
Think Before You Segment: An Object-aware Reasoning Agent for
Referring Audio-Visual Segmentation

Jinxing Zhou1, Yanghao Zhou2*, Mingfei Han1, Tong Wang1, Xiaojun Chang1,3,
Hisham Cholakkal1*, Rao Muhammad Anwer1*

1Mohamed Bin Zayed University of Artificial Intelligence
2National University of Singapore

3University of Science and Technology of China

Abstract

Referring Audio-Visual Segmentation (Ref-AVS) aims to seg-
ment target objects in audible videos based on given refer-
ence expressions. Prior works typically rely on learning la-
tent embeddings via multimodal fusion to prompt a tunable
SAM/SAM2 decoder for segmentation, which requires strong
pixel-level supervision and lacks interpretability. From a novel
perspective of explicit reference understanding, we propose
TGS-Agent, which decomposes the task into a Think-Ground-
Segment process, mimicking the human reasoning procedure
by first identifying the referred object through multimodal
analysis, followed by coarse-grained grounding and precise
segmentation. To this end, we first propose Ref-Thinker, a
multimodal language model capable of reasoning over textual,
visual, and auditory cues. We construct an instruction-tuning
dataset with explicit object-aware think-answer chains for Ref-
Thinker fine-tuning. The object description inferred by Ref-
Thinker is used as an explicit prompt for Grounding-DINO and
SAM2, which perform grounding and segmentation without
relying on pixel-level supervision. Additionally, we introduce
R2-AVSBench, a new benchmark with linguistically diverse
and reasoning-intensive references for better evaluating model
generalization. Our approach achieves state-of-the-art results
on both standard Ref-AVSBench and proposed R2-AVSBench.

1 Introduction
In recent years, the trend in artificial intelligence research
has been shifting toward omni-modal understanding, where
models are expected to jointly perceive and reason across
multiple modalities. Among various topics, the Referring
Audio-Visual Segmentation (Ref-AVS) task aims to segment
target objects in audible video scenes based on given natural
language expressions (a.k.a reference). As shown in Fig. 1(a),
the reference may contain either single-modal or multi-modal
cues, requiring the model to automatically analyze and inte-
grate relevant cues from audio, visual, and textual modalities.
For instance, the reference “The object making a sound on
the left of the guitar” demands integrating textual semantics,
spatial visual cues, and temporal audio patterns to segment
the correct object ‘piano’ across video frames.

Research on the Ref-AVS task remains an active and evolv-
ing area. The pioneering work, EEMC (Wang et al. 2024b),
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Figure 1: (a) Illustration of Ref-AVS task. (b) Prior works
focus on enhancing sparse and dense prompt embeddings
via implicit transformer fusion, requiring strong pixel-level
supervision for model training. (c) Our method first performs
explicit reasoning over the reference using a MLLM to iden-
tify the referred object, and then generates its bounding box
and segmentation mask within an agentic workflow.

employs multiple transformer blocks to model interactions
among audio, visual, and textual modalities. The resulting in-
tegrated multimodal features are then used as cues to prompt
a segmentation decoder, Mask2Former (Cheng et al. 2021),
to generate binary masks of the referred object. Recent ap-
proaches leverage more powerful segmentation models such
as SAM (Kirillov et al. 2023) and SAM2 (Ravi et al. 2024),
extending them to handle multimodal signals. As shown in
Fig. 1(b), a common focus of these methods is to enhance the
prompt encoder of SAM or SAM2 (i.e., the sparse and dense
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prompt embeddings) by modeling more informative multi-
modal cues. For instance, TSAM (Radman and Laaksonen
2025) utilizes cross-attention mechanism to fuse audio-visual-
text modalities. Another recent method, SAM2-LOVE (Wang
et al. 2025), proposes to summarize multimodal features into
a learnable [seg] token, which serves as an improved sparse
prompt for SAM2. The mask decoder of SAM/SAM2 is also
fine-tuned to better adapt to the Ref-AVS task. Although these
methods achieve strong performance, they rely on pixel-level
ground truth masks for supervision, and their segmentation
processes function as black boxes, lacking interpretability.
In contrast, our work explores a ground truth mask-free and
more explainable approach.

Let’s reconsider how humans naturally approach the Ref-
AVS task. Given a reference, e.g., “The object making a
sound on the left of the guitar” shown in Fig. 1(a), we first
analyze this reference text, observe video frames to locate
the guitar, shift our attention to its left region, and listen to
the audio to identify the object which is making a sound.
Following this chain of reasoning, we can clearly determine
the referred object, i.e., the piano. Once the piano is identi-
fied, we can ground its position and precisely segment the
corresponding pixels across video frames. We refer to this
procedure as a ‘Think-Ground-Segment (TGS)’ decision
process. This critical step is often overlooked by prior meth-
ods: before performing fine-grained segmentation, humans
can first explicitly identify the target object by thinking about
multimodal (audio, visual, textual) inputs.

Motivated by this observation, we propose TGS-Agent,
an agentic framework with an explicit, explainable, object-
aware reasoning chain for the Ref-AVS task (illustrated in
Fig. 1(c)). Thanks to the advancements in foundation models
for object detection and segmentation, the Ground and Seg-
ment steps can be effectively handled. In our framework, we
adopt Grounding-DINO (Liu et al. 2024b) and SAM2 (Ravi
et al. 2024) as the tools for these two stages, respectively.
Given an appropriate textual prompt (related to target objects
in Ref-AVS setting), Grounding-DINO generates its corre-
sponding bounding box (object text → bbox). Subsequently,
SAM2 takes the bbox as prompt and accurately produces
the corresponding pixel mask (bbox → mask). Therefore, a
critical challenge is how to address the Think step: identify
the referred object according to multimodal signals (refer-
ence → object text). Since the output of the Think step is an
open-ended textual description related to the referred object,
we introduce a multimodal large language model (MLLM),
referred to as the Ref-Thinker, to infer the target object from
the multimodal context (i.e., the reference alongside its au-
dio and visual counterparts). To enhance the reasoning and
instruction-following capabilities of Ref-Thinker, we utilize
Gemini-1.5-Pro with carefully designed prompts to construct
an instruction-tuning set, containing explicit think-answer
reasoning chains. More details will be introduced in Sec. 3.2.
As a result, the fine-tuned MLLM is able to reason over
the audio, visual, and reference inputs and generate reliable
descriptions of the referred object. We explore the impact
of using simplified (category only) and fine-grained (cate-
gory with more details like its attribute or spatial location)
description texts (See more discussion in Sec. 5.4).

We evaluate TGS-Agent on the existing Ref-AVSBench
dataset (Wang et al. 2024b). In addition, we propose R2-
AVSBench, a new evaluation set designed to be more
reasoning-intensive. Specifically, we observe that references
in a portion of the Ref-AVSBench test set tend to be straight-
forward. For example, the target object name directly appears
in the reference (e.g., ‘The clarinet being played by a man’).
Moreover, Ref-AVSBench references are constructed using
fixed templates, limiting their linguistic diversity. To improve
this, we propose R2-AVSBench, which features references
with greater lexical and structural diversity, and which require
deeper reasoning to interpret. We prompt Gemini-1.5-Pro to
achieve the reference transformation. Further details will be
provided in Sec. 4. Our R2-AVSBench can serve as a more
effective benchmark for evaluating a model’s generalizability
across diverse reference types.

In summary, our main contributions are: (1) We propose
TGS-Agent, decoupling the Ref-AVS task into a ‘Think-
Ground-Segment’ agentic workflow. TGS-Agent provides
a new paradigm that is mask supervision-free and also more
explainable. (2) We propose Ref-Thinker, a MLLM with
enhanced object-aware reasoning ability, which generates
explicit descriptions of the referred object by analyzing mul-
timodal signals. An instruction tuning set is constructed to
support Ref-Thinker training. (3) We propose R2-AVSBench,
a new evaluation benchmark featuring more challenging and
reasoning-intensive references. It serves as an additional
testbed to evaluate model performance in cross-reference
scenarios. (4) Our method achieves state-of-the-art results on
both Ref-AVSBench and R2-AVSBench, significantly outper-
forming existing methods.

2 Related Work

Audio-Visual Scene Understanding aims to analyze the rich
and dynamic audio-visual signals present in real-world envi-
ronments, which may facilitate compelling applications in ar-
eas such as video generation (Google 2025; Mao et al. 2025a,
2024), conversational assistant (Xu et al. 2025; Kryklyvets
et al. 2025), and virtual reality. In academia, researchers have
investigated various fundamental tasks, such as audio-visual
event parsing (Tian et al. 2018; Tian, Li, and Xu 2020; Liu
et al. 2025; Zhou et al. 2021; Zhou, Guo, and Wang 2022;
Zhou et al. 2023a, 2024a,b; Zhao et al. 2025; Zhou et al.
2025e,a; Yu et al. 2025; Zhou et al. 2025c), sound source
localization (Chen et al. 2021; Park, Senocak, and Chung
2024; Um et al. 2025), and audio-visual caption or question
answering (Shen et al. 2023; Li et al. 2022; Yun et al. 2021;
Yang et al. 2022; Li et al. 2024, 2025). These tasks involve au-
diovisual comprehension across diverse inputs, ranging from
basic audio-image pairs and short video clips to complex,
untrimmed long-form audible videos. The studied referring
audio-visual segmentation task is also part of this field, requir-
ing the understanding of audio, visual, and textual modalities.
Audio-Visual Segmentation aims to generate the pixel-
level segmentation maps of the sounding objects present
in audible videos (Zhou et al. 2022, 2023b; Guo et al.
2025). The baseline AVS model (Zhou et al. 2022) adopts a
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convolution-based decoder. Subsequent studies explore vari-
ous transformer-based (Gao et al. 2024; Li et al. 2023b; Zhou
et al. 2025d; Guo, Huang, and Zhou 2024; Ma et al. 2024;
Yang et al. 2024; Zhou et al. 2025b), diffusion-based (Mao
et al. 2025b), and SAM-based methods (Mo and Tian 2023;
Liu et al. 2024a; Wang et al. 2024a; Bhosale et al. 2025;
Luo et al. 2025). AL-Ref-SAM2(Huang et al. 2025) is the
most relevant to our work. AL-Ref-SAM2 performs sample-
specific inference at test time using GPT-4, requiring care-
fully crafted prompts to select pivot frames and describe
candidate bounding boxes for segmentation. In contrast, our
approach fine-tunes an open-source LLM with enhanced rea-
soning capabilities over the reference expression, enabling
it to accurately identify the true target object across video
frames and simplify segmentation mask prediction.
Referring Audio-Visual Segmentation aims to generate
binary masks of the object referred to by a natural lan-
guage expression involving either or both auditory and visual
cues. The baseline method, EEMC (Wang et al. 2024b), inte-
grates audio, visual, and textual features through a series of
transformers to form a unified multimodal cue, which then
prompts a segmentation decoder, Mask2Former (Cheng et al.
2021), via cross-attention to accurately identify and delin-
eate the object of interest. The recent method TSAM (Rad-
man and Laaksonen 2025) enhances SAM (Kirillov et al.
2023) encoder with a temporal modeling branch and designs
data-driven multimodal sparse and dense prompts for SAM’s
decoder. In particular, reference texts are used to guide the
selection of relevant audio cues, which then interact with
visual cues to form sparse prompts. The dense prompts are
also generated through cross-attention between visual-audio
and visual-text features. SAM2-LOVE (Wang et al. 2025)
leverages SAM2 (Ravi et al. 2024) for Ref-AVS task. It
integrates textual, audio, and visual representations into a
learnable segmentation token [seg]. To enhance spatial-
temporal consistency across video frames, SAM2-LOVE
employs token propagation and token accumulation strate-
gies to strengthen [seg], which serves as a more effective
sparse prompt for SAM2’s decoder. Unlike prior methods,
we utilize a reasoning-enhanced MLLM to explicitly identify
the referred object. Our method is more explainable and does
not require pixel-level supervision.

3 Our Method

In this section, we first introduce the proposed TGS-Agent
framework for the Ref-AVS task (Sec. 3.1). Next, we present
Ref-Thinker, the core component of TGS-Agent, which is a
reasoning-enhanced MLLM designed to explicitly generate
textual descriptions of the referred object. We describe its
architecture and training strategy in Sec.3.2.

3.1 TGS-Agent: An Object-aware Ref-AVS Agent
As discussed in the Introduction, our TGS-Agent decomposes
the Ref-AVS task into multiple object-aware processing steps.
The overall system flow is shown in Fig. 2. Below, we elabo-
rate on each stage along with its corresponding agentic tool.
Think. As a core innovation of our method, this first step
aims to clearly answer what the referred object is. To achieve
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Figure 2: Workflow of our Think-Ground-Segment Agent.

this, we propose Ref-Thinker, a reasoning-enhanced MLLM,
which can digest multimodal inputs (i.e., audio, visual, and
reference text) and output a description related to the referred
object with an explicit reasoning chain. Specifically, the out-
put text follows the format below:

== Object-aware Reasoning Chain of Ref-Thinker ==
<think>

The referential expression is “xxx”.
The video shows xxx (video analysis here).
The audio contains xxx (audio analysis here).
The reference related to xxx (modality analysis here).

</think>
<answer>
<f object>

A fine-grained description of the referred object, in-
cluding detailed attributes such as color, shape, or spatial
location (e.g., a guitar being played on the right).
</f object>
<s object>

A simplified description of the referred object, spec-
ifying only its category name (e.g., guitar).
</s object>

</answer>

In the thinking process, Ref-Thinker confirms the reference
expression, analyzes multimodal contents, and decides which
modality should be focused. Based on these analyses, Ref-
Thinker provides answers with explicit information about
the referred object. Notably, we explore two types of ob-
ject descriptions: fine-grained (‘f object’) and simplified
(‘s object’). The former one includes more details, such as
the object’s appearance, attributes, or spatial relations (while
remaining concise, typically fewer than 10 words), whereas
the latter simplified description contains only the object cate-
gory. We make this design considering that both the phases
and class names are frequently used as prompts in object
detection and segmentation. Moreover, the fine-grained de-
scription may be more beneficial for video scenes that contain
different object instances that have a similar appearance or
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the same category (as shown in Fig. 4).
The above process can be formalized as:

Think(A,V ,R,P ) → T , (1)

where A, V , and R denote the audio stream, video frames,
and reference, respectively. P is the user prompt text used
to guide the Ref-Thinker (detailed in Sec. 3.2). T represents
the generated reasoning text description. For convenience,
we denote the fine-grained and simplified description of the
referred object in T as Tf and Ts, respectively.
Ground. After obtaining the explicit object description Tf or
Ts, the second step is to generate a bounding box (bbox) for
the target object in each video frame. Regardless of whether
the given reference is grounded in audio, visual, or both
modalities, as illustrated in Fig. 1(a), it ultimately corre-
sponds to a specific visible object (when it is present in
the frame). We adopt Grounding-DINO(Liu et al. 2024b)
as the tool for bounding box generation. Grounding-DINO
is an advanced object detection model that combines the
Transformer-based detector DINO(Zhang et al. 2022) with
large-scale grounded pre-training, enabling it to detect ar-
bitrary objects based on human language inputs, such as
category names or referring expressions. Therefore, our ob-
ject descriptions (Tf /Ts) are closely aligned with the model’s
input format and intended usage. We denote this process as:

Ground(Tf/Ts,V ) → B, (2)

where V = {vi}Ni=1 denotes the N video frames, and
B = {(x1, y1), (x2, y2)}N is corresponding bounding box
set, with (x1, y1) and (x2, y2) indicating the coordinates of
the top-left and bottom-right corners, respectively. Notably,
two key hyper-parameters are involved in the bbox gener-
ation: τbbox controls the minimum confidence score for a
bounding box to be considered valid, while τtext sets the min-
imum confidence score for the text to be matched.
Segment. After obtaining the bounding box B of the referred
object in each video frame, we use this explicit and strong
guidance as a sparse prompt to drive the powerful segmenta-
tion foundation model, SAM2 (Ravi et al. 2024), to generate
the corresponding segmentation masks. In particular, if the
bounding box does not exist (i.e., no matching object is found
in the video frame), the segmentation mask defaults to all
background pixels. We formalize this process as:

Segment(B,V ) → M . (3)

M = {mi}Ni=1 is the set of binary masks for N video frames.
Notably, the prior SOTA method (Wang et al. 2025) also
employs SAM2 but requires fine-tuning its mask decoder. In
contrast, our method leverages the frozen SAM2 and achieves
superior performance.

In this way, our TGS-Agent completes the transforma-
tion from audiovisual streams + reference text → object
description → bbox → mask, demonstrating an object-aware,
reliable, and explainable decision process for Ref-AVS task.

3.2 Ref-Thinker: A Reasoning-enhanced MLLM
Architecture. As shown on the left side of Fig. 2, our Ref-
Thinker is implemented as an audio-visual LLM. Given tem-
poral audio and visual streams, modality-specific encoders

are used to extract segment-level features. The resulting audio
and visual features are then compressed into a smaller num-
ber of token embeddings using independent Q-Formers (Li
et al. 2023a). A projector module, implemented as two MLP
layers, is further applied to align the audio/visual feature with
the textual features processed by the LLM. The textual input
consists of two parts: a task-relevant user prompt containing
the specific reference expression, and the corresponding rea-
soning chain as the expected output. We provide the template
of the user prompt (P ) below:

===== User Prompt Template for Ref-Thinker =====
This is a video:<video start><video><video end>.
This is an audio:<audio start><audio><audio end>.
Given the referential expression xxx, analyze the video
and audio, and then generate a reasoning chain (<think>)
and final answer (<answer>). Your output must follow
this format: (reasoning chain introduced in Sec. 3.1).

Audio and visual feature embeddings are used to replace
the placeholders <audio> and <video> tokens in the user
prompt. The resulting textual input is then tokenized and
passed to the LLM backbone for text generation.
Training Recipe. We train our Ref-Thinker in two phases.
During the pretraining phase, the LLM is frozen, and domain-
specific caption datasets(Kim et al. 2019; Lin et al. 2023)
are independently used to train the audio and visual Q-
Formers along with their corresponding projectors. Next,
in the instruction tuning phase, we apply the LoRA (Hu
et al. 2022) technique for parameter-efficient tuning of the
LLM. This phase not only aims to improve the model’s in-
struction following ability, but, more importantly, enables
the MLLM to better learn an object-aware reasoning chain,
as introduced in Sec. 3.1. To support this, we construct an
instruction tuning set. Specifically, given a reference expres-
sion and a video from the training set of the official Ref-
AVSBench dataset (Wang et al. 2024b), we leverage Gemini-
1.5-Pro (Google 2024) with carefully designed prompts to
analyze the video and generate an object-aware reasoning
chain that strictly follows the think-answer format shown in
Sec. 3.1. Detailed prompt is provided in our Appendix A.
Supervised with this high-quality instruction tuning set, our
Ref-Thinker can effectively think about the reference (and
audiovisual signals) and generate accurate object descriptions
with an explicit reasoning chain. For both training phases, the
autoregressive cross-entropy loss is used for optimization.

4 R2-AVSBench

We propose R2-AVSBench as an additional Reasoning-
enhanced evaluation set for the Ref-AVS task, motivated
by two key factors: 1) We observed that some reference ex-
pressions in the standard Ref-AVSBench (Wang et al. 2024b)
test set are relatively simple. For example, ‘The couch sit by
a woman’ (referred object: couch) and ‘The object making
a sound by using a saw’ (referred object: man holding the
saw). In these cases, the object name couch or key cues saw
are explicitly mentioned in the reference, which may lead
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(a) Original Ref-AVSBench (b) Our R2-AVSBench

Figure 3: Word clouds of different reference types.

to shortcut learning by the model without fully reasoning
over the reference context. Additionally, references in Ref-
AVSBench are constructed using fixed, manually predefined
templates, which limits their linguistic diversity. 2) Since our
work emphasizes object-aware reasoning over the reference,
we are interested in evaluating the model’s ability to handle
more challenging and varied reference types.

To this end, the references in our R2-AVSBench are de-
signed with greater lexical and structural diversity, which also
requires deeper reasoning. As illustrated by the word cloud vi-
sualization in Fig. 3, the new references replace many explicit
object names like ‘man’ with abstract terms such as ‘counter-
part’, and use more relative pronouns like ‘whose’ or ‘whose
rhythmic’. For instance, the aforementioned two reference
examples are transformed into ‘The item visually serving as
a shared seating platform for the audio discourse’ and ‘The
entity rhythmically wielding a tool known for forestry tasks in
earlier eras’. Both transformed references avoid directly re-
vealing the target object, which also requires more reasoning
about the object function, commonsense knowledge, audio
information, and other contextual cues. Notably, we ensure
that the new references target the same objects as those in
the original Ref-AVSBench references. This design allows
us to reuse the pixel-level masks provided by Ref-AVSBench
for evaluating predictions and comparing model performance
between the original and transformed references.

We perform the reference transformation with the aid of
Gemini-1.5-Pro, and the corresponding prompt is provided
in Appendix B. From the test set of Ref-AVSBench, we
select a total of 400 unique videos for inclusion in our R2-
AVSBench, each paired with a more challenging reference.
Ref-AVSBench contains test subsets based on seen and un-
seen object categories, and we preserve this division in our R2-
AVSBench, resulting in 220 and 180 test videos for seen and
unseen sets, respectively. We also analyze the average num-
ber of words per reference, which is 11.73 for R2-AVSBench
and 7.08 for Ref-AVSBench, highlighting the increased lin-
guistic diversity and complexity of our benchmark. To ensure
the high quality of R2-AVSBench, each generated reference
is further verified by human annotators. Specifically, the ref-
erences produced by Gemini, along with their corresponding
audio and video, are reviewed by humans. If a reference
contains hallucinations, factual errors, requires minimal rea-
soning, or does not correspond to the original target object, it
is revised or improved by the human annotators.

5 Experiments
5.1 Experimental Setup
Datasets. We evaluate our method on both the Ref-
AVSBench dataset (Wang et al. 2024b) and our proposed
R2-AVSBench. Ref-AVSBench contains 4,000 10-second
videos and 20,000 manually annotated expressions, covering
51 object classes. The training and validation sets contain
2,908 and 276 videos, respectively. The test set is divided
into three subsets: 292 videos in the Seen split, where object
classes appear in the training set; 269 videos in the Unseen
split, which includes 13 additional novel categories not seen
during training; a special Null split, in which the expression
refers to an object that does not exist in video frames. For eval-
uation on R2-AVSBench, we directly test the performance of
models trained on Ref-AVSBench.
Evaluation Metrics. Following prior works (Wang et al.
2024b, 2025), we adopt the Jaccard index J and F-score F
as primary evaluation metrics. For the Null set, a metric S
is used by computing the ratio between the predicted mask
area and the background area. A lower S indicates fewer
false-positive pixels are predicted.
Implementation Details. For the Ref-Thinker, we use CLIP-
ViT-L/14 (Radford et al. 2021) and BEATs (Chen et al. 2022)
as the visual and audio encoders, respectively. The number
of learnable query tokens is set to 32. We adopt LLaMA-2-
7b-chat as the base LLM. LoRA is applied with a rank 8 and
a scaling factor 16. The batch size is 4, and the LLM is fine-
tuned for 6 epochs. We use AdamW optimizer with an initial
learning rate of 1e-4. We train our model on four NVIDIA
A100-SXM4-40GB GPUs using bf16 precision. We employ
the Swin-T-based Grounding-DINO for object detection and
the Hiera-Large-based SAM2 for segmentation, both with
frozen parameters.

5.2 Evaluation on Ref-AVSBench
We compare our method with previous works on the
standard Ref-AVSBench dataset. Following the pioneering
work (Wang et al. 2024b), we report results of methods
adapted from related AVS and Ref-VOS tasks, incorporating
text and audio modalities, respectively. As shown in Table 1,
our TGS-Agent outperforms all these methods, including re-
cent state-of-the-art approaches in the Ref-AVS domain. For
example, compared to SAM2-LOVE (Wang et al. 2025), our
method surpasses it by 7.2% and 7.5% in J&F on the Seen
and Unseen test sets, respectively. The proposed Ref-Thinker,
together with Grounding-DINO and SAM2, supports open-
set vocabulary, making our method effective in both seen
and unseen class scenarios. Although both SAM2-LOVE and
our method use the same SAM2 model, SAM2-LOVE has
much higher S on the Null set, indicating more false positive
predictions. Notably, 1) we test Grounded-SAM2 (Ren et al.
2024) on Ref-AVS task, which directly uses the references
as text prompts to generate segmentation masks. While this
approach shows competitive performance on Unseen set, it
performs poorly on Seen set. In contrast, our TGS-Agent
introduces Ref-Thinker, which interprets the reference along-
side audio and visual signals to generate a more explicit
object description, significantly improving the performance.
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Seen (S) ↑ Unseen (U) ↑ Mix (S+U) ↑ Null ↓
Method Venue Task J F J&F J F J&F J F J&F S
AVSBench (Zhou et al. 2022) ECCV’22

AVS

23.2 51.1 37.2 32.4 54.7 43.5 27.8 52.9 40.3 0.208
AVSegFormer (Gao et al. 2024) AAAI’24 34.5 47.0 40.2 36.1 50.1 43.1 34.8 48.6 41.7 0.171
GAVS (Wang et al. 2024a) AAAI’24 28.9 49.8 39.4 29.8 49.7 39.8 29.4 49.8 39.6 0.190
SAMA (Liu et al. 2024a) AAAI’24 28.9 49.8 39.4 29.8 49.7 39.8 29.4 49.8 39.6 0.190

ReferFormer (Wu et al. 2022) CVPR’22 Ref-VOS 31.3 50.1 40.7 30.4 48.8 39.6 30.9 49.5 40.2 0.176
R2VOS (Li et al. 2023c) ICCV’23 25.0 41.0 33.0 27.9 49.8 38.9 26.5 45.4 35.9 0.183

EEMC (Wang et al. 2024b) ECCV’24

Ref-AVS

34.2 51.3 42.8 49.5 64.8 57.2 41.9 58.1 50.0 0.007
Grounded-SAM2 (Ren et al. 2024) ArXiv’24 28.5 39.9 34.2 59.8 68.1 63.9 44.2 54.0 49.1 0.277
Crab (Du et al. 2025) CVPR’25 40.5 - - 45.6 - - 43.1 - - -
TSAM (Radman and Laaksonen 2025) CVPR’25 43.4 56.8 50.1 54.6 66.4 60.5 49.0 61.6 55.3 0.017
SAM2-LOVE (Wang et al. 2025) CVPR’25 43.5 51.9 47.7 66.5 72.3 69.4 55.0 62.1 58.5 0.23

TGS-Agent (ours) - Ref-AVS 49.5 60.4 54.9 73.2 80.6 76.9 61.3 70.5 65.9 0.035

Table 1: Comparison with prior methods on Ref-AVSBench test set. J&F is the average value of J and F .

Seen (S) ↑ Unseen (U) ↑ Mix (S+U) ↑
Ref. Source Method J F J&F J F J&F J F J&F

Ref-AVSBench

Crab (Du et al. 2025) 20.7 33.8 27.2 39.4 54.9 47.2 30.1 44.4 37.2
EEMC (Wang et al. 2024b) 26.4 40.9 33.7 39.7 55.9 47.8 33.1 48.4 40.7
Grounded-SAM2 (Ren et al. 2024) 41.1 50.8 45.9 68.1 76.2 72.2 54.6 63.5 59.0
TGS-Agent (ours) 48.5 58.4 53.4 71.8 80.4 76.1 60.1 69.4 64.8

R2-AVSBench

Crab (Du et al. 2025) 19.6 32.1 25.9 36.9 52.0 44.4 28.2 42.1 35.2
EEMC (Wang et al. 2024b) 22.6 39.9 31.2 38.7 56.9 47.8 30.6 48.4 39.5
Grounded-SAM2 (Ren et al. 2024) 21.4 30.1 25.7 44.9 53.4 49.1 33.2 41.7 37.4
TGS-Agent (ours) 42.7 52.3 47.5 68.3 77.0 72.7 55.5 64.7 60.1

Table 2: Evaluation on R2-AVSBench. We also report results on the same set of videos using original Ref-AVSBench references.

2) Crab (Du et al. 2025) is also an MLLM, designed for uni-
fied audio-visual task learning, including Ref-AVS. Despite
using the same LLM backbone, our method significantly
outperforms Crab. These improvements are attributed to our
more effective agentic framework design and the instruction
tuning strategy enhanced by explicit object-aware reasoning.

5.3 Evaluation on R2-AVSBench
We evaluate our method on the proposed R2-AVSBench.
We primarily compare against those open-sourced meth-
ods: Crab (Du et al. 2025), EEMC (Wang et al. 2024b), and
Grounded-SAM2 (Ren et al. 2024). Notably, all these pre-
trained models are directly evaluated on R2-AVSBench. As
shown in Table 2 (bottom four rows), our method consistently
outperforms other competitors by a large margin. The upper
part of the table reports results obtained on the same test
videos but using the original Ref-AVSBench references. We
can observe a consistent performance drop for all models
when evaluated with the transformed references from R2-
AVSBench, indicating the increased complexity. In particular,
Grounded-SAM2 suffers a substantial drop of around 20% on
both Seen and Unseen sets, highlighting its sensitivity to ref-
erence variation. In contrast, benefiting from the object-aware
reasoning mechanism, our method can accurately identify the
referred object from multimodal cues, thereby maintaining
superior performance and demonstrating stronger generaliz-
ability across diverse and challenging reference types.

Seen (S) ↑ Unseen (U) ↑ Null ↓
Setup J F J&F J F J&F S
Reference (R) 28.5 39.9 34.2 59.8 68.1 63.9 0.277
F-object (Tf ) 43.9 54.1 49.0 69.9 77.4 73.7 0.043
S-object (Ts) 49.5 60.4 54.9 73.2 80.6 76.9 0.035

Table 3: Ablation on object text used as prompts.

5.4 Ablation Study and Qualitative Results
In this section, the experiments are conducted on the Ref-
AVSBench dataset unless otherwise specified.
Impact of Object Description Types. Our method designs
Ref-Thinker to generate two types of object descriptions, i.e.,
a fine-grained version Tf containing more details (f object),
and a simplified version Ts consisting only of the object name
(s object). These are used as prompts in the Ground phase for
bounding box generation. As shown in Table 3, compared to
using original reference expressions, both Tf and Ts signifi-
cantly improve the performance, highlighting the benefits of
explicit object-aware reasoning. Interestingly, the simplified
version (i.e., object category) yields better performance. We
hypothesize that this is related to the Grounding-DINO de-
tector’s preference, which may be more friendly to short and
specific prompts. However, in some cases, the fine-grained
object phase can be more effective, especially when there are
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Reference: The object making a sound by being played by the man.

F_object: a stringed instrument being played by the woman

S_object: yangqin

F_object (𝑻𝒇) from Ref-Thinker: The guitar being played by the man.

4rerQA8KMzM_10000_20000_guitar_1
选取 12 356 张

S_object (𝑻𝒔) from Ref-Thinker: Guitar.

Figure 4: Visualization results of using different object de-
scriptions as detection prompts. The fine-grained phase Tf

may be more helpful in video scenes containing multiple
instances of the same category (i.e., guitar in this example).

𝜏++,- (𝜏./-. = 0.25)

𝒥&
ℱ

𝜏./-. (𝜏++,- = 0.1)

𝒥&
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Figure 5: Parameter study on the τbbox and τtext.

multiple similar/same object instances. As shown in Fig. 4,
two guitars are played by different individuals. Using only
the simplified object class guitar (Ts) as a prompt, the object
detector is confused when recognizing the correct guitar at in-
stance level. In contrast, the fine-grained phase (Tf ) provides
richer cues, specifying that the referred guitar is played by the
man, which helps to improve the detection and segmentation
results. Nevertheless, even using Tf , our method surpasses
the prior state-of-the-art SAM2-LOVE (Wang et al. 2025)
(Table 1), demonstrating the superiority of our method.
Impact of Threshold Parameters. The Ground phase of
our TGS-Agent involves two hyperparameters, namely the
bounding box threshold τbbox and the text similarity thresh-
old τtext, which are used to control the selection of object
bounding boxes. We investigate their influence and present
the results in Fig. 5. The model performance shows slight
variation across different values of τbbox, while remaining sta-
ble with respect to τtext. We set τbbox = 0.1 and τtext = 0.25
as the default configuration in our experiments.
Qualitative Analysis. Fig. 6 presents some qualitative results.
In the video example, a man is playing a bassoon while a
woman is playing a piano. The referred object is the piano.
Prior method EEMC (Wang et al. 2024b) identifies the pi-
ano but only segments part of it. Grounded-SAM2, which
directly uses the reference expression for prediction, incor-
rectly segments another object, e.g., the woman, mentioned in
the reference text. In contrast, our TGS-Agent method accu-
rately identifies the referred object and achieves satisfactory
segmentation. This improvement stems from our Ref-Thinker,
which thoroughly analyzes the reference alongside the au-

r77M_VroAlc_182000_192000_ba
by_2选取 12 356 张

1FclvjVqnJk_40000_50000_tuba_
1

4GUrjmIZcIQ_82000_92000_piano
_1
选取 01234前 5 张

R2-AVSBench Reference: The stationary object whose manipulated 
components harmonize with the bassoon's melody.

piano and bassoon

EEMC

Grouned-
SAM2

referred 
object:
Piano

TGS-
Agent

<think> The referential expression is: "The object making a sound by being 
played by the woman.". The video shows a woman playing a piano and a 
man playing a bassoon. The audio contains the sound of both instruments. 
The referential expression relates to both visual and auditory modalities, 
specifically the piano being played by the woman. The piano remains largely 
static throughout the video. </think> <answer> <f_object> a black grand 
piano </f_object> <s_object> piano </s_object> </answer>

TGS-
Agent

<think> The referential expression is: the stationary object whose 
manipulated components harmonize with the bassoon's melody. The video 
shows a man playing a bassoon and a woman playing a piano. The audio 
contains the sound of a bassoon and a piano playing together. The bassoon's 
melody is prominent, and the piano provides accompaniment. The referential 
expression refers to the piano, which remains largely static throughout the 
video while the pianist's hands move. The piano's sound, in conjunction with 
the bassoon, creates a harmonious melody. </think>  <answer>  <f_object> a 
black grand piano </f_object>  <s_object> piano </s_object> </answer>

Ref-AVSBench Reference: 
The object making a sound by being played by the woman.

Figure 6: Qualitative example of the Ref-AVS task.

dio and visual content, and then explicitly outputs the target
object for downstream tool invocation. The corresponding
reasoning process is visualized in the figure. In addition, we
provide results of our model on more complex reference from
our R2-AVSBench. As illustrated, our Ref-Thinker can adapt
its reasoning to new reference and still successfully identify
the referred object. We provide more qualitative results and
some failure case studies in Appendix D&E.

6 Conclusion
We propose TGS-Agent, addressing the Ref-AVS task
through an agentic Think-Ground-Segment paradigm. At its
core is Ref-Thinker, a reasoning-enhanced MLLM that trans-
forms multimodal inputs (reference text and audio-visual
streams) into explicit descriptions of the referred object,
which better prompts subsequent grounding and segmen-
tation processes. To further benchmark model robustness,
we introduce R2-AVSBench, a new evaluation set featur-
ing linguistically diverse and reasoning-intensive references.
R2-AVSBench can be used for assessing a model’s cross-
reference generalization and may benefit the broader com-
munity as a challenging testbed. Our TGS-Agent operates
without requiring pixel-level supervision, offering greater
explainability. Despite its simplicity, it significantly outper-
forms prior models. Overall, our work highlights the impor-
tance of explicit reference understanding in Ref-AVS. Future
directions include integrating our Ref-Thinker with SAM2
tuning-based methods to further enhance the performance.
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