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A science-led global healthcare company
with a special purpose: to help people

do more, feel better, live longer.

We have 3 global businesses that research, develop
and manufacture innovative pharmaceutical medicines,
vaccines and consumer healthcare products.
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Machine Learning(ML) Lifecycle — MLOps Outline

» Current State of Machine Learning Journey — Industry Forecast and ML Journey
» Bottlenecks and Challenges Facing Machine Learning Industry

» Different Actors, Players in the Machine Learning Journey.

» Word cloud --- MLOps, Devops, Dataops , AlOps ,Model Ops...... Lots of Ops ...
» Need For MLOps ,MLOps vs DevOps

» Use Cases - ML Use Cases

» MLOps Framework - ML Flow , Kubeflow, Air Flow

» MLOps RoadMap




Current State of Machine Learning Journey — Industry Forecast and ML Journey

What is the stage of ML adoption in your organization?

Exploring
[Just looking]

Early Adopter

[We’ve had models in production for 2+ yrs]

Sophisticated 15%
[We've had models in production for 5+ yrs] ° B All Regions

% of respondents

Exploring
[Just looking]
48%

Early Adopter
[We've had models in production for 2+ yrs]

B North America
B Europe

Sophisticated
Asia

[We've had models in production for 5+ yrs]

Oreilly Book (The State of Machine Learning Adoption in Enterprise)



Current State of Machine Learning Journey — Industry Forecast and ML Journey

What kind of methodology do you use with ML work?

% of respondents

Agile 48%

No Methodology
Other

Kanban B All Regions

53%

Agile 56%

No Methodology

Other
10% Stage of ML Adoption
W Sophisticated
10% B Early Adopter
Exploring

Kanban

Oreilly Book (The State of Machine Learning Adoption in Enterprise)



Current State of Machine Learning Journey — Industry Forecast and ML Journey

PRODUCED BY COGNILYTICA

@COQD“YHCCI i Rker £hSeANCR ANb Ntk iaeNGs S AL K EY F I N D I N G s
The Ra p id Growth of ML 0 ps 7 COGNILYTICA EXPECTS VIGOROUS GROWTH IN

THE MLOPS SECTOR

Insights from Cognilytica’s ML Model Management &
Operations Report 2020

New entrants from bofh new, omorglng eompnnlol as
well as bli are expected to enter
this sector.

WHAT IS MLOPS?

Machine Learning Model Operationalization Management,

referred to as “MLOps” is focused on the lifecycle of model
development and usage machine learning model
operationalization, and deployment.

Al AND ML MARKETS ARE SHIFTING

The market for MLOPS Al and ML markets are shifting from development-
Soluﬁons expecfed to grow centric to consumption-centric activities.

to almost $4B by 2025.

MLOps market consists of

2 o at least 2 open source INFOGRAPHIC SPONSORED BY:
SOIUﬁOI'IS and at |eosi 18 @ -I t WWW.COGNILYTICA.COM
commercial vendors. cogni y Ica DOC ID: CGIG084

Coagnilytica: Al & ML Research, Advisory, Education, and Insight | Cognilytica



https://www.cognilytica.com/

Data Science Machine Learning Lifecycle

Data Science Lifecycle

Business
Understanding

Transform, Binning
Temporal, Text, Image
Feature Selection

Feature
Engineering

Data Source On-Premises vs Cloud
Database vs Files
s o Streaming vs Batch
Pipeline Low vs High Frequency
On-premises vs Cloud
HOZICIINEINEN Database vs Data Lake vs ..
Small vs Medium vs Big Data

VUELTATT-A structured vs Unstructured
3l [el =)Aol R Data Validation and Cleanup
Cleaning Visualization

Deployment Customer
Acceptance

Scoring,
Performance

Algorithms, Ensemble

Parameter Tuning Model Modeling Acquisition &

Retraining Training Understanding
Model management

Cross Validation Model
Model Reporting

A/B Testing Evaluation

Intelligent
Applications

monitoring, etc.

MLOps: The end of end-to-end. Machine Intelligence is one of our main... | by Mosaic Ventures | Medium



https://medium.com/@Mosaic_VC/mlops-the-end-of-end-to-end-2a3f2b7f7538

Challenges Facing the Machine Learning Solutions

*

The Black Box Problem
= This inability to understand how machines are thinking plays into cultural and
societal fears around artificial intelligence
= People don’t trust machines that think, and act like them.

*

Limited Talent Pool
% Data Availability and Privacy Concerns

%+ Complexity and Limitations

The State of Machine Learning in 2020 (sololearn.com)



https://www.sololearn.com/Blog/60/the-state-of-machine-learning-in-2020/

Challenges Facing the Machine Learning Solutions

According to a Gartner Analyst-

s Out of all ML Models — only 47% of those models go into production.

s 88% of Al initiatives in the corporate sector struggle to move past the test stage.

Getting Machine Learning into Production: MLOps - InformationWeek



https://www.informationweek.com/big-data/ai-machine-learning/getting-machine-learning-into-production-mlops/d/d-id/1335050
https://www.informationweek.com/big-data/ai-machine-learning/getting-machine-learning-into-production-mlops/d/d-id/1335050
https://en.wikipedia.org/wiki/MLOps




Introducing MLOps

PREPARE DATA »

®
@ ENGINEER

DATA COLLECT
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MODELLING . SCIENTIST

DATA - PIPELINE
REPOSITORY TRAIN MODEL
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REGISTRY
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Delivering on the Vision of MLOps (gigaom.com)
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https://gigaom.com/report/delivering-on-the-vision-of-mlops/?go_pubd_template=default&user_name&user_email&timestamp=1585696637&go_pubd_service=docraptor&signature=YTVmYTg1N2VkZTg3OWIzZGE2MGQ5ZWIxYTY5Zjc3MWJjMzNlOTRlOWJiOGIzNmUyOTlkMThjMTA1ZWQ5YTMzZA%3D%3D

Introducing MLOps (Summary)

ML Madal

()

mii

Traditional Software Machine Learning

1

Data preparation
200 lines
version 5

Model training

500 lines
version 12

Model evaluation

100 lines
version 1

Code repository

MLOps Brings Best Practices to Developing Machine Learning - insideBIGDATA
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https://insidebigdata.com/2021/01/07/mlops-brings-best-practices-to-developing-machine-learning/

Is That All ?

Cowboys and Ranchers Can Be Friends!

Data Scientist SRE/ML Engineers

* Quick iteration * Reuse of tooling and

* Frameworks they Hl/GH FIVE! . platforms

understand + Corporate compliance
* Best of breed tools * Observability
* No management *+  Uptime

headaches

* Unlimited scale

Using MLOps to Bring ML to Production/The Promise of MLOps (slideshare.net) 13



https://www.slideshare.net/weaveworks/using-mlops-to-bring-ml-to-productionthe-promise-of-mlops/12

ML Model - Problems

Every ML model faces a host of challenges during the four core stages of its lifecycle:
% ETL (Data pipelines)

¢ Algorithm training

¢ Inference

¢ Monitoring, Management, and Updates

https://blogs.nvidia.com/blog/2020/09/03/what-is-mlops/ 14



ML Model — Data Pipelines
Neural Network,CNN, XGBoost,Principal Component Analysis

e s

On-Premises Deep Learning Pipeline

5 a ( N e
Data Ingest Data Prep Training Cluster Deployment Archive Data
01010 T
101013 =
01010 1
16110 Data Lake
. > J -

> .
‘\ Feedback _//

Cloud
Cloud Deep Learning Pipeline

Netapp blog - https://blog.netapp.com/accelerate-i-o-for-your-deep-learning-pipeline/

15



Devops to MLOps Journey

MLOps = ML + DEV + OPS

000

Experiment Develop Operate

Data Acquisition Modeling + Testing Continuous Delivery
Business Understanding Continuous Integration Data Feedback Loop

Initial Modeling Continuous Deployment System + Model Monitoring

MLOps is the Machine
learning equivalent of
DevOps. While DevOps
helped optimize the
production lifecycle of Big
Data project

MLOps seeks to solve the
problems associated with
the implementation of ML
in production.

https://www.slideshare.net/weaveworks/using-mlops-to-bring-ml-to-productionthe-promise-of-mlops
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https://www.slideshare.net/weaveworks/using-mlops-to-bring-ml-to-productionthe-promise-of-mlops

Stakeholders

Automation(CI/CD),

Governance, Monitoring

Model Retraining

Software developers(SW),
Operations, QA

Code by SW developers to
Production system
continuously.

Dependency Changes,
Failures, Key Metrices. Ethics
and Good Model not needed

NA

Data Scientist, Data
Engineers, Software
Developers, Operations, QA.

2 Streams — Data Engineering
Code, Model Code are
Deployed, Synced up and
models are validated and
deployed

Devops+ Model
Performance+ Data
Drift(Quality of data,
distribution). Ethics and
Explanability of models

Critical and required.

Why MLOps shouldn’t be an afterthought | by Innovate & Disrupt | Medium



https://medium.com/@vsistla/why-mlops-shouldnt-be-an-afterthought-b73c564b96d7

MLOps Frameworks — Opensource (MLFlow , Kubeflow),Azure ML

mec o Plpelines

 Apache Airfow  Clous Composer Cu'\paser

Docker ,‘7— Plpellnes
Argo ,
‘ Experiments ]—\

TensorFlow Serving + lstio

TensorFlow Batch Predict "\ Kubeﬂow

Seldon Senving \
Model serving

MDA TensorRT Inference server ]

Lah
Notebooks }&

Distributed training J TF job

r 7 Tensorelow Extended [TFX)
Model training
S Tersordcard

\—( Fairing ‘

eytorchsendng [
_DyTorehsening
R ) Katib / Google Vizier
Metacata tuning
kustomize - 1
Nuciio functions |l
[ Kubernetes } { Multicloud }[ Al Hub }[ Web Ul ]
Version 1.1 20100807 @MichalBrys

The Cheesy Analogy of MLflow and Kubeflow | by Byron Allen | Servian | Medium
Kubeflow — a machine learning toolkit for Kubernetes | by Michal Brys | Medium

GCP + MLFlow Pattern

) Gocegle CloudPlatform Ps

miflc Data
Science
i Team
loud Machine o0
BigQuery ————— - 6 ‘ .
ng [ ]

T User
@ Jenkins I .U:l

App

R —

& 2

NE TN NS NN

T pyThrReH @ est. XGBoost € DNNX‘T__E;@:?—

Tensor

® KFServing
& knative
O sto
Kubernetes
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https://medium.com/weareservian/the-cheesy-analogy-of-mlflow-and-kubeflow-715a45580fbe
https://medium.com/@michal.brys/kubeflow-a-machine-learning-toolkit-for-kubernetes-d8686f6c91b6

Build your own

Build Your Own MLOps Platform

O ) Jenkins

E GitHub Azure DevOps
Kubeflow + +
gt
& G'tLab 9 circleci
Azure Machine Learning

o Bitbucket {5 Bamboo
m IfI{D w And many MANY more...

https://www.slideshare.net/weaveworks/using-mlops-to-bring-ml-to-productionthe-promise-of-mlops



https://www.slideshare.net/weaveworks/using-mlops-to-bring-ml-to-productionthe-promise-of-mlops

MLOps Frameworks — Opensource (MLFlow , Kubeflow),Azure ML

AN

AWS - Sage
maker

Eco-systems
of Startups

<

A | 4
A O -

\_

ML Ops

Framework/Pipeli

ne

(" )

End Goal
Ease of Use

J

Valued
Explainable
Model

Analogy
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Model Works

Does My Model Actually Work?

Nice. Nice.
Data Scientist I SRE/ML Engineers |
Cleary Automated Explain Model
Minimize = Validation & [=# & Look for |= FP‘::?: . D f:"' R
Code Profiling Bias e 27 eploymen
Source Control

https://www.slideshare.net/weaveworks/using-mlops-to-bring-ml-to-productionthe-promise-of-mlops



https://www.slideshare.net/weaveworks/using-mlops-to-bring-ml-to-productionthe-promise-of-mlops

ML Ops — Use Case 1 - Seasonal Prediction
Value Add

Problem Statement

Traditional lead indicator for the Allergy season severity was the
Allergy Activity Notification (AAN) which uses the combination
of weather, pollen and medical allergy incidences.

Vision
* Imagine aworld where we could predict seasonal illness and
message you to be prepared and for vulnerable people to get
prepared with flu or allergy medication.

« GSK working in the background with retailers for availability
of OTC medications readily available .

GSK

22



Machine Learning — Digital Innovation -Mission @

Consumer
Healthcare

Seasonality Forecasting Model
Primary Objectives
— Inform Consumers on our Brand.com
— Improve national and regional media delivery

— Enable GSK as a Category leader in seasonal
category, to inform retailers of timing for seasonal
activation (distribution, stock up, display and
secondary support)

Secondary Objective

— Inform internal GSK functions such as Supply Chain, —
Finance and Leadership.

- B B B & § 8§ a 8 § %

W 36 ] Mt M et 1l W Ml Bl Ml Bb] Mesth Ml el esall Mee B e

— s —— il =il = = T

23



Predictive Model Construct — General Overview

1)) External Factor -1

External Factor 2
External Factor- 3
Q Rl

Global Data
New Data

Our attempt will be to a predictive took for the Allergy Seasons.

Category
Consumption =
EQ Volume

Dependent Variable

(%]
2
)
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©
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°
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@

o
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The model will be broken down by the syndicated major U.S Regional Market Levels.




Machine Learning: Build an allergy model and have it

do more
feel better
live longer

adjusted itself as new data comes in

Web Search Interest (relative to peak interest of 100)

Climate Change Brings Warm Spring and Allergy Troubles
Warm springs see peak allergy searches

@007
Warm Spring

Click

W

A0 48w

k-

K|

%0

Pr Y from S al ARIMA
GA TRX - future 12 weeks

2014-2-7 2014-6-20 2014-11-7 2015.3-27 2015-8-14  2016-1-1

Date

Use Historical data to align on model form & structure. Following data sets will be
considered-

» Internal Data Sets
»>  External Data Sets

The supervised machine learning model runs on a weekly fashion and tells where
brand is at current state as well as information around when expected peak and
level of peak. The model should also predict what is expected over the next few
weeks.

Once the weekly expectations are completed, the model adjusts, so that the weekly
data points in step 2 become facts or inputs to the next prediction



Data Processing on Databricks
Data Pipeline

Consumer
Healthcare

RAW Data Files STAGING AREA

External Data
Sources

‘
>

Source 2 Source 2

» Source 2
P>

» Source 31
>

Source 2
L

Source 32

Internal Data Sources

\ 4

Reference

Data Data

(V

\_—

DQ Reports

\

Reference Data

Logs, Metadata

ETL Admin

PROCESSED Analysis/Model
DATA Output
‘ —
Ll

Model

Category 2

Analysis

Model

Category 3

Analysis

Model

—) Applicatio
0

ADLS

— i) Power Bl
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Model Works ML FLow

*T =

O @
XGBoost L
K e
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NN N NS N

mif/ow
Models

General model format
that standardizes

mlf/low @

Model Registry Model Serving

Centralized and

Turnkey serving
collaborative model

solution to expose

deployment options lifecyele managerment madels as REST
andpaints
Staging Production Archived
Flavar 1 —— ] S r o
L) [ (SR N . = - Reports

r' e e e s
1 [ — 88—

£ -
’E"@ Applications

REST e
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Data Scientists  Deployment Engineers

MLflow Model Serving Intro and Overview of How It Enables Real-time Machine Learning - The Databricks Blog

27


https://databricks.com/blog/2020/06/25/announcing-mlflow-model-serving-on-databricks.html

10

Productionizing Machine Learning: From Deployment to Drift Detection — ML Flow

Modeling Pipeline
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https://github.com/joelcthomas/modeldrift
https://databricks.com/blog/2020/02/18/how-to-display-model-metrics-in-dashboards-using-the-mlflow-search-api.html

MLOps — Seasonal Prediction — key Takeaway @

Consumer

Key Takeaway Healthcare

« MLOps helped in managing the
* Model Pipeline.
* Model Scoring
« Model Drift Detection

« MLFlow quick code bytes helped with the problems associated with the
implementation of ML in production.

» Global Scaling is now easier.

29



MLOps Use Case — 2 Using Kubeflow

A surveillance solution needs identification of
objects and activities in live video feeds.

Operators to be able to retrain models
whenever they needed to add different
categories or items/activities of interest.

Abstract all training infra/pipeline aspects
from the operators because these are not
technical but business folks.

24 hours for the new trained model to be
tested and deployed.

Home | Thinkdeeply

30


https://www.thinkdeeply.ai/

MLOps Use Case — 2 Using Kubeflow (ThinkDeeply.ai)

J——

' >> >> é} >> G.'Ellﬂ Requirement:

2

Deploy & Monitor

+ As a small team, wanted the key resources to focus on the core job of
model building and tuning and not to waste cycles on infrastructure.

+ To ensure that the solutions will deploy and scale in client's infrastructur
without much effort

E | E |
|| Assisted ] Model ] Model TOOIS : . . . . .. -
(] Labeling | Managaement "] serving + Leveraged the Kubeflow pipelines to simplify the model training TFServi
and KFServing for serving TensorFlow and Pytorch models.
L] aggregation | ] | Tuning | ] Management

ubelfow Benefits:
e b | o | o B
% Standardized environment simplifies task of Data Scientists and ML

developers

++ Significant reduction in time spent in operational and infrastructure
management tasks

+ Easy to deploy and scale across different environments — on-premise ar
combination of Cloud

Discover Prepare Train

Challenges:
+ Learning Curve

>

*

Distitused g T b

(= % Memory requirements
_/ py—
Miscellaneous

[ ubernetes | [ mumicowd |[ amwn ][ webu ]

Home | Thinkdeeply PP —
Kubeflow — a machine learning toolkit for Kubernetes | by Michal Brys | Medium
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https://www.thinkdeeply.ai/
https://medium.com/@michal.brys/kubeflow-a-machine-learning-toolkit-for-kubernetes-d8686f6c91b6

L B s L my_aml_experiment | All Runs

@ + Add Chart Edit Columns "/ Filter ") Refresh

l Deploy [] include child runs

Register Azure ML
Model

R

Create Azure ML
Experiment on Train Model
Compute Target

MAX F1_SCORE RUNNING DURATION (SECONDS) F1_SCORE

0.8634 0

T Mount

Azure ML Datastore

COMPLETED FAILED

Azure ML Environment A 4 6 6
Run Number Run Number

MODEL ID CREATED ¢

l RUNTYPE STATUS
binary classifiers 3 Apr 12,2020 101 PM

azureml.scriptrun Completed

Completed binary classifierd Apr7, 2020 9:56 PM

binary classifier3 3 Apr7, 2020 924 PM

Deploy Deploy to Azure azuremlscriptrun

Package Web
Container Instance

Service

azureml.scriptrun Completed

Apr7, 2020 9:17 PM

azureml.scriptrun Failed

Azure ML Model

Creating End-to-End MLOps pipelines using Azure ML and Azure Pipelines — Part 5 — Ben Alex Keen



https://benalexkeen.com/creating-end-to-end-mlops-pipelines-using-azure-ml-and-azure-pipelines-part-5/

MLOps Benefits

MLOps Benefits

Automation / Reproducibility
Observability Validation /Auditability

» Code drives generation * SWE best practices for » Controlled rollout
and deployments quality control capabilities

* Pipelines are » Offline comparisons of + Live comparison of
reproducible and mode| quality predicted vs. expected
verifiable * Minimize bias and performance

+ All artifacts can be enable explainability » Results fed back to
tagged znd audited watch for drift and

improve model

== VELOCITY and SECURITY (For ML)

Using MLOps to Bring ML to Production/The Promise of MLOps (slideshare.net) 33



https://www.slideshare.net/weaveworks/using-mlops-to-bring-ml-to-productionthe-promise-of-mlops/12

Convergence of MLOps and DevOps Teams

. T
® BB e

DEVELOPER
REPOSITORY ity sk
"
DATA EVALUATE MODEL MONITOR
ML ENGINEER/ et
DATA SCIENTIST

DATA
PR 100)LLING PIPELINE I“

oarapipeLve | | | B Data Analysis

Drift, Monitoring

Delivering on the Vision of MLOps (gigaom.com) 34



https://gigaom.com/report/delivering-on-the-vision-of-mlops/?go_pubd_template=default&user_name&user_email&timestamp=1585696637&go_pubd_service=docraptor&signature=YTVmYTg1N2VkZTg3OWIzZGE2MGQ5ZWIxYTY5Zjc3MWJjMzNlOTRlOWJiOGIzNmUyOTlkMThjMTA1ZWQ5YTMzZA%3D%3D

MLOps Roadmap Checklist for an Organization

Capabilities Time Horizon
. s Now

* Process .

. % Next

% Technology .

. s Later

% People / Resources & Luxury

s Culture

)
L X4

Identify and prioritize mission-critical AI/ML workflows that can benefit from
retroactive MLOps implementation.

Create a roadmap for applying MLOps to the backlog of workflows
Collaborate on the organization’s MLOps governance and policy enforcement
strategy

) )
LS X4

Machine Learning Operations (MLOps) - Neal Analytics



https://nealanalytics.com/expertise/mlops/

Thank you @

Consumer
Healthcare

— Fina

Thank you

Questions ?

Subroto Mukherjee




