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Abstract

Text-to-Audio-Video (T2AV) generation aims to synthesize001
temporally coherent video and semantically synchronized002
audio from natural language. However, its evaluation re-003
mains fragmented, often relying on unimodal metrics or004
narrow benchmarks that fail to capture cross-modal align-005
ment, instruction following, and perceptual realism. To ad-006
dress this limitation, we present T2AV-Compass, a unified007
benchmark for comprehensive evaluation of T2AV systems.008
It consists of 500 diverse, complex prompts constructed via009
a taxonomy-driven pipeline to ensure semantic richness and010
physical plausibility. T2AV-Compass further introduces a011
dual-level evaluation framework that combines objective012
signal-level metrics with a subjective, MLLM-based proto-013
col for instruction following and realism assessment. Ex-014
tensive evaluation of 15 representative T2AV systems shows015
that even the strongest models still fall substantially short of016
human-level cross-modal consistency, with persistent fail-017
ures in audio realism and fine-grained synchronization.018
These results position T2AV-Compass as a challenging di-019
agnostic testbed for advancing multimodal generation.020

1. Introduction021

Generative AI has witnessed a paradigm shift from uni-022
modal synthesis to cohesive multimodal content creation [8,023
11, 30, 31, 36], with Text-to-Audio-Video (T2AV) genera-024
tion emerging as a frontier that unifies visual dynamics and025
auditory realism. While breakthroughs from proprietary026
systems like Sora [24] and Veo [6] to open efforts [17, 27,027
41] demonstrate high-fidelity generation, T2AV evaluation028
remains fundamentally underdeveloped.029

Existing benchmarks largely evolve from unimodal030
settings, prioritizing either isolated visual quality (e.g.,031
VBench [12], EvalCrafter [20]) or audio fidelity (e.g., Au-032
dioCaps [14], AudioLDM-Eval [18]). Emerging joint eval-033
uations often face critical trade-offs, including limited cov-034
erage of fine-grained coupling, insufficient handling of035

compositional prompts, and a lack of interpretable diag- 036
nostic signals. Consequently, current evaluations struggle 037
to answer core questions: Do generated sounds precisely 038
correspond to complex visual events? Do models faith- 039
fully follow detailed instructions while maintaining phys- 040
ical plausibility? High-quality T2AV generation requires 041
simultaneous success in perceptual quality, cross-modal 042
alignment, instruction following under compositional con- 043
straints, and commonsense realism, making evaluation sub- 044
stantially more challenging than in unimodal settings. 045

To address this gap, we introduce T2AV-Compass (Fig- 046
ure 1), the first comprehensive benchmark designed specif- 047
ically for T2AV generation. Our contributions are three- 048
fold. (1) Taxonomy-Driven High-Complexity Bench- 049
mark: We curate 500 dense prompts via a hybrid pipeline 050
of taxonomy-based design and real-world video inversion, 051
targeting frequently overlooked fine-grained constraints 052
such as off-screen sound and physical causality. (2) Uni- 053
fied Dual-Level Evaluation Framework: We integrate ob- 054
jective signal metrics (for video/audio quality and cross- 055
modal alignment) with a checklist-based MLLM-as-a-Judge 056
protocol (for instruction following and realism), enabling 057
more interpretable and diagnostic evaluation. (3) Exten- 058
sive Benchmarking and Empirical Insights: We system- 059
atically evaluate 15 representative T2AV systems. Our anal- 060
ysis reveals a clear “Audio Realism Bottleneck”: current 061
models still struggle to synthesize physically grounded au- 062
dio textures that match their visual fidelity. 063

2. Data Curation and Evaluation 064

2.1. Data Construction 065

To ensure the diversity and complexity of our benchmark, 066
we employ a three-stage construction pipeline comprising 067
taxonomy-based prompt design, multi-source data collec- 068
tion, and real-world video inversion (Figure 2). 069

Data Collection. To establish broad semantic coverage, 070
we aggregate prompts from diverse high-quality sources, in- 071
cluding VidProM, the Kling AI community, LMArena, and 072
Shot2Story [10, 15, 21, 37]. To mitigate long-tail imbal- 073
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(b) Distribution of prompt token length.
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Figure 1. Overview of T2AV-Compass analysis and evaluation taxonomy. (a) Radial comparison of representative T2AV models under
our evaluation suite. (b) Prompt token-length distribution. (c–d) Semantic diversity of video/audio prompts quantified via embedding
similarity (higher indicates broader coverage). (e) Hierarchical distribution of evaluation dimensions, clearly organizing objective metrics
and MLLM-based assessments across video, audio, and cross-modal alignment.
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Figure 2. Data construction and evaluation generation. The
prompt suite blends curated prompts (refined by LLMs) with a
video-inversion stream. Finalized prompts are converted into dual-
track checklists for instruction alignment and realism.

ance, we encode prompts via Sentence-BERT [26], perform074
deduplication with a 0.8 cosine similarity threshold, and ap-075
ply square-root sampling to preserve semantic distinctive-076
ness while preventing the dominance of frequent topics.077

Prompt Refinement. Since raw prompts often lack suf-078
ficient descriptive density for state-of-the-art models [6, 15,079
24, 35], we employ Gemini-2.5-Pro to restructure and en-080
rich them with explicit visual, dynamic, acoustic, and cine-081
matographic constraints. A subsequent manual audit filters082
out static or illogical scenes, yielding a curated subset of083
400 high-complexity prompts.084

Real-world Video Inversion. To counterbalance po-085
tential LLM hallucinations and ensure physical plausibil-086
ity [3, 7], we introduce a Video-to-Text inversion stream.087
We select 100 diverse, high-quality YouTube clips (4–10s)088
and use Gemini-2.5-Pro to generate temporally aligned cap-089

(a) Distribution statistics across five annotation dimensions in T2AV-Compass.

Camera MotionPrimary Subject Event Scenario Sound CategoryContent Genre

(b) Distribution of Audiovisual Complexity Factors.

Figure 3. Dataset statistics of T2AV-Compass. (a) Category dis-
tributions across five key annotation dimensions. (b) Distributions
of audiovisual complexity factors, including Visual Subject Count,
Event Temporal Structure, Audio Spatial Composition, and Audio
Temporal Composition.

tions. Discrepancies between generated prompts and source 090
content are resolved via human-in-the-loop verification, 091
yielding 100 prompts anchored in real-world dynamics. 092

2.2. Dual-Level Evaluation Framework 093

To systematically evaluate T2AV models, we propose a 094
dual-level framework, combining objective metrics with a 095
reasoning-first MLLM-as-a-Judge protocol (Figure 4). 096

Objective Evaluation. We employ expert automated 097
metrics across three pillars to establish a stable evalua- 098
tion baseline. For Video Quality, we measure low-level 099
technical fidelity via the Video Technological Score (VT) 100
using DOVER++ [40] and high-level aesthetic appeal via 101
the Video Aesthetic Score (VA) using Aesthetic Predic- 102
tor V2.5 [2]. For Audio Quality, we employ reference- 103
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Interaction

prompt："... a strikingly beautiful woman in a vibrant, ... As she 
passes various groups of men, their activities come to an abrupt
halt; conversations trail off and all heads turn in unison, ..."

As the woman passes the groups of men, do their activities stop
and their heads turn in unison to look at her?

1
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Following
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No synchronized 
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Sound Effect2
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prompt: "... The air is filled with the sounds of squeaking 
sneakers, rhythmic ball thumps, the satisfying rattle of the 
chain net, and the cheerful laughter of children ..."

Are the sounds of a basketball game, including squeaking sneakers, 
rhythmic ball thumps, and the rattling of a chain net, audible?

Audio Track Generation
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Figure 4. Illustration of the subjective evaluation framework. Our protocol provides interpretable diagnosis through two tracks: (Top)
Instruction following is evaluated via rigorous Q&A checklist pairs. (Bottom) Realism assesses perceptual quality, rewarding fine-grained
details while penalizing visual hallucinations and audio dissonance.

free metrics based on Audiobox [32]: the Audio Aesthetic104
Score (AA) (averaging signal fidelity and semantic con-105
tent usefulness) and the Speech Quality Score (SQ) via106
NISQA [23] to capture speech naturalness. For Cross-107
modal Alignment, we compute Text–Audio (T–A) and108
Text–Video (T–V) semantic consistency using CLAP [4]109
and VideoCLIP-XL-V2 [34], respectively. Audio–Video110
(A–V) alignment is evaluated via ImageBind [5]. Finally,111
Temporal Synchronization is quantified using DeSync112
(DS) (audio-visual onset offset via Synchformer [13]) and113
LatentSync (LS) [16] for talking-face lip-sync scenarios.114

Subjective Instruction Following (IF). Traditional met-115
rics often fail to capture complex cross-modal dynamics.116
We therefore employ Gemini-2.5-Pro as a judge to verify117
generated videos against QA checklists derived from each118
prompt. The IF taxonomy encompasses 7 primary dimen-119
sions: Attribute (look, quantity), Dynamics (motion, inter-120
action, transformation, camera motion), Cinematography121
(lighting, framing, color grading), Aesthetics (style, mood),122
Relations (spatial, logical), World Knowledge (factual ac-123
curacy), and Sound (effects, speech, music). We enforce a124
reasoning-first protocol, requiring the MLLM to articulate125
a rationale before assigning a 1–5 score, which improves126
interpretability for error attribution.127

Subjective Realism. While IF verifies prompt adherence,128
it may overlook internal inconsistencies or violations of129

physical plausibility. We therefore assess Video Real- 130
ism through three complementary metrics: the Motion 131
Smoothness Score (MSS) (penalizing jitter and temporal 132
discontinuities), Object Integrity Score (OIS) (identify- 133
ing anatomical/structural distortions), and Temporal Co- 134
herence Score (TCS) (assessing object permanence and oc- 135
clusion logic). Additionally, Audio Realism is evaluated 136
via the Acoustic Artifacts Score (AAS) (measuring back- 137
ground noise and mechanical distortion) and Material– 138
Timbre Consistency (MTC) (verifying alignment between 139
acoustic timbre and underlying physical properties). 140

3. Experiments 141

We evaluate 15 representative T2AV systems, compris- 142
ing 7 closed-source end-to-end models (Veo-3.1 [6], Sora- 143
2 [24], Kling-2.6 [15], Wan-2.6/2.5 [33], Seedance-1.5 [28], 144
PixVerse-V5.5 [25]), 3 open-source end-to-end models 145
(Ovi-1.1 [22], LTX-2 [9], JavisDiT [19]), and 5 composed 146
pipelines (Wan-2.2/HunyuanVideo-1.5 [33, 39] combined 147
with HunyuanVideo-Foley [29] or MMAudio [1], plus Au- 148
dioLDM2+MTV [18, 38]). Table 1 reports the dual-level 149
results and yields three core insights: 150

(1) Open vs. Closed-Source. Closed-source models dom- 151
inate the leaderboard, with Veo-3.1 ranking first in over- 152
all average (70.29), followed by Sora-2 (69.83), Kling-2.6 153
(68.16), and Wan-2.6 (67.68). Among open-source sys- 154
tems, LTX-2 achieves the strongest overall performance 155
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Table 1. Comprehensive evaluation of T2AV models. The table reports both Objective metrics (video quality, audio quality, and cross-
modal alignment) and Subjective metrics (MLLM-based instruction following and realism evaluation). A dash (–) indicates that the model
is unable to generate human speech.

Method
Open-
Source

Objective Quality & Alignment Subjective Evaluation (MLLM)

Video
Quality

Audio
Quality Cross-modal Alignment

Instruction
Following Realism Avg.

↑
VT↑ VA↑ AA↑ SQ↑ A-V↑ T-A↑ T-V↑ DS↓ LS↑

IF
Vid↑

IF
Aud↑

Vid
Real↑

Aud
Real↑

- T2AV (End-to-End)
Veo-3.1 ✗ 13.39 5.425 6.818 1.597 0.2856 0.2335 0.2438 0.6776 1.509 76.15 67.90 87.14 49.95 70.29
Sora-2 ✗ 7.568 4.112 5.584 1.485 0.2419 0.2484 0.2432 0.8100 1.331 74.93 72.86 85.53 46.01 69.83
Kling-2.6 ✗ 11.41 5.417 6.666 1.783 0.2495 0.2495 0.2449 0.7852 1.502 73.72 63.89 87.98 47.03 68.16
Wan-2.6 ✗ 11.87 4.605 6.440 1.476 0.2149 0.2572 0.2451 0.8818 1.081 78.52 74.95 82.05 35.18 67.68
Seedance-1.5 ✗ 12.74 5.007 7.403 1.766 0.2875 0.2320 0.2370 0.8650 1.560 60.96 61.22 88.94 53.84 66.24
LTX-2 ✓ 7.160 4.661 6.742 1.597 0.1851 0.2365 0.2411 0.8756 1.339 63.97 64.74 89.95 36.23 63.72
Wan-2.5 ✗ 13.29 4.642 6.169 1.543 0.2026 0.2445 0.2470 0.8810 1.065 76.56 57.95 76.00 35.06 61.39
Pixverse-V5.5 ✗ 11.54 4.558 5.982 1.824 0.1816 0.2305 0.2431 0.6627 1.306 65.13 53.31 69.37 33.58 55.35
Ovi-1.1 ✓ 9.336 4.368 6.531 1.592 0.1620 0.1756 0.2391 0.9624 1.191 55.05 52.83 65.93 30.75 51.14
JavisDiT ✓ 6.850 3.575 4.752 – 0.1284 0.1257 0.2320 1.322 – 32.56 15.26 34.97 14.85 24.41

- T2V + TV2A (Cascaded)
HunyuanVideo1.5 + Hunyuan-Foley ✓ 11.34 4.804 6.330 – 0.2598 0.2021 0.2436 0.8924 – 66.23 40.09 86.75 41.65 58.68
Wan-2.2 + Hunyuan-Foley ✓ 13.43 5.605 6.353 – 0.2575 0.2076 0.2455 0.7935 – 64.54 37.10 89.63 41.25 58.13
Wan-2.2 + MMAudio ✓ 13.43 5.605 6.076 – 0.2195 0.2448 0.2455 0.8890 – 64.79 38.19 89.63 36.05 57.17
HunyuanVideo1.5 + MMAudio ✓ 11.34 4.804 6.101 – 0.2210 0.2466 0.2436 0.9427 – 66.10 35.94 85.38 35.15 55.64

- T2A + TA2V
AudioLDM2 + MTV ✓ 8.066 3.458 6.253 1.264 0.1639 0.2698 0.2394 1.1592 0.6835 47.13 54.39 56.73 31.90 47.54

(63.72) and the best Video Realism (89.95), while Wan-156
2.6 leads in Instruction Following (IF-Vid 78.52, IF-Aud157
74.95). Notably, the open/closed gap is most pronounced in158
high-level instruction adherence and audio realism, rather159
than in modality-specific quality alone in our benchmark.160
(2) T2AV-Compass is Challenging. No single model161
demonstrates universal dominance across all dimensions.162
While Veo-3.1 attains the highest overall average, it still ex-163
hibits major deficiencies in Audio Realism (only 49.95),164
indicating a persistent “Audio Realism Bottleneck” across165
current systems, even among the strongest models..166
(3) Cascaded Pipelines are Strong but Disjoint. Cascaded167
T2V → V2A systems match or exceed end-to-end models in168
modality-specific quality (e.g., Wan-2.2 + Hunyuan-Foley169
reaches 89.63 in Video Realism). However, they often lag in170
audio-visual alignment (e.g., DS and A-V metrics), suggest-171
ing limitations from fragmented optimization across stages.172

Difficulty Trends. Figure 5 shows failure rates increase173
with prompt complexity, with the sharpest degradation on174
long-narrative prompts. This identifies long-horizon audio-175
visual generation as a key challenge for T2AV systems.176

Human–MLLM Judge Agreement Analysis. On a 50-177
prompt subset, Gemini 2.5 Pro shows the closest agreement178
with human ratings overall, while Audio Realism remains179
harder and benefits from additional human verification.180
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Figure 5. Difficulty trends. Failure rates are reported by prompt
complexity, grouped by Visual Subject Count and Event Temporal
Structure (lower is better).

Table 2. L1 distance between evaluators across four subjective
dimensions (lower is better).

Evaluator IF Video↑ IF Audio↑ Video Real.↑ Audio Real.↑ Overall↑

Inter-Human 0.917 0.911 0.926 1.042 0.949
Gemini-2.5-Pro 1.012 0.980 0.937 1.420 1.087
Gemini-2.5-Flash 1.212 1.027 1.397 1.193 1.207
Qwen3-Omni-Flash 1.026 1.887 1.297 1.680 1.473

4. Conclusion 181

We present T2AV-Compass, a unified benchmark for T2AV 182
evaluation, with a taxonomy-driven prompt pipeline and 183
a dual-level framework combining objective metrics and 184
MLLM-based judging. Across 15 systems, experiments re- 185
veal a consistent gap: despite strong visual fidelity, current 186
models remain limited in audio realism and long-horizon 187
prompt following. 188
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