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How explainability facilitates real world
deployment of Al




The current generation of Al

‘ systems offer tremendous benefits,
EgtnaboAtal o but their effectiveness will be
o limited by the machine’'s
inability to explain its decisions
and actions to users -

GENCY ~ ABOUTUS / OURRESEARCH / NEWS / EVENTS / WORKWITHUS / Q

- David Gunning - DARPA/I20 XAl Program Update November 2017



https://www.darpa.mil/attachments/XAIProgramUpdate.pdf

Les systemes d'IA ont vocation a
interagir avec des utilisateurs
humains : ils-doivent donc étre
capables d'expliquer leur
comportement, de justifier d'une
certaine maniere les decisions qu'ils
prennent afin que les utilisateurs
humains puissent comprendre leurs
actions et leurs ‘motivations.

Les défis actuels et I'action d'Inria

- Intelligence Artificielle. Les défis actuels et ['action d’Inria

LIVRE BLANC ‘ N°01



https://www.inria.fr/actualite/actualites-inria/intelligence-artificielle-les-defis-actuels-et-l-action-d-inria

PREPARING FOR THE FUTURE
OF ARTIFICIAL INTELLIGENCE

Executive Office of the President
National Science and Technology Council
Committee on Technology

October 2016

Federal agencies [...] should [...]

.| ensure that Al-based products or

services purchased with Federal
grant funds produce results in a
sufficiently transparent fashion
and are supported by evidence of
efficacy and fairness.

- Preparing for the future of Artificial Intelligence



https://obamawhitehouse.archives.gov/sites/default/files/whitehouse_files/microsites/ostp/NSTC/preparing_for_the_future_of_ai.pdf

CEDRIC VILLANI

Mathématicien et député de I'Essonne

DONNER UN SENS
A LINTELLIGENCE
ARTIFICIELLE

POUR UNE STRATEGIE
NATIONALE ET EUROPEENNE

En premier lieu; il faut accroftre la
transparence et l'auditabilité des
systemes autonomes d’'une part, en
développant les-capacités
nécessaires pour observer,
‘comprendre et auditer leur
fonctionnement et, d'autre part, en
investissant massivement dans
la recherche sur I'explicabilité.

- Cédric Villani - Donner Un Sens A L'Intelligence Artificielle


https://www.aiforhumanity.fr/pdfs/9782111457089_Rapport_Villani_accessible.pdf

LUC JULIA
L Intelligence

\ artificielle

n’existe pas

'explicabilité est impo‘rtante parce

| qu'elle apporte la confiance. Si on

est capable d’expliquer

‘pourquoi et comment on fait les |

choses, ¢a enléve le cote
maglque

- LucJulia - L_/nte///gence artificielle n'existe pas


https://www.kaggle.com/learn/machine-learning-explainability

coe BB [E

kaggle Q search

Many imporfant decisions are made
by humans. For these decisions,

| insights can be more valuable

than predlctlons

In practice, showing insights [;.;]
will help build trust, even

among people with little deep
knowledge of data science.

- Dan Becker - Data Scientist, Instructor @ Kaggle


https://www.kaggle.com/learn/machine-learning-explainability

'. Explanations are mandatory
when Al empowers humans to
perform complex tasks

- Anto/ne Buhl - XAl_a game changer for Al in Dréddct/on @ Al Night 2019

| When it comes to.create Al -for
critical systems, trustability and
certifiability.are mandatory.

- David Sadék - )64/, a game changer for Alin production @ Al Night 2019


https://www.craft.ai/blog/ai-night-2019-explainable-ai-workshop/
https://www.craft.ai/blog/ai-night-2019-explainable-ai-workshop/

1JCAI 2019 WORKSHOP ON EXPLAINABLE ARTIFICIAL
INTELLIGENCE (XAl)

11 August, 2019. Macau, China

https://www.ijcai19.org/




& quantmetry.com

Quantmetry

Interprétabilité des
modeles

rmance ne suffit



https://www.quantmetry.com/les-livres-blancs/
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O Why GitHub? Enterprise Explore Marketplace Pricing h Signin | Sign upl

microsoft / interpret ®© Watch 95 s Star 2,023 YFork 236

<> Code Issues 22 Pull requests 2 Projects 0 Security Insights

Branch: master v interpret / README.md Find file = Copy path

;*" interpret-ml Move security section to SECURITY.MD from README.md 15ac82a 8 days ago

2 contributors ;5' -

194 lines (140 sloc) 6.54 KB Blame History [J

InterpretML - Alpha Release
=

In the beginning machines learned in darkness, and data scientists struggled in the void to
explain them.

Let there be light.
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O Why GitHub? Enterprise Explore Marketplace Pricing Search Signin | Sign upl

IBM / AIX360 ® Watch % Star 365 YFork 57

<> Code Issues 6 Pull requests 1 Projects 0 Security Insights

Branch: master~  AIX360 / README.md Find file = Copy path

=2= vijay-arya Merge pull request #31 from sadhamanus/master f26db44 on 16 Sep

5 contributors == a 24

140 lines (92 sloc) 6.61 KB Raw Blame History [J

Al Explainability 360 (v0.1.0)

| pypi package

The Al Explainability 360 toolkit is an open-source library that supports interpretability and explainability of datasets
and machine learning models. The Al Explainability 360 Python package includes a comprehensive set of algorithms
that cover different dimensions of explanations along with proxy explainability metrics.

The Al Explainability 360 interactive experience provides a gentle introduction to the concepts and capabilities by
walking through an example use case for different consumer personas. The tutorials and example notebooks offer a




000 [

(Em}

. o) & craft.ai

n Technology Use Cases Pricing Doc APl About Blog

craft ai

Explainable Al, as-a-service

APl enabling product & operational teams to quickly deploy and
run explainable Als. craft ai decodes your data streams to
deliver self leaming services.
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How XAI makes a

- dlfference7 ‘



What s an explanatlon7

Tim l\/llller ExDlanann in Art|ﬂ(:|a| Intelligence: Insuczhts from the Sooal Sciences -

People look for explananns to improve the|r |
understanding of someone or something so that they can
derive stable model that can be used for pred|ct|on and
“control -

- Fritz Heider, Australian psychologist

1. Answer to “Why?” guestions
2. Answer with contrastive explanations
- 3. Biased towards the explainee


https://arxiv.org/pdf/1706.07269.pdf

| Non—explaihé ble Al != NOn-determihisti'c Al

- SuperDataScience - Artificial Neural Networks - How do Neural Networks Work? -

Size —feet?

'#'Bédroom.S A
"Price - $. |

Distance to city - miles

- Age-years



https://www.superdatascience.com/blogs/artificial-neural-networks-how-do-neural-networks-work

| N-on—explaihé ble Al = Non-determihistic Al

Alexey Kurakin, lan Goodfellow, Samy Bengio - Adversarial examples in the physical world

washer: 0.5398173 safe: 0.34602574 safe: 0.3719305
washer: 0.22088042 loudspeaker: 0.24184975

(a) Image from dataset (b) Clean image (c) Adv. image, e = 4 (d) Adv. image, e = 8



https://arxiv.org/abs/1607.02533

Vehicle

=l The3stages of XAl




Stage |

gtag_e'g ~Involve Business Experts

'Acceptability + Performances




Stage |

£ | - Visualization

| | | ~ Simulation

Offline debugging tools
-+ upper stages tools




(a) Husky classified as wolf

x\—

b) Explanation

Stage |

Sahenty Maps

[R|be|ro M. T., S. Singh; et C. Guestrin (2016)]

Visualize important

regions of'an image



die

the

the
and
so
well
you

the
<s> and
50
well
decoder ¥
the

fngsten  reisen

longest  travel
longest  travel
oldest trips
tallest journeys
messians  travels

icons  journey

fangen

begins
when
will
begins
begin

start

longest - travel

the longest

longest

an
when it
when it
if they
, the
as  there
in | this
when
begins
begin
will
travel

die langsten reisen fangen an , wenn es auf den straRen dunkel wird .

wenn es  auf

gets [ to | the
N
laposs to  the
gets dark o
beones buried shore
grows into  heaven
omes | in | its
it
when it
when it
start when
begins

den strfen dunkel wird
streets
streets.
roads in sl
road | of
street -
city | to
Zapos;s  going to
in the streets
h t g
gets to the streets buried
&apos;s  going to be on s soets
dapoiisi—going t in the streets
it g to the streets [ e
gets to the streets
when it gets o the streets
<s> the prayer book is dark in both images and it comes out </s>
<s> now black holes are against a dark sky . </s>
<s>and remember , all this wiring is being done by people in extreme cold , in <unk> </s>

<s> 50 they go deep inside mines to find a kind of environmental silence that will allow them to hear the ping of a
detector ., </s>

<s> furthermore , the roof of the car is causing what we call a shadow cloud inside the car which is making it
<s> this is a tumor : , gray , ominous mass growing inside a brain . </s>
<s> i live cycles of light and </s>

<s> but there were witnesses , survivors in the

matter particle hitting their

</s>

Stage |

obelt, H., S. Gehrmann, M. Behrisch, A.
Perer, H. Pfister, et A. M. Rush (2018)]

Translation system
- debugger &
~visualizer
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Stage IT

Follow LeaSt_S’u_r-prise Principle

" Trust + Traceability




Stage IT

Stage |l

Local explyan'ation generation
(Treelnterpreter, LIME, SHAP...)

[Saabas, A. (2014) Ribeiro, M. T., S. Singh, et C. Guestrln(201 6a); Lundberg S. M. et
S.-l. Lee (2017)]

+upp_er stages tools



Stage |

s = et [Scott M. Lundberg, Su-in Lee - A Unified Approach to.Interpreting Model Predictions - NeurIPS 2017]
Stage II ‘ : e £ '

1. Select business understandable features
T szmpl feat(x)

ﬁé Fit a explainable model approxmatmg the actual model
d_model(x) ~ empl_model( ) ¢ + Zdzm 2, i T,




BLECKWEN

Stage |l

| -_Leveraging SHAP

Explamablllty Insights +
- - Traceability
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Energy manager assrstant

' 'Dec_isionT_ree to generate |
contrastive explanations

Expla-inabili'ty‘# Productivity
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"Stage III .

Stage |l

Enable mteroperablllty Wlth business
logic

Automation *+ Certifiability
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"Stage III .

- Stage Il

Globally éxpl_a-inable models
(Decision Trees, Business Rules,
- Regressions, ...)



@TQTAL |
direct energie  caftai

. Stage lll

Orange F*.ll R 99 % [ 08:45

= Mes actus conso

" Household cons'u_mptvion predictive
model used as a knowledge base
Explainability = Interface with

. symbolic systems




Challenges *

Not because they are - | e SRR
| easy, but because they How can we evaluate explainability?
are hard | - i A - :

- John F. Kennedy -



X A Improve the performances of XAl

Not eca‘uset SUGES | - Improve Data Engineering

| €asy, but because they ‘ New Machine Learning approaches:
are hard | Hybrid models

- John F. Kennedy -



Vehicle

Stage III -
Explalnable deC|S|on process

Enable |nteroperab|l|ty vv|th busmess Iog|c' -

IIIIIII

Stagell |
Explalnable deC|S|ons

Foster trusts with users & supervisors '

Stage |
 Explainable bqumg process

- FaVC|I|tate acceptance



We set sail on this nevv¥ea because R e
there is new knowledge to be | Explaln_ablllty £ ar? op‘p‘o‘rt_u_n.lty
| -gained, and new rights to be won, B : . ;_R_egulat-lon IS coming

‘and they must be won and used for ~ No system in production below stage Il
the progress of all people. FRL : :

- John F. Kennedy -
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