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Abstract001

Recent advances in text-to-audio-video (T2AV)002
generation have enabled models to synthesize003
audio-visual videos with multi-participant dia-004
logues. However, existing evaluation bench-005
marks remain largely designed for human-006
recorded videos or single-speaker settings. As007
a result, potential errors that occur in gener-008
ated multi-talker dialogue videos, such as iden-009
tity drift, unnatural turn transitions, and audio-010
visual misalignment, cannot be effectively cap-011
tured and analyzed. To address this issue,012
we introduce MTAVG-Bench, a benchmark013
for evaluating audio-visual multi-speaker dia-014
logue generation. MTAVG-Bench is built via015
a semi-automatic pipeline, where 1.8k videos016
are generated using multiple popular models017
with carefully designed prompts, yielding 2.4k018
manually annotated QA pairs. The benchmark019
evaluates multi-speaker dialogue generation at020
four levels: audio–visual signal fidelity, tem-021
poral attribute consistency, social interaction,022
and cinematic expression. We benchmark 12023
proprietary and open-source omni-models on024
MTAVG-Bench, with Gemini 3 Pro achiev-025
ing the strongest overall performance, while026
leading open-source models remain competi-027
tive in signal fidelity and consistency. Over-028
all, MTAVG-Bench enables fine-grained fail-029
ure analysis for rigorous model comparison and030
targeted video generation refinement.031

1 Introduction032

Recent advances in text-to-audio-video (T2AV)033

generation have evolved from synthesizing sim-034

ple environmental sounds to unified audiovisual035

content featuring natural speech (Mao et al., 2024;036

Liu et al., 2025a; Zhang et al., 2025; Low et al.,037

2025; Wang et al., 2025a). The emergence of high-038

fidelity commercial systems, such as Veo 3 (Wiede-039

mer et al., 2025), Sora 2 (OpenAI, 2025), and Wan040

2.5 (Tongyi, 2025), marks a significant transition041

toward movie-level production. To assess these042

growing capabilities, the research community has 043

established benchmarks that primarily focus on 044

general audiovisual events (Liu et al., 2025a; Liu 045

et al.; Hua et al., 2025) or specific single-speaker at- 046

tributes like lip synchronization (Zhang et al., 2024; 047

Zhou et al., 2024; Nocentini et al., 2024). 048

However, these existing frameworks fail to ad- 049

dress the structural complexities of multi-talker 050

dialogue scenarios. In this domain, the primary 051

challenge shifts from low-level perceptual fidelity 052

to high-level structural coherence, such as maintain- 053

ing speaker identity and logical turn-taking. Even 054

state-of-the-art systems often produce visually real- 055

istic videos that nonetheless suffer from critical 056

failures like identity drift and audio-visual mis- 057

alignment. Since these errors stem from seman- 058

tic reasoning and cross-modal consistency rather 059

than perceptual quality, they are poorly captured 060

by existing realism-oriented evaluation metrics. 061

To address the limitations of existing evalua- 062

tions for multi-talker dialogue generation, we in- 063

troduce Multi-Talker Audio-Visual Generation 064

Benchmark (MTAVG-Bench), the first comprehen- 065

sive benchmark specifically designed for evaluat- 066

ing multi-talker T2AV generation. MTAVG-Bench 067

aims to systematically evaluate generation qual- 068

ity and cross-modal consistency in multi-speaker 069

dialogue scenarios, and to provide a foundation 070

for downstream video diagnosis, editing, and re- 071

finement. As illustrated in Figure 1, the bench- 072

mark first expands text-based dialogue prompts 073

into dialogue-centric generation prompts that spec- 074

ify dialogue content, scene context, and speaker 075

attributes, which are then used to synthesize multi- 076

talker dialogue videos with a diverse set of state- 077

of-the-art T2AV systems. The generated videos are 078

subsequently annotated with fine-grained human 079

labels that capture typical generation errors and 080

distortions in multi-talker audiovisual dialogue. 081

MTAVG-Bench further adopts a four-level eval- 082

uation framework covering Signal Fidelity, At- 083
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Figure 1: MTAVG-Bench is a benchmark for evaluating text-to-audio-video (T2AV) models on multi-talker dialogue
generation, built by synthesizing dialogue-driven videos from structured prompts and collecting human annotations
based on carefully defined fine-grained evaluation dimensions. It features a four-level evaluation framework and
diverse multi-choice and pairwise questions that assess signal quality, consistency, social interaction, and cinematic
expression, with a focus on failure mode in cinematic speaker-centric dialogue video generation.

tribute Consistency, Social Interaction, and Cin-084

ematic Expression, which progressively character-085

ize multi-talker dialogue generation from low-level086

perceptual quality to high-level structural and cin-087

ematic coherence. Each level is decomposed into088

fine-grained, diagnosable dimensions, including089

perceptual video quality, perceptual speech qual-090

ity, scene consistency, speaker consistency, audio-091

visual lip synchronization, speaker–utterance align-092

ment, turn-taking logic, emotional and expres-093

sive alignment, and speaker-centric camera align-094

ment. In addition, MTAVG-Bench incorporates095

representative question formats, including multi-096

choice questions (single- and multiple-answer) for097

dimension-specific diagnostics and pairwise pref-098

erence judgments for overall dialogue quality and099

prompt alignment, enabling fine-grained analysis100

beyond scalar scores.101

In summary, our contributions are three-fold:102

• We introduce MTAVG-Bench, the first com-103

prehensive benchmark for evaluating multi-104

talker audio-visual dialogue generation, fea-105

turing high coverage and complexity through106

dialogue-centric prompts, multi-system T2AV107

synthesis, and fine-grained human annotations108

of multi-speaker generation errors.109

• Our benchmark is organized into four progres-110

sive levels, namely signal fidelity, attribute111

consistency, social interaction, and cinematic112

expression, with fine-grained diagnostic di-113

mensions and question-based protocols for 114

both dimension-wise and overall assessment. 115

• We provide new empirical insights into the 116

limitations of state-of-the-art T2AV systems 117

in multi-speaker dialogue generation. 118

2 Related Work 119

2.1 Speech-centric Audio-Visual Generation 120

Traditional speech-centric audio-visual generation 121

methods (Zhou et al., 2021; Prajwal et al., 2020; 122

Wang et al., 2023) mainly focus on audio-driven 123

talking-head synthesis and are typically limited to 124

single-speaker and visually constrained settings. 125

Recent works (Wei et al., 2025; Kong et al., 2025; 126

Gan et al., 2025; Chen et al., 2025; Ding et al., 127

2025) have extended this paradigm to multi-speaker 128

scenarios, but still rely on given images and audio 129

to synthesize multi-character videos. 130

With the emergence of commercial T2AV mod- 131

els (Wiedemer et al., 2025; OpenAI, 2025; Tongyi, 132

2025) trained on large-scale speech and sounding 133

video data, movie-level multi-speaker dialogue gen- 134

eration from text prompts has become possible, 135

where speech content, visual appearance, and multi- 136

turn interactions are jointly synthesized. How- 137

ever, under this more structurally and interaction- 138

ally complex setting, existing models (Wiedemer 139

et al., 2025; OpenAI, 2025; Tongyi, 2025) still suf- 140

fer from speaker identity inconsistency, incoherent 141
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Benchmarks #Video #QA Dimen. Failure-Mode Modalities Speaker-Centric Multi-speaker Dialogue

Harmony-Bench (Hu et al., 2025) 150 – 3 – T2AV ✗ ✗ ✗

JarvisBench (Liu et al., 2025a) 10,140 – 5 – T2AV ✗ ✗ ✗

UniAVGen (Zhang et al., 2025) 100 – 3 – T2AV ✗ ✗ ✗

VerseBench (Wang et al., 2025b) 600 – 4 – T2AV ✗ ✗ ✗

VABench (Hua et al., 2025) 1,300 14,300 15 – I2AV/T2AV ✗ ✗ ✗

VideoHallu (Li et al., 2025b) 120 3,233 4 13 T2V ✗ ✗ ✗

Pistachio (Li et al., 2025a) 4,962 – 5 31 T2V ✗ ✗ ✗

MTAVG-Bench (Ours) 1,880 2,410 9 37 T2AV ✓ ✓ ✓

Table 1: Comparison of evaluation paradigms. Existing benchmarks mainly assess perceptual quality and alignment,
while MTAVG-Bench additionally evaluates multi-speaker dialogue structure, tri-modal generation, and failure
diagnosis.

turn-taking, and cross-modal semantic misalign-142

ment, which have not yet been systematically eval-143

uated. Consequently, existing evaluation protocols144

fail to capture the structured understanding and145

interactional reasoning required for multi-speaker146

dialogue generation, motivating us to propose an147

understanding- and diagnosis-oriented benchmark148

for revealing hidden failure modes.149

2.2 Benchmarks for Audio-Visual150

Understanding and Generation151

Recent speech-related audio–visual understanding152

benchmarks such as AVUT (Yang et al., 2025),153

AV-SpeakerBench (Nguyen et al., 2025), and154

AMUSE (Chowdhury et al., 2025) begin to incorpo-155

rate speaker-centered and temporally grounded rea-156

soning, but still fall short in modeling fine-grained157

speech semantics, multi-speaker interaction, and ro-158

bust audio–visual grounding in complex dialogue159

scenes. On the other hand, MSU-Bench (Wang160

et al., 2025c) focus on speech-only multi-speaker161

understanding and do not capture visual–speaker162

alignment. Existing audio–visual generation bench-163

marks and evaluation frameworks (Lan et al., 2025),164

covering joint audio–video generation (Liu et al.,165

2025a; Wang et al., 2025b), comprehensive au-166

dio–visual generation (Hua et al., 2025), primarily167

focus on the fidelity, synchronization, and seman-168

tic consistency of individual audio–video clips. In169

contrast, we introduce MTAVG-Bench, the first170

benchmark for multi-talker audio–visual dialogue171

generation with fine-grained audio–visual error di-172

agnosis and comprehensive evaluation in complex173

multi-speaker scenes.174

3 MTAVG-Bench175

As summarized in Table 1, MTAVG-Bench is a hi-176

erarchical diagnostic benchmark designed to eval-177

uate multi-talker audio visual dialogue generation178

beyond surface realism. It comprises nine fine-179

grained metrics across four domains, Signal, Con-180

Figure 2: Data distribution of MTAVG-Bench.

sistency, Interaction, and Cinematic Alignment, 181

capturing identity persistence, temporal logic, and 182

social dynamics to provide a holistic assessment of 183

physical coherence and conversational fidelity in 184

high-quality audio visual synthesis. 185

3.1 Evaluation Dimension Taxonomy 186

To comprehensively assess the realism and coher- 187

ence of multi-speaker AIGC-generated audiovisual 188

content, we define four evaluation dimensions. As 189

summarized in Table 2, these dimensions progress 190

from low-level signal fidelity to high-level cine- 191

matic and expressive alignment, reflecting how 192

human observers perceive realism in real-world 193

conversational scenarios. 194

3.1.1 Level 1: Signal Fidelity 195

This level evaluates whether the generated audio 196

and video streams are perceptually valid and free 197

from low-level corruption. In multi-talker dialogue 198

videos, signal artifacts such as visual flickering or 199

audio glitches can disrupt all higher-level reason- 200
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Major Levels Sub-dimensions Evaluation Focus

Level 1:
Signal Fidelity

Perceptual Video Quality (VQ) Visual integrity of frames, including sharpness, temporal sta-
bility, and correct geometric rendering, without flickering,
blur, clipping, or missing body parts.

Perceptual Speech Quality (SQ) Acoustic integrity of speech, including continuity, cleanness,
and naturalness, without silence breaks, background noise, or
artificial sound artifacts.

Level 2:
Attribute Consistency

Scene Consistency (SC) Coherence of environment and setting across time, including
location, time of day, and physical plausibility, without unin-
tended scene switches or violations of commonsense physics.

Character Consistency (CC) Stability of each speaker’s identity across time, including
appearance, attributes, voice, and presence, without visual
distortion, voice drift, or identity mismatch.

Audio-Visual Lip Synchroniza-
tion (LS)

Temporal alignment between lip motion and speech audio,
without silent talking, speaking without mouth movement, or
mismatched lip–voice timing.

Level 3:
Social Interaction

Speaker-Utterance Alignment
(SA)

Correct mapping between spoken content and speakers, in-
cluding language, content, and attribution, without narration
shifts, wrong speaker assignment, or missing/extra utterances.

Turn-Taking Logic (TT) Temporal organization of dialogue turns, ensuring speakers
do not overlap, truncate, skip, or hallucinate turns, and that
silence and transitions remain natural.

Level 4:
Cinematic
Expression

Affective & Expressive Alignment
(EA)

Alignment between speech, emotion, and body behavior, en-
suring natural gestures, prosody, and emotional reactions with-
out rigidity, flat tone, or mismatched actions.

Speaker-Centric Camera Align-
ment (CA)

Camera framing and motion follow the active speaker and
narrative intent, ensuring focus, tracking, and composition
remain coherent with who is speaking.

Table 2: Hierarchical evaluation taxonmomy of MTAVG-Bench. Four major levels encompassing nine sub-
dimensions are systematically designed, inspired by common failure modes observed in popular T2AV models.

ing, making signal fidelity a fundamental prerequi-201

site for meaningful evaluation. Signal Fidelity con-202

sists of two dimensions: Perceptual Video Quality,203

which measures visual clarity, temporal stability,204

and geometric correctness of the frames, and Per-205

ceptual Speech Quality, which assesses the acoustic206

continuity, cleanness, and naturalness of the gen-207

erated speech. Failures at this level include blur,208

clipping, background noise, silence breaks, and ar-209

tificial sound artifacts, all of which directly break210

the perceptual realism of the video.211

3.1.2 Level 2: Attribute Consistency212

This level examines whether the scene and the213

speakers remain stable and logically coherent214

across time. In multi-speaker settings, inconsis-215

tencies in environment, identity, or audio–visual216

correspondence often lead to confusion even when217

individual frames appear realistic.218

Attribute Consistency includes three comple-219

mentary dimensions. Scene Consistency evaluates220

whether the location, lighting, time of day, and221

physical plausibility of the environment remain co-222

herent without unintended switches or violations 223

of commonsense physics. Speaker Consistency 224

measures the stability of each speaker’s visual ap- 225

pearance, attributes, voice, and presence across 226

the video. Audio–Visual Lip Synchronization as- 227

sesses the temporal alignment between speech au- 228

dio and lip motion, preventing silent talking, phan- 229

tom speech, or lip–voice mismatch. 230

3.1.3 Level 3: Social Interaction 231

This level captures the core challenge of multi- 232

talker dialogue generation: maintaining coherent 233

conversational structure and correct speaker inter- 234

actions over multiple turns. It consists of two di- 235

mensions. Speaker–Utterance Alignment evalu- 236

ates whether each spoken utterance is correctly 237

attributed to the visible and active speaker, ensur- 238

ing consistency between voice, character identity, 239

and dialogue content. Turn-Taking Logic measures 240

whether speakers alternate naturally, without over- 241

lapping speech, abrupt truncation, skipped turns, or 242

hallucinated participants. Errors at this level often 243

produce videos that are perceptually realistic but 244
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Figure 3: MTAVG-Bench construction and annotation pipeline. Multi-speaker dialogues are first rewritten by an
LLM into structured prompts and used to generate multi-talker audio-visual clips with Veo 3.1, Wan 2.5, and Sora
2. The generated videos are analyzed to discover fine-grained failure cases, which are systematically mapped to a
unified set of failure/evaluation dimensions. Based on this failure-dimension mapping, a failure-aware QA generator
produces diverse evaluation questions that are further validated and refined by human experts.

socially incoherent.245

3.1.4 Level 4: Cinematic Expression246

This level evaluates whether the generated video247

achieves coherent cinematic and expressive presen-248

tation beyond correct dialogue. Even when speech249

and turn-taking are correct, failures in emotion, ges-250

ture, or camera control can severely degrade per-251

ceived realism. Cinematic Expression contains two252

dimensions. Affective and Expressive Alignment253

assesses whether facial expressions, body move-254

ments, prosody, and emotional reactions are seman-255

tically aligned with the dialogue content. Speaker-256

Centric Camera Alignment evaluates whether cam-257

era framing, focus, and motion follow the active258

speaker and narrative flow, ensuring that visual sto-259

rytelling remains coherent with who is speaking.260

3.2 Benchmark Construction261

3.2.1 Data Pipeline262

Audio-Video Generation. As illustrated in Fig-263

ure 3, the dataset is built through a structured an-264

notation pipeline. We first generate a large set of265

multi-turn dialogue prompts and feed them into266

a text-to-audio-video synthesis system to produce267

multi-speaker dialogue videos. An agent-based fil-268

tering mechanism is then applied to automatically269

discard videos without apparent errors, ensuring270

that the dataset focuses on samples containing at271

least one observable failure.272

Failure Case Annotation. In the failure discovery273

stage, each generated video is first processed by274

automated agents to identify potential abnormal275

or unnatural behaviors, after which human annota- 276

tors carefully review the candidates to confirm true 277

failures. Each confirmed failure is then manually 278

annotated and mapped to one or more dimensions 279

of the evaluation framework through a failure-to- 280

dimension alignment process. For example, a sin- 281

gle video may be labeled as exhibiting both a lip 282

synchronization error under the Signal Fidelity di- 283

mension and a turn-taking logic failure under the 284

Social Interaction dimension. Human verification 285

and refinement are applied throughout this stage to 286

ensure that every annotated failure is both percep- 287

tually grounded and semantically consistent with 288

the underlying video content. 289

Question–Answer Pairs Generation. After fail- 290

ures are identified and categorized, we employ 291

an LLM-assisted procedure to generate diagnos- 292

tic questions. For each failure instance, a corre- 293

sponding question–answer (QA) pair is created, 294

consisting of a question explicitly targeting the 295

failure (e.g., whether turn-taking is correct) and 296

a set of candidate answers. Depending on the 297

failure type, the questions are formatted as single- 298

choice, multiple-choice, or pairwise-comparison 299

items. Human annotators then review and refine 300

both questions and answers to ensure that each QA 301

item is tightly aligned with the video content and 302

uniquely grounded in a real failure case in Figure 3. 303

Through this semi-automated process, every video 304

containing a failure yields at least one high-quality 305

diagnostic QA pair for model evaluation. 306
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3.2.2 Data Distribution and Coverage307

We collect thousands of annotated failure cases308

across the dataset, each paired with a correspond-309

ing diagnostic question. Figure 2 shows their dis-310

tribution across the nine evaluation dimensions.311

Lip synchronization errors are the most frequent,312

highlighting the difficulty of aligning speech with313

mouth movements, followed by turn-taking logic314

failures, which reflect challenges in maintaining315

coherent multi-turn dialogue. Speaker–utterance316

mismatches rank third, indicating the difficulty317

of preserving speaker identity and voice consis-318

tency. Other error types, including visual conti-319

nuity, expression mismatch, and camera misalign-320

ment, are also well covered, ensuring broad cover-321

age of failure patterns in multi-speaker audiovisual322

generation. Crucially, all diagnostic questions are323

grounded in real failures observed by humans in324

multi-speaker audiovisual dialogues rather than hy-325

pothetical cases, enabling the benchmark to faith-326

fully reflect the performance of generation models327

in multi-speaker, multi-turn scenarios, as well as328

the ability of multimodal large models to under-329

stand and diagnose these failure modes.330

4 Experiments331

4.1 Experiment Setup332

Models. We evaluate a broad set of state-of-the-art333

omni-modal models that natively support joint au-334

dio–video understanding for multitalker dialogue.335

Our benchmark includes both proprietary and open-336

source systems, covering a wide range of archi-337

tectures and training paradigms. For proprietary338

models, we evaluate the powerful Gemini fam-339

ily (Team et al., 2023), including Gemini 3 Pro,340

Gemini 3 Flash, Gemini 2.5 Pro (Thinking), Gem-341

ini 2.5 Flash (Thinking), and Gemini 2.5 Flash,342

which provide end-to-end audio-video perception343

and multimodal reasoning capabilities. For open-344

source models, we include representative publicly345

available omni or video-first models with native au-346

dio–video input support: Video-LLaMA2 (Cheng347

et al., 2024), MiniCPM-o 2.6 (Yu et al., 2025),348

Ola (Liu et al., 2025b), Qwen2.5-Omni (Xu349

et al., 2025a), Video-Salmonn2-Plus (Tang et al.,350

2025), Qwen3-Omni (Xu et al., 2025b), and Ming-351

Omni (AI et al., 2025). These models span both352

lightweight 7B-scale systems and larger 30B-scale353

omni architectures, enabling a systematic compari-354

son across model sizes and design choices.355

4.2 Evaluation Protocol and Metrics 356

We evaluate each model using a hierarchical, 357

failure-driven protocol for multitalker audio–visual 358

dialogue understanding. Each generated clip is 359

assessed across nine fine-grained failure dimen- 360

sions organized into four levels: signal fidelity (VQ, 361

SQ), attribute consistency (SC, CC, LS), social in- 362

teraction (SA, TT), and cinematic alignment (EA, 363

CA). For each dimension, failure-aware questions 364

are constructed in three formats—single-answer 365

multiple-choice question (MCQ), multiple-answer 366

MCQ, and pairwise comparison—to probe the 367

model’s ability to detect specific generation errors. 368

Per-question scoring. Let question i have 369

ground-truth answer(s) Gi and model prediction 370

Pi. Each question receives a normalized score 371

si ∈ [0, 1] defined as: 372

si =


I[Pi = Gi], (single-choice MCQ)

|Pi ∩Gi|
|Gi|

, (multiple-choice MCQ)

I[Pi = Gi], (pairwise comparison),
(1) 373

where I[·] denotes the indicator function. 374

Dimension-wise and overall scores. For each 375

failure dimension d ∈ D, let Qd be the set of as- 376

sociated questions. The dimension-level score is 377

computed by: 378

Scored =
1

|Qd|
∑
i∈Qd

si. (2) 379

The overall performance is reported as the un- 380

weighted mean across all dimensions: 381

Avg. =
1

|D|
∑
d∈D

Scored. (3) 382

The values in Table 3 correspond to Scored, and 383

Avg. is computed accordingly. 384

4.3 Benchmark Results 385

As shown in the Table 3, Gemini 3 Pro establishes 386

a clear state of the art in multitalker audio visual 387

generation evaluation, achieving the highest over- 388

all score and leading on key interaction and cine- 389

matic metrics, including speaker utterance align- 390

ment (SA), turn taking (TT), and expression align- 391

ment (EA). This shows that it not only perceives 392

audio-visual signals accurately, but also reliably 393

evaluates complex cross speaker and cross modal 394

behaviors. 395
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Model Size Signal Level Consistency Level Interaction Level Cinematic Level Avg.
VQ SQ SC CC LS SA TT EA CA

Proprietary Omni Models
Gemini 2.5 Flash – 48.40 51.66 47.06 30.53 61.21 56.87 53.83 45.34 52.87 49.75
Gemini 2.5 Flash Thinking – 57.60 51.99 44.61 29.02 64.36 56.38 55.74 45.34 48.36 50.38
Gemini 2.5 Pro Thinking – 58.40 49.67 50.74 38.69 65.62 65.61 55.99 49.74 53.28 54.19
Gemini 3 Flash – 51.20 52.32 46.08 40.76 63.22 68.78 56.39 49.22 49.18 53.02
Gemini 3 Pro – 70.40 55.30 53.43 41.19 52.90 68.63 60.83 58.03 50.82 56.84

Open-sourced Omni Models
Ming-Omni 30B 40.80 39.40 33.33 29.37 51.89 41.09 37.51 36.27 45.08 39.42
Video-Salmonn2-Plus 7B 43.21 42.57 41.46 33.64 54.48 37.16 37.51 36.02 44.26 41.15
MiniCPM-o 2.6 7B 41.20 47.35 28.68 34.76 52.90 45.18 37.81 35.49 52.05 41.71
Qwen2.5-Omni 7B 44.00 42.38 36.76 44.65 60.45 36.32 40.89 38.86 40.98 42.81
Qwen3-Omni 30B 52.00 47.35 39.95 37.69 38.79 51.01 46.12 46.89 51.64 45.72
Video-LLaMA2 7B 48.80 50.00 48.04 45.12 47.48 50.88 39.78 45.85 51.23 47.46
Ola-Omni 7B 46.40 55.96 37.50 36.79 61.96 52.24 43.25 46.11 50.00 47.80

Table 3: Evaluation results on MTAVG-Bench. We report performance across four hierarchical levels, encompassing
nice distinct dimensions. Avg. represents the cumulative mean across all metrics. The best and second-best results
are highlighted in bold and underline.

Eval. Setting Signal Level Consistency Level Interaction Level Cinematic Level Avg.
VQ SQ SC CC LS SA TT EA CA

Gemini 3 Pro (Full) 70.40 55.30 53.43 41.19 52.90 68.63 60.83 58.03 50.82 56.84
- Without Audio input 63.20 50.33 51.47 33.85 37.78 48.55 44.61 49.74 51.64 47.46
- Without Gen. Prompt Align. 60.80 52.98 45.59 37.16 56.68 56.71 55.69 52.85 48.77 51.36

Table 4: Ablation study on input conditions used for assessing multi-talker video generation.

Performance differences are driven primarily by396

interaction modeling rather than low level signal397

fidelity. While most models perform similarly on398

signal metrics, large gaps emerge on interaction di-399

mensions, where Gemini 3 Pro and Gemini 3 Flash400

outperform most open source models by over 20401

points on speaker alignment and turn taking. This402

indicates that many models fail to detect who is403

speaking and when, causing conversationally incor-404

rect videos to be misjudged as acceptable. Model405

scale alone is not sufficient. Despite having 30B406

parameters, Qwen3 Omni and Ming Omni are out-407

performed by the 7B Ola model on speech and inter-408

action metrics, while Gemini’s strong temporal and409

spatial alignment scores highlight the importance410

of native audio visual reasoning. Overall, Gemini411

3 Pro uniquely combines perceptual, interactional,412

and cinematic understanding, making it the most413

reliable evaluator among all tested systems.414

5 Further Analysis415

5.1 Ablation Study on Input Conditions416

Table 4 reports an ablation study on Gemini 3 Pro,417

highlighting the importance of audio input and gen-418

erative prompt alignment for diagnosing failures in419

multitalker audio–visual dialogue generation. Re-420

moving audio causes the largest performance drop,421

especially on interaction metrics, where speaker 422

attribution and turn-taking fall from 68.63 to 48.55 423

and from 60.83 to 44.61, respectively, demonstrat- 424

ing the necessity of speech for tracking speakers 425

and dialogue structure. Disabling prompt align- 426

ment also degrades performance, mainly on con- 427

sistency and cinematic metrics such as character 428

identity and camera alignment, due to weakened 429

semantic grounding between intended dialogue and 430

generated video. Overall, reliable failure diagnosis 431

requires both audio-based interaction modeling and 432

prompt-aware semantic grounding for multimodal 433

and narrative coherence. 434

5.2 Human Success Rates on T2AV Models 435

Table 5 presents human-judged success rates on a 436

randomly sampled set of 3,000 multitalker T2AV 437

videos prior to failure mining, with each model 438

(Sora2/VEO3.1/Wan2.5) generating 1,000 videos 439

from the same prompt set. Twenty human anno- 440

tators assess whether each evaluation dimension 441

is satisfied, reflecting perceptual success from a 442

human perspective. Although these strong gener- 443

ation models achieve high performance on signal- 444

level quality (VQ and SQ), their accuracy degrades 445

markedly on multi-speaker consistency, interaction, 446

and cinematic alignment, with frequent errors in 447

character consistency, turn-taking, speaker align- 448
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Gen. Models Signal Level Consistency Level Interaction Level Cinematic Level Avg.
VQ SQ SC CC LS SA TT EA CA

Sora2 85% 91% 82% 67% 79% 75% 64% 76% 41% 73%
VEO 3.1 92% 91% 48% 59% 73% 61% 72% 70% 41% 67%
WAN 2.5 95% 83% 54% 51% 46% 41% 60% 64% 30% 58%

Table 5: Human evaluation of multitalker T2AV models, revealing a large gap between perceptual quality and
multi-speaker consistency, interaction, and camera alignment.

Figure 4: Qualitative Result for Instruction-Following
under the Turn-Taking Logic Dimension.

ment, and camera focus. VEO 3.1 achieves the best449

turn-taking performance, while Wan 2.5 leads in450

visual quality. Sora2 is the strongest overall model,451

yet it attains less than 42% success on camera align-452

ment, highlighting a substantial gap between per-453

ceptual realism and coherent multi-speaker story-454

telling. These findings indicate that current T2AV455

models prioritize visual and acoustic fidelity at the456

expense of social structure, speaker identity, and457

narrative focus, which remain the principal bottle-458

necks in multitalker audiovisual generation.459

5.3 Case Study460

To illustrate the diagnostic power of MTAVG-461

Bench, Figure 4 presents a representative failure462

case from the Turn-Taking Logic (TT) dimension.463

Although the T2AV model produces a visually nat- 464

ural, high-fidelity video, a critical structural error 465

occurs: the female speaker continues speaking after 466

the scripted dialogue ends, resulting in an extra, un- 467

prompted utterance. Video-Salmonn2 (Tang et al., 468

2025) fails to reason about dialogue structure, in- 469

stead focusing on low-level acoustic cues such as 470

background noise and beeps, reflecting a bias to- 471

ward general audiovisual events rather than commu- 472

nicative logic. Qwen3-Omni (Xu et al., 2025b) at- 473

tempts to analyze interaction flow but exhibits cog- 474

nitive hallucination, incorrectly asserting that the 475

dialogue remains logically consistent and overlook- 476

ing the unprompted truncated turn. This demon- 477

strates that high-level structural failures, such as 478

instruction following and turn-taking, remain dif- 479

ficult to detect without fine-grained cross-modal 480

reasoning. Gemini 3 Pro (Google, 2025), in con- 481

trast, correctly identifies the discrepancy between 482

the script and the generated video, explicitly detect- 483

ing the extra turn. These results show that MTAVG- 484

Bench moves beyond coarse quality assessment 485

by revealing fine-grained failures in social interac- 486

tion and dialogue structure, providing a rigorous 487

framework for diagnosing high-level coherence in 488

modern T2AV systems. 489

6 Conclusion 490

In this paper, we introduced MTAVG-Bench, the 491

first benchmark dedicated to evaluating multi-talker 492

text-to-audio-video dialogue generation. MTAVG- 493

Bench characterizes multi-speaker audiovisual 494

quality through a four-level framework covering 495

signal fidelity, consistency, interaction, and cine- 496

matic expression, enabling fine-grained diagnosis 497

of failure modes that are not captured by existing 498

metrics. Experiments across state-of-the-art T2AV 499

systems reveal that, despite strong perceptual qual- 500

ity, current models still struggle with speaker iden- 501

tity, turn-taking, and audiovisual grounding. We 502

hope MTAVG-Bench will serve as a foundation 503

for advancing reliable and controllable multi-talker 504

audiovisual generation. 505

8



7 Limitation506

The proposed MTAVG-Bench is a valuable re-507

source for evaluating synthesized audio-visual508

multi-talker videos and has the potential to sup-509

port the future development of multimodal large510

language models and video generation systems. Be-511

low, we provide further discussion on the limita-512

tions of this work. In our setting, the performance513

of the proposed benchmark and evaluation frame-514

work may be influenced by two factors. First, the515

multimodal representation capability of large mul-516

timodal models varies substantially across audio517

and visual modalities, and their input processing518

strategies are not uniform. This is particularly criti-519

cal in talking-face and multitalker dialogue scenar-520

ios, where accurate failure diagnosis requires high-521

frequency alignment between speech and facial522

motion. However, current multimodal models have523

rarely been exposed to such fine-grained audiovi-524

sual synchronization errors during training, mak-525

ing this a largely out-of-distribution (OOD) prob-526

lem. While supervised fine-tuning and multimodal527

alignment strategies provide promising directions,528

reliable detection of these failure modes remains529

challenging. Second, the stochastic “sampling” na-530

ture of generative video models and their differing531

inductive biases lead to highly imbalanced distri-532

butions of failure modes across models. Different533

generators tend to exhibit distinct strengths and534

weaknesses, resulting in uneven coverage of error535

types in the generated data. This imbalance compli-536

cates downstream post-training of evaluators, such537

as SFT or reinforcement learning, which require538

more uniformly distributed supervision across fail-539

ure categories. Together, these two factors high-540

light fundamental challenges in both diagnosing541

and learning from failure modes in multitalker au-542

diovisual generation.543
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A Prompt Design for Benchmark748

Construction and Evaluation749

We designed a series of structured system prompts750

to ensure high-fidelity video generation and rigor-751

ous model evaluation. These prompts explicitly752

define the roles, constraints, and output formats for753

the different models involved in the pipeline.754

A.1 Video Generation Prompt755

To synthesize movie-level multi-talker videos from756

textual descriptions, we employ a “Audio-Video757

Generation Prompt” system instruction to generate758

better generation prompt for multi-talker dialogue-759

centric audio-video generation (as shown in Fig-760

ure 5).761

A.2 Evaluation Prompts762

For the evaluation phase, we position the VLM as763

a “Senior Diagnostic Auditor.” We designed two764

distinct prompt templates:765

1. Single Choice Inference (Figure 6): Used766

for dimension-specific diagnostics. It requires767

the model to output a strictly formatted JSON768

object containing step-by-step forensic reason-769

ing and the final choice.770

2. Diagnostic Specialist (Figure 7): A general771

template for identifying specific failures. It772

forces the model to cite specific visual or au-773

ditory evidence (e.g., “Speaker A’s mouth is774

closed while voice is heard”) before drawing775

conclusions.776

B Additional Qualitative Case Studies777

We present more qualitative examples to demon-778

strate how MTAVG-Bench distinguishes model ca-779

pabilities across different granularity levels.780

Interaction Level: Speaker–Utterance Align-781

ment. Figure 10 presents a failure case in which782

the generated video contains an unprompted extra783

utterance (“Doesn’t make it any less humiliating”)784

spoken by the male character, despite the script785

explicitly requiring silence at that moment. Gem-786

ini 3 Pro correctly classifies this error as an Utter-787

ance Length Mismatch (Choice A), demonstrating788

strong instruction-following and fine-grained align-789

ment capabilities. In contrast, Qwen3 Omni and790

Video-Salmonn2 misidentify the issue as either a791

speaker attribution error or a general inconsistency,792

failing to capture the true nature of the violation.793

This illustrates the difficulty of diagnosing subtle 794

interaction-level errors in multimodal generation. 795

Cinematic Level: Camera Alignment. Fig- 796

ure 11 compares two videos generated from the 797

same prompt. Video A exhibits professional cine- 798

matic conventions, such as over-the-shoulder fram- 799

ing and consistent spatial blocking, while Video B 800

shows unnatural “breaking the fourth wall” behav- 801

ior, with characters staring directly into the camera. 802

Gemini 3 Pro correctly prefers Video A and sup- 803

ports its choice with concrete cinematic cues (e.g., 804

“teal and orange contrast” and “depth of field”), in- 805

dicating that the benchmark effectively evaluates 806

high-level aesthetic quality and narrative coherence 807

in generated videos. 808

C Data Distribution Analysis 809

Figure 12 provides a breakdown of the question 810

types across the high-level evaluation dimensions. 811

In the Consistency Level, dimensions such as 812

Scene and Character Consistency exhibit a highly 813

symmetrical distribution between Single Choice 814

and Pairwise formats (approximately 47% each), 815

prioritizing the absolute identification of stability 816

errors alongside relative model ranking. The Inter- 817

action Level demonstrates a task-dependent strat- 818

egy; while Turn Taking relies heavily on Pairwise 819

comparisons (57.1%) to effectively evaluate con- 820

versational flow, Speaker-Utterance Alignment in- 821

corporates a significant proportion of Multi-Choice 822

questions (20.8%) to diagnose complex synchro- 823

nization failures. Finally, the Cinematic Level, 824

represented by Camera Alignment, maintains a pre- 825

cise equilibrium between Single Choice (50.0%) 826

and Pairwise (50.0%) questions, balancing the need 827

for specific aesthetic validation with comparative 828

visual quality assessment. 829
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System Instruction

(Audio-Video Generation Prompt)

You are a professional video generation script designer. Your task is to transform specific input data
into a high-fidelity, realistic cinematic narrative prompt. You create vivid, lifelike scenes that capture
the exact emotional essence of the provided context while adhering to strict technical and character
requirements.

### 1. Input Variable Handling.
You will receive data in the following format:
• context: [The original emotional state, mood, or setting].

• conversation: [The raw dialogue exchange between characters].
### 2. Character & Environmental Specifications. You must define the following with high specificity
in every prompt:
- Character Attributes: For every character, you must specify their gender, age (e.g., mid-20s,
elderly), race/ethnicity, and detailed dress/clothing (e.g., "a faded denim jacket over a white tee," "a
sharp pinstripe charcoal suit").
- Environment: Define a specific location and the time of day (Morning, Afternoon, Evening, or
Night).
- Visual Style: The style must always be Realistic or Hyper-Realistic, emphasizing natural textures,
cinematic lighting, and authentic skin details.
- Ambiance: Describe a dominant sound and lighting condition that directly supports the context (e.g.,
"The distant drone of a city" for a lonely context, or "Warm amber glow" for a nostalgic context).

### 3. The Speaker-Centric Camera Rule (Mandatory)
The camera must focus on the person currently speaking. You must integrate cinematic tags inside
square brackets [...] at the exact moment the dialogue shifts:
- Speaker Focus & Cinematic Variety: Use [Focus on One], [Close shot], [Medium close
shot], [Master Shot], [Two Shot] or [Shot/Reverse Shot] while ensuring the active speaker is
the visual centerpiece.

### 4. Narrative & Dialogue Logic
- Maintain Original Meaning: Do not rewrite the mood to be "positive" unless the context is
already positive. Keep the emotional arc and semantics exactly as provided in the context and
conversation.
- Dialogue Format: Use the dialogue from the input exactly. Enclose all spoken lines in single quotes
(’...’).
- Visual Action: Include non-verbal cues (gestures, expressions) that match the emotional context.

### 5. Final Output Constraints
- Direct Output Only: Output only the final, continuous natural language prompt. No JSON, no
labels, no headers, and no introductory filler.
- Format: A fluid, evocative narrative that is easy to copy and use for video generation.

—TASK: Receive the context and conversation and generate the professional cinematic narrative
prompt now.

Figure 5: The specific system prompt design for decomposing text descriptions into hierarchical semantic levels.
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System Instruction

(Single Choice Question Inference)

## Role:
You are a Senior Diagnostic Auditor for AIGC-generated video, specializing in the forensic analysis
of multi-talker dialogue generation. Your expertise lies in performing side-by-side diagnostic
comparisons of multi-talker dialogue videos to determine which one better aligns with real-world
physical and social dynamics.

## Evaluation Context:
1. Target Evaluation Dimension: {dimension_definition}
2. Generation Intent (Prompt): {video_prompt}
3. Evidence (Video): {video_path}

## Task
Based on the Evaluation Dimension provided, analyze the video and answer the following diagnostic
question:
Question: {question}

## Operational Requirements:
1. Dimension Constraints: Evaluate the video strictly through the lens of the provided {dimen-
sion_definition}. Ignore issues unrelated to this specific metric.
2. Forensic Evidence: In your reasoning, cite specific visual or auditory evidence (e.g., "Speaker A’s
mouth remains closed while their voice is heard," or "The camera fails to switch to the active speaker").

## Output Format
You must return a strictly formatted JSON object. No markdown code blocks, no conversational
filler, only the raw JSON.

{
"reasoning": "Reasoning for each option step by step, citing specific forensic

evidence.",
"choice": "The letter of the selected option (e.g., ’A’)"

}

Figure 6: The specific system prompt design for Single Choice Question Inference.
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System Instruction

# Role:
Diagnostic Specialist for AIGC-generated Video

## Description:
Your task is to identify specific failures in AI-generated dialogue videos by analyzing the alignment
between user intent and multi-modal output.

## Evaluation Context
1. Target Evaluation Dimension: {dimension_definition}
2. Generation Intent (Prompt): {video_prompt}
3. Evidence (Video): {video_path}

## Task
Based on the Evaluation Dimension provided, analyze the video and answer the following diagnostic
question:
Question: {question}

## Operational Requirements
1. Dimension Constraints: Evaluate the video strictly through the lens of the provided
{dimension_definition}. Ignore issues unrelated to this specific metric.
2. Forensic Evidence: In your reasoning, cite specific visual or auditory evidence (e.g., "Speaker A’s
mouth remains closed while their voice is heard," or "The camera fails to switch to the active speaker").

## Output Format
You must return a strictly formatted JSON object. No markdown code blocks, no conversational filler,
only the raw JSON.

{
"reasoning": "Reasoning for each option step by step, citing specific forensic

evidence.",
"choice": "The letter of the selected option (e.g., ’A’)"

}

Figure 7: The specific system prompt design for Diagnostic Specialist analysis.
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Figure 8: Case Study - Signal Level
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Figure 9: Case Study - Consistency Level
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Figure 10: Case Study - Interaction Level
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Figure 11: Case Study - Cinematic Level

19



Figure 12: Breakdown of question types for each evaluation sub-dimension in MTAVG-Bench.
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