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Abstract

Despite significant progress in pixel-level medical im-
age analysis, existing medical image segmentation mod-
els rarely explore medical segmentation and diagnosis tasks
jointly. However, it is crucial for patients that models
can provide explainable diagnoses along with medical seg-
mentation results. In this paper, we introduce a medical
vision-language task named Medical Diagnosis Segmenta-
tion (MDS), which aims to understand clinical queries for
medical images and generate the corresponding segmenta-
tion masks as well as diagnostic results. To facilitate this
task, we first present the Multimodal Multi-disease Medical
Diagnosis Segmentation (M3DS) dataset, containing diverse
multimodal multi-disease medical images paired with their
corresponding segmentation masks and diagnosis chain-of-
thought, created via an automated diagnosis chain-of-thought
generation pipeline. Moreover, we propose Sim4Seg, a novel
framework that improves the performance of diagnosis seg-
mentation by taking advantage of the Region-Aware Vision-
Language Similarity to Mask (RVLS2M) module. To im-
prove overall performance, we investigate a test-time scal-
ing strategy for MDS tasks. Experimental results demonstrate
that our method outperforms the baselines in both segmenta-
tion and diagnosis.

Code — https://github.com/SLR567/Sim4Seg
Dataset — https://github.com/SLR567/M3DS

1 Introduction

As an important clinical application, medical image segmen-
tation aims to identify tissues, lesions, and organs in vari-
ous medical images (Ramesh et al. 2021; Wang et al. 2022;
Zhou et al. 2018). Although existing specialist models (Ron-
neberger, Fischer, and Brox 2015; Saha, Hosseinzadeh, and
Huisman 2021) achieve impressive performance in specific
tasks, they lack the capacity to directly provide diagnosis
with explanations, which is an essential capability for real-
world clinical workflows.
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the Jiangyin Hi-tech Industrial Development Zone under the Taihu
Innovation Scheme (EF2025-00003 SKL-IOTSC).
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Could you please first segment the
retinal vasculature in this image, and
then perform a diagnostic analysis of

the pathological changes present?

090

Sure, [SEG]. The specific eye lesion
illustrated in the image is: AMD.

Figure 1: Medical Diagnosis Segmentation (MDS) task re-
quires model to understand medical images and queries, then
generate corresponding segmentation masks along with di-
agnoses.

As an extension of referring expression segmentation (Hu,
Rohrbach, and Darrell 2016), reasoning segmentation has
recently been proposed to generate fine-grained masks for
objects referenced in text output. This paradigm acquires
further exploration in medical image segmentation. In the
general domain, recent studies (Lai et al. 2024; Zhou,
Song, and Shen 2025b) have advanced fine-grained rea-
soning tasks for Large Vision-Language Models (LVLMs)
using text prompts. These works effectively integrate vi-
sual encoders of LVLMs (Liu et al. 2023) with downstream
task decoders (Kirillov et al. 2023), enhancing their visual
grounding capabilities. Specifically, GSVA (Xia et al. 2024)
addresses the distribution gap between multiple-target and
empty-target scenarios. Separately, GLaMM (Rasheed et al.
2024) and PixelLM (Ren et al. 2024) enhance model ver-
satility in language and vision modalities, respectively, en-
abling multi-granularity reasoning. READ (Qian, Yin, and
Dou 2025) leverages points as prompts to enhance segmen-
tation performance by improving fine-grained text-image
correspondence. Models that combine reasoning and seg-
mentation abilities hold significant potential in clinical ap-
plications. However, existing medical LVLMs focus primar-
ily on segmentation capabilities (Tong et al. 2025) or lever-
age LVLMs for text-guided localization descriptions (Guo
et al. 2024; Zhou, Song, and Shen 2025a). Developing a uni-
fied model that offers medical segmentation and explainable
diagnosis capability remains an open challenge.

In this work, we propose a novel medical vision-language



task, Medical Diagnosis Segmentation (MDS) (illustrated
in Figure 1), which requires a model to understand med-
ical images with queries and generate both segmentation
masks and corresponding diagnosis results. To support the
MDS task and facilitate future research, we introduce the
Multimodal Multi-disease Medical Diagnosis Segmentation
(M3DS) dataset. M3DS contains 10 subsets across vari-
ous modalities and disease types. Each sample contains
an image, ground truth mask, query, diagnosis result, and
a diagnosis chain-of-thought (CoT). We first select multi-
modality, multi-disease medical image segmentation data
from publicly available datasets. Subsequently, we con-
struct CoT question-answering pairs for M3DS using our
automated pipeline, which leverages the open-source med-
ical LVLM HuatuoGPT-Vision (Chen et al. 2024). Unlike
traditional medical image segmentation or medical VQA
datasets (Cheng et al. 2025; Zhang et al. 2023), M3DS
unifies segmentation and diagnosis reasoning, enhancing
pixel-level explainability for medical VQA while providing
reasoning-based interpretability for segmentation, serving as
a valuable resource for future research.

Building upon existing reasoning segmentation meth-
ods (Lai et al. 2024; Lan et al. 2025; Li et al. 2023b),
we introduce Sim4Seg. This model leverages Region-Aware
Vision-Language Similarity Masks (RVLSMs) derived from
text-image token embedding similarity of the last hidden
state to enhance diagnosis segmentation performance. Fine-
tuning Sim4Seg on M3DS dataset improves its medical di-
agnosis segmentation capability. Furthermore, we develop a
test-time scaling strategy especially designed for MDS task
to optimize overall performance.

In summary, the main contributions of this paper are as
follows:

* We introduce M3DS dataset, a unified resource compris-
ing segmentation masks and diagnosis CoT generated by
our automated pipeline, which facilitates future research.

* We propose Sim4Seg, a novel framework incorporat-
ing Region-Aware Vision-Language Similarity to Mask
(RVLS2M) module to enhance medical image segmenta-
tion and diagnosis capabilities.

* We design a test-time scaling strategy specifically for
medical image diagnosis and segmentation, leading to
higher performance.

» Extensive experiments demonstrate that Sim4Seg outper-
forms existing models on while exhibiting robust cross-
dataset and cross-modality generalization capabilities.

2 M3DS Dataset

To enhance the segmentation and diagnosis capabilities of
Sim4Seg, we constructed the M3DS dataset. Firstly, we
collected medical image segmentation datasets with corre-
sponding disease categories. Subsequently, we designed a
multi-role CoT data generation pipeline for M3DS dataset.

2.1 Data Collection

We constructed M3DS by integrating ten distinct sub-
datasets from diverse sources. Specifically, FracAtlas (Abe-
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Dataset | Modality | Size
|X-Ray DS End US FP|Train Val Test
FracAtlas v 574 82 61
bone fracture v 311 83 43
BFD v 1804 173 83
ISBI v 899 277 101
ISIC v 2000 150 600
Kvasir-SEG v 801 99 100
BUSI v 532 55 60
TN3K v 2001 878 614
ChestX-Det v 2478 388 101
FIVES v | 600 99 101
Total ‘ 4 2 1 2 1 ‘ 12000 2284 1864

Table 1: Overview of M3DS dataset. In particular, DS stands
for Dermoscopy, End refers to Endoscopy, US denotes Ul-
trasound, FP represents Fundus Photography, and BFD sig-
nifies Bone Fracture Detection.

deen et al. 2023) contains 4,083 X-Ray images, includ-
ing 717 fracture cases, each annotated with polygonal seg-
mentation masks. Bone fracture (Roboflow100 2023) com-
prises 458 X-Ray images, with 437 containing fracture re-
gions. Bone Fracture Detection (BFD) (Darabi 2024) in-
cludes 2,060 fracture X-Ray images with pixel-level seg-
mentation masks at six anatomical sites. ISBI (Gutman et al.
2016) and ISIC (Codella et al. 2018) contain 1,279 and 2750
images of benign or malignant skin lesions with correspond-
ing segmentation masks, respectively. Kvasir-SEG (Jha et al.
2020) provides 1,000 polyp images paired with segmen-
tation masks. BUSI (Al-Dhabyani et al. 2020) comprises
780 breast ultrasound images with 437 benign, 210 ma-
lignant and 133 normal cases. TN3K (Gong et al. 2023)
includes 3,493 thyroid nodule images with corresponding
masks. ChestX-Det (Lian et al. 2021) contains 3,578 im-
ages sourced from NIH ChestX-14 (Wang et al. 2017), anno-
tated by three radiologists across 13 abnormality categories.
FIVES (Kai et al. 2022) features 800 fundus photographs
with manually annotated masks. The modality of these data
varied from X-Ray, dermoscopy, endoscopy, ultrasound, to
fundus photography. Specific details regarding the segments
used from each sub-dataset are summarized in Table 1.

2.2 Chain-of-Thought Reasoning Data
Generation

To construct the M3DS dataset, we designed a multi-role
CoT diagnosis data generation pipeline specifically for MDS
tasks, leveraging HuatuoGPT-Vision (Chen et al. 2024)
model as medical assistant and critical assistant. As illus-
trated in Figure 3, we first assemble the collected medical
images, the corresponding questions, and the diagnosis re-
sults into a structured prompt. To guide the model toward a
step-by-step understanding of the image and diagnosis rea-
soning, our prompt instructs the medical assistant to begin
by identifying the image modality, then progressively ana-
lyze the medical image and finally derive the diagnosis. This
prompt is then fed into the medical assistant to generate the
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Figure 2: Model Architecture of Sim4Seg. LVLM generates the corresponding output according to the given medical image and
query. The output hidden states are fed into the RVLS2M module, from which M. 4;0n, is obtained to prompt the SAM (Kirillov

et al. 2023) model.

CoT of diagnosis reasoning. To ensure the quality and reli-
ability of the generated result, a review step is incorporated
into the pipeline, where the critical assistant evaluates the
output. If the generated CoT is rejected by the critical assis-
tant within the maximum allowed review rounds, the failure
feedback is sent back to the first step to trigger a new output.
To further guarantee the effectiveness of the generation, we
added a human-assisted review phase after critical assistant
evaluation. Using this multi-role diagnosis CoT generation
pipeline, we train the Sim4Seg model on our constructed
M3DS dataset.

3 Methodology

In this section, we present our model architecture in Sec-
tion 3.1, which contains our proposed Region-Aware Vision-
Language Similarity to Mask (RVLS2M) module. Then, we
introduce training objectives in Section 3.2, and a test-time
scaling strategy designed for MDS task in Section 3.3.

3.1 Sim4Seg Model Architecture

Let X, € R™M>wX¢ be the set of input images, with
Ximg € Ximg representing a single image. Here n, i, w, and
c denote the image count, height, width, and channel count,
respectively. The corresponding set of text inputs, Xy, rep-
resenting text queries, contains elements xj,, € X;;;. The
primary task of MDS task is to predict text output Oyt and
its corresponding segmentation mask Omas L as

@JWLE = argénaXMO (Otxta Omask | Ximgvtht; @) )

where the medical diagnosis segmentation model is de-
noted by My, and © represents its parameters. As shown
in Figure 2, this framework comprises an LVLM M v 1
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and a segmentation backbone Mgpq, formally defined as
My = Mpvim © Mspg. Here, @ indicates a cascading
operation between modules. The output segmentation mask
Omask € {0,1}% is a binary matrix. To enable M, to
generate mask embeddings, LISA (Lai et al. 2024) expands
the text vocabulary of My 1,3 by introducing a special to-
ken. The input image x.,, ¢ 1s divided into uniform patches
and processed by CLIP (Radford et al. 2021) encoder. Dur-
ing training, this special token is incorporated into x:,,, and
both x},, . and x{,, are put into My s, producing lan-

guage response Oy, as

(D

Before predicting the binary segmentation mask, My gener-
ates a response OAtxt containing the special token represent-
ing the target object. Following LISA (Lai et al. 2024), the
last hidden layer embedding E., associated with this spe-
cial token is extracted from My 1 s. This is subsequently
projected through a multilayer projection layer ¢ to obtain
the refined feature E,.4 as

Eqey =6 (Eey) @

Meanwhile, the visual backbone M extracts visual fea-

tures F from the input image x;,,, ., formulated as

F = M%5q (xﬁmg) . 3)
Building on the capability of SAM (Kirillov et al. 2023),
which supports various types of prompts, we investigate
region-aware masks as prompts via region-aware vision-
language similarity. Formally, let E = {E;,...,E, | E; €
Rd} denote the hidden states of My 1, Where n is the
token count, and d denotes the embedding dimension. E,.,

A i i
Otat = Mrvium (Ximgvxtmt) :
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Figure 3: CoT generation pipeline for M3DS dataset construction.

in Equation 2 satisfies E,., € E. During training, visual
features and text instruction x%,, are jointly used as input
to LVLM. Consequently, it has E;;,,, C E. The vision-
language similarity score is defined as

Sim = Eimg : (Eseg)T 5 )

where Sim € R™ measures the similarity between each im-
age token and the special token generated by LVLM. Along
with E,., in Equation 2 and Sim defined in Equation 4,
we propose the Region-Aware Vision-Language Similarity
to Mask (RVLS2M) module detailed in Algorithm 1 for im-
proving segmentation capabilities. After calculating the sim-
ilarity score Sim, we normalize the similarity scores via soft-
max to enhance the separability of regions as follows

exp(s;)

= ; 6
Zj_1eXp(5j)}i_1 ©)

where s; denotes the i-th element in Sim. Next, we construct
a region-aware vision-language similarity map. The normal-
ized scores Simy,p, are reshaped into a 2D map M €
RM*%' with dimensions ' = [y/n] and w' = [n/h'],
such that

Simy,erm = softmax(Sim) = {

(6)

where Yu € [0,h' — 1],v € [0,w’ — 1]. This map is then
divided into non-overlapping g x g grids. Within each grid
cell, we compute region similarity R, ; by average pooling

Mu,v = Sinlno1rm ['I.L ' wl + 'U],

b(k+1)—1b(I+1)—1

Y. D My,

i=bk j=bl

1

= ©

Rii =

with parameters b = |min(h’,w’)/g], k,1 € [0,g—1]. R €
R9*9 is the region-aware vision-language similarity matrix.
Then, a binary segmentation mask M,.4;0n is generated by
applying adaptive thresholding to R, such that

Mregion =1 (T(R)) 3 (8)

where I(-) is the indicator function. The specific selection
of the 7-strategy will be detailed in Section 4. Finally, the
binary segmentation mask M40, along with the special
token embedding and visual features F' from the input image
X o are fed into M, formulated as

Omask = M%GECG (F7 E5697 Mregion)~ (9)
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Algorithm 1: Region-Aware Vision-Language Similarity to
Mask (RVLS2M)

Require: Image tokens E;,,, € Rnxd, special token em-
bedding E,.4 € R, projection function ¢, grid size g.
Ensure: Binary mask M, .cgi0n, € {0,1}9%9.
Eseg <~ ¢(Eseg)
Sim « Eimg . (Eseg)T
Simyerm < softmax(Sim)
N« |v/n], w + [n/h]
M + reshape(Simporm, [B/, w'])
b« [min(h',w')/g]
fork <+ Otog—1do
for/ < 0Otog—1do
Ry, < mean(M bk : b(k+1),bl : b(1 +1)])
end for
: end for
: Myegion < 1 (T(R))
: return M,cgi0n

A R

—

3.2 Training Objectives

By jointly optimizing the text generation loss L in
M v and the segmentation mask 1oss £,,q5% in Msgg,
we enable My to perform MDS task. For L;,;, we employ
cross-entropy loss, and for £, 45k, We use a combination of
binary cross-entropy (BCE) loss L. and DICE loss L g;ce.
Finally, the overall loss objective L is the weighted average
of Lz and L,,4sk, denoted by

Lmask = )\bceﬁbce + )\dicelcdi,ca
L= Atavtl:twt + )\mask['maska
where A\pce and Ay are the weight of BCE loss L. and

DICE loss Lg;ce, respectively. The overall loss objective £
is weighted by Ay, for Ly and Apygsk for Loqsk-

(10)

3.3 Test-Time Scaling for Medical Diagnosis
Segmentation Task

To enhance model performance during inference, we pro-
pose a test-time scaling strategy designed for MDS task that
leverages multi-path reasoning from LVLMs. Given an in-
put medical image X;,,4 and its corresponding query X¢¢,
our method generates diverse outputs through a two-stage
reasoning process. Firstly, LVLM My 1.ar generates m di-
verse diagnosis reasoning paths, represented by

(1)

{007 = Mpy v (Kimg, Xtat)s



Please first identify and delineate
the pathological region in this
radiographic image, then provide a
diagnhostic interpretation of the
underlying condition.

Sim4Seg
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Figure 4: Test-Time Scaling strategy for MDS task.

where each O, € R? represents one of the m CoT rea-
soning output paths. For each path ¢, we extract the last
hidden layer embedding Ef_, corresponding to the special
token in O, and project it to obtain the refined feature
E.,. Combined with image tokens E;,, derived from the

vision encoder, binary region masks M,ﬁ.egion are gener-
ated through the RVLS2M module. Then, the segmentation

model M g produces m x n masks, formulated as
O%J = MSEG (Xim97 Eieg’ g(MZ‘egion’ 9])) ’

mask
with j = 1,...,n, and g(-) denoting a stochastic perturba-
tion parameterized by 6; ~ 7T to ensure diversity in mask
generation. The final segmentation mask is selected by max-
imizing an evaluation metric Q as follows
(OZJ Omask) )

mask’

12)

Ofinal

mask (] 3)

= arg max@Q
oI

mask

where Q is the quality metric computed as the average of
gloU and cloU. As illustrated in Figure 4, this strategy gen-
erates m x n candidate masks and selects one based on eval-
uation performance.

4 Experiments
4.1 Experimental Setting

Dataset and Metric. In our experiments, we trained
Sim4Seg model on the training split (12,000 samples) of
the proposed M3DS dataset and evaluated it on the test split
(1,864 samples). Accuracy (Acc) was employed to evaluate
the accuracy of diagnosis results. gloU (Rezatofighi et al.
2019) and cloU (Zheng et al. 2020) measure the overlap
between the predicted segmentation masks and their corre-
sponding ground truth.
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overall

Method

gloU cloU Acc
LLaVA-Med (Li et al. 2023a) - - 3.48
SAM-Med2D (Cheng et al. 2023)  22.94 5142 -
READ (Qian, Yin, and Dou 2025)  13.37 25.75 2.52
LISA (Lai et al. 2024) 3243 31.83 4.71
LISA (ft) (Lai et al. 2024) 44.07 42.89 0.00
LISA (ft-diagnosis) (Lai et al. 2024) 45.87 46.05 53.27
LISA (ft-CoT) (Lai et al. 2024) 45.90 45.92 58.05
Sim4Seg (ft-diagnosis) 51.00 54.06 54.33
Sim4Seg (ft-CoT) 51.86 53.90 69.04

Sim4Seg (ft-CoT) +test-time scaling 53.11 55.83 82.63

Table 2: Main results on test set of M3DS dataset.“ft”
refers to fine-tuning model with non-diagnostic settings, “ft-
diagnosis” indicates fine-tuning model with diagnosis op-
tion but without chain-of-thought data, and “ft-CoT” de-
notes fine-tuning model with chain-of-thought data.

Implementation Details. In the experiments, we employ
LISA (Lai et al. 2024) to initialize our model. During train-
ing, we trained for four epochs, employed an AdamW opti-
mizer (Loshchilov and Hutter 2019) with a learning rate of
3x 1074 a weight decay of 0.01, a batch size of 2, and a
gradient accumulation step of 10. The default loss weights
Amask and Ayz¢ are set to 1.0, the BCE loss weight Ay is
set to 2.0 and the DICE loss weight Ag;.. is set to 0.5. All
experiments were conducted on an NVIDIA H800 GPU.

4.2 Main Results on M3DS Dataset

The proposed Sim4Seg model demonstrates state-of-the-art
performance on the M3DS dataset (5 modalities, 10 sub-
datasets) through comprehensive experiments. As shown in
Table 2, Sim4Seg exhibits significant improvements on eval-
uation metrics. Sim4Seg enhances medical vision-language
models with segmentation capabilities while integrating
medical diagnosis into segmentation models. Sim4Seg ex-
ceeds reasoning segmentation models by +57.3% segmenta-
tion performance and +165.4% diagnosis accuracy.

4.3 Ablation Study

We evaluated Sim4Seg components by testing individual
modules and measuring their performance effects. Table
3 compares results w/ and w/o RVLS2M. Overall, the w/
RVLS2M configuration consistently outperforms the w/o
RVLS2M setup. FT w/o diagnosis (fine-tuning without di-
agnosis text like “It is [SEG]”) improves medical image
segmentation capability but lacks diagnosis capabilities. FT
w/ diagnosis (fine-tuning with diagnosis text formatted as
“It is [SEG]. + diagnosis result”) enhances both segmenta-
tion and diagnosis performance. FT w/ diagnosis-CoT (fine-
tuning with diagnostic chain-of-thought) adopts format “It
is [SEG]. + diagnosis CoT”, with CoT generated as de-
scribed in Section 2.2, significantly improves diagnosis per-
formance. In summary, training on M3DS dataset enhances
segmentation and diagnosis performance. Our proposed test-
time scaling (TTS) strategy also improves both segmentation



Method \ FracAtlas BF BFD ISBI ISIC KS BUSI TN3K CXD FIVES \ Avg.
w/o RVLS2M
gloU 1.42 342 626 8125 4771 4549 41.70 2356 5093 7.47 26.42
zero-shot cloU 1.43 292 599 76.69 49.21 46.74 3220 21.67 6.99 7.21 25.11
Acc 28.36 10.45 0.00 9.9 0.00 32.00 36.67 0.00 0.00 1.98 11.94
gloU 1.63 5.15 835 8511 6340 47.03 4258 37.79 11.99 2790 | 33.09
+FT w/o diagnosis cloU 1.50 3.31 10.00 8226 62.71 46.08 4521 3390 18.84 28.90 | 33.27
Acc 0.00 0.00 0.00 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00
gloU 1.50 523 1028 8593 63.59 5644 4191 40.01 14.69 32.55 | 35.21
+FT w/ diagnosis cloU 1.69 7.10 11.00 83.50 6325 5448 4646 39.62 21.34 33.806 | 36.23
Acc 88.06 79.10 48.19 69.31 64.50 82.00 6333 3420 36.63 32.67 | 59.80
gloU 1.58 5.15 835 8509 6397 5429 4591 40.12 1526 31.89 | 35.16
+FT w/ diagnosis-CoT cloU 1.71 3.31 10.00 81.85 64.85 49.79 4730 3893 2249 3322 | 35.35
Acc 88.52 81.39 57.83 7327 6450 84.00 80.00 4560 39.60 31.68 | 64.64
w/ RVLS2M
gloU 3.39 6.99 10.85 86.26 69.49 65.08 50.72 4638 19.17 32.44 | 39.08
+FT w/ diagnosis cloU 3.99 7.72 1151 8374 71.88 59.17 5223 5136 3584 34.17 | 41.16
Acc 88.06 82.09 42.17 5446 63.83 57.00 5833 46.09 34.65 31.68 | 5584
gloU 6.41 7.07 1197 8696 68.37 6723 4942 4831 2098 36.70 | 40.34
+FT w/ diagnosis-CoT cloU 542 546 13.86 8547 67.02 60.17 4949 54.18 37.13 38.64 | 41.68
Acc 89.55 86.57 63.86 7426 68.00 87.00 81.67 72.80 41.58 33.66 | 69.90
gloU 6.98 748 13.61 87.44 69.33 6828 49.28 50.03 23.53 37.77 | 41.37
+FT w/ diagnosis-CoT (TTS) | cloU 6.21 940 1590 8548 69.72 63.04 50.10 55.66 39.58 39.75 | 43.48
Acc 98.51 95.52 80.72 80.20 76.83 92.00 7833 93.81 4554 68.32 | 80.98

Table 3: Detailed ablation result on each sub-set of M3DS dataset. BF refers to bone fracture dataset, BFD indicates Bone
Fracture Detection dataset, KS denotes Kvasir-SEG dataset, and CXD represents ChestX-Det dataset.

Method gloU cloU Avg.
LISA (Lai et al. 2024) 3243 31.83 32.13
LISA w/ RVLS2M module 31.82 39.88 35.85

Table 4: Zero-shot effectiveness of RVLS2M module. The
proposed RVLS2M module also serves as an efficient
prompt creator in zero-shot scenarios.

and diagnosis performance, indicating that every component
contributes critically to the MDS task.

4.4 Analysis

Impact of RVLS2M Module Under Zero-Shot Setting.
The proposed RVLS2M module demonstrates significant
improvements in segmentation performance, as validated
in ablation studies. Notably, it also serves as an effective
prompt creator in zero-shot scenarios. As shown in Table 4,
using LISA (Lai et al. 2024) as the base model and incorpo-
rating the RVLS2M module without any training improves
performance by 11.6%. This confirms the plug-and-play ef-
fectiveness and flexibility of the RVLS2M module.

Impact of Different = Strategies. Figure 6 reveals an in-
verted U-shaped relationship between segmentation perfor-
mance and RVLSM granularity, controlled by the 7 strategy
illustrated in Equation 8. Performance improves when se-
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Modality \ LISA | Sim4Seg

| gloU cIoU | gloU cloU
X-Ray 6.34 14.01 | 1045 19.07
Dermoscopy 4351 27.10 | 4497 34.96
Endoscopy 36.13 35.86 | 41.38 31.12
Ultrasound 26.17 2342 | 27.08 23.69
Fundus Photography | 13.37 13.56 | 15.76 16.17

Table 5: Cross-modality generalization via testing on un-
trained modalities. Sim4Seg achieves superior performance,
demonstrating robust adaptation to diverse modality of med-
ical data.

lecting 12 to 36 grid cells with highest similarity, but de-
clines at 48 grid cells. Similarly, optimal results emerge
when selecting the top 36 grid cells at 16 x 16 grid reso-
lution, with performance increasing from 8 x 8 to 16 x 16
grid resolution and decreasing from 16 x 16 to 64 x 64 grid
resolution. This indicates that excessively coarse grids pro-
duce blurred regions, while overly fine grids retain spuri-
ous correlations from high-similarity points. These findings
demonstrate the critical role of optimal 7 strategy selection
in RVLSM effectiveness.

Impact of Different Test-Time Scaling Strategies. As
shown in Figure 7 (a), we investigate the impact of the pa-



@ Could you please first segment the retinal vasculature
E= in this image, and then perform a diagnostic analysis
—~ of the pathological changes present?

Sure, it is [SEG].

@

Intermediate result

Sure, it is [SEG]. Firstly, the modality of the image is a fundus
photograph. Secondly, I will start to analyze the image: - The

optic disc appears bright and well-defined. - There are several
retinal vessels radiating from the optic disc. These include both
arteries (which appear narrower) and veins (which appear wider).
Some areas in the retina show abnormal pigmentation or lesions

that may indicate pathology. Thirdly,- One notable lesion near the
center-left part of the image could be indicative of age-related
macular degeneration (AMD), characterized by drusen deposits

which can lead to yellowish spots on the retina. - Another

potential sign might be pigmentary changes around this area as

AMD progresses. Finally, The specific eye lesion illustrated in the

image is: AMD.

Figure 5: Case Study.

\ LISA \ Sim4Seg
| gloU cloU | gloU  cloU

ISIC 58.54  54.12 60.44  56.83
Kvasir-SEG 36.13 35.86 41.38 31.12
TN3K 29.06 2540 33.32  33.62
ChestX-Det 6.21 7.24 7.78 9.13
FIVES 13.37 13.56 15.76 16.17

dataset

Table 6: Cross-dataset generalization performance of
Sim4Seg when evaluated on datasets excluded from train-

ing.

rameter m denoted in Equation 11 on model performance.
The results demonstrate that higher values of m (generat-
ing more CoTs) enhance the performance of medical diag-
nosis. As illustrated in Figure 7 (b), we explore the effect
of parameter n defined in Equation 12. The findings reveal
that increasing n (producing more segmentation masks) im-
proves medical segmentation performance.

Generalization Capability for Cross-Modality. To vali-
date the modality generalization capability of Sim4Seg, we
cyclically excluded the training data of each modality one
at a time, trained the model on remaining modalities, and
tested on the excluded modality. As shown in Table 5, our
Sim4Seg model demonstrates superior modality generaliza-
tion performance compared to others. This indicates the ro-
bustness and flexibility of our model in adapting to diverse
medical imaging modalities.

Generalization Capability for Untrained Dataset. We
iteratively excluded the ISIC, Kvasir-SEG, TN3K, ChestX-
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Figure 6: Impact of Different 7 Strategies. An inverted
U-shaped relationship exists between segmentation perfor-
mance and RVLSM granularity, controlled by 7. Selecting
36 grid cells (a) and using a 16 x 16 grid resolution (b)
achieve peak performance.
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Figure 7: Performance under different test-time scaling pa-
rameters. (a) Increasing CoT paths m improves diagnosis
accuracy, and (b) more segmentation masks n enhances seg-
mentation performance.

Det, and FIVES datasets from training data and tested our
Sim4Seg model on excluded datasets to evaluate its gener-
alization performance across various medical datasets. As
presented in Table 6, Sim4Seg achieves better performance
in cross-dataset generalization compared to other method,
which enhances its real-world applicability in clinical de-
ployment scenarios.

4.5 Case Study

Figure 5 presents a multi-modal input case from the M3DS
dataset, comparing outputs derived from the baseline model
and our approach. Compared with the baseline model, our
method generated precise segmentation masks along with
diagnosis reasoning CoT. This validates the effectiveness of
our proposed Sim4Seg model in MDS tasks.

5 Conclusion

In this paper, we introduced a new task named Medical Di-
agnosis Segmentation (MDS). To enable research in MDS,
we constructed the Multimodal Multi-disease Medical Di-
agnosis Segmentation (M3DS) dataset. We further proposed
Sim4Seg, an effective model leveraging a novel Region-
Aware Vision-Language Similarity to Mask (RVLS2M)
module. Additionally, we explored a test-time scaling strat-
egy for MDS task to improve overall performance.
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