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Abstract
We present PAST, a novel end-to-end framework that jointly
models phonetic information alongside signal reconstruction,
eliminating the need for external pretrained models. Unlike pre-
vious approaches that rely on pretrained self-supervised mod-
els, PAST employs supervised phonetic data, directly integrat-
ing domain knowledge into the tokenization process via aux-
iliary tasks. Additionally, we introduce a streamable, causal
variant of PAST, enabling real-time speech applications. Re-
sults demonstrate that PAST surpasses existing evaluated base-
line tokenizers across common evaluation metrics, including
phonetic representation and speech reconstruction. Notably,
PAST also achieves superior performance when serving as
a speech representation for speech language models, further
highlighting its effectiveness as a foundation for spoken lan-
guage generation. To foster further research, we release the
full implementation. Code, model checkpoints, and samples
see pages.cs.huji.ac.il/adiyoss-lab/PAST.
Index Terms: Speech Tokenization, Phonetic and Acoustic To-
kens, Speech Language Models

1. Introduction
Speech and audio language models have recently attracted sig-
nificant attention in the research community, showcasing re-
markable performance across a range of tasks [1–6]. These
models usually operate over acoustic tokens or phonetic speech
tokens (also known as semantic tokens). Acoustic tokenizers,
such as EnCodec [7] and SoundStream [8], are designed for
high-fidelity waveform reconstruction but are less ideal for lan-
guage modeling without an external text supervision. In con-
trast, phonetic tokenizers, such as those derived from quan-
tizing wav2vec 2.0 [9] and HuBERT [10] latent representa-
tions, primarily capture linguistic information [11]. This makes
them more suitable for sequential modeling. However, they re-
quire an additional vocoder module [12] for speech synthesis,
which increases complexity and can often degrade reconstruc-
tion quality.

Hybrid tokenizers, such as [13–15], integrate phonetic
and acoustic information into a unified representation. This
is achieved by extracting and distilling phonetic features
from pretrained self-supervised models (SSL models), e.g.
WavLM [16]. Self-supervised representations exhibit correla-
tion to phonetic content, e.g. measured by phoneme mutual in-
formation [10, 11], but they are not explicitly optimized to cap-
ture it. Despite showing promise, due to their dependence on
pretrained SSL models, such hybrid approaches are potentially
limited in their ability to fully capture the phonetic richness of
the input. That being said, explicit phonetic supervision could
not only benefit the tokenizer’s ability to capture phonetic con-

Figure 1: Schematic of the PAST pipeline. The auxiliary heads
use the output of the first vector quantization module as input.

tent, it could also replace the dependence on pretrained SSL
models and lower the computational cost.

In this work, we introduce Phonetic-Acoustic Speech To-
kenizer (PAST), a novel end-to-end tokenizer that jointly cap-
tures both phonetic and acoustic representations without requir-
ing external pretrained models or vocoders (see Figure 1). In
addition to the standard model, we present a variant of PAST
designed for streaming applications, which operates causally by
relying only on past information. PAST achieves this by lever-
aging supervised auxiliary tasks, such as phoneme classification
and automatic speech recognition, to incorporate phonetic in-
formation directly into the quantization process. This approach
allows PAST to outperform existing methods in phonetic and
acoustic benchmarks while maintaining a simpler pipeline.
Our contributions are as follows:

1. We propose a novel approach for jointly learning phonetic
and acoustic representations using supervised data, eliminat-
ing the need for pretrained models or external vocoders.

2. We achieve superior performance compared to hybrid to-
kenizers across both phonetic and acoustic benchmarks.,
demonstrating the effectiveness of our approach.

3. We introduce a streaming-compatible variant of PAST that
operates causally, ensuring that it relies only on previous con-
text, making it suitable for real-time speech applications.

4. We open-source our implementation, including training and
inference pipelines in addition to model checkpoints.

2. Related Work
Approaches to tokenization can be roughly categorized into
phonetic tokenizers, acoustic tokenizers, and hybrid-tokenizers.
Acoustic tokenizers aim to compress speech into discrete rep-
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resentations optimized for high-fidelity reconstruction. En-
Codec [7] and SoundStream [8] have set the foundation for
streamable high-fidelity audio compression by introducing
Residual Vector Quantization (RVQ). Subsequent works fo-
cused on enhancing fidelity through (i) improved quantiza-
tion [17, 18] (ii) improving latent representation structure [19]
(iii) increasing training stability [20] or (iv) utilizing spectral
representations [21, 22].
Phonetic tokenizers, on the other hand, quantize latent rep-
resentations obtained by speech encoder model such as Hu-
BERT [10], wav2vec 2.0 [9], or Whisper encoder [23, 24]
are trained to maximize mutual information across latent se-
quences of vectors, yet without explicit reconstruction con-
straints. These types of models usually operate over continuous
latent spaces, and hence require some discretization method like
k-means, or learned clustering [25, 26], to tokenize continuous
embeddings into discrete tokens, enabling downstream model-
ing. Many studies have demonstrated that these tokens effec-
tively capture phonetic information [1, 2, 4, 6]. They exhibit
strong correlations with phonemes [11], and their representa-
tions have been successfully used to improve performance in
speech applications [27] and to train Speech Language Mod-
els (SLM), with a vocoder component employed to synthesize
speech from generated tokens.
Hybrid tokenizers aimed at merging phonetic and acoustic to-
kens. The common approach nowadays is to leverage a pre-
trained phonetic teacher model as auxiliary objective for distil-
lation guidance. These approaches aim to jointly capture pho-
netic information while maintaining signal reconstruction capa-
bilities. SpeechTokenizer [13] applies phonetic distillation to
the first RVQ codebook, treating its indices as phonetic tokens
while later codebooks encode acoustic details. This hierarchical
approach enhances phonetic representation while maintaining
signal quality. X-Codec [14] utilizes a pretrained SSL model
during training and inference. It concatenate a low rank pro-
jection of the latent representation to the acoustic encoder out-
put, in addition to applying an auxiliary distillation objective
over the post-quantization latent. Mimi, the tokenizer used by
Moshi [15], is designed to condense phonetic information into
a single quantized stream, which is then combined with the en-
coded acoustic quantized latent representation.

Despite their strong performance, approaches relying on
pseudo-labels from SSL models have several limitations. First,
by relying on pseudo-supervision instead of supervised data,
these approaches fail to fully utilize domain knowledge and
may not align with explicit phonetic structures. Second, these
models require vast amounts of unlabeled speech data, making
their training computationally expensive and less feasible for
low-resource languages. Finally, the inherent distillation pro-
cess may encode cross-vector properties that are not directly
relevant to phonetic representation, leading to redundancy and
inefficiencies in the learned token space.

3. Method
3.1. Problem Setup

Our model is composed of three main components: Encoder,
Quantizer, and Decoder. Given a waveform signal x ∈ Rfs·t

of duration t[sec], sampled at fs[Hz], the encoder transforms x
into a dense latent representation z ∈ RD×T . Here, T = fr · t
denotes the temporal resolution of the latent space, determined
by the frame rate fr , and D represents the latent dimension.
The Quantizer module then processes z, producing a quantized

latent representation ẑ ∈ RD×T . Finally, the Decoder recon-
structs the original signal, yielding x̂ ∈ Rfs·t. To encourage
capturing of phonetic content in the encoded latent represen-
tation we use paired phoneme and character-level transcription
supervision with a set of auxiliary losses as described in sub-
section 3.3. Our goal is then to (i) minimize the reconstruction
error between x and x̂, and (ii) to ensure that the encoded latent
representation z captures meaningful phonetic information.

3.2. Model Architecture

Our model is built on top of EnCodec [7] with an addition of
a transformer encoder prior to the quantization module as de-
picted in Figure 1. The Encoder block is comprised from a
convolutional encoder module, same as EnCodec’s encoder, fol-
lowed by a transformer encoder module. Experiments with and
without the transformer encoder module are presented in Ta-
ble 4 and discussed in Section 5.3.
To enhance training stability, during training, the input to the
quantization module is chosen from one of three modes of op-
erations: (i) the output of the transformer block, with proba-
bility ptrns.-only; (ii) the output of the encoder (skip connection),
with probability pskip-only; or (iii) the average of (i) and (ii). Dur-
ing inference, the model is using the averaged representation
only. For the quantization module we employ Residual Vec-
tor Quantization. The RVQ component contains Nq sequential
vector quantization (VQ) layers, which iteratively quantize z
along with its residuals. Specifically, given z ∈ RD×T , for
every τ ∈ T the first VQ module replaces zτ with the closest
entry in a learned embedding table yielding ẑ1. Then the pro-
cess is repeated in the next VQ layers over the residue, i.e. for
i ∈ {2, ..., Nq} : VQi

(
z−

∑
j∈[i−1] ẑj

)
= ẑi. The RVQ mod-

ule outputs Nq quantized streams, which can be represented ei-
ther as the quantized vectors ẑi or as their corresponding indices
qi ∈ NT in the embedding table of each VQi. The Decoder
component mirrors the convolutional encoder module, replac-
ing the strided convolutions with transposed convolution layers.
The input to the decoder is ẑ =

∑
i∈[Nq ]

ẑi.
Streamable configuration. We introduce a streamable variant
of our model with three key modifications: (i) causal convo-
lutions utilizing left-only padding following [7]; (ii) unidirec-
tional LSTM and (iii) causal attention. This setup requires a
20ms look-ahead window over the audio signal.

3.3. Auxiliary Heads

To encourage the encoding of phonetic information, we incor-
porate auxiliary heads and training objectives that operate over
the first quantized output stream ẑ1. This approach aims to re-
place the distillation of pseudo-phonetic tokens with direct su-
pervision using target character transcriptions and phonemes.
CTC character match. The CTC auxiliary head takes ẑ1 ∈
RD×T as input and outputs a distribution over the set of all
characters M at each entry y ∈ R|M|×T . The module is con-
structed from a linear projection from D to a hidden dimension
h followed by a single-layer BiLSTM, and a linear projection
from h to |M |. A connectionist temporal classification (CTC)
[28] loss, denoted as Lctc = CTC(y|chars), is then applied to
align the predicted sequence with the transcription target.
Phoneme classification. The second auxiliary head is a simple
linear projection that takes ẑ1 as input and outputs a distribu-
tion over the set of all phonemes P at each entry p̂ ∈ R|P |×T .
The auxiliary head is trained using a cross-entropy objective,
denoted as Lphn = CE(p̂,p).
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Table 1: Comparison based on phonetic information.

Tokenizer PNMI ↑ ABX ↓ WER ↓
Within Across Clean Other

D. HuBERT 500 0.67 3.91 4.73 11.3 24.7

SpeechTokenizer 0.72 3.43 4.50 18.5 41.3
X-Codec 0.40 9.42 12.6 17.1 37.1
PAST 0.75 2.82 3.54 15.7 36.8
PAST - Streamable 0.74 3.05 3.89 14.3 32.3

3.4. Training Objective

We use the reconstruction training objective as defined in En-
Codec’s [7] paper, with the addition of two auxiliary terms.
EnCodec contains multiple training objectives, working in a
weighted combination to optimize signal reconstruction. As we
do not change the recommended weighted configuration of the
involved objectives, we will refer to the overall EnCodec objec-
tive term as LEnCodec and refrain from defining all of the compo-
nents and notations here. For further details, please refer to [7].
The overall training objective minimizes the following:

L = λctcLctc + λphnLphn + LEnCodec (1)

where λctc and λphn control the weights of the CTC loss Lctc and
phoneme loss Lphn, respectively.

4. Experimental Setup
4.1. Data

We use all training subsets of LibriSpeech [29] and TIMIT [30]
for our training set, yielding a total of 965 hours of raw audio.
To improve training efficiency and avoid redundant padding,
we sample 3-second audio segments from each data sample.
This segmentation is done purely for efficiency and is not an
inherent part of our approach. To achieve this, we obtain
character-level alignment for paired text transcriptions using
pretrained Wav2Vec2 [9] model. For each sampled audio seg-
ment, Wav2Vec2 outputs a character distribution per temporal
entry, from which we select the most probable alignment based
on log-likelihood. For the phoneme classification, we utilize
the phonetic transcriptions provided by the TIMIT dataset. We
sample instances in a 9:1 ratio (LS:T), resulting in 10% of batch
samples having phoneme supervision.

4.2. Model Configuration

The encoder and decoder architectures follow the configuration
from EnCodec [7] considering temporal downscaling with ra-
tios [8, 5, 4, 2], resulting in a frame rate of 50 Hz. The latent di-
mensionality D is set to 128. The transformer module includes
8 layers with a hidden size of 768, 16 attention heads, and a
feed-forward size of 2048. During training, the sampling prob-
abilities for the transformer skip-connection are ptrns.-only = 0.3
and pskip-only = 0.1. The transformer processes up to 150 frames
(3 seconds), and longer sequences are divided into chunks with
1-second overlap, averaging the results over the overlapping re-
gions. The auxiliary loss weights are λctc = 12 and λphn = 5,
while the reconstruction loss weights follow the configuration
defined in [7]. The RVQ contains 8 codebooks, each with 1024
entries. The dimension of the CTC auxiliary head is h = 512.
The model has 185M parameters, with 68M allocated to the
transformer and 4M to the auxiliary heads.

Table 2: Signal reconstruction evaluation.

Tokenizer SISNR ↑ VISQOL ↑ PESQ ↑

EnCodec 7.49 4.48 3.88

SpeechTokenizer 0.44 4.38 3.15
X-Codec -7.12 4.46 3.33
PAST 4.84 4.40 3.55
PAST - Streamable 3.90 4.37 3.40

4.3. Training Configuration

Training is performed using two NVIDIA A100 GPUs with a
batch size of 80 for a total of 400, 000 steps, using the ADAM
optimizer with [0.5, 0.9] betas and no weight decay. The learn-
ing rate was managed using a cosine decay scheduler, starting at
3 ·10−4 and decreasing gradually to zero with a warm-up phase
of 4, 000 steps.

4.4. Evaluation Metrics

4.4.1. Signal Reconstruction Quality Metrics

The following are computed on the LibriSpeech clean-test set.
Virtual Speech Quality Objective Listener (ViSQOL) [31]
evaluates the reconstruction quality by comparing the spectral
and temporal features of the reconstructed signal to the source
signal. It produces an approximation of Mean Opinion Score.
Scale-Invariant Signal-to-Noise Ratio (SISNR) measures the
similarity between the original and reconstructed signals by
quantifying the ratio of target signal energy to residual noise.
PESQ (Perceptual Evaluation of Speech Quality) [32] assesses
the perceptual degradation of reconstructed signals, following
the ITU-T P.862.2 wideband recommendation.

4.4.2. Phonetic Information Evaluation

Phone-Normalized Mutual Information (PNMI) [10] quanti-
fies the percentage of uncertainty about a given phone label Y
eliminated after observing a token X . It measures the mutual
information I(X;Y ), normalized by the entropy of Y . Higher
values correspond to better phonetic encoding. In our evalua-
tion, PNMI is computed on the tokenizer’s first RVQ codebook
token q1 using the TIMIT test-set.
ABX metric [33] measures the model’s ability to discriminate
phonetic contrasts by comparing triplets of sounds A, B, and
X . Lower ABX error rates reflect better phonetic preservation.
We compute ABX on the reconstructed representation after the
RVQ, evaluating both within-speaker and across-speaker con-
texts. This evaluates how well the tokenizer retains phonetic
distinctions through the quantization process.
Word Error Rate (WER) measures the accuracy of generated
transcriptions with respect to a reference transcription, where
lower values indicate better performance. WER is computed
using the DASB benchmark [34] on the discrete tokens from all
codebooks q. Training and validation were performed on Lib-
riSpeech train-clean-100 and dev-clean subsets, while testing
was conducted on the test-clean and test-other subsets.

4.4.3. Speech Language Modeling Evaluation

In order to compare the observed methods, we train an identi-
cal backbone language model (LM) for each of the observed
tokenizers. We leverage the base architecture of the Audio-
Gen model [35] using the delay pattern, as suggested in Mu-
sicGen [36]. We use a 300M parameter model configuration
and train on 10-second audio segments for 300k update steps
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Table 3: Evaluation of SLM performance across tokenizers.

Tokenizer sWUGGY ↑
Inter Oov

EnCodec 56.3 53.7
D. HuBERT 500 67.9 55.4

SpeechTokenizer 63.7 55.6
X-Codec 55.1 52.9
PAST 71.8 57.5
PAST - Streamable 70.2 56.3

with batch size of 256, using all train subsets of LibriSpeech
without any additional conditioning, text or prompts. Equipped
with this LM, we measure the SWUGGY metric [37]. This
metric evaluates the model’s ability to assign higher likeli-
hood to valid words over pseudo-words by testing both Inter
(within-vocabulary) and OOV (out-of-vocabulary) categories.
The probabilities are derived solely from the distribution of the
first codebook, as it encapsulates the majority of the phonetic
information in the output.

5. Results
5.1. Baseline Comparison
We compare PAST with two baseline hybrid models, Speech-
Tokenizer and X-Codec, on both reconstruction and phonetic
information metrics. For context, we use EnCodec as an acous-
tic topline, since its objective is purely signal fidelity with-
out phonetic supervision. We have discarded Mimi [15] from
this comparison as our reproduced results, using the published
model, were far from being on par with the observed baselines.
We also compare PAST with two top-line models: k-means
over HuBERT for phonetic representation, and EnCodec for
acoustic reconstruction. First, we evaluate the observed meth-
ods over a set of phonetic metrics. Results depicted in Table 1
suggests that PAST outperforms the observed baselines across
all observed metrics, even surpassing the topline on several key
aspects. These results demonstrate that direct supervision effec-
tively captures phonetic information, eliminating the need for
distillation from pretrained SSL models.

Next, we evaluate PAST’s signal generation capabilities.
Table 2 presents the results for reconstruction quality evalua-
tion. PAST significantly surpasses the observed baselines, fur-
ther showcasing its ability to balance phonetic richness with
acoustic quality. We speculate that X-Codec’s notably low
SISNR is due to the absence of a point-wise metric loss objec-
tive over the reconstructed waveform, leading to misalignment
in signal reconstruction. Moreover, Tables 1, 2 also highlight
PAST’s superiority while utilizing a causal modeling configu-
ration which allows for streaming capabilities.

5.2. Speech Language Modeling

The following experiment revolves around the evaluation of the
observed methods as speech tokenizers, where we train an iden-
tical LM as specified in subsection 4.4.3 using each method to
tokenize the audio signals to discrete token sequences. Results
summarized in Table 3 shows that PAST notably surpasses all
other observed models, further emphasizing the advantages of
our data-driven approach.

5.3. Component Analysis

Table 4 highlights the impact of the different components that
compose PAST and reveals two main trends. First, including

Table 4: Ablation study over model components.

Trns Phn CTC PNMI ↑ ABX ↓ WER ↓ SISNR ↑
clf W.in Ac. Cl. Oth.

X X X 0.32 21.2 26.7 87.3 93.7 7.49
V X X 0.35 19.4 25.5 93.8 96.6 7.02
V V X 0.71 16.0 22.3 43.0 71.8 5.74
V X V 0.50 4.42 5.51 15.2 35.8 4.94
X V V 0.73 3.48 4.28 15.8 36.6 5.24

V V V 0.75 2.82 3.54 15.7 36.8 4.84

Table 5: Impact of transformer skip-connection dropout.

Mode PNMI ↑ ABX ↓ WER ↓ SISNR ↑
W.in Ac. Cl. Oth.

Skip - No Drop 0.74 3.93 4.96 15.5 36.5 5.24
PAST 0.75 2.82 3.54 15.7 36.8 4.84

the suggested auxiliary heads and their corresponding training
objectives is crucial for encapsulating phonetic information in
the learned latent space, with CTC being the most crucial of the
two, as reflected in the ABX scores. Since the CTC objective
optimizes all possible alignments between the latent represen-
tation and the character transcription, we hypothesize that it en-
courages the latent space to encode phonetic information in a
structured manner across time steps. Second, considering both
auxiliary objectives without the transformer module leads to a
significant difference across all metrics. However, including it
improves sequence modeling and signal reconstruction, as re-
flected in the ABX and SISNR trends.

Practically, adding the transformer module and naively cas-
cading it after the encoder leads to vanishing gradients, causing
divergence during training. Table 5 highlights the importance of
including the suggested skip connection dropout during train-
ing. By design, we utilize small auxiliary heads with limited
sequence modeling capacity to ensure that certain modeling ca-
pabilities are captured at the latent representation level. Our
motivation for adding the transformer component is to enhance
the model’s sequence modeling capacity. Without dropout on
the skip connections, the model effectively bypassed the trans-
former encoder, leading to similar performance as the config-
uration where the transformer is entirely omitted, as shown in
Table 4. Hence, imposing the dropout constraint empirically
shows notable improvement and prevents this phenomenon.

6. Discussion
In this work, we introduce PAST, a novel and unified phonetic-
acoustic speech tokenizer that integrates supervised phonetic in-
formation into the tokenization process while maintaining high-
fidelity signal reconstruction. Unlike existing approaches that
rely on SSL models and external vocoders, PAST directly in-
corporates phonetic supervision, producing a representation that
is both semantically meaningful and acoustically precise. Our
results demonstrate that PAST surpasses state-of-the-art tok-
enizers in phonetic representation, speech reconstruction, and
speech language modeling. Notably, its supervised design elim-
inates the need for pretrained SSL models. Furthermore, the
proposed streamable variant extends PAST ’s applicability to
real-time speech applications. Although PAST offers several
benefits, its reliance on labeled phonetic data constrains its scal-
ability to a multilingual setting. Future work will focus on
adapting PAST to a multilingual setting.
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