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Latent representation self-similarity for Knowledge Distillation

* Tiny, causal speech enhancement (SE) models are crucial for embedded
applications (e.g.. hearables) [1].

Latent representation of teacher/student models can’t

(a) Distillation process be directly compared due to the feature size mismatch.

(b) Self-Similarity Gram matrices (c) Flow matrices

Compute activation across batch items for each model

* Knowledge distillation (KD) can reduce the size of larger models while Teacher (frozen)
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* KD has not been extensively explored in the context of tiny causal SE To L= h b m Loca:] KD(.]| (E)TmEare G for corresponding
models (<100k params.) [3,4,5]. J\ teacher/student blocks.

Flow KD: Compute G across blocks and compare them
between teacher/student.
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* The same architecture for teacher (T) and student (S) models, with Student a - KD 2 Lo Lo * r o
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different numbers of latent channels.

e T:1.9M params., 13.34 MOps/frame (pre-trained)

Two-step Knowledge Distillation
* S:0.062M params., 0.84 MOps/frame (3.3/6.3% of T)
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* Proposed G, matrix providing more granular self-similarity representation
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yield improvements in 1-step KD.
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