Self-Supervised Representation Learnin

for Automatic Speech Recognition

SSL for Speech using Masked Language Model Objective: Hsu et al (2021)
SSL for Speech using Noise Contrastive Objective: Schneider et al (2019), Baevski et al

Interpreting SSL as Maximum Mutual Information Estimation
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HUBERT — Quantized speech “tokens” and BERT-like loss
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Common misinterpretations of deep representations

lllustrated using a correctly written but often misunderstood paper
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Fig. 5. MI with phone labels (max: 3.6) and CCA similarity
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Fig. 6. MI with word labels (max: 6.2).

Data processing inequality (Cover & Thomas, pp32)

IA4W) = I(f.(A;W) = I(fi(f.(D));W)

I(fl,tl:tz (4); Wi) = I(fk,tlztz (4) + g_k:l,tlztz (4); Wi)
2 I(fk,tl:tz (4); Wi)



