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Deep Learning (DL) & Explainability

Need for explainability in machine learning

● Essential for critical systems, e.g. autonomous steering, healthcare...
● Legal reasons: responsibility, confidentiality, discriminability of ML systems
● For help to debug /improve algorithms
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Explainability and Interpretability
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Black-box vs explainable models
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Explainable models

Some ML models naturally explainable

● Decision trees, Lists and Sets and rules
● (Generalized) Linear models, (generalized) additives models, k-NN
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Explainability vs accuracy
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Explainability in different data types
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Explainability in different data types
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Explainability in ML/DL

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

● Distillation: approximate non X-AI
models with explainable one

● Intrinsic: make the model explicitly
explainable

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

Idea: Saliency S(E) of prediction
(output) wrt intermediate features

● Importance of input X wrt output
Y

● Importance of latent
representation H wrt output Y
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Explainability: Back-prop Visualization
● Activation maximization [Erhan et al., 2009]:

X ∗ = arg max
X

hi,j(X , θ)

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

● θ neural network parameters fixed

nicolas.thome@cnam.fr RCP211 / Bayesian Deep Learning 10/ 29

mailto:nicolas.thome@cnam.fr


Explainability: Back-prop Visualization

● Deconvolution [Zeiler and Fergus, 2014]
▸ From a ConvNet, build a DeconvNet : feature maps → input

● Unpool: keep the max switch,
zeros other activations

● Deconv, aka "transposed
convolution"
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Explainability: Back-prop Visualization

● 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

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 Ak in final
conv layer

● Compute gradient of each logit
class yc wrt Ak

i,j : αk,c = ∂yc
∂Ak

i,j

● Weighted avg of class for each
map Ak (with Relu)

● Upsample (bilinear) to get
initial image size
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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

● Rj = ∂Rk

∂xj
⋅ (xj − x̃j), x̃ root

● ⊕ Higher-resolution
visualization than CAM-like

● ⊖ needs the root x̃ definition
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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
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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

nicolas.thome@cnam.fr RCP211 / Bayesian Deep Learning 16/ 29

mailto:nicolas.thome@cnam.fr


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 (x1, ..., xN) by sampling SPs, Bernouilli (p = 0.5)
⇒ Z ∶= (z1, ..., zN), where zi ∈ Rd - replace e.g. with mean for SPs turned off

▸ Compute yi = f(xi) ∀i ⇒ Y (f black box) and πi = dist(x , xi) (some distance)
▸ Fit a ridge regression model: Y ≈ Zβ with weights πi
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Local approximation in distillation: LIME
● Fit a ridge regression model: Y ≈ Zβ with weights πi
● β = (β0, ..., βd): importance of each SP

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

Credit: M. Chaves, D. Garreau

● LIME not limited to linear regression model,
e.g. generalized formulation:

g∗ = arg min
g
L(f ,g , πx ′) +Ω(g)

● Ω(g) controls models complexity ∼ `2 in ridge
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Local approximation in distillation: SHAP

● Shapley Additive Explanations (SHAP) [Lundberg and Lee, 2017]
● 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
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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

● Causal classifiers
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Intrinsic Methods

● Previous methods: post-hoc explainability: black-box → explainable model
● Intrinsic methods: build models explainable by design

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

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

● More details in RCP217
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Attention for explainability: translation in NLP
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Multi-modal Attention

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

● Multi-modal attention between words and image regions
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Multi-modal attention
● Image captioning: Show, Attend and Tell (SAT) [Xu et al., 2015]

● ai region feature (L ×D), (ai ,ht−1) ⇒ MLP et,i = fatt(ai ,ht−1)
▸ + soft-max : αt,i = softmax(et,i)

● LSTM ẑt representation: context vector: ẑt = φ(ai , αt,i) = ∑
i
αt,iai
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Multi-modal attention
● VQA: multi-modal transformers e.g. LX-MERT

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

● Use for explainability
● Model failure detection
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Intrinsic Methods

Prototypes

● Similarity between input and each prototype observation in the dataset
▸ ProtoPNet [Chen et al., 2019]
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Intrinsic Methods

Adding more supervision to drive explainability

● Explanation Association: add human-understandable concepts to inputs
● Text Explanation
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