for storage only for the parts that diverge — this is copy-on-write. Change a thousand rows in orders_dev and you store just those thousand rows’ worth of new partitions; the untouched 99% stays shared with the parent, owned by neither, billed once. (This is also what retained_for_clone_bytes back in the storage view was tracking: if you drop the parent, its partitions can’t be reclaimed while a clone still points at them.)

The two features compose, which is where it gets genuinely useful. You can clone a table as of a point in the past — freezing an incident’s exact pre-blast state into a named, poke-able copy while production carries on:

CREATE TABLE orders_snapshot CLONE orders
  BEFORE(STATEMENT => '01af8c3e-0000-d5a2-0000-6f5900a1b2c3');

Now you have a free, permanent, independent copy of the world right before the bad statement, to investigate at leisure without pinning anything in production’s retention window.

The caveats a “free copy” hides

Zero-copy cloning is genuinely close to magic, but “an exact copy” oversells it in two ways that will bite you if you don’t know them going in.

The first is grants. By default a clone does not copy the privileges granted on the source. Clone a database whose tables the analytics role could read, and on the clone that role can read nothing — the object exists, but the access map didn’t come with it. For a throwaway dev copy that’s often fine; for a promoted environment it’s a trap. The fix is the COPY GRANTS clause, which carries the source’s privileges onto the clone:

CREATE TABLE orders_dev CLONE orders COPY GRANTS;

The second is what “the data” even means. Cloning duplicates the data and structure, but a table and its schema are more than rows. Some things clone; some pointedly don’t:


	Load history does not clone. The clone has a fresh, empty COPY INTO history, so a file already loaded into the parent can be loaded again into the clone without being rejected as a duplicate. Handy for testing an ingest; dangerous if you assumed dedup carried over.

	External-table files aren’t copied (there’s nothing to copy — they live in your cloud storage), but the external table’s metadata clones, so it keeps pointing at the same underlying files.

	Pipes, streams, and tasks clone with a database or schema, but their state does not. Cloned tasks are created suspended and you must explicitly resume them — which is a safety feature, not a bug, since you rarely want a dev clone’s tasks firing on their own. A cloned stream starts fresh rather than inheriting the parent’s unconsumed offset. Materialized-view and other refresh state likewise resets rather than carrying over.



None of these are reasons to avoid cloning — they’re the fine print that turns “I cloned prod, why is it behaving differently” from a mystery into an expected footnote.

SWAP WITH: promoting a clone into place

Cloning gives you a private copy to build in; SWAP WITH is how you put a finished copy into production atomically. It exchanges the names and metadata of two tables in a single instant — what was orders_new becomes orders, and the old orders becomes orders_new, with no window where the name points at nothing:

ALTER TABLE orders SWAP WITH orders_staging;

This is the backbone of a blue/green table promotion. You build the next version of a table off to the side — clone the current one, rebuild it, reload it, whatever the change requires — validate it in place under a staging name, and when it’s ready, one SWAP WITH cuts production over to it atomically. Readers never see a half-built table; there’s no drop-and-recreate gap. And because the old version is now sitting under the staging name, rollback is just swapping back. Clone to build, swap to promote, swap to undo.

Zoom out and the pattern generalizes. Time Travel and cloning together are how you build the whole supporting cast of a serious data platform without a storage budget to match. A dev or test environment is a CLONE of production you refresh on demand and throw away. A backup is a clone taken BEFORE a risky migration, kept until you’re sure. A pre-deploy checkpoint is a clone you can SWAP back in if the deploy goes wrong. None of them costs a full second copy; all of them fall out of immutable, shared, versioned storage — the same pointer arithmetic, arranged three different ways.

Final thoughts

It’s tempting to file these under nice-to-haves — an undo button and a convenient copy command. They’re bigger than that. Time Travel changes how it feels to run a destructive statement: the query that used to make your stomach drop is now reversible — provided you can name the moment to reverse to, which is why knowing how to fish a query id out of the history is the real skill, not the BEFORE clause itself. Zero-copy cloning changes what a “dev environment” costs: a faithful copy of production stops being a budget line and becomes a throwaway you spin up per experiment and delete without a thought — as long as you remember it didn’t bring its grants, its load history, or its running tasks along for the ride. Both features, and their costs, and their sharp edges, fall directly out of one decision made deep in Snowflake’s engine: never mutate storage in place. Everything else in this chapter is that decision, surfacing all the way up here as the ability to undo yesterday and duplicate everything for free.





A First Analysis on TPCH

You’ve met all the pieces now — the storage-and-compute split, the object hierarchy, roles and grants, warehouses and their credit meter, Time Travel and clones. Pieces are not a skill, though. The skill is pointing them at a question someone actually cares about and getting a defensible number back. So we’ll do exactly that: take the TPCH sample business Snowflake handed you on day one and run a small, honest analysis on it — the kind you’d present, not the kind you’d SELECT 1 and abandon. No new features. Just the ones you have, used together the way real work uses them, plus the handful of SQL constructs — window functions, layered CTEs, QUALIFY — that turn a group-by into an actual finding.

Setting the table

Real analysis doesn’t start with a SELECT. It starts by deciding who you are and what runs your query, because in Snowflake both are choices you make explicitly. Pick a role that isn’t your admin account — you analyze as an analyst, not as the owner of everything — and a warehouse sized for the work:

USE ROLE analyst;
USE WAREHOUSE analyst_wh;

USE DATABASE SNOWFLAKE_SAMPLE_DATA;
USE SCHEMA TPCH_SF1;

Four lines, and every one earns its place. USE ROLE puts you in a least-privilege identity, so a fat-fingered statement can’t reach past what an analyst should touch. USE WAREHOUSE attaches compute you right-sized — an XS is plenty for SF1, and if you’d pointed at SF100 you’d resize up first. The database and schema lines set context so the queries below can name tables plainly. This is the whole book compressed into a preamble: identity, compute, and storage, chosen separately because they are separate.

Question one: where does the revenue come from?

The first thing any stakeholder asks. Revenue by region, broken out by year, so you can see not just who’s biggest but who’s growing. This walks the full geography chain — line items up through orders, customers, nations, to regions — and buckets the order date into years:

SELECT
  r.r_name                                        AS region,
  DATE_TRUNC('year', o.o_orderdate)               AS order_year,
  SUM(l.l_extendedprice * (1 - l.l_discount))     AS net_revenue
FROM lineitem l
JOIN orders   o ON o.o_orderkey  = l.l_orderkey
JOIN customer c ON c.c_custkey   = o.o_custkey
JOIN nation   n ON n.n_nationkey = c.c_nationkey
JOIN region   r ON r.r_regionkey = n.n_regionkey
GROUP BY r.r_name, DATE_TRUNC('year', o.o_orderdate)
ORDER BY region, order_year;

Five joins and two expressions, and all of them are worth reading closely. The join path is the star schema doing its job — a fact table (lineitem) reaching out to its dimensions until a numeric key becomes “Europe”. The l_extendedprice * (1 - l_discount) is how TPCH models money actually collected after the line discount; reach for it every time you compute revenue here, because summing extendedprice alone overstates the take. DATE_TRUNC('year', …) collapses every order date to January 1st of its year, which is the honest way to bucket time in Snowflake — it returns a real DATE, so downstream window functions can still order it chronologically, where a bare YEAR() integer would lose that footing. The result is a tidy region-by-year grid — the shape of a slide, not a data dump.

Reading the profile on that join

Before you trust a number, look at how Snowflake got it. Run the query, then open the Query Profile — in Snowsight, from the query’s row in Query History, or the profile tab beside your results. It’s a diagram of operators, and on a five-way join it tells you three things at a glance.

First, pruning. Click the bottom TableScan on lineitem and read the Partitions scanned versus Partitions total line. This query has no WHERE clause — it aggregates the whole fact table — so you’ll see all partitions scanned. That’s not a bug, it’s the honest cost of a total: there’s nothing to skip. The moment you add WHERE o_orderdate >= '1997-01-01', watch that ratio drop, because Snowflake reads each micro-partition’s min/max metadata and skips the ones that can’t match. Pruning is the single biggest lever on scan cost, and the profile is where you confirm it’s actually happening.

Second, the heaviest operator. Each node shows a percentage of total execution time; sort your attention by it. On this query the lineitem TableScan and the largest hash join dominate — six million line items have to be read and streamed through the joins, while region (five rows) and nation (twenty-five) are rounding error. That percentage is your optimization compass: tuning the thing that’s 2% of runtime is wasted effort.

Third, join order. Snowflake decides which side of each join to build a hash table on, and it’s smart about it — it builds on the small dimensions (region, nation, customer) and probes them by streaming the giant lineitem table through once. You’ll see the small tables feed the build side of each Join node and lineitem feed the probe side. That’s the plan you want. If you ever see Snowflake building a hash table on the fact table instead, that’s a red flag worth chasing — usually a bad row-count estimate. Here, the plan is textbook, which is exactly why a five-way join over millions of rows returns in seconds on an XS.

Question two: who’s actually growing?

Aggregate totals tell you who’s biggest. They’re silent about momentum, and momentum is what a stakeholder is really buying when they ask for “the revenue numbers.” So compute a monthly running total within each year and a year-over-year comparison, in one query, using a layered CTE. The first step buckets revenue by region and month; the second lays window functions over that tidy base:

WITH monthly AS (
  SELECT
    r.r_name                                       AS region,
    DATE_TRUNC('month', o.o_orderdate)             AS order_month,
    SUM(l.l_extendedprice * (1 - l.l_discount))    AS net_revenue
  FROM lineitem l
  JOIN orders   o ON o.o_orderkey  = l.l_orderkey
  JOIN customer c ON c.c_custkey   = o.o_custkey
  JOIN nation   n ON n.n_nationkey = c.c_nationkey
  JOIN region   r ON r.r_regionkey = n.n_regionkey
  GROUP BY r.r_name, DATE_TRUNC('month', o.o_orderdate)
),
windowed AS (
  SELECT
    region,
    order_month,
    net_revenue,
    SUM(net_revenue) OVER (
      PARTITION BY region, YEAR(order_month)
      ORDER BY order_month
      ROWS BETWEEN UNBOUNDED PRECEDING AND CURRENT ROW
    )                                              AS running_total_ytd,
    LAG(net_revenue, 12) OVER (
      PARTITION BY region
      ORDER BY order_month
    )                                              AS rev_year_ago
  FROM monthly
)
SELECT
  region,
  order_month,
  net_revenue,
  running_total_ytd,
  ROUND(100 * (net_revenue / NULLIF(rev_year_ago, 0) - 1), 1) AS yoy_pct
FROM windowed
ORDER BY region, order_month;

This is the first query in the book that’s genuinely more than a group-by, so slow down over the window clauses — they’re the workhorses of analytics SQL. SUM(net_revenue) OVER (PARTITION BY region, YEAR(order_month) ORDER BY order_month ROWS BETWEEN UNBOUNDED PRECEDING AND CURRENT ROW) is a running total: for each month it sums every earlier month in the same region and year, resetting cleanly each January because the year is part of the partition. The ROWS BETWEEN frame is what makes it cumulative rather than a flat per-group sum — without it you’d get the year’s whole total repeated on every row. LAG(net_revenue, 12) reaches twelve rows back within a region to grab the same month a year prior, which is only correct because the months are dense and ordered; that’s the payoff for bucketing with DATE_TRUNC instead of a bare integer year. The final SELECT turns those two lagged values into a year-over-year percentage, with NULLIF(rev_year_ago, 0) guarding the division so the first twelve months — which have no prior year — return NULL instead of blowing up. Layering it as CTEs isn’t decoration: you can’t nest a window function inside an aggregate, so the GROUP BY has to finish in monthly before windowed can lag over its output. Two steps, each doing one job, which is also how you’ll structure every non-trivial transformation you ever write.

Question three: the winner in every region

Top-N overall is easy — ORDER BY … LIMIT 10. Top-N per group is the question people actually ask (“what’s our best-selling part in each region?”), and it’s where newcomers reach for a clumsy self-join or a correlated subquery. Snowflake gives you a cleaner tool: QUALIFY, which filters on the result of a window function the same way HAVING filters on an aggregate. Here’s the single top-revenue part in each of the five regions, from a six-way join that adds part to the geography chain:

SELECT
  r.r_name                                        AS region,
  p.p_name                                        AS part,
  SUM(l.l_extendedprice * (1 - l.l_discount))     AS net_revenue,
  SUM(l.l_quantity)                               AS units_sold
FROM lineitem l
JOIN orders   o ON o.o_orderkey  = l.l_orderkey
JOIN customer c ON c.c_custkey   = o.o_custkey
JOIN nation   n ON n.n_nationkey = c.c_nationkey
JOIN region   r ON r.r_regionkey = n.n_regionkey
JOIN part     p ON p.p_partkey   = l.l_partkey
GROUP BY r.r_name, p.p_name
QUALIFY ROW_NUMBER() OVER (
  PARTITION BY r.r_name
  ORDER BY SUM(l.l_extendedprice * (1 - l.l_discount)) DESC
) = 1
ORDER BY net_revenue DESC;

The QUALIFY ROW_NUMBER() OVER (PARTITION BY r.r_name ORDER BY … DESC) = 1 ranks every part within each region by revenue and keeps only the top one — five rows out, one champion per region. Two details make it correct. First, the window’s ORDER BY repeats the full SUM(...) expression rather than leaning on the net_revenue alias, because the ranking has to happen after the GROUP BY aggregates but the alias isn’t guaranteed visible inside the window there — spelling out the aggregate is the safe, unambiguous form. Second, QUALIFY runs after GROUP BY and the window function, which is exactly why it can filter on a ranking that doesn’t exist until aggregation is done; WHERE couldn’t do this, because WHERE runs first. Carrying units_sold alongside revenue is the small move that keeps the answer honest — it separates the parts that win on volume from the ones that win on price, two very different stories to tell. Want the top three per region? Change = 1 to <= 3. That’s the whole edit, and it’s why QUALIFY beats every workaround.

A scratch space of your own

Three questions in, you’ll want to try something riskier — reshape a table, test a theory, maybe rewrite some rows. Don’t do it against the shared sample data. Clone or copy into a space that’s yours, experiment there, and the original stays pristine. But here’s the catch the analyst role hits immediately: there’s nowhere to write yet. SNOWFLAKE_SAMPLE_DATA is read-only, and analyst — correctly, per its least privilege — can’t create a database. So set the scratch space up first, as the role that owns infrastructure. Switch to SYSADMIN, build it, and grant the analyst room to work:

USE ROLE SYSADMIN;
CREATE DATABASE IF NOT EXISTS my_scratch;
CREATE SCHEMA   IF NOT EXISTS my_scratch.dev;

GRANT USAGE        ON DATABASE my_scratch     TO ROLE analyst;
GRANT USAGE        ON SCHEMA   my_scratch.dev TO ROLE analyst;
GRANT CREATE TABLE ON SCHEMA   my_scratch.dev TO ROLE analyst;
GRANT CREATE VIEW  ON SCHEMA   my_scratch.dev TO ROLE analyst;

Now the database and schema exist and are owned by SYSADMIN (where infrastructure belongs, per the roles chapter), and analyst holds exactly the three privileges it needs and nothing more: USAGE to see the database and schema, and CREATE TABLE/CREATE VIEW to build inside dev. Switch back and you can finally write.

Here’s where a real Snowflake fact bites, and it’s worth knowing. The zero-copy CLONE from the cloning chapter is instant and free within your own account, because a clone is just new metadata pointing at micro-partitions you already own. But SNOWFLAKE_SAMPLE_DATA isn’t yours — it’s a share from Snowflake’s account (a preview of the data-sharing chapter ahead), and you can’t zero-copy a table across an account boundary, because the underlying storage lives somewhere you don’t own. So the first hop off shared data is a genuine copy — CREATE TABLE AS SELECT — into your scratch. Take a slice, not the whole six million rows, so it stays cheap:

USE ROLE analyst;

CREATE TABLE my_scratch.dev.lineitem_dev AS
  SELECT *
  FROM snowflake_sample_data.tpch_sf1.lineitem
  WHERE l_shipdate >= '1998-01-01';

That materializes a real, private, writable table you own — and it does cost storage, precisely because it crossed the share boundary and had to copy bytes. But now the cloning magic is available to you, because lineitem_dev is yours. Spin up a throwaway experiment copy for free, mangle it however the theory demands, and drop it when you’re done:

CREATE TABLE my_scratch.dev.lineitem_experiment
  CLONE my_scratch.dev.lineitem_dev;

That clone is instant and near-free — same-account, copy-on-write, paying only for whatever rows you eventually change. And if you fumble the experiment, Time Travel is right there: the pre-mistake version is one BEFORE(STATEMENT => …) away. This is the whole book composed into one workflow — least-privilege setup, a share you copy once, then fearless zero-copy iteration on data you control.

Making the analysis last

A query in a worksheet is an answer you have to re-run. Real analysis gets persisted, so the next person — or tomorrow’s you — reads a table or a view instead of your SQL. Snowflake gives you three ways to freeze work, and choosing among them is a genuine decision.

The bluntest is CREATE TABLE AS SELECT — snapshot the answer into a real table:

CREATE TABLE my_scratch.dev.revenue_by_region_year AS
  SELECT
    r.r_name                                     AS region,
    DATE_TRUNC('year', o.o_orderdate)            AS order_year,
    SUM(l.l_extendedprice * (1 - l.l_discount))  AS net_revenue
  FROM snowflake_sample_data.tpch_sf1.lineitem l
  JOIN snowflake_sample_data.tpch_sf1.orders   o ON o.o_orderkey  = l.l_orderkey
  JOIN snowflake_sample_data.tpch_sf1.customer c ON c.c_custkey   = o.o_custkey
  JOIN snowflake_sample_data.tpch_sf1.nation   n ON n.n_nationkey = c.c_nationkey
  JOIN snowflake_sample_data.tpch_sf1.region   r ON r.r_regionkey = n.n_regionkey
  GROUP BY r.r_name, DATE_TRUNC('year', o.o_orderdate);

That’s fast to read forever after, because the join already ran — but it’s frozen. New orders won’t show up until you rebuild it. When you want the query to stay live, save the SQL instead as a view:

CREATE VIEW my_scratch.dev.revenue_by_region_year_v AS
  SELECT
    r.r_name                                     AS region,
    DATE_TRUNC('year', o.o_orderdate)            AS order_year,
    SUM(l.l_extendedprice * (1 - l.l_discount))  AS net_revenue
  FROM snowflake_sample_data.tpch_sf1.lineitem l
  JOIN snowflake_sample_data.tpch_sf1.orders   o ON o.o_orderkey  = l.l_orderkey
  JOIN snowflake_sample_data.tpch_sf1.customer c ON c.c_custkey   = o.o_custkey
  JOIN snowflake_sample_data.tpch_sf1.nation   n ON n.n_nationkey = c.c_nationkey
  JOIN snowflake_sample_data.tpch_sf1.region   r ON r.r_regionkey = n.n_regionkey
  GROUP BY r.r_name, DATE_TRUNC('year', o.o_orderdate);

A view stores no data — it’s the query text, re-run every time someone selects from it. Always current, but it pays the full join cost on every read. That’s the trade: the table is fast-and-stale, the view is fresh-and-recomputed.

The third option splits the difference — a materialized view, which stores the pre-computed result and keeps it current as the source changes:

CREATE MATERIALIZED VIEW my_scratch.dev.lineitem_rev_by_ship_year AS
  SELECT
    DATE_TRUNC('year', l_shipdate)               AS ship_year,
    SUM(l_extendedprice * (1 - l_discount))      AS net_revenue,
    SUM(l_quantity)                              AS units_sold
  FROM my_scratch.dev.lineitem_dev
  GROUP BY DATE_TRUNC('year', l_shipdate);

Notice what changed, because Snowflake forces it to. A materialized view is single-table — no joins allowed — and can’t use window functions, HAVING, ORDER BY, or LIMIT. That’s why this one aggregates the one lineitem_dev table you own rather than the five-way geography join: the join query simply can’t be a materialized view, and Snowflake will reject it if you try. It also requires Enterprise edition or above, so on a Standard trial the statement fails outright — use a scheduled table rebuild instead. When it fits, though, it’s the best of both: reads hit the stored result, and Snowflake transparently refreshes it in the background (a serverless cost you should know is metered). The rule of thumb: reach for a materialized view only for a hot, single-table rollup you read far more often than the base data changes. For anything with joins — which is most real analysis — you’re choosing between a view and a rebuilt table, and that choice is exactly what the dbt-and-Airflow stack automates.

Putting it on a dashboard

“The kind of analysis you’d present” isn’t finished as a result grid — it’s finished as a chart someone can read in three seconds. Snowsight builds one without leaving the worksheet. Run the region-by-year revenue query, and above the results toggle from Results to Chart. Snowsight guesses a chart type from your columns; steer it — pick a line chart, set order_year as the X-axis, net_revenue as the Y-axis, and region as the book (the color split), and you’ve got five revenue trend lines, one per region, that make “who’s growing” obvious at a glance in a way the raw grid never will.

Then make it durable. From the left nav open Dashboards, create a new one, and add a tile — each tile is backed by its own worksheet query, so you paste the query in, render its chart, and pin it. Add a second tile for the year-over-year query as a bar chart, a third for the top-part-per-region result, and you’ve assembled something you can share with a stakeholder or refresh on a schedule. This is the payoff of persisting your work: a dashboard tile pointed at a view is always current, while one pointed at a table shows a frozen snapshot — the same fresh-versus-fast trade from the last section, now visible to whoever opens the link.

What it actually cost

You should never present a number without knowing what it cost to compute — partly for the bill, partly because cost is a signal that your query is doing something dumb. Two views tell the story. First, how much data each query chewed through this session:

SELECT
  query_text,
  partitions_scanned,
  partitions_total,
  bytes_scanned,
  total_elapsed_time
FROM TABLE(information_schema.query_history_by_session())
ORDER BY start_time DESC
LIMIT 10;

bytes_scanned and the partitions_scanned / partitions_total ratio are your work meter — the same pruning story the Query Profile showed, now queryable. A full-table aggregate scans everything; a well-filtered query scans a sliver. Watch that number fall when you add a WHERE, and you’ve measured pruning rather than hoped for it.

Here’s the correction worth internalizing, because it trips up everyone arriving from a scan-billed warehouse like BigQuery: Snowflake does not bill you for bytes scanned. It bills for warehouse time — credits burned equal warehouse size times how long it ran. Bytes scanned is a proxy for how hard the query worked, not a line item. The actual credit spend comes from the metering view:

SELECT
  warehouse_name,
  SUM(credits_used) AS credits
FROM TABLE(information_schema.warehouse_metering_history(
  DATEADD('day', -1, CURRENT_TIMESTAMP())
))
GROUP BY warehouse_name;

An XS burns one credit per hour, billed per second with a sixty-second floor on each resume. So the whole analysis above — a handful of queries that each ran a few seconds on an XS — cost a small fraction of one credit, and most of that was the sixty-second minimum on the first query that woke the warehouse. The relationship between the two meters is the intuition to keep: fewer bytes scanned usually means less time, which usually means fewer credits — but the thing you’re charged for is always the clock, which is why AUTO_SUSPEND and right-sizing move the bill far more than shaving a scan. The fuller, account-wide version of this accounting lives in the ACCOUNT_USAGE views, which the cost-governance chapter ahead builds real guardrails on.

Final thoughts

Step back from the SQL and notice what actually made this possible, because it wasn’t any single clever query — it was that none of the hard parts showed up. You never thought about indexes, or a vacuum job, or whether a six-way join over millions of rows would fit in memory, or whether your analysis would slow down the person loading data in the next room. The storage-and-compute split quietly absorbed all of it: storage that’s just there, immutable and shared; compute you size to the question and switch off after; a scratch database you stood up in four grants and can drop without a trace. That’s the real reward of the foundations — not that you can query Snowflake, but that the platform gets out of the way and leaves you alone with the actual work, which was always the analysis and never the plumbing.

And this analysis quietly unlocked the rest of the book. The moment you copied lineitem out of a share, you were one concept away from the data-sharing and Marketplace post — sharing is that same boundary, run in reverse. The materialized view that refused your join is the doorway into table types and views, and its background refresh is the doorway into programmability — streams, tasks, and Snowpark. The bytes_scanned and metering queries are the first pull of the thread that becomes cost, credits, and resource monitors. And if your orders had arrived as JSON instead of neat columns, you’d already want semi-structured data, which is next. You didn’t just answer three questions — you found the edges of every advanced topic ahead.

Where it all eventually points, once the queries stop being hand-run, is orchestration: a real analytics practice schedules these transformations, versions them like software, and rebuilds them on a cadence — a Snowflake warehouse with dbt modeling the transformations and Airflow orchestrating the runs. That’s a capstone of its own. But you can already walk up to a million-order business you didn’t have to load, on compute you didn’t have to provision, and hand back real answers with the receipts. That’s further than most people get with a data warehouse in a month.





Semi-Structured Data in Snowflake

Everything so far in this book has been rows and columns — TPCH orders, a customer key pointing at a nation key, tidy typed columns you SELECT and JOIN. That’s the world relational databases were built for. But most of the data that actually shows up at a warehouse’s door in 2026 doesn’t arrive that shape. It arrives as JSON from an API, as Parquet from a data lake, as event payloads where every producer nests things a little differently and adds a field next Tuesday without asking. The traditional answer was an ETL pipeline that flattened all of that into columns before it ever touched the database. Snowflake’s answer is different, and it’s one of the reasons people fell for the product: load the messy thing as-is, and still query it with SQL.

That capability rests on one data type, VARIANT, and one function, FLATTEN. Learn those two well and you’ve learned most of Snowflake’s semi-structured story. This chapter builds them up from nothing.

The three types: VARIANT, OBJECT, ARRAY

Snowflake has three semi-structured column types, and they nest inside each other exactly the way JSON does.


	VARIANT is the universal container. A VARIANT value can hold anything — a number, a string, a boolean, a SQL NULL, an array, an object, or an arbitrarily deep nesting of those. When in doubt, this is the type you want. Loading JSON almost always lands in a VARIANT.

	OBJECT is specifically a set of key–value pairs, where keys are strings and values are themselves VARIANT. It’s Snowflake’s map/dictionary type.

	ARRAY is an ordered, zero-indexed list of VARIANT values. The elements don’t have to share a type — [1, "two", {"three": 3}] is a perfectly legal ARRAY.



In practice you’ll declare columns as VARIANT most of the time and let the actual JSON structure — object here, array there — live inside. OBJECT and ARRAY are useful when you construct semi-structured values or when you want to signal intent, but a VARIANT column can hold an object or an array just fine.

The thing worth understanding early — because it’s the reason this feature performs at all — is how Snowflake stores a VARIANT under the hood. It does not dump a blob of text into a cell. When you load JSON into a VARIANT column, Snowflake inspects the structure and, wherever it sees the same paths repeating across many rows with consistent types, it transparently pulls those out into their own hidden columnar sub-columns, compressed and statistics-tracked just like a native typed column. A ragged, unpredictable field falls back to being stored as-is. The upshot: querying payload:customer.id across a billion rows can be nearly as fast as querying a real customer_id column, because physically it often is one. You get schema-on-read ergonomics with much of schema-on-write performance. That’s the trick, and it’s automatic — you don’t configure it.

Getting a value in: PARSE_JSON

The smallest possible experiment needs no loading at all. PARSE_JSON takes a string and returns a VARIANT:

SELECT PARSE_JSON('{"book": "Dune", "price": 18.99, "tags": ["sci-fi", "classic"]}') AS v;

That gives you a single VARIANT value with an object inside. Note the contrast with TO_VARIANT, which wraps a scalar without parsing — PARSE_JSON('42') gives you the number 42 as a variant, while TO_VARIANT('42') gives you the string "42". When your input is a JSON document, you want PARSE_JSON.

Its defensive sibling is TRY_PARSE_JSON, which returns NULL instead of raising an error when handed malformed JSON. This matters more than it sounds. Real ingestion streams contain the occasional truncated or garbage record, and a single bad row shouldn’t blow up a query over ten million good ones:

SELECT TRY_PARSE_JSON('{"book": "Dune", broken') AS v;   -- returns NULL, not an error

Reach for TRY_PARSE_JSON any time the string isn’t guaranteed clean — which, with data from the outside world, is almost always.

Getting a file in: COPY INTO a VARIANT column

Inline strings are for learning. Real data arrives as files in a stage (which we covered when we loaded TPCH-shaped data earlier in the book). The pattern for JSON is: a table with one VARIANT column, a JSON file format, and a COPY INTO.

CREATE OR REPLACE FILE FORMAT ff_json TYPE = JSON;

CREATE OR REPLACE TABLE raw_orders (payload VARIANT);

COPY INTO raw_orders
FROM @my_stage/orders/
FILE_FORMAT = (FORMAT_NAME = ff_json);

Each JSON object in the staged files becomes one row, its whole structure sitting in payload. If your files are the newline-delimited “one JSON object per line” shape, the default works. If instead each file is a single top-level array of objects and you want each element to become a row, set STRIP_OUTER_ARRAY = TRUE on the file format so Snowflake unwraps the array during load rather than landing the entire array as one giant row:

CREATE OR REPLACE FILE FORMAT ff_json_array
  TYPE = JSON
  STRIP_OUTER_ARRAY = TRUE;

The same COPY INTO ... (VARIANT column) approach works for the binary semi-structured formats too — Parquet, Avro, and ORC — just by changing TYPE in the file format. You can always land the whole record in a single VARIANT and navigate it later. For these self-describing formats, though, Snowflake offers something better.

Letting Snowflake write the schema: INFER_SCHEMA

Parquet and friends carry their own schema in the file footer. Instead of guessing column types by hand, you can ask Snowflake to read that footer and tell you the columns:

SELECT *
FROM TABLE(
  INFER_SCHEMA(
    LOCATION => '@my_stage/books/',
    FILE_FORMAT => 'ff_parquet'
  )
);

INFER_SCHEMA returns a row per detected column — its name, its Snowflake type, nullability, and the ordering. On its own that’s just a report. The payoff is feeding it straight into a CREATE TABLE with USING TEMPLATE, which turns the inferred schema into a real typed table without you typing a single column definition:

CREATE OR REPLACE FILE FORMAT ff_parquet TYPE = PARQUET;

CREATE OR REPLACE TABLE books
  USING TEMPLATE (
    SELECT ARRAY_AGG(OBJECT_CONSTRUCT(*))
    FROM TABLE(
      INFER_SCHEMA(
        LOCATION => '@my_stage/books/',
        FILE_FORMAT => 'ff_parquet'
      )
    )
  );

COPY INTO books
FROM @my_stage/books/
FILE_FORMAT = (FORMAT_NAME = ff_parquet)
MATCH_BY_COLUMN_NAME = CASE_INSENSITIVE;

That MATCH_BY_COLUMN_NAME on the COPY is what lines each Parquet field up with the correctly-named column the template just created, rather than relying on positional order. This inferred-schema path is the modern way to ingest Parquet into typed columns; the plain COPY INTO (VARIANT) route is what you use when you’d rather keep the raw structure and navigate it. You’ll pick between them constantly, and the rest of this chapter is really about being fluent in the second, more Snowflake-flavored option.

Navigating a VARIANT

Once data is in a VARIANT, you pull values out with path expressions. The primary accessor is the colon, :, which steps into an object by key. From there, dots and bracket notation drill deeper, and integer brackets index into arrays.

Let’s give ourselves a concrete value to navigate. Here’s an order with a nested customer object and an array of line items:

CREATE OR REPLACE TABLE orders_raw (payload VARIANT);

INSERT INTO orders_raw
SELECT PARSE_JSON($$
{
  "order_id": 4001,
  "customer": { "id": 77, "name": "Arrakis Books", "vip": true },
  "items": [
    { "sku": "DUNE-01",  "qty": 2, "price": 18.99 },
    { "sku": "FDN-42",   "qty": 1, "price": 24.50 },
    { "sku": "NEURO-07", "qty": 3, "price": 15.00 }
  ],
  "notes": null
}
$$);

(The $$ ... $$ is Snowflake’s dollar-quoting — handy for pasting JSON without escaping every inner quote.)

Now navigate it:

SELECT
  payload:order_id            AS order_id,
  payload:customer.name       AS customer_name,
  payload:customer['id']      AS customer_id,
  payload:items[0].sku        AS first_sku,
  payload:items[2]:price      AS third_price
FROM orders_raw;

A few things to read carefully here. After the leading colon that enters payload, you can descend with either a dot (customer.name) or another colon (items[2]:price) or bracket-quoting (customer['id']) — they’re interchangeable ways to name a key, and you’ll mix them by taste. Bracket notation with a quoted string earns its keep when a key contains a space, a dot, or other characters a bare identifier can’t hold: payload:['order date']. Integer brackets index arrays, zero-based, so items[0] is the first line and items[2] is the third.

Keys are case-sensitive here — a real gotcha

This is the moment to internalize a Snowflake quirk that trips up newcomers coming from its ordinary SQL, where unquoted identifiers fold to uppercase. Inside a VARIANT, keys are matched exactly as written in the JSON — case included. The JSON key "order_id" is reached by payload:order_id. If the source had spelled it "orderId", then payload:orderId is what works and payload:order_id returns NULL — silently, with no error. When a path unexpectedly yields nothing, mismatched case is the first thing to check. This is the opposite of the case-folding rule for column and table names, and holding both in your head at once is part of becoming fluent.

Everything comes out as VARIANT — cast it

Here’s the subtlety that separates working code from surprising code. A path expression returns a VARIANT, not a native type. If you SELECT payload:customer.name, the result displays with surrounding quotes — "Arrakis Books" — because it’s still a JSON string value, not a SQL VARCHAR. Comparisons, joins, and functions on it may not behave the way you expect while it’s wrapped.

The fix is the cast operator ::, which unwraps the variant into a real typed value:

SELECT
  payload:order_id::number          AS order_id,
  payload:customer.name::string     AS customer_name,
  payload:customer.vip::boolean     AS is_vip
FROM orders_raw;

Now customer_name is a genuine VARCHAR with no quotes, order_id is a NUMBER, is_vip is a real BOOLEAN. Make casting a reflex. The rule of thumb: navigate with : and ., then cast with :: the moment you’re done navigating and want a usable column. v:price::number is the idiomatic shape — path in, type out.

Two flavors of NULL

VARIANT carries a distinction SQL normally doesn’t, and it will bite you if you ignore it. There’s SQL NULL — the absence of a value, what you get when a path doesn’t exist — and there’s JSON null, an actual value the document contains. In our order, payload:notes is a JSON null: the key is present and its value is the null literal. That is not the same as payload:missing, a key that isn’t there.

SELECT
  payload:notes            AS notes_variant,       -- a VARIANT holding JSON null
  payload:notes IS NULL    AS sql_null_check,      -- FALSE — the value exists
  payload:missing IS NULL  AS missing_check        -- TRUE  — no such path
FROM orders_raw;

If you need to treat JSON null as absent, the cleanest test is IS_NULL_VALUE(payload:notes), which returns TRUE specifically for JSON null. And casting a JSON null out — payload:notes::string — gives you a SQL NULL, which is usually what downstream logic wants anyway. Keep the distinction in mind mostly when you’re filtering on presence.

FLATTEN: the technique that makes it all worth it

Navigation gets you scalar values and whole nested chunks. But the defining problem of semi-structured data is the array: an order has many line items, and you want one row per line item so you can sum, group, and join like normal. Turning a nested array into rows is called unnesting or exploding, and in Snowflake the tool is FLATTEN.

FLATTEN is a table function. You call it with LATERAL (or via TABLE(...)) so that, for each row of your base table, it produces a set of rows — one per element of the array you point it at. Here’s the whole move on our order:

SELECT
  o.payload:order_id::number        AS order_id,
  o.payload:customer.name::string   AS customer_name,
  item.value:sku::string            AS sku,
  item.value:qty::number            AS qty,
  item.value:price::number(10,2)    AS price,
  (item.value:qty::number * item.value:price::number(10,2)) AS line_total
FROM orders_raw o,
  LATERAL FLATTEN(input => o.payload:items) AS item;

Our one order row becomes three rows — one per line item — and each carries the order-level fields (order_id, customer_name) alongside the per-item fields it exploded out. That’s the pattern you’ll write over and over: a base table, comma-joined to a LATERAL FLATTEN over one array field, then everything cast into typed columns.

The alias — item here — exposes a fixed set of columns FLATTEN emits for each element, and knowing them unlocks the function:


	value — the element itself, as a VARIANT. This is the one you use most; item.value:sku reaches into each line-item object.

	index — the element’s zero-based position in the array. Perfect for “which line number was this.”

	key — the key name, when you flatten an object rather than an array (null for arrays).

	this — the entire collection currently being flattened.

	seq — a unique sequence number per input row, useful for grouping exploded rows back to their parent.



Once the array is rows, ordinary SQL takes over. Want the total value of each order across its lines?

SELECT
  o.payload:order_id::number AS order_id,
  SUM(item.value:qty::number * item.value:price::number(10,2)) AS order_total
FROM orders_raw o,
  LATERAL FLATTEN(input => o.payload:items) AS item
GROUP BY 1;

Nothing exotic — a GROUP BY over exploded rows. That’s the joy of it: FLATTEN is the one unfamiliar step, and the moment it’s done you’re back in the plain SQL you already know from the TPCH chapters.

Two options worth knowing. OUTER => TRUE makes FLATTEN behave like a left join — if the array is empty or missing, you still get the parent row once (with nulls) instead of losing it entirely, which matters when you’re counting orders and some have no items yet. RECURSIVE => TRUE walks the entire nested structure top to bottom, exploding objects within objects, which is handy for auditing an unfamiliar payload’s every leaf.

Building semi-structured values

The traffic runs both ways. Sometimes you have flat relational rows and need to assemble JSON — to hand a nested document to an API, or to collapse a child table into one column. Snowflake gives you constructor functions that mirror the accessors.

OBJECT_CONSTRUCT builds an object from alternating key/value arguments:

SELECT OBJECT_CONSTRUCT('name', 'Dune', 'price', 18.99, 'in_stock', TRUE) AS book;
-- { "in_stock": true, "name": "Dune", "price": 18.99 }

ARRAY_CONSTRUCT builds an array from its arguments, and ARRAY_AGG is the aggregate version — it rolls the values of a group into a single array, the natural inverse of FLATTEN. Together they let you take normalized rows and nest them back up. Here’s TPCH line items collapsed into one JSON array of objects per order:

USE DATABASE SNOWFLAKE_SAMPLE_DATA;
USE SCHEMA TPCH_SF1;

SELECT
  l_orderkey,
  ARRAY_AGG(
    OBJECT_CONSTRUCT(
      'part',  l_partkey,
      'qty',   l_quantity,
      'price', l_extendedprice
    )
  ) AS lines
FROM lineitem
WHERE l_orderkey < 100
GROUP BY l_orderkey
ORDER BY l_orderkey;

Each order now has a lines column holding an array of line-item objects — you’ve turned a relational child table into nested JSON, the exact structure FLATTEN would explode back apart. OBJECT_CONSTRUCT(*) is a shorthand that packs an entire row into an object keyed by column name (you saw it earlier inside the USING TEMPLATE trick).

Finally, OBJECT_KEYS returns an array of an object’s top-level keys — indispensable when you’re profiling a payload whose shape you don’t fully know:

SELECT OBJECT_KEYS(payload) AS top_level_keys
FROM orders_raw;
-- ["customer", "items", "notes", "order_id"]

The pattern that survives production: raw VARIANT, typed views on top

Now the part that turns a party trick into an architecture. The temptation, once you can query JSON directly, is to leave everything in VARIANT forever and sprinkle :path::type casts across every query and dashboard. Don’t. That scatters your schema knowledge into a hundred BI tools and breaks silently the day an upstream key gets renamed.

The durable pattern is a hybrid: land the payload raw, expose it typed. Concretely — a raw ingestion table with a single VARIANT column that you never delete from, because it’s your audit trail and your insurance against the transform you haven’t thought of yet. Then a view on top that does all the navigating and casting in one place, presenting clean typed columns to everyone downstream:

CREATE OR REPLACE VIEW orders_typed AS
SELECT
  payload:order_id::number             AS order_id,
  payload:customer.id::number          AS customer_id,
  payload:customer.name::string        AS customer_name,
  payload:customer.vip::boolean        AS is_vip,
  payload                              AS raw_payload
FROM orders_raw;

BI users query orders_typed and see ordinary columns; they never learn a colon path. If an upstream key changes, you fix the view once and every dashboard keeps working. If auditors ask what actually arrived, raw_payload still holds the original bytes. When a view’s casting becomes a query-time cost you can measure — flattening a huge array on every read, say — you graduate the hottest fields from the view into a materialized, physically-typed staging table. The rule of thumb: navigate on read while the shape is still settling; extract to typed columns once the shape is stable and the volume is large.

Performance and the 16 MB wall

Two practical realities to carry out of this chapter.

First, the good news about performance, and it comes back to that columnar-storage trick from the opening. Because Snowflake shreds well-structured VARIANT paths into hidden sub-columns with their own min/max statistics, a filter like WHERE payload:status::string = 'shipped' can benefit from partition pruning — skipping micro-partitions that can’t contain a match — much as a native column would. The caveat is that pruning helps most when a path appears consistently across rows with stable types. Ragged, sparse, or wildly-varying fields don’t shred as cleanly and fall back to slower access. This is precisely why the “extract hot fields to typed columns” advice pays off at scale: a materialized NUMBER column always prunes; a chaotic VARIANT path sometimes doesn’t. For the fields BI hits constantly on billions of rows, the extraction is worth it.

Second, the hard limit: a single VARIANT (or OBJECT or ARRAY) value cannot exceed roughly 16 MB compressed. That’s per value, per row — plenty for ordinary records, but a real ceiling for pathological documents: one giant array with hundreds of thousands of elements, or an event that embeds a whole file. If you hit it, the load or the PARSE_JSON fails outright. The remedy is architectural rather than a setting to flip: unnest earlier so each row holds a smaller slice (flatten during ingestion with STRIP_OUTER_ARRAY), or split the monster document upstream before it reaches Snowflake. Bumping into 16 MB is a design smell — it usually means a row is standing in for what should be many rows.

Final thoughts

Semi-structured support is the feature that let Snowflake sit at the seam between the messy world that produces data and the tidy world that analyzes it. VARIANT lets the mess in without a fight; : and :: let you read it as SQL; FLATTEN turns its arrays into the rows every downstream tool expects; and the constructor functions let you hand nested structure back out when something upstream wants it. The whole surface reduces to a small, learnable vocabulary — and the columnar storage underneath means using it rarely costs what schema-on-read usually costs elsewhere.

If you take one habit away, make it the hybrid pattern: raw VARIANT first, typed columns or views second. Keep the original payload for the audit trail and the transform you can’t yet foresee, but never make a dashboard author learn a colon path. Load the mess as-is, then present it clean. That discipline is what keeps a JSON firehose from turning your warehouse back into the pile of ad-hoc casts you adopted Snowflake to escape.


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







Table Types and Views

By now you have run CREATE TABLE a dozen times and it has always meant the same thing — a durable, recoverable relation that Snowflake keeps safe on your behalf. That is the sensible default, and for most of a warehouse it is the right one. But “a table” in Snowflake is not one thing wearing one lifecycle. Some tables you never want to pay recovery costs for because the data is a scratch copy you could rebuild in a minute. Some hold data that never enters Snowflake’s storage at all — they are a lens over files sitting in a cloud bucket. Some rebuild themselves on a schedule so you never write the refresh logic. And once you get to views, the same word covers a saved query, a self-maintaining cache, and a governance boundary that deliberately hides its own definition. This chapter is the map of that whole space: what each relation type actually is, what it costs, which edition gates it, and how to pick without guessing.

Permanent, transient, temporary: the recovery dial

Start with the three flavours of an ordinary table, because they differ in exactly one axis — how hard Snowflake works to keep your data recoverable — and that axis is the whole cost story.

A permanent table is the default. CREATE TABLE orders (...) gives you one. It gets Time Travel (up to 90 days on Enterprise and above, capped at 1 day on Standard) and, behind that, the 7-day Fail-safe window that only Snowflake support can reach into. Both of those keep older versions of your data around, and both of those are storage you pay for. That is exactly what you want for a finance mart or anything you cannot reconstruct — but it is dead weight for data you could rebuild trivially.

A transient table dials the recovery guarantees down. You ask for one explicitly:

CREATE TRANSIENT TABLE stg_orders (
  order_id   NUMBER,
  loaded_at  TIMESTAMP_NTZ
);

Two things change. Time Travel on a transient table maxes out at 1 day regardless of edition — you cannot set DATA_RETENTION_TIME_IN_DAYS above 1. And there is no Fail-safe at all. Once its (at most one-day) Time Travel window expires, the old data is gone, full stop — no seven-day grace, no support ticket that can bring it back. In exchange you stop paying for that Fail-safe storage. For staging tables, intermediate ELT steps, and anything you load-then-rebuild on the next run, transient is the honest choice: you are telling Snowflake “if this is lost, I will just reload it,” and Snowflake stops charging you to protect it.

A temporary table takes that idea to its limit — it exists only for your session:

CREATE TEMPORARY TABLE session_scratch (
  bucket  STRING,
  n       NUMBER
);

It behaves like a transient table (Time Travel up to 1 day, no Fail-safe) while it lives, but when your session ends — you disconnect, the worksheet closes, the connection drops — the table and its data vanish automatically. Nobody else can even see it; it is scoped to the one session that made it. There is a sharp edge worth internalizing: a temporary table can shadow a permanent one with the same name. If a permanent orders exists and you create a temporary orders in your session, every unqualified reference to orders for the rest of that session hits the temporary one. That is occasionally the point and occasionally a nasty surprise, so name temporaries distinctly when you can.

One convenience that catches people out in a good way: transience is inherited. Create a transient database or schema and every table created inside it defaults to transient.

CREATE TRANSIENT DATABASE scratch_db;
-- every table created in scratch_db is transient by default,
-- and cannot be made permanent

So if you have a whole sandbox database whose contents are all reproducible, make the database transient once and stop thinking about it per table. Note you cannot create a permanent table inside a transient database — the container’s guarantee is a floor the children can’t rise above.

The mental model for the whole trio is a single question: if this data disappeared, would I cry, shrug, or not even notice? Cry → permanent. Shrug, I’ll reload it → transient. It only mattered for this session → temporary. Storage cost follows that ranking directly, because storage cost is mostly the cost of keeping recoverable history around, and these three types keep progressively less of it.

External tables: a query over files you never loaded

Everything above stores data in Snowflake’s own storage. An external table does the opposite — it leaves the data as files in a stage (an S3, Azure, or GCS location) and gives you a table-shaped way to query them in place. Nothing is loaded; Snowflake reads the files at query time.

You point one at a stage and describe how to pull columns out of each file:

CREATE EXTERNAL TABLE ext_events (
  event_date DATE AS
    TO_DATE(SPLIT_PART(METADATA$FILENAME, '/', 3), 'YYYY-MM-DD'),
  user_id    STRING AS (VALUE:user_id::string),
  action     STRING AS (VALUE:action::string)
)
  PARTITION BY (event_date)
  LOCATION = @events_stage/logs/
  FILE_FORMAT = (TYPE = PARQUET)
  AUTO_REFRESH = TRUE;

A few things are doing work here. VALUE is the automatically-provided column holding each row’s raw contents, which you cast into typed columns exactly like the semi-structured navigation from the last chapter. METADATA$FILENAME exposes the file path, which lets you derive partition columns — here event_date comes from the folder name — so that a query with WHERE event_date = '2026-06-01' can prune to just the matching files instead of scanning the whole bucket. Snowflake keeps metadata about which files exist; when new files land you either call ALTER EXTERNAL TABLE ext_events REFRESH; yourself, or set AUTO_REFRESH = TRUE to have cloud notifications update that metadata as files arrive.

The trade-off is plain: external tables are read-only and generally slower than native tables, because the data isn’t in Snowflake’s optimized micro-partition format and doesn’t benefit from its statistics and pruning the same way. You reach for them when the data genuinely lives elsewhere — a data lake another team owns, files you want to query before deciding whether to ingest — and you want SQL access without a copy. If you find yourself querying an external table constantly, that is a signal to actually load it, or to reach for the next type.

Iceberg tables: open format, your choice of catalog

Iceberg tables answer a newer demand: teams want their data in an open table format — Apache Iceberg — so that Snowflake, Spark, Trino, and other engines can all read and write the same physical Parquet files with a shared notion of schema, snapshots, and transactions. Unlike an external table, an Iceberg table is a full-featured table you can write to and that supports Time Travel over Iceberg snapshots; the difference from a standard table is where the data and metadata live and who owns them.

There are two shapes, and the choice is about who runs the catalog — the component that tracks the table’s current state.

Snowflake-managed catalog. Snowflake owns the Iceberg metadata and manages the table for you. You get near-native performance and full read/write, and the files sit in your cloud storage in open Iceberg format, so other engines can still read them. Pick this when Snowflake is the primary writer but you want the open format for portability and to avoid lock-in.

The one new object it needs is an external volume — the same idea as the storage integration from chapter 05, but for table data rather than a stage: it holds the trust relationship to your bucket so Snowflake can write Parquet there.

CREATE OR REPLACE EXTERNAL VOLUME iceberg_vol
  STORAGE_LOCATIONS = (
    (
      NAME = 'orders-bucket'
      STORAGE_PROVIDER = 'S3'
      STORAGE_BASE_URL = 's3://bookshop-lakehouse/iceberg/'
      STORAGE_AWS_ROLE_ARN = 'arn:aws:iam::123456789012:role/snowflake-iceberg'
    )
  );

CREATE OR REPLACE ICEBERG TABLE sales.public.orders_iceberg (
    o_orderkey   NUMBER,
    o_totalprice NUMBER(12,2),
    o_orderdate  DATE
)
  CATALOG = 'SNOWFLAKE'                    -- Snowflake owns the metadata
  EXTERNAL_VOLUME = 'iceberg_vol'
  BASE_LOCATION = 'orders/';

That is a fully writable table: INSERT, UPDATE, MERGE, and Time Travel all work, and Spark or Trino pointed at the same bucket sees the same Iceberg snapshots.

External catalog. Some other catalog (AWS Glue, an Iceberg REST catalog, and so on) is the source of truth, and Snowflake reads — and in some configurations writes — against it. CATALOG names a catalog integration instead of 'SNOWFLAKE', and Snowflake defers to it for the table’s current snapshot. Pick this when another platform already owns the lakehouse and Snowflake is one participant among several.

The “what and when” is enough for a foundations course: Iceberg tables are how you keep data in an open, multi-engine format without giving up SQL, Time Travel, or (in the Snowflake-managed case) most of the performance you would get from a native table. If your organization has committed to a lakehouse that several tools share, this is the table type that lets Snowflake join it as a first-class citizen rather than a read-only guest.

Dynamic tables: declarative pipelines that refresh themselves

The last table type is the most different in spirit. A dynamic table is defined by a query and a freshness target, and Snowflake keeps its contents up to date automatically — incrementally where it can — without you writing any of the refresh orchestration.

CREATE DYNAMIC TABLE daily_sales
  TARGET_LAG = '1 hour'
  WAREHOUSE = transform_wh
  AS
    SELECT order_date, SUM(amount) AS total
    FROM orders
    GROUP BY order_date;

Two parameters carry the design. TARGET_LAG is your freshness contract — “keep this no more than an hour behind its sources” — and Snowflake schedules refreshes to honour it (you can also say TARGET_LAG = DOWNSTREAM to let a table refresh only as often as whatever depends on it needs). WAREHOUSE names the compute that does the refreshing. You never write an INSERT, a MERGE, or a schedule; you declare the result you want and how fresh, and the engine works out the rest, doing incremental updates when the query and change pattern allow and a full rebuild when they don’t.

It helps to place dynamic tables against the two things they replace:


	Versus a materialized view (next section): a materialized view is limited to a single table with heavy restrictions on the query. A dynamic table can be an arbitrary query — joins, aggregations, multiple sources, chained one dynamic table onto another — making it the tool for real multi-step transformation pipelines, not just a cache over one table.

	Versus a stream + task: before dynamic tables, the idiom for “keep a derived table current” was a stream (to capture changes on the source) feeding a task (to run a MERGE on a schedule) — powerful, but you hand-wrote the change logic, the merge, and the DAG, and you maintained all of it. A dynamic table collapses that into a declaration. You give up some fine-grained control, and you gain not having to build or debug the plumbing. For most incremental transformations, that is the trade you want.



We will meet streams and tasks properly later in the book; for now, know that dynamic tables are the modern, declarative default, and streams-and-tasks are the escape hatch for when you need to control exactly how the update happens.

Views: from saved SQL to governance boundary

Views share the word but span a real range. Take them in increasing order of what Snowflake does on your behalf.

Standard views: a query with a name

A standard view is just stored SQL. It holds no data; it runs its underlying query every time you select from it.

CREATE VIEW recent_orders AS
  SELECT order_id, customer_id, amount, order_date
  FROM orders
  WHERE order_date >= DATEADD(day, -30, CURRENT_DATE());

Query recent_orders and Snowflake substitutes the definition and executes it fresh against orders. That means the result is always current and the view costs nothing to store — but you pay the full query cost on every read, and a genuinely expensive definition is genuinely expensive every single time. Standard views are for naming, simplifying, and reshaping — a clean interface over messy base tables — not for making slow things fast.

A note you will trip over otherwise: Snowflake case-folds unquoted identifiers to uppercase. CREATE VIEW recent_orders stores the object as RECENT_ORDERS, and SELECT ... FROM recent_orders finds it because that reference folds too. It is only when you quote — CREATE VIEW "recent_orders" — that you pin a lowercase name that you must then always quote to reach. Leave identifiers unquoted and this never bites you; start quoting some and not others and it will.

Materialized views: a cache Snowflake keeps warm

A materialized view does store its results — it is a precomputed, persisted answer that Snowflake automatically keeps up to date as the base table changes. Reads hit the stored result and are fast; you don’t refresh it yourself.

CREATE MATERIALIZED VIEW mv_sales_by_region AS
  SELECT region, SUM(amount) AS total_sales
  FROM sales
  GROUP BY region;

Two hard facts gate this. First, materialized views are an Enterprise-edition (and above) feature — they do not exist on Standard. Second, they are heavily restricted compared to a normal view. A materialized view can reference only a single table — no joins. It cannot use UDFs, a HAVING clause, window functions, ORDER BY, LIMIT, or most subqueries; it is really meant for filters and simple aggregations over one table. And it is not free: Snowflake charges serverless compute to maintain it as the base table changes, so a materialized view over a table that churns constantly can cost more in maintenance than it saves in reads.

So when does a materialized view beat just building a table with the same query? When the underlying data changes often enough that a manually-refreshed table would go stale, but not so often that maintenance cost explodes — and when the query fits the restrictions. The classic fit is an expensive aggregation over a large, slowly-appended table that many dashboards read: the view stays current automatically, readers get precomputed speed, and you maintain no refresh job. When the query needs a join or a HAVING, the answer is no longer a materialized view — it is a dynamic table, which is exactly why that type exists.

Secure views: hiding the definition, on purpose

A secure view is about governance, not performance. It is a view whose definition is hidden and whose optimizer behaviour is deliberately constrained so it cannot leak the rows it is meant to protect.

CREATE SECURE VIEW customer_safe AS
  SELECT customer_id, region, signup_date  -- deliberately no PII columns
  FROM customers;

Two behaviours flip on. First, the definition is hidden: users who can query the view cannot see its SQL via GET_DDL or the information schema, so the logic that decides what they’re allowed to see isn’t itself exposed. Second — and this is the subtle one — Snowflake sets IS_SECURE on the view and turns off certain query optimizations for it. Normally the optimizer is aggressive about predicate pushdown: it will shove your WHERE conditions (and even user-defined functions in them) down underneath the view’s logic to prune data early. For an ordinary view that is pure speed. For a view meant to hide rows, it is a leak: a cleverly-crafted predicate or function could be pushed below the security filter and, through timing or error messages, reveal the existence or values of rows the user was never supposed to see. A secure view forbids exactly those pushdowns. The view’s own filtering always runs first; nothing the caller writes can sneak beneath it.

That safety has a cost: with those optimizations disabled, a secure view can run measurably slower than the same logic as a standard view. This is the trade you are explicitly making. Use secure views where the view is the security boundary — data you share with another account, or a masked slice of a table exposed to a broader audience — and accept the performance hit as the price of the guarantee. Do not slap SECURE on every view for tidiness; you would be paying the optimizer tax on views that guard nothing.

Choosing: a decision guide

Put it all together as one flow. The question is always “what is the nature of this data and this workload,” and the type falls out:


	Durable data you cannot rebuild (facts, marts, anything of record) → permanent table. Pay for Time Travel and Fail-safe; that is what they are for.

	Reproducible intermediate data (staging, ELT steps, scratch) → transient table — or a transient schema/database so you set it once. Keep the recovery cost off data you would just reload.

	Session-local scratch that should evaporate on disconnect → temporary table. Watch the name-shadowing edge.

	Data that lives in cloud files you don’t want to load → external table. Read-only, partition-pruned, refresh on notification. If you query it constantly, load it instead.

	Data that must stay in an open, multi-engine format → Iceberg table. Snowflake-managed catalog when Snowflake is the primary writer; external catalog when another platform owns the lakehouse.

	A derived result you want kept fresh automatically — this is the common one, so split it:

	Simple filter/aggregation over one table, changing often, on Enterprise → materialized view (Snowflake maintains it; watch maintenance cost).

	Joins, multiple sources, multi-step logic → dynamic table (declare TARGET_LAG, let it refresh incrementally). This is the modern default for pipelines.

	Need to control the exact change-capture and merge → stream + task (the escape hatch, covered later).





	Just a named, reshaped interface over base tables, always current, cheap to store → standard view. Remember you pay the query cost on every read.

	A view that is itself a security boundary (sharing, masking) → secure view. Accept the optimizer-bypass cost as the price of not leaking rows.



Notice that “keep a derived result fresh” is the branch with the most options, and it is where teams most often pick wrong — reaching for a hand-built table refreshed by a nightly job when a dynamic table would have been three lines and always current, or for a materialized view whose query needs a join it can’t have. Ask first whether the thing has joins, then whether it must be automatic, and the branch resolves cleanly.

Final thoughts

The single most valuable habit this chapter can leave you with is to treat “what type of relation is this” as a deliberate design decision, not a default you never questioned. Every one of these types encodes an answer to a real question — how recoverable must this be, where does the data physically live, who else reads the format, how fresh must the result stay, is this a security boundary — and Snowflake charges you (in storage, in compute, or in performance) according to the answer you pick. A staging table left as permanent quietly pays for Fail-safe on data you’d happily reload. A dashboard aggregation left as a standard view re-runs an expensive query on every glance. A sharing view left un-secured leaks its own logic. None of these will throw an error; they will just cost you, silently, for as long as nobody looks.

So write the choice down. When the next engineer finds a transient table, they should be able to tell whether it’s transient because the data is genuinely reproducible upstream or because someone pasted a snippet without thinking. When they find a secure view, they should know it guards a real boundary, not that someone liked the keyword. The relation types are a small vocabulary — permanent, transient, temporary, external, Iceberg, dynamic; standard, materialized, secure — but used precisely they let the shape of your warehouse say what each piece of data is for. That legibility is worth as much as the cost savings.





Micro-Partitions, Clustering, and Performance

You’ve written queries against a million-order dataset in earlier chapters without once thinking about how the bytes are laid out on disk — and that’s the whole pitch. Snowflake hides the physical layer so completely that you can be productive for months and never learn how it works. But eventually a query gets slow, and “throw a bigger warehouse at it” stops being a satisfying answer. When that day comes, the thing you need to understand is the one thing Snowflake worked hardest to hide: how it stores data, and how it decides which of that data to not read. Almost all query performance in Snowflake is the story of data skipped, not data crunched.

The unit of storage: micro-partitions

When Snowflake loads a table, it doesn’t dump the rows into one big file. It slices them into micro-partitions — contiguous chunks of roughly 50 to 500 MB of uncompressed data each (smaller on disk, because Snowflake always compresses). A table isn’t one object; it’s thousands or millions of these little immutable files. Three properties matter, and each one earns its place:

Columnar. Within a micro-partition, data is stored column by column, not row by row. A query that selects three columns out of sixteen reads only those three columns’ worth of bytes and never touches the rest. This is why SELECT c_name, c_acctbal is dramatically cheaper than SELECT * on a wide table — it’s not a style preference, it’s less physical I/O.

Immutable. A micro-partition is never edited in place. An UPDATE or DELETE doesn’t rewrite the file — it writes new micro-partitions and marks the old ones as no longer part of the current table. This is exactly the mechanism that makes Time Travel and zero-copy cloning work (the old partitions are still there, just not referenced), and it’s why high-churn tables accumulate partitions that need cleaning up.

Self-describing. This is the one that makes performance happen. For every micro-partition, Snowflake records metadata: the minimum and maximum value of each column in that partition, the number of distinct values, the row count, and a few other properties. That metadata lives in the cloud-services layer, separate from the data itself, and it’s tiny relative to the data it describes.

Here’s why the min/max metadata is the whole ballgame. Suppose you filter WHERE o_orderdate = '1996-07-15'. Snowflake looks at the metadata for each micro-partition and asks a single cheap question: could this partition possibly contain that date? If a partition’s o_orderdate ranges from 1993-01-01 to 1993-03-31, the answer is no — and Snowflake skips the entire file without reading a single byte of it. That’s partition pruning, and it’s the single most important performance concept in the platform. A well-pruned query on a billion-row table might physically read a few dozen partitions. A badly-pruned one reads all of them.

Natural clustering, for free

Pruning only helps if the values you filter on are concentrated in a few partitions rather than smeared across all of them. And here’s the happy accident: data is usually loaded in some natural order — most often by time. Orders arrive and get loaded chronologically, so all of January’s orders land in the same handful of micro-partitions, February’s in the next handful, and so on. Snowflake calls this natural clustering — you didn’t ask for it, it fell out of the load order.

The consequence is that filters on the load-order column prune beautifully with zero effort on your part. If ORDERS was loaded by date, WHERE o_orderdate BETWEEN '1996-01-01' AND '1996-03-31' touches only the partitions covering that quarter. The trouble starts when your important filter is on a column that has nothing to do with load order — a c_custkey, a status flag, a region. Those values are scattered across every partition, min/max ranges overlap everywhere, and pruning can’t help. That’s the exact situation clustering keys exist to fix — but before we spend credits reorganizing anything, we need to see the problem.

Reading the Query Profile

Snowsight’s Query Profile is the first tool to reach for, and it’s free — every query you run already has one. Run a query, open its detail from the Query History page, and click the Query Profile tab. You get a diagram of operators, and two numbers that tell you almost everything.

Set your context and run something that prunes well:

USE DATABASE SNOWFLAKE_SAMPLE_DATA;
USE SCHEMA TPCH_SF1;

SELECT SUM(o_totalprice)
FROM orders
WHERE o_orderdate BETWEEN '1996-01-01' AND '1996-03-31';

Open the profile and find the TableScan operator. Under its statistics you’ll see Partitions scanned and Partitions total — say, 26 / 3242. That ratio is the pruning ratio, and it’s the number to internalize. Reading 26 partitions out of 3,242 means Snowflake skipped 99% of the table using metadata alone. That’s a healthy query.

Now break pruning on purpose with a filter on a scattered column:

SELECT SUM(o_totalprice)
FROM orders
WHERE o_clerk = 'Clerk#000000951';

Open this profile and the same TableScan will read something close to all the partitions — 3242 / 3242 — because clerk IDs are spread across every micro-partition, so no partition can be ruled out by its min/max. Same table, same warehouse, wildly different amount of physical work. The Query Profile just showed you, in two numbers, why the second query is slower. This is the diagnosis before any fix.

While you’re in the profile, learn to spot the other tells:


	The most expensive operator. The profile shows each operator’s percentage of execution time. If TableScan dominates, you have a scan/pruning problem. If a Join or Aggregate dominates, the shape of your query — join order, cardinality — is the cost, not the read.

	Join order and exploding joins. A join that emits far more rows than either input feeds it (a fan-out, or an accidental near-cross-join) shows up as a Join operator with a huge output row count. That’s a query-logic problem no warehouse size will rescue.

	Spilling. This is the big one, covered next.



Spilling is the warehouse crying for help

When an operation — a large sort, a big join, a wide aggregation — needs more memory than the warehouse has, Snowflake doesn’t fail. It spills the overflow to disk. First to the warehouse’s local SSD (Bytes spilled to local storage), and if that fills up, to remote cloud storage (Bytes spilled to remote storage). Both appear in the Query Profile, and both are slow — remote spilling is catastrophically slow, often the difference between a query that takes two minutes and one that takes forty.

Spilling is the single clearest signal that a warehouse is too small for the work. Not too small in general — too small for this query’s memory footprint. The fix is usually to size up (a larger warehouse has proportionally more memory and local SSD), or to reduce the data reaching the memory-hungry operator by pruning and filtering earlier. If you see remote spill, don’t tune the SQL first — size up and confirm the spill disappears, then decide whether the bigger warehouse is worth keeping.

The same numbers, after the fact

The Query Profile is per-query and interactive. To find slow queries you didn’t watch run, query the history views. The account-level view lives in SNOWFLAKE.ACCOUNT_USAGE.QUERY_HISTORY (a role with the right grants, and up to ~45 minutes of latency); for the current session and recent history there’s the INFORMATION_SCHEMA.QUERY_HISTORY table function. The columns worth knowing by name:

SELECT
  query_id,
  LEFT(query_text, 60)                    AS sql_preview,
  total_elapsed_time / 1000               AS seconds,
  partitions_scanned,
  partitions_total,
  bytes_scanned,
  bytes_spilled_to_local_storage          AS spill_local,
  bytes_spilled_to_remote_storage         AS spill_remote,
  percentage_scanned_from_cache
FROM SNOWFLAKE.ACCOUNT_USAGE.QUERY_HISTORY
WHERE start_time > DATEADD('hour', -24, CURRENT_TIMESTAMP())
  AND total_elapsed_time > 10000          -- slower than 10s
ORDER BY total_elapsed_time DESC
LIMIT 20;

partitions_scanned versus partitions_total is your pruning ratio without opening a profile. A spill_remote above zero flags a memory-starved warehouse. percentage_scanned_from_cache tells you how much came from the warehouse’s local cache versus fresh reads. This one query is a standing performance dashboard — the queries at the top with a bad pruning ratio are your clustering candidates.

EXPLAIN: the estimate before you pay

EXPLAIN gives you the plan Snowflake would use, without running the query or spinning a warehouse — it reads only metadata, so it’s free and instant. It’s how you sanity-check an expensive query before committing to it:

EXPLAIN
SELECT SUM(o_totalprice)
FROM orders
WHERE o_orderdate BETWEEN '1996-01-01' AND '1996-03-31';

The output includes partitionsAssigned and partitionsTotal — an estimate of how many partitions the query will scan. If EXPLAIN says a filter you expected to be selective still assigns nearly every partition, you’ve learned before spending a credit that pruning won’t save you. Treat EXPLAIN as the cheap preview and the Query Profile as the ground truth after the fact.

Clustering keys: reorganizing for pruning

Back to the scattered-filter problem. If a large table is constantly queried with a selective filter on a column that isn’t its load order, you can tell Snowflake to physically reorganize the data so that column’s values are co-located in partitions — restoring pruning. That’s a clustering key.

You can’t cluster the read-only sample data, so make your own copy first (this also mirrors what real ELT produces):

CREATE DATABASE IF NOT EXISTS play;
USE DATABASE play;
USE SCHEMA public;

CREATE TABLE orders_local AS
SELECT * FROM SNOWFLAKE_SAMPLE_DATA.TPCH_SF1.orders;

Suppose your dashboards constantly filter by clerk. Define a clustering key:

ALTER TABLE orders_local CLUSTER BY (o_clerk);

Before and after, inspect the clustering with the system function. It reports how well-organized the table is with respect to a given key:

SELECT SYSTEM$CLUSTERING_INFORMATION('orders_local', '(o_clerk)');

You get back JSON. The number that matters is average_depth — the clustering depth, the average number of micro-partitions that overlap in value range at any given point. Depth of 1 is perfect: no two partitions share a value range for that key, so a point filter reads exactly one partition. A large depth means heavy overlap — a filter can’t rule partitions out, and pruning fails. The partition_depth_histogram in the same output shows the distribution. Watch average_depth for (o_clerk) fall after clustering; that falling number is pruning being restored, and it’s what you’ll see reflected as a better partitions-scanned ratio on your clerk queries.

A clustering key is not an index. It doesn’t build a separate lookup structure — it changes the order in which rows are stored so that min/max metadata becomes selective again. You get pruning for range and equality filters on the key, and you get it transparently, but you don’t get anything O(1) or point-lookup-shaped from it. And you cluster on one key expression (which may combine columns), not many — reorganizing physical storage can only satisfy one ordering at a time.

Automatic Clustering, and its meter

Defining CLUSTER BY doesn’t reorganize the table once and stop. As new rows load and existing ones change, the table drifts out of order. Snowflake keeps it clustered with Automatic Clustering — a serverless background process that reclusters partitions as needed. There’s no warehouse to size and no job to schedule; you turn it on by defining the key. Available across editions, including Standard.

The catch is the bill. Serverless reclustering consumes credits — billed separately from your warehouses, on Snowflake-managed compute — and every reclustering rewrites micro-partitions, which means new storage (and the old partitions linger for Time Travel and Fail-safe, so storage temporarily grows). On a high-churn table, Snowflake may be reclustering constantly, and the cost can quietly exceed the query time it saves. Watch the spend in the AUTOMATIC_CLUSTERING_HISTORY view, and if you need to pause it:

ALTER TABLE orders_local SUSPEND RECLUSTER;
-- ... later ...
ALTER TABLE orders_local RESUME RECLUSTER;

When a clustering key pays off: a large table (Snowflake’s own guidance points at the multi-hundred-GB-to-TB range — small tables prune fine as-is and don’t justify the reclustering cost); queried frequently with a selective filter or join on a non-load-order column; and not so write-heavy that reclustering never catches up. When it doesn’t: small tables; tables already well-ordered by their natural load column (you already have the pruning for free — don’t pay to re-derive it); high-churn tables where reclustering cost outruns query savings; and low-selectivity filters where even perfect clustering still reads most of the table. Cluster in response to a measured bad pruning ratio on a big, important table — never preemptively.

Search Optimization: the other tool, for the other shape

Clustering is built for range and scan queries — “give me this quarter,” “this customer’s orders.” It’s the wrong tool for a needle-in-a-haystack point lookup — “find the one row with this exact order key” — across a huge table, especially when you need selective lookups on several different columns (clustering can only order by one).

That’s the Search Optimization Service, and it’s an Enterprise edition feature (Enterprise, Business Critical, VPS — not Standard). Instead of reorganizing data like clustering, it builds and maintains a separate persistent search-access structure alongside the table — closer in spirit to an index. You add it per table (optionally scoped to specific columns or expressions):

-- requires Enterprise edition or higher
ALTER TABLE orders_local ADD SEARCH OPTIMIZATION;

-- or scope it to specific columns
ALTER TABLE orders_local ADD SEARCH OPTIMIZATION ON EQUALITY(o_orderkey, o_custkey);

It accelerates highly selective queries — equality and IN predicates, substring and wildcard searches, and lookups into VARIANT and geospatial data — the point-lookup patterns clustering can’t help. Like automatic clustering it’s serverless, so it costs credits to build and maintain, plus storage for the structure it keeps. Check whether a query benefits with SYSTEM$ESTIMATE_SEARCH_OPTIMIZATION_SAVINGS before committing.

The clean mental split: clustering co-locates data for range/scan queries and works on one key; search optimization builds an auxiliary structure for point lookups and can cover many columns. Reach for clustering when you slice by ranges; reach for search optimization when you fish for exact rows. They’re not competitors — a big table can have both.

Query Acceleration: renting scan muscle by the second

One more paid lever, for a specific pain. Sometimes a query isn’t slow because of bad pruning or a bad plan — it’s a big, scan-heavy query that occasionally shows up on a warehouse sized for everyday work, and buying a permanently larger warehouse for those rare spikes is wasteful. The Query Acceleration Service (QAS, Enterprise edition and up) handles that. When enabled on a warehouse, Snowflake can offload the parallelizable scan-and-filter portion of an eligible query onto serverless compute borrowed for the duration, then hand the results back — you get burst horsepower without permanently sizing up.

-- requires Enterprise edition or higher
ALTER WAREHOUSE analyst_wh SET
  ENABLE_QUERY_ACCELERATION = TRUE
  QUERY_ACCELERATION_MAX_SCALE_FACTOR = 8;

It bills as serverless credits for the borrowed compute, and only helps queries with lots of offloadable scan work (skewed, large-scan queries — not small ones or ones dominated by joins). SYSTEM$ESTIMATE_QUERY_ACCELERATION tells you whether a given query would benefit before you switch it on. Like search optimization, it’s a measured, targeted tool — not a default.

The three caches (and why your timing lies)

Some “fast” queries aren’t fast at all — they just didn’t do any work. Snowflake has three distinct caches, and knowing which one you hit is the difference between a real measurement and a fooled one.

1. Result cache — the whole answer, for 24 hours. When a query completes, Snowflake stores its result set for 24 hours. Run a byte-for-byte identical query text again — and if the underlying data hasn’t changed and your role has the privileges — Snowflake returns the stored result without a warehouse and without a single credit. The Query Profile for such a run shows a single QUERY RESULT REUSE node. This is why your third demo of the same query is suspiciously instant. When you actually want to time something, disable it for the session so every run does real work:

ALTER SESSION SET USE_CACHED_RESULT = FALSE;

Turn it back on (or reconnect) when you’re done — it saves real money in production, where identical dashboard queries repeat all day.

2. Metadata cache — answers with no data read at all. Remember the per-partition min, max, and count metadata? For some queries, that metadata is the answer. SELECT COUNT(*) FROM orders_local, or SELECT MIN(o_orderdate), MAX(o_orderdate) FROM orders_local, can often be satisfied entirely from metadata in the cloud-services layer — no warehouse compute, no partition scan. Try COUNT(*) on a huge table and watch it return instantly even on a cold XS warehouse; that’s the metadata cache, not speed. It’s also why these particular aggregates are nearly free and safe to run casually.

3. Warehouse-local data cache — the SSD that forgets. As a warehouse scans micro-partitions, it keeps the raw data on its local SSD. A follow-up query that needs the same partitions reads them from local SSD instead of remote storage — much faster, and it shows up as percentage_scanned_from_cache in the history view. The catch is in the word local: this cache belongs to the running warehouse and is wiped when the warehouse suspends or is resized. Suspend to save money (as the cost chapter urged) and the next query starts cold. Resize to go faster and you also throw away the warm cache. That’s the quiet tension between the aggressive AUTO_SUSPEND that saves credits and the warm cache that saves seconds — there’s no free answer, only a workload-dependent trade.

Diagnosing a slow query, start to finish

Tie it together into a workflow you can run every time something drags:


	Look at the Query Profile first. Which operator eats the time? That single answer routes everything below.

	If TableScan dominates, read the pruning ratio. Partitions scanned versus total. Good ratio (a small fraction) means pruning already works — the problem is elsewhere. Bad ratio (most or all partitions) means your filter isn’t pruning.

	A bad ratio on a big table, filtered on a non-load-order column, is a clustering (or search-optimization) candidate. Range/scan filter → clustering key. Point lookup → search optimization (Enterprise). Check SYSTEM$CLUSTERING_INFORMATION / the savings estimator before committing serverless spend.

	If you see spilling — especially remote — the warehouse is too small for this query’s memory. Size up, confirm the spill vanishes, decide if it’s worth keeping.

	If a Join or Aggregate dominates, it’s the SQL, not the storage. Look for fan-out joins, missing filters, needless SELECT *. No warehouse size fixes a bad plan.

	Before you trust any timing, remember the caches. A too-good number is probably the result cache — set USE_CACHED_RESULT = FALSE and rerun cold. A blazing COUNT(*)/MIN/MAX is the metadata cache, not a fast warehouse.

	Only then reach for the paid accelerators. Search Optimization and the Query Acceleration Service (both Enterprise) are worth real money for the right pattern — after you’ve measured, never as a first-line charm against slow SQL.



Final thoughts

Every knob in this chapter is a variation on one idea: the fastest data to process is data you never read. Micro-partition metadata lets Snowflake skip files; clustering keeps the right files skippable when load order won’t; search optimization builds a shortcut to the exact rows; the caches skip the work entirely. Performance tuning here isn’t about making the engine grind harder — it’s about arranging things so it grinds less, and then reading the Query Profile to confirm it actually did.

The trap the platform sets is that it’s fast enough by default that you can tune by superstition for a long time and appear to succeed — resize randomly, sprinkle a clustering key, feel clever when the query speeds up (it was the result cache). Resist that. The pruning ratio and the spill bytes are real numbers sitting in every query’s profile, and they’ll tell you exactly which lever to pull. Measure first, pull one lever, measure again. That loop, not a bigger warehouse, is what actually makes Snowflake fast.





Cost, Credits, and Resource Monitors

The warehouse post treated cost the way you first meet it: a meter that ticks while a warehouse runs, and two switches — size and auto-suspend — that decide how fast and how long. That’s the part you touch every day, and for a solo learner poking at sample data it’s very nearly the whole story. But it is not the whole bill. An account running real workloads gets an invoice with several line items, and compute is only the loudest one. There’s a separate charge for the coordination layer, a separate charge for the bytes you keep, a growing list of charges for background features that run on compute you never sized, and a data-transfer line that most people forget until it appears. This chapter is about governing all of that — seeing it, attributing it, and putting a hard ceiling under it before it surprises you. Sizing lives in the warehouse chapter; everything a warehouse isn’t lives here.

The bill has five meters, not one

Before any control makes sense, you need the shape of what you’re controlling. Everything Snowflake charges you for resolves into credits (for compute of every kind) plus a flat dollar rate for storage plus data transfer. Laid out:


	Virtual warehouse compute — credits burned by the warehouses you create and size. The big meter, and the one from the previous chapter.

	Cloud services compute — credits for the layer that plans queries, manages metadata, holds the result cache, and enforces security. Metered separately, with a free allowance below.

	Storage — a flat dollar-per-terabyte-per-month rate on the compressed bytes you keep, including Time Travel and Fail-safe copies.

	Serverless features — credits for background work Snowflake runs on its own managed compute: Snowpipe, automatic clustering, materialized-view maintenance, search optimization, Snowpipe Streaming, serverless tasks, and more. Each is its own line.

	Data transfer — dollars for bytes leaving a region or cloud (egress). Ingress is free; cross-region and cross-cloud movement is not.



A credit’s dollar value depends on your edition, cloud, and region, so hold it fuzzy — a few dollars — and never hard-code a number. The governance job is the same regardless of the exact figure: know which meter is spinning, and cap the ones that can run away.

The cloud-services meter and its 10% freebie

Every query you run leans on cloud services — the always-on brain that parses SQL, prunes micro-partitions, checks your role’s grants, and serves the result cache. It runs on compute Snowflake manages, and it’s metered in credits at the same rate as warehouse compute. Left there, that would mean paying twice for every query. You don’t, because of one rule worth memorizing:


Cloud-services credits are only billed for the portion that exceeds 10% of that day’s virtual-warehouse credits.



So if your warehouses burned 100 credits today, the first 10 credits of cloud-services usage are free, and you’re billed only for cloud-services usage past that. For ordinary analytics — queries that do real scanning on real warehouses — cloud services almost always stays under the 10% line and costs nothing. The adjustment is computed daily.

Where it does bite is workloads that lean heavily on the brain and lightly on the warehouses: floods of tiny metadata-only queries, INFORMATION_SCHEMA introspection in a loop, SHOW/DESCRIBE hammering, thousands of single-row DMLs, or a BI tool issuing constant lightweight lookups. Those consume cloud services without proportional warehouse compute, so they can punch through the 10% allowance. You can watch for it directly:

SELECT
  TO_DATE(start_time)                       AS day,
  SUM(credits_used_compute)                 AS warehouse_credits,
  SUM(credits_used_cloud_services)          AS cloud_svc_credits,
  ROUND(100 * cloud_svc_credits
        / NULLIF(warehouse_credits, 0), 1)  AS cloud_svc_pct
FROM SNOWFLAKE.ACCOUNT_USAGE.WAREHOUSE_METERING_HISTORY
WHERE start_time >= DATEADD('day', -14, CURRENT_TIMESTAMP())
GROUP BY 1
ORDER BY 1;

Any day where cloud_svc_pct runs well above 10 is a day cloud services actually cost you, and the fix is upstream: batch the tiny statements, cache the introspection, stop the polling loop.

Storage: the slow, cheap meter

Storage is the meter that never spikes and never sleeps. Snowflake charges a flat rate per terabyte per month, computed on your average daily storage across the month, measured on the compressed size of the data — which is typically a large reduction over the raw bytes you loaded. It covers table data, staged files in internal stages, and — this is the part people forget — the historical copies that Time Travel and Fail-safe retain. A high-churn table with 90-day Time Travel can hold far more history than live data.

There are two ways to pay for it. On-demand storage is post-paid: you’re billed monthly for whatever you used, at the higher per-terabyte rate (in US commercial regions, on the order of ~$40/TB/month). Capacity storage means you pre-purchase a block of storage up front as part of a commitment, at a substantially lower effective rate (roughly ~$23/TB in the same regions). On-demand is the honest default for anyone still learning the shape of their data; capacity is a finance decision you make once you have a stable, predictable footprint.

You watch storage over time, not by the hour — it barely moves day to day:

SELECT
  usage_date,
  ROUND(storage_bytes        / POWER(1024, 4), 3) AS table_tb,
  ROUND(stage_bytes          / POWER(1024, 4), 3) AS stage_tb,
  ROUND(failsafe_bytes       / POWER(1024, 4), 3) AS failsafe_tb
FROM SNOWFLAKE.ACCOUNT_USAGE.STORAGE_USAGE
ORDER BY usage_date DESC
LIMIT 30;

If failsafe_tb or Time-Travel history dwarfs your live tables, the lever isn’t storage pricing — it’s your retention settings and how much you churn TRUNCATE/INSERT on big tables.

Serverless features each bill on their own line

The newest and most easily-missed part of the bill is serverless compute. These are features where Snowflake spins up and sizes its own compute in the background — you never CREATE WAREHOUSE for them, so they don’t show up under the warehouse you were watching. Each bills in credits, at a per-feature rate, on its own line:


	Snowpipe — continuous file ingestion, billed per GB ingested (a flat credit rate; the old per-file + per-compute-second model is retired — see chapter 06).

	Snowpipe Streaming — low-latency row-level ingestion, billed on its own meter.

	Automatic clustering — the background reclustering of tables with a clustering key (see the micro-partitions chapter).

	Materialized-view maintenance — keeping a materialized view in sync as its base table changes.

	Search optimization — building and maintaining the search-access path for point lookups.

	Serverless tasks, replication, and a handful of others.



The reason to know these exist as separate meters is that they don’t answer to your warehouse settings at all. Turning on automatic clustering for a hot, high-churn table can quietly become one of your largest line items, and no AUTO_SUSPEND will touch it — because there’s no warehouse to suspend. METERING_DAILY_HISTORY is where you see them broken out by service type:

SELECT
  TO_DATE(usage_date)   AS day,
  service_type,
  SUM(credits_used)     AS credits
FROM SNOWFLAKE.ACCOUNT_USAGE.METERING_DAILY_HISTORY
WHERE usage_date >= DATEADD('day', -14, CURRENT_DATE())
GROUP BY 1, 2
ORDER BY 1 DESC, credits DESC;

You’ll see WAREHOUSE_METERING, PIPE, AUTO_CLUSTERING, MATERIALIZED_VIEW, SEARCH_OPTIMIZATION, and friends as distinct rows. That per-service breakdown is the first place to look when the monthly number moved and no warehouse got bigger.

Resource monitors: the one hard guardrail

Everything above is visibility. Visibility tells you what happened; it doesn’t stop it. The single object that actually enforces a ceiling is the resource monitor, and every real account should have at least one before a production workload lands.

A resource monitor watches credit consumption against a quota over a repeating window, and fires triggers at percentage thresholds. Only an account administrator can create one:

USE ROLE ACCOUNTADMIN;

CREATE OR REPLACE RESOURCE MONITOR monthly_guardrail
  WITH
    CREDIT_QUOTA    = 1000
    FREQUENCY       = MONTHLY
    START_TIMESTAMP = IMMEDIATELY
  TRIGGERS
    ON 75  PERCENT DO NOTIFY
    ON 90  PERCENT DO SUSPEND
    ON 100 PERCENT DO SUSPEND_IMMEDIATE;

Read that top to bottom. CREDIT_QUOTA = 1000 is the budget in credits for one window. FREQUENCY = MONTHLY resets the counter each month; the other choices are DAILY, WEEKLY, YEARLY, and NEVER (a one-shot lifetime cap). START_TIMESTAMP = IMMEDIATELY anchors the first window to now — you can instead pass a timestamp string to start it on a schedule. Then the TRIGGERS: at 75% of quota it merely notifies, at 90% it suspends the warehouses it governs, and at 100% it suspends them immediately.

That last distinction is the gotcha that catches everyone:


	DO SUSPEND stops the warehouse from accepting new queries but lets in-flight statements finish. Graceful. You don’t lose the three-hour job that was 95% done.

	DO SUSPEND_IMMEDIATE kills running statements on the spot and rolls them back. Brutal, but it means the meter stops now rather than after the current work drains.



The idiomatic pattern is exactly the one above: a soft SUSPEND a little before the ceiling to catch the bleak gently, and a hard SUSPEND_IMMEDIATE at the ceiling as the true circuit-breaker. And NOTIFY needs a receiver — notifications only reach account administrators who have enabled them in their Snowsight notification preferences, so a monitor with only NOTIFY triggers and nobody subscribed is a silent monitor.

Account-level versus per-warehouse

A monitor does nothing until it’s assigned, and there are two scopes. Assign one at the account level and its quota covers the credits of all warehouses together:

ALTER ACCOUNT SET RESOURCE_MONITOR = monthly_guardrail;

Or bind a monitor to a specific warehouse so a single noisy workload can’t blow the whole budget:

CREATE OR REPLACE RESOURCE MONITOR etl_wh_cap
  WITH CREDIT_QUOTA = 200 FREQUENCY = DAILY START_TIMESTAMP = IMMEDIATELY
  TRIGGERS ON 100 PERCENT DO SUSPEND_IMMEDIATE;

ALTER WAREHOUSE etl_wh SET RESOURCE_MONITOR = etl_wh_cap;

A warehouse can have one monitor assigned to it, and the account can have one account-level monitor; both apply at once, so a warehouse is capped by the lower of its own quota and the account’s. The usual layout is a generous account-level backstop plus tighter per-warehouse caps on the workloads you trust least.

Two limits to keep honest. First, resource monitors govern user-managed virtual warehouses only. They do not cap cloud-services usage and they do not cap serverless features — a runaway Snowpipe or automatic-clustering bill sails straight past every monitor you own, because there’s no warehouse for the trigger to suspend. Second, a monitor is a ceiling, not a scheduler: once it suspends a warehouse at 100%, that warehouse stays down until the next frequency window resets the counter (or you raise the quota / resume it manually). That’s the point — but know it before a Friday-night cap idles your Saturday loads.

Seeing where the money went: ACCOUNT_USAGE

The SNOWFLAKE.ACCOUNT_USAGE schema is your billing telescope — a set of account-wide views with about a year of retained history. Three carry most of the cost story:


	WAREHOUSE_METERING_HISTORY — hourly credits per warehouse, split into credits_used_compute and credits_used_cloud_services (you already used it above).

	METERING_DAILY_HISTORY — daily credits per service type, which is where serverless features surface.

	STORAGE_USAGE — daily bytes for tables, stages, and Fail-safe.



Rank your warehouses by spend for the month:

SELECT
  warehouse_name,
  ROUND(SUM(credits_used), 1) AS credits_mtd
FROM SNOWFLAKE.ACCOUNT_USAGE.WAREHOUSE_METERING_HISTORY
WHERE start_time >= DATE_TRUNC('month', CURRENT_DATE())
GROUP BY warehouse_name
ORDER BY credits_mtd DESC;

The one caveat that trips up every newcomer: ACCOUNT_USAGE views are not real time. They carry a documented latency — commonly up to ~45 minutes for QUERY_HISTORY and up to ~3 hours for the metering and storage views. So if you run a query right now and immediately check WAREHOUSE_METERING_HISTORY, you won’t see it. That lag is fine for governance (you’re watching trends, not seconds) but wrong for “did that query I just ran cost anything.” For live numbers, use the INFORMATION_SCHEMA table functions instead — they’re per-database, low-latency, but retain far less history:

SELECT *
FROM TABLE(INFORMATION_SCHEMA.WAREHOUSE_METERING_HISTORY(
  DATE_RANGE_START => DATEADD('hour', -1, CURRENT_TIMESTAMP())
));

The rule of thumb: ACCOUNT_USAGE for the audit (deep history, slightly stale); INFORMATION_SCHEMA functions for the pulse (fresh, shallow).

And if you run multiple accounts under one organization, there’s a level up: SNOWFLAKE.ORGANIZATION_USAGE, with views like WAREHOUSE_METERING_HISTORY, STORAGE_DAILY_HISTORY, and USAGE_IN_CURRENCY_DAILY — the last of which translates credits into actual dollars across every account, which no single-account view can do.

Attributing cost to a job with query tags

Ranking warehouses tells you which box spent the money. It doesn’t tell you which pipeline, dbt model, dashboard, or person did — and when ten workloads share etl_wh, “the warehouse cost $400” is an argument, not an answer. The tool that turns cost into an accountable signal is the query tag: a free-text label you stamp onto a session, which then rides along on every query in QUERY_HISTORY.

ALTER SESSION SET QUERY_TAG = 'dbt:model=fct_orders|run=nightly';
-- ...the job's queries run here...
ALTER SESSION SET QUERY_TAG = '';

Now query_tag is a column you can group by. Orchestrators exploit this heavily — dbt, for instance, can set a per-model query tag automatically, so every model’s queries are labelled without you touching the SQL. You can also default a tag at the user or warehouse level with the same SET QUERY_TAG on ALTER USER / ALTER WAREHOUSE.

The subtlety is that QUERY_HISTORY gives you timings and bytes, not a direct per-query credit charge — historically you approximated a query’s share of a warehouse’s credits from its execution time. Snowflake now closes that gap with ACCOUNT_USAGE.QUERY_ATTRIBUTION_HISTORY, which attributes actual credits to individual queries. Join it to the tag and you get spend by job:

SELECT
  q.query_tag,
  ROUND(SUM(a.credits_attributed_compute), 2) AS credits
FROM SNOWFLAKE.ACCOUNT_USAGE.QUERY_ATTRIBUTION_HISTORY AS a
JOIN SNOWFLAKE.ACCOUNT_USAGE.QUERY_HISTORY AS q
  ON a.query_id = q.query_id
WHERE q.start_time >= DATEADD('day', -7, CURRENT_TIMESTAMP())
  AND q.query_tag <> ''
GROUP BY q.query_tag
ORDER BY credits DESC;

That query is the whole discipline in one statement: cost stops being a number attached to infrastructure and becomes a number attached to work — which is the only form of it a team can actually act on.

Editions and what each tier unlocks

Two accounts running the identical query can pay different amounts, because the edition sets the per-credit price and gates which features even exist. There are four tiers, each a superset of the one before:


	Standard — the full SQL warehouse: databases, warehouses, secure data sharing, and 1 day of Time Travel. The entry price per credit.

	Enterprise — adds the features a growing team reaches for: multi-cluster warehouses (scale-out concurrency), up to 90 days of Time Travel, materialized views, search optimization, and the column-level dynamic data masking and row-access policies. This is where most serious analytics accounts sit.

	Business Critical — adds stronger security and compliance: Tri-Secret Secure (your own key in the encryption hierarchy), private connectivity (PrivateLink), and support for regulated data (HIPAA, PCI DSS).

	VPS (Virtual Private Snowflake) — a completely isolated, dedicated Snowflake environment for the strictest requirements. The top of the ladder in both isolation and price.



The gating is real and enforced. Ask Standard for an Enterprise feature and the statement fails outright:

-- MIN_CLUSTER_COUNT/MAX_CLUSTER_COUNT > 1 requires Enterprise or above:
CREATE WAREHOUSE reporting_wh
  WAREHOUSE_SIZE = 'MEDIUM'
  MIN_CLUSTER_COUNT = 1
  MAX_CLUSTER_COUNT = 3
  SCALING_POLICY = 'STANDARD';
-- On Standard edition this errors; on Enterprise it creates a multi-cluster warehouse.

The governance takeaway is that “should we upgrade editions” is partly a cost question in itself: a higher tier raises the price of every credit you burn, so you weigh the flat premium against the features (or compliance) you actually need. Longer Time Travel, in particular, upgrades storage and raises the credit rate — a double cost that has to earn its keep.

The Cost Management UI

You don’t have to write every one of these queries by hand. Snowsight’s Admin » Cost Management section renders the same ACCOUNT_USAGE data as dashboards: an Account Overview trending total credits and dollars, a Consumption explorer that slices spend by warehouse, service type, and time, and a Budgets area. It’s the fastest way to answer “did the bill move, and where,” and a good habit to open weekly. Everything it shows is queryable underneath — the UI is a convenience over the views, not a separate source of truth, which is why the daily-spend chart it draws is just this:

SELECT usage_date, SUM(credits_used) AS credits
FROM SNOWFLAKE.ACCOUNT_USAGE.METERING_DAILY_HISTORY
WHERE usage_date >= DATEADD('day', -30, CURRENT_DATE())
GROUP BY usage_date
ORDER BY usage_date;

Budgets deserve a note because they complement resource monitors rather than duplicating them. A resource monitor is a hard stop on warehouse credits — it suspends. A budget is a soft, broad watcher: you set a spending target on a group of objects (warehouses, databases, even serverless features that monitors can’t see) and it notifies when the forecast trends over. Use budgets to get an early warning across the whole bill, including the serverless meters a monitor is blind to; use resource monitors when you need something to actually pull the plug.

Final thoughts

The mental shift this chapter asks for is the same one the warehouse chapter started, pushed one level up. There, cost stopped being a monthly surprise and became a design choice inside a CREATE WAREHOUSE. Here, the whole bill stops being a single number and becomes a system you can read: five meters you can name, views that tell you which one moved, tags that tell you whose work moved it, and a resource monitor that refuses to let any of it run past a line you drew in advance. None of it is cleanup work done after the invoice lands — it’s plumbing you install before the first production workload, the same way you’d put a breaker in a panel before wiring the house.

If you do only three things, do these. Put a resource monitor with a SUSPEND_IMMEDIATE trigger over your account so nothing can run away overnight. Tag your jobs so a credit always traces back to the work that spent it. And check METERING_DAILY_HISTORY by service type once a week, because the line item that eventually surprises you won’t be the warehouse you were watching — it’ll be a serverless feature quietly running on compute you never sized, past the one guardrail that couldn’t see it.





Data Sharing and the Marketplace

Every data platform can hand data to someone else. The old way — the way you’ve done it your whole career — is to export a CSV or a Parquet file, drop it on an SFTP server or an S3 bucket, and let the recipient build a pipeline to load it. Then you do it again next week, because the data changed and the file they loaded is now stale. The recipient ends up maintaining ingestion code, you end up maintaining export code, and both sides argue about which version is current. That whole apparatus exists to solve one problem: getting a copy of your bytes onto their disk.

Snowflake’s answer is to skip the copy entirely. A share is a live reference to your data that another account can query directly — no export, no file, no pipeline, no second copy of the data anywhere. When you update the underlying table, the consumer sees the update on their very next query, because they aren’t querying a copy; they’re querying your micro-partitions through a permission grant. This is one of the genuinely differentiated things about the platform, and once it clicks, a lot of integration work you used to think of as unavoidable simply evaporates.

Sharing without copying — what actually happens

Recall from the architecture chapters that a Snowflake table is stored as immutable micro-partitions in cloud storage, and that storage is separated from the compute that reads it. Secure Data Sharing leans directly on that separation. When you share a table, Snowflake doesn’t duplicate its micro-partitions into the consumer’s account. It records metadata that says “this consumer account is allowed to read these objects,” and the consumer’s own warehouse reads the same underlying storage your account already owns.

Two consequences fall out of that, and both matter:


	There is no data movement and no second copy. You keep paying to store the data exactly once. The consumer stores nothing. If your orders table is a terabyte, sharing it with fifty accounts adds zero terabytes of storage anywhere.

	The consumer pays for the compute they use. Querying shared data runs on the consumer’s warehouse, billed to the consumer’s account. You provide the data; they provide the horsepower to read it. (The one exception — reader accounts — is where the provider foots that bill, and we’ll get to why.)



Compare that to the CSV world. There, you pay to export, they pay to store their copy, they pay to run the ingest pipeline, and the data is stale the moment it lands. With sharing, there’s one copy, it’s always current, and the reader brings their own compute. The mental shift is from “delivering a file” to “granting a query” — the same shift you already made internally when you stopped emailing spreadsheets and started granting SELECT.

Your first direct share

The most direct form of sharing is, sensibly, called a direct share: you name specific consumer accounts and expose objects to them. Let’s share the bookshop’s sales schema — or rather a piece of it — with a partner account.

A share is its own object type, created and populated by ACCOUNTADMIN (or a role that’s been granted the CREATE SHARE privilege). You build it in three moves: create the share, grant it usage down the object hierarchy so the consumer can traverse to the data, then grant SELECT on the specific objects.

USE ROLE ACCOUNTADMIN;

-- 1. create the share object
CREATE SHARE bookshop_share
  COMMENT = 'Curated sales data for our distribution partner';

-- 2. grant usage down the hierarchy, so the consumer can "see" the path
GRANT USAGE ON DATABASE sales          TO SHARE bookshop_share;
GRANT USAGE ON SCHEMA   sales.public   TO SHARE bookshop_share;

-- 3. grant SELECT on the actual objects to expose
GRANT SELECT ON TABLE sales.public.orders   TO SHARE bookshop_share;
GRANT SELECT ON TABLE sales.public.customer TO SHARE bookshop_share;

Notice the grant target is TO SHARE, not TO ROLE. A share behaves a lot like a role in this respect — it’s a container you grant privileges into — but it’s a role whose “members” are entire other accounts rather than users. The USAGE grants on the database and schema aren’t optional decoration: without USAGE ON DATABASE sales, the consumer can’t even resolve the path to the table, and the SELECT grant has nothing to hang on.

One case-folding reminder, because it bites here exactly as it bites everywhere else in Snowflake: CREATE SHARE bookshop_share stores the share as BOOKSHOP_SHARE. When the consumer references it later, they’ll write the name unquoted and it’ll fold to match. Don’t double-quote share names to force lowercase; you’ll be quoting them in every account that consumes them, forever.

With the objects in place, add the consumer account:

ALTER SHARE bookshop_share ADD ACCOUNTS = partner_acct;

partner_acct is the consumer’s account identifier. In a modern org-based setup that’s their organization_name.account_name; you can add several at once with a comma-separated list. That single statement is the entire “delivery” step. There’s no file to transfer and nothing for the consumer to ingest — the next time they log in, the share is simply there.

Before you hand it off, sanity-check what you’ve built:

SHOW SHARES;                          -- lists outbound (and inbound) shares
SHOW GRANTS TO SHARE bookshop_share;  -- exactly which objects are exposed

SHOW GRANTS TO SHARE is the one to run before every “yes, it’s ready.” It tells you precisely which objects a consumer can read, which is the answer to the only question that matters when data is about to cross an organizational boundary: what did I just expose?

The consumer side

Now flip to the partner’s account. From their seat, your share shows up as an inbound share they can mount as a database. Their ACCOUNTADMIN runs:

USE ROLE ACCOUNTADMIN;

-- see inbound shares that have been offered to this account
SHOW SHARES;

-- mount the share as a local, read-only database
CREATE DATABASE shared_bookshop
  FROM SHARE provider_acct.bookshop_share;

provider_acct.bookshop_share is your account identifier followed by the share name. The moment that runs, the consumer has a database called shared_bookshop whose tables are your tables. They query it like any other database:

SELECT o.o_orderdate, SUM(o.o_totalprice) AS revenue
FROM shared_bookshop.public.orders o
GROUP BY o.o_orderdate
ORDER BY o.o_orderdate;

That query runs on the consumer’s warehouse, against your storage, and returns your current data. A few properties to internalize about the mounted database:


	It’s strictly read-only. The consumer cannot INSERT, UPDATE, or CREATE TABLE inside a shared database. They can, of course, CREATE TABLE ... AS SELECT into their own database from it — which is them choosing to make a copy, on their dime, fully aware they’re now responsible for its freshness.

	It’s always live. When you load new orders tonight, their dashboard reflects them tomorrow with no action on either side.

	Access is delegated, not duplicated. The consumer’s ACCOUNTADMIN typically grants IMPORTED PRIVILEGES on the shared database onward to their own analyst roles: GRANT IMPORTED PRIVILEGES ON DATABASE shared_bookshop TO ROLE analyst;. That’s the consumer-side equivalent of the object grants you made — it lets their non-admin roles read the share.



Crossing regions and clouds

There’s a hard constraint hiding in that clean picture: direct sharing works only within the same region and the same cloud provider. Sharing is a metadata trick over shared storage, and storage lives in a specific region on a specific cloud. If your account is in AWS us-east-1 and the consumer is in Azure westeurope, there are no shared micro-partitions to point at — the bytes physically aren’t co-located.

The fix is replication. You replicate the database (or the whole account’s relevant objects) to a secondary account in the consumer’s region/cloud, and share from there. Snowflake keeps the replica in sync on a schedule you set, and the consumer shares against the replica exactly as they would a local one.

-- in the target region's account: create a replica of the source database
CREATE DATABASE sales
  AS REPLICA OF myorg.primary_acct.sales;

-- then refresh it (usually on a scheduled task)
ALTER DATABASE sales REFRESH;

The trade-off is the thing you were trying to avoid: replication does copy data, so you pay for the replica’s storage and for the transfer, and the remote copy is only as fresh as your last refresh. It’s the exception that proves the rule — within a region, sharing is free and instant; across regions, you pay the price of physics. For a genuinely global data product, this is a real cost line, not an afterthought; budget for it.

Reader accounts — sharing with people who aren’t on Snowflake

Direct sharing assumes the consumer already has a Snowflake account. Plenty of the people you’d want to share with don’t. A reader account solves that: the provider creates a lightweight, provider-managed account that a non-Snowflake consumer logs into purely to read shared data.

USE ROLE ACCOUNTADMIN;

CREATE MANAGED ACCOUNT partner_reader
  ADMIN_NAME     = 'reader_admin',
  ADMIN_PASSWORD = 'Ch4nge-me-now!',
  TYPE           = READER;

The statement returns an account locator and a login URL you hand to the consumer. Then you share into it just like any other account:

ALTER SHARE bookshop_share ADD ACCOUNTS = partner_reader;

Two things make reader accounts distinctive. First, they can’t do anything except consume your shares — no loading their own data, no creating shares of their own. Second, and this is the crucial one: the provider pays for all the compute a reader account uses. There’s no billing relationship between Snowflake and the reader’s operator, so every warehouse-second they burn querying your data lands on your bill. That’s the trade for reaching consumers who’ll never sign a Snowflake contract, and it’s exactly why you’ll want to size the reader’s warehouses conservatively and keep an eye on their usage. A reader account is a generous gift; make sure it’s a bounded one.

Sharing a filtered slice, safely

So far we’ve shared whole tables. You rarely want to. The partner should see their orders, or this region’s customers, not the entire book. The right instrument is the secure view we met back in the table-types-and-views chapter — and this is the setting where “secure” earns its name.

A normal view is just saved SQL; its definition is visible, and the optimizer can sometimes push predicates in ways that leak information about rows a consumer shouldn’t even know exist. A secure view hides its own definition and disables those optimizations precisely so that a consumer on the far side of a share can’t reverse-engineer the underlying data. When you share across an org boundary, you share secure views, not raw tables.

The pattern that makes this sing is row-level entitlement driven by a mapping table. You keep a small table that maps each consumer account to the rows it’s allowed to see, and the secure view filters against it using CURRENT_ACCOUNT() — a function that, inside a share, returns the consumer’s account identifier at query time.

-- a mapping table the consumers never see
CREATE TABLE sales.public.account_entitlements (
  snowflake_account STRING,   -- the consumer's account identifier
  region            STRING    -- the region they're entitled to
);

INSERT INTO sales.public.account_entitlements VALUES
  ('PARTNER_ACCT',   'EUROPE'),
  ('PARTNER_READER', 'AMERICA');

-- one secure view that shows each consumer only their entitled rows
CREATE SECURE VIEW sales.public.orders_shared AS
SELECT o.*
FROM sales.public.orders o
JOIN sales.public.account_entitlements e
  ON o.region = e.region
WHERE e.snowflake_account = CURRENT_ACCOUNT();

Now share the view, and only the view — never the base table or the mapping table:

GRANT SELECT ON VIEW sales.public.orders_shared TO SHARE bookshop_share;

Both consumer accounts mount the same share, run SELECT * FROM shared_bookshop.public.orders_shared, and each gets a different result set — EUROPE rows for the partner, AMERICA rows for the reader — decided entirely by CURRENT_ACCOUNT() at runtime. One view, one grant, per-consumer data. The base orders table and the entitlements table stay invisible; the secure view is the only surface anyone outside your account can touch.

The same logic extends to secure UDFs. A regular UDF’s definition is readable and therefore can’t be shared safely; a secure UDF hides its body, which lets you share computed logic — a scoring function, a bucketing rule — without revealing the formula or the reference data behind it. The principle is identical: SECURE is what makes an object safe to expose across an account boundary, and it’s the reason “just share the table” is almost never the right answer for real, entitled, multi-tenant data.

The Marketplace and listings

Direct shares are point-to-point: you know the consumer, you name their account. The Snowflake Marketplace turns that same sharing mechanism into a storefront — a public catalog where providers publish data products and any Snowflake account can find and mount them.

A published product is called a listing. Under the hood it’s still a share; a listing just wraps that share with a title, a description, usage examples, and terms, and points it at an audience rather than a named account. Listings come in a few flavors:


	Free listings — the consumer clicks “Get,” and the data mounts into their account instantly as a shared database, exactly like a direct share they never had to be individually named for.

	Paid listings — the provider sets a price (Snowflake handles the billing), and the consumer subscribes.

	Personalized listings — the consumer requests access, the provider approves and provisions a tailored share, often with per-consumer entitlement like the secure-view pattern above. This is how a vendor sells your slice of a larger dataset.



Listings can also be private — shared to specific accounts through the Marketplace UI rather than posted publicly — which is a common middle ground for a data product you sell to named customers but want to manage through the listing tooling instead of hand-rolled ALTER SHARE statements.

Here’s the detail that makes all of this concrete, and you’ve been using it since the very first chapter: SNOWFLAKE_SAMPLE_DATA is itself a share. The TPC-H tables you’ve been querying throughout this book aren’t stored in your account — they’re a listing Snowflake provides, mounted into every account as a shared, read-only database. That’s why you can query terabytes of sample data on a trial without it counting against your storage, and why you can’t write to it. You’ve been a data-sharing consumer this whole time without noticing, which is the highest praise the feature could get.

On the provider side, publishing is done through Provider Studio in Snowsight — a UI where you attach a share to a listing, write the description and sample queries, set the audience and pricing, and submit. You can do a lot of it in SQL too (CREATE ORGANIZATION LISTING ...), but for a first listing the Studio walks you through the metadata the Marketplace requires. The important framing for a newcomer: the Studio is packaging, not plumbing. The plumbing is the same CREATE SHARE/GRANT ... TO SHARE you already learned; the Studio just gives it a shopfront and a billing relationship.

A nod to data clean rooms

There’s a governed evolution of sharing worth naming even though it’s beyond a foundations build: the data clean room. Where a share lets a consumer read your rows (filtered, but still read them), a clean room lets multiple parties jointly analyze their combined data without any party seeing the others’ row-level records. Two companies can compute the overlap of their customer lists, or measure how an ad campaign drove purchases, while the underlying tables stay private on each side and only aggregate, policy-approved results come out. It’s built on the same sharing and secure-object machinery you’ve seen here, wrapped in access policies that constrain which queries are even allowed to run. When “we want to combine data with a partner but neither of us can hand over the raw records” comes up — and in advertising, finance, and healthcare it comes up constantly — clean rooms are the governed multi-party answer.

What can and can’t be shared

Sharing has edges, and hitting one produces a confusing error, so learn them up front:


	You can share tables, external tables, Iceberg tables, secure views, secure materialized views, and secure UDFs. The through-line is that anything with a readable definition must be in its secure form to be shareable.

	You cannot share standard (non-secure) views, ordinary UDFs, stored procedures, stages, sequences, or streams. Try to GRANT SELECT a non-secure view to a share and Snowflake refuses — this is the platform steering you toward secure objects on purpose.

	You cannot share a share. A database a consumer mounted FROM SHARE is a terminal node: the consumer can’t turn around and re-share it onward to a third account. Re-sharing would defeat the provider’s control over who sees the data, so it’s simply not allowed. If a downstream party needs the data, they get it from the original provider, not second-hand.

	A single database at a time. Objects in a share must come from one database (though replication and multiple shares let you work around that at the account level).

	No cross-account references in shared views. A secure view you share can only reference objects the share also grants — a view that joins to a table you didn’t add to the share fails for the consumer, since they can’t see the other side of the join.



For monitoring, you have the same live-plus-historical split you saw with grants. Live, from the provider side:

SHOW SHARES;                           -- all shares in/out of this account
SHOW GRANTS TO SHARE bookshop_share;   -- what's exposed
DESC SHARE bookshop_share;             -- the objects and their kinds

For historical, account-wide analysis — who actually consumed what, and how often — Snowflake surfaces a dedicated schema of usage views. SNOWFLAKE.DATA_SHARING_USAGE.LISTING_ACCESS_HISTORY and its siblings let you see which consumer accounts queried your listings and when, as plain SQL you can join and trend:

SELECT consumer_account_name,
       COUNT(*)                    AS query_count,
       MAX(query_date)             AS last_seen
FROM snowflake.data_sharing_usage.listing_access_history
WHERE query_date >= DATEADD('day', -30, CURRENT_DATE())
GROUP BY consumer_account_name
ORDER BY query_count DESC;

That’s how you answer “is anyone actually using the share we published in March?” without guessing — and, just as usefully, “which consumer is hammering the reader account we’re paying for?” These views carry the usual Account Usage latency (a couple of hours), so they’re for trends and audits, not real-time alerting — the same discipline the cost chapter preached, now applied to the data you send out the door instead of the compute you burn behind it.

Final thoughts

Secure Data Sharing is the feature that most cleanly separates Snowflake from the export-a-file world you came from, and the whole idea reduces to a single reframing: stop delivering copies, start granting queries. A share is a live reference, not a file — one copy of the data, always current, read on the consumer’s compute. Build a direct share with CREATE SHARE, GRANT ... TO SHARE, and ALTER SHARE ADD ACCOUNTS; the consumer mounts it with CREATE DATABASE ... FROM SHARE and it’s simply there. Reach for reader accounts when the consumer isn’t on Snowflake (and remember you’re paying their compute), for replication when you must cross a region or cloud, and for secure views with a CURRENT_ACCOUNT()-driven mapping table whenever “everyone sees everything” is the wrong policy — which, for real shared data, is almost always. The Marketplace is that same machinery given a shopfront, and SNOWFLAKE_SAMPLE_DATA is the proof you’ve trusted it since page one. Treat every share as a live dependency with an owner, a contract, and a monitoring query — because on the other side of it is someone building on data they can’t see you change.





Everyone Queries the Same Table and Sees a Different Answer

Back in chapter 07 I gave you a role model and told you it was the whole access story. It isn’t, and I owe you the rest of it.

Roles and grants are a binary switch per object. Dana’s analyst role either holds SELECT on sales.public.customer or it doesn’t. If it does, she sees every row and every column — every name, every account balance, every region. If it doesn’t, she sees a “does not exist or not authorized” and files a ticket. There is no third state. And the third state is the one real organizations spend most of their governance budget on: she should see the table, but not all of it.

The support agent needs the customer’s name to answer the phone but has no business seeing their account balance. The European analyst should see Europe’s orders and not Asia’s — not because Asia is secret, but because giving her Asia’s numbers means her regional revenue report is quietly wrong. The contractor gets the shape of the data and nothing that would identify a human. Every one of those is a within-object rule, and every one of them is invisible to GRANT SELECT.

The previous chapter was about who can reach your data across an account boundary. This one is about what they actually see once they’ve reached it. Snowflake’s answer is policies: small, named SQL objects that attach to a column or a table and get evaluated at query time, rewriting what comes back based on who’s asking. Two kinds do most of the work — masking policies change what a column’s values look like, row access policies change which rows exist at all — and a third, object tagging, is what keeps you from hand-attaching those policies until you die.

Fair warning up front: all of this is Enterprise Edition and above. It’s one of the more defensible reasons to be on Enterprise, and it’s been sitting in the edition-comparison table since chapter 01 as a single bullet with no chapter behind it. This is that chapter.

Where RBAC runs out

Hold the two mechanisms side by side; the division of labour is clean and worth memorizing.


	Grants answer “can this role touch this object?” Checked once, at compile time, against the object. Yes or no. Coarse by design — which is what makes them fast and auditable.

	Policies answer “what does this object look like to this role?” SQL expressions Snowflake splices into your query, evaluated per query, per row, per value. The answer is a transformed value or a boolean.



The consequence that catches people: a policy is not a filter you can forget to apply. A view is opt-in — you have to remember to point people at customer_safe instead of customer, and the day someone grants SELECT on the base table directly, your careful view becomes decorative. A policy attaches to the column (or the table), and Snowflake rewrites every query that touches it: projections, WHERE predicates, join keys, GROUP BY, views built on top, a SELECT * typed by someone who never read your governance doc. There is no path to the column that dodges it. That property — unbypassable by construction — is the entire reason policies exist rather than “just use views.”

Let’s build both against the tables you already have.

Setting up: a role that writes rules but can’t read data

One piece of structure first, because it’s the part teams skip and then can’t undo: the person who writes the access rules must not be the person who benefits from them. So — a policy_admin role to own the policies, plus a support functional role to demonstrate against. Slot them into the hierarchy exactly the way chapter 07 taught.

USE ROLE USERADMIN;
CREATE ROLE policy_admin;
CREATE ROLE support;

USE ROLE SECURITYADMIN;
-- support is a functional role: it gets the read access role, and a warehouse
GRANT ROLE sales_read               TO ROLE support;
GRANT USAGE ON WAREHOUSE compute_wh TO ROLE support;

-- both roll up into SYSADMIN, like every other functional role
GRANT ROLE support      TO ROLE SYSADMIN;
GRANT ROLE policy_admin TO ROLE SYSADMIN;

-- Sam picks up the support hat alongside loader; Dana stays an analyst
GRANT ROLE support TO USER sam;

-- policy_admin needs a home for its objects, and nothing else
GRANT USAGE, CREATE SCHEMA ON DATABASE sales TO ROLE policy_admin;

Note what policy_admin is not granted: sales_read. It cannot SELECT from sales.public.customer. It writes the rules about a table it can’t read — which will feel wrong the first time, until you realize it’s the same reason your auditors don’t also sign the cheques.

Now give it the account-level privileges that let it attach policies to objects it doesn’t own. These are global, granted by ACCOUNTADMIN, and they’re the centralized-governance model Snowflake documents: one role sets policies everywhere.

USE ROLE ACCOUNTADMIN;
GRANT APPLY MASKING POLICY    ON ACCOUNT TO ROLE policy_admin;
GRANT APPLY ROW ACCESS POLICY ON ACCOUNT TO ROLE policy_admin;
GRANT APPLY TAG               ON ACCOUNT TO ROLE policy_admin;

And a schema for the policies to live in, created by the role that should own it:

USE ROLE policy_admin;
CREATE SCHEMA IF NOT EXISTS sales.security;

Policies in their own schema — next to the data they protect, but not inside it. That matters later for two reasons: the mapping tables live here too and must not be readable by the people the policies constrain, and Snowflake’s docs want policy mapping tables in the same database as the protected tables, for performance.

Dynamic data masking: the rule lives on the column

A masking policy is a named function with a very specific shape: it takes the column’s value (and optionally other columns), returns a value of the same type, and Snowflake substitutes its result wherever that column appears.

USE ROLE policy_admin;

CREATE OR REPLACE MASKING POLICY sales.security.mask_customer_name AS
  (val VARCHAR) RETURNS VARCHAR ->
    CASE
      WHEN IS_ROLE_IN_SESSION('LOADER')  THEN val   -- the pipeline needs the real thing
      WHEN IS_ROLE_IN_SESSION('SUPPORT') THEN val   -- so does the human on the phone
      ELSE '*** REDACTED ***'
    END;

Read the syntax carefully, because it is not quite anything else in SQL. AS (val VARCHAR) declares the argument — this is the column’s value. RETURNS VARCHAR -> is the arrow that introduces the body, and the body is a single SQL expression, not a procedural block. Whatever that expression evaluates to is what the caller gets.

The rule that trips everyone once: the return type must equal the input type. You cannot take a NUMBER and return '***MASKED***', because that’s a VARCHAR, and Snowflake will refuse the policy outright. A masked number has to still be a number. That constraint is annoying for about ten minutes and then becomes clarifying — it forces you to decide what a degraded but still typed version of the value is, which is usually a better answer than redaction anyway:

CREATE OR REPLACE MASKING POLICY sales.security.mask_acctbal AS
  (val NUMBER(12,2)) RETURNS NUMBER(12,2) ->
    CASE
      WHEN IS_ROLE_IN_SESSION('LOADER')  THEN val
      WHEN IS_ROLE_IN_SESSION('ANALYST') THEN ROUND(val, -3)  -- nearest thousand
      ELSE NULL
    END;

Three tiers in six lines. The loader sees the real balance. An analyst sees it rounded to the nearest thousand — enough to bucket customers, not enough to identify one. Everyone else gets NULL. And note that the analyst’s version is a transformation, not a redaction: masking is a function, so “hash it,” “keep the last four digits,” “round it,” and “return the string '***'” are all equally valid bodies. Redaction is the boring case, not the only one.

(val is a name I chose, not a keyword. Snowflake doesn’t care what you call the argument — only that the first one is the column being masked.)

Attach it to the column

The policy is inert until you bind it. Binding is an ALTER TABLE, and the column is where it lands:

USE ROLE policy_admin;

ALTER TABLE sales.public.customer
  MODIFY COLUMN c_name SET MASKING POLICY sales.security.mask_customer_name;

ALTER TABLE sales.public.customer
  MODIFY COLUMN c_acctbal SET MASKING POLICY sales.security.mask_acctbal;

policy_admin doesn’t own sales.public.customer — SYSADMIN does, per chapter 07 — and it can still do this, because of that global APPLY MASKING POLICY ON ACCOUNT grant. That’s the whole point of the privilege: policy administration is orthogonal to object ownership.

The reverse move, when you need it, is UNSET, and it takes no policy name because a column can only carry one:

ALTER TABLE sales.public.customer MODIFY COLUMN c_name UNSET MASKING POLICY;

Become the other user and look

Chapter 07’s best habit was “test access by being the other role.” It pays off double here, because a masking policy has no error message — it doesn’t fail, it just quietly returns different data, which means the only way to know it works is to look at what comes back.

USE ROLE analyst;                 -- Dana's role
SELECT c_custkey, c_name, c_mktsegment, c_acctbal
FROM sales.public.customer
ORDER BY c_custkey
LIMIT 3;

C_CUSTKEY | C_NAME            | C_MKTSEGMENT | C_ACCTBAL
----------+-------------------+--------------+----------
        1 | *** REDACTED ***  | BUILDING     |    712.00
        2 | *** REDACTED ***  | AUTOMOBILE   |    122.00
        3 | *** REDACTED ***  | AUTOMOBILE   |   7499.00

Now the same query as support:

USE ROLE support;                 -- Sam's other hat
SELECT c_custkey, c_name, c_mktsegment, c_acctbal
FROM sales.public.customer
ORDER BY c_custkey
LIMIT 3;

C_CUSTKEY | C_NAME             | C_MKTSEGMENT | C_ACCTBAL
----------+--------------------+--------------+----------
        1 | Customer#000000001 | BUILDING     |      NULL
        2 | Customer#000000002 | AUTOMOBILE   |      NULL
        3 | Customer#000000003 | AUTOMOBILE   |      NULL

Two roles, one table, one query text, two different truths. Support gets the name and not the money; the analyst gets (rounded) money and not the name. Nobody had to be pointed at a different object.

One more experiment, and it’s the one that makes people believe: run it as ACCOUNTADMIN. You’ll get *** REDACTED *** too — because ACCOUNTADMIN isn’t in the policy’s CASE, and a policy doesn’t care how senior you are. That is either exactly what you wanted or a nasty surprise at 2am, so decide deliberately whether your break-glass role belongs in the body.

Why the column, and not a view

Here’s the property I promised. Because the policy is bound to c_name and Snowflake rewrites the column wherever it appears, there is no query shape that gets around it:

USE ROLE analyst;

SELECT * FROM sales.public.customer LIMIT 1;         -- masked
CREATE VIEW my_own_view AS SELECT * FROM sales.public.customer;
SELECT * FROM my_own_view LIMIT 1;                   -- still masked

A view built on a masked column inherits the mask. So does a view built on that view. So does a CTE, a subquery, a join. The mask goes with the column, not with the object you happened to name in the FROM clause — which is exactly the guarantee a secure view can’t give you, because a secure view protects itself, and anyone with a grant on the base table walks straight past it.

But “rewritten everywhere” cuts both ways, and this is the sharp edge:

USE ROLE analyst;
SELECT COUNT(*) FROM sales.public.customer
WHERE c_name = 'Customer#000000042';
-- 0

Zero. Not because the customer doesn’t exist, but because the predicate is evaluated against the masked value — Snowflake rewrote c_name in the WHERE clause too, so it compared '*** REDACTED ***' to your literal and found nothing. The same applies to a join on a masked key, and to GROUP BY c_name (which will collapse every customer into one glorious *** REDACTED *** bucket).

This is correct behaviour — if the predicate saw the real value, a determined analyst could binary-search the column and reconstruct it, which is exactly the leak masking exists to close. But it means a masked column is not a usable join key or filter for the roles that see it masked. Don’t mask an identifier people need to join on; mask the payload, keep the surrogate key clean, and if you must give a masked audience a joinable handle, mask to a deterministic hash rather than to a constant so equal values still compare equal.

Conditional masking: mask based on another column

Sometimes the rule isn’t “who’s asking” but “what row is this.” Snowflake calls this conditional masking, and it works by giving the policy extra arguments — additional columns from the same row, which the body can inspect.

Say order totals are commercially sensitive while an order is still open, but a closed order’s total is just history. TPCH’s o_orderstatus gives us exactly that: 'O' open, 'F' fulfilled, 'P' partial.

CREATE OR REPLACE MASKING POLICY sales.security.mask_open_order_price AS
  (val NUMBER(12,2), status VARCHAR(1)) RETURNS NUMBER(12,2) ->
    CASE
      WHEN IS_ROLE_IN_SESSION('LOADER') THEN val   -- pipeline sees everything
      WHEN status = 'F'                 THEN val   -- closed: it's history
      ELSE NULL                                    -- open: not your business
    END;

The first argument is still the column being masked. The second is a condition column, and you tell Snowflake which one it is at bind time, with a USING clause:

ALTER TABLE sales.public.orders
  MODIFY COLUMN o_totalprice
  SET MASKING POLICY sales.security.mask_open_order_price
  USING (o_totalprice, o_orderstatus);

The USING list maps the policy’s arguments to actual columns, positionally, and the first entry must be the column you’re setting the policy on. Omit USING and Snowflake treats the policy as an ordinary single-argument one — which for a two-argument policy is an error, not a silent fallback, so you’ll find out. The condition columns are matched by type, which is why the signature says VARCHAR(1): that’s exactly how o_orderstatus was declared in chapter 07, and keeping signatures identical to the column DDL is the cheap way to never debug a type mismatch at query time.

The condition column needn’t be a flag. It can be a classification code, a customer’s consent boolean, a data-residency marker — anything the row itself carries. This is how you get “mask the email unless the customer opted in,” which you cannot express with roles at all.

(One wrinkle worth knowing exists: if the condition column is itself masked, the body sees the masked version — rarely what you want. That’s what EXEMPT_OTHER_POLICIES = TRUE on CREATE MASKING POLICY is for. You’ll meet it once, and now you’ll know its name.)

CURRENT_ROLE() versus IS_ROLE_IN_SESSION()

You’ll see both in the wild, and they are not interchangeable.

CURRENT_ROLE() returns the name of the session’s primary role — one string. So WHEN CURRENT_ROLE() = 'SUPPORT' is true only if support is literally the active role.

IS_ROLE_IN_SESSION('SUPPORT') returns a boolean and is true if support is the primary role, or a secondary role, or anywhere in the inherited hierarchy of either. Remember chapter 07’s role tree: support rolls up into SYSADMIN, and SYSADMIN into ACCOUNTADMIN. With IS_ROLE_IN_SESSION, a SYSADMIN inherits the exemption; with CURRENT_ROLE(), they don’t.

Ask the question out loud and the choice makes itself. “Does this session’s identity include the support entitlement?” → IS_ROLE_IN_SESSION: it composes with the role hierarchy the way the rest of Snowflake does, and it survives someone turning on USE SECONDARY ROLES ALL (which, per chapter 07, BI tools love to do — and which silently defeats a CURRENT_ROLE() check by leaving the primary role as something innocuous). “Is the session acting as this exact role right now?” → CURRENT_ROLE(): stricter, more brittle, and occasionally exactly what a compliance requirement demands.

Default to IS_ROLE_IN_SESSION; reach for CURRENT_ROLE() when you can articulate why the hierarchy shouldn’t apply. And mind the case: role names are stored upper-cased (chapter 07’s case-folding lesson), so the literal must be 'SUPPORT', not 'support'. A lowercase literal is a policy that silently never matches — which fails closed, and therefore looks like it’s working.

Row access policies: which rows exist for you

Masking changes values. A row access policy changes the population. It’s a function that takes one or more of the table’s columns and returns a boolean: true means this row is visible to you, false means — as far as your query is concerned — it does not exist. Not “access denied.” Does not exist.

The signature is the same arrow shape:

USE ROLE policy_admin;

CREATE OR REPLACE ROW ACCESS POLICY sales.security.orders_region_v1 AS
  (order_region VARCHAR) RETURNS BOOLEAN ->
    CASE
      WHEN IS_ROLE_IN_SESSION('LOADER')  THEN TRUE
      WHEN IS_ROLE_IN_SESSION('ANALYST') THEN order_region = 'EUROPE'
      ELSE FALSE
    END;

That works. It is also the version 90% of tutorials stop at, and it’s a trap. Look at what it costs: every new role, every new region, every reorg is an edit to a policy body — a code change to a security object, reviewed and deployed, because someone joined the Asia team. Multiply by forty roles and five regions and you have a CASE statement nobody dares touch and everybody routes around. The policy becomes the bottleneck it was supposed to remove.

The mapping table, which is the version that scales

The scalable form puts the entitlements in data and lets the policy body join to them. It’s the pattern Snowflake’s own docs lead with, and the only one where “give Priya access to Asia” is an INSERT rather than a deployment.

Build the mapping table in the security schema — where analyst has no grants:

USE ROLE policy_admin;

CREATE OR REPLACE TABLE sales.security.role_entitlements (
  role_name STRING,   -- an account role, as Snowflake stores it: UPPER CASE
  region    STRING    -- AFRICA | AMERICA | ASIA | EUROPE | MIDDLE EAST
);

INSERT INTO sales.security.role_entitlements VALUES
  ('ANALYST', 'EUROPE'),
  ('ANALYST', 'AMERICA'),
  ('SUPPORT', 'ASIA'),
  ('SUPPORT', 'MIDDLE EAST'),
  ('SUPPORT', 'AFRICA');

Those are the real region values sitting in orders.region, put there by chapter 07’s TPCH load — AFRICA, AMERICA, ASIA, EUROPE, MIDDLE EAST. Not EMEA, not AMER. Entitlement tables that don’t match the data they entitle are the single most common way this pattern fails, and it fails closed and silently: the join matches nothing, everyone sees zero rows, and you spend a morning convinced the policy engine is broken.

Now the policy:

CREATE OR REPLACE ROW ACCESS POLICY sales.security.orders_by_region AS
  (order_region VARCHAR) RETURNS BOOLEAN ->
    IS_ROLE_IN_SESSION('LOADER')          -- the pipeline sees everything
    OR EXISTS (
         SELECT 1
         FROM sales.security.role_entitlements e
         WHERE IS_ROLE_IN_SESSION(e.role_name)
           AND e.region = order_region
       );

Three details in that body earn their keep.

EXISTS, not IN or a join. Snowflake’s guidance for subqueries in policy bodies is to put them in an EXISTS inside the branch of a CASE or a boolean OR — which is also the shape the optimizer handles best. Write it any other way and you’re fighting the engine.

IS_ROLE_IN_SESSION(e.role_name) takes a column, not a literal. That’s the whole trick: the function evaluates once per candidate entitlement row, and any row whose role is anywhere in your session’s hierarchy matches. So a single mapping table serves every role, and role inheritance still works — grant analyst to a new senior_analyst role and it inherits EUROPE and AMERICA without a single row being inserted.

The argument is named order_region, not region. This one is a genuine footgun and I want you to feel it. If you name the policy argument region, then inside the correlated subquery, the unqualified region in WHERE e.region = region is ambiguous — and SQL’s scoping rules resolve inner names before outer ones, so it can bind to e.region and give you e.region = e.region, which is always true, which means every role sees every row and the policy looks like it’s working because nobody gets an error. A security control that fails open is worse than no security control, because you’ll trust it. Name policy arguments distinctly from every column in every table they might join to, and qualify everything you can.

Attach it, then go be someone else

ALTER TABLE sales.public.orders
  ADD ROW ACCESS POLICY sales.security.orders_by_region ON (region);

The ON (region) clause maps the table’s columns to the policy’s arguments, positionally — same idea as USING for conditional masking. And now the test, which is the same “become the other user” move:

USE ROLE analyst;
SELECT region, COUNT(*) AS orders
FROM sales.public.orders
GROUP BY region ORDER BY region;

REGION  | ORDERS
--------+--------
AMERICA |  46 122
EUROPE  |  46 508

USE ROLE support;
SELECT region, COUNT(*) AS orders
FROM sales.public.orders
GROUP BY region ORDER BY region;

REGION      | ORDERS
------------+--------
AFRICA      |  45 989
ASIA        |  46 231
MIDDLE EAST |  46 070

(Exact counts depend on your TPCH slice; the shape is the point.) Neither role got an error. Neither role can tell the other regions exist. And loader — Sam’s pipeline role — still sees all five, because the policy’s first clause says so, which is what keeps your ELT from silently loading against a filtered view of its own target table. That last point deserves a beat: a row access policy applies to writes too. An UPDATE or DELETE can only touch rows the policy lets you see. Forget to exempt the pipeline role and your nightly merge starts quietly no-op-ing on four fifths of the table.

To remove it:

ALTER TABLE sales.public.orders
  DROP ROW ACCESS POLICY sales.security.orders_by_region;

Whose privileges evaluate the body?

Here’s the question you should be asking: analyst has no grant on sales.security.role_entitlements. How does a query run by analyst read it?

It doesn’t. The policy body is evaluated with the policy owner’s rights, not the caller’s — Snowflake wraps the protected table in what its docs call a dynamic secure view and runs the policy expression as the policy’s owner. policy_admin owns both the policy and the mapping table, so the join resolves; Dana never touches the table herself. Prove it:

USE ROLE analyst;
SELECT * FROM sales.security.role_entitlements;
-- SQL compilation error: Object 'ROLE_ENTITLEMENTS' does not exist or not authorized.

She’s constrained by a table she cannot read, cannot enumerate, and cannot even confirm exists. That’s the property that makes the mapping-table pattern safe and not just convenient — the entitlement data is as protected as the data it protects.

The rules the engine enforces

Four constraints, all of which you will hit:


	One row access policy per table. Not one per column — one per table. If you need two conditions, they go in one policy body, AND-ed together. (Views can stack: a policy on a view over a policied table gives you two, evaluated in order.)

	A column can be in a row access policy signature or a masking policy signature — not both. orders.region is now spoken for by orders_by_region; you cannot also mask it. Design the two together, because discovering this at bind time means rethinking your column layout.

	Materialized views can’t be built over a policied table, and won’t be. If a dashboard depends on an MV over a table you’re about to protect, that dependency breaks. (Chapter 12’s decision guide points you at a dynamic table instead, which is the right answer anyway.)

	The policy is evaluated on every query, which is a cost, which is the honest-limits section below.



Tag-based masking: the part that survives a real warehouse

Everything so far attaches a policy to one named column. Now count the columns in a real warehouse: forty tables, six with an email, a dozen with a name somewhere, plus every staging copy, every mart, and every table someone creates next Tuesday. Hand-attaching a masking policy to each of those, forever, is not a governance program. It’s a full-time job with no end state — and it fails the first Friday somebody ships a new table.

Object tagging is the fix, and it’s what turns masking from a demo into a system. A tag is a named key-value label you can stick on almost any object — a column, a table, a schema, a warehouse. Chapter 07 mentioned them for cost attribution (SET TAG cost_center = 'sales'), which is real but isn’t the interesting use. The interesting use is this: you can attach a masking policy to a tag. Every column that carries that tag — now or ever — inherits the policy automatically. You stop protecting columns. You start classifying them, and protection falls out.

USE ROLE policy_admin;

-- 1. a classification vocabulary, with the values constrained so nobody
--    invents 'PII?' or 'pii-maybe' six months from now
CREATE OR REPLACE TAG sales.security.pii
  ALLOWED_VALUES 'name', 'email', 'phone', 'address'
  COMMENT = 'Personally identifiable information';

-- 2. one generic policy per data type
CREATE OR REPLACE MASKING POLICY sales.security.mask_pii_string AS
  (val VARCHAR) RETURNS VARCHAR ->
    CASE
      WHEN IS_ROLE_IN_SESSION('LOADER')  THEN val
      WHEN IS_ROLE_IN_SESSION('SUPPORT') THEN val
      ELSE '*** REDACTED ***'
    END;

-- 3. bind the policy to the tag — this is the whole idea
ALTER TAG sales.security.pii SET MASKING POLICY sales.security.mask_pii_string;

That third statement is the load-bearing one. From here on, protecting a column is an act of labelling:

-- the column already has a direct policy from earlier; drop it first,
-- because a directly-assigned policy always beats a tag-based one
ALTER TABLE sales.public.customer MODIFY COLUMN c_name UNSET MASKING POLICY;

-- now just say what the column *is*
ALTER TABLE sales.public.customer
  MODIFY COLUMN c_name SET TAG sales.security.pii = 'name';

Re-run Dana’s query and c_name is redacted again — same result, but nobody wrote a policy binding. The column is masked because it is tagged as a name, and names are masked. Tag the email column on the next table you build and it’s protected the instant it’s tagged: no security review, no deployment, nobody remembering to do anything.

That precedence rule in the comment is worth stating plainly, because you’ll debug it eventually: if a column has both a direct masking policy and a tag whose policy would apply, the direct policy wins. Silently. A column that “isn’t getting the tag policy” is nearly always a column someone hand-attached a policy to two years ago.

The other rule: one masking policy per data type per tag. A single pii tag can carry a VARCHAR policy and a NUMBER policy and a DATE policy — but not two VARCHAR policies. The tag decides what kind of thing this is; the data type decides which mask applies. Your policy count then grows with the number of data types you protect, not the number of columns you protect.

Pushing the tag up the hierarchy — carefully

Tags inherit downward. Set the tag on a table and it lands on every column; set it on a schema or database and it lands on every column in every table there, including tables created later. Snowflake’s docs call this out as the main benefit of tagging at the schema level: new tables are automatically protected on arrival.

-- every VARCHAR column in this schema, now and forever, gets the PII mask
ALTER SCHEMA sales.public SET TAG sales.security.pii = 'name';

Now put the brakes on, because that statement is a hand grenade and I’m not going to pretend otherwise. It would mask every VARCHAR column in sales.public — including c_mktsegment (not PII, and now useless), and including orders.region, which is already the signature column of your row access policy. Recall the rule: a column cannot be in both a masking and a row access policy signature. The blanket tag walks straight into that wall.

Schema- and database-level tagging is for schemas where the blanket assumption is right — a raw landing zone of customer records, a restricted PII vault. For a general-purpose analytics schema, tag columns, and make “tag it on creation” part of your table-creation checklist. The lever is powerful; it is not subtle. Know which one you need.

Who is allowed to write the rules

The privileges here are the whole segregation-of-duties story, so let’s be precise about them:


	
CREATE MASKING POLICY / CREATE ROW ACCESS POLICY / CREATE TAG on a schema — who can author policy objects. policy_admin owns sales.security, and a schema owner can create objects in it, which is why we didn’t grant these explicitly.



	
APPLY MASKING POLICY / APPLY ROW ACCESS POLICY / APPLY TAG on the account — the global, centralized version: this role can bind policies to any object in the account, regardless of ownership. That’s what we granted policy_admin, and it’s the model you want when a small security team governs a large warehouse.



	
APPLY on a specific policy — the decentralized version. You keep policy authorship central but let a data steward attach a blessed policy to their own tables:

USE ROLE policy_admin;
GRANT APPLY ON MASKING POLICY sales.security.mask_pii_string TO ROLE loader;

Now loader can set that policy on columns of tables it owns — and cannot write a new, more permissive policy, and cannot remove policies from tables it doesn’t own. It’s the right shape for “the pipeline team tags its own new columns.”





The line that must not blur: the role that can ALTER MASKING POLICY must not be a role that benefits from a weaker policy. If your analytics lead owns the policies and holds analyst, they can grant themselves the world in one statement, with no approval and no reviewer. Put policy authorship in a role held by people who don’t query the data, audit changes to it (ALTER MASKING POLICY shows up in QUERY_HISTORY), and treat the bodies as code — reviewed, versioned, deployed. They are code. They just happen to live in the catalog.

Policies versus secure views

The last chapter solved a version of this problem differently, and you should know when to reach for which.

Chapter 15’s pattern was a secure view filtering on CURRENT_ACCOUNT() against an entitlements table — a different object (orders_shared), granted to a share, with the base table never exposed. This chapter’s pattern is a policy on the base table itself — same object name for everyone, different results.

They’re not competitors so much as tools for different boundaries:




































		Secure view	Policy
	Where the rule lives	In a new object you must point people at	On the existing column or table
	Can it be bypassed?	Yes — anyone with a grant on the base table walks around it	No — the rewrite follows the column everywhere
	Audience scaling	One view per audience shape (view sprawl)	One policy, N roles in a mapping table
	Edition	Any, including Standard	Enterprise+
	Cross-account (sharing)	The natural fit — CURRENT_ACCOUNT() works	Works, with a catch (below)


The decision rule I’d give you: inside your account, use policies — they don’t sprawl, they can’t be routed around, and the mapping table makes entitlement an INSERT. Across an account boundary, use a secure view — you need an object to grant to the share anyway, and CURRENT_ACCOUNT() is the only identity the consumer reliably has.

What happens in a share

Which brings us to the catch, and it’s the kind that produces a support ticket at the worst possible moment. A masking or row access policy on a shared table travels with the share — the consumer gets the protected column, protected. Good. But the policy body executes in the consumer’s account, and CURRENT_ROLE() and CURRENT_USER() return NULL there. The consumer’s roles are not your roles; there’s no ANALYST in their account for IS_ROLE_IN_SESSION to find.

So a policy written entirely in terms of roles, when shared, evaluates its ELSE branch for everyone on the far side. If your ELSE is '*** REDACTED ***', congratulations, you fail closed and the consumer sees nothing useful. If your ELSE is val — if you wrote the policy as “mask for these roles, otherwise show” — you have just shipped your PII to another company.

Write policy bodies to fail closed. The default branch should be the most restrictive outcome, and role checks should be the exceptions that open it up. Every policy in this chapter is written that way; go back and look. And when the data is destined for a share, key the policy on CURRENT_ACCOUNT() — exactly as chapter 15’s secure view did — or use database roles inside the share with IS_DATABASE_ROLE_IN_SESSION, which is the sharing-native version of the function.

Auditing: which policies exist, and where are they attached?

Six months from now, “is the email column masked?” needs to be a query, not an archaeology project. Three surfaces answer it, and they’re the same live-versus-historical split you’ve seen all book.

Live inventory — what policy objects exist, and what’s in them:

SHOW MASKING POLICIES IN SCHEMA sales.security;
SHOW ROW ACCESS POLICIES IN SCHEMA sales.security;
SHOW TAGS IN SCHEMA sales.security;

DESCRIBE MASKING POLICY sales.security.mask_pii_string;   -- signature + body

Live attachment — the question that actually matters, answered by the POLICY_REFERENCES table function in INFORMATION_SCHEMA. It runs in both directions. Forward, where is this policy attached?:

SELECT *
FROM TABLE(sales.information_schema.policy_references(
        policy_name => 'sales.security.mask_pii_string'));

And backward — the one to bookmark — what is protecting this table?:

SELECT *
FROM TABLE(sales.information_schema.policy_references(
        ref_entity_name   => 'sales.public.customer',
        ref_entity_domain => 'table'));

That second call is the answer to “why is this column returning stars,” and it’s the first thing to run when a number doesn’t match.

Account-wide and historical — SNOWFLAKE.ACCOUNT_USAGE.POLICY_REFERENCES, which is the whole account’s policy attachment map as a queryable table. Same trade-off as every Account Usage view (chapter 20): it’s SQL you can join, trend, and diff, at the price of latency — up to two hours here.

SELECT policy_kind,
       policy_name,
       ref_database_name || '.' || ref_schema_name || '.' || ref_entity_name AS object,
       ref_entity_domain,
       ref_column_name,
       tag_name,                 -- non-null when the policy arrived via a tag
       policy_status
FROM snowflake.account_usage.policy_references
ORDER BY policy_kind, policy_name;

The tag_name column is the one that makes tag-based masking auditable: it tells you whether a column is protected directly or because it’s tagged, which is precisely the distinction that will otherwise cost you an afternoon. Pair this with ACCESS_HISTORY from chapter 20 — which records the actual columns each query touched — and you can answer the two questions a compliance review always asks: what protects this column, and who has read it.

The honest limits

I’ve sold you this hard. Now the bill.

It’s Enterprise, and there’s no partial credit. Masking policies, row access policies, tag-based masking, and object tagging are all Enterprise Edition or above. On Standard there is no equivalent — the fallback is secure views plus per-audience grants, which sprawl and which anyone with a base-table grant walks around. If column- and row-level security is a requirement, it’s an edition decision, and it belongs in the cost conversation from chapter 14, not the architecture conversation.

Policies cost query time. Every query against a policied table carries the policy expression. A CASE on IS_ROLE_IN_SESSION is cheap. A row access policy with an EXISTS against a mapping table is a correlated subquery evaluated on every query against that table — and because Snowflake implements it as a dynamic secure view, you inherit the secure-view optimizer restrictions from chapter 12: less aggressive pushdown, less pruning. Keep mapping tables small, keep them in the same database as the protected table, and expect a real (if usually modest) regression on your hottest tables. Measure it; don’t assume it’s free.

Masking is access control, not encryption. The plaintext is still sitting in the micro-partitions; a policy only decides who Snowflake shows it to. The ways around it are more mundane than you’d like: a role you forgot to exclude, a clone, an unload to a stage — or a CREATE TABLE AS SELECT run by an unmasked role, which produces an unprotected copy in another schema, because the mask applies to the read and the policy does not follow the data into the new table. If the requirement is “even an ACCOUNTADMIN cannot read this,” you need encryption or external tokenization, not a CASE statement. Know which requirement you’re actually meeting.

And the one that will actually bite you: policies make numbers disagree, silently. This is the footgun, and it’s a governance problem wearing a data problem’s clothes.

Dana runs SELECT SUM(o_totalprice) FROM sales.public.orders and gets one number. Sam runs the identical statement and gets a bigger one. Neither query errored. Neither of them did anything wrong. The row access policy filtered Dana to two regions and Sam to three, and the aggregate faithfully summed what each of them could see.

Now imagine that number is in a board deck.

The failure mode isn’t the policy — the policy did its job. The failure mode is that a filtered aggregate looks exactly like an unfiltered one. There’s no asterisk, no warning, no row count that screams. And the same applies to masking: my mask_acctbal policy rounds balances to the nearest thousand for analysts, so AVG(c_acctbal) is wrong for Dana and right for Sam, and the NULL branch is worse, because AVG silently skips nulls and gives her a mean over the rows she happened to be allowed to see.

The mitigations are cultural more than technical, and you need all three:


	Aggregates cross a governance boundary — so label them. Any report built on a policied table should say which entitlement produced it. “Revenue (EUROPE, AMERICA)” is a chart title. “Revenue” is a lie waiting to be discovered.

	Give shared numbers an unpolicied path. Compute the company-wide aggregates with a role the policy exempts — a dedicated reporting role, a dynamic table refreshed by it — and let everyone read that. Everyone agrees on the number because everyone reads the same precomputed row, not because everyone can see the same rows.

	Make “why doesn’t my number match yours” a policy question first. Before anyone hunts a data bug, run POLICY_REFERENCES on the table and check whether the two of you are even looking at the same population. Nine times in ten that’s the answer, and it takes thirty seconds.



That reframing is the real cost of fine-grained access control, and nobody puts it on the feature comparison chart. The moment a role can see a different slice, your warehouse no longer has a single answer to a question — it has an answer per entitlement. That is correct, and it is what you asked for. It is also something your organization has to learn to talk about.

Final thoughts

Roles say whether. Policies say what. That’s the sentence to keep.

The mechanics are small enough to hold in your head. A masking policy is a same-type-in, same-type-out function bound to a column and rewritten into every query that touches it, so no view, no SELECT *, and no clever predicate gets around it. A row access policy is a boolean function bound to a table, and its scalable form is never a CASE full of role names — it’s an EXISTS against a mapping table the constrained roles cannot even see, evaluated with the policy owner’s rights. Tags are what stop you hand-attaching policies until you retire: classify the column once, and the policy that protects that classification applies itself — to every column you’ve tagged, and every one you tag next year.

Write the bodies to fail closed — restrictive default, role checks as the exceptions that open it — because that’s the difference between a policy that leaks nothing when it meets a case you didn’t anticipate and one that leaks everything. Put authorship in a role that doesn’t read the data. And test every policy the way chapter 07 taught you to test a grant: USE ROLE, re-run the query, and look at what comes back — because a policy never tells you it’s working. It just quietly hands each person a different world.

So the last thing to internalize isn’t syntax at all. Once you’ve shipped your first row access policy, “why doesn’t my number match yours” stops being a bug report and becomes a perfectly good question with a perfectly good answer — and the team that learns to ask it of the policy before they ask it of the data is the team that gets to keep both.





Programmability: UDFs, Procedures, Streams, Tasks, and Snowpark

Up to now you’ve treated Snowflake as a place to put SQL: you write a query, it runs, you get rows. But there’s a second half to the platform that most tutorials skip, where you write code that lives inside the warehouse — functions the query planner can call mid-statement, procedures that run a whole workflow, change-tracking objects that notice when a table moves, schedulers that fire on their own, and a full Python DataFrame API that compiles down to the same SQL engine. This chapter is the map of that territory. It’s an orientation, not a deep dive into any one piece — the goal is that when you later reach for one of these, you know which one, why, and what the sharp edge is.

The unifying idea is bringing code to the data. Instead of pulling rows out to a Python process on your laptop, transforming them, and pushing them back, you push the logic in and let it run next to the storage, on Snowflake’s compute, at Snowflake’s scale. Every tool below is a different shape of that same move.

One warning before we start, because it colors everything: none of this is a license to hide your core transformation logic inside the database. Analytics that matters — the models your dashboards depend on — belongs in version control, in dbt or plain SQL files someone reviews, not buried in a stored procedure nobody remembers writing. Programmability earns its place when the warehouse-native primitive is genuinely the best execution surface: a scalar helper called a billion times, a change-driven pipeline, a scheduled maintenance job. Keep asking “who tests, deploys, observes, and pays for this?” and you’ll use these tools well.

UDFs: functions the planner can call

A user-defined function is a function you can call inside any query, just like UPPER() or SUM(). Snowflake gives you four flavors, and the choice between them is mostly about what language expresses your logic most cleanly.

The simplest is a scalar SQL UDF — a named, reusable SQL expression. Not a procedure, not a loop; a single expression that takes arguments and returns one value. Say the bookshop keeps classifying orders into size tiers in five different queries. Write it once:

CREATE OR REPLACE FUNCTION order_tier(total NUMBER)
  RETURNS STRING
AS
$$
  CASE
    WHEN total >= 100000 THEN 'whale'
    WHEN total >= 10000  THEN 'large'
    WHEN total >= 1000   THEN 'medium'
    ELSE 'small'
  END
$$;

SELECT o_orderkey, order_tier(o_totalprice) AS tier
FROM sales.public.orders
LIMIT 10;

The body between the $$ markers is just an expression — it can even be a subquery that returns a single value. Because it’s SQL, the optimizer can often inline it, so there’s essentially no per-row overhead. This is the workhorse: any time you catch yourself pasting the same CASE or arithmetic into query after query, promote it to a scalar SQL UDF and the logic gets one home.

When the logic is genuinely procedural — string parsing, bit-twiddling, branching that doesn’t fit an expression — reach for a JavaScript UDF. It runs a JS function body per row:

CREATE OR REPLACE FUNCTION clean_title(raw STRING)
  RETURNS STRING
  LANGUAGE JAVASCRIPT
AS
$$
  if (RAW === null) { return null; }
  return RAW.trim().replace(/\s+/g, ' ');
$$;

Note the trap that catches everyone: the argument is declared raw but referenced as RAW inside the body. Snowflake case-folds unquoted identifiers to uppercase, and JavaScript is case-sensitive, so the value shows up under the uppercased name. Declare it lowercase, reach for it uppercase, or double-quote the argument name if you want it verbatim. This bites once and never again.

The one you’ll reach for most in a modern account is the Python UDF, because it opens the door to the Anaconda package library:

CREATE OR REPLACE FUNCTION isbn13_ok(code STRING)
  RETURNS BOOLEAN
  LANGUAGE PYTHON
  RUNTIME_VERSION = '3.11'
  HANDLER = 'check'
AS
$$
def check(code):
    if code is None or len(code) != 13 or not code.isdigit():
        return False
    total = sum((1 if i % 2 == 0 else 3) * int(d)
                for i, d in enumerate(code))
    return total % 10 == 0
$$;

SELECT isbn13_ok('9780306406157');   -- TRUE

The shape is worth memorizing: LANGUAGE PYTHON, a RUNTIME_VERSION, and a HANDLER naming the function Snowflake should call. To pull in a library, add PACKAGES = ('numpy','pandas') and Snowflake resolves them from its curated Anaconda channel — no pip, no wheel-building. (Java and Scala UDFs exist too, with the same HANDLER pattern; they matter mostly for reusing existing JVM libraries.)

The fourth flavor returns a table instead of a scalar: a UDTF, or user-defined table function. Where a scalar UDF turns one row into one value, a UDTF turns one row into many rows — the classic use is exploding a packed field into a set. Here’s a SQL UDTF that fans a comma-delimited tag string into rows:

CREATE OR REPLACE FUNCTION split_tags(tags STRING)
  RETURNS TABLE (tag STRING)
AS
$$
  SELECT TRIM(value)
  FROM TABLE(SPLIT_TO_TABLE(tags, ','))
$$;

You call a UDTF inside TABLE(...), and — the part that makes it powerful — you can lateral-join it to a source so it runs once per source row:

SELECT b.book_id, t.tag
FROM (
    SELECT 1 AS book_id, 'sci-fi, classic, hardback' AS tag_list
    UNION ALL
    SELECT 2,            'cookery, gift'
) b,
TABLE(split_tags(b.tag_list)) t;
--  1 | sci-fi
--  1 | classic
--  1 | hardback
--  2 | cookery
--  2 | gift

Every book’s tag string is expanded, and the join stitches each resulting tag back to its book. Python UDTFs go further: their handler is a class with a process() method that yields rows, and an optional end_partition() for logic that needs to see a whole partition at once (running totals, top-N per group). Reach for a UDTF whenever a function’s natural answer is “several rows,” and a Python UDTF specifically when that answer depends on state across a partition.

The quick decision guide: scalar SQL UDF for a reusable expression (cheapest, inlinable); Python UDF when you want a library or real procedural logic per value; JavaScript UDF for self-contained per-row logic without packages; UDTF when the output is a set of rows rather than a single value.

Stored procedures: running a workflow

A UDF computes a value inside a query. A stored procedure does work — it runs a sequence of statements, branches, loops, and DML, and you invoke it with CALL. The mental line: a function answers a question; a procedure performs an action.

Snowflake’s native procedural language is Snowflake Scripting, a BEGIN...END block language layered over SQL. Here’s a maintenance procedure that archives old bookshop orders and reports how many it moved — with a declared variable, a bound parameter, and the row-count built-in:

-- the archive table mirrors the source; create it once
CREATE TABLE IF NOT EXISTS sales.public.orders_archive
  LIKE sales.public.orders;

CREATE OR REPLACE PROCEDURE archive_orders(cutoff DATE)
  RETURNS STRING
  LANGUAGE SQL
AS
$$
DECLARE
  moved INTEGER DEFAULT 0;
BEGIN
  INSERT INTO sales.public.orders_archive
    SELECT * FROM sales.public.orders WHERE o_orderdate < :cutoff;
  moved := SQLROWCOUNT;                       -- rows the last DML touched

  IF (moved = 0) THEN
    RETURN 'Nothing older than ' || cutoff;
  END IF;

  DELETE FROM sales.public.orders WHERE o_orderdate < :cutoff;
  RETURN 'Archived ' || moved || ' orders';
END;
$$;

CALL archive_orders('2024-01-01');

A few Scripting details earn their keep. Local variables are declared in DECLARE (or inline with LET) and read with a bare name but bound into SQL with a leading colon (:cutoff) — mixing those up is the first error everyone hits. SQLROWCOUNT reports the rows the previous DML affected. And the full control-flow kit is here: IF/ELSEIF/ELSE, CASE, FOR, WHILE, and cursor loops with FOR rec IN (SELECT ...) DO.

When you need to build SQL whose shape isn’t known until runtime — a table name from a variable, a dynamically assembled column list — use EXECUTE IMMEDIATE:

CREATE OR REPLACE PROCEDURE refresh_summary(target STRING)
  RETURNS STRING
  LANGUAGE SQL
AS
$$
BEGIN
  EXECUTE IMMEDIATE
    'CREATE OR REPLACE TABLE ' || target || ' AS
       SELECT o_orderpriority, COUNT(*) AS n, SUM(o_totalprice) AS revenue
       FROM sales.public.orders
       GROUP BY o_orderpriority';
  RETURN target || ' rebuilt';
END;
$$;

EXECUTE IMMEDIATE is powerful and dangerous in the usual way — string-built SQL is injectable if any part comes from untrusted input, so keep interpolated values to identifiers you control.

Procedures don’t have to be SQL. A Python (Snowpark) procedure runs a Python handler whose first argument is a live session connected to the very account it’s running in — so you get the full DataFrame API (next section) inside a callable:

CREATE OR REPLACE PROCEDURE refresh_by_nation()
  RETURNS STRING
  LANGUAGE PYTHON
  RUNTIME_VERSION = '3.11'
  PACKAGES = ('snowflake-snowpark-python')
  HANDLER = 'run'
AS
$$
def run(session):
    (session.table("sales.public.orders")
            .group_by("o_orderpriority")
            .count()
            .write.mode("overwrite")
            .save_as_table("analytics.public.orders_by_priority"))
    return "refreshed"
$$;

Now the ownership question that quietly decides who can call this safely. By default a procedure runs with owner’s rights: it executes with the privileges of the role that created it, not the role that calls it. That’s how you let an analyst run archive_orders without granting them delete on orders directly — they can invoke the procedure, but they never hold the underlying privilege. The trade-off is that an owner’s-rights procedure can’t read the caller’s session state and is limited in a few operations. When you genuinely need the procedure to act as the caller — respecting their roles, their context — create it EXECUTE AS CALLER. Owner’s rights is the secure default (privilege stays encapsulated); caller’s rights is the deliberate exception when the procedure must inherit the invoker’s access. Choosing wrong is a real security bug, so decide it on purpose.

Streams: change tracking without a trigger

A Stream is Snowflake’s answer to “what changed in this table since I last looked?” — change data capture, built in, no triggers, no timestamps-and-hope. You create a stream on a table, and from then on it exposes the set of rows inserted, updated, or deleted since a moving marker called the offset.

CREATE OR REPLACE STREAM orders_stream ON TABLE sales.public.orders;

Selecting from the stream looks like selecting from the base table, plus three metadata columns that describe each change:

SELECT o_orderkey, o_totalprice,
       METADATA$ACTION, METADATA$ISUPDATE, METADATA$ROW_ID
FROM orders_stream;


	METADATA$ACTION is INSERT or DELETE — the two primitive operations a change reduces to.

	METADATA$ISUPDATE is TRUE when that INSERT/DELETE pair is really an update. A standard stream represents an update as a DELETE of the old row plus an INSERT of the new one, both flagged ISUPDATE = TRUE, so you can tell a true delete (one DELETE row, ISUPDATE = FALSE) from an update (a matched pair).

	METADATA$ROW_ID is a stable identifier for the row across its lifetime, useful for correlating the delete and insert halves of an update.



Now the single most important behavior, the one that surprises people: the offset advances only when you consume the stream inside a DML statement. Plain SELECT ... FROM orders_stream shows you the pending changes but does not move the offset — run it ten times, see the same rows ten times. The moment you use the stream as the source of an INSERT, MERGE, or CREATE TABLE AS, and that statement commits, the offset jumps forward to the current table version and the stream goes empty until the next change lands. This is exactly right for pipelines: you read the changes, apply them, and the acknowledgement is atomic with the apply. But it means you can’t “peek and consume” in two steps — the consume is the transaction.

There are two flavors worth knowing. A standard stream (the default) tracks inserts, updates, and deletes — the full delta, with the update-as-pair representation above. An append-only stream (CREATE STREAM ... APPEND_ONLY = TRUE) tracks only inserts, ignoring updates and deletes entirely. Append-only is cheaper and is what you want for classic ingestion — a raw landing table that only ever grows, where you never need to propagate deletes. Reach for standard when downstream must mirror deletes and updates; reach for append-only when new rows are the only thing that matters.

Finally, a helper you’ll use constantly with the next section: SYSTEM$STREAM_HAS_DATA('orders_stream') returns a boolean for whether the stream currently holds any unconsumed changes. That’s the hook for firing work only when there’s work to do.

Tasks: scheduling inside the warehouse

A Task runs a SQL statement (or a CALL) on a schedule, or after another task finishes. It’s cron and a lightweight DAG runner, living in the account. The minimal shape:

CREATE OR REPLACE TASK hourly_rollup
  WAREHOUSE = compute_wh
  SCHEDULE = '60 MINUTE'
AS
  INSERT INTO analytics.public.hourly_orders
  SELECT DATE_TRUNC('hour', o_orderdate), COUNT(*)
  FROM sales.public.orders
  WHERE o_orderdate >= DATEADD('hour', -1, CURRENT_TIMESTAMP());

SCHEDULE takes either an interval ('60 MINUTE') or a cron expression (SCHEDULE = 'USING CRON 0 6 * * * America/New_York' for 6am daily). Two facts trip up newcomers. First, a task is created suspended — nothing runs until you ALTER TASK hourly_rollup RESUME. Second, you can force a run right now, schedule or not, with EXECUTE TASK hourly_rollup, which is how you test one without waiting for the clock.

You have a compute choice. The example above is a warehouse task: it runs on a warehouse you name and bills that warehouse’s credits while it works. Omit WAREHOUSE and set USER_TASK_MANAGED_INITIAL_WAREHOUSE_SIZE = 'XSMALL' instead and it becomes a serverless task, running on Snowflake-managed compute that spins up per execution and bills only for what it uses. Serverless is the better default for short, frequent tasks where a dedicated warehouse would sit mostly idle; a warehouse task is right when the work is heavy or must share a warehouse’s cache with related jobs.

Tasks chain into DAGs with AFTER: a task declared AFTER root_task runs when its predecessor succeeds, letting you build a small dependency tree (a root task on a schedule, children fanning out after it). And the gate that pairs with streams is the WHEN clause:

CREATE OR REPLACE TASK consume_orders
  WAREHOUSE = compute_wh
  SCHEDULE  = '5 MINUTE'
  WHEN SYSTEM$STREAM_HAS_DATA('orders_stream')
AS
  ...;

With that WHEN, the task still evaluates every five minutes, but it only does work — and only bills real compute — when the stream actually has changes. Empty polls are nearly free. This is the mechanism that makes the next pattern cheap enough to run all day.

The classic pattern: a Stream + Task CDC pipeline

Here’s where the two pieces click together into the pattern you’ll build over and over: capture changes on a source table with a stream, and apply them to a target on a schedule with a task. Say sales.public.orders is fed by loads, and you want analytics.public.orders_replica to stay in sync — inserts, updates, and deletes all propagated.

The stream captures the delta; the task applies it with a MERGE that reads METADATA$ACTION to decide insert-or-delete, gated so it only runs when there’s something to do:

-- 1. Track every change on the source
CREATE OR REPLACE STREAM orders_stream ON TABLE sales.public.orders;

-- 2. The target we keep in sync
CREATE TABLE IF NOT EXISTS analytics.public.orders_replica LIKE sales.public.orders;

-- 3. A task that drains the stream into the target, every 5 min, only if data
CREATE OR REPLACE TASK apply_orders_cdc
  WAREHOUSE = compute_wh
  SCHEDULE  = '5 MINUTE'
  WHEN SYSTEM$STREAM_HAS_DATA('orders_stream')
AS
  MERGE INTO analytics.public.orders_replica AS tgt
  USING (
    -- one row per key: the LAST state each key reached in this batch
    SELECT * EXCLUDE (METADATA$ACTION, METADATA$ISUPDATE, METADATA$ROW_ID),
           METADATA$ACTION AS action
    FROM orders_stream
    WHERE NOT (METADATA$ACTION = 'DELETE' AND METADATA$ISUPDATE = TRUE)
    QUALIFY ROW_NUMBER() OVER (
      PARTITION BY o_orderkey ORDER BY o_orderdate DESC
    ) = 1
  ) AS src
  ON tgt.o_orderkey = src.o_orderkey
  WHEN MATCHED AND src.action = 'DELETE' THEN DELETE
  WHEN MATCHED AND src.action = 'INSERT' THEN UPDATE SET
       tgt.o_custkey     = src.o_custkey,
       tgt.o_orderstatus = src.o_orderstatus,
       tgt.o_totalprice  = src.o_totalprice,
       tgt.o_orderdate   = src.o_orderdate,
       tgt.region        = src.region
  WHEN NOT MATCHED AND src.action = 'INSERT' THEN
    INSERT (o_orderkey, o_custkey, o_orderstatus,
            o_totalprice, o_orderdate, region)
    VALUES (src.o_orderkey, src.o_custkey, src.o_orderstatus,
            src.o_totalprice, src.o_orderdate, src.region);

-- 4. Turn it on
ALTER TASK apply_orders_cdc RESUME;

Two details in there are the difference between a demo and something you’d actually run, and both are the kind of thing that bites in week three rather than on day one.

The QUALIFY is not optional — but not for the reason you’d guess. The usual explanation is “a stream might hand you two rows for the same key.” It won’t: a standard stream returns the net delta between two offsets, so a row updated twice in the window still arrives as a single DELETE/INSERT pair (and a row inserted-then-deleted in the window vanishes from the delta entirely). That’s the whole point of a stream.

The real hazard is upstream of the stream, and it’s structural: Snowflake does not enforce primary keys. You can declare o_orderkey a PRIMARY KEY and Snowflake will record it in the catalog, hand it to the optimizer, and then cheerfully let you insert the same key twice. So if the source table holds two rows for order 42 — a double-load, a bad backfill, an upstream bug — the stream faithfully reports both, the MERGE tries to update the same target row twice, and Snowflake fails the entire statement with Duplicate row detected during DML action. Your CDC pipeline stops, at 3am, because of a data-quality problem three systems away.

The QUALIFY ROW_NUMBER() is therefore a defensive dedup: it collapses whatever the source hands you to one row per key, so a duplicate upstream degrades your replica’s precision rather than halting your pipeline. (Order by a column that actually reflects recency — an updated_at if you have one. o_orderdate is a business attribute that an UPDATE never changes, so it can’t order changes; as a tiebreak it’s arbitrary, which is acceptable for a dedup and useless as a “pick the latest” rule.) Any CDC merge without this works perfectly until the first duplicate arrives, then breaks loudly and stays broken.

Name your columns. The UPDATE SET and INSERT list every column, not just the key and one measure. It’s tempting to write UPDATE SET tgt.o_totalprice = src.o_totalprice and move on — but the target was created LIKE sales.public.orders, so it has all the columns, and the ones you don’t name silently stay NULL (on insert) or stale (on update). A replica that’s right about o_totalprice and wrong about everything else is worse than no replica, because it looks like it works.

With those in place, trace what happens. Every five minutes the task checks the stream; if it’s empty, it costs nothing and goes back to sleep. When rows have changed, the MERGE reads the delta and by consuming the stream inside that DML, atomically advances the offset — so the same change is never applied twice, even if the task later retries. The WHERE clause drops the delete-half of updates so each update collapses to a single upsert. Delete a source row and it becomes a lone DELETE action that removes the target row; insert or update and it’s an INSERT action that upserts. That’s a self-healing replication pipeline in about forty lines, no external orchestrator, no Kafka, no cron server. It is the reason Streams and Tasks exist, and it’s worth building once by hand even if you later let a tool generate it.

The failure mode to respect: if the task is suspended and stays suspended past the source table’s data retention window, the stream can go stale — the change history it needs ages out, and it returns an error until re-created. Streams assume their task keeps up. Monitor that the task is actually running (SHOW TASKS, and the TASK_HISTORY view) rather than assuming it is.

Snowpark: the DataFrame API

Everything above is SQL-shaped. Snowpark is the other end — a DataFrame API, most fully realized in Python, that looks like pandas or Spark but compiles to SQL and runs in Snowflake. You write Python; Snowpark translates each operation into SQL and pushes it down to the warehouse, so the data never leaves the platform and no rows stream to your client until you ask for them.

from snowflake.snowpark import Session
from snowflake.snowpark.functions import col, sum as sum_

session = Session.builder.configs(connection_params).create()

orders = session.table("sales.public.orders")
big = (orders
       .filter(col("o_totalprice") > 100000)
       .group_by("o_orderstatus")
       .agg(sum_("o_totalprice").alias("revenue")))

big.show()          # <-- only now does anything execute

The key property is laziness. table(), filter(), group_by(), agg() build up a query plan; nothing runs. Only a terminal action — .show(), .collect(), .to_pandas(), .save_as_table() — triggers Snowpark to send the compiled SQL and pull results. Under the hood, that chain becomes exactly the SELECT ... WHERE ... GROUP BY you’d have written, executed by the same engine, using the same warehouse and cache.

So where does Snowpark fit versus plain SQL? If the transformation is comfortably a SQL query, write SQL — it’s more portable and more people can read it. Snowpark earns its place when you want programmatic pipelines: constructing transformations in a loop, sharing Python logic between a UDF and a job, integrating with Python libraries, or when a team simply thinks in DataFrames. It’s the same execution surface with a different authoring ergonomics, not a faster engine. And it pairs naturally with the Python stored procedure from earlier — that session argument is a Snowpark session, so a Snowpark job scheduled by a Task is just a Python procedure the task calls.

Snowpark is also the doorway to the wider “code in Snowflake” surface you’ll meet later. Snowpark Container Services runs full OCI containers on Snowflake-managed compute for workloads that don’t fit a function — long-running services, GPU jobs, model serving. Streamlit in Snowflake hosts interactive Python data apps right against your tables, no separate web host. You don’t need either on day one; know they live in this neighborhood so you recognize them when a use case points that way.

Where Snowpipe fits

One clarification, because the names overlap. Snowpipe (which you met in the loading chapter, Loading Your Own Data) and Snowpipe Streaming are about getting data in — Snowpipe ingests files as they land in a stage, Snowpipe Streaming appends rows with low latency via an API. Streams and Tasks are about what happens after it lands: transforming, replicating, and rolling up data already in Snowflake. The idiomatic continuous pipeline stacks them — Snowpipe lands raw files into a table, a Stream captures the new rows, and a Task transforms them onward — each tool doing the one job it’s built for. Don’t try to make a Task poll a bucket or a Snowpipe transform; ingestion and in-warehouse processing are different halves, and they compose cleanly precisely because they stay in their lanes.


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



Final thoughts

Snowflake’s programmable surfaces all pull code toward the data, but each answers a different question. A UDF encapsulates a value — scalar SQL for reusable expressions, Python when you want a library, a UDTF when the answer is a set of rows. A stored procedure runs a workflow, and its owner’s-versus-caller’s-rights setting is a real security decision, not boilerplate. A Stream remembers what changed and hands it to you exactly once, advancing its offset only when you consume it in DML. A Task brings the clock, cheaply gated on SYSTEM$STREAM_HAS_DATA so it bills only when there’s work. Together, a Stream and a Task are the classic in-warehouse CDC pipeline — self-healing replication in a few dozen lines. And Snowpark offers all of this from a Python DataFrame API that compiles right back down to the same SQL engine.

The discipline that keeps this power from curdling is the ownership question from the top: who tests, deploys, observes, and pays for each of these objects? A scalar UDF checked into version control and a Stream-and-Task pipeline your team monitors are assets. A procedure nobody remembers writing, quietly holding a transformation your dashboards depend on, is a liability waiting to become an outage. Use these tools where the warehouse-native primitive is genuinely the best surface — and keep your real analytics logic in the light.





Connecting from Outside the Browser

Every chapter so far has lived inside Snowsight — you log in through a browser, a human clicks “Sign in,” and the worksheet just works. That’s a fine place to learn and a terrible place to run a pipeline from. The moment you want dbt to build models, Airflow to kick off a load, a Python script to publish a report, or a BI tool to refresh a dashboard, you need a way in that doesn’t involve a person and a browser tab. That way in is a driver or a CLI, pointed at your account, authenticating as an identity that has no thumbs.

This is the least glamorous chapter in the book and the one that unblocks all the tool integration that follows. Get the connection parameters and the authentication right once, in a place you understand, and every downstream tool becomes “paste these five values.” Get it wrong and you’ll spend a week reading stack traces that all say the same unhelpful thing. So let’s make it boring on purpose.

The connection parameters, in one place

Almost every way of connecting — SnowSQL, the snow CLI, the Python connector, JDBC, a dbt profile — wants the same handful of values. Learn them once here and they’re the same everywhere:


	account — your account identifier, written as orgname-accountname (organization name, a hyphen, account name). You’ll find both in Snowsight under your account menu, or by running SELECT CURRENT_ORGANIZATION_NAME(), CURRENT_ACCOUNT_NAME();. This is the value newcomers get wrong most often, because there’s an older form — a “locator” like xy12345 optionally suffixed with a region and cloud (xy12345.us-east-1.aws) — that still works but is deprecated and interacts badly with key-pair auth. Prefer orgname-accountname.

	host — the full server name, which is just the account identifier plus a domain: orgname-accountname.snowflakecomputing.com. Most connectors derive the host from account for you, so you rarely set it by hand — but when a tool insists on a URL (JDBC does), this is how it’s built.

	user — the login name. For a person, dana. For a pipeline, a dedicated service user like svc_airflow (create one; don’t let Airflow log in as you).

	role — which role the session activates on connect. If you skip it, you land in the user’s DEFAULT_ROLE. Always set it explicitly for automation — you want the pipeline running as LOADER, not as whatever default drifts to next quarter.

	warehouse — the compute that runs your queries. No warehouse, no query: you’ll connect fine and then every SELECT fails with “no active warehouse selected.” Set it.

	database and schema — the default namespace, so you can write orders instead of sales.public.orders. Optional but convenient; a well-behaved script fully-qualifies its object names anyway.



Keep those seven straight and the rest of this chapter is just “where do I type them.”

SnowSQL — the classic CLI

SnowSQL is Snowflake’s original command-line client: a standalone binary you download and install (it’s not pip-installable), available for macOS, Linux, and Windows from the Snowflake website or via the account’s Downloads page. Once installed, the bare command drops you into an interactive shell:

snowsql -a myorg-myaccount -u dana

-a is the account, -u the user; it’ll prompt for a password. That’s fine for a one-off, but you don’t want to retype connection details every time. SnowSQL reads named connections from ~/.snowsql/config (a plain INI file), and this is where the seven parameters go to live:

[connections.bookshop]
accountname = myorg-myaccount
username = dana
password = ...              # omit this in favour of key-pair; see below
rolename = ANALYST
warehousename = COMPUTE_WH
dbname = SALES
schemaname = PUBLIC

Note the SnowSQL-specific key names — accountname, dbname, warehousename — they’re not the same spellings the drivers use, which is a mild annoyance unique to this tool. With that stanza saved, connecting is:

snowsql -c bookshop

-c names the connection. You can define as many [connections.<name>] blocks as you have accounts or roles, and set a [connections] default so a bare snowsql picks one up.

Running scripts and passing variables

Interactive is for exploring; automation runs files. Two flags cover it:

# run a single statement and exit
snowsql -c bookshop -q "SELECT COUNT(*) FROM sales.public.orders;"

# run a whole .sql file and exit
snowsql -c bookshop -f nightly_checks.sql

SnowSQL supports variable substitution, which is what turns a static script into a parameterized one. Enable it, then reference variables with a leading &:

snowsql -c bookshop \
  -f load_day.sql \
  -o variable_substitution=true \
  -D load_date=2026-06-28

Inside load_day.sql:

COPY INTO sales.public.orders
  FROM @sales.public.orders_stage/&load_date/;

The -D name=value flag defines the variable; &load_date expands to 2026-06-28 at run time. You can also set variables from within the session (!set variable_substitution=true, then !define load_date=2026-06-28), which is handy when exploring.

The ! commands

Anything starting with ! in a SnowSQL session is a client command, handled by SnowSQL itself rather than sent to Snowflake. The ones you’ll actually use:


	!source <file> (alias !load) — run a SQL file without leaving the session. This is how you compose: keep small .sql files and stitch them together interactively.

	!spool <file> — start capturing all output to a file; !spool off stops. Your ad-hoc audit log.

	!set / !define — set SnowSQL options and variables mid-session.

	!print <text> — echo a line, useful as a progress marker in a spooled run.

	!result <query_id> — re-fetch the results of a query you already ran.

	!help lists them all; !quit (or !exit) leaves.



SnowSQL still works and plenty of shops still lean on it, but understand its status: it’s in maintenance, not active development. New Snowflake features land in the driver ecosystem and the newer CLI first. If you’re starting fresh, learn SnowSQL enough to read someone else’s runbook, and reach for the tool in the next section for anything new.

The newer Snowflake CLI (snow)

Snowflake CLI — the command is snow — is the going-forward command-line tool, and unlike SnowSQL it is pip-installable and actively developed:

pip install snowflake-cli
snow --version

Its config lives at ~/.snowflake/config.toml (TOML, not INI), and it uses the driver’s parameter names, so what you learned in section one transfers directly. You rarely hand-edit the file — there’s a command to add a connection interactively:

snow connection add
# prompts for name, account, user, role, warehouse, database, schema, auth...

snow connection list          # show configured connections
snow connection test -c bookshop   # actually open a connection and report

snow connection test is the single most useful command in this whole chapter: it connects, runs a trivial query, and prints back the account, user, role, and warehouse it resolved. When something’s misconfigured, this tells you which of the seven values is wrong before any real work fails.

Running SQL mirrors SnowSQL:

snow sql -c bookshop -q "SELECT CURRENT_VERSION();"
snow sql -c bookshop -f nightly_checks.sql
snow sql -c bookshop -q "SELECT * FROM orders WHERE day = <% load_date %>;" \
  --variable "load_date='2026-06-28'"

Note the different templating syntax — snow uses <% var %> placeholders and --variable to fill them, where SnowSQL used &var and -D. Same idea, different dialect; don’t mix them up.

Where snow really pulls ahead of SnowSQL is that it’s not just a SQL runner — it’s a deployment tool for Snowflake’s developer surfaces:


	snow snowpark builds and deploys Snowpark Python functions and stored procedures — it packages your code and dependencies, uploads them to a stage, and registers the objects, so you can develop a UDF locally and snow snowpark deploy it.

	snow app manages Snowflake Native Apps through their full lifecycle — snow app run to create and upgrade the application package, snow app deploy to sync files.

	snow streamlit, snow git, and snow stage round it out for deploying Streamlit-in-Snowflake apps, wiring up Git repositories, and pushing files to stages.



You won’t touch snow app or snow snowpark on day one — they’re for the developer workflows a couple of chapters out — but it’s worth knowing that the same CLI you use for snow sql is the one Snowflake wants you deploying real code with. Learn snow as the default; keep SnowSQL as the legacy you can read.

Authentication, from weakest to strongest

Connecting is half account parameters and half proving who you are. Snowflake supports several authenticators, and the right one depends on whether a human or a machine is logging in.

Password, and the MFA that now wraps it

The obvious one — password = ... — is also the one Snowflake is actively steering you away from for humans. As of 2025–2026, Snowflake is phasing in mandatory multi-factor authentication for human logins: password-only sign-in for people is being blocked in stages, and users are expected to enroll a second factor (an authenticator app, or a passkey). For an interactive human, that’s a good thing and mostly invisible once enrolled.

For automation, MFA is a non-starter — a nightly Airflow run can’t approve a push notification at 2 a.m. This is exactly why the sections below exist. The rule to internalize: passwords are for bootstrapping and humans-with-MFA, never for service accounts.

Key-pair authentication, done properly

For any non-human identity, key-pair authentication is the standard: the service holds a private RSA key, Snowflake holds the matching public key, and the connector proves possession by signing a short-lived JWT. No shared secret sits in Snowflake, nothing to phish, and rotation is a first-class operation.

Generate an encrypted 2048-bit key pair with openssl. Encrypted means the private key file itself is protected by a passphrase — do that for anything that touches a real account:

# private key (encrypted, PKCS#8) — you'll be prompted for a passphrase
openssl genrsa 2048 | \
  openssl pkcs8 -topk8 -v2 des3 -inform PEM -out rsa_key.p8

# derive the public key from the private one
openssl rsa -in rsa_key.p8 -pubout -out rsa_key.pub

Now register the public key on the user. Snowflake wants the base64 body only — strip the -----BEGIN PUBLIC KEY----- / -----END----- lines and the newlines, then:

ALTER USER svc_airflow SET RSA_PUBLIC_KEY='MIIBIjANBgkqhkiG9w0BAQEFAAOCAQ8A...';

The private key stays on the machine that connects (ideally pulled from a secrets manager at runtime, never committed). Snowflake never sees it.

Rotation without downtime is the reason key-pair auth beats a rotating password. A user can hold two public keys at once, RSA_PUBLIC_KEY and RSA_PUBLIC_KEY_2:

-- 1. register the new public key in the second slot
ALTER USER svc_airflow SET RSA_PUBLIC_KEY_2='<new public key body>';
-- 2. roll every connector over to the new PRIVATE key
-- 3. once nothing uses the old key, retire it
ALTER USER svc_airflow UNSET RSA_PUBLIC_KEY;
-- (optionally promote the new one back into the primary slot)

Because both keys are valid during the overlap, there’s no window where connections fail. That’s the whole trick: two slots, migrate, retire.

To confirm what’s registered, DESC USER svc_airflow exposes a RSA_PUBLIC_KEY_FP property — the SHA-256 fingerprint of the key Snowflake holds, shown as SHA256:.... You can compute the same fingerprint from your local public key and compare, which is invaluable when a login mysteriously fails:

openssl rsa -pubin -in rsa_key.pub -outform DER | \
  openssl dgst -sha256 -binary | openssl enc -base64

If that string doesn’t match RSA_PUBLIC_KEY_FP, the key you’re signing with is not the key Snowflake trusts — full stop. More on that failure below.

External browser / SSO, and OAuth

Two more authenticators, for completeness. externalbrowser hands authentication off to your identity provider (Okta, Entra, Google) via SAML/SSO: the connector pops open a browser window, you complete SSO there, and the session comes back authenticated. It’s the right choice for a developer on a laptop at a company that uses SSO — no Snowflake password at all — but it’s inherently interactive, so it’s useless for a headless pipeline.

snowflake.connector.connect(account="myorg-myaccount", user="dana",
                            authenticator="externalbrowser")

OAuth is the token-based path: an external authorization server (or Snowflake’s own) issues an access token, and the connector presents it with authenticator="oauth" and token=.... This is how BI tools and some orchestrators integrate at scale, and how you avoid embedding any long-lived credential in the tool. It’s a bigger topic than a foundations chapter can do justice to — the mechanics of registering a security integration and minting tokens belong in the security chapter — but know the name and that it exists between “browser SSO for humans” and “key-pair for machines.”

Why key-pair wins for service accounts, stated plainly: a password is a shared secret that must live, in plaintext, wherever the service runs — and if it leaks, anyone with it is the service until you notice and rotate, which invalidates every copy at once (downtime). A key pair inverts all of that: Snowflake stores only the public half (useless to a thief), the private half never transits the network, rotation is dual-slot and downtime-free, and you can prove key identity with a fingerprint. For anything automated, reach for keys.

Drivers and connectors

Below the CLIs sit the actual connectors — libraries your application code imports. The Python connector (snowflake-connector-python) is the one you’ll meet first, and it uses exactly the seven parameters from section one:

import snowflake.connector

conn = snowflake.connector.connect(
    account="myorg-myaccount",
    user="dana",
    password="...",           # or key-pair; see below
    role="ANALYST",
    warehouse="COMPUTE_WH",
    database="SALES",
    schema="PUBLIC",
)

cur = conn.cursor()
cur.execute("SELECT n_name, SUM(o_totalprice) "
            "FROM orders o JOIN customer c ON c.c_custkey = o.o_custkey "
            "JOIN nation n ON n.n_nationkey = c.c_nationkey "
            "GROUP BY n_name")
for name, total in cur:
    print(name, total)

cur.close()
conn.close()

Pulling results into pandas is one call, and pushing a DataFrame back into a table is another — write_pandas bulk-loads via a temporary stage under the hood, far faster than row-by-row INSERTs:

import pandas as pd
from snowflake.connector.pandas_tools import write_pandas

df = cur.fetch_pandas_all()          # results → DataFrame

# ... transform df ...

success, nchunks, nrows, _ = write_pandas(conn, df, table_name="ORDERS_SUMMARY")
print(f"loaded {nrows} rows")

The key-pair variant swaps the password for a private key. The modern connector takes the key file path and its passphrase directly, so you don’t have to hand-load it with cryptography:

import os
import snowflake.connector

conn = snowflake.connector.connect(
    account="myorg-myaccount",
    user="svc_airflow",
    role="LOADER",
    warehouse="LOAD_WH",
    database="SALES",
    schema="PUBLIC",
    private_key_file="/secrets/rsa_key.p8",
    private_key_file_pwd=os.environ["SNOWFLAKE_PRIVATE_KEY_PASSPHRASE"],
)

The passphrase comes from the environment (or a secrets manager); the key file is mounted, not baked into the image. That’s the pattern every orchestrator connection should follow.

Other languages, same story. Snowflake ships first-party connectors for JDBC (Java, and the lingua franca for BI tools — Tableau, Power BI, and dbt-on-JVM paths speak it), ODBC (the Windows/C world, Excel, older BI), Go, Node.js, and .NET. They differ in surface syntax but take the same seven parameters and the same authenticators — JDBC just wants them as a URL, e.g. jdbc:snowflake://myorg-myaccount.snowflakecomputing.com/?warehouse=COMPUTE_WH&db=SALES&role=ANALYST. If you can connect from Python, you can connect from any of them by translating the parameter names.

Finally, Snowpark. When you want DataFrame-style transformations that execute inside Snowflake rather than pulling data to your client, you open a Snowpark Session — and it’s configured with the very same dictionary of parameters:

from snowflake.snowpark import Session

connection_parameters = {
    "account": "myorg-myaccount",
    "user": "svc_airflow",
    "role": "TRANSFORMER",
    "warehouse": "TRANSFORM_WH",
    "database": "SALES",
    "schema": "PUBLIC",
    "private_key_file": "/secrets/rsa_key.p8",
    "private_key_file_pwd": os.environ["SNOWFLAKE_PRIVATE_KEY_PASSPHRASE"],
}
session = Session.builder.configs(connection_parameters).create()

df = session.table("orders").group_by("o_orderstatus").count()
df.show()

Session.builder.configs(...).create() is your entry point to everything Snowpark; the payoff is that the transformation runs on Snowflake’s compute, not your laptop, so the data never leaves the warehouse. Same credentials, different execution surface.

Network policies — locking down where connections come from

Authentication answers who; network policies answer from where. A network policy is an allow/block list of IP ranges (CIDR) that Snowflake enforces before a connection even gets to authenticate:

CREATE NETWORK POLICY corp_and_ci
  ALLOWED_IP_LIST = ('203.0.113.0/24', '198.51.100.7')
  BLOCKED_IP_LIST = ('198.51.100.100');

ALLOWED_IP_LIST is the allowlist; BLOCKED_IP_LIST carves exceptions out of it. A policy does nothing until you attach it, and you can attach at two levels:

-- account-wide: applies to everyone
ALTER ACCOUNT SET NETWORK_POLICY = corp_and_ci;

-- or per-user: e.g. pin the Airflow service account to your CI egress IPs
ALTER USER svc_airflow SET NETWORK_POLICY = ci_egress_only;

The per-user attachment is the powerful move for the “different identities, different network stories” point: your human developers might be allowed from the office VPN, while svc_airflow is locked to the fixed egress IPs of your CI/orchestration cluster and nowhere else. If those credentials leak, they’re inert from any other network. (A user-level policy overrides the account-level one for that user.) One caution — always confirm your own current IP is in the allowlist before setting an account policy, or you’ll lock yourself out; keep an ACCOUNTADMIN session open as an escape hatch while you test.

For the strongest posture, network policies pair with private connectivity — AWS PrivateLink, Azure Private Link, or Google Private Service Connect — which routes traffic to Snowflake over the cloud provider’s private backbone instead of the public internet, so your account is reachable only from inside your VPC/VNet. That’s an infrastructure project rather than a CREATE statement, and it’s the enterprise answer to “our data must never traverse the public internet.” For now, know it exists and that network policies are the SQL-level version of the same instinct: constrain where connections originate, not just who makes them.

Debugging JWT token is invalid

Set up key-pair auth and, sooner or later, you’ll hit the connector’s least helpful error: 250001: Could not connect to Snowflake backend ... JWT token is invalid. It almost never means the JWT library is broken. It means one of three things, in rough order of likelihood:


	Account identifier format. This is the big one. Key-pair JWTs are signed with the account and user baked into the token’s subject, and Snowflake is picky: use the orgname-accountname form, not the legacy locator with a region suffix. A JWT minted against xy12345.us-east-1 when the account is really myorg-myaccount fails validation even though a password login with the same string might have worked. Fix the account value first.

	Fingerprint mismatch. The private key you’re signing with doesn’t correspond to the public key Snowflake has stored. Compute your local key’s fingerprint (the openssl ... | openssl dgst -sha256 one-liner from earlier) and compare it to RSA_PUBLIC_KEY_FP in DESC USER. If they differ, you either registered the wrong public key, are pointing at the wrong .p8 file, or — after a rotation — retired the key still in use. Re-register or re-point.

	Clock skew. The JWT is short-lived (Snowflake allows roughly a minute of validity), so if the machine’s clock is off by more than that, the token is “expired” or “not yet valid” the instant it arrives. Common on CI runners and containers with a drifted clock. Sync the clock (NTP) and retry.



A fourth, quieter cause: case. The connector uppercases the account and user into the JWT subject, and if the user was created with a quoted lowercase name, the subject won’t match. Stick to unquoted (folded-uppercase) user names for service accounts and this never bites. Work down that list — identifier, fingerprint, clock, case — and the “invalid” JWT resolves every time.


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



Final thoughts

Connecting from outside the browser is the seam where Snowflake stops being a website you visit and becomes a database your tools talk to — and the whole game is making that seam boring. The parameters never change: account as orgname-accountname, plus user, role, warehouse, and usually database/schema, whether you’re typing them into ~/.snowflake/config.toml, a Python connect() call, or a JDBC URL. Learn the snow CLI as the going-forward default and keep enough SnowSQL to read a legacy runbook. And draw the one line that matters most: humans authenticate interactively — MFA, or externalbrowser SSO — while services authenticate with key pairs, rotated through the two-slot RSA_PUBLIC_KEY / RSA_PUBLIC_KEY_2 dance, pinned by network policy to the IPs they’re allowed to originate from. When JWT token is invalid shows up, it’s the account identifier or the fingerprint nine times out of ten. Get this identity-and-network story boring and auditable now, because every chapter after this one — dbt, Airflow, the whole orchestrated stack — assumes a connection that just works, quietly, without a person in the loop.





Snowflake SQL Dialect and Data Types

Snowflake SQL is close enough to standard SQL to feel familiar and different enough to draw blood. You’ll write a JOIN and a GROUP BY and everything works exactly as you’d expect from Postgres or SQL Server — and then a column you know exists returns “invalid identifier,” a decimal you loaded comes back as a float with a rounding error, or a timestamp shifts three hours between two accounts. None of that is a bug. It’s the dialect, and it’s the data types, and once you’ve seen where the sharp edges are you stop cutting yourself on them.

This is the reference chapter. It’s the one you come back to when a query behaves differently than the same SQL did somewhere else. We’ll go through the type system, the identifier-casing rule that causes more support tickets than anything else in Snowflake, the dialect extensions worth reaching for, and how transactions actually work — all of it worked against SNOWFLAKE_SAMPLE_DATA.TPCH_SF1 so you can run it as you read.

USE DATABASE SNOWFLAKE_SAMPLE_DATA;
USE SCHEMA TPCH_SF1;

The type system, and its aliases

Snowflake has fewer types than it looks like it has, because most of the names you know are aliases for a small set of physical types. Knowing the real type under the alias is what keeps you out of trouble.

Numbers are all one type. There is exactly one exact-numeric type in Snowflake — NUMBER(precision, scale) — and INT, INTEGER, BIGINT, SMALLINT, TINYINT, BYTEINT, DECIMAL, and NUMERIC are all aliases for it. Write INTEGER and you get NUMBER(38, 0). Write BIGINT and you get the identical NUMBER(38, 0) — Snowflake does not have a narrower 8-byte integer to switch to. Precision (total digits) can go up to 38; scale (digits after the decimal point) up to 37. The declared precision doesn’t change storage — Snowflake stores the value in as few bytes as it needs regardless — but scale is real, because it decides how much of your fraction survives.

SELECT
  l_extendedprice::NUMBER(12, 2)      AS money_ok,   -- keeps the cents
  l_extendedprice::NUMBER(12, 0)      AS money_lost, -- rounds to whole dollars
  l_discount::NUMBER(3, 2)            AS discount    -- 0.06, exact
FROM lineitem
LIMIT 5;

The point of NUMBER(12, 2) for money isn’t storage, it’s exactness. Which brings us to the type you should be suspicious of.

FLOAT is a trap for money. FLOAT, FLOAT4, FLOAT8, DOUBLE, DOUBLE PRECISION, and REAL are all the same type: a 64-bit IEEE-754 double. It’s binary floating point, so it can’t represent 0.1 exactly, and sums of many small floats accumulate error. That’s fine for a scientific measurement and wrong for a financial ledger. If a loader infers FLOAT for a price column because the CSV had a decimal point in it, you now have a rounding bug waiting to be discovered by an accountant. The fix is to declare the column NUMBER(p, s) on purpose rather than letting inference guess — this is the “financial decimal becoming a float-shaped problem” the stub warned about, and it’s real.

Strings: length is a ceiling, not a shape. VARCHAR(N) in Snowflake means “at most N characters.” It is not padded — a one-character value in a VARCHAR(255) column takes the storage of one character, not 255. CHAR(N) does not pad either; CHAR, CHARACTER, STRING, TEXT, NVARCHAR, and friends are all aliases for VARCHAR, and the default with no length is the maximum, VARCHAR(16777216) — 16 MB. Because length is a ceiling and costs nothing to leave large, the common Snowflake style is to declare VARCHAR (or STRING) with no length at all and only add one when you genuinely want the database to reject longer input. Coming from a row-store where CHAR(1) saved bytes over VARCHAR, unlearn that instinct — here it saves nothing.

BOOLEAN holds TRUE, FALSE, or NULL, and it’s usefully liberal about conversion: string 'yes', 't', 'on', '1' and numeric non-zero coerce to TRUE; 'no', 'f', '0', and 0 to FALSE.

Dates and — the important part — three timestamps. DATE is a calendar day, no time. TIME is a time of day, no date. And then there are three timestamp types, and choosing the wrong one is how a value silently shifts hours between environments:


	TIMESTAMP_NTZ — “no time zone.” A wall-clock reading stored as-is, with no zone attached and no conversion ever applied. 2026-07-04 09:00:00 stays 2026-07-04 09:00:00 no matter who reads it. Use it for things that are a wall-clock fact — a business date-time, a scheduled local time — where you never want it re-interpreted.

	TIMESTAMP_LTZ — “local time zone.” Stored internally as an absolute UTC instant, but displayed converted into the reader’s session time zone (TIMEZONE session parameter). The same stored row shows 09:00 to a session in New York and 14:00 to one in London. Use it for a real moment in time that different people should see in their own zone — an event timestamp, a load time.

	TIMESTAMP_TZ — “time zone.” Stores the instant and an explicit UTC offset captured at write time. Use it when the originating offset itself is data you need to keep — a client in -05:00 and one in +05:30 writing to the same column, where “which offset did this come from” matters.



The word TIMESTAMP on its own is an alias, and which of the three it points at is controlled by the session/account parameter TIMESTAMP_TYPE_MAPPING, whose default is TIMESTAMP_NTZ. So CREATE TABLE t (ts TIMESTAMP) gives you an NTZ column by default — but an admin can change the mapping account-wide, which means the same DDL can produce different column types in two accounts. When behavior matters, name the concrete type (TIMESTAMP_NTZ) rather than the alias. You can watch all three diverge in one query:

ALTER SESSION SET TIMEZONE = 'America/New_York';

SELECT
  '2026-07-04 09:00:00'::TIMESTAMP_NTZ AS ntz,   -- 09:00, always
  '2026-07-04 09:00:00'::TIMESTAMP_LTZ AS ltz,   -- 09:00 shown in NY session
  '2026-07-04 09:00:00 +00:00'::TIMESTAMP_TZ AS tz;  -- keeps +00:00

Change the session TIMEZONE to Asia/Kolkata, rerun, and only the LTZ value moves. That’s the whole distinction, visible in one statement.

The semi-structured trio — VARIANT, OBJECT, ARRAY — hold JSON-shaped data inside SQL, each capped at 16 MB. They get their own full treatment in chapter 11; here just note that they’re first-class column types, not a bolt-on.

GEOGRAPHY and GEOMETRY are the spatial pair. GEOGRAPHY treats coordinates as points on a sphere (longitude/latitude, great-circle distances) — the right choice for anything Earth-scale. GEOMETRY treats them as points on a flat Cartesian plane — the right choice for projected or planar coordinate systems. They accept WKT, WKB, and GeoJSON, and come with a large ST_* function family. TPCH has no geospatial columns, so this is the one type you won’t exercise here, but knowing which is spherical and which is planar saves a confusing afternoon later.

BINARY (alias VARBINARY) stores raw bytes up to 8 MB, read and written as hex or base64. You’ll meet it mostly as the output of hashing and encryption functions.

Casting: ::, CAST, and the TRY_ family

Snowflake will implicitly coerce types when it’s unambiguous — comparing a VARCHAR that looks like a number to a NUMBER, or passing an integer where a float is expected — but it’s conservative, and relying on implicit casts is how you get surprised. Prefer explicit. The idiomatic explicit cast is the :: operator; CAST(expr AS type) is the ANSI-standard spelling of exactly the same thing:

SELECT
  '1998-01-01'::DATE            AS d,
  CAST('42.5' AS NUMBER(4, 1))  AS n,
  o_totalprice::VARCHAR         AS price_text
FROM orders LIMIT 3;

The crucial safety valve is TRY_CAST (and the typed TRY_TO_NUMBER, TRY_TO_DATE, TRY_TO_TIMESTAMP, …). A plain cast on bad input fails the whole statement — one unparseable string and your million-row query errors out. TRY_CAST returns NULL for the values it can’t convert and lets everything else through, which is exactly what you want when cleaning raw or semi-structured data:

SELECT
  TRY_CAST('not a number' AS NUMBER)  AS bad,   -- NULL, no error
  TRY_TO_DATE('1998-13-40')           AS bad_dt, -- NULL, no error
  TRY_TO_NUMBER('42.5')               AS good;   -- 42.5

Reach for TRY_CAST on any column whose cleanliness you don’t control; save the plain cast for values you’ve already trusted.

Identifier case-folding: the bug factory

This is the single most important behavioral rule in Snowflake SQL, and it catches nearly everyone once.

Unquoted identifiers fold to uppercase. When you write SELECT o_totalprice FROM orders, Snowflake stores and resolves those names as O_TOTALPRICE and ORDERS. It doesn’t matter whether you typed them lower, upper, or mixed — unquoted, they all fold to uppercase before anything else happens. This is why every object in a fresh Snowflake account has a SHOUTING name in the metadata even though nobody typed it that way.

Double-quoted identifiers are exact and case-sensitive, forever. The moment you wrap a name in double quotes, Snowflake takes it literally — exact case, spaces and punctuation allowed, no folding. "MyColumn" is stored as MyColumn and can only ever be referenced as "MyColumn". And here’s the collision: an unquoted MyColumn folds to MYCOLUMN, which is a different name from the quoted "MyColumn". Likewise a column created as "id" (lowercase, quoted) cannot be found by writing id unquoted — because unquoted id resolves to ID, and ID ≠ id.

-- Unquoted: these three all resolve to the SAME column, O_ORDERKEY
SELECT o_orderkey, O_ORDERKEY, O_OrderKey FROM orders LIMIT 1;

-- Quoted must match the stored case exactly:
SELECT "O_ORDERKEY" FROM orders LIMIT 1;   -- works: TPCH stores uppercase
SELECT "o_orderkey" FROM orders LIMIT 1;   -- ERROR: invalid identifier

Because TPCH’s columns were created unquoted, they’re stored uppercase, so "O_ORDERKEY" works and "o_orderkey" fails. Now imagine the opposite. A loading tool — some ELT connectors, some Spark writers, some scripts translating a lowercase Postgres schema — creates columns quoted and lowercase: "id", "order_date". Every hand-written query against that table must now quote every column forever, because the natural unquoted order_date folds to ORDER_DATE and won’t match "order_date". That’s the endless "quoted" bug: a table you can’t query without quotes, and analysts who keep getting “invalid identifier” on names they can plainly see in the column list.

Two defenses. First, when you create objects, create them unquoted and let them fold uppercase — then everyone can query them in any case without quotes, which is the frictionless path. Second, if you’re stuck consuming lowercase-quoted columns and it’s driving you mad, the session parameter QUOTED_IDENTIFIERS_IGNORE_CASE makes quoted identifiers resolve case-insensitively too — but it’s account-affecting and blunt, so understand it before flipping it. The everyday rule is simpler: don’t quote identifiers unless you truly need a special character or a preserved case, and you’ll mostly never think about this again.

The dialect: extensions worth learning on purpose

Standard SQL runs unchanged on Snowflake. On top of it sits a set of extensions that turn multi-query problems into one clean statement. Several of these — QUALIFY, PIVOT/UNPIVOT, LISTAGG — got worked examples back in chapter 4; here’s the rest of the toolkit, plus the why behind the ones you’ll lean on hardest.

QUALIFY — the WHERE for window functions. You can’t filter on a window function in a WHERE clause, because window functions are computed after WHERE. The classic workaround is to wrap the query in a subquery and filter outside it. QUALIFY removes the subquery: it filters on window-function results the same way HAVING filters on aggregates. It’s the Snowflake feature you’ll miss most when you go back to a database without it:

-- The 3 most valuable orders per customer, no subquery
SELECT o_custkey, o_orderkey, o_totalprice
FROM orders
QUALIFY ROW_NUMBER() OVER (
  PARTITION BY o_custkey ORDER BY o_totalprice DESC
) <= 3;

ILIKE and RLIKE. ILIKE is LIKE with case folding — pattern matching that ignores case, so you don’t have to UPPER() both sides. RLIKE (alias REGEXP) matches a POSIX regular expression:

SELECT DISTINCT c_name
FROM customer
WHERE c_name ILIKE '%customer#0000012%'      -- case-insensitive
   OR c_comment RLIKE '.*(express|urgent).*'; -- regex

IFF and DECODE. IFF(cond, then, else) is a two-branch CASE compressed to one function — cleaner for simple conditionals. DECODE(expr, match1, result1, match2, result2, …, default) maps a value against a list of cases, and it treats NULL as matchable (unlike a chain of = comparisons, which never match NULL):

SELECT
  o_orderkey,
  IFF(o_totalprice > 200000, 'large', 'normal') AS size_bucket,
  DECODE(o_orderstatus,
         'O', 'Open',
         'F', 'Fulfilled',
         'P', 'Partial',
         'Unknown')                             AS status_label
FROM orders
LIMIT 10;

GROUP BY ALL and SELECT * EXCLUDE / RENAME / REPLACE. These are quality-of-life extensions that cut repetition. GROUP BY ALL groups by every non-aggregated column in the SELECT list, so you don’t restate them (or count positions):

SELECT
  n.n_name AS nation,
  o.o_orderpriority,
  SUM(o.o_totalprice) AS total
FROM orders o
JOIN customer c ON c.c_custkey = o.o_custkey
JOIN nation n   ON n.n_nationkey = c.c_nationkey
GROUP BY ALL;   -- groups by nation, o_orderpriority

SELECT * gets modifiers so you rarely have to enumerate a wide table just to drop or rename one column: * EXCLUDE (col) selects everything but a column, * RENAME (old AS new) renames in place, and * REPLACE (expr AS col) swaps a column’s expression while keeping its position:

SELECT * EXCLUDE (n_comment) RENAME (n_name AS nation)
FROM nation;

MERGE and multi-table INSERT deserve a mention here as dialect too, but they’re about writing data, so they land in the transactions section below.

MATCH_RECOGNIZE, briefly. For row-pattern matching — finding sequences across ordered rows, like “three consecutive months of rising revenue” or a funnel of events in order — Snowflake implements the SQL-standard MATCH_RECOGNIZE. It defines pattern variables with DEFINE, an ordering with ORDER BY, and a regex-like PATTERN over those variables. It’s a genuine power tool for sessionization and sequence analysis, well beyond what a newcomer needs on day one; file it under “things Snowflake can do that most warehouses can’t” and return to it when you have an ordered-sequence problem that window functions make awkward.

Semi-structured operators. The colon path accessor (payload:customer.id) and FLATTEN are part of the dialect too, covered in chapter 11.

Constraints: declared, recorded, and mostly ignored

Here is a fact that belongs in the first hour of anyone’s Snowflake career and somehow never gets said out loud: Snowflake does not enforce your constraints. Except one.

CREATE TABLE orders (
    o_orderkey  NUMBER PRIMARY KEY,      -- recorded. not enforced.
    o_custkey   NUMBER NOT NULL,         -- ENFORCED.
    o_status    VARCHAR,
    CONSTRAINT fk_cust FOREIGN KEY (o_custkey)
        REFERENCES customer (c_custkey)  -- recorded. not enforced.
);

INSERT INTO orders VALUES (1, 100, 'O');
INSERT INTO orders VALUES (1, 100, 'O');   -- succeeds. two rows, same "primary key".

NOT NULL is real: try to insert a null and Snowflake rejects it. PRIMARY KEY, UNIQUE, and FOREIGN KEY are metadata — Snowflake stores them, shows them in DESC TABLE, hands them to the query optimizer as hints, and lets BI tools read them to infer joins. It will not check them. You can insert a thousand duplicate primary keys and a foreign key pointing at a customer who does not exist, and every insert will succeed.

This is not a bug or an oversight; it’s the analytics-warehouse bargain. Enforcing uniqueness on every insert means checking every insert against the whole table, which is exactly the kind of per-row work a columnar, immutable-micro-partition engine is built to avoid. The transactional database that enforces your keys is doing it because it has to — it’s serving your application. Snowflake assumes something upstream already did.

The consequence is the part that matters, and it reshapes how you work:


	Declare them anyway. They document intent, the optimizer genuinely uses them, and BI tools draw better models from them. Free, and useful.

	Never trust them. A PRIMARY KEY in a Snowflake DDL is a claim, not a guarantee. If you have not tested it, you do not know it.

	Test them. This is why every serious Snowflake project ends up running assertions over its own tables — a unique test on the key, a relationships test on the foreign key — and it is why the tooling that does that (dbt, most obviously) became standard in this ecosystem rather than merely popular. The constraint machinery your OLTP database gave you for free has to be rebuilt as tests, and running them is not optional hygiene; it is the only thing standing between you and a silently duplicated key.



Every duplicate-row bug you will ever debug in Snowflake starts here.

Transactions: how writes actually behave

Everything so far has been reads. When you start writing, Snowflake’s transaction model is worth understanding precisely, because it’s different from an OLTP database in ways that mostly help you.

Autocommit is on by default. Each statement you run commits on its own the moment it succeeds. There’s no open transaction quietly accumulating changes unless you start one. To group statements into a unit, wrap them explicitly:

BEGIN;                              -- or BEGIN TRANSACTION
  UPDATE my_orders SET status = 'F' WHERE status = 'O';
  INSERT INTO audit_log VALUES ('closed open orders', CURRENT_TIMESTAMP());
COMMIT;                             -- both land, or ROLLBACK to discard both

ROLLBACK instead of COMMIT discards everything since BEGIN. Inside a transaction the statements succeed or fail together; that’s the multi-statement atomicity you’d expect.

Every statement is atomic on its own. Even outside an explicit transaction, a single DML statement is all-or-nothing. An UPDATE that touches five million rows and hits an error on row four million leaves the table exactly as it was — there is no half-applied statement. You never have to clean up a partially-completed statement.

No long-running locks; readers never block. Snowflake is multi-version. A query reads a consistent snapshot of the data as of the moment it started, and it is never blocked by a concurrent writer — and a writer is never blocked by readers. There are no row-level locks held across your session the way an OLTP database would hold them. Concurrent writes to the same table do serialize (Snowflake takes a brief lock at commit so two UPDATEs can’t corrupt each other), but this is a short commit-time affair, not a long-held lock that makes other sessions wait on your open transaction. For an analytics workload — many readers, periodic batch writers — this means you essentially never think about lock contention, and a long-running dashboard query and a table refresh coexist without blocking each other.

Because the sample database is a read-only share, you can’t run DML against TPCH itself. So build a small writable copy in your own schema first — this also shows CREATE TABLE AS, the fastest way to materialize a query result:

CREATE OR REPLACE TABLE my_orders AS
SELECT o_orderkey, o_custkey, o_orderstatus, o_totalprice, o_orderdate
FROM SNOWFLAKE_SAMPLE_DATA.TPCH_SF1.orders
WHERE o_orderdate >= '1998-01-01';

MERGE — upsert in one statement. MERGE reconciles a target table against a source, applying inserts, updates, and deletes by whether rows match — the standard “load new, update changed” pattern in one atomic statement instead of a delete-then-insert dance:

MERGE INTO my_orders t
USING (
  SELECT o_orderkey, o_custkey, o_orderstatus, o_totalprice, o_orderdate
  FROM SNOWFLAKE_SAMPLE_DATA.TPCH_SF1.orders
  WHERE o_orderdate = '1998-08-01'
) s
ON t.o_orderkey = s.o_orderkey
WHEN MATCHED THEN UPDATE SET
  t.o_orderstatus = s.o_orderstatus,
  t.o_totalprice  = s.o_totalprice
WHEN NOT MATCHED THEN INSERT
  (o_orderkey, o_custkey, o_orderstatus, o_totalprice, o_orderdate)
  VALUES (s.o_orderkey, s.o_custkey, s.o_orderstatus, s.o_totalprice, s.o_orderdate);

Multi-table insert: INSERT ALL / INSERT FIRST. Snowflake can route one query’s rows into several tables in a single statement — an unconditional INSERT ALL … SELECT, or a conditional fan-out that sends each row wherever its WHEN clause says. It’s a neat way to split a stream into buckets in one pass:

-- Route each order into a small- or large-value table by threshold
INSERT ALL
  WHEN o_totalprice >= 200000 THEN INTO big_orders
  WHEN o_totalprice <  200000 THEN INTO small_orders
SELECT o_orderkey, o_totalprice
FROM my_orders;

INSERT FIRST stops at the first matching WHEN per row (like an if/else if), while INSERT ALL evaluates every branch (a row can land in more than one table). Both run as a single atomic statement.

A worked example, several features at once

Let’s close by stacking the chapter’s pieces into one query against TPCH. The task: for each nation, find its single highest-value order in 1997, label the order’s size, and format the revenue as an exact two-decimal number — casting, IFF, QUALIFY, and case-aware column handling together.

SELECT
  n.n_name                                    AS nation,
  o.o_orderkey,
  o.o_orderdate,
  o.o_totalprice::NUMBER(12, 2)               AS order_value,
  IFF(o.o_totalprice > 300000, 'flagship', 'standard') AS tier
FROM orders o
JOIN customer c ON c.c_custkey   = o.o_custkey
JOIN nation   n ON n.n_nationkey = c.c_nationkey
WHERE o.o_orderdate >= '1997-01-01'
  AND o.o_orderdate <  '1998-01-01'
QUALIFY ROW_NUMBER() OVER (
  PARTITION BY n.n_name ORDER BY o.o_totalprice DESC
) = 1
ORDER BY order_value DESC;

One statement returns exactly 25 rows — one champion order per nation — with an exact-decimal value and a computed tier label, no subquery and no self-join. Every element is something we covered: the ::NUMBER(12, 2) cast for exactness, IFF for the branch, QUALIFY for the per-partition top-1, and unquoted identifiers throughout so nothing has to be quoted. That’s the dialect earning its keep.


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



Final thoughts

The through-line of this chapter is that Snowflake’s differences are mostly defaults you can name. The identifier that “doesn’t exist” is a case-folding rule you can see coming. The timestamp that shifts is a type you chose implicitly when you could have chosen TIMESTAMP_NTZ explicitly. The money that lost its cents is a FLOAT the loader inferred where you could have written NUMBER(12, 2). None of it is mysterious once you know the type under the alias and the rule under the behavior.

So make the choices on purpose. Declare concrete types instead of leaning on inference and aliases. Pick the timestamp variant that matches what the value means — wall clock, instant, or instant-with-offset — rather than accepting whatever TIMESTAMP_TYPE_MAPPING happens to be set to. Create objects unquoted so no one has to quote them later. And when you reach for a dialect extension like QUALIFY or MERGE because it genuinely simplifies real work, that’s a good trade — just know you’ve written something a plain-SQL migration won’t carry over, and name the dependency so a future move discovers it in a comment, not in a failure. Portability is a choice; the goal is to make it a deliberate one.





Account Administration and Metadata

Every chapter so far has lived inside a database — tables, warehouses, roles, queries. This last one climbs the ladder the other way: up past the database, past the schema, to the account itself and the organization above it, and then back down through the layer that makes all of it legible — the metadata. An account you can’t inspect is an account you operate by superstition. So the closing move of this book is to hand you the map and the flashlight: where objects actually live in Snowflake’s hierarchy, and how to ask the catalog what’s really there.

The shape above the database

You’ve been typing three-part names — sales.public.orders — this whole book. Above sales sits the account, and above the account sits the organization. Two identifiers name your account, and they are not interchangeable:


	The account identifier is orgname-accountname — a hyphenated pair like acmecorp-analytics. This is the modern, human-readable name, and it’s what appears in your Snowsight URL (https://acmecorp-analytics.snowflakecomputing.com) and in every driver connection string. It’s stable and readable, which is exactly why Snowflake nudges you toward it.

	The account locator is the older form — an opaque string like xy12345 bound to a specific cloud region (xy12345.us-east-1). It still works, it still shows up in legacy scripts, but it leaks the region into the name and reads like a license plate. Prefer the org-account form everywhere you can.



You can always ask which account you’re in:

SELECT CURRENT_ORGANIZATION_NAME(),
       CURRENT_ACCOUNT_NAME(),
       CURRENT_ACCOUNT(),        -- the locator
       CURRENT_REGION();

An account lives in exactly one cloud region — one of AWS, Azure, or GCP, in one geography. That single fact drives a lot: where your data physically sits, which regulations apply, and what “replicate to another region for disaster recovery” even means (we get there at the end).

Organizations and ORGADMIN

An organization is the container Snowflake gives a customer to hold multiple accounts — a production account, a dev account, a separate account in the EU for data-residency, and so on. The role that operates at that level is ORGADMIN, and it does a small, powerful set of things that no account-level role can:


	Create accounts within the organization (CREATE ACCOUNT ...), each in a region you choose.

	View organization-wide usage and billing across every account, through the SNOWFLAKE.ORGANIZATION_USAGE schema (more below).

	Enable replication between accounts, the prerequisite for cross-region and cross-cloud disaster recovery.



ORGADMIN is deliberately narrow. It is not a super-ACCOUNTADMIN — it can’t read your tables or manage your grants. It manages the accounts themselves and the billing envelope around them. In a one-account shop you may never activate it; the day you spin up a second account, it’s the role that does it:

USE ROLE ORGADMIN;
SHOW ACCOUNTS;                    -- every account in the org, with its region and edition
SHOW ORGANIZATION ACCOUNTS;      -- same, with more org-level detail

The mental model that keeps the levels straight: users and roles live inside an account. They do not span accounts. A person who needs access to your prod account and your EU account is two user records, one in each. The account is the security boundary — grants, roles, warehouses, and objects all stop at its edge. The organization is a billing-and-provisioning boundary that sits above that, not a shared login pool.

Two ways to query metadata, and when to use each

Snowflake exposes its own catalog as SQL. This is one of its quietly great features — “who read this table last week?” is a query, not a support ticket. But there are two surfaces with the same-sounding data and very different characteristics, and picking the wrong one is a classic newcomer stumble.

INFORMATION_SCHEMA — per-database, real-time, no history

Every database has its own INFORMATION_SCHEMA — a read-only schema of views and table functions describing that database’s objects. It’s the SQL-standard catalog, it’s real-time (no latency), and it holds no history of dropped objects — it shows you what exists right now.

-- every table in the SALES database, with row counts and byte sizes
SELECT table_schema, table_name, row_count, bytes
FROM sales.information_schema.tables
WHERE table_type = 'BASE TABLE'
ORDER BY bytes DESC;

Alongside the views are table functions — parameterized, so you call them like functions and select from the result. These answer time-bounded operational questions for the current account, live:

-- the last hour of queries, most expensive first
SELECT query_id, user_name, warehouse_name, execution_time, query_text
FROM TABLE(sales.information_schema.query_history(
        end_time_range_start => DATEADD('hour', -1, CURRENT_TIMESTAMP())))
ORDER BY execution_time DESC
LIMIT 20;

Storage detail lives here too, in the TABLE_STORAGE_METRICS view — which is where you’d go to see how many bytes a table is spending on Time Travel and Fail-safe versus active storage:

SELECT table_name, active_bytes, time_travel_bytes, failsafe_bytes
FROM sales.information_schema.table_storage_metrics
WHERE table_schema = 'PUBLIC';

Reach for INFORMATION_SCHEMA when you want the current truth, immediately, for one database.

SNOWFLAKE.ACCOUNT_USAGE — account-wide, historical, latent

The SNOWFLAKE database (a shared, read-only database present in every account) contains the ACCOUNT_USAGE schema, and it’s a different animal:


	Account-wide — every database, warehouse, user, and role in the whole account, in one place.

	Historical, up to 365 days — it keeps a rolling year of activity.

	Includes dropped objects — a DELETED (or DELETED_ON) column marks objects and grants that no longer exist. Filter WHERE deleted IS NULL when you want only what’s live.

	Latent — data is not real-time. Latency ranges roughly from 45 minutes to 3 hours depending on the view (query history lands fastest, access history slowest). It is an analytics surface, not a live monitor.



Access is gated: by default only ACCOUNTADMIN can read SNOWFLAKE, and you grant the IMPORTED PRIVILEGES on the SNOWFLAKE database to open it to other roles.

-- credits burned per warehouse, last 30 days — a billing question,
-- so it belongs in ACCOUNT_USAGE, not INFORMATION_SCHEMA
SELECT warehouse_name,
       SUM(credits_used) AS credits
FROM snowflake.account_usage.warehouse_metering_history
WHERE start_time >= DATEADD('day', -30, CURRENT_TIMESTAMP())
GROUP BY warehouse_name
ORDER BY credits DESC;

Because it keeps a year, ACCOUNT_USAGE is also where you watch things trend — storage creeping up, a warehouse quietly getting more expensive month over month:

-- average daily storage bytes per month, last 6 months
SELECT DATE_TRUNC('month', usage_date) AS mth,
       AVG(storage_bytes + stage_bytes + failsafe_bytes) AS avg_bytes
FROM snowflake.account_usage.storage_usage
WHERE usage_date >= DATEADD('month', -6, CURRENT_DATE())
GROUP BY 1
ORDER BY 1;

The decision rule is clean. Right now, one database → INFORMATION_SCHEMA. Trends, audits, billing, “what happened last month,” or anything about objects that no longer exist → ACCOUNT_USAGE. The same-named QUERY_HISTORY exists in both, and the difference is exactly this: the table function shows the live tail for the current account; the view shows a year of history with a couple of hours’ lag. Ask the same “how much did I query yesterday” question of both and you’ll get slightly different answers for the last hour — that gap is the latency, and knowing which surface you asked is how you stop being surprised by it.

ORGANIZATION_USAGE — the whole org’s bill

One level up again, the SNOWFLAKE database also carries ORGANIZATION_USAGE — the same idea as ACCOUNT_USAGE but aggregated across every account in the organization, readable by ORGADMIN. This is where you answer “what did the entire company spend on Snowflake last quarter,” across prod, dev, and EU accounts at once:

USE ROLE ORGADMIN;
SELECT account_name, usage_date, usage_in_currency
FROM snowflake.organization_usage.usage_in_currency_daily
WHERE usage_date >= DATEADD('month', -1, CURRENT_DATE())
ORDER BY usage_date;

Three surfaces, one hierarchy: INFORMATION_SCHEMA is one database’s live catalog, ACCOUNT_USAGE is one account’s year of history, ORGANIZATION_USAGE is the whole org’s bill.

SHOW, DESCRIBE, and turning their output into a table

Not everything is a view. The commands you’ll type most for quick inspection are SHOW and DESCRIBE, and they behave a little differently from a SELECT.

SHOW WAREHOUSES;                          -- all warehouses, with size, state, credits
SHOW TABLES IN SCHEMA sales.public;       -- tables, with rows, bytes, owner
SHOW GRANTS TO ROLE analyst;              -- what a role can do
DESCRIBE TABLE sales.public.orders;       -- columns, types, nullability, defaults
DESC USER dana;                            -- a user's properties (DESC is the alias)

SHOW is metadata-only and fast — it doesn’t scan data or spin up a warehouse, so it works even with no warehouse running. The catch is that its output isn’t a normal result set you can filter with a WHERE clause. To treat it as a table — to sort it, filter it, join it — pipe it through RESULT_SCAN(LAST_QUERY_ID()), which re-reads the previous query’s result as a queryable relation:

SHOW TABLES IN SCHEMA sales.public;

SELECT "name", "rows", "bytes"
FROM TABLE(RESULT_SCAN(LAST_QUERY_ID()))
WHERE "rows" > 1000000
ORDER BY "bytes" DESC;

Note the double quotes. SHOW output columns are named in lowercase ("name", "rows", "created_on"), and because Snowflake case-folds unquoted identifiers to uppercase, you must quote them or the column won’t be found — one of those case-folding traps we’ve hit all book. LAST_QUERY_ID() grabs the id of the immediately preceding statement; pass an explicit query id if you want an earlier one.

GET_DDL — recover an object’s definition

When you need the actual CREATE statement for something — to copy it to another environment, review it, or check it into version control — GET_DDL reconstructs it from the catalog:

SELECT GET_DDL('table',  'sales.public.orders');
SELECT GET_DDL('view',   'sales.public.order_summary');
SELECT GET_DDL('schema', 'sales.public');   -- DDL for every object in the schema

GET_DDL('schema', ...) is the tidy one: it emits the full CREATE statements for everything in a schema, in dependency order, which is a serviceable way to snapshot a schema’s structure into a file. It’s structure only — no data — but for “what does this object actually look like, exactly,” it beats piecing it together from DESCRIBE.

The DDL lifecycle: change objects without breaking them

Creating objects is the easy half. Operating a warehouse means changing them — renaming, deploying new versions, recovering mistakes — and Snowflake’s DDL verbs for that are deployment tools, not trivia. Here’s the lifecycle as one coherent story.

ALTER is the workhorse for in-place change — rename a column, add a column, change a parameter, none of which re-creates the object:

ALTER TABLE sales.public.orders RENAME COLUMN o_comment TO o_note;
ALTER TABLE sales.public.orders SET DATA_RETENTION_TIME_IN_DAYS = 30;
ALTER WAREHOUSE compute_wh SET AUTO_SUSPEND = 60;

RENAME renames the object itself. Renaming a table is a pure metadata operation — instant, no data movement — but every view, task, or piece of code that referenced the old name now points at nothing, so rename with a search for dependents in hand:

ALTER TABLE sales.public.orders RENAME TO sales.public.orders_v1;

ALTER also reaches up to the account. Account-level parameters set defaults that every session, warehouse, or object inherits unless it overrides them — the Time-Travel retention default, the query timeout, the week-start for date functions. Set once by ACCOUNTADMIN, they ripple everywhere:

USE ROLE ACCOUNTADMIN;
ALTER ACCOUNT SET DATA_RETENTION_TIME_IN_DAYS = 7;     -- default Time Travel for new objects
ALTER ACCOUNT SET STATEMENT_TIMEOUT_IN_SECONDS = 3600; -- kill runaway queries after an hour
SHOW PARAMETERS IN ACCOUNT;                            -- see all of them, with their levels

The precedence runs account → warehouse/user → session → object: the most specific setting wins, and SHOW PARAMETERS tells you which level a given value came from.

DROP and UNDROP are the safety net you met with Time Travel. DROP doesn’t erase — it removes the object from the namespace but keeps it recoverable for the object’s Time Travel retention window:

DROP TABLE sales.public.orders;
UNDROP TABLE sales.public.orders;     -- back, within the retention window

UNDROP restores the most recently dropped object of that name. Drop a table, create a new one with the same name, then UNDROP, and you’ll collide — you’d rename the new one out of the way first. This is the everyday “I deleted the wrong thing” recovery, and it’s why the retention window is worth setting deliberately.

SWAP WITH is the one people don’t discover until they need it, and then it’s a revelation. It atomically exchanges the names of two tables — the metadata pointers cross in a single instant, with no window where either name is missing:

-- build the new version fully, off to the side
CREATE OR REPLACE TABLE sales.public.orders_next AS
SELECT ... ;                          -- fresh, validated data

-- then flip them in one atomic move
ALTER TABLE sales.public.orders SWAP WITH sales.public.orders_next;

After the swap, orders is the new data and orders_next holds the old — instant, all-or-nothing, zero downtime. This is blue/green deployment for a table: readers querying orders never see a half-built state, and if the new version is wrong you swap back. It’s the professional alternative to TRUNCATE-then-reload, which leaves the table empty for however long the load takes.

CREATE OR REPLACE vs CREATE IF NOT EXISTS

Two CREATE variants look similar and behave oppositely, and the difference is all about Time Travel and object identity:


	CREATE OR REPLACE TABLE drops any existing table of that name and creates a brand-new one. It always succeeds and always gives you a clean object — but it’s a new object. The old version is dropped (retained in Time Travel, recoverable by renaming the new one aside and UNDROP-ing), but the new table starts with a new identity: its load history resets, and — importantly — any stream on the old table breaks, because the stream’s offset was tracking an object that no longer exists. Convenient for dev iteration; a footgun in production if something downstream was tracking the table.

	CREATE TABLE IF NOT EXISTS creates the table only if it’s absent, and is a no-op if it already exists — it does not touch the existing table, its data, or its history. This is the idempotent, safe-to-re-run form you want in deployment scripts.



The rule: OR REPLACE when you genuinely want a fresh object and accept the reset; IF NOT EXISTS when re-running a script must not clobber what’s already there. Reaching for OR REPLACE out of habit is how people accidentally sever a stream or blow away a table’s Time-Travel lineage.

Governance and observability: who did what

Roles decide who can do things; observability tells you what they actually did. The Account Usage views turn that into SQL, and a handful of them are the ones you’ll live in.

QUERY_HISTORY is the audit backbone — every statement, who ran it, on which warehouse, how long it took, how many bytes it scanned:

SELECT user_name, query_type, execution_time, bytes_scanned, query_text
FROM snowflake.account_usage.query_history
WHERE start_time >= DATEADD('day', -7, CURRENT_TIMESTAMP())
  AND query_type = 'DELETE'          -- who deleted data this week?
ORDER BY start_time DESC;

LOGIN_HISTORY answers “who logged in, from where, and did it succeed” — the first stop for a security review or a locked-out user:

SELECT user_name, event_timestamp, client_ip, first_authentication_factor, is_success
FROM snowflake.account_usage.login_history
WHERE event_timestamp >= DATEADD('day', -1, CURRENT_TIMESTAMP())
  AND is_success = 'NO'              -- failed logins in the last day
ORDER BY event_timestamp DESC;

GRANTS_TO_ROLES and GRANTS_TO_USERS — met in the roles chapter — are the queryable, historical picture of who’s been granted what, deleted grants included. They’re how you answer “who can read the payroll table?” without clicking through the UI.

ACCESS_HISTORY is the sharpest governance tool, and it’s Enterprise Edition and above. Where QUERY_HISTORY tells you a query ran, ACCESS_HISTORY tells you exactly which columns and tables that query read and wrote — the actual data-access lineage, per statement:

SELECT query_id, user_name, direct_objects_accessed, objects_modified
FROM snowflake.account_usage.access_history
WHERE query_start_time >= DATEADD('day', -7, CURRENT_TIMESTAMP());

direct_objects_accessed and objects_modified are semi-structured columns (arrays of objects) — the semi-structured skills from earlier in the book pay off here — and they’re the foundation for real answers to “has anyone ever read this sensitive column,” which is a compliance question you cannot answer from query text alone.

Account-level policies

Two guardrails clamp down at the account level and are worth naming even if you set them once and forget them.

Network policies restrict which IP addresses can even reach the account. You define the allowed (and blocked) ranges once, then attach the policy to the account or to specific users:

CREATE NETWORK POLICY corp_only
  ALLOWED_IP_LIST = ('203.0.113.0/24', '198.51.100.42');

ALTER ACCOUNT SET NETWORK_POLICY = corp_only;

Session policies govern session behavior — most usefully the idle timeout, so an abandoned Snowsight tab doesn’t stay authenticated all day:

CREATE SESSION POLICY tight_sessions
  SESSION_IDLE_TIMEOUT_MINS = 30;

ALTER ACCOUNT SET SESSION POLICY tight_sessions;

Both are account-wide by default and can be scoped to individual users when one group needs different rules.

Replication and failover, at a “what it is” level

Finally, the big-lever BCDR (business continuity and disaster recovery) story, which you should recognize the shape of even before you need it. Because an account lives in a single region, protecting against a whole-region outage means keeping a copy somewhere else — and that’s what replication and failover do.


	Replication continuously copies databases (and account objects) from a primary account to a secondary account, potentially in another region or even another cloud provider. The secondary is read-only and kept in sync on a schedule.

	Failover promotes that secondary to primary when disaster strikes, redirecting your workloads to it. Grouped into failover groups, this is available on Business Critical Edition and above.



You won’t stand this up on day one, and this book won’t walk the setup — but the takeaway is the durable one: your disaster-recovery posture is a function of your account and region, ORGADMIN enables the replication that underpins it, and it’s a deliberate design decision, not a checkbox. When someone asks “what happens if AWS us-east-1 goes down,” this is the vocabulary the answer is built from.


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



Final thoughts

That’s the whole foundation. Eighteen chapters ago Snowflake was a login screen; now you can reason about it from the organization down to a single micro-partition. You’ve stood up warehouses and understood why they cost what they cost, shaped roles so the account stays legible when it’s no longer just you, time-traveled and cloned, loaded and queried semi-structured data, tuned for performance, shared data, and — in this chapter — learned to interrogate the account itself and change its objects without breaking them. The connective thread through all of it is the same one this chapter made explicit: in Snowflake, the system describes itself in SQL. Cost, access, lineage, storage, history — none of it is hidden behind a dashboard you have to trust. It’s a query away, which means operating Snowflake well is mostly a matter of knowing which catalog to ask.

That’s also the honest boundary of “foundations.” You now have the map; the territory is where the real work happens, and it happens by building. This book was always the groundwork for three siblings that put Snowflake to work:


	dbt: SQL Promoted to Software — turn the SQL you’ve been writing into a real software project: models, tests, and a DAG, with version control and CI.

	The Modern Data Stack: Snowflake + dbt + Airflow — the capstone that points dbt at this warehouse with key-pair auth and orchestrates it end to end with Airflow and Cosmos.

	Dimensional Modeling — what to actually build in the warehouse: star schemas, fact and dimension tables, and slowly changing dimensions, each modeled in dbt on Snowflake.



Foundations were never the destination. They’re the floor you build the warehouse on — and now the floor is solid. Go build something on it.
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