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Introduction to Snowpark

1.1 What is Snowpark?

Snowpark is Snowflake's developer framework that allows data engineers, data scientists, and developers
to write code in their native programming language — Python, Java, or Scala — and execute it natively
inside Snowflake's compute engine. Unlike traditional approaches where data must be pulled out of
Snowflake for processing, Snowpark pushes computation directly into the Snowflake cloud data platform,
eliminating data movement and leveraging Snowflake's massively parallel processing (MPP) engine.

Snowpark was introduced to bridge the gap between SQL-centric Snowflake operations and the rich
ecosystems of Python (pandas, scikit-learn, PyTorch), Java, and Scala. It exposes a DataFrame API that
should feel familiar to Apache Spark developers while running entirely on Snowflake's infrastructure — no
Spark cluster required.

1.2 Why Snowpark? — The Core Value Proposition

Challenge (Without Snowpark) Solution (With Snowpark)

Data must leave Snowflake for Python processing Python runs inside Snowflake — zero data movement
ETL pipelines require separate Spark/Databricks cluster Single platform: storage + compute + orchestration

SQL alone cannot express complex ML preprocessing Full Python/Java/Scala expressiveness in-platform
Security & governance gaps between systems Unified RBAC, data masking, lineage across all workloads
Operational overhead of managing clusters Serverless execution on Snowflake virtual warehouses
Cost of egress & duplicate storage Process data where it lives — no egress fees

1.3 Supported Languages & Client Libraries

Snowpark currently supports three languages, each with a distinct client library:

Python snowflake-snowpark-python 1.0.0+ Python 3.8, 3.9, 3.10, 3.11
Java snowflake-snowpark-java 1.0.0+ JVM 11+
Scala snowflake-snowpark-scala 1.0.0+ Scala 2.12, JVM 11+

1.4 Architecture Overview

Understanding Snowpark's architecture is critical for interviews. The key insight is that Snowpark code is
translated into SQL, which then runs on Snowflake's query engine. Here is the execution flow:
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» 1. Developer writes code: Python/Java/Scala code using the DataFrame API or UDF registration on
the client.

¢ 2. Plan construction: Snowpark builds a logical plan (DAG of transformations) locally — no data
fetched yet.

» 3. SQL generation: When an action is triggered (.collect(), .show(), .write()), Snowpark translates the
plan to SQL.

* 4. SQL submission: The generated SQL is sent to Snowflake via the driver (JDBC/Arrow-based
transport).

* 5. Query engine execution: Snowflake's MPP engine executes the SQL across the virtual
warehouse nodes.

< 6. Result return: Results are streamed back to the client or written to a Snowflake table/stage.

KEY INTERVIEW POINT
Snowpark does NOT use Apache Spark. It is a completely independent framework.
The DataFrame API surface is similar to Spark by design, but the execution engine
is Snowflake's own SQL engine. Candidates who confuse the two will be marked down.

1.5 Snowpark vs. Traditional Approaches — Interview
Comparison

Data Movement Pull entire dataset Pull or sync data to HDFS/S3 Zero — compute goes to data
Language Any + SQL strings Python/Scala/Java/R Python/Java/Scala
Infrastructure Separate servers Separate Spark cluster Snowflake VW only
Governance Fragmented Fragmented Unified Snowflake RBAC
SQL Generation Manual Catalyst optimizer - Spark S@lutomatic (Snowpark — SQL)
Cost Model Variable cluster costs Per-cluster-hour Per-credit Snowflake
Learning Curve Low (familiar) Medium-High Low (Spark-like API)
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CHAPTER 2

Snowpark Setup & Session

2.1 Installation
Install the Snowpark Python library via pip. Always pin to a specific version in production:

i+ | net al |l ati nn

# Standard install

pi p install snowfl ake-snowpar k- pvthon

# Wth optional extras (for M workl oads)

pip install 'snowflake-snownark-pvthonl pandasl'
# Verifv installation

python -c "inport snowfl ake.snowpark; print(snow | ake. snowpark. _version_ )

2.2 Creating a Session

The Session object is the entry point to all Snowpark operations. It encapsulates the connection to
Snowflake and tracks all state. There is always exactly one active Session per program thread in typical
usage.

i+ Qaceci nn Mraatinn __Thraa Mbat hade

from snowf | ake. snownar k import Session
# Method 1: Dictionarv of connection paraneters
connection parans = {
"account ' : ‘vour account identifier', # e.a. xv12345.us-east-1
‘user': ‘your usernane'.
"password' @ 'vour password'. # prefer kev-pair in prod
‘role': ' SYSADM N,
'war ehouse' : ' COWUTE WH .
'database': 'MW DB,
'schema' : ' PUBLI C .
}
session = Session. bui | der. confias(connecti on parans).create()
# Method 2: Usina a nanmed connection from ~/.snow | ake/ confi a.tom
session = Session. buil der.confia(' connecti on nane', 'myvconn').create()
# Method 3: From environnment vari abl es
i mort os
session = Session. buil der. confias({
"account': o0s.environ[' SNOANFLAKE ACCOUNT' 1,
‘user': 0s. envi ron[' SNOANFLAKE USER 1.
"password': o0s.environ[' SNOANFLAKE PASSWORD 1.

}).create()

# Alwavs cl ose the session when done

sessi on. cl ose()
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2.3 Key-Pair Authentication (Production Best Practice)
from crvpt oar anhyv. hazmat . backends i nport default backend

from crypt oar aphy. hazmat . primtives inport serialization

with open('/path/to/rsa keyv.p8 . 'rb') as key file:
private kev = serialization.|load pemoprivate kev(
kev file.read(),
passwor d=b' vour passphrase'.
backend=def aul t backend()
)

pkb = private kev.private bvtes(
encodi na=seri al i zati on. Encodi na. DER,
format =serialization. PrivateFornat. PKCS8.
encryption al gorithmeserialization. NoEncryption()
)

sessi on = Session. bui | der. confi as({
"account ' : ' Xv12345. us-east-1'.
‘user': 'svc account' .
"private kev': pkb.
"role': ' DATA ENG NEER .
' war ehouse' : "ETL WH .
' dat abase' : ' PROD DB' .
' schema' : "ETL" .

}).create()

2.4 Session Properties & Configuration

After creating a session, you can inspect and modify its properties at runtime:

HH+ Qaceci nn NMbnanamnt

# I nspect current settinas

print(session.aet current database())
print(session.aet current schema())
print(session.aet current role())
print(session.aet current warehouse())

# Chanae context mi d-session

sessi on. use dat abase(' ANALYTI CS DB')

sessi on. use schema(' REPORTI NG )

sessi on. use war ehouse(' REPORTI NG WH )

sessi on. use rol e(" ANALYST')

# Set auerv taas for nonitorina

session.aquery taa = 'snowark etl pipeline v2'
# Enabl e auto-conmit (default True in Snowpar k)
session. sal (' ALTER SESSI ON SET AUTOCOW T = TRUE'). col | ect ()
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# Get Snowfl ake version

print (session.sql (' SELECT CURRENT_VERSION()').collect())

Q: How many Sessions can you have simultaneously?

A: Snowpark Python allows multiple Sessions in the same program (they use separate connections).
However, inside a Stored Procedure running in Snowflake, only ONE session exists — it is
automatically provided as the first argument and you cannot create additional sessions.
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CHAPTER 3

DataFrame API Deep Dive

3.1 What is a Snowpark DataFrame?

A Snowpark DataFrame is a lazily evaluated, distributed representation of tabular data. It is
conceptually identical to a Spark DataFrame or a pandas DataFrame, but the computation always
happens inside Snowflake. A DataFrame does not hold any data until an action is called — it simply builds
a logical execution plan.

3.2 Creating DataFrames — All Methods
4 v aatinA Dat aCr arme
from snowf | ake. snownar k. functions import col, lit
from snowf | ake. snownar k. t vpes inport |nteaerTvpe. StrinaTvpe. StructField. StructTvpe
# --- Froma Snowf | ake table ---
df table = session.tabl e(' SALES. PUBLI C. ORDERS' )
# --- From SCL strina ---
df sal = session.sal (' SELECT order id. ampunt FROM orders WHERE status = \"CLOSED\"')
# --- FromPython list (for snall datasets / testina) ---
data = [(1. "Alice'. 5000). (2. 'Bob'. 3200)1
df list = session.create datafrane(data, schema=['id'. 'name'. 'salarv'l])
# --- Wth explicit schema ---
schema = Struct Tvpe([
StructField('id'. I nt eaer Tvype(). nul | abl e=Fal se).
StructFi el d(' nane' . StrinaTvpe(). null abl e=True).
StructField('salarv'. InteaerTvpe(). nullabl e=True).
1)

df tvped = session.create datafrane(data. schema=schena)

# --- Froma stage file (CSV) ---

df staae = session.read.option('header', True) \
.option('infer schema', True) \
.csv(' @W STAGE/datal')

# --- Froma Parquet file ---

df parauet = session.read. parauet (' @A STAGE parauet data/')

# --- Ranae (like Spark)

df _range = session.range(0, 100, 2) # 0,2,4,...,98

3.3 Transformations (Lazy)

Transformations return a new DataFrame and do NOT trigger execution. Snowpark builds a logical plan
internally. Common transformations:

# Common Transf or mati ons
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from snowf | ake. snowpar k. functi ons inmport col. upper. sumas sum., ava. count. when
df = session.tabl e(' ORDERS')
# SELECT —col unm sel ection & renanina
df 2 = df.select('order id . 'custoner id . col("anount').alias('order anmpunt'))
# FILTER / WHERE
df3 = df.filter(col ('status') == 'CLOSED )
df 4 = df.where((col ("anpunt') > 1000) & (col ('reaion') == "'EMEA))
# W THCOLUW —add or replace a col um
df5 = df .with colum('tax'. col ('ampunt') * |it(0.18))
# W THCOL UMNRENANVED
df 6 = df.with columm renamed(' order ts'., 'order tinestam')
# DROP col umms
df 7 = df .drop("internal flaa'. 'tenp col')
# GROUPBY + AGGREGATI ON
df aaa = df.aroup bv('reaion').aaa(
sum ("anmount').alias('total sales'),
ava(' amount'). alias('ava order').
count (' order id').alias('numorders')
)
# ORDER BY
df sorted = df aaa.sort(col('total sales').desc())
# LIMT
df topl0 = df sorted.limt(10)
# JON
custonmers = session. tabl e(' CUSTOVERS' )
df joined = df.jioin(custoners, df['custonmer id' 1 == custoners['cust id'1.
# UNION / UNI ON ALL
df union = df.union(session.tabl e(' ORDERS ARCH VE'))
df union all = df.union all(session.table(' ORDERS ARCH VE'))
# DI STI NCT
df distinct = df.select('custoner id).distinct()
# FLATTEN (for semi-structured data)

df _flat = df.join_table function('flatten', col('json_colum')['itens'])

3.4 Actions (Eager — Trigger Execution)

Actions send the query to Snowflake and return results. Each action generates and executes a SQL
statement.

HH Art i nne Tri naari nn Evariiti nn

# collect() —returns |list of Row obiects (pulls all data to driver!)
rows = df.collect()

for rowin rows:

print(row'order id 1. row'anmount'l)

# show() —prints tabular output to console (default 10 rows)
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df . show ) # 10 rows

df . show( 50) # 50 rows

# to pandas() —convert to pandas DataFrame (careful with [arae data!)
pandas df = df.to pandas()

# to pandas batches() —iterator for larae result sets

for batch in df.to pandas batches():

process( bat ch)

# count() —row count w thout returning data

n = df.count()

# first() —first N rows

first row = df.first() # 1 row as Row obi ect

first five = df.first(5) # list of 5 Row objects

# wite —persist to table (see Chapter 7 for full details)

df .write.node(' overwrite').save as table(' My DB. PUBLI C. RESULT TABLE')
# copv into table —use COPY I NTO for hiah-performance bulk wites

df .write.copy_into_ | ocation('@W_STAGE output/', file format_type='csv')

3.5 Lazy Evaluation — Deep Dive

Snowpark's lazy evaluation is identical in concept to Apache Spark and SQL query optimizers.
Understanding this thoroughly is expected at a senior level:

* Plan accumulation: Each transformation appends to an internal logical plan tree (DAG).
* No data movement: The driver machine processes zero data during transformations.

* Optimizer hints: Snowflake's query optimizer can reorder, push down filters, and prune columns from
the generated SQL.

* Debugging: Use df.queries to inspect the generated SQL before execution.

e Caching: Unlike Spark, Snowpark DataFrames do NOT have an explicit .cache() method.
Snowflake's result cache serves this role.

i+ Mahiinni na | azvu Eral nati an

# I nspect aenerated SOL w t hout executina

print (df. aueri es)

# Returns: {'aueries': ['SELECT ...'1. 'post actions': []1}
# Explain plan (loaical + phvsical)

df . expl ai n()

3.6 Schema Handling

H Qrharm | nenarti nn

# Print schema

df . schema. print tree()

# Access as Struct Tvpe

schema: Struct Tvpe = df.schema

for field in schema.fields:

print(field.nane. field.datatvpe. field.nullable)
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# Snowpar k tvpe nmappi na
from snowf | ake. snowpar k. t vpes i nport (

LonaTvpe. Doubl eTvpe. Deci nal Tvpe. Bool eanTvpe.

Dat eTvype. TinmestanpTvpe, StrinaTvpe. BinarvTyvpe,

ArravTvpe. MapTvpe. Vari ant Tvpe. GeoaraphvTvpe
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CHAPTER 4

Column Expressions & Functions

4.1 Column Object

Every expression in a DataFrame transformation produces a Column object:
4 LAl linn Evinr acci ane
from snowf | ake. snownar k. functions i mort col, |it
# Three wavs to reference a col um
cl = col (' anount"') # function form
c2 df [ amount ' 1 # subscript on DataFrane
c3 = df.anount # attribute access
# Literal value
cd = 1it(42) inteaer literal
c5 = lit("ACTI VE") strina literal
c6 = lit(None) NULL
# Columm arithnetic
tax col = col ("amount') * lit(0.18)
total col = col('amount') + col ('tax')
diff col = col('budaet') - col("actual")
ratio col = col("actual') [/ col ('budaet")
# Col unm conmari son operators
maskl col (*status') == 'ACTI VE
mask?2 col ("amount') > 1000
mask3 col (" amount ') . bet ween( 500, 5000)
mask4 = col (" nanme').|ike(" %Corn% )
mask5 = col ('reaion').isin(['EVEA , 'APAC 1)
mask6 = col ("note').is null ()
mask7 = col ('note').is not null ()
# Bool ean conbi nati ons
conbi ned = naskl & mask2
ei t her = maskl | nmask2
neaat ed ~maskl
# Ali as
renaned = col (" anpunt').alias('order value')
# Cast
from snowf | ake. snownar k. t ypes i nport Doubl eTvpe

casted = col ('str_anount'). cast (Doubl eType())

4.2 Built-in Functions

Snowpark exposes all Snowflake SQL functions through snowflake.snowpark.functions:

# Built-in Function Exanples
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from snowf | ake. snownar k i mport functions as F

- Strinag ---

.upper(col (*nane')). F.lower(col ('name')). F.trimcol ('nane'))
.substr(col (' code'), 1, 3) # 1-based |ike SOL
.concat(col ("first")., lit(" "), col('last'))
.reaexp repl ace(col (' phone'), r'["0-91". "")
.split(col('csv field ). lit("."))

Nuneric ---
.round(col ("anount'), 2)
.abs(col ("diff'))
.floor(col('score')). F.ceil(col('score'))
.pow col (' base'). lit(2))
.sart(col ("variance'))
loa(lit(10). col ('value')) # 1 0al0

--- bate [/ Tinme ---

.current date()., F.current tinestam()

.dateadd('dav'. lit(30). col('order date'))

.datediff('day', col('start'), col('end date'))

.date trunc('nonth', col('ts"'))

.vear(col ("ts'))., F.nmonth(col ('ts')). F.davofweek(col('ts"'))
.to date(col ("str date'). lit('YYYY-MV DD ))

--- Adareaate ---
.sum(col ("amount')). F.ava(col (" anmount'))
.mn(col ("anmpbunt')). F.max(col (' anmount'))
.count(col (*id)). F.count distinct(col('custonmer id))
.stddev(col ('score')). F.variance(col('score'))
.listaaga(col ("taa'). lit('.")).within aroup(col ('taa').asc())
- Conditional ---
Liff(col ("amount') > 1000, lit('HGH), lit('LOW))
.coal esce(col (' phone'). col ('nobile' ). lit("'NA))
.nullif(col('code' ), lit('"))
.nvl (col ("discount'). lit(0))
- Array / Obiect (sem -structured) ---
.array construct(lit(1), lit(2), lit(3))
.arrav size(col ('taas'))
.array contains(lit('VIP'), col('taas'))
.obiect construct(lit('k'"). col('v'))
.aet path(col ('variant col'), lit('address.city'))

.parse ison(col ('raw ison'))

#
F
=
F
=
F
#
F
F
F
F
F
F
#
F
F
F
F
F
F
#
F
=
F
=
F
#
F
F
F
F
#
F
F
F
F
F
F
F

.to_variant(col (' anount'))

4.3 Window Functions

Window functions apply aggregate or ranking operations over a sliding window of rows:

# W ndow Functions
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from snowf | ake. snowoar k i noort W ndow
from snowf | ake. snowpar k. functi ons inmport row nunber, rank, dense_rank, lag, |ead, sum as
sum

# Define a w ndow spec

w = Wndow. partition bv('reaion').order bv(col ('order date').desc())

# Row nunmber within each reaion (ordered by date)

df2 = df .with colum('rn". row numnber (). over(w)

df2 = df2.with colum('rnk'. rank().over(w)

df2 = df2.with colum('drk'. dense rank().over(w)

# Laa / Lead

df2 = df2.with col um(' prev anount', laa(col ("amount'), 1).over(w)

df2 = df2.with col um(' next anmount'. lead(col ('anpunt'). 1).over(w)

# Runni na total (rows between unbounded precedi na and current row

w runni na = Wndow. partition by('reaion').order by('order date') \
.rows bet ween( W ndow. UNBOUNDED PRECEDI NG, W ndow. CURRENT ROW

df2 = df2.with colum(' runnina total'. sum ('anmount').over(w runnina))

# Movi na averaae (last 3 rows)

w novi na = W ndow. partition bv('reaion').order bv('order date') \
.rows between(-2. W ndow. CURRENT ROW

from snowf | ake. snowpar k. f uncti ons i nport ava

df2 = df2.with col um(' novi na ava3'. ava('anount').over(w novi na))

# Get |atest record per aroup (conmon deduplication pattern)
df _deduped = df2.filter(col('rn") == 1)
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CHAPTER 5

User-Defined Functions (UDFs)

5.1 UDF Types Overview

Scalar UDF 1row - 1 value Row-by-row in Snowflake Simple transformations, lookups
Vectorized UDF N rows — N values Pandas batches (Arrow) NumPy/Pandas operations, ML inference
UDTF (Table Function) 1row — N rows Row-by-row in Snowflake Exploding arrays, parsing, expansion
Aggregate UDF N rows — 1 value Custom accumulator Custom aggregations

5.2 Scalar UDFs

i Qral ar 1INE Dani ot r ati nn
from snowf | ake. snowpar k. f uncti ons i nport udf

from snowf | ake. snowpar k.t vpes i mport StrinaTvpe. |nteaer Tvpe

# --- Inline (anonvnous) UDF ---
double it = udf(lanbda x: x * 2, return tvpe=InteaerTvpe().
i nput tvpes=[Inteaer Tvpe()1)

df .with col um(' doubl ed'. double it(col('anmount')))

# --- Decorator stvle (named. reaistered in Snowfl ake) ---
@df (nanme='cl assifv custoner',
return tvpe=StrinaTvpe().
i nput tvpes=[1nteaer Tvpe()1.
i s permanent =Tr ue.
staae | ocation=" @/L STAGE .
repl ace=Tr ue.
sessi on=sessi on)
def classifv custoner(revenue: int) -> str:
if revenue >= 100 000:
return ' PLATI NUM
elif revenue >= 50 000:
return ' GOLD
elif revenue >= 10 000:
return 'Sl LVER
return ' BRONZE'
# Use it like a columm function
df .with colum('tier'. classifv custoner(col('annual revenue')))
# Reai ster existina function w thout decorator
def parse icd code(code: str) -> str:

return code.split('.")[0]l if code el se None

i cd_udf = session.udf.register(
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parse icd code,

nane=' PARSE | CD .

return tvpe=StrinaTvpe().

i nput tvpes=[StrinaTvpe()1.
repl ace=Tr ue

5.3 Vectorized UDFs (Pandas UDFs)

Vectorized UDFs receive a pandas Series or DataFrame as input instead of individual rows. This is
dramatically faster because Snowflake passes data in Arrow format batches, eliminating per-row Python
overhead. Ideal for ML inference, NumPy operations, or regex.

H \/loart nri 7ad ( Dandac) I INCe
inmport pandas as nd
from snowf | ake. snowpar k. f uncti ons i nport pandas udf

from snowf | ake. snowpar k. t vpes i nport PandasSeri es. PandasDat aFr ane

# Si nal e-col um input - sinale-colum output

@andas udf (nane=' nornalize score',
return tvpe=PandasSeries[floatl.
i nput tvpes=[ PandasSeries[floatl],
sessi on=sessi on,
repl ace=Tr ue)

def normalize score(scores: pd.Series) -> pd. Series:

# Entire batch processed as a nunpy arrav —veryv fast

return (scores - scores.mn()) / (scores.max() - scores.mn())

# Mul ti-colum input usina PandasDat aFrane
@andas udf (nane=' predi ct churn',
return tvpe=PandasSeriesl[floatl.
i nput tvpes=[ PandasDat aFrane[float, float, intl],
sessi on=sessi on.
repl ace=Tr ue,
packaaes=["scikit-learn'T.
i mports=["' @ STAGE/ nodel . pkl 1)
def predict churn(df: pd.DataFrame) -> pd. Seri es:
imort joblib, svs
nmodel = joblib.load(svs. xoptions.aet('snow|ake inmport directorv') + 'nodel.pkl")

return pd. Series(nodel . predi ct _proba(df.values)[:, 1])

5.4 User-Defined Table Functions (UDTFs)

i+ 1INTE ___Tahl a Ciineti nn

from snowf | ake. snownar k. functions i moort udtf
from snowf | ake. snownar k. t vpes inport StructTvpe, StructField, StrinaTvpe. |InteaerTvpe
@dt f (name="split taas',
out put schema=St ruct Tvpe([
StructField('tag', StringType()),
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StructFiel d(' position'. InteaerTvpe()).
1.
i nput tvpes=[StrinaTvoe()].
sessi on=sessi on,
repl ace=Tr ue)
class SplitTaas:
def process(self. taa strina: str):
# vield one tuple per output row
for i. taa in enunerate(taa strina.split('.")):
vield (taa.strip(). i)
# UDTFs are called as table functions (ioin table function)
df taas = session.table(' PRODUCTS ).join table function(

split taas(col ('taas')) # expands each row to nultiple rows

5.5 UDF Dependencies — Packages & Imports

UDFs run inside Snowflake's sandboxed Python environment. You must explicitly declare any third-party
packages and custom file imports:

i+ 1INC Darl,anac 2 | mnartc

# Packaaes from Snowfl ake's Anaconda channel (zero upl oad reauired)

@udf (packaaes=[' pandas', 'scikit-learn==1.3.0", 'numpy'., 'xaboost'l,
)

def train nodel (...):

from skl earn. ensenbl e i mport G adi ent Boosti nad assifi er

# Upl oad a custom | ocal nodule to a staage, then import it
session. add i mport (' /Il ocal / path/ myvnodul e. pv')

session. add i mport (' /| ocal / pat h/ model . pkl ")

# O upload directlv to a nanmed staae

session.file.put('/local/path/utils.py', '@OCDE STAGE ., auto conpress=Fal se)

@udf (i nports=[' @CODE STAGE/ utils.py'., ' @CODE STAGE/ nodel . pkl'1,
packaaes=["' xaboost' 1.
D)
def score(features):
i mort svs
imort dir = svs. xoptions['snowflake inport directorv'l

import utils # avail abl e because of inports=

5.6 Permanent vs Temporary UDFs

Temporary UDF Permanent UDF

Scope Current session only Registered in Snowflake catalog
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Temporary UDF Permanent UDF

Persistence Dropped at session end Survives indefinitely

Stage req. Not required stage_location required to store code
Use case Ad-hoc, development Production pipelines, shared teams
Call syntax DataFrame API only SQL + DataFrame API
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CHAPTER 6

Snowpark Stored Procedures

6.1 What Makes Snowpark Stored Procs Different?

Traditional Snowflake stored procedures use JavaScript. Snowpark stored procedures extend this to
Python, Java, and Scala, allowing full use of the DataFrame API, UDFs, and Snowpark ML inside a
server-side procedure that runs entirely in Snowflake — no client needed.

JavaScript Stored Proc Snowpark Python Stored Proc

Language JavaScript Python (+ Java, Scala)

DataFrame API Not available Full Snowpark DataFrame API

ML Libraries None scikit-learn, XGBoost, PyTorch (via packages)
SQL Execution snowflake.execute() session.sql() or DataFrame actions
Ecosystem Limited Full Python ecosystem

6.2 Writing & Registering a Stored Procedure
from snowf | ake. snowpark i nport Session

from snowf | ake. snownar k. functi ons i nport sproc

# The first araument is ALWAYS the Session obiect (iniected by Snowfl ake)
def refresh daily sunmarv(session: Session, run date: str) -> str:
"""Rebuild the DAILY SUMVARY table for a aiven date."""
# Use Dat aFrane API
orders = session.table(' ORDERS' ). filter(
session. sal (f"SELECT * FROM ORDERS WHERE DATE(order ts) = '{run datel'").coll ect
)
# Or use session.sal directly
session.sal (f"""
I NSERT | NTO DAI LY SUMVARY
SELECT '{run date}'. reaion. SUM anount)
FROM ORDERS WHERE DATE(order ts) = '{run date}'
GROUP BY reaion
).collect()

return f' Sutmaryv built for {run datel'

# Redi ster as a pernmanent stored procedure

sessi on. sproc. reai ster (
refresh dailv summarvy,
nane=' REFRESH DAI LY SUMVARY' .
i s permanent =Tr ue,
stage_l| ocati on=' @ROC_STAGE' ,
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packaaes=["' snowf | ake- snowoar k- pvt hon' 1.

repl ace=Tr ue,
execute as='caller’ # or 'owner'
)
# Call it from SOL
# CALL REFRESH DAI LY SUWMARY(' 2024-11-15');

# Call it from Pyvthon

result = session.call (' REFRESH DAI LY SUMVARY' .

print(result) # 'Summary built for 2024-11-15'

6.3 Caller Rights vs. Owner Rights

This is a frequently tested interview concept. The execute_as parameter controls whose privileges are

used when the procedure runs:

Aspect execute_as='caller’ execute_as='owner'

Who's privilege used? The calling user's role The procedure owner's role

Data access Caller must have access Owner's grants apply

Security model Transparent — caller sees everything proc camimpsulated — caller needn't have direct table access
Use case Ad-hoc, user-specific access Shared ETL, controlled elevation

Default No — must be explicit Yes (default if omitted)

'2024-11-15")

6.4 Exception Handling & Logging in Stored Procs

i+ Fveranti nn Handl i nn

imort | oaai na

from snowf | ake. snowpark i nport Session
| oaaer = | oaai na. aet Loaaer (' snownar k. proc' )

def robust etl (session: Session, table nane:

try:

str) -> str:

| oager.info(f'Startina ETL for {table nanel}')

df = session.tabl e(table nane)
count before = df.count ()

# ... transformations ...

| oaaer.info(f'Processed {count beforel rows')

return f' SUCCESS: {count before} rows processed'

except Exception as e:
| oaaer.error(f'ETL failed: {str(e)}")

raise # Re-raise so Snowfl ake marks the call

# Enabl e event table | oaaina in Snowfl ake to capture | oaaer

# ALTER PROCEDURE ROBUST_ETL(VARCHAR) SET LOG LEVEL =

as failed

I NFG,

out put
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CHAPTER 7

Data Loading & Unloading

7.1 Reading from Stages
i+ Doadi nn Cil ae fram Qf anac
# CSV with header inference
df csv = session.read \
.option('header'. True) \
.option('infer schema', True) \
.option('skip blank lines'. True) \
.csv(' @W STAGH i nput/2024/")
# JSON
df ison = session.read.ison(' @& STAGE/ events/')
# Par auet
df parauet = session.read. parquet (' @& STAGE/ parauet/"')
# Avro
df avro = session.read. avro(' @& STAGE/ avro/"')
# ORC
df orc = session.read.orc(' @V STAGE/orc/')
# Specifv file format obiect
df custom = session.read \
.option('fornat name'. ' MY CSV FORMAT') \
.csv(' @W_STAGE/ data/"')

7.2 Writing to Tables
H+ \Witinn Nat aCr amme tn Tahl ac 2 C anac
# Overwite existina table
df .write.nbde(' overwite').save as table(' TARGET TABLE )
# Append to existinag table
df .write.node(' append').save as tabl e(' TARGET TABLE')
# Error if table exists (default)
df .write.node(' errorifexists').save as tabl e(' TARGET TABLE' )
# lanore if table exists
df .write.nbde('ianore').save as tabl e(' TARGET TABLE')
# Qualify with full path
df .write.node(' overwrite').save as table(' My DB. PROD. DAILY SUMVARY" )
# Wite with table clusterina
df .write.node(' overwite') \
.option('cluster bv'. ['reaion', '"order date'1) \
.save as tabl e(' CLUSTERED ORDERS')

# COPY | NTO — hi gh- performance unl oad to stage
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df .wite \
.copy into location(' @XPORT STAGE/ out put/",

file format tvpe='parauet'.

header =Tr ue,

overw ite=True)

7.3 File Upload / Download

H+ DI /| (T Cil oc

# Upl oad local file to Snowfl ake staae

put result = session.file.put(
"/l ocal /dat a/ cust oners. csv', # |l ocal path
'@ STACGE/input/'. # staae path
aut o connress=Tr ue. # &ZI P conpress
overw ite=True

)

print(put result) # List of PutResult obiects

# Downl oad from staae to | ocal
get result = session.file.aet(
' @W STAGE/ out put/report.csv'. # staoge path

"/l ocal / downl oads/' # local directory
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CHAPTER 8

Snowpark ML & ML Pipelines

8.1 Snowpark ML Overview

Snowpark ML is a Python library (snowflake-ml-python) built on top of Snowpark that provides
scikit-learn-compatible preprocessing, model training, and model registry capabilities — all executing
within Snowflake. It eliminates the need to move training data out of Snowflake.

Preprocessing StandardScaler, OrdinalEncoder, OneHotEncoder, etc. sklearn.preprocessing

Model Training XGBClassifier, LinearRegression, etc. (optimized for Snowflaté¢arn estimators

Model Registry Versioned model storage inside Snowflake MLflow / SageMaker Registry
Feature Store Centralized feature definitions with lineage (preview) Feast / Tecton

ML Pipelines Pipeline class for chaining transformers + estimator sklearn.pipeline.Pipeline

8.2 Preprocessing with Snowpark ML

i+ LCoatiira Dranr ncocci nn
from snowf | ake. m . nodel i ng. preprocessi ng i nport StandardScal er, Ordi nal Encoder, OneHot En
coder

from snowf | ake. m . nodel i na. pi peline i nport Pipeline

# Traini na data as Snowoar k Dat aFr anme
train df = session.table(' M. TRAI Nl NG DATA' )

# St andar dScal er
scal er = StandardScal er (i nput col s=['AGE'. ' SALARY'. ' SCORE'1.
out put col s=[' AGE SCALED , 'SAL SCALED , ' SCORE SCALED 1)

scaled df = scaler.fit(train df).transforn(train df)

# Ordi nal Encoder for ordinal cateaoricals
enc = O di nal Encoder (i nput col s=["' EDUCATI ON LEVEL'1.
out put col s=[' EDU ENCODED 1,
cat egori es={' EDUCATI ON_LEVEL' : ['H GH_SCHOOL', ' BACHELORS' , ' MASTERS'

,'PHD 11)
enc df = enc.fit(scaled df).transforn{scal ed df)

# OneHot Encoder for nomi nal cateaqoricals

ohe = OneHot Encoder (i nput col s=[' REG ON 1. output cols=['REG ON OHE'1.
drop input col s=True)

ohe_df = ohe.fit(enc_df).transforn{enc_df)

8.3 Full ML Pipeline

For personal study use only ¢ Wreetojyoti Ray ¢ 2025



Snowpark for Snowflake — Interview Study Guide

from snowf | ake. nl . nodel i na. pi pel i ne imort Pipeline
from snowf | ake. nl . nodel i na. xaboost i mport XGBC assifier
from snowf | ake. nl . nodel i na. nodel sel ection inport train test split
from snowf | ake. nl . nodel i na. metrics inmport accuracy score
# Split data
train, test = train test split(session.tabl e(' CHURN FEATURES' ),
test size=0.2. random st at e=42)
FEATURE COLS = [' AGE' .' TENURE' .' BALANCE' .' NUM PRODUCTS' .' | S ACTI VE'1
LABEL COL = ' CHURNED
pi pel i ne = Pipeline(steps=[
('scaler'. StandardScal er(input col s=FEATURE COLS,
output cols=[f'{c} SC for c in FEATURE COLS])).
("clf'. X@Bd assi fier(
input cols=[f'{c} SC for c in FEATURE COLS],
| abel col s=[ LABEL COLI.
out put col s=["' PREDI CTED CHURN 1,
n esti mat or s=200.
| earni na rate=0. 05,
max dept h=6
))
1)
# Train —runs inside Snowf|l ake, no data | eaves!
pipeline.fit(train)
# Predict on test set
predi ctions = pipeline.predict(test)
predi ctions. sel ect (LABEL COL. ' PREDI CTED CHURN ). show )
# Eval uate
acc = accuracy score(df=predictions, v true col nanes=[ LABEL COL],
v pred col nanes=["' PREDI CTED CHURN 1)
print(f'Accuracy: {acc:.4f}")

8.4 Model Registry

i+ NhAdal Danictryv | nn \/ar ci nn Nanl Av

fromsnowfl ake. m .reaistrv i nport Reaistryv

# Create/connect to reaistryv
reai stry = Reai strv(session=sessi on, database name=' M. DB', scherma nane=' MODELS')
# Loa a trained nodel
nodel ver = reaistrv.|oa nodel (
pi pel i ne, # trained Pipeline / estimtor
nodel name='churn xab v2'.
version nanme='v1.0",
netrics={'accuracy': acc. 'auc': 0.87},
sampl e input data=train.limt(100), # for schenma inference

coment =' XGoost churn nodel trained on 8 2024 data'
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# List nodels

for min reaistry.aet nodel (' churn xab v2').versions():
print(mversion name., mmetrics)

# Load and run inference

| oaded nodel = reaistrv.aet nodel (' churn xab v2').version('vl. 0")

i nference df = session.tabl e(' NEW CUSTOVERS' )

result = | oaded nodel . run(inference df. function nanme='predict')

resul t.show)

# Depl oy as a Snowfl ake function (batch inference)

| oaded nodel . depl ov(

depl ovnent nanme='churn predict fn',

options={'compute pool': 'My GPU POOL'}? # for Snowoark Container Services
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CHAPTER 9

Performance & Optimization

9.1 Query Pushdown — The Most Important Concept

Query pushdown means Snowpark translates the entire DataFrame transformation chain into a single,
optimized SQL statement and sends it to Snowflake. The data never leaves Snowflake until an action is
called. This is fundamentally different from pulling data to pandas and processing locally.

0 CORRECT PATTERN — Full pushdown (one SQL statement)

df = session.table(ORDERS')
filter(col('year') == 2024) # pushed to WHERE clause
.group_by('region’) # pushed to GROUP BY
.agg(sum_(‘amount')) # pushed to SUM()
.sort(col('sum(amount)').desc())

result = df.collect() # ONE SQL sent to Snowflake

df = session.table(ORDERS').to_pandas() # pulls ALL data
df_filtered = df[df['year] == 2024] # local CPU
result = df_filtered.groupby(‘region’)['amount].sum() # local CPU

9.2 Caching Strategies

Snowflake has three layers of caching. Understanding them is critical for performance tuning:

Result Cache Full query results 24 hours (resets on data change) Account-wide
Local Disk Cache Micro-partition data LRU per warehouse node Per-warehouse
Remote Disk Cache Micro-partition files Indefinite (S3/Azure/GCS) Account-wide

For Snowpark: if the same DataFrame plan generates the same SQL query and the underlying data has
not changed, Snowflake will return the cached result immediately without consuming any compute credits.
This is why setting session.query_tag consistently helps identify and leverage cached queries.

9.3 Partitioning, Clustering & Pruning

Snowflake automatically partitions data into micro-partitions (~50-500MB compressed). Micro-partition
pruning (eliminating partitions that cannot satisfy a filter predicate) is Snowflake's primary performance
mechanism. Snowpark filters are pushed into SQL WHERE clauses, enabling pruning automatically.
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* Cluster Keys: Define custom clustering on frequently filtered columns using ALTER TABLE ...
CLUSTER BY. Snowpark DataFrames benefit automatically when filters match cluster key columns.

e Automatic Clustering (AC): Snowflake continuously re-clusters large tables. Works transparently

with Snowpark.

« Filter order matters: Apply the most selective filters first in your DataFrame chain for maximum

pruning.

e Avoid SELECT *: Use explicit column selection to enable column-level pruning (Snowflake stores

data columnar).

9.4 Performance Best Practices

Anti-Pattern

df.to_pandas() for large data
Multiple .collect() calls

UDF for simple string ops
Scalar UDF on large data
Cartesian join (no condition)
Non-selective first filter
show() in production

Ignore warehouse size

Keep transformations in Snowpark
Combine into one DataFrame chain
Use built-in F.* functions
Vectorized (pandas) UDF

Always specify join condition

Apply most selective filter first
write.save_as_table() or collect()

Right-size VW for workload

Better Approach Why

Eliminates data movement

Reduces round-trips

Built-ins are SQL — zero serialization
Batch processing via Arrow

Explodes row count

Maximizes micro-partition pruning
show() has row limit, misleading

S - XL - 2XL for heavier transforms
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CHAPTER 10

Advanced Topics

10.1 Dynamic Tables

Dynamic Tables are a Snowflake feature that declaratively defines a transformation as a query and
automatically refreshes the results on a schedule or triggered by upstream changes. They can be created
and queried using Snowpark:

i+ M/nam ~ Tahl ac with Qnnwnarls
# Create a Dvnanic Table via session.sal ()
session.sal ("""
CREATE OR REPLACE DYNAM C TABLE CUSTOVER SUMVARY
TARGET LAG = '1 hour'
WAREHOUSE = COWPUTE WH
AS
SELECT custoner id.
SUM anpbunt) AS total spent,
COUNT( *) AS num or ders.
MAX(order ts) AS | ast order
FROM ORDERS
GROUP BY custoner id
“"").collect()
# Querv the dvnamic table |ike anv other table
df sunmary = session.tabl e(' CUSTOVER SUMVARY' )
df summary.filter(col ('total spent') > 10000).show )
# Manual | v refresh
sessi on. sql (' ALTER DYNAM C TABLE CUSTOVER_SUMVARY REFRESH ). col | ect ()

10.2 Snowpark Container Services (SPCS)

SPCS allows running containerized workloads (Docker containers) inside Snowflake's network boundary.
This enables GPU-accelerated ML inference, custom web services, and LLM deployments without data
leaving Snowflake.

e« Compute Pools: Named pools of container nodes (CPU or GPU) managed by Snowflake.
e Services: Long-running containers that expose HTTP endpoints.

< Job Services: Ephemeral containers that run a task and exit.

* Integration with Snowpark ML: Deploy models as SPCS services for real-time inference.
* Network policy: All egress/ingress is controlled by Snowflake's network policy.

10.3 Asynchronous Execution

H Acvine FEvariiti nn

# Fire-and-forget —get an AsyncJob obj ect
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asvnc iob = df.coll ect (bl ock=Fal se)
# Check if done
if asvnc iob.is done():

rows = asvnc iob.result()

el se:

print('Still runnina...")

# Block until conplete (with tineout)
rows = asvnc iob.result(tinmeout=300) # seconds
# Cancel a runnina iob
asvnc i ob. cancel ()
# Use case: fire nultinle independent aueries in parall el
iobs =T
session. tabl e(t). count ( bl ock=Fal se)
for t in ['ORDERS ., 'CUSTOMERS . ' PRODUCTS' 1
1

counts = [j.result() for j in jobs]

10.4 Transactions in Snowpark

A ameaet [ one

# Beain transaction

session.sal (' BEG N ).collect()

try:
sessi on. sal (" UPDATE ACCOUNTS SET BALANCE = BALANCE - 100 WHERE | D 1").collect ()
sessi on. sal (" UPDATE ACCOUNTS SET BALANCE = BALANCE + 100 WHERE | D 2").col l ect ()
session.sal (' COM T' ). col | ect ()

except Exception as e:
sessi on. sal (' ROLLBACK' ). col | ect ()

rai se
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Interview Q&A Bank

CONCEPTUAL QUESTIONS

Q: What is Snowpark and how does it differ from Apache Spark?

A: Snowpark is Snowflake's native developer framework for writing Python, Java, or Scala code that
executes inside Snowflake's query engine. Unlike Apache Spark, which is an independent distributed
compute engine requiring its own cluster, Snowpark translates code to SQL and runs it on Snowflake
virtual warehouses. There is no Spark engine involved — the similarity is only in the DataFrame API
surface.

Q: Explain lazy evaluation in Snowpark. Why is it important?

A: Lazy evaluation means that transformations on a DataFrame (filter, select, join, etc.) do not execute
immediately. Instead, Snowpark builds a logical execution plan (DAG). Execution only happens when
an action is called (collect, show, write, count). This is important because: (1) Snowflake's optimizer can
see the full query before execution and optimize it; (2) multiple transformations collapse into a single
SQL statement, reducing round-trips; (3) no unnecessary data is pulled to the client.

Q: What is the difference between a scalar UDF and a vectorized UDF in Snowpark?

A: A scalar UDF processes one row at a time using individual Python values. A vectorized UDF (pandas
UDF) receives a pandas Series or DataFrame representing a batch of rows. Vectorized UDFs are much
faster for large datasets because data is transferred in Apache Arrow columnar batches, eliminating
per-row Python overhead. Use scalar UDFs for simple logic; use vectorized UDFs for NumPy/Pandas
operations or ML inference.

Q: How does Snowpark handle dependencies for UDFs?

A: Snowpark UDFs declare dependencies through two mechanisms: (1) packages= parameter for
libraries available in Snowflake's Anaconda channel (e.g., pandas, scikit-learn, xgboost); these are
resolved by Snowflake without any file upload. (2) imports= parameter for custom Python files,
serialized models, or any files uploaded to a stage — Snowflake makes them available in the UDF's
import directory, accessible via sys._xoptions['snowflake import_directory'].

Q: Explain the execute_as parameter in Snowpark stored procedures.

A: execute_as controls which user's privileges are used when the stored procedure runs. 'caller' uses
the calling user's role — they must have direct access to all objects the proc touches. ‘owner' (default)
uses the procedure owner's role — the caller can access objects they normally couldn't, as long as the
owner has access. Owner rights enable privilege encapsulation: a low-privileged user can call a proc
that accesses sensitive tables they can't directly query.

Q: What happens when you call df.to_pandas() on a large Snowpark DataFrame?

A: The entire result set is transferred from Snowflake to the Python driver in the client machine's RAM.
This is a full data movement operation — exactly what Snowpark is designed to avoid. For large tables,
this causes: (1) high memory usage on the client; (2) high network egress costs; (3) slow performance.
Use to_pandas_batches() for iteration, or keep all processing inside Snowpark and only call
to_pandas() on small, aggregated results.

Q: What is query pushdown and why does it matter?
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A: Query pushdown means Snowpark translates the full chain of DataFrame transformations into a
single optimized SQL query that runs entirely inside Snowflake. No intermediate data is materialized on
the client. This matters because: (1) Snowflake's MPP engine processes the data in parallel across
warehouse nodes; (2) micro-partition pruning, columnar compression, and result caching all apply; (3)
the client machine needs minimal CPU and memory.

Q: How does the Snowpark Session relate to a Snowflake connection?
A: A Session is a higher-level abstraction that wraps a Snowflake JDBC connection. It maintains the
connection context (database, schema, warehouse, role) and provides the Snowpark API
(session.table(), session.sql(), session.udf, etc.). Inside a Stored Procedure running in Snowflake, the
Session is automatically injected as the first argument — you cannot create a new Session inside a
stored proc.

ODING SCENARIO QUESTIONJ

Q: Write a Snowpark pipeline that reads an ORDERS table, calculates a 7-day rolling average of
revenue per region, and writes the result to a ROLLING_AVG table.

H  Ancunor

from snowf | ake. snowpar k i nport Session, W ndow

from snowf | ake. snowpar k. functions i mport ava. col. to date
def build rollina ava(session: Session) -> None:
df = session.tabl e(' ORDERS' ). sel ect (
to date(col ('order ts')).alias('order date').
col (' reaion'),
col (" amount ')
)
w = (W ndow
.partition bv('reaion")
.order by('order date')
.rows between(-6. W ndow. CURRENT RON) # 7-dav w ndow

result = df.with colum('rollina ava 7d'. ava('anount').over(w)

result.wite.node(' overwite').save as tabl e(' ROLLI NG AVG )
print(f'Wote {result.count()} rows to ROLLI NG AVG )

Q: Register a permanent vectorized UDF that applies a pre-trained scikit-learn model stored in a
stage to score customer records.

it Ancuar
i mort pandas as pd
from snowf | ake. snownar k. functions i mport pandas udf
from snowf | ake. snowpnar k. t vpes i nport PandasSeries. PandasDat aFranme
# Upl oad nodel once
session.file.put(' nodel.pkl'. '@L STAGE . overwite=True. auto connress=Fal se)
@andas udf (
nanme=' SCORE CUSTOVERS' ,
return tvpe=PandasSeries[floatl.

i nput tvpes=[ PandasDat aFrane[float, float, floatl].

i s_per manent =Tr ue,
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staae | ocation=" @L STAGE

i nports=[' @L STAGE/ nodel . pkl'T,
packaaes=["'scikit-learn', "jioblib']
repl ace=Tr ue

sessi on=sessi on

score custoners(features: pd.DataFrane) -> pd. Series:
import joblib, svs
import dir = svs. xoptionsl['snowflake imort directorv']

nmodel = joblib.load(inport dir + 'nodel.pkl")

return pd. Seri es(nodel . predict proba(features.values)[:. 11)
# | nvoke
session. tabl e(' CUSTOVERS' ) \
.with colum(' churn score'
score custoners(col (" AGE'). col (' TENURE ). col (' BALANCE ))) \
. show()

Q: Can you use a Snowpark UDF inside a SQL query executed via session.sql()?

A: Yes — once a UDF is registered as permanent (is_permanent=True), it becomes a first-class
Snowflake function callable from any SQL query, not just Snowpark DataFrames. Example:
session.sql('SELECT MY_UDF(coll) FROM mytable").collect(). Temporary UDFs are only available for
the current session and can also be called from session.sql() within that session.

Q: What is the difference between df.collect() and df.to_pandas()?

A: collect() returns a list of Snowpark Row objects. to_pandas() returns a pandas DataFrame. Internally
both transfer all data to the client. The practical difference is: Row objects use Snowpark's type system;
pandas uses numpy dtypes. For large result sets, to_pandas_batches() is preferable as it streams
chunks rather than loading all rows into memory at once.

Q: How does Snowpark handle NULL values?

A: NULL handling in Snowpark mirrors SQL: any arithmetic with NULL returns NULL; equality checks
with NULL (col == None) return NULL, not True/False. Use col.is_null() for NULL checks. Functions like
F.coalesce(), F.nvl(), F.ifnull() handle NULL substitution. When writing schema-aware DataFrames,
StructField has a nullable parameter that maps to NOT NULL constraints.

Q: What are the limitations of Snowpark UDFs versus built-in SQL functions?

A: UDFs have higher overhead than built-in functions because: (1) data must be serialized/deserialized
between Snowflake's engine and the Python sandbox (scalar UDFs); (2) UDFs run in a restricted
sandbox with no network access and limited CPU; (3) UDFs cannot return cursors or multiple result
sets. Always prefer built-in F.* functions for standard string, date, and math operations.

Q: How would you debug a slow Snowpark pipeline?

A: Step 1: Print df.queries to see the generated SQL. Step 2: Run EXPLAIN on that SQL in Snowflake
to see the query plan. Step 3: Check Query Profile in Snowflake Ul for bottlenecks (e.g., large
TableScan with no pruning, Hash Join spill to disk). Step 4: Look for anti-patterns — missing cluster key
alignment, SELECT *, unnecessary UDFs. Step 5: Consider increasing warehouse size or enabling
multi-cluster for concurrency.
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Q: Can Snowpark DataFrames be persisted/cached like Spark DataFrames?

A: No — Snowpark does not have an explicit .cache() method like Spark. However, you can achieve
similar results by: (1) Writing the DataFrame to a temporary table with .save_as_table() and reading it
back, which leverages Snowflake's columnar storage. (2) Relying on Snowflake's result cache —
identical queries with unchanged data return cached results without compute. (3) Using CREATE

TEMPORARY TABLE for within-session caching.
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CHAPTER 12

Cheat Sheet & Quick Reference

12.1 API Quick Reference

Create from table session.table('NAME') Lazy

Create from SQL session.sql('SELECT ...") Lazy

Create from list session.create_dataframe(data, schema) Small data only
Filter rows df.filter(condition) / df.where(condition) Lazy

Select columns df.select(...) / df.drop(...) Lazy

Add column df.with_column('name’, expr) Lazy
Rename column df.with_column_renamed('old’,'new") Lazy

Join df.join(other, condition, join_type) Lazy

Group & aggregate df.group_by(...).agg(...) Lazy

Sort df.sort(col.asc()) / df.sort(col.desc()) Lazy

Limit df.limit(n) Lazy

Union df.union(other) / df.union_all(other) Lazy

Distinct df.distinct() Lazy

Show SQL df.queries No execution
Show plan df.explain() No execution
Execute - list df.collect() EAGER
Execute - pandas df.to_pandas() EAGER — full data
Count rows df.count() EAGER

First N rows df.first(n) EAGER
Print to console df.show(n) EAGER
Write to table df.write.mode('...").save_as_table('T") EAGER
Write to stage df.write.copy_into_location(@STAGE/',...) EAGER
Register UDF session.udf.register(fn, name=...) —

Register UDTF session.udtf.register(cls, name=...) —

Register Sproc session.sproc.register(fn, name=...) —

Call Sproc session.call'lNAME', argl, arg2) —
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Upload file session.file.put(local, stage) —

Download file session.file.get(stage, local) —

12.2 Common Import Patterns
i+ Qt andard | martec
# Core
from snowf | ake. snowpark i mport Session, W ndow

from snowf | ake. snowoark inmport functions as F

from snowf | ake. snowpar k. functions import col, lit, udf, pandas udf, udtf,

# Tvpes
from snowf | ake. snowpar k. t ypes i mport (
Struct Tvpe. StructFiel d.
StrinaTvpe. |nteaerType, LonaTvpe. Doubl eTvpe. Deci mal Tvpe,.
Bool eanTvpe. DateTvpe. Ti mestannTvpe.
ArravTvpe., MapTvpe, Variant Tvpe,
PandasSeri es. PandasDat aFr ane
)

# Snownar k M.

from snowf | ake. M . nodel i na. preprocessi na i nport StandardScal er, OneHot Encoder

from snowf | ake. m . nodel i na. pi pel i ne i mport Pipeline

from snowf | ake. m . nodel i na. xaboost i nport XG@BC assifier

from snowf | ake. m . registry inport Registry

12.3 Key Interview One-Liners to Remember

e Snowpark is NOT Spark — it generates SQL that runs on Snowflake's engine.

e Transformations are lazy; actions trigger execution (one SQL per action call).

e df.queries reveals the generated SQL before you execute anything.

« Vectorized UDFs use Apache Arrow batches — orders of magnitude faster than scalar UDFs.

e to_pandas() pulls all data to the client — avoid on large DataFrames.

e execute_as='owner' encapsulates privileges; execute_as='caller' is transparent.

» Session inside a stored procedure is auto-injected — never call Session.builder inside a sproc.

« Snowflake's result cache serves as Snowpark's implicit caching layer.

e Cluster keys + selective filters = micro-partition pruning = fast queries.

e Permanent UDFs require a stage_location to store the serialized Python code.

*« UDTFs expand rows (1in — N out); use join_table_function() to call them.

* Snowpark ML trains models inside Snowflake — data never leaves for training.

* Model Registry versions and deploys models as Snowflake functions or SPCS services.

End of Snowpark for Snowflake — Complete Interview Study Guide
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