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Abstract001

Speech tokenizers serve as the cornerstone002
of discrete Speech Large Language Models003
(Speech LLMs). Existing tokenizers either pri-004
oritize semantic encoding, fuse semantic con-005
tent with acoustic style inseparably, or achieve006
incomplete semantic-acoustic disentanglement.007
To achieve better disentanglement, we pro-008
pose DSA-Tokenizer, which explicitly disen-009
tangles speech into discrete semantic and acous-010
tic tokens via distinct optimization constraints.011
Specifically, semantic tokens are supervised012
by ASR to capture linguistic content, while013
acoustic tokens focus on mel-spectrograms014
restoration to encode style. To eliminate rigid015
length constraints between the two sequences,016
we introduce a hierarchical Flow-Matching017
decoder that further improve speech genera-018
tion quality. Furthermore, We employ a joint019
reconstruction-recombination training strategy020
to enforce this separation. DSA-Tokenizer en-021
ables high fidelity reconstruction and flexible022
recombination through robust disentanglement,023
facilitating controllable generation in speech024
LLMs. Our analysis highlights disentangled025
tokenization as a pivotal paradigm for future026
speech modeling. Audio samples are avaial-027
ble at https://anonymous.4open.science/028
w/DSA_Tokenizer_demo/. The code and029
model will be made publicly available after030
the paper has been accepted.031

1 Introduction032

The rapid advancement of large language models033

(LLMs) has catalyzed a paradigm shift in speech034

processing, spawning Speech LLMs (KimiTeam035

et al., 2025; Chen et al., 2025b; Chu et al., 2024;036

Xu et al., 2025) that unify speech and language037

processing within a single framework. Among ex-038

isting architectures, fully discrete Speech LLMs039

(Zhang et al., 2025; Huang et al., 2025; Zeng et al.,040

2024; Nguyen et al., 2024) tokenize both input and041

output speech, enabling end-to-end processing in a042
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(b) semantic-acoustic recombination based on discrete
token

unified discrete space with seamless LLM integra- 043

tion—yet their performance hinges heavily on the 044

design of the speech tokenizer (Guo et al., 2025). 045

Existing speech tokenizers generally fall into 046

three categories. Semantic tokenizers (Lakhotia 047

et al., 2021; Hsu et al., 2021; Du et al., 2024) pri- 048

oritize linguistic information via self-supervised 049

learning or ASR supervision. While this facilitates 050

integration with LLMs, they often discard essential 051

acoustic cues like timbre. Conversely, semantic- 052

acoustic mixed tokenizers (Défossez et al., 2022; 053

Ji et al., 2025) target high-fidelity reconstruction 054

but produce entangled representations, preventing 055

independent attribute control. Finally, shallowly 056

disentangled tokenizers (Défossez et al., 2024; 057

Zhang et al., 2023b) attempt to decouple semantic 058

and acoustic information atop mixed architectures. 059

However, they often suffer from incomplete disen- 060

tanglement, failing to achieve a clean separation of 061

attributes. 062

To rigorously evaluate the disentanglement capa- 063

bility of these tokenizers, rather than relying solely 064

on reconstruction quality or ASR performance, we 065

argue that cross-utterance semantic-acoustic re- 066

combination is a critical and more direct evalua- 067
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tion task (Figure 1). Ideally, recombination task re-068

quires the tokenizer to extract pure semantics from069

a semantic source and exclusive acoustic style (e.g.,070

timbre, prosody) from an acoustic source, then fuse071

them into a new speech utterance that retains the se-072

mantic content of the former and the acoustic style073

of the latter. Our experiments demonstrate that074

existing tokenizers exhibit substantial limitations075

in this task. Some models bias towards linguis-076

tic information, causing severe timbre mismatch,077

whereas others prioritize acoustic cues at the ex-078

pense of semantic fidelity. Consequently, this issue079

hinders the ability of Speech LLMs in acoustic-080

related tasks. Furthermore, a fundamental limita-081

tion of existing tokenizers is their rigid length con-082

straint between tokens extracted from the semantic083

source and the acoustic source, making it impos-084

sible to perform recombination between speech085

utterances of different lengths.086

To address this gap, we propose DSA-Tokenizer.087

To ensure strict disentanglement, we utilize a con-088

strained dual-stream tokenizer where semantic089

and acoustic tokens are supervised by ASR and090

mel-spectrograms restoration objectives, respec-091

tively. These streams are processed by a flow-092

based hierarchical fusion decoder, which allows093

for high-fidelity reconstruction and cross-utterance094

recombination free from rigid length constraints.095

Finally, by adopting a joint reconstruction-096

recombination training strategy that combines097

self-reconstruction with contextual inpainting, we098

enforce the robust separation of attributes necessary099

for controllable speech generation.100

The experimental results demonstrate that our101

proposed DSA-Tokenizer achieves high-fidelity re-102

construction and flexible recombination by effec-103

tively disentangling semantic and acoustic informa-104

tion without leakage. Therefore, it yields outstand-105

ing performance in acoustic-related LLM tasks106

compared to SAC (Chen et al., 2025c) and WavTok-107

enizer (Ji et al., 2025). Further analysis reveals the108

effectiveness and robustness of the DSA-Tokenizer,109

highlighting the DSA-Tokenizer as a practical solu-110

tion for the fully discrete speech LLMs. Our core111

contributions are summarized as follows:112

• We introduce a novel recombination task to rig-113

orously quantify tokenizer’s semantic-acoustic114

disentanglement capacity, which highlight the115

emergence of explicit disentanglement and flexi-116

ble recombination.117

• We propose the DSA-Tokenizer, tailored for118

fully discrete speech LLMs, achieving strict119

semantic-acoustic disentanglement and seamless 120

LLM integration. 121

• Our analysis reveals high reconstruction fidelity 122

does not guarantee LLMs generation stability. 123

Crucially, we demonstrate that strict semantic- 124

acoustic disentanglement significantly enhances 125

the robustness and controllability of Speech 126

LLMs. 127

2 Related Work 128

2.1 Speech Large Language Models 129

Recent advances in Speech LLMs have centered 130

on unifying speech and language processing, giv- 131

ing rise to two distinct technical paradigms: (1) 132

Thinker-talker architectures (e.g., MinMo (Chen 133

et al., 2025b), Qwen3-omni (Xu et al., 2025)) em- 134

ploy independent acoustic encoders and discrete 135

token decoders, processing continuous speech in- 136

puts and generating discrete speech token outputs; 137

(2) Fully discrete architectures (e.g., GLM-4- 138

Voice (Zeng et al., 2024), MiMo-Audio (Zhang 139

et al., 2025), Moshi (Défossez et al., 2024), Spirit 140

LM (Nguyen et al., 2024)), by contrast, tokenize 141

both input and output speech signals, which fea- 142

ture two core advantages: consistent cross-modal 143

input-output formats and seamless integration with 144

LLMs. 145

2.2 Disentangled Speech Tokenizers 146

Speech tokenizers largely focus on three key goals: 147

low bitrate, high reconstruction fidelity or semantic 148

preservation, and semantic-acoustic disentangle- 149

ment. Notable recent disentanglement methods 150

include: SpeechTokenizer uses SSL model distilla- 151

tion to guide the first layer of its RVQ framework 152

for semantic encoding, with subsequent layers ded- 153

icated to acoustic detail capture; XY-Tokenizer 154

(Gong et al., 2025) equips RVQ architecture with 155

LLM-aligned ASR supervision and speech recon- 156

struction to mitigate the conflict between seman- 157

tic and acoustic capabilities; DualCodec employs 158

dual-codebook RVQ to assign dedicated semantic 159

and style partitions, enhancing first-layer semantic 160

encoding via SSL feature prediction; SAC (Chen 161

et al., 2025c) leverages a dedicated dual-stream 162

structure with separate semantic and acoustic en- 163

coders to realize explicit separation. 164

3 Method 165

We propose Disentangled Semantic-Acoustic To- 166

kenizer (DSA-tokenizer), a unified speech tok- 167
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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 discrete168

Speech LLMs, as shown in Figure2(a). Its core ob-169

jective is to achieve effective semantic-acoustic dis-170

entanglement, supporting both high-fidelity speech171

reconstruction and flexible cross-utterance content-172

style recombination. To this end, the framework173

employs two parallel discrete token streams with174

orthogonal goals: semantic tokens (zs) encoding175

linguistic content, and acoustic tokens (za) captur-176

ing style attributes. These two token streams are177

then fused via distinct condition injection methods178

in a diffusion transformer for end-to-end speech179

generation.180

3.1 Dual Token Streams with Task-Specific181

Constraints182

The robust disentanglement capability of DSA-183

Tokenizer stems from the asymmetric optimization184

objectives enforced on each token stream. Specifi-185

cally, semantic tokens are constrained to filter out186

all stylistic noise via ASR-based supervision, en-187

suring they retain only linguistic content. In con-188

trast, acoustic tokens are optimized to enable high-189

quality mel-spectrogram restoration given semantic190

codes, with a training strategy that integrates both191

reconstruction and recombination modes. 192

3.1.1 Semantic Token Learning 193

To ensure semantic tokens retain only linguistic 194

content (e.g., phonemes, tones) while excluding 195

stylistic noise (e.g., timbre, prosody), we adopt an 196

ASR-supervised paradigm consistent with recent 197

discrete speech tokenization works (Chen et al., 198

2025a; Tao et al., 2024; DiscreteSpeech Team, 199

2025). Given a speech waveform x, we use a 200

pre-trained HuBERT model as the semantic en- 201

coder, which captures robust phonetic and lexi- 202

cal representations via large-scale self-supervised 203

pre-training. A Finite Scale Quantization (FSQ) 204

(Mentzer et al., 2023) layer is appended to dis- 205

cretize the continuous encoder outputs into seman- 206

tic tokens, with a codebook size of 1024 and a 207

frame rate of 25Hz. Formally, semantic tokens are 208

defined as: 209

zs = FSQ (HuBERT(x)) ∈ ZTs×Ds 210

where Z denotes the discrete token space, Ts is 211

the sequence length, and Ds is the FSQ codebook 212

size. We enforce strict linguistic constraints by 213

training the HuBERT-FSQ pipeline with Connec- 214

tionist Temporal Classification (CTC) loss (Graves 215
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et al., 2006). After training, the lightweight de-216

coder for loss computation is discarded, and the217

HuBERT-FSQ module is frozen as a dedicated se-218

mantic token extractor to avoid interfering with219

subsequent acoustic token learning.220

3.1.2 Acoustic Token Learning221

Acoustic tokens are designed to capture stylistic222

attributes (e.g., timbre, prosody) essential for high-223

fidelity speech reconstruction but filtered out by224

semantic tokens. Specifically, mel-spectrograms m225

are extracted from raw speech x, downsampled via226

a SEANet-style (Tagliasacchi et al., 2020) encoder,227

and discretized through a FSQ quantizer to yield228

the acoustic tokens:229

za = FSQ (SEANetEncoder(m)) ∈ ZTa×Da230

where Ta denotes the sequence length jointly deter-231

mined by the CNN structure and mel-spectrogram232

length, and Da is the FSQ codebook size. This233

design imposes no restrictions on the lengths of Ta234

and Ts, facilitating cross-utterance content-style235

recombination.236

Unlike the pre-trained semantic token stream,237

the acoustic tokenizer is trained end-to-end with238

the DiT decoder (Sec. 3.2). Gradients from Flow239

Matching loss backpropagate through the discrete240

bottleneck via the straight-through estimator, opti-241

mizing the SEANet encoder. This ensures za en-242

codes all spectral details required for high-fidelity243

reconstruction that are not captured by zs.244

3.1.3 Joint Reconstruction-Recombination245

Training Strategy246

Conventional speech tokenizers rely solely on re-247

construction objectives. This approach inevitably248

imposes rigid length constraints between seman-249

tic and acoustic representations, hindering cross-250

source speech synthesis like voice conversion.251

Moreover, single-objective training exacerbates in-252

formation leakage, leading to entangled represen-253

tations where semantic and acoustic information254

are indistinguishable. To mitigate these issues, we255

propose a joint reconstruction-and-recombination256

training strategy: each batch is randomly assigned257

to one of the following two modes with equal 50%258

probability.259

Self-Reconstruction Mode (Figure 2(b)): The full260

sequences of zs (semantic tokens) and za (acous-261

tic tokens) are provided as conditions. The model262

learns to predict the Flow Matching velocity field263

of the entire mel-spectrogram for high-fidelity re- 264

construction. 265

Recombination (Contextual Inpainting) Mode 266

(Figure 2(c)): To simulate content-style recombi- 267

nation, we randomly sample a time-axis split point 268

τ , then mask the mel-spectrogram segments after 269

τ along the time axis. The DiT decoder is tasked 270

with predicting the Flow Matching velocity field 271

for the masked segments, conditioned only on the 272

prefix acoustic token z<τ
a and full semantic token 273

sequence zs. This masking strategy compels the 274

model to infer global acoustic style from partial 275

acoustic context while strictly following semantic 276

guidance, which helps to decouple the two infor- 277

mation streams. 278

3.2 Hierarchical Flow Matching Decoder for 279

Semantic-Acoustic Token Fusion 280

Fusing semantic tokens (zs) and acoustic tokens 281

(za) poses a critical challenge: balancing the strict 282

temporal alignment required for linguistic content 283

with the temporal flexibility of acoustic character- 284

istics. To address this, we propose a DiT-based 285

(Peebles and Xie, 2023; Ho et al., 2020) Flow 286

Matching (Lipman et al., 2023) decoder with a 287

hybrid injection strategy. Specifically, we treat 288

zs as the structural backbone of speech and in- 289

ject it as a dense temporal condition: a simplified 290

ControlNet-like (Zhang et al., 2023a) CNN adapter 291

processes zs, and the output is directly added to 292

the input noise to enforce precise temporal align- 293

ment, ensuring generated speech strictly follows 294

semantic content. In contrast, za is designed to 295

capture acoustic attributes and is injected via cross- 296

attention. This allows the model to flexibly cap- 297

ture global acoustic cues (for recombination) and 298

fine-grained sequential details (for reconstruction) 299

without rigid length constraints, effectively "paint- 300

ing" speaker and prosodic characteristics onto the 301

semantic skeleton. 302

3.2.1 Semantic ControlNet-Style Injection 303

To bridge the modality gap between discrete se- 304

mantic tokens and continuous mel-spectrograms, 305

we first project zs into continuous embeddings es 306

via a learnable codebook. We then upsample es 307

to match the mel-spectrogram length Tmel using 308

linear interpolation, yielding the aligned semantic 309

features ẽs. 310

Following standard Flow Matching paradigms, 311

we derive the intermediate noisy mel-spectrogram 312

mt at a randomly sampled timestep t ∼ U[0, 1] 313

4



as a linear interpolation between the initial Gaus-314

sian noise m0 ∼ N (0, I) and the target clean mel-315

spectrograms m:316

mt = (1− t) ·m0 + t ·m317

To strictly enforce linguistic alignment, we adopt a318

ControlNet-inspired (Zhang et al., 2023a) injection319

strategy. Specifically, for the first layer, ẽs is pro-320

cessed by a lightweight CNN adapter and directly321

added to the noisy input mt, resulting in the fused322

feature:323

Fsem = CNN(ẽs) +mt324

This Fsem is then fed into the DiT’s multi-head325

self-attention layers. For subsequent blocks, mt326

is replaced with the output of the previous block.327

By treating semantic information as the structural328

backbone embedded into the noisy input, we ensure329

the model captures long-range linguistic context330

prior to integrating acoustic details.331

3.2.2 Acoustic Injection via Cross-Attention332

Acoustic style information is integrated into the333

DiT backbone via cross-attention, leveraging its334

inherent capability for cross-sequence modeling.335

Specifically, acoustic tokens za are projected to336

continuous embeddings via a learnable codebook337

and upsampled to the mel-spectrogram length Tmel338

using a SEANet-style decoder, yielding the aligned339

acoustic features ẽa.340

Within the DiT blocks, the self-attention-341

enhanced semantic feature Fsem serves as queries,342

while keys and values are derived from ẽa via dedi-343

cated linear projections WK and W V . The cross-344

attention fused feature is computed as:345

Fsem-aco = CrossAttn
(
Fsem, ẽaW

K , ẽaW
V
)

346

Finally, a feed-forward network (FFN) processes347

Fsem-aco and projects it to the mel-spectrogram di-348

mension for Flow Matching velocity field predic-349

tion.350

3.2.3 Training Objectives and Inference351

Our framework is trained end-to-end using a hybrid352

objective that unifies high-fidelity generation with353

robust representation learning.354

Flow Matching Loss The primary objective is355

to drive the DiT decoder to generate realistic356

mel-spectrograms conditioned on the dual token357

streams. Following the Conditional Flow Matching358

(CFM) (Ho and Salimans, 2022) paradigm, we op-359

timize the decoder to approximate the conditional360

vector field vt that transports the initial Gaussian 361

noise distribution to the target mel-spectrogram dis- 362

tribution pdata. The loss is defined as the mean 363

squared error (MSE) between the model-predicted 364

velocity vθ and the ground-truth conditional flow 365

velocity vt =
dmt
dt = m−m0: 366

Lfm = Et,m0,m

[
∥vt − vθ(mt, t, ẽs, ẽa)∥2

]
367

where t ∼ U[0, 1], m0 ∼ N (0, I), m ∼ pdata. 368

Speaker Consistency Loss To ensure za cap- 369

tures discriminative speaker characteristics during 370

joint training of the acoustic tokenizer and decoder, 371

we extract a reference speaker embedding sref from 372

the raw speech waveform using a WavLM (Chen 373

et al., 2022) encoder finetuned by speaker verifi- 374

cation task1. We then enforce the pooled acoustic 375

token embeddings to align with this reference em- 376

bedding: 377

Lspk = 1− cos (sref,AttnPool(ea)) 378

where AttnPool(·) aggregates the acoustic token 379

embeddings ea into a global vector. The total train- 380

ing loss is a weighted sum: Ltotal = Lfm+λspkLspk, 381

where λspk = 1.0. 382

Classifier-Free Guidance To generate high- 383

quality speech with desired content and style, we 384

employ Classifier-Free Guidance (CFG) (Ho and 385

Salimans, 2022) in our framework. During training, 386

we randomly drop the conditional inputs ẽs and ẽa. 387

During inference, the modified velocity field ṽ is 388

formulated as: 389

ṽ = vθ(mt, t, c) + ω · (vθ(mt, t, c)− vθ(mt, t)) 390

where ω denotes the guidance scale (set to 2), and 391

c = (ẽs, ẽa) is the conditional input. 392

4 Experiment Setup 393

4.1 Evaluation Tasks 394

4.1.1 Reconstruction and Recombination 395

Two evaluation scenarios are considered: (1) Re- 396

construction: using a single utterance as both se- 397

mantic and acoustic source; (2) Recombination: 398

using two distinct utterances, where one serves as 399

the semantic source and the other as the acoustic 400

source. 401

1https://github.com/microsoft/UniSpeech/tree/
main/downstreams/speaker_verification
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The following metrics are adopted: (1) Speech402

naturalness, measured by UTMOS (Saeki et al.,403

2022) on a 1–5 scale, where higher scores indi-404

cate better naturalness; (2) Content consistency,405

quantified by word error rate (WER) for English406

and character error rate (CER) for Chinese, where407

lower values mean higher consistency with the408

text corresponding to the semantic source; (3)409

Style preservation, assessed via Speaker Similar-410

ity Score (SIM) on a −1 to 1 scale, where higher411

scores reflect better style retention.412

4.1.2 Disentanglement Probing413

This task verifies whether token streams encode414

only the desired attributes (semantic/style) with-415

out cross-information leakage. ASR is employed416

to evaluate the semantic information contained in417

input tokens, while speaker classification (SC) is418

used to assess the acoustic information. Evaluation419

protocols are adapted to three categories of model420

architectures:421

(1) Single-layer baselines (e.g., WavTokenizer):422

ASR and SC are applied to the same token se-423

quence.424

(2) Multi-layer baselines (e.g., EnCodec, Speech-425

Tokenizer): ASR and SC are both evaluated on426

Layer 0 and Layers 1–7.427

(3) DSA-Tokenizer: ASR and SC are both con-428

ducted on semantic tokens and acoustic tokens.429

A unified CNN-LSTM-MLP-based classifier is430

employed to process discrete token sequences, out-431

putting recognized text for ASR tasks (scored by432

WER) and predicted speaker IDs for SC tasks433

(scored by classification accuracy).434

4.1.3 LLM-based Voice Cloning435

This task verifies the compatibility of DSA-436

Tokenizer with Speech LLMs and validates the437

manipulability of semantic content and acoustic438

style in voice cloning.439

Each speech utterance is formatted into a token440

sequence with semantic tokens (ZS) concatenated441

before acoustic tokens (ZA). The LLM is trained442

on triplets (S,A, C) (semantic source, acoustic443

source, cloned speech), taking the [SEP]-separated444

concatenation of S and A token sequences as input445

and predicting the C token sequence as output. Dur-446

ing inference, the LLM generates token sequences447

for unseen (S ′,A′) pairs, which are decoded into448

speech waveforms via the DSA-Tokenizer decoder.449

For evaluation, we use UTMOS for naturalness,450

WER between cloned speech and semantic source451

text for content consistency, and SIM between 452

cloned speech and acoustic source for style preser- 453

vation. 454

4.2 Datasets 455

DSA-Tokenizer Training: We train the semantic 456

tokenizer on 4,000 hours of open-source Chinese- 457

English speech-text aligned data. For the acous- 458

tic tokenizer and decoder, we use the 100k-hour 459

Chinese-English subsets of the Emilia dataset (He 460

et al., 2024), which offers large scale and diverse 461

speaking styles; we clean this dataset to boost per- 462

formance, with detailed procedures in Appendix B. 463

Training and architecture details of DSA-Tokenizer 464

are provided in Appendices C.1 and A, respec- 465

tively. Waveform Evaluation: We use the mul- 466

tilingual SeedTTS datasets (Anastassiou et al., 467

2024) (covering English and Chinese) to verify 468

cross-language generalization. Disentanglement 469

Probing: LibriSpeech (Panayotov et al., 2015) is 470

used for ASR-based content retention evaluation, 471

while Voxceleb1 (Nagrani et al., 2020) supports 472

speaker classification-based style preservation eval- 473

uation. LLM-based Voice Cloning: We build over 474

350,000 training triplets (S,A, C) from LibriTTS 475

train-960, where S and A come from distinct utter- 476

ances and C is synthesized via F5TTS (Chen et al., 477

2025d) as supervised targets. The test set is derived 478

from LibriTTS test-clean, containing over 4,000 479

randomly matched (S ′,A′) pairs for inference. 480

4.3 Baselines 481

Four representative types of baseline models 482

are selected for fair comparison: WavTokenizer 483

(single-layer, non-decoupled), SAC and Dual- 484

Codec (dual-branch, decoupled), Mimi and En- 485

codec (multi-layer, non-decoupled), and SpeechTo- 486

kenizer (multi-layer, decoupled) Cosy2 S3 (ASR- 487

supervised captures semantics). For LLM-based 488

voice cloning tasks, Qwen3-0.6B (Yang et al., 489

2025) is adopted as the LLM backbone, with its 490

vocabulary expanded with corresponding speech 491

tokens. 492

5 Results and Discussion 493

5.1 Can DSA-Tokenizer Unify Reconstruction 494

and Recombination? 495

DSA-Tokenizer successfully unifies high-fidelity 496

speech reconstruction with precise cross-utterance 497

recombination across English and Chinese. As 498

shown in Table 1, our model achieves a superior bal- 499
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Model BitRate
(kbps)

English Chinese

UTMOS ↑ WER (%) ↓ SIM ↑ UTMOS ↑ CER (%) ↓ SIM ↑

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, fa=50 Hz) 0.875 3.88 2.03 0.83 2.99 1.53 0.87
DSA-Tokenizer (fs=25 Hz, fa=25 Hz, 48, 1) 0.70 3.41 2.09 0.72 2.60 1.78 0.78
DSA-Tokenizer (fs=25 Hz, fa=25 Hz, 47, 2) 1.00 3.44 2.45 0.76 2.65 1.89 0.81
DSA-Tokenizer (fs=25 Hz, fa=25 Hz, 48, 2) 1.10 3.46 2.61 0.77 2.68 1.93 0.82
DSA-Tokenizer (fs=25 Hz, fa=50 Hz, 48, 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, fa=50 Hz) 0.875 1.34 90.22 0.13 1.27 71.87 0.30
DSA-Tokenizer (fs=25 Hz, fa=25 Hz, 48, 1) 0.70 3.58 6.67 0.57 2.74 3.77 0.67
DSA-Tokenizer (fs=25 Hz, fa=25 Hz, 47, 2) 1.00 3.56 8.77 0.60 2.81 5.27 0.70
DSA-Tokenizer (fs=25 Hz, fa=25 Hz, 48, 2) 1.10 3.54 8.41 0.61 2.81 5.02 0.70
DSA-Tokenizer (fs=25 Hz, fa=50 Hz, 48, 1) 1.10 3.67 5.93 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, fa, NC , L) denotes the semantic token
rate fs, acoustic token rate fa, acoustic FSQ codebook with N 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 fa where applicable).

ance compared to all baselines. In standard recon-500

struction, it delivers competitive UTMOS scores501

and high speaker similarity while maintaining low502

WER and CER. Crucially, in the challenging cross-503

utterance recombination task, DSA-Tokenizer sig-504

nificantly outperforms competitors, demonstrating505

exceptional semantic-acoustic disentanglement. It506

secures a substantial lead in audio quality and style507

preservation while achieving drastically lower error508

rates for content control. While Mimi maintains de-509

cent SIM (0.53) by merely extracting acoustic fea-510

tures without effective fusion, our model surpasses511

it while ensuring content accuracy. Furthermore,512

where conventional baselines (e.g., Mimi, Encodec,513

SAC) and SpeechTokenizer fail to retain seman-514

tic integrity—resulting in high error rates—DSA-515

Tokenizer yields the lowest WER/CER, success-516

fully reconciling high-fidelity reconstruction with517

rigorous semantic control.518

5.2 Can Discrete Tokens Capture Sufficient519

Information without Leakage?520

Semantic tokens capture sufficient semantic in-521

formation, while acoustic tokens retain adequate522

acoustic details, with no significant information523

leakage. As illustrated in Figure 3, different tok-524
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Figure 3: Disentanglement probing evaluation results.
(L0) means the first layer, (L1-7) means the second to
eighth layers.

enizers exhibit distinct encoding patterns based on 525

their objectives. First, regarding single-codebook 526

models, the ASR-supervised CosyVoice2 S3 Tok- 527

enizer prioritizes semantics (low WER, moderate 528

SC ACC), whereas the reconstruction-optimized 529

WavTokenizer captures mixed information (high 530

WER, slightly higher SC ACC). This confirms that 531

ASR supervision steers encoding toward semantics, 532

while reconstruction objectives preserve acoustic 533

details. Second, multi-layer tokenizers demon- 534
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Tokenizer UTMOS ↑ WER (%) ↓ SIM ↑

WavTokenizer 3.75 89.44 0.28
SAC 3.30 24.21 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 2.49 0.76 3.67 5.93 0.60
w/o Lspk 3.42 2.23 0.56 3.73 4.95 0.36
w/o Recombination 3.43 2.36 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-535

Codec, lacking explicit constraints, shows uniform536

performance across layers, suggesting semantic537

and acoustic entangled. In contrast, SpeechTok-538

enizer achieves shallow disentanglement by dis-539

tilling semantics into layer 0, which yields signifi-540

cantly lower WER and SC ACC compared to lay-541

ers 1–7. Third, dual-token baselines such as SAC542

achieve partial separation. While SAC’s semantic543

tokens prioritize content (low WER) and its acous-544

tic tokens capture style (high SC ACC), the model545

suffers from incomplete disentanglement and in-546

formation leakage between two streams.Finally,547

our DSA-Tokenizer realizes strict disentanglement548

through a dedicated dual-stream design, with se-549

mantic tokens achieving ultra-low WER (6.28%)550

and minimal SC ACC (2.35%).551

5.3 Can disentanglement boost LLM’s552

performance of acoustic-related task?553

Effective semantic-acoustic disentanglement is the554

key to success in acoustic-related task. As shown555

in Table 2, despite achieving high fidelity in recon-556

struction, the non-disentangled WavTokenizer per-557

forms the worst across all metrics and even leads to558

unstable LLM inference (e.g., endless generation).559

This is because its lack of disentanglement hinders560

the separate modeling of semantics and acoustics.561

This observation highlights that high reconstruc-562

tion fidelity does not equate to generation sta-563

bility. While both SAC and DSA-Tokenizer adopt564

disentanglement designs, our model’s superiority565

stems from its finer-grained separation mechanism:566

this enables LLMs to independently model the two567

information streams, ultimately achieving an op-568

timal balance of speech quality, semantic fidelity569

and timbre similarity.570

5.4 Are Speaker Loss and Recombination 571

Mode Essential? 572

Speaker loss plays a critical role in preserving 573

speaker timbre. Recombination Mode is vital for 574

ensuring semantic consistency Table 3 presents the 575

ablation results verifying the contribution of the 576

speaker loss (Lspk) and the recombination train- 577

ing mode. We observe that removing Lspk causes 578

a sharp reduction in SIM scores across tasks, con- 579

firming its critical role in preserving speaker timbre. 580

Furthermore, excluding the recombination mode 581

results in slight SIM degradation during reconstruc- 582

tion but leads to a severe performance collapse in 583

the recombination task (evidenced by drastically 584

lower UTMOS and extremely high WER). This 585

demonstrates that the recombination mode is essen- 586

tial for ensuring semantic consistency and robust 587

acoustic modeling. In conclusion, both compo- 588

nents are indispensable, and their synergistic effect 589

ensures that the DSA-Tokenizer achieves superior, 590

balanced performance across all tasks. 591

6 Conclusion 592

This paper presents DSA-Tokenizer, a dual-stream 593

tokenizer that disentangles speech into discrete 594

semantic and acoustic tokens. Semantic to- 595

kens capture linguistic content via ASR supervi- 596

sion, while acoustic tokens encode style features 597

through waveform restoration. Combined with a 598

joint reconstruction-recombination training strat- 599

egy and hierarchical Flow Matching decoder, DSA- 600

Tokenizer outperforms SOTA baselines in recombi- 601

nation, disentanglement probing and LLM-based 602

voice conversion, while maintaining high-fidelity 603

speech reconstruction. Our work validates that ex- 604

plicit semantic-acoustic disentanglement is a viable 605

paradigm for advancing controllable speech gener- 606

ation in Speech LLMs. 607

Limitations 608

Despite the promising capabilities of the DSA- 609

Tokenizer in disentanglement and reconstruction, 610

several limitations remain. First, the inference 611

latency poses a challenge for real-time applica- 612

tions. Since our decoder comprises a deep stack of 613

22 DiT blocks, the iterative Flow Matching sam- 614

pling process is computationally intensive com- 615

pared to GAN-based counterparts. Future work 616

will investigate acceleration techniques to reduce 617

the number of sampling steps. Second, our cur- 618

rent study focuses exclusively on speech signals. 619

8



While the model demonstrates robust performance620

in this domain, its generalization to other au-621

dio modalities—such as music or environmental622

sounds—remains unexplored. We plan to extend623

the DSA-Tokenizer to general audio modeling in624

future iterations.625
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A Model Architecture 895

A.1 SEANetEncoder 896

For the SEANetEncoder, we employ a four-layer 897

architecture with dimensions of [512, 1024, 1024, 898

1024]. The downsampling ratios are set to [2, 1, 1] 899

and [2, 2, 1] for acoustic token rates of 50Hz and 900

25Hz, respectively. 901

A.2 SEANetDecoder 902

For the SEANetDecoder, we utilize a four-layer 903

architecture with dimensions of [1024, 1024, 1024, 904

1024]. The upsampling ratios are set to [1, 1, 2] 905

and [1, 2, 2] for acoustic token rates of 50Hz and 906

25Hz, respectively. 907

A.3 DiT blocks 908

For the DSA-Tokenizer, we utilize a stack of 22 909

DiT blocks with a hidden dimension of 1024. 910

We incorporate AdaNorm (Fan et al., 2021) for 911

both multi-head self-attention and multi-head cross- 912

attention mechanisms. The FFN consists of two 913

linear layers with an inner dimension set to 4096. 914

And RoPE(Su et al., 2023) is set as the position 915

embedding for both multi-head self-attention and 916

multi-head cross-attention. 917

A.3.1 ControlNet-Style CNN Adapter 918

For the ControlNet-Style CNN Adapter, we employ 919

a lightweight stack of three 1D convolutional layers 920

to extract contextual information while projecting 921

the feature dimension from 512 to 1024, as the 922

embedding dim of semantic token is 512. Each 923

layer utilizes a kernel size of 3 and a padding of 1 924

to preserve the temporal sequence length. 925

A.4 Attention pooling layer 926

Let ea ∈ RT×D denote the input acoustic sequence, 927

where T is the sequence length and D = 1024 is 928

the feature dimension. To aggregate the variable- 929

length sequence into a fixed-size embedding, we 930

employ a Masked Attentive Statistics Pooling 931

(ASP) layer followed by a projection adapter. 932

First, the input sequence is transposed to X ∈ 933

RD×T . A channel-wise attention mechanism com- 934

putes the importance scores S ∈ RD×T for each 935

time step and feature dimension: 936

S = W2 (tanh (W1X+ b1)) + b2, 937

where W1 ∈ RDattn×D, W2 ∈ RD×Dattn are 938

convolution weights with kernel size 1, and Dattn 939
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is the bottleneck dimension, b1 ∈ RD and b2 ∈940

RD are bias weights.941

To handle variable sequence lengths, we apply a942

temporal mask M ∈ {0,−∞}T based on the valid943

length of the sequence. The normalized attention944

weights α ∈ RD×T are obtained via a masked945

softmax operation along the temporal dimension:946

αd,t =
exp(Sd,t +Mt)∑T

τ=1 exp(Sd,τ +Mτ )
,947

where d ∈ [1, D] and t ∈ [1, T ].948

Using these weights, we calculate the weighted949

mean vector µ ∈ RD and the weighted standard950

deviation vector σ ∈ RD:951

µd =
T∑
t=1

αd,t ·Xd,t,952

σd =

√√√√ T∑
t=1

αd,t · (Xd,t − µd)
2 + ϵ953

where ϵ is a small constant for numerical stability.954

Finally, the statistics are concatenated and pro-955

jected to the target dimension Dout = 256:956

h = Wproj [µ;σ] + bproj ,957

where [·; ·] denotes concatenation resulting in a958

2D-dimensional vector (2048), and Wproj ∈959

RDout×2D, bproj ∈ R2D. The resulting h serves960

as the pooled acoustic token embeddings961

B Dataset Cleaning962

We find that some samples of Emilia Dataset (He963

et al., 2024) contains more than two speakers. As964

we have Recombination (Contextual Inpainting)965

Mode, samples contains more than two speakers966

will hurt the performance of our model, therefore,967

we utilize speaker-diarization model 2 (Bredin and968

Laurent, 2021) to remove those dirty samples.969

C Training Details970

C.1 Training Details of DSA-Tokenizer971

All DSA-Tokenizer are trained witicdynamic972

batching with 30k frames of speech per batch.973

We train the tokenizer for 400k steps using974

AdamW (Loshchilov and Hutter, 2019) with a975

learning rate of 7.5× 10−5 and 32k warmup steps.976

The dataset used for the training of the semantic977

2https://huggingface.co/pyannote/
speaker-diarization

tokenizer is sampled from LibriSpeech (Panay- 978

otov et al., 2015), GigaSpeech (Chen et al., 979

2021), Libri-Heavy (Kang et al., 2024), Com- 980

monVoice (Ardila et al., 2020), AISHELL-2 (Du 981

et al., 2018), WenetSpeech (Zhang et al., 2022), 982

MagicData-RAMC (Yang et al., 2022), and Peo- 983

ple’s Speech (Galvez et al., 2021). The DSA- 984

Tokenizer has a parameter size of approximately 985

430M. We trained the models on the Ascend plat- 986

form for 15 days. 987

C.2 Training Details of Disentanglement 988

Probing 989

In the disentanglement probing experiments, to- 990

kens extracted from the tokenizers are first mapped 991

to 128-dimensional embeddings, followed by 992

processing via a two-layer CNN and a 256- 993

dimensional bidirectional LSTM. For the scenario 994

where multi-layer tokens are used as input, the 995

token embeddings of all layers are first summed 996

before being processed by the CNN and LSTM. 997

For the ASR experiment, English character se- 998

quences (including space symbols) are used as 999

training targets, and the sequential output of the 1000

LSTM is optimized against these sequences us- 1001

ing CTC loss. In the speaker classification exper- 1002

iment, the LSTM output is aggregated by a pool- 1003

ing layer and then mapped to speaker IDs through 1004

an MLP layer, with optimization performed using 1005

cross-entropy loss. 1006

For dataset configurations: the LibriSpeech train- 1007

960 subset is used for training, dev-clean for val- 1008

idation, and test-clean for testing in the ASR ex- 1009

periment. In the speaker classification task, the 1010

VoxCeleb1 train, dev, and test subsets serve as the 1011

training, validation, and testing sets, respectively. 1012

All models are trained for 30 epochs, with the 1013

model achieving the lowest validation WER (for 1014

ASR) or the highest speaker classification accuracy 1015

(for speaker classification) selected for testing and 1016

metric calculation. The LibriSpeech training set 1017

contains nearly 1000 hours of speech data, while 1018

VoxCeleb1 includes the same 1251 speakers in both 1019

its training and testing sets. 1020

C.3 Training Details of LLM-based Voice 1021

Cloning 1022

In LLM-based voice cloning tasks, Qwen3-0.6B 1023

serves as the LLM backbone. Speech symbols 1024

that depend on the tokenizer’s codebook size and 1025

number of layers are first integrated into the LLM’s 1026

vocabulary, with adjustments made to the LLM’s 1027
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embedding table and prediction head. We train1028

the LLM using the supervised fine-tuning (SFT)1029

paradigm, where only the loss of the response part1030

is computed. The model is trained for 5 epochs1031

with a learning rate of 1e-5 and a warmup ratio of1032

0.1.1033

D Baseline Details1034

Four representative types of baseline models1035

are selected for fair comparison: WavTokenizer1036

(single-layer, non-decoupled), SAC and Dual-1037

Codec (dual-branch, decoupled), Mimi and En-1038

codec (multi-layer, non-decoupled), and SpeechTo-1039

kenizer (multi-layer, decoupled) Cosy2 S3 (ASR-1040

supervised captures semantics).1041

WavTokenizer is built on the VQ-GAN frame-1042

work and utilizes a single VQ layer with a code-1043

book size of 4096. Operating at a frame rate of 751044

Hz, it achieves a bitrate of 0.9 kbps.1045

SAC is also built on the VQ-GAN framework.1046

It uses a pretrained semantic tokenizer, while uti-1047

lizing the DAC framework for the acoustic stream1048

with a total frame rate of 62.5 Hz. The semantic1049

codebook size is 16,384 and the acoustic codebook1050

size is 16,384, achieving a bitrate of 0.875 kbps.1051

DualCodec is a semantic-enhanced tokenizer1052

that directly encodes semantic-rich SSL features1053

(Chung et al., 2021) into its first layer. In our ex-1054

perimental setting, for a fair comparison, we select1055

the model with six codebook layers that operates1056

at the frame rate of 12.5Hz. The first codebook1057

contains 16,384 entries, while the remaining five1058

each contain 4,096 entries, achieving a bitrate of1059

0.925 kbps.1060

Mimi utilizes features from WavLM for semantic1061

distillation. It employs eight codebooks, each of1062

size 2,048, at a 12.5 Hz frame rate, resulting in a1063

bitrate of 1.1 kbps.1064

Encodec is an RVQ-based neural audio codec1065

operating at a frame rate of 75 Hz. In our experi-1066

mental setting, for a fair comparison, we use only1067

the first two codebook layers, yielding a bitrate of1068

1.5 kbps.1069

SpeechTokenizer shares a similar architecture1070

with Mini but enhances the semantic richness of1071

the first-layer tokens via semantic distillation using1072

HuBERT. In our experimental setting, for a fair1073

comparison, we use only the first two codebook1074

layers, yielding a bitrate of 1 kbps.1075

Model ASR WER (%) ↓ SC ACC (%) ↑

Cosy2 S3 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 S3 Tokenizer inserts an FSQ mod- 1076

ule into the encoder of the SenseVoice-Large ASR 1077

model (An et al., 2024), which discretizes inter- 1078

mediate continuous representations into discrete 1079

tokens with textual supervision. This FSQ module 1080

consists of a single-layer FSQ codebook with 8 1081

channels and 3 levels per channel, resulting in a to- 1082

tal of 6561 code entries. With a token rate of 25 Hz, 1083

this tokenizer achieves a bitrate of approximately 1084

0.317 kbps. 1085

E Disentanglement Probling Result 1086

The detailed result of disentanglement probing is 1087

listed in Table 4. 1088

F Evaluation tools 1089

The UTMOS score is computed using the pre- 1090

trained model available at 3. Speaker similarity 1091

(SIM) scores are calculated with a speaker encoder 1092

based on WavLM, fine-tuned for the speaker veri- 1093

fication task1. For English speech, the word error 1094

rate (WER) is evaluated with Whisper-large-V34, 1095

and for Chinese speech, the character error rate 1096

(CER) is evaluated with Paraformer5. 1097

G Broader Impact 1098

This work introduces a novel dual-stream audio 1099

tokenizer capable of disentangling semantic and 1100

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

4https://huggingface.co/openai/
whisper-large-v3

5https://huggingface.co/funasr/paraformer-zh
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acoustic information. Our research holds signifi-1101

cant potential for positive societal impact, particu-1102

larly in the development of Speech LLMs. The dis-1103

entangled representation offers fine-grained control1104

for speech. However, the capability to clone voices1105

with high similarity raises concerns regarding mis-1106

use for deepfakes, unauthorized voice imperson-1107

ation, and misinformation.To prevent abuse, we1108

recommend developing robust deepfake detection1109

tools, speech watermarking, and clear reporting1110

mechanisms.1111

H License Discussion1112

The speaker-diarization model(Bredin and Laurent,1113

2021) and the model3 used to calculate the UT-1114

MOS score are released under the MIT license.1115

The speaker verification fine-tuned WavLM1 is re-1116

leased under the CC BY-SA 3.0 license. Whisper-1117

large-V34 is released under the Apache 2.0 license.1118

And the model5 calculating CER is released under1119

model-license license.1120

The Emilia dataset, LibriSpeech, MagicData-1121

RAMC and LibriTTS are under the license of cc-1122

by-4.0. GigaSpeech, Libri-Heavy, AISHELL-2,1123

WenetSpeech are released under the Apache 2.01124

License. CommonVoice is released under the MPL-1125

2.0 license. MagicData-RAMC and VoxCeleb1 are1126

under the license CC BY-NC-ND 4.0. People’s1127

Speech is under the license of CC-BY-SA and CC-1128

BY 4.0.1129

I AI Usage1130

We used LLMs for grammatical checking and pol-1131

ishing in Sections 1, section 5 and the Appendix.1132

14


	Introduction
	Related Work
	Speech Large Language Models
	Disentangled Speech Tokenizers

	Method
	Dual Token Streams with Task-Specific Constraints
	Semantic Token Learning
	Acoustic Token Learning
	Joint Reconstruction-Recombination Training Strategy

	Hierarchical Flow Matching Decoder for Semantic-Acoustic Token Fusion 
	Semantic ControlNet-Style Injection
	Acoustic Injection via Cross-Attention
	Training Objectives and Inference


	Experiment Setup
	Evaluation Tasks
	Reconstruction and Recombination
	Disentanglement Probing
	LLM-based Voice Cloning

	Datasets
	Baselines

	Results and Discussion
	Can DSA-Tokenizer Unify Reconstruction and Recombination?
	Can Discrete Tokens Capture Sufficient Information without Leakage?
	Can disentanglement boost LLM's performance of acoustic-related task?
	Are Speaker Loss and Recombination Mode Essential?

	Conclusion
	Model Architecture
	SEANetEncoder
	SEANetDecoder
	DiT blocks
	ControlNet-Style CNN Adapter

	Attention pooling layer

	Dataset Cleaning
	Training Details
	Training Details of DSA-Tokenizer
	Training Details of Disentanglement Probing
	Training Details of LLM-based Voice Cloning

	Baseline Details
	Disentanglement Probling Result
	Evaluation tools
	Broader Impact
	License Discussion
	AI Usage

