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Generation Models

Supplementary Material

In this supplementary material, we provide the details of
experimental settings, our proposed method, and additional
results.

1. Datasets and Settings

Training datasets. As stated in the main paper, our pri-
mary video-to-audio dataset is VGGSound, which serves
as the core resource for training and evaluation. To fur-
ther enhance the capability of our model, we incorporate
additional training using text-to-audio datasets, specifically
WavCaps [9] and Clotho [3]. These supplementary datasets
provide rich textual descriptions paired with audio, enabling
the model to learn from diverse textual cues. It is important
to emphasize that, when leveraging these datasets, we only
utilize the textual information to complement audio gener-
ation, without introducing any extra visual context. This
approach ensures that the improvements gained from these
resources stem solely from text-based learning rather than
multimodal inputs (i.e., visual cues).

Evaluation datasets. For the UnAV 100 benchmark, we uti-
lize the official test set provided by UnAV100 in its origi-
nal form, without introducing any modifications. During
the evaluation phase, captions are deliberately withheld for
all instances within this set. This design ensures that the
task remains strictly focused on video-to-audio generation,
eliminating any dependency on textual inputs and thereby
preserving the video-to-audio evaluation setting. For the
LongVale datasets, the original evaluation sets predomi-
nantly consist of short video clips, many of which have au-
dio segments shorter than one minute. To address this lim-
itation and create a more balanced evaluation scenario, we
selectively sample additional videos from the training split
of LongVale [4] and eliminate short videos from the origi-
nal test set. These selected videos are incorporated into the
evaluation set to increase diversity and length. As a result of
this augmentation, the final evaluation set comprises around
1K videos, each averaging approximately 45 seconds in du-
ration. This adjustment ensures a more representative and
robust evaluation for tasks involving video-to-audio gener-
ation.

2. The Details of MMHNet

Flow matching. We use flow matching in our proposed
approach. To be specific, we use 25 training steps and apply
the same for inference. We train with learning rates of le-4
with the AdamW optimizer for 200K iterations.

Temporal synchronization features. The temporal
synchronization feature is encoded using Synchformer
model [6]. A 1D convolutional layer (kernel size = 7,
padding = 3) is employed to project the input into a hidden
representation, followed by a SELU activation function [8].
Subsequently, a ConvMLP layer with a kernel size of 3 and
padding of 1 is applied.

Visual and text semantic features. Semantic visual and
textual features are encoded using the CLIP model [10] to
capture cross-modal representations. The subsequent pro-
jection layer incorporates a ConvMLP block with a kernel
size of 3 and padding of 1, enabling local spatial interac-
tions while preserving the original sequence length.

Audio features. A 1D convolutional layer (kernel size = 7,
padding = 3) is utilized to project the input into a hidden
representation, followed by a SELU activation function [8].
Subsequently, a ConvMLP layer with a kernel size of 7 and
padding of 3 is applied.

Audio Variational Auto Encoder (VAE). As described in
the main paper, audio latents are obtained by first applying a
short-time Fourier transform (STFT) to the input audio and
extracting the magnitude component as mel spectrograms.
We use 44 kHz audio with a latent frame rate of 43.07. The
mel bins, FFT size, hop size, and window size are set to 128,
2048, 512, and 2048, respectively. These spectrograms are
then encoded into latent representations using a pretrained
VAE. During inference, the generated latents are decoded
back into spectrograms via the VAE and subsequently con-
verted into audio waveforms using a pretrained Vocoder,
such as BigVGAN-V2 [7]. For the VAE architecture, we
adopt the 1D convolutional design from Make-An-Audio
2 [5], employing a downsampling factor of 2.

Non-Causal Mamba-2. For the Non-Causal Mamba com-
ponent, we adopt VSSD [11] as the primary building block.
This module largely follows the architectural principles of
Mamba-2 [2], but with a key distinction: the computation
is performed in a non-sequential manner. By removing the
strict sequential processing constraint, the model can pro-
cess multiple tokens simultaneously and capture a global
view of the entire token sequence.

3. Additional Experiments

We conduct a further ablation study to observe the perfor-
mance gain of each specific module in our proposed model.
Note that we conduct this ablation study using the small
version of MMHNet.

Ablation on routing strategies. We ablate on having the
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(b) MMHNet w/ Non-Causal Mamba-2
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Figure A1l. Visualization of heatmaps for activation matrices in Causal Mamba-2 and Non-Causal Mamba-2 within MMHNet: (a) Causal
Mamba-2, used as a Transformer replacement, shows activation scores in the transition matrix that gradually decay during extended audio
generation (up to 5 minutes). (b) Non-Causal Mamba-2 maintains visible activation scores in the transition matrix prior to routing. (c)
After routing, the transition matrix becomes more pronounced in the compressed representation space.

UnAV100
Variant FDpanns + FDpasst | ISCpanns T ISCpasst T IB-Score T DeSync |
No Routing 6.31 264.43 6.58 6.72 35.00 0.621
Temp. Routing 6.57 214.01 7.06 7.09 33.82 0.474
Temp. + MM Routing ~ 5.87 217.00 7.62 8.21 36.82 0.439

Table Al. Ablation study on routing strategies using the UnAV 100
dataset.

UnAV100
FDpann | FDpasst | ISCpann T ISCpasst T IB-Score T DeSync |
W/o Pos. Emb.  3.24 220.37 7.76 8.30 36.75 0.425
W/ Pos. Emb. 3.35 217.00 7.62 8.21 36.82 0.439

Table A2. We compare our proposed approach with and without
positional embeddings applied on input conditions.

structure of temporal and MM routing in our proposed net-
work structure as shown in Table Al. We observe that the
model with a temporal routing mechanism could improve
DeSync scores, which are related to temporal synchroniza-
tion between audio and visual modalities.

Ablation on additional position embeddings for the tem-
poral sync. condition. Beyond the current framework, we
also conducted an experiment to assess the impact of posi-
tional embeddings. Specifically, we examined whether re-
moving them would degrade performance and whether our
design choice could be justified. As shown in Table A2, the
use of positional embeddings has minimal impact on overall
performance.

Analysis on Causal-Mamba and Non-Causal Mamba at-
tention maps. Figure Al illustrates the activation maps of
the transition matrix of Mamba-2 across all tokens, taken
from the first single-modal layer. From these visualizations,
we observe that the activation scores in Causal Mamba-2
exhibit a noticeable decay as more tokens are processed.

Specifically, the activations are concentrated within the ini-
tial segment of the sequence, primarily spanning the first
250-300 tokens, which corresponds to approximately 10
seconds of audio. This pattern suggests that the model’s
attention is biased toward early tokens, with diminishing in-
fluence on later tokens.

Running time. We evaluated the time required to con-
vert long videos into audio across multiple samples. Our
proposed method achieves speed improvement in the wall
clock time compared to MMAudio [1], despite sharing a
similar MMDiT-like architecture. For example, our ap-
proach with a large version can generate 500 seconds of au-
dio in approximately 60 seconds, whereas MMAudio takes
about 120 seconds for the same task, up to 2x improve-
ment. All measurements were conducted on an H100 GPU
with 80GB memory.

Similarity metrics. We also evaluated alternative similar-
ity metrics, but, as shown in Tab. A3, they consistently un-
derperform cosine similarity across most evaluation mea-
sures. This behavior is expected. Our routing mechanism
relies on CLIP-based condition encoders, and CLIP is ex-
plicitly trained with a cosine-similarity objective. Using a
mismatched distance metric would fundamentally misalign
with the geometry of the CLIP embedding space and de-
grade token selection. Consequently, cosine similarity is the
only principled and effective choice for our routing mecha-
nism.

Distance Metric FDygg | FDpanns . ISCpanns T IB-Score T DeSync |

Euclidean 3.53 6.76 8.80 35.48 0.433
Dot Product 3.69 7.03 8.57 35.39 0.424
Cosine Similarity ~ 1.80 5.29 8.10 36.27 0.410

Table A3. Comparison with different distance metrics on
UnAV100.



UnAV100
Variant FDpynns | FDpasst I ISCpanns T ISCpasst T IB-Score T DeSync |
CFG=2.0 6.5 241.36 7.70 7.16 33.08 0.586
CFG=3.0 7.33 257.02 6.88 6.30 28.91 0.571
CFG=4.0 5.29 209.06 8.10 7.35 36.27 0.410
CFG=5.0 5.80 183.86 8.40 7.30 36.77 0.412
CFG=6.0 6.75 224.04 8.26 7.26 35.14 0.435

Table A4. Analysis on different CFG scores.

Performance across different hyperparameters. We ana-
lyze different classifier-free guidance (CFG) values to iden-
tify the optimal setting for achieving the best results, as
shown in Table A4. Based on this evaluation, we use a CFG
value of 4.0 as the hyperparameter across all experiments.
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