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1. More Related Work

1.1. Diffusion Transformer
Diffusion Transformer (DiT) models [2, 12, 13, 19] have
emerged as a dominant paradigm in AI content creation due
to their scalability and incredible performance in visual gen-
eration tasks. With flow matching [10] offering more sta-
ble and robust training than the score-based diffusion pro-
cess [15], some flow-based diffusion transformers [4, 8, 11]
are proposed to enhance the efficiency and quality of text-
to-image generation. Notably, Stable Diffusion 3 (SD3) [4]
employs multimodal DiT blocks to enable bidirectional in-
formation flow between image and text tokens. Unlike SD3,
Flux [8] incorporates a sequence of single-modality DiT
blocks after multimodal DiT blocks to further strengthen
image generation, whose structure design has proven effec-
tive for other modalities such as audio [3, 6]. To improve the
training stability and inference efficiency of flow-based DiT
models, Lumina-T2X [5], Lumina-Next [20], and Lumina-
Video [9] introduce more efficient attention mechanisms for
integrating visual tokens with textual conditions. Built upon
these advancements, our flow-based VisioSonic introduce a
video-text-audio co-attention mechanism to efficiently in-
teract aligned video-audio latents with multimodal condi-
tions. In addition, our work removes the single-DiT stream
and exclusively adopts pure transformer blocks, achieving
a conciser model structure and faster inference speed than
MMAudio [3].

2. Effects of Different Model Components

We conduct an ablation study to assess the contribution of
each component, as shown in Table 1. Removing the condi-
tioner leads to a significant degradation in audio quality, re-
flected by a substantial increase in FD and KL scores. In ad-
dition, removing the token aligner degrades semantic con-
sistency, as indicated by the drop in IB-score, while omit-
ting Syncformer weakens temporal synchronization, result-
ing in a higher DeSync score.

Table 1. Comparison results of different components.

FDPaSST↓ KLPaSST↓ IB-score↑ DeSync↓

VisioSonic Base 58.27 1.30 32.8 0.45
- Conditioner 102.7 2.7 21.9 0.86
- Token Aligner 60.9 1.45 31.5 0.52
- Syncformer 61.1 1.32 32.7 0.79

Table 2. Comparison of other baselines w/ and w/o STAR-DPO.

MMAudio +STAR-DPO Frieren +STAR-DPO

IB ↑ 32.27 33.56 22.78 25.67
DeSync ↓ 0.44 0.42 0.851 0.71

3. Generalization of STAR-DPO

To evaluate the generalization capability of STAR-DPO,
we apply it to two representative V2A baselines, MMAu-
dio and Frieren, and observe consistent improvements in
both semantic and temporal alignment, as shown in Ta-
ble 2. Specifically, STAR-DPO improves IB-score and re-
duces DeSync for both models, demonstrating its effective-
ness across different architectures and its ability to consis-
tently enhance audio-visual alignment.

4. Robustness of Automated Labeling

To assess the robustness of the automated labeling, we con-
duct a human study on 200 randomly sampled videos from
50 classes in the VGGSound validation set. For each video,
annotators select the best and worst audio among five can-
didates based on temporal alignment, semantic alignment,
and overall quality. As shown in Table 3, the agreement be-
tween human annotations and the pretrained ranker is con-
sistently high for both Top-1 (winner) and Bottom-1 (loser)
selections across all criteria. These results suggest that the
pretrained ranker aligns well with human judgment, sup-
porting the reliability of the automated labeling.

Table 3. Agreement between automatic and human labeling.

Semantic Agree. Temporal Agree. Overall

Top-1 (winner) 81% 82% 80%
Bottom-1 (loser) 85% 87% 85%

5. Effect of Reward Model Ratios

To construct audio-video preference pairs, we leverage ex-
isting ImageBind and SynchFormer as the reward models to
judge generated audio samples. Specifically, the ImageBind
uses internal audio and video encoders to extracts audio and
video semantic latents, which are used for similarity calcu-
lation to obtain the audio-video semantic alignment score.



Table 4. Comparison results on various weight ratios between ImageBind and Synchformer rewards.

ImageBind:Synchformer Distribution matching Audio qualitySemantic align.Temporal align.

FDPaSST↓ FDPANNs↓ FDVGG↓ KLPANNs↓ KLPaSST↓ IS↑ IB-score↑ DeSync↓
1:1 55.48 4.36 0.99 1.44 1.29 18.41 33.1 0.41
1:2 55.61 4.62 1.09 1.46 1.30 17.66 32.9 0.42
2:1 57.50 5.08 0.99 1.47 1.29 17.70 33.0 0.43
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Figure 1. Improvement results of Top-5 and Bottom-5 categories.

Meanwhile, the Synchformer is used to extract high-frame-
rate video and audio features and then compute the sim-
ilarity along the temporal direction, yielding audio-video
temporal alignment score. Afterwards, these two scores are
weighed summed to form the final reward score for the best-
of-N selection for inferred polices. To evaluate the impact
of different weight ratios, we conduct a comparison experi-
ment with various reward ratios like 1 : 1, 1 : 2, and 2 : 1 as
shown in the Table 4. We can observe that different weight
ratios present a minor performance variation, and the ratio
1 : 1 achieves the best score across all evaluation metrics.
It shows that both ImageBind and Synchformer rewards
contribute equally to synthesizing high-quality audio-video
preference data.

6. Category-Level Analysis of STAR-DPO

We further analyze the effect of STAR-DPO across differ-
ent video categories and failure modes. STAR-DPO im-
proves temporal alignment in approximately ∼70% of the
evaluated classes. As shown in Figure 1, the improvements
are more pronounced in action-driven events with clear
temporal cues (e.g., door slamming or clapping), whereas
categories dominated by background sounds or off-screen
sources remain more challenging.

7. Subjective Evaluation
We conduct the human evaluation for the subjective per-
formance of our model with five comparison models, such
as Seeing&Hearing [17], FoleyCrafter [18], VATT [1],
Frieren [16] and MMAudio [3]. We sample 10 videos from
the VGGSound testing set and feed them into each model to
generate corresponding audio, resulting in 60 video-aligned
audio samples. For each audio-video pair, we ask vol-
unteers to rate it based on audio quality, audio-video se-
mantic consistency, and audio-video synchronization. For
each evaluation dimension, we will give specific instruc-
tions for volunteers and define the scale from 1 to 5 to repre-
sent strongly disagree, disagree, neutral, agree, and strongly
agree, respectively. The given instructions are presented as
follows:

(a) Audio quality: Please rate audio quality based on
whether it is noisy, unclear, or muffled. Note that, please
ignore the visual information and only focus on the audio.

(b) Audio-video semantic alignment: Please judge if
the audio effects are likely to occur in the scenario depicted
by the video based on semantic coherence.

(c) Audio-video temporal alignment: Please judge if
the audio effects are delayed/advanced/synchronized com-
pared to the video, or if audio events happen at the wrong
time



Figure 2. More visualizations of generated audio spectrograms on VGGSound test subset.

8. Limitation and Future Work

Although our VisioSonic can synthesize off-screen sounds
by modifying language captions, it remains challenging to
generate high-fidelity and nuanced off-screen audio. To ad-
dress this limitation, it is essential to curate a mixed dataset
containing both on-screen and off-screen audio-video pairs
for training. Furthermore, our proposed STAR-DPO lever-
ages pre-trained ImageBind and Synchformer as reward
models to construct positive and negative audio-video pairs.
While this approach is computationally efficient and re-
quires no manual annotations, it remains suboptimal for se-
lecting audio-video pairs that align well with human pref-
erences. In future work, we plan to design a more effec-
tive audio-video reward model and train it from scratch
using human-annotated preference data. Lastly, our cur-
rent model primarily focuses on synthesizing video-based

sounds, without fully considering other audio types such
as speech and music. We aim to extend VisioSonic to
jointly support the generation of any audio sources, includ-
ing sound effects, speech, and music.

9. More Visualizations
We present more visualizations of the generated audio spec-
trograms on the VGGSound test subset, as shown in Fig-
ure 2 and Figure 3. We also show qualitative visualiza-
tions on out-of-domain datasets, including MovieGen Au-
dio Bench [14] in Figure 4, Sora videos [2] in Figure 5, and
Hunyuan videos [7] in Figure 6.
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Figure 3. More visualizations of generated audio spectrograms on VGGSound test subset.

Wheels spinning, and a slamming sound
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Figure 4. Visualization of generated audio spectrograms on MovieGen Audio Bench.
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Figure 5. Visualization of generated audio spectrograms on Sora videos.
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Figure 6. Visualization of generated audio spectrograms on Hunyuan videos.
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