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Lakehouse Al
Data Warshouso Why the Lakehouse for Al / ML?

i | > (B F@) &% [ '_+. i@ ¢
" v el o 1. Reliable data and files in the Delta lake

2. Highly scalable compute
3. Open standards, libraries, frameworks

4. Unification with other data teams

! https://www.databricks.com/blog/2020/01/30/what-is-a-data-lakehouse.html
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MLOps Lifecycle
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Data

- Unity Catalog
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\_ Y, Model training Model management
l : ﬁﬁg:ﬂ-ﬂks ¥ - Unity Catalog :
p N B e e - Workspace Model Registry
Feature Store ) ,/ - v

- Feature serving

p

4 )
Production

e ™ - Model Serving
Lakehouse Monitoring - Batch inference

- Data quality metrics
- Model quality metrics
- Drift
N 4
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MLOps in the Lakehouse
DataOps

Data Preparation e Integrating data across different sources
(AutolLoader)

Data Sources

e Transforming data into a usable, clean
Delta Tables format (Delta Live Tables)

e Creating useful features for models
(Feature Store)

Feature Store
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MLOps in the Lakehouse
ModelOps

Model Training e Develop and train different models
(Notebooks)

AutoML

e Machine learning templates and

Notebooks m automation (AutoML)

* Track parameters, metrics, and trials
Experiments (MLF/OW)

e Centralize and consume models (Model
Registry)
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MLOps in the Lakehouse
DevOps

e Govern access to different models (Unity
Production

Batch / Streaming Inference

Catalog)

e Continuous Integration and Continuous

Deployment (CI/CD) for model versions
(Model Registry)

Online Serving Endpoints
e Deploy models for consumption (Serving

Endpoints)
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Let's review!
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Using Databricks for
machine learning
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Machine Learning Lifecycle

! https://www.datacamp.com/blog/machine-learning-lifecycle-explained
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Planning and preparation
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Planning for machine learning

What do | have? What do | want?

1. Data availability 1. Use cases

2. Business requirements 2. Legal and security compliance

3. Data scientists/data analysts 3. Business outcomes
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ML Runtime

e Extension of Databricks compute

e Optimized for machine learning
applications

e Contains most common libraries and
frameworks
o scikit-learn, SparkML , TensorFlow

o MLFlow

e Works with cluster library management

Databricks runtime version @

Runtime: 13.3 LTS (Scala 2.12, Spark 3.4.1)

v

Standard
ML

Uncategorized

>

>

>

14.0 ML Beta

14.0 ML Beta

13.3 LTS ML

13.3 LTS ML

13.2 ML

13.2 ML

13.1 ML

13.1 ML

13.0 ML

13.0 ML

12.2 LTS ML

12.2 LTS ML

includes GPU, Scala 2.12
includes Scala 2.12

GPU, Scala 2.12, Spark 3.4.1
Scala 2.12, Spark 3.4.1
GPU, Scala 2.12, Spark 3.4.0
Scala 2.12, Spark 3.4.0
GPU, Scala 2.12, Spark 3.4.0
Scala 2.12, Spark 3.4.0
GPU, Scala 2.12, Spark 3.4.0
Scala 2.12, Spark 3.4.0

GPU, Scala 2.12, Spark 3.3.2

Scala 2.12. Spark 332 7
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Exploratory Data Analysis

import pandas as pd
pd.describe(df)

# Spark DF
df.summary()

dbutils.data.summarize(

import bamboolib as bam
df

Exploratory Analysis
File Edit View Run Help
Get latest data
Transferm with bamboolib
Visualize
Save to Delta Lake

View table

htests Python v
Last edit was 37 minutes ago

Cmd 7

1
2
3 # This opens a UI
4 df

Shuw bamboolib Ul

Give feedback

import bamboolib as bam

from which you can import your data

4 () e Connected v Schedule v

Python | v v = X

160366 rows x 5 columns

Command tock ©.46 seconds

by rafi.kurlansik@databricks.com at 9/29/2022,

entity iso_code date indicator value

0 Algeria DZA 2020-07-17 Daily ICU occupancy 62.000

1 Algeria DZA 2020-07-17 Daily ICU occupancy per million 1.403

2 Algeria DZA 2020-07-18 Daily ICU occupancy 67.000

3 Algeria DZA 2020-07-18 Daily ICU eccupancy per million 1.517

4 Algeria DZA  2020-07-20 Daily ICU oceupancy 64.000
160361 United States USA 2022-08-26 Daily ICU occupancy per million B.588
160362 United States USA 2022-08-26 Daily hospital occupancy 23659.000
160363 United Stales USA 2022-08-26 Daily hospital occupancy per million 70.205
160364 United States USA 2022-08-26 Weekly new hospital admissions  27246.000
160365 United States USA 2022-09-26 Weekly new hospital admissions per million 80.849

11:58:56 AM on storm

Cmd &

Visualize

Now that we have a tidy dataset we can visualize the trends over time. Let's use bamboolib to create a plot that we will ultimately include in our weekly report.

In the following cell, enter the name of your pandas dataframe that you created in the previous step and run the cell to launch bamboolib again.

To Do:

1. Using the Plot Creator in bamboolib, create a Line plot.
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Feature tables and feature stores

Raw Data Feature table

count category price shelf_loc rating count category price shelf_loc rating
4 horror 12.50 end 3 4 1 12.50 1 3

&) romance 13.99 top 4.5 o 2 13.99 2 4.5
12 sci-fi 16.50 bottom 5 12 3 16.50 3 5
31 romance 9.99 Dbottom 3.5 31 2 999 |5 3.5
23 fantasy 24.99 top 4 23 4 2499 2 2
18 horror 19.99 end 2.5 18 1 19.99 | 1 2.5
19 cooking 17.50 end 4.5 19 5 17.50 1 4.5
7 fantasy 1299 top S 7 4 1299 2 3
37 sci-fi 14.99 bottom 5 37 3 1499 3 5
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Databricks Feature Store

e Centralized storage for featurized datasets from databricks import feature_store

e Easily discover and re-use features for
machine learning models fs = feature_store.FeatureStoreClient()

e Upstream and downstream lineage
fs.create_table(

& databricks

Permissions

s s e s name=table_name,

| - primary_keys=["wine_id"],
df=features_df,
schema=features_df.schema,

nnnnnnn

Consumers

description="wine features"

Endpoints ~ Jdebs  Notebooks
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Let's practice!
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Model training with

MLFlow In
Databricks
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Machine Learning Lifecycle

! https://www.datacamp.com/blog/machine-learning-lifecycle-explained
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Model training and development
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Single-node vs. Multi-node

Single-node machine learning Multi-node machine learning

e Great for experimenting and starting e Great for production workloads
e Easier initial setup e Easier maintenance long-term
e Hard to implement in production * Highly scalable
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AutoML

e "Glass box" approach to automated A “GLASS BOX" APPROACH TO AUTOML
machine learning -
e Leverages open-source libraries C)  spaik’ /\C/K S
e - -8 B
e Creates models based on data and processed | (@) earn miffow Generated  Baseline  Production
targeted prediction ~

* Provides notebook with generated code for
further

! https://www.databricks.com/product/automl
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MLFlow

Open-source framework

End-to-end machine learning lifecycle
management

Track, evaluate, manage, and deploy

Pre-installed on ML Runtime!

miflow

import mlflow

with mlflow.start_run() as run:

# machine learning training

mlflow.autolog()

mlflow.log_metric('accuracy', acc)

mlflow.Llot_param('k', kNum)
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MLFlow Experiments

e Collect information across multiple runs in a single location
e Sort and compare model runs

 Find and promote the best model
MLlow ' s

/Users/anaya.gutierrez@databricks.com/MLflow/MyEx... » Comparing 3 Runs

) 917317 11c1 2b465d9c304a4520896339 Tb144913340243279d%a3aed 1 beBEcH efbeadbcide 74debadbae 162126270b
tart Timi 2019-08-24 04:56:33 2019-09-24 04:56:30 2018-09-24 04 :56:27
Parameters
0.01 0.01 0.01
1.0 0.75 0.01
Metrics
mae k2 51.05 53.76 60.09
r2 0.385 0.355 0.229
rmse L= 63.25 65.29 71.4
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Let's practice!
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Deploying a model
in Databricks
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Machine Learning Lifecycle

! https://www.datacamp.com/blog/machine-learning-lifecycle-explained
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Model Deployment and Operations
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Concerns with deploying models

Evaluation

Availability
e How will my end users or application use
the model?

e Where do | need to put my model to access
it?

e Will the model be easy to understand or
use?

Are my users actually using my model?
Is my model still performing well?
Do | need to retrain my model?

Do | need a new model that is better?
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Model Deployment Process

mlf/ow mlf/ow

S

Models Model Reqgistry Model Serving
General model format Centralized and Turnkey serving
that standardizes collaborative model solution lo expose
deployment options lifecycle management models as REST
endpoints
1F i > Staging Froduction Archivec
Flavor | .
- 1 - __‘*' 1—_':;
XGBoost Ly > ".’.” E = - ik ";f
Flavor 2 i
@« > |4 @
- REST
Cenlea l‘_"'h’_""_f Endpo
o NI ) L S

Data Scientists  Deployment Engineers

X datacamp

Reports

Applicatons
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Model Flavors

e MLFlow Models can store a model from any
machine learning framework

e Models are stored alongside different |
configurations and artifacts |

e Models can be "translated" into another deployment option
kind of model based on needs. For

example: ) Flavor |
o scikit-learn )

)
o pyfunc @ o« > Flavor 2
o spark o8 )

o tensorflow
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Model Registry

Registered Models

Nama = Latest Version Last Modilied
Iam_Hacommesndar vearsion & Varsion 5 Varsion 4 20189-10-11 15:30:02
Airline  Delay Scikil Varson J Varsion 1 2U1T8=-10-11 12:417 4.3
Airling_Dalay Sparkhl Varsion ! Varsion 5 Varsion 3 2018-10-11 12:45:15
ransaction Fraud Classifier Vargion 1 2018-10-11 16:18:05
lcon GAN Viarson 1 2U18=-10=-12 OB 220:1 2
Power Forecasting Moda Varsion 1 Varsion 1 2019-10-07 15:38:27
Product Image Classifier Varsion & Version 5 20189-10-12 00:38:58
Commeant Summarizer Varsion 3 Varsion 2 Version 3 2018-10-12 00:39:40
Mowie_Hecommender Version 5 Version 5 Version 3 2019-10-10 1407:07

ransiation Alpha 20189-10-11 16:45:01
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Model Registry

Registered Models

Mame =

T HBcomimanoar

rline Dalay Scikil

fine Dalay Sparkhl

ransacihon Fraud Class

‘ower Forecasting Moda

P et

Movie Recommender

ranslation_Alpha

Latest Varsion

L H
Wi )
W )
Wi . 4
Wil |
Wi |
W i
Vi !
¥ 20N S

Wi

Wi

|"III.II

Ver

M CH

Sion E

Ersion 4

Varsion J

Varsior

Varsion 5

Version A4

Varsion 3

Last Modilied

2018-10-11 153002
2019-10-11 12:41:43
2018-10-11 12:45:15
2018-10-11 15:18:056
2018-10-12 0A:20:12
2018-10-0T7 15:38:27
J0189-10-12 D0 38:56
2018-10-12 00:39:40
2019-10-10 140707

2018-10-11 16:45:01
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Model Re

gistry

Registered Models

Nama =
Iam_Hacommesndar
Airline Delay Scikil
Airing  Dalay Sparkhl

ransacihon Fraud Class

Power Forecasting Mode

Product Image Classifiar

Movie Recommender

ranslation_Alpha

Latest Varsion

L H
Wi )
W )
Wi . 4
Wil |
Wi |
W i
Vi !
¥ 20N S

Wi

Wi

|"III.II

Ver

M CH

Sion E

Ersion 4

Varsion J

Varsior

Varsion 5

Version A4

Varsion 3

Last Modilied

2018-10-11 153002
2019-10-11 12:41:43
2018-10-11 12:45:15
2018-10-11 15:18:056
2018-10-12 0A:20:12
2018-10-0T7 15:38:27
J0189-10-12 D0 38:56
2018-10-12 00:39:40
2019-10-10 140707

2018-10-11 16:45:01
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Model Re

gistry

Registered Models

Mame =

T HBd

P et

Movie Hecomme

ranslation_Alpha

TR MCaT

rline Dalay Scikil

fine Dalay Sparkhl

ransacihon Fraud Class

iting Modae

n .II-II

Latest Varsion

L H
Wi )
W )
Wi . 4
Wil |
Wi |
W i
Vi !
¥ 20N S

Wi

Wi

|"III.II

Ver

M CH

Sion E

Ersion 4

Varsion J

Varsior

Varsion 5

Version A4

Varsion 3

Last Modilied

2018-10-11 153002
2019-10-11 12:41:43
2018-10-11 12:45:15
2018-10-11 15:18:056
2018-10-12 0A:20:12
2018-10-0T7 15:38:27
J0189-10-12 D0 38:56
2018-10-12 00:39:40
2019-10-10 140707

2018-10-11 16:45:01
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Model Serving

churn_prediction_test

End point state: Ready

URL: hifg e -dogload. staging.clowd databrick HTYmace - endpoini | arlk

Served models

Model Version

Call endpaint

LT Pyt

Reguest @

Mame

on=1

State

Compute

Large 15 -64

Response @

B pros;

SO
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Model Serving

churn_prediction_test

Endpaint state: Ready

URL: hifps /e -doglood staging. cloud . databrick ETmaade = endpoini arl

Served models

Model Version

Call endpaint

Cur Pyt

Reguest @

Mame

on=1

State

Compute

Large 15 -64

B pros;

BOrEd

Response @
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Model Serving

churn_prediction_test

Endpaint state: Ready

URL: hilps: e -doglood. staging.cloud databrick wTmaade - endpoinifchar s invocatsps

Served models

Madel Version HName
churn-prediction-1

Call endpaint

Cur Prytheon

Reguest @

State

Compute

Large '6-64 |8 prosvesioned

Response @
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Model Serving

Serving endpoints »
- Permissions Query endpoint
Model_ABTest ’

Serving endpoint state: (Z) Ready
Created by: admin@databricks.com

URL: https:/imyworkspace.cloud.databricks.com/fserving-endpoints/Model_ABTestfirvocations [

Active cnnfiguration # Edit configuration
Model Version Name State Compute Traffic (%)
B Model A Version 1 model-a-1 i) Ready Large 16-64 concurrent requests (16-64 DBU) &0
B Model B version 2 model-b-2 ) Ready Medium B-16 concurrent reguests (8-16 DBU) a0
Metrics Events Logs

All served models W 2023/02/03 10021 = 2023/02/0311:48 B &

Latency (ms) Request rate (per second)
1
12.00 A _a X . At _,/' 1
- A..f\r..'- T R I e _{ s A NI | n__.lf.". ]
(A Ve ¥ YA N ety 15 W (Y e
20.00 ¥ l:\vﬁ\ oY, JQ..-L,L\_:_{},*&:]P{ .;11,'{.\\:_. AT AN, fﬂr‘-l-,!_ *‘Qf'm
10.00 || '
. B.00
10.00 B.00
..._......_.....1.._..:...........,..-.....-":"l........"l:"l...............-..|'.1............-.._.,...........
v oy '.IH.- |, '.~_ i .f '.'Hr i W q.".- oo
5.00
2,00

1 https://www.databricks.com/product/model-serving

DATABRICKS CONCEPTS



Let's practice!
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Example end-to-end
machine learning
pipeline
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Let's practice!
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Wrap Up
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Why the Lakehouse?

Data Warehouse Data Lake Data Lakehouse

Data Laks

'

u B 9

afrUCTured, Semi=giructisred

L]

O <4

astructured, =emi=stnuctured and Unstructured Lata and Unstructiurad Data

! https://www.databricks.com/blog/2020/01/30/what-is-a-data-lakehouse.html
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Databricks for data engineering
Apache Spark

Delta
Delta Live Tables
Auto Loader

Structured Streaming

Workflows

X datacamp DATABRICKS CONCEPTS



Databricks for data warehousing
SparkSQL

ANSI SQL

SQL Warehouses
Queries

Visualizations

Dashboards

X datacamp DATABRICKS CONCEPTS



Databricks for machine learning

;- ™
Data
- Unity Catalog
A i J
4 ™

p

Feature Store

Feature serving

£ Y g
Model training
- AutoML -
- Notebooks
- MLflow experiments

AN J A

r/"
Lakehouse Monitoring

- Data quality metrics
- Model quality metrics
- Drift

A

Model management

- Unity Catalog
- Workspace Model Registry

Production

-  Model Serving
- Batch inference
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Congratulations!
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