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Two incompatible architectures get in the way

Competitive advantage

What happened?

Clean Data

‘ Reports

Data Warehouse Data Lake
for Bl : j for Al

Automated
Decision
Making

Prescriptive
Analytics

Predictive
Modeling

What will happen?

Data
Exploration

Ad Hoc
Queries

Data + Al maturity curve



Databricks invented and championed the
Lakehouse category

What Is a Lakehouse?

by Ben Lorica, Michael Armbrust, Reynold Xin, Matei Zaharia and Ali Ghodsi

January 30, 2020 in Engineering Blog

What is a lakehouse in Microsoft Fabric?

Article + 08/30/2023 + 5 contributors & Feedback

BigLake

BigLake is a storage engine that provides a unified interface for analytics SNOWFLAKE FOR
DATA LAKEHOUSE
secure, governed, and performant manner. Build a single-copy Al

|akeh0use deSigned tO reduce management Of and need for CUStom data Transactional data lake architecture pattern for unified analytics, Al/ML, and other

The lake house approach to data
warehousing with Amazon Redshift

and Al engines to query multiformat, multicloud, and multimodal data in a

collaborative workloads.



Databricks Lakehouse

Mosaic Al Delta Live Tables Workflows Databricks SQL

Create, tune and Automated Job cost optimized Text-to-SQL
serve custom LLMs data quality based on past runs Text-to-Viz

Unity Catalog

Securely get insights in natural language

Delta Lake

Data layout is automatically optimized based on usage patterns

Cloud Data Lake

All structured and unstructured data

& Microsoft Azure adWs Go gle Cloud
N



Data Intelligence Platform

Data Generative Data Intelligence
lakehouse Al Platform
An open, unified foundation Easily scale and use Democratize data + Al
for all your data data and Al across your entire

organization



Databricks Data Intelligence Platform

Mosaic Al Delta Live Tables Workflows Databricks SQL

Create, tune and Automated Job cost optimized Text-to-SQL
serve custom LLMs data quality based on past runs Text-to-Viz

Use generative Al to understand the semantics of your data

Data Intelligence Engine

Unity Catalog

Securely get insights in natural language

Delta Lake

Data layout is automatically optimized based on usage patterns

Cloud Data Lake

All structured and unstructured data

& Microsoft Azure dWws Go gle Cloud
N



ricks SQL



Databricks Data Intelligence Platform

Data science ETL & Orchestration Data 2
& Al Real-time analytics Warehousing DatabrleS SQL
» Text to SQL

Mosaic Al Delta Live Tables Workflows

Databricks SQL

Use generative Al to understand the semantics of your data  Al-driven queries

Data Intelligence Engine

 Al-driven serverless
computing scales for
cost efficiency and
peak performance

Unity Catalog
Securely get insights in natural language

* Al-driven debugging
Delta Lake UniForm and remediation

Data layout is automatically optimized based on usage patterns

Open Data Lake

All raw data
(Logs, Texts, Audio, Video, Images)
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Databricks SQL
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Data Transformation: dbt Labs

Analytics engineering on the Lakehouse made simple

dbt Cloud

Databricks and dbt Labs simplify analytics gy P
engineering on the Iakehcuse. X dbt Fishtown Analytics

Project fet_subscription_transactions.sql

limit 100 save 1D

branch: master 1 58aa5f22ef7488e9055349708002ae46
2 {{ config(materialized ‘table') }}

Im Users can ingest and transform i — ;e oot
streaming data in their dbt pipelines using o 2 I
Streaming Tables and Materialized Views. 2 mcrs A i S i

£ analytics 6 select = from {{ref('subscription_transactions_typed')}}

c23b85ff2b8f604642b4d630671e8251

- N 12 select — 03d8ce@c52b5e70dde4c47a0475d727d
De =
14 X, ab4ffc6@3ecd4f6d69174707f2d6bbbcd
- 1
B9 community 16 \(date month) over ( 9e0432e3ab08493457984f09f 1bd5a91
. . . T s
Run your dbt projects as a task in a Databricks : MO o © s © Wit
Schema Browser Past Executions
. = Shared Endpoint @
ob to automate tasks and schedule workflows S 2 2
J SELECT
year(o_orderdate) AS year,
B8 customer n_name AS nation,
c_custkey i um(l_extendedprice * (1 - l_discount) * (((length(n_name))/100) + (year(o_o
c_name o
c_address
c_nationkey
c_phone
® c_acctbal
c_mktsegment
c_comment WHERE
B8 lineitem c_custkey = o_custkey
|_orderkey AND 1_orderkey = o_orderkey
\’panke“ AND 1_suppkey = s_suppkey
A Runs dbt run J;SUDDKG’V AND c_nationkey = s_nationkey
I_linenumber = y
|_quantity {3} = 4 @ LIMIT 1000
|_extendedprice
|_discount A Revenue by Nation over Time Table
I_tax
©2024 Databricks Inc. — All rights reserved Lreurntag
_linestatus
I_shipdate 250M

|_commitdate






What is dbt?

dbt™ is a SQL-first transformation workflow that lets teams quickly and collaboratively deploy analytics code
following software engineering best practices like modularity, portability, ClI/CD, and documentation.

How dbt works

Version Control and CI/CD

Deploy safely using dev environments. Git-enabled version control
enables collaboration and a return to previous states.

------------------------------ Test and Document

Test every model prior to production, and share dynamically
generated documentation with all data stakeholders.

—————————————————————————————— Develop

Write modular data transformations in .sql or .py files - dbt handles
the chore of dependency management.




Analytics Engineering with dbt

A SQL-based development environment for end-to-end data transformation

SQL-based
lowers
barrier to
entry

Version
Control for
Cl/CD-ready

 Version Control

A dbtbuild -select <model_name>

[ &2 crsteaput requestoncius “| 3 &=

3

4 orders as (

5

s select « fron {{ ref('stg_orders’) })

7

8 ),

9

10 order_items as (

1

b tect + from {{ ref('stg_ord ) B

3

4,

15

16 products as (

b o

18 select + from {{ ref('stg_products') }} Docu mentatlon
« FileBxplorer al »

21

S— | auto-generated

30 select + from {{ ref('stg_supplies’) }}
3

Results  CodeQuality ~ CompiledCode  Lineage

DAG inferred
as you code

Job Integrated
Scheduling testing for
from Cloud IDE quality

Macros for
reusability



dbt
oncepts



dbt Core Concepts

Sources Name and describe the data loaded into your warehouse by EL tools {{ source() }}

Targets Information about your connection to the warehouse target.name/type/schema/env

Seeds CSV files in your dbt project, to be loaded onto your data warehouse using the dbt seed command

Models Transformations primarily written as a select statement and saved asa .sql file
(Python models are also supported)

Macros Macros in Jinja are pieces of code that can be reused multiple times - they are analogous to
functions

Snapshots Implement type-2 Slowly Changing Dimensions over mutable source tables



https://docs.getdbt.com/docs/build/sources
https://docs.getdbt.com/reference/dbt-jinja-functions/target
https://docs.getdbt.com/docs/build/seeds
https://docs.getdbt.com/docs/build/models
https://docs.getdbt.com/docs/build/jinja-macros
https://docs.getdbt.com/docs/build/snapshots

dbt Materialization

Materializations

Strategies for persisting dbt models in a warehouse. There are four types of materializations built into dbt:
e view - model is rebuilt as a view on each run, via a create view as statement
e table - modelis rebuilt as a table on each run, via a create table as statement
e incremental - allows dbtto insert or merge records into a table since the last time that dbt was run

e ephemeral - dbt refers this model as a Common Table Expressions

Databricks supports:
e materialized_view - MVs store pre-computed results based on the latest data from source tables
e streaming_table - STs enable continuous, scalable ingestion from any data source including

cloud storage, message buses (EventHub, Apache Kafka) and more



https://docs.getdbt.com/docs/build/materializations

dbt Commands

dbt <command>

deps Downloads dependencies for a project

seed Loads CSV files into the database

test Executes tests defined in a project

run Runs the models in a project

build Build and test all selected resources (models, seeds, snapshots, tests)

retry Retry the last run dbt command from the point of failure

docs Generates documentation for a project



https://docs.getdbt.com/reference/commands/deps
https://docs.getdbt.com/reference/commands/seed
https://docs.getdbt.com/reference/commands/test
https://docs.getdbt.com/reference/commands/run
https://docs.getdbt.com/reference/commands/build
https://docs.getdbt.com/reference/commands/retry
https://docs.getdbt.com/reference/commands/cmd-docs

Airflow Tasks Dependencies

start_task >> [
extract_orders_task,
extract_customers_task,
extract_products_task

]

extract_orders_task >> merge_data_task
extract_customers_task >> merge_data_task
extract_products_task >> merge_data_task

merge_data_task >> [clean_data_task,
validate_data_task
]

clean_data_task >> combine_data_task
transform_data_task >> combine_data_task
validate_data_task >> run_data_quality_checks_task
combine_data_task >> load_data_task
run_data_quality_checks_task >> load_data_task

load_data_task >> end_task

dbt Auto-Generated Dependencies

SELECT
ord.order_key AS
ord.total_price AS
cust.customer_key AS
con.country_key AS
dt.date_key AS
FROM
{{ ref('dim_order') }}

order_key,
total_price,
customer_key,
country_key,
date_key

ord

LEFT JOIN {{ ref('dim_customer') }} cust
ON cust.customer_id = ord.customer_id
LEFT JOIN {{ ref('dim_country') }} con

ON cust.country_id

= con.country_id

INNER JOIN {{ ref('dim_date') }} dt

ON dt.date_full

= ord.order_date




Documentation & Lineage

Unity Catalog Users:
e Canupload dbtdocsto UC

e Leverage UC Lineage

o  Column Level

Cross Platform (Query Federation)
Includes all data artefacts
Available via APl or System Tables
Supports ERD with PK and FK

o O O O

Non Unity Catalog Users:

e Generated out of your dbt project

o Information about your project
o Information about your data warehouse

e Hosting options
o  Usedbt Cloud
o  Host on S3/ADLS/GCS

e Show and track lineage between
models

bronze_layer.raw_suppliers

raw_region_seed

bronze_layer.raw_customers

bronze_layer raw_part_suppliers

mart_popular_parts

mart_top_suppliers

fact_order

dim_supplier

dim_region

dim_customer

bronze_layer.raw_lineitems

mart_customer_supplier_distribution

Top Customers of the Week



https://docs.getdbt.com/terms/data-warehouse
https://docs.getdbt.com/docs/collaborate/documentation
https://docs.aws.amazon.com/AmazonS3/latest/dev/WebsiteHosting.html

dbi:'lntegration
with Databricks



Getting Started

e dbt-databricks package
o Open source, forked from dbt-spark
o Lots of Databricks-specific niceties:
m Delta by default,
m no ODBC dependency
m Unity Catalog

e Runningin Workflows
o Support for running dbt projects as a job task
o Allyou need is access to the git repo with your project

e Runningin dbt Cloud - via Partner Connect
o Simple dbt Cloud integration uses dbt-databricks


https://github.com/databricks/dbt-databricks

dbt Targets

target

This is the default target your dbt project will use. It

must be one of the targets you define in your profile.

Commonly it is set to dev.

type

Databricks

catalog

Databricks catalog, default is hive_metastore

schema

Databricks schema

host

All Purpose Cluster or SQL Warehouse

http_path

Databricks compute resources URL

threads

The number of threads the dbt project will run on

token

Databricks access token

{{ env_var ('DBT ACCESS TOKEN') }}

N =t

databricks_demo:
target: dev
outputs:
dev:

type: databricks
catalog: <default_catalog_name>
schema: <default_schema_name>
host: <databricks_host_name>
http_path: <databricks_host_http_path>
threads: <thread_count>
token: "{{ env_var('DBT_ACCESS_TOKEN')

type: databricks
catalog: <default_catalog_name>

schema: <default_schema_name=

host: <databricks_host_name>
http_path: <databricks_host_http_path=>
threads: <thread_count>

token: "{{ env_var('DBT_ACCESS_TOKEN')

prod:
type: databricks
catalog: <default_catalog_name>
schema: <default_schema_name>
host: <databricks_host_name>
http_path: <databricks_host_http_path=>
threads: <thread_count>
token: "{{ env_var('DBT_ACCESS_TOKEN')

13

13
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Orchestration

Databricks (dbt core) dbt cloud

r— - = — = — = — — = — — — — — 2 — 1
| dbtcore/CLI | || dbt Account e e e il = |
r—— - ———— - = A | | Development enviornment | |
| | Development enviornment | | | | | |
l [ | > |
| : :‘ I | i Model ocumen Test : |
[ | Model ocumen Test | | | | | |
| | | | | L ————— J I
| |
| L - ———— — = J | I l |
| | cowrbo | o — T T . |
- - - e 3 | | Deployment environment | |
| |
| K dbt jobs | :
code repo ! I I
________________________________ | o |
| Databricks workspace : :
| ﬁ @ Job Cluster = | T
. . r————— - - - - - - — — — — —t —— — — — — ———— — — — — — —
: Databricks ]°b = | Databricks Workspace
|
: | ® SQL Warehouse
|
S I P |
|
S

Silver

/ 'XI;E';%SOft aWS / Microsoft \3

Azure

Google Cloud \/‘7 Google Cloud




dbt Job

Databricks Workflow - dbt task

dbt_task_manifest_test

Runs  Tasks

Task name * @

Type *

Source * ©

Project directory @

dbt commands * ©

SQL warehouse @

Warehouse catalog @

Warehouse schema @

dbt CLI cluster * @

Dependent libraries @

dbt_task_manifest_test

& 2 dbt comm
& dbt_CLl
dbt_task_manifest_test
dbt v
Git provider (dbt-dev) Edit v
1 dbt deps
2 || dbtrun-4models state | X
Add
@ Shared Endpoint (M) 0 v
kb_catalog1 v

databricks_demo_kb_catalog1_schema

dbt_CLI 30.5GB - 4 Cores - DBR 11.3 LTS - Spark 3.3.0 - Scala 2.12 / v
dbt-databricks should be specified as a library

dbt-databricks>=1.0.0,<2.0.0 X

dbt Cloud Job

< Jobs

General Settings

Environment

Choose an environment for this
job to use. Every time this job is
executed, it will use the chosen
environment.

Execution Settings

Specify how this job should be
executed.

Commands

Specify which dbt commands this
job should execute.

Example dbt Cloud Job | Settings % iGooodt

NAME Example dbt Cloud Job

ENVIRONMENT Production b (Z
DBT VERSION Inherit from Production (v1.0 (latest stable)) v
THREADS 16

TARGET NAME @ default

D’ Set Environment Variables

GENERATE DOCS?
RUN SOURCE FRESHNESS (@

RUN TIMEOUT 0

Number of seconds a run will execute before it is cancelled by dbt Cloud. Set to 0

to never time out runs for this job.
DEFER TO PREVIOUS RUN STATE? Do not defer to another run ¥
Use the selected job's most recent
successfu nifest for state

comparison.

1 dbt seed --full-refresh
2. dbt run X

3. dbt test --store-failures X







Demo: Datasets

Streaming;:
- airline_trips

Static:
- airline_codes
- airport_codes



Demo: Concept

STREAM

Ingestion Job

o R R PP Ry
A »“ dbt-databricks _ DBSQL (%) A
Delta Lake dbt Photon DeltaLake

Source Table Target Table



Demo: Architecture

______________________________________________________________________________________________

____________________________________________________

-

____________________________________________________



Demo: Pipeline
Source Delta Tables:
- airline_trips  [ingested using a spark streaming job]

- airline_codes [ingested using a spark batch job]
- airport_codes [ingested using a spark batch job]

bronze_layer.airline_codes_bronze_classic

gold_delays_summary_classic

bronze_layer.airline_trips_bronze_classic airline_trips_silver_classic

gold_geospatial_summary_classic

bronze_layer.airport_codes_bronze_classic




Challenges

e Custom ingestion framework or job
o Extra pre-step in the end to end process
o External execution engine required to perform this step
o More administrative and operational overhead
o Additional orchestration and dependency management
e Hard to handle Reprocessing or reloading of data if required
e Non-unified medallion architecture - Bronze not part of dbt project

e Scaling can be challenging in handling higher data volumes
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Data Transformation: dbt Labs

Analytics engineering on the Lakehouse made simple

dbt Cloud

Databricks and dbt Labs simplify analytics gy P
engineering on the Iakehcuse. X dbt Fishtown Analytics

Project fet_subscription_transactions.sql

limit 100 save 1D

branch: master 1 58aa5f22ef7488e9055349708002ae46
2 {{ config(materialized ‘table') }}

Im Users can ingest and transform i — ;e oot
streaming data in their dbt pipelines using o 2 I
Streaming Tables and Materialized Views. 2 mcrs A i S i

£ analytics 6 select = from {{ref('subscription_transactions_typed')}}

c23b85ff2b8f604642b4d630671e8251

- N 12 select — 03d8ce@c52b5e70dde4c47a0475d727d
De =
14 X, ab4ffc6@3ecd4f6d69174707f2d6bbbcd
- 1
B9 community 16 \(date month) over ( 9e0432e3ab08493457984f09f 1bd5a91
. . . T s
Run your dbt projects as a task in a Databricks : MO o © s © Wit
Schema Browser Past Executions
. = Shared Endpoint @
ob to automate tasks and schedule workflows S 2 2
J SELECT
year(o_orderdate) AS year,
B8 customer n_name AS nation,
c_custkey i um(l_extendedprice * (1 - l_discount) * (((length(n_name))/100) + (year(o_o
c_name o
c_address
c_nationkey
c_phone
® c_acctbal
c_mktsegment
c_comment WHERE
B8 lineitem c_custkey = o_custkey
|_orderkey AND 1_orderkey = o_orderkey
\’panke“ AND 1_suppkey = s_suppkey
A Runs dbt run J;SUDDKG’V AND c_nationkey = s_nationkey
I_linenumber = y
|_quantity {3} = 4 @ LIMIT 1000
|_extendedprice
|_discount A Revenue by Nation over Time Table
I_tax
©2024 Databricks Inc. — All rights reserved Lreurntag
_linestatus
I_shipdate 250M

|_commitdate



Streaming Tables

A
I
e Ideal for bringing data into “bronze” tables or CREATE STREAMING TABLE web_clicks
. AS
even “silver” tables. SELECT * A
FROM STREAM
e Continuous, scalable ingestion from any data read_files('s3://mybucket’)
source including cloud storage, message buses CREATE STREAMING TABLE server_logs
AS
(EventHub, Apache Kafka) and more. A SELECT from_json(...) data
1 FROM STREAM
e Ability to support real-time analytics. : read_kafka(...) A
|
I
- : : !
e More efficiently handle high volumes of data via | Data stream 4
. . |
incremental processing vs large batches. - o o
e Possible to schedule incremental refreshes " O D &
Cloud Storage Message Queues

(S3, ADLS, GCS) (Kafka, Pub/Sub, Kinesis, etc)




Materialized Views

Accelerate Bl dashboards. Because MVs
precompute data, end users' queries are much
faster.

Reduce data processing costs. MVs results are
refreshed incrementally.

Improve data access control for secure sharing.
More tightly govern what data can be seen by
consumers by controlling access to base tables.

Possible to schedule incremental refreshes

CREATE MATERIALIZED VIEW customer_orders
AS
SELECT

customers.name,

sum(orders.amount),

orders.orderdate
FROM orders

LEFT JOIN customers ON

orders.custkey = customers.c_custkey

GROUP BY

name,
orderdate; A

{
S

Results are

pre-computed and
customers incrementally orders

(Table) A refreshed (Table) A




Integration: Concept

dbt—databricks> DBSQL STREAMING TABLE >o_[ﬁ'°_> (%) A

MATERIALIZED VIEW :
DLT Photon  DeltalLake

Service Table




Integration: Architecture

______________________________________________________________________________________________

minal E :

| 1

| 1

1

| 1

I 1

v | !
1

: i

1

BRONZE M dbt SILVER M dbt GOLD | |
1

| 1

| 1

| 1

1

! 1

| 1

| 1

Airline Ops

BATCH

____________________________________________________



Integration: Pipeline

airline_codes
gold_delays_summary

airline_trips_bronze airline_trips_silver

gold_geospatial_summary

airport_codes




tion Demo






dbt Roadmap v1.9

https://github.com/dbt-labs/dbt-core/issues/10624
[EPIC] Incremental Model Improvements - Microbatch #10624

O 22 of 31tasks ' QMalcolm opened this issue on Aug 28 - 3 comments - Fixed by #10751

-- proposed spec

- {{
Q QMalcolm commented on Aug 28 -« edited ~ Contributor | *** con-f-'j_g(
materialized="incremental’,
Incremental models in dbt is a materialization strategy designed to efficiently update your data warehouse tables by only increme ntal_st rategy= "'microbatch’ R
transforming and loading new or changed data since the last run. Instead of processing your entire dataset every time, event_time='date_day’,
incremental models append or update only the new rows, significantly reducing the time and resources required for your batch_size='day',
data transformations. lookback_period="3"
Even with all the benefits of incremental models as they exist today, there are limitations with this approach, such as: }} )

« burden is on YOU to calculate what's “new" - what has already been loaded, what needs to be loaded, etc.
« can be slow if you have many partitions to process (like when runningin full-refresh mode) as it's done in “one big" select * from {{ ref('stg_events') }} # this
SQL statement - can time out, if it fails you end up needing to retry already successful partitions, etc. . .
9 : Y P g L y P ref will be auto-filtered

« if you want to specifically name a partition for your incremental model to process, you have to add additional "hack"y
logic, likely using vars
¢ data tests run on your entire model, rather than just the "new" data

In this project we're aiming to make incremental models easier to implement and more efficient to run.


https://github.com/dbt-labs/dbt-core/issues/10624

dbt <> DBSQL: Future Architecture

______________________________________________________________________________________________
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