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Abstract001

Recent advances in Speech Language Models002
(SpeechLMs) have enabled end-to-end spo-003
ken dialogue systems. However, most exist-004
ing SpeechLMs rely on a single-stream or se-005
quential modeling paradigm, in which seman-006
tic reasoning and acoustic generation are ei-007
ther flattened into one stream or processed in a008
fixed Thinker–Talker order. Both paradigms009
constrain the interaction between semantic010
reasoning and acoustic generation, limiting the011
naturalness and expressiveness of spoken di-012
alogue. To address this, we propose Brain-013
Speech, a novel SpeechLM framework that014
models semantic reasoning and acoustic gen-015
eration as two parallel yet interacting streams016
within a unified large language model. To en-017
able effective cross-stream interaction, we in-018
troduce a dedicated attention mechanism that019
explicitly exchanges semantic and acoustic in-020
formation during generation. Building on this021
dual-stream formulation, we further develop022
a three-stage training strategy that preserves023
the reasoning capability of the underlying lan-024
guage model while reducing the reliance on025
large-scale spoken dialogue corpora. In ad-026
dition, we design a streaming decoding strat-027
egy that supports real-time generation of con-028
tinuous, high-fidelity speech. Experiments on029
multiple spoken dialogue benchmarks demon-030
strate that BrainSpeech produces more natu-031
ral and expressive speech and achieves supe-032
rior speech-to-speech performance compared033
to larger open-source SpeechLMs1.034

1 Introduction035

Spoken dialogue systems (Long et al., 2025) play036

a crucial role in natural human–computer interac-037

tion by lowering interaction barriers and enabling038

more intuitive and seamless user experiences.039

Traditional speech interaction pipelines (Wang040

1Audio samples are available at https://brainspeech.
github.io/

et al., 2024a) typically consist of three dedi- 041

cated components: Automatic Speech Recogni- 042

tion (ASR) (Saini and Kau, 2013) for transcrib- 043

ing speech, a large language model (LLM) (Tsai 044

et al., 2023) for generating textual responses, and 045

Text-to-Speech (TTS) (Liu et al., 2025) for syn- 046

thesizing speech outputs. However, such cas- 047

caded architectures suffer from accumulated in- 048

teraction latency and limited modeling of emo- 049

tional prosody. To overcome these limitations, 050

recent studies have increasingly explored end-to- 051

end Speech Language Model (SpeechLM)-based 052

frameworks that directly map speech inputs to 053

speech responses (Xie and Wu, 2024a; Chen et al., 054

2025b; Fang et al., 2024). In these systems, speech 055

inputs are first encoded by an audio encoder and 056

aligned to the LLM’s textual representation space 057

via an adaptor, after which speech responses are 058

generated using either discrete audio tokens (Zeng 059

et al., 2024) or continuous hidden states (Wang 060

et al., 2024b) produced by the LLM. 061

Existing end-to-end SpeechLMs can be cate- 062

gorized into sequential-stream and single-stream- 063

based systems depending on the manner in which 064

understanding and generation are carried out. 065

Sequential-stream-based systems (Yang et al., 066

2024; Chen et al., 2025a; Long et al., 2025; 067

Wang et al., 2024b; Fang et al., 2025) perform 068

text-based semantic reasoning before generating 069

speech from text tokens or continuous semantic 070

representations. These systems better preserve 071

the comprehension capabilities of LLMs but tend 072

to lose paralinguistic information such as emo- 073

tional and prosodic cues. Single-stream-based 074

systems (Zeng et al., 2024; Chen et al., 2025b; 075

Xie and Wu, 2024b; KimiTeam et al., 2025; Wu 076

et al., 2025) employ a unified LLM to simulta- 077

neously perform thinking and generation, gener- 078

ate text and audio tokens in a parallel or inter- 079

leaved manner. Although these systems are advan- 080

tageous for modeling paralinguistic information, 081
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they face challenges in preserving the knowledge082

of the LLM.083

In contrast, both single-stream and sequential-084

stream designs deviate from the dynamics of hu-085

man spoken communication, where thinking and086

speaking are supported by distinct yet tightly cou-087

pled cognitive processes that unfold concurrently.088

Motivated by this observation, we propose Brain-089

Speech, a novel dual-stream SpeechLM architec-090

ture that performs semantic reasoning and acoustic091

generation in parallel within a unified large lan-092

guage model. To facilitate effective coordination093

between the two streams, we introduce a dedi-094

cated cross-stream attention mechanism that en-095

ables explicit information exchange between se-096

mantic and acoustic representations during gener-097

ation. Combined with a three-stage training strat-098

egy, this design preserves the reasoning capability099

of the underlying language model while enhanc-100

ing implicit emotional expressiveness, without re-101

lying on scarce spoken dialogue corpora. No-102

tably, our training relies solely on open-source tex-103

tual dialogue data and TTS datasets. Furthermore,104

to support seamless and natural streaming speech105

synthesis, we develop an overlapping-buffer-based106

decoding algorithm that smooths inter-segment107

transitions via waveform splicing, together with108

a forced-chunking strategy that stabilizes process-109

ing latency through iterative batch accumulation.110

In conclusion, our contributions are as follows:111

• We propose BrainSpeech, the first SpeechLM112

framework built upon a dual-stream archi-113

tecture that simultaneously executes semantic114

and acoustic generation in separate streams115

within a unified LLM.116

• A dedicated attention mechanism is designed117

to enable explicit interaction between seman-118

tic and acoustic information across the dual-119

stream architecture.120

• Our model architecture, along with our three-121

stage training strategy, ensures system perfor-122

mance and eliminates the reliance on large-123

scale spoken dialogue corpora.124

• For inference, we develop an overlapping-125

buffer-based audio decoding algorithm that126

smooths inter-segment transitions, alongside127

a forced-chunking method to ensure real-time128

generation of continuous, high-fidelity audio.129

• Extensive experiments demonstrate that our 130

model even matches the understanding ca- 131

pability of larger models and shows supe- 132

rior performance on acoustic quality and 133

emotional expressiveness among all existing 134

SpeechLMs. 135

2 Related Work 136

Sequential-stream-based SpeechLMs, includ- 137

ing models such as MinMo (Chen et al., 138

2025a), Qwen2.5-Omni (Yang et al., 2024), and 139

LLaMA-Omni 2 (Fang et al., 2025), retain the 140

original LLM architecture to preserve textual 141

capabilities, using its hidden states as input to a 142

speech decoder for audio generation. Although 143

effective in preserving LLM knowledge, these 144

models struggle to capture rich paralinguistic 145

acoustic attributes such as emotion and prosody, 146

as only text tokens are used for autoregressive 147

modeling. 148

Single-stream-based SpeechLMs employ a uni- 149

fied LLM to simultaneously perform thinking and 150

generation, producing text and audio tokens in 151

an interleaved or parallel manner. For the inter- 152

leaved manner, as seen in GLM-4-Voice (Zeng 153

et al., 2024), VITA-Audio (Long et al., 2025) and 154

Step-Audio 2 (Wu et al., 2025), the model alter- 155

nates between text and audio tokens during gen- 156

eration, typically requiring large-scale interleaved 157

speech-text data and extensive pre-training. For 158

the parallel manner, adopted by Mini-Omni (Xie 159

and Wu, 2024a) and SLAM-Omni (Chen et al., 160

2025b), text and audio tokens are modeled au- 161

toregressively in parallel. However, these systems 162

tend to compromise the retention of original LLM 163

knowledge. 164

3 Methodology: BrainSpeech 165

Inspired by human cognitive processes, where 166

what to say and how to say occur simultaneously 167

via distinct yet interdependent mechanisms, we in- 168

troduce BrainSpeech, a novel SpeechLM which 169

employs a dual-stream architecture to decouple 170

semantic and acoustic generation within a uni- 171

fied framework. This design preserves the exten- 172

sive knowledge of LLMs and enables the acoustic 173

generation module to be trained independently on 174

standard speech corpora, eliminating the depen- 175

dency on scarce spoken dialogue data. 176
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Figure 1: The overall framework and training paradigm of BrainSpeech. (a) Model Architecture. Text and au-
dio tokens are processed by the Semantic Stream (Shared Semantic Attn + Semantic FFN) and Acoustic Stream
(Shared Semantic Attn + Acoustic Attn + Acoustic FFN), respectively. (b) Stage 1: Speech Understanding Align-
ment. Trains the Semantic Stream and Projector to enable speech understanding. (c) Stages 2 & 3: Acoustic
Generative Training. Trains the Acoustic Stream on TTS data to enable speech generation.

3.1 Model Architecture177

As illustrated in Figure 1, the architecture of178

BrainSpeech is a dual-stream architecture LLM179

that maintains semantic and acoustic processing180

streams within each block. To enable speech un-181

derstanding, speech queries are first processed by182

the pre-trained speech encoder (Radford et al.,183

2023) and mapped to the LLM’s space through a184

trainable linear projector. Then, the hidden states185

of input speech and text tokens are processed se-186

quentially through semantic attention and Feed-187

Forward Networks (FFN) inherited from LLMs,188

focusing exclusively on semantic generation. In189

contrast, the output audio tokens traverse a spe-190

cialized path for acoustic generation. They first191

utilize the shared semantic attention to extract192

high-level semantic guidance, followed by a ded-193

icated acoustic attention to model acoustic infor-194

mation (e.g. prosody and pitch) and finally acous-195

tic FFN to integrate and refine the modeled acous-196

tic information for coherent acoustic representa-197

tion synthesis. This design ensures the effective198

integration of semantic and acoustic information.199

Finally, the generated discrete audio tokens are200

converted into continuous speech waveforms us-201

ing the decoder of XCodec (Ye et al., 2025).202

3.2 Sequence Format and Terminal Control 203

In natural human communication, textual re- 204

sponses are typically accompanied by correspond- 205

ing speech signals to enhance interactive natural- 206

ness. Therefore, BrainSpeech generates responses 207

using an interleaved sequence format: 208

Ts1, <b>,As1, <e>, . . . ,Tsl, <lb>,Asl, <e> (1) 209

To support efficient streaming generation, Brain- 210

Speech imposes a fixed token budget (10:40) for 211

text and audio tokens within intermediate seg- 212

ments. However, a critical challenge is to pre- 213

vent additional audio token generation in inter- 214

mediate segments, as this would disrupt the inter- 215

leaved structure and cause a divergence from the 216

training distribution. We address this by introduc- 217

ing a special token <lb> (last begin) to explicitly 218

identify the final segment. This control mecha- 219

nism strictly constrains generation to a fixed token 220

count for intermediate segments, effectively defer- 221

ring the generation of remaining audio tokens until 222

the <lb> token is predicted, preserving structural 223

integrity during inference. 224
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3.3 Asymmetric Causal Masking225

Given the interleaved format, BrainSpeech em-226

ploys an asymmetric attention mask to disentan-227

gle the generation dependencies. Since what to228

say (text) should remain independent of how to229

say (audio), BrainSpeech masks text tokens from230

attending to audio tokens. This unidirectional231

constraint preserves the purity of semantic gen-232

eration and prevents contamination from the up-233

date of acoustic features. Formally, let Hl =234

[hl
1, . . . ,h

l
N ] denote the hidden states of layer l.235

For the text token at index i, the update process is236

constrained to:237

h̃l
i = SemanticAttn

(
hl
i, {hl

j : j ∈ T, j ≤ i}
)

hl+1
i = SemanticFFN(h̃l

i)
(2)238

Audio tokens utilize a standard causal mask to239

attend to all preceding text and audio context,240

thereby ensuring the acoustic features are semanti-241

cally aligned with text while maintaining prosodic242

coherence.243

3.4 Training Paradigm244

For the training paradigm, we employ a progres-245

sive three-stage training pipeline. This strategy246

eliminates the need for large-scale spoken dia-247

logue data by decoupling the optimization of un-248

derstanding and generation capabilities.249

Stage 1: Speech Understanding Alignment. The250

primary goal is to equip LLMs with the capa-251

bilities of speech understanding. We denote the252

parameters of the projector as θP , the semantic253

stream as θS , and the acoustic stream as θA. In254

this stage, we freeze the speech encoder and max-255

imize the likelihood of generating the correct text256

response T given the input speech query S. The257

optimization objective is:258

LStage 1 = −
|T|∑
i=1

logP (Ti|T<i,S; θP , θS) (3)259

where θA is not involved, and BrainSpeech is260

optimized to bridge the modality gap in this stage.261

Stage 2: Acoustic Generation Pre-training.262

This stage trains the acoustic stream to gener-263

ate audio tokens conditioned on the text response264

T. Specifically, we freeze θS to preserve the ca-265

pabilities of understanding and only update θA.266

The training objective is to maximize the condi-267

tional log-likelihood of the target audio sequence268

Figure 2: Inference of BrainSpeech.

A given T. We minimize the following negative 269

log-likelihood loss: 270

LStage 2&3 = −
|A|∑
t=1

logP (At|A<t,T; θA) (4) 271

This stage establishes a robust mapping from se- 272

mantic content to acoustic features. 273

Stage 3: Expressive Acoustic Generation Fine- 274

tuning. To enhance both acoustic fidelity and 275

emotional expressiveness, we fine-tune θA using 276

a composite dataset. Similar to Stage 2, θS re- 277

mains frozen. This stage enables BrainSpeech to 278

produce high-quality speech, effectively capturing 279

context-aware prosody and emotion inferred from 280

the text. 281

3.5 Inference of BrainSpeech 282

Generating long-form audio in interleaved seg- 283

ments would introduce acoustic artifacts. As 284

shown in Figure 2, we develop specific decoding 285

strategies to ensure high-fidelity speech while en- 286

abling continuous real-time streaming. 287

Overlapping-Buffer: To address boundary dis- 288

continuities caused by independent decoding in a 289

segment, we introduce overlapping-buffer. Specif- 290

ically, we concatenate the trailing tokens of the 291

preceding segment to the current segment, en- 292

suring continuity between segments. We achieve 293

seamless transitions by splicing waveforms at the 294

midpoint of the buffer, preserving the initial half 295

from the prior segment while utilizing the second 296

half from the current segment. Finally, the buffer 297

is refreshed with the current segment’s trailing to- 298

kens for the next iteration. 299

Forced-Chunking: The final audio segment fre- 300

quently exhibits significant length variation. To 301

ensure stable and real-time decoding, we employ 302

forced-chunking. Tokens are accumulated and 303

processed in chunks aligned with the intermedi- 304

ate segment size, iteratively applying overlapping- 305

buffer to guarantee robust generation independent 306

of total duration. 307
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4 Data Construction308

To train BrainSpeech effectively across under-309

standing and generation tasks without relying on310

large-scale spoken dialogue data, we construct311

specialized datasets for each training stage. De-312

tailed formatting examples for each stage are pro-313

vided in Appendix A.314

4.1 Data of Speech Understanding Alignment315

To align the speech encoder with LLMs, we de-316

rive data from high-quality text-only instruction317

datasets (e.g., InstructS2S (Fang et al., 2024)).318

We employ commercial TTS models (Higgs (Bo-319

son AI, 2025) and Minimax-Speech-02) to synthe-320

size questions into speech. Then, the original text321

query is replaced by the continuous speech em-322

beddings extracted by the speech encoder. This ef-323

fectively enables the model to comprehend speech324

by leveraging its established textual understanding325

capabilities.326

4.2 Data of Acoustic Generation Pre-training327

For acoustic generation pre-training, we utilize328

Emilia (He et al., 2024), a TTS dataset with 2w329

hours, as training data. To follow the dialogue for-330

mat required by our architecture, we implement331

a shuffle-and-pair strategy. Specifically, we ran-332

domly sample two distinct audio-text pairs: one333

serves as the audio "query" and the other as the334

text and audio "response". Although the context335

is intentionally randomized, this design forces the336

model to focus purely on the mapping from the337

current response text to its corresponding audio338

tokens, ensuring the stability of audio generation339

regardless of text context.340

4.3 Data of Expressive Acoustic Generation341

Fine-tuning342

To achieve high-fidelity and expressive synthesis,343

we create a composite dataset, aiming to equip344

BrainSpeech with both superior acoustic quality345

and rich emotional expressiveness. We organize346

the data into two categories:347

• High Quality Dialogue Data: We leverage348

the data utilized in stage 1. This process en-349

sures BrainSpeech masters the generation of350

speech with superior acoustic quality.351

• Expressive Speech Corpora: Emotion-352

DB (Yang et al., 2025), a corpus of high-353

fidelity human speech characterized by rich354

emotional dynamics, is used. Therefore, θA 355

can capture intricate paralinguistic nuances, 356

thereby enriching the generated responses 357

with diverse and vivid emotional tones. 358

5 Experimental Setup 359

5.1 Model Configuration 360

LLM Backbone and Speech Encoder: We adopt 361

Llama-3.2-3B-Instruct as our base LLM. For the 362

speech encoder, we utilize Whisper-large-v3. The 363

speech encoder are frozen throughout the train- 364

ing process to preserve the capabilities of robust 365

acoustic feature extraction. To bridge the modal- 366

ity gap, we employ a trainable projector consisting 367

of a two-layer MLP. 368

Initialization of Dual-Stream Architecture: The 369

parameters of θS are initialized from the base 370

LLM. Conversely, θA are randomly initialized. 371

Acoustic Tokenizer: We employ XCodec as our 372

acoustic tokenizer which employs a residual vec- 373

tor quantization (RVQ) (Zeghidour et al., 2021) 374

scheme with a codebook size of 1024 across 8 375

quantization layers. Additionally, we implement 376

the delay pattern. Subsequently, we set the au- 377

dio boundaries by enclosing this shifted sequence 378

with two special tokens (<|audio_stream_bos|> 379

and <|audio_stream_eos|>). Finally, the in- 380

put representation at each position is obtained by 381

summing the embeddings of the vertically aligned 382

codes across all layers. 383

5.2 Training Details 384

In our training pipeline, all models are trained us- 385

ing AdamW with BF16. The details are listed as 386

follows: 387

Stage 1: We train θP and θS on InstructS2S-200k 388

for 3 epochs. We use a batch size of 16 and a peak 389

learning rate of 5× 10−5. This stage is conducted 390

on 8 NVIDIA H20 GPUs. 391

Stage 2: In this stage, we freeze θS and train θA 392

for 2 epochs on Emilia. The batch size is 64, and 393

the learning rate is set to 3× 10−4 with a warmup 394

of 4,000 steps. This stage is distributed across 32 395

NVIDIA H20 GPUs. 396

Stage 3: Finally, we train for 2 epochs with a 397

batch size of 16 and a learning rate of 5 × 10−5, 398

using 8 NVIDIA H20 GPUs. 399

5.3 Evaluation on Spoken Question 400

Answering 401

We evaluate the spoken question answering (SQA) 402

capability of BrainSpeech on three widely used 403
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Table 1: Results on Spoken Question Answering (SQA) benchmarks. We compare BrainSpeech with baselines
across different scales. "S→T" denotes Speech-to-Text accuracy, and "S→S" denotes Speech-to-Speech accuracy.

Model Llama Question TriviaQA Web Question
S→T S→S S→T S→S S→T S→S

MinMo (7B) 78.9 64.1 48.3 37.5 55.0 39.9
GLM-4-Voice (9B) 64.7 50.7 39.1 26.5 32.2 15.9
VITA-Audio (7B) 76.3 64.6 43.6 39.5 44.2 40.0

Moshi (7B) 62.3 21.0 22.8 7.3 26.6 9.2
Llama-Omni (8B) 64.0 45.3 34.2 22.9 31.2 10.7
Llama-Omni2 (7B) 70.3 60.7 38.2 33.5 34.5 31.3

Llama-Omni2 (0.5B) 45.7 38.7 18.5 14.2 17.7 16.8
Llama-Omni2 (1.5B) 62.0 52.7 29.4 24.8 28.2 26.6
Llama-Omni2 (3B) 64.3 55.7 33.6 28.1 30.5 28.0
BrainSpeech (3B) 68.7 63.7 40.5 37.4 39.4 36.0

public benchmarks: Llama Question (Nachmani404

et al., 2023), TriviaQA (Joshi et al., 2017), and405

Web Question (Berant et al., 2013).406

We benchmark BrainSpeech against a compre-407

hensive suite of representative speechLMs, span-408

ning a wide range of parameter scales (0.5B to409

9B). Specifically, we include recent state-of-the-410

art models such as MinMo (7B) (Chen et al.,411

2025a), Moshi (7B) (Défossez et al., 2024), GLM-412

4-Voice (9B) (Zeng et al., 2024) and VITA-Audio413

(7B) (Long et al., 2025). Furthermore, we com-414

pare BrainSpeech with Llama-Omni (8B) (Fang415

et al., 2024) and Llama-Omni2 family (Fang et al.,416

2025) (ranging from 0.5B to 7B).417

Following established protocols, we employ418

two evaluation metrics to assess the models:419

• Speech-to-Text (S→T): The model receives420

speech and generates text responses directly.421

This metric evaluates the pure semantic gen-422

eration and knowledge retrieval capabilities423

of the model.424

• Speech-to-Speech (S→S): The model re-425

ceives speech and generates audio responses.426

The generated speech is then transcribed into427

text using an ASR model. This metric as-428

sesses the capabilities of semantic generation429

and acoustic quality.430

The results are summarized in Table 1.431

BrainSpeech demonstrates superior performance,432

achieving the highest accuracy among models of433

comparable parameter size. Notably, BrainSpeech434

remains highly competitive even when compared435

to larger models.436

Specifically, these results validate the effective- 437

ness of the architecture of BrainSpeech. By freez- 438

ing θS during stage 2 and 3, BrainSpeech prevents 439

the interference of acoustic gradients, safeguard- 440

ing the reasoning capabilities of LLMs against 441

catastrophic forgetting, which is the common is- 442

sue in fine-tuning. Furthermore, the remarkably 443

narrow gap between S→T and S→S metrics at- 444

tests to the high fidelity of output speech. This 445

confirms that BrainSpeech successfully decouples 446

what to say from how to say, generating speech 447

with high quality. 448

5.4 Evaluation on General Capabilities 449

To further assess the capabilities of BrainSpeech 450

in open-ended scenarios and complex reasoning 451

tasks, we conduct extensive evaluations on sub- 452

sets of the VoiceBench benchmark (Chen et al., 453

2024). We confirm the performance across diverse 454

domains: 455

• Open-ended QA: We utilize AlpacaEval and 456

CommonEval to evaluate the ability to han- 457

dle diverse queries. Following standard pro- 458

tocols, we employ GPT as an impartial judge 459

to assign a score between 1 and 5. For these 460

tasks, we evaluate both audio and text inputs 461

to assess the capabilities of understanding. 462

• Reasoning and Knowledge: We employ 463

MMSU and OpenBookQA to assess multi- 464

choice reasoning capabilities using Accuracy 465

(Acc). For these tasks, we employ Text as in- 466

put. This design allows us to rigorously eval- 467

uate the knowledge retention of θS . 468
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Table 2: Evaluation results on VoiceBench subsets. We report Scores (1-5) obtained by DeepSeek (Guo et al.,
2025) for AlpacaEval and CommonEval, and Accuracy (%) for MMSU and OpenBookQA. "A" denotes Audio
input, and "T" denotes Text input. "-" indicates the modality is unsupported. For MMSU and OpenBookQA,
metrics are derived from text input, falling back to the result of audio input only when text input is unsupported.

Model
AlpacaEval CommonEval MMSU OpenBookQA

A (Score) T (Score) A (Score) T (Score) Acc Acc

Moshi (7B) 2.01 - 1.60 - 24.04 26.15
LLaMA-Omni (8B) 3.58 3.70 3.26 3.52 59.01 79.34
VITA-Audio (7B) 2.21 2.73 1.93 2.49 59.41 66.96

GLM-4-Voice (9B) 3.87 - 3.29 - 62.69 44.84
Step-Audio2 (8B) 3.77 3.86 3.14 3.69 66.52 74.89

Mini-Omni (0.5B) 1.95 2.34 2.02 2.55 26.74 30.55
Mini-Omni2 (0.5B) 2.32 2.65 2.18 2.86 27.13 32.09

LLaMA-Omni2 (3B) 3.56 - 3.28 - 21.27 68.06

BrainSpeech (3B) 3.58 3.79 3.15 3.60 53.29 72.31

Baselines: We compare BrainSpeech against469

a wide array of baselines. We include mod-470

els such as Mini-Omni/Omni2 (0.5B), LLaMA-471

Omni2 (3B), and larger-scale models including472

LLaMA-Omni (8B), Moshi (7B), VITA-Audio473

(7B), GLM-4-Voice (9B), and Step-Audio 2 (8B).474

The quantitative results are presented in Ta-475

ble 2. BrainSpeech exhibits remarkable per-476

formance across all tasks. In AlpacaEval and477

CommonEval, BrainSpeech demonstrates robust478

instruction-following capabilities. Furthermore, in479

MMSU and OpenBookQA, BrainSpeech achieves480

high accuracy, significantly outperforming the481

comparable LLaMA-Omni2 (3B) and even sur-482

passing larger 7B-scale baselines. This provides483

strong evidence that our dual-stream architecture,484

successfully safeguards the model’s semantic gen-485

eration, preventing the catastrophic knowledge486

degradation often observed in other speechLMs.487

5.5 Evaluation on Speech Synthesis Quality488

To evaluate the acoustic quality and expressive-489

ness of BrainSpeech, we conduct assessments490

on speech generated by audio prompt. The491

test set aggregates the VoiceBench subsets men-492

tioned above with GenEmotion-en from URO-493

Bench (Yan et al., 2025), which evaluates the494

capability to synthesize speech with target emo-495

tion based on audio instructions. This ensures a496

comprehensive evaluation covering both dialogue497

prosody and specific synthesis capabilities. We498

employ a combination of objective and subjective499

metrics:500

• Objective Metrics: UTMOS (Saeki et al., 501

2022) is used to assess the generated au- 502

dio. We also report Content Enjoyment (CE) 503

and Production Quality (PQ) from AudioBox 504

Metrics (Vyas et al., 2023) to assess the over- 505

all quality. 506

• Subjective Metrics: Naturalness Mean Opin- 507

ion Score (NMOS) is used as the metric. We 508

conduct a rigorous human evaluation with 509

10 listeners. Participants are presented with 510

paired samples (questions and responses) and 511

asked to rate the audio on a scale of 1 to 512

5 (increments of 0.5 allowed). The crite- 513

ria strictly focus on prosody, rhythm, and 514

the authenticity of human-like speech (5 = 515

Excellent/Native-like, 1 = Poor/Robotic). 516

The results are summarized in Table 3. In 517

terms of objective metrics, BrainSpeech achieves 518

highly competitive results, particularly in CE and 519

PQ, surpassing large-scale baselines like GLM- 520

4-Voice. This indicates that θA generates high- 521

fidelity speech. 522

For the subjective evaluation, BrainSpeech out- 523

performs baselines, validating the efficacy of 524

BrainSpeech and the fine-tuning strategy. Our in- 525

ference strategy effectively resolves boundary ar- 526

tifacts. In contrast, VITA-Audio suffers severely 527

from such discontinuities. Trained on high-fidelity 528

and expressive corpora, BrainSpeech successfully 529

captures the subtle nuances of human articulation, 530

exhibiting superior affective expressiveness and 531

human-level naturalness. 532
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Table 3: Evaluation of speech synthesis quality. We report objective metrics (UTMOS, AudioBox CE/PQ) and
subjective human ratings for naturalness (NMOS 1-5). BrainSpeech achieves superior objective and subjective
scores.

Model Objective Metrics Subjective
UTMOS CE PQ NMOS

Freeze-Omni (7B) 4.36 6.14 7.75 2.91
LLaMA-Omni (8B) 4.01 6.06 6.95 2.76
VITA-Audio (7B) 3.08 5.76 7.21 1.43

GLM-4-Voice (9B) 4.07 6.20 7.45 3.41
Step-Audio2 (8B) 4.51 6.09 7.66 3.56

Mini-Omni2 (0.5B) 4.44 6.29 7.73 3.08
LLaMA-Omni2 (3B) 4.22 6.34 7.74 3.79
Qwen2.5-Omni (3B) 4.12 6.31 7.71 3.68
BrainSpeech (3B) 4.41 6.31 8.00 3.96

5.6 Ablation Study533

To validate the effectiveness of the architecture534

and training strategy, we examine three variants of535

models:536

• w/o Acoustic Stream: A unified model where537

acoustic attention is removed, retaining only538

the acoustic FFN and the shared semantic at-539

tention. The model is fully fine-tuned on data540

used in stage 1 to learn understanding and541

generation simultaneously.542

• Serial Architecture: Adopts Thinker-Talker543

where acoustic attention and FFN are ap-544

pended after the base LLMs. Similar to the545

above, it is fully fine-tuned on data used in546

stage 1.547

• BrainSpeech (Stage 2 Only): BrainSpeech548

trained only up to stage 2 (acoustic genera-549

tion pre-training).550

We evaluate these variants on semantic un-551

derstanding (AlpacaEval/CommonEval Audio552

Scores) and speech synthesis quality (UTMOS,553

CE, PQ).554

The results are shown in Figure 3. First, regard-555

ing architecture, "w/o Acoustic Stream" and "Se-556

rial Architecture" suffer significant degradation in557

semantic performance. This confirms that inde-558

pendent parameter spaces are crucial, and acoustic559

gradients during full fine-tuning harms the knowl-560

edge of base LLMs. Second, regarding the train-561

ing stage, while stage 2 lays the foundation of au-562

dio generation, the full model’s performance high-563

lights the necessity of stage 3 for expressive syn-564

thesis. It significantly elevates acoustic quality565

Figure 3: Ablation study results. BrainSpeech best
preserves semantics while the fine-tuning stage signifi-
cantly boosts audio quality.

metrics while maintaining robust semantic align- 566

ment established in earlier stages. 567

6 Conclusion 568

In this paper, we introduced BrainSpeech, an 569

end-to-end spoken dialogue system that success- 570

fully reconciles the conflict between semantic and 571

acoustic generation in SpeechLMs. By employing 572

a biologically inspired dual-stream architecture, 573

BrainSpeech decouples the optimization objec- 574

tives of what to say and how to say. This design al- 575

lows us to safeguard the model’s inherent reason- 576

ing capabilities and generate high-fidelity speech. 577

Furthermore, our progressive three-stage training 578

paradigm further eliminates the dependency on 579

scarce spoken dialogue data. Extensive evalua- 580

tions demonstrate that BrainSpeech achieves state- 581

of-the-art performance among models of compara- 582

ble scale, delivering responses with superior natu- 583

ralness and emotional expressiveness. We believe 584

BrainSpeech establishes a new baseline for future 585

research into efficient, expressive, and intelligent 586

assistants. 587

8



Limitations588

The current implementation prioritizes efficiency589

with a 3B backbone. While competitive, the po-590

tential of scaling to larger foundation models re-591

mains underexplored. We hypothesize that scal-592

ing up will yield substantial improvements, as593

larger backbones possess richer semantic repre-594

sentations. This would facilitate a more compre-595

hensive capture of the interplay between linguis-596

tic and paralinguistic features, thereby further ele-597

vating the quality of both textual and acoustic re-598

sponses. Future work will investigate these scaling599

laws to broaden system applicability.600
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A Formatting Examples of Data761

This section illustrates the interleaved dialogue762

template employed by BrainSpeech. As demon-763

strated in the listing below, the assistant’s response764

follows a strict alternating structure of text and765

audio segments. To ensure fine-grained modal-766

ity alignment, the text response is segmented767

into segments of uniform length (text_sequence).768

Correspondingly, audio segments introduced by769

the <|audio_out_bos|> token contain a fixed770

number of acoustic tokens, maintaining a con-771

stant text-to-audio ratio. The special token772

<|audio_last_out_bos|> is reserved for the fi-773

nal audio segment, which encapsulates all resid-774

ual acoustic tokens ensuring the completeness of775

the speech generation.776

Speech QA Interleaved Data Format

{
"messages ": [
{
"role": "user",
"content ": "<|audio_bos|> <|

AUDIO|> <|audio_eos|>"
},
{
"role": "assistant",
"content ": "text_sequence_1 <|

audio_out_bos|>
<|AUDIO_OUT|> <|audio_eos|>

text_sequence_2
<|audio_out_bos|> <|AUDIO_OUT|> <|

audio_eos|> text_sequence_3
<|audio_last_out_bos|> <|AUDIO_OUT

|> <|audio_eos|>"
}

]
}

777

B Dataset Statistics778

Dataset Samples Avg.Words Avg.AudioLen

Llama Question 300 8.46 3.00
TriviaQA 1000 12.02 4.72

Web Question 2032 6.76 2.33

AlpacaEval 199 16.32 5.67
CommonEval 200 8.06 4.83
OpenBookQA 455 44.28 18.89

MMSU 3074 53.16 23.61

GenEmotion-en 54 15.35 4.93

Table 4: Statistical information of the datasets used in
experiments.

This appendix provides statistical details of the779

datasets utilized in the experiments. "Samples" in-780

dicates the number of samples, "Average Number 781

of Words" (Avg.Words) denotes the average word 782

count of the input of text modality, and "Average 783

Audio Length" (Avg.AudioLen) refers to the aver- 784

age duration of the input of audio modality (unit: 785

seconds). 786

C Audio Generation with 787

Minimax-Speech-02: Parameter 788

Inference via Qwen2.5 789

To generate high-quality and expressive audio us- 790

ing Minimax-Speech-02, we leverage its API for 791

audio synthesis. A key step in this process in- 792

volves inferring critical acoustic and paralinguistic 793

parameters that shape the naturalness of the gener- 794

ated speech. Specifically, we employ Qwen2.5 to 795

analyze input text and predict implicit speech at- 796

tributes, including pitch, volume, speed, emotion, 797

and gender. Then, these parameters are fed into 798

Minimax-Speech-02 to guide audio generation. 799

C.1 Parameter Inference Protocol with 800

Qwen2.5 801

We design a structured instruction for Qwen2.5 to 802

ensure consistent and standardized parameter pre- 803

diction. The instruction specifies the requirements 804

for each parameter, including valid value ranges, 805

emotion categories, and gender options, as fol- 806

lows: 807

• Pitch: Classified on a scale of [-3, 3], where 808

negative values indicate lower pitch and pos- 809

itive values indicate higher pitch relative to a 810

neutral baseline. 811

• Volume: Rated on a scale of [0, 4], with 0 812

representing the softest volume and 4 repre- 813

senting the loudest. 814

• Speed: Normalized on a scale of [0.5, 2.0], 815

where 0.5 denotes half the average speech 816

speed and 2.0 denotes double the average 817

speed. 818

• Emotion: Restricted to seven categorical la- 819

bels: happy, sad, angry, fearful, disgusted, 820

surprised, or calm. 821

• Gender: Specified as male, female or neutral 822

to align with typical speech synthesis gender 823

configurations. 824

Qwen2.5 processes the input text alongside the 825

instruction and returns the predicted parameters 826

11



in a machine-readable format, which is then inte-827

grated into the Minimax-Speech-02 API call.828

C.2 Example of Parameter Inference and829

API Input Format830

The following illustrates the instruction, input text,831

and corresponding API-compatible format for pa-832

rameterized audio generation:833

Example of Parameter Inference and
API Input Format

{
"instruction": "Analyze the following

text and infer the likely implicit pitch,
volume, speed, and emotion that would be
used if the text were spoken aloud.
Classify pitch on scale [-3, 3], volume on
scale [0, 4] and speed on scale [0.5, 2.0].
Determine emotion as one of the
following: happy, sad, angry, fearful,
disgusted, surprised, calm. Give the
gender like male or female. Return the
result in the format: {’pitch’: , ’volume’: ,
’speed’: , ’emotion’: , ’gender’: }",

"input": "How can cross training benefit
groups like runners, swimmers, or
weightlifters?",

"output": ques_0"
}

834

This approach ensures that the generated audio835

not only accurately conveys the semantic content836

of the input text but also exhibits natural prosody837

and emotional alignment, enhancing the overall838

expressiveness and usability of the synthesized839

speech.840

D GPT Evaluation Prompt for841

VoiceBench842

This appendix presents the full prompt template843

used to instruct GPT in automatically evaluat-844

ing the quality of text responses of models. The845

prompt standardizes the evaluation criteria for846

speech interaction scenarios, focusing on rele-847

vance, accuracy, and conciseness of responses on848

a 1–5 scale (1 = poorest, 5 = optimal). The prompt849

(with placeholders {prompt} and {response} re-850

placed by transcribed user instructions and model851

responses) is:852

GPT Evaluation Prompt

I need your help to evaluate the
performance of several models in the
speech interaction scenario. The models
will receive a speech input from the user,
which they need to understand and
respond to with a speech output.
Your task is to rate the model’s responses
based on the provided user input
transcription [Instruction] and the model’s
output transcription [Response].
Please evaluate the response on a scale of
1 to 5:
1 point: The response is largely irrelevant,
incorrect, or fails to address the user’s
query. It may be off-topic or provide
incorrect information.
2 points: The response is somewhat
relevant but lacks accuracy or
completeness. It may only partially
answer the user’s question or include
extraneous information.
3 points: The response is relevant and
mostly accurate, but it may lack
conciseness or include unnecessary details
that don’t contribute to the main point.
4 points: The response is relevant,
accurate, and concise, providing a clear
answer to the user’s question without
unnecessary elaboration.
5 points: The response is exceptionally
relevant, accurate, and to the point. It
directly addresses the user’s query in a
highly effective and efficient manner,
providing exactly the information needed.
Below are the transcription of user’s
instruction and models’ response:
[Instruction]: prompt
[Response]: response
After evaluating, please output the score
only without anything else. You don’t
need to provide any explanations.

853

The prompt was applied uniformly across Al- 854

pacaEval and CommonEval subsets to ensure con- 855

sistent evaluation of model performance in these 856

scenarios. 857
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E Additional Experiments about Latency858

This appendix presents an analysis of latency859

performance between BrainSpeech and state-of-860

the-art speechLMs, focusing on two critical met-861

rics for real-time interaction: the latency to gen-862

erate the first text token (from user input to863

model’s first text output) and the latency to fully864

generate the first audio segment (from input to865

the first speech segment). We compare Brain-866

Speech against four baselines: GLM-4-Voice867

(9B), LLaMA-Omni (8B), LLaMA-Omni2 (3B),868

and VITA-Audio (7B).869

Model FTT (ms) FAS (ms)

LLaMA-Omni (8B) 289.46 346.73
LLaMA-Omni2 (3B) 204.79 567.84

VITA-Audio (7B) 414.69 1215.89
GLM-4-Voice (9B) 422.77 1562.81
BrainSpeech (3B) 203.75 1050.21

Table 5: Latency comparison of first token/segment
generation (unit: milliseconds). "FTT" refers to "La-
tency of First Text Token", while "FAS" refers to "La-
tency of First Audio Segment".

As summarized in Table 5, BrainSpeech outper-870

forms GLM-4-Voice (9B) and VITA-Audio (7B)871

in the two latency metrics. While BrainSpeech872

exhibits higher latency than LLaMA-Omni (8B)873

and LLaMA-Omni2 (3B), it achieves significantly874

superior speech quality compared to these two875

models (as validated in Table 3). Notably, the876

higher "FAS" of BrainSpeech relative to LLaMA-877

Omni2 (3B) stems from the per-segment audio878

token count: BrainSpeech generates 40 tokens879

per audio segment, whereas LLaMA-Omni2 (3B)880

uses only 10 tokens per segment. In practice, we881

can also reduce the number of audio tokens per882

segment for BrainSpeech to obtain lower "FAS"883

latency if needed. Additionally, the latency of884

BrainSpeech is sufficiently low to support real-885

time audio interaction already: users only expe-886

rience a minimal wait for the first audio segment,887

with no additional delays for subsequent content888

generation.889

F More Discussion About BrainSpeech890

In this section, we further elaborate on the broader891

implications of BrainSpeech beyond its empirical892

performance presented in the main paper.893

As highlighted earlier, BrainSpeech achieves894

high-quality text responses and more natural,895

higher-fidelity audio outputs without relying on 896

scarce multimodal dialogue data. Instead, it lever- 897

ages only easily accessible resources: pure text 898

dialogue data, synthesized TTS data, and TTS 899

datasets. However, the value of BrainSpeech ex- 900

tends beyond these. 901

Notably, BrainSpeech aligns more closely with 902

the working mechanism of the brain of human: 903

different brain regions collaborate to perform var- 904

ious tasks, each specializing in its domain, rather 905

than using the whole region (which risks interfer- 906

ence between distinct types of information). We 907

can analogize the parameters responsible for text 908

processing in BrainSpeech to the "logical center" 909

of the brain of human: text is a representation con- 910

structed by human, rather not naturally occurring 911

in the physical world, and semantic processing 912

based on text enables us to understand the world 913

systematically. 914

By separating this text (logical) module from 915

the audio module, BrainSpeech mitigates the 916

cross-modal interference that often arises when a 917

single parameter space is forced to handle multiple 918

modalities simultaneously. This modular design 919

also shows scalability to more modalities (e.g., im- 920

ages, video): instead of mixing modal information 921

in a shared parameter space, each modality can be 922

processed by a specialized sub-module that col- 923

laborates with the core text logical center. This 924

preserves the clarity of each modality’s process- 925

ing while enabling coherent multi-modal interac- 926

tion, extending the strengths of BrainSpeech be- 927

yond text-audio dialogue to broader multi-modal 928

scenarios. 929
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