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This chapter...

What does a neuron do?

Inherently interpretable methods
Can we make neurons understandable?

Evaluation protocols
When do we understand neurons?



Post-hoc semantic mapping of neuron activations.

What does a neuron do?

Predictions

. * Post-hoc approaches

Inputs



Feature visualization

Idea: Dense visual inspection of projected features across the model.

How?

- Feed-forward until a
neuron of interest.

- Project the activations
back to the input space.

- Collect visualizations of
top activations.

(Zeiler & Fergus. 2014)



Feature visualization

Idea: Dense visual inspection of projected features across the model.

How?
- Feed-forward until a R?Zi?ﬁ'u’?ﬁin i | )
neuron of interest. ‘M”"'g@ — ‘ ) 1
. . . Rectified Line u ﬁ reenfizd n
‘ ‘ 0 ‘ = PrOJeCt the activations Function Function
| & . - ‘ Rectified Unpooled Maps ‘ ‘ Fea |
) | Y back to the input space. m'“w; @ ﬁ G
| I
.

- Collect visualizations of
top activations.

,'
-

-
™

Pooling

TN
H —i 1N

A
’
&

(Zeiler & Fergus. 2014)



Feature visualization

Idea: Dense visual inspection of projected features across the model.
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Feature visualization

Idea: Dense visual inspection of projected features across the model.
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Linking neuron activations with visual attributes.

Idea: Identify relationships between activations and attributes.
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Assumption: there is a set of units responsible of encoding certain information
(Escorcia et al. 2015)



Linking neuron activations with visual attributes.

Idea: Identify relationships between activations and attributes.
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Linking neuron activations wrt. the original task.

Idea: Identify relationships between activations and the classes of interest.

Advantage: No need for additional data.

Input image Prediction
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Assumption: there is a set of units responsible of encoding certain information
(Oramas et al. 2017)



Linking neuron activations wrt. the original task.

Idea: Identify relationships between activations and the classes of interest.

Advantage: No need for additional data.

Interpretation Feedback
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Assumption: there is a set of units responsible of encoding certain information
(Oramas et al. 2017)



Analyzing the predictive signal of neuron activations.

Idea: Use simple classifier (probes) to inspect the representation.
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e Lightweight probes -> low capacity & expressivity

e Measure predictive performance across layers (and throughout training)

e Performance on the original task vs. on a new task

(Alain & Bengio, 2017)



Linking neuron activations with semantic concepts.

Idea: Quantify model interpretability with segmentation overlap.
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Linking neuron activations with semantic concepts.

Idea: Quantify model interpretability with concept histograms.
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Linking sets of neuron activations with concepts.

Assumption: semantic representations are distributed
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Units must be studied in conjunction

- Collect unit activations for inputs from
a specific probe

- Learn how to weight the collected
activations to perform semantic tasks

Learned weights -> Embedding

(Fong & Vedaldi. 2018)



Linking neuron activations with concept compositions.

Observation: some abstract concepts can’t be covered by a single neuron
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- For a neuron, find a logical
formula that best match its
activation pattern.

How: 0(n,C) £1oU(n,C) = [ Y 1(Mn(x) AC(x))] / [D_ 1(M,(x) Vv C(x))]

FInding: concept compositions were better approximators of neuron behavior
(Mu & Andreas. 2020, Oikarine & Weng 2024)



This chapter...

Post-hoc semantic mapping of neuron activations
What does a neuron do?

Can we make neurons understandable?

Evaluation protocols
When do we understand neurons?



Inherently interpretable methods

How can we make neurons understandable?

Predictions

Explainer

Inputs



Injecting interpretable units via concept bottlenecks.

input x

concepts ¢
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- Enforce the learning of pre-defined
intermediate semantic concepts

- Make a prediction out of these concepts

(Koh et al. 2020)



Injecting interpretable units via concept bottlenecks.
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- Enforce the learning of pre-defined
intermediate semantic concepts

- Make a prediction out of these concepts
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Injecting interpretable units via concept bottlenecks.

Advantage: enables manual intervention.

white yellow
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(Koh et al. 2020)



Injecting interpretable units via concept bottlenecks.

Advantage: enables manual intervention.
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Case-based reasoning with prototype networks.

Idea: find prototypical parts and combine evidence into output.

(Chen et al. 2019)



Case-based reasoning with prototype networks.

S
Similarity score
L A A
RS R RS
Convolutional layers f Prototype layer g, Fully connected layer /4 Output logits

e Learn embeddings that link the representation with the task of interest (i.e. the predictions).
e Associate the embedding with intermediate concepts of interest (e.g. object parts).

e Produced explanations reflect the decision-making process
(Chen et al. 2019)



Case-based reasoning with prototype networks.

Goal: produced explanations reflect the decision-making process.

Why is this bird classfied as a red-bellied woodpecker?

Evidence for this bird being a red-bellied woodpecker:

Original image Prototype  Training image Activation map Similarity Class Points
(box showing part that where prototype score connection contributed
looks like roto_gtype) comes from

6.499 x 1.180 = 7.669

4.392 x 1.127 = 4.950

3.890 x 1.108 = 4310

Total points to red-bellied woodpecker: 32.736

(Chen et al. 2019)




Case-based reasoning with prototype networks.

Goal: Addressing scalability by sharing prototypes across classes.
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Ablating the effect of relevant units/neurons in the model.

Goal: Assessing the fidelity of the units on the decision-making process.
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Ablating the effect of relevant units/neurons in the model.

Goal: Assessing the fidelity of the units on the decision-making process.
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Analyzing the predictive signal of neuron activations

Idea: Use simple classifier (probes) to inspect the representation

(——)— -+ —mW—

e Targeted probing procedure

e Sparser analysis

(Alain & Bengio, 2017)



(Proxy) Evaluation of derived explanations.

Idea: Evaluate the attribution maps produced from the relevant neurons.

Model Prediction

Predicted class

Input e Produce an attribution map

Image

= § from the interpreted neurons.
Predicted class:[tiger cat
' e Measure performance

following an attribution

evaluation protocol.

Input
Image

Visual Explanation



(Proxy) Evaluation of derived explanations.

Idea: Evaluate the attribution maps produced from the relevant neurons.

Model Prediction
Predicted class

Input e Produce an attribution map

Image

from the interpreted neurons.
e Measure performance

following an attribution

evaluation protocol.

Input
Image

Inherit the weaknesses of

those protocols

Visual Explanation
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