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Abstract001

Speech codecs provide an important interface002
between continuous speech signals and large003
language models. An ideal codec for speech004
language models should not only preserve005
acoustic information but also capture rich se-006
mantic information. However, existing codecs007
struggle to balance these objectives at low008
bitrates. We propose XY-Tokenizer, a low-009
bitrate speech codec (around 1 kbps) trained010
with a structured multi-stage, multi-task strat-011
egy that aligns discrete speech representations012
with text while preserving fine-grained acoustic013
details for reconstruction. This design explic-014
itly mitigates the semantic–acoustic conflict ob-015
served in prior low-bitrate codecs. Experiments016
show that XY-Tokenizer achieves stronger se-017
mantic alignment than representative semantic-018
distillation codecs such as SpeechTokenizer019
and Mimi, while maintaining high-quality020
speech reconstruction across both clean and021
out-of-distribution conditions. Furthermore,022
XY-Tokenizer consistently outperforms exist-023
ing low-bitrate codecs in LLM-based speech024
understanding and generation tasks, demon-025
strating its effectiveness as a general-purpose026
speech representation for speech–language027
modeling.028

1 Introduction029

In recent years, large language models030

(LLMs) (Achiam et al., 2023; Dubey et al.,031

2024; Yang et al., 2024a; Guo et al., 2025; Zeng032

et al., 2025) have achieved significant advance-033

ments in natural language processing, enabling034

fluent and natural text-based interactions. Building035

on this progress, speech large language models036

have attracted increasing attention (Zhang et al.,037

2023a; Chu et al., 2024; Défossez et al., 2024;038

Zeng et al., 2024; Nguyen et al., 2025; Huang et al.,039

2025). A critical component of Speech LLMs is040

the speech codec (Zeghidour et al., 2021; Défossez041

et al., 2022; Kumar et al., 2023; Zhang et al.,042

Figure 1: Semantic–acoustic comparison of speech
codecs. WER from ASR probing task mentioned in
Section 3.2 is shown on the x-axis (lower is better),
and reconstruction quality on the y-axis (higher is bet-
ter). Bubble size indicates number of parameters. XY-
Tokenizer achieves a strong balance between semantic
alignment and acoustic quality at around 1 kbps.

2023b; Défossez et al., 2024), which transforms 043

continuous speech signals into discrete tokens to 044

interface with token-based LLMs. 045

Speech tokens are commonly categorized into 046

semantic tokens and acoustic tokens (Borsos et al., 047

2023). Semantic tokens, typically derived from 048

discretized self-supervised or ASR-based speech 049

representations, provide compact and structured 050

units that are well-suited for sequence modeling in 051

speech LLMs, but are less effective for high-fidelity 052

speech reconstruction (Baevski et al., 2020; Hsu 053

et al., 2021; Chung et al., 2021; Chen et al., 2022; 054

Chiu et al., 2022; Radford et al., 2023). In contrast, 055

acoustic tokens produced by neural speech codecs 056

preserve fine-grained waveform details and enable 057

high-quality synthesis, yet often exhibit weaker 058

alignment with textual content (Défossez et al., 059

2022; Kumar et al., 2023; Wang et al., 2023; Yang 060

et al., 2023; Xin et al., 2024). An ideal speech 061

codec should support both semantic structure and 062

acoustic fidelity. Several recent approaches jointly 063

model semantic and acoustic information within a 064

unified speech codec and demonstrate strong perfor- 065
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mance on downstream speech language modeling066

tasks (Zhang et al., 2023b; Défossez et al., 2024;067

Ye et al., 2025a). However, a key challenge in mod-068

eling both semantic and acoustic information lies069

in the inherent conflict between these tasks, par-070

ticularly at low bitrates, where achieving high071

performance in both remains difficult (Défossez072

et al., 2024).073

In this work, we propose XY-Tokenizer, a low-074

bitrate speech codec that jointly models semantic075

and acoustic information. XY-Tokenizer adopts076

a dual-tower architecture to mitigate semantic–077

acoustic conflict by minimizing parameter shar-078

ing in a multi-task framework. We introduce a079

multi-stage training strategy: in the first stage, the080

codec is trained with an LLM-based ASR objec-081

tive to align speech tokens with text, together with082

a standard codec reconstruction loss, forming an083

X-shaped architecture that supports joint semantic084

alignment and acoustic modeling. In the second085

stage, we further enhance fine-grained speech qual-086

ity via adversarial training, where the encoder and087

quantizer are frozen to preserve semantic alignment088

and only the decoder is optimized, resulting in a089

Y-shaped architecture specialized for high-fidelity090

reconstruction.091

Our contributions can be summarized as follows:092

• We propose XY-Tokenizer, a 1 kbps speech093

codec that mitigates the semantic–acoustic094

conflict through a dual-tower, multi-stage,095

multi-task learning framework. It aligns096

speech tokens with text using an LLM-based097

ASR objective while ensuring high-quality098

speech reconstruction via a codec decoder.099

• We analyze the limitations of existing speech100

codecs, particularly the semantic–acoustic101

conflict at low bitrates, and identify effec-102

tive strategies to mitigate this issue, includ-103

ing leveraging pretrained ASR models, mini-104

mizing parameter sharing, and scaling model105

capacity.106

• Extensive experiments and ablation studies107

demonstrate that XY-Tokenizer achieves com-108

petitive performance in both semantic align-109

ment and acoustic reconstruction, matching110

state-of-the-art codecs that are typically spe-111

cialized in a single aspect, and delivers strong112

results on LLM-based speech understanding113

and generation tasks.114

2 Method 115

Codec Shared modules SIM ↑ WER ↓

SPT Encoder + Quantizer 0.65 0.34

Mimi-8 Encoder 0.73 0.28
XCodec 2.0 Quantizer 0.82 0.30

Table 1: Effect of parameter sharing on semantic
alignment and reconstruction quality. SPT denotes
SpeechTokenizer-x (Appendix B); WER is reported in
the range [0, 1].

2.1 XY-Tokenizer 116

Motivation. An ideal speech codec should effec- 117

tively balance two goals: high-fidelity audio re- 118

construction and strong semantic alignment with 119

text (Zhang et al., 2023b; Yang et al., 2024b). How- 120

ever, these two objectives often conflict, as opti- 121

mizing for one can degrade the other (Défossez 122

et al., 2024). Our empirical analysis, as shown in 123

Table 1, suggests that decreasing the number of 124

shared parameters between semantic and acoustic 125

modeling pathways effectively mitigates the trade- 126

off between high-fidelity audio reconstruction and 127

strong semantic alignment. Moreover, semantic 128

modeling can be effectively approached through 129

automatic speech recognition (ASR) tasks (Radford 130

et al., 2023; Zeng et al., 2024; Zhao et al., 2025), 131

while acoustic modeling aligns closely with recon- 132

struction through a codec decoder (Zeghidour et al., 133

2021; Défossez et al., 2022; Kumar et al., 2023). 134

To this end, we propose a dual-channel codec archi- 135

tecture that jointly models semantic and acoustic 136

information in a multi-task setup, combining ASR 137

and audio reconstruction, with shared parameters 138

limited to the residual vector quantization (RVQ) 139

module and its adjacent components. 140

Architecture. The encoder comprises two paral- 141

lel branches: a semantic channel and an acoustic 142

channel, both initialized from a pretrained Whis- 143

per encoder. The semantic encoder is kept frozen 144

to provide stable linguistic representations, while 145

the acoustic encoder is trainable to capture fine- 146

grained paralinguistic information for high-fidelity 147

reconstruction. The outputs of the two encoders 148

are concatenated and passed to a residual vector 149

quantization (RVQ) module, which produces dis- 150

crete speech tokens. The quantizer serves as the 151

only shared component between the semantic and 152

acoustic pathways. The decoder consists of two 153

task-specific branches operating on the quantized 154
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Figure 2: Illustration of XY-Tokenizer. The upper half depicts the pre-training stage, aligning XY-Tokenizer
with text while preserving coarse acoustic features. The lower half illustrates the post-training stage, modeling
finer-grained acoustic features. Model architecture and training procedure are detailed in Section 2.

representations: a decoder-only language model in155

the semantic branch generates text transcriptions,156

while the acoustic branch reconstructs the speech157

waveform. Architectural details are provided in158

Appendix A.159

2.2 Two-Stage Training Strategy160

We adopt a two-stage training strategy to balance161

semantic alignment and high-fidelity audio recon-162

struction. As illustrated in Figure 2, the first stage163

jointly models semantic and coarse acoustic infor-164

mation, while the second stage focuses on refining165

fine-grained acoustic details.166

2.2.1 Pre-Training Stage167

In the pre-training stage, we focus on two tasks:168

audio reconstruction and automatic speech recog-169

nition (ASR). All model parameters are trainable,170

except for the weights of the semantic encoder, ini-171

tialized from the Whisper encoder (Radford et al.,172

2023), and the large language model (LLM) which173

is initialized from Qwen2.5 (Yang et al., 2024a). To174

align with text generation, we use the cross-entropy175

loss for the LLM, defined as:176

Lasr = −
T∑
t=1

log p(yt | y<t, f ; θLLM ) (1)177

where yt denotes the t-th text token in the output 178

sequence, y<t denotes the sequence of preceding 179

tokens, f represents the audio features input to the 180

LLM, T is the total number of predicted text tokens, 181

and θLLM denotes the parameters of the LLM. 182

For modeling acoustic features, we employ a 183

multi-scale mel-spectrogram reconstruction loss: 184

Lrec =
∑
i∈e

∥Si(x)− Si(x̂)∥1 (2) 185

where Si is the mel-spectrogram at scale i, com- 186

puted using a normalized short-time Fourier trans- 187

form (STFT) with a window size of 2i and a hop 188

length of 2i−2. The set of scales is defined as 189

e = {5, . . . , 11}. Here, x is the ground-truth audio 190

waveform, and x̂ is the predicted waveform from 191

the acoustic decoder. 192

Additionally, we incorporate a commitment loss 193

to ensure effective quantization: 194

Lcmt =

Nq∑
i=1

∥zi − sg(qi(zi))∥1 (3) 195

where zi is the input to the i-th layer of the quan- 196

tizer, qi(zi) is its quantized output, Nq is the num- 197

ber of quantizers, and sg denotes the stop-gradient 198
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operation (Van Den Oord et al., 2017), which pre-199

vents gradients from propagating to the quantizer’s200

codebook.201

The total loss for the pre-training stage is a202

weighted combination of individual losses:203

Lpre = λasrLasr + λrecLrec + λcmtLcmt (4)204

where λasr, λrec, λcmt are hyperparameters that205

balance the weights of each loss term.206

2.2.2 Post-Training Stage207

While pre-training provides strong semantic rep-208

resentations, reconstructed audio may still exhibit209

perceptual artifacts. The post-training stage there-210

fore focuses on refining fine-grained acoustic de-211

tails. We adopt a generative adversarial network212

(GAN) framework for post-training. During this213

stage, the encoder and quantizer are fixed to pre-214

serve the learned speech token representations, and215

the semantic decoder is removed. All remaining216

components of the codec are kept identical to the217

pre-training stage and remain trainable. For the218

discriminator, we employ a combination of multi-219

period, multi-scale, and multi-scale STFT discrimi-220

nators (MPD, MSD, and MS-STFTD) to improve221

perceptual audio quality (Kong et al., 2020; Kumar222

et al., 2019; Défossez et al., 2022).223

The discriminator loss follows the least squares224

GAN (LSGAN) formulation (Mao et al., 2017),225

given by:226

LD(x, x̂) =
1

K

K∑
k=1

(1−Dk(x))
2 +D2

k(x̂) (5)227

where Dk represents the k-th discriminator, K is228

the total number of discriminators, x is the ground-229

truth audio, and x̂ is the predicted audio.230

For the generator loss, we use the same multi-231

scale mel-spectrogram reconstruction loss as in the232

pre-training stage, denoted Lrec. Additionally, we233

include a feature matching loss:234

Lfeat(x, x̂) =
1

K

K∑
k=1

1

Lk

Lk∑
l=1

∥∥Dl
k(x)−Dl

k(x̂)
∥∥
1

mean(
∥∥Dl

k(x)
∥∥
1
)

(6)235

where Dl
k denotes the feature representation from236

the l-th layer of the k-th discriminator, Lk is the237

number of layers of the k-th discriminator, and the238

mean is computed over all dimensions of Dl
k(x).239

We also incorporate an adversarial loss:240

Ladv(x̂) =
1

K

K∑
k=1

(1−Dk(x̂))
2 (7)241

The total generator loss is a weighted combina- 242

tion of these terms: 243

LG(x, x̂) = λrecLrec + λfeatLfeat + λadvLadv

(8) 244

where λrec, λfeat, λadv are hyperparameters that 245

balance the contributions of each loss term. 246

3 Experiments 247

3.1 Settings 248

Dataset and Training Details. We trained XY- 249

Tokenizer using the full Emilia dataset, comprising 250

approximately 101k hours of audio data, equivalent 251

to about 37 million (audio, transcription) pairs (He 252

et al., 2024). All audio data was resampled to 16 253

kHz. 254

In the pre-training stage, audio clips longer 255

than 30 seconds were truncated to the first 30 sec- 256

onds, while clips shorter than 30 seconds were 257

padded to 30 seconds, with loss computed only on 258

the non-padded portions. We trained the model for 259

800k steps using DeepSpeed ZeRO-2 (Rajbhandari 260

et al., 2020) on 32 NVIDIA H100 GPUs, with a 261

batch size of 4 per GPU and a maximum learning 262

rate of 1× 10−4. We used the AdamW optimizer 263

with a weight decay of 0.01 (Loshchilov and Hut- 264

ter, 2017). A cosine learning rate scheduler was 265

applied during pre-training. 266

In the post-training stage, we randomly sam- 267

pled 5-second segments from each audio clip for 268

training, using a single NVIDIA H100 GPU with a 269

batch size of 16. The generator and discriminator 270

were optimized with maximum learning rates of 271

1× 10−5 and 1× 10−4, respectively. 272

For both the pre-training stage and post- 273

training stage, we set λrec = 15. In the pre- 274

training stage, we set λasr = 20 and λcmt = 1. 275

In the post-training stage, we set λfeat = 1 and 276

λadv = 1. 277

Model Details. We have detailed the codec archi- 278

tecture in Section 2.1 and Appendix A. 279

Baselines. We use SpeechTokenizer (Zhang et al., 280

2023b), Semanticodec (Liu et al., 2024), Mimi (Dé- 281

fossez et al., 2024), and XCodec2.0 (Ye et al., 282

2025b), as our baseline codecs, which simultane- 283

ously model semantic and acoustic information. 284

Details of these models are provided in Appendix B. 285

Additionally, we include EnCodec (Défossez et al., 286

2022), BigCodec (Xin et al., 2024), Descript Au- 287

dio Codec (Kumar et al., 2023), WavTokenizer (Ji 288

et al., 2024b), which exclusively model acoustic 289

information. 290
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EN – LibriSpeech EN – VoxPopuli

kbps WER↓ SIM↑ STOI↑ PESQ↑ MUS.↑ WER↓ SIM↑ STOI↑ PESQ↑ MUS.↑

Reference – – – – – 91.23 – – – – 90.18

EnCodec 1.50 0.37 0.60 0.85 1.94 / 1.56 53.12 0.55 0.68 0.84 2.01 / 1.56 57.36

DAC 1.50 0.98 0.49 0.83 1.91 / 1.51 42.12 0.97 0.54 0.82 1.83 / 1.42 40.27

BigCodec 1.04 0.49 0.84 0.93 3.26 / 2.68 89.54 0.56 0.84 0.92 3.06 / 2.46 85.25

WavTokenizer 0.90 0.53 0.68 0.91 2.89 / 2.38 83.46 0.61 0.72 0.91 2.80 / 2.35 81.91

SpeechTokenizer 1.50 0.22 0.52 0.84 2.00 / 1.57 58.34 0.42 0.52 0.84 1.92 / 1.49 57.17

Semanticodec 1.50 0.58 0.72 0.88 2.63 / 2.02 77.75 0.67 0.75 0.88 2.58 / 2.07 74.74

Mimi 1.10 0.28 0.73 0.90 2.79 / 2.24 72.74 0.41 0.79 0.90 2.80 / 2.25 74.46

XCodec 2.0 0.80 0.30 0.82 0.91 3.03 / 2.43 89.01 0.43 0.85 0.91 2.94 / 2.39 90.02

XY-Tokenizer 1.00 0.13 0.85 0.92 3.10 / 2.50 90.17 0.25 0.87 0.91 2.99 / 2.49 90.14

ZH – AISHELL-2 ZH – CommonVoice

kbps CER↓ SIM↑ STOI↑ PESQ↑ MUS.↑ CER↓ SIM↑ STOI↑ PESQ↑ MUS.↑

Reference – – – – – 91.00 – – – – 90.10

EnCodec 1.50 0.44 0.45 0.82 1.80 / 1.48 40.54 0.53 0.60 0.81 1.94 / 1.59 41.44

DAC 1.50 0.50 0.41 0.79 1.67 / 1.37 39.47 0.60 0.57 0.80 1.86 / 1.53 49.45

BigCodec 1.04 0.50 0.69 0.87 2.54 / 2.06 87.34 0.55 0.75 0.86 2.48 / 2.01 88.13

WavTokenizer 0.90 0.43 0.61 0.85 2.24 / 1.88 80.34 0.54 0.71 0.84 2.36 / 1.95 85.97

SpeechTokenizer 1.50 0.38 0.38 0.76 1.60 / 1.33 35.42 0.48 0.48 0.77 1.73 / 1.41 37.14

Semanticodec 1.50 0.34 0.67 0.84 2.39 / 1.92 77.42 0.50 0.73 0.82 2.38 / 1.87 75.91

Mimi 1.10 0.53 0.59 0.85 2.24 / 1.78 73.43 0.60 0.72 0.84 2.43 / 1.97 79.21

XCodec 2.0 0.80 0.37 0.73 0.86 2.45 / 1.96 89.49 0.43 0.80 0.84 2.45 / 1.96 86.55

XY-Tokenizer 1.00 0.11 0.79 0.87 2.63 / 2.12 89.66 0.21 0.84 0.85 2.54 / 2.05 89.64

Table 2: Semantic and acoustic evaluation on English and Chinese datasets. WER/CER are measured by an ASR
probing task and reported in the range [0, 1] (lower is better), while higher SIM, STOI, PESQ (NB/WB), and MUS.
indicate better speech reconstruction quality; MUS. denotes the MUSHRA score.

3.2 Metrics291

Reconstruction Evaluation. Speech reconstruc-292

tion quality is evaluated using both objective and293

subjective metrics. For objective evaluation, we294

report speaker similarity (SIM), which is com-295

puted as the cosine similarity between speaker296

embeddings extracted from the original and re-297

constructed audio using a pretrained speaker ver-298

ification model1. We additionally report short-299

time objective intelligibility (STOI) (Taal et al.,300

2010) and perceptual evaluation of speech quality301

(PESQ) (Rix et al., 2001), following common prac-302

tice. For subjective evaluation, we conduct a crowd-303

sourced listening test inspired by the MUSHRA304

protocol (Series, 2014), where listeners rate the305

perceptual quality of each audio sample on a scale306

from 1 to 100.307

Reconstruction evaluation is conducted on mul-308

tiple datasets covering both English and Chi-309

nese, including LibriSpeech test-clean (Panayotov310

et al., 2015), VoxPopuli-EN dev-clean (Wang et al.,311

2021), AISHELL-2 dev_ios (Du et al., 2018), and312

1https://github.com/microsoft/UniSpeech/tree/
main/downstreams/speaker_verification

the Common Voice ZH test set (Ardila et al., 2020). 313

These datasets span diverse recording conditions, 314

ranging from clean speech to in-the-wild noisy sce- 315

narios, enabling a comprehensive assessment of 316

reconstruction quality and robustness across lan- 317

guages and acoustic environments. 318

Semantic Evaluation. To evaluate the semantic 319

alignment between the codec and textual represen- 320

tations, we conduct an automatic speech recogni- 321

tion probing task, following the protocol of the 322

SUPERB benchmark (Yang et al., 2021). In this 323

task, the pretrained codec is kept frozen, and a 324

lightweight downstream ASR model is trained on 325

top of the quantized speech embeddings to as- 326

sess how well semantic information is preserved. 327

We use word error rate (WER) and character error 328

rate (CER) to measure the alignment between the 329

speech tokens and the corresponding text. Details 330

of this task can be found in Appendix C. 331

3.3 Evaluation Results. 332

As shown in Table 2, XY-Tokenizer achieves a 333

strong balance between semantic alignment and 334

acoustic reconstruction at comparable bitrates. 335
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EN ZH

EnCodec 0.15 / 0.14 / 0.34 0.38 / 0.21 / 0.77
DAC 0.18 / 0.18 / 0.40 0.55 / 0.24 / 1.63
Semantic Codec 0.18 / 0.19 / 0.39 0.41 / 0.19 / 1.47
BigCodec 0.12 / 0.13 / 0.30 0.58 / 0.18 / 1.37
SpeechTokenizer 0.10 / 0.10 / 0.24 0.39 / 0.21 / 1.08
Mimi 0.13 / 0.13 / 0.30 0.64 / 0.33 / 0.99
WavTokenizer 0.17 / 0.17 / 0.38 0.51 / 0.19 / 1.57
XCodec 2.0 0.12 / 0.13 / 0.27 0.29 / 0.18 / 0.38
XY-Tokenizer 0.06 / 0.07 / 0.12 0.17 / 0.12 / 0.19

Table 3: LLM-based speech understanding performance
on English and Chinese datasets. For EN, values cor-
respond to WER on LibriSpeech dev-clean / test-clean
/ test-other; for ZH, values correspond to CER on
AISHELL-2 test iOS / Android / Mic.

ZH EN

SIM↑ WER↓ SIM↑ WER↓

Llasa-1B-250k 0.669 0.0189 0.572 0.0322
Llasa-3B-250k 0.675 0.0160 0.579 0.0314
Llasa-8B-250k 0.684 0.0159 0.574 0.0297
Spark-TTS 0.672 0.0120 0.584 0.0198

Mimi-TTS 0.590 0.0247 0.550 0.0430
XY-Tokenizer-TTS 0.695 0.0174 0.629 0.0181

Table 4: LLM-based speech generation performance on
the Seed-TTS-Eval benchmark.

At approximately 1 kbps, XY-Tokenizer delivers336

high reconstruction quality while maintaining low337

WER/CER, outperforming or matching state-of-338

the-art codecs that typically excel in only one as-339

pect. This advantage is consistent across both En-340

glish and Chinese datasets and holds under clean,341

noisy, and in-the-wild conditions. These results342

demonstrate that XY-Tokenizer provides a robust343

low-bitrate representation that preserves both lin-344

guistic structure and acoustic fidelity across lan-345

guages and recording scenarios.346

3.4 LLM-Based Speech Understanding and347

Generation348

We evaluate XY-Tokenizer and prior speech tok-349

enizers on LLM-based speech understanding and350

generation tasks using a purely autoregressive351

decoder-only formulation for both tasks. Imple-352

mentation details are provided in Appendix D.353

For speech understanding, as shown in Table 3,354

XY-Tokenizer consistently achieves the lowest er-355

ror rates across all English and Chinese test sets,356

outperforming both reconstruction-oriented codecs357

and semantic tokenizers. The improvements are es- 358

pecially pronounced under challenging conditions 359

such as LibriSpeech test-other and AISHELL-2 360

Mic. 361

For speech generation, Table 4 shows that XY- 362

Tokenizer outperforms Mimi-8 in bilingual zero- 363

shot TTS, achieving higher speaker similarity and 364

lower word error rates across both languages. We 365

compare against Mimi-8 as it shares a similar 366

codec configuration (12.5 Hz frame rate and 8-layer 367

RVQ), enabling a controlled and fair comparison 368

under the same autoregressive setting. Moreover, 369

XY-Tokenizer matches or exceeds strong purely 370

autoregressive TTS systems in speaker similarity. 371

Overall, these results demonstrate that XY- 372

Tokenizer produces speech tokens that are effective 373

for both speech understanding and autoregressive 374

speech generation, validating its ability to mitigate 375

the semantic–acoustic conflict in low-bitrate set- 376

tings. 377

4 Analysis 378

4.1 Ablation Study 379

We conduct ablation studies to analyze how dif- 380

ferent design choices affect the balance between 381

semantic alignment and acoustic reconstruction in 382

XY-Tokenizer. Unless otherwise specified, all abla- 383

tions are performed during pre-training under iden- 384

tical settings. 385

Shared Parameters Cause Conflicts. We com- 386

pare XY-Tokenizer with single-channel variants 387

that share parameters between semantic and acous- 388

tic modeling by removing the semantic encoder. As 389

shown in Table 5, increasing the encoder capacity 390

in the single-channel setting does not improve re- 391

construction quality, while achieving similar ASR 392

probing performance. In contrast, the dual-encoder 393

design of XY-Tokenizer consistently yields higher 394

speaker similarity. These results indicate that dis- 395

entangling semantic and acoustic modeling is 396

more effective than scaling model capacity un- 397

der shared representations, and that parameter 398

sharing is a primary source of semantic–acoustic 399

conflict. 400

Fixing the LLM Encourages Unified Discrete 401

Representations. We study the effect of making 402

the pretrained semantic decoder (LLM) trainable 403

during pre-training. As shown in Table 6, a train- 404

able LLM reduces the decoder-side LLM WER, but 405

consistently degrades ASR probing performance. 406
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Model Encoder Params WER ↓ SIM ↑ STOI ↑ PESQ ↑

XY-Tokenizer small 259M 0.13 0.80 0.92 3.12 / 2.61
Single-channel small 115M 0.13 0.77 0.92 2.92 / 2.45
Single-channel medium 356M 0.12 0.77 0.92 2.88 / 2.38

Table 5: Impact of reducing parameter sharing between semantic and acoustic modeling. Params denote the number
of encoder parameters.

LLM Setting Steps Probing WER ↓ LLM WER ↓ SIM ↑ STOI ↑ PESQ ↑

Fixed
200K 0.13 0.06 0.80 0.92 3.12 / 2.61
400K 0.13 0.05 0.81 0.93 3.22 / 2.67
800K 0.13 0.05 0.84 0.93 3.35 / 2.83

Trainable
200K 0.18 0.03 0.80 0.93 3.21 / 2.69
400K 0.20 0.04 0.82 0.93 3.32 / 2.77
800K 0.24 0.03 0.84 0.94 3.46 / 2.96

Table 6: Effect of LLM trainability during pre-training. Probing WER is measured on the ASR probing task
(Section 3.2), while LLM WER is computed from text decoded by the semantic decoder.

Params WER↓ SIM↑ PESQ↑ RTF↓

Base 246M 0.57 0.75 2.96 / 2.41 0.0034
Small 520M 0.13 0.80 3.12 / 2.61 0.0053
Large 2185M 0.09 0.82 3.18 / 2.68 0.0136

Table 7: Effect of model scaling on semantic–acoustic
performance.

This indicates that when the LLM is trainable, se-407

mantic and acoustic objectives tend to be optimized408

separately, with semantic modeling increasingly409

handled by the decoder rather than the tokenizer.410

Fixing the LLM instead places semantic supervi-411

sion on the encoder and quantizer, encouraging412

the tokenizer to learn more unified, text-aligned413

discrete representations.414

Scaling Model Capacity Improves Semantic–415

Acoustic Trade-off. We study the effect of scal-416

ing up model size while keeping the architecture417

unchanged. As shown in Table 7, increasing model418

size consistently improves both semantic alignment419

and acoustic reconstruction.420

The performance gap between the base model421

and larger variants suggests that limited capacity422

constrains the model’s ability to learn a unified dis-423

crete representation that jointly captures semantic424

and acoustic information. While further scaling425

continues to bring gains, it also incurs substantially426

higher training and inference costs. Overall, the427

small configuration provides a favorable balance428

between performance and computational efficiency.429

Encoder Init ASR Superv. WER↓

× ✓ 0.27
✓ × 0.58
✓ ✓ 0.13

Table 8: Effect of audio-to-text supervision on semantic
alignment. ✓indicates that the encoder is initialized
from pretrained Whisper weights or that an LLM-based
ASR objective is applied during pretraining.

Audio-to-Text Supervision Improves Semantic 430

Alignment. We analyze two mechanisms that 431

contribute to speech–text alignment during speech 432

codec training: encoder initialization and explicit 433

ASR supervision. As shown in Table 8, initializ- 434

ing the encoder with pretrained Whisper weights 435

significantly improves ASR probing performance 436

compared to training from scratch under the same 437

architecture, indicating a strong inductive bias for 438

text alignment that reduces training difficulty. 439

Beyond initialization, we further examine the 440

effect of attaching a semantic decoder and optimiz- 441

ing an explicit ASR loss during codec training. Re- 442

moving this ASR supervision leads to a substantial 443

degradation in ASR probing performance, confirm- 444

ing that explicit ASR supervision remains essential 445

for aligning discrete speech representations with 446

text, even when starting from a strongly pretrained 447

encoder. 448
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LibriSpeech VoxPopuli

WER ∆WER WER ∆WER

HuBERT-base 0.06 – 0.20 –
WavLM-large 0.04 – 0.12 –
W2v-BERT 0.12 – 0.19 –
Whisper-small 0.07 – 0.15 –

SpeechTokenizer 0.22 +0.16 0.42 +0.22
Mimi 0.28 +0.24 0.41 +0.29
XCodec 2.0 0.30 +0.18 0.43 +0.24
XY-Tokenizer 0.13 +0.06 0.25 +0.10

Table 9: Semantic alignment comparison between pre-
trained SSL/ASR encoders and speech codecs. WER is
measured on the ASR probing task (Section 3.2). Pre-
trained encoders are listed above the horizontal divider,
and speech codecs are listed below. ∆WER denotes the
absolute gap between each speech codec and its corre-
sponding teacher model (for distillation-based codecs)
or pretrained encoder.

4.2 ASR Supervision Narrows the Semantic449

Gap to Pretrained Encoders450

We further analyze ASR-driven semantic model-451

ing in XY-Tokenizer by comparing its semantic452

alignment with strong pretrained speech encoders.453

Unlike prior codecs that rely on distillation from454

pretrained encoders, XY-Tokenizer directly lever-455

ages speech–text pairs through an explicit LLM-456

based ASR loss to align discrete representations457

with text.458

Table 9 reports WER on the ASR probing task459

for pretrained encoders and speech codecs, together460

with the absolute gap (∆WER) to the correspond-461

ing pretrained encoder. XY-Tokenizer consistently462

shows a substantially smaller gap to its seman-463

tic upper bound than prior codec baselines across464

datasets.465

These results indicate that explicit ASR super-466

vision provides a more effective mechanism for467

injecting linguistic structure into low-bitrate dis-468

crete representations than distillation-based ap-469

proaches, enabling XY-Tokenizer to more closely470

match the semantic abstraction level of pretrained471

ASR/SSL models.472

4.3 Encoder-level Analysis: Semantic vs.473

Acoustic Representations474

To understand why separating the encoder into475

semantic and acoustic components mitigates the476

semantic–acoustic conflict, we analyze the repre-477

sentational properties of each encoder while con-478

WER↓ SIM↑ STOI↑ PESQ↑

SemEnc 0.06 0.51 0.83 1.53 / 1.27
AcuEnc 0.23 0.93 0.97 3.99 / 3.63

Table 10: Comparison between semantic and acoustic
encoders. SemEnc and AcuEnc denote the semantic
encoder and acoustic encoder, respectively.

trolling for other factors. We evaluate their ability 479

to align speech representations with text and to 480

model fine-grained acoustic details. Specifically, 481

we freeze the encoder and independently feed its 482

outputs into a decoder trained without an adver- 483

sarial discriminator, and perform the ASR probing 484

task described in Section 3.2. 485

Table 10 summarizes the results. The semantic 486

encoder achieves substantially lower WER in ASR 487

probing, indicating stronger speech–text alignment. 488

In contrast, the acoustic encoder consistently out- 489

performs the semantic encoder on reconstruction- 490

related metrics, including SIM, STOI, and PESQ, 491

demonstrating superior modeling of acoustic fi- 492

delity. 493

These results reveal a clear functional special- 494

ization between the two encoders: the semantic 495

encoder primarily captures text-aligned representa- 496

tions, while the acoustic encoder focuses on signal 497

fidelity. This separation of roles provides direct ev- 498

idence that reducing parameter sharing between se- 499

mantic and acoustic modeling effectively alleviates 500

the semantic–acoustic conflict in XY-Tokenizer. 501

5 Related Work 502

Related work on speech large language models and 503

neural speech codecs is provided in Appendix I. 504

6 Conclusion 505

We presented XY-Tokenizer, a low-bitrate (around 506

1 kbps) speech codec designed to mitigate the 507

semantic–acoustic conflict. XY-Tokenizer adopts 508

a dual-tower architecture with minimal parame- 509

ter sharing and a two-stage training pipeline that 510

combines text-aligned supervision with codec re- 511

construction and perceptual refinement. Experi- 512

mental results and analyses support the effective- 513

ness of these design choices in balancing semantic 514

alignment and reconstruction fidelity. Overall, XY- 515

Tokenizer offers a practical low-bitrate representa- 516

tion that effectively facilitates both speech under- 517

standing and speech generation with LLM-based 518

models. 519
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Limitations520

Despite the effectiveness of the proposed approach,521

this work has several limitations. The scaling be-522

havior of speech codecs remains insufficiently un-523

derstood. In particular, how parameter count and524

dataset size affect training efficiency and general-525

ization warrants further investigation. In addition,526

the proposed multi-stage training strategy intro-527

duces extra complexity, which may limit scalability528

under constrained computational budgets.529

Ethical Considerations530

This work studies a speech codec at the represen-531

tation level and is intended for research purposes.532

Ethical considerations such as privacy, bias, and533

misuse are primarily determined by downstream534

applications rather than the codec itself. We encour-535

age responsible use in accordance with established536

ethical guidelines.537
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A Details of Architecture908

A.1 Adapter909

To enhance the flexibility of embeddings, we in-910

corporate lightweight Transformer-based (Vaswani911

et al., 2017) adapter modules at multiple compo-912

nents of the XY-Tokenizer. Each adapter consists913

of a 4-layer Transformer with a hidden dimension914

of 768, a feed-forward network (FFN) dimension of915

3072, and 12 attention heads. Adapters are placed916

after the semantic encoder, before and after the917

quantizer, and before the LLM-based semantic de-918

coder.919

A.2 Encoder920

The input waveform is resampled to 16 kHz, and921

an 80-channel mel-spectrogram is computed using922

a 25 ms window length and a 10 ms hop length to923

serve as the input to the encoder.924

The semantic encoder adopts the Whisper-small925

encoder configuration and processes the mel-926

spectrogram through the following modules: (1) a927

1D convolutional layer with a kernel size of 3 and928

a stride of 1, projecting the 80-dimensional input929

to a hidden dimension of 768; (2) a GELU activa-930

tion function (Hendrycks and Gimpel, 2016); (3) a931

second 1D convolutional layer with a kernel size932

of 3 and a stride of 2, reducing the sequence length933

by a factor of 2; (4) another GELU activation func-934

tion; (5) sinusoidal positional embeddings; (6) a935

transformer with 12 layers, 12 attention heads, a936

dimension of 768, and a feed-forward network di-937

mension of 3072. The semantic encoder’s output938

is then passed to (7) an adapter module (detailed in939

Appendix A.1). The semantic encoder’s parameters940

are fixed during training.941

The acoustic encoder follows a similar architec-942

ture to the semantic encoder but is trainable and943

excludes the adapter module. The outputs of the944

semantic and acoustic encoders are concatenated945

along the feature dimension.946

A.3 Quantizer947

We employ a residual vector quantizer (RVQ) with948

8 layers and a codebook size of 1024 per layer. The949

codebook is updated using an exponential moving950

average (EMA) with a weight decay of 0.99. To951

prevent codebook collapse, unused codebook en-952

tries are randomly replaced with input vectors from953

the current batch after several training steps. The954

codebook is initialized using k-means clustering955

with 10 iterations. A 4× downsampling convolu-956

tional layer is applied before the quantizer, reduc- 957

ing the encoder’s 50 Hz embeddings to 12.5 Hz, 958

resulting in a bitrate of 1 kbps for our proposed 959

XY-Tokenizer. Adapter modules (detailed in Ap- 960

pendix A.1) are placed before the downsampling 961

convolution and after the quantizer. 962

A.4 Decoder 963

The decoder processes quantized features through 964

two distinct pathways: the semantic decoder for 965

text prediction and the acoustic decoder for audio 966

reconstruction. 967

The semantic decoder takes the output of the 968

quantizer as input, passes it through an adapter 969

(detailed in Appendix A.1), and uses the resulting 970

features as conditioning input for a decoder-only 971

large language model (LLM). The LLM, based on 972

Qwen2.5-0.5B (Yang et al., 2024a), has a hidden 973

dimension of 896, an intermediate layer size of 974

4864, and 24 layers, generating the final predicted 975

text corresponding to the input speech. 976

The acoustic decoder takes the output of the 977

quantizer as input, applies a 4× upsampling convo- 978

lution to reach 50 Hz, and follows a structure sym- 979

metric to the acoustic encoder to achieve 100 Hz. 980

Finally, a 30-layer Vocos model (Siuzdak, 2023) 981

with a hop size of 160 reconstructs the 16 kHz 982

audio waveform. 983

A.5 Discriminators. 984

To ensure high perceptual quality, we employ three 985

discriminator models: multi-period discriminator 986

(MPD) (Kong et al., 2020), multi-scale discrimi- 987

nator (MSD) (Kumar et al., 2019), and multi-scale 988

short-time Fourier transform discriminator (MS- 989

STFTD) (Défossez et al., 2022). The parameters of 990

our discriminator models are consistent with those 991

used in SpeechTokenizer (Zhang et al., 2023b). 992

B Details of Baseline Model 993

In this section, we provide detailed descriptions of 994

the baseline speech codecs used in our experiments. 995

For a fair comparison, we focus on representative 996

open-source speech codecs operating at approxi- 997

mately 1 kbps. 998

Encodec. We use the official 24 kHz model with 999

a 2-layer residual vector quantization (RVQ) bot- 1000

tleneck2. 1001

2https://huggingface.co/facebook/encodec_24khz
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Descript Audio Codec (DAC). We adopt the offi-1002

cial implementation with a sampling rate of 24 kHz1003

and a 2-layer RVQ bottleneck.1004

BigCodec. We use the official checkpoints re-1005

leased by the authors.1006

WavTokenizer. We use the official1007

WavTokenizer-large-320-24k-4096 model1008

configuration.1009

SpeechTokenizer. In Sections 3 and 4, we1010

adopt the official speechtokenizer_hubert_avg1011

model3, and use a 3-layer residual vector quanti-1012

zation (RVQ-3) configuration. Additionally, we1013

train a modified variant of SpeechTokenizer us-1014

ing the official codebase, modifying only the1015

RVQ configuration and the distillation weight1016

(distill_loss_lambda). Specifically, we reduce1017

the number of RVQ layers from 8 to 3 and set1018

distill_loss_lambda to 24 (5× smaller than1019

the official setting). We refer to this variant as1020

SpeechTokenizer-x.1021

Semanticodec. We use the official model with a1022

token rate of 100 and a semantic vocabulary size1023

of 32,768.1024

Mimi. We employ the official RVQ-8 version1025

provided by the authors.1026

XCodec 2.0. We employ the official checkpoints1027

provided by the authors.1028

C Details of ASR Probing Task1029

This section provides detailed descriptions of the1030

automatic speech recognition (ASR) probing task1031

used to evaluate the semantic alignment of discrete1032

speech representations.1033

Downstream ASR Model. The downstream1034

ASR model used for probing consists of a two-layer1035

bidirectional LSTM trained with a CTC loss for1036

character-level prediction (Hochreiter and Schmid-1037

huber, 1997; Graves et al., 2006). During probing,1038

the pretrained speech codec is kept frozen, and only1039

the ASR model parameters are updated.1040

Embedding Upsampling for Low-Bitrate1041

Codecs. To enable effective alignment in the1042

ASR probing task, particularly for low-bitrate1043

speech codecs, we upsample the quantized speech1044

embeddings for models with a frame rate below1045

3https://huggingface.co/fnlp/SpeechTokenizer/
tree/main/speechtokenizer_hubert_avg

50 Hz to a minimum of 50 Hz using simple 1046

replication. This design choice is motivated by 1047

the requirements of the connectionist temporal 1048

classification (CTC) loss, which relies on a 1049

sufficiently long input sequence length (T ) relative 1050

to the target sequence length (U ) to perform 1051

alignment. Specifically, CTC requires T ≥ U 1052

to assign at least one time step to each target 1053

label, and in the worst case T ≥ 2U + 1 to 1054

account for blank symbols between labels and 1055

at sequence boundaries. Without upsampling, 1056

low-frame-rate discrete representations may 1057

violate these constraints, preventing effective 1058

optimization. Upsampling ensures that the input 1059

sequence length is sufficiently large to satisfy the 1060

CTC alignment requirements while preserving the 1061

original token information. 1062

Datasets and Evaluation Protocol. We evalu- 1063

ate semantic performance on both English and 1064

Chinese datasets. For English, we use the Lib- 1065

riSpeech (Panayotov et al., 2015) and VoxPopuli- 1066

EN (Wang et al., 2021) corpora. All models are 1067

trained on the LibriSpeech train-clean-100 sub- 1068

set and evaluated on the dev-clean set. To as- 1069

sess robustness to domain shift, we further test on 1070

the VoxPopuli-EN dev split, where 100 hours of 1071

speech are randomly sampled from the training 1072

subset. Semantic alignment on English datasets is 1073

measured using word error rate (WER). 1074

For Chinese evaluation, we adopt AISHELL- 1075

2 (Du et al., 2018) and Common Voice ZH (Ardila 1076

et al., 2020) as testbeds. We randomly se- 1077

lect 100 hours of audio from the AISHELL-2 1078

training subset for training and evaluate on the 1079

AISHELL-2_iOS_dev set. For Common Voice ZH, 1080

models are trained on the official training split and 1081

evaluated on a randomly sampled set of 2,000 utter- 1082

ances from the test split. Semantic performance on 1083

Chinese datasets is measured using character error 1084

rate (CER). 1085

Training Configuration. All ASR probing mod- 1086

els are trained for 400,000 steps with a maximum 1087

learning rate of 1× 10−4. We use a batch size of 4 1088

for English datasets and 16 for Chinese datasets. 1089

D Details of LLM-based Speech 1090

Understanding and Generation Task 1091

D.1 Speech Understanding 1092

Model and Training Details. We adopt Qwen3- 1093

0.6B (Yang et al., 2025a) as the backbone of the 1094
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LLM-based speech understanding model. To ac-1095

commodate discrete speech representations, we ex-1096

tend the text token vocabulary to include codec-1097

specific speech tokens. Specifically, if a codec pro-1098

duces Nq discrete tokens at each time step, we intro-1099

duce Nq corresponding speech token embeddings1100

into the vocabulary. At each time step, the embed-1101

dings of the Nq speech tokens are summed and1102

used as the input embedding to the LLM, which is1103

trained to autoregressively predict the correspond-1104

ing text token sequence.1105

All models are trained under identical settings to1106

ensure fair comparison. We use a global batch size1107

of 128 samples, train the model for 12 epochs, and1108

adopt a maximum learning rate of 1× 10−4 for all1109

experiments.1110

Datasets. We perform bilingual training using1111

both English and Chinese speech data. For1112

English, we use the LibriSpeech training sub-1113

sets train-clean-100, train-clean-360, and1114

train-other-500, totaling approximately 9601115

hours of speech. For Chinese, we use the1116

AISHELL-2 training set, which contains approxi-1117

mately 800 hours of speech. All speech data are1118

first encoded into discrete codec tokens before be-1119

ing fed into the LLM.1120

Evaluation Protocol. During evaluation, we re-1121

port word error rate (WER) on the LibriSpeech1122

dev-clean, test-clean, and test-other sets,1123

and character error rate (CER) on the AISHELL-1124

2 iOS, Android, and Mic test sets. Lower error1125

rates indicate stronger alignment between the dis-1126

crete speech tokens and the underlying linguistic1127

content.1128

D.2 Speech Generation1129

Model Architecture and Training Details We1130

adopt Qwen3-1.7B (Yang et al., 2025a) as the1131

backbone language model and follow the RQ-1132

Transformer architecture used in Moshi (Défos-1133

sez et al., 2024), which consists of a Temporal1134

Transformer and a lightweight Depth Transformer.1135

The Temporal Transformer is initialized from the1136

pretrained Qwen3-1.7B model, while the Depth1137

Transformer contains four Transformer blocks with1138

a hidden size of 1536 and a feed-forward dimen-1139

sion of 8960. All other architectural and optimiza-1140

tion settings are kept consistent with the Tempo-1141

ral Transformer. During training, text tokens and1142

speech tokens are concatenated along the temporal1143

dimension, and the training loss is computed only1144

on the speech tokens. We use a global batch size of 1145

approximately 0.52M tokens and train the model 1146

for 200k steps, and set the maximum learning rate 1147

to 1× 10−4. The model is trained on the VoxBox 1148

dataset proposed in Spark-TTS (Wang et al., 2025) 1149

Evaluation Protocol. We evaluate zero-shot TTS 1150

performance using the Seed-TTS-Eval bench- 1151

mark (Anastassiou et al., 2024). Both English (EN) 1152

and Chinese (ZH) subsets are evaluated using word 1153

error rate (WER) and speaker similarity (SIM). Dur- 1154

ing inference, the prompt text, reference speech, 1155

and target text are concatenated along the temporal 1156

dimension, and the model autoregressively gener- 1157

ates the target speech tokens. 1158

E Details of Ablation Studies 1159

We provide details of ablation studies as mentioned 1160

in Section 4.1 1161

Common Setup. Unless otherwise stated, all ab- 1162

lation variants are trained during the pre-training 1163

stage without post-training refinement. All mod- 1164

els use the same training data and preprocessing 1165

pipeline described in Section 3.1, as well as an iden- 1166

tical quantizer configuration operating at 1 kbps 1167

and the same codec decoder architecture. 1168

For all ablation experiments, we employ a global 1169

batch size of 128 and train the models for 200,000 1170

optimization steps. We use the AdamW optimizer 1171

with a maximum learning rate of 1 × 10−4. All 1172

loss terms and their corresponding weights are kept 1173

identical for all ablations. 1174

Shared-Parameter Ablations. For the shared- 1175

parameter ablations, we compare the dual-encoder 1176

design of XY-Tokenizer with single-channel vari- 1177

ants. In the single-channel setting, the semantic and 1178

acoustic encoders are replaced by a single shared 1179

encoder, while the quantizer and decoder remain 1180

unchanged. To control for model capacity, we ad- 1181

ditionally evaluate a larger single-channel encoder 1182

initialized from Whisper-medium. 1183

LLM Trainability. To study the effect of LLM 1184

trainability, the semantic decoder is either fixed 1185

or jointly optimized during pre-training. In the 1186

trainable setting, all LLM parameters are updated 1187

together with the codec, while the tokenizer archi- 1188

tecture and capacity are kept identical. No other 1189

training configurations are changed. 1190

Model Scaling. For model scaling experiments, 1191

we increase encoder capacity by replacing the 1192
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Whisper-small initialization with Whisper-base or1193

Whisper-large, while keeping the dual-encoder ar-1194

chitecture unchanged. The quantizer, decoder, and1195

training procedure are identical across all scaled1196

variants.1197

ASR Supervision. For the ASR supervision ab-1198

lations, all experiments are conducted under the1199

single-channel encoder setting. We consider three1200

configurations that vary encoder initialization and1201

explicit ASR supervision: (1) a model initialized1202

from pretrained Whisper weights and trained with1203

an explicit LLM-based ASR loss; (2) a model1204

trained with the same ASR loss but without Whis-1205

per initialization, i.e., trained from scratch; and1206

(3) a model initialized from pretrained Whisper1207

weights but trained without the ASR loss. In all1208

cases, the codec architecture, quantizer configu-1209

ration, and training schedule are kept identical,1210

and only the presence of Whisper initialization and1211

ASR supervision differs across variants.1212

F Additional Ablations1213

F.1 Choice of Acoustic Decoder1214

SIM↑ STOI↑ PESQ↑

Vocos 0.82 0.93 3.23 / 2.69
HiFi-GAN 0.81 0.92 3.07 / 2.55
SEANet 0.82 0.93 3.11 / 2.58

Table 11: Comparison of various acoustic decoders.

We conducted an ablation study on the acoustic1215

decoder. We trained a 12.5Hz RVQ-8 autoencoder1216

(consisting of only an acoustic encoder, quantizer,1217

and acoustic decoder, with no semantic encoder1218

or decoder, and only the pre-training stage) for1219

180k steps. We used three models as the acoustic1220

decoder: Vocos (used in XY-Tokenizer), SEANet1221

decoder (Tagliasacchi et al., 2020) (also used in1222

Mimi Codec), and HiFi-GAN vocoder (Kong et al.,1223

2020).1224

Based on the results detailed in Table 11, Vocos1225

demonstrated superior reconstruction performance1226

compared to both HiFi-GAN and SEANet. This1227

finding validates the effectiveness of our method in1228

generating high-quality speech.1229

F.2 Necessity of Two-Stage Training Strategy1230

We adopt a two-stage training strategy. In the pre-1231

training stage, the encoder and quantizer of the1232

XY-Tokenizer are optimized through an ASR task1233

Enc Dec LLM Disc TP

Single-stage ✓ ✓ ✓ ✓ 40.8

Pre-training ✓ ✓ ✓ × 136.7
Post-training × ✓ × ✓ 46.6

Table 12: Training efficiency comparison between
single-stage and two-stage training strategies. ✓indicate
trainable modules. TP denotes training throughput, mea-
sured as processed audio seconds per GPU per second.

to align their representations with text, while a re- 1234

construction task is employed to capture coarse- 1235

grained acoustic features. In the post-training 1236

stage, we freeze the encoder and quantizer to pre- 1237

serve the text-token alignment ability of the XY- 1238

Tokenizer, and introduce a discriminator to model 1239

fine-grained acoustic information. This design 1240

choice is motivated by the following considera- 1241

tions: 1242

Training stability From our empirical exper- 1243

iments, we found that the RVQGAN structure 1244

becomes unstable at low bitrates (approximately 1245

≤ 1.5 kbps). Removing the discriminator during 1246

pre-training significantly improved stability. 1247

Training efficiency As shown in Section 3 and 1248

Table 12, during the pre-training stage we use a 1249

batch size of 4, with each audio padded to 30 sec- 1250

onds (same as Whisper), resulting in 120 seconds 1251

of audio per GPU. In the post-training stage, we 1252

use a batch size of 16, with each audio clipped 1253

to 5 seconds, resulting in 80 seconds of audio per 1254

GPU. In both stages, GPU memory utilization is 1255

already close to its maximum capacity. We further 1256

observe that incorporating the discriminator in 1257

the post-training stage substantially increases 1258

computational cost and reduces throughput dur- 1259

ing training. If the two stages were merged, the 1260

batch size would need to be reduced even further, 1261

resulting in much lower training efficiency. 1262

Therefore, we employ the two-stage training 1263

strategy to balance stability, efficiency, and model- 1264

ing capability. 1265

G Semantic vs. Acoustic Encoder 1266

Analysis 1267

G.1 t-SNE Visualization of Latent 1268

Representations 1269

To gain qualitative insights into how different 1270

model components encode semantic and acous- 1271
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Figure 3: t-SNE visualization of latent representations from the semantic encoder, acoustic encoder, and the
quantized outputs of XY-Tokenizer. Each color represents a unique text transcript spoken by multiple different
speakers.

tic information, we visualize their latent represen-1272

tations using t-SNE (Maaten and Hinton, 2008).1273

Specifically, we compare the latent spaces pro-1274

duced by the semantic encoder, the acoustic en-1275

coder, and the final quantized outputs of XY-1276

Tokenizer. Both semantic encoder and acoustic1277

encoder follow the same configuration as described1278

in Section 4.3.1279

We randomly select several text transcripts from1280

the AISHELL-2 dataset and collect multiple utter-1281

ances for each transcript spoken by different speak-1282

ers. For all models, frame-level representations are1283

mean-pooled along the temporal dimension before1284

applying t-SNE to obtain a two-dimensional visu-1285

alization. Figure 3 visualizes the resulting latent1286

spaces, with colors indicating different transcripts.1287

The semantic encoder exhibits highly compact1288

and well-separated clusters organized primarily by1289

textual content. Utterances sharing the same tran-1290

script are tightly grouped together despite speaker1291

variation, indicating that the semantic encoder is1292

more biased toward preserving content-related in-1293

formation, with reduced sensitivity to acoustic vari-1294

ations such as speaker identity.1295

In contrast, representations produced by the1296

acoustic encoder are considerably more dispersed.1297

Samples corresponding to the same text are scat-1298

tered across the latent space, while being less struc-1299

tured with respect to textual content compared to1300

the semantic encoder.1301

Notably, the XY-Tokenizer produces latent rep-1302

resentations that are more structured than those of1303

the acoustic encoder, while remaining less compact1304

than those of the semantic encoder. Its quantized1305

outputs form discernible text-dependent clusters,1306

yet exhibit increased intra-cluster variance com-1307

pared to the semantic encoder. This observation 1308

suggests that XY-Tokenizer strikes a balance be- 1309

tween semantic abstraction and acoustic diversity, 1310

yielding representations that retain semantic coher- 1311

ence while preserving relevant acoustic details. 1312

G.2 Mel-spectrogram Analysis 1313

Figure 4 shows mel-spectrograms of raw speech 1314

and the corresponding resynthesized outputs from 1315

two speakers uttering the same text at compa- 1316

rable speaking rates. The resynthesized speech 1317

from the semantic encoder exhibits noticeably 1318

smoother spectral patterns, with attenuated high- 1319

frequency components and reduced fine-grained 1320

spectral detail. Across the two speakers, the result- 1321

ing spectrograms appear visually similar, suggest- 1322

ing that speaker-dependent acoustic characteristics 1323

are deemphasized while coarse structures related 1324

to linguistic content are retained. 1325

In contrast, the acoustic encoder preserves sub- 1326

stantially richer spectral detail across both low- and 1327

high-frequency regions. The reconstructed spec- 1328

trograms maintain clearer harmonic structures and 1329

speaker-specific variations, indicating stronger sen- 1330

sitivity to timbre and fine-grained acoustic proper- 1331

ties. 1332

H Use Of LLMs 1333

In this work, we used a large language model 1334

(LLM) to assist with language polishing and im- 1335

proving the clarity of writing. 1336

I Related Work 1337

I.1 Speech Language Models 1338

Recent research on speech large language mod- 1339

els has attracted considerable interest (Latif et al., 1340
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Figure 4: Mel-spectrogram comparison of raw speech and synthesized speech produced by the semantic encoder,
acoustic encoder, and XY-Tokenizer. Top: Speaker A. Bottom: Speaker B, who utters the same text as Speaker A.

2023; Wu et al., 2024; Ji et al., 2024a). Au-1341

dioLM (Borsos et al., 2023) achieves high-1342

quality audio generation with coherent long-term1343

structure through coarse-to-fine token modeling.1344

SpeechGPT (Zhang et al., 2023a), the first end-1345

to-end speech large language model, features1346

strong instruction-following capabilities and ef-1347

fective spoken dialogue interaction, employing1348

a three-stage training methodology to facilitate1349

cross-modal transfer and efficient training. Intrin-1350

sicVoice (Zhang et al., 2024) implements Group-1351

Former to diminish the modality gap between text1352

and speech, thereby enabling the transfer of capabil-1353

ities from pre-trained large language models to the1354

speech domain, facilitating low-latency and high-1355

quality speech interaction in multi-turn dialogue1356

contexts. Moshi (Défossez et al., 2024) employs1357

a multi-stream architecture that concurrently pro-1358

cesses audio streams from both the user and the1359

system (Moshi itself), supporting dynamic conver-1360

sations with overlaps and interruptions, thereby1361

achieving full-duplex dialogue. Despite their dif-1362

ferences, these models critically depend on the1363

quality of speech tokenization, highlighting the1364

importance of speech codecs that balance linguistic1365

structure and acoustic detail (Betker, 2023; Wang1366

et al., 2023; Copet et al., 2023; Wang et al., 2024;1367

Du et al., 2024a).1368

I.2 Speech Codecs1369

Speech codecs play a vital role in speech large1370

language models by converting continuous speech1371

signals into discrete tokens (Barnes et al., 1996;1372

Mentzer et al., 2023; Zhu et al., 2025), enabling1373

LLMs to process speech as a form of "foreign lan-1374

guage." Neural network-based speech codecs pre- 1375

dominantly utilize the RVQGAN paradigm, which 1376

can compress audio signals into low-bitrate repre- 1377

sentations through end-to-end training (Zeghidour 1378

et al., 2021; Défossez et al., 2022; Kumar et al., 1379

2023), making them ideal for real-time communi- 1380

cation applications (Wu et al., 2023; Parker et al., 1381

2024; Du et al., 2024b; Li et al., 2025; Yang et al., 1382

2025b). BigCodec (Xin et al., 2024) achieves ex- 1383

cellent reconstruction quality even at low bitrates 1384

by scaling the encoder and decoder parameters. To 1385

align speech codec tokens with large text models, 1386

recent efforts have explored modeling both seman- 1387

tic and acoustic features simultaneously (Zhang 1388

et al., 2023b; Défossez et al., 2024; Ye et al., 1389

2025a). SpeechTokenizer (Zhang et al., 2023b) 1390

enhances the RVQGAN paradigm with semantic 1391

distillation to guide the first layer of RVQ to align 1392

with a teacher SSL model (Hsu et al., 2021). X- 1393

Codec (Ye et al., 2025a) proposes an X-shaped 1394

structure where each layer of RVQ contains both 1395

semantic and acoustic information. Mimi (Défos- 1396

sez et al., 2024) introduces a split RVQ architecture, 1397

with one channel distilled from a pretrained SSL 1398

model to capture semantic information. However, 1399

these approaches often face challenges in balancing 1400

semantic alignment and acoustic fidelity, particu- 1401

larly at low bitrates, motivating codec designs that 1402

explicitly mitigate the semantic–acoustic conflict. 1403
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