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Figure 1. Qualitative comparison of our DDAVS model and previous methods. DDAVS consistently outperforms previous approaches
in challenging scenarios involving multiple classes, multiple sources, small or distant sound sources, and off-screen audio cues.

Abstract

Audio—Visual Segmentation (AVS) aims to localize sound-
producing objects at the pixel level by jointly leverag-
ing auditory and visual information. —However, exist-
ing methods often suffer from multi-source entanglement
and audio—visual misalignment, which lead to biases to-
ward louder or larger objects while overlooking weaker,
smaller, or co-occurring sources. To address these chal-
lenges, we propose DDAVS, a Disentangled Audio Seman-
tics and Delayed Bidirectional Alignment framework. To
mitigate multi-source entanglement, DDAVS employs learn-
able queries to extract audio semantics and anchor them
within a structured semantic space derived from an audio
prototype memory bank. This is further optimized through
contrastive learning to enhance discriminability and ro-
bustness. To alleviate audio—visual misalignment, DDAVS
introduces dual cross-attention with delayed modality inter-

Correspondence to Yansong Tang.

action, improving the robustness of multimodal alignment.
Extensive experiments on the AVS-Objects and VPO bench-
marks demonstrate that DDAVS consistently outperforms
existing approaches, exhibiting strong performance across
single-source, multi-source, and multi-instance scenarios.
These results validate the effectiveness and generalization
ability of our framework under challenging real-world au-
dio—visual segmentation conditions.

1. Introduction

Traditional Visual Segmentation (VS) focuses solely on ap-
pearance, partitioning all visible objects in an image regard-
less of their physical state or behavior [18, 20]. In contrast,
Audio—Visual Segmentation (AVS) [28, 29] introduces an
additional auditory modality, aiming to identify and seg-
ment sound-emitting objects that are temporally and seman-
tically linked to the accompanying audio signal. By enforc-
ing pixel-level alignment between auditory cues and visual
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Figure 2. For Audio Disentanglement, prior methods (a) use learned queries for semantics [6, 24, 47] or (b) derive disentangled features
from K-nearest classes [28]. In contrast, our method (c) uses an audio prototype memory bank to ground audio queries, coupled with
contrastive optimization to enhance their discriminability and robustness. For Audio-Visual Alignment, existing methods either (d) treat
audio features as a fixed condition [47, 56, 57], or (e) apply gating mechanisms to scale audio features for dual cross-attention [28]. Our
method, however, (f) performs dual cross-attention with delayed modality interaction to improve multimodal alignment robustness.

evidence, AVS moves toward a more holistic understanding
of visual and acoustic multi-modal scenes [5, 41, 45, 52].

The introduction of audio modality in AVS presents
unique challenges compared with VS. Fig. 1 illustrates such
cases, where the audio input originates from (a) multi-class
sources, (b) multi-instance sources, (c¢) small or distant
sources, or (d) off-screen sources. The challenges posed by
multi-class and multi-instance sources stem from the multi-
source entanglement problem, where the audio input en-
tangles multiple sources (e.g., a guitar and a piano), hinder-
ing the precise segmentation of individual sound-producing
objects. While the challenges posed by small or distant
sources and off-screen sources stem from the audio-visual
misalignment problem, where the audio and vision modal-
ity cannot be accurately associated with each other.

To address the multi-source entanglement problem, ex-
isting methods typically resort to an audio disentanglement
module to disentangle the audio input into multiple seman-
tics by using learnable queries [0, 24, 47] to generate au-
dio semantics (see Fig. 2(a)). However, the resulting se-
mantics often lie in a self-organized latent space that is
suboptimal for representing audio. The recent audio bank-
based method [28] approximates audio semantics by select-
ing the K nearest centers from a multi-class audio feature
bank (see Fig. 2(b)). However, when the audio input in-
cludes a distinct source, the semantics of the weaker source
are often lost, as the entangled representations are derived
from the limited semantic space of the K nearest classes.
This also reduces the distinguishability of the output re-

sults. To address the audio-visual misalignment problem,
existing methods [47, 56, 57] typically perform unidirec-
tional audio-conditioned visual alignment (see Fig. 2(d)).
However, this unidirectional design prevents vision from
enhancing visually associated audio components and sup-
pressing non-associated ones, such as off-screen sounds.
Although the current SOTA method [28] introduces bidirec-
tional alignment to suppress off-screen sounds, it relies on a
gating mechanism that merely scales audio intensity, with-
out aligning to visual semantics or capturing visual spatial
information (see Fig. 2(e)).

In this paper, we present DDAVS, a two-stage frame-
work that first disentangles audio semantics and then per-
forms delayed bidirectional alignment with visual features.
Specifically, in the audio disentanglement stage, we pro-
pose to use learnable queries to extract multiple audio se-
mantics and perform cross-attention conditioned on a pre-
built multi-class prototype memory bank comprising single-
source audio embeddings (Fig. 2(c)). This anchors the ex-
tracted semantics to the bank’s structured and stable seman-
tic space, infusing the bank’s knowledge and facilitating
subsequent alignment. During the training, we additionally
introduce contrastive learning, where the anchor is a single
audio semantic derived from the clean audio input, the pos-
itive is the corresponding audio semantic derived from the
waveform augmented audio input, and the negative is other
audio semantics derived from the clean and augmented au-
dio inputs. The motivation is to enhance the distinguishabil-
ity of disentangled audio semantics and improve robustness



to audio inputs. During the alignment stage, we perform

delayed bidirectional cross-attention to align audio and vi-

sual modalities (Fig. 2(f)). The delayed interaction filters

low-level noise, while the bidirectional design enables sym-
metric cross-attention between audio and video, capturing
mutual dependencies for precise segmentation.

In summary, our technical contributions are as follows:

* We propose an AVS framework with disentangled audio
semantics and a delayed bidirectional alignment for pre-
cise segmentation in challenging scenarios such as multi-
source, subtle, distant, or off-screen sounds.

* We propose an audio disentanglement method that an-
chors query-extracted audio semantics to a prototype
memory bank for global consistency, and uses contrastive
learning to enhance discriminability and robustness.

* We propose an audio-visual alignment method using
cascaded bidirectional cross-attention to enhance inter-
modal interaction and delayed alignment for precise high-
level correspondence while reducing low-level noise.

» Experiments on the AVS-Objects and VPO benchmarks
demonstrate that DDAVS consistently outperforms previ-
ous methods especially in challenging scenarios.

2. Related Work

Audio-Visual Segmentation. Given an audio signal and
an accompanying image or video, audio-visual segmenta-
tion aims to produce the segmentation mask of the sound-
ing objects in the image [1, 8, 9, 21, 28-31, 47, 50, 56, 57].
As a pioneer, Zhou et al. [56] propose the audio-visual
segmentation problem and introduce the AVSBench bench-
mark. Typical AVS methods usually leverage learnable
queries [6, 23-25, 29, 33, 34, 42, 47] to extract audio or
visual semantics and perform an audio-visual alignment to
achieve visual segmentation based on audio cues. Recent
AVS methods focus on text-bridged strategy [32], counter-
factual learning [51], audio enhancement and disentangle-
ment [28], and robust audio-visual alignment [16, 27, 36].
In addition to architectural advances, several frameworks
use contrastive learning [3, 10, 13] to enhance cross-modal
alignment and training stability. CAVP [4], Diffusion-
AVS [36] and CQFormer [33] adopt an InfoNCE-based
loss [38] to align audio and visual modalities. WS-AVS [37]
applies contrastive learning under weak supervision. Our
method differs from existing approaches by using a bank
to anchor and enrich query-generated audio semantics and
a delayed bidirectional alignment to guide segmentation.
Moreover, we leverage contrastive learning to enhance the
discriminability and robustness of audio features rather than
to align audio and visual modalities.

Multi-Source Audio Disentanglement. In multi-source
scenarios, AVS methods usually employ representation-
level audio disentanglement mechanisms to separate over-
lapping sound sources [6, 24, 28, 34, 47]. This is of-

ten achieved through learnable queries [6, 24, 34, 47] or
K -nearest-neighbor-based decomposition [28], where the
audio feature is decomposed into multiple audio seman-
tics representing distinct sound emitters. However, ex-
isting query-based methods produce semantic tokens in a
self-organized space without explicit structure. While the
K -nearest-neighbor-based method might be limited in dis-
criminability. We embed audio semantics into an audio-
preferred semantic space using a prototype memory bank
and enhance their discriminability via contrastive learning.
Audio-Visual Alignment. This module establishes spatial
and semantic correspondences between the audio and vi-
sual modalities before decoding [28, 39, 40, 47, 49, 56—
58]. Typical AVS methods conduct unidirectional audio-
conditioned visual alignment [47, 56, 57], ignoring the uti-
lization of visual features to improve audio features. Re-
cent methods [11, 28, 39, 44, 46, 49, 53-55] introduce
bidirectional alignment to improve inter-modal interaction.
However, the gating mechanism [28] and the early align-
ment [39, 44] might hinder effective alignment. Although
AVESFormer [47] performs delayed alignment, it performs
an unidirectional alignment. In contrast, we propose a de-
layed bidirectional alignment to achieve dynamic cross-
modal feature matching, effectively improving segmenta-
tion accuracy.

3. Method

We propose an end-to-end Disentangled Audio Seman-
tics and Delayed Bidirectional Alignment framework
(DDAVS). As shown in Fig. 3, the framework comprises
three key components: (1) Audio Query Module (AQM)
converts audio features into a compact set of disentangled
semantic queries anchored to a prototype bank; (2) Con-
trastive Optimization Module (COM) refines these queries
via contrastive learning; and (3) Audio-Visual Alignment
Module (AVAM) employs multi-stage dual cross-attention
to align both modalities progressively and bidirectionally.

Formally, given a raw audio waveform A, and its corre-
sponding video clip of frames I, the audio feature £, =
E.(A,) and visual feature E, = &,(I,) are extracted by
their encoders &, and &,. H! denotes the visual feature af-
ter the ¢-th decoder stage. The inference pipeline is:

Q = AQM(E,) (1)
H)=E, 2
H! = AVAM'(Q,H:™), i=1,...,L 3)

The AQM transform FE, into a disentangled representa-
tion (), while E, serves as the initial visual input H?. The
COM is only used during training to provide an additional
contrastive loss. DDAVS then performs L iterative stages of
alignment and fusion through the Audio-Visual Alignment
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Figure 3. Overview of the DDAVS framework. (a) The Audio Query Module (AQM) encodes original and augmented waveforms into
disentangled semantic queries anchored to a prototype memory bank. (b) The Contrastive Optimization Module (COM) enhances query
robustness through contrastive learning, used only during training. (c¢) The Audio-Visual Alignment Module (AVAM) fuses audio queries
with visual features via stacked alignment blocks, and a lightweight decoder outputs the sound-conditioned segmentation masks.

Module (AVAM), each applying dual cross-attention fol-
lowed by Transformer refinement to synchronize and inte-
grate the two modalities. This progressive alignment yields
increasingly discriminative and spatially coherent represen-
tations. Finally, a lightweight decoder D generates the
pixel-level segmentation mask ¥ = D(HL) that highlights
audible regions within the scene.

3.1. Audio Query Module

The Audio Query Module (AQM) transforms the encoded
audio features £, € R¥*? into compact and disentangled
representations by learned queries. It aims to decouple over-
lapping sound sources and map them into a stable semantic
space anchored by a global prototype memory bank.
Query Generation. As shown in Fig. 3, the Query Gen-
erator is implemented with a Q-Former [22], which maps
the sequential audio tokens F, into n audio query vectors:
Qo = foc(Fa; {q:}™1) € R™ 4. Each learnable query g;
is a latent slot that focuses on a distinct sound component,
allowing AQM to separate co-occurring acoustic patterns.
Bank-based Refinement. The initial audio query @), is
refined by cross-attention with a pre-constructed prototype
memory bank M, where each class C; = {¢;; € Rd}j{;’1
stores K; cluster feature centroids extracted from single-
source audios of the ¢-th class. All prototypes are concate-

nated to form M = concat({c; ;}) € RF*4 (P =3, K)).
@, interacts with the memory bank via cross-attention:

— o121
f = Softma: ( /a ,~ @
Q= A(MWV)v Q= LN(Q@ + ’YQ)

Here W/ k/v € R?x4 are projection layers, v is a hyper-
parameter, and LN denotes layer normalization. () denotes
the bank-grounded audio queries. This process aligns each
query with its most relevant prototype anchor that encapsu-
lates class-wise prior knowledge.

Although AQM generates semantically aligned queries,
their embeddings are insufficiently discriminative and tend
to be dominated by the most salient audio source. When
multiple sounds types (e.g., speech and engine) co-occur,
the components of dominant sounds often suppress weaker
signals, resulting in poor inter-class separation.

3.2. Contrastive Optimization Module

To mitigate this problem, we design a Contrastive Optimiza-
tion Module (COM), which employs contrastive learning
to increase the semantic separation between different sound
classes and improve robustness to acoustic variations.



Table 1. Quantitative comparisons on the AVSBench dataset, including single-source (AVS-Objects-S4), multi-source (AVS-Objects-
MS3), and semantic-source (AVS-Semantic) settings. Best results in Bold, while second best underlined.

Method ‘ AVS-Objects-S4 ‘ AVS-Objects-MS3 ‘ AVS-Semantic

| J&F J F | J&F J F | J&F J F
TPAVI [56] [ccvaz) 83.3 78.7 87.9 59.3 54.0 64.5 325 29.8 352
CATR [23] 1acv-mviz3) 87.9 84.4 91.3 68.6 62.7 74.5 35.7 32.8 385
AuTR [29] [ariva3) 82.1 77.6 86.5 72.0 66.2 77.7
AVSC [25] (acv-mvn3) 85.0 81.3 88.6 62.6 59.5 65.8 - - -
ECMVAE [35] iicovas) 85.9 81.7 90.1 64.3 57.8 70.8 - - -
AQFormer [15] cans) 85.5 81.6 89.4 67.5 62.2 72.7 - - -
AVSegFormer [6] (aaan4) 86.8 83.1 90.5 67.2 61.3 73.0 40.1 37.3 42.8
BAVS [26] rvviog 86.2 82.7 89.8 62.8 59.6 65.9 35.6 33.6 37.5
GAVS [44] (aanns 85.1 80.1 90.0 70.6 63.7 77.4 - - -
AVSBG [12] (aaan4) 86.1 81.7 90.4 61.0 55.1 66.8 - - -
AVESFormer [47] (arxiv24) 84.5 79.9 89.1 63.3 57.9 68.7 34.0 31.2 36.8
QDFormer [24] (cvero4) 83.9 79.5 88.2 64.0 61.9 66.1 - — —
CAVP [4] (cveros 83.8 78.8 88.9 61.5 55.8 67.1 32.8 304 353
AAVS [34] [rcevay 87.3 83.2 91.3 72.5 67.3 77.6 50.9 48.5 53.2
BiasAVS [42] (acvmviog 88.2 83.3 93.0 74.0 67.2 80.8 472 44 .4 499
DiffusionAVS [36] rrir2s) 85.7 81.4 90.0 64.6 58.2 70.9 - - -
VCT [16] (cveras 88.5 84.7 92.3 73.4 67.5 79.3 50.4 47.9 529
DDESeg [28] (cvrros 91.1 89.1 93.1 72.2 68.1 76.2 49.6 47.1 52.1
TAViS [32] niccvas) 88.0 84.8 91.2 72.1 68.2 75.9 - 44.2 -
ICF [51] nicevas) 90.1 86.6 93.5 69.9 64.4 754 48.2 45.0 51.3
DDAVS (Ours) | 924 90.6 %42 | 751 70.6 795 | 52.6(11.7) 49.7 (11.2) 55.5(12.3)

Audio Signal Augmentation. To improve robustness under
acoustic perturbations, we randomly apply waveform-level
perturbations € (additive noise, reverb, pitch shift) to the raw
waveform A, to obtain A/, = ¢(A,), here g is the aug-
mentation operator following WavAugment [17, 19]. The
augmented audio is encoded as E/, = £,(A/, €) and passed
through AQM with shared parameters, producing the corre-
sponding query set Q’. Both Q and Q’ provide disentangled
and semantically grounded audio representations.
Contrastive Learning. Given the refined query set () =
{¢:}_, and its augmented counterpart Q' = {q¢}}_,, we
apply a projector ¢(-) and ¢5-normalization to each query:

: 4
692 leCa)ll2
Lets;; =z, 2. The contrastive loss is:
Leon = —— Zl nexp i Z/T) (6)

> exp(si;/7)’

Here 7 is the temperature coefficient. Lo, pulls together
positives (z;, z;) and pushes apart negatives {(2i, 2})} i,
enlarging inter-query margins under acoustic variations.
After contrastive optimization, we obtain the enhanced au-
dio embedding @ {¢:}?~,, which is discriminative
and noise-resilient, making downstream modality align-
ment and segmentation more robust and stable.

3.3. Audio-Visual Alignment Module

The Audio-Visual Alignment Module is designed to align
visual and auditory modalities for precise localization of
sound-producing regions. As shown in Fig. 3, AVAM al-
ternates between Cross Alignment Block and Transformer
Block, which progressively enhance spatial coherence and
cross-modal interactions.Given the visual tokens F,, and en-
hanced audio embedding (), each Cross Alignment Block
performs a double cross-attention Attn(Q, K, V') pipeline.
Audio-Guided Filtering. Audio queries attend to visual
tokens to extract sound-relevant visual evidence:

= Attn(Q, H™ "W, Hi7 VW), 0

This allows the audio tokens to focus on visually correlated
regions that are consistent with the emitted sound.
Visual-Guided Enhancement. The updated audio repre-
sentations then act as keys and values to inject discrimina-
tive acoustic cues back into the visual stream:

= Attn(H,W§, HiWik, HIWY), @)

This step enhances the discriminative capacity of the visual
features, emphasizing sound-producing regions.

Our pipeline achieves superior modality alignment by
interleaving Cross Alignment Blocks and Transformer
Blocks, with delayed cross-modal fusion applied exclu-
sively between the third and fourth layers of the four-block
architecture. The motivation is that audio sources are inher-
ently associated with instance-level visual features, while



Table 2. Quantitative comparisons on the VPO dataset, including single-source (VPO-SS), multi-source (VPO-MS), and multi-source
multi-instance (VPO-MSMI) settings. Best results in Bold, while second best underlined.

Method | VPO-SS | VPO-MS | VPO-MSMI

| J&FT  T71 Fr | J&Fr  TJ7 Ft | J&F1 J1 F1
TPAVI [56] (rccvaz) 44.63 4164  47.62 45.68 4230 49.06 43.19 40.03 46.34
AVSegFormer [6] (xaa121 45.94 4381 48.06 4372 4730  40.14 49.93 47.19 52.67
CAVP [4] (cverai) 67.02 58.81 7523 61.32 5324 69.39 56.48 48.18 64.78
BiasAVS [42] (ccvas 67.46 59.14 7578 63.42 5561 71.23 57.94 49.60 66.27
AAVS [34] (acvaniig 68.54 5972 7135 64.26 5623 7229 58.76 50.11 67.40
RAVS [27] cvpros 74.97 68.03  81.90 73.49 66.97  80.01 69.30 61.89 76.70
DDESeg [28] (cvrios) 74.38 6755  81.20 74.30 67.64  80.96 68.39 62.11 74.67
DDAVS | 74.80 6782 8177 | 76.11 69.61  82.60 | 72.84(1354)  65.96(13.85  79.72(13.02)

the initial Transformer layers focus on pixel-level informa-
tion. Delaying the cross-modal alignment to the later layers
allows the model to leverage richer, more global representa-
tions, thereby facilitating more accurate and robust modal-
ity alignment. The final audio-conditioned visual represen-
tation H* is passed to the segmentation decoder D to gen-
erate the predicted segmentation mask Y = D(HE).

3.4. Optimization
We train the DDAVS model with a unified objective:

‘Ctotal = /\ceﬁce + /\diceﬁdice

9
+ )\iouﬁiou + Aconccon- ( )

The cross-entropy loss L. provides pixel-wise supervision,
while the Dice and IoU losses Lgice and L, encourage re-
gion completeness and accurate boundary alignment. Be-
yond these segmentation losses, the contrastive term Lo,
(Eq. (6)) enforces discriminative audio queries by enlarg-
ing inter-query margins under acoustic perturbations. The
segmentation losses (Cross-entropy, Focal, Dice, IoU) and
A coefficients are detailed in the supplementary material.

4. Experiments

4.1. Experimental Setup

Implementation Details. The visual backbone is initialized
from MiT-B5 [48], and the audio encoder adopts HTSAT [2]
pretrained on AudioSet [7]. Our prototype memory bank is
constructed following DDESeg [28] from single-sounding
source signals. All experiments are conducted on a work-
station equipped with eight NVIDIA RTX 4090 GPUs (24
GB each). Training uses the AdamW optimizer with an ini-
tial learning rate of 1 x 10~% and a batch size of 64. We
also fix random seeds to ensure reproducibility.

Datasets and Metrics. We evaluate DDAVS on two audio-
visual segmentation benchmarks: AVSBench [56, 57] and
VPO [4], which cover single-source, multi-source, and se-
mantic conditions. Following common practice [4, 56] in
AVS, we adopt the Jaccard index (J), the F-score (F) and

their average J&JF as evaluation metrics. The F-score is
2).Precision- ¢ .

F = (1;;2@ Pr)ecil;?on fﬁelzzlcldn, where 32 = 0.3, which places

more emphasis on recall. For AVSBench (including AVS-

Object and AVS-Semantic), the scores are computed using

the official TPAVI evaluation protocol [56], while for VPO

we follow the metric implementation of CAVP [4].

4.2. Comparison with State-of-the-art Methods

AVSBench. Tab. | presents the experimental results on
AVSBench. DDAVS outperforms the previous best results
by 1.30% on AVS-S4, 1.10% on AVS-MS3, and 1.70% on
AVSS in terms of J&F. In the multi-source setting (MS3),
DDAVS exceeds the flagship method AVSegFormer [6] by
7.90% and the recent DDESeg [28] by 2.90%. On the se-
mantic subset AVSS involving spatial and categorical am-
biguity, DDAVS improves over previous best baseline by
1.20% and 2.30% for J and F respectively, indicating that
disentangled audio queries and dual-stage fusion effectively
reduce interference between overlapping sources.

VPO. As shown in Tab. 2, DDAVS outperforms the state-
of-the-art by 1.81% and 3.54% J&JF on VPO-MS (multi-
source) and VPO-MSMI (multi-source and multi-instance).
These results demonstrate the advantage of DDAVS in com-
plex multi-source scenes that require robust cross-modal
representation, while DDAVS also remains competitive un-
der simple acoustic conditions such as VPO-SS.

4.3. Qualitative Evaluation

Fig. 4 presents qualitative comparisons on AVS-Semantic.
(a) DDAVS correctly isolates the speaking human and sup-
presses the silent horse, while prior models often leak acti-
vation onto the horse. (b) DDAVS segments all sounding
instruments without activating silent ones, whereas other
methods miss sources or segment incorrect objects. (c)
DDAVS identifies all sounding persons and their guitars,
while competing models merge people, lose details or miss
guitars. Overall, DDAVS delivers cleaner masks and han-
dles multi-sources more reliably than previous methods.
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Figure 4. Qualitative results on AVSBench-Semantic. DDAVS produces cleaner and more source-consistent masks than previous
baselines AVSegFormer, AAVS, and DDESeg, especially in complex multi-source scenes with non-sounding distractors (horse—human),

multiple active instruments (piano—guzheng), or multi-person guitar performances.

Table 3. Ablation study on the framework components on AVS-
MS3 and AVSS Benchmark.

Method | AVS-MS3 | AVSS

| 7&F T F | J&F T F
Baseline 69.71 6588 7354 | 48.63 4583 5142
+AQM 70.89  67.04 7473 | 49.80 4673 52.86
+AQM+COM | 7347 6932 7761 | 5170 48.56 54.83
+ AVAM 73.16 6896 7736 | 5145 4813 5476

DDAVS (Ours) | 75.08 70.62 79.54 | 52.62 49.71 5553

Block 1 Block 2 Block 3 Block 4

Figure 5. Visualization of attention maps of audio-injected
transformers blocks at different layers. It is observed that in-
jecting audio features into blocks 3 and 4 bringing clearer instance-
level attention, compared to the blurry pattern at earlier blocks.

Original Image

4.4. Ablation Study

Framework Components. Tab. 3 analyzes the contribu-
tion of AQM, COM, and AVAM on AVS-MS3 and AVSS.
The baseline only contains encoders, transformer blocks
and the segmentation deocder. Adding AQM brings moder-
ate gains, due to the effective bank-based audio feature ex-

Table 4. Ablation study on the position of audio injection
blocks in the AVAM. Blocks 1-4 denote the first to fourth Trans-
former blocks (from input to output) in the visual backbone [48].

Injected blocks ‘ AVS-MS3 ‘ AVSS
| J&F J F | J&F J F

1 68.37 6433 7241 | 4796 4453 51.39
2 72.02 67.76 7627 | 50.03 46.92 53.13
3 73.77  69.42 78.12 | 51.78 49.03 54.52
4 7332 68.85 77.79 | 51.13 48.11 54.15
1,2 70.69 6625 75.13 | 49.53 46.54 52.52
2,3 7329 68.82 77.15 | 51.05 48.13 53.97
3,4 (Ours) 75.08 70.62 79.54 | 52.62 49.71 55.53
1,2,3 72.07 67.82 76.32 | 50.29 47.24 53.33
234 74.17 69.78 78.55 | 51.65 48.52 54.77
1,234 72.57 68.48 76.65 | 51.07 48.21 53.93

traction. When COM is enabled on top of AQM, the gains
become much more pronounced, showing that contrastive
learning is crucial for robust and disentangled audio rep-
resentation. Only adding AVAM alone also yields strong
improvements, which demonstrates the effectiveness of in-
jecting audio information before the last two transformer
blocks for cross-modal fusion. Finally, combining all three
modules yields the best overall performance, with J&F
improvements of 5.37% on AVS-MS3 and 3.99% on AVSS.

Cross Alignment Blocks. To answer the question of where
to perform cross-modal alignment within AVAM, we con-
ducted a in-depth analysis. We observe that injecting audio
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Figure 6. Effect of the number of audio queries. Performance
on AVS-MS3 (top) and AVSS (bottom) as the number of audio
queries n varies, where our choice n = 5 (ours) achieves the best
overall results before larger n leads to performance degradation
due to redundant queries.

information into transformer block at different layers result
in essential different attention pattern. As shown in Fig. 5,
earlier cross-modal fusion focuses on pixel-level local fea-
ture, while later fusion focuses on region- or instance-level
global features, which is crucial for audio source associa-
tion. We further conducted a comprehensive ablation study
regarding to the position arrangement of Cross Alignment
Blocks. As shown in Tab. 4, injection audio information at
later layers produce high performance and the combination
of injecting to block 3 and 4 results in the highest J&F
score, which is adopted in the DDAVS model.

Number of Audio Queries. Fig. 6 illustrates the effect of
varying the number of audio queries n on AVS-MS3 and
AVSS. As n increases from 1 to 5, J&F rises rapidly on
both datasets, indicating that a small set of diverse queries
helps capture different sounding patterns. When n becomes
larger than 5, the performance starts to decrease, suggest-
ing that using too many queries is unnecessary in practice.
Based on this empirical observation, we adopt a moderate
value n = 5 as the default setting of DDAVS.

4.5. Representation Analysis

To further examine the learned audio semantics, we Vvi-
sualize t-SNE projections of the audio queries, as shown
in Fig. 8. We consider four single-source categories
(guitar, man, keyboard, helicopter) and a mixed
“guitar-man” source. For the baseline model, single-
source clusters are partially entangled and the mixed sam-
ples (red) collapse into the guitar cluster, indicating that
the representation is dominated by a single source and
fails to preserve mixture semantics. In contrast, DDAVS
produces four compact and clearly separated clusters for
single-source classes, while the mixed samples are located
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Figure 7. t-SNE visualization of audio representations. Top:
DDAVS produces well-separated single-source clusters compared
with the baseline. Bottom: for mixed “guitar—man” audio, base-
line features collapse toward the guitar cluster, while DDAVS po-
sitions mixture samples between the two classes, better capturing
multi-source semantics.

between the guitar and man clusters, suggesting that our
disentangled queries explicitly encode contributions from
multiple sources and alleviate multi-source entanglement.

5. Conclusion

In this work, we presented DDAVS, a disentangled au-
dio—visual segmentation framework that explicitly ad-
dresses the challenges posed by multi-source mixtures and
audio—visual misalignment. By introducing a prototype-
guided Audio Query Module (AQM), a waveform-level
Contrastive Optimization Module (COM), and a delayed
bidirectional Audio—Visual Alignment Module (AVAM),
our method improves semantic separation, preserves weak
or mixed audio cues, and achieves more reliable cross-
modal alignment. We further validate the effectiveness
of this disentanglement—alignment paradigm through com-
prehensive experiments on AVSBench and VPO, where
DDAVS establishes state-of-the-art performance across
single-source, multi-source, and semantic-source settings.
These results demonstrate the value of structured audio se-
mantics and robust alignment strategies for advancing au-
dio—visual segmentation.

In future work, we plan to extend the disentangle-
ment—alignment paradigm to open-domain videos and
streaming audio, enabling real-time, scalable, and more
generalizable audio—visual perception.
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DDAVS: Disentangled Audio Semantics and Delayed Bidirectional Alignment for
Audio-Visual Segmentation

Supplementary Material

This supplementary document provides additional Abla-
tion Studies (Sec. A, detailed analyses of backbone choices
and fusion strategies), implementation details of the Proto-
type Memory Bank (Sec. B), audio augmentation configura-
tions (Sec. C), Efficiency Analysis (Sec. D), and Qualitative
Analysis (Sec. E, across four challenging source types in-
cluding failure-case discussions). Besides, we provide dis-
cussions about limitations of our work (Sec. G) and future
work directions (Sec. H). In conclusion, these materials of-
fer a deeper understanding of DDAVS and provide more
empirical findings in addition to the main paper.

A. Ablation Studies

This section presents extended ablation results and diagnos-
tic analyses complementing the main paper. We mainly
study: (1) backbone generalization across different au-
dio—visual encoder pairs, (2) alternative audio injection
configurations in the alignment decoder, and, (3) the con-
tribution of framework components.

A.l. Backbone Variation Experiments

As shown in Tab. 5, HTSAT provides more robust acoustic
representations than VGGish [14], and MiT-B5 consistently
outperforms PVTv2-BS [43] across all settings. Impor-
tantly, DDAVS improves every backbone configuration, in-
dicating that the framework is not tied to a specific encoder
design and generalizes well across representation choices.

A.2. Audio Injection Positions in the Alignment De-
coder

Injecting audio at the encoder—decoder interface allows all
Cross Alignment Blocks to leverage acoustic cues, improv-
ing global consistency and reducing late-stage fusion arti-
facts. As shown in Tab. 6, this early-fusion strategy consis-
tently outperforms both variants of late fusion and leads to
fewer boundary segmentation errors, particularly in multi-
source or semantically ambiguous scenes.

A.3. Contribution of Framework Components

We refer to Tab. 3 in the main paper for quantitative re-
sults on AQM, COM and AVAM, and give a brief qualitative
summary here. Starting from a plain encoder-decoder base-
line, AQM is the first disentangling step. It replaces dense
audio tokens with a small set of bank-grounded queries,
which stabilizes semantics across clips and makes subse-
quent alignment easier. COM refines these queries in the
waveform space, pulling together instances of the same
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source and pushing apart conflicting sources, so the audio
representations become more robust and better separated.
AVAM then injects the refined queries at the decoder inter-
face on the visual side, so fusion focuses on source-specific
cues instead of low-level noise.

We do not report a COM-only variant in Tab. 3, because
COM is designed to act on the bank-grounded query space
produced by AQM. Without this prototype-based space,
COM reduces to a weak auxiliary loss on raw audio features
and its effect is unstable. Overall, the ablations support the
current DDAVS design in which AQM, COM and AVAM
work together to achieve the best performance.

B. Prototype Memory Bank

The prototype memory bank stabilizes audio representa-
tions by providing class-consistent anchors derived from
clean, single-source audio. This avoids mixture-induced
drift and improves disentanglement.

B.1. Bank Construction

For each semantic class, we build a prototype memory
from single-sounding audio so that the bank captures clean
and class-consistent semantics. We construct the prototype
memory bank following the method in DDESeg.

For every class ¢ € {1,...,C}, we collect clips where
c is the only audible source, extract log-mel spectro-
grams, and feed them into the same audio backbone as
DDAVS (HTSAT for the default model and VGGish for
the backbone-ablation variant). This yields a set of d-
dimensional audio embeddings

E, = {zf € R4}, (10)
where n.. is the number of features for class c.

We then apply K-means (with K-means++ initialization)
to group E. into several local modes and select a few fea-
tures nearest to each mode as representative prototypes of
class c. Collecting the prototypes for all classes gives the
global prototype memory bank

M :concat(Cl,...,Cc) e RNmxd (11)
where C,. denotes the prototypes of class ¢ and N is the
total number of stored prototypes. Once built, M is kept
fixed during both training and inference and provides stable,
class-aware anchors for guiding query refinement.



Table 5. Ablation on different backbone combinations. MiT-B5 coupled with HTSAT provides the strongest results across all benchmarks.

Visual | Audio | AVS-S4 | AVS-MS3 | AVSS
\ | J&F J F | J&F J F | J&F J F
PVTv2-B5 [43] VGGish [14] 91.35 89.36 93.34 73.10 68.77 77.43 47.55 44.11 50.98
PVTv2-B5 [43] HTSAT 91.18 89.12 93.23 74.19 69.49 78.88 48.62 45.53 51.71
MiT-B5 VGGish [14] 92.34 90.56 94.11 73.50 69.34 77.66 52.15 49.23 55.07
MiT-BS (Ours) HTSAT (Ours) 92.43 90.61 94.24 75.08 70.62 79.54 52.62 49.71 55.53
Table 6. Comparison of audio—visual fusion positions within the t-SNE of Audio Features with Class Prototypes
alignment decoder. e s
o o prtrgpes
Position AVS-MS3 AVSS
J&F T F |\J&F T F
Head (pre-LN) 73.03 68.75 77.31|52.16 49.19 55.13
Head (post-LN) 72.33 68.14 76.52 | 50.60 47.43 53.76 9 *
Encoder-Decoder (Ours) | 75.08 70.62 79.54 | 52.62 49.71 55.53
. *
B.2. Bank-Guided Query Refinement 'l

AQM first generates structured audio queries ), using a Q-
Former. These queries attend to M through a lightweight
cross-attention block, anchoring them to stable semantic re-
gions.

COM then applies an InfoNCE objective to clean and
augmented queries, promoting robustness to waveform per-
turbations and encouraging large inter-query margins for
improved separability.

We explored variants such as prototype-as-positive con-
trast, cross-sample positives, and raw-token contrastive
learning, but found them less stable or weaker in perfor-
mance, supporting the present design.

B.3. Why Prototype Grounding Helps

Grounding audio queries to a fixed prototype memory bank
provides: (1) stable semantic anchors, (2) robustness to
multi-source mixtures, (3) improved alignment in cross-
modal fusion stages. These behaviors are reflected in the
t-SNE feature-space visualization Fig. 8.

C. Audio Augmentation Configurations

The Contrastive Optimization Module (COM) uses a
lightweight waveform-augmentation branch to construct
positive pairs for audio queries. Only COM sees the aug-
mented audio; the main segmentation path always takes the
clean waveform.

Waveform pipeline. Raw audio is resampled to 16 kHz,
center-cropped or padded to a fixed duration, and normal-
ized to [—1,1]. Given a clean waveform A,, we obtain
an augmented counterpart A/, by applying a chain of time-
domain effects, denoted as A/, = wav_augment(A,). Both
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Figure 8. t-SNE visualization of audio embeddings and pro-
totype anchors. Class-wise prototypes consistently lie in high-
density regions and span multiple acoustic modes, demonstrating
that the memory bank captures compact yet diverse semantic pat-
terns for guiding query refinement.

A, and A/, are fed into the same audio encoder f,q to pro-
duce latent features F, = fauda(Aq) and B!, = fauda(4%),
corresponding to the latent audio representation in our im-
plementation. The clean branch E, drives the main segmen-
tation, while COM applies an InfoNCE loss on (E,, E!) to
enforce robustness to waveform perturbations.

Effect configuration. The augmentation chain consists of
reverberation, pitch shift, dynamic-range compression, and
mild volume jitter. Reverberation modifies room acous-
tics, pitch shift perturbs timbre and fundamental frequency
without changing temporal structure, the compressor stabi-
lizes loudness and avoids clipping, and volume jitter acts
as an SNR-style amplitude perturbation. The exact param-
eter ranges are summarized in Table 7. We keep all ranges
moderate so that the acoustic conditions change while the
underlying semantic content remains intact, and we use the
same configuration across all datasets.

D. Efficiency Analysis

In this section, we provide a comprehensive efficiency anal-
ysis of the proposed DDAVS framework. Tab. 8 presents



Table 7. Waveform-level augmentation configuration used for
COM.

Operation Parameter range
Reverberation € (20, 40]

Pitch shift Ap € [—150,150] (cents)
Dynamic-range compression fixed setting

Volume jitter SNR € [10,20] dB

Table 8. Module-wise efficiency statistics.

Method Params FLOPs FPS Training Time
Baseline 129.02M  83.56G  248.95 21h
+AQM 152.06M  85.39G  233.15 23h
+AQM+COM 152.06M 8539G 233.15 45h
+AVAM 127.24M  8391G 23931 22h
DDAVS (ours) 150.29M  85.72G ~ 227.59 47h

module-wise statistics of the model parameters, inference
computation (in FLOPs, Floating Point Operations), infer-
ence throughput (in FPS, Frames Per Second) and training
time (in hours).

As shown in Tab. 8, AQM only introduces minimal addi-
tional FLOPs (1.83G), and COM adds no inference cost.
AVAM is also light-weighted (with 0.35 GFLOPs). The
overall DDAVS system only brings 2.16 GFLOPs compared
to the baseline, DDAVS can run at 227.59 FPS on an RTX
4090 GPU.

E. Qualitative Analysis

In this section, we present qualitative analyses to illustrate
the effectiveness and robustness of the proposed DDAVS
system across a variety of challenging scenarios. Through
visualizations and representative examples, we highlight
the model’s ability to accurately separate sources, maintain
instance-level distinctions, and handle complex acoustic en-
vironments.

Multi-class Sources. Fig. 10 shows two representative
multi-source scenes. Across both examples, DDAVS bet-
ter disentangles co-occurring sound categories and reduces
cross-category leakage compared with previous methods.

Multi-instance Sources. Fig. 11 illustrates cases with
multiple active instances of the same class. DDAVS
maintains clearer instance-level separation and avoids the
merged or missing regions observed in several baselines.

Small or Distant Sources. Fig. 12 includes tiny or distant
sounding objects with weak visual cues. DDAV S more reli-
ably localizes these emitters and produces less fragmented
masks than competing approaches.
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Off-screen Sources. Fig. 13 presents mixtures containing
sound from outside the camera view. DDAVS largely sup-
presses off-screen activations and focuses on visible sound-
ing regions, reducing hallucinated responses.

Failure Cases. As shown in Fig. 9, these rare but diffi-
cult examples can still challenge DDAVS, although it gen-
erally localizes the main sounding regions better than exist-
ing methods. On the left, the sounding source is barely vis-
ible, so DDAVS misses a small portion of the active region
while still suppressing most non-sounding areas compared
to prior models. On the right, fast and complex motions
introduce mild temporal flicker, yet the predictions remain
concentrated around the correct actor. These cases indicate
remaining room for improvement under extreme conditions
while supporting the robustness of our framework in prac-
tice.

F. Loss Definitions

Notation. LetY € {0,1}*W be the ground-truth mask
and Y € [0,1]7*W the predicted probability map. We flat-
ten them into {y;}Y, and {p;}}¥., with N = H x W. A
small constant € (e.g., 1075) is used for numerical stability.

Binary Cross-Entropy (CE) Loss:

N
N (yi log(p; +¢)

i=1

+ (1= i) log(1 — p; +¢))

['ce =
(12)

If the decoder outputs logits z;, one may instead use the
numerically stable BCEWithLogitsLoss, which implicitly
applies the sigmoid function o(z;) = 1/(1 + e~ *%) so that
pi = o(z;).



Focal Loss (balanced):

N
Efocal Z 1 - pz yi log(pl + 5)
a)p;

13)
+(1-

where v > 0 controls the focusing strength and o € [0, 1]
adjusts the positive—negative balance.

7(1—y;)log(l —p; +¢)]

Soft Dice Loss:
Laice =1 — N2 Zij\ilpi?\; Te (14)
Do Pi T i YiteE
Soft IoU / Jaccard Loss:
Liow=1— Zfil PiYi + € 15)

N N N
DimiPit D i Vi — D PiYi €

Contrastive Objective. The contrastive loss Lo, follows
the InfoNCE formulation defined in Eq. (6) of the main pa-
per, where paired clean/augmented audio queries form pos-

itives and the remaining query slots serve as negatives.

G. Limitations

DDAVS shows consistent gains over strong AVS baselines
on the benchmarks we study, yet several aspects of the
current setting naturally invite further exploration. First,
as suggested by the challenging examples in Fig. 9, ex-
treme cases such as very low-light scenes, visually ambigu-
ous emitting objects, or rapid and complex motions can
still introduce minor imperfections in the predicted masks,
e.g., slightly under-activated regions or mild temporal jit-
ter. These situations are relatively rare and typically repre-
sent the most demanding real-world conditions, and even in
such cases DDAVS generally maintains a clearer focus on
the true sounding regions than prior approaches. Second,
our experiments mainly follow the standard AVSBench and
VPO protocols with mono audio, well-aligned single-view
videos, and relatively short clips. This setting is represen-
tative of common AVS benchmarks, but more diverse real-
world conditions such as longer, unconstrained videos, live
streaming content, or heavily edited user-generated videos
are not systematically evaluated in this work.

H. Future Work

In future work, we plan to further develop the
disentanglement—alignment paradigm of DDAVS along
several complementary directions, each accompanied by
dedicated benchmark construction and tailored model
designs.
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More general video domains. We aim to move beyond
curated AVS benchmarks towards broader video domains,
including live streaming content, heavily edited or montage-
style videos, as well as AIGC and procedurally generated
(PCG) videos. These settings often exhibit abrupt scene
transitions, synthetic artifacts, and highly diverse audio—
visual compositions. We plan to construct targeted bench-
marks for such data and to adapt DDAVS to cope with the
resulting distribution shifts and editing effects.

Long-term audio—visual segmentation. We are also in-
terested in extending DDAVS from short clips to long-form
videos, where events recur, scenes evolve gradually, and
mixtures change over extended time scales. Building long-
video benchmarks and designing lightweight, memory-
aware variants of DDAVS will be important for maintaining
consistent disentanglement and alignment over time while
keeping computation manageable.

Complex motion and content dynamics. Finally, we
plan to systematically study scenarios with more complex
motion and dynamics, covering both rapidly changing vi-
sual appearance and fast-varying audio patterns (e.g., fre-
quent on/off events or sharp transients). To this end, we will
curate benchmarks that explicitly stress such conditions and
explore motion- and dynamics-aware extensions of DDAVS
to further improve robustness in these challenging regimes.

Together, these directions aim to broaden the applicabil-
ity of DDAVS from standard benchmarks to more realistic,
diverse, and dynamic audio—visual environments.
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Figure 10. Multi-class sources. DDAVS produces cleaner separation between different sound categories and avoids cross-class leakage.
Baseline methods often mix activations across instruments or people, while DDAVS preserves clear boundaries for each sounding class.
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Figure 11. Multi-instance sources. DDAVS maintains instance-level distinctions when several objects of the same class are active.
Competing methods tend to merge nearby instances or miss smaller ones, while DDAVS keeps each sounding instance well separated.
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Figure 12. Small or distant sources. DDAVS detects small or faraway sound emitters with higher spatial precision. Other models often
produce incomplete or fragmented masks, whereas DDAVS retains accurate localization even when visual cues are weak.
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Figure 13. Off-screen sources. DDAVS suppresses activations caused by off-screen audio and focuses on visible sound-producing regions.
Previous methods frequently hallucinate masks in empty areas, while DDAVS keeps responses consistent with the visual scene.
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