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Explanable AI Interpretability of deep models

Background

Motivation

Interpretability is important for high stakes decisions.
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Background

Motivation

Interpretability is important for trustworthy DNNs.

Robustness and
improvements

Trust and understanding

Security, legal necessity
and responsibility
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Background

Related work

Dimensions of interpretability methods

[ZTLT20]
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Attribution

Overview

Attribution

Local Semi-Local Global

Active
(Transparency)

ExpO, DAPr, LFI-CAM –
Dual-net
(feature
importance)

Passive
(Post hoc)

LIME, MAPLE, Partial
derivarives, De-
convNet, Guided
backprop, Grad-
CAM, Shapley values,
Sensitivity analysis,
Feature selector, Bias
attribution

DeepLIFT,
LRP, In-
tegrated
gradients,
Feature
selector,
MAME

Feature
selector,
TCAV, ACE,
SpRAy,
MAME,
DeepCon-
sensus

[ZTLT20]
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Attribution

Overview

Transparency

Interpretability regularizer: ExpO [PASC+19],
DAPr [WJL19], LFI-CAM [LPOK21]

Learning ’optimal’ feature with network: Dual-net [WC20]
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Attribution

Overview

Post-hoc interpretation
Model agnostic attribution

LIME [RSG16]

Shapley [SK10, AOG19]

Sensitivity analysis: perturbation [PDS18, CCGD19, PPG20]

......

Saliency map

Gradient-based and backpropagation methods:
Gradient [AGGK18, SDBR15, BSH+10], Guidedbackprop [SDBR15],
Grad-CAM [SCD+17]...

Discrete Gradient: LRP [BBM+15, LTB+13, AMMS17],
DeepLIFT [SGK17], intergrated Grad [STY17]

Adversarial perturbation based: perceptual ball [ELR21]

......
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Post-hoc approaches

Model agnostic attribution

LIME: Sparse Linear Explanation

[RSG16]
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Post-hoc approaches

Model agnostic attribution

LIME: examples

[RSG16]
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Post-hoc approaches

Model agnostic attribution

Shapley

[SK10, AOG19]
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Post-hoc approaches

Saliencp map

Saliency Map Overview
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Post-hoc approaches

Saliencp map

Perceptual ball

Adversarial Perturbation

Misclassification c(f(x+ r)) 6= lg

Small Distortion Norm (‖r‖2 or ‖r‖∞)

[ELR21]
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Post-hoc approaches

Saliencp map

Perceptual ball

Generate adversarial perturbation

Misclassification:`(f(x+r), lg) = flg(x+r)−max fl 6=lg(x+r)

Small distortion:
∑

i ‖f i(x+ r)− f i(x)‖2 + ‖r‖2

[ELR21]
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Post-hoc approaches

Saliencp map

Masking-based saliency map method

Loss function

Lout(flg (x�(1−m)))

Lin(flg (x�m))

R(m)

[PPG20]
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Post-hoc approaches

Saliencp map

Masking-based saliency map method

[PPG20]
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Post-hoc approaches

Saliencp map

Class activation maps

Class Activation Maps 

23

CNN cat

GAP Linear

General Equation

(Zhou, Khosla, Lapedriza, Oliva, & Torralba, 2016)

Ronan Sicre Explanable AI Interpretability of deep models 17 / 31



Explanable AI Interpretability of deep models

Post-hoc approaches

Saliencp map

Class activation maps

24
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Post-hoc approaches

Saliencp map

Class activation maps

Grad-CAM

● A generalization of CAM
○ Now the weighting coefficient is obtained from the gradients flowing backwards from the 

classification layer.  (Rumelhart, Hinton, & Williams, 1986) (Springenberg, Dosovitskiy, Brox, 
& Riedmiller, 2014)

○ Some networks don’t have a simple classifier: i.e. VGG, thus having a CAM representation is 
not easy to achieve.

7Selvaraju et al., 2016
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Post-hoc approaches

Saliencp map

Class activation maps

Layer-CAM

● Answer to the question of Grad-CAM answers on non semantic layers
○ Now we don’t take into consideration the last convolution before the classifier-
○ One convolution per layer can be taken into consideration.
○ A representation of the pyramidal structure of the network is built.

8

Jiang, Zhang, Hou, Cheng, & Wei, 2021
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Post-hoc approaches

Saliencp map

Class activation maps

Grad-CAM++

● Use of a combination of the positive partial derivatives of the last 
convolutional layer’s feature maps w.r.t. an specific class score as weights.

○ Improved localization and sharper activation maps.
○ Better robustness towards more objects on the image

9

Chattopadhyay, Sarkar, Howlader, & 
Balasubramanian, 2017
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Resources and tools

Resources and tools

Resources for free!:
A Survey on Neural Network Interpretability
Tutorial on Explaining ML Predictions: State-of-the-art,
Challenges, and Opportunities - NeurIPS 2020 YT
Tutorial on Interpretable Machine Learning - CVPR 2020

Some tools:
Pytorch CAM-based interpretability methods
Colah’s blog
Comparison CAM, SHAP, LIME
TorchRay
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https://arxiv.org/pdf/2012.14261.pdf
https://slideslive.com/38935789/explaining-machine-learning-predictions-stateoftheart-challenges-opportunities
https://slideslive.com/38935789/explaining-machine-learning-predictions-stateoftheart-challenges-opportunities
https://www.youtube.com/watch?v=EbpU4p_0hes
https://interpretablevision.github.io/
https://github.com/jacobgil/pytorch-grad-cam
https://colah.github.io/
https://github.com/marvinbuss/ExplainableML-Vision
https://github.com/facebookresearch/TorchRay
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Thank you!
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Bettencourt, Melanie Mitchell, Garrett T. Kenyon,
and Steven P. Brumby. Interpreting individual
classifications of hierarchical networks. In CIDM,
2013.

[PASC+19] Gregory Plumb, Maruan Al-Shedivat,
Angel Alexander Cabrera, Adam Perer, Eric Xing,
and Ameet Talwalkar. Regularizing black-box
models for improved interpretability. arXiv preprint
arXiv:1902.06787, 2019.

[PDS18] Vitali Petsiuk, Abir Das, and Kate Saenko. Rise:
Randomized input sampling for explanation of
black-box models. BMVC, 2018.

Ronan Sicre Explanable AI Interpretability of deep models 27 / 31



Explanable AI Interpretability of deep models

References (cont.)

[PPG20] Jason Phang, Jungkyu Park, and Krzysztof J
Geras. Investigating and simplifying
masking-based saliency methods for model
interpretability. arXiv preprint arXiv:2010.09750,
2020.

[RSG16] Marco Tulio Ribeiro, Sameer Singh, and Carlos
Guestrin. ”why should i trust you?”: Explaining the
predictions of any classifier. In SIGKDD, KDD ’16,
2016.

Ronan Sicre Explanable AI Interpretability of deep models 28 / 31



Explanable AI Interpretability of deep models

References (cont.)

[SCD+17] Ramprasaath R Selvaraju, Michael Cogswell,
Abhishek Das, Ramakrishna Vedantam, Devi
Parikh, and Dhruv Batra. Grad-cam: Visual
explanations from deep networks via
gradient-based localization. In CVPR, 2017.

[SDBR15] Jost Tobias Springenberg, Alexey Dosovitskiy,
Thomas Brox, and Martin A. Riedmiller. Striving for
simplicity: The all convolutional net. ICLR, 2015.

[SGK17] Avanti Shrikumar, Peyton Greenside, and Anshul
Kundaje. Learning important features through
propagating activation differences. In ICML, 2017.

Ronan Sicre Explanable AI Interpretability of deep models 29 / 31



Explanable AI Interpretability of deep models

References (cont.)

[SK10] Erik Strumbelj and Igor Kononenko. An efficient
explanation of individual classifications using game
theory. The Journal of Machine Learning
Research, 11:1–18, 2010.

[STY17] Mukund Sundararajan, Ankur Taly, and Qiqi Yan.
Axiomatic attribution for deep networks. In ICML,
2017.

[WC20] Maksymilian Wojtas and Ke Chen. Feature
importance ranking for deep learning. arXiv
preprint arXiv:2010.08973, 2020.

[WJL19] Ethan Weinberger, Joseph Janizek, and Su-In Lee.
Learning deep attribution priors based on prior
knowledge. arXiv preprint arXiv:1912.10065, 2019.

Ronan Sicre Explanable AI Interpretability of deep models 30 / 31



Explanable AI Interpretability of deep models

References (cont.)

[ZTLT20] Yu Zhang, Peter Tiňo, Aleš Leonardis, and
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