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Abstract

Accurately localizing audible objects based on audio-visual
cues is the core objective of audio-visual segmentation.
Most previous methods emphasize spatial or temporal
multi-modal modeling, yet overlook challenges from am-
biguous audio-visual correspondences—such as nearby vi-
sually similar but acoustically different objects and frequent
shifts in objects’ sounding status. Consequently, they may
struggle to reliably correlate audio and visual cues, leading
to over- or under-segmentation. To address these limita-
tions, we propose a novel framework with two primary com-
ponents: an audio-guided modality alignment (AMA) mod-
ule and an uncertainty estimation (UE) module. Instead
of indiscriminately correlating audio-visual cues through
a global attention mechanism, AMA performs audio-visual
interactions within multiple groups and consolidates group
features into compact representations based on their re-
sponsiveness to audio cues, effectively directing the model’s
attention to audio-relevant areas. Leveraging contrastive
learning, AMA further distinguishes sounding regions from
silent areas by treating features with strong audio responses
as positive samples and weaker responses as negatives.
Additionally, UE integrates spatial and temporal informa-
tion to identify high-uncertainty regions caused by frequent
changes in sound state, reducing prediction errors by lower-
ing confidence in these areas. Experimental results demon-
strate that our approach achieves superior accuracy com-
pared to existing state-of-the-art methods, particularly in
challenging scenarios where traditional approaches strug-
gle to maintain reliable segmentation.

1. Introduction

Given an audio signal, Audio-Visual Segmentation (AVS)
aims to identify and segment audible objects within a vi-
sual scene [49, 50]. Existing studies [9, 16, 18] focus on
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Figure 1. (a) Illustration of ambiguous spatio-temporal corre-
spondences. Case (1): At time ¢, #Dogl and #Dog2 are po-
sitioned closely but have differing sounding states, challenging
the model to identify the genuine sounding one. Case (2): Over
frames t1, t2, and t3, #Dogl switches between sounding and silent
states, posing challenges for models to capture the object’s sound-
ing status variations over time reliably. (b) Distribution of Spe-
cial Cases in AVSS Dataset. We conduct a sample analysis utiliz-
ing a random 33.3% subset of AVSS-V2 [50], which reveals sub-
stantial occurrences of cases (1) and (2), indicating the frequent
presence of challenging frames.

modeling spatio-temporal audio-visual information to cap-
ture associations between audio and visual cues, such as
dynamic sound properties and object motion. Although
these methods demonstrate strong performance, they often
overlook challenges arising from ambiguous audio-visual
spatio-temporal correspondences in real-world scenarios,
potentially resulting in suboptimal segmentation, i.e., over-
or under-segmentation.

As illustrated in Fig. 1, we analyze and categorize the
challenging cases in the AVS dataset, identifying two pri-
mary difficulties that arise from the audio-visual ambigu-
ous correspondence. @ Incorrect Audio-Visual Associa-
tions Due to Visually Similar Objects with Different Sound
States (case 1). In such cases, typical attention-based audio-
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visual alignment methods [16, 49, 50] rely on global con-
text to weight information. However, for visually similar
yet acoustically distinct objects, these methods struggle to
adjust attention distribution adaptively based on their ac-
tual sounding states, causing both silent and audible objects
to be mistakenly aligned with audio cues. To address this,
some methods [5, 24] employ ground-truth masks to filter
out silent regions or employ ground-truth masks as refer-
ences to construct positive and negative samples for con-
trastive learning. Although these approaches can temporar-
ily exclude interference from silent areas, the model cannot
rely solely on the GT mask to learn each object’s unique
sound response, resulting in attention still being mistakenly
allocated to silent areas. @ Learning Instability Due to
Frequent Sounding Status Changes (case 2). As shown in
Fig. 1, the sounding status of objects may frequently shift
over short periods, complicating the learning of stable tem-
poral audio-visual relationships. When sound states change
quickly, existing methods [5, 9, 16, 24, 50] tend to smooth
over variations based on the preceding continuous sounding
state, leading over-segmentation results. In this paper, we
propose a novel framework consisting of an audio-guided
modality alignment (AMA) module aimed at addressing @
and an uncertainty estimation (UE) module targeting @.

Considering that employing global attention-based
methods may lead to dispersed attention, AMA first groups
visual features based on their semantic density, thereby re-
stricting audio-visual interaction to a group level. Then, the
sound-guided semantic merging module performs audio-
guided weighted merging of group features. Each feature
is assigned a weight based on its audio responsiveness, with
features corresponding to sounding objects being amplified
and those corresponding to silent objects being suppressed.
This process introduces an audio-driven feature competi-
tion that effectively differentiates sounding and silent ob-
jects, generating compact representations. These represen-
tations are then reprojected onto the visual feature map. Af-
ter performing the above process across multiple layers, the
sounding regions are highlighted while the silent regions
gradually weaken. To further strengthen the model’s abil-
ity to differentiate between silent and sounding features, we
treat compact representations with high audio responsive-
ness as positive samples and those with low responsiveness
as negative samples. Contrastive learning is then employed
to maximize the feature space distance between these pos-
itive and negative samples, ensuring better separation and
discriminability [4, 10, 15, 33].

Furthermore, to enhance the model’s reliability in han-
dling frequent sound state changes, we introduce an uncer-
tainty estimation (UE) module. When an object’s sound
state shifts rapidly, the model may experience high un-
certainty in mask predictions on transition frames. To
address this, we first apply temporal modeling through

an attention-based layer to capture temporal dependencies

across frames. The resulting features are then fed into

two separate heads in UE: a mask prediction head and an
uncertainty estimation head. By incorporating uncertainty
estimation into the mask prediction, the model adaptively
reduces prediction confidence in regions with high uncer-
tainty, effectively mitigating the impact of unreliable pre-
dictions during transitions.

In summary, our contributions are three-fold:

* We introduce an audio-guided modality alignment mod-
ule that adaptively identifies and highlights sounding
regions through audio-driven feature competition and
semantic grouping, improving the model’s robustness
against incorrect audio-visual associations.

* We develop an uncertainty estimation module to miti-
gate prediction errors caused by frequent changes in the
sounding states of objects.

* Extensive experiments on benchmark datasets show
that our framework outperforms previous state-of-the-art
methods across all AVS datasets, with a 4.2% gain in
J&Fp on the AVS-Semantic dataset and an 11.5% gain
on the challenging VPO-MSMI dataset.

2. Related Work
2.1. Audio-Visual Alignment.

Effective audio-visual alignment is crucial for achieving
precise sound source segmentation. Many studies have
shown that attention-based modules [9, 16, 18, 24, 50] and
contrastive learning are powerful methods for modal align-
ment. For instance, TPAVI [49, 50] utilizes an attention
mechanism to align audio and visual modalities in both spa-
tial and temporal dimensions. To minimize interference
from background noise and irrelevant regions, stepstone
[24] introduces ground-truth masks to filter out the silent vi-
sual regions, enhancing audio-visual alignment. However,
pre-filtering these silent regions prevents the model from
learning to differentiate between silent and active objects,
limiting its ability to fully explore multimodal integration.
Contrastive learning is another popular approach for
audio-visual alignment, particularly in audio-visual local-
ization [25, 31, 32, 38]. Inspired by this, recent works [5, 6]
adapt contrastive learning to AVS to enhance audio-visual
correlation. Traditional AVL methods [2, 12, 14, 28, 30—
32, 34, 35, 39, 42] treat audio-visual pairs from the same
video as positive samples and pairs from different videos
as negative. However, this approach neglects the potential
semantic alignment between features from different videos,
mistakenly treating them as negative pairs and disregard-
ing cross-video consistency. To address this, Chen et al. [5]
employ the ground truths to select positive samples, link-
ing them with the corresponding audio signals, and treat-
ing background regions or mismatched audio-visual pairs
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as negative samples. While this method improves sample
precision, it still overlooks semantic mismatches caused by
visually similar but acoustically different objects in a frame.

In this work, we employ audio as the guidance to con-
struct positive and negative samples, facilitating the model
to be distinguishable for sounding and silent regions.

2.2. Audio Visual Segmentation.

Audio-visual segmentation aims to correctly partition the
regions and label them with specific sound types [49, 50].
Existing methods can be categorized by input granular-
ity into two main types: frame-level input [5, 6, 20, 21]
(i.e., a single frame paired with one-second of audio), and
segment-level input [9, 11, 13, 16, 18, 23, 27, 37, 41, 44,
45, 49, 50] (i.e., multiple frames paired with an audio seg-
ment of matching length). For example, BAVS [21] utilizes
frame-level input to mitigate the model’s tendency to over-
segment silent objects. In contrast, methods emphasizing
temporal information, such as CATR [16], claim that incor-
porating temporal dynamics better captures sound source
variations over time, employing temporal audio-visual in-
teractions through cross-attention mechanisms. Moreover,
with the emergence of query-based video segmentation
models [7, 46], several approaches have developed AVS
frameworks built upon this architecture, incorporating au-
dio information into the queries to facilitate audio-visual
alignment [18, 24, 37], thereby effectively modeling the
temporal dynamics of the fused features.

While these approaches have improved AVS perfor-
mance, there are still limitations. Frame-level methods fail
to fully utilize multimodal information across time, limit-
ing segmentation accuracy. Meanwhile, temporal modeling
may favor generating smooth prediction results and over-
look abrupt sound changes, resulting in suboptimal segmen-
tation performance at sound transition points. In this work,
we address these issues by estimating the prediction uncer-
tainty caused by sound transitions and adjusting the mask
prediction confidence based on the uncertainty map.

3. Proposed Method

Fig. 2 depicts a diagram of our proposed framework. Be-
fore elaborating on our method, we first provide a pre-
liminary in §3.1. Then we introduce the key components
of our method: (i) Audio-Guided Modality Alignment (cf.
§3.2), which details the progress of facilitating the model in
learning to distinguish between sounding and silent objects.
(it) Uncertainty Estimation (cf. §3.3), which measures the
model’s confidence changes over time regarding sounding
state transitions. The training objective is detailed in §3.4.

3.1. Notation and Preliminaries

Task Setup. Formally, given a video consisting of 7" one-
second clips, where each second’s data is represented as

Predicted Results {Y:}1,
Prediction Adjustment

I

Uncertainty Estimation*** 3’]

K

[ Audio Guided Modality Alignmené . m]l]
1

Figure 2. Method Overview. Our framework takes video frames
{I,}£, and audio signals {A;}# as input to segment masks
{f/}}tT:l for audible objects. Visual and audio features extracted
by the visual block &,, and audio encoder £, are aligned through
audio-guided modality alignment. The multi-scale features from
each frame are then fed into the mask decoder to generate a fused
feature map. Through temporal modeling, the feature maps are
processed by the uncertainty estimation module to obtain the un-
certainty map and mask confidence predictions. The final pre-
dicted results are generated by integrating the uncertainty map
with mask confidence predictions.

{I;, A;}I_ |, with I; denoting the last video frame of the ¢-th
second and A, representing the corresponding one-second
audio segment. A robust audio-visual segmentation model
f is designed to process the input pairs and generate pixel-
wise localization maps {Yt}tT:l for audible regions:

(Vi = F{L, A (1)

The optimal solution f* is typically determined by min-
imizing a composite segmentation loss Lsgg across a
dataset of N videos {V,,}_;:

* : 1 %
f = arg}nlnﬁ zn: Et: L:seg(Y;fa Y;S), 2

where Ly, typically includes cross-entropy loss, Dice loss

[17], and IoU loss [47].

Architecture Overview. Similar to other established audio-

visual segmentation frameworks [5, 18, 50], our architec-

ture consists of a visual encoder with L blocks, an audio
encoder, and a mask decoder, defined as follows:

e Visual Encoder processes a single image [, € R7xWx3
with resolution H x W. Each block &,, extracts a feature
map fy, € RPHXWi yielding a total of L multi-scale
feature maps, where H; and W; denote the spatial dimen-
sions at level [, and D; is the number of channels.

o Audio encoder &, extracts an audio representation f,
from the Mel spectrogram of the audio segment A; €
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(a) The Process of Audio Guided Modality Alignment
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(b) Sound Guided Semantic Merging (SGSM)
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Figure 3. (a) Image features are first grouped based on their semantic similarity. Audio and visual features interact at the group level, where
features within each group are merged into compact representations guided by the audio signal. Through multiple layers of interaction,
the sounding regions are progressively highlighted. The compact representations from the final layer are then used to perform contrastive
learning with audio cues. (b) Guided by audio features, the features within each group merge into compact semantic representations. These
grouped semantics are then remapped onto the feature map to perform the next level of alignment.

RT*F where T is the temporal duration and F' is the

number of Mel filter banks. The output feature is f, =
E.(Ay) € RP, with D as the feature dimension.

e Mask decoder D takes the multi-scale feature maps
{fi}£, as input and produces a fused feature map f; €
RPs*xHsxWs  Here, H ¢ and Wy denote the spatial di-
mension, and Dy is the number of channels.

3.2. Audio Guided Modality Alignment

To focus the model’s attention on sound-relevant regions
and prevent it from spreading to irrelevant areas, we
first group visual features by semantic similarity, and
then merge these groups based on their responsiveness
to sound, thereby achieving compact representations Con-
trastive learning is subsequently applied to reinforce the
distinction between sounding and silent objects by treating
sound-responsive compact representations as positive sam-
ples and less responsive ones as negatives. Fig. 3 (a) illus-
trates the process intuitively.

Visual Feature Grouping. We employ a k-nearest neigh-
bor variant of Density Peaks Clustering (DPC-KNN) as
[8, 48] for visual feature grouping due to its ability to ef-
fectively capture complex data distributions through local
density. Visual features are divided into P groups, G =
{g1;82;...;8p}, where g, € RN»*D. Here, N, denotes
the token amount in group p, which varies across groups.
Principally, DPC-KNN works as follows:

@ For each visual token f{, (where i = 1,2,..., H{W)),
DPC-KNN begins by calculating the local density p; based
on its k nearest neighbors N (4):

pi= > eap(=|Ifi, ~ FID- ©)
JENL(%)

@ Each token f{}z is then assigned to a cluster by identifying
its nearest neighbor h; with a higher density:

Fller = i, if p; = max(p)
vl = ¢p,, otherwise ’
“)

where # (i) = {j|p; > p;} is the set of tokens with higher
density than token ¢, and ¢; is the label assigned to token <.

h; = argmin|| f} —
JEH (D)

With these assigned labels, we group the visual fea-

tures, defining each group as g, = {f{ |c; = p}, Vp €
{1,2,...,P}.
Sound Guided Semantic Merging. To prevent attention
dispersion caused by global attention, we restrict the audio-
visual attention calculation to local regions. We further
merge visual features based on their responsiveness to audio
signals, creating a compact representation that emphasizes
features with high responsiveness to audio signals and more
clearly reflects their association with audio cues, as depicted
in Fig. 3 (b).

To be specific, we first obtain the audio-visual interac-
tion feature map f;L through a Multi-Head Cross-Attention
(MCA) layer:

for = MCA(fu, fa), (5)

where f,, € RP! is the audio feature projected through
a linear layer to ensure dimensional consistency with f,,.
Next, we estimate the relevance score S € RZTWi of f;l
via a multi-perception layer and calculate the weight vec-
tor wg, € RY> for each group by applying an exponential
function. This process is formulated as:

,p—Zch z, (6

TEZp

explsa)
Z]Ggp eXp(Sj

Wy =

where gy, is the set of visual tokens assigned to the group
p, and w, is a scalar weight for z € R”" in group p. The
compact representation of the input audio-visual pair is then
defined as G; € R”*Pt, where P is the group number. This
operation enables the model to focus on the most relevant
tokens within each group, enhancing the distinction of re-
gions with high audio response.

To highlight the sounding regions in the visual fea-
ture map, we enhance the compact representations using a
query-based scheme and then project the updated represen-
tations back onto the visual feature map based on the token
positions within each group. Specifically, the compact rep-
resentations are updated by a stack of transformer decoders
to converge high-level semantics:

G; + G+ softmax Gl

/N D+ S) fu. (D)
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Here, the relevance score .S is added to the attention weights
to ensure that visual tokens with high responsiveness to
sound contribute more significantly to the output. The fea-
ture map obtained by remapping the compact representa-
tions is then passed into the next block. Specifically, we
first retrieve the corresponding group feature from G; for
each visual token f{él based on its group index, and then
add the retrieved feature to the visual token to enhance the
representation of sounding regions.
Contrastive-based Audio-visual Alignment. While the
audio-guided feature merging yields compact visual rep-
resentations that are more responsive to audio signals, it
does not fully separate silent objects from sounding ones
in the feature space. To address this, we employ InfoNCE
contrastive loss [33] to align audio and visual features for
sounding objects while repelling those of silent objects.
Let G € RP*P represents the normalized compact fea-
tures obtained in the final block, and fa € RP the normal-
ized audio features. We compute similarity scores between
audio and visual features via a dot product, followed by a
sigmoid to derive alignment scores. These scores are then
utilized to differentiate positive and negative samples based
on their response to audio signals, as defined below:

A= f,GT, I =sigmoid(A - 5,), (8)

where A represents the similarity scores, and o, is a scal-
ing parameter that controls the sharpness of alignment. The
contrastive loss is then formulated as follows:

2icp Xp(Ai/7)
>oiep eXP(Ai/T) + 30 exp(A4;/7)
©))
Here, P is the set of indices for positive samples, defined by
I; > €4, N denotes the set of indices for negative samples,
defined by I; < €4, and 7 is the temperature parameter.

Ecsl = - IOg

3.3. Uncertainty Estimation.

When the sounding status of objects frequently changes in
a video, the model may struggle to generate accurate and
stable predictions during these transitions. To address this,
we introduce uncertainty estimation to assess changes in the
model’s prediction confidence across all video frames. The
final predictions are then refined by weighting uncertainty
estimates alongside mask prediction probabilities.

Generation of Uncertainty Map and Mask Probability
Map. After passing the multi-scale feature maps from all
audio-visual pairs in a video through the mask decoder
D, we obtain fused feature maps. These fused maps are
subsequently processed by a Multi-Head Attention layer
to capture semantic dependencies across all time steps.
The resulting feature maps, denoted as Fy = {fs}/_, €
RIXCXHXW = gre input to the segmentation head, which
generates the class logits m € RT*CXHXW for each pixel.

To quantify the model’s prediction uncertainty, we adopt
the Dirichlet distribution, as it provides granular, robust
confidence information, enabling accurate uncertainty es-
timation and class competition [29, 36]. Specifically, F is
processed by the uncertainty head to obtain the uncertainty
logits @ € RT*EXHXW —We then apply a softplus acti-
vation to the logits to ensure non-negativity. These values
serve as the parameters for the Dirichlet distribution, which
allows us to compute pixel-wise uncertainty as follows:

5= — , (10)

where § € RTXCXHXW represents the prediction uncer-
tainty across spatial locations. Higher values of § indicate
regions with greater uncertainty in predictions.
Uncertainty-Weighted Prediction Adjustment. To en-
sure compatibility between uncertainty values and predicted
probability distributions, we first normalize the spatial un-
certainty by linearly scaling it to the [0, 1] range. The final
predictions are then obtained via the following equation:

(Y}, =o(m)/(6+e), (11)

where o represents the softmax operation for semantic seg-
mentation (or the sigmoid operation for binary segmen-
tation), m denotes the class logits from the segmentation
head, and € is set to 1 x 10~ to ensure numerical stability.

3.4. Loss function

The final learning objective combines the typical segmenta-
tion loss L (cf Eq. 2) and the contrastive loss (cf. Eq.
9):

L= )\segﬁseg + >\csl£csl7 (12)

where A;5:=0.1 and \s.4=1 are the weight parameters.

4. Experiments

4.1. Experimental Setup

Datasets and Metrics. We conduct experiments on: AVS-

Object [49], AVS-Semantic [50], and VPO [5].

* AVS-Objects comprises 5,356 audio-visual pairs, each
with five frames extracted from a video and a correspond-
ing 5-second audio segment. Among these pairs, 4,932
contain a single audio event, while 424 involve multiple
audio events. Binary masks are provided as ground truth
to identify regions as either sounding or silent.

* AVS-Semantic extends the AVS-Object dataset, consist-
ing of 12,356 audio-visual pairs. This extended dataset
includes ten frames paired with a 10-second audio seg-
ment. It provides semantic annotations that identify both
the sounding regions and the specific audio type.
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Table 1. Quantitative results on AVS-Objects and AVS-Semantic (resized to 224 x 224). The best results are highlighted in bold, while
the second-best results are underlined. Results are obtained using our complete design but with different backbones. See analysis in §4.2.

‘ Visual ‘ Audio ‘

AVS-Objects-S4 |

AVS-Objects-MS3 | AVS-Semantic

Methods | Backbone | Backbone | J&Fm t Tt Fm 1| T&Fmt T Fnt|T&Fmt T1 Fmt
TPAVI [49] ccv | PVIV2-BS | VGGish | 833 787 879 | 593 540 645 | 325 298 352
AVSC [20] vy | Swin-Base | VGGish | 850 813 886 | 626 595 658 ; -
CATR [16] jsvns | PVI-V2BS | VGGish | 879 844 913 | 686 627 745 | 357 328 385

DiffusionAVS [26] (120 | PVI-V2-BS | VGGish | 857 814 900 | 646 582 709 ; A
ECMVAE [27] iccvs | PVI-V2BS | VGGish | 859 817 901 | 643 578 708 - S

AUTR [22] (i) | PVT-V2-BS | VGGish | 821 776 865 | 720 662 717 - S

AQFormer [13] jucans | PVT-V2-B5 | VGGish 85.5 81.6 894 67.5 622 727 - - -
AVSegFormer [9] (sui | PVI-V2-BS | VGGish | 868 831 905 | 672 613 730 | 400 373 428
AVSBG [11] sanny | PVI-V2-BS | VGGish | 861 817 904 | 610 551 668 : -

GAVS [41]aaize | ViTBase | VGGish | 851 801 90.0 | 706 637 774 - -
BAVS [21] mneze) | Swin-Base | Beats 862 827 898 | 628 596 659 | 356 336 375
COMBO [45] vy | PVI-V2-BS | VGGish | 883 847 919 | 652 592 712 | 441 421 46l

QDFormer [18] vy | Swin-Tiny | VGGish | 839 795 882 | 640 619 66 - s34

CAVP [5] vy | PVT-V2-BS | VGGish | 905 87.3 936 | 727 613 781 | 553 486 620

AVSStone [24] (rccvas) | Swin-Base | VGGish 87.3 832 913 72.5 67.3 77.6 61.5 56.8 66.2
BiasAVS [37] scunny | Swin-Base | VGGish | 882 833 930 | 740 672 808 | 472 444 499

RAYVS (OURS) | PVT-V2-B5 | VGGish 91.3 90.3 922 74.7 69.7 79.6 63.9 58.7  69.0

RAVS (OURS) MIT-B5 VGGish 922 91.6 9238 74.2 68.3  80.1 65.4 598 71.0

RAVS (OURS) | MIT-BS | HTSAT 93.5 931 938 | 764 706 821 | 657  60.8 70.6

VPO is a synthetic dataset that combines single-frame
images from COCO [19] with 3-second audio clips from
VGGSound [1]. It includes three subsets: VPO-SS
(12,202 single-source samples), VPO-MS (9,817 multi-
source samples), and VPO-MSMI (12,855 samples),
where weighted single-source data represent spatial in-
formation for multi-source sounds.

Following [5, 6, 18], we evaluate the performance of all
methods using the mean Intersection over Union J and F-
score (Fg), where 3 is set as 0.3. Additionally, due to space
constraints, we provide comparisons using the metrics from
TPAVI [49, 50] in the supplementary material.

Network Configuration. Our framework is end-to-end
trainable, with all components parameterized by neural net-
works. The spatial dimensions of the three feature maps
used for sound-guided semantic merging are 1/4, 1/8, and
1/16 of the input image size. The number of groups for
each feature map is set to 14, 7, and 5. The threshold ¢, for
selecting positive and negative samples is set to 0.5.

4.2. Quantitative Performance

Performance on AVS-Objects and AVS-Semantic. Table
| presents a comparative analysis of our approach against
16 recent audio-visual segmentation (AVS) methods eval-
uated on AVS-Objects and AVS-Semantic. In addition to
the commonly adopted PVT-V2-BS5 [40] and VGGish [1],
we leverage advanced visual and audio models, MIT-B5
[43] and HTSAT [3], to further enhance segmentation per-
formance. Our approach achieves impressive results, with
J&Fa scores of 93.0% on S4 and 76.4% on MS3 for
AVS-Objects, demonstrating precise localization of audi-
ble objects. In particular, on the AVS-Semantic dataset, our
method achieves a substantial 4.2% improvement in 7 &F3
over the previous state-of-the-art, AVSStone. Notably, even

with the standard backbones PVT-V2-B5 and VGGish, our
model sets new benchmarks across all metrics.

Performance on VPO. In Table 2, we report the perfor-
mance comparison on VPO series datasets. Our approach
greatly outperforms the second-best one AVSStone. Specif-
ically, for the VPO-SS dataset, we achieve J&F3 scores
of 74.97 % compared to 68.54%, for VPO-MS: 73.48% vs.
64.26%, and for VPO-MSMI: 69.30% vs. 58.76%. No-
tably, VPO-MSMI includes many cases where objects from
the same visual category appear in a frame but have differ-
ent auditory states [5]. This substantial improvement over
AVSStone—7 on VPO-MSMI: 61.89% vs. 50.11% and
F:76.70% vs. 67.40%—demonstrates that our method ef-
fectively directs attention to the genuine sounding regions.

4.3. Qualitative Performance

Fig. 4 presents qualitative comparisons between our method
and three competing approaches: TPAVI [50], CAVP [5],
and AVSStone [24]. In scenario (a), two men are posi-
tioned closely but are in different sounding states. AVS-
Stone, CAVP, and TPAVI all tend to over-segment the silent
man’s region while under-segmenting the audible man’s, re-
flecting their difficulty in distinguishing between visually
similar objects with differing sound states. In contrast, our
method accurately localizes the speaking man, effectively
avoiding these mis-segmentations. In the more complex
scenario (b), the sound status of the bird switches between
the second and third frames. TPAVI and AVSStone tend to
assume the bird is sounding in all frames, leading to seg-
mentation of the bird throughout, while CAVP assumes si-
lence and barely segments the bird region. By contrast, our
method robustly handles these rapid sound transitions, mit-
igating these challenges effectively.
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(a) Objects within the same visual category but differing in auditory status

Frequent variations in auditory status (Birds)

Figure 4. Visual comparison of challenging cases (illustrated @ and @ in §1) in AVSBench-Semantic. Refer to §4.3 for detailed analysis.

Table 2. Quantitative comparisons on VPO datasets (§4.2). ‘CPM*’ indicates that training and testing are performed on images with the
original resolution, while other methods employ images resized to 224 x 224 pixels. The best results are highlighted in bold, and the
second-best results are in underlined. Results are obtained using our complete design but with different audio-visual backbones.

Methods Visual | Audio | Trainable | VPO-SS | VPO-MS | VPO-MSMI
Backbone | Backbone , Params

| | | T&Fgt Tt Fet|T&Fgt Tt Fet|JT&Fgt Tt Fg?
TPAVI [49] (rcevar | PVT-V2-B5 | VGGish | 101.32M | 44.63  41.64 47.62| 45.68 423 49.06| 43.19 40.03 46.34
AVSegFormer [9] (aaans) | PVI-V2-B5 | VGGish | 186.05SM | 45.94  43.81 48.06| 43.72 473 40.14| 4993 47.19 52.67
CAVP [5] (cveroe | ResNet50 | VGGish | 119.79M | 67.02  58.81 75.23| 61.32 5324 69.39| 5648 48.18 64.78
BiasAVS [37] zccvos | SwinBase | VGGish | 107.12M | 67.46  59.14 75.78 | 63.42 55.61 71.23| 57.94 49.6 66.27
AVSStone [24] (acv-mvoe | SwinBase | VGGish | 114.63M | 68.54  59.72 77.35| 64.26 56.23 72.29| 58.76 50.11 67.40
7 7 7 CPMF [6]iccvay | ResNet50™ | 'VGGish |~ .7 7| 7349 T 67.09 79887 "72.91 6591 "79.9 | 68.07 ~ 60.55 75.38
RAVS (OURS) | MIT-B5 VGGish | 103.84M 7427  67.51 81.02| 7292 66.33 79.51 68.69  61.32 76.05
RAVS (OURS) | MIT-B5 HTSAT | 103.84M | 7497 68.03 81.90| 7349 6697 80.01| 69.30 61.89 76.70

4.4. Further Analysis

Ablation Study. We carry out ablation studies on AVS-
Object-MS3 and AVS-Semantic to evaluate the effective-
ness of individual components and design choices in our
framework. Our baseline model includes audio and vi-
sual encoders, cross-attention layers for fusion, and a mask
decoder. Based on this baseline, we set up two con-
figurations to examine the effectiveness of SGSM. The
first configuration, shown in Row 2 (Baseline+GTF), uti-
lizes ground truth masks to filter silent regions during
modality alignment. The second configuration, shown
in Row 3 (Baseline+SGSM), incorporates our proposed
sound-guided semantic merger (SGSM). As results indi-
cate, SGSM improves the baseline by 7.4% in J&Fz on
AVS-Semantic and achieves 3% better performance than
Baseline+GTF. This demonstrates that SGSM effectively
directs the model’s attention to audible regions, mitigating
interference from silent areas.

Building on SGSM, we introduce contrastive modality
alignment (CST), shown in Row 4. Compared to SGSM
alone, this alignment design improves J&F3 by 1.6% on
AVS-Semantic, indicating that aligning compact features
with audio representations enhances audio-visual align-
ment. Additionally, we integrate our uncertainty estimation

module (UE) on top of SGSM+CMA, yielding further per-
formance gains. On AVS-Semantic, J and Fjg increase by
1.7% and 1.3%, respectively, confirming that UE effectively
mitigates errors caused by frequent changes in an object’s
audible state, resulting in more accurate segmentation.

Effectiveness of Audio Guided Alignment. In Fig. 5, we
map the compact representation identified as a positive or
negative sample back onto the image based on the locations
of their visual combinations and show their responsiveness
to the audio cues. When two objects of the same visual cat-
egory but different sound states appear in a video frame, our
method effectively identifies the truly sounding object as a
positive sample and the silent object as a negative sample.
For example, in (a)-(c), in scenes with two women where
only one is speaking, and in scenes with multiple adjacent
cars where only one is making sounds, our method accu-
rately associates the sound with the truly audible objects.

When multiple objects of the same category are sound-
ing simultaneously, our method consistently classifies all
sounding objects as positive samples, as shown in (d)-(f).
Additionally, by analyzing the sound responsiveness of all
samples, we observe that regions around positive samples
typically show lower sound responsiveness. This indicates
that the audio-guided feature merging not only focuses ef-
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Figure 5. Visualization of positive (Pos.) and negative (Neg.) sam-
ples generated by the AMA module. Red indicates negative sam-
ples, while blue represents positive samples. Darker blue indicates
regions with a higher responsiveness to audio cues, while darker
red indicates lower responsiveness. See detailed analysis in §4.4.

Table 3. Evaluation of component effectiveness (§4.4). GTF:
Ground-Truth mask filtering; SGSM: sound-guided semantic
merging; CST: contrastive-based alignment; AMA: audio-guided
modality alignment; UE: uncertainty estimation.

‘ AVS-Objects-MS3 ‘ AVS-Semantic

Settings

J&Fst T+ Fst|TJ&Fst Tt Fat
Baseline 643 59.8 68.7 572 514 629
+GTF 679 622 73.6 59.6  55.1 64.1
+SGSM 709 653 76.4 62.6 577 675
+SGSM+CST (AMA)| 722  66.1 783 642 59.1 69.3
+AMA+UE (Ours) 764 70.6 82.1 65.7 60.8 70.6

fectively on relevant sounding regions but also assists in
identifying hard samples around the sounding regions.
Effectiveness of Uncertainty Estimation. Fig. 6 presents
the visualizations of uncertainty maps generated by our
uncertainty estimation (UE) module. In (a), where the
sound state of all objects remains constant, the model shows
consistently low uncertainty values across the entire im-
age, indicating high confidence in its segmentation predic-
tions. In contrast, in (b), where a *leopard’ undergoes
a transition in the sound state between adjacent frames, the
model exhibits higher uncertainty for both sound-emitting
and silent frames, with even higher uncertainty values in
the silent frames. This higher uncertainty effectively lowers
the prediction probability in the *1eopard’ region in the
second frame, reducing over-segmentation in silent frames.
These findings demonstrate that frequent sound state transi-
tions significantly impact the model’s confidence in its pre-
dictions, suggesting that uncertainty estimation is an effec-
tive way to mitigate mis-segmentation issues.

Effects of Group Number. We conduct a study on the im-
pact of different group numbers when conducting audio-
guided alignment. The grouping setting of [14, 7, 5] (ap-
proximately 1/4 of the feature map size) achieves the best

(a) wo/sounding status changes  (b) w/sounding status changes  (c) w/sounding status changes

cT

Prediction

Uncertai

Figure 6. Visualizations of uncertainty maps, with colors ranging
from red (high uncertainty) to blue (low uncertainty).
Table 4. Comparison of different group numbers for three-scale
feature maps. See analysis in §4.4.
G |  AVS-Objects-MS3 | AVS-Semantic
roups
| T&Fgt Tt Fagt | TJ&Fgt Tt Fgt

[28, 14, 5] 73.7 68.6 78.8 63.4 57.8 68.9
[14,7, 5] 76.4 70.6 82.1 65.7 60.8 70.6
[10,7,5] 75.1 69.3  80.8 64.4 58.8 70.0
[5.5.5] 715 66.7 763 62.6 56.5 68.7

performance, attaining the highest J&F3 scores on both
datasets. In contrast, smaller grouping numbers like [5, 5,
5] led to decreased performance. This suggests that pro-
gressively reducing the group number supports more effec-
tive semantic merging of sound-emitting regions under au-
dio guidance. Additionally, a larger group number, such as
[28, 14, 5], divides the feature map into many small groups,
dispersing attention across numerous small regions and thus
leading to poorer results.

5. Conclusion

In this paper, we propose a novel framework to ad-
dress modality misalignment caused by ambiguous spatio-
temporal correspondences. Unlike previous methods that
rely on global attention or employ masks to exclude silent
regions, our approach first utilizes audio to guide the merg-
ing of sounding regions, followed by contrastive learning to
align compact visual representations with audio cues. This
design enhances the model’s ability to distinguish between
audible and silent objects, even when visually similar but
acoustically different objects are in close proximity. Ad-
ditionally, we introduce uncertainty estimation to mitigate
predictive instability arising from frequent changes in an
object’s sound state. The two items enable our framework to
prevent the over-segmentation of silent regions in complex
scenarios. Extensive experiments demonstrate the effective-
ness of our approach in handling challenging cases.

Acknowledgements. This work is supported by ARC-
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