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Abstract

This work presents Sa2VA | the first comprehensive, unified model for dense grounded understanding
of both images and videos. Unlike existing multi-modal large language models, which are often
limited to specific modalities and tasks, Sa2VA supports a wide range of image and video tasks,
including referring segmentation and conversation, with minimal single-stage instruction tuning.
Sa2VA combines SAM-2, a foundation video segmentation model, with MLLM, advanced vision-
language models, and unifies text, image, and video into a shared LLM token space. Using the
LLM, Sa2VA generates instruction tokens that guide SAM-2 in producing precise masks, enabling
a grounded, multi-modal understanding of both static and dynamic visual content. Additionally,
we introduce Ref-SAV, an auto-labeled dataset containing over 72k object expressions in complex
video scenes, designed to boost model performance. We also manually validate 2k video objects in
the Ref-SAV datasets to benchmark referring video object segmentation in complex environments.
Experiments show that Sa2VA achieves strong performance across multiple tasks, particularly in
referring video object segmentation, highlighting its potential for complex real-world applications.
In addition, Sa2VA can be easily extended into various MLLMs, including Qwen-VL and Intern-VL,
which can be updated with rapid process in current open-sourced MLLMs. Code and models have
been provided to the community.
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Index Terms--- Multi-modal Large Language Models,  video-level tasks such as visual question answering
Grounded Understanding, Referring Segmentation. (VQA) [1, 78], narrative story generation [32, 100,

120], and interactive editing [35, 44, 83]. One impor-

. tant direction is to understand video content in a

1 Introduction fine-grained manner, including segmenting and track-
ing pixels with language descriptions, and performing

Multi-modal Large Language Models (MLLMs) have VQA on visual prompts in the video. In particular,
made significant progress, fueled by the rapid develop- e aim to achieve promptable fine-grained analysis

ment of Large Language Models (LLMs) [38, 81, 99].  of video, enabling the user to be in the loop when
Numerous MLLMs have been applied to image- and
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‘f;,aThe video shows a woman walking down a busy city street at night. She is wearing a red dress and carrying a black handbag. The street is illuminated by bright lights,

fident and stylish demeanor. The video captures the vibrant and lively atmosphere of the city at night, with the bright lights and bustling crowds...

& Sure, it s [SEG].

& What is the person holdmg‘7 ‘la The person is holding a black handbag

& Can you segment the person wearing sunglasses on the street?
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1 and there are many people walking around. The woman is walking down the street, passing by many people, and looking around. She is wearing sunglasses and has a con
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boarder in mid- -air, performing ! q

N a jump on a snowy hill. The sn |

owboarder s skillfully riding a |

red snowboard, which is visibl ¢

e in the center of the scene. Th | 'nThe video shows a young man skateboarding in a city plaza.

| g. e snowboarder is wearing a wh : The man is seen riding the skateboard in different locations, in
» ite jacket, which contrasts with | cluding a sldewalk and a street. The video captures the man's
the snowy sur di ing his skills and the urban environment.
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Figure 1 lllustration of capabilities of our proposed Sa2VA. (a). Given a video, Sa2VA can segment the referred
object and understand the whole scene. (b). Sa2VA supports image chat, video chat, image referring segmentation,
video referring segmentation, and grounded caption generation with single-stage instruction-tuning. (c). Sa2VA
achieves strong results on multiple image, video referring segmentation, and chat benchmarks compared to existing

MLLMs [74, 98, 112].

playing the video in an interactive mode, as shown in
Fig. 1 (a). This capability will enable various appli-
cations, such as short video editing [8, 62, 82|, robot
navigation [26, 28, 29], and surveillance analysis [70].

However, neither state-of-the-art video perception
models [16, 54, 75, 111] nor video MLLMs [31, 48,
55, 61, 108] can achieve this. The former are lim-
ited by constrained semantic concepts and lack open-
ended capabilities, such as video question answering
(Video-QA) [51, 55]. While the state-of-the-art SAM-
2 model [75] can perform promptable segmentation
and tracking, it cannot handle text-aware tasks, such
as understanding language expressions or video con-
versation. On the other hand, video MLLMs can
understand videos and perform Video-QA. For ex-
ample, the latest LLaVA [46] can achieve strong re-
sults on Video-QA. However, it can neither carry
out perception tasks nor understand visual prompts
Several works [23, 73, 92, 98, 112| have explored

the combination of perception models and MLLMs.
However, existing works mainly focus on exploring
image tasks [23, 105, 112] or trying to solve one spe-
cific video task [4, 40, 68, 98]. To the best of our
knowledge, no work has successfully integrated the
strengths of both sides to build a unified model that
supports both image and video inputs across a diverse
range of tasks (Tab. 1).

Based on the above analysis, we set out to unify
two visual foundation models, SAM-2 [75] and
MLLMs [59] into one framework. As such, our model
not only inherits the spatial-temporal perception ca-
pabilities of SAM-2 and the open-ended abilities of
MLLMs but also benefits from learning additional
knowledge derived from the additional training data.
To achieve this goal, three key challenges must be ad-
dressed: (1) Task formulation: How to effectively for-
mulate a range of tasks into a unified training setting,
particularly for multi-modal inputs. (2) Performance



balance: How to resolve conflicts between tasks, such
as ensuring strong referring visual understanding abil-
ities without sacrificing the language proficiency of
MLLMs. Note that existing methods [93, 112] find
that conversation tasks are drastically degraded when
grounding tasks are performed. The models are thus
degraded to specialists. (3) Knowledge Inheritance:
How to leverage the pre-trained knowledge from SAM-
2 and MLLMs to build a unified model that is both
robust and flexible with different foundation models.
We note that SAM-2 is trained on more than 1B
masks, and most MLLMs are trained with massive
instruction-following data pairs. Furthermore, both
model families are evolving rapidly, and a flexible
framework is crucial to more easily leverage their
future progress.

In this work, we present Sa2VA, the first model that
integrates SAM-2 with MLLMs, creating a unified,
grounded understanding of both images and videos.
We first formulate various tasks into a single-stage
visual instruction tuning process, including referring
segmentation, visual question answering (VQA), and
grounded conversation generation (GCG) for both
image and video. We leverage the token-length flex-
ibility of LLMs, treating all input images, videos,
and visual prompts as tokens without additional spe-
cific design. Through joint training, we demonstrate
that conflicts between grounding and conversation
tasks can be effectively resolved. Unlike existing ap-
proaches that use MLLMs as agents or connectors to
call on visual experts, our model is trained end-to-end,
showcasing model and dataset scalability. Moreover,
we adopt a decoupled design in which SAM-2’s en-
coder and memory module are frozen, allowing us
to retain its tracking capabilities. This design also
makes our method a flexible framework, enabling our
model to evolve with increasingly powerful MLLMs.
To be more specific, our framework is compatible
with advanced MLLMs, such as InternVL [122] and
Qwen3-VL [95].

In addition, we empirically observe that existing video
segmentation datasets are limited to small-scale col-
lections of short clips with a limited number of oc-
clusions. Thus, to bridge the gaps between current
datasets and the real-world requirements of interac-
tive applications, we introduce Ref-SAV: a new, chal-
lenging reference video segmentation dataset curated
through an automated pipeline based on the recent
SA-V datasets [75]. Finally, we benchmark several
existing models on this dataset and find significant
room for further exploration.

Sa2VA is co-trained with multiple datasets, including

image and video modalities and various tasks. With-
out any bells and whistles, Sa2VA achieves strong
performance on six referring image and video segmen-
tation datasets while maintaining strong image and
video QA capabilities compared to previous MLLMs,
as shown in Fig. 1(c). On the proposed Ref-SAV
dataset, our method achieves over 15% performance
gain over existing approaches under the zero-shot
test setting, and obtains even stronger results using
a large-scale Ref-SAV training set (about 37k videos).
As shown in Fig. 1(c), our work builds a new strong
baseline for a unified, dense, grounded understanding
of images and video. Our main contributions are:

e We develop Sa2VA, the first simple framework
that combines SAM-2 and MLLM into one
model. Sa2VA achieves strong spatial-temporal
grounded understanding performance across var-
ious benchmarks. Sa2VA can be built upon
with various modern MLLMs, including In-
ternVL [122] and Qwen-VL [3].

e We introduce a challenging human-checked video
benchmark, Ref-SAV. The benchmark introduces
heavier occlusions, long text inputs, and motion
blurs.

e We develop a simple data annotation pipeline to
build the Ref-SAV training dataset, where we
find that the training dataset improves model
performance on Ref-SAV.

e Extensive experiments show the effectiveness
of Sa2VA on various open-sourced benchmarks
(over 15 benchmarks, including image, video
VQA, visual prompt, referring image/video seg-
mentation). To the best of our knowledge, few
existing MLLMs have shown comparable perfor-
mance across such a diverse set of domains.

2 Related Work

Multi-modal Large Language Models. Earlier
works [36, 49, 50] explore better multi-modal fusion
methods and feature extractors and design various
fusion architectures, particularly for vision language
tasks. With the advances of LLMs [5, 38, 81], multi-
modal instruction tuning on LLMs [2, 11, 59, 79] have
recently attracted much attention. Notably, various
benchmarks [24, 37, 56, 64, 80] have been established
to enhance model performance, reinforcing the no-
tion that data is crucial in developing state-of-the-
art MLLMs. One representative work, LLaVA [59],
considers the visual features as visual tokens. Fur-
thermore, LLaVA provides a unified data format to
consolidate extensive VQA tasks. Several works [105]



Table 1 Capabilities of different representative models. We compare Sa2VA against other representative works.
As shown, while there are several groups of models that share similar capability sets (e.g., focusing on video conversation
or dense grounding), no single existing method covers the full spectrum of tasks. In contrast, Sa2VA is designed to
comprehensively support all listed modalities and tasks (also see Fig. 1 (a) and (b)).

Method Support Inputs Dense Grounding Conversation End to End
i Image Video Visual Prompts | RES Ref-VOS Inter-VOS GCG | Image-Chat Video-Chat Video Caption Interactive Caption ‘ Training
Image-Chat Only Models
LLAVA [59] ‘ v X X ‘ X X X X ‘ v X X X ‘ v
Image & Video Chat Models
LLaVA-OneVision [46] 4 v X X X X X v v v X v
InternVL [14] '4 '4 X X X X X v v v X 4
LLaMA-VID [55] v v X X X X X 4 v v X v
P-LLaVA [96] v v X X X X X v v v X v
Visual Prompt & Dense Grounding Models
Osprey |105] v X 4 X X X X 4 X X X v
VIP-LLaVA [6] '4 X '4 X X X X v X X X '4
GLAMM [74] v X v v X X v X X X X v
LISA [45] 4 X X v X X X X X X X v
OMG-LLaVA [112] v v v v v X X v v X X v
Dense Grounding Models
F-LLM [93] v X X v X X X v X X X X
VISA 98] v v X v v X X X X X X X
HyperSeg [36] 4 4 X v v X X v X X X v
InstructSeg [85] v v X v v X X v X X X v
Sa2VA (Ours) ‘ v v v ‘ v v v v ‘ 4 v v v ‘ v

subsequently explore stronger visual cues to improve
the visual inputs of LLaVA. Meanwhile, numerous
methods [19, 20, 34, 45, 57, 72, 76, 107-110, 113] in-
corporate additional components to adapt LLaVA for
visual grounding, detection, segmentation, and video
VQA. Recently, a new trend has emerged to unify im-
age, video, and multi-image analysis within a single
framework [16, 61]. LLaVA-OneVision [46] designs a
single model to handle four different input sources.
In visual perception, several works [54, 75, 97, 114]
also explore multi-dataset and multi-task co-training.
SAM-2 [75] proposes a unified model for joint im-
age and video interactive segmentation. Our model,
Sa2VA, integrates SAM-2 into existing MLLMs to
create a unified end-to-end model. It aims to combine
image and video for dense, grounded understanding,
encompassing tasks such as segmentation, chat, and
captioning.

Referring Segmentation. This task aims to out-
put specific masks (image) or tracked masks (video)
driven by language description. Earlier studies |18,
43, 58, 91, 104, 117] examine various fusion modules
to enhance performance. Then, several stronger mod-
els [97] adopt DETR-like methods [7, 12, 69, 119, 123]
to achieve unified segmentation and tracking in video.
Equipped with LLMs, several recent works [9, 45,
72, 87, 94, 112] have been developed to accomplish
more complex referring tasks, including reasoning for
referring or joint mask and caption generation. For
example, LISA [45] involves reasoning-based segmen-
tation. Then, GLaMM [74] annotates a new dataset

and introduces region-level captioning and segmenta-
tion tasks. Meanwhile, several recent models exploit
joint instruction tuning for referring segmentation
and conversation [11, 98, 115]. Our method expands
on these studies in the video domain by utilizing
SAM-2 [75], while maintaining superior performance
in both image/video referring tasks and conversation
tasks.

Video Segmentation and Grounding. Existing video
segmentation methods [39, 53, 121] mainly focus on
segmenting and tracking pixels in closed sets, while
a few approaches [30, 118] explore open-vocabulary
settings. However, concepts are still limited com-
pared to the knowledge space of LLMs. For video
grounding, a recent method [33] explores LLM in
the joint understanding of video and audio. On the
other hand, VISA [98] and VideoLISA [4] also ex-
plore referring video segmentation. However, they
lack comprehensive training, which restricts their ca-
pability in other tasks and scaling up. In contrast,
Sa2VA enables fine-grained spatial-temporal model-
ing of both static (image) and dynamic (video) visual
content, achieving strong performance across various
tasks.

3 Method

3.1 Unifying Multi-task Representations

Developing a unified model to tackle various image
and video understanding tasks is challenging due to
their differences in spatial and temporal information.
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Figure 2 Proposed Sa2VA model. The model first encodes the input texts, visual prompts, images, and videos into
token embeddings. These tokens are then processed through a large language model (LLM). The output text tokens
are used to generate the “[SEG]” token and associated language outputs. The SAM-2 decoder receives the image and
video features from the SAM-2 encoder, along with the “[SEG]” token, to generate corresponding image and video
masks. Modules with a fire icon are trained during the single-stage instruction-tuning.

To address this, we begin by re-examining the task
formulations and proposing a unified representation,
which lays the groundwork for the development of
Sa2VA.

Referring Image/Video Object Segmentation. For
image-referring segmentation, given input text to-
kens T; € RV*P | the model processes input images
I; € REXWX3 and produces corresponding binary
masks M, € RE*W that align with the text descrip-
tion, where N and D are the number and dimension
of text tokens. For video object referring segmenta-
tion, the model takes input videos V; € RT*H*xWx3
and outputs binary spatio-temporal masks (masklets)
M, € RT*HXW where T', H, and W are video frame
number, height, and width.

Image/Video Chat and Grounded Caption Genera-
tion. For image and video chat tasks, given input
text tokens 7; and the corresponding images I; or
videos V;, the model produces the answer text T,.
For grounded caption generation tasks, the model si-
multaneously outputs the masks M, and the aligned
text T,.

Visual Prompt Understanding Tasks. For visual
prompt understanding tasks, in addition to text to-
kens T; and image I;, the model also takes additional
visual prompt tokens V P; (boxes or points on the
image) as inputs, outputting corresponding masks
M, and aligned text answers T,.

Unified Task Representation. Existing works address
the above tasks through specific design models or
partially unified models (different tasks utilize differ-
ent model weights). In this work, we argue that all
the aforementioned tasks can be unified into a single-
stage instruction-tuning process, as we can leverage
LLMs to manage various visual tokens. The overall
process can be formulated as:

T,,M,=LLM{I;,V;,VF}T;). (1)

The input tokens vary for different tasks. For chat-
only tasks, the model only outputs text tokens T,.
For referring segmentation tasks, the model outputs
masks (image) or masklets (video) M,. For grounded
caption generation tasks, the model outputs both
T, and M,. Since the model primarily processes
images/videos, text, and masks as inputs and outputs,
it is reasonable to unify these tasks within a single
framework and train the model end-to-end. This
approach enables a single model to support all the
aforementioned tasks effectively.

3.2 Sa2VA Framework

The overall framework of Sa2VA is illustrated in
Fig. 2. It consists of two components: the MLLM
model and SAM-2.

Pre-trained MLLMs. We adopt pre-trained MLLMs,
which contain one visual encoder, one visual projec-
tion layer, and one LLM. The visual encoder takes
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Algorithm 1: Ref-VOS Inference Pipeline

Input: Video length N; Number of key frames M;
Video frames Sy (X1, Xo, X3,..., Xn);
Language description T7;

Output: Sequence of masks My, My, Ms,.. .,
My;

Run: Sa2VA Model for Ref-VOS;

Extract key frames: Sy < Sy;

Visual embeddings: E, < Encoder(Sy);

Language embeddings: E; < Encoder(T);

Answers: A « LLM({E,, Ei});

Prompt embedding: P, + Linear(Find(A4,
[SEG]));

fori=1,2,...,M do

SAM-2 feature: F; < Encoder(Xy);

Mask: M; < Decoder({P, F;});

Update Memory: Mem <

| Cross-Attention({ Mem, M;});

fori=M+1,M+2,...,N do

SAM-2 feature: F; + Encoder(X));

Mask: M; < Decoder({Mem, F;});

Update Memory: Mem <+
Cross-Attention({Mem, M;});

emit Ml, MQ, M3,. . MN;

input images, videos, and sub-images and outputs
visual features. The visual projection layer maps the
features into tokens. These tokens, along with the
input text tokens, serve as the input for LLMs, which
generate text token predictions based on them. Note
that we utilize pre-trained MLLMs, as seen in prior
research [45, 74, 98, 112], to harness their powerful
capabilities. For both image and video conversation
tasks, we use the same pipeline as the original pre-
trained MLLMs (e.g., InternVL2 [14], Qwen-VL [2]).

Decoupled Design. We append SAM-2 [75] along-
side the pre-trained MLLMs. Note that we do not
take the SAM-2’s output tokens (visual features or
decoder outputs) into LLM. There are three reasons
behind this design choice. First, we aim to simplify
the combination without incurring additional compu-
tation costs. Second, adding extra tokens will impede
knowledge inheritance from MLLMs because MLLMs
and SAM-2 are misaligned. Third, with this design,
we can fully convert our work into a flexible frame-
work that utilizes pre-trained, evolving MLLMs, as
the MLLM community progresses rapidly.

Tuning SAM-2 Decoder via '[SEG]'* Tokens. Similar
to previous works [45, 98] which utilize SAM, we
employ the special token “[SEG]” to connect the de-

coder of SAM-2 with the MLLM. The hidden states
of the “[SEG]” token serve as a new kind of prompt,
which are fed into SAM-2’s Decoder, where they
are decoded into segmentation masks. The hidden
states of “[SEG]” can be viewed as a novel spatial-
temporal prompt for SAM-2. SAM-2 segments the
relevant object mask in images and videos based
on this spatial-temporal prompt. During training,
the SAM-2 decoder can be adjusted to comprehend
the spatial-temporal prompt, and gradients can be
backpropagated through the “[SEG]” token to the
MLLM, enabling it to gain knowledge from the train-
ing datasets.

Utilizing SAM-2 knowledge for mask tracking. For
Ref-VOS tasks, we develop a straightforward frame-
work to attain strong results on public benchmarks.
Specifically, we initially extract key frames (the first
several frames) from the video. These key frames are
then processed through MLLM. This MLLM then
generates a “[SEG]” token as the SAM-2 prompt to
create the masks for the key frames. Next, we utilize
the memory encoded by the key frame features to gen-
erate the mask for the remaining frames. We present
the default inference algorithm in Algorithm 1.

Benefits of a unified framework. Compared
with training separate task-specific models, a sin-
gle shared set of weights provides four concrete
benefits. (1) Positive cross-task transfer: joint co-
training across image/video x chat/segmentation
produces gains that cannot be recovered by single-
task training alone (Tab. 9; e.g., removing image-
segmentation data reduces RefCOCO performance
from 77.4 to 20.2 cloU). (2) Preserved conversational
ability: Sa2VA retains the chat capability of its base
MLLM while achieving state-of-the-art grounding per-
formance (Tab. 7). (3) Lower maintenance cost than
per-dataset fine-tuning: dataset-specific fine-tuning
brings only marginal improvements (Tab. 11) but
requires maintaining a separate checkpoint for each
dataset. (4) Deployment efficiency: a single model
handles all tasks without per-task switching, and the
appended SAM-2 module adds only about 220M pa-
rameters while running at 39.5 FPS; thus, the overall
cost is dominated by the shared MLLM (Tab. 19).
We provide further discussion of these benefits in the
Appendix.

3.3 Ref-SAV Dataset and Benchmark

Data Annotation Pipeline. We create an automatic
annotation pipeline to generate referring object text
expressions for the SA-V dataset [75]. As illustrated
in Fig. 3, the pipeline consists of three stages:



If {Inconsistent} or
{Unrecognizable}
Drop

Object-level
description
N . . A
Video-level expression annotation
Scene-level
description \ ntern-vL2

8 frames

Object-level expression annotation
Masked Object |Intern-VL

76B
=

Cropped Object

Scene-level expression annotation

description
Intern-VL2

-/ ~
L

Final expression: The object is a black goat wearing a blue ... (Object-level) It
is moving around in a natural outdoor environment ... (Scene-level)

Video-level
description

Scene-level
description

Object-level \

Figure 3 Data annotation pipeline. Our proposed au-
tomatic data annotation pipeline consists of three stages:
object-level, scene-level, and video-level text expression
annotation.

(1) Object-level annotation. We first select the frame
with the largest object area from the video and mask
out the non-object pixels. The cropped (without
masking) and full (with masking) images are then
fed separately into InternVL2-76B [14] to generate
detailed descriptions. The descriptions are processed
by Qwen2-72B [99] for consistency checking, and
conflicting descriptions are discarded. This method
allows us to filter out error-prone cases. (2) Scene-
level annotation. Both the image and the object-level
description from the previous stage are sent into
InternVL2-76B [14] to generate a detailed object de-
scription that includes relationships to the scene and
surrounding objects. (3) Video-level annotation. We
sample 8 frames uniformly from the video, apply-
ing yellow borders to emphasize the object in each
frame. These frames, paired with the scene-level
description, are processed by InternVL2-76B [14] to
generate a video-level description that captures the
object’s movement and actions.

Ref-SAV Dataset. Using the above pipeline, we have
automatically annotated detailed object expressions
for the SA-V dataset, resulting in the creation of Ref-
SAV. The training set of Ref-SAV contains 37,311
videos and 72,509 object expressions, which do not
have any human labeling. For the Ref-SAV vali-
dation set, we select a subset of videos from the
training set of the SA-V dataset to create the Ref-
SAV evaluation benchmark, as the validation and test
sets contain only a limited number of videos. These
videos are completely separate from the Ref-SAV
training dataset. The evaluation benchmark has two
parts: 1) The long-expression set, generated using
the automatic annotation pipeline mentioned above

and carefully filtered by human annotators. 2) The
short-expression set, which is manually annotated.
This evaluation benchmark includes 1,147 videos and
1,945 object expressions, comprising 1,694 long ex-
pressions and 251 short expressions. We note that
the annotation pipeline uses a two-model agreement
filter: captions generated by InternVL2-76B are cross-
checked by Qwen2-72B. All reported test results are
evaluated against human ground truth; moreover,
the short-expression set is fully human-annotated,
whereas the long-expression set is human-filtered. In
the Appendix, we discuss the choice of annotation
model, explain why it does not introduce an unfair
family-internal advantage, and provide external vali-
dation of the automatically generated labels.

3.4 Sa2VA Training and Testing.

One For All Co-Training. Sa2VA is co-trained on
multiple datasets. For VQA tasks, we utilize text
regression 1oss Ly, similar to common MLLMs.
For segmentation tasks L.,qsk, we employ pixel-wise
cross-entropy loss Lop and dice loss Lprog. It is
important to note that there is no pre-training stage
as in the base MLLMs [14, 59]; instead, we conduct
supervised fine-tuning in a single-stage training with
the following loss:

Liask = LcE+LDICE-
(2)

One For All Testing. All tasks can be encompassed
within the Eq. 1 paradigm. During the inference
stage, we encode the necessary task requirements,
such as text prompts, visual prompts, image features,
and video features, into tokens to input into the
LLM. The output tokens from the LLM are then
decoded into text responses (LLM prediction head),
segmentation masks (SAM-2 decoder), and responses
from the SAM-2 mask tracking module according to
the task definition.

‘Cinstruction = ‘Ctewt +[/mask: ;

4 Experiments

Baseline. We construct the baseline by combining
the SOTA public MLLM model InternVL2 [14] with
SAM-2 [75]. Similar to previous works [45, 74, 112],
the segmentation mask is obtained by decoding the
hidden state of the “[SEG]” token through SAM2’s de-
coder. Inspired by Mask2Former-VIS [15], an object
shares the same “[SEG]” token throughout the video,
enabling our model to handle both image and video
referring segmentation tasks in a unified manner.
In addition, we further use more advanced MLLM
models, InternVL2.5 [13], to demonstrate the model



Table 2 Sa2VA training datasets.

Type ‘ Datasets

Image QA | LLaVA 1.5 (665K)

Image Seg | RefCOCO (17K), RefCOCO+ (17K), RefCOCOg (22K), Grand-f (214K)
Video QA | Video-ChatGPT (100K)

Video Seg | Ref-YTVOS (3.5K), MeVIS (0.6K), ReVOS (1.7K), Ref-SAV (37K)

Table 3 Comparison with previous Ref-VOS benchmarks.

Property | DAVISI7-RVOS  ReVOS  Ref-YT-VOS  MeVIS  Ours

Table 4 Statistics comparison with other Ref-VOS
datasets.

Datasets ‘ Video Object Expression  Mask  Avg. Len.
Ref-YTVOS 3,978 7,451 15,009 131k 9.68
MeViS 2,006 8,171 28,570 443k 7.07
ReVOS 1,042 9,084 35,074 273k 10.5
Ref-SAV ‘ 37,311 72,509 72,509 6.0m 83.6

Table 5 Training strategies for model components.

Short Text

Long Text

Large Object Motion
Large Camera Motion
Heavy Occlusion

*x N X X N
NN
*x X N X N
* X X X N
NN NN

scaling effect. Our paradigm treats the MLLM as a
freely interchangeable plug-in, and it is our unified
paradigm that endows an arbitrary conversational
MLLM with strong referring segmentation while pre-
serving its dialogue ability. Sa2VA thus does not
stem from a stronger backbone, and even a relatively
weak backbone (LLaVA-1.5-7B) plugged into our
framework already surpasses the prior specialist (Ap-
pendix). Varying the backbone under our paradigm
(Tab. 8, Tab. 14) yields consistent gains, confirming
the improvement comes from the framework, not any
particular backbone; the same modularity let us swap
SAM-2 for SAM-3 (Appendix).

Datasets and Metrics. We use four types of datasets
to train Sa2VA, which include image QA, video QA,
image segmentation, and video segmentation datasets.
As shown in Tab. 2, Sa2VA’s training data includes
approximately 1.1 million image-text or video-text
pairs. Since InternVL2 has been trained with a large
amount of image QA and video QA data, we only used
665K LLaVA 1.5 [63] and 100K Video-ChatGPT [66]
data to prevent the MLLM from forgetting its image
and video QA capabilities. We use 56K referring
expression data [41, 103] and 214K grounding con-
versation generation data [74] for image-level text-
driven segmentation. For video-level referring expres-
sion segmentation, we used 5.8K existing referring
VOS data from Ref-YouTubeVOS [77], MeVIS [1§],
and ReVOS [98]. Additionally, we used 37K long
text referring VOS data (Ref-SAV), generated by our
proposed automatic annotation pipeline, to enhance
Sa2VA’s understanding of long referring text and
its object grounding capabilities for complex videos.
For image referring segmentation, we adopt cloU
since it balances the large and small objects. For
referring video object segmentation, we adopt J&F.
For image and video chat tasks, we follow previous
works [55, 59] and report performance accordingly.

Implementation Details. We adopt the xtuner [17]

MLLM  SAM-2 Encoder SAM-2 Decoder SAM-2 Memory

Training Strategy LoRA  Frozen Finetune Frozen

framework for training. Our model inherits from
MLLM models and does not require pre-training
stages, which allows it to effectively leverage the
information from the different base models. Unless
specified otherwise, the following details describe the
training of our default InternVL2 models. During
the instruction tuning phase, we use the AdamW
optimizer with an initial learning rate of 4e-5 and
a weight decay of 0.05. We employ a 5% warmup
ratio and apply gradient clipping with max gradient
norm as 1.0. For LoRA parameters, we set the rank
(r) to 256. The MLLM input image size is 448x448,
and the SAM-2 input image size is 1024x1024. The
maximum sequence length for the LLM is set to
8,192. We train for one epoch with a total batch size
of 256 (16x2x8), achieved using a per-device batch
size of 2 and 8 gradient accumulation steps. The
training is conducted using bfloat16 (bf16) mixed
precision on 16 NVIDIA H100 80GB GPUs. The
instruction tuning stage lasts approximately 24 hours.
The training strategy is listed in Tab. 5 We adopt
VLMEvalKit [21] for the evaluation of chat tasks,
and we have provided our scripts for segmentation
tasks. For Ref-SAV testing, we adopt the original
open-sourced codebase [90, 97, 98] and model weights
to infer the video results. By default, we use single-
stage instruction tuning and do not fine-tune on any
specific task to show the effectiveness of single-stage
instruction tuning.

Ref-SAV Dataset. In Tab. 3, we further compare
the existing Ref-VOS benchmarks from five different
aspects: short text, long text, large object motion,
large camera motion, and heavy occlusion. The previ-
ous benchmarks only contain partial aspects of these
five challenging cases. On the other hand, our bench-
mark is built from SAM-2 [75] and labeled with long
text, which is more challenging than previous bench-
marks. This is why the previous Ref-VOS models
cannot achieve good results on our benchmark. Fur-
thermore, as shown in Tab. 4, our dataset has more
detailed captions (Avg. Len. refers to the average



Table 6 Experiment results on various image/video benchmarks. We report cloU for the image segmentation sets,
J&F for the video segmentation sets, and AP50 for the GCG benchmark. For MME dataset [24], A / B denotes the
perception (A) and cognition (B) scores, respectively, while C(+) represents the total score (C = A + B). Although it
is more common to report perception and cognition separately, we report the sum as in their original paper if the

individual scores are missing.

Method Image Segmentation Video Segmentation Image Chat Video Chat GCG
RefCOCO [11]  RefCOCO+ [11]  RefCOCOg [103] | MeViS [15]  Ref-DAVISI7 [13]  ReEYTVOS [77]  ReVOS [05] | MME [21]  MMBench [61] SEED-Bench [17] | Video-MME [25]  MMBench-Video [22] | GCG [71]
LLAVA-1.5-13B [60] 1531(+) 68.8 70.1 - - -
Video-LLaVA-7B [57] - 60.9 - 39.9 1.03 -
LLaMA-VID-7B [55] 1521(+) 65.1 59.9 - 1.08 -
mPLUG-OwI3-8B [102] - 776 - 535 1.3 -
InternVL2-8B [14] - - - - 81.7 762 54.0 1.28 -
Pixel LM-7B [76] 73.0 66.3 69.3 309/135 174 - - - -
LaSagnA [51] 76.8 66.4 706 0/0 0.0 - -
LISA-7B [47] 74.9 65.1 67.9 1/1 0.4 - -
GLaMM-7B [71] 79.5 72.6 742 14/9 36.8 - 28.9
LLaVA-G-7B [109] 771 68.8 715 - - - -
GSVA-13B [0/] 79.2 703 75.7 - - -
OMG-LLaVA-7B [112] 78.0 69.1 72.9 - - - 1177/235 479 56.5 29.9
VideoLISA-3.8B [1] 73.8 63.4 68.3 444 68.8 63.7 - - - -
VISA-13B [95] 724 59.8 65.5 445 704 63.0 50.9 - - - -
Sa2VA-1B (Ours) 774 69.9 72.3 41.7 72.3 65.3 47.6 1381/405 68.3 64.8 39.9 1.07 23.8
Sa2VA-4B (Ours) 80.4 74.3 767 16.2 738 70.0 532 | 1553/540 76.8 72.6 50.4 1.23 28.2
Sa2VA-8B (Ours) 819 765 789 46.9 75.2 70.7 57.6 1651/578 82.4 75.5 52.1 134 31.0
Sa2VA-26B (Ours) | 825 78.8 79.7 | 46.2 77.0 70.1 584 | 1691/538 83.7 76.8 | 52.6 1.45 | 335

Table 7 Performance on image-level benchmarks with MLLMs that have segmentation capability. We report cloU for
the image segmentation sets. A / B denotes the perception (A) and cognition (B) scores, respectively, while C(+)

represents the total score (C = A + B).

Method | MME [24] MMBench [64] SEED-Bench [17] AI2D [42] MMStar [10] MMMU [106] SQA'' [65] | RefCOCO RefCOCO+ RefCOCOg
LLAVA-1.5-13B [60] | 1531(+) 68.8 70.1 - [ 00 0.0 0.0
LISA-7B [15] 1/1 0.4 - 0.0 - - - 74.9 65.1 67.9
PixelLM-7B [76] 309/135 17.4 - 0.0 - - - 73.0 66.3 69.3
LaSagnA-7B [34] 0/0 0.0 - 0.0 76.8 66.4 70.6
GLaMM-7B [74] 14/9 36.8 - 28.2 - - - 79.5 72.6 74.2
OMG-LLaVA-7B [112] | 1177/235 47.9 56.5 429 - - - 78.0 69.1 72.9
Sa2VA-4B (ours) 1553/540 76.8 726 79.9 53.7 46.2 95.8 80.4 74.3 76.7
Sa2VA-8B (ours) 1651/578 82.4 75.5 82.1 60.3 44.7 96.8 81.9 76.5 78.9
Table 8 Experiment results using stronger InternVL2.5 in our Sa2VA.
Base Image Segmentation Video Segmentation Image Chat
MLLM RefCOCO RefCOCO-+ RefCOCOg|MeViS (val_u) Ref-YTVOS Ref-DAVIS17| MME  MMBench SEED-Bench AI2D MMStar SQA‘*s
InternVL2.0-4B 80.4 74.3 76.7 52.1 70.0 73.8 1553/540 76.8 72.6 79.9 53.7 958
InternVL2.0-8B 81.9 76.5 78.9 57.0 70.7 75.2 1651/578 82.4 75.5 82.1 60.3 96.8
InternVL2.5-1B 79.6 73.6 T 53.4 68.0 69.5 1504/434 71.9 71.0 69.2 48.6 89.9
InternVL2.5-4B 82.4 77.6 79.7 55.9 71.3 73.7 1691/610 81.8 74.9 81.4 579 96.8
InternVL2.5-8B 82.6 78.0 80.3 58.9 72.3 75.9 1690/610 84.4 76.5 82.7 624 974
InternVL2.5-26B| 82.9 79.3 81.2 61.8 75.1 78.6 1698/653  85.8 78.3 85.7 67.0 98.4

length of the referring description) and many more
masks (about 10x). The proposed data can lead to
better instruction-following capability for complex
descriptions.

4.1 Main Results

Comparison With SOTA MLLMs. As shown in Tab. 6,
Sa2V-8B achieves cloU scores of 81.9, 76.5, and 78.9
on RefCOCO, RefCOCO+, and RefCOCQOg, respec-
tively, surpassing GLaMM-7B by 2.4, 3.9, and 4.7
cloU. Sa2VA performs favorably against the state-of-
the-art methods on RefCOCO+ and RefCOCOg, sig-
nificantly outperforming existing grounding MLLMs,
including LISA, GLaMM, PixelLLM, PSALM, and

OMG-LLaVA. Additionally, Sa2VA demonstrates
strong conversational capabilities, achieving scores of
2229 (1651/578), 82.4, and 75.5 on MME, MMbench,
and SEED-Bench, while existing grounding MLLMs
perform poorly in conversation due to catastrophic
forgetting. Sa2VA achieves performance compara-
ble to that of InternVL2 in image QA benchmarks,
indicating that Sa2VA largely maintains the chat
performance of the base MLLM.

Sa2VA also performs well on video benchmarks. It
achieves scores of 46.9, 75.2, and 57.6 J&F on MeVIS,
Ref-DAVIS17, and ReVOS, respectively, surpassing
the previous SOTA VISA-13B by 2.4, 4.8, and 6.7
J&F. Additionally, Sa2VA-8B earns a score of 1.34



on the video QA benchmark MMBench-Video, out-
performing InternVL2-8B’s 1.28. Sa2VA does not
achieve dominant results on video chat tasks, as it
has both video segmentation and understanding ca-
pabilities, which current methods are not equipped
to handle simultaneously. The main experimental
results indicate that our Sa2VA is a versatile and
powerful MLLM.

Detailed Results on Image Benchmarks. As indi-
cated by [45, 93, 112], performing instruction tun-
ing negatively impacts performance drastically on
chat tasks. We utilize co-training to address this
issue. In Tab. 7, we also present additional results
on image chat datasets. Our model maintains good
results across multiple image chat benchmarks while
achieving strong referring segmentation performance,
demonstrating its versatility.

Results on Ref-SAV validation set. In Tab. 10, we
benchmark several state-of-the-art Ref-VOS models
using our proposed Ref-SAV benchmark. We find
that even the foundation model [97] and the recent
video MLLM model [98] fail to achieve strong results
on our benchmarks. This is due to our benchmark
featuring more occlusions, longer text descriptions,
and diverse annotations from SAM-2 [75]. Conversely,
our method, Sa2VA, whether with or without the
Ref-SAV training set, can yield strong results. Our
method can be further enhanced with our training
set, indicating that our Ref-SAV training set serves
as a valuable supplement to the video understanding
community.

Comparison with specific fine-tuned methods. The
original Sa2VA setting is more challenging because it
requires the use of the same model weights to com-
plete all tasks. For fair comparison, similar to prior
works [74, 112], we evaluate with MLLMSs on specific
fine-tuned datasets. As shown in Tab. 11, we find
1.5% improvement across three datasets compared to
the co-training model, with Sa2VA performing best
among recent methods. From another perspective,
fine-tuning on a single dataset does not yield much
benefit (0.4 on RefCOCO). However, this requires
fine-tuning each dataset and producing a new model.
Therefore, we advocate for more general models like
Sa2VA for their versatility and convenience.

InternVL-2.5 Results. We further conduct ablation
experiments to evaluate the scalability of Sa2VA
with stronger MLLMs and additional datasets. As
shown in Tab. 8, upgrading the MLLM from In-
ternVL2 [14] to InternVL2.5 [13] consistently im-
proves performance across image, video, and mul-
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timodal benchmarks.

4.2 Ablation Studies

Effectiveness of Joint Co-training. The performance
of Sa2VA on image and video QA and segmentation
benchmarks can be attributed to unified instruction
tuning and joint co-training. We perform ablation
studies on the training datasets, with the results pre-
sented in Tab. 9. When trained without image QA
datasets, Sa2VA’s scores on MME and MMBench
drop by 129 and 4.9, respectively. Without image
segmentation datasets, Sa2VA achieves only 20.2,
20.6, and 23.2 cIoU on RefCOCO, RefCOCO-+, and
RefCOCOg, while performance on the video seg-
mentation benchmark drops significantly. Sa2VA
on MMBench-Video decreases by 34% when trained
without video QA datasets. When training without
video segmentation datasets, Sa2VA’s performance on
MeVIS and Ref-DAVIS17 drops by 6.4 and 3.3 J&F,
respectively. The ablation results indicate that joint
co-training with these four types of datasets is critical
to Sa2VA’s performance across the various tasks. In
Tab. 13, adding 3M image-QA samples from Infinity-
MM [27] yields a notable +2.1 gain on MMBench,
with negligible changes in segmentation accuracy.
When incorporating our Ref-SAV dataset, Sa2VA-1B
achieves a +1.7 J&F improvement on MeViS while
maintaining image-level performance. These results
demonstrate that Sa2VA benefits synergistically from
both model scaling and data expansion, indicating
substantial headroom for further improvement.

Ablation study on the Segmentation Token Design.
Tab. 12 shows the results of our ablation on the seg-
mentation token design. We analyze two primary
alternative strategies based on whether to use the
same special token or different special tokens for dif-
ferent frames. First, we test the repetitive strategy,
which requires the LLM to output the same “[SEG]”
token N times for N frames. This approach slightly
reduces video segmentation performance. Second,
we analyze using unique, frame-specific tokens (e.g.,
“[SEG 1]” for frame 1, “[SEG 2|” for frame 2, and
so on). This design caused a larger performance
drop. The reason is that it prevents knowledge shar-
ing with the image segmentation task. The model
is typically pre-trained to associate a single, generic
“[SEG]” token with the concept of segmentation. By
introducing new tokens (“[SEG 1], ..., “[SEG n|”),
there is a mismatch between images and videos that
blocks this knowledge transfer, forcing the model to
learn the meaning of each new segmentation token in-
dependently. In other words, carrying richer or more
specialized information through multiple dedicated



Table 9 Ablation study on co-training effect on multiple datasets. We use Sa2VA-1B to test the performance.

Data Image Segmentation Video Segmentation Image Chat Video Chat
RefCOCO  RefCOCO+  RefCOCOg | MeViS (val_u)  Ref-DAVIS17 MME MMBench ~ SEED-Bench | Video-MME — MMBench-Video
All Data ‘ 7.4 69.9 72.3 ‘ 50.8 72.3 ‘ 1381/405 68.3 64.8 ‘ 39.9 1.07
w/o Image QA 78.0 70.1 72.2 48.3 73.0 1298/359 63.4 63.8 39.7 0.39
w/o Image Segmentation 20.2 20.6 23.2 38.0 48.8 1393/408 70.1 65.7 41.2 1.08
w/o Video QA 78.0 70.4 72.6 50.7 74.3 1370/402 69.1 65.0 41.3 0.71
w/o Video Segmentation T7.4 69.1 72.4 44.4 69.0 1403/398 67.8 64.9 40.4 1.04

Table 10 Ref-SAV validation sets. zs: zero-shot testing.

Table 13 Ablation study on using more datasets.

Long Short Overall
Method ‘ J F  J&F ‘ ] F  J&F ‘ I F  J&F
UniRef++ [00] (zs) | 141 108 125 ] 90 82 86 | 116 95 105
UNINEXT [97] (zs) | 1.7 83 10.0 | 58 44 51 | 88 64 7.6
MeVIS [18] (zs) 121 71 113 |62 53 55 [122 98 103
VISA [95] (zs) 161 122 141|123 96 9.2 |132 113 118
Sa2VA-8b (zs) 477 509 493 | 315 350 333 | 306 430 413
Sa2VA-8b (Ours) | 57.0 60.4 587 | 39.5 42.9 41.2 | 483 517 500

Table 11 Comparison with Fine-tuned Models.

Model Type ‘RefCOCO RefCOCO+  RefCOCOg

LAVT [101] 727 62.1 61.2
GlaMM-7B [71] 79.5 72.6 74.2
OMG-LLaVA-7B [112] | 78.0 69.1 72.9
F-LLM-7B [93] 76.1 65.2 68.5
Sa2VA-8B (ours) 81.9 76.5 78.9
Sa2VA-8B (ft) 82.3 7.3 79.3

tokens is a promising direction. However, it appears
to require dedicated pre-training to re-establish the
association between these tokens and segmentation
outputs. This is beyond our single-stage instruction-
tuning budget and is therefore left to future work.

4.3 More Comparison Results

Comparison with recent video MLLM models on re-
ferral video segmentation Recently, several works
have also combined MLLMs into video referring seg-
mentation tasks. As shown in Tab. 15, we list and
compare our models against several recent meth-
ods on three datasets. These competitors include
VideoGLaMM [68], VideoLISA [4], HyperSeg [36], In-
structSeg [85], and etc. We also include the combined
strong baseline (SAM2 [75] + GlaMM [74]) reported
in [68]. As shown in Tab. 15, our Sa2VA-8B model
achieves strong performance across all three datasets.
Our Sa2VA-4B model also demonstrates strong com-
petitive performance, achieving the highest score on

Table 12 Ablation study on “[SEG]” token design.

Type ‘ RefCOCO  RefCOCO+ RefCOCOg ‘ DAVIS  MeVIS(val_u)

Single 774 69.9 72.3 72.3 50.8
Repetitive 77.3 70.2 72.5 71.1 49.6

Unique 77.6 70.3 72.4 68.6 46.3
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Dataset Size | RefCOCO
12M | 774
L2M+3M | 77.1(-0.3)
1.2M+37K | 77.2(-0.2)

RefCOCOg | MMBench
723 | 683
72.6( 0.3) | 704( 2.1)
72.6( 0.3) | 68.2(-0.1)

MME | MeVIS(val_u)
1381/405 | 50.8

1396/346(-44) | 51.2( 0.4)
1384/418( 16) | 525( 1.7)

baseline

Inifinity-MM [27]
Ref-SAV

MeViS, while maintaining the ability for image/video
chat, GCG, and visual prompt understanding. At
the same time, other referring video segmentation
methods only focus on this task, and due to the lack
of training data for other tasks, the obtained model
will perform poorly on other tasks such as video or
image chat.

Comparison with vision expert models. As shown
in Tab. 16, we compare our model with recent vi-
sion expert models designed specifically for referring
segmentation. Although these specialist models are
typically more lightweight, our general-purpose 26B
model (Sa2VA-26B) still achieves the strongest re-
sults, outperforming them across all five datasets.
This is significant, as these expert models lack con-
versational capabilities and are mostly limited to a
single modality (video or image), whereas our model
is a generalist.

Effectiveness of training dataset on more meth-
ods. We further demonstrate the effectiveness of our
proposed Ref-SAV training dataset by evaluating a
representative method, UniRef++ [90]. As shown
in Tab. 17, we compare two distinct settings to iso-
late the impact of our data. The zero-shot setting
involves directly testing the pre-trained UniRef++
model on the Ref-SAV validation dataset without any
new training. In contrast, the fine-tuning setting first
trains the model on our proposed Ref-SAV training
dataset before evaluation on the same validation set.
The results clearly show that the model fine-tuned
on our dataset achieves a significant improvement
across all metrics. Most notably, the Overall J&F
score increases substantially from 10.5 to 14.6. This
considerable gain, which is consistent across both
“Long” (12.5 to 17.2 J&F) and “Short” (8.6 to 12.0
J&F) validation splits, indicates that our automatic
data engine has great potential for boosting the per-



Table 14 Experiment results of Sa2VA with recent base MLLMs.

Base Image Segmentation Video Segmentation Image Chat

I\'ILLl\/] RefCOCO refCOCO+ refCOCOg MeViS (v:a.|7u) ReVOS Ref-DAVIS17 MME MMBench SEED-Bench AI2D MMStar SQA‘QS‘
Sa2VA-8B ‘ 81.9 76.5 78.9 ‘ 57.0 57.6 75.2 ‘ 1651/578  82.4 75.5 82.1 60.3 96.8
Sa2VA-InternVL3-2B 81.4 5.7 80.3 53.9 56.2 74.5 1631/559  79.8 73.9 771 59.2 93.7
Sa2VA-InternVL3-8B 83.3 78.9 81.8 56.4 60.8 76.3 1743/633  83.0 76.2 84.3  65.9 97.5
Sa2VA-InternVL3-14B 83.6 79.9 83.6 59.2 60.7 76.6 1746/724  84.3 76.6 85.2 674 98.7
Sa2VA-Qwen2.5VL-3B 79.6 74.0 77.1 51.6 52.0 73.4 1533/572  78.4 73.9 81.1 57.7 80.3
Sa2VA-Qwen2.5VL-7B 82.4 7.5 81.5 56.4 58.3 79.4 1552/676  84.5 75.0 84.5  62.3 87.9
Sa2VA-Qwen3VL-4B 81.7 774 80.0 57.1 56.7 75.9 1660/655  86.3 7.3 85.4  66.3 91.6

Table 15 Comparison with Recent Video MLLMs.

Model Type ‘MeViS ReVOS  Ref-DAVIS17

PG-Video-LLaVA [67] 18.9 -
GLaMM + SAM2 [68] | 38.7 -
VideoGLaMM (3.8B) [68] | 45.2 - -

VISA-13B [08] 45 509 70.4
VideoLISA-3.8B [] 44.4 - 68.8
HyperSeg-3B [36] - 55.7 71.2
InstructSeg [85] 54.5 71.1
Sa2VA-4B (ours) 46.2 53.2 73.8
Sa2VA-8B (ours) 46.9 57.6 75.2

Table 16 Comparison with Vision Expert Models.

Model Type ‘ RefCOCO  RefCOCO+  RefCOCOg ‘ MeVIS  Ref-DAVIS17
LAVT [101] 72.7 62.1 61.2 - -
ReferFormer [39] - - - 31.0 61.1
UniRef L [90] 814 740 76.0 - 67.2
EVF-SAM [116] 82.4 76.5 78.2 - -
LMPM |15] - - - 372 -
UniVs [52] - 59.4
Sa2VA-26B (ours) ‘ 82.5 78.8 79.7 46.2 77.0

formance of Ref-VOS models.

Results on visual prompts understanding tasks. We
also report on visual prompt understanding tasks, fol-
lowing previous works [105, 112]. Specifically, we eval-
uate region caption performance on the RefCOCOg
dataset. As shown in Tab. 18, our method, Sa2VA-
4B, also achieves the best results among recent visual
prompt understanding models. It scores 17.3 on the
METEOR metric, significantly outperforming the
next-best method, Osprey [105], which scored 16.6.
This indicates that Sa2VA can also generate strong
region-aware captions.

4.4 Discussions

Sa2VA with recent MLLM models. Table 14 presents
a comprehensive evaluation of our Sa2VA frame-
work integrated with different recent base Multi-
modal Large Language Models (MLLMs), includ-
ing Qwen2.5-VL [3], Qwen3-VL [95], and InternVL-
3 [122]. The results clearly demonstrate that the
choice of the base MLLM significantly influences per-
formance, and this effect varies across different tasks.
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Table 17 Vision Expert on Ref-SAV validation sets.

Long Short Overall
Method J F JF|J F JF| J F J&F
UniRef++ [90] (zero-shot) | 14.1 108 125 | 9.0 82 86 116 95 105
UniRef++ (fine-tuning) ‘ 19.2 151 172 ‘ 123 11.7  12.0 ‘ 15.8 134 14.6

Table 18 Region caption performance on RefCOCOg
dataset.

Method | 8a2VA-4B | OMG-LLaVA [112] Osprey [105] GLaMM [74] GRIT [$5] Kosmos-2 [71]
METEOR | 173 | 15.3 16.6 16.2 15.2 14.1

For instance, while the Sa2VA-InternVL3-14B model
achieves the strongest overall performance, particu-
larly on image and video segmentation benchmarks
like RefCOCO (83.6) and MeViS (59.2), other mod-
els exhibit competitive strengths in specific domains.
Notably, the Sa2VA-Qwen3VL-4B model records the
highest score on MMBench (86.3) and shows highly
competitive results on other image chat datasets.
This variation highlights that different base MLLM
architectures possess distinct capabilities, making
model selection a critical factor for task-specific op-
timization. To facilitate further research and allow
the community to build upon these findings, we have
publicly released all trained model checkpoints.

Discussion on the inference speed. The computa-
tional overhead in Sa2VA is dominated by the MLLM
component due to its auto-regressive nature, where
each inference step generates tokens sequentially. In
contrast, the primary additional module, SAM-2, is
relatively lightweight at 220M parameters (compared
to the MLLMs, which range from 1B to 26B) and
efficient, achieving 39.5 FPS on vision tasks with only
a single forward pass per image. While the variable
output length of the MLLM makes precise latency
estimation challenging, to provide a more concrete
comparison, we also construct a controlled benchmark
with fixed frame and language lengths (“Please seg-
ment the man.” as the text prompt with 5 frames and
totaling 1280 tokens) to estimate computational cost
more systematically. The results of this benchmark



Table 19 Computational cost comparision.

Model

Sa2VA-1B
Sa2VA-4B
Sa2VA-8B
Sa2VA-26B

Params

1B
4B
8B
26B

Base MLLM
InternVL2.5-1B
InternVL2.5-4B
InternVL2.5-8B
InternVL2.5-26B

GPU

NVIDIA-H100
NVIDIA-H100
NVIDIA-H100
NVIDIA-H100

Inference Time

0.123s
0.282s
0.201s
0.463s

Base Language Model
Qwen/Qwen2.5-0.5B-Instruct
Qwen/Qwen2.5-3B-Instruct
internlm /internlm2 _5-7b-chat
internlm /internlm2_5-20b-chat

are detailed in Table 19. The results show inference
times of 0.123s for Sa2VA-1B, 0.282s for Sa2VA-4B,
0.201s for Sa2VA-8B, and 0.463s for Sa2VA-26B. We
note that inference speed is largely dependent on
optimization, and the discrepancy between the 4B
model (0.282s) and the 8B model (0.201s) may be
due to the different base LLMs (Qwen vs. InternL.M)
employed. Nonetheless, these results confirm that
the majority of the model’s computational cost stems
from the auto-regressive MLLM component rather
than the efficient, single-pass SAM-2 module.

Inference Strategy. We also analyzed the impact
of our keyframe sampling strategy. Our default ap-
proach of using the first five frames was chosen for sim-
plicity and consistency, but we investigated whether
this method limits the model’s ability to capture
long-range temporal dependencies or objects that ap-
pear later in the video. To test this, we performed
an ablation study on the MeVIS dataset using the
Sa2VA-8B model. We compared the performance of
selecting the first 1, 3, 4, and 5 consecutive frames
against a uniform sampling strategy that selects 5
frames spread across the entire video. The results
of this comparison are detailed in Table 20. As the
table shows, performance generally improves as the
number of consecutive frames increases, from 55.1
J&F for a single frame to 59.5 J&F for four frames.
However, the “First 5 Frames” strategy (58.9 J&F) is
significantly outperformed by the “Uniform 5 Frames’
strategy, which achieves 62.9 J&F. Notably, both
5-frame methods have an identical inference time
(0.207s) and process the same number of image to-
kens (1280). This finding suggests that more sophis-
ticated, interval-based sampling strategies improve
performance. However, we would like to keep Sa2VA
as simple as possible and leave the design of advanced
sampling techniques to future work.

)

4.5 Visualizations

Results on image referring segmentation. As shown
in Fig. 5, we visualize the image referring segmenta-
tion task. With different language descriptions, our
Sa2VA can segment different masks with the clues
from the description. Additional qualitative results
on video referring segmentation, visual-prompt un-
derstanding, and failure cases are provided in the
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A person is seen
playing with a
skateboard. The
skateboard is positioned
over the grass. The

is visible over the
person, house, and
tree.

A person is riding A man, referred
to as person, is
seen riding a

. The
motorcycle is on
a road. The man
is wearing a
helmet.

Sa2VA

A woman, referred to
as person, is standing
| onthesand at the
~ beach. She is holding a
| kife. The <cc is beside
___ her, with the sky

racket. [ overhead.

A man riding a
motorcycle
down a road .

A man in a black
helmet is riding a
motorcycle

A boy is jumping &

off a roof
f ¥
&

Figure 4 Visualization results on GCG tasks. Top: our
method. Bottom: OMG-LLaVA [112]. Note that our
method has stronger, fine-grained grounding and text
alignment than OMG-LLaVA [112], a strong previous
baseline.

A man,
referred to
as person is

A giraffe is
standing on the
grass in a field.
The sky is visible
over the giraffe

A woman is standing
on the beach holding
akite .

OMG-LLavA

and the grass.

tennis court.

Please segment the cameraman in the image.

Please segment the cooker.

Please segment the cooked pasta.

-

Please segment the car nearest the
camera

Please segment the person who is
riding the bicycle.

Please segment the red
electric motorcycle ridden by
aman.

Figure S Visualization results on the image referring
segmentation.

Please segment the bicycle.

Please segment the trash

can with "E14". Please segment the garbage bags and

the trash can.

Appendix.

Results on GCG task. In Fig. 4, we further show sev-
eral visual examples in grounded caption generation
tasks. Compared with the previous SOTA model,
OMG-LLaVA, our model achieves better results in
both mask quality and text-mask alignments. The
former indicates better-aligned segmentation outputs,
while the latter shows the latter indicates good text-
to-region alignments.

Video demo. Since dynamic visual content such
as videos cannot be effectively presented within the
static format of the manuscript, we have provided
additional video demos in the supplementary material.
These videos are intended to offer a clearer and more
intuitive understanding of our method’s performance.
Please refer to the ZIP file for the demos.



Table 20 Ablation study on keyframe sampling strategies
using Sa2VA-8B on the MeVIS (val _u) dataset.

Sampling Strategy  MeVIS J&F (val_u) Inference Time (per sample) # Image Tokens

0.151s 256
0.167s 768
0.181s 1024
0.207s 1280
0.207s 1280

55.1
58.7
59.5
58.9
62.9

First 1 Frame
First 3 Frames
First 4 Frames
First 5 Frames
Uniform 5 Frames

5 Failure Cases and Future Work

Failure cases of Sa2VA and Future work. Although
Sa2VA achieves strong results across various referring
segmentation datasets, there are still several failure
cases that need to be explored. We identify two
shortcomings of Sa2VA in our future work. One is a
long video with hard, distinguished referring exam-
ples (Appendix). This is because our Sa2VA works
in online mode without knowing the entire video con-
tent to align the long, complex text. Tab. 20 shows
that uniformly sampling 5 frames substantially out-
performs using the first 5 frames (62.9 vs. 58.9 J&F
on MeViS val _u) at the same inference cost, indicat-
ing that broader temporal coverage is beneficial. We
therefore view interval-based or adaptive temporal
sampling, together with stronger long-range memory,
as a principled remedy for long-video alignment. The
other open challenge is how to improve VQA perfor-
mance on both images and videos without degrading
referring segmentation. As shown in the ablation
table in the main paper, increasing the scale of VQA
data leads to a performance drop on referring segmen-
tation tasks. Thus, how to balance these two types
of supervision while preserving grounded prediction
knowledge remains an unsolved problem.

Hypothesis on the VQA--grounding conflict. We
hypothesize that this residual imbalance reflects a
representation—objective conflict rather than a ca-
pacity limitation. VQA is optimized with a next-
token language-modeling loss, which favors holistic,
sequence-level semantic representations. In contrast,
referring segmentation requires the hidden state of
the “[SEG]” token to preserve fine-grained, spatially
discriminative information for the SAM-2 decoder.
As the amount of VQA data increases, the LLM
representations may drift toward a global-semantic
attractor, thereby weakening the spatial signal car-
ried by “[SEG]”. We further conjecture that visual
generative objectives, such as image/video synthesis
or masked reconstruction, may interfere less with
dense grounding because they also require spatially
grounded representations, and may even serve as a
mutual regularizer. We provide extended analysis
and discuss possible mitigations in the Appendix.
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Reinforcement learning as a future direction. The
language-modeling objective used in this work es-
tablishes a strong single-stage baseline. A natural
next step is reinforcement learning with verifiable

rewards, such as mask IoU or boundary F-score, op-

tionally combined with text-side preference signals
as in RLHF/GRPO. Such task-specific rewards could
inject grounding supervision only where it is needed,
thereby mitigating the VQA—grounding interference
discussed above and improving robustness on chal-
lenging, distinguishing referring expressions in long
videos. We leave RL-based post-training to future
work.

Future directions on Ref-SAV benchmarks. As dis-
cussed in Tab. 3, long text, occlusion inputs, and
longer videos with camera motion are critical prob-
lems in our benchmarks. Thus, the new models need
to design a more robust Ref-VOS system to handle
these challenges with several specific designs, includ-
ing more robust memory designs. In addition, under-
standing long text and improving long text grounding
ability is also important to explore.

6 Conclusion

In this work, we present Sa2VA, a versatile frame-
work that integrates SAM-2 with MLLMs to achieve
a dense, grounded understanding of both images and
video. Our method can handle various image and
video understanding tasks, including referring im-
age/video segmentation and image/video conversa-
tion, with just single-stage instruction tuning. By
leveraging the knowledge from both MLLM and SAM-
2, our model has strong capabilities in both mask and
language generation. To demonstrate the effective-
ness of our proposed method, we propose a challeng-
ing referring video object segmentation benchmark,
Ref-SAV. Extensive experimental results show that
Sa2VA achieves strong performance on various tasks
across benchmarks. In addition, Sa2VA can also be
extended with various modern MLLMs, with poten-
tial for building stronger baselines for pixel multi-
modal systems.
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Appendix

A Concrete Benefits of the Unified
Framework

Sa2VA employs a single set of weights for all tasks,
rather than training a separate model for each input
type and task. Beyond the summary in Sec 3.2,
we detail four benefits of this unified design, each
supported by the experiments in the main paper.

Positive cross-task transfer. Joint co-training across
the image/video x chat/segmentation grid yields
gains that single-task training cannot recover. As
shown in the co-training ablation (Tab. 9), remov-
ing any single modality of training data causes large
drops; for instance, removing image-segmentation
data collapses RefCOCO from 77.4 to 20.2 cloU, and
removing video-segmentation data degrades MeViS
and Ref-DAVIS17 by 6.4 and 3.3 J&F. The uni-
fied paradigm is thus essential, independently of any
newly introduced data.

No catastrophic forgetting of conversational abil-
ity. A recurring failure mode of grounding MLLMs
is that instruction tuning for segmentation destroys
their chat ability. Sa2VA instead retains the conver-
sational performance of its base MLLM across MME,
MMBench, SEED-Bench, and AI2D while simulta-
neously reaching state-of-the-art grounding (Tab. 6,
Tab. 7).

Lower maintenance than per-dataset fine-tuning.
Fine-tuning the model on each individual dataset
yields only marginal improvements (Tab. 11, 1.5%
on the referring sets and only 0.4 on RefCOCO for
single-dataset fine-tuning), yet it requires a separately
stored and maintained checkpoint per dataset. The
unified model attains comparable or better accuracy
with a single checkpoint.

Deployment and inference efficiency. A single set of
weights serves all tasks with no per-task model switch-
ing cost. The appended SAM-2 adds only ~220M
parameters and runs at 39.5 FPS, so the overall
computational cost is dominated by the shared auto-
regressive MLLM (Tab. 19: 0.123s for Sa2VA-1B,
0.282s for 4B, 0.201s for 8B, and 0.463s for 26B).
The visual-prompt / “[SEG]” token budget is iden-
tical across tasks, so unification does not introduce
additional token overhead.
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B Annotation Model Choice and Vali-
dation

Choice of InternVL2-76B. We adopted InternVL2-76B
as the primary captioner because it was one of the
strongest open-source MLLMs available when the Ref-
SAV training set was built. Importantly, the annota-
tion pipeline (Fig. 3, Sec. 3.3) is not a single-model
pseudo-labeler: object-level captions generated by
InternVL2-76B are cross-checked by Qwen2-72B, and
inconsistent or unrecognizable cases are discarded.
This two-model agreement filter reduces the risk of
systematic single-model bias.

Decoupled annotation model and backbones. Using
an InternVL-family model for both annotation and
the backbone does not introduce a family-internal
advantage. First, the annotation model is InternVIL2-
76B, whereas the main experiments adopt backbones
spanning InternVL2-1B/4B/8B/26B, InternVL2.5, In-
ternVL3, and the unrelated Qwen2.5-VL and Qwen3-
VL families (Tab. 8 and Tab. 14), which have distinct
weights and even distinct model families. Second,
Ref-SAV transfers cleanly to backbones outside the
InternVL family: UniRef++, which is unrelated to
InternVL, improves from 10.5 to 14.6 overall J&F
after fine-tuning on Ref-SAV (Tab. 17), and the
Qwen-family backbones obtain similarly large gains
(Tab. 14). Such cross-family transfer would not arise
from family-internal label leakage.

Validation of annotation quality. The Ref-SAV evalu-
ation is anchored to human ground truth: the short-
expression evaluation set is fully human-annotated,
and the long-expression evaluation set is human-
filtered (Sec. 3.3). Therefore all reported test num-
bers measure agreement with human labels rather
than with the automatic captioner. As external vali-
dation, Tab. 17 shows that an independent method
consistently improves after training on our automatic
labels, across both the long (12.5—17.2 J&F) and
short (8.6—12.0 J&F) splits, indicating that the au-
tomatic data engine produces useful supervision.

C Generalization to the Newer Seg-
menter: SAM-3

Generalization to evolving segmentation models is an
explicit design goal of Sa2VA. The decoupled design
(Sec. 3.2) keeps the segmenter’s encoder and mem-
ory frozen and bridges to the MLLM only through
the spatial-temporal “[SEG]” prompt token, so any
prompt-able segmentation decoder can be plugged
in without modifying the MLLM side. To verify
this, we replace SAM-2 with the more recent SAM-



Table A1 Ablation study on the segmenter choice under a fixed Sa2VA pipeline (Qwen3-VL-4B).

Segmenter

RefCOCO  RefCOCO+ RefCOCOg

MeViS ReVOS Ref-DAVIS17

(cIoU) (cIoU) (cIoU) (J&F)  (J&F) (J&F)
SAM-2 83.6 79.2 82.4 61.4 61.4 76.2
SAM-3 83.7 79.4 83.0 65.3 66.3 771

Table A2 Controlled same-backbone comparison against LISA-7B. All Sa2VA variants share an identical training

recipe.
Model (backbone) RefCOCO RefCOCO+ RefCOCOg MeViS ReVOS Ref-DAVIS17
(cIoU) (cIoU) (cIoU) (J&F)  (J&F) (J&F)
LISA-7B (LLaVA-1.5-7B) 74.9 65.1 67.9 - - -
Sa2VA (LLaVA-1.5-7B) 80.3 73.1 79.2 54.8 54.0 74.6
Sa2VA (Qwen2.5-VL-7B) 82.3 77.1 80.5 58.1 58.6 77.4
Sa2VA (Qwen3-VL-4B) 83.6 79.2 82.4 614 61.4 76.2

3 while keeping the rest of the pipeline unchanged,
using a Qwen3VL-4B backbone. Since SAM-3 re-
tains a promptable visual segmentation interface, the
“[SEG]” token transfers directly through the exist-
ing prompt projection. To isolate the effect of the
segmenter, both rows are trained under an identical
recipe without the Ref-SAV data, so that the com-
parison reflects the segmenter alone rather than any
additional training data. We train Sa2VA with pub-
licly released codebase and have released the model
and training config for reproduce.

Asreported in Tab. A1, upgrading the segmenter con-
sistently improves performance, with the largest gains
on the video benchmarks (e.g., MeViS 61.4 — 65.3
and ReVOS 61.4 — 66.3 J&F). This result supports
two conclusions: (i) the framework is modular with
respect to the segmenter, as the decoupled design and
the “[SEG]|” bridge enable a drop-in replacement; and
(ii) the framework benefits from stronger segmenters
without retraining the MLLM. We note that the con-
tribution of Sa2VA lies not in adopting a stronger
segmenter, but in unifying diverse tasks within a
single architecture. The SAM-3 integration is also
released in our public repository to facilitate further
research.

D Backbone Fairness: Same-
Backbone Comparison

To isolate the contribution of our unified paradigm
from that of a stronger backbone, we drop a LISA-
comparable language backbone—the original LLaVA-
1.5-7TB—into our framework and compare against
LISA-7B under the same backbone. All Sa2VA rows
in Tab. A2 are trained from scratch under an iden-

22

tical recipe (1 epoch, LoRA r = 128, frozen LLM
and visual encoder; image scores are val cloU and
video scores are J&F), without the Ref-SAV data,
so that the comparison reflects the backbone alone
rather than any additional training data. On the
same LLaVA-1.5-7B backbone, our paradigm lifts
referring segmentation well above LISA-7B (+5.4 Re-
fCOCO, +8.0 RefCOCO+, +11.3 RefCOCOg) and
additionally endows it with referring video segmen-
tation that LISA does not support at all. The gain
therefore stems from the unified paradigm rather than
a stronger backbone; swapping in stronger MLLM
backbones (Qwen2.5-VL, Qwen3-VL) improves the
numbers further, but even the deliberately weak
LLaVA-1.5 backbone already surpasses the prior spe-
cialist. We train Sa2VA with our publicly released
codebase and have released the trained models and
training configs for reproducibility.

E Disentangling Data and Paradigm

A key question is whether the performance of Sa2VA
stems from the newly constructed data or from the
unified training paradigm. We first note that Sa2VA
is efficient to train: it requires no pre-training stage
and only a single epoch of supervised instruction
tuning with LoRA (r = 256), taking ~24 hours on
16 NVIDIA H100 80GB GPUs (bf16, total batch size
256), as detailed in Sec. 4. We then disentangle the
two factors from both directions.

The paradigm matters with data held fixed. The
co-training ablation (Tab. 9) is conducted without
the Ref-SAV data, and removing any single modality
of training data already causes large drops. Hence



the joint paradigm is necessary independently of the
new dataset.

The same data cannot compensate for a weaker
paradigm.  Fine-tuning a non-unified baseline
(UniRef++) on the same Ref-SAV data improves
its overall J&F only from 10.5 to 14.6 (Tab. 17), far
below Sa2VA. Under an identical data-construction
cost, a conventional paradigm cannot approach the
unified framework, indicating an inherent advantage
of the framework rather than a mere data advantage.

Targeted data helps, but only through the paradigm.
With the paradigm fixed, adding 3M generic VQA
samples barely affects segmentation, whereas adding
only 37K targeted Ref-SAV samples yields +1.7 J&F
on MeViS (Tab. 13). The paradigm requires data
targeted to the task, and the data is effective only
within the paradigm. In summary, data and paradigm
are complementary, and neither factor alone accounts
for the performance of Sa2VA.

F The VQA--Grounding Representa-
tion Conflict

We expand on the hypothesis introduced in Sec. 4.4
regarding why scaling up VQA data can hurt referring
segmentation.

Why VQA and grounding compete in the shared
token space. VQA is optimized with a next-token
language-modeling loss whose gradient pressure fa-
vors holistic, sequence-level semantic representations:
visual tokens are encouraged to be compressed into
a compact summary suitable for autoregressive an-
swer generation. Referring segmentation, in contrast,
requires the hidden state of the “[SEG]|” token to re-
tain fine-grained, spatially discriminative information,
so that the SAM-2 decoder can localize the correct
pixels. As VQA data is scaled up, the representa-
tions of the LLM drift toward the global-semantic
objective, weakening the spatial signal carried by
the “[SEG]” token and degrading segmentation. This
representation-objective conflict is most visible in
Tab. 9: removing image-segmentation supervision
collapses RefCOCO from 77.4 to 20.2 cloU, showing
how fragile the spatial signal carried by the “[SEG]”
token is once the training objective shifts away from
dense grounding. Consistent with this, scaling generic
VQA data (Tab. 13) yields no segmentation improve-
ment even as it raises chat scores.

Visual generative tasks may align better with
dense grounding. Generative objectives such as im-
age/video synthesis or masked reconstruction require
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spatially grounded representations for pixel-level re-
construction, which are structurally closer to dense
grounding than the holistic-semantic objective of
VQA. We thus conjecture that jointly training with
generative objectives may interfere less with ground-
ing than VQA does, and could even act as a mutual
regularizer. Validating this empirically, for exam-
ple by adding a masked image/video reconstruction
head or a diffusion-style auxiliary loss, is a promising
direction for future work.

Possible mitigations within the current paradigm.
Beyond generative co-training, we are exploring (i)
task-specific token subspaces with lightweight gating,
(ii) representation-level regularization that constrains
“|[SEG]” features to a separable subspace, and (iii)
reinforcement learning with verifiable segmentation
rewards (Sec. 5).

G Additional Qualitative Results

Owing to the page limit, the following qualitative
results on video referring segmentation, visual prompt
understanding, and failure cases are presented here
rather than in the main text.

Results on video referring segmentation. As shown
in Fig. Al, our method performs well in handling
diverse and challenging conditions, showcasing a re-
markable ability to adjust and perform effectively
even in occlusion scenes or highly dynamic environ-
ments.

Results on visual prompt understanding. As shown in
Fig. A2, our method can generate descriptions based
on the visual prompts. The descriptions generated by
our method demonstrate a high degree of contextual
awareness, effectively capturing details within the
visual cues.

Failure cases. As shown in Fig. A3, we present repre-
sentative failure cases, which mainly arise from long
videos with hard, fine-grained referring expressions,
as discussed in Sec. 5.



Please segment the object is a dark-colored backpack with light-colored accents, featuring multiple compartments and pockets,

securely fastened to an individual's back. The person is dressed in dark clothing and ascending an escalator in a public setting, likely

a mall or transportation hub. The backpack has adjustable straps and a top handle, appearing functional for carrying various items.

The individual moves steadily up the escalator, indicating a purposeful journey.
_— i .

Please segment a white dog with black patches.

Figure A1 Visualization results on video referring segmentation.
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The region marked by regions is a mountain in the background of
the image. It is a large mountain with a snowy peak, adding a
majestic and picturesque element to the scene. The mountain stands
tall and imposing, creating a sense of grandeur and natural beauty.

The region marked by region5 is a dense forest of trees. It

is a lush green area with tall trees, creating a picturesque

and serene environment. The trees are surrounded by a calm
lake, adding to the tranquility of the scene. The forest
provides a natural backdrop to the person paddling the
canoe, creating a harmonious connection between nature and
human activity.

The region marked by regionl is a person wearing a green
jacket. They are the main focus of the image, sitting in a
canoe and enjoying the serene surroundings. The person is
wearing a life jacket, which adds to the safety precautions
taken during the canoeing activity.

The region marked as region3 is the bottom of the boat. It is the
lower part of the boat where the person is sitting. The boat is a
canoe, and the person is wearing a life jacket while sitting in it.
The region captures the perspective of the person from the
bottom of the boat, providing a view of the surroundings.

The region marked by region3 is a tree located in the middle of the image.
It is a large tree with a green canopy and a brown trunk. The tree stands
out against the backdrop of the grassy field. It is positioned towards the
left side of the image.

The region marked by regionl is a giraffe. It is a tall animal with a long neck
and legs. The giraffe is walking down a dirt road, and its presence adds a
sense of majesty to the scene. The giraffe is the main focus of this region,
and its unique appearance stands out against the backdrop of the surrounding
landscape.

The region marked by region2 is a dirt road. It is a narrow pathway that
runs through the grassy area. The road is surrounded by tall grass and trees,
creating a natural and serene environment. The dirt road adds a sense of
adventure and exploration to the scene.

The region marked by regionl is a person riding a motorcycle. The
person is wearing a red shirt and is positioned in the middle of
the image. They are riding the motorcycle on the road, which is a
two-lane road. The person is the main focus of this region, and
their presence adds to the overall scene of the image.

The region marked by region5 is a blue truck. It is a large
truck with a blue color and a yellow box on the back. The
truck is parked on the side of the road, and it is the only
truck visible in the image. It is positioned towards the left
side of the image.

The region marked by region2 is a motorcycle. It is a black
motorcycle with a person riding it. The motorcycle is
positioned on the right side of the image, and the rider is
wearing a helmet. The motorcycle is moving along the road,
and the rider is actively engaged in riding it.

The region marked by region3 is the road itself. It is a paved
road that the person on the motorcycle is riding on. The road is
surrounded by frees and vegetation, creating a scenic
environment. The person on the motorcycle is riding down this
road, enjoying the ride.

Figure A2 Visualization results on the visual prompt understanding task. We use the masks predicted by our model
under the GCG task as visual prompts, and generate region-level descriptions for these masks. The object masks and
their corresponding region captions are highlighted in the same color.
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The object is a silver car, captured from the rear, driving on a busy road at night. Its brake lights are illuminated, suggesting it is either slowing down or
stopped. The car's make is visible on the back, and the license plate is clearly displayed. It is among various vehicles, including a white SUV directly in
front and a truck to the left. Throughout the scene, the car remains in motion, navigating through traffic alongside other vehicles.

B | N o

The object is a laptop. It starts inside a black bag on a desk and is taken by a person wearing a red outfit, who is sitting on a black rolling office chair.
The person places the laptop on the desk, opens it, and interacts with it by typing on the keyboard and using the trackpad. The laptop stays on the desk
in front of the person with the screen facing them. The setting appears to be an office or classroom, as indicated by a whiteboard in the background.

Figure A3 Visualization failure cases.
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