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“Traditional” LLMs

e Language Models have a long history.

e Goal: Assign a probability to every sequence of words w
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e Alanguage model can be trained to predict the next word given all the previous ones.
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Large Language Models

e Dominant Approach: autoregressive transformer trained to predict the next word.
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Brute Force: Massively scaling up the model with more data and j
parameters results in impressive performance. I]I]I]



Why Multimodality?

e A multimodal system can offer several advantages:
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e One way to train multimodal LLMs? Tokenize all!
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http://www.youtube.com/watch?v=hm2IJSKcYvo&t=296

How to Tokenize Audio?

e Audio and Speech are continuous!
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e SSL models (e.g., wav2vec, HUBERT, WavLM) also produce continuous representations!



Audio Codes

e Compression tokens (Audio Codec)

Codebook

Encoder .
Quantizer

Examples: SoundStream, Encodec
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Semantic Tokens

Semantic Tokens

Large self-supervised models (e.g., Wav2vec, HUBERT, WalLM)
achieve state-of-the-art performance.

These models are based on continuous representations

We convert continuous representations into discrete tokens
through clustering.

How Should We Extract Discrete Audio Tokens from Self-Supervised Models?

Pooneh Mousavi'?, Jarod Duret®, Salah Zaiem®, Luca Della Libera"?, Artem Ploujnikov®?, Cem
‘ Subakan®?*, Mirco Ravanelli*?>



Extracting Semantic Tokens

1. Which layers should we cluster?

2. What is the optimal number of clusters?

3. Which datasets are we using for clustering?

4. What is the best approach to train the decoder (vocoder)?

5. How should we initialize the embeddings effectively?

6. Can we extract universal tokens for both discriminative and generative tasks?
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Extracting Semantic Tokens
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Extracting Semantic Tokens
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Figure 3: Attention analysis across various tasks and layers of
the discrete WavLM model with in-domain tokenizers.
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Extracting Semantic Tokens

Table 1: Assessing the impact of the number of clusters and embedding initialization on discrete WavLM-Large across different tasks.

Setting | ASR (EN) | ASR (FR) | SID | ER | SE | TTS
| WER| | WERL | ACC | ACC T | DNSMOST dWER] | UTMOST WER |
Effect of Number Of Clusters
1000 715 34.61 79.0 61.8 3.93 6.75 3.65 5.76
2000 6.96 32.94 79.5 67.2 3.93 6.58 3.55 5.62
Effect of Embedding Initialization

Random 6.96 32.94 81.0 67.2 3.93 6.75 3.65 5.76
PreTrained & finetune 8.93 35.81 TS5 63.9 3.93 6.82 3.64 6.62
PreTrained & freeze 9.26 35.12 73.1 67.0 3.93 6.98 3.66 6.42

-~
e The optimal number of clusters varies by task.

e Typically, using 1000 to 2000 clusters yields good performance.
NS

~

e There is no advantage observed in initializing the embedding with pretrained centroid embeddings.

N
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Extracting Semantic Tokens

Table 2: Out-of-domain and in-domain performance of discrete HuBERT and WavLM models across the downstream tasks.

SSLModd | Tokeniger | ASR®EN) | ASR®R) | S | ER | SE | TS | Vocoder
| | WERL | WERL | ACCT | ACCt | DNSMOSt  dWER| | UTMOSt  WERL | UTMOSt  dWER|
In-Domain 7.89 38.29 672 645 398 17.64 361 6.46 350 4.49
HuBERT Lage 4] | Out-Of-Domain N/A l 39.50 I 67.8 | 61.7 | 395 15.92 | 354 5.45 | 348 292
In-Domain 6.96 3294 810 672 393 675 365 576 349 298
WavLM Large [3] | Out-Of-Domain N/A 3625 790 619 396 649 361 573 368 295

e As expected, the in-domain tokenizer outperforms its OOD counterpart.

e However, the performance drop is not always huge.
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Discrete Audio and Speech Benchmark (DASB)

Are compression tokens better than semantic tokens?

Literature offers no clear answer

DASB - Discrete Audio and Speech Benchmark DASB Code Repo

Pooneh Mousavi''?, Luca Della Libera'2, Jarod Duret®, Artem Ploujnikov*:2,
Cem Subakan®2!, Mirco Ravanelli':>*
!Concordia University 2Mila - Quebec Al Institute *Avignon Université
4Université de Montréal ®Université Laval
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https://github.com/speechbrain/benchmarks/tree/main/benchmarks/DASB

Task Type

TORazer Type Automatic Speech Recognition (ASR) Discriminative
Dieerene FUEEST | Sarmamis Speaker ldentification/Verification (SID, SV) | Discriminative
Discrete WavlLM Semantic Emotion Recognition (ER) Discriminative
desge\;:cz Semantic Intent Classification (IC) Discriminative
EnCodec Compression Keyword Spotting (KS) Discriminative
DAC Compression Speech Enhancement (SE) Generative

SpeechTokenizer | Hybrid Speech Separation (SS) Generative

Text-to-Speech (TTS) Generative



Discrete Audio and Speech Benchmark (DASB)

Table 2: Benchmarking results for discriminative tasks.

| ASR-En | ASR-multiing | ER | IC | KS | SI | SV
Models/Tasks

|  WER] | WER | acc+ | acct | acct | accr | EEry

| Clean  Other | Welsh  Basque | | | | |

Low Bitrate e Semantic tokens
Discrete Hubert 899  21.14 | 5850 26.83 57.20 68.70 90.54 0.90 24.99 outperform compression
Discrete WavLM 1172 2756 | 6037 28.63 59.80 73.40 97.94 0.70 26.02 )
Discrete Wav2Vec2 | 12.14 2865 | 6630 3225 57.80 74.10 96.16 0.40 33.53 tokens in most
EnCodec 5237 7704 | 9201 58.20 44.70 31.50 86.00 58.30 17.40 R
DAC 6396 8361 | 94586 66.29 4920 22.10 81.00 45.10 20.62 discriminative tasks.
SpeechTokenizer 1977 4312 | 76.67 4792 49.10 57.90 95.09 47.40 20.41
Medium Bitrate . .
e The exception is
Discrete Hubert 7.91 1895 | 54.77 23.63 62.10 70.50 94.69 67.40 15.71 .o
Discrete WavLM 852 2035 | 5422 2206 57.60 78.00 98.09 80.80 8.00 speaker recognition,
Discrete Wav2Vec2 | 8.76 2132 | 6039 26.64 59.10 75.10 96.64 65.47 17.64
EnCodec 4680 7424 | 91.23 4795 51.30 31.40 88.70 91.90 7.81 where EnCodec excels.
DAC 5954 8148 | 97.43 56.16 45.80 18.90 76.60 83.80 11.78
SpeechTokenizer 1832 4121 | 7517 38.94 52.10 57.80 94.86 91.40 7.88 .
o e Big gap compared to
igh Bitrate . .
continuous baselines!

EnCodec 4518 7256 | 93.40 87.65 46.40 19.60 83.60 92.81 7.18
DAC 99.53 9938 | 99.40 99.68 46.00 15.70 75.20 85.61 10.89

Continuous Baseline

SSL | 3370 704 | 4177 1432 | 6310 | 8610 | 99.00 | 9970 | 2.10 16




Discrete Audio and Speech Benchmark (DASB)

Table 3: Benchmarking results for generative tasks. N.C. indicates “Not Converged".

Models/Tasks | SE [ SS | TTS
| DNSMOS 1 dWER | SpkSim | | DNSMOS1 dWER | SpkSim 1 | UTMOSt dWER |
Low Bitrate / . \
°
Discrete HuBERT 3.33 15.47 0.824 3.52 80.86 0.840 324 2.55 Semantic tokens show
Discrete WavLM 3.26 16.52 0.830 3.43 6234 0.847 3.84 3.01 the best performance for
Discrete Wav2Vec2 3.55 18.86 0.779 375 96.70 0.787 332 3.45 )
EnCodec 3.15 3435 0.852 3.11 83.55 0.877 1.46 8.85 generative tasks as well
DAC 330 57.41 0.853 3.01 10200  0.854 1.97 10.68
SpeechTokenizer 3.18 30.13 0.858 3.13 85.25 0.874 251 3.69
Medium Bitrate -
: e Big gap compared to
Discrete HuBERT 3.48 12.62 0.875 3.70 66.29 0.891 3.80 3.40 4 .
Discrete WavLM 3.48 10.18 0.889 3.68 34.03 0.912 3.82 245 continuous baselines
Discrete Wav2Vec2 3.54 17.60 0.858 375 78.42 0.866 3.68 2.89
EnCodec 3.10 19.07 0.885 3.09 4857 0.906 1.50 94.6
DAC 3.49 31.14 0.906 3.26 55.43 0.924 171 71.26
SpeechTokenizer 3.49 23.44 0.876 3.42 60.75 0.906 1.96 53.26
High Bitrate
EnCodec 2.87 68.22 0.814 2.95 97.73 0.839 N.C N.C
DAC 2.95 46.07 0.860 2.53 208 0.784 N.C N.C
Continuous Baseline
SSL | 349 492 0928 | 368 9.97 0939 | 371 2.94
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Ranking aggregation for models (medium bitrate)

Model | Disc. Gen. Comb.
Discrete HuBERT 2.66 3.62 3.11
Discrete WavLM 2.00 25 1.94
Discrete Wav2Vec2 3.33 2.68 341
EnCodec 4.11 3.93 4.23
DAC 3:55 4 .06 4.64
SpeechTokenizer 3.44 3.81 3.64




Discrete Audio and Speech Benchmark (DASB)

e \We are still far from an ideal solution!

e They don’t preserve speaker identities well

e Semantic tokens are computationally expensive

e Performance drops significantly compared to continuous representations
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Figure 2: Time and memory required to process an utterance of 16 seconds for encoders and decoders
of the considered audio tokenizers on an NVIDIA GeForce RTX 3070 GPU @ 8 GB.

Speech™Brain
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Future Directions

e Universal Audio Tokens

Emotion Audio Editing N
Recognition A

Sserlcr Text-to-Speech U N IV E RS AL©
FEEOEIHEN Enhancement v'

Speech Audio Tokens
Recognition S HEEE— 0

Some Ideas

K Massive Multitask learning (similar to PASE) \

e Hierarchical codebooks with Dynamic Allocation (more details for Music)

e Perceptual Loss Optimization (Similar to MetricGAN)

e Better Multi-scale processing.

\ ) 20



https://arxiv.org/abs/2001.09239
https://arxiv.org/abs/2110.05866

Future Directions

e Can we learn “interpretable” audio tokens?

Text: “The City of Montréal”

Tokenized: “[The] [City] [of] [Mont] [ré] [al]”

¥ ¥ Each token is easily interpretable, as it Tokenized Audio

v maps to a specific part of the text. (56] 2] 6] -
(73] [57] [23] (32]
[38] [09] 78] l61]

No clear mapping to the
original signal
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Future Directions

Interpretable
Codebook

“m

Our Related Paper: NeurlPS 2024, ICML 2024

Possible Advantages

.

\_

Increased Transparency
Easier Error Analyses

Interpretability might act as a

powerful regularizer, enhancing

both generalization and
performance.

~

/
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https://arxiv.org/abs/2405.17615
https://arxiv.org/abs/2403.13086

Future Directions

e |s audio tokenization the best way to go?

e Survey Paper and Extended Benchmark (in Progress)

‘ WORK IN \
PROGRESS
I
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Salah Zaiem Cem Subakan

Jarod Duret



