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Context
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Markets we serve

Trusted Partner For A Safer World

Space Defence SecurityAerospace Ground Transportation
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Trustable AI
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AI Adoption: Requirements

Trustable
AI

Valid
AI

Responsible
AI

Privacy-
preserving 

AI

Explainable 
AI

Human
Interpretable AI

Machine 
Interpretable AI

What is 
the 

rational?
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XAI in AI
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Uncertainty as 
an alternative 
to explanation

Which complex features are 
responsible of classification?

Which actions are 
responsible of a plan?

Which entity is responsible 
for classification?

Which combination 
of features is optimal?

Which constraints can be relaxed?

Which features are 
responsible of classification?

Machine 
Learning

Computer
Vision

Search

Planning

KRR

NLP
Game 
Theory

MAS

Robotics

• Which axiom is responsible of  
inference (e.g., classification)?

• Abduction/Diagnostic: Find the 
right root causes (abduction)?

How to summarize the 
reasons (motivation, 

justification, 
understanding) for an 

AI system behavior, and 
explain the causes of 

their decisions?

Artificial 
Intelligence

• Which agent strategy & plan ?
• Which player contributes most?
• Why such a conversational flow?

Which decisions, combination of 
multimodal decisions  lead to an  

action?

UAI

XAI: One Objective, Many ‘AI’s, Many Definitions, Many Approaches
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XAI in 
Machine 
Learning
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How to Explain? Accuracy vs. Explanability

Neural Net

CNNGAN

RNN
Ensemble

Method

Random
Forest

XGB

Statistical
Model

AOG
SVM

Graphical Model

Bayesian 
Belief Net

SLR

CRF HBN
MLN

Markov 
Model

Decision 
Tree

Linear 
Model

Non-Linear 
functions

Polynomial 
functions

Quasi-Linear 
functions

InterpretabilityLearning

• Challenges:
• Supervised 
• Unsupervised learning

• Approach:
• Representation Learning
• Stochastic selection

• Output:

• Correlation
• No causation
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▌Machine Learning (except Artificial Neural Network)

Feature Importance
Partial Dependence Plot
Individual Conditional Expectation
Sensitivity Analysis

Overview of explanation in Machine Learning fields (1)
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▌Machine Learning (except Artificial Neural Network)

Feature Importance
Partial Dependence Plot
Individual Conditional Expectation
Sensitivity Analysis

Overview of explanation in Machine Learning fields (1)

Counterfactual
What-if

Brent D. Mittelstadt, Chris Russell, Sandra 
Wachter: Explaining Explanations in AI. FAT 
2019: 279-288

Rory Mc Grath, Luca Costabello, Chan Le Van, 
Paul Sweeney, Farbod Kamiab, Zhao Shen, Freddy 
Lécué: Interpretable Credit Application Predictions 
With Counterfactual Explanations. CoRR
abs/1811.05245 (2018)
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▌Machine Learning (only Artificial Neural Network)

Overview of explanation in Machine Learning fields (2)

Attribution for Deep
Network (Integrated gradient-based)

Mukund Sundararajan, Ankur Taly, and Qiqi
Yan. Axiomatic attribution for deep 
networks. In ICML, pp. 3319–3328, 2017.

Attention Mechanism

Avanti Shrikumar, Peyton Greenside, Anshul 
Kundaje: Learning Important Features 
Through Propagating Activation 
Differences. ICML 2017: 3145-3153

D. Bahdanau, K. Cho, and Y. Bengio. Neural 
machine translation by jointly learning to align 
and translate. International Conference on 
Learning Representations, 2015

Edward Choi, Mohammad Taha Bahadori, Jimeng Sun, 
Joshua Kulas, Andy Schuetz, Walter F. Stewart: RETAIN: An 
Interpretable Predictive Model for Healthcare using 
Reverse Time Attention Mechanism. NIPS 2016: 3504-3512
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▌Machine Learning (only Artificial Neural Network)

Auto-encoder
Oscar Li, Hao Liu, Chaofan Chen, Cynthia Rudin: 
Deep Learning for Case-Based Reasoning 
Through Prototypes: A Neural Network That 
Explains Its Predictions. AAAI 2018: 3530-3537

Overview of explanation in Machine Learning fields (2)

Attribution for Deep
Network (Integrated gradient-based)

Mukund Sundararajan, Ankur Taly, and Qiqi
Yan. Axiomatic attribution for deep 
networks. In ICML, pp. 3319–3328, 2017.

Attention Mechanism

Avanti Shrikumar, Peyton Greenside, Anshul 
Kundaje: Learning Important Features 
Through Propagating Activation 
Differences. ICML 2017: 3145-3153

D. Bahdanau, K. Cho, and Y. Bengio. Neural 
machine translation by jointly learning to align 
and translate. International Conference on 
Learning Representations, 2015

Edward Choi, Mohammad Taha Bahadori, Jimeng Sun, 
Joshua Kulas, Andy Schuetz, Walter F. Stewart: RETAIN: An 
Interpretable Predictive Model for Healthcare using 
Reverse Time Attention Mechanism. NIPS 2016: 3504-3512
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▌Machine Learning (only Artificial Neural Network)

Auto-encoder
Oscar Li, Hao Liu, Chaofan Chen, Cynthia Rudin: 
Deep Learning for Case-Based Reasoning 
Through Prototypes: A Neural Network That 
Explains Its Predictions. AAAI 2018: 3530-3537

Surogate Model
Mark Craven, Jude W. Shavlik: Extracting Tree-
Structured Representations of Trained Networks. NIPS 
1995: 24-30

Overview of explanation in Machine Learning fields (2)

Attribution for Deep
Network (Integrated gradient-based)

Mukund Sundararajan, Ankur Taly, and Qiqi
Yan. Axiomatic attribution for deep 
networks. In ICML, pp. 3319–3328, 2017.

Attention Mechanism

Avanti Shrikumar, Peyton Greenside, Anshul 
Kundaje: Learning Important Features 
Through Propagating Activation 
Differences. ICML 2017: 3145-3153

D. Bahdanau, K. Cho, and Y. Bengio. Neural 
machine translation by jointly learning to align 
and translate. International Conference on 
Learning Representations, 2015

Edward Choi, Mohammad Taha Bahadori, Jimeng Sun, 
Joshua Kulas, Andy Schuetz, Walter F. Stewart: RETAIN: An 
Interpretable Predictive Model for Healthcare using 
Reverse Time Attention Mechanism. NIPS 2016: 3504-3512
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Overview of explanation in Machine Learning fields (3)

▌Computer Vision

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

Interpretable Units
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Uncertainty Map
Alex Kendall, Yarin Gal: What Uncertainties Do We Need in Bayesian 
Deep Learning for Computer Vision? NIPS 2017: 5580-5590

Overview of explanation in Machine Learning fields (3)

▌Computer Vision

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

Interpretable Units
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Uncertainty Map Saliency Map

Alex Kendall, Yarin Gal: What Uncertainties Do We Need in Bayesian 
Deep Learning for Computer Vision? NIPS 2017: 5580-5590

Julius Adebayo, Justin Gilmer, Michael Muelly, Ian J. Goodfellow, Moritz 
Hardt, Been Kim: Sanity Checks for Saliency Maps. NeurIPS 2018: 9525-9536

Overview of explanation in Machine Learning fields (3)

▌Computer Vision

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

Interpretable Units
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Uncertainty Map
Alex Kendall, Yarin Gal: What Uncertainties Do We Need in Bayesian 
Deep Learning for Computer Vision? NIPS 2017: 5580-5590

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

Overview of explanation in Machine Learning fields (3)

▌Computer Vision

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

Interpretable Units

Saliency Map
Julius Adebayo, Justin Gilmer, Michael Muelly, Ian J. Goodfellow, Moritz 
Hardt, Been Kim: Sanity Checks for Saliency Maps. NeurIPS 2018: 9525-9536
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XAI MUST-
HAVE in 

INDUSTRY
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Training Data

Input
(unlabeled 

image)

Neurons 
respond to 

simple shapes

Neurons respond to 
more complex 

structures

Neurons respond to 
highly complex, 

abstract concepts

1st Layer

2nd Layer

nth Layer

Low-level 
features to 
high-level 
features

XAI Must-Have in Industry: On Neural Network Architecture

Domain 
Knowledge
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XAI Must-Have in Industry: On Outputs

Description 0: Two trains
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XAI Must-Have in Industry: On Outputs

Description 1: This is a train accident including a orange train

Description 2: This is an train accident between two speed merchant trains of characteristics X43-B and Y33-C in a dry environment

Description 3: This is a public transportation accident

Description 0: Two trains
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XAI Must-Have in Industry: On Evaluation

Comprehensibility

How much effort 
for correct human 

interpretation?

Succinctness

How concise and 
compact is the 
explanation? 

Actionability

What can one 
action, do with 

the explanation?

Reusability

Could the 
explanation be  
personalized? 

Accuracy

How accurate 
and precise is the 

explanation?

Completeness

Is the explanation 
complete, partial, 

restricted? 

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

▌Not a new problem – a reformulation of past research challenges in AI

▌Explainable AI is motivated by real-world applications in AI 

▌Explainable AI is a strong requirement for adoption of AI in industry

▌Lots of approaches for eXplainable Machine Learning… but no semantics attached

▌Need more work on joint learning and reasoning systems 

▌In AI (in general): many interesting / complementary approaches
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