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Abstract001

Real-time spoken dialogue systems demand002
precise, low-latency decisions on when to003
speak, listen, or yield—a challenge intensified004
in full-duplex settings characterized by speech005
overlap and competitive turn-taking. While006
emerging end-to-end Speech LLMs offer low007
latency, they often lack explicit controllabil-008
ity and robustness, whereas traditional cascade009
systems suffer from unavoidable processing de-010
lays due to ASR and generation. This work011
investigates the learning of conversational inter-012
action representations directly from continuous013
acoustic signals to bridge this gap. We propose014
SCIR, a task-driven representation learned end-015
to-end, which unifies interaction timing de-016
cisions—including turn-taking, backchannel-017
ing, and barge-in—under a single streaming-018
compatible framework via explicit multi-task019
learning, without relying on textual inputs.020
Through extensive experiments, we demon-021
strate that lightweight SCIR models not only022
surpass large-scale, general-purpose speech023
baselines in predictive performance but do so024
with orders-of-magnitude lower latency and pa-025
rameter efficiency. Crucially, we show that026
SCIR’s anticipatory nature provides a "negative027
latency" buffer that effectively masks the com-028
putational overhead of cascade ASR and LLM029
pipelines. This establishes SCIR as a robust,030
plug-and-play, and intelligence-preserving so-031
lution for next-generation real-time dialogue032
agents.033

1 Introduction034

Real-time spoken dialogue systems must contin-035

uously decide when to speak, listen, or yield dur-036

ing interaction (Sacks et al., 1974; Stivers et al.,037

2009). Such timing decisions are fundamental to038

conversational fluency: speaking too early causes039

intrusive interruptions, speaking too late makes re-040

sponses feel sluggish, and failing to yield during041

user interruptions can result in prolonged overlap042

and degraded user experience (Levinson, 2016).043

Figure 1: Conceptual comparison of interaction timing
pipelines. VAD/ASR pipelines react to turn boundaries
and interruptions after they occur, incurring latency and
overlap. SCIR instead anticipates turn-taking and barge-
in intents from continuous acoustic cues, providing a
“negative latency” buffer that enables timely responses
and early yielding.

Unlike offline speech or dialogue tasks, inter- 044

action timing decisions are inherently incremen- 045

tal and must be made under strict latency con- 046

straints (Schlangen and Skantze, 2011; Baumann 047

and Schlangen, 2012). These challenges are fur- 048

ther amplified in full-duplex settings characterized 049

by speech overlap, interruptions, and competitive 050

turn-taking, particularly in multi-party scenarios 051

where speaker changes are rapid and unpredictable 052

(Schegloff, 2000; Shriberg et al., 2001). 053

Current approaches to interaction management 054

generally fall into two categories: cascade systems 055

and end-to-end Speech LLMs. Cascade systems, 056

which rely on textual representations from Auto- 057

matic Speech Recognition (ASR), are fundamen- 058

tally misaligned with the requirements of real-time 059

interaction (Raux and Eskenazi, 2008; DeVault 060

et al., 2011). As illustrated in Figure 1(a), ASR- 061

based pipelines introduce unavoidable latency due 062

to buffering, decoding, and post-processing. More 063

fundamentally, identifying a turn-completion or 064
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an imminent barge-in often relies on fine-grained065

prosodic and temporal cues (e.g., pitch glides,066

rhythmic cadence) that are erased during discretiza-067

tion into text tokens (Ward and Tsukahara, 2000;068

Gravano and Hirschberg, 2011; Duncan, 1972).069

While emerging end-to-end Speech LLMs, such070

as GPT-4o (OpenAI, 2024) and Moshi (Défossez071

et al., 2024), achieve impressive low latency by in-072

tegrating listening and speaking into a single model073

(Ma et al., 2024; Nguyen et al., 2025), they face sig-074

nificant challenges in deployability and an inherent075

latency-intelligence trade-off: they are compu-076

tationally expensive, lack explicit controllability077

(coupling interaction logic tightly with generation),078

and often suffer from robustness issues such as079

hallucinating during long silences (Zhang et al.,080

2025a). Recent benchmarks have also highlighted081

the difficulty these models face in handling com-082

plex turn-taking dynamics (Lin et al., 2025; Peng083

et al., 2025; Zhang et al., 2025b).084

This work proposes a third path: a special-085

ized, lightweight interaction layer that comple-086

ments cascade systems to achieve end-to-end-like087

latency without compromising modularity or in-088

telligence. We introduce SCIR (Speech-based089

Conversational Interaction Representation), a task-090

driven representation learned end-to-end from low-091

level acoustic features. Unlike reactive VADs,092

SCIR is anticipatory. By detecting acoustic precur-093

sors to turn transitions (such as intonation drops or094

breath intakes), SCIR provides a "negative latency"095

buffer—predicting a turn end hundreds of millisec-096

onds before it physically completes. This approach097

shares the predictive spirit of Voice Activity Projec-098

tion (VAP) (Ekstedt and Skantze, 2022; Inoue et al.,099

2024a) but unifies multiple interaction decisions100

into a single lightweight framework that explicitly101

disentangles communicative intents (e.g., distin-102

guishing a backchannel from an interruption),103

offering finer-grained control than generic voice104

activity projection. As shown in Figure 1(b), this105

look-ahead capability effectively masks the compu-106

tational latency of the downstream ASR and LLM107

modules.108

We conduct extensive experiments on challeng-109

ing multi-party meeting datasets to validate this ap-110

proach. Our results highlight the efficacy of SCIR:111

• Efficiency-Performance Pareto: SCIR112

achieves state-of-the-art performance on in-113

teraction timing tasks, matches large-scale114

baselines (e.g., Wav2Vec 2.0 (Baevski et al.,115

2020)) while using 8× fewer parameters. 116

• Offsetting System Latency: We demonstrate 117

that SCIR’s prediction lead time (∼600ms) is 118

sufficient to offset typical ASR/LLM process- 119

ing delays, enabling fluid turn-taking even in 120

modular architectures. 121

• Robustness and Applicability: Unlike frag- 122

ile end-to-end models, SCIR’s specialized fo- 123

cus ensures robust performance across diverse 124

domains, while also revealing fundamental 125

acoustic divergences between tonal and in- 126

tonational languages regarding turn-taking 127

cues. 128

2 Related Work 129

This work relates to several lines of research in spo- 130

ken dialogue and speech processing, positioning 131

SCIR as a distinct approach that bridges the gap 132

between traditional signal processing and modern 133

generative modeling. 134

2.1 Interaction Timing in Conversation 135

Interaction timing has been a central topic in con- 136

versation analysis, establishing the theoretical ba- 137

sis for predictive modeling. Foundational work 138

characterizes turn-taking as a structured yet lo- 139

cally managed process, where speakers coordinate 140

turn exchanges through a combination of linguis- 141

tic, prosodic, and temporal cues (Sacks et al., 1974; 142

Duncan, 1972). Subsequent studies have confirmed 143

that conversational flow depends critically on the 144

ability to anticipate turn completion rather than re- 145

acting after utterances end (Levinson, 2016). Spe- 146

cific phenomena such as backchanneling have also 147

been extensively studied for their prosodic cues 148

(Ward and Tsukahara, 2000; Yngve, 1970), while 149

overlap and interruptions remain critical for natu- 150

ral dialogue flow (Schegloff, 2000; Gravano and 151

Hirschberg, 2011; Shriberg et al., 2001). 152

In computational settings, interaction timing has 153

been operationalized through tasks such as end-of- 154

turn detection and next-speaker prediction. Early 155

approaches utilized incremental processing frame- 156

works (Schlangen and Skantze, 2011; Baumann 157

and Schlangen, 2012; DeVault et al., 2011; Raux 158

and Eskenazi, 2008). More recently, continuous 159

predictive models have emerged, such as LSTM- 160

based approaches (Skantze, 2017; Roddy et al., 161

2018) and Voice Activity Projection (VAP) (Ekst- 162

edt and Skantze, 2022), which projects future voice 163
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activity directly from speech. This paradigm has164

been extended to real-time settings (Inoue et al.,165

2024a), multilingual contexts (Inoue et al., 2024b),166

and specific backchannel prediction (Inoue et al.,167

2025). While VAP implicitly models turn-taking168

through a unified projection task, it does not169

explicitly disentangle distinct communicative in-170

tents (e.g., backchannel vs. barge-in). SCIR171

extends this by adopting a multi-task learn-172

ing framework to provide fine-grained, intent-173

aware interaction signals.174

However, most prior approaches rely heavily175

on lexical features, inheriting the unavoidable la-176

tency of ASR systems. SCIR departs from this by177

proving that acoustic-only representations are suf-178

ficient—and often superior—for the specific sub-179

problem of timing. Crucially, by leveraging con-180

tinuous acoustic cues, SCIR achieves the "negative181

latency" required to offset the processing delays in-182

herent in cascade dialogue systems. Recent bench-183

marking efforts have also systematically evaluated184

audio foundation models on turn-taking dynamics185

(Arora et al., 2025), further highlighting the impor-186

tance of this capability for speech systems.187

2.2 Speech LLMs and Full-Duplex Systems188

Recent end-to-end Speech LLMs represent the fron-189

tier of low-latency interaction (Veluri et al., 2024).190

Models that integrate understanding and genera-191

tion into a single transformer implicitly model turn-192

taking through next-token prediction, achieving193

impressive responsiveness (Défossez et al., 2024;194

OpenAI, 2024). Recent works have pushed the195

boundaries of streaming speech interaction (Xie196

and Wu, 2024; Fang et al., 2024) and dual-channel197

modeling (Wang et al., 2025; Nguyen et al., 2025).198

While effective, this monolithic approach presents199

significant challenges for robust deployment. First,200

they are computationally expensive and difficult201

to host on edge devices. Second, they often lack202

explicit controllability; coupling interaction logic203

tightly with generation makes it difficult to force204

the model to "listen" or "yield" without modifying205

the generative weights. Third, they risk halluci-206

nation during long silences or background noise207

(Zhang et al., 2025a; Ma et al., 2024). SCIR of-208

fers a modular alternative. By treating interaction209

timing as a separate, lightweight control signal,210

SCIR can be integrated into modular architectures211

to provide explicit, robust timing control without212

the opacity and cost of a single giant model.213

2.3 Speech Representation Learning 214

Self-supervised speech representation learning 215

(SSL) has produced powerful general-purpose em- 216

beddings. Models such as Wav2Vec 2.0 (Baevski 217

et al., 2020), HuBERT (Hsu et al., 2021), and 218

WavLM (Chen et al., 2022) are typically trained 219

with objectives emphasizing phonetic or lexical 220

content recovery. Weakly supervised models like 221

Whisper (Radford et al., 2023) also provide robust 222

features. Despite their expressiveness, these rep- 223

resentations are not explicitly optimized for inter- 224

action dynamics. Their inductive biases prioritize 225

content over prosodic timing, and their computa- 226

tional footprint (often 90M+ parameters) poses sig- 227

nificant challenges for the strict real-time loops 228

required for interaction control (often operating 229

at 10ms ticks). Our experiments compare SCIR 230

against frozen SSL backbones to demonstrate that 231

a small, task-specific model trained from scratch 232

can outperform massive general-purpose models 233

on timing tasks. This validates our hypothesis that 234

a specialized inductive bias is more efficient than 235

generic pre-training for the specific task of real- 236

time interaction management. 237

3 Method 238

We present SCIR (Speech-based Conversational 239

Interaction Representation), a unified representa- 240

tion learning framework designed to serve as the 241

low-latency "nervous system" of a spoken dialogue 242

agent. As illustrated in Figure 2, SCIR processes 243

continuous acoustic streams to produce a shared, 244

causal embedding that simultaneously supports 245

turn-taking, backchannel, and barge-in predictions. 246

3.1 Problem Formulation 247

We model conversational interaction timing as a 248

continuous-time sequence labeling problem. Let 249

xt denote the acoustic feature vector at time t. The 250

goal is to learn a causal mapping fθ : Xt → ht, 251

where ht is a latent interaction representation. This 252

representation supports a set of binary classification 253

tasks T = {turn-taking, backchannel, barge-in}. 254

We hypothesize that these tasks share underly- 255

ing acoustic precursors. By jointly modeling 256

them, the shared representation ht can leverage 257

cross-task transfer (e.g., barge-in cues informing 258

turn-taking predictions), leading to more robust 259

generalization than single-task models. 260

Crucially, unlike Voice Activity Detection 261

(VAD) which detects current voice activity, SCIR 262

3



Figure 2: The overview of the proposed SCIR framework. (Left) Acoustic Input: We extract low-level features
(Mel-spectrogram, Pitch, Energy) from the continuous audio stream. (Middle) Shared Encoder: A lightweight
convolutional frontend processes local temporal patterns, followed by a Causal Transformer that captures long-range
interaction dynamics. (Right) Multi-task Decoders: Lightweight heads project the shared representation ht to
task-specific probabilities.

predicts future interaction events. For instance,263

a positive "Turn-Taking" label at time t does not264

merely indicate silence, but signifies that the cur-265

rent speaker intends to yield the floor within a short266

prediction window (Skantze, 2017; Ekstedt and267

Skantze, 2022).268

3.2 Data Construction and Labeling269

A key challenge in interaction modeling is con-270

structing dense, frame-level supervision from271

sparse event annotations. We derive our training272

targets from the AMI Meeting Corpus (Carletta,273

2007), which contains multi-party audio with time-274

aligned transcriptions. The labeling logic is defined275

as follows:276

• Turn-Taking: We define a turn-taking event277

as a speaker transition point, corresponding278

to the onset of the next speaker’s utterance.279

Positive labels are assigned to frames within280

a temporal window centered around this tran-281

sition onset.282

• Backchannel: Backchannel events are heuris-283

tically defined as short utterances (shorter than284

1 second) produced by a non-current speaker.285

• Barge-in: A barge-in event is defined as an286

overlap between the onset of a speaker’s utter-287

ance and another speaker’s ongoing speech.288

3.3 SCIR Architecture289

The model architecture is purposefully designed290

for extreme computational efficiency to ensure it291

can run in parallel with heavier ASR and LLM292

modules without impacting the system’s overall 293

latency budget. 294

Acoustic Observation Model. We employ a 295

composite feature vector xt (F = 82) consisting 296

of Log Mel-spectrograms (80-dim), Pitch (F0), and 297

Energy. Explicitly modeling pitch is critical for 298

this task, as intonation contours (e.g., a rising pitch 299

for questions or a falling pitch for statements) are 300

strong predictors of turn-yielding that are often lost 301

in standard ASR acoustic models (Levinson, 2016; 302

Gravano and Hirschberg, 2011). 303

Shared Interaction Encoder. The encoder fθ 304

utilizes a hybrid architecture meticulously stream- 305

lined for real-time inference. First, a lightweight 306

1D convolutional frontend aggregates local acous- 307

tic context and projects features into the hidden 308

dimension. Second, a Causal Transformer en- 309

coder captures long-range temporal dependencies 310

(Vaswani et al., 2017). A strict causal attention 311

mask ensures that predictions at time t depend 312

solely on the history x≤t, satisfying the hard real- 313

time constraint required for streaming deployment. 314

Multi-task Decoders. We use simple linear 315

heads to project the shared representation ht to 316

task probabilities p
(k)
t . By keeping the decoders 317

minimal, we force the shared encoder to learn a 318

rich, generalizable representation of interaction dy- 319

namics that disentangles the common acoustic pre- 320

cursors of different interaction types. 321

3.4 Learning Objective 322

We train the model end-to-end using a weighted 323

binary cross-entropy loss. 324
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To enhance model robustness against acoustic325

variability and prevent overfitting, we employ326

data augmentation strategies during training,327

including SpecAugment (time and frequency328

masking) and Gaussian noise injection.329

We treat the problem as frame-level binary clas-330

sification. The ground-truth labels y
(k)
t ∈ {0, 1}331

are derived directly from the annotated time bound-332

aries.333

L =
∑
k∈T

λk

∑
t

[
− y

(k)
t log p

(k)
t

− (1− y
(k)
t ) log(1− p

(k)
t )

] (1)334

where λk balances the contribution of each task,335

addressing the natural class imbalance where inter-336

action events are sparse compared to background337

speech.338

3.5 Inference and Decision Making339

During inference, SCIR operates in a streaming340

fashion. The continuous probability stream p
(k)
t341

acts as a real-time "affordance" signal for the di-342

alogue manager. A discrete decision is triggered343

when the probability exceeds a task-specific thresh-344

old τk. These thresholds are adjustable operat-345

ing points, allowing system designers to trade off346

between responsiveness (minimizing latency) and347

safety (minimizing interruptions) based on the ap-348

plication context, without the need to retrain the349

model (Davis and Goadrich, 2006).350

4 Evaluation and Metrics351

Evaluating conversational interaction timing poses352

unique challenges due to class imbalance, anno-353

tation ambiguity, and the tight coupling between354

decision latency and interaction quality. In this sec-355

tion, we formalize our evaluation protocol, span-356

ning standard event-level metrics, latency-aware de-357

cision metrics, and system-level simulation bench-358

marks.359

4.1 Event-Level Metrics360

We first report standard probabilistic classification361

metrics. For each interaction task k ∈ T , the362

model produces a continuous probability stream363

{p(k)t }Tt=1. To assess the discriminative power of364

the learned representation independent of specific365

operating points, we primarily report the Area Un-366

der the ROC Curve (AUC) and Average Precision367

(AP). For binary decision metrics (Precision, Re-368

call, F1), we convert probabilities to discrete events369

using a threshold τk. An event is considered cor- 370

rectly detected if the predicted timestamp falls 371

within a temporal tolerance window (e.g., ±500ms) 372

of the ground-truth annotation. 373

4.2 Latency-Aware Decision Metrics 374

We define the event time tevent as the turn end 375

for turn-taking, and as the speech onset (overlap 376

onset) for backchannel and barge-in events. Real- 377

time systems must not only detect events but do 378

so with sufficient lead time to plan a response. We 379

explicitly evaluate the temporal characteristics of 380

the model’s decisions to quantify its ability to mask 381

downstream latency. 382

Prediction Lead Time. Unlike offline ASR sys- 383

tems that exhibit lag, an ideal interaction manager 384

should anticipate events. We define the prediction 385

lead time as δ = tevent − tdecision, where tevent 386

denotes the annotated event boundary (toffset 387

for turn-taking, tonset for backchannel/barge-in) 388

and tdecision is the moment the model’s confidence 389

crosses τk. A positive δ indicates early prediction 390

(e.g., anticipating a turn-end before silence). We 391

report the mean and distribution of δ to quantify 392

the system’s "reflex" speed—essentially measuring 393

the "negative latency" buffer provided by SCIR. 394

Success@∆. To characterize the trade-off be- 395

tween timing precision and detection coverage, we 396

use the Success@∆ metric. A prediction is consid- 397

ered successful at tolerance ∆ if the system triggers 398

a decision within the window [tevent−∆, tevent+∆]. 399

Success@∆ =
1

N

N∑
i=1

I
(
|t(i)pred − t

(i)
gt | ≤ ∆

)
(2) 400

By varying ∆ (e.g., from 200ms to 2000ms), we 401

plot accuracy curves that reveal the temporal gran- 402

ularity of the learned representations. This metric 403

specifically penalizes decisions that are semanti- 404

cally correct but timed poorly (too early or too 405

late). 406

4.3 System-Level Simulation Metrics 407

Event-level metrics often fail to capture the dy- 408

namic consequences of timing decisions, such as 409

cutting off a user or awkward silences. To bridge 410

this gap, we implement a Turn-Taking Simula- 411

tion involving a 4-party conversational scenario. 412

We define two key system-centric metrics: 413
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Collision Rate (CR). This metric quantifies dis-414

ruptive interruptions. A collision occurs when the415

system attempts to take the floor while another416

speaker is still active or has not yet yielded.417

CR =
Ncollision

Nattempts
× 100% (3)418

where Nattempts is the total number of turn-taking419

attempts made by the system. A lower CR indicates420

smoother, more polite interaction.421

Success Rate (SR). Complementary to CR, the422

Success Rate measures the proportion of attempts423

that result in a smooth floor transition without over-424

lap or excessive delay (e.g., gap < 1s).425

SR =
Nsmooth

Nattempts
× 100% (4)426

These metrics directly reflect user experience and427

are used to validate the operational utility of SCIR428

in Figure 5.429

4.4 Cross-Domain Calibration Protocol430

Interaction timing definitions vary across domains431

(e.g., meeting vs. chit-chat). To assess robustness,432

we evaluate performance under two regimes:433

• No Tuning (Zero-shot): Thresholds τk de-434

rived from the source domain (AMI) are ap-435

plied directly to the target domain.436

• Light Tuning: We allow recalibration of437

thresholds τk using a small sample (e.g., 5438

minutes) of target data, without updating439

model weights (Guo et al., 2017).440

This protocol disentangles the generalizability of441

the learned representation from the domain-specific442

calibration of decision boundaries.443

4.5 Latency Accounting444

All reported timing metrics explicitly account for445

the end-to-end system latency budget:446

∆sys = ∆feat +∆enc +∆dec (5)447

where ∆feat includes frame stepping (10ms) and448

windowing, and ∆enc accounts for the causal atten-449

tion overhead. This ensures our evaluation reflects450

realistic deployment constraints rather than ideal-451

ized offline performance.452

5 Experiments 453

We evaluate SCIR across multiple dimensions: pre- 454

dictive performance against state-of-the-art base- 455

lines, computational efficiency under real-time con- 456

straints, and system-level impact on conversational 457

fluency. 458

5.1 Experimental Setup 459

Datasets. We conduct experiments primarily on 460

the AMI Meeting Corpus (Carletta, 2007), a multi- 461

party dataset rich in spontaneous speech overlap 462

and competitive turn-taking. Models are trained on 463

the AMI training split (136 meetings) and evaluated 464

on the test split (18 meetings). For cross-domain 465

generalization, we use the ICSI Meeting Corpus 466

(Janin et al., 2003) and the Mandarin AISHELL-4 467

dataset (Fu et al., 2021). 468

Baselines. We compare SCIR against a diverse 469

set of baselines representing different paradigms: 470

(1) Heuristic VAD: Energy-based voice activity 471

detection, representing standard reactive pipelines. 472

(2) ASR-based: Frozen Whisper-base encoder 473

(Radford et al., 2023) representing semantic-heavy 474

pipelines that incur high latency. (3) SSL Speech 475

Models: Frozen Wav2Vec 2.0 (Baevski et al., 2020) 476

representing large-scale general-purpose speech 477

representations. (4) Linear Probe (VAP-style): 478

A linear projection trained on frozen acoustic fea- 479

tures, mimicking the implicit projection approach 480

of VAP (Ekstedt and Skantze, 2022) but adapted 481

for our explicit multi-task targets. (5) W2V2 + 482

Temporal Head: A frozen Wav2Vec 2.0 backbone 483

equipped with a temporal Transformer head identi- 484

cal to SCIR’s encoder, testing the upper bound of 485

pre-trained features without fine-tuning. 486

Implementation Details. We implement SCIR 487

using PyTorch. The model is trained for 100 epochs 488

with a batch size of 16 using the AdamW optimizer. 489

We employ a learning rate of 5e−4 with a cosine 490

decay schedule. For inference, decision thresholds 491

τk are tuned on the validation set to maximize the 492

F1 score, resulting in τturn = 0.65, τbc = 0.80, and 493

τbarge = 0.75. 494

5.2 Main Results: Performance vs. Efficiency 495

Table 1 summarizes the performance on the AMI 496

test set. SCIR achieves an average AUC of 79.3%. 497

Crucially, it significantly outperforms the VAP- 498

style linear probe (+11.7%), demonstrating that 499
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Figure 3: Performance vs. Efficiency. SCIR achieves
comparable ROC-AUC to large-scale SSL baselines
(Wav2Vec2 + Head) while using orders of magnitude
fewer parameters, occupying the optimal Pareto frontier.

Table 1: Main results on AMI Test Set. SCIR outper-
forms heuristic and VAP-style baselines and matches
heavy SSL models with minimal parameters.

Model Params Turn BC Barge Avg

Random - 50.0 50.0 50.0 50.0
Energy VAD - 43.2 65.3 59.0 55.8
Linear Probe (VAP-style) 0.3M 63.7 79.0 70.3 71.0
Whisper (Frozen) 71.8M 54.5 55.8 54.8 55.0
Wav2Vec 2.0 + Head 99.5M 74.5 82.0 81.6 79.4

SCIR (Ours) 11.4M 71.6 87.6 78.7 79.3

simple projection is insufficient for decoupling in-500

teraction intents and that our temporal modeling501

is essential. Notably, SCIR matches the perfor-502

mance of the massive W2V2 + Temporal Head503

baseline (79.4%) while using 8.3× fewer parame-504

ters (11.4M vs 95M) and operating at a Real-Time505

Factor (RTF) of 864×. We also observed that fully506

fine-tuning Wav2Vec 2.0 yields a higher AUC of507

83.2% (see Appendix), but at the cost of signifi-508

cantly higher memory usage and latency, making it509

unsuitable for on-device deployment.510

5.3 Latency and the "Actionable Window"511

For real-time systems, prediction accuracy is mean-512

ingless without timeliness. We analyze the tempo-513

ral behavior of SCIR’s predictions to validate our514

"negative latency" hypothesis.515

Early Prediction Capability. As illustrated516

in Figure 4, SCIR exhibits a clear "Action-517

able Window." The prediction probability consis-518

tently crosses the decision threshold approximately519

626ms before the actual speech onset. This 600ms+520

lead time provides the critical buffer needed to off-521

set cascade system latency. In a standard pipeline522

where ASR and LLM inference might consume523

500-800ms, SCIR allows the system to initiate gen-524

Figure 4: Actionable Window Analysis. The blue curve
shows the averaged prediction probability relative to
the event boundary (t = 0). For turn-taking, t = 0
corresponds to the turn-end; for backchannel and
barge-in, it corresponds to the speech onset. SCIR
crosses the decision threshold 626ms in advance, pro-
viding the necessary "negative latency" to offset down-
stream computation.

eration while the user is still speaking. This effec- 525

tively hides the computational cost, rendering the 526

cascade architecture perceptually indistinguishable 527

from a zero-latency end-to-end model. 528

5.4 System-Level Simulation 529

To assess the impact on user experience, we sim- 530

ulated a 4-party conversation and measured the 531

Collision Rate (interruptions) and Success Rate 532

(smooth turns). 533

As shown in Figure 5, SCIR drastically improves 534

interaction quality. Compared to the VAD base- 535

line, SCIR reduces the collision rate from 20.7% to 536

6.3% (a 69% relative reduction) while increasing 537

the turn-taking success rate to 93.8%. This con- 538

firms that SCIR is not just fast, but "polite." While 539

end-to-end Speech LLMs often struggle with hal- 540

lucinating speech during quiet moments (Zhang 541

et al., 2025a), SCIR’s dedicated training on inter- 542

action events ensures it robustly identifies when 543

not to speak, solving a key robustness challenge in 544

full-duplex deployment. 545

5.5 Ablation Studies 546

We dissect the contribution of each component in 547

Figure 6. 548

• Features: Adding Pitch improves perfor- 549

mance by +1.22%, confirming the role of 550

prosody in signaling turn boundaries. Inter- 551

estingly, raw Energy features alone provide 552

negligible gain but stabilize training. 553

• Augmentation: Data augmentation (masking, 554

noise) contributes a substantial +1.25% gain, 555

critical for robustness. 556
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Figure 5: Simulation Results. SCIR significantly re-
duces the Collision Rate (grey bars) and improves the
Success Rate (green line) compared to a standard VAD
baseline.

• Multi-task: Gaussian noise injection557

provides modest gains, while aggressive558

SpecAugment (time/frequency masking) can559

degrade timing performance by corrupting560

fine-grained prosodic cues.561

Figure 6: Ablation Waterfall. Shows the cumulative
AUC gain from adding Pitch, Energy, and Augmentation
strategies to the base Mel-spectrogram model.

5.6 Cross-Domain Generalization562

We further evaluate robustness under domain shift.563

Zero-shot Transfer: When applied directly to564

the Mandarin AISHELL-4 dataset (without fine-565

tuning), SCIR retains significant predictive power566

for overlap detection (Retention 40.7%). However,567

turn-taking retention is lower (19.2%). Linguis-568

tic Divergence: This performance gap highlights569

a fundamental linguistic difference: Mandarin is570

a tonal language where pitch distinguishes lexi-571

cal meaning, whereas English is an intonational572

language where pitch cues turn boundaries (e.g.,573

falling pitch). This seemingly negative result ac- 574

tually confirms that SCIR heavily relies on valid 575

prosodic cues rather than simple silence, though 576

it necessitates language-specific adaptation. Noise 577

Robustness: Under heavy noise injection (σ = 578

1.0), performance drops by only 0.4%, demonstrat- 579

ing stability in real-world acoustic environments. 580

6 Discussion and Conclusion 581

6.1 Discussion 582

Our results challenge the prevailing assumption 583

that low-latency interaction requires monolithic, 584

end-to-end pre-training. SCIR demonstrates that a 585

task-driven, lightweight model can surpass general- 586

purpose SSL baselines while being 8.3x smaller. 587

More importantly, SCIR offers a pragmatic solution 588

to the latency-intelligence trade-off in modern di- 589

alogue systems. By decoupling "when to speak" 590

(SCIR) from "what to say" (LLM), we enable a 591

modular architecture where state-of-the-art ASR 592

and LLM models can be deployed without suffer- 593

ing from their inherent latency penalties. SCIR 594

acts as an intelligent "nervous system," utilizing its 595

anticipatory capability (negative latency) to mask 596

the processing time of the "brain" (LLM). 597

6.2 Limitations 598

Despite these advancements, limitations remain. 599

First, relying exclusively on acoustics blinds 600

the model to semantic cues (e.g., grammatical 601

completeness), necessitating future fusion with 602

lightweight text embeddings. Second, cultural vari- 603

ance poses a challenge; our cross-lingual experi- 604

ments show significant divergence in backchannel 605

behaviors between English and Chinese, suggest- 606

ing timing policies need cultural adaptation. Fi- 607

nally, our latency-aware metrics are offline proxies; 608

validating true naturalness requires future human- 609

in-the-loop trials. 610

6.3 Concluding Remarks 611

In summary, we proposed SCIR, a lightweight 612

acoustic representation that unifies turn-taking, 613

backchanneling, and barge-in prediction. Our find- 614

ings establish task-driven acoustic representations 615

as a robust, plug-and-play foundation for next- 616

generation real-time dialogue agents. Ultimately, 617

by shifting the paradigm from reactive detection 618

to anticipatory prediction, SCIR brings us one step 619

closer to achieving seamless, human-like conversa- 620

tional fluency. 621
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A Detailed Experimental Setup823

A.1 Dataset Details and Preprocessing824

We utilized the AMI Meeting Corpus (Carletta,825

2007) for the majority of our experiments. The826

dataset partition is detailed in Table 2. The au-827

dio was downsampled to 16kHz. We extracted 80-828

dimensional Log Mel-spectrograms using a 25ms829

window and 10ms hop size. Pitch (F0) was ex-830

tracted using YIN algorithm (implemented in Li-831

brosa), and Energy was computed as the L2 norm832

of the frame signal. All features were normalized833

to zero mean and unit variance based on statistics834

computed from the training set.835

Split Meetings Duration Samples Pos. Rate

Train 136 37.78h 6,800 5.97%
Val 17 0.94h 85 4.24%
Test 18 1.00h 90 5.37%

Total 171 39.72h 6,975 ∼5.8%

Table 2: Detailed statistics of the AMI dataset splits
used in this work. Note: Duration and Samples refer
to the cumulative length and count of the extracted
segments used for training/evaluation, not the raw
full-session recordings.

A.2 Model Hyperparameters836

We implemented SCIR using PyTorch. The best-837

performing model (Medium configuration) has838

11.4M parameters. Detailed hyperparameters are839

listed below:840

• Architecture: 6 Transformer layers, 384 hid-841

den dimension, 8 attention heads, 1536 FFN842

dimension.843

• Dropout: p = 0.1 for attention and FFN lay-844

ers.845

• Context Window: 2000 frames (20 seconds)846

during training.847

A.3 Training Configuration848

All models were trained on a cluster of 8 ×849

NVIDIA A100 (40GB) GPUs.850

• Optimizer: AdamW with β1 = 0.9, β2 =851

0.999, weight decay = 0.01.852

• Learning Rate: Initial learning rate 5e−4,853

warmed up for the first 10% of steps, followed854

by a cosine decay to 1e−6.855

• Batch Size: 16 sequences per GPU (effective 856

batch size dependent on distributed setup). 857

• Stopping Criteria: Early stopping with a pa- 858

tience of 10 epochs based on validation loss. 859

• Loss Weights: λturn = 1.0, λbc = 860

1.0, λbarge = 1.0. 861

B Comprehensive Ablation Studies 862

B.1 Impact of Encoder Depth 863

We investigated the depth of the Causal Trans- 864

former encoder. As shown in Table 3, a 6-layer 865

architecture provides the optimal balance between 866

performance and efficiency. Increasing depth to 8 867

layers resulted in a slight performance degradation 868

(0.816 → 0.805), likely due to overfitting on the 869

limited size of the AMI dataset. 870

Table 3: Impact of encoder depth on performance.

Layers Params Avg AUC Finding

4 Layers 7.86M 0.814 Underfitting
6 Layers 11.4M 0.816 Optimal
8 Layers 15.0M 0.805 Overfitting

B.2 Data Augmentation Analysis 871

We explored various augmentation techniques to 872

improve robustness. Table 4 details the impact of 873

each strategy. While aggressive frequency mask- 874

ing degraded performance, we found that Gaus- 875

sian Noise injection combined with mild time 876

masking provided the optimal balance, yielding 877

the +1.25% gain reported in our main results. 878

Table 4: Impact of data augmentation strategies. The
final SCIR model employs the "Optimal Policy" (Noise
+ Mild Masking).

Strategy Avg AUC Change

No Augmentation 0.783 Baseline
Freq Masking (Aggressive) 0.758 -3.2%
Gaussian Noise Only 0.789 +0.7%
Optimal Policy (Final) 0.793 +1.25%

C Context Window Analysis 879

Figure 7 illustrates the relationship between histor- 880

ical context length and prediction accuracy. The 881

performance improves rapidly as the context win- 882

dow increases from 1 second to 4 seconds. The 883

performance plateaus at approximately 10 seconds, 884
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suggesting that the acoustic cues relevant for imme-885

diate turn-taking decisions are contained within the886

most recent 10 seconds of conversation. Extending887

the window beyond this point introduces irrelevant888

noise without adding predictive value.889

Figure 7: Performance vs. Context Window Size.
Performance peaks at a 10-second window.

D Detailed Baseline Comparisons890

D.1 Lightweight Baselines891

To validate the necessity of the Transformer ar-892

chitecture, we compared SCIR against simpler893

lightweight baselines (Table 5). "TinyTF" is a894

smaller transformer model, while "DeepCNN" uses895

a stacked convolutional architecture. SCIR signifi-896

cantly outperforms all lightweight alternatives, con-897

firming that model capacity matters for capturing898

complex interaction dynamics.899

Table 5: Comparison with lightweight architectures.

Model Params Avg AUC

MLP 0.09M 0.637
CNN (Standard) 0.21M 0.665
DeepCNN 0.18M 0.667
TinyTF 0.41M 0.676
SCIR (Ours) 11.4M 0.793

D.2 Heavyweight Baselines (Partial900

Fine-tuning)901

While our main results focus on frozen backbones902

for fair comparison of representations, we also in-903

vestigated partially fine-tuning the Wav2Vec 2.0904

encoder. As shown in our experiments, fine-tuning905

the last 2 layers of Wav2Vec 2.0 combined with our906

temporal head yielded an Average AUC of 0.832.907

While this is 4.9% higher than SCIR (0.793), it908

comes at the cost of requiring 99.5M parameters909

and significantly higher memory usage, rendering910

it less suitable for on-device applications compared911

to the efficient SCIR.912

E System-Level Analysis 913

E.1 Latency Statistics 914

We analyzed the distribution of prediction latency 915

relative to the ground-truth event start time. "Nega- 916

tive" latency indicates the model predicts the event 917

before it happens. 918

• Turn-Taking: Mean Latency = -861 ms. 919

95.9% of events were predicted early. 920

• Backchannel: Mean Latency = -535 ms. 921

85.3% of events were predicted early. 922

• Barge-In: Mean Latency = -798 ms. 98.0% 923

of events were predicted early. 924

This substantial lead time is the key mechanism that 925

allows SCIR to mask downstream system latency. 926

E.2 Conversation Complexity 927

We analyzed model robustness across different 928

conversation densities (Figure 8). We catego- 929

rized conversation segments into Simple, Moderate, 930

and Complex based on the frequency of speaker 931

changes. The model maintains high performance 932

even in "Complex" scenarios (>10 turns/min), 933

demonstrating robustness to chaotic acoustic en- 934

vironments. 935

Figure 8: Performance by Conversation Complex-
ity. The model remains robust even in high-activity
segments.

F Cross-Domain Transfer Analysis 936

We conducted zero-shot transfer experiments to 937

evaluate generalization. 938

• AMI → ICSI (English): High retention 939

(78.5%), indicating strong adaptability within 940

the same language family. 941

• AMI → AISHELL-4 (Mandarin): We ob- 942

served a significant drop in turn-taking perfor- 943

mance (Retention 19.2%). However, Overlap 944

detection remained relatively robust (Reten- 945

tion 40.7%). This confirms the hypothesis that 946
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prosodic turn-taking cues (e.g., pitch contour)947

are heavily language-dependent (tonal vs. in-948

tonational languages), while overlap cues are949

more universal.950

G Robustness and Probing951

G.1 Robustness Profile952

We evaluated stability under 12 acoustic pertur-953

bations (Figure 9). The model is highly invari-954

ant to Pitch Shift (0.1% drop) and Temporal Jit-955

ter (3.9% drop), confirming it relies on relative956

prosodic contours rather than absolute values. How-957

ever, it is more sensitive to spectral degradation like958

Impulse Noise (17.0% drop).959

Figure 9: Robustness Profile. Impact of acoustic per-
turbations on model performance.

G.2 Layer-wise Probing960

We analyzed the discriminative power of each en-961

coder layer using linear probes (Figure 10).962

• Backchannel (Red): Performance peaks963

early at Layer 3, suggesting it relies on shal-964

lower acoustic triggers.965

• Turn-Taking (Blue): Performance improves966

steadily up to Layer 6, requiring deeper con-967

textual integration.968

Figure 10: Layer-wise Probing. AUC scores of linear
probes attached to each encoder layer.

H Error Analysis 969

H.1 Error Distribution 970

We categorized false positives (FP) and false neg- 971

atives (FN) to understand failure modes (Figure 972

11). 973

• FP - High Energy Noise: The primary source 974

of false positives (58% of errors) comes 975

from high-energy non-speech sounds, such 976

as laughter or coughing, which the model con- 977

fuses with speech onset. 978

• FP - Ambiguous Boundaries: 31.6% of false 979

positives occur in short durations (<200ms) 980

near true boundaries, indicating boundary am- 981

biguity rather than complete hallucination. 982

Figure 11: Error Type Distribution. High-energy non-
speech sounds are the leading cause of false positives.

H.2 Latent Space Visualization 983

To qualitatively assess the learned representations, 984

we visualized the trajectory of a 10-second conver- 985

sation in the PCA-reduced latent space (Figure 12). 986

The trajectory clearly separates states of silence, lis- 987

tening, and active speaking, confirming that SCIR 988

captures the continuous dynamics of conversation. 989

Figure 12: Latent Space Trajectory. PCA visualization
showing clear separation between turn-taking events
(green) and non-events.
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