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Toward Interactive Sound Source Localization:
Better Align Sight and Sound!
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Abstract—Recent studies on learning-based sound source localization
have primarily focused on localization performance. However, prior work
and existing benchmarks often overlook a crucial aspect: cross-modal
interaction, which is essential for interactive sound source localiza-
tion. This interaction is vital for understanding semantically matched or
mismatched audio-visual events, such as silent objects or true sound
sources among multiple objects. In this work, we comprehensively ex-
amine the cross-modal interaction of existing methods, benchmarks,
evaluation metrics, and cross-modal understanding tasks. We identify
the overlooked points of previous studies and make several contribu-
tions to address them. First, we propose a learning framework that in-
corporates retrieval-based and hand-crafted augmentation techniques,
enhancing cross-modal interaction through cross-modal alignment. Sec-
ond, we introduce new evaluation metrics to accurately and rigorously
assess localization methods, focusing on both localization performance
and cross-modal interaction. Third, to thoroughly analyze interactive
sound source localization, we present a new semi-synthetic bench-
mark with diverse categorical combinations. Finally, we evaluate both
interactive sound source localization and auxiliary cross-modal retrieval
tasks, benchmarking competing methods alongside our own. Our new
benchmark and evaluation metrics reveal that previous methods strug-
gle with interactive sound source localization tasks, largely due to their
limited cross-modal interaction capabilities. Our method, which features
enhanced cross-modal alignment, demonstrates superior sound source
localization and cross-modal interaction performance . This work pro-
vides the most comprehensive analysis of sound source localization to
date, with extensive validation of competing methods on both existing
and new benchmarks using both new and standard evaluation metrics.
Code is available at https://github.com/kaistmm/SSLalignment

Index Terms—Audio-visual learning, sound source localization, self-
supervision, multi-modal learning, cross-modal retrieval.

1 INTRODUCTION

HUMANS can effortlessly determine the origin of sounds
in a scene. We instinctively focus on the direction of

the sound and associate the incoming audio-visual signals to
comprehend the event. Achieving human-level audio-visual
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Fig. 1. Our alignment-based sound source localization method
enhances cross-modal interaction capabilities. The key conceptual
difference between prior approaches and our proposed model is that
our model accurately follows cross-modal interactions for various given
sounds, while competing methods tend to focus on visually dominant
areas in a scene, regardless of the accompanying audio.

perception has led to extensive research on sound source
localization in visual scenes [2], [7], [18], [27], [32], [34]–
[37], [45], [50]–[53], [55]. Inspired by the way humans learn
from natural audio-visual correspondences without explicit
supervision, most studies are based on the fundamental
assumption that audio and visual signals are temporally
correlated. Under this assumption, the losses in sound
source localization tasks are modeled using audio-visual
correspondence as a self-supervision signal, implemented
through contrastive learning of audio-visual pairs.

While these approaches appear to be unsupervised
methods, they heavily rely on partial supervision; for in-
stance, using pre-trained vision networks [18], [45], [50],
[51], [53], [55] and visual objectness estimators for post-
processing [36], [37]. Recent studies [43] have pointed out
the visual objectness bias in existing sound source localiza-
tion benchmarks and some works [36], [37] have explicitly
exploited this bias to enhance localization accuracy. These
studies demonstrate that a model can achieve high local-
ization accuracy by relying solely on visual signals even
without interaction between visual and audio signals, which
contradicts the true objective of the sound source local-
ization task. In short, the current evaluation, benchmark
and model settings for sound source localization do not
adequately capture the audio-visual interaction capability,
as illustrated in Figure 1.

In this paper, we comprehensively examine the cross-
modal interaction of sound source localization methods
by proposing a new benchmark, cross-modal alignment,
evaluation metrics, and cross-modal understanding tasks.

 https://github.com/kaistmm/SSLalignment
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We first point out that existing sound source localization
benchmarks inadequately capture audio-visual interaction,
which is essential for sound source localization. This inade-
quacy arises mainly from two issues. Firstly, most sounding
objects in existing benchmarks dominate the scene, allowing
the use of objectness priors to solve the problem without
proper audio-visual interaction, i.e., hallucination [28]. This
approach becomes ineffective if sounding objects are smaller
than silent objects or are not visible. Secondly, we need
multiple sounding sources and their sounds paired with a
single visual data to authentically assess the audio-visual
interaction capabilities of methods in a systematic way, but
there is no large-scale or reliable dataset suitable for the pur-
pose. Most commonly used large-scale benchmarks involve
single sounding source samples, while the few multiple
sounding source benchmarks have limited categories and
sample sizes. To address these issues, we create a new semi-
synthetic sound source localization benchmark that includes
diverse categories of objects with varied combinations and
background contexts. Each sample in our benchmark con-
tains multiple sounding source objects with corresponding
audio, enabling the evaluation of audio-visual interaction
by testing the same image with different audio pairs. This
allows us to conduct systematic experiments with clear
control variables.

Secondly, we revisit the importance of semantic under-
standing shared across audio and visual modalities. Previ-
ous methods [45], [50], [51], [55] induce cross-modal seman-
tic alignment through instance-level cross-modal contrastive
learning, i.e., cross-modal instance discrimination between
visual and audio features. However, they rely on labels or
supervisedly pre-trained encoders 1. We show that learning
better semantic feature alignment is a crucial recipe and
enables to achieve higher performance even with training
from scratch, compared to the methods exploiting strong
pre-trained models.

We also propose two new evaluation metrics to ad-
dress issues overlooked in previous sound source localiza-
tion studies. Initially, we observe that while our proposed
method outperforms others numerically, there was a dis-
crepancy between the improved numbers and the superior
qualitative results. Upon further analysis, we identify that
the existing cIoU evaluation metric was a limiting factor, un-
derestimating our model’s superior performance, especially
in accurately localizing small objects. The current cIoU met-
ric uses a fixed threshold size, which becomes less accurate
when the ground truth area differs from the threshold value.
To address this, we propose an adaptive version of cIoU to
accurately measure localization performance regardless of
ground truth sizes. Additionally, we introduce Interactive
IoU (IIoU) as a new metric to measure cross-modal interac-
tion capability in multiple sound source scenarios. Unlike
single-source scenarios, IIoU considers a method successful
only when it predicts all sounding sources in a scene paired
with different audio signals.

We further comprehensively benchmark sound source
localization methods for cross-modal retrieval tasks to an-
alyze their cross-modal interaction capabilities. This task

1Typically, an image encoder is pre-trained on ImageNet [15] and an
audio encoder is pre-trained on AudioSet [19] in supervised ways.

assesses whether the learned representations can accurately
interact between audio and visual modalities, indicating
fine-grained audio-visual correspondence essential for gen-
uine sound source localization. Our benchmarking shows
the importance of cross-modal interaction, demonstrating
that higher sound source localization performance on sound
source localization benchmarks does not guarantee higher
cross-modal retrieval performance. This finding highlights
the need to evaluate sound source localization methods
from a more diverse perspective, supporting our contribu-
tions of proposing a new benchmark, evaluation metrics,
and learning cross-modal alignment.

In short, we extensively benchmark our method and
competing methods on diverse sound source localization
scenarios using seven benchmarks with new evaluation
metrics. Additionally, we evaluate our method on interac-
tive sound source localization and retrieval tasks. Our pro-
posed method performs favorably against recent state-of-
the-art approaches in comprehensive experiments, demon-
strating its ability to excel in both localization and alignment
tasks, closely approaching the ideal scenario.

We summarize the contributions of our work as follows:

� We analyze existing sound source localization bench-
marks and identify their inadequacy in evaluating true
cross-modal semantic understanding, which may lead to
poor performance in interactive sound source localization
and cross-modal retrieval tasks.

� We construct a new benchmark specifically designed for
the evaluation of interactive sound source localization.

� We propose a novel method that utilizes semantic align-
ment with multi-views and semantically similar samples
to achieve state-of-the-art performance in both sound
source localization and cross-modal retrieval.

� We introduce new evaluation metrics to comprehensively
analyze the cross-modal interaction capabilities of sound
source localization methods.

� We extensively benchmark our method and competing
methods on sound source localization, cross-modal re-
trieval tasks and audio-visual segmentation, providing
the most comprehensive analysis of cross-modal interac-
tion capabilities of existing methods to date.

This work builds upon our previous conference pa-
per [54], which explored the importance of cross-modal
alignment in sound source localization. This journal sub-
mission offers a substantial extension in three key as-
pects. First, we introduce a new semi-synthetic bench-
mark for interactive sound source localization, providing
a more rigorous and quantitative evaluation framework
(Section 4.1). Second, we propose new evaluation metrics
designed to accurately measure interactive sound source
localization, addressing the limitations of previous methods
(Section 4.2). Third, we expand our experimental evalu-
ations significantly, including extensive tests on multiple
audio-visual datasets, and detailed comparisons with state-
of-the-art methods in both localization and cross-modal
interaction tasks (Section 5). These enhancements provide
a robust foundation for evaluating cross-modal interactivity
in sound source localization.
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Fig. 2. Our sound source localization framework. Our model construct multiple positive pairs with augmentation and Nearest Neighbor Search
(Semantically Similar Samples). By using these newly constructed 9 pairs, our model employs spatial localization, sL (�), and semantic feature
alignment, sA (�), for each pair to learn a better sound source localization ability.

2 RELATED WORK

Sound source localization. Sound source localization in
visual scenes has been investigated by exploiting corre-
spondences between audio and visual modalities. The most
widely used approach for sound source localization is cross-
modal attention [50], [51], [58] with contrastive loss [12],
[25], [40]. Later, the attention-based method is improved
by intra-frame hard sample mining [7], iterative contrastive
learning with pseudo labels [34], feature regularization [35],
positive mining [52], negative mining [56], negative free
learning [55] with stop-gradient operation [11], momentum
encoders [36], or modi�ed contrastive loss [44].

Some sound source localization approaches exploit ad-
ditional knowledge of objectness, e.g., semantic labels [32],
[45], [53] or object prior [37], [62]. Semantic labels are used
to pretrain audio and vision encoders with classi�cation
loss [32], [53] or re�ne audio-visual feature alignment [45]. A
more explicit way to re�ne localization output is to use ob-
ject prior. EZVSL [37] proposes post-processing to combine
attention based localization output with a pre-trained visual
feature activation map. Similarly, Xuan et al. [62] propose to
combine off-the-shelf object proposals with attention based
sound source localization results. However, post-processing
by object prior may generate a false positive output as it is
solely based on vision without audio-visual interaction.

Self-supervised representation learning. In a broader cate-
gorization, recent sound source localization studies rely on
self-supervised multimodal learning. Our work is also rele-
vant to self-supervised audio-visual representation learning,
and other multimodal learning studies.

Contrastive learning aims to learn representations from
large-scale raw data without annotations. Recent represen-
tation learning approaches [9], [10], [24], [60] use instance
discrimination by contrastive learning [12], [25], [40] as a
pretext task with notable advancements in visual recogni-
tion tasks. Recently, positive mining by nearest-neighbor
search shows the effectiveness in more sharpening learned
representations of images [16], [17], [61], videos [23], neural
recordings [4], and text-image [33]. In this work, we extend
the previous works by incorporating both multi-views and
semantically similar samples into audio-visual modalities

for cross-modal feature alignment.
A series of audio-visual representation learning studies

have shown that audio and visual contents in a video are
correlated, therefore a visual representation can be learned
by sound prediction [42] or audio representation can be dis-
tilled from visual representation [3], [57]. Later, a variety of
joint audio-visual representation learning methods are pro-
posed with an assumption that there is a semantic [1], [26],
[38], [39] or temporal [13], [14], [31], [41] correspondence
between them. However, simply learning sound source
localization by audio-visual correspondence with instance
discrimination ignores the semantic similarity of audio-
visual contents among samples, introducing false negatives
or positives. In order to mitigate this issue, clustering [26],
sampling [39], weighting [38], and hard mining [31] are
proposed. Similarly, in this work, we go beyond instance
discrimination by using multiple positive samples to enforce
semantic understanding across modalities.

3 METHOD

3.1 Preliminaries

Contrastive learning learns representation by using positive
and negative pairs. Given an encoded query sample q and
its encoded positive pair k+ and negative pairs k , the loss
can be de�ned as:

L = � log
exp(q � k+ =� )

P
i exp(q � k i =� )

(1)

where � is the temperature parameter.

Cross-modal contrastive learning extends contrastive
learning across multiple modalities. In sound source lo-
calization, audio-visual correspondence is used to de�ne
positive and negative cross-modal pairs. With an audio-
visual dataset D = f (vi ; ai ) : i = 1 ; :::; N g and its en-
coded features v i = f v (vi ) and ai = f a(ai ), cross-modal
contrastive learning loss is de�ned as:

L i = � log
exp(s(v i ; ai )=� )

P
j exp(s(v i ; aj )=� )

(2)

where s(�) is a cross-modal similarity function. The cross-
modal contrastive loss Eq. (2) can be extended to symmetric
form [46] as used in a few previous works [36], [37].
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3.2 Cross-Modal Feature Alignment

We consider both spatial localization and semantic feature
alignment for sound source localization. To this end, we
use two different similarity functions sL (�) and sA (�) for
contrastive learning (Eq. (2)), sL (�) for localization and
sA (�) for cross-modal feature alignment. Our sound source
localization framework is illustrated in Figure 2.

Recent studies rely on audio-visual spatial correspon-
dence maps to learn sound source localization by con-
trasting them. Given a spatial visual feature v 2 Rc� h � w

and audio feature a 2 Rc , audio-visual similarity with a
correspondence map can be calculated as follows:

sL (v ; a) =
X

xy 2 M

1
jM j

v xy � a
kv xy kkak (3)

where v xy is a feature vector at location (x; y), and M is
an optional binary mask when an annotation or pseudo-
mask [7], [35] is available. Since we assume no supervision
for sound source localization, we do not use any mask,
therefore, M = f (x; y) j 0 � x < w; 0 � y < h g.

The contrastive loss with localization similarity sL (�)
enforces location dependent alignment giving sparse but
strong audio-visual correspondence which enables to per-
form localization. However, our empirical studies on cross-
modal retrieval indicate that strong localization perfor-
mance does not guarantee semantic understanding. To over-
come the low semantic understanding in recent studies,
we propose to add instance-level contrastive loss. Instance-
level contrasting encapsulates the whole context in a scene,
enforcing better audio-visual semantic alignment. Nonethe-
less, instance-level contrasting may smooth out spatial dis-
criminativeness learned by Eq. (3). Inspired by SimCLR [9],
we adopt a projection layer to align audio-visual semantics
in a projection space. The projection layer separates the
latent space of localization and semantic alignment, thereby
preventing the alignment loss smoothing out the spatial
discriminativeness. The similarity function for cross-modal
feature alignment is de�ned as follows:

sA (v ; a) =
pv (avg(v )) � pa(a)
kpv (avg(v ))kkpaak

(4)

where avg(�) is spatial average pooling, pv is a projection
layer for visual features, and pa is a projection layer for
audio features.

3.3 Extending with Multiple Positive Samples

Typically, contrastive learning contrasts between one pos-
itive pair and multiple negative pairs as shown in Eq. (1).
In audio-visual learning, by an audio-visual correspondence
assumption, an audio-image pair from the same clip is used
as a positive pair while negative pairs are sampled from
different clips. However, single-instance discrimination may
not be suf�cient to achieve strong cross-modal alignment. In
this section, we expand contrastive learning beyond single
instance discrimination by positive set construction and
pairing them. To construct a positive set, we incorporate
both hand-crafted positive and semantically similar positive
samples for each modality. Later, we adjust the contrastive
learning to incorporate multiple positive pairs to enforce
cross-modal alignment.

Obtaining hand-crafted positive samples. Using randomly
augmented samples as positive multi-view pairs are widely
adopted in self-supervised representation learning, i.e., in-
stance discrimination. Similarly, we extend a single anchor
audio-image pair to multiple positive pairs by applying
simple augmentations on image and audio samples sepa-
rately. While we utilize common image transformations on
images, we apply temporal shifting to audios. It is worth
noting that sound source localization task learns from the
underlying semantic consistency rather than subtle time
differences as in videos. Thus, a slight shift in the audio does
not alter contextual information signi�cantly. As a result of
hand-crafted multi-view positive pair generation, we obtain
additional v aug and aaug samples.

Obtaining semantically similar positive samples. Apart
from manually created augmented views, we additionally
expand our positive set with semantically similar sam-
ples. The sampling strategy with nearest neighbor search
can be performed in a various way, such as on-the-�y
sampling [16], [33], [48], [61], sampling by pre-trained en-
coders [52], or guided sampling [17], [23] using another
modality. For selecting our semantically similar samples, we
utilize pre-trained encoders. Note that pre-trained encoders
trained either with supervised or self-supervised learning
are effective in positive sample mining as shown in the
experiment section. By employing readily available image
and audio encoders, we use the k-nearest neighbor search
to sample semantically similar samples in both modalities.
In particular, given a pair of image and audio, we compute
cosine similarity with all other samples and choose the top-
k most similar samples among the training set for each
modality. From a set of k samples, we randomly select
one sample to obtain semantically similar samples for each
modality, v conc: and aconc: . By utilizing the semantically
similar samples as positive samples, our model expands
semantic understanding, which allows us to sharpen the ex-
pressiveness and boundaries of the representations between
positives and negatives.

Pair construction. Once we obtain the semantically similar
and hand-crafted positive samples for each modality, we
proceed to create 9 distinct audio-visual pairs by pairing
V = f v ; v aug ; v conc g and A = f a; aaug ; aconc g. This is
done to ensure semantic alignment and consistency between
them through contrastive learning. It is worth noting that
some of these pairs are a combination of hand-crafted and
semantically similar samples, which further enhances the
feature alignment of our model during training. The nega-
tive pairs are randomly paired from the remaining samples
in the mini-batch.
3.4 Training

Our loss formulation incorporates both localization and
instance-level similarity functions with multiple positive
pairs constructed by augmentation and semantically similar
sample search. The �nal loss term is de�ned as follows:

L i = �
X

v i 2 V

X

a i 2 A

"

log
exp(sL (v i ; ai )=� )

P
j exp(sL (v i ; aj )=� )

+ log
exp(sA (v i ; ai )=� )

P
j exp(sA (v i ; aj )=� )

# (5)




