
Discrete Representations



What Are Discrete Audio Tokens & Why They Matter        

  - Compact representations that encode audio as sequences of discrete symbols 
(like text tokens) instead of continuous waveforms     

  - Enable the "audio as a language" paradigm — audio can be processed by the 
same transformer/LLM architectures used for text

  - Preserve perceptual quality, phonetic content, and speaker characteristics at 
high compression ratios

  - Cover three domains: speech, music, and general/environmental audio



Taxonomy of Tokenizer Approaches

 - By information type: Acoustic tokens (low-level spectral features), Phonetic tokens 
(linguistic units), Semantic tokens

  (high-level meaning)

  - By architecture: Autoencoder-based (VQ-VAE), Contrastive learning (HuBERT, wav2vec 
2.0), Diffusion-based, LM-based

  - By training paradigm: Separate/post-training (frozen SSL encoder + offline k-means + 
independent decoder) vs. Joint/end-to-end

  (all components optimized simultaneously with straight-through estimators)

  - Key design dimensions: temporal resolution, vocabulary size (1K–8K typical), bitrate, 
streamability, domain specificity



 Quantization Methods Deep Dive

  - RVQ (Residual VQ): Sequential refinement with multiple codebooks — each codebook encodes the 
residual error of the previous one; 

  - SVQ (Single VQ): Single codebook, simpler but limited; used by WavTokenizer

  - GVQ (Group VQ): Splits feature vectors into independent groups, each quantized separately

  - FSQ (Finite Scalar Quantization): Maps each dimension to fixed scalar values, eliminating codebook 
learning entirely

  - MSRVQ / CSRVQ (Multi-Scale / Cross-Scale RVQ): Apply quantizers at different temporal resolutions 
for hierarchical multi-scale

  capture

  - PQ (Product Quantization): Partitions embeddings into independent sub-vectors for efficient 
high-dimensional quantization

  - K-means: Post-training quantization from frozen SSL models (HuBERT-style)



Key Architectures

  - EnCodec / SoundStream: Neural codec baselines using encoder-decoder + learned RVQ at 
variable bitrates; multi-domain

  - SpeechTokenizer: Hierarchical design with semantic distillation — aligns first RVQ layer with 
SSL embeddings to separate semantic

  from acoustic info

  - FACodec: Decomposes speech into four subspaces (content, prosody, timbre, acoustic detail)

  - Mimi / Moshi: Streaming-optimized with causal architecture for low-latency real-time audio

  - SNAC: Structured hierarchical quantization for multi-scale capture

  - DAC / WavTokenizer: High-fidelity general-purpose codecs; WavTokenizer simplifies with 
single-codebook SVQ



Training Objectives & Losses

  - VQ loss: Aligns encoder embeddings with codebook entries; commitment loss prevents 
codebook collapse via stop-gradient

  - Adversarial (GAN) loss: Multiple discriminators at different frequency scales judge real vs. 
reconstructed; hinge loss formulation

  - Feature matching loss: Compares intermediate discriminator activations between original and 
reconstruction — stabilizes training

  - Diffusion loss: For diffusion-based decoders; trains denoising conditioned on discrete tokens

  - Masked prediction loss: MLM-style objective for self-supervised tokenizers (HuBERT, wav2vec 
2.0)



Domain-Specific Differences (Speech vs. Music vs. 
General Audio)
 - Speech tokenizers optimize for phonetic preservation and ASR compatibility; feature 
disentanglement of content, prosody, timbre, and speaker identity (FACodec, TiCodec)

  - Music tokenizers must capture tonal/harmonic structures, long-range repetition, and 
higher sample rates (44.1 kHz); examples:  HARP-Net, SingOMD

  - General audio tokenizers handle environmental sounds, mixed content; EnCodec and 
DAC train across all domains simultaneously

  - Multi-domain models generalize better but sacrifice domain-specific optimization

  - Tokenizers trained on speech struggle with music and vice versa — domain gap 
remains a fundamental challenge



Evaluation Benchmarks & Metrics

- CodecSUPERB / VERSA: Reconstruction quality via PESQ (perceptual quality), STOI 
(intelligibility), ViSQOL (visual speech quality)

  - DASB (Discrete Audio Stream Benchmark): Downstream task performance across 
discriminative (ASR, speaker ID) and generative (TTS, voice conversion) tasks

  - SALMon & Zero-Resource Benchmark: Measure effectiveness for acoustic language 
modeling

  - Ablation framework (ESPnet-Codec): Controlled experiments isolating individual 
design choices

  - Key finding: no single metric captures all dimensions — reconstruction quality ≠ 
downstream task performance



 Benchmark Findings

- Hierarchical/RVQ approaches consistently outperform single-stage flat quantization across all metrics

  - Task-specific tokenizers beat general-purpose ones — synthesis-optimized tokenizers differ from 
recognition-optimized ones

  - Semantic distillation methods (SpeechTokenizer, Mimi) excel at phonetic preservation for downstream 
tasks

  - SVQ models (WavTokenizer) simplify acoustic language modeling despite single-codebook limitations

  - Streaming tokenizers face inherent quality trade-offs vs. non-causal approaches that can see future 
context

  - Vocabulary size trade-off: larger codebooks improve reconstruction but increase model complexity; 
sweet spot is application-dependent



Applications Enabled

 - Text-to-Speech (TTS): LM-based synthesis by predicting token sequences (VALL-E, 
SoundStorm)

  - ASR: Improved robustness through discrete representations as intermediate features

  - Speech-to-Speech Translation: Maintains speaker characteristics across languages 
without text intermediary

  - Voice Conversion: Controlled timbre manipulation via disentangled codebooks

  - Music Generation: MusicLM, JukeBox — compose music by generating token 
sequences

  - Multimodal LLMs: AudioPaLM, ChatGPT with voice — unified text + audio in a single 
token vocabulary



Future Directions
   - Codebook collapse: Codebook entries go unused; mitigations include EMA updates, expiration 
strategies, L2 normalization, ERVQ

  - Unified tokenization: A single tokenizer handling speech + music + environmental audio remains 
unsolved

  - Adaptive tokenization: Variable token rates based on content complexity (silence gets fewer tokens, 
dense polyphony gets more)

  - LLM co-design: Jointly optimizing tokenizer and downstream LM architecture (e.g., LLM-Codec 
initializes codebooks from LLaMA2 embeddings)

  - Streaming at scale: Causal, sub-50ms latency processing without sacrificing quality

  - Interpretability: Understanding what information each discrete token encodes

  - Standardization: Community needs unified benchmarks beyond CodecSUPERB for fair cross-model 
comparison


