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Abstract—Multimodal Large Language Models (MLLMs) have
significantly advanced referring expression segmentation (RES)
by understanding complex language instructions. Current ap-
proaches typically employ a [SEG] token as a textual prompt
to bridge the MLLM and downstream segmentation models
(e.g., SAM). However, due to the weak prompt nature of
the [SEG] token, existing frameworks often suffer from the
”’segmentation hallucination” issue, where the model confidently
predicts structures or objects that are absent from ground truth.
In this paper, we propose MaskRAG, a multimodal RAG-like
framework that advances RES through adaptive mask retrieval
and augmentation mechanisms. Specifically, we propose a mask
retrieval module that efficiently encodes region features and
embeds those features with a customized language template,
enabling finer-grained perception of scenes and discrimination
among candidate regions. Furthermore, we propose a mask
augmentation module with multi-granularity semantic fusion and
adaptive routing mechanisms, which effectively leverages the
strengths of both [SEG]-based segmentation and our retrieval
approaches. Experiments demonstrate that MaskRAG achieves
state-of-the-art performance across multiple benchmarks.

Index Terms—Multimodal Large Language Models, Referring
expression segmentation

I. INTRODUCTION

Referring Expression Segmentation (RES) [1] is a multi-
modal task that aims to segment objects in an image based
on natural language descriptions, with applications in robotics
manipulation and image editing. Multimodal Large Language
Models (MLLMs) [2]-[4] are foundation models that process
and align information across visual and textual modalities
through joint embedding spaces, enabling visual grounding
and language-guided reasoning about images. The introduction
of MLLMs has revolutionized RES, enabling it to interpret
complex language commands [5], [6].

Recent advances [5], [7], [8] adopt a [SEG]-based
paradigm. The [SEG] token serves as a textual prompt to

*Corresponding authors: Zhanyu Ma (mazhanyu@bupt.edu.cn) and An
Zhao (zhaoa@chinatelecom.cn). This work was supported in part by the
National Natural Science Foundation of China (Grant 62225601, U23B2052),
in part by the Beijing Natural Science Foundation Project No. 1242025, and in
part by the Beijing Key Laboratory of Multimodal Data Intelligent Perception
and Governance.

Prediction GT Prediction GT Prediction GT
S T, =
= ot g .‘,:N'. -
Y ¥
5 ¥

(a) White dog on back of truck (b) A zebra where more birds sit on

(c) Car furthest from parking meters

Fig. 1. Common issues in [ SEG]-based methods: (a) over-segmentation; (b)
mislocalization of target object; (c) fragmented segmentation results.

bridge MLLMs and downstream segmentation models, e.g.,
SAM [9] or SAM2 [10]. However, with the [SEG] token be-
ing the only interface between the language and segmentation
models, the prompt capacity is weak. Therefore, the output
mask is often deficient. For instance, the model may over-
segment irrelevant regions, mislocalize the target object, or
yield fragmented segmentation results (Fig. 1). This can be
viewed as a form of hallucination, as the model confidently
predicts structures or objects that are absent from ground
truth—a phenomenon we refer to as ‘“segmentation halluci-
nation”.

Inspired by Retrieval Augmented Generation (RAG) [11],
[12] in mitigating the hallucination issues of language genera-
tion of LLMs, we ask: can we propose a RAG-like multimodal
segmentation framework to address segmentation hallucina-
tion? However, achieving this objective is non-trivial due to the
inherent gap between the segmentation task and the language
generation task of LLMs. This discrepancy necessitates a
rethinking of both the “retrieval” and “augmentation” concepts
within the context of RES task.

In this paper, we propose MaskRAG (Fig. 2), a novel
framework that advances RES through adaptive mask retrieval
and augmentation mechanisms. While “retrieval” traditionally
means searching databases, our method embodies retrieve-
then-augment: LLM-guided mask selection from proposals
(retrieval), then augmentation of decoding. This adapts RAG’s
core principle to vision for addressing multimodal hallucina-
tion. First, we introduce a mask retrieval module, an innova-
tive retrieval-based alternative to the conventional paradigm
that uses a segmentation decoder to regress masks. Our
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Fig. 2. Overview of the MaskRAG framework. In the Mask Retrieval module, mask proposals undergo visual feature extraction through efficient mask pooling
and are integrated with a specialized language template for the LLM to predict the best mask. In the Mask Augmentation module, mask prompts are adaptively

projected into dense embeddings to improve SAM2 decoding.

framework first uses SAM2 to generate a candidate mask set,
each capturing potential object instances in the scene. These
candidates undergo visual feature extraction via an efficient
mask pooling operation and are combined with specialized
language embeddings. Subsequently, the language model is
taught to identify and retrieve the optimal mask index through
instruction tuning.

Second, we propose an mask augmentation module that
integrates the strengths of both [ SEG] -based and our retrieval-
based approach. Specifically, the [SEG] token is encoded into
a sparse embedding, while the mask prompt is transformed
into a dense embedding, jointly activating SAM2’s segmenta-
tion capability. Although the retrieved mask offers notable ad-
vantages, its performance is limited by the quality of candidate
proposals. To mitigate this, we introduce a <None>-token-
based routing mechanism that allows dynamic choice between
using retrieved masks or relying solely on the [SEG] token.
Furthermore, we concatenate hidden states from different LLM
layers to incorporate multigranularity semantics, improving
segmentation accuracy.

The MaskRAG framework mitigates segmentation hallu-
cination through two key advantages: (1) the design of the
proposal-then-retrieval paradigm enables finer-grained per-
ception and discrimination among candidate image regions,
and (2) the use of high-quality masks from raw SAM?2 as
robust prompts, which guide the on-the-fly tuning SAM?2
model to maintain structurally sound segmentations, reducing
fragmented outputs. Comprehensive experiments demonstrate
that MaskRAG achieves state-of-the-art performance across
multiple benchmarks. Our contributions are as follows:

« We investigate the “segmentation hallucination” issue
in the RES task, and propose a multimodal RAG-like

referring segmentation framework to address it.

o We propose a mask retrieval module that efficiently en-
codes region features and embeds them with a customized
language template, enabling finer-grained perception of
scenes and discrimination among candidates.

e« We propose a mask augmentation module with multi-
granularity semantic fusion and adaptive routing mecha-
nisms, which effectively leverages the strengths of both
[SEG]-based and our retrieval-based approaches.

The code of MaskRAG is available at https://github.com/

telecomhzj/MaskRAG.

II. RELATED WORK
A. MLLM

Building upon the general understanding capabilities of
LLMs [13], [14], significant research efforts have been devoted
to advancing MLLMs. Prevalent works, such as BLIP-2 [3],
LLaVA [2], and Qwen2.5VL [4], have narrowed the gap
between image and text modalities through visual instruction
tuning, enabling the development of multimodal assistant
models capable of visual perception and visual question an-
swering. Researchers have also introduced numerous studies
aimed at enhancing visual understanding capabilities [15]-[18]
and video understanding capabilities [19]-[21]. Despite these
efforts, while MLLMs excel at visual-semantic reasoning, they
lack the precise perception capabilities required for dense
prediction tasks, necessitating integration with specialized
architectures like SAM [9].

B. MLLMs for RES

Compared to classic semantic segmentation, RES introduces
dual challenges: understanding complex natural language ex-
pressions and achieving fine-grained visual understanding of



objects, including their attributes, spatial relationships, and
interactions within the scene. RES methods are typically two-
stage or one-stage. Two-stage methods generate region propos-
als using segmentation models, then select the correct region
based on the description. One-stage methods fuse visual and
textual features to directly predict the target mask [22]. With
the advent of MLLMs, recent RES approaches exploit their
superior visual-language reasoning to achieve more accurate
segmentation. LISA [5] pioneered the [SEG] token paradigm
to bridge MLLMs and downstream segmentation models (e.g.,
SAM [9] or SAM2 [10]). Subsequently, PixelLM [7] employs
multiple [SEG] tokens for multi-object mask segmentation.
SAM4AMLLM [23] proposes a two-step approach, where
MLLMs first predict bounding boxes and then determine
whether a point lies inside an object to select optimal point
prompts for SAM. Sa2VA [8] combines InternVL-2.5 [24] and
SAM?2 to develop a versatile system supporting image and
video referring segmentation. However, prior works overlook
the segmentation hallucination issue of [SEG] tokens, which
our work mitigates by proposing MaskRAG.

III. METHOD

The entire pipeline of our MaskRAG framework is illus-
trated in Fig. 2, which consists of a mask retrieval module
that predicts the best proposal index and an adaptive mask
augmentation module that enhances segmentation decoding.
The pseudocode is presented in Algorithm 1.

A. Revisiting [SEG]

The SEG-based framework was first introduced in LISA [5].
It trains an MLLM to take an image X;mngy and a text input
X¢zt, predict a [SEG] token, and extract the corresponding
last hidden state feature F,, formulated as follows:

Fy, 04+ = MLLM (Ximga Xtmt) 5 (D

where o4,; denoted the output text of LLM. Additionally,
LISA utilizes the SAM encoder to obtain visual image features
F,, and projects F, to a sparse embedding F,, as a prompt
to decode the predicted mask M.

M = SAMdec (Fsa Fsp) .
B. Mask Retrieval Module

This module transforms conventional mask regression into a
retrieval-based framework through mask proposal generation,
mask embedding, and LLM-based retrieval.

Mask proposal. For an input image X4, a set of
mask proposals is generated via SAM2 [10]’s automatic mask
generation. Using uniformly sampled point prompts, SAM?2
produces N high-quality proposals M, € RY*HXW “each
capturing potential object instances. These proposals are de-
signed to segment arbitrary objects in the image. After post-
processing like IoU filtering, about 10~50 proposals remain.

Efficient mask embedding. To efficiently encode these
mask proposals, we directly reuse the visual embeddings
from the MLLM. The input image is encoded into image
embeddings F, € RZ *W'*C yging the MLLM’s vision

2

Algorithm 1: Pseudo-code of MaskRAG
Input: X;g, X¢ot
Output: ouput text oy,, predicted mask M
/+ (1) Mask Retrieval *x/
1 M, <~ SAM2 AutoGenerator; # Mask proposal
2 F,, F, < Vision encoder, SAM2 encoder ;
3 F, < Pooling (F,, resize(M,)) # Mask embedding;
4 Mg, Fj, o < LLM (F,,, F},, X¢5¢) # Retrieval;
/+ (2) Mask Augmentation */
s F,, < MLP (concat(FLL)); # sparse embedding
6 if <None> in 0,,; then
7 | M ¢+ SAM24. (F, F);
8
9

else
Fy4 < C (Mpg); # dense embedding
10 | M < SAM24. (F,, Fy,, Fy);
11 end

encoder. With the resized mask proposals M, € RN*H'xW'
the visual embeddings are partitioned into IV regional features.
For each region, we uniformly pool the features into .S tokens,
resulting in mask embeddings F,, € RV*SxC,

LLM-based mask retrieval. As shown in Fig. 2, each mask
proposal F; is prefixed with a special token <mask 1i>.These
tokens are then concatenated with the original image tokens to
form the input sequence. The text ground truth is determined
by computing the IoU between each proposal and the ground
truth mask. If the maximum IoU exceeds a threshold m,
the proposal with the highest IoU is selected as the ground
truth, and the answer is formatted as “The retrieved mask
is <mask x>”. Otherwise, if no proposal has an IoU above
m, the answer is set to “The retrieved mask is <None>".
The MLLM is trained via supervised fine-tuning using these
designed responses. Using the predicted mask index, we can
get the corresponding mask proposal Mp.

C. Mask Retrieval Augmentation Generation

This module utilizes the retrieved mask to adaptively en-
hance the [ SEG]-based segmentation mask decoding process.

Multi-granularity semantic fusion. To generate the fi-
nal mask, the retrieved mask Mpz acts as a dense prompt
F, € RFTaXWaxD through a convolutional neural network C,
and the hidden state of the [SEG] token serves as a sparse
prompt F,, € R'*P via an MLP, jointly activating SAM2’s
segmentation capability. To enhance the representational ca-
pacity of the [SEG] token, we utilize the hidden states from
selected L layers of [SEG] rather than only the last layer
to generate a sparse prompt. Specifically, the concatenated
feature F. € RL*P is then projected to Fy, € R1*P.

Adaptive routing mechanism. Although the retrieved mask
offers notable advantages, we observe that its performance is
inherently constrained by the quality of the candidate propos-
als, primarily due to inevitable missed detections. To address
this, we introduce a <None>-token-based routing mechanism.
When the retrieved candidates are deemed inadequate, the



model learns to output the <None> token and switch back
to the original [SEG]-only prediction branch.

Training loss. Following LISA [5], the overall training
objective includes a next-token prediction loss to supervise
the generated mask index token and [SEG] token, as well
as a binary cross-entropy (BCE) loss and Dice loss computed
between the predicted mask M and the ground truth mask.

IV. EXPERIMENTS
A. Experimental Setup

Datasets and metrics. Following prior studies [30], we
train our model on the RefCOCO series [33], [34] for RES
task. Unlike existing methods [5], [25] that rely on mixed-
dataset pretraining before fine-tuning on RefCOCO series, our
approach attains state-of-the-art results with training solely on
the RefCOCO/+/g training set. For the metric, our evaluation
uses the widely recognized class-wise IoU (cloU) metric.

Implementation details. We employ InterVL2.5-8B [24]
and SAM2 [10] as the backbone. The LLM is finetuned using
LoRA [35] with a rank of 128 and a learning rate of 4 x 1075,
The MLP and SAM?2 are trained with the same learning rate.
Training requires 20 hours on 8§ NVIDIA A800 GPUs. The
max number of mask proposals is 50, the IoU threshold m
is 0.8, and the number of pooled tokens S is 10. H' and
W' are both 16, and H; and W, are both 256. The multi-
layer hidden states are taken from the 1/4, 2/4, 3/4, and final
layers. Besides the [SEG] token, we introduce <maskl1>-
<mask50> to index each proposal, along with <None> to
extend and standardize the output.

Baseline. We construct our baseline using only [SEG]
token. In this setting, the segmentation mask is generated
solely using the hidden state of the [SEG] token as the
prompt to SAM2, without employing mask retrieval or the
proposed MaskRAG mechanism. We also evaluated our frame-
work against other LLM-based approaches across RefCOCO,
RefCOCO+ and RefCOCOg validation and test samples.

B. Quantitative Comparison

Table I presents the comparison results of our approach
against state-of-the-art MLLM-based RES models. Across all
benchmarks, our method consistently demonstrates significant
performance improvements on RefCOCO, RefCOCO+, and
RefCOCOg. Specifically, it surpasses SegAgent [31] by 3.6
and UFO [29] by 4.4. We also provide a 4B model with a
smaller LLM backbone. Despite its reduced size, this model
only experiences a marginal performance drop of 1.2 com-
pared to our 8B version, while still outperforming SegAgent
by 2.4 in cloU.

To isolate our framework’s contribution from backbone
capacity, we conduct two types of controlled comparisons:
(1) Our 4B model outperforms all 7B baselines, demonstrat-
ing that MaskRAG’s superior performance derives from our
method’s design rather than requiring larger model scale.
(2) When directly matched against MLLMSeg using the
same InternVL2.5-8B backbone (82.1 vs. 81.0), our method
maintains a clear advantage. Together, these comparisons

confirm that performance gains originate from our framework
design—effective even with smaller backbones and consistent
when backbone capacity is held constant.

C. Qualitative Comparison

We present visualized comparisons with LISA [5], the base-
line, and ours. The red regions indicate predicted masks, and
the baseline integrates InternVL2.5 and SAM?2 using only the
[SEG] token. As shown in Fig. 3, LISA and the baseline fail
to accurately locate the “yellow tennis” and the “car furthest
parking meter”, while our method succeeds. These results
demonstrate our approach effectively mitigates segmentation
hallucination issues.

Importantly, while cloU improvements appear modest on
saturated benchmarks (Table I), this metric has inherent lim-
itations in capturing structural correctness. Fragmented or
incomplete masks can achieve reasonable cloU scores despite
being unusable in practice. Our method prioritizes structural
integrity and semantic accuracy, with these advantages primar-
ily evident in the qualitative improvements shown in Fig. 3.

D. Ablation Studies

We conduct an ablation study on MaskRAG’s core com-
ponents (Table II). Row (b) establishes retrieval’s perfor-
mance ceiling: when proposals succeed, retrieval substantially
improves perception quality. Row (c) shows the baseline
using only [SEG], which achieves suboptimal results due
to segmentation hallucinations. Row (d) evaluates retrieval-
only methods that directly return retrieved masks, revealing
that retrieval alone is limited by the quality of candidate
proposals. Simply combining these masks with [SEG] yields
unsatisfactory performance (Row (e)), as naive fusion indis-
criminately uses all masks and fails when proposals miss
targets. Introducing the <None> token substantially improves
results (Row (g)) by enabling the model to assess proposal
reliability and selectively utilize retrievals. Critically, <None>
appears in only 20% of cases—retrieval succeeds 80% of the
time. This high retrieval success rate explains our model’s
strong performance: in the majority of cases, retrieval provides
superior masks for mask augmentation module, while adaptive
routing handles the minority of cases where proposals fail to
capture the referring expression. Finally, incorporating multi-
layer concatenation further enhances performance (Row (h)).

E. Computational Complexity Analysis

We report the runtime, memory footprint, and FLOPs of
our method compared to the baseline in Table III. While our
approach incurs additional overhead (inference time increases
from 0.61 s to 1.36 s, memory from 22.39 GB to 25.55 GB,
and GFLOPs from 48.24 to 56.48), this cost effectively ad-
dresses segmentation hallucination and significantly improves
qualitative mask quality. In particular, our method eliminates
fragmentation and over-segmentation, producing structurally
coherent masks that are suitable for downstream applications.

The additional runtime overhead is mainly due to the SAM?2
proposal stage, which takes approximately 0.6 s per image.



TABLE I
COMPARISON RESULTS (CIOU) OF MLLM-BASED REFERRING EXPRESSION SEGMENTATION ON REFCOCO/+/G DATASETS.

RefCOCO

RefCOCO+ RefCOCOg

Methods Size  Venue Vil TestA  TestB | Val  TestA  TestB | Val  Test | V&
LISA [5] 7B CVPR24 | 741 765 711 | 624 674 565 | 664 684 | 679
LISA(f) [5] 7B CVPR24 | 749 791 723 | 651 708 581 | 679 706 | 69.9
GSVA(ft) [25] 7B CVPR24 | 772 789 735 | 659 696 598 | 727 7133 | 714
PixelLM [7] 7B CVPR24 | 730 765 682 | 663 717 583 | 693 705 | 69.2
GLaMM [6] 7B CVPR24 | 795 832 769 | 726 787 646 | 742 749 | 756
VisionLLM v2 [26] 7B NIPS24 | 766 793 743 | 645 698 615 | 707 712 | 71.0
M2SA [27] 7B ICLR’25 | 740 768 697 | 63.1 672 561 | 670 683 | 678
VRS-HQ [28] 7B CVPR'2S | 735 775 695 | 617 676 543 | 66.7 615 | 67.3
UFO [29] 8B arXivi2s | 780 797 756 | 723 768 666 | 737 743 | 746
Text4Seg [30] 7B ICLR'25 | 792 817 756 | 728 719 665 | 740 753 | 754
SegAgent [31] 7B CVPR'2S | 797 814 766 | 725 758 669 | 751 752 | 75.4
MLLMSeg [32] 8B arXivi2s | 792 810 775 | 739 716 686 | 713 186 | 767
MaskRAG (Ours) 4B - 80.7  83.2 777 | 15.8 798 698 | 77.6 719 | 77.8
MaskRAG (Ours)  SB . 8.1 837 788 | 770 809 722 | 783 788 | 79.0

TABLE 11
ABLATION STUDY OF OUR MASKRAG. THE “PERFORMANCE” DENOTES
cIOU ON THE VAL SPLIT OF REFCOCO/+/G. GT: GROUND TRUTH. MC:
MULTI-LAYER CONCATENATION.

Experiments Performance

79.0 /79.5 7 75.8
84.8 /83.6 /825

(a) Retrieved by GT
(b) [SEG] + Retrieved by GT + [None] + MC

81.1/758 /715
72.3/68.1 /674
80.1/74.4/75.8
81.7/76.4 /78.0
82.1/77.0 /783

(c) [SEG] (Baseline)

(d) Retrieved Mask

(e) [SEG] + Retrieved Mask

(g) [SEG] + Retrieved Mask + [None]

(h) [SEG] + Retrieved Mask + [None] + MC (Ours)

This cost is incurred only once per image and can be reduced
through faster proposal methods, while the resulting proposals
can be reused for multiple objects. Therefore, the overall
efficiency remains acceptable for applications that require
structurally reliable masks.

TABLE III
INFERENCE TIME, MEMORY USAGE, AND COMPUTATIONAL COST.

Method Inference time (s) Memory usage (GB) GFLOPs
Baseline 0.61 22.39 56.48
Ours 1.36 25.55 48.24

V. DISCUSSION AND CONCLUSION

In this paper, we propose MaskRAG, a novel RES frame-
work that improves segmentation accuracy through adaptive
mask retrieval and augmentation. By actively searching for the
most relevant mask proposals to guide segmentation decoding,
MaskRAG enhances both robustness and precision. Beyond
performance gains, our framework provides insights into how
multimodal RAG-style systems can be designed to mitigate
multimodal hallucination. Extensive experiments demonstrate
that MaskRAG consistently achieves state-of-the-art perfor-
mance on referring expression segmentation benchmarks.

This work focuses on MLLM-based referring segmenta-
tion, and experiments are therefore conducted primarily on

Referring text: Segment a yellow tennis racket behind a pink tennis racket.

Ours

Baseline

LISA

Fig. 3. Qualitative comparisons with existing methods.

segmentation-related tasks. Although MaskRAG is developed
for RES (similar to LISA [5], SegAgent [31], and MLLM-
Seg [32]), it introduces design principles that may generalize
to other vision-language tasks, including (1) retrieval-based
augmentation to mitigate visual hallucinations, (2) adaptive
routing mechanisms for uncertainty handling, and (3) multi-
granularity fusion for enhancing performance. MaskRAG is
also compatible with general multimodal learning: LoRA
preserves the base model parameters, SAM2 operates as an
independent module, and prior studies indicate that joint
training with VQA tasks can maintain multi-task performance.
This suggests that task-focused research may yield reusable
mechanisms that improve multimodal reliability more broadly.
A broader evaluation on general vision-language tasks is left
for future work.

Despite its effectiveness, MaskRAG has two limitations.
First, candidate region generation depends on external models
such as SAM, which increases inference latency and computa-
tional cost. Second, in complex scenes (e.g., heavy occlusion
or high object density), the quality of candidate regions may
degrade, reducing the effectiveness of the retrieval module.

Future work will focus on improving the efficiency and



robustness of candidate region generation, with the goal of
producing high-quality masks under challenging conditions
while reducing reliance on SAM. Additionally, further refine-
ment of the <None> token routing mechanism could improve
its ability to assess proposal quality, enabling more reliable
decisions on when to use retrieved masks versus falling back
to [SEG]-based prediction.
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