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A quick tour: Neural Network Interpretability

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 im-
portance)

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]

Hanwei ZHANG A quick tour: Neural Network Interpretability 10 / 27



A quick tour: Neural Network Interpretability

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)) ̸= lg

Small Distortion Norm (∥r∥2 or ∥r∥∞)

[ELR21]
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Post-hoc approaches

Saliencp map

Perceptual ball

Generate adversarial perturbation

Misclassification:ℓ(f(x+r), lg) = flg(x+r)−max fl ̸=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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Conclusion

Future direction

Evaluation of interpretable saliency map

Optimization-based Saliency map

Transformer
Adapt attribution methods of CNNs to Transformers

Understand the relationship between attention map and
saliency map
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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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