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Abstract

Referring audio-visual segmentation (Ref-AVS) aims to seg-
ment objects within audio-visual scenes using multimodal
cues embedded in text expressions. While the Segment
Anything Model (SAM) has revolutionized visual segmen-
tation, its applicability to Ref-AVS, where multimodal cues
act as novel prompts, remains unexplored. SAM’s limita-
tion to single-frame segmentation also hinders its ability to
capture essential temporal context needed for multi-frame
audio-visual segmentation. To address this gap, we pro-
pose TSAM, a novel extension of SAM designed to lever-
age multimodal cues for precise segmentation in dynamic
audio-visual scenes. TSAM enhances SAM’s image encoder
with a temporal modeling branch, enabling spatio-temporal
learning and deep multimodal fusion across video frames,
while retaining SAM’s pre-trained knowledge. Additionally,
TSAM replaces SAM’s user-interactive prompting mecha-
nism with sparse and dense data-driven prompts, enabling
more effective integration of audio-visual inputs and refer-
ence text expressions. Extensive experiments on the Ref-
AVS dataset demonstrate TSAM’s superiority over state-of-
the-art methods. The results illustrate its effectiveness in
segmenting objects in dynamic audio-visual scenes using
text-based multimodal cues and its strong generalization to
unseen objects. Project webpage: https://abdurad.
github.io/TSAM/.

1. Introduction

In real-world scenarios, people often rely on multimodal in-
formation, such as audio-visual and visual-text, to gather
spatiotemporal and semantic insights for distinguishing ob-
jects of interest [10, 39]. This multimodal approach is
equally valuable for machines, enabling applications like
stage cameras to track a performing musician or movie cam-
eras to focus on a superhero confronting a yelling villain.
Relying on a single sensory input, such as vision, is often
insufficient for accurate object segmentation in complex,

dynamic audio-visual scenes [16, 36]. In the literature, re-
searchers have addressed this need for multimodal integra-
tion in object segmentation through three main approaches,
each focused on a specific modality cue.

First, video object segmentation (VOS) [6, 30] relies on
a mask annotation in the initial frame to guide segmenta-
tion of objects across subsequent frames. While VOS al-
lows for flexible segmentation, it is heavily dependent on
labor-intensive frame-level annotations, making it challeng-
ing to scale. Second, referring video object segmentation
(Ref-VOS) [5, 9, 13] replaces the need for mask annota-
tions with text expressions to identify targeted objects. This
approach introduces a more intuitive, text-based method for
segmentation, but struggles with tracking and segmenting
objects in more dynamic audio-visual environments. Third,
audio-visual segmentation (AVS) [21, 24, 33, 35, 39] lever-
ages audio cues to segment sounding objects in video, ef-
fectively handling complex audio-visual scenarios, but re-
maining limited in scope as it does not generalize to inaudi-
ble objects. Each of these approaches, VOS, Ref-VOS, and
AVS, contributes valuable segmentation capabilities within
its modality focus, but remains challenged in more natural-
istic audio-visual scenarios [36].

Recently, Wang et al. [36] introduced referring audio-
visual segmentation (Ref-AVS), a task that segments ob-
jects in video by interpreting text expressions enriched with
both audio and visual cues. They also presented Expres-
sion Enhancing with Multimodal Cues (EEMC), a sim-
ple method that integrates reference text expressions with
dynamic audio-visual cues to segment targeted objects in
scenes. By unifying these multimodal cues, EEMC enables
robust segmentation in dynamic scenes, overcoming limita-
tions of prior approaches that focused on narrower combi-
nations of modalities.

We propose that enhancing Ref-AVS can be achieved
by leveraging prior knowledge from large-scale visual
foundation models, such as the Segment Anything Model
(SAM) [15], for segmentation. SAM is a flexible seg-
mentation model that utilizes an image encoder to gen-
erate high-dimensional image embeddings. It incorpo-
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Figure 1. Overview of TSAM. Left: TSAM integrates multimodal cues from diverse inputs, leveraging the prompting modules to guide
segmentation. Right: The temporal branch fuses multimodal cues and learns temporal context for segmentation in audio-visual scenes.

The adapter input, F,, is the output from the cached memory.

rates user-provided visual prompts, which can be sparse
(e.g., points, boxes) or dense (e.g., masks), processed by
a dedicated prompt encoder. These embeddings are then
passed through a lightweight, transformer-based mask de-
coder to generate accurate object masks based on the pro-
vided prompts. Although SAM has been applied to tasks
such as AVS [24, 29, 33, 35], and Ref-VOS [19], its po-
tential for segmenting objects in the visual domain using
multimodal cues embedded in text expressions remains un-
explored. This makes its application to the Ref-AVS task
both novel and challenging as it requires the integration of
diverse multimodal cues to guide segmentation, overcom-
ing the limitations of SAM’s traditional reliance on explicit
user-interactive prompts.

The main challenge in adapting SAM for the Ref-AVS

task, which requires nuanced multimodal understanding
without direct user guidance, arises from SAM’s lack of
temporal awareness in its image encoder, limiting its abil-
ity to capture complex interactions across audio, visual, and
text modalities. Additionally, SAM relies on user-provided
visual prompts for explicit spatial information of targeted
objects, while its capacity to process text and audio modal-
ities remains limited.

This paper introduces TSAM (Fig. 1), a novel SAM-
based architecture for the Ref-AVS task, designed to en-
hance segmentation by leveraging multimodal cues from
audio, visual, and text inputs. TSAM incorporates an auxil-
iary temporal modeling branch in parallel with SAM’s im-
age encoder, preserving SAM’s zero-shot capabilities while
adapting it for temporally varying video content. More-
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over, TSAM uses text cues to guide the selection of rele-
vant audio cues, which are then used as sparse prompts, en-
riched with key visual cues, to query SAM’s mask decoder.
Since multimodal prompts lack explicit spatial information
for the target objects, TSAM incorporates a lightweight
adapter module into the temporal branch to enhance SAM’s
mask decoder prompts, facilitating deeper multimodal in-
teractions during training. Through a cross-attention mech-
anism, TSAM synthesizes data-driven multimodal refer-
ence cues as dense prompts for SAM. Extensive experi-
ments show that TSAM outperforms existing state-of-the-
art methods in segmenting target objects in the Ref-AVS
task. The main contributions of this work are:

1. We propose TSAM, an end-to-end architecture built on
the Segment Anything Model (SAM), which redefines
traditional visual prompts as data-driven multimodal
prompts for object segmentation in Ref-AVS tasks.

2. We introduce a temporal modeling branch that enhances
SAM’s image encoder with temporal awareness, en-
abling the capture of intricate spatio-temporal interac-
tions across multimodal cues.

3. Through comprehensive experiments, we demonstrate
that the proposed TSAM achieves superior performance
compared to state-of-the-art methods in Ref-AVS. Fur-
thermore, extensive ablation studies provide a detailed
evaluation of TSAM’s architecture, emphasizing the piv-
otal role of multimodal cue integration and temporal
modeling in enhancing segmentation performance.

2. Related work
2.1. Referring video object segmentation (Ref-VOS)

Referring video object segmentation (Ref-VOS) involves
segmenting target objects within video frames based on
textual descriptions. Gavrilyuk ef al. [9] introduced an
encoder-decoder model based on I3D [2], that generates
dynamic convolutional filters from text and applies them
to visual representations at different resolutions to produce
segmentation masks for target objects. URVOS [32] en-
hanced object tracking by performing segmentation on a
key frame and then propagating the mask across the video.
This approach combines cross-modal attention to prevent
drift and memory attention to maintain temporal consis-
tency across frames. MTTR [1] formulated Ref-VOS as a
sequence prediction task, utilizing multimodal transformers
to process video and text jointly. ReferFormer [37] used
Video-Swin (V-Swin) [26] as the visual backbone, linking
textual expressions directly to relevant frame regions. In
this approach, language-conditioned object queries serve as
inputs, helping the model identify the referred objects and
apply dynamic kernels as convolution filters to generate seg-
mentation masks. Although Ref-VOS enhances user ac-
cessibility by replacing mask annotations with natural lan-

guage expressions, it still struggles to accurately identify
objects in dynamic audio-visual scenes [36].

R2-VOS [18] extended the Ref-VOS task to handle un-
paired visual-text inputs, jointly modeling video segmen-
tation and text reconstruction. By introducing a structural
text-to-text cycle constraint, R2-VOS improves multimodal
alignment across diverse text inputs, overcoming the limita-
tions of prior point-wise methods. RefSAM [19] utilized
text prompts with SAM [15], using a lightweight cross-
modal MLP to project the referring expression’s text em-
bedding into prompt embeddings. RefSAM enables mul-
timodal reference segmentation by integrating textual and
visual modalities, but it does not fully exploit the simultane-
ous interaction of multimodal cues or support the temporal
dynamics required for video segmentation tasks.

2.2. Audio-visual segmentation (AVS)

Audio-visual segmentation (AVS), introduced by Zhou et
al. [39], is a challenging task that seeks to achieve pixel-
level segmentation of sound-emitting objects in video,
guided by the audio modality. AVSBench [39] used a
temporal pixel-wise audio-visual interaction module to in-
ject audio semantics as guidance for the visual segmenta-
tion process. Similarly, AVSegFormer [8], a transformer-
based model built on the PVT-v2 backbone [34], used
cross-attention to fuse spatial-temporal visual cues with
audio cues. By decoding these combined audio-visual
cues and employing audio queries, the model enhanced
its ability to focus on sounding objects within the audio-
visual scene. Other transformer-based models proposed
in [14, 17, 23] integrated audio and visual cues across both
temporal and spatial dimensions for the AVS task. Alterna-
tive approaches [20, 22] disentangled the audio input into
audio queries, which interacts with the visual input to de-
code segmentation masks. These approaches emphasize im-
plicit modality fusion strategies, training models to fit dis-
crete samples in the dataset. However, their performance
often falls short due to limitations in dataset size and diver-
sity.

Alternatively, a Explicit Conditional Multimodal Varia-
tional Auto-Encoder (ECMVAE) [28] was proposed to ex-
tract semantically correlated cues from audio-visual inputs
for segmenting audible objects in video frames. In an-
other approach, the AVS Bidirectional Generation (AVS-
BG) framework [1 1] was introduced, correlating visual cues
of objects with their corresponding audio cues through a
visual-to-audio projection and implicit volumetric motion
estimation. Recent advancements in AVS [3, 27, 38] also in-
tegrated audio-visual contrastive learning methods to select
informative samples and improve training efficiency and
model performance. However, these methods often fail to
fully leverage available information due to limited prior seg-
mentation knowledge in their backbone architectures, hin-
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dering their ability to effectively mine informative samples.

On the other hand, SAM-based methods showed im-
provements in the AVS task. AV-SAM [29] was an early
attempt to apply SAM to AVS, utilizing pixel-wise audio-
visual fusion to prompt SAM for sounding object seg-
mentation. In [24], two SAM-based approaches for AVS
were introduced: Audio-Prompted SAM (AP-SAM) and
SAM Adapter (SAMA-AVS). AP-SAM encoded audio as
a prompt for SAM’s mask decoder, while SAMA-AVS in-
corporated an adapter module to inject the audio informa-
tion during the training process, but did not fully lever-
age SAM’s promptable nature. Recently, a Generalizable
Audio-Visual Segmentation (GAVS) model [35] was intro-
duced, targeting zero-shot and few-shot scenarios. GAVS
proposed a semantic-aware audio prompt to bridge the se-
mantic gap between visual and auditory modalities through
contrastive learning. All of these methods take a single im-
age and its corresponding audio as input, fusing multimodal
inputs in the spatial domain, which limits their ability to
capture temporal relationships frame by frame.

In a straightforward approach, Seon et al. [33] extended
SAM for AVS by integrating a Spatio-Temporal, Bidirec-
tional Audio-Visual Attention (ST-BAVA) module between
SAM’s image encoder and mask decoder. While this ap-
proach aims to model temporal cues for audible object seg-
mentation, it oversimplifies the interaction between audio
and visual modalities, treating them in a relatively shallow
manner. The model relies on basic feature fusion instead of
a more meaningful interaction, limiting its ability to fully
leverage the potential of multimodal cues for AVS tasks.

2.3. Referring audio-visual segmentation (Ref-AVS)

Referring audio-visual segmentation (Ref-AVS) is a novel
pixel-level segmentation task in which the model predicts,
for each pixel, whether it corresponds to an object specified
by multimodal cues in a text expression. Wang et al. [36]
introduced the Ref-AVS task and developed a dataset with
mask annotations for segmenting objects in video frames
guided by multimodal expressions, creating the first bench-
mark for supervised Ref-AVS. They also proposed the Ex-
pression Enhancing with Multimodal Cues (EEMC) model,
based on the Mask2Former (M2F) [4] segmentation de-
coder, which adaptively combines audio, visual, and text
cues to capture spatio-temporal correspondences between
target objects and text expressions.

Unlike existing SAM-based models for tasks like AVS
and Ref-VOS [19, 24, 29, 33, 35], which either fail to ad-
dress deep temporal multimodal alignment [19, 33, 35] or
fail to leverage SAM’s flexible prompt-based nature [24],
our proposed TSAM, shown in Fig. 1, uniquely supports
temporal modeling for SAM. It addresses the challenge of
segmenting temporally varying objects and enabling a more
cohesive and robust integration of multimodal cues for ob-

ject segmentation in dynamic audio-visual scenes. Addi-
tionally, TSAM introduces a dual-pathway framework with
sparse and dense prompting modules that replace SAM’s
visual prompts with data-driven multimodal prompts, fos-
tering richer and more dynamic prompts.

3. TSAM for Ref-AVS

In this section, we introduce the proposed TSAM method
(Fig. 1) for the Ref-AVS task. We begin by presenting the
problem formulation, followed by an overview of the foun-
dational components of SAM. Next, we describe the tem-
poral modeling branch and the integration of multimodal
prompts in TSAM. Finally, we present the training objec-
tive that guides TSAM’s training.

3.1. Problem formulation

In the Ref-AVS task, the input includes a sequence of video
frames, corresponding audio, and a reference text expres-
sion specifying the objects to be segmented in the video.
The goal is to segment target objects within each video
frame, using multimodal cues embedded in the text ex-
pression. The segmentation output is represented as bi-
nary masks, with each mask highlighting the target objects
within an individual video frame.

The visual input includes n frames sampled at 1-second
intervals, where each frame € R3*1024x1024 tepresents
RGB values at a resolution of 1024 x 1024 pixels. The
audio input, temporally aligned with the video frames, is
encoded offline using VGGish [12], resulting in representa-
tions F, € R"*128  Similarly, the text expression is pre-
extracted using RoOBERTa [25] to generate a text represen-
tation F; € R!*7%8 where | denotes the length of the ex-
pression.

To enable effective multimodal prompting within SAM,
TSAM first projects both audio and text representations
into the SAM visual embedding space with dimensional-
ity demp. This results in audio cues F, € RmX1Xdems
and text cues F, € R™*!Xdems  with the text cues F}; tem-
porally expanded along n. These projected cues are then
fused across the temporal dimension in TSAM’s temporal
modality fusion layer (TMFL), as shown in Fig. 1, produc-
ing expression-related multimodal cues as follows:

F!, F] = SA(Concat(F,, F})), )

where Concat(-) denotes concatenation, and SA(-) applies
temporal self-attention to enable modality fusion over the
temporal domain. Following the approach in [36], TSAM
integrates a basic cached memory (CM), which stores Fa,
an accumulated summary of F over time. This memory
captures the mean modality cues across the temporal do-
main and maintains a running summary of the evolving au-
dio context. Concurrently, the attention-enhanced text cues
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F/ are added to the text cues F} to create the unified mul-
timodal text cues £}, € R™*!*demv resulting in a cohesive
and enriched representation of audio and text cues.

3.2. SAM as a foundational baseline

SAM [15] is the first large-scale pretrained foundational
model for guided image segmentation. Trained on a mas-
sive dataset consisting of 1 billion masks across 11 mil-
lion images, SAM has demonstrated remarkable effective-
ness and versatility in image segmentation tasks. The core
components of SAM are outlined here, with further details
available in [15]. SAM’s architecture is composed of three
key modules:

(a) Image encoder. A pre-trained Vision Transformer
(ViT) [7], minimally adapted to process high-resolution im-
ages, extracts spatial embeddings.

(b) Prompt encoder. SAM’s prompt encoder handles
various user prompts, including sparse (points, boxes, text)
and dense (masks) formats, providing regional information
about the target objects for segmentation.

(c) Mask decoder. The mask decoder consists of two
layers. First, the dense prompt embedding is integrated
with the image embedding. Then, cross-attention is applied
between the image embedding and the sparse prompt em-
beddings to update both representations. In each attention
layer, the original prompt token is re-integrated into both
the query and key tokens. Finally, the dot product of the
upsampled image embedding and the MLP-mapped sparse
prompt embeddings produces the final segmentation mask.

3.3. Temporal modeling branch

The SAM image encoder does not account for the tempo-
ral dynamics inherent in video frames, limiting its capacity
to handle the complex interplay between audio and visual
cues in tasks such as object segmentation. To address this,
the proposed TSAM enhances SAM’s architecture by in-
corporating a dedicated temporal modeling branch at the
final M blocks of the SAM image encoder, as shown in
Fig. 1. While the SAM image encoder remains frozen dur-
ing training, the newly introduced temporal blocks are the
only trainable. These temporal blocks mirror the structure
of the corresponding SAM encoder blocks, initialized with
the same pre-trained weights.

Each video frame is processed independently through the
SAM image encoder. At each temporal modeling block,
TSAM integrates a straightforward cached memory and
adapter module, which tracks and captures the evolving
temporal and multimodal cues. Specifically, the m-th (m =
1,2,..., M) temporal block receives input x,,, combining
the output y,,_; of the previous temporal block, the output

ySaM of the previous SAM encoder block, and the
(N=M)+(m-1)

textual enriched audio cues F), via the adapter module:

Tm = Ym—1+ CMm(ySAM

(N=M)+(m—1)

) + AMy (Fa), (2)
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where CM,,, () denotes the cached memory applied to the
SAM block output, and AM,,(-) represents the adapter
module applied to the audio cues F,. The adapter module, a
bottleneck block shown in Fig. 1, integrates audio cues that
have been refined by text cues, facilitating deeper interac-
tion among the audio, visual, and text modalities within the
temporal modeling branch.

Finally, the overall video cues, F,, = {f.}",, where
each f! represents a cue for frame 4, are derived by inte-
grating the output from the temporal modeling branch Y,
with the output from SAM’s image encoder Y3 4M:

Fy, =Yy + YAM, (3)
Each video frame visual cues f? € RemoX64x64 'wyith 64 x
64 representing the spatial dimensions.

3.4. Prompting SAM with multimodal cues

TSAM introduces a dual-pathway framework with dedi-
cated sparse and dense prompting modules (SPM and DPM,
respectively) to enhance SAM’s segmentation capabilities.
The SPM learns global context by leveraging sparse queries
derived from multimodal cues, guiding TSAM toward high-
level object localization. Meanwhile, the DPM operates at
a finer granularity, providing dense prompts aligned with
the frame’s spatial features, highlighting its reliance on the
outputs of SAM’s image encoder, as shown in Fig. 1.

Sparse prompting module (SPM). To effectively guide
segmentation within TSAM using the text expression, SPM
first employs a language-guided query selection mechanism
to select the £ most relevant audio cues, associated with the
input text expression. The top & query indices, denoted as
Ay, are selected as:

“)

where Top, picks the top k indices, maxf computes the
maximum along the cues’ dimension, and (-) indicates
matrix transposition. The selected audio cues are then fused
with the visual cues through a cross-attention mechanism
and transformed using a feed forward network-mapped
sparse prompt embedding. This process generates contex-
tually enriched prompts for SAM’s mask decoder.

Dense prompting module (DPM). The DPM in TSAM
generates spatially comprehensive embeddings by integrat-
ing visual, audio, and textual cues through cross-attention
mechanisms, as illustrated in Fig. 1. First, an audio cross-
attention layer aligns the audio cues with the visual cues,
facilitating effective fusion of both modalities. Next, a text
cross-attention layer incorporates the text cues, further re-
fining the combined audio-visual cues to focus on the target
object for segmentation. Finally, a feed forward network re-
fines the multimodal embeddings, preparing them for input
into SAM’s mask decoder.

Ay, = Top, (maxf(ﬁaFtT)> )



3.5. Training objective

We employ binary cross-entropy Lpgcg and intersection
over union Ly losses to measure the discrepancy between
TSAM’s predicted mask and the ground truth mask during
training. The total loss L for model optimization is de-
fined as a weighted sum of Lgcg and Loy losses, as follows:

Liotat = LacE + A - Liou, @)

where ) is set to 1.0 to balance the two loss components.

4. Experiments

4.1. Dataset

We evaluated TSAM using the Ref-AVS dataset [36], which
contains a diverse collection of 20,000 text expressions and
pixel-level annotations across 4,000 10-second videos. The
dataset features a wide range of audible objects, including
20 categories of musical instruments, 8 animals, 15 ma-
chines, and 5 humans, as well as a smaller set of 3 categories
of static, inaudible objects.

The dataset is divided into three sets: a training set of
2,908 videos, a validation set of 276 videos, and a test set of
818 videos. The test set is further divided into three subsets:
292 Seen videos, which includes object categories present
in the training set; 269 Unseen videos, which consists of
object categories not seen during training but belonging to
super-categories represented in the training data, assessing
the model’s ability to generalize to new objects; and 257
Null videos, where the text expression refers to an object
that either does not exist or is not visible in the given con-
text, with empty true masks, requiring the model to avoid
segmenting any object.

4.2. Evaluation metrics

Following [36], we used the Jaccard index 7 and F-score F
as performance metrics. For the Null test set, we employed:

S— predicted mask area
N background area

(6)

a metric to assess expression guidance in the model. A
higher § value indicates a larger mask relative to the back-
ground, suggesting less accurate expression guidance.

4.3. Implementation details

We initialized TSAM for the Ref-AVS task using the pre-
trained ViT-B variant of SAM (N = 12, deyp = 256).
The temporal branch consists of M = 4 blocks, and the se-
lected audio queries is k = 5. Training was performed with
PyTorch on eight AMD GPUs in a distributed setup. The
AdamW optimizer was used, with an initial learning rate of
1-10~* and a batch size of 1. The model was trained for 15
epochs with periodic evaluations, and the best-performing
model on the validation subset was selected for testing.

Method Task Visual Seen Unseen Null

Backbone T(%) r T (%) Fa S
AVSBench [39] AVSt PVT-v2 2320 0.511 3236 0.547 0.208
AVSegFormer [8] AVST PVT-v2 3347 0470 36.05 0.501 0.171
GAVS [35] AVST SAM 28.93 0.498 29.82 0497 0.190
SAMA [24] AVS* SAM 39.22  0.562 47.50 0.566 0.130

ReferFormer [37] Ref-VOST V-Swin 31.31 0501 30.40 0488 0.176

R2-VOS [18] Ref-VOS! V-Swin 25.01 0410 27.93 0498 0.183
EEMC [36] Ref-AVS M2F 3420 0513 49.54 0.648 0.007
TSAM (Ours) Ref-AVS SAM 4343 0.568 54.58 0.664 0.017

Table 1. Performance comparison on the Ref-AVS dataset. T de-
notes text integration in AVS from [36], ¥ indicates audio integra-
tion in Ref-VOS from [36], and * marks our implementation with
text added to AVS.

4.4. Results and comparison

We compared the proposed TSAM method with the EEMC
method [36] and existing methods from the AVS and
Ref-VOS domains, including AVSBench [39], AVSeg-
Former [8], GAVS [35], SAMA [24], ReferFormer [37],
and R2-VOS [18], using the Ref-AVS dataset [36]. For con-
sistency and fairness, we reported the published results for
all methods in [36] and re-evaluated the SAMA method by
integrating text with both audio and visual inputs to align
with our multimodal setup.

The results, presented in Tab. 1, demonstrate that even
when augmented with text (for AVS methods) or audio (for
Ref-VOS methods), these methods do not yield satisfactory
performance in the Ref-AVS task. Interestingly, methods
that utilize prior segmentation visual backbones, such as
SAM and M2F (Mask2Former), tend to outperform those
based on visual backbones like PVT-v2 and V-Swin.

Although GAVS and SAMA are SAM-based methods,
they perform worse than EEMC. SAMA fails to leverage
SAM’s flexible, promptable nature, integrating additional
modality cues superficially by layering them on SAM’s
frozen image encoder. This underutilizes the potential of
multimodal cues, limiting SAMA’s segmentation capabili-
ties. GAVS, on the other hand, prompts SAM with mul-
timodal cues but does not address the necessary alignment
and interplay among these modalities, leading to a lack of
cohesive multimodal fusion. These results confirm that sim-
ple modality fusion alone is insufficient for handling the
complexity of multimodal integration in the Ref-AVS task.

In contrast, our TSAM leverages language-guided au-
dio queries as sparse prompts, integrates multimodal dense
prompts via cross-attention, and incorporates a temporal
modeling branch and adapter module to enhance SAM’s
ability to perform accurate, contextually guided segmen-
tation of dynamic objects in complex audio-visual scenes.
Compared to the best-performing method, EEMC, on the
Ref-AVS dataset, our TSAM achieves superior results: a
J = 9.23% and F = 5.5% improvements on the Seen
test set, and a J = 5.04% and F = 1.6% improvements
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on the Unseen test set. Although TSAM falls slightly be-
hind EEMC on the Null test set by S = 1%, likely due to
SAM’s limitation of always producing a segmentation mask
even when no target object is present, TSAM maintains a
strong advantage on Unseen test set. This is primarily due
to TSAM’s ability to generalize to unseen object categories,
preserving SAM’s pretrained knowledge while ensuring ro-
bust segmentation in novel audio-visual scenes, thanks to
the added temporal modeling branch.

4.5. Qualitative results

We further evaluated our TSAM method qualitatively on
both the Seen and Unseen test sets, as shown in Fig. 2 and
Fig. 3, respectively. Fig. 2 demonstrates TSAM’s consis-
tent ability to produce high-quality masks for targeted ob-
jects, even when they are inaudible, as seen in the middle
example. This highlights TSAM’s proficiency in process-
ing complex multimodal instructions through its prompting
modules, enabling accurate segmentation based on textual
cues. On the Unseen test set, Fig. 3, TSAM showcases a re-
markable capacity to generalize to novel objects, effectively
aligning audio-visual and textual inputs in novel scenes to
accurately segment the targeted object of interest. This un-
derscores TSAM’s ability to generalize to new contexts, in-
terpreting diverse multimodal instructions and segmenting
unseen objects. TSAM’s temporal branch enhances under-
standing of novel objects in dynamic scenes, while SAM’s
pre-trained knowledge is preserved for core segmentation
capabilities. Additional qualitative results and comparisons
are provided in the supplementary materials.

4.6. Ablation study

We analyzed the impact of omitting key components of
TSAM, including the temporal branch (TB), temporal
modality fusion layer (TMFL), dense prompting module
(DPM), sparse prompting module (SPM), cached mem-
ory (CM), and adapter module (AM), as shown in Tab. 2.
CM(a+v) denotes cached memory for both audio and visual
modalities, while CM(v) denotes cached memory on the vi-
sual modality only, see Fig. 1. Additionally, Tab. 2 presents
the effect of the intersection over union (Li,y) loss, defined
in Eq. (5), on TSAM’s training.

As shown in Tab. 2, we observe a significant perfor-
mance degradation in setting (2) when the temporal branch
(TB) is removed, with a drop of 7.24 %pt in J (from
49.01% to 41.77%) and 3.4 %pt in F (from 0.616 to 0.582).
This performance loss is significantly higher than that in
other settings, emphasizing the critical role of the tempo-
ral modeling branch in TSAM’s ability to generalize across
video frames and maintain coherence in dynamic scenes,
which is essential for object segmentation in complex Ref-
AVS tasks. Settings (4) and (5) demonstrate the importance
of prompting SAM with multimodal cues through SPM and
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Expression: The sounding object on the legs of the man on the left.

Figure 2. Segmentation masks for referred objects in the Ref-AVS
dataset (Seen test set). Top row: ground truth with target object in
green. Bottom row: our results with target object in violet.

DPM. SPM and DPM play complementary roles in TSAM,
and their joint contribution is pivotal for its overall perfor-
mance. Omitting these prompts in setting (6) causes a no-
table decrease in segmentation performance, reinforcing our
claim that the rich semantic cues from multimodal prompts
are essential for improving segmentation performance.
Settings (7) and () evaluate the effect of cached mem-
ory on both audio and visual (CM(a+v)) and visual-only

Setting Seen Unseen Mix(S+U) Null

J (%) F T (%) F T (%) F S
@O TSAM 43.43  0.568 54.58 0.664 49.01 0.616 0.017
@ -TB 33.05 0.507 5048 0.657 41.77 0.582 0.505
® -TMFL 4035 0.579 4554 0.627 4295 0.603 0.018
@ -DPM 4272 0.580 49.10 0.647 4591 0.614 0.018
® -SPM 43.04 0.580 49.75  0.652 46.40 0.616 0.018

® —SPM+DPM 42,60 0.602 40.58  0.604 4159 0.603 0.018
@ —CM(a+v) 42.07 0.544 49.11  0.659 4559 0.602 0.018

— CM(v) 4275 0.549 51.18  0.660 46.97 0.605 0.018
©® -AM 43.13  0.600 40.79  0.617 41.96 0.609 0.017
- Liou 3829 0.564 42,15 0.631 4022 0.598 0.008

Table 2. Ablation study on TSAM components and L,y loss.
"Mix’ refers to the average performance on the Seen (S) and Un-
seen (U) test sets.
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Expression: The tuba being played by a man.

Figure 3. Segmentation masks for referred objects in the Ref-AVS
dataset (Unseen test set). Top row: ground truth with target object
in green. Bottom row: our results with target object in violet.

(CM(v)) modalities, demonstrate a performance degrada-
tion in TSAM when cached memory is not applied across
modalities (CM(a+v)) and when only the visual modality’s
memory (CM(v)) is omitted. The latter specifically empha-
sizes the importance of maintaining shared memory across
video frames for effective temporal alignment and multi-
modal integration, as evidenced by the results.

The results from setting (9) highlight the adapter mod-
ule’s importance. Its omission causes a significant perfor-
mance drop, underscoring its crucial role in TSAM. We also
observe that the components of TSAM, particularly in set-
tings 3) — (9), have a substantial impact on performance,
especially on the Unseen test set. This set challenges the
model to segment novel objects, demonstrating TSAM’s
ability to generalize beyond seen categories, an essential
feature for robust performance in open-world scenarios.

Finally, setting (0 highlights the distinct contribution of
Loy to the overall loss function Lyy,. Notably, the model
performs best on both Seen and Unseen test sets when L,y
is included in the total loss. Omitting L,y results in the
highest performance on the Null test set. Further ablation
studies of A (Eq. (5)) are in the supplementary materials.

Seen Unseen Mix(S+U) Null
J %) F J %) F J %) F  SU)

k=3 43.58 0.579 50.43  0.655 47.01 0.617 0.018
k=5 4343 0.568 54.58 0.664 49.01 0.616 0.017
k=T 4324 0573 46.95 0.630 45.10 0.601 0.018
M =2 4204 0.566 5351  0.651 4776 0.609 0.023
M=4 4343 0.568 54.58 0.664 49.01 0.616 0.017
M=6 4327 0.575 49.86  0.640 46.57 0.608 0.020

Table 3. Effect of audio queries k and temporal branch depth M
on TSAM’s performance.

We further evaluated the impact of varying the number of
audio queries k, defined in Eq. (4), and the temporal branch
depth M, see Sec. 3.3, on TSAM’s performance, as shown
in Tab. 3. Among the configurations £ = 3, £k = 5, and
k = 7, we observe that k = 5 performs best. This balance
optimizes the relevance of audio cues without overloading
the model with irrelevant queries to SAM’s mask decoder.

Similarly, we find that M = 4 yields optimal results
for the temporal branch. A shallower setup (M = 2)
likely lacks the temporal depth required for effective gener-
alization and multimodal integration, while a deeper branch
(M = 6) may introduce excessive complexity, impairing
the model’s generalization to unseen objects.

5. Conclusions

This paper presented TSAM, a novel extension of the Seg-
ment Anything Model (SAM) tailored for the referring
audio-visual segmentation (Ref-AVS) task. TSAM en-
hances SAM’s segmentation capabilities by effectively in-
tegrating multimodal cues through data-driven dense and
sparse prompting modules while modeling temporal depen-
dencies via a dedicated temporal branch. This approach
preserves SAM’s foundational knowledge while improv-
ing performance, particularly with novel objects. Extensive
experiments on the Ref-AVS dataset demonstrate TSAM’s
strong generalization ability, showcasing its effectiveness in
segmenting objects from textual cues and its robustness in
unseen scenarios. These results highlight TSAM’s potential
to advance cross-modal understanding in multimodal tasks.
Limitations and future work. Although TSAM outper-
forms existing Ref-AVS methods, a direct comparison with
the recent SAM2 [31] remains to be explored. SAM2, de-
signed for video segmentation with a memory module for
temporal visual representations, lacks multimodal support.
Future work will adapt SAM2 for the Ref-AVS task.
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