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* Ingestion backed by Delta Lake

« Different ingestion scenarios:

* Load data from (external) object storage
« Data resides in S3 bucket, Azure Blob Storage,...
« Both batch and streaming use cases
« Load data from external data sources
« JDBC connection to relational database systems (PostgreSQL, MySQL, SQL Server,...)
» Other Databricks workspace

» Use different Spark connectors to connect to bunch of different services
Cassandra, MongoDb, ElasticSearch, Google BigQuery, Snowflake,...
* Streaming sources
+ Kafka, Kinesis,...
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7 Built-in support for different data formats in Spark
— Delta Lake
— Delta sharing
— Avro
— ORC
— JSON
— XML
— TEXT
— Binary
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7 Load data from file location into Delta Table

7 Configurable file or directory filters from cloud storage, including
S3, ADLS Gen2, ABFS, GCS, and Unity Catalog volumes

? Exactly-once (idempotent) file processing by default

7 Target table schema inference, mapping, merging, and evolution

COPY INTO my table

FROM '/path/to/files’

FILEFORMAT = <format>

FORMAT OPTIONS ('inferSchema' = 'true', “mergeSchema” = "“true )
COPY_OPTIONS ( 'mergeSchema’ = 'true’);
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7  Set schema and load data into a Delta Lake table

CREATE TABLE default.loan_risks upload (
loan_id BIGINT,
funded_amnt INT,
paid_amnt DOUBLE,
addr_state STRING

HE

COPY INTO default.loan_risks_upload
FROM '/databricks-datasets/learning-spark-v2/loans/loan-risks.snappy.parquet’
FILEFORMAT = PARQUET;
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7

incrementally and efficiently processes new data files as they arrive
in cloud storage

S3, ADLS Gen2, GCS, ABFS, ADLS Genl, DBFS
Provides Structured Streaming source called cloudFiles

Supports both one time (batch) upload of existing files and
streaming uploads

Contains all features from COPY INTO and even more




Auto Loader { PROFINIT )

? Metadata is persisted in checkpoint location

? It can resume after error based on the information from checkpoint
location

? Exactly-once guarantee
? Incremental ingestion support (start where it left off)

?  Must provide schemalocation to store inferred schema (or specify
schema directly)
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? Advantages of Auto Loader over regular Spark Structured
Streaming directly on files?

— Scalability

« can discover billions of files efficiently. Backfills can be performed
asynchronously to avoid wasting any compute resources

— Performance

 cost of discovering files with Auto Loader scales with the number of files that
are being ingested instead of the number of directories that the files may land
In

— Schema inference and evolution support
— Cost

» uses native cloud APIs to get lists of files that exist in storage
- file notification mode can help reduce your cloud costs further
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7 Any new columns will fail the stream and evolve the schema

? Parsing errors will go to _rescued_data

spark.readStream. format (" cloudFiles™)
.option("cloudFiles.format", “json"}) \
.option("cloudFiles.schemalocation”, "<path-to-schema-location>") \
.load("<path-to-source-datas") \
.writeStream Y\
.option("mergeSchema", "true") \
.option("checkpointlLocation™, "<path-to-checkpoint>") \
.start("<path_to_target™)
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7 Well-known schema handling

spark.readStream. format (" cloudFilas™) 3
.schema(expected schema) \
.option("cloudFiles.format™, "json") \
# will collect all new fields as well as data type mismatches in _rescued data
.option("cloudFiles.schemaEvolutionMode™, "rescue™) \
.load("<path-to-source-data>") \
writeStream \
.option("checkpointlLocation™, "<path-to-checkpoint:™) \
.start("<path_to_ target™)
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7 Files in order of

— thousands -> COPY INTO
— millions and more -> Auto Loader

? Frequently evolving schema -> Auto Loader

7 Loading a subset of re-uploaded files -> easier with COPY INTO
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7  Lakehouse federation

— Access data in external systems / databases (PostgreSQL, MariaDB,
Snowflake, SQLServer, Oracle, ...) with external compute

— No data ingestion to Databricks, in Catalog you can see external objects
— Sitill can leverage Unity Catalog lineage features
— What is Lakehouse Federation

Catalogs » hive_product_campaign > default >
=
- W o campaig B ¥
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v Wnwyorg Overview Sample Data Details Permissions History Lineage Insights Quality
» ot c5_internal
¥ vertising Q colamn < Al genarate
> Qe
» O nive Column Type  Comment rags Column maskin @ rule
Data Source ~ L b
ault string @ @ &
| foc_id bigint @ @ &
3 main | product t_line_id  bi igint (] (] &
. > L ot P .
Queries @ OSTLprOGUELINAMAen  ampaian _na.. stiing @ @ & Column mas .
B il - » samoles
. S > [L snowhiake_marksting budgeted_cos... bigint @ @ &
; \
Connection <+——— Foreign Catalo ’ » L1 sassrver_user_oats
! B E | = country_is ing @ @ L4
o amount e _o. double @ @ &
I
- m ! currency.i iso_. string @ @ &
I
& EEIS T amam wor_.  dauble @ ® P
'
I i ! create; ol_by_u bigint () @ &
'
: created_date string @ @ &
f '
Unity Catalog ! — -
' s_actve steing @ @ P
,
s owmer_id bigint @ @ &



https://docs.databricks.com/aws/en/query-federation/
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7 JDBC connectors

7 Might need to install JDBC driver on the cluster

driver = "org.postgresql.Driver”

database_host = "<database-host-url:"

database_port = "5432" # update if you use a non-default port
database nams = "<database-names>"

table = "<table-name>"

user = "<username>" -

password = "<password:>"
url = f"jdbc:postgresql://{database_host}:{database_port}/{database_name}"

remote_table = (spark.read
.format("jdbc™)
.option{"driver”, driver)
.option{"url”, wrl)
.option{"dbtable", table)
.option{"user", user)
.option{"password”, password)
.load()
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7 Other Spark connectors (example Snowflake)

7 Also might require installation of different libraries

snowflake_table = (spark.read
.format ("snowflake")
.option("hest", "hostname™)
.option("port”, "port™) # Optional - will use default port 443 if not specified.

.option("user"”, "usernames")

option("password”, “password"”)

option("sflarehouse”, "warehouse names")

option("database"”, “"database_nams")

option("schema"”, "schema_name™) # Optional - will use default schema "public" if not specified.
option(“dbtable"™, "table name™)

load()
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Data processing & ETL

7> Medallion architecture

Building reliable, performant data pipelines with A DELTA LAKE

IMPROVE DATA QUALITY

;«A Raw Data

Batch \
=
(o) Raw
© Integration

Streaming

Bronze

Silver

Filtered,
Cleaned,
Augmented

Gold

— 8

Business-
level
Aggregates

“Landing zone” for raw data,
no schema needed

Define structure, enforce schema,
evolve schema as needed

Deliver continuously updated, clean
data to downstream users and apps
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? Can leverage ,regular® solution
— Implement ETL logic in plain scripts, notebooks,..

— Use Databricks workflows aka Jobs & Pipelines to create jobs, job tasks
(DAG of job tasks dependencies)

— Orchestrate jobs to populate data entities defined in your logic

7 Or use managed ,Delta Live Tables" aka “Spark Declarative
Pipelines (SDP / PD)”

— Recommended by Databricks for less technical teams
— Customer can focus on transformations, not data engineering

?  Spark Declarative Pipelines | Databricks on AWS



https://docs.databricks.com/aws/en/ldp/
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7 Orchestrates data processing, machine learning, and analytics

pipelines on Databricks
? A workspace is limited to 1000 concurrent task runs

7 Number of jobs a workspace can create in an hour is limited to
10000




Databricks workflows / Jobs & Pipelines

Workflows » Jobs > Task1 > Run 42491763
Task1 run ot o
> !
@ Job run details
Job ID 328965669726338 )
Job run ID 42491763 (1)
Launched Manually
Started 2023-03-06 11:18:29 CET
Task4 @
Suecesded - 47s Ended 2023-03-06 11:26:23 CET
R Job_cluster Duration 6m 54s
Status ® Failed
Taski © Task2 © TaskS ®
Succeeded - 5m 143 Succeeded - 535 Falled - 385 View run events
0 Wsersyoussetmin@databricks.co, © ruse Userstyoussetmrini@ databricks.co
& Compute
® Job_cluster
Driver: i3.xlarge - Workers: i3.xlarge - 8 workers - On-
O Juse mrini@databricks.co demand and Spot - fall back to On-demand - 11.3 LTS
& dob (includes Apache Spark 3.3.0, Scala 2.12) - us-west-2¢c
View cluster Spark Ul Logs Metrics

Microsoft Azure | Databricks

Jobs > Clickstream ML Model v2

Clickstream ML Model v2 More =

Runs Tasks
—_— Job details
Job ID 1044092617578238 (7]
Runs Apr 13, 11:35 - Apr 13, 09:27 < Table
Creator - i
N Runas © - R
Rid &
Bl Tags © + Tag
. 2mats
2
2
l I . . ' I . . l . Add Git settings
]
g Build_Features [T 1] T I rrrrrrl s
Bl © cricks_ingest eee (T X I T T T YT e Schedule
Match e T I Irrrrrl as Paused - Every 5 minutes, starting at 2 minutes past the hour (L
Orders_Ingest see T IIIrIrrrrry s
Edit schedule Resume
Persist_Features (L X T rrrrrrl s
Salesforce_intel ess T I rrrrrrrrl s
o Sessionize eee T IIITYTTITI Y ae Clusters
Train L X ssersSsEeees as

© Shared Autoscaling - Jobs Stable
Driver: Standard_E32_v3, Workers: Standard_E8ds_vd, 4-48
workers, 9.1 LTS Photon (includes Apache Spark 3.1.2, Scala
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)

Declarative framework for building reliable, maintainable, and
testable data processing pipelines

Delta Live Tables manage task orchestration, cluster management,
monitoring, data quality, and error handling

Instead of defining data pipelines using a series of separate Spark
tasks, you define transformations as streaming tables or
materialized views and the system will create and keep up to date

To create a pipeline, simply select the scripts containing your
transformations

The pipeline’s transformations dependencies are automatically
generated based on the lineage extracted from the selected
scripts.




Spark Declarative pipelines / Delta Live Tables

Dataset
type

Streaming
table

Materialized
views

Views

How are records processed through defined queries?

Each record is processed exactly once. This assumes an
append-only source.

Records are processed as required to return accurate results
for the current data state. Materialized views should be used
for data sources with updates, deletions, or aggregations, and
for change data capture processing (CDC).

Records are processed each time the view is queried. Use
views for intermediate transformations and data quality
checks that should not be published to public datasets.
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7 Streaming table
— Delta table with extra support for streaming or incremental data processing

7  Materialized view

— implements materialized views as Delta tables, but abstracts away
complexities associated with efficient application of updates

— refreshed according to the update schedule of the pipeline

7 View

— compute results from source datasets as they are queried, leveraging
caching optimizations when available. Delta Live Tables does not publish
views to the catalog
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£ databricks = Q Search

Workflows > Delta Live Tables » Pipeline details | Provide feedback %

. field_demos_dIt_unit_test production | [ Delete | [ Permissions | [ settings | [ Scheduie~ m

)

24/01/2023, 18:07:45 - () Completed v Select tables for refresh

X >
Pipeline details
ot Name field_demos._dIt_unit_test
Pipeline ID cadedf82-4003-457c-9f7c-aBe5559873b6
Paths [Reposifield-demos/field-demo-read-only-do-not
—————— edit/product_demos/Delta-Live-Table/Delta-Live-Table-
TEST-US?I-D'DHI. Unit-Test/DLT-pipeline-to-test
= —b p = . |Repos/field-demos/field-demo-read-only-do-not-
T raw_user ® us n; It G
R, i i edit/product_demos/Delta-Live-Table/Delta-Live-Table-
¢ - R A R e —— Unit-Testfingestion_profile/DLT-ingest_test
B user.siverdit = TEST_user_silver_. ®
oty ] [Reposifield-demosfield-demo-read-only-do-not-
- o edit/product_demos/Delta-Live-Table/Delta-Live-Table-
Unit-Test/test/DLT-Tests (%
at — Runas ® quentin.ambard@databricks.com
raw_spend_data = spend_silver_dit e ® user_gold_dit © @ TESTuser_gold dit ©
Update details
r Update ID 9612b0%e-baf0-4f28-b995-7171bc694ebe
EE Status @ Completed
Update type () Refresh all
Creation time 24/01/2023, 18:07:45
@ Info (D Waming  (® Error Q X
®© 5 minutes ago create_update Update 9612b0 started by API_CALL.
© s minutes ago user_action User quentin.ambard@databricks.com started an update
@® 5 minutes ago update_progress Update 9612b0 is WAITING_FOR_RESOURCES.
51
© 2 minutes ago update_progress Update 96120 is INITIALIZING.
2 minutes ago update_progress Update 9612b0 is SETTING_UP_TABLES.
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| - |
| @ Delta Live Tables |

00000

1
1
1
1
]
1 Continuous Error Handling Data Pipeline Automatic Orchestrate Data
1
1
1
1
1
1

SQL Analytics
Batch or Stream and Automatic Observability Deployments and Pipelines and BI
Processing Recovery Operations

-®-€

Continuous or Bronze Zone Data Silver Zone Model Facts, Dims Gold Zone Al/ML
Scheduled Ingest ' Transformation and Aggregates

T T
--- s (@) proven---

Data Quality Data Quality Data Sharing

| |
DELTA LAKE
| A |
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7

In addition to transformations, a DLT can also include automated
checks, so-called expectations = database constraints

Types of expectations:

— Expect

— Expect or drop

— Expect or fail gl cable(

comment="Wikipedia clickstream data cleaned and prepared for analysis."

. . . )
Plpellne expectatlons @dlt.expect({"valid current_page title", "current_page title IS NOT MNULL™)

@dlt.expect_or_fail(“"valid count™, "click counmt > @")

def clickstream_prepared():
return (
dlt.read({"clickstream_raw")
.withColumn{“click_count”, expr("CAST(n AS INT)"))
.withColumnRenamed(“curr_title", "current_page title")
.withColumnRenamed(“prev_title", "previous_page title")
.select("current_page title", "click count”, “previous_page title")



https://docs.databricks.com/aws/en/ldp/expectations

Spark Declarative pipelines / Delta Live Tables

7 Supports Pyspark/Python and SQL syntax as well
7 Python vs SQL syntax

Python

j@dp.table
j@dp.expect(“valid customer age", "age BETWEEN & AND 128™)
def customers():
return spark.readStream.table("datasets.samples.raw_customers™)

SQL

CREATE OR REFRESH STREAMING TABLE customers(
CONSTRAINT valid customer age EXPECT (age BETWEEN & AND 128)
) AS SELECT * FROM STREAM(datasets.samples.raw customers);

{ PROFINIT 7
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7 Data skipping

— Technique to improve query performance by avoiding unnecessary data reads
— Uses file- and block-level metadata from statistics (min/max values, null counts)
—  Skips entire data blocks that cannot match query filters

— Reduces I/0, latency, and compute costs

—  Works automatically with columnar formats like Parquet and Delta Lake

— Data skipping for Delta Lake

7 Small files problem

— Occurs when data is stored as a large number of very small files
— Causes overhead in metadata management and file handling

— Slows down query performance due to excessive task scheduling
— Inefficient use of storage and compute resources

— Common in streaming and micro-batch ingestion scenarios

— Configure Delta Lake to control data file size



https://docs.databricks.com/aws/en/delta/data-skipping
https://docs.databricks.com/aws/en/delta/tune-file-size
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?  How to find out number of files and size -> average file size

7  recommended file size value:

— Focused on writes: 20-100MB
— Focused on read: 100MB-1GB

1 -- 18 milions of rows, 6.6GB size, 4 Files -» average file size around 1 GB -»> table nicely optimized

2 describe detail vigre dev_sbx.sbx_team_it.connectors_test_rl8m_clee

> |k See performance (1)

Table +

partitionColumns g& clusteringColumns 123 numpFiles 123 sizelnBytes ‘& properties

1 > [l 4 7113142657 > {“deltaparquet.compression.codec”:"zs

1 -- 78958 rows, aprox 208 MB size, 39 files -» average file size less than 1MB -»> too small
2 describe detail vigre_dev_sbx.s

.sbx_team_it.small_files_problem;
> |y See performance (1)

Table -~ +

partitionColumns ﬁ clusteringColumns 123 numpFiles 123 sizelnBytes & prog

1 * 0 39 23962223 » {"delt
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7 To improve performance when writing to Delta Table, it might be
beneficial to omit some columns for statistics collection, especially
when it contains huge string values

— By setting table property delta.dataSkippingNumIindexedCols

7 To improve performance when writing to Delta Table, it might be
beneficial to list of column names for statistics collection, especially
when it contains huge string values

— By setting table property delta.dataSkippingStatsColumns

sSQL

ALTER TABLE table name SET TELPROPERTIES( 'delta.dataSkippingStatsColumns' = 'coll, col2, col3’)

5QL

ANALYZE TABLE table name COMPUTE DELTA STATISTICS
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? Improve data layout of Delta Tables, improving read performance

— autoCompact

« combines small files within Delta table partitions to automatically reduce small
file problems.

* auto compaction occurs after a write to a table has succeeded and runs
synchronously

— optimized writes
* improve file size before file is written on disk
« writing fewer large files is more efficient than writing many small files

?  Configure Delta Lake to control data file size Traditional Writes Optimized Writes

[ Partition 1 | Partition 2 ‘ Partition 3 J

Files in Delta Tables



https://docs.databricks.com/aws/en/delta/tune-file-size
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? Improve data layout of Delta Tables, improving read performance
— OPTIMIZE

L]

Reduce number of files present

Optimize a subset of data or colocate data by column. If you do not specify colocation, bin-packing
optimization is performed

Bin-packing is idempotent (aims to produce evenly-balanced data files with respect to their size on
disk)

— ZORDER indexes

L]

L]

Data skipping information is collected automatically when you write data into a Delta table
Colocate related information in the same set of files

Usually run on a columns that are expected to be used frequently in query predicates and that has
high cardinality

OPTIMIZE ewvents
OPTIMIZE ewents WHERE date »>= '2817-@1-@1"
OPTIMIZE events

WHERE date »= current_timestamp() - INTERVAL 1 day
ZORDER BY (eventType)
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7 VACUUM command

— removes all files from the table directory that are not managed by Delta, as
well as data files that are no longer in the latest state of the transaction log
for the table and are older than a retention threshold

— omits directories starting with underscore (such as _delta_log)

— files are lost after VACUUM, so you lose ability to time travel back to older
versions

VACUUM table name [RETAIN num HOURS] [DRY RUN]
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7

Liquid clustering
— Liquid clustering is a data layout optimization technique
— replaces table partitioning and ZORDER

— It simplifies table management and optimizes query performance by
automatically organizing data based on clustering keys.

— This allows your data layout to evolve alongside changing analytic needs.
Liquid clustering applies to both streaming tables and materialized views.

— Use liguid clustering for tables saL

-- Create an empty Delta table with clustering on col®
CREATE TABLE tablel(col® INT, coll string) CLUSTER BY (col@);

-- Create table from existing data with clustering

-- MNote: CLUSTER BY must appear after table name, not in SELECT clause
CREATE TABLE table2 CLUSTER BY (cole)

AS SELECT * FROM tablel;

-- Copy table structure including clustering configuration
CREATE TABLE table3 LIKE tablel;



https://docs.databricks.com/aws/en/delta/clustering
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7 Predictive optimization

— Predictive optimization removes the need to manually manage maintenance
operations for Unity Catalog managed tables on Databricks.

— With predictive optimization enabled, Databricks automatically does the
following:

 |dentifies tables that would benefit from maintenance operations and queues
these operations to run.

» Collects statistics when data is written to a managed table

?  Predictive optimization for Unity Catalog managed tables



https://docs.databricks.com/aws/en/optimizations/predictive-optimization
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Data governance

Unity catalog

{ PROFINIT 7

— Governance solution for data + Al assets Data Explorer (SRS o
. A~ Catalogs » retail_prod >
—  Centralized metadata layer © retail_prod.churn
. . " tags: add
—  Abstraction over cloud-native role management v O retiLpiod Ovner: kaseyuhlenhuth@ckatabicks com /7
v B chun
_ Ablllty tO Set IOW-IeVeI permISSIonS on UC ObJeCtS v m,\etsﬂ o Tables Volumes Models  Functions  Details  Permissions
churn_feature_store Create a new connection x
. [ churn_feature_store_t Q
— Not only data lineage between tables & omiomed
f& churn joined_v Name "
‘ NOtebOOkS’ ML mOdeIS fm feature table churn_feature_store Comecton® at
M@ training_dataset = =
*  Workflows, DLT B user_chum anlyss chum feature store ty 2
M user_features churn_joined @
* Dashboards > Volumes
. y :;::”5 churn_joined_v ;2‘:@0 at
o & chum_prediction feature table @ sauseRver -
3% user_churn_model : & REDSHIT @

> Tags on table and column level
7> Data lineage

7 Data masking / row filtering
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i o
Data
= Uity Catalog a N - T
Model training Model management
| - AutaML . )
, - Notebooks - Unlty Catalog .
Fe ™ - MLflow experiments - Workspace Model Registry
Feature Store L V L v

- Feature serving

L

Production

p " - Model Senving
Lakehouse Monitoring SRR

- Data guality metrics
- Model quality metrics
- Drift

p
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?  MLFlow

— Managed ML development lifecycle
— Logging of ML models, evaluation metrics, dependencies, other artifacts,...

7 AutoML

— Kick-off for ML projects
— Can automatically run ML training on your data sources

— Gives you notebooks for exploratory analysis and model training, ordered by
model performance
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4 [ukin)
“
miflow
¢

miflow Model Registry m!;‘.‘r;w

2 3 ,."'I Madel tracking ‘serving
/ Z.:.
Publish




ML development { PROFINIT 7

7 Model serving
— exposes MLflow machine learning models as scalable REST API endpoints
— Highly-available, low latency
— Serverless

? Lakehouse monitoring
— Monitor the statistical properties and quality of the data in all of the tables
— Data quality, data drift monitoring
— Monitoring of model‘s performance
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