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Agenda

What is MLOps

AWS MLOps Services

Amazon SageMaker Studio, Processing, Pipelines, Model Registry & Project, Lineage Tracking

MLOps Foundation Roadmap
Demo: Data Scientist & MLOps on AWS

MLOps Journey for NatWest
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ML and Path to Production

MACHINE LEARNING CODE AND DATA SCIENCE NOTEBOOKS...
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ML and Path to Production

...1S ONE SMALL PART OF THE OVERALL DEPLOYMENT PICTURE

aws
S

Configuration

A Machine
Data Verification Resource
Management
Data Collection
ML Analysis Tool
Code
Feature Process
Extraction Management Tools

Serving
Infrastructure

Monitoring

“Only a small fraction of real-world ML systems is composed of the ML code”
source: Hidden Technical Debt in Machine Learning Systems [D. Sculley, & al.] - 2015
https://papers.nips.cc/paper/5656-hidden-technical-debt-in-machine-learning-systems.pdf
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Customer Challenges, ML Lifecycle and Personas

CONSIDERATIONS & CHALLENGES LEAD TO ML AND OPERATIONS (MLOPS)

Operations Technology

Business decision making m

Y ‘ u lt u re Business KP!I evaluation B oo
Visualisation

Business Analysts
Product Owner
Business Stakeholders

Model KPI evaluation

e Lack of cross-functional teams A
Lead Data Scientist g @ '

Model bu”dmg ageMaker Notebooks Sag ML Data
Model Endpo nls

» Priorities & needs (personas) 5 e

Model retraining

Data Scientists Model deployment
A O Inference
Code abstraction
« Organizational structure
Code QA
ML Engineers CI/CD development
L)
« Skillsets
% Data preparation . .
Data partitioning
Data governance EMR Athena ue Lake Formation Step Functions
- Unique aspects of ML lifecycle [
q p y Network orchestration
Security hardening <\>

Infrastructure as code development

. s Service Catalogue CloudWatch AP| Gateway  IAM
Account instantiation o
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Amazon SageMaker MLOps
Services
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Amazon SageMaker Studio

ML EXPERIMENTATION ON AWS USING AMAZON SAGEMAKER STUDIO NOTEBOOKS

B Data Science
Experimentation Environment

o ¢

K
<> ®

Code Repo

Data Science
Experimentation Environment

[€l &3

EMR

NE

Sagemaker Studio

Experimentation
Branch
Sagemaker
DataWrangler,
FeatureStor

Pipelines, Clarify Lambda Athena -

ML Data Glue

Local IDEs

Pycharm, VSC Notebooks

Data Scientists

aws

© 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
N1

Featy

Explore one-click solutions, models,

Build models automatically
and tutorials aportsner hua

click
. -

« ML tasks and companents.

+ Notebooks and compute rescurces

Seloct s Sogeblakes bmagn s S
& Amazon SageMaker Studio File Edit View Run Kemel Git Tabs Settings Help

mn [ xgboost customer_chum.pyr X & Trial Component Chart

B+ X OO0 » = ¢ dMakiown v @ conda_amazonel_mxnet_p27 O 04
&
# Have the predictor variable in the first column
 Not have a header row 03
(=] But first, let's convert our categorical features into numeric features. _:'“
H
@ [ 1: model data - pd. ies(churn) B -
model_data - pd.c [model_data[ 1. model_data.drop([ 0.1
a
00
TLheEd
And now let's split the data into training, validation, and test sets. This will period
[ help prevent us from overfitting the model, and allow us to test the models
B & Trial Component List
accuracy on data it hasn't already seen.
L c
[ 1: train_data, validation data, test data - np.split(model data.s
train_data.to_esv( . header , index ) TRIAL COMPONENTS
o validation 5 , header , index: )
O —
.
= 4
Now we'll upload these files to 53.
‘2? [ 1: boto on().- ce( -Buc K oin(prefix,
boto on(}- ce( -Bucket (| - t oin(prefix,
[ EESE——— )] (Gt
ees v

0 B 2 @ conda_amazonei_mzxnet_p27 | idle

Run open-source models with one

Experiment

customer-churn-predi
customer-churn-predi.
customer-churn-predi.

customer-churn-predi.

Training job
Training job
Training job

Training job

Mode: Command

®

Add chart o

.

& | Trial fal c
Trial-3 =
Trial-2 "
Trial-1 =
Trial-0 =

Ln1,Col1  xgboost_customer_churn.ipynb
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Amazon SageMaker Processing

PREPROCESS DATA & OFFLOAD DATA SCIENTISTS ON MANAGING CONTAINERS

from sagemaker.sklearn.processing import SKLearnProcessor /
from sagemaker.processing import ProcessingInput, ProcessingOutput /

sklearn_processor = SKLearnProcessor(framework_version='9.20.0", -
role=role, CO nta Iner '—s’opurnl!pmccssurgﬁqput—b

instance_type="ml.m5.xlarge"',
instance_count=1)
. COde s3:.fbucketpathitofinput_data Processing Container
sklearn_processor.run(code="preprocessing.py’,
inputs=[ProcessingInput( |nputs —_—
source="s3://path/to/my/input-data.csv',
destination="/opt/ml/processing/input')], )utputs
outputs=[ProcessingOutput(source="/opt/ml/processing/output/train'),
ProcessingOutput(source="'/opt/ml/processing/output/validation’), s3/fbucketpathito/output_data | Instance 1
ProcessingOutput(source="'/opt/ml/processing/output/test')] \

“—/opt/ml/processing/output—

Cluster

Supported pre-built processors: . learnn \Spork @Xnet XGBoost +

HUGGING FACE TensorFlow

Custom Containers
Framework Processors
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Amazon SageMaker Pipelines

AUTOMATED WORKFLOWS TO PRE-PROCESS, TRAIN, EVALUATION, & REGISTER MODELS

Training ML Pipeline

from sagemaker.sklearn.processing import SKLearnProcessor

sklearn_processor = SKLearnProcessor(framework_version='0.20.0", t6del
role=<role>, istratior

from sagemaker.workflow.pipeline import Pipeline

pipeline_name = f"AbalonePipeline"
pipeline = Pipeline(
name=pipeline_name,
parameters=[
processing_instance_type,
processing_instance_count,
training_instance_type,
model _approval _status,
input_data,
batch_data,
]’

steps=[step_process, step_train, step_eval, step_cond],

ProcessingOutput(output_name="test", source="/opt/ml/processing/test")

1,

code="abalone/preprocessing.py"

@® AbaloneTransform
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Training
Tuning
CreateModel
RegisterModel
Transform
Condition
Callback
Lambda Function
ClarifyCheck
QualityCheck
Amazon EMR
Fail




Amazon SageMaker Model Registry

@ Amazon SageMaker Studio File Edit View Run Kernel

B Components and registries
Select the component or registry to view.

©

Model registry B ModelGroup1
o Version 1 Approved  MyProject-Nov27-pipel...  execution-123456789... = ModelGroup1 ‘::::
MODEL REGISTRY Create model group
@  1rowselected 0/20 filters o Settes
Activity Metrics Setting:
Q. Search column name to start
Q. se
(i Event type Las
Mame Created Vi Stag 4 | staus & | Short deseription & | Modified by $ 1 ModelDeployment Deployed to stage: prod prod 20 hours
. ModelDeployment: Deployed to stage: staging staging 22 hours
= 1 prod Approved Studiolser 2
'(i-') ModelGroup1 1 hour ago Approval Status updated to Approved urvashic-407 22 hours
- 2 Approval Status updated to PendingManualApproval 22 hours

AbaloneMPG-16039329888329896 23 days ago
scikit-iris-detector-1016 1 month ago
End of the list

Create model groups in Benchmark and observe the model Track the activities, metrics, and
your model registry versions in your model group and settings per model version
promote versions of the model by
changing their status
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Amazon SageMaker Projects

EXAMPLE REPOSITORIES & CI/CD PIPELINES PER SAGEMAKER PROJECT

mmFeature Branchmmmmmmy
‘-‘ Feature and Development branches can be used
- ‘ EmFeature Branchmmmmmm \ for the development of new features/versions
! of the Sagemaker Pipelines
</> mmmDevelopment Branch
=
Model Build Repository
AWS CodeCommit

Main branches merge requests deploy the
Sagemaker Pipelines which will be used to
(re-)train the production ready models

Production Ready
ml-training- Models
pipeline
halod
1. Validate 2. Code Levgl 3. Build 5. Execute
repo structure Test e.g. unit K K
- meet static code Custpm Sagema er Sagem‘a er
Model Build CI/CD requirement analysis Containers Pipelines Pipeline
AWS CodePipeline
R —_—
</> s Main Branch . i .
Model Registry configuration Main branches contains endpoint
= Main Model Group New model Changes configuration and testing code
version event commi'fted to
Model Deploy Repository in registry the main branch Pre-Production Env | Production Env
AWS COdecommit v“Producti‘c’fnRead v tEStmg
Models Y Amazon
EventBridge
1. Manual 2. Moc_lel . 4. Manual
Approval Endpoint 3. Testing
(. Deployment
</>
Model Deploy CI/CD
aws
N1

5. Deploy
to

Approval

AWS CodePipeline
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Amazon SageMaker Lineage Tracking

TRACK WORKFLOW STEPS, MODEL AND DATASET LINEAGE, AND ESTABLISH MODEL GOVERNANCE AND AUDIT

Example Find all the datasets associated with an endpoint

# Define the LineageFilter to look for entities of type “ARTIFACT' and the source of type ‘DATASET'.

L| query_filter = LineageFilter(
entities=[LineageEntityEnum.ARTIFACT], sources=[LineageSourceEnum.DATASET]
)
SageMaker automatically creates a co

# Providing this ‘lLineageFilter’ to the ‘LineageQuery’ constructs a query that traverses through the given context ‘endpoint_
# and find all datasets.

N QueryC ) o ; The query parses the

query_result = LineageQuery(sagemaker_session).query

start_arns=[endpoint_context.context_arn], grap'h and returns the
query_filter=query_filter, lineage results

i . i direction=LineageQueryDirectionEnum.ASCENDANTS,
Algorithm Specification T R e

Artifact )

# Parse through the query results to get the lineage objects corresponding to the datasets
Flow Input dataset_artifacts = []
Artifact for vertex in query_result.vertices:
Image . ) . .
Artifact dataset_artifacts.append(vertex.to_lineage_object().source.source_uri)

pp.pprint(dataset_artifacts)

Artifact
1ac Frocessing Job Daftaset Arifact Training Job Model Artifact Model Aifact Model Package Create Endpoint Endpoint Contexd
Trial Component Trial Component Artifact Action

Dataset Artifact

Input Data Config _
Artifact Checkpoint

Artifact
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MLOps Foundation Roadmap
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MLOps Maturity Model

Templatize and
Productionize

Introduce Testing,  \yitiple ML
Monitoring, and Multi- ¢ tions
Standardize Code IEEEIITNG DD T

Repositories & ML
Solution Deployment

Establish the
Experimentation
Environment

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
N1



MLOPs Initial Phase

ML EXPERIMENTATION ON AWS USING AMAZON SAGEMAKER STUDIO NOTEBOOKS

Data Science
Experimentation Environment

x
.l ¢ J</>

Code Repo

Data Science
Experimentation Environment

Sagemaker Studio 'J
ECR EMR
Sagemaker @
DataWrangler,
e | YN .

Pipelines, Clarify Lambda Athena

i
E <
Local IDEs

Pycharm, VSC ML Data Glue

L

Data Scientists

Experimentation
Branch

Data Scientists experiment using Sagemaker
Studio and Services to build ML solutions
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MLOPs Repeatable Phase

FROM RESEARCH NOTEBOOKS TO ML PIPELINES & AUTOMATION

B Tooling Account
Durable
[ - FeatureMaster Branch 1

Deployment to Dev CL'CD

e Ve !
. 2= ‘ [ Push to Repository

ML Template = ) L iEh !
Repos ML Engineers £ Y #Sagemaker Mode! Registry
| @ ML Engineer refacior and
abstract the sohution based on @ @; @
best development practices

T B |

Load Data |
Scientist 1 ECR

Custom Container Images

ML engingers i.e. code
quality, 1951 coverage, et

H Dewv Account

E Data Science

Exparimantation Environment
¥
e

Pre/PostProcessing, Training, Model Evaluate/Registration

Tl B8 - 5 B B
Branch =
Pre-

A Training Post-
Faaiureion, m Procassing Processing

PO ey Lambda  Athena

—i ©H =,

Notebooks MLData  Glue

Sagemaker Studio

Sagemaker Endpoint ML Data
Local IDEs
Pychamm, VSC

L . tkh

Bl pata Lake

Data Governance
Durable

Dala Sciantists
) ) ONe. Lake Formation
1. Data Scientisls develop the new ML solution i

Data Storage and CloudWalch
Data Enginears Preparation
& Owners

Feature Storg
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MLOPs Reliable Phase 1/2

UNDERSTAND THE NEEDS OF MLOPS & INTRODUCE AUTOMATED TESTING

Tooling Account
Durable
Feature/Master Branch

v
Deployment to Dev CI/CD

v

: [ |
® Push to Repository ‘
)

ML Template B % Gifr
Repos ML Engineers ; i gagemaker Model Registry

|
i 3. ML Engineer refactor and

iahslmcl the solution based on @ @ @
‘ best development practices L

t "

CodePipeline CodePipeline

|
) = - .

Lead Data SageMaker
Scientist Project Prod Cogle Repo ECR
v X CodeBuild|  cus0m Container Images / X CodeBuild

1 2. Augment ML solution with |
ML engineers i.e. code
quality, test coverage, etc.

E Dev Account

[ Data Science
Experimentation Environment Sagemaker Endpoint

ey pomakae P 3 v
Sagemaker Studio w Pre/PostProcessing, Training, Model Evaluate/Registration Automatic Valkiation &
Unitintegration/Stress/ML

For ) / Pt iy W S L] Tests |
Experimentation Y
Branch ™\ 7| —
Post- . T T

Sagemaker AN\ Pre- T |
Processing Processing | Batch Requests ‘

Training <
Real Time

Requests
Lambda Athena

Notebooks ML Data Glue Sagemaker Endpoint Lambda ML Data

Local IDES
Pycharm, VSC ) . AP] Gateway,
Data Lake

Data Governance

Durable

Data Scientists

1 Lake Formation
1. Data Scientists develop the new ML solution

Data Storage and CloudWatch
Preparation

Feature Store
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MLOPs Reliable Phase 2/2

BEST PRACTICE ON MLOPS, ROBUST AND SECURE MODELS

Tooling Account

Durable

ML Template
Repos

Feature/Master Branch

ML Engineers _

abstract the solution based on

|
i 3. ML Engineer refactor and
i best development practices

|
i

SageMaker
Project

Lead Data
Scientist

Durable

Branch

Local IDEs
Pycharm, VSC

’ Experimentation

v
Deployment to Dev CI/CD

v

|
Push to Repository ‘

2
& Jgagemaker Model Registry

CodePipeline

Prod Coge Repo

1 2. Augment ML solution with |

ML engineers i.e. code
quality, test coverage, efc.

E Data Science
Experimentation Environment

Sagemaker Studio
Sagemaker

Lambda Athena

Notebooks MLData  Glue

ECR
CodeBuild|  cusom Container Images

E Dev Account

Pre/PostProcessing, Training, Model Evaluate/Registration
Post-

Pre- Training
Processing Processing

Sagemaker Endpoint

| Batch Requests ‘

Lead Data S
Bus
Pros

Promote to PreProd CV/CD Promote to Prod CI/CD

Manual Approval T Manual Approval

CodePipeline CodePipeline

v

CodeBuild

5]

Sagemaker Endpoint

.
Automatic Validation &
Unitfintegration/Stress/ML

Tests Sagemaker Endpoint
¥ L]

Real Time
Requests
x

Real Time
Requests
Ea *

N &

Lambda ML Data

’ Batch Requests

Lambda ML Data

AP Gateway AP| Gateway. :

]

Data Scientists

1. Data Scientists develop the new ML solution

© 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.

Data Lake
Durable

Feature Store

Data Governance

Lake Formation

Data Storage and CloudWatch

Preparation




MLOPs Scalable Phase

MULTIPLE TEAMS AND ML USE CASES ADOPT MLOPS

Lead Data
Sciontist

E Advanced Analytics Governance Account

ML Use Case
Catalogue

MLOps Account
infrastructure

A=

IT Lead Service Catalogue Product
Provision MLOps
AWS Accounts

E Tooling Accoumt

Durable

ML Template

SageMaker
Project

Ephemeral

Local IDEs
Pycharm, VSC

Feature/Master Branch

3. ML Engineer refactor and
ADsiract the solution based on
best development practices

A\l
Deployment to Dev CV/CD
L

Push to Repository

‘Sagemaker Mode! Registry
) N
H & D

CodePipeline 5% s o

a

Prod Cogle Repo

| 2. Augment ML solution with |

ML engineers Le. code
qualtty, test coverage, eic.

B oata Science
Experimentation Environment

Sagemaker Studio

Sagemaker
Quatangie
FeamreSore

Pocines, Carty

—F

ML Data

*

Pre/PostProcessing. Training, Model Evaluate/Registration

Pre- Training Post-
Processing Processing

E.

Sagemaker Endpoint ML Data

T

Promote to PreProd CVCD

Marnual Approval

CodePipeline

Pre Prod

E]

Sagemaker Endpoint

x
Ausomatic Valdation &
Unitintegration'StressML
Tosts
.

Real Time

1
Balch Requests Requests
5 +

¥

AP] Gateway.

Promote to Prod CI/CD

Manual Approval

CodePipeline

v

Sagemaker Endpoint
s

Real Time

Batch Roquests Requests
¥

N

Lambda

ML Dat

1. Data Scientists develop the new ML solution
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Demo:
Data Scientist & MLOps on AWS
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The NatWest Group MLOps journey



NatWest Group champions potential

HELPING PEOPLE, FAMILIES AND BUSINESSES TO THRIVE

NatWest Group is the UK’s leading
business bank, and we serve

Our purpose across the UK.

We champion potential, helping
people, families and businesses
to thrive

staff worldwide models

Supporting customers at
every stage of their lives

data scientists and data engineers -
Powered by innovation These help us make a meaningful . .
and partnerships contribution to society while balancing co ntl nuin g tO g row

the needs of our customers, colleagues
and shareholders

Simple to deal with > & )
’ ;g 5?!:23::15 ([‘/(//J e Child & Co. )RUMMONDS

Climate Enterprise Learning

Sharpened capital
allocation

% Lombard ;ﬁ,RB.S a Cfr ee

NatWest

NatWest Group 2021 Results
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https://investors.natwestgroup.com/~/media/Files/R/RBS-IR-V2/results-center/18022022/nwg-management-slides-2021.pdf

NatWest Group challenges before MLOps

Data-discovery and
access difficult

Our Goals

1. Modern tech-stack
2. Simplified data access

People Data

3. Simplified governance
Process Technology ‘ 4. Standardised patterns
* ML development
Lack of correct - DevOps methodology
training and

operating model Faster time-to-value

Manual handovers, Fragmented and

governance and out-of-date
long time-to-value environments
aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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What have we delivered in NatWest Group?

OUR MLOPS VISION, REALISED

Reduced time-to-live & self-service, secure
infrastructure deployment for ML
Amazon SageMaker Projects, AWS Service

Catalog, & Infrastructure as Code

Production-ready ML workflows
Amazon SageMaker Pipeline @

Explainability and Bias Reporting
Amazon SageMaker Clarify & Model

& MLOps on
Reduced cost AWS
Amazon SageMaker Spark Processors

Auditability
Amazon SageMaker Experiments, Model
Registry & Model Monitor

Increased collaboration among Data
Scientists
Amazon SageMaker Studio

Embedded quality assurance and
automated testing a X Enable sustainability
AWS SageMaker Model Registry @ X Amazon SageMaker Processor & Pipelines

& AWS CodePipeline, CodeBuild

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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A metric-based approach focused on business value

aws

N1

Where NatWest is now

Where NatWest was...

Templatize ang
Productionize
Multiple ML
Solutions

Introduce Testing,
Monitoring, and Multi-
account Deployment

tandardize Code
Repositories & ML
Solution Deployment

stablish the
Experimentation
Environment

Where Where

Metric NatWest NatWest
was... is now
Faster delivery of end-to- ~12 <3
end solutions months months

Simplified discovery and

access to data ~5 days <1 day

Simplified ML-model route- 3-6

<
to-live months 2ERE

End-user self-service

. . >30days <2 hours
environment creation

Reduce number of
disparate model execution Many )
patterns

© 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Reduced operational overheads

NATWEST GROUP CAN NOW SPIN UP ML INFRASTRUCTURE IN <1 DAY VS 5 DAYS PREVIOUSLY

aws
S

Some tasks oc¢:ur in paralle

© 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.

Before

5 days
Work reception

request

od

Architectures
reviews

Work Placement ICkLE
Authority |
— 5 days

n

5 days

AD Group

5 days

Whitelistl of

service
-

—
—
—— —
ML [= 2 |||li.
T m——

5 days

5 days

Data Access

(

Total: ~40 days

After
mﬁageMaker Projects & AWS Service Catalog

Amazon SageMaker Domain Amazon SageMaker User Profile Model Promotion Pipeline

(7 min) (3 min) (2 min)

———y

o ML Use Case Template Project Production Inference Pipeline
(5 min) (3 min)
— < 2 days

AWS Account
1edgyice Catalog & Infrastructure as Code
. Base Infrastructure Security Control

———y

==

(15 min) (45 min)

l <

ML env creation

1day

¥ironment and first ML project can be

Data Access
from scratch in

Total: ~7 days



MLOps on AWS Enables Sustainability

NATWEST GROUP MLOPS PLATFORM BECAME SERVERLESS AND REDUCED CO2 EMISSIONS

“Our ambition is to be a leading bank in the UK
helping to address the climate challenge. We have
set ourselves the challenge to
Cluster Architecture SageMaker [;Arci“iilleM financing activity and to
ecome "

NatWest 2021 Annual Report
Server runs for 15,120 hours/year Total instances run for 7,104 hours/year

Accelerating the
speed of transition
to a net-zero

Helping to end the
most harmful

activity
economy
I * A
4.125 Million gCO; eq 1.043 Million gC Embedding climate
Championing into our culture
54% less running time and 75% less CO, emisRetyCI RS and diC_ision-
with SageMaker Architecture M
* Calculated using https://engineering.teads.com/sustainability/carbon-footprint-estimator-for-aws-ins’ —
Net-zero emissions y ‘
for our operational ’
value-chain NatWest
Group

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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4l The partnership with AWS has helped us transform our ability

to build ML products and services at . We are now
working to grow this capability and embed it
. Through this work we have our data
fabric, that we can deliver
and have shown how we can use cloud technology to
ultimately as we support them at every
stage of their lives.
y
Zachery Anderson ~
Chief data & analytics officer, NatWest Group N
NatWest

Group



Thank you!

Dr Sokratis Kartakis Dr Greig Cowan

in| /in/sokratis-kartakis in /in/greigcowan
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Learn in-demand AWS Cloud skills

‘.@.l AWS Skill Builder . & AWS Certifications

Access 500+ free digital courses Earn an industry-recognized

and Learning Plans credential

Explore resources with a variety Receive Foundational,

of skill levels and 16+ languages Associate, Professional,

to meet your learning needs and Specialty certifications

Deepen your skills with digital Join the AWS Certified community
learning on demand and get exclusive benefits

2

T,

Access new

Train now exam guides

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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the session survey
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