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Abstract
Training a unified model integrating video-to-audio

(V2A), text-to-audio (T2A), and joint video-text-to-audio
(VT2A) generation offers significant application flexibil-
ity, yet faces two unexplored foundational challenges:
(1) the scarcity of high-quality audio captions with tight
V-A-T alignment, leading to severe semantic conflict be-
tween multimodal conditions, and (2) cross-task and
intra-task competition, manifesting as an adverse V2A-
T2A performance trade-off and modality bias in the
VT2A task. First, to address data scarcity, we intro-
duce SoundAtlas, a large-scale dataset (470k pairs) that
significantly outperforms existing benchmarks and even
human experts in quality. Powered by a novel agentic
pipeline, it integrates Vision-to-Language Compression
to mitigate visual bias of MLLMs, a Junior-Senior Agent
Handoff for a 5× cost reduction, and rigorous Post-hoc
Filtering to ensure fidelity. Consequently, SoundAtlas
delivers semantically rich and temporally detailed cap-
tions with tight V-A-T alignment. Second, we propose
Omni2Sound, a unified VT2A diffusion model support-
ing flexible input modalities. To resolve the inherent
cross-task and intra-task competition, we design a three-
stage multi-task progressive training schedule that con-
verts cross-task competition into joint optimization and
mitigates modality bias in the VT2A task, maintaining
both audio-visual alignment and off-screen audio gen-
eration faithfulness. Finally, we construct VGGSound-
Omni, a comprehensive benchmark for unified evalu-
ation, including challenging off-screen tracks. With a
standard DiT backbone, Omni2Sound achieves unified
SOTA performance across all three tasks within a sin-
gle model, demonstrating strong generalization across
benchmarks with heterogeneous input conditions.

1. Introduction
Early audio generation models typically rely on uni-
modal conditioning. Text-to-Audio (T2A) [1–6] of-
fers strong semantic fidelity and generalization but lacks
dense temporal control. Conversely, Video-to-Audio
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Figure 1. Challenges in scaling high-quality audio captions.

(V2A) [7–10] ensures fine-grained temporal synchro-
nization with video, yet suffers from weak reasoning
in complex scenes and unfaithful generation (e.g., un-
expected music or speech) [11, 12]. To address this,
recent Video-Text-to-Audio (VT2A) methods [11, 13–
16] jointly condition on video and text. While VT2A
achieves both strong semantic understanding and tem-
poral alignment, its reliance on simultaneous inputs con-
strains its applicability [16]. Crucially, most VT2A sys-
tems lack robustness [11, 13, 14], degrading sharply
under missing-modality conditions (video-only or text-
only).

These constraints motivate a unified framework na-
tively supporting VT2A, V2A, and T2A within a sin-
gle model. This unified paradigm aligns with the AIGC
shift, eliminating the redundant architectures and de-
ployment complexity of hard-switching between spe-
cialized models. Recent work has begun to advance this
unified approach. MMAudio [15] introduces a multi-
modal joint training framework to improve V2A gener-
ation, optionally conditioning on text using large-scale
text–audio pairs. Moreover, AudioX [16] enhances flex-
ibility by supporting broader modality combinations.
Despite this progress, two challenges in the unified
VT2A framework remain underexplored. 1

First, there is a scarcity of high-quality audio cap-
tions that are well-aligned with both audio and video

1https://omni2sound.github.io
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cues. Most unified or specialized VT2A studies create
their (V, T, A) training triplets by pairing videos (V) and
their audio (A) with captions (T) generated solely from
the audio [13, 16]. However, this approach introduces
severe semantic conflict in the multimodal training data
(see Figure 1): a frequent mismatch between the visual
content and the (audio-only) text caption. This conflict is
rooted in the audio modality’s inherent ambiguity (e.g.,
a tennis hit vs. distant fireworks, or car engine noise vs.
an electric drill). This fundamental ambiguity is then
exacerbated by the limited capabilities of earlier audio-
language models, which are prone to severe hallucina-
tions (e.g., omissions and mislabels) [17]. In our pre-
liminary experiments, we found these modality conflicts
caused by mismatches between V-T conditions directly
lead to unstable convergence and a significant degrada-
tion in audio faithfulness. Unfortunately, there is still
a lack of high-quality V-T-A triples for unified VT2A
models training, as we further discuss in Section 2.

Second, two critical types of task competition within
unified VT2A frameworks remain underexplored. (1)
Cross-Task Competition. Prior work, notably MMAu-
dio [15], established that incorporating T-A pairs en-
hances the generalization and quality of V2A gener-
ation. However, training a unified model to excel at
both V2A and T2A presents a significant challenge: as
shown in our preliminary experiment (Table 5), this joint
training introduces a severe T2A-V2A adverse trade-
off, rooted in the heterogeneity between text and video
modalities. Prioritizing one task during training con-
sistently degrades the performance of the other, indi-
cating a zero-sum optimization dynamic. (2) Intra-
Task Competition. We also observe competition within
the VT2A task itself. This competition manifests as a
modality bias during generation process that undermines
cross-conditional consistency, revealing two key failure
modes: a bias towards text leads to poor A-V synchro-
nization (Table 6), while a bias towards video exhibits
low text-audio faithfulness in off-screen generation sce-
narios (Table 7).

To address data scarcity, we first introduce Soun-
dAtlas in Section 3, a large-scale, agent-generated mul-
timodal audio-caption dataset. It augments the two
largest audio datasets, VGGSound [18] and AudioSet
[19], providing semantically rich and temporally de-
tailed captions that even surpass human-expert qual-
ity (Table 2). Built on current advanced multimodal
foundation models (Gemini-2.5 Pro [20] and Qwen-
2.5-VL [21]), we develop a multi-turn, agentic anno-
tation pipeline featuring a junior–senior agent handoff,
vision-to-language compression, and post-hoc halluci-
nation filtering. This pipeline delivers cost-controlled
annotations while maintaining tight visual–audio–text
(V–A–T) alignment and a markedly higher text-audio

faithfulness than prior datasets. Interestingly, we find its
quality is high enough to even correct human annotation
errors in VGGSounder [22].

Building on this dataset, we propose Omni2Sound
in Section 4, a diffusion-based unified model supporting
flexible input modalities while maintaining both audio-
visual synchronization and high-fidelity generation. To
address cross-task and intra-task competition, we intro-
duce a three-stage progressive training schedule that de-
parts from naive joint training. First, a large-scale T2A
pretraining stage establishes a robust generative prior,
enabling minimal high-quality T2A replay in the sub-
sequent stage to prevent catastrophic forgetting. Subse-
quently, our Multi-task Interleaved Training integrates
V2A and T2A tasks with high-quality VT2A triplets.
Our central insight is that this VT2A data serves as a
semantic bridge: by aligning the heterogeneous feature
spaces of video and text, it effectively converts zero-
sum cross-task competition into a cooperative optimiza-
tion dynamic, thereby mitigating training resource con-
tention. To resolve the intra-task competition, our third
stage employs a decoupled Robustness Training. We
utilize two synergistic augmentations to balance cross-
modal reliance: Text Dropout penalizes text bias to en-
hance A-V synchronization, while Off-screen Synthe-
sis counteracts video bias to ensure textual faithfulness.
This decoupled approach rectifies key failure modes,
maintaining high-fidelity generation even in challeng-
ing, asymmetric input scenarios.

Finally, we construct VGGSound-Omni in Section 5,
the first comprehensive benchmark to establish a uni-
fied evaluation standard for VT2A, V2A, and T2A. It
provides high-quality, human-verified annotations for all
three tasks and introduces a challenging off-screen au-
dio generation track. As a result, with a vanilla DiT
[23] backbone, Omni2Sound achieves unified state-of-
the-art performance across all three tasks against both
unified and specialized models, showing high-fidelity
audio quality, tight audio-visual synchronization, and
excellent generation faithfulness.

2. Related Works

Audio Caption Dataset. Human-annotated bench-
marks like AudioCaps [24] (46k) and Clotho [25] (5k)
offer high-quality alignment, but their limited scale,
high cost, and lack of detail make them unsuitable for
training modern, large-scale models. To address data
scarcity, automated pipelines such as WavCaps [26] use
LLMs to refine noisy web metadata (400k captions), and
AudioSetCaps [27] uses ALMs+LLMs to extract and ag-
gregate details from audio, speech, and music, signifi-
cantly increasing data volume. However, due to the in-
herent ambiguity of the audio modality, these audio-only
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Figure 2. Data Construction Pipeline of SoundAtlas (Left). Comparison against SOTA baselines and human annotations (Right) .

methods suffer from high hallucination rates and can
introduce cross-modal conflicts that destabilize VT2A
training. Visually-enhanced (VE) annotation pipelines
like Auto-ACD [28] and Sound-VECaps [29] leverage
visual cues as cross-modal constraints. Despite their
promise, existing VE pipelines adopt a separate-then-
fuse design: unimodal models extract separate textual
cues (e.g., image captions, audio tags), which are then
merged by a final LLM. This is suboptimal, as the LLM
operates on lossy textual representations rather than raw
modalities, causing unimodal hallucinations to accumu-
late and amplify. Using native end-to-end multimodal
models (e.g., Gemini [20]) appears to be a natural al-
ternative, yet as we show in Section 3, this approach
faces prohibitive costs and a pervasive visual bias that
prevents audio-centric captioning. There remains a lack
of a large-scale, high-quality visual–audio–text (V–A–T)
aligned audio caption dataset suitable for training uni-
fied VT2A models.

Unified Audio Generation Model. The audio gener-
ation paradigm is shifting towards unified, omni-modal
frameworks. This trend is initiated by MMAudio [15],
which first integrates V2A and T2A but remains fun-
damentally V2A-centric, using T-A pairs merely as aug-
mentation rather than optimizing T2A as a co-equal task.
Subsequent works such as AudioX [16] and AudioGen-
Omni [30] expand the scope to more flexible modality
combinations, yet often rely on brute-force data scal-
ing (e.g., AudioX with over 9 million samples) with-
out achieving commensurate performance gains. Crit-
ically, these early models [15, 16, 30] largely over-
look the inherent cross-task competition that arises from
co-training diverse sub-tasks. UniFlow-Audio [31] is
the first to systematically address this issue by cate-
gorizing tasks into Time-Aligned (TA) and Non-Time-
Aligned (NTA) classes and analyzing their competi-
tive dynamics. However, the analysis remains coarse-

grained, without investigating the finer-grained compe-
tition within the TA category (i.e., V2A vs. T2A). More-
over, the challenging case of joint cross-modal genera-
tion (VT2A) remains unaddressed. Consequently, a fun-
damental study on task competitive dynamics within a
unified VT2A framework remains absent.

3. SoundAtlas: V-A-T Data Construction
Existing automated audio caption datasets often suffer
from severe visual-audio-text (V-A-T) misalignment and
high hallucination rates due to the limited capability of
early ALMs [27–29]. While recent native multimodal
foundation models such as Gemini 2.5 [20, 32, 33] offer
strong capabilities, we find that naively processing raw
video-audio pairs is suboptimal for constructing audio
caption datasets. Specifically, it incurs prohibitive costs
(approx. $10,275 per 1M samples; see Appendix A)
and introduces inherent visual bias, where models hal-
lucinate auditory labels for visually suggested but non-
existent events, as shown in Figure 1.

To address these challenges, we introduce Soun-
dAtlas, constructed through a cost-effective, multi-turn
agentic annotation pipeline. As illustrated in Figure 2,
our pipeline integrates vision-to-language compression
to mitigate visual bias, a junior–senior agent handoff
to optimize cost-efficiency, and rigorous post-hoc filter-
ing to ensure annotation fidelity. Full prompt instruc-
tions are provided in Appendix B.

A-V Consistency Routing. We first apply A-V Con-
sistency Routing to raw videos from AudioSet [19] and
VGGSound [18]. The key observation is that visual cues
are reliable for high-consistency A-V clips but act as dis-
tractors in low-consistency ones, as shown in Figure 2.
We classify samples by their ImageBind alignment score
(sib) using thresholds τlow = 0.20 and τhigh = 0.30:
(i) High-consistency samples (sib > τhigh) enter the
A-V Enhanced Path; (ii) Medium-consistency samples
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Table 1. Semantic Faithfulness (CLAP Score) of Different
Data Construct Pipelines on AudioSet and VGGSound.

Method AudioSet VGGSound

LA-CLAP ↑MS-CLAP ↑LA-CLAP ↑MS-CLAP ↑

AudioSetCaps [27] 0.330 0.397 0.351 0.421
Sound-VECaps [29] 0.370 0.425 - -
Auto-ACD [28] 0.396 0.437 0.409 0.457
SoundAtlas (Ours) 0.447 0.485 0.461 0.502

Table 2. Caption quality comparison via MLLM-as-a-
judge and human evaluation, reporting the Mean Win Rate
for Semantic (MWR-S) and Temporal (MWR-T) alignment.
Human-Expert refers to the human-annotated captions from
AudioCaps [24].

Method MLLM Evaluation Human Evaluation

MWR-S ↑ MWR-T ↑ MWR-S ↑ MWR-T ↑

Auto-ACD [28] 0.39 0.41 0.31 0.26
Human-Expert [24] 0.36 0.51 0.46 0.55
SoundAtlas (Ours) 0.75 0.58 0.71 0.69

(τlow ≤ sib ≤ τhigh) are routed to the Audio-Only Path to
prevent visual hallucinations; and (iii) Noise (sib < τlow)
is discarded.

Vision-to-Language Compression. This step imple-
ments our key insight: vision should be treated as a
contextual constraint, not a primary input. We find that
compressing the visual stream into a textual represen-
tation (cv) effectively addresses both challenges identi-
fied above. First, it reduces cost by replacing the pro-
hibitively expensive raw video input (V + A) with a
cost-effective text-audio prompt (cv + A). Second, it
mitigates cross-modal hallucinations by removing direct
visual bias and providing only semantic context (e.g.,
"A man and a woman are standing...") rather than the
raw visual stream. Concretely, for samples V routed to
the A-V Enhanced Path, we use Qwen-2.5-VL [21] to
analyze the video V (without its audio A) and generate
the textual representation cv = Qwen(V ). For samples
on the Audio-Only Path, the visual context is set to null.

Junior–Senior Agent Handoff. All samples then en-
ter our handoff pipeline. Each sample is first assigned
to the Junior agent, Gjunior (Gemini 2.5 Flash), which
receives the audio A and the optional visual context cv ,
producing a caption ca = Gjunior(A, cv). This caption ca
is flagged if it (i) triggers complexity criteria (text-based
heuristics to identify complex audio scenes), (ii) con-
tains high-frequency hallucination phrases, or (iii) fails a
differentiated CLAP [34] check, CLAP(ca, A) < τclap,
where τclap is 0.35 for general audio and 0.15 for mu-
sic. Flagged samples are escalated to the Senior agent,
Gsenior (Gemini 2.5 Pro). To control costs, the reason-
ing output of the Senior agent is limited to 128 tokens,
yielding a more precise caption.

Post-hoc Filtering and Verification. Finally, all gen-
erated captions ca undergo two-stage verification. First,
a CLAP (T-A) filtering model [34] ensures high Text-
Audio faithfulness; captions where CLAP(ca, A) <
τverify are discarded. Second, for captions from the A-
V Enhanced Path (cv ̸= ∅), an A-V-T Verifier, VAVT,
checks that ca is a plausible acoustic description given
cv . Captions that pass all filters are accepted into the fi-
nal dataset DSoundAtlas (Ours), which augments VGGSound
[18] and AudioSet [19] with human-expert-level audio
captions.

3.1. Comparison with Existing Pipeline

We compare SoundAtlas against other automated
pipelines [27–29] on high audio-visual consistency sub-
sets sourced from AudioSet and VGGSound, where Im-
ageBind score sib > 0.30. As shown in Table 1, Soun-
dAtlas significantly outperforms all competitors on both
LA-CLAP and MS-CLAP scores, demonstrating supe-
rior text-audio alignment. Additionally, we conduct a
fine-grained MLLM-as-a-judge (Gemini 3.0 Pro [20])
evaluation on the intersection of AudioCaps and all com-
pared datasets [24]. As shown in Table 2, SoundAt-
las achieves a substantially higher mean win rate in
semantic alignment (MWR-S) and temporal alignment
(MWR-T) than both the strongest baseline (Auto-ACD)
and the Human-Expert annotations, across both seman-
tic and temporal alignment. To mitigate potential eval-
uation bias, a follow-up human validation study is con-
ducted, further corroborating our results (details in Ap-
pendix Section C). As illustrated in Figure 2 (right),
SoundAtlas demonstrates clear superiority over existing
automated datasets, characterized by its richer semantic
content and explicit temporal ordering.

4. Omni2Sound: Unified VT2A Generation
Building on SoundAtlas, we propose Omni2Sound, a
Diffusion-based unified VT2A model supporting collab-
orative (VT2A) and unimodal (V2A, T2A) control.

4.1. Foundation Model Architecture

We adhere to a principle of simplicity and scalability,
adopting a standard Diffusion Transformer (DiT) back-
bone [23] conditioned on latent features from a pre-
trained audio VAE [35]. As shown in Figure 3, the back-
bone is conditioned on multimodal inputs using a de-
coupled injection approach, which is separated into two
distinct branches: (1) Semantic Branch (What) and (2)
Temporal Branch (When). To capture global semantic
context, we concatenate text embeddings from Flan-T5
[36] (Ft) and visual features from CLIP [37] (Fv , sam-
pled at 8 fps) along the temporal dimension, which are
then injected via cross-attention layers. Crucially, this
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Figure 3. Overview of our unified VT2A framework, which
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ing flexible T2A, V2A, and VT2A generation.

design allows for flexible unimodal generation (V2A or
T2A) by simply omitting the absent modality without re-
quiring padding constraints. For the Temporal Branch,
to ensure fine-grained synchronization, we follow [15]
to utilize a Synchformer [38] to extract dense visual-
temporal features (Fs) and then inject it globally via
Adaptive Layer Normalization (AdaLN).

This decoupled architecture effectively (1) achieves
the flexibility of multi-condition frameworks like Au-
dioX [16], supporting extensible conditions without ar-
chitectural modification; and (2) maintains precise tem-
poral alignment comparable to MMAudio [15] (powered
by its well-designed MM-DiT architecture).

4.2. Three-stage Progressive Multi-task Training

As established in Section 1, naive joint training suffers
from both cross-task and intra-task competition. To ad-
dress these challenges, we design a three-stage progres-
sive training schedule.

Stage 1: Large-scale T2A Pretraining. We first pre-
train the model on large-scale text-audio pairs without
quality filtering. Following recent advances in latent
generative modeling [3, 23, 39], our DiT backbone (Sec-
tion 4.1) learns to denoise a noisy latent zt at timestep
t, conditioned on text embeddings Hc. The model ϵθ is
optimized with the standard L2 loss:

L = Et,zt,ϵ∥ϵ− ϵθ(zt, t,Hc)∥2

This pretraining serves two purposes. First, it estab-
lishes a robust generative prior before introducing het-
erogeneous video conditions. Second, it enables a sig-
nificantly lower T2A sampling frequency in the subse-
quent stage without catastrophic forgetting, thereby re-
ducing resource contention.

Stage 2: Multi-task Interleaved Training. This stage
addresses cross-task competition through interleaved
task sampling. At each step, a single task s ∈
{V 2A, T2A, V T2A} is sampled from a categorical dis-
tribution Cat(π), and a minibatch is drawn exclusively
from its dataset Ds for a single-task gradient update.

This avoids within-batch loss mixing and stabilizes op-
timization. Our ablations (Table 5) reveal two key find-
ings: (i) The VT2A task serves as a critical bridge that
mitigates the adverse V2A-T2A trade-off, enabling their
simultaneous optimization rather than zero-sum compe-
tition. (ii) With this bridge in place, a low T2A sam-
pling frequency (e.g., πT2A = 0.1) on high-quality data
suffices to prevent catastrophic forgetting. Together,
these findings allow Stage 2 to focus primarily on video-
conditioned tasks (V2A and VT2A), using T2A only
sparingly to maintain its generative prior.

Stage 3: Intra-Task Resolution via Robustness Train-
ing. While Stage 2 resolves cross-task competition,
intra-task competition (modality bias) persists, particu-
larly for challenging scenarios such as off-screen gener-
ation. We therefore introduce a final robustness training
stage. Crucially, this stage is decoupled from Stage 2:
as shown in Table 6, introducing robustness augmenta-
tions prematurely destabilizes the multi-task optimiza-
tion, whereas applying them after convergence enhances
cross-modal consistency without compromising genera-
tive quality.

This stage employs two complementary augmenta-
tions to enforce balanced reliance on both modalities: (i)
Text Dropout. We randomly drop tokens from the text
prompt, creating ambiguity that compels the model to
attend more to the visual stream. This counteracts text
bias and strengthens audio-visual synchronization. (ii)
Off-screen Synthesis. We incorporate off-screen audio
samples and augment the text prompt to describe them,
producing training pairs where the audio content is ab-
sent from the video. This counteracts video bias and
improves textual faithfulness for off-screen audio gener-
ation.

5. VGGSound-Omni: Unified Evaluation
A key challenge in evaluating unified Video-Text-to-
Audio (VT2A) models is the absence of a comprehen-
sive benchmark. The VGGSound test set [18] pro-
vides only sparse event labels and lacks detailed cap-
tions. Although VGGSounder [22] improved upon this
by correcting and introducing modality labels (e.g., A,
V, AV) for fidelity evaluation, it still does not provide
human-expert-level captions. To bridge this gap, we
construct VGGSound-Omni, a multi-track benchmark
derived from the VGGSound test set for evaluating both
standard unified and specialized off-screen VT2A gen-
eration.

VGGSound-Omni Construction. We first establish
a high-fidelity, human-level caption set covering all
14,000+ videos as the primary evaluation track. Ini-
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Table 3. Comparison on VGGSound-Omni benchmark: Omni2Sound against SOTA models on T2A, V2A, and VT2A tasks. The
w/ Video-LLaMA caps row evaluates Omni2Sound’s generalization to unseen captions generated by Video-LLaMA [40].

Task Method Distribution Matching Audio Quality Modality Alignment
KL↓ FD↓ FAD↓ FDPaSST↓ PQ↑ IS↑ DS↓ IB↑ MS-CLAP↑

T2A
AudioX [16] 1.68 9.04 1.42 109.94 6.37 15.15 - - 0.49
MMAudio [15] 1.92 8.62 1.63 101.66 5.84 14.30 - - 0.50
Omni2Sound (ours) 1.53 4.61 1.01 60.38 6.52 16.41 - - 0.53

w/ Video-LLaMA caps 1.60 6.92 1.23 83.91 6.38 16.01 - - 0.51

V2A

V-AURA [41] 2.28 16.43 2.34 245.25 5.74 10.82 0.69 0.28 0.32
Frieren [8] 2.73 12.13 1.23 123.75 5.82 11.32 0.86 0.21 0.31
AudioX [16] 2.96 12.73 1.42 121.82 6.17 13.34 1.22 0.24 0.34
MMAudio [15] 2.11 5.65 0.81 69.33 5.72 11.85 0.48 0.28 0.43
Omni2Sound (ours) 2.04 3.41 0.51 50.19 6.15 16.18 0.47 0.35 0.44

VT2A

ThinkSound (w/o. CoT) [14] 1.60 7.41 1.10 116.08 6.21 11.73 0.53 0.26 0.43
HunyuanVideo-Foley [13] 1.74 10.02 2.36 100.53 6.18 11.58 0.57 0.32 0.45
AudioX [16] 1.59 8.29 1.24 103.37 6.17 14.94 1.23 0.26 0.49
MMAudio [15] 1.63 5.28 0.91 68.44 5.84 13.44 0.49 0.29 0.49
Omni2Sound (ours) 1.35 2.95 0.53 48.20 6.21 15.79 0.49 0.34 0.52

w/ Video-LLaMA caps 1.56 3.37 0.66 53.73 6.11 15.74 0.50 0.34 0.49

tial captions are generated using our agentic pipeline
(Section 3) and then systematically validate through an
AI-assisted verification workflow: GPT-5 [42] served as
an auditor, checking whether the captions semantically
covered all “A” and “AV” labels from VGGSounder [22].
Samples flagged with mismatches are routed for targeted
human verification. During this manual audit, we find
that most flagged discrepancies stemmed from annota-
tion errors in the VGGSounder data itself (e.g., label re-
dundancy and errors caused by visual interference). Af-
ter correcting these errors, we establish the final, human-
verified captions as the definitive ground truth (GT) for
all three tasks (VT2A, V2A, and T2A).

Complementing the primary set, we curate a chal-
lenging off-screen track (1,000+ items) from two
sources: (i) Natural events, filtered from VGGSound
for low A-V correspondence (via IB-Score [43]
and Desync-Score [15]) while excluding background
speech; and (ii) Synthetic music, formed by mixing
aligned background clips from MusicCaps [44]. More
details are provided in Appendix D.

6. Experiments

6.1. Experiment Settings

Datasets. For T2A backbone pre-training, we use a
large-scale corpus comprising the train set of audio
datasets such as AudioCaps [24], WavCaps [26], Clotho
[25], AudioSet [19], VGGSound [18], FSD50k [45], as
well as music datasets including MSD [46] and FMA
[47]. To maintain consistency, all audio is segmented
into 10-second clips and resampled at 16 kHz. Fol-
lowing this, the model is trained for unified VT2A
tasks using our proposed SoundAtlas (Section 3) and
a high-quality, PQ-score-filtered T-A subset derived

from the aforementioned pre-training corpus. More de-
tails are provided in Appendix Section G. For eval-
uation, we compare Omni2Sound with SOTA models
on three benchmarks: our proposed VGGSound-Omni
(Section 5), Kling-Audio-Eval [30], AudioCaps test set
[24] and AudioAtlas [48]. We ensure that these evalua-
tion benchmarks are strictly disjoint from all data used
in our training stages to prevent potential data leakage.

Evaluation Metrics. We implement our objective
evaluation using the standardized AV-benchmark toolkit
[15] on 8-second clips, following previous work [15].
We assess quality across four critical dimensions [2].
For Distribution Matching, we measure feature simi-
larity between generated and ground-truth audio using
Fréchet Distance (FAD [49], FDPaSST [50], FD [51])
and Kullback-Leibler divergence (KL, KLPaSST). Au-
dio Quality is assessed via Inception Scores (IS [52],
ISPaSST) and Production Quality (PQ [53]) for aesthet-
ics. Semantic Alignment evaluates text-audio consis-
tency (CLAP [34], MS-CLAP [54]) and video-audio
alignment (IB [43]). Finally, Temporal Alignment is
measured using the Desynchronization Score (DS) pre-
dicted by Synchformer [55]. Detailed metric definitions
and calculations are provided in the Appendix.

6.2. Main Results

Evaluation on VGGSound-Omni. We present our
main results on VGGSound-Omni benchmark in Ta-
ble 3. To ensure a fair comparison, all baseline mod-
els are re-evaluated using their official checkpoints and
the standardized AV-benchmark [15], using the same
video and text conditions. The results demonstrate
that Omni2Sound achieves state-of-the-art performance
across all three unified tasks (T2A, V2A, and VT2A)
compared to both previous unified VT2A models (Au-
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Table 4. Comparison on the Kling-Audio-Eval: Omni2Sound against SOTA models on T2A, V2A, and VT2A tasks.

Task Method Distribution Matching Audio Quality Modality Alignment

KL↓ FD↓ FAD↓ FDPaSST↓ PQ↑ IS↑ DS↓ IB↑ LA-CLAP↑

T2A
AudioX [16] 2.73 19.43 3.32 171.60 5.98 12.15 - - 0.28
MMAudio [15] 2.54 11.25 5.07 142.71 5.54 9.28 - - 0.28
Omni2Sound (ours) 2.36 11.59 2.62 147.46 6.26 11.27 - - 0.28

V2A
AudioX [16] 3.13 18.90 4.01 205.48 5.87 8.31 1.20 0.23 0.13
MMAudio [15] 2.94 13.41 3.87 159.30 5.50 7.59 0.62 0.24 0.14
Omni2Sound (ours) 2.47 8.78 2.55 112.21 5.78 8.56 0.57 0.34 0.18

VT2A

ThinkSound (w/o. CoT) [14] 2.53 11.99 3.52 206.93 5.77 6.09 0.66 0.22 0.19
HunyuanVideo-Foley [13] 2.13 8.06 3.58 94.64 6.04 8.17 0.55 0.34 0.23
AudioX [16] 2.39 14.26 3.16 149.37 5.97 10.23 1.21 0.23 0.26
MMAudio [15] 2.41 10.12 4.90 129.21 5.53 7.46 0.59 0.25 0.20
Omni2Sound (ours) 2.10 7.60 2.37 106.55 5.98 8.22 0.58 0.32 0.26

dioX [16], MMAudio [15]) and specialized models (e.g.
ThinkSound [14], HunyuanVideo-Foley [13]). To fur-
ther validate Omni2Sound’s generalization beyond our
SoundAtlas captioning style, we evaluate it on the same
VGGSound test clips but use the Video-LLaMA [40]
captions from ThinkSound [14]. As shown in Table 3
(w/ Video-LLaMA caps), while performance slightly
degrades, our model’s scores still surpass all baselines,
confirming its robustness to unseen captioning styles.

Generalization on Third-Party Benchmarks. To
validate generalization, we evaluate on Kling-Audio-
Eval [30] and AudioCaps [24] results in Table 4 and
Appendix Table 7. On Kling-Audio-Eval, Omni2Sound
remains highly competitive despite the domain gap
(YouTube-sourced SoundAtlas vs. Kling’s professional
video). While trailing HunyuanVideo-Foley [13] in
some metrics, which is expected given its massive
data advantage (100k vs 2k hours), our model consis-
tently outperforms other unified and specialized base-
lines across all tasks. Furthermore, on AudioCaps,
Omni2Sound achieves top-tier performance against spe-
cialized T2A models, securing the best scores in dis-
tribution metrics (KL, FD) and semantic alignment
(CLAP = 0.36), while remaining highly competitive
in audio quality (PQ) and the FAD metric.

Subjective Evaluation. To validate perceptual perfor-
mance, we conduct a human evaluation (detailed in Ap-
pendix F) across three dimensions: Acoustic Fidelity
(MOS-Q), Semantic Consistency (MOS-S), and Tempo-
ral Synchronization (MOS-T). As shown in Appendix
Fig. 4, Omni2Sound outperforms all baselines on both
VT2A and V2A tasks. Crucially, these subjective re-
sults are highly consistent with the objective metrics in
Table 3, confirming our model’s superiority in both gen-
eration quality and cross-modal alignment.

6.3. Ablation Studies

We first analyze the multi-task training dynamics in Ta-
ble 5 to demonstrate how high-quality data resolves task
competition, and then use Table 6 to prove the necessity
of our three-stage progressive training schedule.

High-Quality VT2A Data as a Critical Bridge. We
first investigate the Cross-Task Competition between
V2A and T2A, which persists even when models are
based on the T2A pretraining from Stage 1. As shown
in Table 5 (rows 1-2), a naive joint training of V2A and
T2A results in a severe trade-off. Increasing the T2A
sampling ratio (πT2A) from 0.20 to 0.40 improves T2A
performance (FAD 1.36 → 1.06) but simultaneously de-
grades V2A generation (FAD 0.56 → 0.62), preventing
simultaneous optimization. Our insight is that this con-
flict is resolved by introducing high-quality VT2A data
as a critical bridge. This hypothesis is validated in row 3,
which introduces our SoundAtlas data (denoted by TA*
and VTA*). The results show a dramatic performance
boost, achieving the best metrics across all tasks (e.g.,
T2A FAD 0.94, V2A FD 3.61, VT2A FD 2.83). This
confirms that the high V-A-T alignment in SoundAtlas
is essential for resolving the V2A-T2A competition and
fostering a cooperative dynamic.

To further emphasize that this bridging effect is con-
tingent on data quality, we provide a comparison in row
4. Here, we use standard-quality data (TA/VTA), where
captions were generated by Gemini-2.5 using only the
audio modality. Although the VT2A task is present, the
poor V-T-A alignment fails to resolve the competition,
and performance is still severely compromised (e.g.,
T2A FAD 1.13), far underperforming the SoundAtlas-
driven model. This comparison proves that it is not
merely the VT2A task, but the high-fidelity alignment
of the bridge data, that is essential. This high quality
enables data efficiency: the T2A ratio can be dropped to
πT2A = 0.1 while achieving SOTA T2A performance,
mitigating resource contention as designed.
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Table 5. Ablation study on the Stage 2 multi-task training strategy. TA*/VTA* denotes data from our high-alignment SoundAtlas
dataset, while TA/VTA denotes data from a baseline with audio-only captions generated by Gemini 2.5.

Training Strategy πT2A : πV 2A : πV TA
T2A Task V2A Task VT2A Task

FAD↓ FD↓ FAD↓ FD↓ DS↓ IB↑ FAD↓ FD↓ DS↓ IB↑

TA+VA 0.20 : 0.80 : 0.00 1.36 5.52 0.56 4.13 0.50 0.33 - - - -
TA+VA 0.40 : 0.60 : 0.00 1.06 4.62 0.62 4.63 0.52 0.32 - - - -
TA*+VA+VTA* 0.10 : 0.35 : 0.55 0.94 4.22 0.57 3.61 0.49 0.33 0.53 2.83 0.51 0.32
TA+VA+VTA 0.20 : 0.30 : 0.50 1.13 4.68 0.56 4.22 0.50 0.32 0.62 3.51 0.51 0.33

Table 6. Ablation study on our progressive multi-task train-
ing. We compare our full S1 → S2 → S3 model against three
baselines (S2, S1 → S2, and S1 → [S2+S3]). All models are
trained for the same total 1.2M steps.

Task Method FAD↓ FD↓ DS↓ IB↑

T2A

S2 1.22 5.88 - -
S1 → S2 0.94 4.62 - -

S1 → [S2+S3] 1.11 4.45 - -
S1 → S2 → S3 1.01 4.61 - -

V2A

S2 0.68 4.70 0.47 0.33
S1 → S2 0.57 3.61 0.49 0.33

S1 → [S2+S3] 0.60 3.81 0.47 0.34
S1 → S2 → S3 0.51 3.41 0.47 0.35

VT2A

S2 0.63 4.40 0.49 0.33
S1 → S2 0.53 2.83 0.51 0.32

S1 → [S2+S3] 0.61 3.27 0.50 0.33
S1 → S2 → S3 0.53 2.95 0.49 0.34

Necessity of the Progressive Three-Stage Schedule.
Next, we demonstrate the necessity of our full progres-
sive schedule in Table 6. We compare our full S1 → S2
→ S3 pipeline against three baselines, all trained for the
same total steps on SoundAtlas data. First, comparing
the S2 only model with the S1 → S2 model confirms
the value of the Stage 1 generative prior. Without S1,
the S2 only model fails to converge well, showing poor
quality (T2A FAD 1.22, V2A FAD 0.68). The S1 →
S2 model, benefiting from the pretraining, significantly
boosts generation quality (T2A FAD 0.94, V2A FAD
0.57) and resolves the Cross-Task Competition. How-
ever, this model still suffers from Intra-Task Compe-
tition (modality bias), as evidenced by its weaker A-
V synchronization (V2A DS 0.49). Second, we vali-
date our crucial hypothesis that Stage 3 must be decou-
pled. The S1 → [S2+S3] baseline, which merges the
S3 robustness augmentations directly into S2, destabi-
lizes the fragile optimization process. While it main-
tains A-V synchronization (V2A DS 0.47), introducing
these augmentations prematurely harms the generative
quality achieved in S2, leading to a clear degradation in
FAD/FD scores (e.g., V2A FAD 0.60, VT2A FAD 0.61).

Finally, our full S1 → S2 → S3 model resolves both
challenges. As established in our method, S3 has two
complementary goals: mitigating the text bias (via Text
Dropout) and the video bias (via Off-screen Synthesis).

Table 7. VT2A evaluation on VGGSound-Omni off-screen
track. We compare S1→S2 against our full S1→S2→S3
model to validate Off-screen Synthesis augmentation.

Method FAD↓ KL↓ LA-CLAP↑ Win Rate↑

S1 → S2 0.97 1.46 0.31 46.8%
S1 → S2 → S3 0.85 1.39 0.32 53.2%

The main results in Table 6 confirm the first goal: the full
S3 model enhances cross-modal consistency (V2A DS
0.49 → 0.47) while achieving the highest overall gener-
ation quality (V2A FAD 0.51). To validate the second
goal—improving faithfulness against a video bias—we
conduct a targeted evaluation on our VGGSound-Omni
off-screen track, presented in Table 7. This table com-
pares the S1→S2 baseline against our full model, show-
ing the S3 augmentations yield superior audio quality
and improved objective text-audio alignment. This gain
in faithfulness is further confirmed by a subjective pref-
erence test using an MLLM-as-Judge (evaluating text-
audio faithfulness on a 1-to-5 scale).

7. Conclusion
In this work, we addressed the foundational chal-
lenges of unified video-text-to-audio (VT2A) genera-
tion: data scarcity and cross-task competition. We in-
troduce a three-part contribution: SoundAtlas, the first
large-scale, human-expert-level audio caption dataset;
Omni2Sound, a unified model featuring a three-stage
progressive schedule to resolve task competition; and
VGGSound-Omni, a comprehensive benchmark for uni-
fied VT2A evaluation. Our experiments demonstrate
that this approach effectively resolves cross-task and
intra-task competition and enables Omni2Sound to
achieve unified state-of-the-art performance.
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