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Figure 1. We propose an ingenious pipeline to synthesize datasets for audio-visual segmentation (AVS), by leveraging off-the-shelf large
image segmentation datasets and audio corpus. The pipeline is annotation-free and can easily be scaled up to cover more categories. Be-
sides, we develop an effective method SAMA-AVS to adapt segmentation anything (SAM) with Adapters to the AVS task. By introducing
only a small number of model parameters, the model performance is substantially enhanced and achieves state-of-the-art performance.

Abstract

The objective of Audio-Visual Segmentation (AVS) is to
localise the sounding objects within visual scenes by accu-
rately predicting pixel-wise segmentation masks. To tackle
the task, it involves a comprehensive consideration of both
the data and model aspects. In this paper, first, we initiate
a novel pipeline for generating artificial data for the AVS
task without extra manual annotations. We leverage exist-
ing image segmentation and audio datasets and match the
image-mask pairs with its corresponding audio samples us-
ing category labels in segmentation datasets, that allows
us to effortlessly compose (image, audio, mask) triplets for
training AVS models. The pipeline is annotation-free and
scalable to cover a large number of categories. Addition-
ally, we introduce a lightweight model SAMA-AVS which
adapts the pre-trained segment anything model (SAM) to
the AVS task. By introducing only a small number of train-
able parameters with adapters, the proposed model can ef-
fectively achieve adequate audio-visual fusion and interac-
tion in the encoding stage with vast majority of parameters
fixed. We conduct extensive experiments, and the results
show our proposed model remarkably surpasses other com-

peting methods. Moreover, by using the proposed model
pretrained with our synthetic data, the performance on real
AVSBench data is further improved, achieving 83.17 mIoU
on S4 subset and 66.95 mIoU on MS3 set. The project page
is https://jinxiang-liu.github.io/anno-free-AVS/.

1. Introduction

Audio-visual segmentation (AVS) task involves seg-
menting the sounding objects corresponding to the audio
cues in the video frames. Previous research has explored
this task under the umbrella of self-supervised learning by
leveraging the occurrence of audio-visual signals [3,19–21,
32, 37, 50, 51, 54]. However, these training objectives lack
fine-grained pixel-wise supervision and results in coarse
segmentations. This poses limitation to the applicability of
AVS in real-world scenarios where accurate segmentations
are required, such as video surveillance, multi-modal video
editing and the robotics industry. Recently, Zhou et al. [70]
tackled the AVS problem through supervised training, and
they manually annotated a video dataset with pixel-level
segmentations for sounding objects in the video frames.
However, due to the expensive annotation costs, the dataset
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has a deficiency in the limited sample quantity and diversity.
To mitigate this, we propose an annotation-free and scal-

able pipeline to construct artificial datasets for the AVS task.
Strictly speaking, an ideal model for the task requires dual-
level recognition ability: semantic level and instance level.
For example, given the video frames with the sound of dog
barking, the model should first distinguish the dogs from
the cats with the dog barking sound (semantic level); and
then further resolve the instance ambiguity by identifying
the specific dog that barks when there are multiple dogs
present (instance level). Yet in practice, the ability to distin-
guish semantic categories may have been sufficient for lo-
calising sounding objects in most daily scenarios, which can
be achieved by training on artificially constructed data with
semantic-identical image and audio pairs. Based on such
observation, we present a practical pipeline to artificially
synthesize AVS datasets by leveraging off-the-shelf image
segmentation and audio datasets without additional manual
annotations, resolving the issue of insufficient training data
for the AVS task.

In Figure 1, we depict the proposed pipeline to construct
a synthetic dataset by leveraging off-the-shelf image seg-
mentation and audio datasets. For instance, we can com-
bine an image-mask pair labeled as “dog” from the image
segmentation dataset LVIS with an audio sample labeled as
“dog barking” from the audio dataset VGGSound to obtain
an (image, mask, audio) triplet, which serves as a training
sample for the AVS task. In this triplet, image and audio
are the model’s inputs, and mask provides supervision for
model training. Comparing to the existing human-annotated
dataset AVSBench [70], this dataset synthesis pipeline in-
herits existing free annotations from computer vision com-
munities, such as LVIS [14], Open Images [28]; and most
importantly, it requires zero extra annotation, thus can eas-
ily be scaled up to cover a large number of categories.

In addition, the foundation model segment anything [27]
(SAM) for image segmentation has attracted great atten-
tion in computer vision recently. SAM is pretrained with
large-scale data and has demonstrated strong generalisa-
tion ability. In this paper, we first evaluate two variants of
SAM on the AVS task. One is directly applying SAM to
the task, the other is the proposed Audio-Prompted SAM
(AP-SAM) which encodes the audios as the prompts for the
mapping inputs of the SAM decoder. However, both mod-
els performs suboptimally. We analyze that vanilla SAM
does not associate the semantics between audios and im-
ages in the pretraining stage; and even incorporating the au-
dio prompts in the later stage of decoder part (AP-SAM),
the fusion of audio-visual features is too shallow to facili-
tate the AVS task due to the light-weight design of the SAM
decoder. Given such finding, a natural question arise: how
can we exploit the powerful ability of SAM, and effectively
adapt it to the AVS task? In this paper, we propose SAMA-

AVS to employ the adapters to transfer the powerful knowl-
edge from SAM for AVS task. In a nutshell, we utilise the
adapters to perform audio-visual fusion in the early stage
and only train the adapters with much fewer parameters in
the encoding stage. Thereby, the knowledge of SAM is em-
ployed and the audios features can be injected and fused
with visual features efficiently and effectively in the early
stage while only introducing a small number of parame-
ters (<0.4% of the entire model). And experimental results
show SAMA-AVS outperforms other SAM-based methods
by a large margin and achieves state-of-the-art performance
on the AVSBench dataset, indicating the effectiveness of the
proposed method.

To summarize, the contributions are as follows:

• We propose a novel annotation-free pipeline to synthe-
size datasets for the AVS task, by harnessing the ex-
isting image segmentation datasets and audio corpus.
The pipeline circumvents the cost of manual annota-
tion and thus easily scales up to cover a greater number
of categories for the task.

• As an instantiation of the pipeline, we present the
AVS-Synthetic dataset, which is significantly larger
and more diverse than existing AVS datasets. We
conduct experiments with the synthetic dataset and
demonstrate its strong zero-shot and few-shot transfer
ability to real-world scenarios.

• We devise a model termed SAMA-AVS for AVS task
based on SAM foundation model. To realise the deep
fusion of audio-visual representations, the method de-
ploys simple adapters to inject the audio information
into the pretrained SAM, and allows the deep audio-
visual fusion in the encoding stage with the vast major-
ity of parameters fixed. Extensive experiments demon-
strate the effectiveness of our proposed method.

2. Related Work
Audio-visual segmentation. In the recent literature, re-
searchers have explored a range of audio-visual tasks with
the goal of getting a comprehensive understanding of mul-
timedia resources. These tasks include audio-visual sound
separation [10, 11, 60, 67, 68], visual sound source localisa-
tion [3, 19–21, 32, 37, 47, 51, 54] and audio-visual video un-
derstanding [26, 29, 33, 59, 59]. Visual sound source locali-
sation (VSSL), or audio-visual segmentation (AVS), aims to
localise and segment the sounding object regions based on
its audio signals. Existing approaches [3,37,46,50,51,69] to
this problem are primarily based on the co-occurrence of au-
dio and visual signals, which provides only weak instance-
level supervision, making it difficult to predict fine-grained
pixel-level segmentation masks. To overcome this issue,
Zhou et al. [70] presented a dataset with mask annotations
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for sounding objects in the video frames, which is the first
benchmark for the supervised AVS task.

Segment Anything. SAM [27] is released as the first foun-
dation model for image segmentation in computer vision
community. The model is pretrained with over 11 mil-
lion images associating with over one billion segmenta-
tion masks. It also has the flexibility of supporting diverse
prompts including points, boxes, masks and texts. With
the advantages of SAM, it is soon utilised to attack var-
ious visual problems including medical image segmenta-
tion [8, 12, 42, 52, 61, 63], weakly-supervised semantic seg-
mentation [5, 15, 24], few-shot segmentation [40, 65], 3D
vision [2,39], shadow detection [6,62,66], camouflaged ob-
ject segmentation [6,22,23] and so on. Currently, few works
except [45] explores SAM for the AVS task but the results
from [45] are less satisfying. In this paper, we examine
the performance of vanilla SAM and describe our proposed
SAM-based models for the AVS task.

Adapter. Adapter [18] has become one of the most preva-
lent methods in parameter-efficient transfer learning. By
introducing only a small number of parameters, it can effec-
tively leverage the knowledge within the pretrained models
and transfer to the related problems, thus it is now widely
utilised for both NLP tasks [1, 18, 25, 36, 55, 56] and CV
tasks [6, 7, 31, 35, 38, 49]. Recently, it is also employed to
solve multi-modal problems [30, 34, 57].

3. Dataset
Here, we start by detailing the dataset construction pro-

cedure in Sec. 3.1; then we present the statistics of the pro-
posed AVS-Synthetic dataset in Sec. 3.2.

3.1. Dataset Synthesis Pipeline

Existing datasets for audio-visual segmentation, e.g.,
AVSBench [70], are all collected by manually annotating
frames with pixel-wise segmentation masks, which is often
expensive and only covers a limited number of categories
(only 23). To remedy this, we initiate a scalable pipeline for
constructing a synthetic dataset, termed as AVS-Synthetic
dataset. The dataset construction procedure leverages exist-
ing image segmentation datasets such as LVIS [14], Open
Images [28], and audio classification dataset, such as VG-
GSound [4]. Therefore it is free of extra manual annotations
and can easily be scaled up.

Figure 1 illustrates our proposed pipeline for building a
synthetic dataset for semantic-level audio-visual segmenta-
tion. Generally speaking, it consists of three steps:

(1) Audio Selection. We select audios using the instance-
level class labels from publicly-released audio dataset. In
this paper, we employ VGGSound [4], which is a large-
scale audio-visual dataset collected using computer vision
techniques, as a data source for providing audio sample

clips in our proposed AVS-Synthetic dataset. However,
other audio datasets such as Audio Set [13] can also be used.

(2) Image-mask Pair Collection. Next, based on the cate-
gories of selected audio clips, we pick the categorized im-
age and segmentation mask pairs for the objects in the target
categories. This can be easily achieved by filtering the exist-
ing popular image segmentation datasets such as LVIS [14]
and Open Images [28].

(3) Audio-Visual Category Matching. Till here, we have
separately collected the audio and visual samples. We
match each image-mask pair with their corresponding audio
clip, thus forming the (image, mask, audio) triplet as a train-
ing sample for AVS task. For each triplet, (image, audio)
serve as model inputs and the mask is the ground-truth seg-
mentation mask to supervise the model training. Matching
these pairs is done by using the class labels of both image-
mask pairs and the audio labels. Notably, different datasets
may have different class labels while referring to the same
thing; such as computer keyboard: “computer keyboard”
(LVIS) and “typing on computer keyboard” (VGGSound);
dog: “dog” (LVIS), “dog barking” (VGGSound) and “dog
baying” (VGGSound). Minimal manual verification is in-
volved in this matching procedure.

3.2. AVS-Synthetic Statistics

As an instantiation of our annotation-free dataset collec-
tion pipeline for AVS, AVS-Synthetic dataset is proposed
that covers 62,609 sounding object instances spanning 46
common categories. The training set size is 52,609, and the
sizes of validation set and test set are both 5,000. A de-
tailed comparison between AVS-Synthetic and the human
annotated AVSBench datasets [70] is listed in Table 1.

Dataset Classes Images Masks Data.Source Human

AVSBench [70] 23 4932 10,852 [4] ✓
AVS-Synthetic (ours) 46 58,405 62,609 [4, 14, 28] ✗

Table 1. Comparison between our proposed AVS-Synthetic and
AVSBench (S4) [70] datasets. AVSBench is collected with human
annotations.

4. Method
In Sec. 4.1, we start by introducing the problem formula-

tion. Then we describe the two SAM-based models for AVS
task in Sec. 4.2 and Sec. 4.3. Next, we detail the proposed
SAMA-AVS architecture in Sec. 4.4. Finally, we describe
the model training in Sec. 4.5.

4.1. Problem Formulation

For the task of audio-visual segmentation (AVS), the
input data consists of a sequence of video frames, V =
{vi}Ti=1, where vi ∈ R3×H0×W0 , and its corresponding
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audios A = {ai}Ti=1, where ai ∈ RHa×Wa refers to the
corresponding audio spectrogram. The objective of AVS is
to segment the sounding objects in each frame based on the
acoustic cues. The target segmentation can be binary masks,
i.e., M = {Mi}Ti=1, and Mi ∈ {0, 1}H0×W0 .

4.2. Revisiting SAM as Baseline

Segment Anything (SAM) [27] is proposed as a founda-
tion model for scene segmentation, which is pretrained on
11M images with 1 billion segmentation masks. In terms
of the architecture design, SAM consists of three compo-
nents: an image encoder, a prompt encoder and a light-
weight mask decoder. The image encoder employ the Vi-
sion Transformer [53] pretrained with MAE [16] to extract
the image features with the shape of C ×H ×W from the
input images. For the prompt encoder, its supported prompt
inputs can be divided into two categories: sparse prompts
including points, boxes, texts, and masks. The points and
boxes are processed by a combination of positional encod-
ings and learned embeddings. The texts are the embed-
dings from the text encoder of CLIP [48]. The mask are
summed into the image embeddings with convolution op-
erations. Note that, when no prompts are given, SAM can
also generate the segmentation proposals by traversing the
entire image.

In this paper, we first investigate the performance of the
vanilla SAM model on the AVS task, by picking the pre-
dicted mask that best matches the ground-truth [22, 58].
Concretely, for an image I with the ground-truth mask G,
SAM model predicts N masks {Mi}Ni=1. Then by calculat-
ing the intersection over union (IoU) of the ground-truth
mask with the predictions, we select the predicted mask
with the highest IoU value as the final prediction of SAM
for evaluation. This method serves as the baseline for our
proposed SAM-based methods.

4.3. Audio-Prompted SAM

Inspired by the way of dealing with text prompts of
vanilla SAM as elaborated in Sec. 4.2, we treat the audio
as another type of prompt by extracting the audio embed-
dings and set up another SAM-based model named Audio-
Prompted SAM (AP-SAM) for the AVS task. Concretely,
given an audio clip, we first compute its features with the
VGGish [17] model pretrained on AudioSet [13] dataset,
then spatially pool the features into a vector embedding.
Similar to the SAM design, we pose the audio features
as the prompt tokens. And thus the image embedding
(256 × 64 × 64) from the image encoder and the audio
prompt tokens (1×256) are passed to the light-weight mask
decoder. The mask decoder updates the image embedding
and audio prompt tokens, and uses the output tokens to per-
form mask prediction, following the same design of vanilla
SAM. At training phase, we fix the parameters of both im-
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Figure 2. The architecture of the proposed SAMA-AVS.

age encoder and audio encoder to preserve their knowledge,
and only update the weights within the mask decoder.

4.4. SAMA-AVS: SAM with Adapters for AVS

In the AP-SAM model, although the image embedding
and the audio embedding tokes are interacting with each
other in the mask decoder, we conjecture the fusion is not
adequate to drive the AVS task. For the mask decoder of
SAM, it is light-weighted with only two transformer de-
coder layers. The reason why it works with such simple de-
sign is that the prompts including points, boxes and masks
generally only provide explicit location information of tar-
get segmentation. And the whole models are trained with
millions of images with semi-supervised learning. There-
fore, a two-layer mask decoder design is competent enough
for the vanilla SAM pretraining. However, to complete the
audio-visual segmentation (AVS) task successfully, it re-
quires the model to understand and associate the seman-
tics between both image and audio embeddings; but this
audio-image semantic understanding are not explored in the
vanilla pretrained SAM. And the fusion and interaction of
audio-visual tokens using the two-layer mask decoder of
SAM may be too limited.

One simple solution is to inject the audio information
into the image features at the encoding process. How-
ever, the computation cost of finetuning the whole encoder
weights would be prohibitively high. To tackle the prob-
lem, we propose to perform deep audio-visual fusion with
the assistance of adapters. We term the proposed framework
based on SAM with adapters for AVS task as SAMA-AVS.
We elaborate the method shown in Figure 2 in more detail.

Image tokenization. Our model accepts the visual frames
and audio as the inputs. For visual input, given a video
frame I ∈ R3×H×W , we first upsample the image to
the shape of 3× 1024× 1024 to meet the requirements of
SAM. Then we patchify the image into non-overlapping
patches and flatten them into visual embeddings. Before
feeding the features into the network, we add the visual
embeddings with learnable position embeddings initialized
with zeros. Finally we obtain the visual embeddings Xv ∈
RN×D.

Audio tokenization. For the audio, we obtain the audio
spectrogram A ∈ RHa×Wa of one second audio clip corre-
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sponding to the video frame. we compute its features with
the pretrained VGGish [17] model, then spatially pool the
features into a vector embedding Xa ∈ Rℓ .
Deploying adapters at encoding stage. The adapters are
responsible for injecting the audio information into the fea-
ture encoding process. Specifically, the audio tokens are
transformed with learnable parameters and then added to
the outputs of each transformer encoder layer. Formally, we
denote the outputs of the (i − 1)th layer of transformer en-
coder as Yi−1 and the outputs of ith adapter as Ti, then the
inputs for the ith encoder layer Xi is obtained by:

Xi = Yi−1 +Ti. (1)

After N layers of transformer encoder with adapters, the ob-
tained deeply-fused audio-visual embeddings are fed to the
last neck layer to adjust the channel dimension. Finally the
embeddings from the neck layer are fed to the mask decoder
to perform mask prediction.

In terms of adapter design, it is simply implemented with
two-layer MLPs to adjust the feature dimension and per-
form feature extraction. During the training phase, we fix
the parameters of the transform encoder layers and the au-
dio encoder, and only update the parameters of the adapters
and the light-weight mask decoder. Note that, the parame-
ters introduced by the adapters constitute only 0.4% of the
entire model, while yielding significant performance gains,
as indicated in the experiments.

4.5. Training Objectives

We use a combination of two commonly used objectives
at training time: the BCE (Binary Cross-Entropy) loss and
the IoU (Intersection over Union) loss. The total loss for
optimizing the model is the weighted sum of the BCE loss
and IoU loss:

Ltotal = LBCE + λIoULIoU, (2)

where λIoU is weight to balance the losses.

5. Experiments
5.1. Datasets

AVSBench [70] is a newly released dataset for audio-
visual segmentation that comes with human-annotated
mask annotations. This dataset is divided into two sub-
sets: the semi-supervised Single Sound Source Segmenta-
tion (S4) and the fully supervised Multiple Sound Source
Segmentation (MS3).

AVSBench-S4 dataset. This subset contains videos with
a maximum of one sounding object. During training, only
the first frame of each video sequence is annotated with a
ground-truth segmentation binary mask. At inference time,
the goal is to segment the sounding objects across all frames

in the video. The subset includes 3,452/740/740 videos in
the training, validation, and test sets, respectively, with a
total of 10,852 annotated frames.

AVSBench-MS3 dataset. The MS3 subset consists of
videos that may contain multiple sounding objects. All
video frames are annotated with masks during both the
training and evaluation stages. The subset contains
296/64/64 videos for training, validation and testing sep-
arately, with a total of 2,120 annotated frames.

AVS-Synthetic dataset. As detailed in Sec 3.2, AVS-
Synthetic is a dataset collected using our proposed pipeline.
The dataset includes 46 categories with over 60K (image,
audio, mask) sample triplets. To facilitate training and eval-
uation, the dataset is divided into training, validation and
testing splits, which includes 52,609/5,000/5,000 samples
separately.

5.2. Evaluation Metrics

We quantify the segmentation quality by adopting stan-
dard segmentation metrics outlined in [70]. Specifically,
we use MJ to denote the mean Intersection-over-Union
(mIoU) of ground-truth binary masks and predicted masks.
We use MF , known as the F-score, which is the harmonic
mean of precision and recall. In both cases, higher values
indicate better segmentation performance.

5.3. Implementation Details

We choose the released ViT-H SAM model with pre-
trained ViT-H/16 image encoder with 32 Transformer en-
coder layers as weight initialization. The resolution of the
input images are 1024 × 1024. The weight to balance the
two losses is set to 1. To optimize the model parameters, we
employ the AdamW [41] optimizer with an initial learning
rate of 2×10−4 with cosine decay. We implement the mod-
els with PyTorch. We train the models for 80 epochs with
four NVIDIA RTX A6000 GPUs. The batch size is set to 8.

5.4. Effectiveness of Data Synthesis Pipeline

We train our proposed SAMA-AVS model on the train-
ing split of the AVS-Synthetic dataset and present results
on three experimental settings: standard evaluation on the
test split of AVS-Synthetic, zero-shot evaluation on the test
split of AVSBench, and few-shot evaluation on the test split
of AVSBench after real data finetuning.

Results on synthetic dataset. We trained the SAMA-
AVS model using the training and validation splits of AVS-
Synthetic dataset, and then evaluate on the test split. It
achieves the results of 79.21 on MJ and 0.855 on MF .
Figure 3 provides some qualitative results; and our model
can accurately segment the objects semantically corre-
sponding to the audios.
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Figure 3. Qualitative results on the test split of AVS-Synthetic.

Trained with ambulance cat dog bus horse lion bird guitar piano computer keyboard

Real 73.63 83.87 84.88 85.09 81.21 91.28 85.64 85.78 82.91 85.99
Synthetic 55.32 78.81 78.66 82.70 73.88 88.51 81.99 75.11 32.26 74.01

Table 2. Categorized results of direct zero-shot evaluations of the models trained with synthetic data on real test split of AVSBench
(S4) [70]; The “Real” row means the model is trained with the real data of AVSBench training split; and the “Synthetic” row means the
model is trained with AVS-Synthetic. Metric: MJ (mIoU).

Real Data w/o P.T. w/ P.T.

MJ MF MJ MF

0% 17.65 0.227 64.05 (+46.1) 0.744
10% 72.76 0.813 76.22 (+3.46) 0.844
20% 75.93 0.840 79.05 (+3.21) 0.870
30% 78.20 0.859 80.41 (+2.21) 0.876

100% 81.53 0.886 83.17 (+1.64) 0.901

Table 3. Finetuning the model with different percentages of real
training data from AVSBench dataset. “w/ P.T.” refers to the model
pretrained on AVS-Synthetic. 0%, 10%, 20% and 30% are the ra-
tios of real data from AVSBench S4 training set; while “w/o P.T.”
means the normal training without using pretrained weights as ini-
tialization.

Zero-shot results on real dataset. In this section, we ex-
amine the zero-shot transfer setting. Concretely, we train
the model on AVS-Synthetic dataset and test it on the AVS-
Bench S4 test set. Table 2 quantitatively showcases the re-
sults for the overlapping categories between AVS-Synthetic
and AVSBench. Surprisingly, the model achieves remark-
ably close results on certain categories, such as “cat”, “bus”,
“bus” and “lion”, demonstrating the effectiveness of our
proposed data synthesis procedure, that enables zero-shot
transfer to real data. We also observe the model trained
with synthetic data generally lags behind the one trained
with real data for all categories, which may be attributed
to the domain gap between different image/video datasets.
The video of the AVSBench dataset are from VGGSound
and tend to be object-centric, while the image sets of
AVS-Synthetic comprise LVIS and Open Images which are
scene-centric. In future work, further domain adaptation

techniques should be investigated to alleviate this issue.

Data-efficient adaptation on real data. To narrow the gap
between synthetic and real data, we adopt a small num-
ber of real data from the AVSBench-S4 subset, and fine-
tune the model trained with AVS-Synthetic, resembling the
data-efficient few-shot learning scenario. The results in Ta-
ble 3 demonstrate that the model trained on AVS-Synthetic
achieves 64.05 mIoU (MJ ) without using any real data.
However, by using only 10% of real data for fine-tuning, the
performance can be significantly improved to 76.22 mIoU
(MJ ). We observe consistent improvement when more
real data (20%/30%/100%) is provided for training. And
the model (w/ P.T.) trained using 10% real data outperforms
the model (w/o P.T.) using 20% real data. Similarly, the
model (w/ P.T.) trained using 20% real data outperforms the
model (w/o P.T.) using 30% real data. The results show that
synthetic dataset can effectively reduce the demand for an-
notating real data with its better performance. And when
using 100% real data, the model using the weights of AVS-
Synthetic pretrained model improves the performance by
1.64 MJ , achieving 83.17 MJ and 0.901 MF .

Overall, these results demonstrate that the model trained
with synthetic data from our proposed pipeline brings two
benefits: (i) improving real-data efficiency, (ii) boosting the
model’s overall performance for the AVS task.

5.5. Effectiveness of SAMA-AVS

In this part, we conduct experiments to compare the per-
formance of our proposed SAMA-AVS with other SAM-
based methods in Sec. 5.5.1 and other state-of-the-art meth-
ods in Sec. 5.5.2. Ablation study is done in 5.5.3. We
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Subsets S4 MS3

Methods MJ MF MJ MF

SAM [27] 55.08 0.739 53.96 0.638
AV-SAM [45] 40.47 0.566 - -
AP-SAM 69.61 0.796 51.58 0.578
SAMA-AVS 81.53 0.886 63.14 0.691

Table 4. Comparison between different SAM-based methods on
the testsets of S4 and MS3 subsets of AVSBench dataset.

also present some segmentation results qualitatively in
Sec. 5.5.4. To ensure fair comparison, we do not utilize
synthetic data pretraining unless otherwise stated.

5.5.1 Comparison with SAM-based Baselines.

We evaluate the performance of different methods on
AVSBench, including SAM, AV-SAM [45], AP-SAM and
SAMA-AVS. For the SAM baseline, we load the released
model weights of ViT-H SAM model without further train-
ing and adopt the maximum segmentation evaluation as de-
scribed in Sec. 4.2. For the AV-SAM [45] method, we cite
the results from its original paper. For the proposed AP-
SAM and SAMA-AVS, we use the same experimental set-
tings to train and evaluate the models on the two subsets of
AVSBench separately.

The results are shown in Table 4. On both subsets,
SAMA-AVS outperforms other SAM-based methods by a
large margin across all metrics. On the S4 subset, we ob-
serve the AP-SAM achieves better performance than the
vanilla SAM, and lags far behind SAMA-AVS. This may
be attributed to the fact that, audio-visual fusion of AP-
SAM at the decoding stage is insufficient, i.e., decoder has
only two cross-attention layers for fusion; while SAMA-
AVS enables more effective audio-visual fusion at the en-
coding stage with simple adapters.

5.5.2 Comparison with Other SOTA methods.

We also compare our proposed SAMA-AVS with the state-
of-the-art AVS method [70], which is based on an encoder-
fusion-decoder framework. Additionally, we compare with
other related audio-visual methods, including sound source
localization (SSL) methods LVS [3] and MSSL [47], video
object segmentation (VOS) methods 3DC [43] and SST [9],
and salient object detection (SOD) methods iGAN [44] and
LGVT [64].

According to the results presented in Table 5, our pro-
posed approach outperforms existing methods in both sub-
sets across all metrics, for example, achieving 81.53 for S4
subset and 63.14 for MS3 subset on MJ . Note that, the re-
sults indicate that the performance of all methods is notably
inferior on the MS3 subset as compared to the S4 subset.

Subsets S4 MS3

Methods MJ MF MJ MF

SSL
LVS [3] 37.9 .510 29.5 .330
MSSL [47] 44.9 .663 26.1 .363

VOS
3DC [43] 57.1 .759 36.9 .503
SST [9] 66.3 .801 42.6 .572

SOD
iGAN [44] 61.6 .778 42.9 .544
LGVT [64] 74.9 .873 40.7 .593

AVS [70]
w/o F.T. 78.7 .879 54.0 .645
w/ F.T. - - 51.45 .671

Ours
w/o F.T. 81.53 .886 63.14 .691
w/ F.T. - - 66.30 .730
w/ F.T. (Syn.) 83.17 .901 66.95 .754

Table 5. Comparison with the state-of-the-art method and other
related audio-visual methods on test sets of two subsets of AVS-
Bench dataset. (“F.T.” denotes finetuning on the pretrained
weights on S4; “F.T.(Syn.)” denotes finetuning on the pretrained
weights of model trained with AVS-Synthetic).

We conjecture that the causes stem from two aspects: (i)
the inherent difficulty of multi-sound segmentation; (ii) the
limited dataset size of MS3 subset. To address this issue,
we fine-tune the models that have already been trained on
the S4 subset for MS3 subset. And our method gives 3.16
improvement on MJ while AVS [70] has 2.55 drop. This
shows that our method can effectively leverages the knowl-
edge from the single sound object segmentation to improve
the performance for multi-sound objects.

Lastly, we train the models for both S4 and MS3 of AVS-
Bench dataset, by finetuning the weights pretrained from
AVS-Synthetic dataset. The models (w/F.T.(Syn.)) ob-
tain further improvements which achieve 83.17 and 66.95
on MJ for two subsets separately, outperforming current
methods by a large margin. This shows the effectiveness of
the proposed AVS-Synthetic dataset, implying the impor-
tance of data and model in tackling the AVS task.

5.5.3 Ablation Study

Here we perform an ablation study to investigate the train-
ing objectives and the choice for the number of adapters in
our proposed SAMA-AVS method.

Training objectives. We train the models with either the
BCE loss LBCE or the IoU loss LIoU on AVSBench S4
subset, and compare the results with the model trained with
the combined loss. The results in Table 6 shows that model
trained with only BCE loss can already obtain satisfactory
performance; by contrast, using the IoU loss only lead to
very poor performance. By combining the two objectives
together, the model achieves the best performance.
Number of adapters. We perform the experiments by vary-
ing the number of adapters in the model design using AVS-
Bench S4 subset. In the default SAMA-AVS design, the
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Figure 4. Qualitative results produced by our model and other methods on the test sets of S4 and MS3 subsets of AVSBench.

Model with LBCE LIoU LBCE + LIoU

MJ 80.52 18.96 81.53
MF 0.881 0.226 0.886

Table 6. Comparison between the models trained with different
training losses.

image encoder has 32 transformer encoder layers thus we
insert an adapter before feeding the inputs for each of the
layer, ending up with a total of 32 adapters. We set the
number of adapters to N ∈ {2, 4, 8, 16, 32}, and evenly
distribute N adapters among 32 transformer encoder lay-
ers. The results in Table 7 show that the performance of
the model consistently improves as the number of adapters
increases, demonstrating the importance of audio-visual fu-
sion that the adapters facilitate.

Adapter Num. 2 4 8 16 32

MJ 77.84 78.55 80.31 81.29 81.53
MF .859 .857 .871 .880 .886

Table 7. Comparison between the models trained with different
numbers of adapters.

5.5.4 Qualitative Examples

Figure 4 illustrates some qualitative results produced by dif-
ferent methods on AVSBench. The results show that on
both subsets, the segmentations produced by our proposed
SAMA-AVS best matches the ground-truths. Our model
can precisely segment the whole body of the sounding ob-
jects without missing their parts; and it excels in handling
the edges and details of the sounding target compared with

other competitors, such as the tail of the dog, and the tail
and feet of the bird, marked with red boxes in Figure 4 (a).
For the MS3 setting, our model can also localise the multi-
ple targets from the sound and segment them accurately.

6. Conclusion

In summary, this paper addresses the audio-visual seg-
mentation task from two perspectives: training data and
computational model. For the former, we present a pipeline
to synthesize audio-visual segmentation dataset by leverag-
ing existing image segmentation datasets and audio dataset.
The proposed pipeline is annotation-free, thus can be eas-
ily scaled up. And as an instantiation of the pipeline, we
collect the AVS-Synthetic dataset to facilitate the study of
AVS problem. For the latter, we propose an architecture
SAMA-AVS that aims to harness the ability of SAM foun-
dation model with minimal training. Our proposed model
introduces very few trainable parameters (<0.4%) with the
design of adapters to perform audio-visual fusion in the en-
coding stage, which is highly efficient and effective. Exten-
sive experimental results demonstrate the effectiveness of
our proposed method, outperforming existing SAM-based
methods and other competitors by a large margin. By pre-
training the proposed model on the synthetic dataset, the
model further attains higher performance on both subsets
of real AVSBench dataset. We hope our proposed dataset
and method will inspire more research on the audio-visual
understanding.
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vanni Maria Farinella, and Tal Hassner, editors, Computer
Vision - ECCV 2022 - 17th European Conference, Tel Aviv,
Israel, October 23-27, 2022, Proceedings, Part XXXVII, vol-
ume 13697 of Lecture Notes in Computer Science, pages
368–385. Springer, 2022. 2

[61] An Wang, Mobarakol Islam, Mengya Xu, Yang Zhang, and
Hongliang Ren. SAM meets robotic surgery: An empiri-
cal study in robustness perspective. CoRR, abs/2304.14674,
2023. 3

[62] Yonghui Wang, Wengang Zhou, Yunyao Mao, and Houqiang
Li. Detect any shadow: Segment anything for video shadow
detection. CoRR, abs/2305.16698, 2023. 3

[63] Junde Wu, Rao Fu, Huihui Fang, Yuanpei Liu, Zhaowei
Wang, Yanwu Xu, Yueming Jin, and Tal Arbel. Medical
SAM adapter: Adapting segment anything model for med-
ical image segmentation. CoRR, abs/2304.12620, 2023. 3

[64] Jing Zhang, Jianwen Xie, Nick Barnes, and Ping Li. Learn-
ing generative vision transformer with energy-based latent

space for saliency prediction. Advances in Neural Informa-
tion Processing Systems, 34:15448–15463, 2021. 7

[65] Renrui Zhang, Zhengkai Jiang, Ziyu Guo, Shilin Yan, Junt-
ing Pan, Hao Dong, Peng Gao, and Hongsheng Li. Per-
sonalize segment anything model with one shot. CoRR,
abs/2305.03048, 2023. 3

[66] Xiaofeng Zhang, Chaochen Gu, and Shanying Zhu. Sam-
helps-shadow: When segment anything model meet shadow
removal. CoRR, abs/2306.06113, 2023. 3

[67] Hang Zhao, Chuang Gan, Wei-Chiu Ma, and Antonio Tor-
ralba. The sound of motions. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
pages 1735–1744, 2019. 2

[68] Hang Zhao, Chuang Gan, Andrew Rouditchenko, Carl Von-
drick, Josh McDermott, and Antonio Torralba. The sound of
pixels. In Proceedings of the European conference on com-
puter vision (ECCV), pages 570–586, 2018. 2

[69] Bolei Zhou, Aditya Khosla, Agata Lapedriza, Aude Oliva,
and Antonio Torralba. Learning deep features for discrimina-
tive localization. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pages 2921–2929,
2016. 2

[70] Jinxing Zhou, Jianyuan Wang, Jiayi Zhang, Weixuan Sun,
Jing Zhang, Stan Birchfield, Dan Guo, Lingpeng Kong,
Meng Wang, and Yiran Zhong. Audio-visual segmentation.
In European Conference on Computer Vision, 2022. 1, 2, 3,
5, 6, 7

5614


