Concept Bottleneck Models for Audio

Amine Maazizi**, Adam Gassem™?

'MVA, ENS Paris-Saclay ‘ENSTA Paris
MATHEMATIQUES ENSTa
VISION
APPRENTISSAGE Q:\O, IP PARIS




MOTIVATION

Why audio concept bottlenecks ?
Explaining models’ predictions with interpretable concepts
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Figure: Koh et al., 2020 — Concept Bottleneck Models



MOTIVATION

Concepts are actionable, not just descriptive

We can intervene directly on the prediction
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* The major difficulty is that training them normally requires concept annotations
for every sample

Figure: Koh et al., 2020 — Concept Bottleneck Models



MOTIVATION

Label-Free CBMs

Removes the annotation requirement
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Figure: Oikarinen et al., 2023 — Label-Free Concept Bottleneck Models



MOTIVATION

Why audio is different

1. Audio is temporal, images are static:
o A single global explanation can hide when the evidence appears
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This motivates extending explanations temporally.




MOTIVATION

Why audio is different

2. Concept usefulness differs across modalities:
o |n audio, broad perceptual terms can be highly informative

o Concepts such as high-pitched, rough, repetitive, impulsive, reverberant

directly describe acoustic structure
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This motivates an audio-specific concept vocabulary.
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CONCEPT GENERATION

Concepts generation

Original LF prompts Broad concepts (ours) Contrastive concepts (ours)
e “Most important features for e Dataset-independent auditory e Generated for acoustically
recognizing a class” attributes confusable class groups
e “Sounds commonly heard around e Pitch, timbre, roughness, attack, e Class-name-free separating
a class” repetition dimensions
e “Superclasses of a class” e No class names or event labels e Targets discriminative acoustic

differences
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CONCEPTS FILTERING

Concept filtering

Candidate Text Projectability Class leakage Final
Concepts Cleanup Filtering removal Vocabulary
e |LF Remove Long Discard weakly Discard e LF
e Broad phrases, class- activated concepts too e LF+broad
e Contrastive -» name matches -» concetps on -» similar to class -» . LF + contrastive

and duplicates. training audio names e Full union
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ARCHITECTURE

Architecture
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Figure: Oikarinen et al., 2023 — Label-Free Concept Bottleneck 10



EXPERIMENTAL RESULTS

Experimental Results
Broad audio concepts consistently improve vanilla LF-CBM

e ESC-50 (Piczak, 2015) : environmental sound classification, 50 classes
e UrbanSound8K (Salamon et al., 2014) : urban sound classification, 10 classes
e CREMA-D (Cao et al., 2014) . speech emotion classification, 6 classes
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EXPERIMENTAL RESULTS

Experimental Results

Dataset Model Acc. F1 Kept/in. Sp.
ESC-50 AST 93.50 93.28 - -
LF 93.00 92.97 596/603 91.78
LF + broad 93.50 93.39 671/683 92.58
LF + contrastive 93.25 93.01 689/700 92.82
Full union 92.75 92.70 761/777 93.13
UrbanSound8K AST 89.01 90.03 — —
LF 89.37 90.60 133/140 81.88
LF 4+ broad 89.84 90.94 212/224 86.04
LF + contrastive 89.73 90.76 178/185 86.07
Full union 89.84 90.78 255/269 87.69
CREMA-D (targeted) AST 70.05 b52.76 — =
LF 69.44 50.65 311/399 88.00
LF + broad 69.78 50.69 481/598 91.34
LF + contrastive 69.51 49.86 396/506 90.07
Full union 70.25 51.58 548/701 92.79
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TEMPORAL EXPLANATIONS

Extending Explanation temporally

Temporal explanations
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TEMPORAL EXPLANATIONS

Extending Explanation temporally

Example : Cat
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TEMPORAL EXPLANATIONS

Extending Explanation temporally

Example: Door knocking
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ALPHA-CBM

Thank you
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