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Why speech discrete tokens?

• Lower bandwidth: 1 int vs 80-dim float

• Akin to BPE used in NLP tasks

Motivation



Fig. 1: Illustration of the pipeline for speech discrete tokens.

on embeddings. vq-wav2vec employs autoregressive Convolutional
Neural Networks(CNNs) to extract featurerepresentationsfrom raw
audio, which are then organized into multiplegroups. Subsequently,
vector quantization is applied in each group, facilitated by either
the Gumbel-Softmax or online k-means clustering, yielding mul-
tiple sets of discrete token sequences. By contrast, EnCodec ap-
plies Residual Vector Quantization (RVQ) [8] on the output of the
convolutional-based encoder. For HuBERT and WavLM, the dis-
cretization of speech can berealized by applying k-meansclustering
to thehidden embeddingsfrom somespecif ed Transformer-Encoder
layer.

In practice, apre-trained vq-wav2vec model isemployed to pro-
cess 16 kHz audio and outputs embeddings at a 100 Hz rate with 2
groups. A pre-trained EnCodec processes 24 kHz audio at varying
bitrates, which generates75 Hz embeddingsfrom 24 kHz inputs. For
RVQ, eight hierarchical quantizers with 1024 entries are employed.
Hidden embeddings are extracted using pre-trained WavLM Large
and HuBERT Largemodels. The f nal Transformer-Encoder layer is
chosen for the ASR task according to the semantic correlation anal-
ysis in [19].

Discretization granularity can be adjusted by varying the num-
ber of clusters in the k-means algorithm. Specif cally, 2000 clusters
are chosen based on reports that more discrete tokens boost phone-
normalized mutual information (PNMI) and enhance ASR perfor-
mance [12].

3. SPEECH RECOGNITION WITH DISCRETE TOKENS

3.1. ASR with Discretized Input

We individually employ discrete speech tokens of each type, along
with their corresponding texts, to train distinct E2E ASR models,
leveraging RNN-T loss for optimization. These tokensareprojected
to 80 dimensions through a linear embedding layer. When several

feature groups exist, each one is embedded, concatenated, and then
projected to match the length of a single group. Subsequently, these
featuresareinterpolated to auniform 100 Hz ratebeforefeeding into
the ASR model.

3.2. Discretized Input Augmentation Policy

We engineer data augmentation techniques tailored for discretized
inputs to mitigate overf tting and enhance robustness for dis-
crete token representations. Inspired by the SpecAugment [20]
strategy for continuous features like FBanks, our policy incorpo-
rates the following deformations on the discrete tokens sequence
x = (x1 , ··· , xT ) of length T , and its corresponding embeddings
sequence f = (f 1 , ··· , f T ):

Time Warping is implemented using the i nt er pol at e function
of PyTor ch in near est mode. A time warp factor W = 80 is
employed. A random centre C is selected from [W + 1, T −W ),
and resultant warped sizeS isdetermined within [C −W, C + W + 1).
Consequently, the sequence warps at the segments x 1 :C − 1 and
x C :T to size S and T − S, respectively.

Time Masking is executed on consecutive temporal steps of x . N
denotesthenumber of mask regions, limited to min (10, ⌈0.0015× T ⌉ ).
The maximum mask width M is set as min 100, 0.15×T

N
. Each

mask i has a random width m i up to M and starts at the time step
λ (T −m i ), whereλ ∼U[0, 1).

Embedding Masking is performed successively along the vertical
embedding dimension of f . The masking stride is determined by a
random value m j ranging from 0 to 27, and the starting position of
the embedding masking is λ (F −m i ), where λ ∼U[0, 1) and F is
theembedding dimension. Theembedding masking isapplied twice
independently to improve the robustness.

Gaussian Noise followed by standard normal distribution is added
to f with a probability of 0.25.

In the same batch, each audio sample is independently aug-
mented with aprobability of 0.9. All masking values areset to zero.

4. SPEECH SYNTHESISWITH DISCRETE TOKENS

To investigate TTS performance among various discrete tokens, we
conduct experiments on speech resynthesis tasks as it eliminates
possible interference from the acoustic model and serves as an up-
per bound of TTS systems. In this study, we utilize CTX-vec2wav
proposed in UniCATS [14], which has demonstrated SOTA perfor-
mance among vocoders operating on discrete tokens. Since discrete
tokens primarily contain speech content, additional information,
such as speaker identity or prosody, must be incorporated for resyn-
thesis. In contrast to other approaches that utilize explicit speaker
embedding or acoustic token pref xes, CTX-vec2wav employs con-
textual vocoding by utilizing mel-spectrogram as the prompt.

The CTX-vec2wav consists of a frontend encoding discrete to-
kens and a Hif GAN [21] generator. The semantic tokens are f rst
projected and encoded by two Conformer [22] encoders with an
auxiliary feature adapter in between. The auxiliary feature adapter,
similar to the variance predictor in FastSpeech2 [23], incorporates
a three-dimensional prosody feature (pitch, energy, probability-
of-voiced) to enhance audio quality. To condition on the mel-
spectrogram prompt, thetwo Conformer encodersareequipped with
an extra cross-attention layer following self-attention, which takes
convolutional encoded mel-spectrogram as key and value. Then, the
output from the second Conformer encoder is fed to Hif GAN to
produce waveform.
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and HuBERT Largemodels. The f nal Transformer-Encoder layer is
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ysis in [19].
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are chosen based on reports that more discrete tokens boost phone-
normalized mutual information (PNMI) and enhance ASR perfor-
mance [12].
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with their corresponding texts, to train distinct E2E ASR models,
leveraging RNN-T loss for optimization. These tokensareprojected
to 80 dimensions through a linear embedding layer. When several

feature groups exist, each one is embedded, concatenated, and then
projected to match the length of a single group. Subsequently, these
featuresareinterpolated to auniform 100 Hz ratebeforefeeding into
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inputs to mitigate overf tting and enhance robustness for dis-
crete token representations. Inspired by the SpecAugment [20]
strategy for continuous features like FBanks, our policy incorpo-
rates the following deformations on the discrete tokens sequence
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Time Warping is implemented using the i nt er pol at e function
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x C :T to size S and T − S, respectively.

Time Masking is executed on consecutive temporal steps of x . N
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Embedding Masking is performed successively along the vertical
embedding dimension of f . The masking stride is determined by a
random value m j ranging from 0 to 27, and the starting position of
the embedding masking is λ (F −m i ), where λ ∼U[0, 1) and F is
theembedding dimension. Theembedding masking isapplied twice
independently to improve the robustness.

Gaussian Noise followed by standard normal distribution is added
to f with a probability of 0.25.

In the same batch, each audio sample is independently aug-
mented with aprobability of 0.9. All masking values areset to zero.
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To investigate TTS performance among various discrete tokens, we
conduct experiments on speech resynthesis tasks as it eliminates
possible interference from the acoustic model and serves as an up-
per bound of TTS systems. In this study, we utilize CTX-vec2wav
proposed in UniCATS [14], which has demonstrated SOTA perfor-
mance among vocoders operating on discrete tokens. Since discrete
tokens primarily contain speech content, additional information,
such as speaker identity or prosody, must be incorporated for resyn-
thesis. In contrast to other approaches that utilize explicit speaker
embedding or acoustic token pref xes, CTX-vec2wav employs con-
textual vocoding by utilizing mel-spectrogram as the prompt.

The CTX-vec2wav consists of a frontend encoding discrete to-
kens and a Hif GAN [21] generator. The semantic tokens are f rst
projected and encoded by two Conformer [22] encoders with an
auxiliary feature adapter in between. The auxiliary feature adapter,
similar to the variance predictor in FastSpeech2 [23], incorporates
a three-dimensional prosody feature (pitch, energy, probability-
of-voiced) to enhance audio quality. To condition on the mel-
spectrogram prompt, thetwo Conformer encodersareequipped with
an extra cross-attention layer following self-attention, which takes
convolutional encoded mel-spectrogram as key and value. Then, the
output from the second Conformer encoder is fed to Hif GAN to
produce waveform.
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To investigate TTS performance among various discrete tokens, we
conduct experiments on speech resynthesis tasks as it eliminates
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per bound of TTS systems. In this study, we utilize CTX-vec2wav
proposed in UniCATS [14], which has demonstrated SOTA perfor-
mance among vocoders operating on discrete tokens. Since discrete
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such as speaker identity or prosody, must be incorporated for resyn-
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The CTX-vec2wav consists of a frontend encoding discrete to-
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projected and encoded by two Conformer [22] encoders with an
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similar to the variance predictor in FastSpeech2 [23], incorporates
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spectrogram prompt, thetwo Conformer encodersareequipped with
an extra cross-attention layer following self-attention, which takes
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ASR with Discrete Tokens on LibriSpeech 100h

• Discrete tokens outperform FBank on small-scale data 

• Discrete tokens from WavLM work best



ASR with Discrete Tokens on LibriSpeech 960h

• Discrete tokens are competitive with FBank

• Discrete tokens from WavLM still work best



ASR on GigaSpeech 1000h & AISHELL-1

Two reserved problems:

• Noise robostness still need to be improved

• Language generalization is highly associated with SSL model



TTS with Discrete Tokens on LibriTTS

• Discrete tokens outperform mel-spectrogram features on subject & object 

metrics 

• Discrete tokens from DAC work best



TTS with Discrete Tokens on LibriTTS: Demo

[Transcription] The investors in the enterprise were ready and anxious to 

meet the extra cost of putting the wires underground.

More examples at https://francissfy.github.io/universal_discrete_token.html

• Ground-truth

• Encodec

• DAC

• Mel-spectrogram

• vq-wav2vec

• HuBERT

• WavLM



Recent Advance about ASR with Discrete Tokens

• Discrete tokens achieve SOTA based on our recent advance (68M)

• LibriSpeech 960h

• GigaSpeech 1000h & GigaSpeech 10000h



Conclusion

Discrete tokens outperform continuous features in ASR and TTS

Discrete tokens source matter

• Discrete tokens from WavLM work best for ASR

• Discrete tokens from DAC work best for TTS

Generalization of discrete tokens across languages is yet to be improved 
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