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Context
• Automatic anomaly detection brings 

crucial benefits to modern industries

• Audio allows to perform such detection 

without line of sight

• Collecting anomalous samples can be 

difficult to impossible, making 

unsupervised approaches appealing
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Surrogate-task methods
• Find a surrogate classification task for 

the normal data (e.g., model, speed)

• Train the corresponding classifier

• Use the representations (embeddings) 

learned by the classifier to determine 

the condition of unseen data.

Hyperbolic representation
Poincaré ball 𝔻𝐿 model

⇒ projection of hyperbolic geometry on Euclidean ball

Hyperbolic geometry:

• Naturally encode tree data, i.e., 

hierarchical relationships

• Naturally encode classification 

confidence as distance to the origin

⇒ Hyperbolic embeddings could 

advantageously replace Euclidean 

embeddings for anomaly detection
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Our proposal Baseline systems
Hyperbolic system Euclidean system ArcFace system

Results (DCASE 2022)

• DCASE logit gap:

• Dist. to origin:

• Ensemble:

Anomaly scores

(weights 𝑤 optimized at 

validation)
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