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Deep Learning (DL) & Explainability

Need for explainability in machine learning

® Essential for critical systems, e.g. autonomous steering, healthcare...
® |egal reasons: responsibility, confidentiality, discriminability of ML systems

® For help to debug /improve algorithms

‘Gender Darker Darker Lighter Lighter Largest
Classitior Male  Fomale  Male Fomale  Gap
BE Microsoft 940%  792% 100% 2%

Jracer 99.3% 65.5% 99.2% 33.8%
— —

8z I8
EN B

34.4%

88.0% 65.3% 99.7%
— — —

Joy Buolamwini, Timnit Gebru: Gender Shades: Intersectional Accuracy
Disparities in C ial Gender Classification. FAT 2018: 77-91
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Explainability and Interpretability

. Oxford Dictionary of
explanation | sksple'ner/()n | English

noun

a statement or account that makes something clear: the birth rate is central to any explanation of
population trends.

interpret | m'terprrt |

verb (interprets, interpreting, interpreted) /with object]

1 explain the meaning of (information or actions): the evidence is difficult to interpret.
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Black-box vs explainable models

Black Box Al Confusion with Today’s Al Black
. Box
Decision,
- Recommendation
B'“XIB‘”‘ or ﬂuct . 3 Why did you do that?

When do you succeed or fail?

L]

e Why did you not do that?
L]

e How do | correct an error?

Clear & Transparent Predictions

Decision e | understand why
Explainable Explainable
AI A e ‘l e | understand why not ‘
Explanation e | know why you succeed or fail
e | understand, so | trust you

Credit: Lecue et al., Tutorial on XAl. AAAI 2020. https://xaitutorial2020.github.io/
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Explainable models

Some ML models naturally explainable

e Decision trees, Lists and Sets and rules

® (Generalized) Linear models, (generalized) additives models, k-NN

Is the person fit?

Age <30 ?

A
i ?
Eats a lot of pizzas? Exercises in the morning?

e N o N

Unfit Fit Fit Unfit
KDD 2019 Tutorial on Explainable Al in Industry - | ://sites.google. 1 i i-tutorial
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Explainability vs accuracy

Learning

* Challenges:
* Supervised
* Unsupervised learning

* Approach:
* Representation Learning
* Stochastic selection

* Output:
* Correlation
* No causation
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Accuracy

Explainability

Neural Net

GAN CNN

Ensemble
RNN Method

XGB
Random
Forest

Statistical
Model

Decision
Tree

~Mﬁ. -
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Explainability in different data types

Table of baby-name data
(baby-2010.csv)

riela
name rank gender year 4" names
Jacob 1 2010 ~

oy ™~ One row
Teabella |1 girl 2010 @ ielas)
Behan 2 boy 2010
Sophia 2 girl 2010
wicnael |3 oy 2010
i 2000 zows
HE A

Tabular

o =
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Explainability in different data types

If input is...

image

e

the explanation can be... for the prediction...

heatmap

DOG

- L.
| G e

»

text attention
This movie was very good.—{This movie was very good.—»| POSITIVE
tabular local explanation
Iris Iris
sepal length: 5.1 sepal length > 2
sepal width: 3.5 »| 1 < sepal width <7 »| SETOSA

petal length: 1.4
petal width: 0.2
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petal length < 2

petal width < 1
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Explainability in ML/DL

¢ Visualization: for data with local info
(text, audio, images)

¢ Distillation: approximate non X-Al
models with explainable one

¢ Intrinsic: make the model explicitly
explainable

[Xie et al.;2020]
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Explainability: visualization methods

Opaque DNN

Visualize Interested Areas

Input X
: (Depict which part of input is
Calculate irelevant w.-. given model pre n.
"Saliency"
Score S(E)

Hidden H
(Depict what kind of features are

_captured by these hidden states.) H

DNN Visualization w.r.t. Model Prediction y;

.fr/r vation Ma. rym‘:fr/um

Dr‘mmw/rrmm
I |

Idea: Saliency S(E) of prediction 4<m,,mmrw

(output) wrt intermediate features e B e m
i by
® Importance of input X wrt output e |
Y Visualization |1‘///fr/r/,u’w" Cradients
* Importance of latent e ]
representation H wrt output Y I T e

Veanmggal Pertarbation

| |

’1’1/«'”/ on Difference Analysts
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Explainability: Back-prop Visualization
® Activation maximization [Erhan et al., 2009]:

X* =arg max hi j(X,8)

Visualizations Receptive fields

* For each latent representation
hi j (layer j, feaure i): explains
which input X gives highest
activation

Layers.

® ¢ neural network parameters fixed
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Explainability: Back-prop Visualization

® Deconvolution [Zeiler and Fergus, 2014]
> From a ConvNet, build a DeconvNet : feature maps — input

A’ s* = maxpool (ReLU (A/_] « K' + b[))

A"! = unpool (ReLU ((Ae — b[) * KZT) ,s[)

® Unpool: keep the max switch,
zeros other activations

® Deconv, aka "transposed
convolution"

nicolas.thome@cnam.fr

Layer Above
Reconstruction

Pooled Maps

Switches

Max Unpooling

Max Pooling

Unpooled Maps

Rectified Feature Maps

Rectified Linear
Function

Rectified Linear
Function

l Rectified Unpooled Maps

Feature Maps

Convolutional
Filtering {F}

Convolutional
Filtering {F}

l Reconstruction

| | Layer Below Pooled Maps

Layer Above I
Reconstruction I%

Unpooling

R
VB e
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Explainability: Back-prop Visualization

e Class Activation Maps (CAM) [Zhou et al., 2016]

> ConvNet with Global Average pooling (GAP) layer
> Revert linear GAP and class projection, upsampling = class importance in
each input pixel

Australian
terrier

< 20D
<Z200
<Zz00

o

>

o

Class Activation Mappnng
Class
Wy * + Wy W Activation
Map
(Australien terrier)

nicolas.thome@cnam.fr RCP211 / Bayesian Deep Learning 12/ 29


mailto:nicolas.thome@cnam.fr

Explainability: Back-prop Visualization

® Grad-CAM [Selvaraju et al., 2017]: extends CAM without GAP

* Each feature map A in final
conv layer

® Compute gradient of each logit
class ye wrt A¥ ;o = e

Ye ijs Mk T Ak

® Weighted avg of class for each
map A¥ (with Relu)

® Upsample (bilinear) to get
initial image size

nicolas.thome@cnam.fr

last conv layer\,

mapy ReLu( ago-

[

Wk o ¢

Original image

Example grad-CAM
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Explainability: Back-prop Visualization

® Layer-Wise Relevance Propagation (LRP) [Montavon et al., 2017]
® Relevance rather than sensitivity
® Deep Taylor expansion: back-propagate relevance output — inputs

forward pass

input output
OR AN O
() R k ( - ) /
R D, Xj — Xj), X root o
.
onelayer _ O C N
neural netwo .
=0
> . {ap} \(\
t o (@ tput
inpu )) outpu D)
heatmap relevance propagation output

)@
A

,

7%

\
e

M\
_

® @ Higher-resolution

\

CE
visualization than CAM-like ~Q§7C€ -
® o needs the root X definition .( q{
LK
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Explainability: Perturbation for Visualization

Altering / removing input feature = difference in network output
Occlusion sensitivity: gray patch + Deconv [Zeiler and Fergus, 2014]

Variations: information removal strategy, the size of the patch, how the
patches are sampled.

Representation erasure: for NLP

“"Hummingbird" = 0.93

“"Hummingbird" = 0.56

“Hummingbird” = 0.79

"Hummingbird” = 0.91

Occlusion Sensttivity | |

Representation Erasure

"l[r[(fumnyju[ Perturbation |

Prediction Difference Analysis

l |

Importance

Perturbation

u]
@
I
ut
i
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Distillation methods

® Complex black box model f, simpler explainable one: g(x) ~ f(x)
® Perfs of f not necessarily below g

Trained DNN l 7
Input x Output f(x) Input x Output g(x)
— g — =
\ /7 A
Interpretable AT
{x;, f(x)} distillation of f
DNN input/output
behavior Train g to mimic

Cl AP |
} ! ]

s

© Global approximation: for the whole distribution, a.k.a. translation NToddl Translation] ‘ )

Grupl Bascl
® Local approximation: for a subset of input data |

|1Fm’(, Bused

Il |
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Local approximation in distillation: LIME

® Local Interpretable Model-Agnostic Explanations
(LIME) [Ribeiro et al., 2016]. For an image x:
» Decompose x into d super-pixels SP (small, homogeneous patches)
> Generate N perturbed images (xi, ..., xy) by sampling SPs, Bernouilli (p = 0.5)
= Z:=(z1,...,zn), where z € R? - replace e.g. with mean for SPs turned off
» Compute y; = f(x;) Vi = Y (f black box) and 7; = dist(x, x;) (some distance)
> Fit a ridge regression model: Y ~ Z3 with weights 7;

Interpretable representation  Perturbed sample Recovered sample Obtain

o e {01} Zefo)” zeR? 1(2)

ol .

(p=10.74)

’—‘ “Giraffe"
! (p=0.14) [ Z_-‘ﬂ

. "Giraffe"
(p=0.05)
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Local approximation in distillation: LIME

* Fit a ridge regression model: Y ~ Z3 with weights 7;
* 3=(Bo,...,0q): importance of each SP

> Importance of SPs ~ perturbation approches BUT: interpretable model supposed
to be valid locally (close to x)

Original image Superpixels highlighted according
Prediction: lion to the magnitude of its
with probability 0.36 Top 5 superpixels associated coefficients
= -

o s

Credit: M. Chaves, D. Garreau

e LIME not limited to linear regression model, . o
e.g. generalized formulation: " e
* - o
g | ®e®
* Q(g) controls models complexity ~ ¢5 in ridge !
I [
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Local approximation in distillation: SHAP

e Shapley Additive Explanations (SHAP) [Lundberg and Lee, 2017]
e Based on additive feature attribution methods ~ linear LIME

® Grounded in a game-theoretical perspective: contribution of adding a
feature vs measuring its removal in perturbation approaches

Model trained on
dataset without feature
4

SCR\{4)

Model trained on
dataset containing
F feature 4

Set of all extracted features

Soupa (B124) = Elf(2) 2124 = 21,24]

Ts(w127) = Bf(2)|7127 = 21,07]

Feature
extractor

"Discus Fish"

Fsugi (@sugsy) fs(zs)

[m] = = =
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Translation methods in distillation

Use global approximation of a black box model by an explainable one

® Decision
tree/graphs [Zhang et al., 2019]:
1. Mine semantic patterns (objects,
parts, "decision modes”) as
interpretable components for the tree
2. Learn the decision tree to mimic a
complex DNN model
* Finite state automaton
(FSA) [Hou and Zhou, 2020] to
approximate RNNs in binary
classifications

e Causal classifiers

nicolas.thome@cnam.fr
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Mode of standing birds
of various specieses

Mode of a species
with a specific pose ( 5 <{
¥=0.9 1‘

0 [> Most generic
rationales
(our target)

30 ON 3D E:>Mostspemfc

FEVE A

/ A head fiter l contnbuteZSZ%}»

FC
ayers
/ —_t N

Disentangled
filters in the top

conv-layer
41—‘

;

T

Afeet filter w contribute 0.72%
S‘Atorso filter ‘ contribute 1.21%

P2

spow
uoIsIoap v

Step 1: Train RNN model

R n N\
R e

-


mailto:nicolas.thome@cnam.fr

Context

Visualization Methods
Distillation Methods

Intrinsic Methods

o

«F

i
v

Qv



Intrinsic Methods

® Previous methods: post-hoc explainability: black-box — explainable model

¢ Intrinsic methods: build models explainable by design

‘ Deriving Explanation Post-Hoc

Training / Fine-tuning process Deriving Explanations

[ [ ]

Trained Explanation .
‘ Data H Model H Output ‘ ‘ Model H Method HExplananon

l

®

l Intrinsic Explanation

Training / Fine-tuning process with explanations

Trained
Model

Explanation

Credit: [Xie et al., 2020]
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Intrinsic Methods: Attention models

e Self-attention: compute similarity matrix between input "tokens"
» Self-attention (transformers), "attention is all you need" [Vaswani et al., 2017]

e More details in RCP217

Transformer Encoder

self-attention

> linear
&y

£

matmul

:

L5

=2 M4 linear
Embedded
Patches

T3

nicolas.thome@cnam.fr RCP211 / Bayesian Deep Learning 22/ 29


mailto:nicolas.thome@cnam.fr

Attention for explainability: translation in NLP

Output
Probabilities

Add & Norm
Feed
Forward
Add & Norm

Multi-Head

x| X2 | 23 |24 X5 |5 |27| X8 [Z9
Input x: The|quick|brown|fox jumps over|the|lazy|dog

De

snelle

bruine

Feed Altention
Forward Nx
vos
N Add & Norm springt
Add & Norm Masked over
Multi-Head Multi-Head
Attention Attention de
A > ’
. )
Positional A Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs Output y: De|snelle [bruinc|vos springt|over|de luic lhond|heen
(shifted riaht) Ya | s
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Multi-modal Attention

e Alignment/fusion across different feature space, e.g. text/image
> Image captioning, Visual Question Answering (VQA)

What color are her eyes?
What is the mustache made of?

How many slices of pizza are there?
Is this a vegetarian pizza?

® Multi-modal attention between words and image regions

Al System

What is the mustache
made of?
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Multi-modal attention

* Image captioning: Show, Attend and Tell (SAT) [Xu et al., 2015]
® 3; region feature (L x D), (&, ht—1) = MLP e;; = fare(ai, he-1)
> + soft-max : ay,; = softmax(e,i)

® LSTM Z representation: context vector: Z; = ¢(a;i, arj) = 2. v id;
f

rL Distribution

locations over vocab

Weighted
combination
of features
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Multi-modal attention

® VQA: multi-modal transformers e.g. LX-MERT

7 = Language Only - Vision — Language =
Tokeni —
W orentzer = II I /H}IH}I EHI 5» Classifier
i.-lang_i_i ]r [: v] :_1 | I_ij
m !.-vis_i_i .‘ D-Iv_iJ !:vaiJ
object = Vision Only = Language — Vision
m—‘ Detector E II I = H}IEHI EHI

> Cross-attention between words and image regions
> Re-embedding of text inputs with visual content, and vice-versa

Is it warm enough for him to be wearing shorts ?

6 8\ 10
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Multi-modal attention

Cross attention for explainability [Jaunet et al., 2021]

® Automatically Select “peaky” attention maps, i.e. where the attention is sparse
Q: "Is the knife in the top part of the photo?”

o -
® Use for explainability ! ony
. . e— o 1
e Model failure detection © o o 18 e © &
Dpregtestred & | Duodtoatrodl 8
g '
— } -4 -
= 1
= ]
= Handle

=

oisy model Oracle transfer+pretrain
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Intrinsic Methods

Prototypes

® Similarity between input and each prototype observation in the dataset
> ProtoPNet [Chen et al., 2019]

~Jooks like

looks like

looks like [
looks like

nicolas.thome@cnam.fr RCP211 / Bayesian Deep Learning 28/ 29

Leftmost: a test image of a clay-colored sparrow

Second column: same test image, each with a
bounding box generated by our model
-- the content within the bounding box
is considered by our model to look similar
to the prototypical part (same row, third
column) learned by our algorithm

Third column: prototypical parts learned by our
algorithm

Fourth column: source images of the prototypical
parts in the third column

Rightmost column: activation maps indicating how
similar each prototypical part resembles
part of the test bird
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Intrinsic Methods
Adding more supervision to drive explainability

® Explanation Association: add human-understandable concepts to inputs

® Text Explanation

Explanation

Maodel ancn\non
Component

[2

Maodel Explanation e: The boat

Output y: A man in a kayak on a
L(yn, y‘){ eyt : looks like a kayak. There is a
o £ Label v's A Faparki waterfall in the river
utput Label ¥': 4 man kayaking a T
uwgfaﬂ, H g Explanation Label e’z There is a ‘r-l(f-‘n € )

i in @ boat on a body of water:
The boat looks like a kayak. the man
is holding a paddle. The waier
istreams vapidiy so it fooks like a
waterfall in a river

i1
argming 3 al{ye ) + Llen )
n=1
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