NI BANK OF CANADA
L1 .1 BANQUE DU CANADA

Digital
Transformation and
Innovation Value
Stream In Data
Science

4th Digital Transformation in
Government Conference

Stenio Fernandes
ASSISTANT DIRECTOR, DATA SCIENCE INNOVATION




Disclaimer

The views expressed by the speaker do not necessartly reflect
those of the Bank of Canada



= Core Definitions and Rationale
> Innovation: Definitions and Misconceptions
> TRL Framework in Data Science
Agenda > Value Stream-Driven Data Science Innovation

= Practical Considerations
> Innovation Missions
> Applied Research Framework



NI BANK OF CANADA
L1 .1 BANQUE DU CANADA

Core Definitions
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Innovation




= \What is:

1. "The process of taking ideas from inception to impact’ (Phill
Budden, MIT Sloan School of Management)
1. It has a range of its impact: from incremental to radical

2. "Innovation is adopted creativity’ (David Niho, MIT
Engineering Leadership)

3. “Innovation = Invention * Adoption” (Bill Aulet, MIT)

4. "Innovation (s production or adoption, assimilation, and
. exploitation ofp a value-added novelty in economic and social
|n novation spheres... It is both a process and an outcome”(OECD)

What is it? 1. What is not:

. 1. It's not about generating ideas, which by themselves are not
What is NOT? valuable.

It's not creativity. Creativity is a thinking process.
It's not an invention or massive breakthroughs in technology
Research or pushing the edge of research

“Not a singular moment. It's not a discovery of a particular
technology” (MIT)

P g= Y



* Innovation cooperation: active participation in joint projects
with other organizations.

* Innovation activities: all scientific, technological,
organizational, financial and commercial steps which, or are
intended to, lead to the implementation of innovations.

: * Process innovation: the implementation of a new or
Innovatlon significantly improved production or delivery method.
?SE@DD(;‘;%mtions) = Organizational innovation: the implementation of a new

organizational method in the firm's business practices,
workplace organization or external relations.

= R&D / S&T innovation: the transformation of an idea into a
new or improved product introduced on the market, into a
new or improved operational process used in industry and
commerce



TRL Framework and Data Science




Technology
Readiness
Framework

(TRL)

TRL Is a system used to assess the maturity

level of a particular technology

« Advocated by NASA, US DoD, Government of Canada,
etc.

« TRL is based on a scale from 1 to 9, with 9 being the
most mature technology.

TRLs enables consistent and uniform

discussions of technical maturity across
different types of technology




Technology Readiness Level (TRL) Framework

A - Explored

Discovery and Feasibility

y

A TRL 2

« Technology
TRL 1 concept and/or
application
formulated

« Basic principles
observed and

TRL 3

« Analytical and
experimental critical
function and/or
characteristic proof of
concept

« Active R&D is initiated to
validate the separate elements
of the technology

reported

We have expertise

we’re ready to do fundamental or applied
research

small scale, generic or synthetic data is available




Technology Readiness Level (TRL) Framework

B - Applied

Proof of Applicability

TRL 4
« Product and/or process
TRL 3 validation in
. laboratory
experimental critical « Basic technological products
function and/or and/or processes are tested to

TRL5

 Product and/or process
validation in relevant
environment

* Reliability increases
significantly. The basic
feature/product is integrated
and can be tested in a
simulated environment

concept

« Active R&D is initiated to
validate the separate elements
of the technology

Model is working in a controlled environment
We’re ready to demonstrate value (PoV)
We have customer datasets and use-cases




Technology Readiness Level (TRL) Framework

C - Developed

Technology Development and Testing

y

y

TRL 6
« Product and/or process
TRL 5 prototype
demonstration in a
* Product and/or process relevant environment
validation in relevant « Prototypes are tested
environment in a real environment.
* Reliability increases It's a major step up in
significantly. The basic demonstrating
feature/product is technology's readiness

integrated and tested in a
simulated environment

TRL 7

« Product and/or process
prototype in an
operational
environment

 Prototype near
planned operational
system

We have demonstrated value on customer’s

datasets

we are ready to integrate in its environment
We tested robustness of the solution




Technology Readiness Level (TRL) Framework

D - Deployed

Reusable Capability or Product Deployment

TRL 9
« Actual product and/or
process proven
TRLS successful (adopted)
« Actual product and/or « Actual application of
TRL 7 process completed and the product and/or
qualified process innovation
 Product and/or process « Technology has been
prototype in an proven to work in its
operational final form and under
environment expected conditions
* PrOtOtype near . we are ready to scale into a product
planned operational We have demonstrated value on multiple customers
system The training and inference pipeline is operational




N Research, Proofs (PoC, PoV), and Development Productionizing

WEE
stablished

‘ Applied >“ Developed I Deployed
Basic Research to C . . . 0 ti
Research feasibility ommissioning perations

W Basic and Applied Research | Demonstration and Optimization

Simplifying [ exlored >
TRL

Technology Readiness Levels



Al Maturity Model

Level 1 Level 2 Level 3 Level 4 Level 5

Awareness Active Operational Systemic Transformational

Al is part of
Al is pervasively business DNA
used for digital
process and chain
transformation,

and disruptive
[RL and o

business models

W Al in production,

‘! creating value
I -SpeCIfIC by e.g., process
optimization or
product/service

°
M a t u rlt Al experimentation, | innovations
mostly in a data
I I science context

Early Al interest
with risk of
overhyping

Innovation




Al / ML Maturity Model: in-depth view

Awareness

« know about Al/ML
but haven't quite
used it yet

 formulate ideas,
but not strategies

Transformational

y

« Al/ML and
information
processing
is the offered value

Systemic
« using Al/ML in a

Operational Cvzvel or impactful el el
« adopted Al/ML y customers
Active into their day-to- (internal, external)
. playing and day. fun.c’Flons . rely on A.|/|\/||_ to
experimenting * maintaining do S|gq|f|§ant
with Al/ML models or creating heavy lifting for
data pipelines or operations and
* may have

versioning
data/models

implemented a long-term strategy

few models into
processes

Development Innovation




Value Stream-Driven Data Science Innovation




= “All the actions required to create something
(product, feature, service) from concept through
launch (development) to production
(operations)” (Lean Six-Sigma)

Value Stream [ oot of T
s cge » “A value stream (s the set of actions that take place
DEfInItIOnS to add value for customers from the initial
request through realization of value by the
customers” (PMI)
> One of the pillars of the Disciplined Agile Mindset



Loosely Connected Innovation: challenges

1. Unclear accountability thus impacting continuous
delivery (a.k.a., broken pipeline)
2. Hard to identify, prioritize, coordinate various

endeavors ~ _
1. sub-optimal use of resources / efforts — o evont cooperation
3. Hard to take strategic objectives and turning them | iiodty o™ | across sios. [C:Omr?’lun‘icalion across
into tactical activities offs and delays. W slos & Aot
1. Identifying and prioritizing potential features or ./
capabilities to support org's vision; A0 1T
2. Managing functional dependencies between . —— . —— .
solutions; O B el
3. Communication and dissemination to reach key Py
ANeH Management challenge: Connect the silos

stakeholders;
4. Exploring the needs of existing and potential
customers;
4. Blurry R&D goals to identify potential new offerings
(features and capabilities), or to identify potential
Improvements to existing offerings

© Scaled Agile, Inc.



Data Science Innovation Value Stream enables

Articulating the issues and needs facing from our customers/partners

« Set the key requirements of the solution

Allocating efforts of early-stage R&D

Taking calculated risks by funding the development of a solution

Going from proof of concept/feasibility/value to prototype to full deployment
« Moving the needle from TRL 1-3 and TRL 4-6 to TRL 7-9

ldentifying performance improvements and bottlenecks with clear KPIs




Have a unique, clearly defined, and relevant strategy
that everyone at the organization understands;

Pillars for

successful DS

|nn0vation Structure a repeatable and sustainable innovation
Management Wl

Well-structured teams and groups

e Small teams
 Cross-functional teams (e.g., squads)



DS Innovation Value Stream: processes improvements

Business direction
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Business direction

Team-level Data Science Innovation Value Stream
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Practical
Considerations

INNOVATION MISSIONS, APPLIED RESEARCH FRAMEWORK,
EMERGING TECHNOLOGIES PROJECTS




Practical Considerations:
Innovation Missions

TLDR



Implementation of DS Innovation Approach

Strategy Benefits

*Exploratory and Applied
Research (TRL 1-6)

"lolelaio|d *20% Projects (TRL (1-6)

Creativity

Bridging
some
uncertainty

L -
ong gaps

term
strategic
projects

*Aiming at producing

high-impact C o
deliverables (TRL 4-6) Solidifying Improvements to
«Strengthening existing Knowledge the innovation

collaboration (TRL 4-6)

«Creating collaborative
work (TRL 4-6)

N /

lifecycle process

Tackling fundamental
research work (TRL 1-3)
+Building the technical

groundwork for future
scalability (TRL 1-3)




Individual, Team-level, or xFn collaborative projects

Main goal: de-risking technology / research-oriented

DS

|nn0vation e Time-boxed (6-8 weeks)
SPE « Well-defined success criteria and expected outcomes
Missions P

« Well-defined kill criteria (checkpoints every 2 weeks)
« How
« 1 day a week

« Or 20%-25% at year-level (roughly 10-12 weeks; 1-2 missions
per year / scientist)



Workstreams Examples

Emerging Technologies

Quantum and Quantum ML/DL DL-based Time Series Modeling Explainable Al
(specific, vertical) (specific, vertical)

* Quadratic Unconstrained Binary « Forecasting

Optimization problems « Anomaly Detection
 Quantum Restricted Bolzmann Machines - Spatiotemporal

» PDE-based QC solvers for Economic Models

(cross-functional, horizontal)

« Transparency, Explainability, and
Interpretability

* Privacy Enhancement

Al Enablement

(cross-functional, horizontal)

« Performance Enhancements and Scalability DS Innovation Management
(ML Model Compression) . .

. ML Model Robustness (cross-functional, horizontal)

« Simulation and Synthetic Data Generation

« Concept Drifting Detection




Practical Considerations:
Applied Research Framework

TLDR



Applied Research: Definition and Role

“The original investigation undertaken in order to acquire new knowledge. It is, however, directed

primarily towards a specific practical aim or objective” (OECD)

Definition: Part of the research lifecycle

responsible to:

« Identify a technical problem

value

use their expertise to engineer a
system to solve such a problem

« Understanding performance
bounds

« Leveraging controlled tests to
capture real-world behavior

* Providing decision makers with
actionable and measurable
information with regards to
deployment in products, features,
and services

precisely whose solution would add

« Understanding how well a team can

Role of Applied Researchers:

* Refining a technical problem
definition to ensure it adds value

* De-risking the technology such as Al
models and libraries

 Addressing robustness and
scalability

 Exploring new ways to unblock /
solve challenging problems

« Adding required features to existing
models

* Having a in-depth knowledge of the
state-of-the-art (SOTA) of the
specific topics of the problem

/

* Design and conduct experiments

\accu rately /

30



Applied Research by Objective — key differences

« Add-on features
 Addressing robustness
 Addressing scalability

-

» Tied to use-cases and data
» Feedback to Research

N

3

Productizing

Client-
specific
Solutions

Fundamental
Research

Defining &
De-risking

 Understanding current

SOTA limitations

* Proposing new solutions

beyond SOTA

* Exploring new domains
« De-risking tech
» Models, libraries




What problem am

oy the model | solving?
to solve the Defi
:m in the real e
world. Goal What infa

do | need’

requirements. Perform
solution analysis, derive end
users needs.

Collect &
Manage
Data

Deploy
Model

Elaborate core specifications,
features, functions, and flows to
meet the requirements.

Actual development begins hene
following the design. Code reviews,
unit testing are done.

QA team tests the sofiware for
emors/bugs and determines if the
solution meets the business goals.

sz Build the

Results & Model

Document
lish that | can solve Evaluate & Find patterns in
aroblem, and how. Critique data that lead tc

Model solutions.
After sofiware passes all the stages, it enters into

the maintenance phase. The vendor here provides
support for any future upgrades and bug fixes.

Does the model solve my
problem?

Al/ML Development Life Cycle vs. Traditional Software DLC



Systematic Literature Review (SLR) and Design of Experiments (DoE)

Two pillars to build innovative technology successfully

SLR: “a research method that is designed to answer a research question by identifying,

coding, appraising, and synthesizing a group of studies”

« Approach: PIECES
 P: Planning - methods decided before conducting it
« I: Identifying - searching for studies which match the preset criteria
« E: Evaluating — assess quality of all retrieved articles
« C: Combining: each study is coded with preset form
« E: Explaining: synthesis into context, strengths and weaknesses of the studies
« S: Summarizing: description of methods and results in a clear and transparent manner

DoE: General Definition

« a systematic method to determine the relationship between factors affecting a process and the output of
that process

* In our case, an ML model or ML-based system IS the process
« Alternative terms: Designed Experiments or Experimental Design



What problem am Where do SLR and DoE fit in the MLDLC?

oy the model I salving?
to solve the Defi
:m in the real [Loths
world. Goal What infol

do | need’

Deploy e lDE Business Data
Model Manage Understanding Understanding

Data

Data
Preparation
Modeling

Deployment

R Build the

Results & Model

Document
lish that | can solve Evaluate & Find patterns in
aroblem, and how. Critique data that lead tc

Model solutions.

Does the model solve my
problem?

CRoss-Industry Standard Process for Data Mining - CRISP-DM



SLR in Al/ML

Rationale and Process for an Extended Approach



~1400 papers /day

Number of Al Publications in the World, 2010-21

Source: Center for Security and Emerging Technology, 2022 | Chart: 2023 Al Index Report

500 496.01

400
300

200

Number of Al Publications (in Thousands)

100

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021



Rationale

Machine Learning Arxiv Papers per Year

= ML Arxiv Papers = Moore's Law growth rate (2x/2 years)

~100 new ML
papers
every day!

‘E:" Cornell University

ML Arxiv Papers

a I‘ (iv > cs > cs.LG

Relative to 2009 ML Arxiv Papers

Machine Learning

Year

ML papers on Arxiv

15000 -+

Authors and titles for recent submissions
13325
« Mon, 24 Apr 2023
» Fri, 21 Apr 2023
« Thu, 20 Apr 2023
« Wed, 19 Apr 2023
» Tue, 18 Apr 2023

[ totelof 529 entries: 4225 | 26-50 | 51-T5 | 76-100 | . | 526-529 ]
[ showing Z5 entries per page: fewer | more | all )

10000 =+

Sum

5000 =+

1531
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4500 W Papers submitted
Papers accepted
3000 W Acceptance rate
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Creative/Design Thinking Approach to SLR

Brain Fuel Funnel

1. Explore 2. Decide
possibilities whattodo

ﬁ ﬁ
Divergent Convergent
thinking thinking 1 2 3 4 ] §




One more thing: reproducibility

IS THERE A REPRODUCIBILITY CRISIS?

7% 52%
Don't know

Yes, a significant crisis
3% |
No, there is no

crisls

1,976

researchers
surveyed

38%
Yes, a slight

crisis

enanrce

HAVE YOU FAILED TO REPRODUCE
AN EXPERIMENT?

Most scientists have experienced failure to reproduce results.

* My own

® Someone else's

Chemistry = -
MO gl o e S S,

Physics and
engineering | i i b i

Medicine [

Earth and
environment [IEEEEEEEEEEE

Ot B
PSR kB0, = 2 O

https://blog.ml.cmu.edu/2020/08/31/5-reproducibility/
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Hidden Technical Debt in Machine Learning Systems

D. Sculley, Gary Holt, Daniel Golovin, Eugene Davydov, Todd Phillips
{dsculley,gholt,dgg,edavydov,toddphillips}@google.com

Configuration Data Collection

Google, Inc.
Da_l.:a: Machine
Verification Resource
Management

Feature
Extraction

Analysis Tools

Process
Management Tools

Serving
Infrastructure

Monitoring
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Leakage and the Reproducibility Crisis PRINCETON
: ) UNIVERSITY
in ML-based Science

We argue that there is a reproducibility crisis in ML-based science. We compile evidence _
of this crisis across fields, identify data leakage as a pervasive cause of reproducibility

failures, conduct our own reproducibility investigations using in-depth code-review, and

propose a solution.

Reasons for caution:
e Performance evaluation is notoriously tricky in machine learning.

* ML code tends to be complex and as yet lacks standardization.

e Subtle pitfalls arise from the differences between explanatory and predictive modeling.

* The hype and overoptimism about commercial Al may spill over into ML-based scientific research.

* Pressures and publication biases that have led to past reproducibility crises are also present in ML-based science.



