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Abstract001

Real-time Spoken Language Models (SLMs)002
struggle to leverage Chain-of-Thought (CoT)003
reasoning due to the prohibitive latency of gen-004
erating the entire thought process sequentially.005
Enabling SLMs to think while speaking, sim-006
ilar to humans, is attracting increasing atten-007
tion. We present, for the first time, Mind-Paced008
Speaking (MPS), a brain-inspired framework009
that enables high-fidelity, real-time reasoning.010
Similar to how humans utilize distinct brain011
regions for thinking and responding, we pro-012
pose a novel dual-brain approach, employing a013
"Formulation Brain" for high-level reasoning to014
pace and guide a separate "Articulation Brain"015
for fluent speech generation. This division of la-016
bor eliminates mode-switching, preserving the017
integrity of the reasoning process. Experiments018
show that MPS significantly outperforms exist-019
ing think-while-speaking methods and achieves020
reasoning performance comparable to models021
that pre-compute the full CoT before speak-022
ing, while drastically reducing latency. Un-023
der a zero-latency configuration, the proposed024
method achieves an accuracy of 92.8% on the025
mathematical reasoning task Spoken-MQA and026
attains a score of 82.5 on the speech conversa-027
tion task URO-Bench. Our work effectively028
bridges the gap between high-quality reasoning029
and real-time interaction.030

1 Introduction031

Speech has emerged as a more natural and funda-032

mental modality for human-computer interaction,033

leading to growing emphasis on spoken language034

models (SLMs) (Cui et al., 2024; Wu et al., 2025;035

Hu et al., 2025; Yu et al., 2024; Défossez et al.,036

2024). These models facilitate seamless communi-037

cation by processing and generating audio-based038

inputs and outputs. A key component enhancing039

their capability is the integration of thinking, partic-040

ularly through Chain-of-Thought (CoT) processes041

and its extensions (Wei et al., 2022; Wang et al.,042

2023; Yao et al., 2023; Gao et al., 2023), as im- 043

plemented in frameworks like Think-Before-Speak 044

(TBS) (Wei et al., 2022; Xie et al., 2025a; Guo 045

et al., 2025). This approach enables models to de- 046

compose complex tasks into step-by-step reasoning 047

sequences, thereby improving interpretability and 048

performance in dialogue systems. 049

However, generating complete CoT sequences 050

often introduces significant latency, which hin- 051

ders real-time applications. Recent efforts to re- 052

duce reasoning latency have garnered significant 053

attention (Chiang et al., 2025; Xie et al., 2025c). 054

These methods explore "think-while-speaking" 055

paradigms, where models interleave thinking and 056

response tokens. The Large Language Model 057

(LLM) continuously switches between think and 058

response modes. It first generates several think to- 059

kens, then produces several response tokens based 060

on them. These response tokens are sent to the 061

Text To Speech (TTS) system for speech synthesis. 062

While the speech is synthesizing, the LLM contin- 063

ues to generate more think tokens. However, this 064

interleaving disrupts semantic coherence by forcing 065

the model to frequently switch between thinking 066

and response generation, potentially degrading the 067

performance. 068

In fact, the human brain provides a biological 069

analogy for efficient parallel processing. Cogni- 070

tive neuroscience reveals that thinking and speak- 071

ing involve distinct brain areas (Nersessian, 2002; 072

Hickok and Poeppel, 2007). Speech does not fol- 073

low a rigid "think-then-speak" sequence or inter- 074

leaved sequence. Crucially, it exhibits an incremen- 075

tal nature where later parts of a thought are still be- 076

ing processed while the initial parts of the utterance 077

are already being spoken (Indefrey, 2011). Inspired 078

by this, we introduce Mind-Paced Speaking (MPS), 079

a novel architecture for enabling SLMs to "think" 080

and "speak" in a concurrent and integrated manner. 081

The core of MPS is a dual-brain framework that op- 082

erates analogously to the human cognitive-speech 083
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system. One LLM acts as a central "Formulation084

Brain", continuously generating an internal stream085

of thought. The other functions as an Articula-086

tion Brain, which receives this thought stream in087

segments and generates the corresponding spoken088

output. The Formulation Brain does not need to089

complete a full reasoning chain before the Articu-090

lation Brain begins. Instead, the ongoing thinking091

process actively sets the pace and provides the con-092

textual guidance for the Articulation Brain, allow-093

ing it to vocalize fluently even as the underlying094

thoughts are still being formed and refined by the095

Formulation Brain. This mind-paced mechanism096

ensures that the spoken output is not only grounded097

in a thinking process but also maintains semantic098

coherence, closely mimicking the natural human099

process of thinking while speaking. Furthermore,100

we propose a think-incomplete Supervised Fine-101

Tuning (SFT) method to enable the Articulation102

Brain to respond based on incomplete thinking con-103

tent. The experimental results on benchmarks such104

as mathematical reasoning, dialogue, and question-105

answering, prove that compared to methods that106

answer directly without thinking, or existing meth-107

ods that think while speaking, the proposed MPS108

method effectively utilizes the thinking process and109

continuous semantic context, obtaining more ac-110

curate and higher-quality responses. Compared111

to TBS method, the proposed MPS significantly112

reduces response latency while maintaining perfor-113

mance.114

Our main contribution can be summarized as115

follows:116

(1) We propose an MPS architecture that enables117

SLMs to achieve human-like think-while-speaking118

capabilities. This method significantly reduces the119

latency of the CoT process while maintaining the120

semantic coherence of the LLM. Consequently, the121

LLM leverages the CoT content to deliver superior122

performance.123

(2) We develop a think-incomplete SFT to train124

LLMs to generate responses based on partial think-125

ing processes, thereby enabling them to perform126

think-while-speaking.127

(3) We evaluate two distinct MPS architectures:128

Speak-First and Think-First, against baseline meth-129

ods. Experimental results demonstrate that the pro-130

posed think-while-speaking MPS method signif-131

icantly outperforms both the direct response ap-132

proach without a thinking process and existing133

interleaved think-while-speaking methods. Com-134

pared to the TBS architecture, our method substan-135

tially reduces response latency while maintaining 136

the quality of the LLM’s responses. 137

(4) Our proposed MPS architecture mimics the 138

neuroscientific mechanisms of human thinking and 139

speaking, transcending the structural limitations 140

of existing interleaved think-while-speaking meth- 141

ods. It provides the research community with a 142

reference paradigm for subsequent studies on an- 143

thropomorphic, real-time dialogue systems 144

2 Related Work 145

2.1 Spoken Language Models 146

Spoken Language Models (SLMs) accept user 147

speech input and generate speech output, enabling 148

real-time speech dialogue with users. Since the 149

LLM backbone is typically trained in the text do- 150

main, directly generating speech tokens presents 151

a challenge (Chiang et al., 2025). Most current 152

SLMs first generate text tokens and then gener- 153

ate speech. This is achieved through two primary 154

methods: one approach uses the LLM to output 155

text, which is then synthesized into speech by an 156

additional TTS model (Xu et al., 2025; Fang et al., 157

2025). Another method employs the LLM to gen- 158

erate interleaved text and audio tokens, where each 159

output chunk contains a fixed number of text tokens 160

and speech tokens, and a speech decoder directly 161

synthesizes the speech signal (Zeng et al., 2024; 162

Wu et al., 2025). For example, Step-Audio 2 pro- 163

duces output in the ta4 format, which means it 164

outputs one text token followed by four audio to- 165

kens. This chunk of output is then passed through 166

a speech detokenizer to obtain the speech signal 167

(Wu et al., 2025). 168

2.2 Reason for SLMs 169

Although explicit CoT has been proven helpful in 170

text LLMs, most SLMs still lack CoT capability. 171

One reason is that audio and text have different 172

structures; another reason is that directly synthe- 173

sizing CoT into speech increases the confusion of 174

responses, while generating silent CoT introduces 175

significant latency, which becomes unreasonable 176

in daily conversations. Some studies introduce the 177

reasoning ability into Audio LLMs (Chiang et al., 178

2025). For example, Xie et al. have proposed an 179

audio CoT reasoning dataset to fine-tune models 180

(Xie et al., 2025b). Some studies use reinforce- 181

ment learning, such as GRPO (Shao et al., 2024), 182

to fine-tune models and enhance their reasoning 183

ability (Wen et al., 2025; Li et al., 2025). However, 184
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these studies remain limited to audio-in-text-out185

Audio LLMs, not SLMs that can engage in dia-186

logue with humans. In (Wu et al., 2025), Step-187

Audio 2, which takes speech as input and output,188

using CoT and reinforcement learning to improve189

the response qualities, is proposed. Step-Audio 2190

offers a solution for introducing explicit reasoning191

into SLMs. Some methods achieve simultaneous192

thinking and speaking by segmenting CoT content193

and response content, using the LLM to generate194

interleaved think tokens and response tokens (Chi-195

ang et al., 2025; Xie et al., 2025c). However, this196

approach differs from the LLM’s original response197

generation format. The LLM needs to continuously198

switch between think mode and response mode,199

which disrupts semantic coherence and affects its200

performance.201

3 Method202

This section first outlines the conventional TBS-203

based SLM. We then present the proposed MPS204

method. We also introduce the think-incomplete205

SFT, which is designed to teach LLMs the think-206

while-speaking capability.207

3.1 Think Before Speaking208

The architecture of TBS-based SLM is shown in209

Figure 1. To enhance the reasoning ability of SLM,210

the TBS paradigm, after receiving user speech211

Xspc and optional text instructions Xtxt, first gen-212

erates step-by-step CoT tokens Y cot ∈ RTc , and213

then generates the response tokens Y res ∈ RTr ,214

where Tc and Tr denote the number of CoT tokens215

and response tokens, respectively. This can be di-216

vided into two processes: the thinking process and217

the speaking process. The thinking process can be218

written as:219

Pθl(Y
cot|⟨Xspc,Xtxt⟩) =

Tc∏
t=1

Pθl(Y
cot
t |⟨Y cot

1:t−1,X
spc,Xtxt⟩),

(1)

220

where θl denotes the parameters of the SLM. Af-221

ter that, the LLM generates response tokens for222

speaking, which can be formulated as:223

P θl(Y
res|⟨Y cot,Xspc,Xtxt⟩) =

Tr∏
t=1

Pθl(Y
res
t |⟨Y res

1:t−1,Y
cot
1:Tc

,Xspc,Xtxt⟩).
(2)224

Through this method, the task is decomposed into a 225

step-by-step process. Additionally, by introducing 226

CoT tokens, it enables more Transformer forward 227

operations and thus gives LLM a deeper inference 228

depth (Goyal et al., 2023; Pfau et al., 2024). 229

3.2 Architecture 230

In the human brain, speech production is not a 231

monolithic process but the result of two highly spe- 232

cialized and collaborative systems. The first, a 233

network centered around the prefrontal-temporal 234

cortex, is responsible for high-level cognitive func- 235

tions such as conceptualization, logical reasoning, 236

and content planning. Subsequently, a second sys- 237

tem, primarily involving the motor cortex and sub- 238

cortical pathways, translates these abstract thoughts 239

into natural language for articulation, enabling flu- 240

ent speech. These two systems operate in parallel, 241

with the cognitive system continuously supplying 242

thinking content to the articulatory system, creat- 243

ing a natural flow where the mind paces speech 244

(Nersessian, 2002; Hickok and Poeppel, 2007). 245

Inspired by this, we abstract this mechanism 246

of separated "formulation" and "articulation" into 247

our model architecture. Instead of relying on a 248

single LLM to handle both thinking and speaking, 249

we propose a dual-brain system composed of two 250

distinct LLMs. 251

Our proposed framework, illustrated in Figure 252

2, leverages a dual-LLM architecture consisting 253

of a Formulation Brain LLM and an Articulation 254

Brain LLM. The Formulation Brain LLM is ded- 255

icated to user intent understanding and performs 256

deliberate CoT reasoning, with its internal process 257

materialized as "think tokens". Subsequently, the 258

Articulation Brain LLM converts this structured 259

reasoning and the dialogue context into natural lan- 260

guage, producing the final "response tokens" for 261

spoken output. 262

Formulation Brain: The Formulation Brain’s 263

operating mode is identical to that of TBS Audio 264

LLMs but with only the thinking process. After 265

receiving user input Xspc and Xtxt, it aims to gen- 266

erate the step-by-step CoT tokens Y cot ∈ RTc . We 267

use the tokens <think> and </think> to mark the 268

beginning and end of the CoT. This process can 269

be formulated as (1). In the MPS architecture, we 270

do not wait for the Formulation Brain to complete 271

the entire CoT before the Articulation Brain starts 272

speaking. We divide the CoT tokens Y cot into N 273

segments, denoted as [Scot
1 ,Scot

2 , ...,Scot
N ]. Each 274

time the Formulation Brain produces a think seg- 275
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Audio Detokenizer
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Figure 1: Architecture of the TBS architecture. For the sake of conciseness, we remove the input text, which is
optional in SLMs. The TBS SLM first generates the full CoT and then produces response tokens.
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Robin's hair ... 

First, the problem ...Robin's hair.... How long ...? First, the problem ... Then it says ...

Robin's hair ... Then his... Robin's hair.... How long ... ? Robin's hair.... How long ...?

Figure 2: Architecture of the proposed MPS. For the sake of conciseness, we remove the input text, which is
optional in SLMs. We demonstrate the process from step i to step i+1 when generating think segments and response
segments. The Formulation Brain LLM continuously generates the think segments. The newly generated think
segment and the response segment from the previous step are both added as the prefix to the Articulation Brain
LLM, pacing the Articulation Brain LLM to produce response segment correspondingly.

ment Scot
n , we feed the segment to the Articulation276

Brain, which then generates a response segment277

based on the current think segment and historical278

thinking and response contents. After the Formu-279

lation Brain LLM finishes CoT segments, it stops280

generating response tokens as we do not require281

the Formulation Brain to speak.282

Articulation Brain: The Articulation Brain ac-283

cepts the same user input as the Formulation Brain.284

After obtaining the current think segment Scot
n285

from the Formulation Brain, we concatenate it with286

the historical think segments [Scot
1 ,Scot

2 , ...,Scot
n−1],287

placing <think> and </think> at the begin-288

ning and the end, and then append the histor-289

ical response segments, which are defined as290

[Sres
1 ,Sres

2 , ...,Sres
n−1]. This allows the Articulation291

Brain to continue generating the subsequent re-292

sponse content. After that, we use a streaming TTS 293

model to synthesize speech in real-time. The Ar- 294

ticulation Brain’s output is incremental. For every 295

think segment that the Formulation Brain produces, 296

the Articulation Brain generates a segment of the 297

response Sres
n . This process can be written as: 298

P θl(S
res|⟨Scot,Xspc,Xtxt⟩) =

N∏
n=1

Pθl(S
res
n |⟨Sres

1:n−1,S
cot
1:n,X

spc,Xtxt⟩).

(3)

299

When the Formulation Brain just begins its think- 300

ing, the Articulation Brain can only generate a re- 301

sponse segment based on a small amount of CoT. 302

The response segment it generates at this stage may 303

be of lower quality. As the Formulation Brain’s 304
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thinking content increases, the Articulation Brain305

receives more CoT content, and it subsequently306

generates responses of increasingly higher quality.307

Compared with existing think-while-speaking308

methods that use a single LLM to predict inter-309

leaved think and response tokens, thereby forcibly310

interrupting and splitting the originally continuous311

think and response content (Chiang et al., 2025; Xie312

et al., 2025c), our method adopts a dual-brain de-313

sign consisting of the Formulation Brain and the Ar-314

ticulation Brain. From the perspectives of the For-315

mulation Brain and the Articulation Brain, both are316

classic TBS LLMs that, after receiving user input,317

first generate step-by-step CoT content and then318

generate response content conditioned on the CoT,319

thereby greatly ensuring the semantic coherence320

of the LLM output. By allowing the Formulation321

Brain to pace the Articulation Brain, our method322

achieves a human-like think-while-speaking pro-323

cess.324

3.3 Think-incomplete SFT325

Since the proposed MPS method does not change326

the input-output patterns of the classic LLM for327

the individual Formulation Brain and Articulation328

Brain, the proposed MPS, unlike existing think-329

while-listening methods (Chiang et al., 2025; Xie330

et al., 2025c), does not require repretraining the331

LLM. To ensure that the Articulation Brain LLM332

possesses the ability to accept incomplete think333

content and produce reasonable output, we intro-334

duce think-incomplete SFT. In the construction of335

training data, we randomly retain the content of336

the first L steps of the step-by-step CoT, delete337

the subsequent CoT content, then place this in-338

complete CoT with <think> and </think> tokens339

at the beginning and end, concatenate it with the340

groundtruth response, and use it as the next-token-341

prediction training objective for the LLM (Brown342

et al., 2020).343

During the inference stage, we use segments344

with a fixed number of tokens. We set Tc and Tr to345

80 and 100 respectively. We use the output format346

of Step-Audio 2, specifically the ta4 format, which347

generates one text token followed by four speech348

tokens, thus every 100 response tokens contain 20349

text tokens and 80 speech tokens. The speech syn-350

thesis frame rate is 12.5 Hz, meaning that 80 tokens351

correspond to 6.4 seconds of speech. This dura-352

tion is fully sufficient for the LLM to generate 80353

think tokens, thereby ensuring the continuous and354

uninterrupted speech generation of our proposed355

method. We also attempt to use the same segment 356

division strategy as in the think-incomplete SFT 357

phase, but we find that it does not bring improve- 358

ment; on the contrary, it introduces uncontrollable 359

latency due to the variable length of each CoT step. 360

We also try using a fixed token count strategy for 361

dividing the CoT during the think-incomplete SFT 362

phase, but it does not yield performance improve- 363

ments either. 364

4 Experiments 365

4.1 Experimental Settings 366

The LLM backbone used in this paper is Step- 367

Audio 2, and its parameter settings refer to (Wu 368

et al., 2025). The LLMs in Formulation Brain and 369

Articulation brain share the same parameters. To 370

verify the effectiveness of the proposed method on 371

tasks requiring reasoning, we use Spoken-MQA, a 372

mathematical reasoning dataset (Wei et al., 2025). 373

We use accuracy as the evaluation metric. Fur- 374

thermore, to validate the method’s effectiveness on 375

general dialogue tasks, we introduce URO-Bench, 376

which contains several subtasks such as daily di- 377

alogue, emotion recognition, paralinguistic infor- 378

mation, and question-answering (Yan et al., 2025). 379

For question-answering tasks, we use accuracy as 380

the metric. For other tasks, we use GPT-score, gen- 381

erated by GPT-4o-mini and ranging from 0 to 100, 382

to evaluate response quality. 383

To accommodate the latency requirements of 384

different application scenarios, we implement two 385

distinct MPS paradigms: 386

• Think-First, denoted as MPS-thkfirst: The 387

Formulation Brain LLM first generates Tc 388

think tokens, after which the Articulation 389

Brain LLM generates Tr response tokens and 390

synthesizes speech. Under this setting, the 391

latency is Tc plus the buffer size of stream- 392

ing TTS, which is significantly lower than the 393

latency required for the TBS structure to gen- 394

erate a complete Chain-of-Thought. 395

• Speak-First, denoted as MPS-spkfirst: The 396

Articulation Brain LLM first generates Tr re- 397

sponse tokens, while simultaneously, the For- 398

mulation Brain LLM begins generating think 399

tokens. The Formulation Brain LLM com- 400

pletes generating Tc think tokens before the 401

speech synthesized from the Tr response to- 402

kens finishes playing. In this configuration, 403

the latency is solely the buffer size of the 404
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Table 1: Test-set accuracy (%) of different methods on the Spoken-MQA benchmark. The evaluated approaches
include: the direct response baseline without a thinking process (MPS-wo/thk), Think-Before-Speaking (MPS-tbs),
Think-First (MPS-thkfirst), and Speak-First (MPS-spkfirst). Results of baseline systems are taken from (Xie et al.,
2025c) except that results of Step-Audio 2 are reproduced by ourselves.

Method
Arithmetic Reasoning

Avg
Short Long Avg Single Multi Avg

Whisper-Qwen2.5-7B-Instruct - - 70.0 - - 72.5 72.2
Whisper-Qwen2.5-Math-7B-Instruct - - 77.3 - - 86.7 85.6

LLaMA-Omni 40.0 11.0 23.5 29.5 10.5 16.2 16.8
Mini-Omni 5.0 2.3 3.5 0.8 1.9 1.6 1.7
Freeze-omni 43.0 14.5 26.8 69.0 19.8 34.4 33.3
GLM-4-Voice 40.0 22.5 30.1 54.4 28.5 36.2 35.3
Qwen2-Audio-7B-Instruct 43.0 31.2 36.3 55.4 22.5 32.3 32.7
Qwen2.5-Omni-7B 83.0 45.1 61.5 85.2 71.5 75.6 73.6
Qwen2.5-Omni-3B 84.0 43.3 60.1 81.5 57.1 64.4 63.6
Mini-Omni-Reasoner 92.9 66.1 77.3 85.9 60.5 68.1 68.6
Step-Audio 2 89.0 52.6 65.9 95.6 90.4 91.9 88.8

MPS-wo/thk 71.0 34.1 47.6 88.0 67.8 73.8 70.6
MPS-tbs 90.0 88.4 89.0 94.4 93.2 93.6 93.0
MPS-thkfirst 89.0 84.9 86.4 95.6 94.6 94.9 93.9
MPS-spkfirst 87.0 71.7 77.3 96.0 94.5 94.9 92.8

streaming TTS, meaning the model can be405

considered to respond directly with near-zero406

latency.407

Additionally, we compare the proposed method408

with two approaches that use the same LLM back-409

bone as in this paper: Think-Before-Speaking410

(MPS-tbs) and direct response without thinking411

(MPS-wo/thk), to validate the effectiveness of our412

proposed think-while-speaking methodology. All413

results reported are from a single run with the ran-414

dom seed fixed to 42.415

4.2 Data Construction416

We begin with real-world user queries as our seed417

set. To ensure topical diversity and sufficient scale,418

we employ GPT-4o (OpenAI, 2024) for transcrip-419

tion and augmentation of these queries. These420

augmented queries are then used as user prompts421

to distill dialogue data with native CoT from the422

DeepSeek-R1 model (Guo et al., 2025). Finally,423

the speech is synthesized by Step-Audio-TTS-3B424

(et al., 2025).425

However, the raw data generated by426

DeepSeek-R1, a text-centric model, presents427

two critical challenges for spoken dialogue428

Table 2: The average accuracy of different models with
CoT capability on Spoken-MQA, and the extra tokens
generated by the model before generating the first re-
sponse token. The evaluated approaches include: Inter-
leaved Think-While-Speaking (Mini-Omni-Reasoner),
Think-Before-Speaking (MPS-tbs), Think-First (MPS-
thkfirst), and Speak-First (MPS-spkfirst).

Method Accuracy Extra Tokens

Mini-Omni-Reasoner 68.6% 8
MPS-tbs 93.0% 762
MPS-thkfirst 93.9% 80
MPS-spkfirst 92.8% 0

applications: (1) Text-specific stylizations, such 429

as Markdown formatting and emojis, which are 430

incompatible with speech synthesis. (2) The 431

CoT data reflects complete, turn-based reasoning 432

chains, a format unsuitable for training the model 433

to respond from partial thoughts. When the CoT 434

generated by the LLM exhibits some incomplete, 435

its performance is affected. 436

To address these challenges, we implement a 437
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Table 3: Performance of different methods on the URO-Bench. The evaluated approaches include: the direct
response baseline without a thinking process (MPS-wo/thk), Think-Before-Speaking (MPS-tbs), Think-First (MPS-
thkfirst), and Speak-First (MPS-spkfirst). Results of baseline systems are taken from (Wu et al., 2025). The results
of Multilingual of URO-Bench are included in English.

Method Language
Basic Pro

U. R. O. Avg U. R. O. Avg

GPT-4o Audio

Chinese

89.4 65.5 85.2 78.6 70.6 57.2 70.2 67.1
GPT-Realtime 88.8 72.9 90.8 80.6 72.3 62.6 74.2 70.6
Kimi-Audio 79.3 64.7 79.8 73.6 60.4 59.3 76.2 66.0
Qwen-Omni 59.7 69.7 77.3 69.0 59.0 59.8 58.7 59.1
Step-Audio 2 91.1 75.5 86.1 83.3 74.8 63.2 65.1 68.3

MPS-wo/thk

Chinese

91.6 77.3 87.7 83.4 75.1 74.7 72.9 74.4
MPS-tbs 92.6 82.4 93.8 87.8 75.3 84.2 79.5 79.0
MPS-thkfirst 93.6 84.0 94.8 89.1 75.2 84.2 85.2 80.5
MPS-spkfirst 92.5 82.5 93.1 87.6 77.2 84.8 79.0 79.9

GPT-4o Audio

English

90.2 75.9 90.4 84.5 60.7 64.4 78.5 67.5
GPT-Realtime 87.4 84.1 94.1 88.1 59.7 74.5 76.1 68.9
Kimi-Audio 83.4 42.3 60.4 60.0 50.3 40.6 56.0 49.8
Qwen-Omni 66.3 69.6 76.2 70.6 44.5 63.9 49.4 51.0
Step-Audio 2 92.7 76.5 84.9 83.9 64.9 67.8 66.3 66.1

MPS-wo/thk

English

91.5 68.7 78.8 77.4 73.4 79.2 55.8 65.1
MPS-tbs 92.3 81.5 87.5 86.1 76.4 86.4 87.1 83.3
MPS-thkfirst 94.2 81.4 89.0 87.0 76.5 89.3 89.4 85.0
MPS-spkfirst 94.1 78.5 87.5 85.2 76.0 89.7 69.9 74.8

fine-grained data processing pipeline:438

• Compatibility Processing: We discard sam-439

ples containing Markdown formatting or440

multi-item lists that cannot be naturally ren-441

dered in speech. For samples containing emo-442

jis, we employ Qwen-72B-Instruct (et al.,443

2024) to remove these elements while preserv-444

ing the plain text content.445

• CoT Pruning: To train the model to respond446

stably with only partial CoT, we augment the447

data by randomly deleting some reasoning448

paragraphs. This operation is performed in a449

way that generally preserves the overall logic450

of the CoT. To maintain the stylistic distribu-451

tion of the original DeepSeek CoT, we neither452

delete individual sentences within a paragraph453

nor use an LLM to rewrite the content of the454

remaining parts. This ensures that the pre-455

served paragraphs are stylistically and distri-456

butionally consistent with the source model.457

4.3 Results 458

4.3.1 Evaluation on Reasoning Tasks 459

Table 1 shows the computational accuracy on 460

Spoken-MQA. It can be seen that the proposed 461

MPS-thkfirst method exceeds the MPS-wo/thk 462

method and all baseline methods, including the 463

think-while-speaking Mini-Omni-Reasoner, in all 464

evaluation tasks. The results proves that the pro- 465

posed method effectively utilizes the thinking pro- 466

cess, achieving more intelligent response. Com- 467

pared to Mini-Omni-Reasoner, the MPS method 468

maintains semantic coherence and achieves better 469

performance. 470

Besides, compared to MPS-tbs, the MPS-thkfirst 471

method demonstrates comparable performance, be- 472

ing slightly weaker in arithmetic computation tasks 473

but superior in reasoning tasks. One possible expla- 474

nation is that reasoning tasks require more textual 475

analysis. The MPS-thkfirst method, by using each 476

think segment to pace the generation of a corre- 477
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sponding response segment, implicitly achieves478

semantic alignment, enabling the model to better479

utilize contextual information for response genera-480

tion.481

The MPS-spkfirst method experiences some per-482

formance degradation because it initially outputs a483

response segment without utilizing any think seg-484

ments. This impact is particularly pronounced in485

tasks involving direct arithmetic computation. For486

reasoning tasks, experimental observations indicate487

that the initial phase of the LLM’s CoT content488

primarily involves analyzing the semantic informa-489

tion of the question, often rewriting the question’s490

content. Consequently, this initial portion of the491

CoT content has a limited effect on the final re-492

sponse. As a result, MPS-spkfirst is minimally493

affected in reasoning tasks, and its performance re-494

mains nearly identical to that of MPS-thkfirst. Ex-495

perimental results on Spoken-MQA demonstrate496

that the proposed method significantly leverages497

CoT to achieve more intelligent responses. Fur-498

thermore, compared to TBS methods, our think-499

while-speaking approach achieves comparable per-500

formance, with significantly lower CoT latency as501

analysed in Section 4.1.502

To demonstrate the latency differences between503

the proposed method and baseline approaches, we504

select four models from Table 1 that include a think-505

ing process: Mini-Omni-Reasoner, MPS-tbs, MPS-506

thkfirst, and MPS-spkfirst. We calculate the num-507

ber of extra tokens generated by the model from the508

end of the user’s question to the generation of the509

first response token on Spoken-MQA. The results510

are shown in Table 2. It can be observed that com-511

pared to MPS-tbs, MPS-thkfirst achieves higher512

accuracy while exhibiting significantly lower re-513

sponse latency. Although the accuracy of MPS-514

spkfirst is slightly lower than that of MPS-tbs515

and MPS-thkfirst, its response is without latency.516

Furthermore, compared to Mini-Omni-Reasoner,517

which uses interleaved think and response tokens to518

achieve think-while-speaking, the proposed MPS519

methods achieve higher accuracy. Notably, the520

MPS-spkfirst attains this superior accuracy with521

zero latency. This indicates that MPS-spkfirst can522

play a more critical role in real-time dialogue sce-523

narios with low-latency requirements. To further524

demonstrate how the Formulation Brain drives the525

Articulation Brain to realize the process of thinking526

while speaking, we present and describe an exam-527

ple of MPS-spkfirst on the SpokenMQA dataset in528

Appendix B.529

4.3.2 Evaluation on Speech-to-speech 530

Conversation 531

Table 3 shows the results of different methods 532

on URO-Bench. It can be observed that MPS- 533

thkfirst achieves higher performance than MPS-tbs 534

on nearly all tasks and on average, under lower 535

response latency. This may also be related to the 536

implicit semantic alignment performed by MPS- 537

thkfirst. Due to generating an initial response 538

segment without prior thinking, MPS-spkfirst per- 539

forms slightly worse than MPS-thkfirst, but still sig- 540

nificantly outperforms the direct response method 541

MPS-wo/thk. It can also be observed that this ini- 542

tial response segment without thinking, primarily 543

affects the performance of MPS-spkfirst on Oral 544

Conversation within the Pro dataset. In contrast, 545

the performance on Understanding, Reasoning, 546

and the subtasks in all the Basic dataset is less 547

affected. Nevertheless, MPS-spkfirst features low- 548

est response latency as analysed in Section 4.1, and 549

its response performance remains close to or even 550

better than that of MPS-tbs in some tasks, making 551

it more suitable for scenarios requiring faster feed- 552

back. The experimental results demonstrate that 553

the proposed MPS method maintains high perfor- 554

mance on dialogue tasks, achieving performance 555

comparable to TBS models while operating at sig- 556

nificantly lower latency. 557

5 Conclusion 558

This paper proposes the MPS method, which en- 559

ables SLMs to possess the ability to think while 560

speaking. Inspired by the human thinking and re- 561

sponse mechanism, we use a Formulation Brain 562

LLM to continuously generate think segments, pac- 563

ing the Articulation Brain LLM to utilize historical 564

and current think segments, as well as historical 565

responses, to generate current response segment. 566

Experimental results on mathematical reasoning 567

and speech conversation tasks show that the pro- 568

posed method significantly outperforms direct re- 569

sponse methods and existing think-while-speaking 570

methods. It achieves performance comparable or 571

even better than methods that complete thinking 572

before responding, while greatly reducing response 573

latency. The proposed method breaks through the 574

limitations of existing interleaved thinking and 575

response-based think-while-speaking methods and 576

provides an effective reference for researching real- 577

time dialogue consistent with human thinking and 578

response mechanisms. 579
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Limitations580

Despite the breakthroughs achieved in real-time581

reasoning for SLMs and in enabling LLMs to582

"think while listening" in a human-like manner,583

our work presents several limitations:584

• Resource Consumption: Our method requires585

two LLMs for inference. While the utilization586

of the prefix technique ensures that the total587

number of inference steps remains same to588

a single LLM, it doubles the memory usage589

for two LLMs. Additionally, the dual-model590

architecture introduces communication over-591

head between the components.592

• Hyperparameter Optimization: The number593

of tokens assigned to the think and response594

segments is determined based on empirical595

results and theoretical time overhead calcula-596

tions. However, the theoretical optimum for597

these configurations remains to be fully ex-598

plored.599

• Generalizability: Our investigation is con-600

ducted exclusively using the Step-Audio LLM601

backbone. The generalizability of our ap-602

proach across other LLM architectures re-603

mains to be verified through further experi-604

ments.605
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A Example of MPS Results 751

Figure 3 shows an example of MPS-spkfirst on 752

Spoken-MQA. After receiving the user input, the 753

Articulation Brain LLM first generates a response 754

segment Sres
1 . Simultaneously, the Formulation 755

Brain LLM produces the first think segment Sthk
1 . 756

Sthk
1 is then prefixed to the Articulation Brain LLM 757

along with Sres
1 to pace the Articulation Brain 758

LLM in generating the second response segment 759

Sres
2 . During this period, the Formulation Brain 760

LLM generates the second think segment Sthk
2 . 761

Sthk
2 is further prefixed to the Articulation Brain 762

LLM, where Sthk
1 , Sthk

2 , Sres
1 , and Sres

2 collec- 763

tively pace the Articulation Brain LLM to produce 764

Sres
3 . This process repeats until the Formulation 765

Brain LLM generates the complete think content, 766

after which the Articulation Brain LLM continues 767

generating content until completion. 768

B Ethical Considerations 769

We utilize the publicly available SpokenMQA and 770

URO-bench dataset for testing. The training speech 771

data is synthesized by Step-Audio-TTS-3B, based 772

on the text dialogue data generated by GPT-4o, 773

DeepSeek-R1 and Qwen-72B-Instruct. We have re- 774

viewed the dataset documentation which confirms 775

that personal identifiers have been anonymized. We 776

did not attempt to de-anonymize any speakers. 777

C LLM Usage Statement 778

We utilized ChatGPT exclusively for grammati- 779

cal corrections and stylistic polishing to enhance 780

clarity and conciseness. We confirm that the con- 781

ceptualization, methodology, and data analysis are 782

entirely the original work of the authors. 783
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Question: 
"Robin's hair was 16 inches long. He cut off 11 inches. Then it again grew by 12 inches. How long is his hair now?"
Groundtruth: 
"17"
Response:
Step1:
Formulation Brain: 
""
Articulation Brain:
"Robin's hair started at 16 inches. He cut off 11"

Step1:
Formulation Brain: 
"First, the problem states that Robin's hair was initially 16 inches long. He cut off 11 inches. So, after cutting, the length would 
be 16 inches minus 11 inches. That gives 5 inches. Then"
Articulation Brain:
"Robin's hair started at 16 inches. He cut off 11 inches,  so 16 minus 11 is 5 inches. Then, his "

Step2: 
Formulation Brain: 
"First, the problem states that Robin's hair was initially 16 inches long. He cut off 11 inches. So, after cutting, the length would 
be 16 inches minus 11 inches. That gives 5 inches. Then, it says his hair grew by 12 inches. So, starting from the 5 inches 
after cutting, adding 12 inches would be 5 + 12 = 17 inches. The problem says "
Articulation Brain:
"Robin's hair started at 16 inches. He cut off 11 inches, so 16 minus 11 is 5 inches. Then, his hair grew by 12 inches, so 5 plus 
12 equals "

Step3:
Formulation Brain: 
"First, the problem states that Robin's hair was initially 16 inches long. He cut off 11 inches. So, after cutting, the length would 
be 16 inches minus 11 inches. That gives 5 inches. Then, it says his hair grew by 12 inches. So, starting from the 5 inches 
after cutting, adding 12 inches would be 5 + 12 = 17 inches. The problem says \"he cut off 11 inches,\" which clearly indicates 
cutting, so subtracting is correct. So, the final answer should be 17 inches."
Articulation Brain:
"Robin's hair started at 16 inches. He cut off 11 inches, so 16 minus 11 is 5 inches. Then, his hair grew by 12 inches, so 5 plus 
12 equals 17 inches. Therefore, Robin's hair is now 17 inches long. "

Figure 3: An example of the output of MPS-spkfirst on the Spoken-MQA dataset. The Articulation Brain first
generates a response segment. Simutaneously, Formulation Brain continuously generates new think segments,
and each newly generated think segment is prefixed to the Articulation Brain, pacing it to generate new response
segment.
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