ViSAudio: End-to-End Video-Driven Binaural Spatial Audio Generation
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Figure 1. Overview. Left: BiAudio dataset converts 360° videos and FOA audio into perspective video and binaural audio pairs, employing
diverse camera rotations to enhance spatial cues. Middle: Our end-to-end pipeline employs conditional flow matching with a dual-branch
generation architecture, integrated with a conditional spacetime module to generate spatially immersive binaural audio from multimodal
inputs. Right: Example results generated by ViSAudio. As shown above, our model faithfully generates the visible sound of waves
crashing, highlighted with red boxes in both the video frames and the audio waveform, with the left channel louder since the sound event
occurs on the left. It also captures subtle environmental sounds like ocean noise, highlighted with blue boxes, demonstrating its ability
to reproduce fine-grained background acoustics. As shown below, as the camera rotates right, the marimba sound moves left, increasing
left-channel amplitude while decreasing the right, demonstrating dynamic adaptation to viewpoint changes.

Abstract dataset, comprising approximately 97K video-binaural au-

dio pairs spanning diverse real-world scenes and camera

Despite progress in video-to-audio generation, the field fo- rotation trajectories, constructed through a semi-automated
cuses predominantly on mono output, lacking spatial im- pipeline.  Furthermore, we propose ViSAudio, an end-
mersion. Existing binaural approaches remain constrained to-end framework that employs conditional flow matching
by a two-stage pipeline that first generates mono audio with a dual-branch audio generation architecture, where
and then performs spatialization, often resulting in er- two dedicated branches model the audio latent flows. In-
ror accumulation and spatio-temporal inconsistencies. To tegrated with a conditional spacetime module, it bal-
address this limitation, we introduce the task of end-to- ances consistency between channels while preserving dis-
end binaural spatial audio generation directly from silent tinctive spatial characteristics, ensuring precise spatio-
video. To support this task, we present the BiAudio temporal alignment between audio and the input video.



Comprehensive experiments demonstrate that ViSAudio
outperforms existing state-of-the-art methods across both
objective metrics and subjective evaluations, generating
high-quality binaural audio with spatial immersion that
adapts effectively to viewpoint changes, sound-source mo-
tion, and diverse acoustic environments. Project website:
https://kszpxxzme. github.io/ViSAudio-project.

1. Introduction

With the rapid growth of virtual and augmented reality [1,
18], the demand for realistic, immersive audio-visual expe-
riences has surged. To achieve immersion, sound must not
only be synchronized with visual content but also convey
spatial awareness. Binaural spatial audio creates a highly
realistic spatial listening experience by simulating a two-
dimensional soundscape. However, traditional binaural au-
dio production requires specialized equipment and exper-
tise [61]. Therefore, automatically generating spatial binau-
ral audio from silent video offers substantial practical value.

Driven by advancements in generative Al, recent re-
search [5, 7, 32, 48, 51, 52, 55, 56] has made signifi-
cant strides in generating mono audio from silent video
in an end-to-end manner. However, binaural audio gener-
ation remains constrained by a two-stage process: mono
audio is first generated using a pretrained video-to-mono-
audio generator and then transformed into binaural spa-
tial audio through a separate spatialization process. Some
methods [8, 50, 59] localize and track sound sources in
input video to synthesize plausible spatial audio, while
others [12, 13, 35, 53, 60] employ UNet-like [42] archi-
tectures to predict binaural channels directly from mono
audio. However, these approaches rely heavily on pre-
synthesized mono audio, making their performance inher-
ently constrained by the quality of the first-stage output.
Meanwhile, the subsequent spatialization often considers
only visible sound sources, ignoring off-screen sounds and
environmental noise. This two-stage paradigm is therefore
prone to error accumulation, leading to misalignment with
the input video and inconsistencies in spatial. Recent meth-
ods [23, 29] have established an end-to-end paradigm for
spatial audio generation, enabling direct synthesis of First-
Order Ambisonics (FOA) from video. However, these ap-
proaches depend on 360° video inputs or rely on extra pa-
rameters such as camera orientation. In contrast, end-to-end
binaural audio generation aims to extract spatial cues di-
rectly from perspective video, making it broadly applicable.
Nevertheless, this direction remains largely unexplored.

In this work, we propose to generate binaural spatial
audio from silent video in an end-to-end manner. This
is a challenging task due to data sparsity: Existing real-
world video-binaural datasets [11, 46, 57, 58] are small in
scale, lack diversity, and often focus on narrow environ-

ments like street scenes or music. Others rely on synthetic

audio and video [14], limiting their real-world applicabil-

ity. Moreover, previous datasets are often constrained by
fixed camera perspectives, with very few containing cam-
era motion. To address these limitations, we introduce

BiAudio, a large-scale, open-domain dataset featuring di-

verse real-world sound environments. It consists of approx-

imately 97,000 pairs of binaural spatial audio and video
clips, each lasting 8 seconds and accompanied by descrip-
tive captions, totaling 215 hours. We developed a semi-
automated pipeline for dataset construction, during which
we diversified camera rotation trajectories to ensure that the
generated audio is not restricted by fixed viewpoints.
Furthermore, we propose ViSAudio, the first end-to-
end framework designed to generate binaural spatial au-
dio based on silent video and optional text conditions.

ViSAudio employs conditional flow-matching to jointly

model the left and right audio channels through a Dual-

Branch Audio Generation design, ensuring channel con-

sistency while maintaining distinct spatial characteristics.

To further improve spatio-temporal fidelity, we introduce

a Conditional Spacetime Module that extracts synchroniza-

tion and spatial features from the video and injects them

into the dual-channel generation process. The architecture
enables the generation of high-quality, immersive audio that
remains spatio-temporally aligned with the input video, out-
performing existing state-of-the-art approaches.

Our contributions can be summarized as follows:

* We curate BiAudio, a large-scale, open-domain dataset of
video—binaural audio pairs with diverse camera motions,
along with a semi-automated construction pipeline.

* We propose ViSAudio, a novel framework that integrates
a conditional spacetime module into dual-branch audio
generation, achieving channel coherence and spatial dis-
tinctiveness with precise audio—visual spatial consistency.
We achieve end-to-end binaural audio generation from
silent video, bypassing the limitations of conventional
two-stage approaches.

» Extensive experiments demonstrate that ViSAudio out-
performs state-of-the-art methods on both objective met-
rics and subjective evaluations, generating high-quality
binaural audio with strong spatial immersion and adapt-
ing effectively to viewpoint changes, sound-source mo-
tion, and diverse acoustic environments.

2. Related Work

Video-to-Audio Generation. Early research [19, 34,
37, 43, 47] primarily focuses on auto-regressive models.
SpecVQGAN [19] pioneers open-domain video-to-audio
generation using a VQGAN-based [9] Mel-spectrogram
codebook. Diffusion models [41] significantly advance
V2A generation [5, 7, 32, 48, 51, 52, 55, 56]. Diff-
Foley [32] combines contrastive audio—visual pretraining
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Table 1. BiAudio Dataset. Comparison between BiAudio and existing binaural audio-video datasets. FoV and 360° denote Field-of-
View and panoramic videos, respectively, while FOA stands for First-order Ambisonics. BiAudio is currently the largest video-binaural
audio dataset, featuring open-domain sounds from diverse real-world environments and varied camera rotation trajectories, enabling audio
generation beyond fixed viewpoints. Rich captions allow modeling of subtle environmental sounds, producing more realistic audio.

Dataset Statistic Data Type Caption Camera
#Clips Duration | Video Type Open Domain Real-world Visible Invisible | Viewpoint
OAP [46] 64k 26h 360° Street v X X Fixed
Fair-Play [11] 1.9k 5.2h FoV Music v X X Fixed
SimBinaural [14] 22k 116.1h FoV Music X X X Fixed
MUSIC-21 [57, 58] 1.7k 81h FoV Music v v X Fixed
YouTube-Binaural [14] 0.4k 27h FoV v v X X Fixed
BiAudio (Ours) 97k 215h FoV v v v v Moving

with latent diffusion to model spectrogram representations
in latent space. Recent works [6, 30, 39, 49] adopt flow-
matching-based [28, 45] generative models. Frieren [49]
applies rectified flow matching [31] with reflow and one-
step distillation for efficiency. MMAudio [6] employs a
flow-matching framework conditioned on multimodal in-
puts. Emerging multimodal frameworks [2, 5, 6, 30, 39, 43,
48, 55, 56] further advance the field by jointly modeling au-
dio, visual, and textual modalities. Our method, ViSAudio,
goes further by leveraging spatial cues to generate binaural
audio, employing a flow-matching framework conditioned
on multimodal inputs.

Visual-based Spatial Audio Generation. Producing spa-
tial audio typically requires specialized equipment (e.g., mi-
crophone arrays), motivating research into generating it au-
tomatically from visual information. Early approaches [4,
8, 12, 13, 35, 50, 53, 59, 60] typically follow a two-stage
pipeline for visual-based spatial audio generation: mono
audio is first generated and then transformed into spatial
audio using visual cues. Some methods [8, 50, 59] local-
ize and track sound sources from input videos to synthesize
plausible spatial audio, while others [4, 12, 13, 35, 53, 60]
adopt UNet-like [42] architectures to predict binaural chan-
nels from mono audio directly. However, these methods
rely heavily on pre-existing mono audio inputs, introduc-
ing additional challenges such as misalignment with visuals
and limited spatial consistency. Recently, end-to-end meth-
ods [23, 29] have emerged, directly generating spatial audio
by leveraging both spatial and semantic cues from videos.
OmniAudio [29] generates first-order ambisonics (FOA)
audio from 360° panoramic videos, while ViSAGe [23] gen-
erates FOA audio from field-of-view (FoV) videos condi-
tioned on corresponding camera directions. However, end-
to-end binaural audio generation remains unexplored. We
propose the first end-to-end framework that directly infers
spatially consistent binaural audio from visual content.

3. BiAudio Dataset

We introduce BiAudio, a large-scale dataset for video-to-
spatial audio generation. It consists of about 97,000 pairs

of binaural spatial audio and perspective video clips, each
lasting 8 seconds and accompanied by descriptive captions,
for a total of 215 hours. To ensure perceptually distinct spa-
tial cues, we generate diverse camera rotation trajectories
and discard samples with minimal left-right channel differ-
ences. The data construction process is detailed in Sec. 3.1,
and the dataset statistics are presented in Sec. 3.2.

3.1. Dataset Construction

Data Creation. We construct our dataset by sampling
paired first-order ambisonics (FOA) audio and 360° video
from the Sphere360 dataset [29], which covers a diverse
range of real-world, open-domain acoustic environments.
To better align with human perception, the 360° videos are
projected into 90° perspective views along pre-defined cam-
era rotation trajectories, while the corresponding FOA au-
dio is rendered into binaural signals via Head-Related Im-
pulse Response (HRIR) convolution.

However, in real-world perception, humans can hear
off-screen sounds even when observing a limited perspec-
tive view. Accordingly, real-world binaural audio con-
tains abundant off-screen sounds as well as environmental
noises that cannot be localized. As illustrated on the left
of Fig. |, humans can localize the sound of music and con-
versation, which is visible in the video and marked with
yellow speaker icons, whereas off-screen sounds such as
distant traffic and environmental noises like wind cannot
be precisely localized. Using such raw audio-visual data
indiscriminately may introduce semantic noise and weaken
audio-visual alignment. To address this, we design a two-
stage pipeline to finely annotate visible and invisible sound
sources. Specifically, Qwen2.5-Omni [22] produces de-
tailed textual descriptions that capture both visible sounds
and background sounds, including off-screen sources and
environmental noise. These descriptions are then distilled
by Qwen3-Instruct-2507 [54] into concise captions follow-
ing the format: “Visible sound: <audible sound>, Invisi-
ble sound: <background sound>". A sample is shown in
Fig. 1. For details, please refer to Appendix Sec. A.2
Spatial Cue Enhancement. To strengthen perceptually



distinct spatial cues and overcome the constraints of fixed
viewpoints, we diversify camera rotation trajectories. Each
trajectory starts from a random pitch, yaw, and roll orien-
tation, followed by random drifts to mimic natural move-
ments. Additionally, we ensure that the main visual cues
corresponding to the audio stay within the field of view for
a certain duration. Specifically, we compute the direction of
maximum audio energy [23, 36] for each clip using spheri-
cal harmonics decomposition and adjust the camera’s initial
orientation so that the trajectory is roughly centered around
the primary sound source, as shown in Fig. 1. After obtain-
ing the binaural audio, we discard samples with a normal-
ized left-right channel difference below 0.01, ensuring that
the retained samples exhibit distinct spatial auditory cues.

3.2. Dataset Statistics

BiAudio stands out as the largest FoV video dataset with
binaural audio format. As shown in Tab. I, previous real-
world binaural datasets are much smaller in scale. While
SimBinaural [14] offers over 100 hours of content, its syn-
thetic video and audio limit its reliability for real-world ap-
plications. Moreover, these datasets typically focus on nar-
row sound environments: OAP [46] on street scenes, and
Fair-Play [11], SimBinaural [14], and MUSIC-21 [57, 58]
on music. In contrast, BiAudio is large-scale and open-
domain, offering diverse real-world sound environments.
Spatial Cue Enhancement (Sec. 3.1) further improves spa-
tial perception and dynamics, making it ideal for video-to-
binaural spatial audio generation.

4. ViSAudio Method

The overall architecture of ViSAudio is depicted in Fig-
ure 2. Our approach builds upon parts of the MMAu-
dio [6] architecture, fine-tuning the pretrained MMAudio
to inherit its robust audio generation capabilities, ensuring
strong generalization across open-domain acoustic environ-
ments. To generate binaural audio that ensures both chan-
nel coherence and spatial distinctiveness, we adopt Dual-
Branch Audio Generation (Sec. 4.2), where two dedicated
branches independently predict left and right flows. Ad-
ditionally, we introduce Conditional Spacetime Module
(Sec. 4.3), which extracts spatio-temporal features from the
video and integrates them into the generation process, fur-
ther enhancing the audio’s spatial realism.

4.1. Preliminaries

Conditional Flow Matching. We employ the CFM objec-
tive [28, 45] for audio generation, guiding the model to
progressively transform noise xg sampled from the stan-
dard normal distribution into audio latents x, conditioned
on video and text. CFM defines a probability density path
pi(z) for ¢ € [0,1]. A common and theoretically grounded
choice is to construct this path using Optimal Transport

(OT) displacement interpolation [33], yielding:
xy =tz + (1 — )z, (1)
and the corresponding velocity field at x; is:
u(xy | ®o, 1) = 21 — Tp. 2)

The goal of CFM is to learn a time-dependent conditional
velocity field vg(t,C,z) : [0,1] x R® x R? — R, pa-
rameterized by a neural network with parameters 6, where
t is the timestep, C denotes the conditioning features, and
x denotes a point in the vector field. During training, we
optimize 6 using the conditional flow matching objective:

Bt g(z0).a(e1,0) 100 (t, C, 2) — u(zy | 2o, 21) |, (3)

where ¢ is uniformly sampled, ¢(zo) is the standard normal
distribution, and g(x1, C) is sampled from the training set.
Binaural Spatial Audio Generation. Given a perspec-
tive video Z = {I,}_,, where N denotes the number of
frames and each I,, € R3*>W i5 an RGB image, option-
ally accompanied by text 7, our objective is to generate
high-quality binaural spatial audio A = {A!, A"}, with I
and r indicating the left and right channels respectively. The
generated audio should be spatially immersive and maintain
spatio-temporal consistency with the video. Fig. I illus-
trates our end-to-end pipeline.

Building on conditional flow matching, we extend the
mono flow vy into dual learning targets vle and vy, corre-
sponding to the left and right audio channels. During in-
ference, ViSAudio estimates flows vé, vy for the current la-
tent states x/, 2, conditioned on the video and text inputs
C = {Z[, T]}, along with timestep ¢. The flows are learned
during training by optimizing the following objective:

a a a a 2
> Ergs)aes.o) 105(ECaf) — (25 —26)|*. @
ae{l,r}

The network then numerically integrates the noises z}, and
ol over the interval ¢t € [0,1], guided by flows v}, and
vy. The resulting latents x; and x,. are separately decoded
by the VAE [24] into mel spectrograms, which are in turn
vocoded [27] into a binaural audio waveform.

4.2. Dual-Branch Audio Generation

This module centers on the joint generation of the two au-
dio channels. Although some previous methods [10, 30, 44]
utilize stereo audio VAEs directly, these VAEs discard a
significant amount of spatial information, merely generat-
ing audio in the form of stereo channels without preserving
the spatial cues necessary for an immersive auditory experi-
ence. Instead, our method learns two correlated latent rep-
resentations, x; and x,. These latents remain temporally
synchronized and semantically consistent, while each en-
codes spatial cues unique to its corresponding channel.
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Figure 2. Our ViSAudio Network Architecture. Left: We adopt Dual-Branch Audio Generation (Sec. 4.2), where two dedicated branches
independently predict the left and right audio flows. Right: Conditional Spacetime Module (Sec. 4.3) extracts spatiotemporal cues from
the video and injects them into the generation process, improving spatio-temporal alignment between audio and video.

Features. Multimodal features are extracted during train-
ing. At each timestep t, the audio latents 2 and x7 are
derived from the CFM latent space. We extract multimodal
features to capture information at multiple levels from the
video. The text feature Fi.x and visual feature Fi; are ob-
tained using CLIP [40], which captures coarse-grained se-
mantic content of the video. The synchronization feature
Fiync is obtained via Synchformer [20], which captures the
timing and dynamics of sound events from the video frames.

However, these features do not explicitly encode the spa-
tial positions of sound sources. To address this, we in-
troduce the spatially tuned Perception Encoder [3], which
leverages separate learnable positional embeddings for the
left and right channels to capture fine-grained spatial and
semantic cues from distinct perceptual perspectives, pro-
ducing the spatial feature F;el’r} that enables more accurate
sound source localization.

All features are then projected into a shared hidden di-
mension h. After upsampling, {z!, 27, Fync, F;el’r}} €
R™*" and { Fiex, Fuis} € R”, where m denotes the latent
sequence length. The features are then sequentially passed
through N Multimodal Joint Transformer Blocks and Ny
Single-Modal Branch Transformer Blocks for cross-modal
alignment and channel-specific refinement.

Multimodal Joint Transformer Block. To achieve cross-
modal alignment, we build upon the multimodal trans-
former block design from MMAudio [6] and introduce a
sequential update mechanism. Within each block, the au-
dio latents x! and 7 are updated sequentially by the shared
block to ensure the two channels remain synchronized
and semantically consistent, conditioned on Fi., Fyis, and

Fgyn, as follows:

l / l
'rt ) Fv1s7 Fext — Rjoint ($t7 FviS7 Eexta Fsync): (5)

" 1" / /
xt ’ vav Ftext joint (It ) vav Eextv Fsync)- (6)

Single-modal Branch Transformer Block. To further cap-
ture channel-specific spatio-temporal details, we incorpo-
rate audio-only transformer blocks following FLUX [26].
Each channel is processed independently by its own branch,
refining the latents based on channel-specific conditioning:

xt - Bsmgle (xta Fl ) (7)
‘Tt = :ingle (xt ’ Fr) (8)
where Bsmgle and B, denote the single-modal trans-

former blocks for the left and right branches respectively,
while Fg, represents the global spacetime feature extracted
from our Conditional Spacetime Module (Sec. 4.3).

4.3. Conditional Spacetime Module

This module is designed to generate global spacetime fea-
tures Fy, by incorporating the synchronization feature Fyync
and the spatial feature I, with global contextual informa-
tion. This integration improves the spatio-temporal consis-
tency between the generated audio and the video.

Pe Spatial Feature. As shown in the left part of Fig. 2, the
spatial feature F,, € R™peX16x16xMe jg extracted by the
spatially tuned Perception Encoder [3], where my. repre-
sents the number of video frames (8 fps), hy. is the feature
dimension, and 16 is the patch size. We use PE Spatial be-
cause it retains semantic information while producing high-
quality spatial features. Fj. is then downsampled through
2x2 average pooling to reduce spatial dimensions. Addi-
tionally, two learnable spatial position embeddings, E! and



Table 2. Objective Evaluation Results. We compare ViSAudio with baseline methods on the BiAudio, MUSIC, and FAIR-Play test sets.
Notably, ThinkSound [30] and AudioX [44] produce 2-channel stereo audio rather than authentic binaural spatial audio. Comprehensive
details regarding the baseline methods and evaluation metrics are provided in Sec. 5.1. The best results are highlighted in bold, and the
second-best results are underlined. Our model consistently outperforms all baselines across all metrics and test sets.

Audio Distribution Matching

Video-Audio Alignment

Dataset Method : i .
FDygl FDQ,V(ifG I FDpiwd  FDRENS KLpawd KLp&nd  DeSyncl IB-Scoret
In-distribution
ThinkSound [30] 5.125 5.949 23.801 23.928 2.462 2.480 0.903 0.191
AudioX [44] 4.224 3.811 22.240 20.941 2.167 2.165 1.157 0.235
BiAudio ViSAGe [23] 14.212 14.432 62.587 60.289 3.546 3.483 1.159 0.123
See2Sound [8] 9.573 9.904 42.853 41.797 3.410 3.427 1.244 0.088
ViSAudio (Ours) 2.516 2.479 13.917 12.684 1.355 1.360 0.788 0.299
ThinkSound [30] 16.451 16.922 14.948 14.349 0.481 0.477 0.331 0.347
AudioX [44] 24.299 24.173 21.602 20.992 0.689 0.695 1.322 0.350
MUSIC ViSAGe [23] 48.260 50.691 104.082 100.693 3.374 3.346 1.266 0.063
See2Sound [8] 45.038 45912 87.253 81.747 3.247 3.111 1.269 0.067
ViSAudio (Ours) 4.649 3.225 8.853 6.288 0.332 0.267 0.178 0.429
Out-of-distribution
ThinkSound [30] 6.648 6.232 37.207 35.811 1.916 1.951 0.764 0.118
AudioX [44] 11.421 11.457 58.358 57.436 2.977 3.088 1.111 0.133
FAIR-Play  ViSAGe [23] 15.010 14.660 86.568 83.241 2.514 2.468 1.103 0.067
See2Sound [8] 25.611 24.079 87.577 82.750 3.672 3474 1.140 -0.004
ViSAudio (Ours) 4.310 4.179 27.134 23.330 1.528 1.538 0.724 0.194

E", are introduced for the left and right channels, respec-
tively, to capture the spatial characteristics specific to each
channel. After projections and upsampling, we obtain the
frame-aligned spatial features Fi; € R™*h a € {l,7}:

Fy. = Upsample(MLP(Flatten(Conv(Fpe + E)))). (9)

Global Spacetime Feature. The global spacetime features
F, serve to inject spatio-temporal information into single-
modal branch transformer blocks via adaptive layer normal-
ization (adaLLN) [38]. These features are constructed by in-
tegrating the frame-aligned spatial features Fp{el’r} with the
synchronization feature Fyyn. and global conditioning cg:

F% = Linear” ([¢g + Fyne; Fit]) ;a € {L,7},  (10)

where Lineart"™ denotes channel-specific linear projec-
tions that map the concatenated features from dimension 2h
to h. This design enables the joint representation of spatial
layouts and temporal dynamics while preserving distinctive
channel-wise characteristics for binaural perception.

5. Experiments

5.1. Experimental Setup

Datasets. The binaural audio—video datasets we utilize
include our BiAudio, MUSIC-21 [57, 58] and FAIR-
Play [11]. Each video is segmented into 8s clips, with
audio sampled at 44.1 kHz. For all datasets, we discard

samples with minimal left-right channel differences, as de-
scribed in Sec. 3. Subsequently, we split BiAudio by video
ID, resulting in 94,845 training clips and 2,695 test clips,
and split MUSIC-21 into 17,825 training clips and 1,857
test clips. The FAIR-Play dataset is employed as an out-of-
distribution test set, comprising 1,871 clips, to evaluate the
model’s generalization ability beyond the training domain.

Baselines. The following methods serve as the baselines:
ThinkSound [30] and AudioX [44]: multimodal V2A ap-
proaches that leverage stereo VAEs to produce stereo audio,
yet ignore spatial information from the video.

ViSAGe [23]: It generates first-order ambisonics (FOA)
based on visual content and camera direction. We fix the
camera direction at (44.5,89.5). Since ViSAGe only han-
dles 5s video clips, we compress the original 8 s videos to
5 s, generate the corresponding FOA, render binaural audio,
and then restore the output to 8s.

See2Sound [8]: It generates mono-audio for each visual re-
gion of interest and synthesizes 5.1 surround audio. We mix
it down to the left and right channels.

Evaluation Metrics. We evaluate ViSAudio using both
objective and subjective metrics to comprehensively assess
its performance. The objective metrics are as follows:

FD and KL: We employ Fréchet Distance (FD) with VG-
Gish [15] (FDygg) and PANN [25] (FDpann) embeddings,
as well as Kullback—Leibler divergence (KL) with PANN



Table 3. User Study. Subjective evaluation using Mean Opinion Score (MOS) with 95% confidence intervals to assess spatial impression,

alignment with input video across spatial, temporal, and semantic dimensions, and overall realism of the generated audio.

‘Spatial Impressionf  Spatial Consistency? Temporal Align. Semantic Align.T Audio Realism?

Method

ThinkSound [30] 3.250 £+ 0.247 2.875 £ 0.294
AudioX [44] 3.050 £ 0.272 2.792 £+ 0.305
ViSAGe [23] 1.658 £ 0.228 1.517 £ 0.209
See2Sound [8] 2.033 +£0.298 1.517 £ 0.205
ViSAudio (Ours) 4.133 £ 0.294 4.100 £ 0.292

3.483 +£0.243 3.400 £ 0.265 3.067 £ 0.272
2.867 £ 0.301 3.367 £ 0.261 3.258 £ 0.315
1.700 £ 0.308 1.725 £ 0.310 1.492 £+ 0.205
1.742 £ 0.333 1.725 £+ 0.281 1.650 £ 0.333
4.275 £ 0.272 4.292 + 0.235 4.158 £ 0.282

(KLpann) as classifiers, to evaluate the distributional simi-
larity between the generated and ground-truth binaural au-
dio. To holistically reflect the quality of the generated au-
dio, we report FD™* and KL™* computed on the mixed
mono audio. To assess the fidelity of the individual chan-
nels, we report FD™® and KL*#¥, which are obtained by
averaging the scores from each channel. We further in-
troduce DeSync to evaluate audio-visual synchrony, which
measures the temporal misalignment between the generated
audio and video, predicted by Synchformer [20], following
MMAudio [6]. Moreover, we assess semantic alignment us-
ing IB-Score, the average cosine similarity between visual
features extracted via ImageBind [16] and audio features.

However, objective metrics fall short in intuitively as-
sessing the spatial impression and audio-visual consistency
of generated audio. Therefore, we conducted a subjective
evaluation using Mean Opinion Score (MOS) across five
perceptual aspects to incorporate a human-aligned perspec-
tive: Spatial Impression: Whether audio conveys a clear
sense of spatiality, including left-right and depth cues. Spa-
tial Consistency: how well the audio aligns with the visual
spatial cues, ensuring that audio and visual elements corre-
spond correctly in 3D space. Temporal Alignment: Syn-
chronization between audio and the input video, matching
the timing of visual events. Semantic Alignment: Corre-
spondence between the generated binaural spatial audio and
the input modalities, including video and optional text. Au-
dio Realism: Naturalness, clarity, and realism of the gener-
ated audio, independent of the video content.

Implementation Details. All training experiments are
conducted on 8§ NVIDIA A800-SXM4-80GB GPUs with
2 AMD EPYC 7H12 64-Core CPUs. We fine-tune the
MMAudio [6] flow prediction network (large, 44.1kHz, v2)
on our training set using a batch size of 64, a learning rate
of le-4, and a weight decay of 1e-6. Training typically con-
verges after 50,000 iterations, within two days on 8 A800
GPUs. Approximately 4TB of high-speed NVMe storage is
required. Details are provided in Appendix Sec. C.1.

5.2. Quantitative Results

Objective Evaluation. We report the superior perfor-
mance of ViSAudio across multiple objective metrics on
both in-distribution and out-of-distribution datasets, as

shown in Tab. 2. It is compared with several state-of-the-art
video-to-spatial-audio generation methods, with details of
all compared methods provided in Sec. 5.1. For the BiAu-
dio and MUSIC test sets, we use both video and caption in-
puts, while for FAIR-Play, which lacks captions, only video
is provided. Models without text-processing capability are
evaluated using video inputs only. The results in Tab. 2
show that ViSAudio outperforms other binaural-audio gen-
eration methods in overall quality, spatial channel distribu-
tion matching, audio-visual synchrony, and semantic align-
ment. This highlights the model’s ability to generate high-
fidelity binaural audio while maintaining audio-visual co-
herence under varying acoustic environments. Notably, its
strong performance on the out-of-distribution FAIR-Play
dataset, which was not seen during training, demonstrates
robust generalization across diverse sound environments.
User Study. We performed a comprehensive subjective
evaluation in Tab. 3 to establish human-aligned evaluation
metrics. We sampled 10 videos, along with their corre-
sponding captions when available, from three test sets, cov-
ering diverse domains, acoustic environments, and events,
with both stationary and moving sound sources. For each
video, binaural audio was generated using our method and
the baseline approaches. We collected responses from 12
experts. Model performance was evaluated using the Mean
Opinion Score (MOS) and its 95% confidence interval,
where participants assigned scores from 1 to 5 to each of
the five competing models per task, with higher scores in-
dicating better performance. Each participant rated 50 au-
dio—visual samples according to the five criteria outlined
in Sec. 5.1. As shown in Tab. 3, our approach outperforms
all baselines across every metric, closely matching earlier
quantitative results and validating both its perceptual qual-
ity and technical reliability. Overall, our method achieves
state-of-the-art performance in spatial impression, audio-
visual consistency, and audio realism.

5.3. Qualitative Results

We present a comparative analysis of video-conditioned
binaural spatial audio generation in Fig. 3. The example
shows a person playing the sitar, with the camera moving
from left to right, causing the sound source to shift from
right to left in the video. We visualize the spectrograms of
the generated binaural audio from our method ViSAudio,



Table 4. Ablation Study on Key Model Components. We con-
duct an ablation study to evaluate the contributions of key model
components: Dual, Dual-Branch Audio Generation (Sec. 4.2) and
Spt, Conditional Spacetime Module (Sec. 4.3). Pretrained refers
to our pretrained MMAudio [6] model, spatialized by duplicating
the mono output into both channels for evaluation.

Model | FD}%. DeSync| IB-St U-SIt U-SCt

Pretrained 4.482 0.793 0285 2775 2.817
w/ Dual only | 2.803 0.766  0.289 4.017 3.658
Dual+Spt 2.479 0.788  0.299 4.333 4.233

the ground truth, and other baselines. Our method produces
audio that is most consistent with the ground truth and ef-
fectively reflects spatial changes in the sound source. The
boxed regions indicate that when the sound source is located
on the left, the left-channel spectrogram exhibits higher en-
ergy. This reflects the increased loudness perceived by the
left ear and matches the ground-truth spatial audio, demon-
strating our model’s ability to adapt to viewpoint changes.
In contrast, other methods generate incorrect rhythms and
fail to reflect any left-right channel differences.

5.4. Ablation Study

We conduct an ablation study to evaluate the contribu-
tions of key model components. We assess three objec-
tive metrics to quantify improvements in distribution match-
ing (FDySg), temporal alignment (DeSync), and semantic
alignment (IB-Score) on our BiAudio test set. To further
capture the gains in spatial perception, we perform a user
study following the setup in Sec. 5.2, evaluating Spatial Im-
pression (U-SI) and Spatial Consistency (U-SC) using the
Mean Opinion Score (MOS). We compare several variants
of our model to analyze the impact of different model com-
ponents: (1) the pretrained MMAudio [6] model, spatial-
ized by duplicating the mono output into two channels for
evaluation; (2) adding the Dual-Branch Audio Generation
module to train on our binaural data; and (3) adding the
Conditional Spacetime Module to integrate spatio-temporal
information into the model. From the results in Tab. 4, we
observe that our Dual-Branch Audio Generation module
effectively learns the distribution of our binaural training
dataset, substantially enhancing spatial generation capabil-
ities. Meanwhile, it retains the pretrained model’s strong
audio generation quality and generalization, maintaining
superior performance in temporal alignment and semantic
alignment. With the introduction of Conditional Space-
time Module, the joint spatio-temporal learning slightly de-
creases temporal alignment, but further improves the spatial
perception of the generated binaural audio. The improve-
ment in U-SC, with a gain of 0.575, demonstrates that the
module effectively injects precise spatial information into
our architecture, enabling the model to accurately localize
sound sources and deliver more reliable and distinguishable

AudioX

Figure 3. Qualitative Comparison. The example shows a person
playing the sitar while the camera moves from left to right, causing
the perceived sound source to shift from right to left. ViSAudio
generates binaural audio that best matches the ground truth and
accurately captures the spatial movement of the sound source.

spatial cues for binaural audio.

6. Conclusion

We propose ViSAudio, an end-to-end framework that in-
tegrates dual-branch audio generation with a conditional
spacetime module to produce spatially immersive binaural
audio. To support this task, we curate BiAudio, a large-
scale, open-domain dataset of video-binaural pairs featuring
diverse camera motions. Our approach achieves state-of-
the-art performance, generating high-quality binaural audio
with compelling spatial immersion that adapts effectively
to viewpoint changes. This work paves the way for more
immersive, end-to-end visual-to-spatial-audio generation.

Limitations and future work. Our model currently han-
dles short video clips, which limits its ability to capture
long-range temporal dependencies and complex acoustic
events. In addition, while BiAudio is an open-domain
dataset of real-world recordings, background noise in the
audio may introduce artifacts in the generated outputs. Our
future work will focus on extending the model to handle
longer sequences. Looking forward, we plan to extend our
framework to support multi-channel audio generation, such
as directly producing FOA audio.



Appendix

The appendix presents supplementary material related to
the BiAudio dataset and the ViSAudio method. Sec. A
begins with a copyright disclaimer and an overview of
the dataset construction pipeline, followed by comprehen-
sive statistics to deepen understanding of its construction
and content. Sec. B offers a detailed explanation of the
ViSAudio framework, including the calculation of frame-
aligned spatial features. In Sec. C, we outline the exper-
imental details, covering model configurations, user study
specifics, and additional ablation studies. Finally, we
present cases from the main text and provide further exam-
ples through the accompanying video demo. Sec. D elab-
orates on the video, showcasing the model’s performance
across various acoustic scenarios and highlighting its po-
tential for real-world applications.

A. BiAudio Dataset
A.1. Disclaimer on Copyright and Data Usage

The construction of the BiAudio dataset is based on the ex-
tension of the existing dataset [29], and we strictly adhere
to the terms of data usage. The video data utilized in this
study were sourced from the YouTube platform. All content
is copyrighted by their respective creators and owners. The
videos included in this research adhere to YouTube’s terms
of service and, where applicable, to Creative Commons li-
censes. Specifically, videos under the Creative Commons
license have been appropriately attributed to the original au-
thors in accordance with the license terms (CC BY 4.0).

For videos not governed by a Creative Commons license,
we acknowledge that they are protected by copyright and
are used exclusively for academic research purposes. No
commercial use of these videos is intended. The use of these
videos falls under the fair use doctrine for educational and
research purposes, as permitted by copyright law.

A.2. Dataset Construction Details

We present a semi-automated pipeline that converts raw
360° panoramic video and first-order ambisonics (FOA) au-
dio into field-of-view (FOV) video with dynamic perspec-
tives and corresponding binaural audio. The pipeline con-
sists of six key modules:

Sound Source Localization. To enhance perceptually dis-
tinct spatial cues, we ensure that primary visual elements
corresponding to dominant audio sources remain within the
field of view for sustained periods.

Specifically, we first conduct directional analysis [23,
36] of FOA audio through spherical harmonic decomposi-
tion to determine the primary sound source direction. In
first-order ambisonics (ACN/SN3D), the signal A(t) =
(W (t),Y(t), Z(t), X(t)] consists of four components: W,
X,Y,and Z. W represents the omnidirectional component,

capturing the overall sound pressure without any directional
bias, essentially the total sound intensity from all directions.
The directional components, X, Y, and Z, correspond to
different spatial dimensions of the sound field: X captures
the front-back direction, Y represents the left-right direc-
tion, and Z corresponds to the up-down direction. These
components are derived from spherical harmonics, with W
being the zero-order component and X, Y, and Z being
the first-order components, which together describe the full
3D sound field. We compute the energy distribution of the
sound field through spherical harmonics decomposition:

E(6,0) /

where Y, (¢, 0) denotes the real spherical harmonic func-
tions of order | and degree m, ¢ € [—m, 7| represents the
azimuth angle, and 6 € [—7/2,7/2] represents the eleva-
tion angle. The spherical harmonic functions for first-order
ambisonics are defined as:

1 2

> Z a ()Y (¢,0)| dt, (11)

1=0 m=—1

Y (¢, 0) = (12)
Y (6,0) = sm¢cos9 (13)
Y (4,6) = sin 6, (14)
Y (¢, 6) = cos ¢ cos . (15)

The coefficients a,,, (t) are derived from the ambisonics
components through the relationship:

aoo(t) = W (1), (16)
a1,-1(t) =Y (), (17)
a10(t) = Z(t), (18)
ara(t) = X (t). (19)

The energy distribution map E(¢, 0) is computed over a dis-
crete spherical grid with angular resolution of 2°. The pri-
mary sound source direction (Pmax, Omax) is determined by
locating the position of maximum energy:

(Pmax, Omax) = argmax E(¢, 6). (20)
5,0

Dynamic Viewpoint Trajectory Generation. To over-
come the limitations of fixed viewing perspectives, we in-
troduce dynamic camera rotation trajectories. After local-
izing the primary sound source direction (@max, Omax), the
camera’s initial orientation is adjusted to positions near this
direction, followed by a gradual drift to simulate natural,
fluid movements. This approach ensures that the viewing
trajectory evolves around the primary sound source region,
keeping the main visual elements corresponding to the au-
dio within the field of view for extended periods.
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=
Video 3, What main sounds are
audible in the visible part
of the scene?

i§) 2. What other sounds are
w4 audible in the background
R part of the scene?

{
[Detailed Descriptions]
1. The main audible sound in the visible part of the scene is the sound of water splashing,
likely from a waterfall or a stream.
2. In the background part of the scene, there are sounds of birds chirping, which are are
likely to be heard in a natural, outdoor setting.

lText
3% Qwen3-Instruct-2507

Summarize the sounds in the scene. Make sure to keep a balance between briefness and
clarity. Format the result as: 'Visible sound: <brief description of sound>, Invisible sound:
<brief description of background sound>'". If there is no Invisible sound, omit it.

[Structured Captions]
Visible sound: Water splashing, likely from a waterfall or stream, Invisible sound: Birds
chirping in a natural outdoor setting

Figure R1. Caption Annotation Pipeline. We design a two-stage
annotation pipeline to label visible and non-visible sound sources.
First, Qwen2.5-Omni [22] generates comprehensive textual de-
scriptions that capture both visible sounds and background audio
elements, including off-screen sources and environmental noise.
These detailed descriptions are subsequently refined by Qwen3-
Instruct-2507 [54] into structured captions.

The camera rotation trajectory is parameterized by three
Euler angles: yaw ¢(t), pitch (t), and roll ¢ (¢). The tra-
jectory generation follows a piecewise linear model:

P(t) = ¢o + ay - t, (21)
0(t) = 0o + ap - t, (22)
Y(t) = o +ay - t, (23)

where ¢ € [0,7] denotes the temporal coordinate, and
(o, 0o, 1o) represent the initial Euler angles. The initial
yaw angle ¢ is determined by:

¢0 = ¢max + Ad), (24)
U((-2,0) ifay -T>Z,
Ap~U(0,5) ifay T <—%, (25)
u (f%, %) otherwise.
The initial pitch angle 6, is computed as:
™
0o = cli (A&——,—), 26
b = clip G (26)
U0, Omax)  if Opax > 0,
26 ~ Y0 max) i O > @7)
U(Omax,0)  otherwise.

The initial roll angle is fixed to 1y = 0.
The drift coefficients (o, g, cvyy) are randomly sam-
pled from a uniform distribution with a certain probability
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of being zero, to simulate diverse motion patterns:

1

ay ~U (—a$3x7a$ax) ~]I(§¢ > §)7 (28)
1

00~ U (o o) U > 3). (29)
1

ay ~U (—arlzax,aiﬂax) SI(Ey > §)’ (30)

where U(a, b) denotes a uniform distribution in the range
[a,b], and [(¢ > 1) is an indicator function that randomly
zeroes out the drift coefficient with a probability of % The
values {4, s, and &, are independent random variables uni-
formly distributed between 0 and 1. The maximum drift
rates are set as follows: ag™ = {5 for yaw, o™ = g for
pitch, and a?p‘a" = 1”% for roll.

Video Rendering. Based on the generated viewpoint
trajectory, we convert the 360° equirectangular projec-
tion video into field-of-view (FOV) perspective sequences
using the method described in [21]. For each frame
at time ¢, the corresponding rotation matrix R(t) =
R, (¥(t))R,(—0(t))R.(4(t)) is applied to transform the
viewpoint. The composite rotation matrix is constructed
from elementary rotations about the cardinal axes:

[cos¢ —sing 0

R.(¢) = |singp cos¢p O], 3D
| 0 0 1
[ cos® 0 sinf

R,(0) = 0 1 0 |, (32)
| —sinf 0 cosf
10 0

R.(¥)= 1|0 cosy —siny (33)
|0 siny  cosy

The rendering process employs a fixed field of view FOV =
90° and outputs a video at a resolution of 512 x 512 pixels,
ensuring the creation of natural perspective sequences that
dynamically follow the camera trajectory.

Audio Spatialization. The FOA audio stream undergoes
frame-synchronized spatial transformation aligned with the
viewing trajectory, followed by binaural rendering through
a multi-stage processing pipeline. The audio is divided
into M temporal segments corresponding to the trajectory
points, with each segment containing N/M samples, where
N denotes the total number of audio samples in the stream.
For the i-th segment spanning frames ¢; to ¢;;1, we con-
struct the rotation matrix R; = R, ()R, (—0;)R. ()
using the corresponding Euler angles (¢;, 6;,;) from the
viewpoint trajectory. The directional components within
each segment are rearranged from the ACN channel order
[W;,Y:, Z;, X;] and spatially transformed according to:

Xpet X;
vl = 1y; | R/, (34)
VA Z;



Top 50 Nouns in Visible Sound

Visible Sound Word Cloud

35000

30000

25000

20000

Frequency

15000

10000

5000

boatpivenent

person

eng T

people
womanpropel

Wa t e Fmse hlowing

instrument

mus

chirping keyboard

sound

frog

saxophone

etviolin

OO, q«oo\« O 2 RCHF D & O,

«e«oe S % 55 movca

XS O T s an%w S S ‘pq
& S

s,
%,

o

00,,

Top 50 Nouns in Invisible Sound

b* $ oge © @ SSSS S S

shore roadmOtOFCyC e
blcycle

de I
N &8 highway

Invisible Sound Word Cloud

movenent

12000

10000

8000

2
b1
8

Frequency

4000

2000

audience

people

on room ambjent

performance

DR & dOLD &0 O® O & S & S SO a@@
S0 S S ‘;)09011‘@ d‘s* S o SR’ &S
S ST LS &

NS
R & & R
@ &% Q@g&c EFS A%

5> é\o& &S’

! i «m faint
3 oS m( m
“r—g trotting
ldll"s bell
insect

environment

S @ B0

3 &
RES S
(90

Figure R2. Vocabulary in BiAudio captions. Left: Bar charts displaying the top 50 nouns for visible (blue) and invisible (red) sound
sources. Right: Word clouds illustrating the distribution of the top 200 nouns in the vocabulary.

where the omnidirectional component W, remains un-
changed throughout the rotation process. This segment-
wise transformation ensures continuous spatial alignment
between the audio field and the dynamically evolving cam-
era perspective. The final output maintains the ambisonics
signal in the channel order [W™! Y™ Z™t X consis-
tent with the original ACN layout.

The spatially rotated ambisonics signal is rendered to
binaural audio through convolution with head-related im-
pulse responses (HRIRs) from the Omnitone library [17].
The ambisonics channels are grouped into two pairs and
processed through partitioned convolution as follows:

WY cony = CONV (B‘j] ,hrirwy> , (35)

ZXcopy = CONV ({)Z(} ,hrirm> , (36)

where conv(-) denotes the full linear convolution operation,
and hrir,,,,, hrir_, are the first-order FOA HRIRs decoded
from Omnitone [17]. The binaural output signals are then
synthesized by combining the convolved components:

L= WY conv [O] + Wyconv[]-] + ZXconv [0] + ZXCOHV[l]v (37)

R= WyCOHV[O] - Wyconv[l] + ZXcony [O] + ZXCOHV[]‘]' (38)
Caption Generation. To incorporate semantic guidance
into our framework, we generate descriptive captions that
go beyond basic sound tagging by accounting for the com-
plexities of real-world auditory perception. Human hearing
extends beyond the immediate field of view, encompassing
both localized on-screen sounds and non-localizable audio

elements such as off-screen sources and ambient environ-
mental noise. As illustrated on the left of Fig. R1, viewers
can accurately spatialize visible sound sources like water
splashing, but cannot precisely localize off-screen sounds
such as birds chirping. The direct use of such unprocessed
audio-visual data may introduce semantic interference and
compromise audio-visual alignment.

To address this issue, we design a two-stage caption-

ing pipeline that precisely distinguishes visible and non-
visible sound sources, as illustrated in Fig. R1. In the first
stage, given the perspective video and its corresponding au-
dio as input, Qwen2.5-Omni [22] produces comprehensive
descriptions that capture both visible audio events and back-
ground sound elements, including off-screen sources and
ambient noise. In the second stage, these detailed descrip-
tions are refined by Qwen3-Instruct-2507 [54] into struc-
tured captions.
Dataset Filtering. To ensure reliable spatial supervision,
we apply a filtering procedure to the collected binaural au-
dio data. Given a binaural waveform, we first normalize
each channel by removing its DC component and scaling it
to the range [—1, 1]:

a ~ Na

aed{lr 39
max(a —pa) e 0T O
where 1, denotes the mean of channel a, and ¢ = 10~
avoids numerical instability. We then evaluate the spatial
distinctiveness of each audio clip by measuring the mean
absolute difference between the two normalized channels:

Z 22(t)

Xg

-z, (t)]. (40)
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(b) 3D visualization of camera rotation trajectories

Figure R3. Camera Trajectory Statistics in BiAudio. (a) Heatmap of initial camera viewpoints, showing the distribution of starting
yaw—pitch angles across all clips. (b) 3D visualization of camera rotation trajectories on a unit sphere. Each curve represents a temporally
evolving viewing direction, with color changing from light to dark to indicate progression along the trajectory.

Only samples satisfying D > 7 with 7 = 0.01 are retained.
This filtering criterion ensures that the curated dataset con-
tains audio clips with sufficiently strong inter-channel dis-
parities, which are essential for learning robust and mean-
ingful spatial auditory representations.

A.3. Dataset Statistics Details

In this section, we provide detailed statistics of our dataset,
covering the vocabulary, initial positions of viewpoint, and
viewpoint trajectory visibility.

Vocabulary: The dataset includes 2,360 unique sound cat-
egories or descriptive terms for visible sounds and 1,265
for invisible sounds. The distribution of these categories is
illustrated in Fig. R2, with the left panel showing the top
50 nouns in bar charts and the right panel displaying the top
200 nouns in the vocabulary as word clouds. These statistics
indicate that our dataset is open-domain and highly diverse,
covering a wide range of acoustic environments.

Initial Camera Viewpoint: We analyze the spatial distri-
bution of the camera viewpoint at the start of each clip. The
heatmap in Fig. R3a shows the distribution of yaw and pitch
angles, highlighting which regions of the spherical field of
view are most commonly observed.

Camera Rotation Trajectory: We report statistics on
how the camera rotates along the viewpoint trajectories.
Fig. R3b visualizes 500 sampled 3D rotation trajectories
on a unit sphere, where each curve represents a tempo-
rally evolving viewing direction. The color along each
curve transitions from light to dark, indicating progression
through time, which allows us to observe how the camera
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moves across the field of view during the clip.

B. GenDoP Method

B.1. Frame-aligned Spatial Features

In this section, we provide a detailed explanation of how
the frame-aligned spatial features mentioned in Section 4.3
(Conditional Spacetime Module, PE Spatial Feature) are
obtained. The frame-aligned features F. € R™*" for
a € {l,r}, are computed as:

F% = Upsample (MLP (Flatten(Conv(Fpe+E“)))). 1)

The detailed processing steps are presented in Algorithm 1.

The spatial feature Fp,, € R™pX16x16XMe j5 extracted
using the spatially tuned Perception Encoder [3], where m,.
denotes the number of video frames (8 fps), k. is the fea-
ture dimension, and 16 corresponds to the patch size. Two
learnable spatial position embeddings, E! and E", are in-
troduced for the left and right audio channels, respectively,
to capture channel-specific spatial characteristics. Subse-
quently, a series of convolutional and linear projections are
applied to transform these features into frame-aligned fea-
tures FS, € R™*" a € {l,r}, where m corresponds to
the target audio sequence length and h is the hidden fea-
ture dimension. These frame-aligned features can then be
merged with the synchronization feature Fy,c to construct
the global spacetime features [5,, which serve to inject
spatio-temporal information into the subsequent audio gen-
eration modules.



Algorithm 1 Frame-Aligned PE Feature Projection

Input: PE features F,o € RYX™rpeXHXWxhpe
batch size b, frames m., height H, width W, channels A,
Output: Frame-aligned features Fyy, € ROXm*h o € (1,7}
target audio length m, hidden dimension A
1: Add learnable stereo position embeddings:

Fyo < Fpe + Epos
2: Channel-wise 1D convolution:
Fg + SiLU(Convld(Fy.))
3. Spatial downsampling via strided convolution:
Fgo < SiLU(Conv2d(Fy,, stride = 2)) // H/2 x W/2

Fge < SiLU(Conv2d(Fy,, stride = 2)) // H/4 x W/4

4: Flatten spatial dimensions:

Fy. < reshape(Fy,

pes (0 1pe, (H/4) - (W/4), h))
5: Gated convolution (ConvMLP):
Fge < Convlda(SiLU(Convld; (Fp.)) o Convlds(Fy.))
6: Two-layer linear projection:
Fy. < Linear(SiLU(Linear(Fy,)))
7: Restore batch and temporal dimensions:
Fp. < reshape(Fye, (b, mpe, h))
8: Temporal upsampling to audio length:

Fp. < Interpolate( F,

bes Size = m, mode = linear)

9: return 5, € R">™" q € {I,7}

C. Experiments

C.1. Experimental Settings

Model Configuration. All experiments are conducted by
fine-tuning the large, 44.1kHz, v2 variant of MMAu-
dio [6]. The model uses a latent dimension of 40, with fea-
ture dimensions of 1024 for clip features, 768 for synchro-
nization features, 1024 for PE spatial features, and 1024
for text embeddings. Input sequence lengths are 345 to-
kens for audio latent representations, 64 frames for video
clip sequences, 192 for synchronization sequences, 64 for
PE spatial feature sequences, and 77 tokens for text cap-
tions. Video clip and text sequences are averaged over
the temporal dimension to yield a single conditional fea-
ture vector, while other features are temporally aligned prior
to fusion. A patch size of 16 is applied during PE spa-
tial feature extraction. The transformer backbone com-
prises 7 layers of multimodal joint transformer blocks and
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14 layers (28 blocks) of single-modal branch transformer
blocks, with a hidden dimension of 896 with 14 attention
heads. Using the notation introduced in the preceding sec-
tion: Mmpe = 64, hpe = 1024, m = 345, h = 896.

Training Details. In all experiments, the model is
trained on a combined dataset comprising BiAudio and
MUSIC [57, 58]. Specifically, the BiAudio training set
is loaded along with the MUSIC training set, which is
oversampled three times to balance the dataset. For
the MUSIC dataset, textual captions are automatically
generated by parsing instrument names from the corre-
sponding audio file names. For instance, the video file
duet_acoustic_guitar_violin_WeeRb3LMbSE.mp4 yields the
caption “acoustic guitar, violin”.

Inference Details. For the BiAudio dataset, during infer-
ence, we remove the Visible and Invisible labels used dur-
ing training, retaining only the descriptions of the sounds to
ensure a fair comparison across methods.

C.2. User Study Details

The user study uses a web-based questionnaire. Participants
wear headphones on both ears to ensure proper spatial audio
perception. Fig. R4 shows the subjective evaluation crite-
ria presented to participants. It includes the five perceptual
dimensions, Spatial Impression, Spatial Consistency, Tem-
poral Alignment, Semantic Alignment, and Audio Realism,
along with their specific scoring guidelines. Fig. R5 depicts
the rating interface where participants evaluate five spatial
audio samples within each video—audio group. For each
sample, participants provide ratings from 1 to 5 for all five
perceptual dimensions.

C.3. Additional Ablation Studies

In this section, we present additional ablation studies to fur-
ther investigate the contributions of different model compo-
nents in our ViSAudio model and the BiAudio dataset.

Tab. S1 presents the results of an ablation study on key
model components. The table provides the complete objec-
tive metric results, serving as a supplement to Tab. 4 in the
main text. The findings highlight that the combination of
both modules significantly improves performance.

Additionally, we conduct an ablation study to evaluate
the impact of our BiAudio dataset. We compare several
variants of our model: (1) the model trained without BiAu-
dio, using only the MUSIC dataset [57, 58]; (2) the model
trained on both BiAudio and MUSIC. As shown in Tab. S2,
the model trained with BiAudio performs significantly bet-
ter on open-domain data, underscoring its importance in
generating high-quality binaural spatial audio.

D. Additional Cases

A supplementary video is provided, showcasing cases from
the main text along with additional binaural spatial audio



Please make sure to wear both-ear headphones

You will watch 10 groups of videos with audio. In each group, you will see the same original video (with optional text description) but paired with five different spatial audios generated by different models. Your task is: after carefully watching
and listening to the five video—audio pairs in each group, rate each audio from 1 to 5 for all perceptual dimensions (1 = worst, 5 = best]

Evaluation Dimensions

Objective metrics fall short in intuitit ing the spatial imp ion and audio-visual i of audio. Therefore, we conduct a subjective evaluation using Mean Opinion Score (MOS) across five perceptual aspects to
i P aht lig perspecti

* Spatial Impression: Whether the audio conveys a clear sense of spatiality, including left-right and depth cues.

* Spatial Conslsnncy How well the audio aligns with the visual spatial cues, ensuring correct correspondence in 3D space.

. p lion between the audio and the video, especially matching the timing of visual events.

. Ci between the generated spatial audio and the input modalities, including video and optional text.
* Audio Realism: Naturalness, clarity, and realism of the generated audio, independent of the video content.

Scoring Guidelines

Spatial Impression (SI)

1: Aimost no spatial cues; flat or single-point sound.

2: Weak spatiality; unclear direction or depth.

3: Some spatial cues present but overall weak or shallow.
4: Clear direction and depth with minor imperfections.

5: Strong, immersive spatiality close to real experience.

Spatial Consistency (SC)

1: Completely inconsistent with the video's spatial scene.
2: Very weak localization; large mismatch.
3: Mos'ly reasonahle but somewhat blurry.

g and correct
5 Highly consistent and precisely matched.

Temporal Alignment (TA)

1 Strong delays or: entirely
affecting
3 Mostly aligned with minor offset.
4: Good synchronization with only subtle differences.
5: Perfectly synchronized with visual actions.

Semantic Alignment (SA)

1: Audio content completely mismatched to the scene.
2: Major semantic deviations.

3: Mostly correct but with small inconsistencies.

4: Clear and generally accurate expresslon

5: Highly i and natural

Audio Realism (AR)

1: Severe distortion, noise, or artifacts.

2: Noticeable noise or synthetic artifacts.

3: Acceptable quality with minor artifacts.

4: Natural and smooth with small imperfections.
5: Very clear, natural, and realistic.

Please click "Start Survey" to continue.

Figure R4. Subjective Evaluation Criteria. Screenshot of the questionnaire webpage shown to participants, presenting the five perceptual
dimensions and their specific scoring guidelines used for the subjective evaluation of spatial audio generation.

Group 1 (Rating)

Text Description for Current Videos
Visible sound: Music from orchestra and choir, plus soloist singing

» 000/008

» 000/ 008

Video 1 Video 2 Video 3

Video 5
Please rate the following 5 videos based on the dimensions below. Each dimension uses a 5-point scale (1-5 points), with 1-point Click the score your rating.
« Spatial Impression: Whether left- of , or sound sources.
« Spatial Consistency: The perceived sound location from the audio precisely corresponds o the s oeston ot e s video frame. For example: ‘appears on the screen, and the g you hear also primarly a bee hovers in the upper right comer of the screen, and the buzzing sound s also
localized n the upper rght space.
. Te il Alignment in time with ine video, For exampl: The moment the rumstck histhe drumhead concides wilh the drum sound; the iming of a characer's
. (and possibly the . meaning the sound is “contextually appropriate”. For example: il beach sunse, and d sea breezes; bustling kitchen with cooking, and the audio includes frying
sounds and the. clalleﬂng of pots and pans
. I, clear, and realistc, not For 3 9 the video and focus solely on the qually of the sound it
Spatial Impression ‘Spatial Consistency Temporal Alignment ‘Semantic Alignment Audio Realism

Video 1 DG s ) vidot (1 G 3) DENO) Video 1 D) ® ©® (s veor (1) (@) () (s veor (1) (2 © D) D)
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4. Please complete all dimension ratings for the current group before proceeding

ey

Figure R5. User Study Rating Interface. Screenshot of the questionnaire webpage used to collect participants” MOS ratings across the
five perceptual dimensions for each video—audio group.
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Table S1. Ablation Study on Key Model Components. We conduct an ablation study to evaluate the contributions of key model
components: Dual, Dual-Branch Audio Generation (Sec. 4.2) and Spt, Conditional Spacetime Module (Sec. 4.3). Pretrained refers to our
pretrained MM Audio [6] model, spatialized by duplicating the mono output into both channels for evaluation.

Audio Distribution Matching

Video-Audio Alignment

Model

FDYCo! FDyE.l FDRn! FDpins KLpw! KLp&n! DeSyne|  IB-Scoret
Pretrained 5675 4482 18341 16711 1.845 1.837 0.793 0.285
w/Dualonly ~ 2.908  2.803 15.151 13.008 1.646 1.572 0.766 0.289
Dual+Spt 2516 2479 13917  12.684 1.638 1.573 0.788 0.299

Table S2. Ablation Study on Training Dataset. We conduct an ablation study to evaluate the contributions of our dataset. We train the
model both without and with using our BiAudio dataset, and evaluate it on our test set. The results show that without our dataset, the model

fails to generate high-quality binaural audio on open-domain data.

Audio Distribution Matching

Video-Audio Alignment

Model

FDYCol FDVE.L FDpixnl FDRANI KLpn) KLpSn) DeSync,  IB-Scoref
w/o BiAudio 10966  12.677  43.711 45.175 4203 4.280 0.916 0.102
w/ BiAudio 2.516 2.479 13.917 12.684 1.638 1.573 0.788 0.299

cases generated in diverse acoustic environments from in-
put video and optional text prompts. The audiovisual pre-
sentation allows the audience to better evaluate the model’s
ability to produce realistic and spatially precise sound. The
video is organized into the following sections for detailed
demonstration:

D.1. Dynamic Sound Sources

We evaluate the model under diverse motion configurations
to assess its spatiotemporal modeling capabilities. With a
fixed viewpoint, the model accurately localizes static ob-
jects and reliably tracks moving sound sources. Under dy-
namic camera motion, it maintains stable spatial perception
of stationary sound sources. These experiments collectively
demonstrate the model’s robustness in handling complex
auditory scenarios involving both object and viewpoint dy-
namics, generating high-quality binaural audio with spatial
immersion that adapts seamlessly to viewpoint changes and
sound-source motion.

D.2. Multiple Sound Sources

We showcase the model’s capacity to handle multiple simul-
taneous sounds across three scenarios: identical sources at
different positions, demonstrating precise spatial discrimi-
nation; two interacting sources, showing effective separa-
tion and localization; and complex ensembles with over-
lapping sources. These examples collectively validate the
model’s ability to generate coherent auditory scenes with
accurate spatial perception in complex sound environments.

D.3. Invisible Sound Sources

Our method supports both video-only and video-text multi-
modal conditioning. In video-only mode, the model relies
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exclusively on visual frames to infer audio. When text cap-
tions are provided, they deliver explicit semantic guidance,
enabling the generation of off-screen sounds. We present
examples where sounds originate from off-screen sources,
demonstrating the model’s capacity to infer and spatialize
unseen audio events based on contextual cues.

D.4. Diverse Acoustic Environments

The examples illustrate the model’s strong generalization
ability across a range of acoustic environments, including
outdoor, underwater, and indoor scenes. It consistently pro-
duces high-quality binaural audio with convincing spatial
immersion, validating its robustness in adapting to diverse
acoustic environments.

D.5. Cases in the Main Text

The video also includes demonstrations of the results con-
tained in the main text, namely the two cases from Fig. 1
and the case from Fig. 3.
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