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Al, Machine
Learning, Data
Science...

Buzz or
Business?
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What we see in the market

Artificial Intelligence, Machine Learning, Data Science

MIT - QGartner Google's AlphaGo Al wins three-match series

| ey R - against the world'’s best Go player

Hype Cycle for Data Science and Machine N —
e Learning, 2018 -
The GANfather: The Published- 23 July 2018 1D G00340329 4 e R M=

man who's given Analyst(s) | SURL L T ARTIFICIAL

machines the gift of Summary , = INTELLIGENCE

imagination The hype around data science and machine learning
continues to defy gravity and soar to ever-higher levels.
By pitting neural networks against one another, lan Goodfellow Data and 8n8|ﬁiCS leaders should use this H\u'pE C_\u‘C|E! to
has created a powerful Al tool. Now he, and the rest of us, must understand technologies generating excitement and
face the consequences. - . -
IBM Research achieves new milestone in
byMartinGles  February 21,2018 deep [earning performance

One nightin 2014, lan Goodfellow went drinking to celebrate with a
doctoral student who had just graduated. At Les 3 Brasseurs (Th Q e
Brewers), a favorite Montreal watering hole, some friends asked f
help with a thorny project they were working on: a computer tha

§ ReELATED sTORIES
create photos by itself.

Soccer player Ronaldinho launches

A
i L)
AR e

The e

eed a smartphone to
win the smart home battle?

NEWSLETTERS

Shifting toward Enterprise-grade Al

Resolving data and skills gaps to realize value IBM Institute for Business Value
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Our mission

Artificial Intelligence is the core
of the "Cognitive Enterprise”

Optimize
Business
Processes

\
“v\\

Growing maturity, scale, efficiency

Leverage the
“Power of AI”
, to...

The Cognitive Enterprise Enhance Offer intelligent

Part 1 — The journey to Al and the rise of platform-centric

bm:;exx arcbii:ct:;';eg‘, ! e IBM Institute for Business Value the customer PrOdUCtS &
interaction Services

Source: https://www.ibm.com/services/events/enterprise-ai/
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Example 1

Enhance the Customer

. : Volkswagen und IBM entwickeln gemeinsam
nteraction

digitale Mobilitatsdienste

“Developing
personalized
mobility
services”

Volkswagen und IBM haben heute angekiindigt, gemeinsam
digitale Mobilitatsdienste zu entwickeln. Jirgen Stackmann,
Vereinbarung auf finf Jahre ausgelegt Vertriebsvorstand der Marke Volkswagen: , Ziel der finfjahrigen
Vereinbarung zwischen Volkswagen und IBM ist es, personalisierte
Einsatz von IBEM Hybrid Cloud zur Unterstitzung des digitale Dienstleistungen fiir den Fahrer zu entwickeln und damit
digitalen Ecosystems Volkswagen WE den Trend der zunehmenden Vernetzung zwischen Fahrzeugen

und Fahrern aktiv zu gestalten”

Vernetzung der Fahrzeuge mit Fahrer und Umfeld im
Fokus

https://www.volkswagen-
newsroom.com/de/pressemitteilungen/volkswagen-und-ibm-
entwickeln-gemeinsam-digitale-mobilitaetsdienste-1602
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It's really about augmented intelligence — helping us to
make better, faster, more decisions




Example 2:
Optimize Business Processes

“Making the
corporate live
of employees

and HR
professionals
less stressful”

CARL

Your smart HR assistant @Siemens




Example 3: Intelligent Products & Services

Enabling a premium vehicle advisor functionality requires a

comprehensive Al foundation

Daniel’s car is
already preset
for his business

y
i
*
Y
2
]

~ At Coffee Shop

At Home

Daniel talks to Alexa
about the weather &
today’s meetings

Daniel picks up his latte
macchiato at Mario’s Café
without waiting as his
assistant made a pre-order

In the City
| At Work

Dan, a busy father of two

\_Kidsis married to Suzy. ~ / Daniel requests

his assistant to
| take care of a
j =\ restaurant
—_ = reservation

At the Restaurant

shuttle that comes with
his preferred massage
seats
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Daniel’s gets a
privileged service



Example 3: Intelligent Products & Services

Continuous Machine Learning is a key enabler to provide the best

experience

Continuous Machine Learning

& Recommendation Engine JIIRIR
Banking ... - - )
4 N\ P e
Voo e
rv\l Fuel 7 Sl ) A
NUANCE | | Travel
_ N , Merchant
> Context I Learning I Profiling Ecosvstem
Intelligent Mobility y
o Vehicle Customer Environment
Assistants > Data Data Data
4—
Wl A < )
‘@’ SN
K / Customer Behaviour
Premium in-car experience
Multi-Cloud Approach ==
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Data Science
Solution
Engineering

Lab or Live?
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Best Practices for
Data Science Projects

Best practices for building accurate models are well understood...

Business EIE]
Understanding Understanding

... but less so for building productive Data Science solution at scale.

Holistic

Architecture

Effective

Data
Preparation

sl

Smooth
Engineering

Operations

Modeling

Application Logic

Technical Integration

Standards Technical Monitoring
Model Management Pipelines
Tracing, Logging,

Model Monitoring
Metrics

Automation

Maintenance Strategy
Example: CRISP-DM Cross Industry Standard Process for Data Mining

* Typically this means initial models
11

High-Performing Team
©2018 IBM Corporation 10 October 2018

Targeted Project Approach

IBM Internal / IBM Data Science Community Only




Considerations for successfully engineering(com
Learning solutions in production are manifold...

Hidden Technical Debt in Machine Learning Systems

D. Sculley, Gary Holt, Daniel Golovin, Eugene Davydov, Todd Phillips
{dsculley, gholt, dyy, edavydov, toddphillips}égoogle . com
Google, Inc.

Dietmar Ebner, Vinay Chaudhary, Michael Young, Jean-Frangois Crespo, Dan Dennison
{ebner, vchaudhary, meyoung, jEcrespo, dennison}fgoogle. com
Google, Inc.

Abstract

Machine learning offers a fantastically powerful lolkit for building useful com-
plex prediction systems quickly. This paper argues il is dangerous to think of
these quick wins as coming for free. Using the software engineering framework
of technical debt, we find it is common to incur massive ongoing maintenance
oosts in real-world MI. systems. We explore several MI.-specific risk factors to
account for in system design. These include boundary erosion, entanglement,
hidden feedback loops, daia configuration
issues, changes in the exlernal world, and a variety of system-level anli-pallerns.

1 Introduction

As the machine learning (ML) community continues o accumulate years of experience with live
systems, a wide-spread and uncomfortable trend has emerged: loping and deploying ML sys-
tems is relatively fast and cheap, but maintaining them over time is difficult and expensive.

debr, a metaphor introduced by

This dichotomy can be understood through the lens of rechmic
‘Ward Cunningham in 1992 to help reason about the long term © incurred by moving quickly in
soltware engineering. As with fiscal debt, there are ofien sound siraies easons (o take on technical
debt. Not all debt is bad, but all debt needs 1o be serviced. Technical debt may be paid down
by refactoring code, improving unit tests, deleting dead code, reducing dependencies, tightening
APIs, and improving documentation [#]. The goal is nor to add new functionality, but to enable
future improvements, reduce errors, and improve maintainability. Deferring such payments results
in compounding costs. Hidden debt is dangerous because it compoun lently.

In this paper, we argue that ML systems have a special capacity for incurring echnical debt, because
they have all of the maintenance problems of traditional code plus an additional set of ML-specific
issues. This debt may be difficult to detect because it exists at the system level rather than the code
level. Traditional ahstractions and boundaries may be subtly cormupted or invalidated by the fact that
data influences ML system behavior. Typical methods for paying down code level technical debt are
not sufficient to address MIL-specific technical debi at the system level.

‘This paper does nol offer novel ML algorithms. but instead secks (o increase the community’s aware-
ness of the difficult tradeofTs that must be considered in practice over the long term. We focus on
system-level interactions and interfaces as an area where ML technical debt may rapidly accumulate.
At a system-level, an MI. model may silently erode abstraction boundaries. The tempting re-use or
chaining of input signals may unintentionally couple otherwise disjoint systems. ML packages may
be treated as black boxe: ulting in large m: I dibration layers that can lock
in assumptions. Changes in the exiernal world behavior in unintended ways.
Even moniloring ML system behavior may prove It without careful design

Source: Sculley et al: Hidden Technical Debt in Machine Learning Systems NIPS’15
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Exemplary Observations:

Complex Models Erode Boundaries

plex

Data Dependencies Cost More than Code Dependencies

Feedback Loops

System Anti-Patterns

Configuration Debt

Dealing with Changes in the External World

IBM Internal / IBM Data Science Community Only
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Data Science
Solutions

Holistic
Architecture
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Data Science Solutions | Holistic Architecture

Architecting the logical & technical integration with the business

application is integral part of the Data Science Solution

Events Application Insight
from for Business Process Decision
Business Result
Process
Microservices
Application Engineering Domain Models
Log

Data Science Domain e e e Data

Event Feature Model Hyper Evaluation
Data Engineering Training Parameter
Tuning

Master
Data

Key Considerations

» Logical interdependency of application — model — data

Technical integration of model into application (e.g. microservices, containers)
Model modularization for encapsulation and reusability

Model scalability under heavy throughput

Systematic approach to logging, tracing, metrics
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Data Science Solutions | Holistic Architecture

Model management and retraining need to be architected as

iIntegral part of any Data Science Solution

¥ ¥ Q ER =X

Modeling & Evaluation Model Versioning Model Deployment Model Monitoring Dynamic Model Selection

& Retraining

Data Science Solutions are not static by definition!
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Data Science
Solutions

Effective
Engineering
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Reproducibility - It wetks-worked on my machine (just before, I
swear!)

17

The "Pipeline"

test_all_param.fixed.py

featureFix.pl D

train_local_linux_scikitv7.py
my_data_export.sql

©2018 IBM Corporation 10 October 2018 IBM Internal/ IBM Data Science Community Only

CHECK T OUT—T MADE A
FULLY AUTOMATED DATA
PIPEUNE THAT COLLECTS
AND PROCESSES ALL THE
INFORMATION VE NEED.

97

15 IT A GIANT HOUSE OF CARDS
BUILT FROM RANDOIM SCRIPTS
THAT WILL ALL COMPLETELY

COLLAPSE THE MOMENT ANY
INPUT DOES ANYTHING WEIRD?

-

IT... MIGHT NOT GE.
I GUESS THATS SDI‘ETH-

WHOOPS, JUST
COLLAPSED. HANG
ON, T CAN PATCH IT




Data Science Solutions | Integration

Robust Pipelines, Standards, Automation

Machine Learning Engineering: Machine Learning Engineering:

Common Issues Best Practices

= Reproducibility issues = Common processing and machine learning framework

= Portability issues = Separate data from code

= Scalability issues = Modularized pipeline operations: e.g. raw data loading,

= Debugging issues feature building, training, hyperparameter tuning,

= Reusability issues evaluation...

= No automation » Naming standards for data model, machine learning model,

pipeline operations
= Standardized unit tests
= Heavy automation
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Data Science Solutions | Integration

Testing

Tests for -
Features and Data

Distributions of each feature

Features are same in both the training and serving stack
Relationship between different features and targets
Privacy control in model training

Cost of computing each feature

Does not contain features determined unsuitable for use
Time to add new features to production

Tests for "
Model Development

Model code goes through code review

Offline proxy metrics are measuring what will be A/B tested
Hyperparameter tuning

Effect of model staleness

Simple models as a baseline

Model performs well across different data slices

Test for implicit bias in the model or data

Tests for -
ML Infrastructure

Reproducibility of model training

Integrations tests for the ML systems

Quality tests before deployment of the model
Ability to rollback deployed models

Testing via a canary process

Monitoring Tests for -
ML Systems

Upstream instability in features, both in training and serving
Data invariants hold in training and serving inputs

Model staleness

Train/Test skew in features and inputs

Slow leak regression in latency, throughput etc.

Regression in prediction quality

Source: https://sourabhbajaj.com/blog/2017/09/07/what-s-your-ml-test-score/#tests-for-features-and-data
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Data Science
Solutions
Smooth
Operations
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Data Science Solutions | Integration

Monitoring and Maintenance

Machine Learning Operations:

5] o1 1 %%, Best Practices
1 %] 51 %1%
o0 -

= Monitoring technical KPIs: requests, throughput, time for
processing steps

= Monitoring model execution: results, confidence cores
-‘W‘- = Monitoring outputs: class distributions vs input
Q distributions, A/B testing, quality reviews
= Fallback strategy if model deteriorates

Scalability issues?
Inconsistent model behaviour?

Concept drift?
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Data Science
Solutions

High-Performing
Team
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High Performing Team

Data Scientists vs Data Engineers / Machine Learning Engineers

Data Scientist Data Engineer

! ! !

Core Comptencies  Overlapping Skills ~ Core Comptencies
Adv. Math/Statistics
ML/AI Programming
Big Data

Analysis Adv. Programming

Distributed Sys.

Adv. Analytics Data Pipelines

B D | For more information go to http://bigdatainstitute.io
B

G DATA INSTITUTE Attribution-NoDerivatives 4.0 International (CC BY-ND 4.0) Licensed

Option 1 - Depending on one ML "superhero"”
Anti-Pattern — not scalable, high risk

Option 3 — Agile Team
Balances scalability and quality

Option 2 - Strictly seperated roles ’
Researcher creates model, engineer refactors and
deploys model — neither one understands output of
the other

Anti-Pattern — high risk, quality issues

Sources Image http://www.bigdatainstitute.io/; Data engineers vs. data scientists; O’Reilly; https://www.oreilly.com/ideas/data-engineers-vs-data-scientists
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http://www.bigdatainstitute.io/
https://www.oreilly.com/ideas/data-engineers-vs-data-scientists

Data Science
Solutions

Targeted Project
Approach
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Targeted Project Approach

Agile Development for Data Science

PO UHAT
VA
UpkNOow N CHAROS
@ SH:PEOPLE
COMPLEX
SOFTWARE

DEVELOPMENT

AGILE

SIMPLE

WATERFALL

COMPLIcATED

Uroup UNKNO WK
Sources Image https://medium.com/grand-parade/the-cost-of-software-development-and-tips-how-to-reduce-it-60ba44e85948
25 ©2018 IBM Corporation 10 October 2018
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Often we do this....

Data Science
Analysis

Improved
Data Science
Analysis
e.g. PoC 2

e.g.PoC1

Analysis
e.g. PoC 3

Almost always we should be doing this....

MVP 1

MVP 2 MVP 3
No model Simple model Improved model
Collect data Collect data Collect data
Understand usage Understand usage Understand usage
Research Research Research

Improved
Data Science

Great application

in production

Great application

in production



https://medium.com/grand-parade/the-cost-of-software-development-and-tips-how-to-reduce-it-60ba44e85948

Wrapping Up
Moving On
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Tesla’s “Software 2.0 IDEs” notion for AD/ADAS development is
very much in line with IBM’s PoV for “Enterprise grade Al
development”

gL TR |

=

LEFT REARWARD VEHICLE CAMERA

UM RANGE VEMICLE CAMERA

A

(ilump to @15:30)


https://vimeo.com/272696002

Best Practices for
Data Science Projects

Best practices for building accurate models are well understood... ... but less so for building productive Data Science solution at scale.

Holistic Effective Smooth
Architecture Engineering Operations

Business Data
Understanding Understanding
Data
Preparation

Modeling

Application Logic

Deployment

Technical Monitoring

Technical Integration Standards

Pipelines Model Monitoring

Model Management
. Maintenance Strategy
Tracing, Logging, Automation

Metrics

High-Performing Team

Targeted Project Approach

* Typically this means initial models




Resources (Selection)

IBM Data Science Community

https://community.ibm.com/community/user/datascience/home

What is hardcore data science—in practice? The anatomy of an architecture to bring data science into production.
https://www.oreilly.com/ideas/what-is-hardcore-data-science-in-practice

GCP — What is ML Ops?

https://www.youtube.com/watch?v= {nhXzY1HCw

Google’s “Rules of Machine Learning”

https://developers.google.com/machine-learning/guides/rules-of-ml/

Under the Hood of Uber’s Experimentation Platform
https://eng.uber.com/xp/
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