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Abstract

Visual segmentation, the task of segmenting
an image into semantically meaningful re-
gions, is a cornerstone in machine learning
and has widespread applications in industry.
Nevertheless, visual segmentation with instruc-
tion has been a challenging task for many
years. This largely stems from the cross-
modal discrepancy between language and im-
age domains, resulting in difficulty in relat-
ing the instruction semantics and the pixel-
level predictions. In recent years, the re-
markable reasoning capabilities of Large Lan-
guage Models (LLMs) and Large Multimodal
Models (LMMs) have spurred a new wave
of research aiming to bridge the disparity be-
tween natural language instructions and pixel-
level understanding. This survey offers the
first comprehensive overview of the rapidly
evolving field of LLM-driven visual segmen-
tation. We categorize existing approaches
based on their core objectives and method-
ologies, including reasoning-based segmenta-
tion, open-vocabulary segmentation, ground-
ing techniques connecting language to pixels,
and extensions to video domains. We review
recent seminal works in LLM-based visual seg-
mentation, analyzing their architectural innova-
tions, training strategies, and benchmark per-
formance. Furthermore, we discuss the com-
mon datasets, evaluation metrics, and identify
key challenges and promising future directions
at the intersection of language and visual seg-
mentation. We hope this survey serves as a
valuable resource for researchers and practi-
tioners seeking to understand the current land-
scape and future directions of leveraging LLMs
for sophisticated visual segmentation tasks
and applications. The resource summary is
available at https://github.com/wyzjack/
Awesome-LLM-Visual-Segmentation.

*Work was done while Yizhou Wang was an intern at
Adobe.

1 Introduction

Visual segmentation, the process of assigning a la-
bel to every pixel in an image corresponding to
the object class or region it belongs to, is a fun-
damental task in computer vision with broad ap-
plications spanning autonomous driving, medical
image analysis, and robotics (Kirillov et al., 2023).
Traditional segmentation methods often rely on
predefined, fixed category labels and struggle with
understanding complex, nuanced instructions or
segmenting objects described in natural language,
especially in open-world scenarios. The advent
of Large Language Models (LLMs) (Zhao et al.,
2023; Dong et al., 2024) and Large Multimodal
Models (LMMs) (Yin et al., 2024; Zhang et al.,
2024a) has revolutionized natural language pro-
cessing and demonstrated unprecedented capabil-
ities in understanding, reasoning, and generation.
This success has inspired researchers to explore
their potential in narrowing the gap between high-
level semantic understanding, often expressed in
language, and low-level pixel perception required
for segmentation. Integrating LLMs into segmen-
tation frameworks promises systems that interpret
complex, free-form language queries, perform rea-
soning about object relationships and attributes,
and segment corresponding regions in images or
videos with greater flexibility and accuracy.

This survey offers a comprehensive review of the
recent advancements in leveraging LLMs for visual
segmentation tasks. The field has witnessed ex-
plosive growth, with numerous approaches emerg-
ing that utilize language models in diverse ways –
from providing high-level guidance and reasoning
chains (Lai et al., 2024; Liu et al., 2025a; Qian
et al., 2024) to enabling direct pixel-level ground-
ing and open-vocabulary understanding (Zhang
et al., 2024c; Rasheed et al., 2024; Liang et al.,
2023). Foundational models like the Segment Any-
thing Model (SAM) (Kirillov et al., 2023) have
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also served as a crucial building blocks for many
subsequent works aiming at language-driven seg-
mentation (Chen et al., 2024). The remainder of
this survey is organized as follows: We first cover
background concepts (Sec. 2) and propose a taxon-
omy of LLM-based segmentation methods (Sec. 3).
We then provide a technical deep dive into archi-
tectures (Sec. 4) before discussing representative
works in each category (Sections 5-9). Finally,
we analyze datasets, evaluation, and performance
(Sec. 10), and outline future challenges (Sec. 11).

2 Background

2.1 Visual Segmentation Paradigms

Visual segmentation aims to partition an image into
distinct regions corresponding to multiple segments
or regions, often associating each pixel with a spe-
cific label. Key paradigms include: Semantic Seg-
mentation: Assigns each pixel to a pre-specified
semantic category (e.g., car, person, road, building).
Models like FCN (Long et al., 2015), U-Net (Ron-
neberger et al., 2015), and DeepLab (Chen et al.,
2017) are foundational. Instance Segmentation:
Extends semantic segmentation by distinguishing
among distinct instances belonging to the same
object category (e.g., labeling each individual car
separately). Mask R-CNN (He et al., 2017) is a
seminal work. Panoptic Segmentation: Unifies
semantic and instance segmentation, assigning both
a semantic label and an instance ID (if applicable)
to every pixel, covering both "stuff" (amorphous re-
gions such as the sky, road) and "things" (countable
objects such as cars and pedestrians). See (Kirillov
et al., 2019). Referring Expression Segmenta-
tion (RES): Segments the specific object instance
referred to by a natural language description (e.g.,
Liu et al., 2023a).

Traditional methods typically rely on manually
annotated datasets with fixed category labels and
often struggle with zero-shot generalization to un-
seen classes or understanding complex, free-form
language instructions. For a quantitative compari-
son of representative pre-LLM RES methods with
recent LLM-based approaches, see Appendix C.

2.2 Large Language and Multimodal Models

Large Language Models (LLMs) (Yin et al.,
2024; Dong et al., 2024) are deep learning mod-
els, typically based on the Transformer architec-
ture (Vaswani et al., 2017), trained on vast amounts
of text data. They demonstrate remarkable capa-

bilities in natural language understanding, gener-
ation, and reasoning. Key characteristics relevant
to segmentation include: Instruction Following:
Ability to interpret and follow complex instructions
provided in natural language. Reasoning Capa-
bilities: Capacity for multi-step logical deduction,
spatial reasoning (inferred from text), and common-
sense knowledge. In-Context Learning: Ability
to adapt to novel tasks or contexts based on exam-
ples provided within the prompt.

LMMs or Vision-Language Models
(VLMs) (Yin et al., 2024; Zhang et al., 2024a)
extend LLMs by integrating visual information.
They are trained on large datasets consisting of
paired images and text (e.g., CLIP (Radford et al.,
2021a), ALIGN (Jia et al., 2021), BLIP (Li et al.,
2022)). LMMs aim to bridge the divide between
vision and language, thereby enabling tasks like:
Image/Video Captioning: Generating textual
descriptions of visual content. Visual Question
Answering (VQA): Answering questions about
images or videos. Image-Text Retrieval: Finding
images corresponding to text queries, and vice-
versa. Vision-Language Grounding: Associating
phrases or concepts in text with specific regions
in an image. The ability of LLMs/LMMs to
understand nuanced language and reason about
content makes them powerful tools for enhancing
traditional segmentation approaches, leading
to the developments surveyed in the following
sections. While our primary focus is on methods
that integrate modern LLM backbones for their
advanced reasoning capabilities, we also discuss
foundational Vision-Language Models like CLIP.
These are not only crucial as components within
larger architectures but are also featured in some
standalone approaches for completeness.

3 Taxonomy of LLM-Based Segmentation

To provide a structured overview of the field of
LLM-driven visual segmentation, we propose a
taxonomy based on the primary task formulation
and the role the language model plays within the
segmentation pipeline. Our main categories are:

1. Reasoning Segmentation (Sec. 5): Lever-
ages LLM reasoning for complex instruc-
tions involving spatial relationships and multi-
step inference. Works include LISA (Lai
et al., 2024), Seg-Zero (Liu et al., 2025a), and
CoReS (Bao et al., 2024).
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2. Pixel Grounding & RES (Sec. 6): Fo-
cuses on precise localization by directly map-
ping textual descriptions to pixel masks. Ex-
amples: GroundHog (Zhang et al., 2024c),
GLaMM (Rasheed et al., 2024).

3. Open-Vocabulary Segmentation (Sec. 7):
Aims to segment arbitrary object categories
beyond training classes from free-form text.
Key works: Mask-adapted CLIP (Liang et al.,
2023), SegPrompt (Zhu et al., 2023).

4. Video Segmentation (Sec. 8): Extends
language-guided segmentation to videos, han-
dling temporal consistency and events. No-
table works: ViSA (Yan et al., 2024),
VideoGLaMM (Munasinghe et al., 2024).

5. LLM-Enhanced Architectures (Sec. 9): Fo-
cuses on novel integration strategies, such
as for few-shot learning (LLaFS (Zhu et al.,
2024a)) or building unified models (OMG-
LLaVA (Zhang et al., 2024b)).

4 Technical Deep Dive: Architectures and
Components

While the taxonomy in Sec. 3 categorizes models
by their primary objective, a deeper understanding
requires analyzing their underlying technical com-
ponents and architectural patterns. This section
provides a technical deep dive into the structural
differences of how LLMs are integrated, the fusion
strategies employed, and the core components that
constitute these models.

4.1 LLM Integration Architectures
The central challenge in this field is bridging the se-
mantic divide between high-level language instruc-
tions and low-level pixel representations. Different
architectural patterns have emerged to address this,
as summarized in Tab. 1. These patterns reveal how
the role of the LLM and its connection to the vision
pipeline vary across different approaches.

4.2 Technical Component Analysis
Beyond high-level patterns, the specific choice of
encoders, decoders, and fusion mechanisms defines
a model’s capabilities. Tab. 2 provides a detailed
breakdown of the core technical components for
a range of representative models, illustrating the
substantial architectural diversity in the field. This
matrix shows that while some models build upon
common backbones like LLaMA and ViT, their

fusion strategies and mask decoders are highly spe-
cialized, reflecting the distinct technical challenges
of their target tasks (e.g., reasoning vs. grounding).

4.3 Information Flow and Innovation Patterns

The architectural differences also manifest in how
information flows between the language and vi-
sion modalities and how different categories of
models innovate to solve core technical challenges.
Fig. 1 outlines common information-flow patterns,
from sequential pipelines to more complex hierar-
chical and adaptive interactions. Tab. 3 provides a
cross-category look at innovation, mapping techni-
cal challenges like language grounding and multi-
step processing to the specific solutions developed
within different research paradigms. Fig. 2 further
links our taxonomy in Section 3 to the orthogonal
technical axes introduced in Section 4, providing a
visual roadmap to navigate how each task category
draws upon different architectural mechanisms.

5 Reasoning Segmentation

Reasoning segmentation represents a significant ad-
vancement where models are tasked not just with
recognizing objects, but with understanding com-
plex user intentions, spatial relationships, and con-
textual information conveyed through natural lan-
guage to perform targeted segmentation. This often
involves interpreting multi-turn dialogues or intri-
cate instructions that require logical inference or
world knowledge.

A seminal work in this area is LISA (Lai et al.,
2024). LISA introduces a novel paradigm where
the LLM generates a reasoning description based
on the input query and image context. This de-
scription is then embedded into the vision model
using a specific embedding token, ‘<SEG>‘ and a
MLP-based projection layer, guiding the segmen-
tation process. This approach effectively trans-
lates the LLM’s understanding into actionable seg-
mentation guidance, enabling it to handle com-
plex queries like "Segment the largest animal" or
"Mask the object left of the red car". The illstra-
tion of this approach is shown in Fig. 3. The later
works on reasoning segmentation using LLMs are
more or less based on this foundation. For ex-
ample, LISA++ (Yang et al., 2023) builds upon
this foundation, proposing improvements such as
curriculum learning and enhanced data augmen-
tation strategies to further boost performance and
robustness. Seg-Zero (Liu et al., 2025a) explores
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LLM Integration Pattern Methods LLM Role Vision-Language Bridge Training Strategy

SEG Token + Reasoning Chain LISA, READ, CoReS, Seg-Zero, VisionReasoner Multi-step reasoning generator Special token embedding → mask decoder End-to-end LLM reasoning training
Dense Cross-modal Alignment PixelLM, PSALM, GLaMM Dense pixel-text correspondence Pixel-level feature alignment Dense prediction training
LLM as Query Processor GroundHog, SegAgent Query/instruction processor Attention-based fusion Progressive LLM→vision training
Unified Multimodal Architecture OMG-LLaVA, HyperSeg Unified reasoning + segmentation Hierarchical multimodal fusion Joint multimodal pre-training
Foundation Model Enhancement SAM4MLLM SAM capability enhancer LLM → SAM prompt generation LLM-enhanced SAM training
Temporal LLM Extension VISA Video reasoning coordinator Temporal-aware LLM processing Video-specific LLM adaptation

Table 1: LLM Integration Structural Patterns across representative methods. This analysis highlights the diverse
ways models assign roles to the LLM and structure the vision-language bridge.

Method Base Language Backbone Vision Encoder Fusion Strategy Mask Decoder Training Paradigm

LISA (Lai et al., 2024) Llama 2 ViT + CNN Late Fusion + SEG token SAM-style End-to-end + curriculum
PixelLM (Ren et al., 2024) LLaMA ViT Dense alignment Custom dense Pixel-level reasoning
GroundHog (Zhang et al., 2024c) Llama 2 CLIP ViT Cross-attention Transformer Progressive training
GLaMM (Rasheed et al., 2024) LLaMA ConvNeXt Early Fusion Custom dense Multi-task joint
VISA (Yan et al., 2024) Llama 2 ViT Video-aware fusion Temporal decoder Video-specific training
CoReS (Bao et al., 2024) Llama 2 ViT + CNN Coordinated reasoning SAM-style Coordination learning
SAM4MLLM (Chen et al., 2024) Llama 2 SAM backbone SAM integration SAM decoder SAM-enhanced training
OMG-LLaVA (Zhang et al., 2024b) InternLM2 Multi-scale ViT Unified fusion Multi-task decoder Unified pre-training
PSALM (Zhang et al., 2024d) Phi-1.5 ViT Spatial attention Dense prediction Attention-based training
READ (Qian et al., 2024) Llama 2 ViT + CNN Reasoning chain SAM-style Reasoning-focused training
SegAgent (Zhu et al., 2025b) Qwen ViT Agentic fusion Agent decoder Agent-based training
HyperSeg (Wei et al., 2024b) Phi-2 Multi-scale ViT Hierarchical Multi-resolution Universal pre-training
Seg-Zero (Liu et al., 2025a) Qwen2.5 ViT Zero-shot fusion Adaptive decoder Zero-shot learning
VisionReasoner (Liu et al., 2025b) Qwen2.5 ViT RL-based fusion Adaptive decoder Cognitive RL
POPEN (Zhu et al., 2025a) LLaMA ViT + CNN Late Fusion + SEG token SAM-style Preference optimization

Table 2: Technical Component Matrix across various methods. This highlights the architectural diversity, showing
different choices for encoders, fusion strategies, and decoders tailored to specific tasks.

a different avenue by framing reasoning-guided
segmentation as a cognitive reinforcement learning
problem. It employs a reasoning chain approach
where the LLM decomposes the task and gener-
ates intermediate steps, guiding the segmentation
model progressively. This allows for more explicit
step-by-step reasoning, potentially handling more
complex or ambiguous instructions. VisionRea-
soner (Liu et al., 2025b) also utilizes reinforcement
learning to create a unified framework for multi-
ple visual perception tasks, including reasoning
segmentation. It introduces format and accuracy
rewards to promote structured reasoning and pre-
cise localization. CoReS (Bao et al., 2024) focuses
on better coordination between the LLM’s reason-
ing module and the visual segmentation module.
It proposes mechanisms to ensure that the high-
level reasoning aligns effectively with the low-level
pixel predictions, addressing potential inconsisten-
cies between the two modalities. More recently,
POPEN (Zhu et al., 2025a) introduced preference-
based optimization technique to further refine the
reasoning process. Understanding the mechanisms
behind these reasoning capabilities is also an active
research area. For instance, Qian et al. (2024) inves-
tigate the role and behavior of the special ‘<SEG>‘
token introduced by LISA, aiming to shed light on
how the LLM’s reasoning is encoded and utilized
by the segmentation backbone.

Furthermore, addressing the potential pitfalls of
LLM reasoning, such as hallucination or sensitivity

to false premises in the input query, is crucial. Wu
et al. (2024) tackle this challenge by proposing
methods to teach LMMs to identify and overcome
false premises in the segmentation instructions,
leading to more reliable outcomes. These ap-
proaches collectively demonstrate the power of in-
tegrating LLM reasoning into segmentation frame-
works, enabling models to move beyond simple
pattern matching towards a deeper, context-aware
understanding of visual scenes guided by language.

6 Pixel Grounding and Referring
Expression Segmentation (RES)

While reasoning segmentation focuses on interpret-
ing complex instructions, Pixel Grounding and Re-
ferring Expression Segmentation (RES) primarily
target the challenge of accurately localizing and
segmenting the specific image region(s) described
by a given text prompt. This requires a tight cou-
pling between language understanding and pixel-
level prediction.

Several recent LMMs have been specifically
designed for dense, pixel-level grounding tasks.
GroundHog (Zhang et al., 2024c) proposes a
method to ground LLMs to holistic segmenta-
tion, enabling the model to understand and seg-
ment based on descriptions involving multiple ob-
jects or complex relationships within the scene.
GLaMM (Rasheed et al., 2024) introduces an LMM
architecture capable of fine-grained pixel-level
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Sequential (LLM → Vision)
Desc: LLM features condition vision
Ex: LISA, READ, CoReS, VisionReasoner
+ Interpretable – Info bottleneck

Parallel (Joint LLM+Vision)
Desc: joint processing, rich exchange
Ex: GLaMM, PixelLM
+ Rich – Complex train

Hierarchical (Multi-stage)
Desc: staged fusion across scales
Ex: HyperSeg, OMG-LLaVA
+ Multi-scale – High complex

Adaptive (Context-aware)
Desc: controller routes by context
Ex: SegAgent, Seg-Zero
+ Task opt. – Sophisticated

Figure 1: LLM–Vision information-flow patterns.

Challenge Grounding/RES Reasoning Unified/Architecture Video

Language
Grounding

Dense align. (PixelLM),
Cross-attn (GroundHog),
Early fusion (GLaMM)

SEG token (LISA, READ), Coord.
reasoning (CoReS), RL-based rewards
(VisionReasoner)

SAM integration
(SAM4MLLM),
Hierarchical (HyperSeg)

Video-aware
(VISA)

Multi-step
Process

Single-shot w/ attention Explicit steps (LISA), Chains (READ),
RL-guided chain (VisionReasoner)

Multi-task (OMG-LLaVA),
Universal (HyperSeg)

Temporal (VISA)

Novel Concepts Agent-based (SegAgent),
Dense pred. (PSALM)

LLM injection (LISA), Zero-shot
(Seg-Zero, VisionReasoner)

Foundation integration
(SAM4MLLM)

Concept transfer
(VISA)

Table 3: Innovation Matrix by Technical Challenge.

grounding for various segmentation tasks, includ-
ing referring segmentation, salient object detection,
and phrase grounding. It emphasizes generating
high-quality masks directly based on textual input.
Similarly, PSALM (Zhang et al., 2024d) and Pix-
elLM (Ren et al., 2024) develop LMMs focused on
pixel-level reasoning and segmentation. They aim
to bridge the divide between high-level language
instructions and low-level pixel predictions by in-
tegrating segmentation capabilities directly into
the multimodal architecture. Referring Expression
Segmentation (RES) is a specific instance of this
grounding task where the objective is to segment
the object instance uniquely identified by a natural
language expression. Traditional RES methods ex-
isted before the recent LMM wave, but integrating
large models has pushed the boundaries. For in-
stance, Kim et al. (2023) explore how to extend the
image-text alignment capabilities of CLIP (Rad-
ford et al., 2021b) specifically for the RES task.
Other works like GRES (Liu et al., 2023a), text-
augmented spatial-aware approaches (Suo et al.,
2023), and Huang and Satoh (2023) also contribute
to improving referring segmentation, often by bet-
ter integrating textual cues with spatial information,
which LMM-based approaches implicitly or explic-
itly leverage. These grounding-focused methods
are crucial for applications requiring precise object
identification and segmentation based on textual de-
scriptions, such as human-robot interaction, image
editing, and detailed image retrieval.

7 Open-Vocabulary Segmentation

Traditional semantic segmentation models are typ-
ically constrained by a predefined, closed set of

object categories seen during training. Open-
vocabulary segmentation aims to overcome this
limitation by enabling models to segment objects
based on arbitrary textual descriptions, even for cat-
egories not encountered during the training phase.

Many successful open-vocabulary segmentation
approaches leverage the powerful joint image-
text embeddings learned by large-scale Vision-
Language Models (VLMs) like CLIP (Radford
et al., 2021a). These models learn aligned rep-
resentations where similar concepts in text and im-
ages are close in the embedding space. Liang et al.
(2023) propose adapting CLIP masks for open-
vocabulary semantic segmentation. Their approach
focuses on transferring the knowledge from CLIP’s
image-level understanding to pixel-level segmen-
tation tasks, allowing the segmentation of novel
categories described by text. Prompt learning has
emerged as a key technique in this domain. Seg-
Prompt (Zhu et al., 2023) introduces category-level
prompt learning to boost open-world segmentation.
By learning appropriate prompts, the model can
better generalize its segmentation capabilities to
new textual concepts. Building on this, Li et al.
(2024) argue that learning prompts representing
relationships between concepts is highly effective
for open-vocabulary semantic segmentation. Their
Relationship Prompt Learning approach further en-
hances the model’s capacity of understanding and
segmenting based on nuanced textual descriptions
involving object relationships. Other works fo-
cus on improving domain generalization and adap-
tation. For instance, Zhang and Tan (2025) ex-
plore domain-generalized semantic segmentation
by combining vision foundation models and vision-
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Reasoning Seg. Grounding/RES Video Seg. Open-Vocab Seg. LLM-Enhanced Arch.

Components
Matrix

Integration
Patterns

Information
Flow

Figure 2: Taxonomy-to-technical map showing how task categories in Section 3 map to technical axes in Section 4.

Instruction

It is <SPECIAL TOKEN>.LMM

Image 
EncoderImage

Image 
Decoder

Projection 
Layer

Mask

Figure 3: The structure of LISA (Lai et al., 2024) and
LISA-based methods for Image segmentation. The hid-
den embeddings of Special Token (s) in MLLM output
serve as the bridge to connect the pixel-level prediction
branch and the visual language reasoning branch.

language models, while Basak and Yin (2025) pro-
pose a semi-supervised domain adaptation method
using vision-language guidance.

8 Video Segmentation with LLMs

Extending language-guided segmentation from
static images to dynamic videos introduces sig-
nificant challenges, primarily related to capturing
temporal dependencies, understanding motion, and
maintaining consistency across frames. Recent
works have begun to tackle these challenges by
adapting LLM-based approaches for the video do-
main. ViSA (Yan et al., 2024) adapts the reason-
ing segmentation paradigm to videos. It leverages
LLMs to understand complex language instruc-
tions referring to objects and actions over time,
generating segmentation masks for the specified
entities throughout the video sequence. Similarly,
ViLLa (Zheng et al., 2024) proposes a framework
for video reasoning segmentation using LLMs,
focusing on interpreting instructions that require
understanding temporal relationships and events
within the video. Capturing fine-grained temporal
details is crucial for high-quality video segmenta-
tion. Devil (Gong et al., 2025) emphasizes the im-
portance of temporal tokens, proposing methods to
effectively integrate temporal information within
the LLM reasoning process for improved video
segmentation quality. Bai et al. (2024) introduce
a method using a single token (‘<SEG>‘) to per-
form language-instructed reasoning segmentation
in videos, simplifying the interface between the
language and vision components while handling

temporal aspects.Grounding language in video pix-
els is addressed by VideoGLaMM (Munasinghe
et al., 2024), which extends the principles of
GLaMM (Rasheed et al., 2024) to the video domain.
It aims to provide pixel-level visual grounding for
objects and actions described in text across video
frames. GLUS (Lin et al., 2025) proposes a unified
approach combining global video-level understand-
ing with local frame-level reasoning within a single
LLM framework for robust video segmentation.

9 LLM-Enhanced Architectures and
Strategies

Beyond the specific task formulations discussed
previously, several works focus on novel archi-
tectural designs and strategies for integrating
LLMs/LMMs with visual segmentation backbones,
or leverage foundational models in unique ways.

The Segment Anything Model (SAM) (Kirillov
et al., 2023), while primarily promptable via points
or boxes, has become a foundational model in this
space. Its ability to generate high-quality masks
for arbitrary objects given simple prompts makes it
a powerful component in more complex language-
driven systems. For example, Chen et al. (2024)
explicitly investigate enhancing LMMs for refer-
ring expression segmentation by leveraging SAM’s
capabilities, demonstrating how foundational seg-
mentation models can be synergistically combined
with LLMs. Adapting segmentation models to
new tasks or domains with limited data is another
area where LLMs show promise. LLaFS (Zhu
et al., 2024a) explores the intersection of LLMs
and few-shot segmentation, and this direction is
further advanced by works like DSV-LFS (Karimi
and Poullis, 2025), which unifies LLM-driven se-
mantic cues with visual features for more robust
few-shot performance.

Some works aim to build unified LMM architec-
tures that handle not only segmentation but also
other vision-language tasks like VQA, captioning,
or even generation and editing, all within a single
model. OMG-LLaVA (Zhang et al., 2024b) pro-
poses bridging image-level, object-level, and pixel-
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level reasoning and understanding in one LMM.
Similarly, ViTroni (Fei et al., 2024) presents a
unified pixel-level vision LLM designed for un-
derstanding, generating, segmenting, and editing
images based on language instructions. Other ap-
proaches focus on the interface between the LLM
and the segmentation model. LLM-Seg (Wang
and Ke, 2024) investigates methods for effectively
bridging image segmentation modules and LLM
reasoning components. LASAGNA (Wei et al.,
2024a) proposes a language-based segmentation
assistant designed specifically to handle complex,
compositional queries that might challenge simpler
architectures. HyperSeg (Wei et al., 2024b) aims
towards universal visual segmentation by leverag-
ing LLMs, potentially handling a wide variety of
segmentation tasks and instructions within a single
framework. More recent approaches also explore
agent-based systems for segmentation; for example,
SegAgent (Zhu et al., 2025b) introduces an agentic
methodology for referring segmentation, showcas-
ing another direction in leveraging LLM capabili-
ties for more autonomous visual understanding.

10 Analysis and Evaluation

10.1 Datasets and Evaluation Metrics

Datasets: Commonly used datasets on LLM-
based visual segmentation include:

• Referring Expression Segmentation (RES)
Datasets: These are the most common bench-
marks for grounding textual descriptions.
Prominent examples include RefCOCO, Ref-
COCO+, and RefCOCOg (Yu et al., 2016), all
built upon the MS COCO (Lin et al., 2014a)
dataset. They provide images paired with tex-
tual expressions uniquely identifying specific
object instances. PhraseCut (Wu et al., 2020),
based on Krishna et al. (2017), offers more
complex, free-form phrases.

• Reasoning Segmentation Datasets: Evaluat-
ing complex reasoning often requires special-
ized datasets. (Lai et al., 2024) construct Rea-
sonSeg evaluation sets by augmenting existing
segmentation or VQA datasets with multi-step
reasoning questions or complex instructions
that require spatial, logical, or commonsense
reasoning to arrive at the target mask.

• Video Segmentation Datasets: For video
tasks, datasets like Refer-YouTube-VOS (Xu

et al., 2018) or benchmarks derived from Ac-
tivityNet (Heilbron et al., 2015) or EPIC-
KITCHENS (Damen et al., 2020) are often
used. Recently, ViCaS (Athar et al., 2025)
was introduced to support both holistic and
pixel-level video understanding.

• General Segmentation Datasets: Founda-
tional datasets like PASCAL VOC (Evering-
ham et al., 2010), MS COCO (Lin et al.,
2014b), ADE20K (Zhou et al., 2017), and
Cityscapes (Cordts et al., 2016) are often used
for pre-training segmentation backbones or
evaluating open-vocabulary capabilities.

Evaluation Metrics: The primary metric for
evaluating segmentation performance is the Inter-
section over Union (IoU). It measures the divide
between the predicted segmentation mask (Mpred)
and the ground truth mask (Mgt):

IoU =
|Mpred ∩Mgt|
|Mpred ∪Mgt|

(1)

Commonly used IoU metrics include:

• Mean IoU (mIoU or gIoU): The average IoU
calculated over all object instances or classes
in the dataset.

• Cumulative IoU/ Overall IoU (cIoU or
oIoU): Total intersection over total union
across all pixels in the dataset.

While IoU remains the primary mask-quality
metric, it does not fully capture correctness for
reasoning-heavy tasks where intermediate steps
and constraints matter. For a discussion of IoU
limitations and proposed complementary indica-
tors, see Appendix B.

10.2 Performance and Scalability Analysis
Tab. 4 and 5 summarize the performance of var-
ious models on standard RES and reasoning seg-
mentation benchmarks, respectively. Scalability is
another key dimension. As shown in Tab. 6, larger
models (13B) consistently outperform their smaller
(7B) counterparts in both gIoU and cIoU on Rea-
sonSeg set. The performance gap suggests that the
emergent capabilities of larger LLMs are crucial
for this more complex task requiring reasoning.

11 Challenges and Future Directions

Despite rapid progress, LLM-driven segmentation
faces significant challenges, with top models still
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Method LLM/LMM Backbone RefCOCO RefCOCO+ RefCOCOg

val testA testB val testA testB val test

LISA (Lai et al., 2024) LLaVA-1.5 (2024a) 74.9 79.1 72.3 65.1 70.8 58.1 67.9 70.6
PixelLM (Ren et al., 2024) LLaVA (2023b) 73.0 76.5 68.2 66.3 71.7 58.3 69.3 70.5
GroundHog (Zhang et al., 2024c) LLaVA-1.5 (2024a) 78.5 79.9 75.7 70.5 75.0 64.9 74.1 74.6
GLaMM (Rasheed et al., 2024) Vicuna (2023) 79.5 83.2 76.9 72.6 78.7 64.6 74.2 74.9
VISA (Yan et al., 2024) Chat-UniVi (2024) 72.4 75.5 68.1 59.8 64.8 53.1 65.5 66.4
CoReS (Bao et al., 2024) LLaVA-v1.5 (2024a) 76.0 78.6 72.5 65.1 70.0 58.6 69.0 70.7
SAM4MLLM (Chen et al., 2024) LLaVA-v1.6 (2024b) 79.8 82.7 74.7 74.6 80.0 67.2 75.5 76.4
OMG-LLaVA (Zhang et al., 2024b) InternLM2 (2024) 77.2 79.8 74.1 68.7 73.0 61.6 71.7 71.9
PSALM (Zhang et al., 2024d) Phi-1.5 (2023) 83.6 84.7 81.6 72.9 75.5 70.1 73.8 74.4
READ (Qian et al., 2024) LLaVA-1.5 (2024a) 78.1 80.2 73.2 68.4 73.7 60.4 70.1 71.4
SegAgent (Zhu et al., 2025b) Qwen-VL (2023) 79.7 81.4 76.6 72.5 75.8 66.9 75.1 75.2
HyperSeg (Wei et al., 2024b) Mipha (2024b) 84.8 85.7 83.4 79.0 83.5 75.2 79.4 78.9
Seg-Zero (Liu et al., 2025a) Qwen2.5-VL (2025) - 80.3 - - 76.2 - - 72.6
VisionReasoner (Liu et al., 2025b) Qwen2.5-VL (2025) - 78.9 - - 74.9 - - 71.3
POPEN (Zhu et al., 2025a) LLaVA (2023b) 79.3 82.0 74.1 73.1 77.0 65.1 75.4 75.6

Table 4: Performance comparison (cIoU) on Referring Expression Segmentation (RES) benchmarks.

Method val test

gIoU cIoU gIoU cIoU

LISA (Lai et al., 2024) 65.0 72.9 61.3 62.2
LISA++ (Yang et al., 2023) 64.2 68.1 57.0 59.5
VISA (Yan et al., 2024) - - 52.7 57.8
CoReS (Bao et al., 2024) 68.1 - 65.5 -
LLM-Seg (Wang and Ke, 2024) - - 62.2 62.8
HyperSeg (Wei et al., 2024b) - - 59.2 56.7
READ (Qian et al., 2024) - - 62.2 62.8
Seg-Zero (Liu et al., 2025a) 62.6 62.0 57.5 52.0
VisionReasoner (Liu et al., 2025b) 66.3 - 63.6 -

Table 5: Performance comparison on the Reason-
Seg (Lai et al., 2024) val and test sets.

Metric Small (7B) Large (13B) Gap

gIoU 55.5 63.0 +7.5
cIoU 57.8 62.5 +4.7

Table 6: Performance of small vs. large models aver-
aged across methods on ReasonSeg test set.

below 70% IoU on reasoning benchmarks like Rea-
sonSeg (Lai et al., 2024) and exhibiting persistent
failure modes in small-region, irregular-shape, and
spatial-reasoning scenarios (Fig. 4). Here, we dis-
cuss these challenges and future directions.

11.1 Challenges
• While progress has been made (Lai et al.,

2024; Liu et al., 2025a), handling deeply
compositional instructions involving multiple
steps of reasoning, complex spatial/temporal
relationships, negation, and conditional logic
remains difficult (as shown in Fig. 4).

• Large-scale datasets with high-quality pixel
masks annotated for complex, multi-step rea-
soning instructions or conversational interac-
tions are lacking.

Qualitative examples on ReasonSeg further high-
light three recurring failure patterns as in Fig. 4.

First, both LISA and READ often fail when the
target occupies only a tiny region, suggesting a
mismatch between training data dominated by com-
mon object masks and the fine-grained localization
required by reasoning queries. Second, both mod-
els struggle with irregularly shaped targets such
as nets or mixed-food regions, where SAM-style
prompting is especially brittle because accurate
masks require unusually precise visual guidance.
Third, spatially grounded prompts remain difficult:
both models frequently miss the cave that could be
explored, the passenger area of the airship, or other
context-dependent regions whose interpretation de-
pends on stronger spatial reasoning.

11.2 Future Directions
• Developing methods to understand and ex-

plain how an LLM’s reasoning process leads
to a particular segmentation output (Qian
et al., 2024), increasing trustworthiness.

• Continuing the trend towards unified mod-
els (Zhang et al., 2024b; Fei et al., 2024)
that can perform segmentation alongside other
vision-language tasks, leading to more versa-
tile and capable AI systems.

12 Conclusion

In conclusion, this survey offers a comprehensive
overview of the emerging field of LLM-assisted
segmentation for images and videos. We have cat-
egorized diverse methods, analyzed key technical
innovations, and reviewed performance on standard
benchmarks. Through discussing challenges and
future directions, we hope this work can serve as a
significant resource which might inspire further in-
novation at the intersection of language and vision
for pixel-level understanding and prediction.
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Failure Case
Type LISA (Lai et al., 2024) READ (Qian et al., 2024) Ground Truth

Prompt: Road maintenance departments often need to inspect roads for damage and perform maintenance to ensure
safety. What location in this picture could potentially cause rainwater to penetrate into the ground?

Small area

Prompt: On a snowy mountain, skiers often seek out the highest point for a thrilling experience and panoramic views.
What part of the picture is the highest point where a skier might want to reach?

Small area

Prompt: Something that prevents people from attacks of the pigs.

Irregular area

Prompt: In a snack mix, various ingredients can be combined to create a flavorful and nutritious blend. What in the
picture can provide a crunchy and nutritious addition to the mix?

Irregular area

Prompt: If we were at the location shown in the picture and did not consider diving underwater, what area in the picture
could we explore further?

Area requiring
spatial reasoning

Prompt: The area for passengers on the airship.

Area requiring
spatial reasoning

Figure 4: Qualitative failure cases in reasoning segmentation on ReasonSeg (Lai et al., 2024) test set. Each scenario
includes a prompt, and blended mask results from LISA-13B-llama2-v1 (Lai et al., 2024), READ-13B (Qian et al.,
2024), alongside the ground truth. The blending colors are red for LISA, blue for READ, and yellow for the GT.
Examples are grouped by failure type, with same-type cases placed in adjacent rows.
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Limitations

One potential limitation of the paper is that: due
to the rapid pace of development in LLM-driven
visual segmentation, new methods emerge contin-
uously, making a completely up-to-date overview
challenging to maintain. Nevertheless, we believe
this survey will be a useful resource for the commu-
nity for a long time, and we will update it regularly
to keep it up-to-date.

Ethics Statement

We confirm that this survey strictly follows ethi-
cal research standards. All of the literature papers
mentioned in the main paper are publicly available,
and no human participants or personally identi-
fiable information have been included. The aim
of the survey is to promote academic understand-
ing and support the responsible advancement of
LLM-based visual segmentation research area. All
previous related works have been cited appropri-
ately, with due recognition given to their original
contributions.
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A Societal Impact and Responsible AI

The growing capabilities of LLM-driven segmen-
tation models raise important considerations re-
garding their societal impact and the need for re-
sponsible AI development. The potential for both
significant benefits and harms necessitates a careful
examination of their application in the real world,
particularly concerning safety, fairness, and the po-
tential for misuse.

Misinterpretation and Misuse The ability to
segment based on nuanced language creates risks
of misinterpretation and malicious misuse. A
model might fail to grasp the negative constraints
or safety-critical context in an instruction, such as
misinterpreting "segment everything that is not a
bicycle lane" in a way that endangers a cyclist. Be-
yond misinterpretation, the technology itself can
be repurposed for harmful applications. For exam-
ple, it could be used for automated surveillance
by identifying and tracking individuals based on
vague textual descriptions in public video feeds,
posing a severe threat to privacy. It could also fa-
cilitate the creation of sophisticated manipulated
media ("deepfakes") by enabling precise, language-
based object removal or replacement in images
and videos. Developing models with more robust
contextual understanding and establishing clear eth-
ical guidelines and technical safeguards are crucial
steps to mitigate these risks and ensure the respon-
sible deployment of this technology.

The information-flow schematic (Fig. 1) high-
lights where interaction capacity increases (Paral-
lel/Hierarchical) at the cost of training complexity,
while the Sequential pattern offers interpretable
chains but risks an information bottleneck. The
taxonomy-to-technical map (Fig. 2) makes explicit
how categories in Section 3 align with integration
patterns in Section 4, helping readers quickly lo-
cate representative methods by both goal and mech-
anism.

B Limitations of IoU and Complementary
Indicators

While IoU (gIoU/cIoU) remains the primary mask-
quality metric, it does not fully capture correctness
for reasoning-heavy tasks where intermediate steps
and constraints matter. We therefore recommend
reporting, alongside IoU, light-weight complemen-
tary indicators:

• Step-consistency accuracy: agreement be-
tween intermediate reasoning statements (e.g.,
size/order/spatial relations inferred by the
model) and measurable mask attributes.

• Answer-guided IoU: IoU conditioned on cor-
rect intermediate answers when tasks include
textual sub-answers; separates language rea-
soning errors from mask decoding errors.

• Constraint satisfaction rate: fraction of
prompts where boolean constraints (e.g., "left
of", "largest", "not touching") are satisfied by
the produced mask.

These indicators can be computed from existing an-
notations or simple derived attributes and provide
a more faithful view of reasoning correctness.

C Traditional Baselines for RES and
Grounding

Table 7 reports pre-LLM referring expression seg-
mentation results in the same format as the main
RES table.

Compared to LLM-based results in Tab. 4, pre-
LLM methods trail by a consistent margin across
splits: (i) RefCOCO testA: best pre-LLM 76.5 vs
best LLM 85.7 (+9.2); testB: 70.2 vs 83.4 (+13.2).
(ii) RefCOCO+ testA: 71.0 vs 83.5 (+12.5); testB:
57.7 vs 75.2 (+17.5). (iii) RefCOCOg test: 66.2 vs
78.9 (+12.7). The gap widens on RefCOCO+ testB
and RefCOCOg, where expressions are longer and
more compositional; this aligns with Section 4,
where dense cross-modal alignment and reason-
ing/chain interfaces in LLM-based systems better
handle fine-grained attributes and relational cues.
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Pre-LLM Method Backbone RefCOCO RefCOCO+ RefCOCOg

val testA testB val testA testB val test

MCN (2020) DarkNet53 62.4 64.2 59.7 50.6 55.0 44.7 49.2 49.4
VLT (2021) Swin-B 73.0 76.0 69.6 63.5 68.4 56.9 63.5 66.2
LAVT (2022) BERT 72.7 75.8 68.8 62.1 68.4 55.1 61.2 62.1
CRIS (2022) ResNet101 70.5 73.2 66.1 62.3 68.1 53.7 59.9 60.4
ReLA (2023a) Swin-B+BERT 73.8 76.5 70.2 66.0 71.0 57.7 65.0 66.0
X-Decoder (2023b) Focal-T + DaViT-B/L +Florence - - - - - - 64.6 -
SEEM (2023a) Focal-T + DaViT-B/L +Florence - - - - - - 65.7 -

Table 7: Pre-LLM referring expression segmentation results (reported cIoU) on RefCOCO/RefCOCO+/RefCOCOg.
Values are adapted from original papers.
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