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Abstract001

Despite recent advances, efficient and robust002
turn-taking detection remains a significant chal-003
lenge in industrial-grade Voice AI agent de-004
ployments. Many existing systems rely solely005
on acoustic or semantic cues, leading to sub-006
optimal accuracy and stability, while recent007
attempts to endow large language models008
with full-duplex capabilities require costly full-009
duplex data and incur substantial training and010
deployment overheads, limiting real-time per-011
formance. In this paper, we propose JAL-Turn,012
a lightweight and efficient speech-only turn-013
taking framework that adopts a joint acous-014
tic–linguistic modeling paradigm, in which a015
cross-attention module adaptively integrates016
pre-trained acoustic representations with lin-017
guistic features to support low-latency predic-018
tion of hold vs. shift states. By sharing a frozen019
ASR encoder, JAL-Turn enables turn-taking020
prediction to run fully in parallel with speech021
recognition, introducing no additional end-to-022
end latency or computational overhead. In addi-023
tion, we introduce a scalable data construction024
pipeline that automatically derives reliable turn-025
taking labels from large-scale real-world dia-026
logue corpora. Extensive experiments on pub-027
lic multilingual benchmarks and an in-house028
Japanese customer-service dataset show that029
JAL-Turn consistently outperforms strong state-030
of-the-art baselines in detection accuracy while031
maintaining superior real-time performance.032

1 Introduction033

In recent years, the rapid proliferation of voice AI034

agents in applications such as intelligent customer035

service, personal assistants, and human–AI col-036

laboration has substantially raised the demand for037

natural and high-quality spoken interaction. Un-038

like traditional dialogue systems, modern voice AI039

agents are often designed for extremely low-latency040

responses and continuous listening, which makes041

them prone to intervening before users have fully042

completed their utterances. In natural conversa- 043

tion, speakers frequently exhibit thinking pauses, 044

hesitations, and self-repairs, which do not necessar- 045

ily indicate a turn completion. Overly aggressive 046

system responses under such conditions can lead 047

to frequent interruptions, disrupted conversational 048

flow, and degraded interaction quality, ultimately 049

undermining user experience and trust. As a re- 050

sult, accurately determining whether a user has 051

genuinely finished their speaking turn—while still 052

maintaining rapid system responsiveness—has be- 053

come a critical challenge for building effective and 054

user-friendly voice AI agents. 055

Turn-taking is a fundamental property of human 056

spoken interaction (Skantze, 2021). In everyday 057

conversation, speaking turns are exchanged natu- 058

rally with minimal delay. In contrast, due to inher- 059

ent variability of speech signal and other factors 060

(Pan et al., 2024; Inoue et al., 2024a, 2025), achiev- 061

ing similarly real-time and stable turn management 062

remains challenging. Although existing turn-taking 063

detection approaches (Gu et al., 2024; Skantze and 064

Irfan, 2025) have made notable progress, they still 065

yield erroneous decisions, resulting in excessive 066

response latency, frequent interruptions, and unnat- 067

ural interaction dynamics that substantially degrade 068

user experience. Therefore, there is an urgent need 069

for real-time and robust turn-taking techniques. 070

Traditional spoken dialogue systems typically 071

rely on heuristic, silence-based turn-taking strate- 072

gies (Skantze, 2021). A common approach is to 073

wait for a fixed or adaptive duration of silence in the 074

user’s speech before deciding that the turn of user 075

has ended, and then process the input and generate 076

a response. However, silence alone is an unreliable 077

cue for turn completion: users frequently produce 078

within-utterance pauses that do not signal a han- 079

dover (Majlesi et al., 2023; Inoue et al., 2024a). 080

Previous studies (Stivers et al., 2009; Inoue et al., 081

2024b) revealed that turn transitions in many lan- 082

guages are rapid, often on the order of 100–500 ms, 083
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suggesting listeners do not merely react to silences,084

but proactively anticipate upcoming turn comple-085

tions using a combination of lexical, prosodic, and086

multimodal cues.087

To this end, several works explored data-driven088

turn-taking models based on linguistic12 or acous-089

tic34 features. However, due to stringent real-time090

constraints, these methods typically adopt rela-091

tively simple model architectures, which limits092

their ability to capture fine-grained discriminative093

cues and leaves substantial room for improvement094

in both detection accuracy and robustness. Mo-095

tivated by recent success of large language mod-096

els (LLMs) (Bai et al., 2023; Achiam et al., 2023)097

and speech language models (SLMs) (Fang et al.,098

2024; Pan et al., 2025), numerous works (Défossez099

et al., 2024; Yu et al., 2024; Zhang et al., 2025;100

Li et al., 2025) directly integrate full-duplex capa-101

bilities into LLM or SLM backbones. While such102

systems can improve detection quality, they exhibit103

several limitations that hinder practical deployment.104

First, they require large amounts of manually anno-105

tated dialogue data, which is expensive and time-106

consuming to obtain and difficult to scale across do-107

mains and languages. Second, their LLM or SLM108

backbones need to support multiple functionali-109

ties, such as automatic speech recognition (ASR),110

which often introduces additional latency (Li et al.,111

2025). Moreover, this architecture inherently pri-112

oritizes semantic information, thereby discarding113

fine-grained acoustic cues that are crucial for accu-114

rate turn-taking detection, and consequently suffers115

from notable performance degradation in complex116

real-world scenarios.117

In summary, this paper makes the following con-118

tributions:119

• We propose JAL-Turn, a lightweight speech-120

only turn-taking model that jointly leverages121

pre-trained acoustic and linguistic encoders122

and supports parallel inference with ASR123

through encoder sharing, enabling low-latency124

deployment.125

• We introduce a scalable data construction126

pipeline that automatically derives reliable127

turn-taking labels from large-scale real-world128

dialogue corpora without manual annotation,129

1https://github.com/ten-framework/ten-turn-detection
2https://github.com/pipecat-ai/smart-turn/tree/main
3https://github.com/pipecat-ai/smart-

turn/tree/filipi/smart-turn
4https://github.com/inokoj/VAP-Realtime

enabling effective training across domains and 130

languages. 131

• We present extensive experiments on a pub- 132

lic multilingual benchmark and an in-house 133

Japanese customer-service corpus, along with 134

ablation and attribution analyses, demonstrat- 135

ing that JAL-Turn consistently outperforms 136

strong audio-only and LLM-based baselines 137

while satisfying real-time constraints. 138

2 Data Pipeline 139

To enhance the robustness of our turn-taking model, 140

we develop an efficient data pipeline that automat- 141

ically derives reliable training labels from large- 142

scale real-world conversational corpora without re- 143

quiring any manual annotation. 144

Given stereo conversational audio, we first ex- 145

tract frame-level voice activity detection (VAD) at 146

50 Hz. For each channel c ∈ {0, 1}, we obtain 147

a binary sequence vc = [v1c , . . . , v
T
c ] ∈ {0, 1}T , 148

where vtc = 1 indicates speech activity at frame t. 149

2.1 Future-Window Labeling 150

Motivated by previous studies on future voice ac- 151

tivity projection (Ekstedt and Skantze, 2022), we 152

employ a future-window strategy that leverages up- 153

coming conversational dynamics. For each frame t, 154

we compute a weighted VAD score over a 2-second 155

future window: 156

stc =

τfs∑
i=0

w(i) vt+i
c , (1) 157

where τ = 2 seconds, fs = 50 Hz, and w(i) is a 158

non-negative weighting function. Three temporal 159

weighting schemes—linear, square-root, and ex- 160

ponential—independently assign Hold/Shift labels 161

(Hold if stc ≥ st1−c), and a label is kept only when 162

all schemes agree. This future-window design ef- 163

fectively suppresses backchannels: instantaneous 164

VAD comparisons are easily confounded by brief 165

listener responses, whereas future VAD patterns 166

provide more reliable cues for genuine turn transi- 167

tions. 168

2.2 Context Construction 169

After labeling, training samples are extracted from 170

each VAD falling edge following a speech segment, 171

which corresponds to natural turn-taking decision 172
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Figure 1: Overall training architecture of the proposed JAL-Turn framework.

points. For each such point, we construct a con-173

text window by extending backward to the previ-174

ous long silence (duration ≥ 2 seconds) and then175

normalize it to a fixed 10-second length through176

left-padding or truncation as needed, ensuring that177

the window always includes a complete preced-178

ing speech segment to provide sufficient semantic179

context for turn prediction.180

2.3 Dataset Generation181

Applying this pipeline to 1,128 hours of in-house182

stereo conversational data yields approximately183

2,299 hours of trainable segments, with an esti-184

mated labeling accuracy of about 85% based on185

manual inspection.186

To further increase data diversity, we also incor-187

porate a 95-hour in-house dataset in which each188

recording contains a single complete utterance spo-189

ken by one speaker (e.g. “My phone number is190

090-8987-2023”). Applying the same segmenta-191

tion procedure produces 749 hours of training seg-192

ments, where all frames except the final one are193

labeled as Hold. Although this dataset achieves194

nearly 100% labeling accuracy, it lacks the conver-195

sational variability present in real dialogues.196

We therefore train our model on a mixture of197

both datasets, combining large-scale conversational198

dynamics with high-quality utterance-level super-199

vision.200

3 JAL-Turn201

As illustrated in Fig. 1, our proposed JAL-Turn202

framework primarily comprises five components:203

1) a dual-path encoder for acoustic and semantic204

feature extraction, 2) a cross-attention-based fusion205

module for integrating heterogeneous representa-206

tions, 3) a self-attention-based Transformer module207

for temporal modeling, 4) an attention pooling mod- 208

ule for utterance-level temporal pooling, and 5) a 209

binary classification head for hold/shift prediction. 210

3.1 Dual-Encoder Architecture 211

In contrast to conventional single-encoder ap- 212

proaches that rely on acoustic or linguistic cues, 213

we adopt a dual-path encoder architecture to explic- 214

itly capture complementary aspects of the speech 215

signal. Concretely, the primary encoder derives 216

from the pretrained SenseVoice-Small (An et al., 217

2024) model, a multilingual speech foundation 218

model based on a convolution-augmented trans- 219

former backbone (Gulati et al., 2020; Yang et al., 220

2023), which is particularly effective at extracting 221

high-level semantic and linguistic elements. The 222

secondary encoder is a pretrained contrastive pre- 223

dictive coding (CPC) model (Riviere et al., 2020), 224

which emphasizes low-level acoustic regularities 225

via self-supervised contrastive learning. 226

Given an input waveform x ∈ R1×L, where L 227

denotes the waveform length, the two encoders 228

produce frame-level feature sequences: 229

hl = EncoderSense(x) ∈ RT1×d1 , (2) 230

ha = EncoderCPC(x) ∈ RT2×d2 , (3) 231

where d1 = 512 and d2 = 256 denote the respec- 232

tive output dimensions. Both encoders are kept 233

frozen during training in order to preserve their pre- 234

trained knowledge. We then apply linear projection 235

layers to map the features into a shared latent space. 236

Overall, this design allows JAL-Turn to jointly ex- 237

ploit high-level linguistic cues from SenseVoice 238

and fine-grained acoustic patterns from CPC, yield- 239

ing richer and more informative representations for 240

turn-taking detection. 241

During training, both the CPC and SenseVoice 242
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encoders are kept frozen. Importantly, the Sen-243

seVoice encoder is shared between ASR and JAL-244

Turn, enabling turn-taking predictions to be com-245

puted synchronously with ASR during inference.246

This design avoids inserting any additional process-247

ing stages before or after ASR decoding, allowing248

turn-taking decisions and transcriptions to be ob-249

tained in parallel from a single forward pass of the250

shared encoder.251

3.2 Cross-Attention-based Fusion252

To effectively integrate the heterogeneous features253

produced by the dual-path encoders, we introduce a254

cross-attention-based fusion module, enabling JAL-255

Turn to dynamically attend to the most informative256

regions across different feature spaces.257

Concretely, the fusion module consists of L = 2258

stacked cross-attention layers. In each layer, the259

SenseVoice features h′l act as queries, while CPC260

features h′a serve as keys and values:261

CrossAttn(Q,K,V) = softmax

(
QK⊤
√
dk

)
V

(4)262

263 Q = LayerNorm(h′
l) (5)264

265
K/V = LayerNorm(h′

a) (6)266

where dk = d/H denotes the dimensionality of267

each head, and d and H denote the model dimen-268

sion and the number of attention heads, which are269

set to 256 and 4, respectively. Each layer addi-270

tionally incorporates residual connections and a271

position-wise feed-forward network (FFN).272

3.3 Transformer-based Module273

On top of the fused representation, we employ274

a causal self-attention-based Transformer mod-275

ule. Notably, we adopt Attention with Linear Bi-276

ases (ALiBi) (Press et al., 2022) as the positional277

bias mechanism, which replaces conventional ab-278

solute positional embeddings by adding a distance-279

dependent bias directly to the attention logits. The280

intuition behind is that ALiBi has been shown to281

improve length extrapolation and naturally encodes282

a recency bias, which aligns well with the local283

temporal patterns that govern turn-taking behavior.284

3.4 Attention-based Temporal Pooling285

Module286

To obtain an utterance-level representation while287

allowing JAL-Turn to automatically focus on the288

most informative temporal segments, we apply a289

lightweight attention-based temporal pooling mech- 290

anism over the sequence of hidden states htt = 1T 291

produced by the Transformer-like module. Specifi- 292

cally, we compute: 293

αt = softmax
(
w⊤ht + b

)
(7) 294

295
hpool =

T∑
t=1

αt · ht (8) 296

where w ∈ Rd and b ∈ R are trainable parameters, 297

and αt denotes the normalized attention weight for 298

time step t. 299

3.5 Classification Head and Training 300

Objective 301

Given the pooled representation hpool ∈ Rd, we 302

apply a lightweight linear classification head to 303

produce the shift logit ŷ ∈ R, parameterized by 304

trainable weights wcls ∈ Rd and bias bcls ∈ R. 305

The predicted probability is obtained via a sigmoid 306

activation, and the final decision (hold vs. shift) is 307

made using a fixed threshold τ = 0.5. 308

The model is trained end-to-end with the stan- 309

dard binary cross-entropy objective over mini- 310

batches, where y ∈ {0, 1} denotes the ground-truth 311

turn label (1 for shift and 0 for hold). 312

4 Experiments 313

4.1 Experimental Setups 314

4.1.1 Datasets 315

To comprehensively assess the proposed method, 316

we conduct experiments on the public Mandarin 317

dataset Easy-Turn (approximately 1145 hours), 318

multilingual STurn-v35,6 dataset (containing ap- 319

proximately 700 hours of speech in 23 languages), 320

and a large-scale in-house corpus of real-world 321

Japanese dialogues introduced in the previous sec- 322

tion. 323

324

For Easy-Turn and STurn-v3, we use the original 325

test set for evaluation, while splitting the training 326

set into training and validation sets with a 9:1 ratio. 327

For the in-house Japanese corpus, we partition all 328

in-house data into training and validation sets us- 329

ing the same 9:1 split as well. Regarding the test 330

set, we additionally collected 500 samples from 331

real-world business data for evaluation which are 332

5https://huggingface.co/datasets/pipecat-ai/smart-turn-
data-v3-train

6https://huggingface.co/datasets/pipecat-ai/smart-turn-
data-v3-test
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labeled by human. These data covered various at-333

tributes such as gender, age, and business scenario334

to ensure a comprehensive evaluation of the pro-335

posed method.336

4.1.2 Implementation Details337

In all experiments, JAL-Turn is trained end-to-end338

using a single H100 GPU for 10 epochs within the339

PyTorch framework. We use the AdamW optimizer340

with an initial learning rate of 1× 10−4, a weight341

decay of 0.001, and a batch size of 64. The learning342

rate is scheduled using a cosine annealing strategy,343

decaying to a minimum value of 1× 10−6.344

Regarding evaluation metrics, we use accuracy345

and F1-score for turn-taking detection. In addition,346

we use latency to quantify the responsiveness of347

the system in full-duplex scenarios.348

4.2 Main Results349

To comprehensively assess the proposed approach,350

we evaluate JAL-Turn against three categories of351

baselines on two public multilingual benchmarks352

and an in-house Japanese corpus. Specifically, we353

consider: (1) audio-only methods, including STurn-354

v2 and STurn-v3; (2) LLM-based pipelines, in-355

cluding GPT-5.17, Qwen3-0.6B8, and Gemini-2.5-356

Flash9, where SenseVoice is first used to produce357

ASR transcripts and the resulting text is then fed358

into the LLMs for turn-state prediction; and (3) an359

SLM-based system, represented by EasyTurn (Li360

et al., 2025), which performs turn-taking detection361

using a speech language model backbone. GPT-5.1362

and Gemini-2.5-Flash are evaluated via their offi-363

cial APIs, whereas Qwen3-0.6B is fine-tuned on364

the training data and served with vLLM10 (Kwon365

et al., 2023) for efficient inference. All LLM-based366

experiments use the same prompt, provided in Ap-367

pendix A.368

369

4.2.1 Comparison with SLM-based Systems370

We first compare JAL-Turn with representative371

strong baselines on the Mandarin Easy-Turn cor-372

pus (Table 1). Here, Acccp, Accincp, Accbc, and373

Accwait denote the turn-taking detection accuracy374

for the complete, incomplete, backchannel, and375

wait states, respectively (higher is better). JAL-376

Turn achieves the best performance on the cp377

7https://openai.com/zh-Hans-CN/index/gpt-5-1
8https://huggingface.co/Qwen/Qwen3-0.6B
9https://poe.com/Gemini-2.5-Flash
10https://github.com/vllm-project/vllm

state (96.67%) while operating at an extremely 378

low end-to-end latency of 12 ms. Compared with 379

Paraformer (Gao et al., 2022)+TEN Turn Detection 380

and STurn-v2, JAL-Turn yields markedly higher 381

accuracy of the complete and incomplete states, 382

and reduces latency from 204 ms / 27 ms to 12 ms. 383

Against EasyTurn, JAL-Turn attains compara- 384

ble performance on incp and wait (within 4.0 385

and 6.0 points, respectively) and slightly improves 386

cp accuracy (96.67% vs. 96.33%). However, 387

JAL-Turn underperforms on the bc state (80% vs. 388

91%), which we conjecture stems from the intrin- 389

sically context-dependent nature of backchannels: 390

they are often short, semantically light responses 391

whose role is better determined with explicit lex- 392

ical/semantic cues. Crucially, despite this gap on 393

bc, JAL-Turn offers a substantially more favorable 394

quality–latency trade-off overall, delivering com- 395

petitive state-wise accuracy under strict real-time 396

constraints. 397

4.2.2 Comparison with Audio-only Methods 398

As shown in Tables 2 and 3, JAL-Turn consistently 399

achieves the best detection accuracy and F1-score 400

among audio-only methods on both the public mul- 401

tilingual benchmark and the in-house Japanese cor- 402

pus. On the public STurn benchmark, JAL-Turn 403

attains 93.27% accuracy and 0.934 F1, providing 404

small but consistent relative gains of approximately 405

0.2% in accuracy and 0.3% in F1 over STurn-v3, 406

while outperforming STurn-v2 by about 43% rela- 407

tive accuracy and 38% relative F1. On the in-house 408

Japanese corpus, the improvements are much more 409

substantial: JAL-Turn reaches 92.03% accuracy 410

and 0.925 F1, corresponding to relative gains of 411

roughly 25.6% accuracy and 24.8% F1 over STurn- 412

v3 (73.29%, 0.741), and about 41.3% accuracy and 413

36.2% F1 over STurn-v2 (65.12%, 0.679). 414

In terms of efficiency, STurn-v3 achieves the 415

lowest latency on both benchmarks (12 ms and 416

23 ms), but JAL-Turn still operates comfortably 417

within the real-time regime, with end-to-end laten- 418

cies of 22 ms on the public dataset and 43 ms on the 419

in-house corpus. Compared with the older STurn- 420

v2 system, JAL-Turn not only delivers dramatically 421

higher accuracy and F1, but also reduces latency 422

by about 85% on the public benchmark (149 ms → 423

22 ms) and by roughly 69% on the in-house cor- 424

pus (138 ms → 43 ms). These results demonstrate 425

that the proposed joint acoustic–linguistic mod- 426

eling paradigm effectively integrates fine-grained 427

acoustic and linguistic cues, yielding clearly supe- 428
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Table 1: Performance comparison of turn-taking detection methods on Mandarin Easy-Turn corpus.

Model Acccp Accincp Accbc Accwait Latency (ms)
Paraformer+TEN Turn Detection 86.67 89.3 - 91 204

STurn-v2 78.67 62 - - 27
Easy-Turn 96.33 97.67 91 98 263
JAL-Turn 96.67 93.67 80 92 12

Table 2: Performance comparison of audio-only turn-
taking detection methods on multilingual STurn-v3.

Model Acc F1 Latency (ms)
STurn-v2 65.12 0.679 149
STurn-v3 93.10 0.931 12
JAL-Turn 93.27 0.934 36

Table 3: Performance comparison of audio-only turn-
taking detection methods on in-house Japanese corpus.

Model Acc F1 Latency (ms)
STurn-v2 55.46 0.427 140
STurn-v3 71.94 0.736 13
JAL-Turn 92.03 0.925 38

rior detection quality while maintaining low end-429

to-end latency suitable for deployment in real-time430

dialogue systems.431

4.2.3 Comparison with LLM-based Methods432

As shown in Table 4, JAL-Turn also compares fa-433

vorably with LLM-based turn-taking detectors on434

the in-house benchmark.435

Table 4: Performance comparison of JAL-Turn against
LLM-based turn-taking detection methods on the in-
house benchmark.

Model Acc F1 Latency (ms)
Gemini-2.5-Flash 76.91 0.817 595

Qwen3-0.6B 78.70 0.782 124
GPT-5.1 85.52 0.874 1205

JAL-Turn 92.03 0.925 38

Compared with Gemini-2.5-Flash and Qwen3-436

0.6B, JAL-Turn improves accuracy by 15.1 and437

13.3 absolute points (92.03% vs. 76.91% / 78.70%),438

respectively, and increases F1 by 0.108 and 0.143,439

while reducing latency from 595 ms and 124 ms to440

only 38 ms. Relative to GPT-5.1, JAL-Turn further441

raises accuracy from 85.52% to 92.03% and F1442

from 0.874 to 0.925, and lowers latency by more443

than a factor of five (205 ms → 38 ms). These444

results indicate that JAL-Turn not only matches445

or surpasses the detection quality of substantially446

heavier LLM-based pipelines, but also offers an 447

order-of-magnitude lower response latency and 448

avoids the additional overhead of full ASR decod- 449

ing and large-scale language model inference, mak- 450

ing it a lightweight yet competitive alternative for 451

real-time full-duplex dialogue systems. 452

4.3 Ablation Studies 453

To assess the contribution of each component in 454

JAL-Turn, we conduct ablation experiments on the 455

in-house Japanese corpus, as summarized in Ta- 456

ble 5. 457

Table 5: Ablation studies of the proposed JAL-Turn. w/o
CrossATT denotes using concatenation, w/o ATTPool-
ing represents using the last layer feature.

Model Acc F1 Latency (ms)

JAL-Turn 92.03 0.925 38
w/o Sense 72.01 0.698 12
w/o CPC 84.18 0.839 26

w/o CrossATT 88.59 0.873 41
w/o ATTPooling 90.23 0.895 48

Removing either encoder leads to a clear degra- 458

dation in detection performance. Dropping the Sen- 459

seVoice encoder (w/o Sense) causes accuracy to 460

fall from 92.03% to 72.01% and F1 from 0.925 to 461

0.698, indicating that linguistically enriched repre- 462

sentations are the primary driver of performance. 463

Removing the CPC encoder (w/o CPC) is less catas- 464

trophic but still non-trivial, reducing accuracy to 465

84.18% and F1 to 0.839. This shows that CPC con- 466

tributes complementary fine-grained acoustic cues 467

that further enhance robustness. 468

Eliminating the cross-attention module (w/o 469

CrossATT) while retaining both encoders also re- 470

sults in a noticeable drop, to 88.59% accuracy and 471

0.873 F1. This confirms that explicitly modeling in- 472

teractions between acoustic and linguistic streams 473

is more effective than simply co-presenting their 474

features. 475

Finally, removing the attention-based tempo- 476

ral pooling (w/o ATTPooling) leads to a moder- 477

6



ate degradation in performance (90.23% accuracy478

and 0.895 F1) and simultaneously increases la-479

tency from 38 ms to 48 ms. Thus, the proposed480

lightweight attention pooling not only yields more481

informative utterance-level representations, but482

also provides a better accuracy–latency trade-off483

than simpler temporal aggregation schemes.484

4.4 Analysis485

To investigate how the proposed model exploits486

acoustic and linguistic cues for turn-taking predic-487

tion, we analyze both encoder-level and temporal-488

level contributions on the STurn-v3 and our in-489

house Japanese test sets. We adopt a unified490

gradient-based attribution framework to quantify491

representation-level contributions, complemented492

by controlled encoder ablations to assess the func-493

tional role of each information source.494

4.4.1 Encoder-Level Contribution495

For each sample, we backpropagate the classifi-496

cation score to the encoder outputs and compute497

encoder-wise scores via the element-wise gradi-498

ent–activation product. The contribution ratio for499

encoder i is defined as500

ρi =
∥∇xi ⊙ xi∥2∑
j∥∇xj ⊙ xj∥2

,501

where xi denotes the output features of encoder i.502

We group samples into four duration bins: 0–3 s,503

3–6 s, 6–9 s, and >9 s.504

Figure 2: Encoder-wise contribution ratios across utter-
ance durations for SenseVoice (left) and CPC (right).

As shown in Fig. 2, SenseVoice clearly domi-505

nates across all bins, with ρSense increasing from506

roughly 0.78 (0–3 s) to 0.90 (6–9 s), indicating that507

linguistically enriched representations are the pri-508

mary driver of turn-taking decisions and become509

even more influential for longer contexts. CPC 510

exhibits complementary but smaller contributions, 511

with ρCPC decreasing from about 0.22 (0–3 s) to 512

0.10 (6–9 s) as duration grows, suggesting that 513

prosodic and low-level acoustic cues are most use- 514

ful for short utterances when semantic context is 515

limited. Overall, this reveals a length-dependent 516

division of labor: SenseVoice provides the domi- 517

nant semantic signal, while CPC supplies auxiliary 518

acoustic evidence, particularly in short-context sce- 519

narios. 520

4.4.2 Temporal-Level Contribution 521

To further analyze how the model allocates atten- 522

tion over time, we perform position-regularized 523

temporal attribution using the gradient–input prod- 524

uct. Temporal contribution scores are projected 525

onto a normalized 0–100% axis to facilitate direct 526

comparison across variable-length utterances. 527

Across all three languages, contributions from 528

the SenseVoice encoder exhibit a consistent mono- 529

tonic increase toward the end of the utterance, re- 530

vealing a strong bias toward utterance-final regions 531

for turn-taking prediction (Fig. 3). However, the de- 532

gree of temporal concentration varies substantially 533

across languages. In Japanese, the majority of the 534

SenseVoice contribution is concentrated within the 535

final 5% of the audio context. In contrast, Chi- 536

nese shows a broader concentration around the fi- 537

nal 10%, while English displays a more gradual 538

accumulation, with peak contributions occurring 539

around the final 25% of the utterance. 540

This temporal localization reflects language- 541

specific turn-completion mechanisms. In Japanese, 542

turn-taking cues are tightly associated with 543

utterance-final phonetic structures and sentence- 544

final morphemes, such as polite-form endings (e.g., 545

“-masu” and “-desu”), which are fully realized only 546

in Shift instances. As a result, the model exhibits 547

highly concentrated attention near the end of the 548

utterance, particularly for Shift predictions. In con- 549

trast, English relies more heavily on anticipatory 550

prosodic patterns that unfold over a longer temporal 551

span, while Chinese again occupies an intermediate 552

position. 553

Notably, the CPC encoder does not exhibit a 554

comparable temporal bias. Its contribution remains 555

relatively uniform across the entire utterance for all 556

three languages, indicating that low-level acoustic 557

representations primarily capture global prosodic 558

characteristics rather than temporally localized 559

turn-completion cues. Together, these findings 560

7



Figure 3: Temporal-level attribution heatmap of three language (normalized to 0–100%). The upper and lower rows
correspond to SenseVoice and CPC encoders, respectively. Red dashed lines indicate the boundary between Hold
and Shift samples.

suggest that SenseVoice is responsible for mod-561

eling temporally localized, language-dependent562

turn-taking signals, whereas CPC provides comple-563

mentary, globally distributed acoustic information.564

Across languages, these findings further imply that565

SenseVoice, as an ASR encoder, primarily encodes566

rich phonetic and sub-lexical information, rather567

than high-level semantic representations in the tra-568

ditional sense. Although its overall contribution is569

relatively smaller, CPC complements SenseVoice570

by encoding broader prosodic variations that are571

not fully captured by ASR-style encoders, thereby572

enriching the model’s representation space along573

additional acoustic dimensions.574

5 Conclusion575

In this study, we present JAL-Turn, a lightweight576

and robust turn-taking detection framework for577

full-duplex spoken dialogue systems. By jointly578

and adaptively modeling acoustic and linguistic579

elements of the given utterance, together with580

lightweight transformer and temporal attention581

pooling modules, JAL-Turn supports low-latency582

and accurate prediction of turn taking decisions. A583

scalable data construction pipeline further enables584

automatic extraction of reliable turn-taking labels585

from large-scale real-world corpora. Experiments586

on multilingual public benchmarks and an in-house587

Japanese customer-service dataset show that JAL-588

Turn consistently outperforms strong baselines in 589

both accuracy and robustness while maintaining 590

real-time performance. 591

6 Limitations 592

Our work has several limitations. First, our scal- 593

able data pipeline derives training supervision from 594

stereo VAD with a future-window rule, yielding 595

an estimated labeling accuracy of ∼85% based on 596

manual inspection. This supervision is therefore 597

noisy and only indirectly reflects pragmatic turn- 598

taking intent: ambiguous overlaps, long hesitations, 599

or VAD errors may lead to mislabeled hold/shift 600

decisions. Moreover, the future-window label- 601

ing explicitly suppresses backchannels, which can 602

limit the model’s ability to recognize backchannel- 603

specific interaction patterns and partially explains 604

the performance gap on the backchannel state ob- 605

served on Easy-Turn. Second, JAL-Turn focuses 606

on binary hold/shift prediction with a fixed-length 607

(10 s) context construction. While effective for 608

low-latency deployment, this formulation does not 609

fully capture richer turn-management behaviors 610

(e.g., multi-state dialog acts or explicit backchan- 611

nel prediction), and extending the method to finer- 612

grained conversational states remains future work. 613

Third, part of our evaluation is conducted on an 614

in-house Japanese customer-service corpus with a 615

manually labeled test subset, which may limit full 616

8



reproducibility and independent verification.617
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A Prompt for LLM-based Turn-Taking757

Detection758

You are analyzing a conversation turn. Your task759

is to determine whether the current speaker should760

continue speaking or should stop and let the other761

speaker talk.762

Rules: If the current input text indicates that the763

speaker has NOT finished their thought or sentence764

(the speech is incomplete or continuing), output:765

hold. If the current input text indicates that the766

speaker HAS finished their thought or sentence767

(the speech is complete and ready for the other768

speaker to respond), output: shift.769

Analyze the following text and output your deci-770

sion.771
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