Self-Supervised Representation Learning
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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Distributed Representations of Words and Phrases
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A Bidirectional LSTI\/l Architecthure (Deep Speech)
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HUBERT — Quantized speech “tokens” and BERT-like loss
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wav2vec 2.0 — Noise Contrastive Estimation and Learnt VQ
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Fundamentals of
Automatic Speech Recognition

Recap



Recap of ASR Fundamentals

Basic Mathematics
Source-Channel Formulation of the ASR Problem
Hidden Markov Models

Forward-Backward and Viterbi Algorithms

Neural Methods
Neural Acoustic Models (Hybrid ASR Systems)
Neural Language Models (RNNs and LSTMs)
Connectionist Temporal Classification
Encoder-Decoder Models with Attention

Recurrent Neural Network Transducers (RNN-T)

Self-Supervised Representation Learning
Masked-token prediction (HUBERT)

Noise contrastive estimation (wav2vec 2.0)
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