DSA-Tokenizer: Disentangled Semantic-Acoustic Tokenization
via Flow Matching-based Hierarchical Fusion

Anonymous ACL submission

Abstract

Speech tokenizers serve as the cornerstone
of discrete Speech Large Language Models
(Speech LLMs). Existing tokenizers either pri-
oritize semantic encoding, fuse semantic con-
tent with acoustic style inseparably, or achieve
incomplete semantic-acoustic disentanglement.
To achieve better disentanglement, we pro-
pose DSA-Tokenizer, which explicitly disen-
tangles speech into discrete semantic and acous-
tic tokens via distinct optimization constraints.
Specifically, semantic tokens are supervised
by ASR to capture linguistic content, while
acoustic tokens focus on mel-spectrograms
restoration to encode style. To eliminate rigid
length constraints between the two sequences,
we introduce a hierarchical Flow-Matching
decoder that further improve speech genera-
tion quality. Furthermore, We employ a joint
reconstruction-recombination training strategy
to enforce this separation. DSA-Tokenizer en-
ables high fidelity reconstruction and flexible
recombination through robust disentanglement,
facilitating controllable generation in speech
LLMs. Our analysis highlights disentangled
tokenization as a pivotal paradigm for future
speech modeling. Audio samples are avaial-
ble at https://anonymous.4open.science/
w/DSA_Tokenizer_demo/. The code and
model will be made publicly available after
the paper has been accepted.

1 Introduction

The rapid advancement of large language models
(LLMs) has catalyzed a paradigm shift in speech
processing, spawning Speech LLMs (KimiTeam
et al., 2025; Chen et al., 2025b; Chu et al., 2024;
Xu et al., 2025) that unify speech and language
processing within a single framework. Among ex-
isting architectures, fully discrete Speech LL.Ms
(Zhang et al., 2025; Huang et al., 2025; Zeng et al.,
2024; Nguyen et al., 2024) tokenize both input and
output speech, enabling end-to-end processing in a
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Figure 1: Illustration of (a) speech reconstruction and
(b) semantic-acoustic recombination based on discrete
token

unified discrete space with seamless LLM integra-
tion—yet their performance hinges heavily on the
design of the speech tokenizer (Guo et al., 2025).

Existing speech tokenizers generally fall into
three categories. Semantic tokenizers (Lakhotia
et al., 2021; Hsu et al., 2021; Du et al., 2024) pri-
oritize linguistic information via self-supervised
learning or ASR supervision. While this facilitates
integration with LLMs, they often discard essential
acoustic cues like timbre. Conversely, semantic-
acoustic mixed tokenizers (Défossez et al., 2022;
Ji et al., 2025) target high-fidelity reconstruction
but produce entangled representations, preventing
independent attribute control. Finally, shallowly
disentangled tokenizers (Défossez et al., 2024;
Zhang et al., 2023b) attempt to decouple semantic
and acoustic information atop mixed architectures.
However, they often suffer from incomplete disen-
tanglement, failing to achieve a clean separation of
attributes.

To rigorously evaluate the disentanglement capa-
bility of these tokenizers, rather than relying solely
on reconstruction quality or ASR performance, we
argue that cross-utterance semantic-acoustic re-
combination is a critical and more direct evalua-
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tion task (Figure 1). Ideally, recombination task re-
quires the tokenizer to extract pure semantics from
a semantic source and exclusive acoustic style (e.g.,
timbre, prosody) from an acoustic source, then fuse
them into a new speech utterance that retains the se-
mantic content of the former and the acoustic style
of the latter. Our experiments demonstrate that
existing tokenizers exhibit substantial limitations
in this task. Some models bias towards linguis-
tic information, causing severe timbre mismatch,
whereas others prioritize acoustic cues at the ex-
pense of semantic fidelity. Consequently, this issue
hinders the ability of Speech LLMs in acoustic-
related tasks. Furthermore, a fundamental limita-
tion of existing tokenizers is their rigid length con-
straint between tokens extracted from the semantic
source and the acoustic source, making it impos-
sible to perform recombination between speech
utterances of different lengths.

To address this gap, we propose DSA-Tokenizer.
To ensure strict disentanglement, we utilize a con-
strained dual-stream tokenizer where semantic
and acoustic tokens are supervised by ASR and
mel-spectrograms restoration objectives, respec-
tively. These streams are processed by a flow-
based hierarchical fusion decoder, which allows
for high-fidelity reconstruction and cross-utterance
recombination free from rigid length constraints.
Finally, by adopting a joint reconstruction-
recombination training strategy that combines
self-reconstruction with contextual inpainting, we
enforce the robust separation of attributes necessary
for controllable speech generation.

The experimental results demonstrate that our
proposed DSA-Tokenizer achieves high-fidelity re-
construction and flexible recombination by effec-
tively disentangling semantic and acoustic informa-
tion without leakage. Therefore, it yields outstand-
ing performance in acoustic-related LLM tasks
compared to SAC (Chen et al., 2025¢) and WavTok-
enizer (Ji et al., 2025). Further analysis reveals the
effectiveness and robustness of the DSA-Tokenizer,
highlighting the DSA-Tokenizer as a practical solu-
tion for the fully discrete speech LLMs. Our core
contributions are summarized as follows:

* We introduce a novel recombination task to rig-
orously quantify tokenizer’s semantic-acoustic
disentanglement capacity, which highlight the
emergence of explicit disentanglement and flexi-
ble recombination.

* We propose the DSA-Tokenizer, tailored for
fully discrete speech LLMs, achieving strict

semantic-acoustic disentanglement and seamless
LLM integration.

* Our analysis reveals high reconstruction fidelity
does not guarantee LLMs generation stability.
Crucially, we demonstrate that strict semantic-
acoustic disentanglement significantly enhances
the robustness and controllability of Speech
LLMs.

2 Related Work
2.1 Speech Large Language Models

Recent advances in Speech LLMs have centered
on unifying speech and language processing, giv-
ing rise to two distinct technical paradigms: (1)
Thinker-talker architectures (e.g., MinMo (Chen
et al., 2025b), Qwen3-omni (Xu et al., 2025)) em-
ploy independent acoustic encoders and discrete
token decoders, processing continuous speech in-
puts and generating discrete speech token outputs;
(2) Fully discrete architectures (e.g., GLM-4-
Voice (Zeng et al., 2024), MiMo-Audio (Zhang
et al., 2025), Moshi (Défossez et al., 2024), Spirit
LM (Nguyen et al., 2024)), by contrast, tokenize
both input and output speech signals, which fea-
ture two core advantages: consistent cross-modal
input-output formats and seamless integration with
LLMs.

2.2 Disentangled Speech Tokenizers

Speech tokenizers largely focus on three key goals:
low bitrate, high reconstruction fidelity or semantic
preservation, and semantic-acoustic disentangle-
ment. Notable recent disentanglement methods
include: SpeechTokenizer uses SSL model distilla-
tion to guide the first layer of its RVQ framework
for semantic encoding, with subsequent layers ded-
icated to acoustic detail capture; XY-Tokenizer
(Gong et al., 2025) equips RVQ architecture with
LLM-aligned ASR supervision and speech recon-
struction to mitigate the conflict between seman-
tic and acoustic capabilities; DualCodec employs
dual-codebook RVQ to assign dedicated semantic
and style partitions, enhancing first-layer semantic
encoding via SSL feature prediction; SAC (Chen
et al., 2025¢) leverages a dedicated dual-stream
structure with separate semantic and acoustic en-
coders to realize explicit separation.

3 Method

We propose Disentangled Semantic-Acoustic To-
kenizer (DSA-tokenizer), a unified speech tok-
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Figure 2: Overview of the proposed framework and training strategy. (a) DSA-Tokenizer framework: Input audio
X is encoded into discrete semantic and acoustic tokens, which are fed into the DiT decoder for audio generation.
(b) Self-Reconstruction Mode: The model learns to predict the velocity field of the full Mel-spectrogram based on
the complete acoustic and semantic tokens. (c) Recombination (Contextual Inpainting) Mode: The model learns
to predict the velocity field of the masked Mel-spectrogram region based on the acoustic tokens of the unmasked

region and the full semantic tokens.

enization framework tailored for fully discrete
Speech LLMs, as shown in Figure2(a). Its core ob-
jective is to achieve effective semantic-acoustic dis-
entanglement, supporting both high-fidelity speech
reconstruction and flexible cross-utterance content-
style recombination. To this end, the framework
employs two parallel discrete token streams with
orthogonal goals: semantic tokens (zs) encoding
linguistic content, and acoustic tokens (z,) captur-
ing style attributes. These two token streams are
then fused via distinct condition injection methods
in a diffusion transformer for end-to-end speech
generation.

3.1 Dual Token Streams with Task-Specific
Constraints

The robust disentanglement capability of DSA-
Tokenizer stems from the asymmetric optimization
objectives enforced on each token stream. Specifi-
cally, semantic tokens are constrained to filter out
all stylistic noise via ASR-based supervision, en-
suring they retain only linguistic content. In con-
trast, acoustic tokens are optimized to enable high-
quality mel-spectrogram restoration given semantic
codes, with a training strategy that integrates both

reconstruction and recombination modes.

3.1.1 Semantic Token Learning

To ensure semantic tokens retain only linguistic
content (e.g., phonemes, tones) while excluding
stylistic noise (e.g., timbre, prosody), we adopt an
ASR-supervised paradigm consistent with recent
discrete speech tokenization works (Chen et al.,
2025a; Tao et al., 2024; DiscreteSpeech Team,
2025). Given a speech waveform z, we use a
pre-trained HuBERT model as the semantic en-
coder, which captures robust phonetic and lexi-
cal representations via large-scale self-supervised
pre-training. A Finite Scale Quantization (FSQ)
(Mentzer et al., 2023) layer is appended to dis-
cretize the continuous encoder outputs into seman-
tic tokens, with a codebook size of 1024 and a
frame rate of 25Hz. Formally, semantic tokens are
defined as:

zs = FSQ (HUBERT(z)) € ZT+*Ds

where Z denotes the discrete token space, T is
the sequence length, and D; is the FSQ codebook
size. We enforce strict linguistic constraints by
training the HuBERT-FSQ pipeline with Connec-
tionist Temporal Classification (CTC) loss (Graves



et al., 2006). After training, the lightweight de-
coder for loss computation is discarded, and the
HuBERT-FSQ module is frozen as a dedicated se-
mantic token extractor to avoid interfering with
subsequent acoustic token learning.

3.1.2 Acoustic Token Learning

Acoustic tokens are designed to capture stylistic
attributes (e.g., timbre, prosody) essential for high-
fidelity speech reconstruction but filtered out by
semantic tokens. Specifically, mel-spectrograms m
are extracted from raw speech z, downsampled via
a SEANet-style (Tagliasacchi et al., 2020) encoder,
and discretized through a FSQ quantizer to yield
the acoustic tokens:

24 = FSQ (SEANetEncoder(m)) € ZTa*Da

where T, denotes the sequence length jointly deter-
mined by the CNN structure and mel-spectrogram
length, and D, is the FSQ codebook size. This
design imposes no restrictions on the lengths of 7,
and Ty, facilitating cross-utterance content-style
recombination.

Unlike the pre-trained semantic token stream,
the acoustic tokenizer is trained end-to-end with
the DiT decoder (Sec. 3.2). Gradients from Flow
Matching loss backpropagate through the discrete
bottleneck via the straight-through estimator, opti-
mizing the SEANet encoder. This ensures z, en-
codes all spectral details required for high-fidelity
reconstruction that are not captured by z;.

3.1.3 Joint Reconstruction-Recombination
Training Strategy

Conventional speech tokenizers rely solely on re-
construction objectives. This approach inevitably
imposes rigid length constraints between seman-
tic and acoustic representations, hindering cross-
source speech synthesis like voice conversion.
Moreover, single-objective training exacerbates in-
formation leakage, leading to entangled represen-
tations where semantic and acoustic information
are indistinguishable. To mitigate these issues, we
propose a joint reconstruction-and-recombination
training strategy: each batch is randomly assigned
to one of the following two modes with equal 50%
probability.

Self-Reconstruction Mode (Figure 2(b)): The full
sequences of zg (semantic tokens) and 2, (acous-
tic tokens) are provided as conditions. The model
learns to predict the Flow Matching velocity field

of the entire mel-spectrogram for high-fidelity re-
construction.

Recombination (Contextual Inpainting) Mode
(Figure 2(c)): To simulate content-style recombi-
nation, we randomly sample a time-axis split point
7, then mask the mel-spectrogram segments after
7 along the time axis. The DiT decoder is tasked
with predicting the Flow Matching velocity field
for the masked segments, conditioned only on the
prefix acoustic token z5" and full semantic token
sequence z;. This masking strategy compels the
model to infer global acoustic style from partial
acoustic context while strictly following semantic
guidance, which helps to decouple the two infor-
mation streams.

3.2 Hierarchical Flow Matching Decoder for
Semantic-Acoustic Token Fusion

Fusing semantic tokens (zs) and acoustic tokens
(zq) poses a critical challenge: balancing the strict
temporal alignment required for linguistic content
with the temporal flexibility of acoustic character-
istics. To address this, we propose a DiT-based
(Peebles and Xie, 2023; Ho et al., 2020) Flow
Matching (Lipman et al., 2023) decoder with a
hybrid injection strategy. Specifically, we treat
zs as the structural backbone of speech and in-
ject it as a dense temporal condition: a simplified
ControlNet-like (Zhang et al., 2023a) CNN adapter
processes zs, and the output is directly added to
the input noise to enforce precise temporal align-
ment, ensuring generated speech strictly follows
semantic content. In contrast, z, is designed to
capture acoustic attributes and is injected via cross-
attention. This allows the model to flexibly cap-
ture global acoustic cues (for recombination) and
fine-grained sequential details (for reconstruction)
without rigid length constraints, effectively "paint-
ing" speaker and prosodic characteristics onto the
semantic skeleton.

3.2.1 Semantic ControlNet-Style Injection

To bridge the modality gap between discrete se-
mantic tokens and continuous mel-spectrograms,
we first project z, into continuous embeddings e,
via a learnable codebook. We then upsample e
to match the mel-spectrogram length 71, using
linear interpolation, yielding the aligned semantic
features é;.

Following standard Flow Matching paradigms,
we derive the intermediate noisy mel-spectrogram
my at a randomly sampled timestep ¢ ~ UJ[0, 1]



as a linear interpolation between the initial Gaus-
sian noise mg ~ N(0, I') and the target clean mel-
spectrograms m:

my=(1—t)-mog+t-m

To strictly enforce linguistic alignment, we adopt a
ControlNet-inspired (Zhang et al., 2023a) injection
strategy. Specifically, for the first layer, €, is pro-
cessed by a lightweight CNN adapter and directly
added to the noisy input m;, resulting in the fused
feature:

Feem = CNN(és) + my

This Fy, is then fed into the DiT’s multi-head
self-attention layers. For subsequent blocks, m;
is replaced with the output of the previous block.
By treating semantic information as the structural
backbone embedded into the noisy input, we ensure
the model captures long-range linguistic context
prior to integrating acoustic details.

3.2.2 Acoustic Injection via Cross-Attention

Acoustic style information is integrated into the
DiT backbone via cross-attention, leveraging its
inherent capability for cross-sequence modeling.
Specifically, acoustic tokens z, are projected to
continuous embeddings via a learnable codebook
and upsampled to the mel-spectrogram length T,
using a SEANet-style decoder, yielding the aligned
acoustic features €.

Within the DiT blocks, the self-attention-
enhanced semantic feature Fip, serves as queries,
while keys and values are derived from €, via dedi-
cated linear projections WX and WV The cross-
attention fused feature is computed as:

Fiem-aco = CrossAttn ( Fye, e WK, éaWV)

Finally, a feed-forward network (FFN) processes
Fiem-aco and projects it to the mel-spectrogram di-
mension for Flow Matching velocity field predic-
tion.

3.2.3 Training Objectives and Inference

Our framework is trained end-to-end using a hybrid
objective that unifies high-fidelity generation with
robust representation learning.

Flow Matching Loss The primary objective is
to drive the DiT decoder to generate realistic
mel-spectrograms conditioned on the dual token
streams. Following the Conditional Flow Matching
(CEM) (Ho and Salimans, 2022) paradigm, we op-
timize the decoder to approximate the conditional

vector field v; that transports the initial Gaussian
noise distribution to the target mel-spectrogram dis-
tribution pg.+,. The loss is defined as the mean
squared error (MSE) between the model-predicted
velocity vg and the ground-truth conditional flow

velocity vy = dgt“ =m — mg:

ﬁfm = ]Et,mo,m ”Ut - ’l}g(mt,t, é87 éa)||2:|

where ¢ ~ U0, 1], mg ~ N(0,I), m ~ pgata-

Speaker Consistency Loss To ensure z, cap-
tures discriminative speaker characteristics during
joint training of the acoustic tokenizer and decoder,
we extract a reference speaker embedding st from
the raw speech waveform using a WavLM (Chen
et al., 2022) encoder finetuned by speaker verifi-
cation task!. We then enforce the pooled acoustic
token embeddings to align with this reference em-
bedding:

Lok = 1 — cos (e, AttnPool(e,))

where AttnPool(-) aggregates the acoustic token
embeddings e, into a global vector. The total train-
ing loss is a weighted sum: Liotal = Lfim + Aspk Lspks
where Agpx = 1.0.

Classifier-Free Guidance To generate high-
quality speech with desired content and style, we
employ Classifier-Free Guidance (CFG) (Ho and
Salimans, 2022) in our framework. During training,
we randomly drop the conditional inputs €, and €,,.
During inference, the modified velocity field v is
formulated as:

v = ve(mtata C) +w- (U@(mt,t,C) - U@(mht))

where w denotes the guidance scale (set to 2), and
¢ = (€s, €4) is the conditional input.

4 Experiment Setup

4.1 Evaluation Tasks

4.1.1 Reconstruction and Recombination

Two evaluation scenarios are considered: (1) Re-
construction: using a single utterance as both se-
mantic and acoustic source; (2) Recombination:
using two distinct utterances, where one serves as
the semantic source and the other as the acoustic
source.

1https: //github.com/microsoft/UniSpeech/tree/
main/downstreams/speaker_verification
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The following metrics are adopted: (1) Speech
naturalness, measured by UTMOS (Saeki et al.,
2022) on a 1-5 scale, where higher scores indi-
cate better naturalness; (2) Content consistency,
quantified by word error rate (WER) for English
and character error rate (CER) for Chinese, where
lower values mean higher consistency with the
text corresponding to the semantic source; (3)
Style preservation, assessed via Speaker Similar-
ity Score (SIM) on a —1 to 1 scale, where higher
scores reflect better style retention.

4.1.2 Disentanglement Probing

This task verifies whether token streams encode
only the desired attributes (semantic/style) with-
out cross-information leakage. ASR is employed
to evaluate the semantic information contained in
input tokens, while speaker classification (SC) is
used to assess the acoustic information. Evaluation
protocols are adapted to three categories of model
architectures:

(1) Single-layer baselines (e.g., WavTokenizer):
ASR and SC are applied to the same token se-
quence.

(2) Multi-layer baselines (e.g., EnCodec, Speech-
Tokenizer): ASR and SC are both evaluated on
Layer 0 and Layers 1-7.

(3) DSA-Tokenizer: ASR and SC are both con-
ducted on semantic tokens and acoustic tokens.

A unified CNN-LSTM-MLP-based classifier is
employed to process discrete token sequences, out-
putting recognized text for ASR tasks (scored by
WER) and predicted speaker IDs for SC tasks
(scored by classification accuracy).

4.1.3 LLM-based Voice Cloning

This task verifies the compatibility of DSA-
Tokenizer with Speech LLMs and validates the
manipulability of semantic content and acoustic
style in voice cloning.

Each speech utterance is formatted into a token
sequence with semantic tokens (Zg) concatenated
before acoustic tokens (Z 4). The LLM is trained
on triplets (S,.A,C) (semantic source, acoustic
source, cloned speech), taking the [SEP]-separated
concatenation of S and A token sequences as input
and predicting the C token sequence as output. Dur-
ing inference, the LLM generates token sequences
for unseen (S’, A’) pairs, which are decoded into
speech waveforms via the DSA-Tokenizer decoder.
For evaluation, we use UTMOS for naturalness,
WER between cloned speech and semantic source

text for content consistency, and SIM between
cloned speech and acoustic source for style preser-
vation.

4.2 Datasets

DSA-Tokenizer Training: We train the semantic
tokenizer on 4,000 hours of open-source Chinese-
English speech-text aligned data. For the acous-
tic tokenizer and decoder, we use the 100k-hour
Chinese-English subsets of the Emilia dataset (He
et al., 2024), which offers large scale and diverse
speaking styles; we clean this dataset to boost per-
formance, with detailed procedures in Appendix B.
Training and architecture details of DSA-Tokenizer
are provided in Appendices C.1 and A, respec-
tively. Waveform Evaluation: We use the mul-
tilingual SeedTTS datasets (Anastassiou et al.,
2024) (covering English and Chinese) to verify
cross-language generalization. Disentanglement
Probing: LibriSpeech (Panayotov et al., 2015) is
used for ASR-based content retention evaluation,
while Voxcelebl (Nagrani et al., 2020) supports
speaker classification-based style preservation eval-
uation. LLM-based Voice Cloning: We build over
350,000 training triplets (S, .4, C) from LibriTTS
train-960, where S and A come from distinct utter-
ances and C is synthesized via FSTTS (Chen et al.,
2025d) as supervised targets. The test set is derived
from LibriTTS test-clean, containing over 4,000
randomly matched (S’, A’) pairs for inference.

4.3 Baselines

Four representative types of baseline models
are selected for fair comparison: WavTokenizer
(single-layer, non-decoupled), SAC and Dual-
Codec (dual-branch, decoupled), Mimi and En-
codec (multi-layer, non-decoupled), and SpeechTo-
kenizer (multi-layer, decoupled) Cosy2 S3 (ASR-
supervised captures semantics). For LLM-based
voice cloning tasks, Qwen3-0.6B (Yang et al.,
2025) is adopted as the LLM backbone, with its
vocabulary expanded with corresponding speech
tokens.

5 Results and Discussion

5.1 Can DSA-Tokenizer Unify Reconstruction
and Recombination?

DSA-Tokenizer successfully unifies high-fidelity
speech reconstruction with precise cross-utterance
recombination across English and Chinese. As
shown in Table 1, our model achieves a superior bal-



Model BitRate

English

Chinese

(kbps)

UTMOS 1+ WER (%) | SIM1 UTMOS 1 CER (%) ] SIM 1

Reconstruction Task

WavTokenizer (75 Hz) 0.90 3.92 3.23 0.84 2.82 5.08 0.62
Mimi (8-layer) 1.10 3.30 3.46 0.74 2.37 2.93 0.73
Encodec (2-layer) 1.50 1.56 5.40 0.61 1.35 5.19 0.62
SpeechTokenizer (2-layer) 1.00 2.12 7.57 0.36 1.75 24.39 0.33
DualCodec (12.5 Hz, 6-layer) 0.925 3.78 2.58 0.76 2.95 1.62 0.80
SAC (fs=12.5 Hz, f,=50 Hz) 0.875 3.88 2.03 0.83 2.99 1.53 0.87
DSA-Tokenizer (fs=25 Hz, f,=25Hz, 4%,1) 0.70 3.41 2.09 0.72 2.60 1.78 0.78
DSA-Tokenizer (fs=25 Hz, f,=25Hz,47,2) 1.00 3.44 2.45 0.76 2.65 1.89 0.81
DSA-Tokenizer (f,=25 Hz, f,=25Hz, 4%,2) 1.10 3.46 2.61 0.77 2.68 1.93 0.82
DSA-Tokenizer (fs=25 Hz, f,=50 Hz, 4%,1) 1.10 3.38 2.49 0.76 2.66 1.88 0.81
Cross-Utterance Recombination Task

Mimi (8-layer) 1.10 2.19 107.51 0.53 1.54 100.01 0.53
Encodec (2-layer) 1.50 1.25 98.31 0.09 1.24 68.97 0.13
SpeechTokenizer (2-layer) 1.00 1.40 12.98 0.13 1.34 123.33 0.15
DualCodec (12.5 Hz, 6-layer) 0.925 2.39 17.36 0.11 1.73 16.22 0.32
SAC (fs=12.5 Hz, f,=50 Hz) 0.875 1.34 90.22 0.13 1.27 71.87 0.30
DSA-Tokenizer (fs=25 Hz, f,=25Hz, 4%,1) 0.70 3.58 6.67 0.57 2.74 3.77 0.67
DSA-Tokenizer (f.=25 Hz, f,=25Hz,47,2) 1.00 3.56 8.77 0.60 2.81 5.27 0.70
DSA-Tokenizer (f.=25 Hz, f,=25Hz,4%,2) 1.10 3.54 8.41 0.61 2.81 5.02 0.70
DSA-Tokenizer (fs=25 Hz, f,=50 Hz, 4%,1) 1.10 3.67 593 0.60 2.92 3.49 0.70

Table 1: Performance comparison of different tokenizers on speech reconstruction and cross-utterance recombination
tasks for English and Chinese speech. For DSA-Tokenizer, the notation ( fs, f,, N, L) denotes the semantic token
rate f,, acoustic token rate f,, acoustic FSQ codebook with IV levels per channel and C' channels, and L stacked
FSQ layers. Baseline models with similar bitrate are selected for fair comparison, annotated with their codebook
layers or token rates (semantic fs and acoustic f, where applicable).

ance compared to all baselines. In standard recon-
struction, it delivers competitive UTMOS scores
and high speaker similarity while maintaining low
WER and CER. Crucially, in the challenging cross-
utterance recombination task, DSA-Tokenizer sig-
nificantly outperforms competitors, demonstrating
exceptional semantic-acoustic disentanglement. It
secures a substantial lead in audio quality and style
preservation while achieving drastically lower error
rates for content control. While Mimi maintains de-
cent SIM (0.53) by merely extracting acoustic fea-
tures without effective fusion, our model surpasses
it while ensuring content accuracy. Furthermore,
where conventional baselines (e.g., Mimi, Encodec,
SAC) and SpeechTokenizer fail to retain seman-
tic integrity—resulting in high error rates—DSA-
Tokenizer yields the lowest WER/CER, success-
fully reconciling high-fidelity reconstruction with
rigorous semantic control.

5.2 Can Discrete Tokens Capture Sufficient
Information without Leakage?

Semantic tokens capture sufficient semantic in-
formation, while acoustic tokens retain adequate
acoustic details, with no significant information
leakage. As illustrated in Figure 3, different tok-

Disentanglement Probing: Content (WER) vs. Speaker (ACC)
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Figure 3: Disentanglement probing evaluation results.
(LO) means the first layer, (L1-7) means the second to
eighth layers.

enizers exhibit distinct encoding patterns based on
their objectives. First, regarding single-codebook
models, the ASR-supervised CosyVoice2 S° Tok-
enizer prioritizes semantics (low WER, moderate
SC ACC), whereas the reconstruction-optimized
WavTokenizer captures mixed information (high
WER, slightly higher SC ACC). This confirms that
ASR supervision steers encoding toward semantics,
while reconstruction objectives preserve acoustic
details. Second, multi-layer tokenizers demon-



Tokenizer UTMOS 1+ WER (%) SIM1
WavTokenizer 3.75 89.44 0.28
SAC 3.30 2421 0.37
DSA-Tokenizer 3.90 23.95 0.41

Table 2: LLM-based voice cloning performance.

Reconstruction Recombination

Model UTMOS WER SIM UTMOS WER SIM
DSA-Tokenizer 3.38 249 0.76 3.67 593  0.60
w/o Lpk 3.42 223 0.56 3.73 495  0.36
w/o Recombination 343 236 0.72 2.67 107.68 0.58

Table 3: Ablation study of speaker loss and recombina-
tion mode on reconstruction and recombination tasks.

strate varying disentanglement capabilities. En-
Codec, lacking explicit constraints, shows uniform
performance across layers, suggesting semantic
and acoustic entangled. In contrast, SpeechTok-
enizer achieves shallow disentanglement by dis-
tilling semantics into layer 0, which yields signifi-
cantly lower WER and SC ACC compared to lay-
ers 1-7. Third, dual-token baselines such as SAC
achieve partial separation. While SAC’s semantic
tokens prioritize content (low WER) and its acous-
tic tokens capture style (high SC ACC), the model
suffers from incomplete disentanglement and in-
formation leakage between two streams.Finally,
our DSA-Tokenizer realizes strict disentanglement
through a dedicated dual-stream design, with se-
mantic tokens achieving ultra-low WER (6.28%)
and minimal SC ACC (2.35%).

5.3 Can disentanglement boost LLM’s
performance of acoustic-related task?

Effective semantic-acoustic disentanglement is the
key to success in acoustic-related task. As shown
in Table 2, despite achieving high fidelity in recon-
struction, the non-disentangled WavTokenizer per-
forms the worst across all metrics and even leads to
unstable LLM inference (e.g., endless generation).
This is because its lack of disentanglement hinders
the separate modeling of semantics and acoustics.
This observation highlights that high reconstruc-
tion fidelity does not equate to generation sta-
bility. While both SAC and DSA-Tokenizer adopt
disentanglement designs, our model’s superiority
stems from its finer-grained separation mechanism:
this enables LLMs to independently model the two
information streams, ultimately achieving an op-
timal balance of speech quality, semantic fidelity
and timbre similarity.

5.4 Are Speaker Loss and Recombination
Mode Essential?

Speaker loss plays a critical role in preserving
speaker timbre. Recombination Mode is vital for
ensuring semantic consistency Table 3 presents the
ablation results verifying the contribution of the
speaker loss (Lpk) and the recombination train-
ing mode. We observe that removing Lk causes
a sharp reduction in SIM scores across tasks, con-
firming its critical role in preserving speaker timbre.
Furthermore, excluding the recombination mode
results in slight SIM degradation during reconstruc-
tion but leads to a severe performance collapse in
the recombination task (evidenced by drastically
lower UTMOS and extremely high WER). This
demonstrates that the recombination mode is essen-
tial for ensuring semantic consistency and robust
acoustic modeling. In conclusion, both compo-
nents are indispensable, and their synergistic effect
ensures that the DSA-Tokenizer achieves superior,
balanced performance across all tasks.

6 Conclusion

This paper presents DSA-Tokenizer, a dual-stream
tokenizer that disentangles speech into discrete
semantic and acoustic tokens. Semantic to-
kens capture linguistic content via ASR supervi-
sion, while acoustic tokens encode style features
through waveform restoration. Combined with a
joint reconstruction-recombination training strat-
egy and hierarchical Flow Matching decoder, DSA-
Tokenizer outperforms SOTA baselines in recombi-
nation, disentanglement probing and LLM-based
voice conversion, while maintaining high-fidelity
speech reconstruction. Our work validates that ex-
plicit semantic-acoustic disentanglement is a viable
paradigm for advancing controllable speech gener-
ation in Speech LLMs.

Limitations

Despite the promising capabilities of the DSA-
Tokenizer in disentanglement and reconstruction,
several limitations remain. First, the inference
latency poses a challenge for real-time applica-
tions. Since our decoder comprises a deep stack of
22 DiT blocks, the iterative Flow Matching sam-
pling process is computationally intensive com-
pared to GAN-based counterparts. Future work
will investigate acceleration techniques to reduce
the number of sampling steps. Second, our cur-
rent study focuses exclusively on speech signals.



While the model demonstrates robust performance
in this domain, its generalization to other au-
dio modalities—such as music or environmental
sounds—remains unexplored. We plan to extend
the DSA-Tokenizer to general audio modeling in
future iterations.
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A  Model Architecture

A.1 SEANetEncoder

For the SEANetEncoder, we employ a four-layer
architecture with dimensions of [512, 1024, 1024,
1024]. The downsampling ratios are set to [2, 1, 1]
and [2, 2, 1] for acoustic token rates of 50Hz and
25Hz, respectively.

A.2 SEANetDecoder

For the SEANetDecoder, we utilize a four-layer
architecture with dimensions of [1024, 1024, 1024,
1024]. The upsampling ratios are set to [1, 1, 2]
and [1, 2, 2] for acoustic token rates of SO0Hz and
25Hz, respectively.

A.3 DiT blocks

For the DSA-Tokenizer, we utilize a stack of 22
DiT blocks with a hidden dimension of 1024.
We incorporate AdaNorm (Fan et al., 2021) for
both multi-head self-attention and multi-head cross-
attention mechanisms. The FFN consists of two
linear layers with an inner dimension set to 4096.
And RoPE(Su et al., 2023) is set as the position
embedding for both multi-head self-attention and
multi-head cross-attention.

A.3.1 ControlNet-Style CNN Adapter

For the ControlNet-Style CNN Adapter, we employ
a lightweight stack of three 1D convolutional layers
to extract contextual information while projecting
the feature dimension from 512 to 1024, as the
embedding dim of semantic token is 512. Each
layer utilizes a kernel size of 3 and a padding of 1
to preserve the temporal sequence length.

A.4 Attention pooling layer

Lete, € RT*P denote the input acoustic sequence,
where 7' is the sequence length and D = 1024 is
the feature dimension. To aggregate the variable-
length sequence into a fixed-size embedding, we
employ a Masked Attentive Statistics Pooling
(ASP) layer followed by a projection adapter.

First, the input sequence is transposed to X &€
RP*T A channel-wise attention mechanism com-
putes the importance scores S € RP*T for each
time step and feature dimension:

S =W, (tanh (W1X + b1)) + bo,

where W, € RPatnxD VW, ¢ RDP*Datin gre
convolution weights with kernel size 1, and Dy,
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is the bottleneck dimension, b; € R? and by €
RP are bias weights.

To handle variable sequence lengths, we apply a
temporal mask M € {0, —oo}” based on the valid
length of the sequence. The normalized attention
weights o € RP*T are obtained via a masked
softmax operation along the temporal dimension:

exp(Sqs + M)
S exp(Sar + M)

where d € [1,D] and ¢ € [1,T].

Using these weights, we calculate the weighted
mean vector € R” and the weighted standard
deviation vector o € RP:

Qqt =

T

By = Zad,t < Xat,
t=1

T
Z Qg - (Xd,t —pg)? e
t=1

04

where € is a small constant for numerical stability.
Finally, the statistics are concatenated and pro-
jected to the target dimension D,,; = 256:

h = Wproj [IJ’; U] + bproja

where [-;-] denotes concatenation resulting in a
2D-dimensional vector (2048), and W,,,; €
RDoutx2D ' € R2P. The resulting h serves
as the pooled acoustic token embeddings

B Dataset Cleaning

We find that some samples of Emilia Dataset (He
et al., 2024) contains more than two speakers. As
we have Recombination (Contextual Inpainting)
Mode, samples contains more than two speakers
will hurt the performance of our model, therefore,
we utilize speaker-diarization model > (Bredin and
Laurent, 2021) to remove those dirty samples.

C Training Details
C.1 Training Details of DSA-Tokenizer

All DSA-Tokenizer are trained witicdynamic
batching with 30k frames of speech per batch.
We train the tokenizer for 400k steps using
AdamW (Loshchilov and Hutter, 2019) with a
learning rate of 7.5 x 1075 and 32k warmup steps.
The dataset used for the training of the semantic

2h'ctps ://huggingface.co/pyannote/
speaker-diarization
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tokenizer is sampled from LibriSpeech (Panay-
otov et al.,, 2015), GigaSpeech (Chen et al.,
2021), Libri-Heavy (Kang et al., 2024), Com-
monVoice (Ardila et al., 2020), AISHELL-2 (Du
et al., 2018), WenetSpeech (Zhang et al., 2022),
MagicData-RAMC (Yang et al., 2022), and Peo-
ple’s Speech (Galvez et al., 2021). The DSA-
Tokenizer has a parameter size of approximately
430M. We trained the models on the Ascend plat-
form for 15 days.

C.2 Training Details of Disentanglement
Probing

In the disentanglement probing experiments, to-
kens extracted from the tokenizers are first mapped
to 128-dimensional embeddings, followed by
processing via a two-layer CNN and a 256-
dimensional bidirectional LSTM. For the scenario
where multi-layer tokens are used as input, the
token embeddings of all layers are first summed
before being processed by the CNN and LSTM.

For the ASR experiment, English character se-
quences (including space symbols) are used as
training targets, and the sequential output of the
LSTM is optimized against these sequences us-
ing CTC loss. In the speaker classification exper-
iment, the LSTM output is aggregated by a pool-
ing layer and then mapped to speaker IDs through
an MLP layer, with optimization performed using
cross-entropy loss.

For dataset configurations: the LibriSpeech train-
960 subset is used for training, dev-clean for val-
idation, and test-clean for testing in the ASR ex-
periment. In the speaker classification task, the
VoxCelebl train, dev, and test subsets serve as the
training, validation, and testing sets, respectively.
All models are trained for 30 epochs, with the
model achieving the lowest validation WER (for
ASR) or the highest speaker classification accuracy
(for speaker classification) selected for testing and
metric calculation. The LibriSpeech training set
contains nearly 1000 hours of speech data, while
VoxCelebl includes the same 1251 speakers in both
its training and testing sets.

C.3 Training Details of LLLM-based Voice
Cloning

In LLM-based voice cloning tasks, Qwen3-0.6B
serves as the LLM backbone. Speech symbols
that depend on the tokenizer’s codebook size and
number of layers are first integrated into the LLM’s
vocabulary, with adjustments made to the LLM’s


https://huggingface.co/pyannote/speaker-diarization
https://huggingface.co/pyannote/speaker-diarization

embedding table and prediction head. We train
the LLM using the supervised fine-tuning (SFT)
paradigm, where only the loss of the response part
is computed. The model is trained for 5 epochs
with a learning rate of le-5 and a warmup ratio of
0.1.

D Baseline Details

Four representative types of baseline models
are selected for fair comparison: WavTokenizer
(single-layer, non-decoupled), SAC and Dual-
Codec (dual-branch, decoupled), Mimi and En-
codec (multi-layer, non-decoupled), and SpeechTo-
kenizer (multi-layer, decoupled) Cosy2 S® (ASR-
supervised captures semantics).

WavTokenizer is built on the VQ-GAN frame-
work and utilizes a single VQ layer with a code-
book size of 4096. Operating at a frame rate of 75
Hz, it achieves a bitrate of 0.9 kbps.

SAC is also built on the VQ-GAN framework.
It uses a pretrained semantic tokenizer, while uti-
lizing the DAC framework for the acoustic stream
with a total frame rate of 62.5 Hz. The semantic
codebook size is 16,384 and the acoustic codebook
size is 16,384, achieving a bitrate of 0.875 kbps.

DualCodec is a semantic-enhanced tokenizer
that directly encodes semantic-rich SSL features
(Chung et al., 2021) into its first layer. In our ex-
perimental setting, for a fair comparison, we select
the model with six codebook layers that operates
at the frame rate of 12.5Hz. The first codebook
contains 16,384 entries, while the remaining five
each contain 4,096 entries, achieving a bitrate of
0.925 kbps.

Mimi utilizes features from WavLM for semantic
distillation. It employs eight codebooks, each of
size 2,048, at a 12.5 Hz frame rate, resulting in a
bitrate of 1.1 kbps.

Encodec is an RVQ-based neural audio codec
operating at a frame rate of 75 Hz. In our experi-
mental setting, for a fair comparison, we use only
the first two codebook layers, yielding a bitrate of
1.5 kbps.

SpeechTokenizer shares a similar architecture
with Mini but enhances the semantic richness of
the first-layer tokens via semantic distillation using
HuBERT. In our experimental setting, for a fair
comparison, we use only the first two codebook
layers, yielding a bitrate of 1 kbps.
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Model ASR WER (%) | SCACC (%) 1

Cosy2 S° Tokenizer 33.72 14.50
WavTokenizer 86.31 18.14
EnCodec

Layer 0 64.85 16.28

Layer 1-7 69.74 17.68
SpeechTokenizer

Layer 0 17.78 12.08

Layer 1-7 21.93 25.80
SAC

Semantic token 9.31 6.57

Acoustic token 106.24 21.82
DSA-Tokenizer

Semantic token 6.28 2.35

Acoustic token 127.31 24.94

Table 4: Disentanglement probing evaluation results

CosyVoice2 S Tokenizer inserts an FSQ mod-
ule into the encoder of the SenseVoice-Large ASR
model (An et al., 2024), which discretizes inter-
mediate continuous representations into discrete
tokens with textual supervision. This FSQ module
consists of a single-layer FSQ codebook with 8
channels and 3 levels per channel, resulting in a to-
tal of 6561 code entries. With a token rate of 25 Hz,
this tokenizer achieves a bitrate of approximately
0.317 kbps.

E Disentanglement Probling Result

The detailed result of disentanglement probing is
listed in Table 4.

F Evaluation tools

The UTMOS score is computed using the pre-
trained model available at 3. Speaker similarity
(SIM) scores are calculated with a speaker encoder
based on WavLM, fine-tuned for the speaker veri-
fication task1. For English speech, the word error
rate (WER) is evaluated with Whisper-large-V3*,
and for Chinese speech, the character error rate

(CER) is evaluated with Paraformer”.

G Broader Impact

This work introduces a novel dual-stream audio
tokenizer capable of disentangling semantic and

3https://huggingface.co/spaces/sarulab—speech/
UTMOS-demo/tree/main

*https://huggingface.co/openai/
whisper-large-v3

Shttps://huggingface.co/funasr/paraformer-zh


https://huggingface.co/spaces/sarulab-speech/UTMOS-demo/tree/main
https://huggingface.co/spaces/sarulab-speech/UTMOS-demo/tree/main
https://huggingface.co/openai/whisper-large-v3
https://huggingface.co/openai/whisper-large-v3
https://huggingface.co/funasr/paraformer-zh

acoustic information. Our research holds signifi-
cant potential for positive societal impact, particu-
larly in the development of Speech LLMs. The dis-
entangled representation offers fine-grained control
for speech. However, the capability to clone voices
with high similarity raises concerns regarding mis-
use for deepfakes, unauthorized voice imperson-
ation, and misinformation.To prevent abuse, we
recommend developing robust deepfake detection
tools, speech watermarking, and clear reporting
mechanisms.

H License Discussion

The speaker-diarization model(Bredin and Laurent,
2021) and the model® used to calculate the UT-
MOS score are released under the MIT license.
The speaker verification fine-tuned WavLM1 is re-
leased under the CC BY-SA 3.0 license. Whisper-
large-V3* is released under the Apache 2.0 license.
And the model® calculating CER is released under
model-license license.

The Emilia dataset, LibriSpeech, MagicData-
RAMC and LibriTTS are under the license of cc-
by-4.0. GigaSpeech, Libri-Heavy, AISHELL-2,
WenetSpeech are released under the Apache 2.0
License. CommonVoice is released under the MPL-
2.0 license. MagicData-RAMC and VoxCelebl are
under the license CC BY-NC-ND 4.0. People’s
Speech is under the license of CC-BY-SA and CC-
BY 4.0.

I AI Usage

We used LLMs for grammatical checking and pol-
ishing in Sections 1, section 5 and the Appendix.
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