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Abstract

Large Language Models (LLMs) demonstrate strong capabil-
ities in broad knowledge representation, yet they are inher-
ently deficient in pixel-level perceptual understanding. Al-
though the Segment Anything Model (SAM) represents a sig-
nificant advancement in visual-prompt-driven image segmen-
tation, it exhibits notable limitations in multi-mask predic-
tion and category-specific segmentation tasks, and it cannot
integrate all segmentation tasks within a unified model ar-
chitecture. To address these limitations, we present X-SAM,
a streamlined Multimodal Large Language Model (MLLM)
framework that extends the segmentation paradigm from seg-
ment anything to any segmentation. Specifically, we intro-
duce a novel unified framework that enables more advanced
pixel-level perceptual comprehension for MLLMs. Further-
more, we propose a new segmentation task, termed Vi-
sual GrounDed (VGD) segmentation, which segments all in-
stance objects with interactive visual prompts and empowers
MLLMs with visual grounded, pixel-wise interpretative capa-
bilities. To enable effective training on diverse data sources,
we present a unified training strategy that supports co-training
across multiple datasets. Experimental results demonstrate
that X-SAM achieves state-of-the-art performance on a wide
range of image segmentation benchmarks, highlighting its ef-
ficiency for multimodal, pixel-level visual understanding.

Introduction
Multi-modal Large Language Models (MLLMs) have exhib-
ited substantial advancements alongside the rapid develop-
ment of Large Language Models (LLMs) (Bai et al. 2023;
Touvron et al. 2023) and multi-modal pre-training meth-
ods (Radford et al. 2021; Jia et al. 2021). These models
have shown remarkable effectiveness in a wide range of
applications, including image captioning (Xu et al. 2015),
VQA (Antol et al. 2015), and visual editing (Chen et al.
2018). However, current MLLMs lack the capability to gen-
erate dense pixel-level outputs for precise spatial under-
standing. This limitation poses a considerable challenge in
directly addressing tasks that require pixel-level comprehen-
sion of visual data, such as image segmentation, which is the
most critical task in the field of computer vision.
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Figure 1: Illustration of Performance of X-SAM on Image
Segmentation Benchmarks. X-SAM consistently surpasses
existing Multimodal Large Language Models (MLLMs)
across all evaluated segmentation benchmarks.

The Segment Anything Model (SAM) represents a foun-
dational segmentation model that demonstrates exceptional
efficacy in generating dense segmentation masks and has in-
spired the development of various segmentation tasks, such
as high-quality segmentation (Ke et al. 2023), matching any-
thing (Li et al. 2024a), and tracking anything (Rajič et al.
2025). Nevertheless, SAM’s architecture is fundamentally
constrained by its dependency on visual prompts, which sig-
nificantly limits its direct applicability to a wide range of
image segmentation tasks, including generic (semantic, in-
stance, panoptic) segmentation, referring segmentation, and
open-vocabulary (OV) segmentation, among others. Achiev-
ing a unified framework capable of addressing various image
segmentation tasks remains a challenging problem.

In this work, we introduce X-SAM, an innovative frame-
work that unifies diverse image segmentation tasks, expand-
ing the segmentation paradigm from segment anything to
any segmentation. To accomplish this objective, our ap-
proach addresses three critical technical challenges: (1) Task
formulation: Transforming SAM into a versatile segmen-
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Sure, <SEG>.

Inter. Seg.

Can you segment the image based on the regions: 
<p> <region></p>? 

Can you generate masks for this image based on 
the regions: <p><region></p>, …, <p> <region> 
</p>? 

Sure, <SEG>.

VGD Seg. (Single Image)

Can you provide segmentation masks for the image 
based on these regions: <p><region></p>, 
<p><region></p>? 

Sure, it is <SEG>.

VGD Seg. (Cross Image)

Generate masks for this 
image using categories: 
<p>person</p>, ... , <p> 
bicycle</p>.

<SEG>.

Gen. Seg. (Panoptic)
Can you generate a 
segmentation mask for 
the <p>white tshirt 
kid</p>?

Sure, it is <SEG>.

Ref. Seg.
Can you describe this 
image with masks. 
<p>a man</p> and <p>a 
woman</p> sit on <p>a 
bench</p> beside <p>a 
river</p>. <SEG>

GCG Seg.

(a) Text Query

(b) Vision Query

…

Figure 2: Illustration of the capabilities of X-SAM. (a). Text query tasks: Generic (Gen.), Referring(Ref.), Reasoning(Rea.), and
Grounded Conversation Generation(GCG) segmentation, etc.. (b). Vision query tasks: Interactive(Inter.) and Visual GrounDed
(VGD) segmentation for single and cross-image. Additional examples of supported tasks can be found in (Wang et al. 2025).

tation architecture with cross-task applicability. (2) Modal-
ity enhancement: Augmenting LLMs with multimodal input
processing capabilities. (3) Unified framework: Developing
a cohesive approach to effectively facilitate comprehensive
segmentation applications across diverse domains.

First, we develop a unified segmentation MLLM archi-
tecture that incorporates a unified mask decoder capable of
generating segmentation masks suitable for generalized im-
age segmentation tasks. Second, we expand the multimodal
capabilities of MLLMs to process not only textual queries
but also visual queries. Specifically, we introduce a novel
task termed Visual GrounDed (VGD) segmentation, which
segments all instance objects with interactive visual prompts
in an image. This task introduces visual guide modalities
into large language models (LLMs). Moreover, we propose
a unified input format and training methodology that refor-
mulates segmentation tasks within a unified framework, thus
optimizing the adaptation of MLLMs to diverse image seg-
mentation tasks.

As shown in Figure 2 and Table 1, we present the com-
prehensive capabilities of X-SAM and compare them with
those of other methods. Our proposed framework exhibits
capabilities in processing text query-based tasks, such as
generic segmentation and referring segmentation, while si-
multaneously accommodating vision query-based tasks such
as interactive segmentation (Zhang et al. 2024c) and our
novel VGD segmentation, which functions effectively in
both single-image and cross-image contexts. Furthermore,
X-SAM leverages the reasoning and generative capacities of
LLMs, thereby enabling advanced reasoning segmentation
and Grounded Conversation Generation (GCG) (Rasheed
et al. 2024) segmentation.

X-SAM undergoes co-training with a diverse range of
datasets. We perform a comprehensive evaluation on more
than twenty segmentation datasets across seven distinct im-
age segmentation tasks, even including the image conver-
sion task. X-SAM achieves the state-of-the-art performance
across all image segmentation benchmarks, and establishes
a robust new baseline for unified pixel-level image under-
standing, as illustrated in Figure 1. In summary, our contri-
butions are as follows:
• We introduce X-SAM, a novel unified framework that ex-

tends the segmentation paradigm from segment anything
to any segmentation. Our approach formulates diverse
image segmentation tasks into a standardized segmenta-
tion format.

• We propose a new image segmentation benchmark, Vi-
sual GrounDed (VGD) segmentation, which provides
visual grounded prompts for MLLMs to segment in-
stance objects in images. The benchmark introduces
user-friendly inputs to ground the segmentation objects
and guide the MLLMs to output the segmentation masks.

• We present a unified multi-stage training strategy to co-
train X-SAM with a diverse range of datasets, and con-
duct extensive evaluations on more than twenty image
segmentation benchmarks, achieving state-of-the-art per-
formance on all of them. This establishes a new strong
baseline for unified pixel-level perceptual understanding
in MLLMs.

Related Work
Multi-modal Large Language Model. Multi-modal learn-
ing has evolved from early models focused on task-specific
fusion and feature extraction (Li et al. 2022b), to leveraging
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Method Text Query Vision Query
Gen. Seg. OV Seg. Ref. Seg. Rea. Seg GCG Seg. Inter. Seg. VGD Seg.

SAM(Kirillov et al. 2023a) ✓
Mask2Former(Cheng et al. 2022a) ✓
ODISE(Xu et al. 2023) ✓ ✓
UNINEXT(Yan et al. 2023) ✓ ✓ ✓
SEEM(Zou et al. 2023) ✓ ✓ ✓ ✓
OMG-Seg(Li et al. 2024b) ✓ ✓ ✓

LISA(Lai et al. 2024) ✓ ✓
GLaMM(Rasheed et al. 2024) ✓ ✓
PixelLM(Zhang et al. 2024c) ✓
OMG-LLaVA(Zhang et al. 2024b) ✓ ✓ ✓
Sa2VA(Yuan et al. 2025) ✓ ✓ ✓
PSALM(Zhang et al. 2024c) ✓ ✓ ✓ ✓ ✓
X-SAM (Ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 1: Comparison of Capability. We compare different methods on both segmentation-specific (Gray) and MLLM-based.

large language models (Brown et al. 2020; Touvron et al.
2023) for generalized, instruction-tuned multi-task bench-
marks (Liu et al. 2024b; Hudson et al. 2019). LLaVA (Liu
et al. 2023a, 2024a) introduced visual feature tokeniza-
tion, inspiring advances in visual representation (Yuan et al.
2024b), specialized vision extensions (Lai et al. 2024; Lin
et al. 2023), and language-guided segmentation (Li et al.
2024b; Zhang et al. 2024a). However, most progress remains
task-specific. To our knowledge, we are the first to success-
fully implement a comprehensive approach, opening new di-
rections for image segmentation.
Multi-modal Grounded Segmentation. Recent works (Pan
et al. 2024; Wang et al. 2023) explore visual initiation
methods in vision, including learnable tokens (Zhou et al.
2022a), mask-visual-modeling (Fang et al. 2023), and visual
prompting encoders (Yuan et al. 2024a). SAM (Kirillov et al.
2023b) and its extensions (Xu et al. 2024) introduce visual
grounding signals to segmentation models, greatly improv-
ing performance. Interactive segmentation (Li et al. 2024b)
further enhances user-guided segmentation for MLLMs.
However, existing methods cannot freely treat grounded in-
put as textual input for segmentation. To address this, we
propose Visual GrounDed (VGD) segmentation, enabling
more diverse multi-modal grounded segmentation.
Unified Segmentation Model. Vision transformers (Doso-
vitskiy et al. 2020) have advanced universal segmentation,
with recent works (Xu et al. 2024; Cheng et al. 2022b) devel-
oping end-to-end mask classification frameworks that out-
perform earlier models (Zhou et al. 2022b; Wang et al. 2021)
across various applications. Research has expanded to open-
world and open-vocabulary segmentation (Yuan et al. 2024a;
Qi et al. 2022a,b), as well as unified architectures for multi-
ple tasks (Athar et al. 2023; Jain et al. 2023; Li et al. 2024b).
However, most methods focus solely on visual segmenta-
tion and lack interactive textual and visual prompts found in
MLLMs. To address this, we combine SAM with MLLMs,
extending SAM from segment anything to any segmentation,
and introduce a unified framework adaptable to all image
segmentation tasks, establishing a new strong baseline.

Method
To achieve unified image segmentation, we present X-SAM,
a novel multi-modal segmentation MLLM. We design a ver-
satile input format and a unified framework to integrate di-
verse segmentation tasks into a single model. Additionally,
we introduce an innovative training strategy that enables
SAM to handle any segmentation task. The following sec-
tions detail our methodology.

Formulation
The development of a unified segmentation model is fraught
with challenges stemming from the diverse nature of seg-
mentation tasks and the variability in input format. To ad-
dress these issues, we introduce a versatile input format tai-
lored to support a wide range of image segmentation tasks,
laying the groundwork for the unified framework of X-
SAM. We delineate the input format into two primary cat-
egories: text query input and vision query input. The text
query input consists exclusively of linguistic prompts de-
rived from user requests, the vision query input integrates
both linguistic prompts and visual prompts provided by the
user.
Text Query Input. The majority of existing image segmen-
tation tasks can be conceptualized as text query inputs, in-
cluding generic segmentation (Kirillov et al. 2019), refer-
ring segmentation, open-vocabulary (OV) segmentation (Li
et al. 2022a), GCG segmentation (Rasheed et al. 2024), and
reasoning segmentation (Lai et al. 2024). A text query in-
put encapsulates the user’s request along with the specific
category or object to be segmented, which may be embed-
ded within the user’s prompt or generated by a large lan-
guage model (LLM). To facilitate the GCG segmentation
task, inspired by GLaMM (Rasheed et al. 2024), we incorpo-
rate two special phrase tokens, <p> and </p>, into the tok-
enizer to denote the beginning and end of a phrase, respec-
tively. For each category in generic segmentation and GCG
segmentation, phrase in referring segmentation, or sentence
in reasoning segmentation, the format is standardized as
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Gen. Seg: Human: Can you segment <p>person</p>, 
… <p>rug</p> in this image? 
Ref. Seg: Human: Can you segment <p>the woman 
with red coat</p>? …
GCG Seg: Human: Describe this image with inter-
leaved segmentation masks.
VGD Seg: Human: Can you segment <p>region</p>?

Gen. Seg: … Asssitant: Sure, is is <SEG>. 
Ref. Seg: … Asssitant: Sure, the segmentation is <SEG>. …
GCG Seg: … Asssitant: <p>a woman</p>  in <p>a red 
jacket</p> is skiing down <p>a snowy hill</p>.  And <SEG> . 
VGD Seg: … Asssitant: Sure, <SEG>.

Language Response

…
Ref. Seg
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Figure 3: The Overview of X-SAM. X-SAM comprises dual encoders, dual projectors, a language model, a segmentation
connector, and a segmentation decoder. The dual encoders process the image and project features to match text embedding
dimensions, which are then input to the language model with tokenized text for instruction-guided understanding. The SAM
features are connected to the segmentation decoder, which uses the LLM’s <SEG> token to generate segmentation masks.

“<p>category/phrase/sentence</p>”. Specifically, the <p>
and </p> tokens are not only encoded in the input tokens
but also generated in the output tokens, ensuring consistency
across different tasks. Additionally, for the output, we intro-
duce a special token <SEG> into the tokenizer to signify
the segmentation result, following the approach in (Lai et al.
2024).
Vision Query Input. Beyond text query inputs, some tasks
necessitate vision query inputs, such as interactive segmen-
tation (Zhang et al. 2024c) and the Visual GrounDed seg-
mentation proposed in this work. In contrast to text query
inputs, vision query inputs incorporate a visual prompt from
the user, which may take the form of points, scribbles, boxes,
or masks. To denote the visual prompt, we employ a ded-
icated token, <region>, within the input format. Analo-
gous to the text query input, the visual prompt is formatted
as “<p><region></p>” and the segmentation output is
similarly indicated by the <SEG> token. The <region>
token serves as a placeholder for the visual prompt and will
be replaced by the region feature extracted from the segmen-
tation encoder.
Unified Formulation. The latent language embeddings be-
tween the <p> and </p> tokens are used as the condition
embeddings for the segmentation decoder to compute the
classification scores. Based on this formulation, we achieve
a unified framework for all image segmentation tasks. Given
an input image Xv ∈ RH×W×3 and a language instruc-
tion Xq ∈ RP×1, the model takes the image and lan-
guage instruction as inputs and outputs a language response
Yq ∈ RL×1 and a segmentation mask Ym ∈ RH×W . Here,

Seg. Encoder Seg. Connector
Xv YmFs

Patch Merge

Patch Expand

Pixel Shuffle

Projector

Pixel Shuffle

Projector

Fs 1/16

1/32

1/8

1/16

Seg. Decoder

0.5

2

Fc

Figure 4: The Architecture of Segmentation Connector.

P is the length of the input text tokens, and L is the total
length of the input and output text tokens. H and W denote
the height and width of the image, respectively. Detailed in-
put format examples can be found in Figure 2 (a) and (b).

Architecture
In this section, we propose X-SAM, a unified segmentation
MLLM for any segmentation. As shown in Figure 3, it in-
cludes dual encoders, dual projectors, an LLM, a segmenta-
tion connector, and a segmentation decoder.
Dual Encoders. There are two encoders in X-SAM, an im-
age encoder and a segmentation encoder. The image encoder
f is used to extract the global image feature Zv = f(Xv),
while the segmentation encoder g extracts the fine-grained
image feature Zs = g(Xv). The feature from the image
encoder is global and benefits image understanding tasks,
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Method Gen. Seg. OV Seg. Ref. Seg. Rea. Seg. GCG Seg. Inter. Seg. VGD Seg.
Pan. / Ins. / Sem. Pan. / Ins. / Sem. RefCOCO / + / g Val / Test Val / Test Point / Box Point / Box

SAM-L(Kirillov et al. 2023a) ✗ ✗ ✗ ✗ ✗ 51.8 / 76.6 12.8 / 31.7
Mask2Former-L(Cheng et al. 2022a) 57.8 / 48.6 / 67.4 ✗ ✗ ✗ ✗ ✗ ✗
SEEM-B(Zou et al. 2023) 56.1 / 46.4 / 66.3 ✗ - / - / 65.6 ✗ ✗ 47.8 / 44.9 ✗
ODISE(Xu et al. 2023) 55.4 / 46.0 / 65.2 22.6 / 14.4 / 29.9 ✗ ✗ ✗ ✗ ✗
OMG-Seg(Li et al. 2024b) 53.8 / - / - ✗ ✗ ✗ ✗ - ✗

LISA-7B(Lai et al. 2024) ✗ ✗ 74.9 / 65.1 / 67.9 52.9 / 47.3 ✗ ✗ ✗
GLaMM(Rasheed et al. 2024) ✗ ✗ 79.5 / 72.6 / 74.2 ✗ 65.8 / 64.6 ✗ ✗
PixelLM-7B(Ren et al. 2024) ✗ ✗ 73.0 / 66.3 / 69.3 ✗ ✗ ✗ ✗
OMG-LLaVA-7B(Zhang et al. 2024b) 53.8 / - / - ✗ 78.0 / 69.1 / 72.9 ✗ 65.5 / 64.7 ✗ ✗
Sa2VA-8B(Yuan et al. 2025) ✗ ✗ 81.6 / 76.2 / 78.7 - / - - / - ✗ ✗
PSALM(Zhang et al. 2024c) 55.9 / 45.7 / 66.6 13.7 / 9.0 / 18.2 83.6 / 72.9 / 73.8 ✗ ✗ 64.3 / 67.3 2.0 / 3.7
X-SAM (Ours) 54.7 / 47.0 / 66.5 20.9 / 16.2 / 28.8 85.1 / 78.0 / 83.8 56.6 / 57.8 69.4 / 69.0 65.4 / 70.0 47.9 / 49.5

Table 2: Comprehensive Performance Comparison. We compare X-SAM to segmentation-specific models (Gray) and MLLMs.
“✗” denotes unsupported tasks. “–” indicates unreported results. X-SAM achieves state-of-the-art performance across all seg-
mentation tasks with a single model. Best results are in bold, second-best are underlined.

whereas the feature from the segmentation encoder is fine-
grained and benefits image segmentation tasks. We adopt
SigLIP2-so400m (Tschannen et al. 2025) as the image en-
coder and SAM-L (Ke et al. 2023) as the segmentation en-
coder.
Dual Projectors. To enhance the LLM’s understanding of
the image, we concatenate the features from the image en-
coder and the segmentation encoder before passing them to
the LLM. Specifically, the feature from the segmentation en-
coder is too large to be processed directly by the LLM, so
we utilize a pixel-shuffle operation to reduce its spatial size.
We then project the reduced feature into the language em-
bedding space Hq via an MLP projector Ws. For the feature
from the image encoder, we directly project it into the lan-
guage embedding space via an MLP projector Wi, such that
Hv = Wi · Zv and Hs = Ws · Zs. We then concatenate the
features from dual projectors and the language embeddings,
and input them into the LLM fϕ.
Segmentation Connector. For image segmentation tasks,
fine-grained multi-scale features are crucial for the segmen-
tation decoder to accurately predict segmentation masks.
The output of the segmentation encoder in SAM is single-
scale (1/16) with reduced spatial resolution. To obtain
multi-scale features, we design a segmentation connector
gc, to bridge the segmentation encoder and decoder. As
shown in Figure 4, we perform patch-merge using a pixel-
shuffle (Chen et al. 2024) with a scale of 0.5 to reduce the
spatial size of the last feature in the encoder to a smaller
scale (1/32). We also perform patch-expand with a pixel-
shuffle of scale 2.0 to increase the spatial size of the last fea-
ture to a larger scale (1/8), resulting in multi-scale features
for the segmentation decoder.
Segmentation Decoder. The Segment Anything Model
(SAM) can segment a single object based on input text or
visual prompts, but it fails to segment all objects in a sin-
gle inference. To segment all objects at once, we replace its
original segmentation decoder with a new decoder, follow-
ing the approach in (Cheng et al. 2022a; VS et al. 2024).
The segmentation decoder gψ predicts masks and their cate-
gory probabilities from either the input latent embedding Ei

or the output latent embedding Eo, multi-scale segmentation
features Fc, and a set of mask query tokens plus the <SEG>
token embedding, which bridges the LLM output with the
segmentation decoder. Notably, we introduce a latent back-
ground embedding to represent the “ignore” category for all
tasks, thereby unifying all image segmentation tasks with
one model.

Training
To improve the performance on diverse image segmentation
tasks, we propose a novel multi-stage training strategy. The
training strategy consists of three stages: segmentor fine-
tuning, alignment pre-training, and mixed fine-tuning.
Stage 1: Segmentor Fine-tuning. As the segmentation de-
coder is redesigned, we need to train the segmentor to adapt
to segment all objects in a single forward pass. We follow
the training pipeline in (Cheng et al. 2022a), which trains the
model on the popular COCO-Panoptic (Kirillov et al. 2019)
dataset. To enable faster convergence during training, we un-
freeze all the parameters in the segmentor while training the
segmentation encoder with a lower learning rate. The train-
ing objective, Lseg, is the same as in (Cheng et al. 2022a),
and is defined as the sum of the classification loss Lcls, the
mask loss Lmask, and the dice loss Ldice:

Lseg = Lcls + Lmask + Ldice (1)
Stage 2: Alignment Pre-training. To align the language
embeddings and visual embeddings, we perform alignment
pre-training on the LLaVA-558K dataset, following (Liu
et al. 2023b). We keep the dual encoders and the LLM pa-
rameters frozen, and only train the dual projectors. In this
way, the image embeddings and segmentation embeddings
can be aligned with the pre-trained LLM word embeddings.
The training objective for alignment pre-training is an auto-
regressive loss Lregressive:

Lregressive = −
N∑
i=1

log pθ

(
Y [P+i]
q |Y [:i−1]

q ,X [:i−1]
q

)
, (2)

where Xq is the input sequence Xq = [x1, x2, ..., xp] ∈
RP×D, Yq is the output sequence Yq = [y1, y2, ..., yl] ∈

26191



Method (M)LLM RefCOCO RefCOCO+ RefCOCOg
val testA testB val testA testB val test

SEEM-L (Zou et al. 2023) - - - - - - - 65.6 -
UNINEXT-L (Yan et al. 2023) - 80.3 82.6 77.8 70.0 74.9 62.6 73.4 73.7
UNINEXT-H (Yan et al. 2023) - 82.2 83.4 81.3 72.5 76.4 66.2 74.7 76.4

GLaMM (Rasheed et al. 2024) Vicuna-7B 79.5 83.2 76.9 72.6 78.7 64.6 74.2 74.9
OMG-LLaVA (Zhang et al. 2024b) InternLM-7B 77.2 79.8 74.1 68.7 73.0 61.6 71.7 71.9
Sa2VA(Yuan et al. 2025) InternVL2-8B 81.6 - - 76.2 - - 78.7 -
PSALM (Zhang et al. 2024c) Phi-1.5-1.3B 83.6 84.7 81.6 72.9 75.5 70.1 73.8 74.4
HyperSeg (Wei et al. 2024) Mipha-3B 84.8 85.7 83.4 79.0 83.5 75.2 79.4 78.9
X-SAM (Ours) Phi-3-3.8B 85.1 87.1 83.4 78.0 81.0 74.4 83.8 83.9

Table 3: Comparison of Referring Segmentation. We evaluate methods on referring segmentation benchmarks by (M)LLMs.

RL×D, where L = P + N represents the length of output
sequence, D represents the hidden size of LLM. θ is a train-
able parameter in LLM, and we only calculate the loss for
the generated text.
Stage 3: Mixed Fine-tuning. X-SAM is co-trained on mul-
tiple datasets across diverse tasks in an end-to-end man-
ner. For the image conversation task, we adopt the auto-
regressive loss Lregressive as is common in MLLM training.
For the segmentation tasks, we not only use the segmen-
tation loss as in segmentor training, but also add the auto-
regressive loss to the training objective. Benefiting from the
unified formulation and simple training objective, end-to-
end mixed fine-tuning across diverse tasks can be performed
within a unified framework. The training objective for mixed
fine-tuning can be formulated as:

Ltotal =

{
Lregressive, conversation

Lregressive + Lseg, segmentation
(3)

Experiments
Experiment Settings
Datasets and Tasks. For segmentor fine-tuning, we train
on the COCO-Panoptic (Kirillov et al. 2019) dataset. For
alignment pre-training, we utilize the LLaVA-558K (Liu
et al. 2023b) dataset. For end-to-end mixed fine-tuning, we
incorporate one image conversation dataset and five types
of image segmentation datasets into the training process.
To balance the training data across these diverse datasets,
we set the training epoch to 1 and adjust the resampling
rates of different datasets using dataset balance resampling.
After training, X-SAM is capable of performing a vari-
ety of tasks, including Image Conversation, Generic, Re-
ferring, Reasoning, GCG, Interactive, and VGD Segmenta-
tion. Additionally, X-SAM supports Open-Vocabulary (OV)
(OV-semantic, OV-instance, OV-panoptic) segmentation, en-
abling it to segment all objects defined by the input prompt,
even those never seen before. Note that COCO-VGD is our
proposed VGD segmentation dataset, which is built on the
COCO2017 dataset. Details of the datasets are presented in
(Wang et al. 2025).
Evaluation Metrics. We conduct extensive experiments to
evaluate the performance of X-SAM. For generic segmenta-
tion and open-vocabulary segmentation, we use PQ, mIoU,

and mAP as the main metrics for panoptic, semantic, and
instance segmentation, respectively. For referring segmenta-
tion and reasoning segmentation, we adopt cIoU and gIoU
as metrics, following (Zhang et al. 2024c). For GCG seg-
mentation, we use M, C, AP50, and mIoU as metrics, fol-
lowing (Rasheed et al. 2024). For interactive segmentation,
we use mIoU and cIoU, also following (Zhang et al. 2024c).
For VGD segmentation, we use AP and AP50. For image
conversation, we adopt scores from common MLLM bench-
marks as the main metrics, following (Liu et al. 2023b).
Implementation Details. We adopt the XTuner (Contribu-
tors 2023) codebase for training and evaluation. During seg-
mentor fine-tuning, we train all parameters, set the batch size
to 64, and use a learning rate of 1e-5 for the SAM encoder
and 1e-4 for the other parameters. The number of training
epochs is set to 36. For alignment pre-training, we train only
the dual projector parameters, with a batch size of 256, a
learning rate of 1e-3, and one training epoch. For end-to-end
mixed fine-tuning, we train all parameters, set the batch size
to 64, and use a learning rate of 4e-6 for the dual encoders
and 4e-5 for the other parameters, with one training epoch.
All training is conducted on 16 A100 GPUs. For image con-
versation evaluation, we use the VLMEvalKit (Duan et al.
2024) codebase to evaluate performance on MLLM bench-
marks. For segmentation task evaluation, we follow the set-
tings described in the corresponding papers and repositories.
More implementation details are provided in (Wang et al.
2025).

Main Results
We conduct extensive evaluation on seven segmentation
tasks, including Generic, Open-Vocabulary, Referring, Rea-
soning, GCG, Interactive, and VGD Segmentation.
Overall. In Table 2, we compare X-SAM with current
segmentation-specific models and MLLMs. X-SAM demon-
strates the most comprehensive capabilities. It achieves per-
formance comparable to state-of-the-art in generic segmen-
tation, and achieves the best performance on other bench-
marks, with a single model. X-SAM sets a new state-of-the-
art record for image segmentation benchmarks. Detailed re-
sults for each task are discussed below.
Referring Segmentation. We evaluate X-SAM on Re-
fCOCO, RefCOCO+, and RefCOCOg, with the results

26192



Methods Val Test
METEOR CIDEr AP50 mIoU METEOR CIDEr AP50 mIoU

Kosmos-2(Peng et al. 2023) 16.1 27.6 17.1 55.6 15.8 27.2 17.2 56.8
LISA-7B(Lai et al. 2024) 13.0 33.9 25.2 62.0 12.9 32.2 24.8 61.7
GLaMM-7B†(Rasheed et al. 2024) 15.2 43.1 28.9 65.8 14.6 37.9 27.2 64.6
OMG-LLaVA-7B(Zhang et al. 2024b) 14.9 41.2 29.9 65.5 14.5 38.5 28.6 64.7
X-SAM (Ours) 15.4 46.3 33.2 69.4 15.1 42.7 32.9 69.0

Table 4: Comparison of GCG Segmentation. † indicates pretraining with the GranD dataset (Rasheed et al. 2024).

Method Point Scribble Box Mask
AP AP50 AP AP50 AP AP50 AP AP50

PSALM† (Zhang et al. 2024c) 2.0 3.3 2.8 4.4 3.7 5.8 2.3 3.3
SAM† (Kirillov et al. 2023b) 12.8 22.8 - - 31.7 50.1 - -
X-SAM (Ours) 47.9 72.5 48.7 73.4 49.5 74.7 49.7 74.9

Table 5: Comparison of VGD Segmentation. † indicates evaluation results following X-SAM setting.

FT COCO-Pan A150-OV RefCOCO Reason-Val
PQ PQ cIoU gIoU

Specific 55.3 16.4 81.0 48.2
Mixed 54.5(↓ 0.8) 22.4(↑ 6.0) 85.4(↑ 4.4) 57.1(↑ 8.9)

Table 6: Ablation on Fine-Tuning(FT).

Encoder COCO-Pan A150-OV GCG-Val COCO-VGD
Img. Seg. PQ PQ mIoU AP

ViT - 54.5 16.4 64.8 40.7
ViT Swin† 56.2(↑ 1.7) 18.6(↑ 2.2) 62.5(↓ 2.3) 48.6(↑ 7.9)
ViT SAM 54.7(↑ 0.2) 20.9(↑ 4.5) 69.4(↑ 4.6) 47.9(↑ 7.2)

Table 7: Ablation on Dual Encoders. Swin† is initialized
from Mask2Former (M2F) (Cheng et al. 2022a).

shown in Table 3. X-SAM outperforms PSALM (Zhang
et al. 2024c) by 1.5% cIoU, 5.1% cIoU, and 10.0% cIoU
on the validation sets of RefCOCO, RefCOCO+, and Ref-
COCOg, respectively. Compared to Sa2VA-8B (Yuan et al.
2025), X-SAM achieves better results with a smaller model
size. It shows performance improvements of 3.5% cIoU,
1.8% cIoU, and 5.1% cIoU on RefCOCO, RefCOCO+, and
RefCOCOg, respectively.
GCG Segmentation. Grounded conversation generation de-
mands detailed image and pixel-level understanding, requir-
ing MLLMs to link captioned objects to their segmentation
masks. As shown in Table 4, X-SAM achieves a signifi-
cant performance improvement compared to previous meth-
ods and obtains the best results on both the Val and Test
sets. In terms of image-level understanding, X-SAM outper-
forms GLaMM (Rasheed et al. 2024) by 0.2% METEOR
and 3.2% CIDEr on the Val set, and by 0.5% METEOR
and 4.8% CIDEr on the Test set. In terms of pixel-level
understanding, X-SAM outperforms OMG-LLaVA (Zhang
et al. 2024b) by 3.3% AP and 3.9% mIoU on the Val set,

and by 4.3% AP and 4.3% mIoU on the Test set.
VGD Segmentation. Visual grounded segmentation de-
mands vision query understanding, requiring MLLMs to
comprehend the visual modality and segment all related in-
stances. Table 5 presents the VGD segmentation results. As
VGD segmentation is our newly proposed task, we evalu-
ate PSALM (Zhang et al. 2024c) following X-SAM’s set-
tings. X-SAM outperforms PSALM by 45.9% AP, 45.9%
AP, 45.8% AP, and 47.4% AP on Point, Scribble, Box, and
Mask visual prompts, respectively.

More results and discussions for other segmentation and
conversation benchmarks are provided in (Wang et al.
2025).

Abaltions

We conduct ablation studies on mixed fine-tuning, dual
encoders, multi-stage training, and segmentor architecture,
presenting selected benchmark results due to space limita-
tions.
Mixed Fine-tuning. We ablate the impact of mixed fine-
tuning on X-SAM’s performance. As shown in Table 6,
mixed fine-tuning improves performance on out-of-domain
COCO benchmarks, demonstrating X-SAM’s robust seg-
mentation capabilities—for example, a 6.0% PQ increase on
A150-OV and an 8.9% gIoU increase on Reason-Val. How-
ever, it results in a 0.8% PQ decrease on COCO-Pan due
to the challenge of balancing performance in multi-sources
training.
Dual Encoders. We ablate the design of the dual encoders
in X-SAM. As shown in Table 7, dual encoders with either
a SAM or Swin encoder benefit VGD segmentation, achiev-
ing 7.2% AP and 7.9% AP on COCO-VGD, respectively.
Moreover, dual encoders with a SAM encoder consistently
improve performance on GCG-Val and A150-OV, while the
Swin encoder, which lacks robust segmentation capabilities,
provides only a small improvement on A150-OV and even
has a negative impact on GCG-Val.
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M-Stage COCO-Pan A150-OV GCG-Val Conv.-MMB
PQ PQ mIoU Acc.

S3 45.2 19.4 60.6 67.2
S1, S3 54.5(↑ 9.3) 20.9(↑ 1.5) 65.4(↑ 4.8) 67.4(↑ 0.2)
S1, S2, S3 54.7(↑ 9.5) 20.9(↑ 1.5) 69.4(↑ 8.8) 69.3(↑ 2.1)

Table 8: Ablation on Multi-Stage(M-Stage) Training. S1:
Stage 1, S2: Stage 2, S3: Stage 3, Conv.: conversation.

Conn. Decoder M-Scale PQ AP mIoU

- SAM ✗ 40.9 26.3 49.5
MLP M2F ✗ 50.1(↑ 9.2) 38.9(↑ 12.6) 60.2(↑ 10.7)
Con. M2F ✗ 50.3(↑ 9.4) 39.1(↑ 12.8) 60.6(↑ 11.1)
Con. M2F ✓ 51.6(↑ 10.7) 41.5(↑ 15.2) 61.6(↑ 12.1)

Table 9: Ablation on Segmentor Architecture. Conn.: con-
nector, M-Scale: multi-scale, Con.: convolution, M2F:
Mask2Former.

Multi-stage Training. We ablate the impact of the multi-
stage training strategy. As shown in Table 8, the S1 seg-
mentor fine-tuning phase boosts the segmentation capability,
producing a notable improvement of 9.3% PQ in COCO-Pan
and 1.5% PQ in the A150-OV datasets. Meanwhile, the S2
alignment pre-training phase enhances image understanding
capabilities, contributing an additional 2.1% Accuracy on
Conv.-MMB. By integrating these stages, X-SAM demon-
strates robust advances in image segmentation and compre-
hension, establishing its effectiveness in addressing complex
visual tasks.
Segmentor Architecture. We ablate the impact of segmen-
tor architecture by performing segmentor fine-tuning for
12 epochs. As shown in Table 9, M2F decoder brings a
large improvement with 9.2% PQ as the effective design of
M2F. The convolution connector performs better than the
MLP connector, as the convolution spatial-awareness bene-
fits segmentation, and multi-scale further improves the per-
formance(10.7% PQ) with more diverse scale features.

More ablation results can be found in (Wang et al. 2025).

Conclusion
In this work, we propose X-SAM, a unified segmentation
MLLM that extends the segmentation paradigm from seg-
ment anything to any segmentation, integrating all image
segmentation tasks into a single model. Our method can pro-
cess various multimodal inputs in MLLMs, including both
text and visual queries. Moreover, to equip MLLMs with vi-
sual grounded perception capabilities, we introduce a new
segmentation task, Visual GrounDed (VGD) segmentation,
further extending the capabilities of the unified segmenta-
tion model. We conduct extensive experiments across all im-
age segmentation tasks, and X-SAM achieves state-of-the-
art performance on each task with a single model.
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