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I Some XAl Approaches (1) J— gy
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Network f(x1, z2)

Attributions at x1 = 3,22 = 1
Integrated gradients xz; = 1.5, zo9 = —0.5

f(x,, x,) = ReLU(z, -1-2,)
=

RO

(a) Standard attention model (b) RETAIN model

Attention Mechanism

Chaofan Chen, Oscar Li, Alina Barnett, Jonathan Su, Cynthia
Edward Choi, Mohammad Taha Bahadori, Jimeng Sun, Joshua

- © Thales 2019 All rights reserved

DeepLift 1= 1.5, 22 = —0.5 Rudin: This looks like that: deep learning for interpretable - .
LRP 21 =15, 22 = —0.5 image recognition. CORR abs/1806.10574 (2018) Kulas, Andy Schuetz, Walter F. Stewart: RETAIN: An
AN Interpretable Predictive Model for Healthcare using Reverse
e sz ) Prototypes ~ Prolotypes Time Attention Mechanism. NIPS 2016: 3504-3512
o) : T : ' 2 D. Bahdanau, K. Cho, and Y. Bengio. Neural machine

translation by jointly learning to align and translate.
Net\fvorlf g(x1, 2) International Conference on Learning Representations, 2015
Attributions at x1 = 3,22 = 1
Integrated gradients z; = 1.5, z2 = —0.5
DeepLift 1 =2, z2 =—1
LRP 1 =2, 22 =—1

Tof {TO <016

Attribution for Deep / )
Network (Integrated gradient-based) ]

reconstructed
input

Mukund Sundararajan, Ankur Taly, and Qiqi Yan. 6N
Axiomatic attribution for deep networks. In ICML, L]

7 of {SOL < 21.5;
TA < 3165570}
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pp. 3319-3328, 2017.
Example-based / Prototype s
Avanti Shrikumar, Peyton Greenside, Anshul surOgate MOdEI
. ; Oscar Li, Hao Liu, Chaofan Chen, Cynthia Rudin: Deep Learnin
Kundaje: Learning Important Features Through for C Based R ing Th l,?lp AN P | & Mark Craven, Jude W. Shavlik: Extracting Tree-Structured
Propagating Activation Differences. ICML 2017: or Lase-Based Reasoning Through Prototypes: A Neura Representations of Trained Networks. NIPS 1995: 24-30
3145-3153 Network That Explains Its Predictions. AAAI 2018: 3530-3537 P : )

Been Kim, Oluwasanmi Koyejo, Rajiv Khanna:Examples are not enough, T /\ E S
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Some XAl Approaches (2)
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Interpretable Units =

David Bau, Bolei Zhou, Aditya Khosla, Aude Oliva,
Antonio Torralba: Network Dissection:
Quantifying Interpretability of Deep Visual
Representations. CVPR 2017: 3319-3327

Western Grebe Description: This is a large bird with a white neck and a black back in the water.

Class Definition: The Western Grebe is a waterbird with a yellow pointy beak, white neck and belly,
and black back.

Explanation: This is a Western Grebe because this bird has a long white neck, pointy yellow beak
and red eye.

L. Albat
aysan Anaioss Description: This is a large flying bird with black wings and a white belly.

Class Definition: The Laysan Albatross is a large seabird with a hooked yellow beak, black back
\ ~and white belly.

Visual Explanation: This is a Laysan Albatross because this bird has a large wingspan, hooked
yellow beak, and white belly.

Laysan Albatross Description: This is a large bird with a white neck and a black back in the water.

Class Definition: The Laysan Albatross is a large seabird with a hooked yellow beak, black back

. and white belly.

. , Visual Explanation: This is a Laysan Albatross because this bird has a hooked yellow beak white
neck and black back.

-~

Visual Explanation

Lisa Anne Hendricks, Zeynep Akata, Marcus Rohrbach, Jeff Donahue, Bernt Schiele,
Trevor Darrell: Generating Visual Explanations. ECCV (4) 2016: 3-19

input

() Input Image (b) Ground Truth (¢) Semantic Segmentation  (d) Aleatoric Uncertainty  (e) Epistemic Uncertainty

Uncertainty Map
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label: baseball - Sgmel
pred: crayfish [N

label: bell pepper
pred: bell pepper [l
label: ice lolly
pred: ice cream
NS

output

2 Alex Kendall, Yarin Gal: What Uncertainties Do We Need in Bayesian
Deep Learning for Computer Vision? NIPS 2017: 5580-5590
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label: Dungeness crab [J
pred: Dungeness crab 8
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Some XAl Approaches - Towards Semantics
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Rabbit

Bob Cat

Conceat 46 0.0035

Concept 7 0.0031

Squirrel

Concept 8 0.0140 Concept 7 0.0066
Tianm il <
Concept 20 0.0054

cept 48 0.0054 ConceptZS 0.0021 i
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Figure 3 Concept examples with the samples that are the nearest to concept vectors in the activation space in AWA.
The per-class ConceptSHAP score is listed above the images.
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Pfister, Pradeep Ravikumar:On Completeness-aware Concept-
Based Explanations in Deep Neural Networks. NeurlPS 2020
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@ positive (excitation)
® negative (inhibition)

Windows (4b:237)
excite the car detector
at the top and inhibit
at the bottom.

Car Body (4b:491)
excites the car
detector, especially at

snnt ha ranradiinad madifind ~dgpted, p

the bottom.
¢ "
¢ Wheels (4b:373) excite - -
the car detector at the A car detector (4c:447)
bottom and inhibit at is assembled from
the top. earlier units.
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Circuits in CNNs

https: //d|st|II pub/2020/circuits/zoom-in/
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() Mult-resolution segmentation of images

ACE Kim:Towards Automatic Concept-based Explanations. NeurIPS

Chih-Kuan Yeh, Been Kim, Sercan Omer Arik, Chun-Liang Li, Tomas

Jesse Mu, Jacob Andreas:Compositional Explanations of Neurons. NeurIPS 2020

Police Van

(b) Clustering similar segments and removing outliers (c) Computing saliency of concepts

Importance Scores

-
o8

Amirata Ghorbani, James Wexler, James Y. Zou, Been

nd most salient

2019: 9273-9282

(water OR river)
AND NOT blue loU 16

e

water loU.14 water OR river loU.15

e NEE BEE

(a) inputs x river lou.08 NOT blue IoU .004

REF NP e

(b) neuron fy;(x) blue IoU.006 (e) logical forms L(x)
(==
SEX B
¥ 4 . Neuron + Concept
(c) neuron masks Mg3(x) (d) concepts C(x) (f) IoU

Figure 1: Given a set of inputs (a) and scalar neuron activations (b) converted into binary masks (c),
we generate an explanation via beam search, starting with an inventory of primitive concepts (d), then
incrementally building up more complex logical forms (e). We attempt to maximize the IoU score of
an explanation (f); depicted is the IoU of Myg3(x) and (water OR river) AND NOT blue.

Compositional Explanations
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Example of an End-to-End XAl System

r

1
ML Classifier

v

C: //)I‘L'(/l'(‘[ FISH

H: Why? H: (Hmm. Seems like it might H: What happens if the
C: See below: be just recognizing anemone background
texture!) Which training anemones are f
examples are most influential removed? E.g., Q
to the prediction?
C: These ones:

Green regions argue
for FISH, while RED
pushes towards DOG.

There’s more green.

= Humans may have follow-up questions

= Human - Machine interactions are required

= Explanations cannot answer all users’ concerns in one shot

= Many different stakeholders

= Many different objectives

= Many different expertise
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C: I still predict
FISH, because
of these green
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I XAl: Let’'s Add some Semantics
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grotto
grotto
grotto
hot spring

clean room

alcove

ﬁgfbo.

corridor

fire escape OR
bridge OR staircase

house OR porch
OR townhouse

aqueduct QR ulaﬂuct

= GR @lofster-indoor

bridge OR viaduct
OR aqueduct

laundromat
OR viaduct

ResNet18
AlexNet
ResNet50
DenseNet161

fire
escape

ResNet18
AlexNet
ResNet50

DenseNet161 forest path

viaduct

.
Y
.
.
.
street *fire escape
street street
street cradle
street fire escape

forest path viaduct
forest path viaduct
forest path viaduct

laundromat

—>

Jesse Mu, Jacob Andreas:Compositional Explanations of Neurons. NeurIPS 2020
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(uater oR river) " Svimming hole
ResNet50 swimming hole
DenseNet161 swimming hole
0.38 ’
forest-broad P
OR waterfall OR swimming
forest-needle hole
creek OR waterfall
OR desert-sand
.27
pool table OR machiney ResNet18 corr%dor
OR bank vault " ARxNet £ogrigor
ResNet50 corridor
DenseNet161 corridor
0.34
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What is the impact of semantic
representation on units in
Neural Networks?
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XAl Evaluation

Comprehensibilit
y

How much effort
for correct human
interpretation?

Succinctness Actionability Reusability Accuracy

How concise and What can one Could the How accurate and
compact is the action, do with explanation be precise is the
explanation? the explanation? personalized? explanation?

Source: Accenture Point of View. Understanding Machines: Explainable Al. Freddy Lecue, Dadong Wan

Completeness

Is the explanation
complete, partial,
restricted?




XAl Evaluation - more Human (Role)-based Evaluation Needed

Task | Image Recognition | Sentiment Analysis | Key Word Detection | Heartbeat Classification
Domain | Image | Text | Audio | Sensory data (ECG)
Dataset | Cifar-10 |  Sentiment140 | Speech Commands | MIT-BIH Arrhythmia
Classes | 10 | D) | | 5 Explanation Method | Image Study | Text Study | Audio Study | Sensor Study
LIME | 47.7+4.5% | 704 £3.6% | - | -
Table 2: An overview of the application tasks and datasets used in our study
Anchor | 389+43% | 25.8+3.5% | - | -
Image Input Grad-CAM++  Saliency Maps LIME Anchor SHAP Explanation-by-Example SHAP ‘ 337 + 4.3% ‘ 599 + 38% ‘ 34.7 + 48% | 328 + 33%
% : _‘1’ —_ "I - ' .% Saliency Maps | 39.4 +4.3% | - | 46.1 £5.1% | 404 £3.5%
I E ‘ \ Grad-CAM++ | 50.8+4.5% - | 48.1£53% | 42.0+3.5%
‘ - v ExMatchina | 89.6+2.6% | 43.7+3.9% | 70.9+4.7% | 84.8 +2.5%
Text Input Anchor SHAP Explanation-by-Example
" g immymont s Table 3: Results of the Mechanical Turk study evaluating user preference for DNN explanation
°°°k‘"“‘:::;:;'e""""e' ——— Anchor(s): with _ o 2 eeprguinmibesst o methods across image, text, audio, and sensory input domains. Survey questions individually
' o R — compare two methods at a time, with each explanation compared to all other available methods
) ] equally. Results indicate the rate by which users selected a particular method when it is an available
Sensor Input Grad-CAM++ Saliency Maps SHAP Explanation-by-Example . . .
explanation, with 95% bootstrap confidence intervals.

normal heartbeat?
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normal heartbeat  normal heartbeat  normal heartbeat

Figure 2: Depiction of surveyed explanation methods for image, text, and ECG input.

Network Explanation Methods. NeurlPS 2020

Jeya Vikranth Jeyakumar, Joseph Noor, Yu-Hsi Cheng, Luis Garcia, Mani B. Srivastava:How Can | Explain This to You? An Empirical Study of Deep Neural

THALES



XAl Evaluation - more Human (Role)-based Evaluation Needed
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” The alien's preferences:

lazy or nervous — nodding

nodding and wearing glasses — clumsy

bubbly or clumsy — brave

faithful and cold or brave and passive — candy or dairy and fr

r written cor

sleepy or patient and obedient — spices and grains or dairy

crying or sleepy and faithful — grains and spices or fruit

Observations: patient, wearing glasses, lazy

Recommendation: milk, guava

e rep

Is the alien happy with the recommended meal?

“Through Amazon
= Mechanical Turk
(900 subjects all toget

15

ment may not
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DomaIiN MOoDEL PURPOSE EXPLAINABILITY TECHNIQUE STAKEHOLDERS EvALUATION CRITERIA
FINANCE LoAN REPAYMENT FEATURE IMPORTANCE LoAaN OFFICERS COMPLETENESS [34]
INSURANCE RISK ASSESSMENT FEATURE IMPORTANCE RIsk ANALYSTS COMPLETENESS [34]

CONTENT MODERATION
FINANCE
FaciAL RECOGNITION
CONTENT MODERATION
HEALTHCARE
CONTENT MODERATION

Maticious REVIEWS
CasH DISTRIBUTION
SMILE DETECTION
SENTIMENT ANALYSIS
MEDICARE ACCESS
OBJECT DETECTION

FEATURE IMPORTANCE
FEATURE IMPORTANCE
FEATURE IMPORTANCE
FEATURE IMPORTANCE

COUNTERFACTUAL EXPLANATIONS
ADVERSARIAL PERTURBATION

CONTENT MODERATORS
ML ENGINEERS
ML ENGINEERS
QA ML ENGINEERS
ML ENGINEERS
QA ML ENGINEERS

COMPLETENESS [34]
SENSITIVITY [69]
FAITHFULNESS [7]

{2 NORM
NORMALIZED {1 NORM
{2 NORM

it

brave and sleepy or patient or laughing —» dairy and fruit or grains

Ingredients:

« Vegetables: okra, carrots, spinach
+ Spices: turmeric, thyme, cinnamon
+ Dairy: milk, butter, yogurt

« Fruit: mango, strawberry, guava
ocolate,taffy, caramel

+ Grains: bagel, rice, pasta

+ Can

Table 1: Summary of select deployed local explainability use cases

FAT* 2020: 648-657
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Subjective Evaluation - Length Experiment

Num. Repetitions

ang Bhatt, Alice Xiang, Shubham Sharma, Adrian Weller, Ankur Taly, Yunhan Jia, Joydeep Ghosh, Ruchir Puri, José M. F. Moura, Peter Eckersley:Explainable machine learning in deployment.

Isaac Lage, Emily Chen, Jeffrey He,
Menaka Narayanan, Been Kim, Sam
Gershman, Finale Doshi-Velez: An
Evaluation of the Human-
Interpretability of Explanation. CoRR
abs/1902.00006 (2019)
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