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Abstract001

Unlike half-duplex systems restricted to re-002
active turn-taking, natural full-duplex inter-003
action requires precise timing for both reac-004
tive responses and proactive behaviors, such005
as system-initiated interruptions and backchan-006
neling. However, current speech LLMs strug-007
gle with the full-duplex mode due to imprecise008
turn timing or significant reasoning degrada-009
tion. To achieve natural and controllable full-010
duplex interaction, we introduce a Lightweight,011
Temporally-Aware Turn Controller, LTA-TC,012
which provides fine-grained turn-timing predic-013
tions and time-sensitive style controls. LTA-014
TC is designed for broad compatibility, either015
enabling full-duplex interaction for half-duplex016
LLMs or augmenting the performance of na-017
tive full-duplex architectures. As existing full-018
duplex data is primarily synthetic and lacks019
proactive behavior annotations, we construct020
ProTurn, a real-world human-human dataset021
featuring region-based reactive and proactive la-022
bels. By categorizing behaviors via timing off-023
sets, ProTurn supports style instructions across024
five turn-transition and five backchannel styles.025
To evaluate the turn-timing awareness of full-026
duplex systems, we introduce an evaluation027
framework that assesses performance at both028
chunk and turn levels. Experimental results029
demonstrate that LTA-TC achieves superior030
performance across timing of interruptions and031
backchanneling, time-sensitive style control,032
and response quality. The code and dataset will033
be released upon acceptance.034

1 Introduction035

Conventional spoken dialogue systems predomi-036

nantly operate in a half-duplex mode, reactively037

waiting for user turn completion. In contrast, full-038

duplex systems enable simultaneous interaction by039

managing both reactive and proactive turn-taking,040

where the latter refers to system-initiated behaviors041

during user speech, such as backchanneling and042

interruptions. These systems must determine not043
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Figure 1: Overview of our natural and controllable
full-duplex dialogue system. U and A represent user
and assistant audio. The turn controller processes over-
lapping speech autoregressively, introducing time-aware
proactive behaviors like backchannels and interruptions
based on user-provided style instructions.

only what to say but also when to speak, requiring 044

precise timing that accounts for the objective and 045

subjective semantic completeness of user speech. 046

Such precision is vital for proactive management to 047

minimize unnatural pauses and ensure timely feed- 048

back, facilitating fluid communication in applica- 049

tions such as virtual assistants (Tulshan and Dhage, 050

2019), accessibility tools (Masterman et al., 2024), 051

and social robots (Marge et al., 2022). To this end, 052

we propose a temporally-aware turn-taking frame- 053

work that enables fine-grained timing and style con- 054

trol, advancing full-duplex dialogue toward more 055

natural, human-like interaction. 056

Our framework achieves three main contribu- 057

tions. Firstly, previous study (Chang et al., 2025) 058

shows that most existing speech LLMs struggle 059

to handle fine-grained, temporally-aware instruc- 060

tions such as the durations of speech or silence. To 061

address this limitation in facilitating fine-grained 062

turn-timing, we establish the first taxonomy of 063

turn-taking styles for full-duplex spoken dialogue 064

systems, capturing the diverse and nuanced turn- 065

management styles. This taxonomy comprises 5 066

turn-taking behaviors with varied times to grab the 067

floor, and 5 backchanneling behaviors with varied 068
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times to show active listening. Moreover, informed069

by HCI research regarding the typical 1-second la-070

tency between intent and speech onset (Wang et al.,071

2025; Chen et al., 2024), we implement region-072

based labeling. These temporal spans extend from073

style-specific cues to response initiation, enabling074

the model to simulate human-like conversational075

delays. Based on this taxonomy, we construct a076

real-world human-human spoken dialogue dataset077

ProTurn, annotated with fine-grained turn-taking078

style labels and instructions.079

Secondly, while commercial voice agents (Ope-080

nAI et al., 2024; Intelligence, 2025) attain compar-081

atively precise timing at the expense of substantial082

computational resources, current open-source full-083

duplex speech LLMs (Wang et al., 2024c; Chen084

et al., 2025a) struggle to model proactive behav-085

iors such as interruptions and backchanneling, and086

exhibit a significant reasoning gap compared to087

their half-duplex counterparts. To bridge this gap,088

we introduce LTA-TC, a lightweight turn-taking089

controller specialized for precise turn-timing pre-090

diction. Structurally, our controller autoregres-091

sively processes dual-channel audio streams for092

user and assistant to capture paralinguistic cues093

and conversational dynamics that are typically lost094

in text-centric or single-stream models. Trained095

on ProTurn, LTA-TC enables precise timing and096

style control across diverse interactions. As illus-097

trated in Figure 1, our turn controller seamlessly098

integrates with high-performance speech LLMs,099

optimizing interaction timing while preserving the100

base model’s intelligence and response quality. Fur-101

thermore, while ProTurn can also support training102

end-to-end models, we reserve the investigation of103

knowledge retention strategies for future work.104

Thirdly, despite progress in VAD-based timing105

(Wu et al., 2025b; Zhang et al., 2025a) and end-106

to-end benchmarks (Lin et al., 2025; Arora et al.,107

2025), systematic evaluation of fine-grained turn-108

timing awareness remains underdeveloped. We109

address this by introducing a two-tier evaluation110

framework. Initially, we assess chunk-level timing111

to measure standalone prediction accuracy per inter-112

val for both specialized turn controllers and speech113

LLMs. Subsequently, we analyze turn-level per-114

formance to evaluate the balance between timing115

and response quality across architectures. Further-116

more, experimental results verify the superior style117

controllability and instruction-following robustness118

of LTA-TC, demonstrating that integrating a ded-119

icated turn controller significantly enhances inter-120

action fluidity and style flexibility, paving the way 121

for more natural and controllable full-duplex assis- 122

tance. 123

2 Related Work 124

2.1 Turn Controller 125

Modular turn controllers are evolving from binary 126

endpoint detection toward multi-action orchestra- 127

tion. Conventional VAD-based methods, such as 128

Silero-VAD and PhoenixVAD (Wu et al., 2025b), 129

prioritize turn completion, whereas recent works 130

broaden the interaction state space. SemanticVAD 131

(Zhang et al., 2025a) integrates textual features for 132

multi-state modeling, while Easy-Turn (Li et al., 133

2025) and FlexDuo (Liao et al., 2025) incorporate 134

backchannel, wait, and idle states. RTTL-DG (Mai 135

and Carson-Berndsen, 2025) optimizes for timing, 136

and unified frameworks (Chang et al., 2019, 2022) 137

combine turn management with diverse dialogue 138

tasks. Unlike these systems, our controller intro- 139

duces temporally-aware style control across diverse 140

proactive and reactive behaviors. 141

2.2 Full-duplex Spoken Dialogue Systems 142

Beyond individual modules, recent research inte- 143

grates these components into full-duplex architec- 144

tures, following either end-to-end (Défossez et al., 145

2024; Zhang et al., 2025b; Wang et al.; Yu et al., 146

2024; Xie and Wu, 2024) or cascaded paradigms. 147

Cascades regulate tokens via VAD-driven meth- 148

ods (Wang et al., 2024a; Fu et al., 2025; Chen 149

et al., 2025a) or classify hidden-states (Wang et al., 150

2024c; Ma et al., 2025; Chen et al., 2025b; Liu 151

et al., 2025). However, these implementations often 152

rely on synthetic data or restricted corpora (Cieri 153

et al., 2004; Godfrey et al., 1992) and lack fine- 154

grained proactive labels. We utilize large-scale, 155

real-world dialogues with chunk-level labels to 156

capture precise temporal dynamics. Unlike sample- 157

level classification (Li et al., 2025), our approach 158

models each short interval to enable more natural 159

interaction. 160

3 Method 161

3.1 ProTurn Dataset Construction 162

To address limitations of temporally-aware full- 163

duplex systems, we introduce ProTurn, a dual- 164

channel real-world dialogue dataset featuring fine- 165

grained reactive or proactive annotations with 166

turn-taking style instructions. ProTurn integrates 167

the Seamless Interaction (Agrawal et al., 2025), 168
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Table 1: Characteristics of the real-world human-human spoken dialogue ProTurn Dataset for modeling
turn actions of Normal Turn-Taking (NTT, Interrupt Turn-Taking (ITT), Backchannel Turn-Taking (BTT)
and Being Interrupted (BI). NTTlatency and ITTlead measure temporal offsets relative to user turn start or end.
ITTshare, the ratio of system interruptions to total transition events, directly characterizes Patient and Assertive styles.
BCfreq and BCrate denote the counts of backchannels per turn and per minute, while BConset measures the delay
from the onset of user speech. Our work focuses on controlling timing of Assistant’s turn-taking, while assistant’s
turn-yielding BI Rate and U.NTTlatency reflect uncontrollable user behavior.

Assistant Turn Action Avg/sample Metrics P33 P66 Instruction Type #Samples

Turn
transition

NTT
ITT

3.64
2.26

NTTlatency (s) 0.32 0.68
Mixedlow/Mixedmed/Mixedhigh 2496/8768/2514

ITTlead (s) 0.56 1.76
ITTshare (%) 33.3 50.0 Patient/Assertive 9519/1754

Backchannel BTT 1.70
BCfreq (%) 11.1 22.7 No Backchannel 10271

BCrate (/min) 2.16 4.52 High/Low 7015/7766
BConset (s) 0.52 1.60 Early/Late 9019/5762

Turn
yielding BI 1.62

BI Rate (%) 0.0 20.0
- -

U. NTTlatency(s) 0.32 0.80

Fisher (Cieri et al., 2004), and Switchboard-2 Phase169

II (Godfrey et al., 1992) corpora. Collectively,170

the dataset encompasses both face-to-face and tele-171

phonic communications, exhibiting diverse distri-172

butional characteristics (seen in Appendix C). Pro-173

Turn consists of 25,052 samples, each up to 120174

seconds long, totaling approximately 835 hours of175

audio. We partition the dataset into 23,945 training,176

100 validation, and 1,007 test samples.177

Label Proactive and Reactive Actions. As178

summarized in Table 1, assistant behaviors are cat-179

egorized into three aspects: turn-transition (NTT,180

ITT), backchanneling (BTT), and Being Inter-181

rupted (BI), with No Action (NA) labeling seg-182

ments without turn changes. NTT and ITT signify183

an intent to take the floor, occurring at the user turn184

end and mid-utterance, respectively. In contrast,185

BTT represents a turn-taking behavior aimed at186

encouraging the user to continue speaking. Turn-187

yielding with BI occurs when the assistant’s turn188

is either naturally or forcefully terminated. Table 1189

reports the average action counts per sample, high-190

lighting that ProTurn features rich proactive behav-191

iors beyond basic turn alternation, with an average192

of 2.26 ITTs and 1.70 BTTs per sample. Detailed193

labeling procedures are provided in Appendix B.194

Distributional Metrics of Behavioral Patterns.195

In real-world human-human conversations, conver-196

sational styles vary significantly across individuals,197

ranging from patient, encouraging listening to more198

assertive interjection. To simulate these style nu-199

ances in human-machine interactions, we define200

quantitative metrics to characterize behavioral pat-201

terns. As detailed in Table 1, turn-transition metrics202

(NTTlatency, ITTlead, and ITTshare) are derived from 203

labeled NTT and ITT actions, while backchannel- 204

ing patterns are measured via BCfreq, BCrate, and 205

BConset. By analyzing the empirical distributions 206

on the ProTurn dataset, we categorize interaction 207

samples into distinct styles using the 33rd (P33) and 208

66th (P66) percentiles as classification thresholds. 209

The results in Table 1 reveal substantial variances in 210

the timing and frequency of Assistant actions, mir- 211

roring the inherent diversity of human dialogues. 212

These empirical distributions of statistical metrics 213

are consistent with the analyses in (Wang et al., 214

2025; Chen et al., 2024). 215

Mapping Behavioral Patterns to Style Instruc- 216

tions. After obtaining the empirical distributions of 217

statistical metrics, we categorize each sample into 218

specific turn-taking instructions. For turn-transition 219

styles, we first identify two boundary cases: Pa- 220

tient, where the Assistant exclusively waits for 221

the user turn completion (ITTshare = 0), and As- 222

sertive, where the Assistant primarily takes the 223

floor (ITTshare = 1). For intermediate samples ex- 224

hibiting mixed behaviors (0 < ITTshare < 1), we 225

define a timing score S to characterize their pat- 226

terns relative to the P33 and P66 thresholds: 227

S = I(NTTlatency ≤ P33)− I(NTTlatency ≥ P66)

+I(ITTlead ≥ P66)− I(ITTlead ≤ P33),
(1) 228

where I(·) denotes the indicator function. Based 229

on this score, we define three sub-categories: 230

Mixedlow (S < −1) for Patient-leaning behaviors 231

(higher latency, shorter lead); Mixedhigh (S > 1) 232

for Assertive-leaning characteristics (lower latency, 233

3



BTT A

U

BTT A

NTT

U

A

Hey, I’m thinking 
about making pasta 

for dinner tonight but 

BTT

Uh-huh

I’m not sure if we 
have enough 
ingredients.

NTT

For a basic pasta dish, you’ll 
need pasta, olive oil, garlic, 

and maybe some

Oh wait, we’re out of 
olive oil. And hmm, 

butter…I think…uh…

BI

Not sure if 
you have 

butter either?

ITT

U

A
Turn Controller (TC)

Speech LLM (SL)

U.NA A.NA A.NA

BTT

Turn-transition instruct: “Mixed-low” 
A

U

ITT NTT

Turn-transition instruct: “Mixed-high” 

U

A AITT

Backchannel instruct:“high-early” 

U

A

U

BTT A

U

BTT
A

BTT

Backchannel instruct:“low-late” 

U

A

TC

TC

TC

TC

SL

Current User’s turn Audio (CUA)
Streaming  input

U.NA ITT

Audio 
form

TC

BTT

A.NA BI

with  TC

TC

A.NA

(a) Dataset Construction 

(b) Model Pipeline (c) Evaluation  Method 

Assistant’s turn-taking evaluation

Assistant’s turn-yielding evaluation

CUA

A A

Conversation history    

Conversation 
history:

 <User-Assist> 
<User-Assist> Current User’s turn Audio (CUA)

SL
A A

CUA

CAT

Current Assist’s turn Text (CAT)

…Text 
form

Text 
form

Audio 
form

…

U

A

U U

U.NA

Skipped

without  TC

Switch

Conversation 
history:

 <User-Assist> 
<User-Assist>

Streaming  input Skipped

with  TC

without  TC

Switch

Conversation history    

Figure 2: (a) Region-based action labels and instructions for dataset construction. (b) Cascaded model pipeline
integrating turn controller for turn prediction and Speech LLM for response generation. (c) Streaming turn-level
evaluation demonstrating the adaptation of half-duplex models for a cascaded full-duplex framework.

longer lead); and Mixedmedium (S ∈ {−1, 0, 1})234

for neutral behaviors. For backchanneling, we em-235

ploy a hierarchical classification. Samples are first236

categorized into No Backchannel (BCfreq = 0) and237

Active cases. Active samples are then mapped onto238

a two-dimensional style space defined by frequency239

and onset timing. Specifically, a sample is classi-240

fied as high if either BCfreq or BCrate exceeds its241

P66 threshold, and low otherwise. Onset timing is242

similarly divided into early and late based on distri-243

butional boundaries. Combining these dimensions244

yields four fine-grained quadrants (e.g., high-early,245

low-late), enabling precise control over active lis-246

tening feedback. Detailed prompt templates are247

provided in Appendix E.248

Expand to Region-based Style Labeling. To249

account for the delay between speaking intention250

and actual speech onset, we transform instanta-251

neous action labels into region-based labels, which252

represent active temporal windows rather than dis-253

crete time points, aligned with turn style categories.254

We extend each action label backward into a tempo-255

ral region, starting from a style-specific threshold256

and ending at the onset of the transition. For ex-257

ample, in each sample with Mixedlow style, NTT258

labels range from user turn completion with 0.68s259

(P66) latency to the transition point, while ITT la-260

bels range from 0.56s (P33) before user turn com-261

pletion to the transition point. Samples with other 262

styles follow the same label extension strategy us- 263

ing their respective category-specific thresholds. 264

3.2 Model Pipeline 265

To facilitate low-latency, simultaneous interaction 266

without costly training, we propose LTA-TC, a 267

lightweight, plug-and-play Turn Controller de- 268

signed for seamless integration with speech LLMs, 269

as depicted in Figure 1 and Figure 2(b). 270

LTA-TC Turn Controller. Unlike traditional 271

approaches that collapse overlapping speech into 272

sequential text, our architecture directly processes 273

dual-channel raw audio, consisting of user audio in- 274

put (Ua) and assistant audio output (Aa), alongside 275

the assistant state S ∈ {Listening, Speaking}. For 276

streaming inference, we adapt the Whisper encoder 277

by utilizing causal convolutions (Dieleman et al., 278

2016) and block causal attention (Zeng et al., 2024). 279

Model implementation details are in Appendix A. 280

At each time step t, the model autoregressively 281

predicts an action Pt based on the accumulated 282

context: 283

Pt = f(Ua,≤t, Aa,≤t, S≤t, P<t), (2) 284

where Pt ∈ {NA, NTT, ITT, BTT, BI}. LTA-TC 285

provides fine-grained turn management for both 286

reactive and proactive actions. 287
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Integration with Speech LLM (SL). As shown288

in Figure 2(b), we integrate the Turn Controller289

and a speech LLM into a closed control loop. This290

architecture either enables full-duplex capabilities291

for half-duplex models or refines the timing preci-292

sion of existing full-duplex systems. The system293

state evolves at discrete intervals as follows:294

(Aa, S)t = F
(
Pt, (Ua, Aa, S)<t

)
, (3)295

where the execution function F maps Pt to specific296

assistant behaviors: triggering speech onset (NTT,297

ITT, BTT), maintaining the current state (NA), or298

halting output upon interruption (BI). To ensure299

robustness, unfulfilled actions persist (Pt+1 = Pt)300

until a state transition occurs, allowing the con-301

troller to dynamically govern the response stream302

based on real-time interaction.303

3.3 Streaming Full-duplex Evaluation304

Our two-tier framework evaluates chunk-level tim-305

ing precision and turn-level interaction quality306

across turn-taking and turn-yielding. A primary307

challenge involves adapting reactive single-channel308

models for streaming full-duplex operation. To en-309

sure comparability, we extend baselines to support310

concurrent dual-channel processing, aligning their311

execution with our model. As shown in Figure 2(c),312

ProTurn test sets pair individual turns with dialogue313

history, totaling 1,002 user turns spanning 7,615314

chunks for turn-taking and 504 assistant turns span-315

ning 3,348 chunks for turn-yielding. Evaluation in-316

volves sequential chunk streaming to detect action317

onsets. Each turn mandates a unique turn-taking318

decision defined as NTT or ITT, and a turn-yielding319

decision namely BI or A.NA, alongside potential320

BTT backchannels. Performance is measured via321

F1 scores within this streaming-aligned framework.322

Assistant Turn-taking Evaluation. For each323

user turn ut, given conversation history Ht−1 =324

{(u1, a1), . . . , (ut−1, at−1)} and streaming audio325

chunks Ct = {c1, . . . , cn}, where each chunk ci is326

a 640ms segment, the model predicts an action at327

each step i:328

ŷi = f(Ht−1, c1:i), (4)329

where output ŷi ∈ {wait, backchannel, response}330

maps to the four interaction labels. Specifically,331

wait maps to U.NA, backchannel maps to BTT,332

and response maps to either ITT or NTT. A re-333

sponse prediction is categorized as ITT if its first334

onset i∗ occurs mid-utterance (i.e., i∗ < n), and335

as NTT if it occurs at the user turn end. Here, 336

i∗ = min{i | ŷi = response} denotes the index of 337

the first response. As shown in Figure 2(c), this 338

onset-based criterion ensures that each user turn 339

contains exactly one turn-taking decision, while 340

BTT may occur multiple times or not at all. 341

Assistant Turn-yielding Evaluation. For each 342

assistant turn, the model processes labeled assis- 343

tant text and user audio, starting at ta and tu, re- 344

spectively. At each time step i, the model predicts: 345

ẑi = g(Ht−1, at[ta : tu + Ti], ut[tu : tu + Ti]),
(5) 346

where ẑi ∈ {A.NA,BI} and Ti = i × 640ms de- 347

notes the current temporal offset. Here, at[ta : 348

tu + Ti] represents assistant speech from its onset, 349

while ut[tu : tu + Ti] denotes user audio chunks. 350

As shown in the bottom part of Figure 2(c), these 351

predictions determine whether the assistant should 352

continue speaking (A.NA) or yield the turn (BI). 353

4 Experiments 354

Sections 4.1 and 4.2 assess chunk-level F1 scores 355

and turn-level timing precision, respectively, with 356

the latter utilizing Gemini-2.5-Pro (Comanici et al., 357

2025) to evaluate response appropriateness. Sec- 358

tions 4.3 and 4.4 demonstrate style controllability 359

and fine-grained instruction following. Section 4.5 360

presents case studies of model responses. 361

4.1 Chunk-level Turn Timing Prediction 362

As shown in Table 2, we evaluate the chunk-level 363

turn-taking prediction capabilities of various mod- 364

els on the public Switchboard testset. The upper 365

section assesses how well existing large speech 366

LLMs predict turn changes. The system prompts 367

for GLM-4-Voice and Qwen3-Omni were modified 368

(see Appendix F), and the evaluation method can 369

be found in Section 3.3 and Figure 2. The results 370

indicate that these models perform well on NTT, 371

where the system responds after the user has fin- 372

ished speaking. However, they exhibit poor perfor- 373

mance or a complete lack of ability in predicting ap- 374

propriately timed ITT and BTT. Additionally, they 375

exhibit poor turn-yielding capabilities and struggle 376

to stop speaking when the user interrupts. 377

The middle section benchmarks our model 378

against specialized turn-prediction baselines, with 379

all evaluations standardized to a 160ms label res- 380

olution to ensure comparability. For Smart Turn, 381

1https://github.com/pipecat-ai/smart-turn
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Table 2: Turn prediction results on the Switchboard test set. Upper: Large speech LLMs’ capability as turn
timing judges. Middle: Our lightweight task-specific model compared with baselines. Lower: Controllability
over different dialogue timing styles. Results demonstrate that our turn controller achieves fine-grained, proactive
turn-taking prediction with controllable styles. Category suppression via 0 demonstrates precise control.

Turn Controller Interval Predict Control Label (F1 score↑)
U.NA NTT ITT BTT BI A.NA

Freeze-Omni (2024c) 640ms2 0.83 0.34 0.22 - 0.31 0.94
GLM-4-Voice (2024) 640ms 0.81 0.43 0.24 0.12 0.19 0.89
Qwen3-Omni (2025) 640ms 0.84 0.49 0.14 0.13 0.20 0.88

Smart Turn V3.1 1 160ms3 0.85 0.44 - - - -
RTTL-DG (2025) 160ms 0.85 0.52 0.62 0.95

Ours without instruct 160ms 0.89 0.66 0.54 0.50 0.69 0.95
Ours with specific instruct 160ms 0.88 0.64 0.60 0.63 0.71 0.97

Ours on Patient subset 160ms 0.89 0.66 0 0.49 0.69 0.98
Ours on Assertive subset 160ms 0.87 0 0.60 0.54 0.68 0.97

Ours on No Backchannel subset 160ms 0.90 0.69 0.55 0 0.72 0.95
2,3 We adopt a 640ms interval to balance word-level context and streaming latency (Wang et al., 2024b), with a

160ms interval aligned with Mai and Carson-Berndsen (2025).

which distinguishes between complete and incom-382

plete user audio, we map its outputs to NTT and383

U.NA labels. We also evaluate RTTL-DG (Mai384

and Carson-Berndsen, 2025), an audio-LLM base-385

line with a similar architecture. Our model out-386

performs these baselines, demonstrating superior387

precision and control granularity. Furthermore, ab-388

lation results confirm that style-specific prompts389

are indispensable for replicating natural conversa-390

tional dynamics. The lower section evaluates style391

instruction-following across subsets with distinct392

conversational patterns, each containing approxi-393

mately 100 samples. Targeted category suppression394

0 further demonstrates the model’s precise control-395

lability and its ability to selectively disable actions396

based on taxonomy constraints. Collectively, these397

findings underscore the model’s exceptional chunk-398

level precision for fine-grained actions and its high399

fidelity in personalized style control.400

4.2 Turn-level Full-duplex System Accuracy401

Table 3 presents turn-level evaluations of timing ac-402

curacy and semantic appropriateness across various403

models. Adhering to the streaming full-duplex eval-404

uation framework defined in Section 3.3, each turn405

consists of a single turn-taking decision defined as406

NTT, ITT, or MISSED, or a unique turn-yielding407

decision BI, potentially accompanied by zero or408

more BTT backchannels. The results indicate that409

*We use the version gpt-4o-audio-preview-2025-06-03.

our turn controller can either substitute the pre- 410

diction heads of cascaded full-duplex systems or 411

directly equip half-duplex models with full-duplex 412

functionality. Specifically, for native cascaded sys- 413

tems such as Freeze-Omni, replacing the default 414

controller with our model improves TTFITT from 415

0.32 to 0.52, validating its effectiveness in refining 416

existing architectures. 417

To extend full-duplex capabilities to half-duplex 418

models such as Step-Audio 2 and Qwen2.5-Omni, 419

we benchmark our approach against native mod- 420

els and a binary VAD-integrated baseline. Follow- 421

ing Wang et al. (2024a) and Liao et al. (2025), 422

prompt details are provided in Appendices G and 423

H. Table 3 indicates that vanilla half-duplex mod- 424

els exhibit premature interruptions and insufficient 425

backchanneling, as evidenced by a 0.34 TTFNTT 426

for Step-Audio 2. Since binary VAD cannot dis- 427

tinguish turn-ends from noise or backchannels, it 428

is excluded from BI comparisons. Conversely, our 429

model significantly enhances proactive interaction. 430

Specifically, the Qwen2.5-Omni configuration gov- 431

erned by our decision-making model achieves peak 432

performance with a TTFNTT of 0.60, a TTFITT of 433

0.64, and a ResBTT score of 93.0. Following Wang 434

et al. (2024a) and Chang et al. (2025), semantic 435

evaluations using Gemini-2.5-Pro confirm superior 436

timing and content quality across ITT and BTT 437

scenarios, with its reliability as a human-evaluation 438

proxy further validated in Appendix D. ResNTT 439
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Table 3: Turn-level full-duplex performance on ProTurn testset with timing (when) and response quality
(what). Turn-taking fidelity TTFNTT/ITT and turn-yielding fidelity TYFBI quantify timing accuracy relative to ground
truth actions. Aligned with prompts in Wang et al. (2024b) and same LLM-as-a-Judge in Chang et al. (2025), Tim
and Res denote Gemini-2.5-Pro semantic scores for timing and contents appropriateness across ITT, BTT, and BI.

Method Turn Transition Backchannels Turn Yielding

Response module Judge TTFNTT↑ TTFITT↑ TimITT↑ ResITT↑ TimBTT↑ ResBTT↑ TYFBI↑ TimBI↑

Full-duplex Speech LLMs
GPT-4o * itself 0.54 0.50 64.2 74.6 78.8 92.0 0.74 73.2

Freeze-Omni (2024c)
itself 0.44 0.32 47.4 42.1 – – 0.72 71.1
Ours2 0.54 0.52 55.0 43.2 – – 0.75 72.9

Half-duplex Speech LLMs

Step-Audio 2 (2025a)
itself 0.34 0.49 36.8 40.0 40.5 56.1 0.43 40.1
VAD 0.51 0.24 43.5 39.1 62.5 69.7 0.43 40.1
Ours 0.59 0.56 54.2 56.9 80.3 91.9 0.77 67.7

Qwen2.5-Omni (2025)

itself 0.40 0.52 50.4 53.0 55.1 52.1 0.53 57.1
VAD 0.56 0.40 56.4 61.1 61.0 66.0 0.53 57.1

Ours-w/o3 0.62 0.60 57.2 64.4 70.6 89.4 0.70 71.2
Ours-w/ 0.60 0.64 59.8 71.4 74.2 93.0 0.70 71.4

2 We replace the original prediction head with our proposed model for unified turn station management.
3 w/o and w/ denote cases without and with special instructions, respectively.

is omitted as turn-end response content remains440

identical to standard LLMs. These results estab-441

lish our model as an optimized turn controller that442

enhances both interaction timing and content, effec-443

tively refining native architectures and providing444

half-duplex LLMs with natural, controllable full-445

duplex capabilities.446

4.3 Full-duplex Action Distributions Control447

The evaluation paradigms in Table 2 and Figure 3448

serve distinct purposes. While the former as-449

sesses fundamental timing accuracy on fixed sub-450

sets with pre-assigned prompts, Figure 3 evalu-451

ates instruction-following controllability through452

dynamic intervention across the entire testset. To453

achieve this, we systematically override the style in-454

structions for all samples using each of the five turn-455

transition types (Patient, Mixedlow/med/high, and As-456

sertive) as well as five types of backchannels. We457

then track the resulting shifts in behavioral distri-458

butions using metrics introduced in Table 1, such459

as NTTlatency, ITTlead, and ITTshare.460

Specifically, the upper panel illustrates that461

NTTlatency compresses from 1,520ms under the Pa-462

tient style to 490ms for the Assertive style, while463

ITTlead concurrently rises to a peak of 630ms. In464

the lower panel, backchannel frequency and on-465

set shift precisely according to the specified con-466

straints, with the high-early prompt yielding a max-467

imum frequency of 5.17. The results indicate that468

integrating Qwen2.5-Omni with our turn controller469

generates distinct interaction patterns in response 470

to varying prompts. This demonstrates our sys- 471

tem’s capability to offer a controllable turn-taking 472

by accurately modulating conversational dynamics. 473

Besides, the results also show a direct correspon-
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Figure 3: Style controllability in the full-duplex sys-
tem. The assistant’s interaction characteristics adapt
distinctly to different style instructions, illustrating ro-
bust controllability in full-duplex dialogue.

474
dence between behavioral metrics and instruction 475

prompts, which further validates the efficacy of our 476

dataset construction and labeling methodology. 477

4.4 Region-based Style Consistency 478

Formally, for each generated sample xi, we first 479

compute its style statistics Φ(xi), which encom- 480
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pass temporal offsets between action labels and481

user turn boundaries (e.g., NTTlatency) or event fre-482

quencies (e.g., BCfreq). These continuous statistical483

values are then discretized into a categorical style484

label k through a mapping function S(·) based on485

predefined boundaries:486

S(xi) = k if θk−1 ≤ Φ(xi) < θk, (6)487

where θ denotes the quantile-based thresholds de-488

rived from the training distribution. The Style Con-489

sistency Accuracy (SCAs) for a specific style s is490

defined as the empirical probability that the model491

successfully operates within the instructed style492

region:493

SCAs =
1

Ns

Ns∑
i=1

I(S(xi) = s), (7)494

where Ns is the total number of test samples in-495

structed with style s, and I(·) is the indicator func-496

tion that equals 1 if the condition is met and 0 other-497

wise. This evaluation yields discrete style labels for498

both predicted and ground-truth sequences across499

turn-transition and backchanneling dimensions.500

Table 4: Style consistency for region-based action la-
bels. We demonstrate the model’s controllability across
five turn-transition styles and five backchannel styles.

Turn-transition Backchannel

Style Consistency Style Consistency

Patient 0.95 No BC. 0.91
Mixedlow 0.37 Freq. high 0.94
Mixedmedium 0.73 Freq. low 0.62
Mixedhigh 0.53 Onset early 0.42
Assertive 0.96 Onset late 0.89

The results in Table 4 reveal several patterns in501

style controllability. Extreme styles achieve con-502

sistently high accuracy, with Patient and Assertive503

both exceeding 0.95, and No Backchannel reach-504

ing 0.91. In contrast, intermediate mixed styles505

show substantial degradation, ranging from 0.37506

to 0.73, indicating difficulty in maintaining a fine-507

grained balance, which is a conclusion consistent508

with Chang et al. (2025). Backchannel timing ex-509

hibits strong asymmetry: late onset achieves 0.89510

while early onset drops to 0.42, reflecting the chal-511

lenge of early-stage prediction with limited con-512

text. Additionally, high-frequency backchanneling513

outperforms low-frequency by 32%, suggesting514

that selective inhibition requires more sophisticated515

control than active production.516

4.5 Response Quality Demonstration 517

Can you quit assigning so much homework?
This is the curriculum.

So you don’t think he’s gonna graduate?
I said, he will not pass the next level if he does not catch up and you don’t tighten the 

strings a little bit more.

<BTT> Mhm.

does it seem like he wants to learn 
 <ITT> He seems 

interested when he’s in 
class, but he struggles to 

stay focused and complete 
his work.

[2-5 chunks]

or like, what is it? [6-7 chunks]

Conversation history

SL itself

[Skipped]

Well, when he’s in class,

<complete> He should pay 
attention and participate.

[0-1 chunks]

<response> From what I can see, he does show interest at times, but sometimes he 
gets easily distracted or loses focus. So it’s really about finding a way to keep him 

engaged consistently so he stays on track. 

<response> You’re 
concerned about Brody 

excelling and graduating 
until the next grade, right?

[Skipped]

[Skipped][Skipped][Skipped]

SL with VAD SL with Ours

SL non-streaming input response

Figure 4: Comparison of dialogue responses across
different management configurations and interac-
tion modes. We demonstrate response behaviors under
three settings: a standalone Speech LLM (SL), the SL
with VAD, and the SL with our proposed turn controller.
Additionally, we contrasting streaming full-duplex in-
teraction against non-streaming half-duplex baselines.

As illustrated in Figure 4, the case study un- 518

derscores the advantages of our turn controller 519

across two distinct dimensions. First, concern- 520

ing the comparison within streaming modes, 521

vanilla LLMs often lack temporal awareness and 522

VAD-integrated baselines rely strictly on silence, 523

whereas our approach facilitates fluid interaction 524

through precisely-timed backchanneling (BTT) and 525

proactive interruptions (ITT). Second, when evalu- 526

ating system architectures, non-streaming systems 527

must wait for definitive user turn completion, lead- 528

ing to delayed responses. In contrast, our stream- 529

ing mode maintains a seamless conversational flow 530

even mid-utterance, ensuring that the assistant re- 531

mains responsive without sacrificing underlying 532

content quality. These observations demonstrate 533

that our controller effectively optimizes both the 534

timing and content of natural full-duplex dialogue. 535

5 Conclusion 536

We present a temporally-aware framework for more 537

natural and human-like full-duplex interaction. The 538

framework centers on a turn controller trained on 539

ProTurn, a dataset featuring fine-grained reactive 540

and proactive annotations with timing-regioned 541

style instructions. Our two-tier evaluation confirms 542

significant improvements in timing precision, re- 543

sponse quality, and style control. 544
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Limitations545

Despite the advancements in natural and control-546

lable full-duplex interaction, several limitations re-547

main for future exploration. First, our framework548

utilizes only dual-channel audio. Incorporating vi-549

sual signals such as facial expressions and gestures550

would provide richer context for more precise turn-551

taking decisions. Second, the current evaluation552

focuses on individual turns rather than multi-turn553

interactions. Future work should involve develop-554

ing datasets to assess and train models for style con-555

sistency throughout prolonged dialogues. Finally,556

while LTA-TC enables temporal awareness, fine-557

grained timing precision requires further improve-558

ment. Leveraging advanced positional encodings559

and larger datasets with more granular temporal560

annotations will be essential for achieving superior561

millisecond-level accuracy.562
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A Model Implementation Details788

Our turn controller consists of three components:789

an audio encoder, an audio adapter, and a large lan-790

guage model (LLM). The audio encoder is initial-791

ized using Whisper-large-v3 (Radford et al., 2023),792

while the LLM is based on the Qwen3-0.6B archi-793

tecture (Yang et al., 2025). To ensure efficient com-794

putation, we utilize a 20-second sliding window795

that focuses on the most recent audio context and796

limits the input length. During training, we imple-797

ment LoRA fine-tuning (Hu et al., 2022) alongside798

a class-balanced focal loss (Lin et al., 2017), apply-799

ing a weighting of 10 for the NA class and a weight-800

ing of 1 for all other classes. Our model is trained801

on one NVIDIA A800-SXM4-80GB for around802

one day. In terms of latency, conversational fluidity803

is typically defined by a sub-400ms response thresh-804

old (Ge et al., 2025), a benchmark that presents805

significant challenges for modular pipeline archi-806

tectures. Our system currently exhibits an end-807

to-end latency of approximately 3 seconds when808

paired with Qwen2.5-Omni and 4 seconds with809

Freeze-Omni. While commercial models such as810

GPT-4o and Gemini reach latencies closer to 1 sec-811

ond, our modular approach prioritizes sophisticated812

turn-taking control, highlighting the ongoing trade- 813

offs between timing precision and computational 814

overhead in open-source full-duplex systems. 815

B ProTurn Dataset Preprocessing 816

We resample all audio to 16 kHz and apply Voice 817

Activity Detection (VAD) to segment each channel 818

into speaking and non-speaking intervals. Follow- 819

ing Arora et al. (2025), we perform VAD on 40ms 820

chunks for each channel independently. For the 821

Fisher subset, characterized by low-quality record- 822

ings and inaccurate timestamps, we utilize Silero- 823

VAD (Team, 2024) to refine temporal annotations. 824

To handle backchannels, we construct a 66-entry 825

lexicon by expanding the annotations from Ekstedt 826

and Skantze (2022), identifying candidates through 827

exact matching or n-gram heuristics for sequences 828

up to three words. To improve timing accuracy, 829

we align the text-matched backchannel candidates 830

with the speech segments detected by VAD. Specif- 831

ically, we adjust the start and end times of each 832

backchannel to match the precise boundaries of its 833

corresponding VAD interval. Finally, we perform a 834

two-stage annotation using this dual-channel infor- 835

mation. We first identify assistant states alternating 836

between Listening and Speaking. We then assign 837

action labels (NTT, ITT, BTT, or BI) at each state 838

transition, prioritizing BTT labels based on the re- 839

fined backchannel intervals, while non-transition 840

segments are labeled as NA. 841

To adapt human-human interactions for full- 842

duplex modeling, we implement several filtering 843

and segmentation constraints. To prevent data leak- 844

age, data partitioning is strictly performed at the 845

session level; all clips derived from the same origi- 846

nal recording are assigned exclusively to either the 847

training, validation, or test set, ensuring no over- 848

lap of speakers or conversational contexts across 849

splits. Each 5-10 minute recording is divided into 850

non-overlapping segments exceeding 120 seconds 851

at natural boundaries characterized by prolonged 852

pauses and topic shifts. Furthermore, we apply 853

dual-role augmentation by swapping channels, ef- 854

fectively processing each session twice by alter- 855

nating the roles of user and assistant. To maintain 856

interaction quality, we filter out assistant actions 857

with less than 200ms of latency from user turn on- 858

set. For ITT actions, we enforce a minimum delay 859

of 400ms to ensure sufficient context. Backchan- 860

nel actions are allowed during and immediately 861

following the completion of user turns. 862

11



Table 5: Statistical dynamics of ProTurn sub-corpora reported as Mean (Std). The divergent metrics across sources
highlight the dataset’s intrinsic complexity.

Sub-corpus NTTlatency(s) BCrate(ev/min) NTTlead(s)

Fisher (Telephone) 1.508 (2.082) 0.249 (0.840) 0.349 (0.821)
Seamless (Face-to-Face) 1.165 (3.266) 2.831 (6.153) 3.302 (3.182)
Switchboard (Telephone) 0.441 (0.464) 4.151 (3.513) 0.514 (0.715)

C Dataset Diversity Analysis863

We characterize the complexity of the ProTurn864

dataset by analyzing the statistical distributions of865

key interaction metrics across its constituent sub-866

corpora. As shown in Table 5, the results reveal867

significant internal distributional shifts, defining868

ProTurn as a multi-modal mixture of conversa-869

tional styles rather than a monolithic collection.870

Divergent behavioral patterns emerge across modal-871

ities: Switchboard (Godfrey et al., 1992) exhibits a872

rapid-fire interaction style with 0.441s NTTlatency,873

while Fisher (Cieri et al., 2004) shows more hes-874

itant turn-taking with 1.508s NTTlatency. Notably,875

Seamless (Agrawal et al., 2025) presents a highly876

proactive dimension, with an 3.302s ITTlead ex-877

ceeding six times that of the telephonic subsets,878

reflecting the dense overlapping speech typical of879

face-to-face dialogue.880

Given this intrinsic variance, the training pro-881

cess serves as a rigorous stress test for full-duplex882

modeling. The substantial standard deviations (e.g.,883

σ = 6.15 for Seamless BCrate) require the model884

to accommodate a broad spectrum of social sig-885

nals and real-world noise. Successfully capturing886

these behaviors through our taxonomy-based con-887

troller demonstrates robust generalization, effec-888

tively bridging the gap between restricted labora-889

tory settings and the stochastic nature of sponta-890

neous human interaction.891

D LLM-as-a-Judge Reliability892

To establish Gemini-2.5-Pro as a robust proxy for893

human evaluation, we validate its reliability across894

two dimensions: alignment with human expert895

scores and proximity to ground-truth (GT) per-896

formance. First, we evaluate the concordance be-897

tween the LLM judge and human experts using898

the Pearson correlation coefficient. Specifically,899

we randomly sampled 50 instances each of In-900

terrupted Turn-Taking (ITT) and Backchanneling901

(BTT) from the outputs of our integrated system902

(Qwen2.5-Omni with Ours). These samples were903

independently evaluated by both Gemini-2.5-Pro 904

and human experts for semantic appropriateness. 905

The analysis yields Pearson correlations of 0.62 for 906

turn-transitions and 0.71 for backchannels, respec- 907

tively. These results indicate a robust alignment 908

with human intuition, confirming the judge’s ca- 909

pacity to capture the subtle nuances of semantic 910

timing. 911

Second, we utilize the score discrepancy met- 912

ric presented in Table 6 to quantify absolute 913

score differences between model-generated and 914

human ground-truth interactions. We evaluate 915

turn-transitions via paired sample differences and 916

backchannels via mean score variations. As shown 917

in Table 6, vanilla Qwen2.5-Omni exhibits substan- 918

tial discrepancies of 11.7 for transitions and 16.2 919

for backchannels, whereas our controller signifi- 920

cantly reduces these gaps to 3.2 and 7.6 respec- 921

tively. These minimal discrepancies, combined 922

with the aforementioned human-expert correlation, 923

confirm that Gemini-2.5-Pro serves as a robust and 924

sensitive proxy for evaluating full-duplex semantic 925

timing. 926

Table 6: Judge reliability via proximity to human
ground-truth. Absolute discrepancies quantify the
score gap between model-generated interactions and
human-human references, where lower values indicate
closer alignment with natural timing.

Testset Score Discrepancy (↓)

(ProTurn) Turn-transition Backchannel

GT (Reference) 0.0 0.0
Qwen2.5-Omni 11.7 16.2

Qwen2.5-Omni + Ours 3.2 7.6

12



E Style Prompts 927

Table 7: Detailed style instruction prompts for turn-transition and backchannel configurations.

Category Style Label Instruction Prompt

Turn-transition

Patient Identity: You are an extremely patient listener. Strategy: Always wait for the user to
fully finish their thought. Use <|NTT|> exclusively; <|ITT|> is strictly prohibited.

Assertive Identity: You are an assertive and proactive speaker. Strategy: Interject proactively
and never wait for the user to finish. Favor <|ITT|> actions whenever the user’s intent
is discernible.

Mixedhigh Identity: You lean assertive with a fast-paced flow. Strategy: Respond immediately
after the user finishes or overlap significantly when interjecting. Show at least two
assertive patterns in your timing.

Mixedlow Identity: You lean patient with a deliberate flow. Strategy: Wait for a distinct pause
after the user finishes and minimize speech overlap during interjections to avoid being
intrusive.

Mixedmedium Identity: You are a flexible and balanced speaker. Strategy: Balance both interjecting
with <|ITT|> and waiting with <|NTT|> using moderate timing. Adapt to the context
without leaning strongly in either direction.

Backchannel

High-Early Intensity: Frequently provide <|BTT|> actions at a high rate. Timing: Signal support
early at the onset of user utterances to demonstrate proactive engagement and high
energy.

High-Late Intensity: Frequently provide <|BTT|> actions at a high rate. Timing: Delay actions
until the user has completed a substantial segment to demonstrate careful listening and
thoughtful support.

Low-Early Intensity: Provide sparse <|BTT|> actions (selective feedback). Timing: Trigger actions
early in user utterances to acknowledge major points immediately while maintaining a
low-profile presence.

Low-Late Intensity: Provide sparse <|BTT|> actions. Timing: Delay actions until natural pauses
or at the end of segments to avoid interrupting the user’s flow while still showing
attention.

No Backchannel Constraint: You are strictly silent during the user’s speech. Do not produce any <|BTT|>
actions regardless of the content or duration of the user’s utterance.

F Prompt for Turn Prediction 928

You are an expert turn controller responsible for turn-taking decisions. Your task is to classify
the user’s current audio into one of three actions.
Output Format: <wait> OR <backchannel> OR <turn taking>
Rule: Check if user’s INTENTION is complete
1. <wait> - Intention incomplete or unclear

- User is still formulating thoughts or mid-sentence.
- Examples: “I was thinking...” / “Could you...” (trailing off)

2. <backchannel> - Intention complete (minimal feedback only)
- User shares a simple fact, update, or statement.
- No substantive reply or detailed engagement is needed.
- Examples: “I’m done with my homework.” / “It’s raining outside.”

3. <turn taking> - Intention complete (needs substantive reply)
- User asks a question, requests help, or expects discussion.
- Examples: “What time is it?” / “I had a terrible day today.”

Decision Logic (Distinguish <backchannel> vs <turn taking>):
- Simple fact/statement → <backchannel>
- Needs answer/correction/emotional engagement → <turn taking>

Key Criteria: Intention complete + (needs response/action) = <turn taking>
929
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G Prompt for Half-duplex Model Itself930

You are a real-time English conversation assistant.
Output: <wait> OR <backchannel> [text] OR <response> [text]
Rule: Check if user’s INTENTION is complete
<wait> - Intention incomplete/unclear

- Don’t know what user wants yet
- Need more info to understand
- Examples: “I was thinking...” / “What’s the...” / “Can you...”

<backchannel> - Intention complete (minimal acknowledgment)
- User shares simple fact/update
- Brief, doesn’t invite conversation
- Examples: “I went shopping” -> <backchannel> Nice

<response> - Intention complete (needs substantive reply)
Use when:

- Direct question asked
- Factual error to correct
- Request for explanation/help
- Conversational engagement needed
- User invites discussion or expects your thoughts

Examples:
Questions:

- “What time is it?” -> <response> It’s 3 PM.
- “How does this work?” -> <response> [explanation]

Errors/corrections:
- “Paris is capital of Germany” -> <response> Actually, Paris is France’s capital.
- “Vaccines cause autism” -> <response> That’s a common misconception.

Requests:
- “Can you explain X?” -> <response> [explanation]
- “Help me understand this” -> <response> [help]

Conversational engagement:
- “I just got back from an amazing trip to Japan” -> <response> Oh wow, ...
- “I’m thinking about changing careers” -> <response> That’s a big decision. ...
- “I had the worst day today” -> <response> I’m sorry to hear that. ...
- “Guess what happened to me” -> <response> What happened?

Distinguish <backchannel> vs <response>:
- “I made dinner” -> <backchannel> Nice (simple fact)
- “I tried making sushi for the first time” -> <response> Oh that’s cool! ...
- “It’s raining” -> <backchannel> Yeah (weather comment)
- “It’s been raining for three days straight...” -> <response> I can imagine that...

Key: Intention complete + (needs answer/correction/conversation) = <response>
931
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H Prompt with VAD 932

You are an English real-time conversational assistant managing turn-taking.
Input:

- History: Previous conversation (for context only)
- Current user audio: Your focus for responding

Response Rules:
When current audio is <incomplete> (user still speaking):
Choose ONE action based on the audio content:

1. <wait> - No response
Example: User says “I was thinking about...” (unclear intent)
Output: <wait>

2. <backchannel> - Brief acknowledgment
Example: User says “So I went to the store and...”
Output: <backchannel> Uh-huh

3. <response> - Provide information
Example: User says “What’s the capital of...”
Output: <response> The capital of France is Paris.

When current audio is <complete> (user finished):
Always respond:
Output: <response> [your complete answer]

Key Principles:
- Be concise for backchannels (1-3 words)
- Be complete for responses
- Default to <wait> only if truly unclear

933

I Prompt with Specific Judge Module 934

Now you are an English real-time conversational
assistant managing turn-taking in conversations.

Your Role:
You need to decide when and how to respond based on the current
conversational state. You have four possible actions:

1. Take the Turn (Full Response)
- When: User has finished speaking OR there’s a natural opportunity
- Action: Provide a complete, substantive response
- Example: “The capital of France is Paris. It’s known for...”

2. Interrupt Turn-Taking (ITT)
- When: User is still speaking, but you can predict their intent
- Action: Politely interrupt and provide a helpful response
- Example: User says “I was wondering about the...” → You respond

“The capital of France?”
3. Backchannel

- When: User is speaking and needs encouragement to continue
- Action: Give brief acknowledgment (1-3 words) WITHOUT taking turn
- Examples: “Uh-huh”, “I see”, “Right”, “Mm-hmm”, “Go on”

4. Wait
- When: No response is needed at this moment
- Action: Stay silent and wait for more information
- Output: <wait>

Key Principles:
- Be context-aware: Consider history and user’s speech completeness
- Be natural: Choose the most appropriate action for smooth flow
- Be concise: Keep backchannels short, make full responses informative

935
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J Prompt for Interaction Evaluation936

[Evaluation Protocol for Full-duplex Speech Interaction]

INPUT DATA: {dialogue_history}

CORE SYSTEM PRINCIPLES:
- Operational Mode: Real-time streaming with low-latency constraints.
- Interjection Logic: The assistant is programmed for proactive responses.

Interruption is deemed valid if: (i) the user’s intent is
sufficiently discernible for a complete reply, or (ii) immediate
corrective feedback is required for factual or linguistic errors.

ASSESSMENT OBJECTIVES:
1. Temporal Precision: Examine the final turn to determine if the

assistant’s decision to preempt the user’s speech was justified.
Note that truncated user input results from the system’s cut-off.

2. Semantic Alignment: For valid interruptions, evaluate whether the
provided response maintains contextual coherence.

SCORING CRITERIA:
Metric A [Timing]: Score 1 if the interjection was timely and

well-placed; otherwise 0.
Metric B [Content]: Score 1 if the response is contextually

relevant and accurate; otherwise 0.

REQUIRED OUTPUT STRUCTURE:
”’
Analysis
<detailed_rationale_for_timing_and_coherence>
Judge
<timing_binary_score>, <content_binary_score>
”’

EXECUTION:
Analysis

937
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