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Introduction

What is machine learning engineering
(MLE)?




| The Al Implementation Gap

Global Al Adoption in 2022

Not in use

4.2%
Widespread use
26.0%

Limited use

69.8%

New Vantage Partners; Data and Al Leadership
Executive Survey 2022

Companies are exploring Al

Companies are deploying Al

IBM; Global AI Adoption Index
2022



https://c6abb8db-514c-4f5b-b5a1-fc710f1e464e.filesusr.com/ugd/e5361a_2f859f3457f24cff9b2f8a2bf54f82b7.pdf
https://c6abb8db-514c-4f5b-b5a1-fc710f1e464e.filesusr.com/ugd/e5361a_2f859f3457f24cff9b2f8a2bf54f82b7.pdf
https://www.ibm.com/downloads/cas/GVAGA3JP
https://www.ibm.com/downloads/cas/GVAGA3JP

| What causes this implementation gap?

‘Only a small

fl"actlon Of d Data collection Testing and Resource
debugging management
real-world ML
I Configuration
SyStem IS . Data Model analysis
; ; code
composed of the vetification
o Process
ML COde management
Automation Feature engineering

— Google Cloud Architecture wldb il st

Center; MLOps Overview

Serving
infrastructure

Monitoring


https://cloud.google.com/architecture/mlops-continuous-delivery-and-automation-pipelines-in-machine-learning

Challenges of productionalizing ML

The real world keeps changing

- Model performance decays over time The cost of maintainability

« Models need to be monitored & retrained « ML products can run for many years

« Effort required to manage legacy

) code, update Python versions; etc.
Costs compound quickly

« Cloud services are “pay per use”

« Model retraining and serving at scale
causes small inefficiencies to compound

MLOps Overview


https://cloud.google.com/architecture/mlops-continuous-delivery-and-automation-pipelines-in-machine-learning

| More challenges come from classical software

Code is fragile EXAMPLE

Tiny mistakes can cause major defects, or o
catastrophic failure Ma riner 1

OCCURRED 62 YEARS AGO

Fiyby July 22,1962
Complexity compounds

Venus Unsuccessful
How do we separate accidental from Used Rinstead of
essential complexity? What was Mariner 17 Rin an equation

America's first attempt to explore Venus up close was lost to a software glitch. Investigators found a typo caused a fault in the
launch vehicle's guidance software. The spacecraft and booster were destroyed shortly after launch for safety.

Collaboration has a cost Costed approx. $18 million,

What's the most effective way for developers ST70 million in today’s money
to collaborate?

"Mariner 1” by NASA;
NASA Space Science Data Coordinated Archive

"Modern Software Engineering: Doing What Works to Build Better
Software Faster” by David Farley



https://www.oreilly.com/library/view/modern-software-engineering/9780137314942/
https://www.oreilly.com/library/view/modern-software-engineering/9780137314942/
https://science.nasa.gov/mission/mariner-1/
https://nssdc.gsfc.nasa.gov/nmc/spacecraft/display.action?id=MARIN1

“The real challenge isn't building
an ML model; the challenge is
building an integrated ML system
and operating it in production
continuously.”

— Google Inc; Machine Learning: The High
Interest Credit Card of Technical Debt



https://static.googleusercontent.com/media/research.google.com/en//pubs/archive/43146.pdf
https://static.googleusercontent.com/media/research.google.com/en//pubs/archive/43146.pdf

ML Engineering as the Solution

©) S ® &y

Improved Quality Productivity Boost Performance Reduced Costs
Prevents bugs and Empowers teams to Optimizes ML systems Lowers cloud bills
reduce the scope of develop new features for speed, efficiency, through optimized ML

their effects rather than bug fixes reliability system performance
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ML Systems

Foundations, development, and
maturity




|What is a ML system?

||I+ 88 *

Data Model Code

Schema Algorithms Business Needs
Sampling over Time More Training Bug Fixes
Volume Experiments Configuration

Source: Continuous Delivery for Machine Learning (martinfowler.com)



https://martinfowler.com/articles/cd4ml.html

“ML packages have all the basic
code complexity issues as normal
code, but also have a larger
system-level complexity”

— Google Cloud Architecture; MLOps
Overview



https://cloud.google.com/architecture/mlops-continuous-delivery-and-automation-pipelines-in-machine-learning
https://cloud.google.com/architecture/mlops-continuous-delivery-and-automation-pipelines-in-machine-learning

| Software engineering as a starting point

Plan Develop
Gather user inputs, make | Translate designs into
product designs software

Agile
Methodology

Test
Feedback Try to break your code first
Observe user behavior,

software metrics; etc.

Deploy
Release software

What is Agile methodology by Asana?



https://asana.com/resources/agile-methodology

| Software engineering as a starting point

Con

tinuous

integra

a Continuous Integration

tion vs. delivery vs. deployment

« Automatically integrate and package code
from multiple contributors

* Frequently test code to catch bugs quickly

\S

\\

=

@ Continuous Delivery

* Run final tests in a “mirror” of production
environment

* Automate code release in a safe,
controllable way

\\

\kMonitor systems once in production //



https://www.atlassian.com/continuous-delivery/principles/continuous-integration-vs-delivery-vs-deployment

| The levels of ML system maturity
Disconnect between ‘ Initial Automatiﬂ] Reliable and rapid
ML and operations ML system updates
Introduction of .
‘ Manual Processa software principles CI/CD Automation

MLOps Overview



https://cloud.google.com/architecture/mlops-continuous-delivery-and-automation-pipelines-in-machine-learning

|As a product matures, so does the ML system

Product
ML system &b Continuous >, ,% maturation
maturity is a deployment --*

reflection of \

a product’s Commit stage 'I:‘.} \,-\ Artifact Cf\\:\\;)
maturity — @) repository

not a team’s

capabilities First iteration {’ \) g:b

-

"Continuous Delivery Pipelines: How to Build Better Software Faster” by David Farley



https://www.amazon.com/Continuous-Delivery-Pipelines-Better-Software/dp/B096TTQHYM

J

MLE Principles

6 core principles for understanding ML
systems




| Aspects of a ML system

Monitoring

g Ways of
Reproducibility Q - Woyking
@ —e Deployment

Versioning o Testing

Principles of ML
Engineering
There's an implicit order to

addressing each of these
principles

MLOps Principles


https://ml-ops.org/content/mlops-principles

| The requirements for reproducibility

//

Versioning

« Datasets
« Code
» Models

&

Apply version control to:

\\

.
.

Testing

« Test your software (code)
for errors

- Test your data for quality
issues

« Test your model to prevent

ST

Qad” behavior

\\

//

<

The ability to recreate
the current state of your
entire ML system

@x\

Reproducibility



https://ml-ops.org/content/mlops-principles

|The requirements for monitoring

-

Reproducibility

The ability to recreate
the current state of your
entire ML system

&

\\

-

Deployment

« Separate development
from production code

and controlled manner

&

&

+ Release changes in a safe

\\

2

//

Monitoring

once in production

when things go wrong

« Track ML system health

« Receive automatic alerts

\\

&

=



https://ml-ops.org/content/mlops-principles

| Ways of working

The way a ML Team works is a reflection of the technical decisions made with respects to the
other 5 MLE principles

EXAMPLES
Business planning

Review process for

Monitoring pull requests
Writing
Ways of documentation

Working

MLOps Principles


https://ml-ops.org/content/mlops-principles
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Brldglng the Gap
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| Covered ML engineering frameworks

||I+oo+|a

Data Model Code

3 Components
Framework

from
Martin
Fowler

IL

AR
by Google

Levels of MLE
Maturity

IL

Reproducibility o @ .

o Ways of
Working

o
g0 —

Versioning e Test ng

6 Principles of
MLE

by
ml-ops.org




| A unified perspective

z
3
Main idea. Think of each framework as a
“dimension” of ML system
. m Level
Every MLE principle has a code, model, 3v\L3f’§§nxs e/‘»/;z?f
and data aspect com O)_ Maturity
Each aspect of a MLE principle has
maturity score of 1,2, or 3

Principles

Level of through your X
system — or in a given MLE principle


https://www.storyofmathematics.com/3d-coordinate-system/

|An example of real-life ML system analysis

)

Are you using a tool like Git to version O git O ¥ GitLab
(tag) the code producing your model? GitHub

Versioning S oiel
Apply version control to: Are you saving and versioning your

models? mlflow M
« Code
« Models

Data
- Datasets
\\ // Are you versioning the data used to train @ FEAST M

your models?
“ lakeFS




|An example of real-life ML system analysis

//

issues

Testing

« Test your software (code)
for errors

« Test your data for quality

« Test your model to prevent

\\

\\”bad” behavior

&

Are there automated tests? If so, what's test
coverage percentage? Unit vs. integration
testing

Classical model performance evaluation
metrics (accuracy, F1-score; etc), Bias and
fairness in sensitive applications

Are there data quality checks for raw data?
What are the quality standards for your data?

pytest

D

unittest

@ Al Fairness 360

" great
(\:’I expectations



Conclusion

Main points and where to learn more ®




| Conclusion

e ML needs to make it into production to
incur tangible business value

e MLE is about safely productionalizing
code and managing system complexity

IDIUlHIUl




| Conclusion

ML products are software products

e Require same considerations as “normal” M\-OPS‘J

software products

e There are also additional ML-specific
considerations

MODEL
DENELOPMENT

OPERATIONS

Figure: ML-Ops.org (by INNOQ Data and AI); MLOps Principles



https://ml-ops.org/content/mlops-principles

Want to learn
more?

Software Engineering Fundamentals

DO DD

"Beyond the Basic Stuff with Python: Best Practices for
Writing Clean Code" by Al Sweigart

"Computer Science 101: Mastering the Theory Behind
Programming" by Kurt Anderson

"Software Development from A to Z — Beqginner’s Complete
Guide" by Karoly Nyisztor

"Software Engineering 101: Plan and Execute Better
Software" by Kurt Anderson

"Git Complete: The definitive, step-by-step quide to Git" by
Jason Taylor

"User Story Masterclass: Your Agile Guide to User Stories"
by BA Guide

"Building Maintainable Software: Ten Guidelines for
Future-Proof Code" by Joost Visser

"AWS Cloud Practitioner Essentials" by AWS



https://www.amazon.de/-/en/gp/product/1593279663/ref=ppx_yo_dt_b_search_asin_title?ie=UTF8&psc=1
https://www.amazon.de/-/en/gp/product/1593279663/ref=ppx_yo_dt_b_search_asin_title?ie=UTF8&psc=1
https://www.udemy.com/course/computer-science-101-master-the-theory-behind-programming/?couponCode=GENAISALE24
https://www.udemy.com/course/computer-science-101-master-the-theory-behind-programming/?couponCode=GENAISALE24
https://www.udemy.com/course/software-development-from-a-to-z/?couponCode=GENAISALE24
https://www.udemy.com/course/software-development-from-a-to-z/?couponCode=GENAISALE24
https://www.udemy.com/course/software-engineering-101/?couponCode=GENAISALE24
https://www.udemy.com/course/software-engineering-101/?couponCode=GENAISALE24
https://www.udemy.com/course/git-complete/?couponCode=GENAISALE24
https://www.udemy.com/course/git-complete/?couponCode=GENAISALE24
https://www.udemy.com/course/user-stories/?couponCode=GENAISALE24
https://www.udemy.com/course/user-stories/?couponCode=GENAISALE24
https://www.amazon.de/-/en/Joost-Visser/dp/1491953527/ref=sr_1_fkmr0_2?crid=BVUBNT736ZFF&dib=eyJ2IjoiMSJ9.MwnfQdZ-qNK3hQWVDC_utIXRJmO_VmBHJsT_tFGgcgQ.-MMLgiasWcL83u1FMcQ4HmAYfyetxWqgQnYwPb4HpaI&dib_tag=se&keywords=writing+maintainable+software+joost+visser&qid=1711654763&sprefix=writing+maintainable+software+joost+visse%2Caps%2C107&sr=8-2-fkmr0
https://www.amazon.de/-/en/Joost-Visser/dp/1491953527/ref=sr_1_fkmr0_2?crid=BVUBNT736ZFF&dib=eyJ2IjoiMSJ9.MwnfQdZ-qNK3hQWVDC_utIXRJmO_VmBHJsT_tFGgcgQ.-MMLgiasWcL83u1FMcQ4HmAYfyetxWqgQnYwPb4HpaI&dib_tag=se&keywords=writing+maintainable+software+joost+visser&qid=1711654763&sprefix=writing+maintainable+software+joost+visse%2Caps%2C107&sr=8-2-fkmr0
https://explore.skillbuilder.aws/learn/course/external/view/elearning/134/aws-cloud-practitioner-essentials

Want to learn more?

Software Engineering Deep Dive

00 %

S ® ®

"Code Diagnosis Workshop" by ArjanCodes

"SOLID principles Made Easy in Python” by ArjanCodes
"GRASP Desian Principles: Why They Matter (And How to

Use Them)” by ArjanCodes

"Modern Software Engineering: Doing What Works to
Build Better Software Faster" by David Farley

"Continuous Delivery Pipelines: How To Build Better
Software Faster" by David Farley

"Design Patterns" by Refactoring Guru

Machine Learning Fundamentals

DO

A

@

Machine Learning Specialization by DeeplLearning.Al

University of Amsterdam’s Deep Learning Tutorials by
Phillip Lippe

Designing Machine Learning Systems: An lterative
Process for Production-Ready Applications by Chip Huyen

MLOps

AN

ww  The Big Book of MLOps by Databricks

AN
www
A AW

MLOps Overview by Google’s Cloud
Architecture Center

G Machine Learning Engineering for Production
(MLOps) Specialization by DeepLearning.Al

" Rules of Machine Learning by Martin Zinkevich
(Google Developers)

@ Machine Learning: The High-Interest Credit Card
of Debt by Google Research

“w Continuous Delivery for Machine Learning by

W ThoughtWorks and Martin Fowler

@ Guide to Evaluating MLOps Platforms by

Thoughtworks

Legend

BN
www

=R

Website

Free

YouTube

Free

Udemy

€10 - €15 if on sale

Book

€10 - €45 for ebooks,
depends on retailer

Coursera

USD 50 per month


https://www.arjancodes.com/diagnosis/
https://www.youtube.com/watch?v=pTB30aXS77U
https://www.youtube.com/watch?v=fGNF6wuD-fg&t=12s
https://www.youtube.com/watch?v=fGNF6wuD-fg&t=12s
https://www.amazon.de/-/en/Modern-Software-Engineering-Better-Faster/dp/0137314914/ref=sr_1_1?crid=3QCDBKUX8META&dib=eyJ2IjoiMSJ9.sCgNzaXBOOiO-Lp5xVjge9GWVCa2TTb-YZLQL6b5kecLRYqdCGOaYIs1iQ5Muj0ioMIfFf_zfLgpupoOIlXMDCHcFa7QqUfTrPKd6fKSUd02Gb9z-A9-KY_CMY2oyzIUHRc_MnK9jxRCSmfo2EF3Vg9Y9c5Xbsk4b4OTAxX0UGd-2Je45zldOJcsrlwHaXzcwF19-eB--0NfbmgZzdZUj0coN63pCiqZXONGAyH1OKs.w_oGSg_zMXKUDZmDTw0x-67cJFXxRE4ffqlyA08M7Mc&dib_tag=se&keywords=modern+software+engineering+by+david+farley&qid=1711655490&sprefix=david+farley%2Caps%2C139&sr=8-1
https://www.amazon.de/-/en/Modern-Software-Engineering-Better-Faster/dp/0137314914/ref=sr_1_1?crid=3QCDBKUX8META&dib=eyJ2IjoiMSJ9.sCgNzaXBOOiO-Lp5xVjge9GWVCa2TTb-YZLQL6b5kecLRYqdCGOaYIs1iQ5Muj0ioMIfFf_zfLgpupoOIlXMDCHcFa7QqUfTrPKd6fKSUd02Gb9z-A9-KY_CMY2oyzIUHRc_MnK9jxRCSmfo2EF3Vg9Y9c5Xbsk4b4OTAxX0UGd-2Je45zldOJcsrlwHaXzcwF19-eB--0NfbmgZzdZUj0coN63pCiqZXONGAyH1OKs.w_oGSg_zMXKUDZmDTw0x-67cJFXxRE4ffqlyA08M7Mc&dib_tag=se&keywords=modern+software+engineering+by+david+farley&qid=1711655490&sprefix=david+farley%2Caps%2C139&sr=8-1
https://www.amazon.de/-/en/Dave-Farley/dp/B096TTQHYM/ref=sr_1_1?crid=2O729M8EFUDWT&dib=eyJ2IjoiMSJ9.i44jXsAFLiq84fsZwldEC9PSTRt172TRAS2izb30lf1_4PCY9vaYEX25CwJcLEBFkhPhQHN5tAKTk_l8F8EY1n8Cle8IS3_Jl-ubUMY10Sy4b32DyLBoUa68O3Mc1oOhoMk1clsd9Xis4oMH1BmLlE7642lP1pzvH-oGrtgtfz_aEwWYuL2KjFJhV0kWHK5EgyzpdivnOOkarsc22P5O6BXyvPZvYjOv1TlEIBcFAfA.mQgYSJxydloZZRlDYTjEsbthGEfUJCPaEebysP06cfQ&dib_tag=se&keywords=continuous+delivery+pipelines&qid=1711655544&sprefix=continuous+delivery+pipelines%2Caps%2C101&sr=8-1
https://www.amazon.de/-/en/Dave-Farley/dp/B096TTQHYM/ref=sr_1_1?crid=2O729M8EFUDWT&dib=eyJ2IjoiMSJ9.i44jXsAFLiq84fsZwldEC9PSTRt172TRAS2izb30lf1_4PCY9vaYEX25CwJcLEBFkhPhQHN5tAKTk_l8F8EY1n8Cle8IS3_Jl-ubUMY10Sy4b32DyLBoUa68O3Mc1oOhoMk1clsd9Xis4oMH1BmLlE7642lP1pzvH-oGrtgtfz_aEwWYuL2KjFJhV0kWHK5EgyzpdivnOOkarsc22P5O6BXyvPZvYjOv1TlEIBcFAfA.mQgYSJxydloZZRlDYTjEsbthGEfUJCPaEebysP06cfQ&dib_tag=se&keywords=continuous+delivery+pipelines&qid=1711655544&sprefix=continuous+delivery+pipelines%2Caps%2C101&sr=8-1
https://refactoring.guru/design-patterns
https://www.coursera.org/specializations/machine-learning-introduction?
https://uvadlc-notebooks.readthedocs.io/en/latest/index.html
https://uvadlc-notebooks.readthedocs.io/en/latest/index.html
https://www.amazon.de/-/en/Chip-Huyen/dp/1098107969/ref=sr_1_1?crid=2QC47A6W5WL1R&dib=eyJ2IjoiMSJ9.KyVXUWDYkjbOwR1lEZrUkpg83_JUTgfwvWEnZX-4glCkOAWKI-RzLbEDS1BEGWY-gyVV36k4pwEISdNjEgSJgh-TVx0wB7udm1yiSrITJD-gaU4YcUbjSbWBNtR0tUQMW4wK-ATdxU3134-mEjqoybtPpwtUc4i7sl5EYGYTeGwy41Qx0ozIGNDALmxdeM2OrW2Ri7uuafZqo-QHcTH8DKtY5ZcjaBtYCE9_nSaFOEI.YmcB9bFvZY_r9ge1bXYUbeyUoGwwTx2k1-bvOBzvF1A&dib_tag=se&keywords=designing+machine+learning+systems+by+chip+huyen&qid=1711747069&sprefix=designing+mac%2Caps%2C113&sr=8-1
https://www.amazon.de/-/en/Chip-Huyen/dp/1098107969/ref=sr_1_1?crid=2QC47A6W5WL1R&dib=eyJ2IjoiMSJ9.KyVXUWDYkjbOwR1lEZrUkpg83_JUTgfwvWEnZX-4glCkOAWKI-RzLbEDS1BEGWY-gyVV36k4pwEISdNjEgSJgh-TVx0wB7udm1yiSrITJD-gaU4YcUbjSbWBNtR0tUQMW4wK-ATdxU3134-mEjqoybtPpwtUc4i7sl5EYGYTeGwy41Qx0ozIGNDALmxdeM2OrW2Ri7uuafZqo-QHcTH8DKtY5ZcjaBtYCE9_nSaFOEI.YmcB9bFvZY_r9ge1bXYUbeyUoGwwTx2k1-bvOBzvF1A&dib_tag=se&keywords=designing+machine+learning+systems+by+chip+huyen&qid=1711747069&sprefix=designing+mac%2Caps%2C113&sr=8-1
https://www.databricks.com/resources/ebook/the-big-book-of-mlops
https://cloud.google.com/architecture/mlops-continuous-delivery-and-automation-pipelines-in-machine-learning
https://cloud.google.com/architecture/mlops-continuous-delivery-and-automation-pipelines-in-machine-learning
https://www.coursera.org/specializations/machine-learning-engineering-for-production-mlops
https://www.coursera.org/specializations/machine-learning-engineering-for-production-mlops
https://developers.google.com/machine-learning/guides/rules-of-ml
https://developers.google.com/machine-learning/guides/rules-of-ml
https://static.googleusercontent.com/media/research.google.com/en//pubs/archive/43146.pdf
https://static.googleusercontent.com/media/research.google.com/en//pubs/archive/43146.pdf
https://martinfowler.com/articles/cd4ml.html
https://martinfowler.com/articles/cd4ml.html
https://www.thoughtworks.com/content/dam/thoughtworks/documents/whitepaper/tw_whitepaper_guide_to_evaluating_mlops_platforms_2021.pdf
https://www.thoughtworks.com/content/dam/thoughtworks/documents/whitepaper/tw_whitepaper_guide_to_evaluating_mlops_platforms_2021.pdf

Thanks!

Do you have any questions?

bellanich.software@gmail.com

m bella-nicholson github.com/bellanich

CREDITS: This presentation template was created by Slidesgo, including
icons by Flaticon, infographics & images by Freepik and illustrations by
Stories
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