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About me

Louis Abraham
» Education: Ecole polytechnique, ETH Zurich

» Experience:
» Quant @ BNP Paribas
» Deep learning @ EHESS / ENS Ulm

» Data protection @ Qwant Care


https://louisabraham.github.io/

What this talk is about
» Machine Learning
> Supervised learning
» Practical tools

» Humans

What this talk is not about
» Mathematics
» Deep Learning
> Al Safety

» Fairness in Al



Bias vs bias

» Oxford dictionary: Inclination or prejudice for or against one
person or group, especially in a way considered to be unfair.

» Wikipedia: In statistics, the bias (or bias function) of an
estimator is the difference between this estimator’s expected
value and the true value of the parameter being estimated.



Is this bias?

SELF-DRIVING CARS MORE LIKELY TO
DRIVE INTO BLACK PEOPLE, STUDY
CLAIMS

New study suggests autonomous vehicles might be racist

Anthony Cuthbertson | @ ADCuthbertson o o @
Wednesday 6 March 2019 13:58 |
Technology used in self-driving cars has a racial bias that makes autonomous

vehicles more likely to drive into black people. a new study claims.

Researchers at the Georgia Institute of Technology found that state-of-the-art
detection systems, such as the sensors and cameras used in self-driving cars, are
better at detecting people with lighter skin tones.

That makes them less likely to spot black people and to stop before crashing into
them, the authors note.

source: The Independent


https://www.independent.co.uk/life-style/gadgets-and-tech/news/self-driving-car-crash-racial-bias-black-people-study-a8810031.html

What bias really is

https://www.youtube.com/embed/IfpjXcawG607?rel=0


https://www.youtube.com/embed/lfpjXcawG60?rel=0

The difference between programming and ML

Without Machine Learning With Machine Learning

VERY SPECIFIC
INSTRUCTIONS

credits: Christoph Molnar



How developers explain their programs

' ; - You know, the unit tests,
We received your delivery on time, The ones for testing the application
but we couldn't find the tests layer, Quality Assurance and all

An, ues, the
unit tests...

No tests ? But what
about the guidelines. ..

How do you check
that everything works
correctly?

CommitStrip.com

credits: CommitStrip



How data scientists explain their programs

THIS 15 YOUR MACHINE (EARNING SYSTETT?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN (OLLECT
THE ANSLJERS ON THE OTHER SIDE.

WHAT IF THE ANSLERS ARE LIRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT

credits: xked



Do we need interpretability?

Interpretability is useful for:

» Compliance: Right to explanation in the GDPR (Goodman
and Flaxman 2017; Wachter, Mittelstadt, and Russell 2017)
Privacy

Fairness

Robustness

Trust

vV vyYyywy

Risks of interpretability

Corporate secrecy
Performance drop
Manipulation

>
>
>
» Public relations



Different concepts

Quick survey

One will protect you, the other 2 will try to kill you.
Choose wisely.

> Interpretability
» Explainability

> Justifiability



Definition

(Biran and Cotton 2017)

Explanation is closely related to the concept of
interpretability: systems are interpretable if their
operations can be understood by a human, either
through introspection or through a produced
explanation.

In the case of machine learning models, explanation is
often a difficult task since most models are not readily
interpretable.



Different concepts

Quick survey

One will protect you, the other 2 will try to kill you.
Choose wisely.

> Interpretability: why did the model do that

» Explainability: how the model works

> Justifrability: justice, morals



Interpretability of the whole process
> model selection
> training

» evaluation



3 options:
» readily interpretable models
» feature importance

> example based explanations



Is this an

interpretable model?

petal length (cm) < 2.4
gini = 0.6667
samples = 150
value =[50, 50, 50]
class = setosa

petal width (cm) £ 1.7!
gini = 0.5
samples = 100
value = [0, 50, 50]
class = versicolor

sepal length (cm) < 6.9!
gini = 0.4444
samples = 3
value =10, 2, 1]
class = versicolor



Is this an interpretable model?




Interpretable models

> sparse or low-dimensional linear models (regression, logistic
regression, SVM)

» small decision trees (ferests)

» decision rules, for example falling rule lists (Wang and Rudin
2015)

> naive Bayes classifier

» k-nearest neighbors

Make them more powerful!

> preprocessing / normalization
» feature engineering



Model agnostic methods

Humans .
ﬁ inform
Interpretability
Methods
ﬁ extract
Black Box
Model
ﬁ learn
PP [T 1] T
Data //7//
ﬁ capture
World

credits: Christoph Molnar



Model agnostic methods

Why you want model-agnostic methods

(Ribeiro, Singh, and Guestrin 2016a)

Use more powerful models

Produce better explanations

Representation flexibility

Lower cost to switch models

Explanation coherence

Compare models and explanations independently

vV VvV VvYyVvYYVvyy



The 10 best model-agnostic methods

plots

plots

plots

plots

plots

plots

plots

Counterfactual explanations (Wachter, Mittelstadt, and Russell
2017)

LIME (Ribeiro, Singh, and Guestrin 2016b)
10. Shapley Values (Lundberg and Lee 2017)
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Counterfactual explanations

(Wachter, Mittelstadt, and Russell 2017)

arg min mfx)\ (F(X') = y')? + d(x, )

v

simply: find a neighbor with a different prediction

v

is this useful?

> preserves secrecy

v

related to adversarial examples



LIME (Local Interpretable Model-agnostic Explanations)
(Ribeiro, Singh, and Guestrin 2016b)

> given a point x, trains surrogate model g on neighbors
> {(x) = argmin L(f, g, mx) + ©(g)
g€

» complete framework: categorical data, text, images. ..
> open-source Python library
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SHAP (SHapley Additive exPlanations)

(Lundberg and Lee 2017)
» find feature importance by ablation
» generalizes LIME, Quantitative Input Influence and others
> relies on economic theory and is consistent with humans

» open-source Python library



SHAP (SHapley Additive exPlanations)
@

higher 2 lower
base value  model output

14.34 16.34 18.34 2034 22.34 2441 26.34 28.34 3034
| e
PTRATIO = 15.3 LSTAT = 4.98 RM = 6.575 | NOX = 0.538 | AGE = 65.2| RAD = 1

Explanation of one instance

High
LSTAT
RM
CRIM

DIS
PTRATIO

Feature value

INDUS
RAD
ZN
CHAS

R 2 P

-8 -6 -4
SHAP value (impact on model output)

Summary over the dataset



Evaluation of interpretability

(Doshi-Velez and Kim 2017)
» Application-grounded Evaluation: Real humans, real tasks
» Human-grounded Metrics: Real humans, simplified tasks

» Functionally-grounded Evaluation: No humans, proxy tasks



The beginning. ..
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