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Abstract—Referring Image Segmentation (RIS) aims to seg-
ment objects based on natural language expressions. Existing
methods leverage Multimodal Large Language Models (MLLMs)
to interpret text descriptions and localize objects, while mask
generation follows two paradigms. The first approach represents
segmentation masks using polygon coordinates, which inherently
suffers from precision errors. The alternative approach integrates
MLLMs with Segmentation Foundation Models (SFMs). Com-
bining two models with differing output mechanisms can lead to
optimization inefficiencies and hinder the effective propagation
of information. In this work, we propose DMR-Seg, an image
segmentation method that integrates mask generation within
MLLM. We use the modified VQVAE to discretize binary
segmentation masks into sequences of tokens. By training the
MLLM to predict these sequences autoregressively, the model
is endowed with the capability to achieve image segmentation.
To reduce decoding dependency caused by autoregressive gener-
ation, we further designed a training strategy that proactively
injects token noise. Experimental results on multiple datasets
demonstrate that our model outperforms existing segmentation
methods. Furthermore, ablation studies confirm the effectiveness
of the proposed training strategy.

Index Terms—Referring Image Segmentation, Multimodal
Large Language Model, Autoregressive Generation, VQVAE

I. INTRODUCTION

Referring Image Segmentation (RIS) represents an inte-
gral intersection of natural language processing and com-
puter vision. Unlike traditional segmentation which is often
constrained by predefined semantic categories, RIS requires
models to localize and generate binary masks for specific
instances based on arbitrary natural language descriptions
(e.g., ”the person wearing yellow clothes”). Consequently,
RIS demands a sophisticated cross-modal understanding to
bridge the semantic gap between textual expressions and visual
pixels, offering transformative potential for human-computer
interaction and intelligent image editing.

Recent advancements in multimodal foundation models [1],
[2] have significantly enhanced text-image alignment, driving
progress in RIS. Early methods [3]–[5] primarily utilized
CLIP [1] for cross-modal feature alignment to facilitate text-
guided segmentation. Currently, Multimodal Large Language
Models (MLLMs) [6]–[8] represent the dominant paradigm,
leveraging their inherent knowledge to interpret complex
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textual descriptions. Existing MLLM-based segmentation ap-
proaches generally follow two distinct paradigms. The first
paradigm [9], [10] involves feeding both the image and the
referring expression into MLLMs, which subsequently gen-
erate a sequence of polygon coordinates. The interior region
of the predicted polygon is then extracted to derive the final
segmentation mask. This approach inherently necessitates a
trade-off between accuracy and efficiency, as generating finer-
grained segmentation masks demands a larger number of
coordinate points. The alternative paradigm [11]–[13] focuses
on leveraging MLLMs to generate embeddings enriched with
segmentation information, which are subsequently employed
as visual prompts to guide segmentation foundation models
(SFMs) [14], [15] in producing the final segmentation masks.
A key characteristic of these methods is their high dependence
on SFMs. Due to output modality gaps between MLLMs
and SFMs, custom modules are required for information
bridging. Moreover, the direct coupling of MLLMs with SFMS
necessitates joint optimization, incurring high training costs,
complexity, and limited scalability.

Inspired by the implementations of autoregressive image
generation [16], we propose a novel approach that redefines
image segmentation as a sequence generation task. Our method
consists of two stages. First, we modified the encoder and
decoder architectures of VQVAE [17] to enable it to serve
as a mask tokenizer. The encoder transforms segmentation
masks into discrete sequences, which serve as supervision
for MLLMs. The decoder reconstructs masks from these se-
quences. This approach bridges pixel-wise masks and the dis-
crete token sequences required for MLLMs. Second, we train
a MLLM to generating mask codes (i.e., discrete sequences)
in an autoregressive manner. During inference, the discrete
sequences output by the MLLM are directly converted into
segmentation masks via the decoder. This paradigm enables
MLLMs to predict mask sequences at the token level, thereby
endowing them with image segmentation capabilities. Figure 1
illustrates the differences between previous approaches and
our proposed framework. Notably, our method eliminates the
dependency on external segmentation models, streamlining the
implementation.

The autoregressive output paradigm of MLLMs implies that
an erroneous mask code at any generation step can mislead
subsequent predictions, leading to error accumulation and
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Fig. 1: Different implementation of RIS.

consequently steering segmentation results toward incorrect
objects. To address this issue, we introduce a noise injection
strategy that actively substitutes a portion of mask codes
with random alternatives during training, thereby enabling the
MLLM to predict correct codes in the presence of noise. This
approach enhances the MLLM’s mask prediction capability.
Results on mainstream RIS benchmarks demonstrate the ef-
fectiveness of our method.

Our contribution can be summarized as follows:

1) We propose a novel RIS method that represents seg-
mentation masks as discrete tokens, enabling MLLMs to
directly output segmentation results without relying on
SFMs.

2) We propose a training strategy that injects code noise into
the sequence to reduce the model’s dependence on previ-
ously predicted tokens during autoregressive generation.

3) Our method outperforms previous approaches on multiple
RIS benchmarks, achieving superior segmentation perfor-
mance. Ablation studies further confirm the effectiveness
of the proposed training strategy.

II. RELATED WORK

A. Referring Image Segmentation

The core of RIS task is cross-modal understanding. Early
RIS models [18], [19] incorporate linguistic information into
the segmentation pipeline. As CLIP [1] can extract cross-
modal semantics, CRIS [5] integrates it with a segmentation
model based on the MaskFormer [15] architecture, spurring
numerous studies [3], [4], [20] to explore this paradigm
for RIS. Recently, the research landscape has shifted to-
ward MLLMs. For instance, LISA [12] synergizes SAM and
LLaVA [6] by utilizing token embeddings to steer the seg-
mentation process. While subsequent iterations [13], [21], [22]
have further refined this framework, these methods generally
rely on the combination of models and pipeline design, which
inherently increases computational complexity.

B. Multimodal Large Language Model

Research on MLLMs fundamentally builds upon cross-
modal representation learning, pioneered by CLIP [1] through
contrastive alignment of visual-textual spaces. Following the
rapid evolution of LLMs, contemporary efforts focus on ef-
fectively injecting visual features into the language embedding
space. While early works like the LLaVA series [6], [23], [24]
established the efficacy of direct projection layers, more recent
state-of-the-art models, such as Qwen2-VL [7] and InternLM-
XComposer [8], have shifted toward dynamic high-resolution
and native aspect-ratio scaling to capture fine-grained spa-
tial details. Such architectural advancements enable MLLMs
to transcend global scene description, achieving the precise
visual-linguistic parsing necessary for RIS tasks. Within this
context, MLLMs must leverage their enhanced perception to
bridge the gap between abstract referring expressions and
dense, pixel-level semantic representations.

III. METHOD

A. Overall Architecture

The overall framework of DMR-Seg is illustrated in Fig. 2.
We decouple the training of the mask tokenizer from that of
the MLLM. In the first stage, we modify the architecture and
training loss of VQVAE [17] to enable it to function as a
mask tokenizer. We jointly optimize the parameters of the en-
coder, decoder, and codebook through masked reconstruction,
thereby allowing masks to be represented as compositions of
discrete codes. In the second stage, the frozen mask encoder
is used to convert masks into discrete sequences, represented
as mask codes. The MLLM is then trained to generate these
mask codes conditioned on the image and textual description.
During inference, the predicted mask codes from the MLLM
are sent to the mask decoder to produce the final segmentation
results.

B. Mask Tokenizer

We regard segmentation masks as binary images comprising
solely black and white pixels. And we adopt a modified
VQVAE as the tokenizer to transform the masks into discrete
tokens. The codebook Z ∈ RK×dvq of the VQVAE contains
K vectors. The encoder and decoder of the modified VQVAE
are shown in Fig. 3. The encoder has a downsampling rate
of 16. This rate is consistent with the patch size used in
the vision encoders of some MLLMs, ensuring token-level
alignment. During training, the model optimizes its parameters
by reconstructing segmentation masks. The encoder trans-
forms the normalized mask M ∈ RH×W×1 into features
fm ∈ Rh×w×dvq , and the quantizer converts these features
into discrete codes q ∈ [K]h×w. The quantizer matches each
vector in fm with the closest vector in Z in terms of Euclidean
distance and finds the corresponding code index:

q(i,j) = argmin
zk∈Z

||zk − f (i,j)
m || ∈ [K], (1)

where zk is the vector within Z. Replace the vectors in fm
with the corresponding selected vectors from the codebook Z
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generate these mask codes conditioned on images and textual descriptions. At inference time, the mask codes predicted by the
MLLM are sent to the mask decoder to produce the final segmentation results.
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Fig. 3: The encoder and decoder architecture of the mask
tokenizer.

to form the new feature f̂m ∈ Rh×w×dvq . Then, fm is passed
to the decoder and upsampled to produce the reconstructed
mask M̂ ∈ RH×W×1.

The loss function consists of three parts: reconstruction loss,
codebook loss, and commitment loss. For natural images, the
reconstruction loss is the mean square error (MSE) between
pixel values. However, mask reconstruction involves only the
binary classification of pixels. Therefore, we use binary cross-
entropy loss as the reconstruction loss, while the other losses
remain unchanged. The total training objectives are:

LBCE(M,M̂) =
−

∑H
i=1

∑W
j=1[xi,j log pi,j+(1−xi,j) log(1−pi,j)]

H·W
(2)

L = LBCE(M, M̂) + ||sg[fm]− z||22 + β||fm − sg[z]||22 (3)

where pi,j represents the probability of the pixel at (i, j)
being a valid (white) pixel, β represents the weight of com-
mitment loss, and sg[·] means stop gradient.

The code indices q form the discretized representation of
the segmentation masks. Flattening q to form 1D sequence

can serve as training data for the MLLM. To represent the
range of indices from 0 to 255 in a uniform format, we
convert them into hexadecimal. Each index is represented as
two hexadecimal digits, which facilitates processing by the
MLLM.

Only the codebook and mask decoder are used during
inference, as shown on the bottom right of Fig. 2. The mask
codes predicted by the MLLM are first rearranged into a 2D
structure. Then, the corresponding vectors are retrieved from
the codebook and fed into the decoder. A binarization step
with a threshold of 0.5 is applied to the decoded output to
obtain the final segmentation masks.

C. Multimodal Large Language Model

The MLLM leverages its visual comprehension capabilities
and world knowledge to accurately identify target objects
from textual descriptions and generate mask codes as the
segmentation results. Before training the MLLM, we use the
mask tokenizer to extract mask codes from segmentation data
and flatten these codes into 1D sequences. Newline characters
“\n” are inserted between rows of codes to enhance the
MLLM’s perception of 2D spatial relationships, due to its
inherent use of 1D positional encoding. The start and end of
the mask code sequence are demarcated with special tokens
<seg> and </seg>, respectively. These mask codes are
then integrated into the response template to form the textual
training data, as shown in the upper middle of Fig. 2 (b).
Furthermore, we construct textual inputs by combining object
descriptions with eight predefined templates, such as “Can you
segment the {object description} in this image?”.

The MLLM takes an input image I and a referring expres-
sion T as input and outputs mask codes in an autoregressive
manner. For each code ci, the predicted probability is condi-
tioned on the input content and the previously generated codes
{c1, c2, ..., ci−1}. This mechanism aligns seamlessly with the



generative paradigm of MLLMs. For a sequence of mask codes
of length L, the probability of the target answer is given by:

p(c1, c2, ..., cL|I, T ) =
L∏

i=1

p(ci|I, T, c<i) (4)

Since the MLLM is only required to predict textual mask
codes, the cross-entropy loss is employed for parameter opti-
mization. Compared to other approaches that rely on additional
modules, our method reduces the complexity of training.
Moreover, this design allows the model to focus purely on
learning semantic representations without the interference of
extra architectural constraints, thereby improving training effi-
ciency. The simplicity of the optimization objective facilitates
more stable convergence across different datasets.

D. Noise Injection

The MLLM is required to generate mask codes progres-
sively in an autoregressive manner. This implies that during
inference, the currently predicted code is influenced by previ-
ously generated results. Decoding errors accumulate progres-
sively as the code length increases. The presence of erroneous
tokens within the mask sequence induces a spatial misalign-
ment between the mask and ground-truth boundaries, which
may further cause the model to misidentify the target object.
To solve this issue, we intentionally introduce erroneous
codes into the sequences during training. Specifically, for each
training sequence, we randomly select 10% of the codes in the
sequence and replace them with other hexadecimal digits. The
code predicted at the current step can attend to all previous
codes, which are not entirely produced by the ground truth
(GT). This encourages the model to reduce its reliance on
previous codes and increase its attention to visual tokens from
the input image.

IV. EXPERIMENTS

A. Experimental Settings

Datasets. Our training data is composed of three types.
For semantic segmentation data, we employ ADE20K [25],
COCO-Stuff [26], PACO-LVIS [27], PartImageNet [28] and
PASCAL-Part [29]. The data for each category is extracted
into binary masks. Semantic segmentation data contain a sub-
stantial number of complex boundaries, which helps the model
enhance its edge representation capability. For the RIS data,
we use refCLEF, refCOCO, refCOCO+, and refCOCOg [30],
[31]. To mitigate catastrophic forgetting and maintain MLLM’s
visual comprehension capabilities, we use MMInstruct [32] as
the visual question answering (VQA) data.

Evaluation metrics. We follow prior work and report
cumulative Intersection-over-Union (cIoU), which is defined
as the ratio of the total intersection area to the total union
area between predicted and GT masks over the entire dataset.

Implementation details. For semantic segmentation data,
we employ data augmentation techniques including rotation,
scaling, and random cropping. For RIS data, we only resize the
images. The codebook size of the mask tokenizer is set to 256,

which is sufficient for mask representation. And the tokenizer
is trained with a learning rate of 1e-4. The commitment loss
weight β is set to 0.25. We use DeepSeek-VL-7B [33] as
the MLLM, whose vision encoder has a downsampling rate
identical to that of the mask tokenizer. The MLLM is trained
for 10 epochs on segmentation data and VQA data. We apply
LoRA [34] for efficient fine-tuning, with a learning rate of
3e-4 and a cosine decay strategy including 1% warm-up. We
use AdamW as the optimizer. All training is conducted on
4 NVIDIA H20 GPUs. At inference time, mask codes are
generated via greedy search.

B. Main Results

We compare DMR-Seg with several of the most competitive
RIS methods. Table I presents the performance of various
methods across three widely adopted RIS benchmarks. Exist-
ing methods can be classified into three paradigms. Polygon-
based methods represent segmentation masks as polygons by
outputting coordinate points, thereby eliminating the need for
SFMs. Token-embedding-based methods use hidden state from
MLLMs as prompts to guide SFMs in generating masks.
Other methods integrate MLLMs and SFMs by introduc-
ing additional bridging modules. Compared to polygon-based
approaches, our method achieves an average improvement
of 5.6% across all datasets. Moreover, it obtains the best
performance on multiple validation and test sets, even sur-
passing methods that rely on SFMs. On the validation sets
of RefCOCO, RefCOCO+, and RefCOCOg, our approach
outperforms previous methods by 0.7%, 0.2%, and 0.3%, re-
spectively. On the RefCOCO testB set, it exceeds GroundHog-
7B [36] by a margin of 1.1%. On the two test sets of
RefCOCO+, our method shows improvements of 0.9% and
0.4% compared with SAM4MLLM.

While SAM4MLLM [37] leverages SAM [14] to achieve
high segmentation accuracy, it incurs greater computational
overhead. Although our method exhibits slightly lower per-
formance than SAM4MLLM [37] on two test sets, the gap is
minimal. Furthermore, our method offers strong extensibility.
As an optional step, SAM [14] can be employed to further
refine the segmentation masks based on our results, thereby
continuously improving performance.

C. Ablation Study

In this section, we conduct a comprehensive ablation study
to investigate the contribution of each component to the final
performance. We report the results on the validation set using
cIoU.

Contribution of different types of training data. Table II
shows the contribution of different data types to the model’s
performance. When using only RIS data, the model did not
show satisfactory segmentation capability. The introduction of
semantic segmentation data leads to a significant improvement
in performance. A notable reason is that each ground truth
in the semantic segmentation dataset can be decomposed
into multiple binary masks. These data contain diverse labels
and complex boundary contours, which help the model learn



TABLE I: Results on referring segmentation datasets. TestA and testB are two different subsets. We use cIoU as the
evaluation metric. SFM denotes Segmentation Foundation Model. Our method achieves the best performance across
multiple datasets without employing an additional SFM.

Paradigm Method w/ SFM
refCOCO refCOCO+ refCOCOg

val testA testB val testA testB val test

Polygon VistaLLM-7B [10] × 74.5 76.0 72.7 69.1 73.7 64.0 69.0 70.9

Token Embedding
(Hidden State)

LISA-7B [12] ✓ 74.9 79.1 72.3 65.1 70.8 58.1 67.9 70.6
PixelLM-7B [21] ✓ 73.0 76.5 68.2 66.3 71.7 58.3 69.3 70.5
GSVA-7B [13] ✓ 77.2 78.9 73.5 65.9 69.6 59.8 72.7 73.3
LaSagnA-7B [22] ✓ 76.8 78.7 73.8 66.4 70.6 60.1 70.6 71.9
VisionLLM v2 [11] ✓ 76.6 79.3 74.3 64.5 69.8 61.5 70.7 71.2

Others
Text4Seg-7B [35] ✓ 78.8 81.5 74.9 72.5 77.4 65.9 74.3 74.4
GroundHog-7B [36] ✓ 78.5 79.9 75.7 70.5 75.0 64.9 74.1 74.6
SAM4MLLM-8B [37] ✓ 79.8 82.7 74.7 74.6 80.0 67.2 75.5 76.4

Mask Token (ours) DMR-Seg-7B × 80.5 82.2 76.8 74.8 80.9 67.6 75.8 76.2

TABLE II: Ablation study on training data.

Semantic Seg Referring Seg VQA refCOCO/+/g val

✓ 74.6 70.4 71.8
✓ ✓ 75.3 71.8 72.9

✓ ✓ 78.8 73.5 74.7
✓ ✓ ✓ 80.5 74.8 75.8

TABLE III: Ablation study on the ratio of code noise.

Noise Injection refCOCO/+/g val

0% 74.8 70.3 71.6
5% 77.3 72.1 73.4

10% 80.5 74.8 75.8
15% 79.7 74.4 75.2

the representation from segmentation masks to mask codes.
On this basis, incorporating VQA data further improves the
model’s performance. The VQA data aims to maintain the
model’s visual understanding and reasoning abilities, while
also helping it identify the correct objects based on referring
descriptions.

Noise injection ratio. We conducted ablation studies on
various ratios of noise injection strategies, as illustrated in
Table III. When no code noise was introduced (i.e., training
solely using real mask codes), the model’s performance sig-
nificantly deteriorated. This indicates that the model heavily
relies on previously predicted mask codes during the inference
phase. By introducing a certain amount of code noise into the
sequences, the model’s sequence dependency was significantly
reduced. It achieved optimal performance when the noise ratio
was set at 10%. However, further increasing the noise beyond
this point led to a decline in performance. This suggests that,
given the current volume of data, excessive noise makes it
difficult for the model to effectively learn the representation
of the masks. Fig 4 illustrates the impact of noise injection on
segmentation performance.

Components of mask tokenizer. We evaluated the down-
sampling and upsampling modules of the VQVAE to assess
the contribution of key components to mask representation.

Can you segment 
the lady in blue in 

this image?

image GT w/o noise injection
5% noise 
injection

10% noise 
injection

Fig. 4: The impact of noise injection on segmentation per-
formance. The closest correspondence between segmentation
results and GT is observed at a noise ratio of 10%.

We used four downsampling modules with a downsampling
rate of 16. This design ensures that the number of mask codes
matches the number of input image tokens, which facilitates
learning the correspondence between them, though this is
not an absolute requirement. We conducted an experiment
using only three downsampling modules with a downsampling
rate of 8, a setup consistent with some conventional VQVAE
architectures. This configuration requires the model to produce
four times as many mask codes as image tokens. Results on
the refCOCO validation set showed a performance decrease
of 2.2%. Sequential dependencies and spatial relationships
were identified as the main factors behind this drop. Addition-
ally, we tried to replace the combination of upsampling and
convolutional layers in the decoder with a single transposed
convolutional layer. Experiments on the refCOCO validation
set showed a performance decline of 1.6%. This indicates that
using an interpolation-based upsampling module helps restore
fine-grained details. Furthermore, ablation studies on the code-
book size indicate that larger sizes lead to underutilization
of codebook entries. We replaced the custom reconstruction
loss used during training with the original mean-square-error
(MSE) loss, which led to a performance degradation of 0.8%.
This suggests that the specialized loss function was better
suited to the model’s optimization objective.

V. CONCLUSION

In this work, we introduce a novel approach for referring
image segmentation. We improve the VQVAE to achieve a
discrete representation of segmentation masks. This enables
the multimodal large language model to predict segmentation



results by generating discrete mask codes without relying
on additional segmentation models, thereby reducing model
complexity and training difficulty. To address the decoding
dependency caused by autoregressive generation, we inten-
tionally inject code noise into the sequences during training,
enabling the model to develop robust prediction capabilities
even when exposed to erroneous historical information. Exper-
imental results demonstrate the effectiveness of our method.
We hope this work will provide new insights into integrating
image segmentation within the autoregressive framework.
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