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Abstract001

Dialogue models falter in noisy, multi-speaker002
environments, often producing irrelevant re-003
sponses and awkward turn-taking. We present004
AV-Dialog, the first multimodal dialog frame-005
work that uses both audio and visual cues to006
track the target speaker, predict turn-taking,007
and generate coherent responses. By com-008
bining acoustic tokenization with multi-task,009
multi-stage training on monadic, synthetic, and010
real audio-visual dialogue datasets, AV-Dialog011
achieves robust streaming transcription, seman-012
tically grounded turn-boundary detection and013
accurate responses, resulting in a natural con-014
versational flow. Experiments show that AV-015
Dialog outperforms audio-only models under016
interference, reducing transcription errors, im-017
proving turn-taking prediction, and enhancing018
human-rated dialogue quality. These results019
highlight the power of seeing as well as hear-020
ing for speaker-aware interaction, paving the021
way for spoken dialogue agents that perform022
robustly in real-world, noisy environments.023

1 Introduction024

Dialogue models are moving closer to natural,025

human-like interaction (Défossez et al., 2024;026

Veluri et al., 2024), but real-world deployment re-027

mains challenging. Real environments are complex028

with background noise, overlapping talk, and in-029

terfering speakers. This setting is known as the030

“cocktail party problem”: the difficulty of attend-031

ing to a target speaker amid simultaneous talkers032

and noise. Current models rely solely on speech033

inputs, making them brittle in these settings; often034

losing track of the target speaker, producing irrele-035

vant responses, and breaking natural turn-taking.036

We argue that overcoming this limitation re-037

quires looking as well as listening. Humans ad-038

dress the “cocktail party problem” by combining039

auditory and visual cues, using lip movements and040

gaze to focus on the speaker and learn turn-taking041

cues (Mcdermott, 2009; Best et al., 2023).042
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Figure 1: AV-Dialog understands audio-visual input
from the target user (purple waveform), accurately de-
tects the appropriate time to take a turn in the conver-
sation, and outputs responses (blue waveform), even in
the presence of interfering speakers (brown waveform).

Inspired by this, we present AV-Dialog, a novel 043

audio-visual framework for dialogue modeling. De- 044

signing such a framework requires meeting three 045

key challenges: First, the model must continuously 046

process audio and video in a streaming manner, 047

isolating the target speaker even when background 048

noise or louder interfering speakers are present. 049

Second, it must detect turn-taking cues and respond 050

appropriately, maintaining conversational flow de- 051

spite overlapping or interfering speech. Third, the 052

system must produce coherent responses to the in- 053

tended speaker without being misled by distractors 054

or environmental noise. large-scale text-only 055

Our paper presents the first spoken dialog mod- 056

els with audio-visual input that address the above 057

challenges. We make the following contributions: 058

• Multimodal dialogue modeling. We start with 059

a pre-trained large language model (LLAMA3-8B) 060

(Dubey et al., 2024) and train it to process audio 061

and video input in a streaming manner with 40ms 062

chunks. The model learns to extract text tokens 063

for the target speaker under interference and pre- 064

dict turn-change tokens for natural conversational 065

timing. We explore two architectures: dual and 066

unified. In the dual architecture, the multimodal 067

model outputs transcriptions and turn-taking to- 068

1



kens that trigger a second LLM-based text back-069

bone for high-quality response generation, either070

via in-context learning or instruction-tuning on di-071

alogue data for greater naturalness. The unified072

architecture instead uses a single model to perform073

AV understanding, turn prediction, and response074

generation jointly. Our results show that explicit075

turn-change supervision is not only essential for076

dual-model setups but also improves the generation077

quality of the unified model.078

• Acoustic tokenization for noisy, multi-speaker079

settings. Unlike prior dialogue models (Défossez080

et al., 2024; Veluri et al., 2024) that rely on seman-081

tic tokenizers (e.g., HuBERT) trained on single-082

speaker speech, we use general-purpose acoustic083

tokens, Descript Audio Codec (DAC) (Kumar et al.,084

2023) for multimodal dialogue modeling. Because085

acoustic tokens preserve both semantic and raw086

acoustic information, they enable inherent speaker087

differentiation based on voice characteristics. Thus,088

we can better address the “cocktail party prob-089

lem,” maintaining robustness to noise and inter-090

fering speakers across a range of Signal-to-Noise091

Ratios (SNRs), indicating the noise level of the092

input speech. In ablation studies, replacing seman-093

tic with acoustic tokens both reduces word error094

rate for streaming AVSR from 67% to 31.7% under095

strong multi-speaker interference as well as enables096

more timely responses.097

• Multi-task, multi-stage training recipe. Open098

audio-visual dialogue datasets are much smaller099

than text-based chat corpora, making robust train-100

ing challenging. We address this with a multi-task,101

two-stage training strategy: the first stage trains102

the base LLaMA model with text prediction, ASR,103

AVSR and audio captioning tasks to strengthen104

audio-visual understanding and align with original105

text embeddings. The second stage fine-tunes the106

model on real audio-only and audio-visual conver-107

sational datasets to learn natural turn-taking and108

conversation context. We further improve robust-109

ness with synthetic mixture augmentation, simulat-110

ing noisy, multi-speaker environments. This task-111

oriented approach enables AV-Dialog to acquire112

complementary skills from each dataset, enhancing113

transcription accuracy, turn-taking prediction, and114

dialogue quality under challenging conditions.115

We compare AV-Dialog with Moshi-7B (Défos-116

sez et al., 2024), a state-of-the-art spoken dialogue117

model. Results show that adding the visual modal-118

ity boosts turn-taking prediction accuracy from119

54% to 79% in the presence of interfering speakers. 120

Human evaluation (N=18) further demonstrates a 121

+1.75-point MOS improvement in dialogue natu- 122

ralness and a +1.99-point MOS gain in response 123

relevance and helpfulness. 124

2 Related work 125

Audio-visual speech recognition. A related task 126

is Audio-Visual Speech Recognition (AVSR) (Rou- 127

ditchenko et al., 2024; Hong et al., 2023), where 128

models like AV-HuBERT (Shi et al., 2022) learn 129

speech representations from synchronized audio 130

and video. Recent work combines pre-trained au- 131

dio (Radford et al., 2023) and video (Shi et al., 132

2022) with language models to improve word er- 133

ror rates (Cappellazzo et al., 2025a). While AVSR 134

systems excel at speech recognition, they are not de- 135

signed for generative dialogue, turn-taking, or full- 136

duplex interaction. In contrast, AV-Dialog extends 137

audio-visual fusion beyond recognition to enable 138

grounded conversational agents. Moreover, most 139

AVSR models operate offline with full-recording 140

access (Rouditchenko et al., 2024; Cappellazzo 141

et al., 2025a), whereas our system performs stream- 142

ing inference and incorporates AVSR as a multi- 143

task objective. We therefore compare AV-Dialog 144

with state-of-the-art streaming AVSR models such 145

as Auto-AVSR (Ma et al., 2023) in §4.1. 146

Dialog models. Recent work on dialog models 147

generate spoken responses from a given prompt. 148

Notably, SpeechGPT (Zhang et al., 2023) is fine- 149

tuned on speech-only data and multimodal instruc- 150

tions for spoken question answering. Multimodal 151

models like SpiritLM (Nguyen et al., 2024) accept 152

speech or text as prompts and generate responses in 153

either modality, while prior non-open source mod- 154

els (Park et al., 2024) handle audio-visual inputs 155

but require explicit prompting. Unlike AV-Dialog, 156

these systems do not model turn-taking and thus 157

do not know when to respond, a key component of 158

human-like dialog interaction. (Liao et al., 2025) 159

leverage audio and visual cues for turn prediction, 160

but their approach is non-streaming, does not sup- 161

port full-duplex interaction, and requires clean text 162

transcripts as input. 163

Recent full-duplex dialogue models like 164

dGSLM (Lakhotia et al., 2021), Moshi (Défossez 165

et al., 2024), and SyncLLM (Veluri et al., 2024) 166

generate responses concurrently with user input by 167

predicting intent or turn-endings without explicit 168

prompts. However, relying solely on text and 169
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semantic speech tokens limits their ability to track170

the target speaker in noisy, multi-speaker settings.171

In contrast, AV-Dialog integrates visual cues172

and general-purpose acoustic tokens for robust173

speaker tracking and dialogue generation under174

challenging signal-to-noise (SNR) conditions.175

3 AV-Dialog Models176

In human conversation, we process rich acous-177

tic and visual cues to understand and respond178

via speech. Prevalent dialogue models, however,179

emphasize the modality the agent must generate180

(speech & language) while only considering the181

semantic representations of speech and/or ignore182

visual cues; making them brittle to noise and inter-183

ference. In contrast, combining audio and visual184

context enables accurate turn-boundary detection185

and timely responses. To this end, we develop a186

dialogue framework built on audio-visual under-187

standing that infers the user’s complete intent, both188

what is said and when they intend to yield the floor.189

As shown in Fig. 2B, AV-Dialog’s dual-model190

architecture comprises two components: an audio-191

visual dialogue understanding module and a192

text backbone. The latter is implemented with193

instruction-tuned LLAMA3-8B (Dubey et al.,194

2024), though any text LLM or API can be used.195

3.1 Audio-Visual Dialogue Understanding196

We propose an AV dialogue understanding model,197

fine-tuned on a base text-LLM, with two essen-198

tial capabilities for voice interfaces: recognizing199

user speech and detecting intent to yield the con-200

versation floor. It must also operate as a streaming201

model, so we can update the response LLM’s KV-202

cache as the user speaks.203

Our model processes multi-stream inputs: at204

each timestep n, a continuous visual stream Vn205

from a visual encoder and 16 audio streams An =206

[An,1, . . . , An,16] from an audio tokenizer. It out-207

puts two streams: (1) a text stream Un representing208

the user’s input, and (2) a turn event stream Tn from209

the AV understanding module, predicting when the210

agent should take the conversation floor.211

Both streams are synchronized and operate on 40212

ms chunks. Both embeddings are projected to the213

transformer’s model dimension via separate linear214

layers and summed with the previous timestep’s215

text embedding to produce the final embedding216

en = LA(
∑16

i=1 E(An,i)) +LV (Vn) + E(Un−1) +217

E(Tn−1). Here, E(·) denotes the embedding layer,218

LV (·) the visual projection layer, and LA(·) the 219

audio projection layer. 220

At the AV-Dialog model output zn, two linear 221

heads estimate the distributions of Un and Tn, con- 222

ditioned on all preceding sub-sequences. 223

σ(LU (zn)) ≈ P[Un|A≤n, V≤n, U<n, T<n], 224

σ(LT (zn)) ≈ P[Tn|A≤n, V≤n, U<n, T<n] 225

σ(·) is the softmax operation, LU (·) the linear 226

header for the text stream, and LT (·) the linear 227

header for the turn event stream. 228

3.1.1 Audio-Visual Encoding 229

Most prior turn-taking and spoken dialogue models 230

rely on speaker-invariant semantic speech represen- 231

tations (Nguyen et al., 2022; Veluri et al., 2024; 232

Défossez et al., 2024). While effective in clean set- 233

tings, they struggle in real-world, “cocktail-party” 234

environments. Models like HuBERT (Hsu et al., 235

2021), though robust to uncorrelated background 236

noise, can amplify spurious speech interference 237

due to their speaker invariance. 238

We instead leverage general audio representa- 239

tions, enabling inherent speaker differentiation 240

based on voice characteristics. Our AV-Dialog 241

model uses the high-fidelity Descript Audio Codec 242

(DAC) (Kumar et al., 2023) tokenizer, where each 243

40 ms chunk is encoded into 16 DAC codebooks. 244

We incorporate visual cues of the speaker be- 245

cause they (1) enable robust target speech identifi- 246

cation in noisy environments, (2) enhance speech 247

perception and understanding (Shi et al., 2022; Cap- 248

pellazzo et al., 2025b), and (3) provide crucial sig- 249

nals for estimating turn boundaries. Specifically, 250

we use the dlib library (dlib) to detect face regions 251

in first-person video and extract continuous lip- 252

centric visual representations via a pre-trained AV- 253

HuBERT model (Shi et al., 2022). 254

3.1.2 Output Streams 255

The AV dialogue understanding module outputs 256

two token streams: i) time-aligned transcription of 257

user’s speech Un, and ii) turn-taking event labels 258

Tn, using the LU and LT heads, respectively. 259

If a user’s word begins at tstart, the model pre- 260

dicts its tokens from timestep ⌈tstart/25⌉ + d, 261

where d is a small delay providing a reasonable 262

context for recognizing the word. When no word 263

is uttered, it outputs a silence token <EMP>. 264

For turn boundaries, we adopt Pairwise- 265

TurnGPT’s (Leishman et al., 2024) turn-taking 266

event taxonomy: (1) Normal turn, agent speaks 267
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Figure 2: Token sequence and dual-model design. A. We use a DAC tokenizer to encode audio into 16 audio token
streams and use AV-HuBERT to convert video to continuous visual features. We use turn-level annotation and
word-level alignment to generate the target output text stream. B. shows our dual-model pipeline for AV-dialog. The
AV dialogue understanding module recognizes user speech and detects potential turn-taking events, while the text
backbone generates high-quality responses once turn-taking is triggered.

after the user finishes; (2) Overlapping turn,268

agent begins before user finishes, i.e, partial over-269

lap; (3) Backchannel, short interjections (e.g.,270

“hmm”, “yeah”). The model predicts special token271

<SOT> for both Normal and Overlapping turns,272

and <SOB> for Backchannels. For timesteps with-273

out turn taking events, we output <EMP>. An exam-274

ple turn-taking event stream is in Fig 2A.275

3.2 Response Generation276

Our audio-visual dialogue model, in its dual-model277

mode, streams user speech recognition and turn-278

taking predictions directly into a text-based LLM279

backbone (Fig. 2B). This design combines the re-280

sponsiveness of instruction-tuned LLMs with the281

flexibility to swap in different text LLMs or APIs.282

The text backbone operates in two states: LIS-283

TENING and SPEAKING. In LISTENING, non-284

silence tokens from the AV understanding mod-285

ule are streamed as the user’s input. When a286

turn-taking token appears, the model switches to287

SPEAKING, generating responses autoregressively.288

If new user speech tokens arrive mid-response, the289

model yields the floor and re-enters LISTENING.290

To make response more natural and human-like,291

we explore two methods:292

• In-Context Learning (ICL): We apply in-293

context learning (Brown et al., 2020) and add few-294

shot dialogue examples from SEAMLESS INTER-295

ACTION (InterAct) (Agrawal et al., 2025) train-296

ing sets to the text backbone’s system prompt (see297

§C.1.1). 298

• Instruction Tuning (IT): We finetune a chat- 299

oriented LLM on real human dialogues using in- 300

struction tuning (Ouyang et al., 2022) to improve 301

naturalness and responsiveness. The finetune hy- 302

perparameters can be found in (see §C.1.2). 303

The generated text is then converted to speech 304

via the streaming TTS module Mimi (Défossez 305

et al., 2024). 306

3.3 Training Strategy 307

A key challenge in training our AV-dialog un- 308

derstanding module is the scarcity of large-scale 309

aligned audio-visual conversational data. To ad- 310

dress this, we leverage diverse data sources: text 311

datasets, monadic audio/audio-visual data, and real 312

dyadic audio-only and audio-visual conversations. 313

We build on a pre-trained text LLM, LLAMA-3- 314

8B, and employ a two-stage, multi-task training 315

approach to progressively develop the audio-visual 316

understanding needed for a robust dialogue model. 317

3.3.1 Stage 1: Audio-Visual Understanding 318

The first stage focuses on aligning text, audio, and 319

visual modalities through four multi-task objectives 320

(see §B.1 for training hyper-parameters): 321

• Text continuation: Utilize large-scale text-only 322

datasets for text continuation pre-training objec- 323

tive, to preserve robust language understanding and 324

avoid catastrophic forgetting of textual data. 325
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• Speech comprehension: Train on monaural326

speech datasets, LibriLight (Kahn et al., 2020),327

MLS (Pratap et al., 2020), and VP400k (Wang et al.,328

2021), on the ASR task to provide the model with329

acoustic comprehension of human speech.330

• Audio captioning: Use the large audio dataset,331

Audioset (Gemmeke et al., 2017), for audio caption-332

ing task to achieve general audio comprehension.333

• Audio-visual alignment: Train AVSR task using334

VoxCeleb2 (Nagrani et al., 2017), which is a large335

audio-visual monadic dataset. This enables the336

model to learn visual features linked to speech, fos-337

tering multimodal learning across text, audio, and338

visual modalities. To further improve AV under-339

standing in noisy conditions, we apply the synthetic340

mixing augmentation from §3.3.3 on this dataset.341

3.3.2 Stage 2: Learning about Conversations342

We train the model on audio-only and audio-visual343

conversational data to learn natural dialogue dy-344

namics. We use Fisher (Cieri et al., 2004) for345

audio-only and InterAct (Agrawal et al., 2025) for346

audio-visual conversations, optimizing two tasks:347

(1) streaming AVSR and (2) turn-taking event pre-348

diction. Synthetic mixing augmentation (§3.3.3) is349

also applied for robustness in noisy settings. Train-350

ing hyperparameters are detailed in §B.2.351

To prepare target sequences, we align words352

and turns by converting conversations into syn-353

chronized token streams. We deploy Whisper-354

Large (Radford et al., 2022) to acquire word-level355

timestamps. The first token of each word is placed356

at the ⌈tstart/25⌉ + d token in the AVSR stream,357

where tstart is the start timestamp from Whisper.358

The special turn event token is placed at ⌊tturn/25⌋,359

where tturn is the timestamp of the annotated turn360

event. Note that, the d = 1s is also added to the361

AVSR stream but not to the Turn event stream to362

avoid introducing additional delays to the response.363

3.3.3 Synthetic Mixing Augmentation364

We apply synthetic mixing to simulate noisy, multi-365

speaker environments. For each training sample,366

with 20% probability, we use clean audio as input,367

with 40% probability, we mix the clean audio with368

background noise randomly sampled from from369

MUSAN (Snyder et al., 2015), and with 40% prob-370

ability, we mix with 1–4 interference speakers from371

the same dataset. The input SNR is uniformly sam-372

pled between –8 dB and 8 dB. This augmentation373

enables the model to understand audio-visual cues374

in complex, real-world conditions.375

Unified AV-Dialog

Agent 

Stream

Audio 

Stream

Visual 

Stream

…
…

<EMP> <SOT> <EMP> Good! Just<EMP> <EMP> 

<SOT> <EMP> Good! Just<EMP> <EMP> had

Figure 3: Unified AV-Dialog model. It takes the audio-
visual input and predicts the turn-taking events. When
the special turn-taking token is generated, the AV-Dialog
model generates the response on the same output stream.

3.4 Unified AV-Dialog Model 376

We also explore a unified model variant where the 377

AV-Dialog module directly generates full-duplex 378

responses, eliminating the need for a text backbone 379

(see §A for algorithmic latency analysis). This 380

requires two key modifications: 381

• Model and token design: We remove the AVSR 382

stream and instead add time-aligned agent response 383

tokens interleaved with the turn-taking event stream 384

(Fig. 3). Empirically, we found removal of AVSR 385

stream improves unified model performance, en- 386

abling it to predict turn-taking events and then gen- 387

erate responses directly. 388

• Training setup: In Stage 2, we train on the Fisher 389

and InterAct datasets to generate aligned text re- 390

sponses alongside turn-taking predictions (Fig. 3). 391

Training hyperparameters are provided in §B.3. 392

4 Experiments 393

For each AV dialog sample, one side is randomly 394

chosen as the user, whose audio and visual tokens 395

are streamed into the model while output tokens 396

are generated simultaneously. We focus on three 397

aspects: (1) how well the model understands audio- 398

visual input, (2) how accurately it predicts turn- 399

taking, and (3) the quality of its responses. 400

To test robustness in noisy conditions, we evalu- 401

ate under three conditions: 402

• Clean: Clean raw audio as input. 403

• BG: Clean raw audio mixed with background 404

noise (music, chatter) from MUSAN (Snyder et al., 405

2015), input SNR range is -8dB to 12dB. 406

• Interf: Clean raw audio mixed with 1-4 interfer- 407

ing speakers from the same dataset as the target 408
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WER(%) on Voxceleb2 ↓ Clean BG Interf

Auto-AVSR 26.8 48.2 71.8
Ours 17.4 35.6 38.8

WER(%) on LRS2 ↓ Clean BG Interf

Auto-AVSR 15.8 34.0 60.0
Ours 9.53 24.0 28.4

Table 1: Benchmarking streaming AVSR on the test
set of Voxceleb2 and LRS2. We compare WER (%)
between AUTO-AVSR and our AV-Dialog model.

WER(%)↓ Clean BG Interf

Auto-AVSR 32.2 60.4 93.0
Ours (A) 28.6 68.0 92.2
Ours (V) 67.8 67.8 67.8
Ours (A+V) 16.3 37.4 30.8

Table 2: Streaming AVSR on the InterAct test set. Ours
(A): trained and test on audio-only input. Ours (V):
trained and tested on visual-only input. Ours (A+V):
trained and tested on audio-visual input.

speaker, input SNR range is -8dB to 12dB.409

4.1 Audio-Visual Understanding Evaluation410

We evaluate streaming AVSR using word error rate411

(WER). We compare our model with the state-of-412

the-art streaming AVSR model, Auto-AVSR (Ma413

et al., 2023). More recent AVSR works (Rou-414

ditchenko et al., 2024; Cappellazzo et al., 2025a)415

focus on offline settings, where models process the416

full recording before inference, which is an easier417

task. So, we benchmark against Auto-AVSR on418

Voxceleb2 and LRS2 dataset.419

For a fair comparison, we first benchmark on the420

Voxceleb2 test set, as both our model and Auto-421

AVSR are trained on its training set. Since Vox-422

celeb2 lacks text labels, we use Whisper-Large423

to transcribe clean speech as ground truth for424

WER. Table 1 compares audio-only, video-only,425

and audio-visual models. AV-Dialog achieves con-426

sistently lower WER than Auto-AVSR, with audio-427

visual input yielding the best performance. In Ta-428

ble 1, we also compare our model with Auto-AVSR429

on the LRS2 test set with manually labeled tran-430

scripts. Auto-AVSR is trained on LRS2, while our431

model is not, demonstrating out-of-domain general-432

ization of our model’s audio-visual understanding.433

434

We also evaluate our models for the streaming435

AVSR task on the test-set of the InterAct dataset.436

We use the transcription from InterAct as our437

ground-truth text to compute WER. As shown in438

Table. 2, our AV-dialogue model achieves much439

lower WER than audio-only or visual-only input,440

A B

Figure 4: Model performance across different SNRs.
Plot A shows the WER of streaming AVSR task on
different SNRs of noisy audio input. Plot B shows the
response ratio of the turn-taking prediction on different
SNRs of noisy audio input.

demonstrating that combining modalities greatly 441

improves AV understanding, especially under noise 442

and interference. To further assess robustness, we 443

evaluate across SNR ranges (Fig. 4A), averaging 444

WER over multiple noise samples for BG and Interf 445

scenarios. The results show our AV model remains 446

robust across varying SNR levels. 447

4.2 Turn-Taking Prediction Evaluation 448

We evaluate our model using turn-taking events 449

from (Nguyen et al., 2023) and measure floor- 450

transfer offset (FTO), which is the duration be- 451

tween turn transitions, where negative FTO indi- 452

cates overlap and positive FTO indicates a gap. 453

We extract the agent’s turn start timestamp us- 454

ing the SOT token and compute FTO as the gap 455

between the user’s turn end (obtained from ground- 456

truth turn annotations) and the agent’s turn start. 457

Metrics. We report three metrics: 458

• Response Ratio: percentage of FTOs within –2s 459

to 3s, the typical range in InterAct’s human conver- 460

sations (around 90% of FTOs in the InterAct test 461

set are in this range). 462

• FTO Error: mean absolute error (MAE) between 463

generated and ground-truth FTOs. 464

• Median FTO: the median value of FTOs. 465

Baselines. We compare with Moshi (Défossez 466

et al., 2024), a state-of-art spoken dialogue model. 467

• Moshi: We deploy the Moshi checkpoints (Dé- 468

fossez et al., 2024) to generate responses. 469

• SE+Moshi: We first apply the speech enhance- 470

ment (SE) model Demucs (Defossez et al., 2020), 471

then feed output to Mosh to generate responses. 472

• Separation+Moshi: We first apply X-TF- 473

GridNet (Hao et al., 2024), a state-of-the-art target 474

speaker separation model, to the noisy mixture. We 475

then feed output to Moshi to generate responses. 476

Results. As shown in Table 3, the audio-visual 477
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Model Clean BG Interf

Metrics Response FTO Median Response FTO Median Response FTO Median
Ratio(↑) Err(↓) FTO Ratio(↑) Err(↓) FTO Ratio (↑) Err(↓) FTO

Moshi 54.0% 3.48 -0.72 53.8% 3.20 -0.12 52.5% 3.27 -0.52
SE + Moshi 55.9% 3.66 -0.6 56.0% 3.24 -0.7 54.4% 3.36 -0.84
Separation + Moshi 47.8% 3.60 -0.92 51.7% 3.47 -0.42 52.7% 3.27 -0.92
Ours (A) 73.2% 1.87 1.04 70.2% 2.66 1.02 65.8% 2.81 1.2
Ours (V) 72.5% 2.37 0.98 72.5% 2.37 0.98 72.5% 2.37 0.98
Ours (A+V) 74.5% 1.86 1.16 78.3% 1.96 1.12 78.8% 1.81 1.18
Ours (Unified) 68.1% 1.68 1.92 75.6% 1.49 1.76 75.9% 1.67 1.76

GT - 0 1.5 - 0 1.5 - 0 1.5

Table 3: Turn-taking evaluation under different noise and interference conditions.

Noise condition Clean BG Interf

Model PPL(↓) Pickup Ratio(↑) PPL(↓) Pickup Ratio(↑) PPL(↓) Pickup Ratio(↑)

Moshi 44.1 23.8% 52.4 19.4% 46.4 18.4%
SE + Moshi 50.8 26.4% 50.4 24.5% 56.1 19.1%
Ours (ICL) 25.8 66.6% 24.6 68.1% 23.1 67.8%
Ours (IT) 23.2 32.5% 24.0 30.3% 23.8 36.7%
Ours (Unified) 31.0 29.6% 29.8 35.5% 32.5 31.3%

GT 51.7 - 51.7 - 51.7 -

Table 4: Semantic evaluation of dialogue responses under different noise conditions.

dialogue model achieves the highest response ratio478

across all noisy scenarios: 74.5% (Clean), 78.3%479

(BG), and 78.8% (Interf ), substantially outperform-480

ing the baseline Moshi model, which reaches only481

50%. Adding visual input to the audio-only model482

improves turn-taking accuracy by 1.3% (Clean),483

8.1% (BG), and 13% (Interf). The unified audio-484

visual model shows a slight drop in response ratio485

but achieves the lowest FTO errors. Note that the486

GT median FTO is around 1.5s for the InterAct487

conversation dataset which consists of casual con-488

versations between strangers. The detailed FTO489

distribution visualization can be found in §E.490

To assess robustness under noise, in Fig. 4B, we491

also evaluate turn-taking prediction across different492

SNR ranges for both BG and Interf scenarios.493

4.3 Semantic Evaluation494

We evaluate the semantic quality of dialogue re-495

sponses, comparing the Moshi baselines with three496

audio-visual dialogue variants:497

• Ours (ICL): Dual-model pipeline using in-498

context learning with example conversations from499

InterAct in the prompt of the LLAMA3-8B text500

backbone model (see §C.1).501

• Ours (IT): Dual-model pipeline fine-tuned via502

instruction tuning on Fisher, and InterAct datasets503

for the text backbone model (see §C.2).504

• Ours (Unified): Unified model trained to gener-505

ate text responses from audio-visual input.506

We run our models end-to-end and com- 507

pute the perplexity (PPL) of agent-generated 508

turns. To further assess text quality, we use the 509

Prometheus (Kim et al., 2023) LLM as an evalua- 510

tor framework, performing relative/pairwise com- 511

parisons rather than absolute scoring, which better 512

aligns with human judgment (Kiritchenko and Mo- 513

hammad, 2017; Liusie et al., 2023). For each evalu- 514

ation, the LLM compares the ground-truth InterAct 515

response with the model-generated text. We com- 516

pute the Pickup Ratio as the fraction of responses 517

in which the LLM prefers the model-generated text 518

over the ground truth (see details in §D). 519

As shown in Table 4, the baseline Moshi and 520

SE+Moshi models achieve the lowest Pickup Ra- 521

tio according to the LLM evaluator. The audio- 522

visual dialogue model using in-context learning 523

(ICL) achieves the highest Pickup Ratio among all 524

methods. In contrast, the same dual-model pipeline 525

fine-tuned via instruction tuning (IT) and the uni- 526

fied audio-visual model show a reduced Pickup Ra- 527

tio of 30–40%. This drop is likely because InterAct 528

dialogues often contain casual, unpredictable con- 529

versation; fine-tuning the generation task on such 530

data can degrade response quality. For perplexity 531

(PPL), both the ICL and IT audio-visual models 532

achieve the lowest values. Finally, the response 533

quality for the unified model is worse than the cas- 534

caded model settings for our AV-dialogue models. 535

This is line with recent observations in the related 536

domain of speech-to-speech dialog models (Hu 537
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Model N-MOS(↑) H-MOS(↑)

SE + Moshi 2.39 2.10
Ours (Dual+ICL) 4.14 4.09
Ours (Unified) 3.54 3.02

GT 3.92 3.62

Table 5: Human evaluation result. N-MOS: Mean
Opinon Score on Naturalness of response. H-MOS:
Mean Opinion Score on Helpfulness of response.

et al., 2025b), where cascade model responses out-538

perform unified models.539

4.4 Human Evaluation540

We conducted a human evaluation with 18 partici-541

pants to assess the end-to-end performance of our542

audio-visual dialogue model. Model text outputs543

were converted to speech using the Moshi stream-544

ing TTS (Défossez et al., 2024), ensuring a fair545

comparison since both systems used the same TTS.546

Participants were given dialogue transcripts and au-547

dio, including both user turns and model responses.548

We randomly selected 15 samples from the Inter-549

Act test set across Clean, BG, and Interf conditions550

(details and SNRs in §G). For each sample, partic-551

ipants evaluated four conditions: (1) SE+Moshi,552

(2) dual-model + ICL, (3) unified model, and (4)553

ground truth. Each participant rated 8 dialogue554

sets, with randomized method order to avoid bias.555

Ratings followed the Mean Opinion Score (MOS)556

protocol (ITU-T P.808 (ITU-T, 2018)) on a 5-point557

Likert scale, evaluating Naturalness (N-MOS) and558

Helpfulness (H-MOS) (see §F).559

Table 5 shows that both our dual and unified560

models outperform the SE+Moshi baseline in nat-561

uralness and helpfulness. The dual model with562

in-context learning achieves the best results. The563

unified model drops by 0.5 in naturalness and 1.02564

in helpfulness compared to the dual model. This is565

likely due to (1) the limited size of real conversa-566

tional data and (2) the fact that the conversations in567

the dataset are mostly casual chit-chat, often con-568

taining low-quality responses, random topic shifts,569

and limited logical reasoning.570

These results highlight that the dual model bene-571

fits from using real-world data primarily for turn-572

taking modeling while leveraging the pretrained573

text backbone for stronger generation quality. No-574

tably, the MOS trends align with the LLM evaluator575

pick ratios in our semantic evaluation.576

4.5 Ablation studies577

We first compare acoustic tokens with semantic to-578

kens. Using the same training setup, we trained the579

AVSR WER(%) ↓ Clean BG Interf

DinoSR (A) 24.9 89.0 239.2
DinoSR (A+V) 26.9 83.0 67.0
Acoustic (A) 28.6 60.0 63.4
Acoustic (A+V) 16.3 37.4 30.8

Response Ratio(%) ↑ Clean BG Interf

DinoSR (A) 67.3 63.3 63.2
DinoSR (A+V) 69.5 49.1 47.8
Acoustic (A) 73.2 70.2 65.8
Acoustic (A+V) 74.5 76.9 78.8

Table 6: Acoustic & semantic token comparison.

AVSR WER(%) ↓ Clean BG Interf

Ours(A+V) 16.3 37.4 30.8
Ours(No Stage 1) 58.9 95.1 86.7
Ours(No Audio Diag) 22.6 37.8 31.8
Ours (No augmentation) 17.5 121.3 160.2

Table 7: Ablation Study on the training recipe.

AV model with DinoSR (Liu et al., 2023) seman- 580

tic tokens instead of DAC tokens, as DinoSR is a 581

newer, improved semantic representation compared 582

to HuBERT. Table 6 shows that acoustic tokens out- 583

perform semantic tokens in both streaming AVSR 584

and turn-taking prediction tasks. 585

Next, we compare different training strategies 586

(Table 7). No Stage 1 indicates skipping Stage 1 587

while training on the LLaMA3-8B model, while 588

No Audio Dialogue excludes the audio-only dia- 589

logue dataset during Stage 2 fine-tuning. Including 590

the audio-only dialogue dataset improves perfor- 591

mance. No augmentation trains the second stage 592

without Synthetic Mixing Augmentation. Results 593

show a significant drop without Stage 1 or without 594

Synthetic Mixing Augmentation. 595

We also evaluate the impact of explicit turn- 596

taking supervision strategy on the unified model in 597

Appendix. §J. Finally, we conduct ablation studies 598

on the effect of different audio channels of tok- 599

enizer and visual input distortion in Appendix. §J. 600

601

5 Conclusion 602

We introduced AV-Dialog, the first streaming audio- 603

visual dialogue system that integrates audio, vision, 604

turn-taking, and response generation. Using acous- 605

tic tokenization, multi-stage training, and explicit 606

turn-event supervision, it achieves robust perfor- 607

mance in noisy, multi-speaker environments, out- 608

performing audio-only baselines in transcription, 609

turn-taking, and response quality. Human evalua- 610

tions confirm that AV-Dialog enables more natural, 611

helpful, and speaker-aware conversations, under- 612

scoring the value of combining listening and look- 613

ing for real-world multimodal dialogue. 614
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6 Limitations and Risks615

Limitations. While AV-Dialog advances full-616

duplex dialogue in noisy environments, its per-617

formance can be further improved. It currently618

does not explicitly model non-verbal auditory cues619

(e.g., laughter, sighs) or visual cues (e.g., facial620

expressions, gestures) beyond lip movements. En-621

hancing the understanding and generation of these622

multimodal signals could make interactions more623

human-like. Finally, factors like poor lighting, oc-624

clusions (e.g., hands covering the mouth) or ex-625

treme head poses, can impair lip movement extrac-626

tion (Shi et al., 2022), affecting speaker tracking627

and speech understanding. Developing lip encoders628

that are robust to such conditions is a promising629

and complementary direction for future work. This630

performance gap between cascaded and unified631

approaches is an important observation, and we632

would like to note that this has been highlighted as633

a limitation of unified approaches by prior work as634

well (Hu et al., 2025a; Veluri et al., 2024; Nguyen635

et al., 2023). Multiple prior works report a similar636

performance gap in response quality compared to637

cascaded baselines, with the primary driving fac-638

tor being the lack of large-scale channel separated639

spoken dialog data.640

Ethical considerations. Like any advanced AI en-641

abling human-like interaction, AV-Dialog presents642

key ethical challenges. It may produce misleading643

dialogue, particularly under noisy or ambiguous644

conditions, requiring rigorous evaluation and ongo-645

ing monitoring. While audio-visual capture (e.g.,646

lip movements, voices) is common in voice confer-647

encing platforms like Zoom, it still demands strict648

attention to privacy. To prevent misuse such as649

exploitation in online scams, methods like speech650

watermarking could help safeguard against abuse.651
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A Algorithm Latency Analysis 895

Moshi is built on a 7B backbone model, while our 896

unified system uses a single 8B LLaMA model. 897

Our dual-model architecture extends this by run- 898

ning two such models in parallel, which naturally 899

increases peak memory consumption. 900

Because system latency depends on hardware 901

and software optimizations, which is not the fo- 902

cus of our paper, we focus instead on algorithmic 903

latency which is a platform-invariant metric. In 904

AV-Dialog, both the audio tokenizer (DAC) and 905

the visual encoder operate causally at 25 Hz. How- 906

ever, the AV-HuBERT visual encoder introduces 907

a 2-frame lookahead (Ma et al., 2025), resulting 908

in an overall algorithmic latency of approximately 909

120 ms. In our dual-model setup, output tokens 910

from the understanding module are streamed di- 911

rectly to the text backbone with KV-cache in paral- 912

lel, enabling immediate response generation during 913

turn-taking without additional delay. 914

By contrast, Moshi (Défossez et al., 2024) pro- 915

cesses 80 ms audio chunks, achieving an algorith- 916

mic latency of about 80 ms. Note that AV-Dialog 917

employs Moshi’s TTS model. Although our sys- 918

tem’s latency is somewhat higher, it is mainly lim- 919

ited by the visual encoder’s lookahead: an aspect 920

that could be further reduced by pretraining a visual 921

encoder with a smaller or zero lookahead window. 922

Despite this limitation compared to Moshi-like na- 923

tively full-duplex models, we believe our approach 924

of predicting agent’s start-of-the-turn bridges the 925

naturalness gap while also leveraging superior help- 926

fulness and knowledge of standalone text back- 927

bones. 928

B Training Hyper-parameters 929

B.1 Stage-1 Training 930

In Stage 1, we trained the original LLAMA3-8B 931

with sequence length 4096. We use a learning 932

rate of 3e−5 on the transformer block and a learn- 933

ing rate of 1.5e−4 on embedding layers and au- 934

dio/visual adapters. The model is trained with 500 935

step warmup and trained for 50k iterations on 128 936

A100 GPUs with a per-gpu batch size of 1. 937
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The proportion of each task and dataset in the938

stage1 training is as follows:939

• Text continuation (48.0%): Arxiv (16.0%), B3g940

(20.0%) and Wikipedia_en (12.0%).941

• Speech comprehension (32.0%): LibriLigh942

(13.76%), MLS (13.12%) and VP400k (5.12%).943

• Audio captioning (4.0%): AudioSet (4.0%).944

• Audio-visual alignment (AVSR) (16.0%): Vox-945

celeb2 (16.0%).946

The input and output token sequence design for947

Stage 1 training is shown in Fig. 5. The special948

tokens <ASR>, <Trans>, and <AC> serve as pre-949

fixes for different tasks. We also introduce a spe-950

cial <NULL> token: when a modality is missing in951

the input stream for a given task, it is filled with952

<NULL>, whose embedding vector is all zeros af-953

ter the embedding layer. If <NULL> appears in the954

target stream, its loss is not computed. We apply955

cross-entropy loss on the output text stream.956

B.2 Stage-2 Training for Dual Model957

In Stage 2, we fine-tuned the Stage 1 model with a958

sequence length of 4096. We used a learning rate of959

2e−5 for the transformer blocks, embedding layers,960

and audio/visual adapters. The model was trained961

with a 500-step warm-up over 10k iterations on962

32 A100 GPUs, with a per-GPU batch size of 1.963

The proportion of each task and dataset in Stage 2964

fine-tuning is as follows:965

• Audio-only conversation (55.0%): Fisher966

(10.0%) and InterAct (45.0%).967

• Audio-Visual conversation (45.0%): InterAct968

(45.0%).969

The input and output token sequence design for970

Stage 2 training is shown in Fig. 6. We also apply971

the <NULL> token in the same way as Stage 1. We972

compute the cross-entropy loss on both the AVSR973

stream U and Turn event stream T and compute974

their average. In the AVSR stream, the loss weight975

for text tokens is set to 1.0, while the silence to-976

ken <EMP> is set to 0.1. In the Turn-Event stream,977

the loss weight for Turn-taking token <SOT> is set978

to 2.5, the loss weight for the backchannel token979

<BOT> is set to 1.0, and the loss weight for the the980

silence token <EMP> is set to 0.1.981

B.3 Stage-2 Training for Unified Model982

In Stage 2 of our unified model, we fine-tuned the983

pretrained Stage 1 model with a sequence length of984

4096. We used a learning rate of 2e−5 for the trans-985

former blocks, embedding layers, and audio/visual 986

adapters. The model was trained with a 500-step 987

warm-up over 10k iterations on 32 A100 GPUs, 988

with a per-GPU batch size of 1. 989

The proportion of each task and dataset in Stage 990

2 fine-tuning is as follows: 991

• Audio-only conversation (55.0%): Fisher 992

(10.0%), InterAct (45.0%). 993

• Audio-Visual conversation (45.0%): InterAct 994

(45.0%). 995

The input and output token sequence design for 996

the unified model training at Stage 2 is shown in 997

Fig. 7. We apply the <NULL> token in the same 998

way as Stage 1. We compute the cross-entropy loss 999

on the output stream T . The loss weight for text 1000

tokens is set to 1.0, the loss weight for <EMP> is set 1001

to 0.1, the loss weight for <SOT> is set to 2.5, and 1002

the loss weight for <BOT> is set to 1.0. 1003

C Text Backbone Hyper-parameters 1004

C.1 In-Context Learning 1005

The prompting and few-shot samples are provided 1006

as: 1007

"Carefully read the user prompt. You follow 1008

these instructions: 1009

You are a helpful assistant that engages in nat- 1010

ural, casual conversation. Respond like a human 1011

would - be conversational, use natural language, 1012

and don’t be overly formal. 1013

Here are some examples of the conversational 1014

style you should adopt: 1015

Example1: 1016

user: Hey, Siobhan, what’s up? You seem trou- 1017

bled. 1018

assistant: Yeah, I am. I’m just having a hard 1019

time. I needed someone to talk to. 1020

user: Of course, man, I’m always here for you. 1021

What’s going on? 1022

assistant: It’s just everything. Work is stressing 1023

me out. My relationship is falling apart, and I feel 1024

like I’m losing touch with my friends. I don’t know 1025

what to do. 1026

user: Well, let’s start with work then. What’s 1027

going on there? 1028

assistant: It’s just that... Everything is so de- 1029

manding and I can’t keep up. I’m constantly behind 1030

and it feels like I’m never gonna catch up. 1031

Example2: 1032

user: Hey, thanks for taking my motorcycle off 1033

my hands. I really appreciate it. 1034
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English

Uin

Wiki pedia is the primary

The English Wiki pedia is the<BOS>

A. Text continuation task

B. Speech Comprehension
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V0 V1 V99 <NULL> <NULL><NULL> <NULL><NULL>

Figure 5: Training input and output tokens design for different tasks at Stage 1.

assistant: No problem, man. It’s a nice bike. I’m1035

sure I’ll enjoy riding it.1036

user: I’m just glad to be rid of it, to be honest. It1037

was costing me a lot in repairs and maintenance.1038

assistant: Yeah, motorcycles can be pretty ex-1039

pensive to keep up. They’re also a lot of fun to ride.1040

So it’s worth it in my opinion.1041

user: I’m not so sure. I think I’d rather just...1042

take the bus from now on. It’s cheaper and less1043

hassle. 1044

assistant: That’s a valid point. But sometimes 1045

it’s nice to have the freedom that a motorcycle 1046

provides. You can go where you want, when you 1047

want. 1048

user: I guess that’s true, but it’s just not worth 1049

the expense for me anymore. 1050

Example3: user: Would you rather have the abil- 1051

ity to speak to the past or send messages to the 1052
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A. Audio-only Conversation
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B. Audio-Visual Conversation
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Figure 6: Training input and output tokens design for different tasks at Stage 2.

A. Audio-only Conversation for unified model
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B. Audio-Visual Conversation for unified model
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!

I am fine

V8 V9
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<Diag><BOS>

Figure 7: Training input and output tokens design for multi-tasks at Stage 2 for the unified model.
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future?1053

assistant: I would rather send messages to the1054

future.1055

user: Really? But we can kind of already do1056

that, don’t you think, with certain apps and maybe1057

hiding a letter in your house or something?1058

assistant: Well, to me, the progress, I like the1059

progress, what’s going on, and I can’t just wait to1060

see what else up there.1061

user: What kind of messages would you want to1062

send?1063

assistant: And messages are positive, always1064

positive.1065

Now respond to the user in this same natural1066

conversational style. Remember your instructions."1067

C.2 Instruction Tuning1068

We finetune LLAMA3-8B-INSTRUCT with a se-1069

quence length of 8192 on human conversational1070

datasets, including 22.2% InterAct dataset, 3.7%1071

Fisher dataset. We pre-processing the dialogue1072

dataset by applying the original instruction-tuning1073

template from Llama3-8B-Instruct. We use a low1074

learning rate of 1e−5 and finetuned it for only 30001075

steps on 32 A100 GPUs with a per-gpu batch size1076

of 1.1077

D Evaluation Prompting for Prometheus1078

We deploy PROMETHEUS-7B-V2.0 as our LLM1079

evaluator on the generated response. We randomly1080

shuffle the order of ground-truth and generated re-1081

sponse. The rubric description is as follow:1082

"Does Agent respond in a way that is generally1083

related to the user’s input and current conversa-1084

tion? Minor topic drift, informal language, brevity,1085

or slight ambiguity should not be penalized. Ig-1086

nore formatting, punctuation, and minor inconsis-1087

tencies."1088

E FTO Distribution1089

Fig. 8 visualizes the different FTO distributions for1090

different model configurations:1091

• A. Moshi: state of the art speech-only dialogue1092

model1093

• B. SE+Moshi: cascade of a speech enhancement1094

model (Demcus) and Moshi1095

• C. Semantic(A): our dual-model approach with1096

semantic tokens (DinoSR) and audio-only input1097

• D. Semantic(A+V): our dual-model approach1098

with semantic tokens (DinoSR) and audio-visual1099

input 1100

• E. Acoustic(A): our dual-model approach with 1101

acoustic tokens (DAC) and audio-only input 1102

• F. Acoustic(V): our dual-model approach with 1103

acoustic tokens (DAC) and visual-only input 1104

• G. Acoustic(A+V): our dual-model approach 1105

with acoustic tokens (DAC) and audio-visual in- 1106

put 1107

• G. Unified(A+V): our unified-model approach 1108

with acoustic tokens (DAC) and audio-visual input 1109

F N-MOS and H-MOS 1110

N-MOS scores for Naturalness are defined as fol- 1111

lows: 1112

• 1. Bad - Response is not normal English or does 1113

not make sense. 1114

• 2. Poor - Response is normal English but not 1115

coherent to the user’s input. 1116

• 3. Fair - Response is somewhat plausible and 1117

coherent 1118

• 4. Good - Response is plausible and coherent 1119

• 5. Excellent - Response is highly plausible and 1120

coherent 1121

M-MOS scores for Meaningfulness are defined 1122

as follows: 1123

• 1. Bad - essentially nothing in common with 1124

human-like conversation 1125

• 2. Poor - very little natural and human-like con- 1126

versation 1127

• 3. Fair - substantial differences from human-like 1128

and natural conversation 1129

• 4. Good - minor differences from human-like 1130

and natural conversation 1131

• 5. Excellent - basically indistinguishable from 1132

human-like and natural conversation 1133

G Samples distribution of real-human 1134

evaluation 1135

The properties of the samples used in human evalu- 1136

ation are shown in Table. 8. 1137

H User study participants 1138

The human evaluation study was performed under 1139

our institution’s IRB. All participants provided con- 1140

sent and were recruited from our institutions and 1141

nearby areas. Participants ranged from 18 to 40 1142

years old, with 35% identifying as female and the 1143
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Figure 8: Distribution of FTO of different model configurations. On the x-axis of each figure, the label "> 10" also
accounts for samples where the model does not respond at all.
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Sample Index Noise Scenario SNR(dB)

1 BG 9.0
2 BG 0.0
3 clean ∞
4 Interf 3.0
5 clean ∞
6 Interf -2.99
7 Interf 2.99
8 clean ∞
9 clean ∞
10 Interf -3.0
11 BG 3.0
12 BG 6.0
13 Interf -7.0
14 BG 3.0
15 BG 0.0

Table 8: Distribution of the samples used in human
evaluation.

AVSR WER(%) ↓ Clean BG Interf

16 channels 16.3 37.4 30.8
8 channels 19.2 36.6 40.1
4 channels 23.8 65.0 48.8

Response Ratio(%) ↑ Clean BG Interf

16 channels 74.5 78.3 78.8
8 channels 79.1 78.4 77.1
4 channels 73.8 78.6 72.5

Table 9: Ablation Study on the audio channel number.

rest as male. They are recruited from both technical1144

background and non-technical background.1145

I Example of AV-Dialog1146

We provide some samples of our AV-Dialog input1147

and output in Figure. 91148

J Ablation Study1149

J.1 Effect of audio channels1150

To evaluate the impact of audio compression qual-1151

ity, we experimented with varying the number of1152

audio token channels. Since our Residual Vector1153

Quantization (RVQ) audio tokenizer encodes in-1154

formation hierarchically (coarse-to-fine), we com-1155

pared the full 16 channels against reduced inputs of1156

8 and 4 channels. As shown in Table. 9, reducing1157

the input to 8 channels results in only a slight per-1158

formance drop. Another interesting observation is1159

that the AV understanding task is more vulnerable1160

to the audio channel drop, because AV understand-1161

ing task relies heavily on the fine-grained acoustic1162

details captured in the deeper RVQ levels, which1163

are lost when channels are aggressively pruned.1164

AVSR WER(%) ↓ Clean BG Interf

0% drop rate 16.3 37.4 30.8
5% drop rate 17.3 34.0 32.6
10% drop rate 18.4 35.8 33.5
25% drop rate 17.9 35.6 35.6

Table 10: Ablation Study on the visual frame drop.

Response ratio(%) ↑ Clean BG Interf

w explicit turn-taking 68.1 75.6 75.9
w/o explicit turn-change 48.0 35.1 38.0

LLM-evaluator pick-up ratio(%) ↑

w explicit turn-change 29.6 35.5 31.3
w/o explicit turn-change 29.0 22.1 18.2

Table 11: Ablation study on turn-taking supervision in
our Unified Model.

J.2 Effect of Visual Frame Drop 1165

We conducted additional experiments on video 1166

modality distortion (e.g., occlusions, back-facing, 1167

or extreme angles). In our pipeline, such distortions 1168

cause the face detection module to fail, resulting 1169

in dropped visual frames. We simulated this by 1170

randomly dropping video frames at different rates. 1171

The results in Table. 10 show that our model can be 1172

robust to the video frame dropped due to the severe 1173

distortion. 1174

J.3 Effect of Explicit Turn-taking Supervision 1175

We also evaluate the impact of explicit turn-taking 1176

supervision on the unified model. In Stage 2, we 1177

trained a version without the <SOT> token, forcing 1178

it to generate response tokens directly. Table 11 1179

shows that this supervision is crucial for both turn- 1180

taking prediction and response quality. 1181
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Figure 9: Data samples for our AV-dialog. Example 1 has interfering speakers while Example 2 has significant
background noise. Video and audio streams are input to AV-Dialog. GT transcript is the ground-truth transcription
of the target speaker. Audio-only ASR is the audio-only model output. AV-Dialog AVASR is the output of AVSR
stream from AV-Dialog. GT response is the ground-truth response and AV-Dialog response is the output of our
dialogue model.
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