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Abstract

This paper tackles the problem of novel view acous-
tic synthesis along an arbitrary trajectory in an indoor
scene, given the audio-video recordings from other known
trajectories of the scene. Existing methods often over-
look the effect of room geometry, particularly wall oc-
clusions on sound propagation, making them less accu-
rate in multi-room environments. In this work, we pro-
pose a new approach called Scene Occlusion-aware Acous-
tic Field (SOAF) for accurate sound generation. Our ap-
proach derives a global prior for the sound field learn-
ing through distance-aware parametric sound propagation
modeling and then transforms it based on the scene struc-
ture learned from the input video. We extract features from
the local acoustic field centered at the receiver using a Fi-
bonacci Sphere to generate binaural audio for novel views
with a direction-aware attention mechanism. Extensive ex-
periments on the real dataset RWAVS and the synthetic
dataset SoundSpaces demonstrate that our method achieves
superior performance in spatial audio generation.

1. Introduction
We live in a world rich with audio-visual multimodal infor-
mation. Audio-visual scene synthesis [30] aims to gener-
ate videos with synchronized spatial audio along arbitrary
novel camera trajectories, given a source video with associ-
ated binaural audio. This process involves reconstructing
the scene both visually and acoustically from recordings
captured from known poses, thereby enabling the synthe-
sis of what a person would see and hear from novel posi-
tions and orientations while navigating within the environ-
ment. While Neural Radiance Fields (NeRF) [7, 24, 36,
38, 42, 51, 69] have achieved remarkable progress in novel
view synthesis, they focus exclusively on the visual modal-
ity, disregarding the accompanying audio track. Yet the real
world is inherently multimodal. Synthesizing spatial audio
that matches visual content from a new perspective is there-
fore crucial for creating richer and more immersive experi-

Figure 1. Pure distance-aware acoustic field [30, 34] vs. our pro-
posed Scene Occlusion-aware Acoustic Field (SOAF). Left col-
umn (A & D) shows sound propagation in a room: the small ball
represents the emitter and the large red-green ball represents the
receiver. Coded colors indicate sound intensity, with red to green
denoting high to low. Middle column (B & E) visualizes the mag-
nitude distribution of the acoustic field, with yellow to blue indi-
cating high to low. The comparison of sound attenuation through
walls, highlighted by red dashed bounding boxes in sub-figs B, C,
E and F emphasizes our consideration of wall obstruction. Right
column (C & F) highlights the existing methods’ neglect of ob-
struction in sound propagation in C while the proposed method
gives higher sound intensity near the door than near the wall in F.

ences in audio-visual, virtual reality (VR), and augmented
reality (AR) applications.

In principle, reverberant spatial audio can be obtained
by convolving the Room Impulse Response (RIR) from
the source to the receiver with the emitted audio sig-
nal [27]. However, acquiring ground-truth RIRs is both
labor-intensive and time-consuming, as it demands special-
ized equipment and carefully controlled conditions such as
sine-sweep excitations in acoustically quiet spaces. Al-
though RIRs can be generated with acoustic simulators [8,
11, 57], these methods typically depend on complex hybrid
algorithms and are restricted to synthetic scenes with prede-
fined object materials and acoustic parameters. Such con-
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straints substantially limited the applicability and scalabil-
ity of approaches [3, 17, 28, 31, 32, 35, 48–50, 63] that op-
timized with RIR-based loss functions (e.g., energy decay
loss), especially when the environments are only observable
through images and not physically accessible, making both
RIR measurement and simulation impractical.

Instead of relying on RIR-specific formats, alternative
methods [2, 10, 12, 14, 30] synthesize spatial audio by
learning acoustic masks directly from reverberant record-
ings, which better reflect daily listening environments but
are harder to model due to their entanglement with source
waveform variations. These methods leverage visual cues
from the receiver’s viewpoint, enabling simpler data collec-
tion and integration with visual rendering pipelines. How-
ever, their performance relies primarily on local perspective
cues and positional coordinates, which are insufficient to
capture the broader scene context. As shown in Figure 1,
when the sound source is occluded or located in a separate
room, local features alone cannot capture critical spatial in-
formation, such as structural occlusions, essential for realis-
tic acoustic rendering. In this work, we address this limita-
tion by leveraging visual sequences to infer complete room
geometry, thereby introducing effective geometric cues that
capture the spatial relationship between the source and re-
ceiver. Together with our direction-aware attention, these
features provide useful heuristics for learning the scene’s
acoustic field, leading to improved audio synthesis quality.

More specifically, as a sound wave propagates through
space, its intensity attenuates with distance and is reflected,
absorbed, or transmitted by surfaces [25, 27]. The inten-
sity received at any 3D position is determined by the over-
all scene geometry and material properties [8, 29, 49, 57].
Therefore, given video sequences, we first learn a repre-
sentation of the scene’s geometry and appearance from vi-
sual frames using NeRF [38, 64, 71]. To enhance the
sound field learning, we derive a scene occlusion-aware
prior, termed the global acoustic field, based on simpli-
fied distance-aware parametric sound propagation model-
ing centered at the sound source and transformed by the
extracted scene structure. We then extract the acoustic fea-
ture from the local acoustic field around the receiver using
a Fibonacci Sphere, followed by a direction-aware attention
mechanism to obtain binaural features. These features are
used to generate binaural audio at novel views, demonstrat-
ing superior performance.

In summary, our contributions are as follows: (i) We in-
troduce a scene occlusion-aware global prior for the sound
field, enabling us to explicitly incorporate scene geom-
etry and occlusions for accurate audio generation. (ii)
Our direction-aware attention captures useful local fea-
tures to enhance binaural audio synthesis. Extensive experi-
ments on real and synthetic datasets, including RWAVS and
SoundSpace, demonstrate the effectiveness of our approach.

2. Related Work
Neural Radiance Fields and Implicit Surface. Neural Ra-
diance Fields (NeRF) [38] has emerged as a promising rep-
resentation of scene appearance and has been widely used in
novel view synthesis. Subsequent works [7, 24, 36, 42, 51,
69] extend NeRF in various aspects, including faster train-
ing [7, 24, 42], faster inference [51, 69], and handling in-
the-wild images [36]. However, these methods struggle to
extract high-quality surfaces due to insufficient surface con-
straints during optimization. To solve this issue, NeuS [64]
and VolSDF [66] propose utilizing the signed distance func-
tion (SDF) as an implicit surface representation and devel-
oping new volume rendering methods to train neural SDF
fields. Some following works, like MonoSDF [71] and
NeuRIS [62], demonstrate the effectiveness of incorporat-
ing monocular depth priors [71] and normal priors [62, 71]
as additional geometric cues for learning implicit surface
representation of indoor scenes from sequences of scene im-
ages. In our work, we follow [64, 71] to achieve surface
reconstruction from input images for our occlusion-aware
spatial audio generation.
RIR-based Acoustic Fields. The representation of spatial
sound fields has been studied extensively. Traditional meth-
ods either approximate acoustic fields with handcrafted pri-
ors [1, 37, 59] or model perceptual cues with parametric
representations [6, 46, 47], but both rely on strong assump-
tions. To overcome this, researchers have shifted toward
data-driven approaches that model scene acoustics more
generally. Neural Acoustic Field (NAF)[34] pioneers mod-
eling RIRs across emitter–listener pairs using an MLP, and
INRAS[55] extends this by disentangling emitter, geom-
etry, and listener features under known room boundaries.
NACF [31] incorporates multiple acoustic contexts and in-
troduces a multi-scale energy decay criterion to supervise
generated RIRs. Few-shotRIR [35] employs a transformer-
based network to extract perceptual features and predict
RIRs for queried source–receiver pairs with a decoder mod-
ule. DIFF-RIR [63] develops a differentiable RIR render-
ing framework that reconstructs spatial acoustic character-
istics from RIR measurements and planar scene geometry.
AVR [28] proposes acoustic volume rendering to model
sound propagation and enforce multi-view acoustic consis-
tency. However, these methods [3, 17, 28, 31, 32, 34, 35, 55,
63] achieve good performance with specialized RIR-based
loss functions, but perform poorly—or cannot be applied at
all—when RIRs are unavailable. In contrast, our approach
remains robust with reverberant audio recordings, making it
practical and effective for real-world applications.
Audio-visual Learning. Recent works have explored learn-
ing acoustic information from multimodal data for diverse
tasks, including sound localization [39, 40, 58], audio-
visual navigation [8, 9, 68], visual-acoustic matching [10,
53], dereverberation [13, 18], and audio separation [67, 72].
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Figure 2. The pipeline of our proposed SOAF method. We first reconstruct the scene using NeRF from a calibrated video and build the
global acoustic field. For audio synthesis at a new receiver pose prc, we extract the acoustic feature Fac from the local acoustic field
around the receiver, and combine it with Fvis obtained from synthesized novel view images and prc to predict Fagg and mixture acoustic
mask mm. To distinguish left and right channels, we propose a direction-aware attention mechanism to generate channel-specific features
F ′
l , F

′
r based on distinct attention Attenl, Attenr to the local acoustic field. Then the difference masks ml

d and mr
d are estimated with

Fagg combined with the refined channel feature Fl or Fr , separately. Finally, we synthesize the binaural audio by combining the source
audio magnitude s∗s and the predicted masks mm, ml

d, and mr
d.

For novel-view acoustic synthesis, existing work relies on
audio–visual data either from a single camera–microphone
rig or synchronized multi-rig configurations. Under the lat-
ter, BEE [15] and SoundVista [16] perform audio recon-
struction from a set of audio–visual references but require
simultaneous recordings from multiple cameras and micro-
phones, sparsely deployed at strategically selected locations
within the scene. Under a single camera–microphone setup,
ViGAS [12] fuses audio and image cues from one view-
point to render sounds at a target view, assuming the source
is visible in the input image and restricting synthesis to a
few views. AV-NeRF [30] employs vanilla NeRF to render
novel-view images and extracts visual features to synthe-
size novel-view audio, while AV-GS [2] and AV-Cloud [14]
adopt point-based scene representations for greater effi-
ciency. In contrast, our approach derives effective spatial
features from visual images, which is orthogonal to existing
contributions and agnostic to the underlying representation,
yielding enhanced audio generation.

3. Problem Definition
Novel-view acoustic synthesis [12, 30] aims to generate
spatial audio for unseen viewpoints in a scene from obser-
vations at multiple known viewpoints. We consider audio-
visual recordings from a single camera-microphone rig as
input, where the audio may consist of arbitrary sounds
and does not require known RIRs for each source–receiver
pair. Formally, we define a set of audio-visual observations
O = {O1, O2, . . . , ON} in an environment E, where each

Oi includes an image I and a binaural audio clip at recorded
at a receiver pose p̂rc = (prc,drc), with prc,drc ∈ R3

denoting position and direction. For each at, the environ-
ment provides the corresponding monaural source audio as
and source position psr ∈ R3. Given such observations
O, our goal is to learn the scene’s acoustic field such that,
for a novel receiver pose p̂∗

rc and source audio a∗s , the model
can synthesize binaural audio a∗t that reflects how the sound
would be perceived at the target pose within E. It can be
formulated as

a∗t = fθ(p̂
∗
rc, a

∗
s | O, E), (1)

where fθ denotes a parameterized neural network that mod-
els the acoustic field of environment E and generalizes to
unseen listener poses within it.

4. Method
4.1. Overview
We adopt the acoustic masks for binaural audio prediction.
Specifically, the acoustic masks consist of mm,ml

d,m
r
d ∈

RF×W , where F represents the frequency bins and W is
the number of time frames. mm captures changes in audio
magnitude at the receiver position prc relative to the sound
source position psr, ml

d and mr
d characterize the changes

for left and right channels of the binaural audio. Given the
spectrogram magnitude of the input audio clip a∗s after ap-
plying the Short-Time Fourier Transform (STFT), defined
as s∗s = STFT(a∗s) ∈ RF×W , and predicted acoustic masks
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Figure 3. Illustration of the inverse square law [21, 61]. As the
sound wave travels away from its source, the energy twice as far
away from the source is distributed over four times the area, hence
the intensity is one-quarter.

mm, ml
d, mr

d, we can synthesize the changed magnitude of
the binaural audio as

s∗m = s∗s ⊙mm,

s∗l = s∗m ⊙ (1 +ml
d),

s∗r = s∗m ⊙ (1 +mr
d),

(2)

where ⊙ denotes the element-wise multiplication operation,
s∗l and s∗r represent the magnitude of the synthesized audio
in the left and right channels, respectively. Finally, we can
obtain the binaural audio as a∗t = [ISTFT(s∗l ), ISTFT(s∗r)],
where ISTFT denotes the inverse STFT.

The overall pipeline of our approach is illustrated in Fig-
ure 2. Beyond extracting visual features from novel-view
images, our framework reconstructs scene geometry from
the input video, then builds the global and local acoustic
field to derive auditory features for acoustic mask predic-
tion. Details are provided below.

4.2. Image Synthesis and Visual Feature Extraction
Following AV-NeRF [30], we achieve novel view image
synthesis and visual feature extraction by learning a NeRF
from the input video. In particular, we render an RGB im-
age and a depth map from the receiver’s pose, then extract
color and depth features from the rendered images with a
pre-trained encoder of ResNet-18 [26]. These extracted fea-
tures are concatenated as the visual feature Fvis, which pro-
vides important visual cues about the environment.

4.3. Global and Local Acoustic Field
Global Acoustic Field. The global acoustic field describes
the distribution of sound intensity generated by the sound
source throughout the scene. Since the 3D geometry and
material properties determine sound propagation in an en-
vironment [8, 27, 29, 49, 57], we derive a global prior
of the acoustic field to enhance the audio synthesis qual-
ity based on the scene geometry extracted from the video
frames. Given the sound source position psr, we calculate
the prior value at any point pi in the scene by considering

Figure 4. Illustration of the sound transmission coefficient τ [4,
56], which represents the ratio of transmitted sound energy when
the sound wave travels through the barrier.

(i) the distance-aware sound intensity attenuation; (ii) the
occlusion-aware sound intensity transmittance.

Distance-aware prior. When sound propagates in the air,
its intensity decreases as the distance from the sound source
increases [25]. It obeys the inverse square law [21, 61] in
free space, which describes that the intensity of the sound is
inversely proportional to the square of the distance from the
sound source. As illustrated in Figure 3, the finite amount
of energy created by the sound source is spread thinner and
thinner along the expanding surface area of the sphere. In-
spired by this, we propose to explicitly quantify the sound
attenuation based on the propagation distance, and calculate
a prior value E0(pi,psr) at the point pi as

E0(pi,psr) =
1

4πd(pi,psr)2
, (3)

where d(·, ·) denotes the Euclidean distance between points.
Occlusion-aware prior. Unlike light waves, sound waves

have much longer wavelengths, which allows them to
diffract around small objects and propagate further [43].
Large obstacles, particularly walls, significantly influence
the acoustics in an indoor setting [33]. Therefore, in this
work, we check wall occlusions at the middle height of
the scene to reduce the influence of small obstacles on the
ground. To obtain the scene geometry, we learn a neural
SDF field [70] from the visual images, and find the locations
of scene walls with the zero-level set of SDF. As shown
in Figure 4, when sound waves travel through a wall from
one side to another, the ratio of transmitted sound energy
is termed as the sound transmission coefficient τ [4, 56]. It
can be expressed as

τ =
Et

Ei
, (4)

where Ei and Et represent the sound energy before and af-
ter the sound waves traverse the barrier, respectively.

Finally, for any point pi in the scene, we generate a prior
value E(pi,psr) that combines distance and wall occlusion
information by

E(pi,psr) = E0(pi,psr)× τn, (5)
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where n is the number of walls found between the point
pi and the sound source psr in the SDF field. We convert
E(pi,psr) to a logarithmic scale, following standard prac-
tice in acoustics, and normalize it to Ê(pi,psr) ∈ [0, 1]
with the maximum and minimum values across the scene.
While τ typically depends on wall material and thickness,
we set a uniform τ = 0.25 to simply indicate the presence
of occlusions. Note that we are not aiming to model precise
sound propagation for RIR rendering, but rather to intro-
duce geometric cues that guide the acoustic field learning.
Local Acoustic Field. The local acoustic field depicts the
distribution of sound intensity around the receiver. Inspired
by the design of spherical microphone arrays [45], we uti-
lize a Fibonacci Sphere [52] around the receiver to collect
the sound intensity in the global acoustic field. Specifically,
we first generate a unit Fibonacci Sphere with G points on
the sphere’s surface centered at the receiver, then emit rays
from the sphere center toward each surface point, in the di-
rections dFib ∈ R3×G. To build the local acoustic field,
we uniformly sample H points along each ray within the
radius range [rmin, rmax], resulting in a total of G × H
sampled points. For each sampled point pi, we apply Equa-
tion 5 and obtain its prior Ê(pi,psr). By integrating the
prior values of the H points along each direction, we obtain
the local acoustic feature F ′

ac ∈ RG, representing the pri-
ors across G directions. Rather than treating all H points
equally along the same direction, we assign greater impor-
tance to points closer to the receiver by applying weights
wi = e−d(pi,prc) ∈ [0, 1] and computing a weighted sum.

As shown in Figure 2, our local acoustic feature F ′
ac is

fed into an acoustic encoder to reduce the feature dimension
and get the refined feature Fac. Combining it with the visual
feature Fvis and the positional encoding of the receiver po-
sition prc, we aggregate these features as Fagg and estimate
the mixture acoustic mask mm with MLPs.

4.4. Direction-aware Attention Mechanism
Given the local acoustic field, we propose a direction-aware
attention mechanism to distinguish the left and right chan-
nel features to generate binaural audio. Specifically, we cal-
culate the similarity between the left or right channel direc-
tions dl,dr ∈ R3 with the sphere points directions dFib to
obtain the attention Attenl, Attenr ∈ RG for each chan-
nel, then combine these attentions with local acoustic fea-
ture F ′

ac to obtain binaural features. It can be expressed as:

Attenl = dT
Fibdl, Attenr = dT

Fibdr, (6)

F ′
l = F ′

ac ⊙Attenl, F ′
r = F ′

ac ⊙Attenr, (7)

where ⊙ denotes element-wise multiplication. After further
transformation of F ′

l and F ′
r to Fl and Fr, respectively, to

align their dimension with Fagg , we combine Fagg with Fl

or Fr separately to estimate ml
d or mr

d.

Figure 5. Direction-aware attention mechanism. (A) Predefined
left-right attention. (B) Local distribution of two receivers: Re-
ceiver 1 in the hallway, close to the sound source with higher inten-
sity; Receiver 2 in the kitchen, further away and obstructed with
lower intensity. Intensity comparison is highlighted in the sub-
figure C color bar. (C) The binaural features describe the spatial
and directional sound characteristics generated by the combination
of the left-right attention and the local acoustic field distribution.

Figure 5 compares the local acoustic fields and binau-
ral channel features for two receivers at different positions.
The color bar shows the differing sound intensities of their
left and right channels. Binaural features are generated by
considering the channel directions and the sound intensity
in the local sound field comprehensively.

4.5. Learning Objective
On the RWAVS dataset, we predict the acoustic masks mm,
ml

d, mr
d and obtain the estimated magnitudes s∗m, s∗l , s∗r via

Equation 2. We optimize the network using the following
loss function:

LA = ∥sm − s∗m∥2 + ∥sl − s∗l ∥
2
+ ∥sr − s∗r∥

2
, (8)

where sm, sl and sr denote the ground-truth magnitudes,
corresponding to the mixture, left, and right channels, re-
spectively. The mixture sm is defined as the average of sl
and sr. The first term of LA encourages the network to
predict the masks reflecting spatial effects caused by dis-
tance and geometry occlusion. The second and third terms
encourage the network to generate masks that capture the
differences between the left and right channels.

4.6. Implementation Details
Our model is implemented using PyTorch [44] and opti-
mized by the Adam [19] optimizer, with hyperparameters
β1 = 0.9 and β2 = 0.999. The initial learning rate is set
to 5 × 10−4 and is exponentially decreased to 5 × 10−6.
The training process spans 200 epochs, with a batch size of
32. When building the Fibonacci Sphere, we set G = 1024
(uniformly generate 1024 rays around the sphere center)
and H = 10 (uniformly sample 10 points along each ray),
with the radius range rmin = 0.01 and rmax = 1. The
acoustic transmission coefficient τ is set to 0.25. All our
experiments are conducted on an RTX 4090 GPU.
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Methods
Office House Apartment Outdoors Meanw/o occ w/ occ w/ occ w/o occ

MAG↓ ENV↓ MAG↓ ENV↓ MAG↓ ENV↓ MAG↓ ENV↓ MAG↓ ENV↓

Mono-Mono 9.269 0.411 11.889 0.424 15.120 0.474 13.957 0.470 12.559 0.445
Mono-Energy 1.536 0.142 4.307 0.180 3.911 0.192 1.634 0.127 2.847 0.160
Stereo-Energy 1.511 0.139 4.301 0.180 3.895 0.191 1.612 0.124 2.830 0.159

INRAS [55] 1.405 0.141 3.511 0.182 3.421 0.201 1.502 0.130 2.460 0.164
NAF [34] 1.244 0.137 3.259 0.178 3.345 0.193 1.284 0.121 2.283 0.157
ViGAS [12] 1.049 0.132 2.502 0.161 2.600 0.187 1.169 0.121 1.830 0.150
AV-NeRF [30] 0.930 0.129 2.009 0.155 2.230 0.184 0.845 0.111 1.504 0.145
SOAF (Ours) 0.795 0.125 1.952 0.153 2.098 0.182 0.737 0.108 1.396 0.142

Table 1. Quantitative results on the RWAVS dataset. Our method consistently achieves improved performance across diverse environments.
“w/ occ” denotes a multi-room indoor scene with occlusion.

Methods T60 (%) ↓ C50 (dB) ↓ EDT (sec) ↓
Opus-nearest 10.10 3.58 0.115
Opus-linear 8.64 3.13 0.097
AAC-nearest 9.35 1.67 0.059
AAC-linear 7.88 1.68 0.057
NAF [34] 3.18 1.06 0.031
INRAS [55] 3.14 0.60 0.019
AV-NeRF [30] 2.47 0.57 0.016
SOAF (Ours) 2.29 0.54 0.014

Table 2. Quantitative results on the Soundspaces dataset. Our
method achieves improved results in all metrics.

5. Experiments

5.1. Datasets, Baselines & Metrics
Datasets. We evaluate our method on the real-world dataset
RWAVS and the synthetic dataset SoundSpaces.

RWAVS dataset. The Real-World Audio-Visual Scene
(RWAVS) dataset is collected by the authors of AV-
NeRF [30] from diverse real-world scenarios, divided into
four categories: office, house, apartment, and outdoor en-
vironments. In particular, the office category includes in-
door scenes with single-room layouts, while the house and
apartment categories present scenes with multi-room lay-
outs. To capture various acoustic and visual signals along
different camera trajectories, the data collector moved ran-
domly through the environment while holding the record-
ing device. For each scene, RWAVS contains multimodal
data including source audio, collected high-quality binau-
ral audio, video, and camera poses, ranging from 10 to 25
minutes. Camera positions are densely distributed through-
out the scene, and camera directions are sufficiently diverse.
For a fair comparison, we maintain the official training/test
split, which contains 9,850 samples for training and 2,469
samples for testing, respectively.

SoundSpaces dataset. SoundSpaces [8, 54] is a synthetic
dataset generated based on hybrid sound propagation meth-

ods [5, 20, 60] that simulates fine-grained acoustic prop-
erties by simultaneously considering the effects of room
geometry and surface materials on sound propagation in a
3D environment. Following previous methods [30, 34, 55],
we validate our method on the same six representative in-
door scenes, including two single rooms with rectangular
walls, two single rooms with non-rectangular walls, and
two multi-room layouts. For each scene, SoundSpaces pro-
vides binaural impulse responses for extensive emitter and
receiver pairs sampled within the room at a fixed height
from four different head orientations (0°, 90°, 180°, and
270°). To validate the effectiveness of our approach on this
dataset, we modify our model to estimate binaural impulse
responses instead of acoustic masks. We keep the same
training/test split as previous works by using 90% data for
training and 10% data for testing.
Baselines. We compare our approach with baseline meth-
ods [12, 30, 34, 55] that also learn a neural acoustic
field with implicit representation. Among these methods,
NAF [34] learns audio signals with a trainable local fea-
ture grid while INRAS [55] disentangles scene-dependent
features from audio signals and reuses them for all emitter-
listener pairs. ViGAS [12] and AV-NeRF [30] are multi-
modal approaches that leverage the visual feature of a sin-
gle image for audio generation. On the RWAVS dataset,
we include three additional baselines for reference: Mono-
Mono, Mono-Energy, and Stereo-Energy. Mono-Mono
simply repeats the source audio twice to achieve a binau-
ral effect. Mono-Energy scales the energy of the source au-
dio to match the average energy of the ground truth target
audio then duplicates it to obtain a binaural audio. Stereo-
Energy first duplicates the source audio and then scales the
two channels separately to match the energy of each chan-
nel of the ground truth target audio. On SoundSpaces, we
also compare our model with the linear and nearest neigh-
bor interpolation results of two widely used audio coding
methods: Advanced Audio Coding (AAC) [22] and Xiph
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Methods
Office House Apartment Outdoors Mean

MAG↓ ENV↓ MAG↓ ENV↓ MAG↓ ENV↓ MAG↓ ENV↓ MAG↓ ENV↓

Ours - w/o geo, dir 0.928 0.129 2.015 0.155 2.249 0.184 0.831 0.111 1.506 0.145
Ours - w/o dir 0.868 0.127 1.977 0.154 2.168 0.183 0.785 0.109 1.450 0.143
Ours - full 0.795 0.125 1.952 0.153 2.098 0.182 0.737 0.108 1.396 0.142

Table 3. Ablation study of proposed components on RWAVS. “Ours - w/o geo, dir” refers to results reproduced from official AV-NeRF.
“geo” denotes global-local acoustic field, “dir” denotes direction-aware attention mechanism and “full” denotes all proposed modules.

Figure 6. Example visual comparison of novel view audio synthesis. For the receiver, the emitter is blocked by a wall. Compared to
AV-NeRF (MAG: 0.816; ENV: 0.124), our method (MAG: 0.471; ENV: 0.097) generates audio with more accurate energy attenuation.

Opus [23]. All these methods are evaluated with the same
train/test split for each dataset.
Metrics. On the RWAVS dataset, we follow AV-NeRF to
utilise the magnitude distance (MAG) [65] and envelope
distance (ENV) [41] as evaluation metrics. MAG mea-
sures the audio quality of the generated sound in the time-
frequency domain after applying the short-time Fourier
transform, while ENV measures it in the time domain. On
SoundSpaces, we follow [30, 55] to evaluate our method
with the reverberation time (T60), acoustic parameter clar-
ity (C50), and early decay time (EDT) metrics. T60 is the
percentage error between the time it takes for the synthe-
sised RIR to decay by 60 dB in the time domain with the
ground truth T60 reverberation time. C50 describes the clar-
ity and loudness of audio by quantifying the energy ratio
between early reflections and late reverberation. EDT re-
flects people’s perception of reverberation by focusing on
the early reflections of impulse responses. For all of these
metrics, lower is better. The detailed definitions of these
metrics are provided in the supplementary material.

5.2. Results & Ablation study
For a fair comparison, we integrate our priors into AV-NeRF
while keeping all other components (visual features, esti-
mated poses, or optimizer settings) unchanged. This con-
trolled setup isolates and validates the effect of our contribu-
tions. We present quantitative results on the RWAVS dataset

in Table 1. Our model consistently outperforms baselines
across all environments. Specifically, we achieve an over-
all 7.2% and 23.7% reduction in the MAG metric compared
to AV-NeRF and ViGAS, respectively. This demonstrates
that our approach extracts more comprehensive spatial cues
from visual inputs and effectively guides learning of the
neural acoustic field. Figure 6 shows a qualitative com-
parison of rendered audio. On Soundspaces, we adapt our
method to predict RIRs without any architectural changes
or additional supervision (e.g., energy decay loss), and pro-
vide results in Table 2. Compared to previous works, our
approach achieves better performance in all metrics. In par-
ticular, we obtain an overall 7.3% reduction in T60 error
compared to AV-NeRF and a 27.1% reduction compared
to INRAS, respectively. The consistent improvement fur-
ther shows the generality of our proposed priors. To fur-
ther verify the agnosticism of scene representation, we also
compare with AV-Cloud [14] (point-based approach) and
include results in the supplementary material.

Ablation of Proposed Components. We conducted an ab-
lation study on the RWAVS dataset. In Table 3, “w/o geo,
dir” uses AV-NeRF’s default input (visual features, receiver
location, and relative direction). “w/o dir” only adds our
global-local acoustic field (geo), showing improvements in
all scenarios, demonstrating the effectiveness of our spatial
geometric prior. “Ours - w/o dir” uses AV-NeRF’s relative
direction information and geo, while “Ours - full” incorpo-
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Figure 7. Robustness to scene reconstruction quality. Left: audio synthesis performance with various reconstructions. Small Acc and T60
are better. Right: visual differences in reconstruction results. a, b, and c correspond to the different geometry quality shown on the left.

τ = 1 τ = 0.5 τ = 0 GT-nearest
Figure 8. Visualization of varying values of transmission coefficient τ in our global acoustic field. τ = 1 means all the sound energy will
be transmitted to the other side of the wall, while τ = 0 represents no sound energy will be transmitted.

rates all proposed modules, achieving the best performance.
Robustness to Reconstruction Quality. Our method re-
constructs wall layouts to ensure that transmission attenua-
tion occurs at the correct locations in our global priors. To
evaluate the robustness of our approach to 3D reconstruc-
tion quality, we visualize audio synthesis results in rela-
tion to scene reconstruction accuracy in Figure 7. Specif-
ically, we employ a vanilla NeRF [38] (Figure 7.B.c) and
MonoSDF [71] (Figure 7.B.b) to obtain 3D scene recon-
structions of varying quality. As shown in Figure 7.A, our
audio synthesis performance is only slightly affected when
the reconstruction error remains below 6.5.
Contribution of Transmission Coefficient τ . We evaluate
our method across four scenes with wall occlusions and four
without, varying τ values. The average results are reported
in Table 4. For single-room scenes, our method achieves
a steady improvement with different τ values, demonstrat-
ing the effectiveness of combining our distance-aware pri-
ors with direction-aware attentions. However, for multi-
room scenes, setting τ = 1 produces pure distance-aware
priors for receivers in other rooms, resulting in complete ig-
norance of wall occlusions, while τ = 0 uniformly assigns
zero values to all points behind the wall, leading to undif-
ferentiated prior knowledge between these points. Based on
experiments, we achieve a balanced integration of distance
and occlusion effects by setting τ = 0.25 for representative
priors across receivers. A visualization of the impact of τ
in our global acoustic field is shown in Figure 8.
Spatial Effect. We report the Left-Right Energy (LRE) er-
ror [12] on the RWAVS dataset in Table 5. The consistent
decrease in all metrics, including the LRE error, shows that
our direction-aware attention improves the spatial effect by
providing informative binaural features.

Methods
Single-room (w/o occ) Multi-room (w/ occ)

MAG↓ ENV↓ MAG↓ ENV↓

AV-NeRF [25] 0.780 0.119 1.963 0.159
Ours (τ = 1) 0.672 0.113 1.902 0.158
Ours (τ = 0.5) 0.672 0.113 1.864 0.157
Ours (τ = 0.25) 0.672 0.113 1.856 0.157
Ours (τ = 0) 0.673 0.113 1.871 0.157

Table 4. Ablation study of transmission coefficient τ .

Methods MAG↓ ENV↓ LRE↓

Ours - w/o geo, dir 1.506 0.145 0.988
Ours - w/o dir 1.450 0.143 0.982
Ours - full 1.396 0.142 0.956

Table 5. Performance comparison on the RWAVS dataset.

6. Conclusion
In this work, we introduced effective geometric priors for
the sound field learning, derived from distance-aware para-
metric sound propagation modeling and scene occlusions
extracted from the input video. Our proposed direction-
aware attention mechanism captures useful local features
for binaural channels. Tested on the real dataset RWAVS
and the synthetic dataset SoundSpaces, our approach out-
performs existing works in audio generation.
Limitations. Following previous approaches, our model
is scene-specific and deals with a static sound source.
Currently, the proposed priors focus solely on geometric
aspects—distance, occlusion, and direction—which have
proven effective for audio synthesis. We believe that ex-
panding them to incorporate factors such as reverberation
or time of flight is a promising direction for future research.
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