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Abstract. Localising multiple sound sources in visual scenes remains a
fundamental challenge in multimodal perception due to an inherent cir-
cular dependency: separating mixed audio requires knowing source loca-
tions, while identifying sound-producing regions requires separated audio
signals. In this paper, we focus on the dual-source setting and discover a
selective convergence in self-supervised audio-visual learning: when pre-
sented with multiple sound sources, contrastive models naturally con-
verge to the most salient audio-visual correspondence rather than at-
tempting to represent all sources equally. This emergent phenomenon,
analogous to human selective auditory attention, enables us to break
the above circular dependency through a progressive two-stage frame-
work: first, leveraging selective convergence to identify dominant sources,
and then exploiting these learned priors to uncover remaining sources.
Our self-supervised approach achieves the best performance among self-
supervised methods on dual-source benchmarks without requiring any
manual annotations, and even surpasses some weakly-supervised ap-
proaches on certain metrics. Furthermore, we identify a fundamental
evaluation inconsistency in existing benchmarks: comparing continuous
localisation heatmaps against bounding-box annotations creates system-
atic biases, particularly for non-axis-aligned objects where the bounding
box includes substantial background regions. To address this, we intro-
duce pixel-level segmentation masks to the existing benchmark, enabling
spatially-aligned evaluation. Together, these results suggest that embrac-
ing rather than suppressing selectivity offers a scalable, annotation-free
route to multi-source localisation.
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Fig. 1: Top-left: The fundamental paradox where visual localisation requires sepa-
rated audio, while audio separation needs spatial visual information, creating an in-
tractable circular dependency. Bottom-left: Our SCAV framework breaks this depen-
dency by leveraging selective convergence. The model naturally focuses on one domi-
nant source at first, then progressively reveals the other source. Right: Performance
of the proposed SCAV surpasses other self-supervised methods across various metrics.

1 Introduction

Sound rarely occurs in isolation. In natural environments, multiple sources pro-
duce sounds simultaneously, creating rich acoustic scenes that humans navigate
effortlessly by matching sounds to their visual origins. Such audio-visual corre-
spondence forms the basis of how we understand and interact with the world.
For machines, the challenge is concrete: given a mized audio signal and a visual
scene with corresponding sounding objects, how can we determine which sounds
come from which objects, when neither modality provides clear separation cues?

Localising multiple simultaneous sound sources requires mixed-signal disen-
tanglement in two different domains. In the audio domain, sounds mix through
direct linear superposition; In contrast, the visual domain combines objects
through spatial arrangement: different sound sources occupy distinct regions
in an image. This domain asymmetry creates a challenging chicken-and-egg
paradox: to decompose the additively mixed audio, we need spatial guidance
from the visual domain to indicate where each source is located; yet to identify
which spatial regions produce sound, we need separated audio signals to estab-
lish clear correspondences. This circular dependency makes the joint localisation
task a severely ill-posed inverse problem: multiple valid decompositions exist for
both the mixed audio and the visual scene, and without additional constraints,
standard optimisation cannot determine which solution corresponds to the true
source configuration.

While this circular dependency appears fundamentally intractable, human
auditory perception offers an intriguing perspective. Humans effortlessly navi-
gate cocktail parties through selective attention [4,5,36]: they focus on the most
salient speaker first and then shift to others. This cognitive strategy suggests that
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perfect simultaneous separation may be neither necessary nor optimal. When we
investigated whether neural networks exhibit similar behaviours in multi-source
scenarios, extensive experiments with contrastive audio-visual learning revealed
a remarkable phenomenon: Rather than struggle to represent all sources equally,
networks consistently exhibit selective convergence and gravitate toward the
most dominant audio-visual correspondence. We formalise this insight into a
two-stage progressive framework that leverages selective convergence as a core
mechanism for dual-source localisation. The first stage exploits this natural bias
to identify dominant sources through contrastive learning, while the second stage
uses these learned priors with targeted masking to progressively unmask subdom-
inant sources. This approach effectively converts the ill-posed joint problem into
a sequence of well-conditioned optimisations requiring no manual annotations.

To sum up, our contributions are threefold. First, we identify the selective
convergence phenomenon: when learning from mixed audio, contrastive models
naturally focus on the more dominant source rather than all sources equally.
Second, we propose a two-stage progressive framework that leverages selective
convergence to break the circular dependency problem. The first stage uses selec-
tive convergence to find dominant sources, while the second stage progressively
unmasks remaining sources through targeted masking. Third, our approach not
only achieves promising performance improvements on existing benchmarks, but
the stable performance improvement brought by our method is also further val-
idated under a newly introduced, more rigorous evaluation protocol.

2 Related Works

Audio-visual sounding source localisation aims to determine the spatial location
of sounding objects within a video frame using the accompanying audio signal.
The inherent co-occurrence between the auditory and visual modalities provides
a powerful self-supervised signal for this task [1-3, 16,29, 30, 37].

Early efforts in audio-visual sound source localisation primarily focused on
only one sound source per scene [33,34]. Arandjelovic and Zisserman [2] and
Owens and Efros [29] employed mechanisms akin to Class Activation Map to
measure the similarity between image regions and audio features. More recent
approaches adopted contrastive learning frameworks [28] to improve discrim-
inability at the region level. Chen et al. [6] introduced a contrastive learn-
ing framework with a differentiable thresholding mechanism to automatically
mine hard negative image fragments. Mo and Morgado [25] proposed EZ-VSL,
a multiple-instance contrastive learning strategy that aligns audio and visual
spaces by maximising the similarity between the audio and the most responsive
region in the corresponding image. Recent efforts have addressed practical chal-
lenges such as false negatives [35], off-screen sounds and background noise [9,23],
learning from silence [18], and feature decomposition through slot attention [20].
Park et al. [31] explored leveraging CLIP’s pre-trained visual representations
for sound source localisation, demonstrating that vision-language models can
provide useful semantic priors for audio-visual correspondence. However, these
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methods fail when multiple sources sound simultaneously, which is the common
case in real-world scenarios.

When multiple sound sources are present in a visual scene, separating their
mixed audio requires knowing where each source is located, but finding these lo-
cations requires having the separated audio to establish correspondences, which
creates a fundamental circular dependency. To break this dependency, researchers
have explored different strategies. Mix-and-Localize [17,27] proposed a self-
supervised random walk on an image-sound graph to force source disentan-
glement through cycle consistency. Other methods introduce explicit seman-
tic guidance. The self-supervised approach DSOL [15] tackles the paradox by
generating a pseudo-class dictionary of visual representations via unsupervised
clustering in a single-source setting. More recently, Kim et al. [19] introduced
an iterative curriculum learning framework that progressively discovers multiple
sound sources through object-aware contrastive learning and negative exclu-
sion, though it requires multiple hand-tuned thresholds. The weakly-supervised
method AVGN [26] directly uses true video-level class labels to guide learn-
able class tokens for explicit source grouping and disentanglement, while Dual
Mean-Teacher [12] employs semi-supervised learning with dual teacher-student
structures to generate high-quality pseudo-labels. More recent work introduces
external modalities: T-VSL [24] leverages text representations from AudioCLIP’s
tri-modal embedding space to guide category-specific feature extraction, while
OA-SSL [37] employs Multimodal Large Language Models to generate contextual
descriptions that distinguish actively sounding objects from silent ones. In con-
trast to methods that engineer complex mechanisms, rely on weakly-supervised
labels, or introduce external text modalities, our work leverages the emergent
property of contrastive learning to progressively break the circular dependency
in a fully self-supervised manner with only audio-visual data.

3 Method

3.1 Preliminaries

Given a video containing two simultaneously sounding sources, our goal is to
localise both sound sources in the visual scene without manual annotations. Let
X = (I, anix) denote an audio-visual pair, where the visual frame I € RHEXWx3
captures a scene with two sound-producing objects, and the mixed audio spectro-
gram A i, € RT*F contains T time steps and F frequency bins. Our objective is
to produce two continuous-valued spatial localisation maps M;, My € [0, 1]7*W
where each map indicates the location of the corresponding sound source.
Localising sound sources requires computing audio-visual correspondences
between a; and I to obtain M;, yet we only observe the mixed audio apjx =
>_; a; where individual source contributions a; are unknown. One might attempt
to first separate a; from aix, but separation requires knowing M, to assign
frequency components to spatial locations. This creates a chicken-egg paradox:
localisation needs separated audio, while separation needs spatial maps. Without
additional constraints, this circular dependency makes the problem ill-posed.
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Fig. 2: Architecture of our Selective Convergence Audio-Visual localisation
(SCAV) framework. Stage 1 (left): We extract visual features V' using a frozen
ResNet-18 encoder. The visual features are aligned with audio features a via con-
trastive learning to generate a coarse localisation heatmap Mgom that identifies the
more dominant sounding source. Stage 2 (right): Using the Stage 1 heatmap as a
spatial prior, visual and audio decouplers progressively separate the mixed features into
source-specific representations that yield refined localisation maps for both sources.

Similarity
Calculation

While this circular dependency appears intractable, we observe that con-
trastive learning naturally exhibits selective convergence: rather than represent-
ing all sources equally, models gravitate toward a single, most salient audio-visual
correspondence. We propose the Selective Convergence Model for Audio-Visual
localisation (SCAV), a two-stage framework that leverages this phenomenon.
Through contrastive learning, the first stage identifies the source that the model
is biased toward, which we term the dominant source Mgom; the other is the
subdominant source Mg,p. This dominance is determined by the model’s bias,
instead of any predefined property of the audio or visual input. Importantly, our
framework relies only on the fact that selective convergence isolates one source
as the spatial prior; it is agnostic to which of the two sources becomes domi-
nant. The second stage uses My, as the spatial prior to progressively reveal
the subdominant source Mg,,. This approach effectively converts the ill-posed
joint problem into a sequence of well-conditioned optimisations in a fully self-
supervised manner.

3.2 Dominant Source Localisation via Selective Convergence

We first extract features from different modalities:
V =&,(I) € RP*h>w 5 — GAP(,(Amix)) € RP (1)

where h = H/32, w = W/32, and GAP denotes global average pooling. During
training, we initialise the visual encoder @, with ImageNet pretrained weights
and keep it frozen to leverage robust visual representations, while the audio
encoder @, is trained from scratch to learn audio-visual correspondence
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For audio features a; from sample ¢ and visual features V; from sample 7,
we calculate the dot product between a; and the feature vector at each spatial
patch location (h,w) of V;:

Simg = (Vj,ai) € RV (2)

where each element Sz(i;”) represents the similarity score between the audio and
the visual features at position (h,w).

To train the encoders in a self-supervised manner, we adopt the contrastive
learning framework from [6] with differentiable thresholding to automatically
identify positive and negative spatial regions. The soft masks m, and 7, are

computed via differentiable thresholding:
hp = 0((Simi = €)/T), 1T =1 = 0((Simi — €n)/T) (3)

with €, = 0.65, €, = 0.4, temperature 7 = 0.03 and ¢ means Sigmoid function.
These masks partition spatial locations into positive pairs (regions with

strong audio-visual correspondence, 7h,,) and negative pairs (regions with weak

correspondence, 771, ). The positive and negative scores are then computed as:

1.
Py = ——(p, Sii), (4)
77|
N.—L( S; ->+i2<1 Sisi) (5)
T |mn‘ Mn, Oi—i hw “ y O1—g

where P; aggregates similarity over positive regions (high audio-visual corre-
spondence) and N; aggregates over negative regions (low correspondence within
sample 4, plus cross-sample negatives from j # 7).
The contrastive loss is:
B

1 exp(P;)
»Cstagel — 5 ; log exp(Pi) T eXp(Ni) . (6)

Training with such contrastive loss on mixed audio leads the model to ex-
hibit selective convergence: the learned similarity map S; = (Vj,a;) € R>w
naturally concentrates on the dominant source with the most obvious audio-
visual correspondence. This arises from the simplicity bias of gradient-based
optimisation [38§].

To extract a clean spatial prior Moy, from this similarity map, we further
apply a simple post-processing step (detailed in supplementary Algorithm 1) .

3.3 Progressive Multi-source Localisation with Spatial Priors

Having identified the dominant source Mgoy, in Stage 1, we now leverage it
as a spatial prior to break the circular dependency. The key insight is simple:
with Mgom telling us where the dominant source is located, we can (1) partition
visual features into source-specific regions, (2) use these partitioned visual fea-
tures to guide audio separation via cross-attention, and (3) localise each source
independently with the decoupled audio-visual pairs.
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Feature extraction and projection. We reuse the encoders from the first
stage to extract visual features V € R512X" X% and audio features a € R>'2. To
enable effective decoupling, we project these features into a unified embedding
space and add 2D positional encoding to preserve spatial structure:

V = Proj, (V) + PEyp € RP*Mv, (7)

a = Proj,(a) € R” (8)

where Proj, and Proj, are learnable linear projection layers, and PE,p denotes
2D sinusoidal positional encoding.

Visual feature decoupling. With the spatial prior Myo,, we partition the
visual features into two complementary regions:

Vl = f/ ® Mdom, ‘/2 = ‘7 ® (1 - Mdom) (9>

where V; captures the dominant source region and V» captures the complemen-
tary region (other possible source region and the background).

A visual decoupler ®3¢¢ then refines these coarsely separated features to
produce more discriminative source-specific visual features:

fors for = DLC(V1, V), fyi € RPXIXw, (10)

Audio feature decoupling. With decoupled visual features (fy1, fu2) ready, we
can now separate the mixed audio feature a into source-specific representations
via the audio decoupler ¢3¢, shown as the cross-attention branch in Stage 2
(right) of Fig. 2. The key idea is to use each visual feature as a spatial guide:
the audio decoupler 4 employs cross-attention where the mixed audio serves
as the query, and each visual feature provides keys and values:

falvfaQZégec<éafvlafv2) ERD- (11>

This allows each audio feature f,; to attend to its corresponding visual region,
effectively extracting the audio component associated with that spatial location.

Source-specific contrastive learning. After having decoupled both modali-
ties into (fu1, fu2) and (fa1, fa2), we train each source pair independently using
contrastive learning. For each source i € {1,2}, we compute the similarity map
Si = (fuvi, fai) and optimie:

exp(P)

L;i=—1
i) exp(P;) + exp(V))

(12)

where P, and N/ are positive and negative scores computed via differentiable
thresholding (Eq. (3)). Crucially, unlike Stage 1, we exclude cross-sample neg-
ative terms in N/ because the decoupling task focuses on within-sample source
assignment rather than cross-sample discrimination. The total loss is:

EStageQ =L+ Ls. (13)
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Inference stage. At inference, the trained model produces decoupled audio-
visual pairs (fu1, fa1) and (fye, fa2). The final localisation maps are obtained by
computing similarity and upsampling:

My, = Upsample({fur, far)), k€ {1,2} (14)

where (-, ) denotes the inner product.

4 Experiments

4.1 Experimental Setup

Implementation details. For visual inputs I, each image is resized to 224 x 224
resolution. For audio inputs, signals are sampled at 22.05 kHz and converted to
log-spectrograms A i using Short-Time Fourier Transform with 50ms windows
and 25ms hop size for 3-second clips. The visual encoder @, employs separate
ResNet18 [13] networks initialised with ImageNet pre-trained weights. The au-
dio encoder @, uses another ResNetl8 architecture with the first convolutional
layer adapted to a single channel. The visual decoupler #°¢ employs a 4-layer
Transformer encoder with 8 attention heads, while the audio decoupler ¢3¢ uses
cross-attention mechanisms to produce separated audio representations.

Training protocol. We employ a two-stage progressive training strategy. In the
first stage, we train encoders (&, @,) using Lgiage1 to learn dominant source
localisation through selective convergence. In the second stage, we train the full
architecture using Lgtage2, With spatial priors Mgem provided by the trained
first-stage model. We train our model using the Adam optimizer [21] with an
initial learning rate of 10=% and a batch size of 256.

Note that the two-stage design refers to two training stages only; at inference
time, the trained model executes a single forward pass without interruption,
achieving real-time performance at 43.2 FPS on a single NVIDIA A100 GPU.

4.2 Evaluation Metrics

Following prior works [15,17], we evaluate dual-source localisation using CloU@X,
AUC, and CAP. Note that for synthetic dual-source benchmarks (e.g. VGGSound-
Duet), we evaluate each predicted heatmap over the full concatenated image
domain against zero-padded ground truth masks without any cropping on the
predicted heatmap. This ensures that cross-source activations are properly pe-
nalised (see supplementary material for more details).

(1) CAP (Class-Aware Precision) measures the percentage of correctly lo-
calised sources at the class level:

S 6LAPy

CAP =
22{:1 Ok

(15)
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(2) CIoU (Class-Aware IoU) is the intersection-over-union between predicted
heatmaps and ground truth:

K
I
C1ov — 2=t O 10Uk (16)

k=1 Ok

where IoUy, is calculated based on the predicted sounding object area and the
annotated bounding box for the k-th class.
(3) AUC is the area under the precision-recall curve:

O 0 - 1[IoUy > ]
Zszl Ok

AUC = / 1R(t)dt, where R(t) (17)
0

4.3 Evaluation on Existing Benchmarks

We first evaluate our approach on three established multi-source localisation
benchmarks, i.e. MUSIC-Duet, VGGSound-Instruments, and VGGSound-Duet:

MUSIC-Duet. The dataset originally contains 149 untrimmed duet videos
from the MUSIC dataset [39], the accessible set comprises 141 videos that cover
11 classes of musical instruments due to the YouTube availability issue. The
dataset provides bounding-box annotations for dual sources generated using the
Faster R-CNN detector by Hu et al. [15]. Following Hu et al. [15], the first two
videos per instrument category form the test set, and the rest are for training.

As shown in Tab. 1, our self-supervised SCAV achieves the best localisation
quality (CIoU/AUC) among self-supervised methods. However, SCAV exhibits
weaker detection performance (CAP) compared to AVGN [26].

VG GSound-Instruments. Hu et al. [17] filtered 37 musical instrument cate-
gories from VGGSound [7] with 32k training videos. For multi-source evaluation,
Hu et al. [17] annotated segmentation masks for 446 high-quality frames. The
benchmark synthesises multi-source scenarios by randomly concatenating two
frames into 224 x 448 images while summing their audio waveforms. As shown
in Tab. 1, the proposed SCAV method achieves the best performance among self-
supervised methods on most metrics (CAP/AUC) and a competitive CIoU@Q.1.

VG GSound-Duet. To assess scalability, we evaluate on VGGSound-Duet [26],
the largest multi-source benchmark with 5,158 test videos spanning 220 di-
verse categories beyond musical instruments. Like VGGSound-Instruments, it
synthesises dual-source scenarios but uses bounding box annotations from the
VGGSound-Source test set [6].

SCAV achieves the best performance among self-supervised methods across
all metrics in Tab. 1 and Tab. 2, even surpassing some weakly-supervised meth-
ods on certain metrics. These consistent gains on the larger-scale dataset suggest
that our approach particularly benefits from increased data diversity and scale.
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Table 1: Quantitative results on MUSIC-Duet (BBox) and VGGSound-Duet (BBox).

Method ‘Self—Sup.‘ MUSIC-Duet (BBox) ‘ VGGSound-Duet (BBox)
|CIoU@0.3(%) AUC(%) CAP(%)|CIoU@0.3(%) AUC(%) CAP(%)
CoarsetoFine (ECCV’2020) [32] X 17.6 20.6 - 14.7 18.5 -
AVGN (CVPR’2023) [26] X 32.5 24.6 50.6 26.2 23.8 21.9
OA-SSL (CVPR2025) [37] X 5.9 36.1 64.1 55.2 14.8 15.9
Attention10k (CVPR’2018) [33] v 21.6 19.6 - 115 15.2 -
OTS (ECCV’2018) [2] v 13.3 18.5 11.6 12.2 15.8 10.7
DMC (CVPR’2019) [14] v 17.5 21.1 - 13.8 17.1 -
DSOL (NeurIPS2020) [15] v 30.1 22.3 - 22.3 211 -
LVS (CVPR2021) [6] v 22.5 20.9 - 17.3 19.5 -
EZ-VSL (ECCV’2022) [25] v 24.3 21.3 - 20.5 20.2 -
Mix-and-Localize (CVPR’2022) [17]* 4 26.5 21.5 47.5 21.1 20.5 16.3
NoPrior (CVPR2024) [19] v 2.5" 13.2 21.7 18.1 16.8 26.8
Slot-Attn (CVPR2025) [20] v 9.9 12.7 19.6 15.5 16.2 25.0
SCAV (Ours) v 47.1 28.6 47.6 53.3 32.0 53.0

*Mix-and-Localise is re-run under our frame-wise evaluation for VGGSound-Duet; OA-SSL and AVGN are taken as originally reported.
Please see the supplementary material for detailed implementation and analysis.

Table 2: Quantitative comparison on VGGSound-Instruments (Mask) and
VGGSound-Duet™M®* with segmentation-mask-based evaluation.

Dataset |Method |Self-Sup.|CAP(%) CloU@0.1(%) CloU@0.3(%) AUC(%)
CoarsetoFine (ECCV’2020) [32] X 54.2 - 12.9
AVGN (CVPR2023) [26] X 27.3 7.5 - 18.2
Attention10k (CVPR’2018) [33] v - 52.3 - 11.7
OTS (ECCV2018) [2] v 23.3 51.2 - 11.2

VGGSound-Instruments| DMC (CVPR2019) [14] v - 53.7 - 12.5
DSOL (NeurIPS’2020) [15] v - 74.3 - 15.9
LVS (CVPR’2021) [6] v - 57.3 - 13.3
EZ-VSL (ECCV’2022) [25] 4 - 60.2 - 14.2
Mix-and-Localize (CVPR2022) [17] 4 21.5 73.2 - 15.6
SCAV (Ours) v 32.0 76.0 - 21.1
|[AVGN (CVPR'2023) [26] | X 33.61 55.43 18.44 17.39
LVS (CVPR’2021) [6] v 18.00 31.51 9.53 10.28

VGGSound-Duet™®*  |EZ-VSL (ECCV’2022) [25] v 16.82 37.97 9.58 11.35
NoPrior (CVPR2024) [19] v 20.26 37.02 5.77 10.25
Slot-Attn (CVPR2025) [20] 4 15.21 30.87 3.63 8.92
SCAV (Ours) v 39.30 69.42 33.59 23.52

Important observation. During analysis of the VGGSound-Duet results, we
discovered a fundamental flaw in the evaluation of the bounding box that may
have been overlooked by the community. Bounding boxes treat all enclosed pixels
equally: both object and background receive the same weight in IoU computa-
tion. This evaluation protocol essentially rewards over-activation rather than
precise localisation. Fig. 3 vividly demonstrates this issue with several represen-
tative examples. In the playing flute case, while our model precisely localises
the sound-producing region around the instrument, the ground truth bounding
box includes substantial empty corners due to the diagonal instrument orien-
tation. Similarly, for turkey gobbling, our heatmap identifies the turkey as the
sound source, yet the bounding box encompasses large background areas. These
examples reveal a possible misalignment: current box-based metrics paradoxi-
cally penalise precise localisation while rewarding models that indiscriminately
activate background regions within bounding boxes.

Recent work in object detection [8] identified a similar misalignment of the
evaluation and demonstrated that segmentation masks provide a more faithful
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Fig. 3: Bounding box evaluation can be misleading. Shown by four representa-
tive examples. Top: Ground-truth bounding boxes encompass substantial background
regions beyond the actual sound sources. Bottom: Our predicted localisation heatmaps
precisely identify sounding regions.

assessment by precisely delineating object boundaries. Although VGGSound-
Instruments [17] introduced segmentation masks, its limited scale (446 test sam-
ples) and restriction to musical instruments prevent comprehensive evaluation
across diverse acoustic scenarios. However, large-scale pixel-precise benchmarks
remain scarce, as segmentation annotation was prohibitively expensive before re-
cent advances like SAM [22]. This observation motivates us to establish a rigorous
evaluation benchmark for the audio-visual localisation task using segmentation
masks at scale, which could enable accurate measurement of what models truly
localise across diverse sound categories.

4.4 A New Evaluation Protocol

VG GSound-Duet™*, To address the evaluation limitations identified above,
we introduce VGGSound-DuetM?¥, a pixel-precise version of the VGGSound-
Duet benchmark [26]. We start from the VGGSound-Source (VGG-SS) test
set [6], which originally contains 5,158 single-source videos with bounding box an-
notations. Due to YouTube’s availability, 4,390 videos remain accessible. For each
video, we generate high-quality segmentation masks using SAM [22], with the
original bounding boxes as initial prompts. To construct the multi-source evalua-
tion, we follow the exact pairing protocol of VGGSound-Duet [26], yielding 3,951
dual-source test pairs by concatenating frames and mixing audio from two videos.
Unlike VGGSound-Instruments, which offers only 446 mask-annotated samples
restricted to musical categories, our VGGSound-DuetM#*¢ benchmark provides
nearly 10x more samples across 220 diverse sound categories. Tab. 3 summarises
existing multi-source localisation benchmarks; our VGGSound-DuetM2sk pro-
vides the largest mask-annotated test set. We detail the construction of this
benchmark in the supplementary material.

A related task that also produces pixel-level masks is audio-visual segmen-
tation (AVS) [10,11,40,41]. AVS targets a different question from ours: they
segment the sounding objects in a scene as a whole, either as a single foreground
mask in AVSBench [41], by semantic category in AVSS [40], or as separate in-
stances in AVISeg [11], and the audio serves only as a cue for whether an object
is sounding. Our VGGSound-DuetM#sk instead evaluates the decomposition of a
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Table 3: Summary of Multi-Source Sound Source Localisation Benchmarks.

Dataset Year Test Samples Annotation Type #Classes
MUSIC-Duet [15] 2018 17 Bounding Box 11
MUSIC-Synthetic [15] 2020 455 Bounding Box 15
VGGSound-Instruments [17] 2022 446 Segmentation Mask 37
VGGSound-Duet [26] 2023 5158 3,951 Bounding Box 220

VGGSound-Duet™®* (Ours) 2025 3,951  Segmentation Mask 220

2 MUSIC-Duet reports video-level counts, where each video contains multiple annotated frames, while all other
benchmarks count individual frames.
Among the videos released, 3,951 samples are currently (as of Oct. 2025) available; the remaining videos are
unavailable on YouTube due to copyright issues or removal by uploaders.

two-source audio mixture into a separate localisation for each source, which no
existing AVS benchmark provides.

Quantitative results. Tab. 2 presents the results under our pixel-precise evalu-
ation protocol. Transitioning from bounding boxes to segmentation masks changes
the evaluation dynamics: models can no longer benefit from activating irrelevant
background pixels within rectangular regions. SCAV’s consistent improvement
under mask-based evaluation confirms genuine, pixel-level localisation of sound-
producing regions rather than reliance on coarse spatial heuristics.

Qualitative results. Fig. 4 presents the localisation maps generated by dif-
ferent methods on representative multi-source scenarios. The baseline models
LVS [6] and EZ-VSL [25] struggle to localise both sources simultaneously. As
shown in the final two columns, our method generates two independent locali-
sation maps that accurately identify each individual sound source.

Interestingly, in the third row, where multiple birds are present, our method
produces connected regions that appropriately cover all birds when localising
bird sounds. This demonstrates its ability to handle spatially distributed sources
of the same category. We also observe that each localisation map exhibits a pri-
mary activation pattern: while one source receives strong activation, the other
source’s region may show weaker residual activations. This soft separation re-
flects our progressive decoupling design: our method focuses on each source but
maintains contextual awareness rather than enforcing hard boundaries. This
helps when sources have overlapping characteristics or ambiguous boundaries, as
the model handles uncertainty naturally. This qualitative evidence, corroborat-
ing our quantitative results, demonstrates that our SCAV method successfully
breaks the circular dependency problem and allows each decoupled branch to
focus on distinct acoustic sources without interference. More qualitative com-
parisons and failure cases are provided in the supplementary material.

4.5 Empirical Analysis of Selective Convergence

To validate selective convergence in the first stage, we conduct an empirical
analysis that complements the theoretical justification provided in the supple-
mentary material. Specifically, when trained with contrastive learning on mixed
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Segmentation Mask LvS EZ-VLS Ours (obj-1) Ours (obj-2)

Fig. 4: Qualitative comparison of multi-source sound localisation. For each
test sample containing mixed audio from two sources, from left to right, we show: First,
input frame with segmentation masks indicating both sound sources. Second and
Third, localisation heatmaps from baseline models LVS [6] and EZ-VSL [25]. Fourth
and Last, localisation heatmaps for each detected source from our SCAV method. The
heatmaps visualise predicted sound source locations, where warmer colours indicate
higher activation values. Best viewed in colour.

audio, the first-stage model naturally focuses on one dominant source rather
than attempting to cover all sources equally. To this end, we design a controlled
experiment that directly measures whether the model’s predictions concentrate
on a single source or spread across multiple sources.

We evaluate the first-stage model on VGGSound-Duet, where each test sam-
ple is constructed by concatenating two frames into a 224 x 448 image while mix-
ing their corresponding audio waveforms. For each sample, we have two ground
truth masks GT; and GTs, where each mask covers one source region (either the
left or right half of the concatenated image) and is zero-padded on the other half.
The first-stage model takes the concatenated image and mixed audio as input,
and produces a single heatmap Mg, over the full 224 x 448 image domain. We
compute the IoU between the predicted heatmap Mo, and each ground truth:

IOUl = IOU(Mdom, GTl), IOU2 = IOU(Mdom, GTg) (18)

For each sample, we identify the dominant source as the one with a higher
IoU: i* = argmax(IoUy,IoUsy) and denote the other source as j*. We then com-
pute metrics separately for the dominant source i* and the second source j*
across all test samples.

Tab. 4 reveals a substantial performance gap between the dominant source
and the second source, which provides direct empirical evidence of selective con-
vergence: the model’s heatmap predominantly focuses on one source rather than
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Table 4: Localisation performance comparison between one dominant source
and across dual sources. It shows that the first-stage model tends to selectively
converge on one of the sounding source objects.

Setting CAP (%) CloU@O0.3 (%) AUC (%)

Dominant Source 63.39 61.70 37.82
Second Source  13.91 (-49.48) 3.62 (-58.08) 8.12 (-29.70)

Bounding Box First Stage Bounding Box First Stage
Ground Truth Localisation Ground Truth Localisation

Fig. 5: Examples of selective convergence behaviour of the first stage. We
show several input sample frames with both ground truth sources (the first and third
columns) and the first stage output heatmap (the second and fourth columns). Green
boxes indicate the sounding object in the left frame, while red boxes indicate the
sounding object in the right frame. The heatmaps consistently show strong activation
on only one source while producing weak or negligible responses on the other.

distributing attention across both. Fig. 5 further visualises this behaviour across
diverse acoustic scenarios. Both quantitative and qualitative results indicate that
the first stage produces focused, dominant-source localisations rather than dif-
fused activations that attempt to cover multiple sources.

4.6 Ablation Study and Discussion

We conduct ablation studies on the VGGSound-Duet dataset to analyse the
contribution of each component in our SCAV framework, as shown in Tab. 5.
The ablation results reveal the interdependencies among components. Compar-
ing Settings (a) and (b) shows that the decoupling architecture relies heavily
on spatially informative guidance to function effectively. Setting (c) uses the
same architecture as our full model but differs only in training strategy: joint
end-to-end training versus progressive training. Despite having identical compo-
nents, joint training achieves only 41.84% CIoU@0.3 compared to our 53.27%.
This demonstrates that the training strategy plays a crucial role in our frame-
work. In joint training, the first-stage encoder has not yet converged during
early training. This leads to unstable spatial priors that mislead the second-
stage decoupler. Progressive training addresses this by first training the first
stage to convergence before training the second stage, which yields more stable
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Table 5: Ablation study on VGGSound-Duet.

. ‘ Components ‘ VGGSound-Duet (BBox-based) ‘ VGGSound-DuetM?sk
Setting #

‘Stage 2 Spatial Prior Progr. Train Cross—neg.‘CAP (%) CloU@0.1(%) CloU@0.3(%) AUC (‘Z)‘ CAP CIoU@0.1 CIoU@0.3 AUC
(a) v X* v X 37.23 73.38 28.94 21.94 |27.39  52.58 16.15  15.47
(b) X — — X 38.65 75.15 32.66 22.97 (2893  53.41 18.84  16.27
(c) v v X X 45.17 79.41 41.84 26.88 [32.71 63.33 25.62  19.68
(d) v 4 v 4 35.68 67.38 26.69 20.93 [26.00 50.92 17.40  15.75
Ours v v v X 52.96 83.17 53.27 31.96 |39.30 69.42 33.59 23.52

*Uses uniform mask instead of learned spatial prior.

spatial priors. Setting (d) adds cross-sample negatives on top of our full model
and degrades performance, since Stage 2 is essentially a within-sample source-
assignment problem where the useful contrast lies between the dominant source
and the other source inside the same mixture. Such cross-sample negatives in-
stead dilute this within-sample alignment.

5 Conclusion

In this work, we introduced selective convergence for dual-source audio-visual
localisation, an emergent property of contrastive audio-visual learning where
models naturally focus on dominant sources rather than attempting a joint
multi-source representation. By leveraging selective convergence, we transformed
the circular dependency problem inherent in multi-source localisation into a
tractable sequence of conditional optimisations. The proposed SCAV framework
achieved the best performance among self-supervised methods in the literature,
and competitive performance compared to weakly-supervised approaches. No-
tably, the performance gap over baselines widens on larger-scale datasets, which
indicates that our method effectively embraces the richness of large-scale audio-
visual data.

Our empirical analysis also revealed systematic biases in current bounding
box evaluation protocols, following which we introduced pixel-precise bench-
marks that better reflect actual localisation quality. Future work could explore
whether selective convergence generalises to other multi-modal learning scenarios
beyond audio-visual correspondence, potentially for handling ambiguous many-
to-many associations in a self-supervised manner.
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