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Machine Learning in a Nutshell
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Data and Algorithms - What could Possibly Go Wrong?

simplification, inadequacy..

-

errors (5%), choices, biases,
amount, domain/concept drift...

guality criteria, overfitting,
bias(es) management,
constraint enforcement..
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Why it Matters to Get Users in the Loop

What do we need to trust models?
1. Understand how they work and

how they make decisions.
2. Have some control on their
Internals and interact with them.

3. Set constraints and obtain
guarantees on their behaviour.

In machine learning terms
1. Interpretability / explainability
2. Interactive machine learning

3. Constraint enforcement & model
validation / checking / testing




Do Androids Dream of Interpretable Models?
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Decision Node Feature

Platelet count < 193 X
1000/mm®

White cell count < 6.0 x 1000
cells/mm?®

Body temperature > 37.4°C

Platelet < 143 x 1000/mm?®

Hematocrit < 41.2

Lymphocyte count < 0.58 x
1000 cells/mm?®

Neutrophil count < 4.9 x 1000
cells/mm®

Tanner L, Schreiber M, Low
JGH, Ong A, Tolfvenstam
T, et al. (2008) Decision
Tree Algorithms Predict the
Diagnosis and Outcome of
Dengue Fever in the Early
Phase of lliness. PLoS Negl
Trop Dis 2(3): e196.
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Do Androids Dream of Interpret ,; sss 302 weights = 06 vs

Input: 299x299x3, Output:8x8x2048

---------------------------------------------------------------------------------------------------------------------------------
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Convolution Input: Qutput:
AvgPool 299x299x3 8x8x2048

MaxPool 5 Final part:8x8x2048 -> 1001

Concat
https://cloud.google.com/tpu/docs/inception-v3-advanced

decision linear deep
SVM .
tree model learning .

Fully connected
Softmax

logical rules feature individual millions of weights

coefficients importance saliency maps
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HuMalearn: Towards Safe-to-use ML and DL
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Recurrent neural
networks with guarantees SiE e
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Constraints
in deep learning
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’ Glucose_2.0< 0.5
B samples = 514
S value = [335, 179]

class = No_Diabete

y Tny \F\alse

Age 20<05 ) BMI_20<05
samples = 346 sunples-ws
value = | 73] value = [62, 106]
 class = No_Diabete ) class = Diabete

(" samples=101 ) ( samples =102
value = [63, 38] value = |46, 56]
\dass = No_Diabete 2 ) class = Diabete
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HuMalearn: Putting Users at the Center of ML and DL
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HuMalearn: Applying ML and DL in the Real World
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Human-Centered Machine Learning (HuMalLearn) Team
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In a few keywords: v d,h 7 &
Industry 4.0 optimisation Open data for onstraints
h' I H / d I 1 / AI through ML & deep learning  citizen participation
machine leaning / deep learning b
interpretability / explainability ﬂ i % = @ ,
ot e - - “'" A
f k | . - e ‘ :
eedback / control / interactivity o Dewkanngtr - Lay M oo
Charipe Dagesnne Mohamimed EI Adoui Armielle Naaffo

constraints / guarantees / test s I
visualisation of complex data
inspiration from physics, math, etc.
applications in the real world

ML for astronomy.
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+ we care about the impact of Al

benoit.frenay@unamur.be

HuMalearn
or visit our team (offices 405, 408 and 411)
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