How Far Can We Go With Synthetic Data for Audio-Visual Sound Source
Localization?

Arda Senocak!*

Sooyoung Park?*  Tae-Hyun Oh3

Joon Son Chung?

1Ulsan National Institute of Science and Technology 2ETRI
3Korea Advanced Institute of Science and Technology

Abstract

We present the first scalable framework for training sound
source localization (SSL) models using synthetic data from
text-to-X models. Although SSL has made notable progress,
existing models remain constrained by limited-scale, un-
curated real-world datasets that often suffer from seman-
tic misalignment. Furthermore, the introduction of new
SSL tasks and benchmarks has increased the need for more
generalizable models. To address these challenges, we
leverage synthetic data to create synthetic clones of the
VGGSound dataset, enabling both fully synthetic and hy-
brid real-synthetic training. We demonstrate that synthetic
data can effectively replace, refine, and scale real train-
ing datasets. Extensive experiments across multiple bench-
marks show that synthetic data not only matches real data
in performance but also enables significant improvements
when combined with real samples. Our findings provide the
first systematic evidence that synthetic data can serve as
a scalable and effective approach for advancing SSL mod-
els. Code and data are available at: https://github.
com/swimmiing/SyntheticSSL.

1. Introduction

Perceiving, detecting, and recognizing are fundamental per-
ceptual abilities, with humans primarily relying on visual
and auditory senses for these tasks. In machine perception,
these capabilities have been explored through sound source
localization (SSL) models, which aim to identify sound-
emitting objects or regions within a visual scene. Over time,
SSL has evolved from a subtopic of audio-visual learning
into an independent research field with its own objectives,
methodological advancements, benchmarks and new tasks
such as single sound source localization [1, 4, 34, 35], seg-
mentation [13, 53-55], interactive localization [39], and
audio-visual robustness [20, 26]. This has increased the
need for more generalizable SSL models capable of han-
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Figure 1. Sound Source Localization Performance with Syn-
thetic Data. Synthetic data can replace, refine, and scale real
datasets — matching real data and yielding substantial gains when
combined with real data; 1.1x in localization/segmentation and
1.3x higher performance in interactive localization.

dling all these diverse datasets and tasks at once.

While SSL has shown progress, existing models are
model-centric in their development. However, most are
trained on no more than 144K samples [17, 25, 26, 39, 45],
leaving their scalability largely unexplored. Moreover, un-
curated training data often suffer from misalignment be-
tween images and corresponding audio, as training im-
ages are typically extracted from the mid-frame of videos
(see Figure 2) without considering semantic relevance [27,
36, 42]. These factors suggest that the first steps toward de-
veloping a more advanced SSL model may lie in addressing
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Figure 2. Mid-frames in real data vs. synthetic images. Mid-
frame selection causes imperfections, misaligning audio and im-
ages, while synthetic images enhance semantic consistency.

these challenges. Motivated by this, we suggest shifting the
SSL paradigm from model-centric to data-centric learning.

The aforementioned constraints may be solved at once
through manual data collection and filtering, but this re-
quires a substantial amount of human intervention. A more
practical alternative lies in the use of synthetic data, made
feasible by recent advances in text-to-image/audio genera-
tive models. These models enable highly controllable data
generation, allowing scalable dataset creation and the syn-
thesis of samples for specific semantic concepts, which can
help mitigate audio-visual misalignment issues. Although
synthetic data has been explored in other modalities and re-
search domains [6, 7, 18, 19, 24, 30, 32, 46, 50], its ap-
plication to audio-visual SSL and more broadly to audio-
visual learning has not. In this work, we leverage synthetic
data as both a verification and investigation tool to explore
how far synthetic data can take us. Specifically, we aim to
(1) examine whether SSL models can effectively learn from
synthetic data, (2) test the aforementioned existing bottle-
necks, and (3) explore a viable path toward more advanced
SSL models. We argue this path requires a specific recipe
in which synthetic data plays a fundamental role.

To achieve our objective, we propose a scalable pipeline
that leverages off-the-shelf generative models to create syn-
thetic clone(s) of VGGSound [3], the most widely used
dataset for sound source localization training. Our system
consists of four steps: (1) constructing concept dictionar-
ies for each modality, where VGGSound classes are repre-
sented by sets of concepts; (2) using a large language model
(LLM) to generate caption prompts from sampled concepts;
(3) synthesizing data using text-to-X models, producing
synthetic versions of VGGSound; (4) training a state-of-the-
art SSL model with either fully synthetic data or a hybrid
approach that pairs real and synthetic samples.

We evaluate model performance across multiple datasets
and tasks (Figure 1). Models trained entirely on syn-
thetic data perform on-par with fully real data. Replacing
VGGSound images with synthetic counterparts (Figure 2)
yields substantial improvements, hinting that synthetic data
may mitigate imperfections in real datasets. Scaling up
training data by combining real and synthetic samples gets

state-of-the-art performance across all tasks. Our approach
outperforms the real dataset baseline by +8.62 cloU and
+7.00 cloU Adaptive in Single Sound Source Localization,
+5.58 mloU and +4.22 mloU Adap. in Audio-Visual Seg-
mentation, and +72.16 IloU and +13.35 IloU Adap. in
Interactive Localization. The results show the potential of
synthetic data for more advanced SSL models.
Our main contributions are as follows:

* We introduce the first scalable training framework for
sound source localization using synthetic data from text-
to- X models and provide synthetic clones of VGGSound.

* We shift the focus from model-centric learning to data-
centric learning, demonstrating the impact of synthetic
data on training.

* We provide empirical validation, showing that synthetic
data can replace, refine, and scale real training datasets.

* We provide a recipe for an advanced SSL achieving state-
of-the-art performance with hybrid real-synthetic train-
ing, surpassing real-data-only baselines.

2. Related Work

Sound Source Localization. Audio-visual sound source
localization identifies objects, events, or regions in a Vvi-
sual scene by leveraging semantic correspondences between
audio and visual cues. Early works [1, 34, 35] explored
this relationship through cross-modal attention and con-
trastive learning for audio-visual alignment. However, real-
world videos may contain misaligned audio-visual pairs,
where background noise, off-screen sounds, or silent ob-
jects introduce incorrect associations, hindering localiza-
tion. To address these challenges, prior methods incorporate
false negative-aware learning [41], negative-free predictive
learning[40], and regularization techniques [26, 28]. Others
leverage visual priors, such as object proposals and motion
cues, to improve performance [12, 25, 49]. Additionally,
ACL-SSL [29] integrates CLIP [31] into sound source lo-
calization without using text, utilizing its strong multimodal
prior knowledge to improve localization accuracy. While
these methods adopt a model-centric approach, our work
shifts the focus toward a data-centric perspective by explor-
ing the role of synthetic training data.

Another research direction in self-supervised contrastive
learning aims to improve audio-visual alignment through
better data utilization, including sample mining [4, 37], ge-
ometric equivalence learning [22], and multi-positive con-
trastive learning [38]. Unlike these approaches, which re-
fine real data, our method explores learning from synthetic
data to achieve superior benefits. As the field advances, new
tasks such as Audio-Visual Segmentation [54] introduce ad-
ditional model-centric solutions [23, 47, 53, 54]. However,
our approach differs by tackling multiple tasks simultane-
ously with synthetic data, aiming to develop a more gen-
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Figure 3. The pipeline of our framework. From VGGSound categories, we construct concept dictionaries with more descriptive terms
for each class. An LLM generates visual prompts for image synthesis, while concepts are used directly for audio generation. The resulting

synthetic data is then used to train a sound source localization model.

eralizable model. Additionally, a semi-synthetic dataset is
recently proposed in [39], where a text-to-image model gen-
erates images paired with real audio. However, unlike our
approach, their dataset is used solely for evaluation as a test
set, not for training. To the best of our knowledge, this is the
first systematic investigation of synthetic training data for
sound source localization across multiple tasks and datasets.

Representation Learning with Synthetic Data. The use
of synthetic data for training computer vision and machine
learning models is well established [6, 7, 18, 19, 24, 30,
32, 46, 50]. Recent advancements in text-to-image models
have further expanded its role, particularly in representation
learning for both vision-only and multi-modal tasks, espe-
cially in the vision-text domain. By generating synthetic
images, the recent studies [2, 11, 15, 33, 52] train image
classifiers in a supervised setting, while StableRep [43] ap-
plies synthetic images to self-supervised contrastive learn-
ing. In vision-text learning, prior works have adapted CLIP-
style training using fully synthetic data [14, 44] or hybrid
approaches that keep one modality real [10, 11, 51]. Ad-
ditionally, Tian et al. [44] explores multi-modal training
by incorporating synthetic data and optimizing contrastive
learning objectives to maximize its benefits. Beyond con-
ventional vision-text applications, Liu ef al. [21] explores
synthetically generated radiology reports and Chest X-ray
images for contrastive learning, using either fully synthetic
or hybrid paired data. In contrast, the potential of synthetic
data in audio and vision remains unexplored. We focus on
contrastive representation learning from the perspective of
audio-visual SSL.

3. Methodology

Our goal is to systematically investigate synthetic training
data for sound source localization. To this end, we propose
a scalable framework that leverages text-to-X generative
models for synthetic data generation and training. Given
a category name, concept dictionaries are constructed for
each modality. Captions are then generated based on the se-
lected concept — optionally with LLM assistance — and used
as prompts to synthesize data in both modalities via text-
to-X models. Finally, a sound source localization model

is trained on this synthetic data, either fully or in a hybrid
manner. Our pipeline is illustrated in Figure 3.

3.1. Concept Dictionaries

The first stage of our pipeline involves constructing concept
dictionaries for each VGGSound category to enhance diver-
sity in image and audio generation. These dictionaries ex-
pand beyond simple class names by providing list of more
descriptive terms [14, 48]. Since concepts in one modal-
ity may not be equally descriptive in the other, we main-
tain separate dictionaries for audio and visual information.
For example, “thunder in the night” provides useful context
for a visual description by emphasizing “night”, but “night”
does not add significant information when describing audio.
This stage is carried out by human annotators and is the only
part of the pipeline requiring human intervention. Ten anno-
tators, each assigned 31 categories, are asked to generate de-
scriptive concepts for each given category, addressing audio
and visual perspectives separately. On average, each class
is associated with only 3.35 and 7.80 concepts for the visual
and audio modalities, respectively. These enriched concepts
are then used in prompts to generate synthetic data. We em-
phasize that this minimal manual process is the only human
intervention in our pipeline, used solely to enhance the di-
versity of generated samples. It is far more practical than
manual large-scale data collection or filtering.

3.2. Prompt Generation

In our pipeline, we use text-to-image (T2I) and text-to-
audio (T2A) models to generate synthetic data, requiring
text captions as prompts. Since prompt quality is crucial for
text-to-X generative models, and a broader range of cap-
tions enhances data diversity, we incorporate a large lan-
guage model (LLM) to generate prompts, following previ-
ous works [10, 14, 44].

For each sample in the VGGSound, a random concept is
selected from the concept dictionary based on its class label
and used as input to the LLM to generate caption prompts.
However, different text-to-X generative models have vary-
ing sensitivities to input prompts. Our attempts show that
while T2I model effectively generates images from descrip-
tive and diverse captions, the T2A model struggles with full



sentences. Therefore, we use LLM-generated captions for
image generation but rely on randomly selected concepts as
direct prompts for the T2A model, as illustrated in Figure 3.
Similar to [ 14], we design our prompt for caption generation
with LLM as follows for a given concept {k}: “Your task
is to write an image caption that includes and visually de-
scribes a scene around a concept. You can make this scene
in unusual places. Your concept is:{k}. Output one single
caption that is no longer than 15 words. Don’t make too
artistic and emotional sentences. Focus on the concept.”

To further enhance diversity, we randomly enable or dis-
able the part of the prompt related to scenes in unusual lo-
cations. Formally, we can formulate entire prompt gener-
ation stage of our pipeline as follows: T imaee = {t: =
G(p,k;) | ki ~ Uniform(D(c(x;))), Vx; € D} and
T audio = {ki ~ Uniform(D(c(x;))) | Vx; € D}, where
D = {xi1,X2,...,Xy} is the dataset with N samples,
c(x;) gives the class label of the sample x;, and D(c) re-
turns the set of concepts {k1, ko, ...,k } associated with
the class label. G(p, k;) represents the LLM that takes the
prompt p and the randomly selected concept k;, returning a
prompt caption for generation.

3.3. Synthetic Image and Audio Generation

Using the caption prompts for each sample in VGGSound,
we generate synthetic images and audio at this stage. We
use diffusion-based text-to-image and text-to-audio genera-
tors, denoted as Gro1 and Goa, respectively. This process
is formulated as follows: V = {v; = Gru(t;) | Vt; €
Timage} and A = {ai = GTZA(ti) | Vit € Taudio}’ where
V and A represent the sets of generated images and au-
dio samples, respectively. Some examples of the gener-
ated images are shown in Figure 2, while the remaining
image and audio visualizations are provided in the supple-
mentary material. As can be seen, the generated samples
accurately capture the intended semantic information. No
filtering is applied to the generated samples. While we use
VGGSound categories to create synthetic clones, the frame-
work is adaptable to any dataset or category range.

3.4. Training

Since ACL-SSL [29] is the state-of-the-art method for self-
supervised sound source localization, we use this model
in our study to better understand the use of synthetic
data, as well as explore the potential for further perfor-
mance improvements, aiming to achieve a new state-of-the-
art in sound source localization. ACL-SSL employs the
CLIP [31] visual encoder to extract image features, while
the audio signal is processed using BEATs [5] as the au-
dio encoder. The audio is first projected into text-like to-
kens compatible with CLIP’s text encoder, then transformed
into an audio-driven embedding via the CLIP text encoder.
These embeddings are used to highlight sounding regions

within visual scenes and align audio and visual features
through self-supervised contrastive learning. Notably, this
approach operates without explicit text input, relying solely
on audio-visual correspondence.

4. Experiments

4.1. Experiment Setup

Downstream Tasks. We conduct all analyses in our study
from the perspectives of three different downstream tasks,
following [39]: (1) Single Sound Source Localization, (2)
Audio-Visual Segmentation, and (3) Interactive Localiza-
tion. The first task focuses on localizing sound sources from
a detection perspective, specifically targeting single sound-
ing objects. This involves localizing one object at a time,
rather than detecting multiple objects simultaneously. The
second task aims to localize sound sources from a segmen-
tation perspective. The final task evaluates the model’s abil-
ity to shift the localized region in the image when the same
image is paired with a different sound present in the scene.

Datasets. We train the model using the VGGSound [3]
dataset, our generated synthetic datasets (which varies in
scale), or a combination of both. For evaluation, we em-
ploy the following datasets: VGG-SS [4], IS4 [39], VPO-
SS [53], VPO-MS [53], and AVSBench-S4 [54] for Single
Sound Source Localization; AVSBench-S4 and AVSBench-
MS3 [54] for Audio-Visual Segmentation; and IS4 and
VPO-MS for Interactive Localization.

Evaluation Metrics. We employ the following evaluation
metrics, as in [39]: cloU, cloU Adaptive, AUC, and AUC
Adaptive for Single Sound Source Localization; mloU,
mloU Adaptive, F-Score, and F-Score Adaptive for Audio-
Visual Segmentation; and IIoU, IIoU Adaptive, IAUC, and
TAUC Adaptive for Interactive Localization. All baseline
model checkpoints for evaluation are selected based on their
peak performance on the VGG-SS dataset. As noted in [29],
model performance can vary across different random seeds.
Therefore, we train each baseline model six times and re-
port the mean and standard deviation of the results for each
dataset to fairly assess the impact of synthetic data. Since
each task comprises multiple datasets that may behave dif-
ferently, we average the performance [14, 15, 44] across all
datasets to report the final performance for each task.

Caption & Image & Audio Generation Models. We
use Mistral-7B-Instruct-v0.2 [16], Stable Diffusion 3
Medium [8], and Stable Audio Open 1.0 [9] with the de-
fault settings released on HuggingFace for caption genera-
tion, image generation, and audio generation, respectively.
Although stronger and more specialized models could be
used (see supp. material), we aim to utilize the most stan-
dard and widely available generative models to establish a
more cost-effective recipe.
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Figure 4. Sound source localization results on the same data scale.

Training Details. We strictly follow the same training of
ACL-SSL [29]. We use pre-trained ViT-B/16 CLIP [31]
model as the image encoder and BEATS [5] as the audio en-
coder. During training, we use 10-second audio clips sam-
pled at 16 kHz and images resized to 352x352 pixels. The
model is optimized for 20 epochs with a batch size of 16.

4.2. Benchmark Analysis on the Same Data Scale

In this section, we verify whether synthetic data can en-
able sound source localization training and, if so, to what
extent it improves performance. Furthermore, we investi-
gate ways to better utilize it, e.g., by replacing VGGSound
images with synthetic ones. Additionally, the experiments
here offer insights into improving sound source localization
models at the same data scale. In this analysis, the data scale
matches VGGSound’s 144k samples. The results for each
task and dataset are shown in Figure 4, while Table 1 sum-
marizes the average performance for each task. Detailed
numerical values for Figure 4 are in the supp. material.

Baselines. We design the following variants: (a) Original
uses entirely real images and audios from VGGSound; (b)
Synthetic uses fully synthetic audios and images generated
by our pipeline; (c) (Synl, RealA) uses paired data consist-
ing of synthetic images and real audios from VGGSound;
(d) (Reall, SynA) similarly uses pair of real images from
VGGSound and synthetic audios; (e) (Synl, MixedA) uses
synthetic images paired with a mixed set of audio samples
(#Syn.: 134K + #Real: 10K); and (f) (Mixedl, SynA) uses
a mixed set of images (#Syn.: 134K + #Real: 10K) paired
with synthetic audios.

Key findings are as follows:

1. Synthetic data is ready for sound source localization. We
study the scenario where no real data is available and in-
stead use synthetic data by comparing the Original and Syn-
thetic baselines. As shown in Table 1, the Synthetic variant
achieves comparable or better performance depending on
the task. This verifies that synthetic data can effectively
substitute for real data in sound source localization.

2. Pairing synthetic images and real audios proves highly
beneficial. Our experimental results show that replacing im-
ages of VGGSound with synthetic counterparts yields sub-

Method cloU cloU Adap. AUC AUC Adap.

o (@) Original 48.03 62.22 41.95 51.99

E (b) Synthetic 47.97 60.88 41.86 51.03

& (© (SynLRealA) 55.13 67.16 46.73 55.06

2 (d) (Reall,SynA) 46.38 61.66 41.43 51.28

.En (e) (Synl,MixedA) 52.24 64.75 44.66 53.37

A (f) Mixed,SynA)  50.61 62.75 43.96 52.16
Method mloU mloU Adap. F-Score F-Score Adap.

o (2) Original 47.56 51.85 53.70 60.26

2  (b) Synthetic 48.10 51.92 53.24 60.25

5-; (c) (SynI,RealA) 50.78 53.57 56.47 62.01

E (d) (Reall,SynA) 45.25 50.45 51.55 59.08

@ (e) (SynL,MixedA) 50.06 53.72 55.73 62.35

£ (f) Mixed,SynA)  49.44 52.71 55.56 61.06
Method IIoU TIIoU Adap. IAUC TIAUC Adap.
(a) Original 31.10 45.71 29.47 40.40

£ (b) Synthetic 31.38 46.44 29.95 40.24

"é (c) (SynI,RealA) 41.49 56.61 37.01 46.69

5 (d) (Reall,SynA) 30.06 46.90 29.88 40.29

E (e) (SynI,MixedA) 37.65 52.61 34.12 43.95
(f) Mixed,SynA)  34.72 49.41 32.65 41.93

Table 1. Sound source localization results on the same data
scale. The best, and the second best results are highlighted.
Mixed denotes both synthetic and real samples within the same
modality are used in a mixed form as (134K Syn. + 10K Real).

stantial improvement. Specifically, (Synl, RealA) achieves
performance gains of (+7.10 cloU and +4.94 cloU Adap.)
in Single Sound Source Localization, (+4.61 mloU and
+3.50 mloU Adap.) in Audio-Visual Segmentation, and
(+10.40 IIoU and +10.91 IIoU Adap.) in the Interactive
Localization task. This verifies our hypothesis that refin-
ing problematic frames with semantically aligned synthetic
images—aligned with the sounding object as shown in Fig-
ure 2—can mitigate the misalignment bottleneck.

3. Pairing with real data makes a difference, even when the
amount is very small. Our experimental results show that
pairing synthetic data with real data, either fully or partially,
improves performance across all tasks, except for the (Re-
all, SynA) variant, which will be discussed in the following
paragraphs. We explore mixed-pair training with variants
that use a small amount of real data in one modality. Our re-
sults show that even with just 10K real images or real audio
samples, (Synl, MixedA) and (Mixedl, SynA) achieve per-
formance gains across all tasks compared to the Original.
Specifically, (Synl, MixedA) outperforms by (+4.20 cloU
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Figure 5. Sound source localization results on 2x data scale.

and +2.53 cloU Adap.) in Single Sound Source Localiza-
tion, (+2.50 mloU and +1.87 mloU Adap.) in Audio-Visual
Segmentation, and (+6.55 IIoU and +6.90 IIoU Adap.) in
Interactive Localization. We hypothesize that mixed-pair
training is effective because synthetic data can mitigate the
semantic imperfections present in real samples, while real
samples can help address the domain gap of synthetic data.
4. The visual modality plays a more significant role in syn-
thetic data. Given the two types of synthetic data, one might
wonder which contributes more to the model’s performance.
Mixed-pair training experiments — comparing Original vs.
(Synl, RealA) and other variants — reveal that synthetic im-
ages offer greater benefits. As discussed earlier, real visual
data often contain imperfections due to mid-frame selec-
tion, whereas synthetic images provide semantically cleaner
and more consistent visual cues. For the audio modality, ex-
cept for the special case (Reall, SynA) discussed in the next
paragraph, synthetic audio remains useful, although not as
effective as synthetic images: in variant (b), performance
is comparable to the Original, and even higher in (e) and
(f). The gap between (c) and (e) suggests that synthetic au-
dio is less effective than real audios. This can be attributed
to the relative maturity of the two fields; T2I generation is
currently more advanced and yields more accurate, seman-
tically aligned results than T2A generation.

5. Combining synthetic audio with real images is not an
effective pairing. The (Reall, SynA) variant yields the low-
est performance among all experiments. As discussed ear-
lier, synthetic audio is less effective, and this issue becomes
more pronounced when paired with real data. The likely
cause is that real images are already semantically noisy, and
combining them with less effective synthetic audio further
amplifies these imperfections. The comparison between
(Reall, SynA) and (Mixedl, SynA) supports this explanation,
as replacing real images with synthetic ones while keeping
the same synthetic audio leads to consistent performance
improvements across all tasks.

4.3. Scaling Beyond 144K Data

Having analyzed synthetic data at the same scale and iden-
tified the key elements of our recipe, we now investigate
training models beyond 144K samples, an approach that has

Method cloU cloU Adap. AUC AUC Adap.

g WM{(s,s) U (8.8} 4711 60.05 41.53 50.51

5 ®{(s,R) U (B, R)} 5468 66.96 46.47 54.98

2 ©{(R,R) U (s,R)} | 5636 68.87 47.49 56.32

® O{(R,R) U (s,8)} 5253 65.61 45.09 54.41

7 B{(s,R) U (s,8)} 5517 67.82 46.72 55.59
Method mloU mloU Adap. F-Score F-Score Adap.

E W{(s,8) U (8,8} 4560 49.87 50.17 57.96

E ®{(s,R) U (8 R)} 5031 53.95 55.90 62.68

£ O{(R,R) U (s,R)} 5288 55.83 59.51 64.81

E O{(R,R) U (s,8)} 5281 56.29 59.20 65.19

& ®{(s,R) U (s,8)} 5144 55.26 57.47 64.38
Method IloU IIoUAdap. IAUC  IAUC Adap.

o W{(s,®) U (Bl. 87} 3104 45.81 29.91 39.89

£ ®{(s,R) U (B, R)} 4164 56.83 36.82 46.80

2 O{(R.,R) U (s,R)} 4135 57.29 36.75 47.15

2 O{(R,R) U (s,8)} 3622 52.25 33.31 44.04

= ®{(s,R) U (s,8)} 4203 57.77 37.13 47.40

Table 2. Sound source localization results on 2x scaled data.
R: 144K Real Images, §: 144K Synthetic Images, [§]: 144K
Synthetic Images, R: 144K Real Audios, §: 144K Syn-
thetic Audios, @: 144K Synthetic Audios. The best, and

the second best results are highlighted.

not been explored in any previous SSL work. Experiments
are first conducted at the 2x scale to identify the most ef-
fective variants, which are then used for subsequent experi-
ments at the 3x scale. The results for each task and dataset
are presented in Figures 5 and 6, while Tables 2 and 3 sum-
marize the average performance for each task in 2x and 3x
scaled data, respectively. Detailed numbers for each dataset
are in the supp. material.

Scaling Up Data. We scale the data to twice and three times
its original size using two methods. First, we combine the
entire existing real dataset VGGSound (R : 144K Real Im-
ages, R : 144K Real Audios) with our previously generated
synthetic dataset, VGGSyn1l ( § : 144K Synthetic Images,
§ : 144K Synthetic Audios), which is also 144K in size for
2x scaled data experiments. Second, we generate additional
synthetic datasets with the same data distribution as in the
previous section, namely VGGSyn2 (|J§]: 144K Synthetic
Images, §): 144K Synthetic Audios) and VGGSyn3 ( § :
144K Synthetic Images, § : 144K Synthetic Audios).

Baselines for 2x. We design the following variants, each
of which forms a unique training sample by pairing an au-
dio with an image: (A) {(s,$§) U (J§l, ®)} uti-
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Figure 6. Sound source localization results on 3x data scale.

lizes fully synthetic data in both modalities, combination of
VGGSyn1 and VGGSyn2; B) { (s, R) U (8l R)}
contains pairs of synthetic images with real audio; (C)
{(R,R) U (s, R)} pairs real audio with both real
and synthetic images. This can be seen as an extension
of the (Synl, RealA) variant from the previous section by
adding the real dataset on top of it; (D) {(R, R) U
(S, )} combines VGGSound and VGGSyn1 datasets;
and (B) {(sS, R) U (S, )} pairs synthetic images
with both real and synthetic audios.

Baselines for 3x. We design the following variants based on
the experimental results from 2x scaling, adopting the best
strategies while narrowing the scope of the experiments.
A) {(s,8) U (BlI'®) U (S, )} uses fully
synthetic data, combining VGGSynl, VGGSyn2 and
vGGsyn3: B) {(s,R) U (Bl R) U (S, R)}
pairs synthetic images with real audio; and (C) { (R, R)
U (S,R) U (Bl R)} pairs real audio with both
real and synthetic images at the 3x scale.

Key findings are as follows:

1. Increasing the scale of fully synthetic data leads to per-
formance improvements. Our objective in this experiment
is to analyze whether scaling fully synthetic data can match
or surpass the performance of models trained on real data
and those trained with 1x scale synthetic data. We train
the model using 2x and 3x scaled data, respectively. While
the 2x scaled variant did not yield performance improve-
ments, the 3x scaled variant { (§ , §) U (8 &) U
(S, S)} outperforms both the Original and 1x Syn-
thetic variants. Specifically, the 3x fully synthetic variant
achieves a performance difference compared to the Origi-
nal of (+0.87 cIoU and -0.54 cloU Adap.) in Single Sound
Source Localization, (+1.72 mloU and +2.04 mloU Adap.)
in Audio-Visual Segmentation, and (+1.50 IIoU and +1.77
IIoU Adap.) in Interactive Localization (See (A) in Table 3
and (a) and (b) in Table 1).
2. Increasing the number of synthetic images while keeping
real audio further enhances performance. We previously
observe a significant improvement in model performance
when synthetic images are paired with real audio. Building
on this, we apply the same approach at 2x and 3x scales.

Method cloU  cloU Adap. AUC AUC Adap.
A{(s,s) U (8l.,®) U (s,5)} 4891 61.68 42.41 51.66
B {(s,R) U (BI,R) U (S,R)} 5573 68.21 47.15 55.77
©{(R,R) U (S,R) U (Bl R)} | 5666 69.23 47.66 56.54

Method mloU mlIoU Adap. F-Score F-Score Adap.
@A{(s,8) U (B1.®) U (s,5)} 4928 53.89 54.82 62.41
B {(s,R) U (BI,R) U (S,R)} 5158 55.05 57.77 63.90
O©f(R,R) U (S,R) U (BI,R)} | 53.14 56.07 59.47 64.97

Method IIoU  IIoU Adap. TIAUC TIAUC Adap.
A{(s,s) U (Bl.®) U (s,8)} 325 4747 30.79 41.00
B){(s,R) U (BI,R) U (S,R)} 4315 58.64 37.87 47.98
O{(R,R) U (S,R) U (BI,R)} 4326 59.05 37.71 48.29

Table 3. Sound source localization results on 3x scaled data.
VGGSound (R: 144K Real Images, R: 144K Real Audios),
VGGSynl (S : 144K Synthetic Images, § : 144K Synthetic Au-
dios), VGGSyn2 (J§]: 144K Synthetic Images, @: 144K Syn-
thetic Audios) and VGGSyn3 (S : 144K Synthetic Images, §:
144K Synthetic Audios). The best , and the second best results
are highlighted.

As shown in Table 3, variant B) { (s , R) U (8, R)
U (S, R)} outperforms its 1x and 2x counterparts ((c)
in Table | and (B) in Table 2, respectively). Notably, we
reaffirm that this variant, at any scale, consistently outper-
forms the model trained on real data with a large margin.

3. Mixing real and synthetic images helps with domain gen-
eralization. We observe that mixing synthetic and real im-
ages is a promising approach. Based on the comparisons
between (B) and (C), as well as (C) and (E) in Table 2, and
(b) and (f) in Table 1, we hypothesize that combining real
and synthetic images may enhance domain generalization.

4. Combining real dataset pairs with synthetic image—real
audio pairs significantly improves performance. Given our
findings that synthetic image-real audio pairs contribute to
high performance and that mixing synthetic and real im-
ages is a promising approach, we aim to leverage both. In
other words, we expand the real VGGSound dataset by in-
tegrating synthetic image-real audio pairs. Specifically, we
adopt a mixed training strategy that utilizes both synthetic
and real image-real audio pairs simultaneously. Our ex-
periments show that variant (C) { (R, R) U (S, R)
U (8l R) } in Table 3 outperforms all other variants in
this study across all tasks, achieving a new state-of-the-art
performance in sound source localization with a significant
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scale variant (C) with the Original.

margin. In particular, it achieves a substantial performance
difference compared to the Original of (+8.62 cloU and
+7.00 cloU Adap.) in Single Sound Source Localization,
(+5.58 mloU and +4.22 mIoU Adap.) in Audio-Visual Seg-
mentation, and (+12.16 IIoU and +13.35 IloU Adap.) in
Interactive Localization. Note that the same variant at the
2x scale ((C) in Table 2) also achieves high performance,
falling only marginally behind the 3x scale results. We
hypothesize that, in this variant, the model benefits from
well-aligned real image—audio pairs, which help address the
domain gap in real test sets, while also correcting noisy
correspondence samples using synthetic image—real audio
pairs. This finding, namely extending the real VGGSound
dataset with large-scale synthetic image-real audio pairs,
represents our final recipe and the most viable path toward
developing a more accurate and generalizable SSL model
within our experimental scale.

4.4. Qualitative Results

Figure 7 compares the Original model with the top-
performing 3x scale variants (A, B, and C) from Table 3 in
Single Source Localization and Audio-Visual Segmentation
tasks. As shown in the numerical results, (B) and (C) lo-
calize sound sources more accurately than both the Original
and variant (A), even detecting small objects like the ‘skate-
board’ in VPO (first row) and the ‘gun’ in AVS-MS3 (last
row). Additionally, where the Original model fails to gen-
erate activations, (B) and (C) provide accurate predictions,

such as the ‘popcorn’ in IS4. Compared to the Original, (A)
(fully synthetic at 3x scale) performs similarly overall but
shows better performance in the segmentation task, partic-
ularly in cases like the ‘guitar’ and ‘bird’ in AVS-S4 (first
row), aligning with numerical results in Table | and Table 3.

Figure 8 visualizes the Interactive Localization task
results, comparing the Original model with variant (C)
from Table 3. This 3x scale variant, which combines real
data with synthetic image—real audio pairs, clearly outper-
forms the real-data-only model, demonstrating the benefits
of scalability and hybrid training.

5. Conclusion and Discussion

In this work, we introduce the first scalable pipeline for
training sound source localization models (SSL) using syn-
thetic data from text-to-X models. Our approach shifts the
focus from model-centric to data-centric learning, show-
ing that synthetic data can replace, refine, and scale real
datasets. By generating synthetic clones of VGGSound, we
enable training on fully synthetic and hybrid real-synthetic
datasets. Extensive experiments validate that synthetic data
can match or surpass real data in SSL. Replacing real im-
ages with synthetic counterparts mitigates semantic mis-
alignment, while scaling up training data with real and syn-
thetic datasets achieves state-of-the-art performance, sig-
nificantly outperforming real-data-only baseline. To the
best of our knowledge, this is the first systematic study on
synthetic training data for SSL across multiple tasks and
datasets. Our findings highlight the potential of synthetic
data in advancing scalable and generalizable SSL models.

What can be further done? Future work may explore
more diverse synthetic data generation strategies, such as
automating concept dictionaries with LLMs. Another direc-
tion is improving generalization beyond VGGSound’s class
labels by incorporating open-world categories. Lastly, scal-
ing to larger datasets would be beneficial, as limited com-
putational resources restricted us from exceeding the 3x
dataset size. These remain as future work.
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