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Vision–language segmentation models (VLSMs) are effective in medical image segmentation tasks. 
However, a major limitation of these models is their dependence on manually crafted textual inputs. 
Studies have used visual question answering to semiautomatically generate textual information. 
However, these methods encounter challenges such as error accumulation. Herein, we propose a method 
to learn conceptual text prompts directly from visual regions of interest (ROIs) for facilitating medical 
image segmentation. We extracted textual conceptual attributes from ROIs using a large multimodal 
model to derive coarse real-text prompts. A text latent space transformation module accepted the ROI 
images as input for generating fine-grained pseudo-text prompts to compensate for the lack of image
detail perception in the abovementioned real-text prompts. These prompts were encoded into a unified
text embedding. Thereafter, we applied a self-adding noise knowledge distillation method to transfer the
knowledge from text embedding to the class token of the image encoder, enabling direct text-guided
inference during testing while reducing error accumulation. Our approach minimized the need for man-
ual prompt design by leveraging explicit discrete and implicit continuous text prompts to effectively
guide visual segmentation. Extensive evaluation across 13 medical image segmentation datasets demon-
strated that our model outperformed the state-of-the-art VLSMs and vision-based segmentation models,
exhibiting superior segmentation accuracy.

© 2026 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering 
and Higher Education Press Limited Company. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/). 
1. Introductio n

The recent rapid development of vision–language models 
(VLMs) has significantly enhanced the integration of information 
between visual and textual modalities, improving the effectiveness
of information transfer between these modalities [1,2]. Research-
ers have improved the generalization capabilities of downstream 
image classification models by leveraging the robust summariza-
tion power of textual information, based on traditional visual mod-
els that rely on image feature extraction [3,4]. Subsequently, the 
application of VLMs has been extended from image-level recogni-
tion tasks (e.g., classification) to pixel-level recognition tasks (e.g.,
detection [5] and segmentation [6]), allowing highly precise object 
recognition facilitated by language guidance [7]. 

Medical image segmentation is a relatively complex visual
recognition task [8]. Textual information from medical diagnostic 
reports can offer insights into the size, shape, location, and number
of regions of interest (ROIs) in medical images [9,10], supporting 
vision–language segmentation models (VLSMs) in performing
medical image segmentation tasks [11]. This textual information 
serves as explicit prior knowledge, constraining the focus of VLSMs 
on lesion areas and significantly correcting erroneous attention to
irrelevant regions, improving the segmentation performance [12]. 

However, the application of VLSMs to medical image segmenta-
tion tasks presents significant challenges [13,14]. Fig. 1 shows 
three identified primary challenges: ① text labeling-based VLSMs 
require image-level text labels to effectively aid image segmenta-
tion tasks [15]. Alternatively, these models need to be trained on 
extensive data annotated with text and images to effectively
gmen-
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generalize similar data types without text labels [16]. In the 
absence of textual information, text labeling-based VLSMs revert 
to purely visual models and underperform as compared to visual
segmentation models specifically designed for downstream visual
tasks [17]. ② Vision question answering (VQA)-based VLSMs are 
used for generating textual descriptions from medical images,
which is a common approach to mitigate the lack of textual labels
[18]. However, this approach heavily relies on the ability of the
VQA model to accurately interpret medical images [19] because 
any deviation in the generated text prompts might directly mislead 
visual segmentation and increase the likelihood of error accumula-
tion [20,21]. In particular, during the inference phase, erroneous 
text prompts generated by the VQA method directly from the orig-
inal images can mislead its reasoning ability [22]. ③ Prompt-based
Fig. 1. Comparison of different prompt-based segmentation models: (a) text labeling-
segmentation model, and (d) the proposed model. The proposed model learns conceptua
these prompts during the testing phase through knowledge distillation (KD), minimizin

2

segmentation models are interactive models such as the segment
anything model [23], using points, boxes, or masks as prompts. 
However, they require manual input of prompt information for
each image during the testing phase.

In addition to the three aforementioned challenges, textual 
labels typically use concise language for describing a single type 
of lesion. Thus, the required length of textual descriptions
increases exponentially for multiclass segmentation tasks. The
difficulty in extracting information from long textual descriptions
is another major limitation of VLSMs [24], further complicating 
their application in multiclass medical image segmentation tasks. 
Moreover, because of the discrete nature of semantic information,
text descriptions can provide coarse representations of ROIs such
as shape descriptions (e.g., circular or elliptical) and positional
based VLSM, (b) vision question answering (VQA)-based VLSM, (c) prompt-based 
l text prompts from regions of interest (ROIs) during the training phase and applies
g manual intervention. LMM: large multimodal model.
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information (e.g., upper left or lower right). This coarse representa-
tion lacks the precise ROI details required for the fine-grained task
of medical image segmentation.

To address the aforementioned issues, we used large multi-
modal models (LMMs) to directly extract a conceptual text repos-
itory from images containing only medical ROIs. As LMMs align
images and text within a shared semantic space [25,26], they can 
accurately extract conceptual attributes from ROIs. Thereafter, 
we combined these textual concepts to generate concise yet 
information-rich prompt texts. Using the vision–language align-
ment capability of VLSMs, we transferred the prompt information
into the pure visual space, ensuring the effectiveness and efficiency
of the model during the inference phase.

Fig. 1(d) illustrates the methodology used in this study. First, we 
used an LMM to extract text descriptors from ROIs and construct 
coarse real-text prompts. This approach preserves the powerful 
text generation capabilities of the LMM while ensuring the validity 
of the extracted text concepts. Second, we used a text latent space 
transformation module for extracting fine-grained pseudo-text 
prompts from ROIs. This additional information compensates for
the absence of detailed visual perception in commonly used real-
text prompts. Finally, we integrated the information from both
prompts and developed a self-added noise knowledge distillation
(SAN-KD) method to transfer the integrated information to the
visual class ([CLS]) token, while reducing error accumulation dur-
ing the distillation process [27]. Thus, the model can be used dur-
ing the testing phase without requiring real ROI information.

Our proposed method uses an LMM for extracting general tex-
tual concepts from ROIs, producing more standardized and accu-
rate text outputs than traditional VQA methods. Moreover, the 
fine-grained pseudo-text prompts address the subtle visual differ-
ences that real text cannot capture and encode ROI information for
individual categories as a single token, enabling the segmentation
task to be represented using only one token per class. This
approach mitigates the challenges of long-text encoding in multi-
class medical image segmentation tasks.

Our main contributions are summarized as shown below.
(1) The proposed method learns conceptual text prompts from 

ROIs for medical image segmentation tasks. This method integrates 
coarse real-text prompts and fine-grained pseudo-text prompts,
effectively leveraging prior textual knowledge, preserving fine-
grained visual details, and minimizing the need for manual
intervention.

(2) A joint learning strategy for conceptual text knowledge dis-
tillation (KD) and visual segmentation is developed. The applicabil-
ity and generalization of the class token’s text-aligned information
during the testing phase are enhanced through the proposed SAN-
KD method.

(3) Extensive experiments across 13 diverse medical image 
datasets demonstrate that the learned pseudo-text prompts can 
effectively assist various medical image segmentation tasks,
achieving higher state-of-the-art performance than those of cur-
rent prevailing VLSMs.
2. Related work

2.1. Vision language segmentation models

The advent of VLMs trained on large-scale paired image–text 
datasets, such as a large-scale image and noisy-text embedding
(ALIGN) [3] and contrastive language–image pretraining (CLIP)
[1], has considerably bridged the gap between visual and textual 
modalities. VLSMs, built using these models as pre-trained enco-
ders, harness the rich semantic information in textual content. This
enables them to achieve strong recognition performance on unseen
3

visual categories and categories outside the training data distribu-
tion [28]. Following research on natural images, numerous VLMs 
have also been proposed for medical image segmentation tasks
[29,30]. However, the training of VLSMs relies on large-scale 
image–mask–text triplets, thereby exacerbating the difficulty of
annotating medical images [31]. Furthermore, because of substan-
tial differences among medical image modalities, the VLSMs 
trained on a single dataset with segmentation masks and the cor-
responding textual descriptions are difficult to generalize to other
modalities or even different datasets within the same modality
[32]. Therefore, relatively robust and generalized methods are 
required for applying VLSMs to a broader range of medical image
segmentation tasks.
2.2. Text prompt generation

Automatic generation of text prompts for target objects in med-
ical images is an effective strategy to compensate for the absence
of text modality, enabling the use of VLSMs for medical image seg-
mentation [33,34]. Tomar et al. [35] enabled the proposed network 
to learn additional information from a predefined text prompt by
introducing an auxiliary classification task. Poudel et al. [36] pro-
cessed segmentation masks, utilized VQA, and extracted informa-
tion from online medical journals to collect 14 attribute types 
related to the ROIs, including category name, shape, color, size, 
number, and location. They developed nine prompting methods 
from these attributes to investigate the effects of various types of 
prompts on the performance of VLSMs. The experimental results 
of the above studies demonstrated that while the VLSM outper-
forms the unimodal visual model on multiple datasets, the effects
of different text prompts vary considerably across datasets. The
optimal prompting method depends heavily on the downstream
task and the particular VLSM used, making it difficult to draw gen-
eral conclusions.

The generation of effective text prompts necessitates careful 
consideration of the intrinsic characteristics of medical images to
provide attribute information that can effectively aid the segmen-
tation task [37,38]. Moreover, to ensure the effectiveness of a text 
prompt, segmentation masks are required to generate text labels 
for both the training and testing sets. This approach is inherently 
inequitable to unimodal visual segmentation models, which do 
not use mask information during the testing phase. Furthermore,
generating a text prompt to compensate for the absence of text
modality entails considerable manual effort. The variability in
prompt design can substantially affect model performance, thereby
rendering this method unreliable.
2.3. VLSM for multiclass segmentation

Utilizing VLSMs for multiclass medical image segmentation 
requires lengthy prompt texts to provide textual assistance for 
each segmentation category. However, many VLMs face difficulties 
in extracting information from long texts. For instance, CLIP has a
maximum sequence length limit (default of 77 tokens), with the
practically effective length frequently limited to fewer than 20
tokens [24]. Similarly, the language meets vision transformer
(LViT) model [39] restricts the input to ten tokens for the text
encoder.

Although the self-attention mechanism can perceive informa-
tion from all input tokens [40], the limitation on sequence length 
results in a loss of substantial information in the long text [41]. 
However, the length of the prompt text typically increases expo-
nentially with the number of categories to be segmented, making
it challenging to provide effective text prompts for multiclass seg-
mentation tasks, consequently necessitating further research.
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3. Method 

In this section, we first outline the implementation of learning 
conceptual text prompts from ROIs, followed by the procedure 
for transferring these prompts to the CLS token using the proposed 
SAN-KD method. In the test phase, the CLS token replaces the 
entire text module for generating predicted embeddings when
masks are absent. Next, we detail the approach to the joint learning
of conceptual text prompts and medical image segmentation. The
detailed architecture of our proposed model is illustrated in Fig. 2. 

3.1. Learning conceptual text prompts

We designed our conceptual text prompt network (CoTexNet) 
model based on the CLIP segmentation (CLIPSeg) architecture [6], 
leveraging the visual and textual encoders of the CLIP model.
Fig. 2. Detailed structure of the CoTexNet model. The textual concept repository is gene
model transfers textual information to the predicted embeddings derived from the clas
directly used for inference during testing. GELU: Gaussian error linear unit; FiLM: featu

4

Leveraging the pretraining of the CLIP model on a large number 
of image–text pairs, our model effectively preserves the image–
text matching capability within the segmentation framework.

Given a medical image I, let n denote the number of categories 
to be segmented. In the training phase, we cover I with a mask

corresponding to each segmentation category, 
producing ROI images Ri, which can be expressed as Eq. (1). 

R I M1 M2 Mn 1

where and denotes element-wise multiplica-
tion. For each category i, we used R i and Mi to generate attribute
descriptors using the LMM and input prompt P (Eq. (2)). 

aj i LMM P M i Ri 2

where j represents the number of attributes.

Mi i 1 2 n

R R1 R2 R n

aj 
i 
rated by inputting ROI information and prompts into the LMM. During training, the 
s token using the proposed SAN-KD method, while the predicted embeddings are
rewise linear modulation; D: dimension.

move_f0010
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Herein, we used the large language and vision assistant
(LLaVA)-v1.5-13B model [42,43], which exhibits excellent vision– 
language understanding, to extract from ROIs. Fig. 3 illustrates 
the prompt used as input into LLaVA-v1.5-13B and an example of
the generated attribute descriptors. is integrated with dataset-
specific keywords using a prompt template: ‘‘[number] [shape] 
[size] [color] [keywords] area, located in the [location] of the 
image.” This process produces a coarse real-text prompt, denoted 
as Tr. The generated prompt might be: ‘‘1 oval large red polyp area, 
located in the top left of the image.” Similar to VQA methods, the
dataset-specific keywords in the prompt template are manually
provided. This design aligns with the semantic localization capabil-
ities of VLSMs, guiding the precise segmentation of the target
region.

Each Ri is fed into the image encoder and processed through a 
mapping module to obtain the corresponding output vectors. 
These vectors are concatenated with the prompt template to gen-
erate fine-grained pseudo-text prompts Tp, which can be expressed
as Eq. (3). 

Tp t0 / R 3

where denotes the prompt template and denotes the concate-
nation operation. We used ‘‘segmentation area of” as the text of the 
prompt template in our CoTexNet model, replacing the default ‘‘a
photo of’” used in the CLIP model represents the image encoder 
and mapping module. Subsequently, Tp and T r are provided as input
into the text encoder to obtain the final output text embedding Te
(Eq. (4)). 

Te ET Tp T r 4

In summary, we designed a mapping module that projected image 
embeddings containing ROI information into the language embed-
ding space, enabling visual features to be approximately aligned 
with the predefined textual prompts and establishing a semantic 
correspondence between coarse real-text prompts and fine-
grained pseudo-text prompts. The module comprises two linear lay-
ers with Gaussian error linear unit (GELU) activation inserted
between them, followed by a layer normalization layer to stabilize
the output feature distribution. This design follows the projection
concept commonly adopted in multimodal representation learning
frameworks such as CLIP [1] and ALIGN [4], while incorporat ing

aj 
i 

aj i 

t0 

. / 

ET 
Fig. 3. Generation of conceptual textual prompts using the LLaVA model. JSON:
JavaScript object notation.

5

additional nonlinearity and normalization to stabilize the feature 
distribu tion and improve crossmodal alignment.

In Tp, each input Ri occupies one token, with the number of Ri 

equal to the number of categories to be segmented (n). Together 
with three tokens for t0 and two special tokens ([SOS] and [EOS]) 
used by the text encoder, this results in a total of n + 5 tokens. 
Although the CLIP model has fewer than 20 valid tokens, this suf-
fices for Tp in CoTexNet to encode the ROI of each segmentation
category, as typical medical image segmentation tasks rarely
exceed 15 categories and often involve only one or two. Therefore,
in addition to compensating for the missing image detail informa-
tion in the coarse real-text prompt, another important function of
Tp is to incorporate all ROI-related image auxiliary information
using fewer tokens, preventing the loss of prompt information
for certain categories.

In the image encoding module of the vision part, I is processed
by the image encoder to obtain feature maps at 
different stages, with the CLS token C. denotes the number of 
stages in the image encoder. Subsequently, Fl from the last stage 
and Te are taken as inputs to the featurewise linear modulation
(FiLM) module [44] for feature fusion. The process can be
expressed using Eqs. (5) and (6). 

C Fs EI I 5

F FiLM Fl u Te 6

where represents the Sigmoid function and the inverse Z -score
operation. F’ in Eq. (6) is subsequently fed into the image decoder,
along with constructing the prediction mask 
Mp. This process can be expressed using Eq. (7). 

Mp DI F Fl 1 F1 7

where represents the image decoder. During the model train-
ing process, we froze the image and text encoders of CoTexNet to 
preserve the image–text matching properties. The parameters of
the nonfrozen components were optimized by minimizing the seg-
mentation loss between Mp (Eq. (7)) and the ground truth mask.

EI Fs s 1 2 l
l 

u 

Fs s 1 2 l 1 ,

DI 
3.2. Self-adding noise for KD

Unlike traditional VQA methods that derive textual prompts 
directly from the original input image, we designed the ROI images 
using masks during the training phase and extracted reliable con-
ceptual text prompts to assist downstream visual segmentation. 
During the testing phase, the absence of mask images prevented
the direct application of the aforementioned method. As the ROI
is inherently part of the input image, features extracted from the
input image inherently contain ROI-specific information [45]. 
Moreover, the CLIP model, adopted as the backbone, supports bidi-
rectional vision–text alignment.

We developed an SAN-KD method to transfer the knowledge 
encoded in the conceptual text embeddings to the CLS token C
from the image encoder (Eq. (5)) to compensate for the absence 
of mask information. Furthermore, this method uses an internal 
self-noise technique to mitigate the impact of distillation errors
on downstream visual segmentation.

The mentioned operations were performed on C to obtain the
predicted embedding Tc (Eq. (8)). 

Tc Sigmoid Map C 8

where denotes the mapping module illustrated in Fig. 2. 
Subsequently, SAN-KD is used for transferring prompt information 
from Te to Tc. First, adding noise from the distillation target data
Tc to Te, we obtain a new distillation target T’:

Map 

move_f0015
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T Sigmoid 1 a Te a Tc 9

where a denotes a learnable noise parameter with an initial value of 
0.2. The Kullback–Leibler divergence function is used to measure
the distillation error between T’ and Tc:

LKL 

d 

q 1 
Tq log Tq log Tc q 10

where LKL is the Kullback–Leibler divergence loss. d denotes the 
dimension of Tc. T’ is adapted by performing an adaptive inverse 
Z-score operation to adjust their numerical distributions to be suit-
able as inputs to the FiLM module. The specific process can be
expressed as follows:

T Dropout T rk lk 11

where and denote learnable parameters with initial values of 
1 and −0.002, respectively. is the textual feature representation 
output by the text module during training. Dropout represents a 
dropout operation applied to output neurons, with a dropout rate
of 0.2. In the test phase, the above parameters are directly applied

to Tc to obtain

Tc Tc rk l k 12

where is the textual feature representation obtained during test-

ing. Finally directly replaces in Eq. (6), serving as input to 
FiLM and facilitatin g inference during the testing phase.

CoTexNet uses from the text embedding as input to FiLM dur-

ing training and replaces with from the CLS token during test-
ing, eliminating the need to use the ROI information and inferring
the text module. However, during optimization of Eq. (10), there is 
an error for fitting to which further widens the performance 
gap between the training and test sets. Thus, we use two methods
to reduce error accumulation—namely, self-adding noise from Eq.
(9) and dropout from Eq. (11). The former introduces partial distil-
lation errors to real-text inputs during the training phase to 
enhance the model’s adaptability to these errors during testing,
while the latter mitigates the model’s overfitting to Te.

rk lk 

T 

Tc: 

Tc 

,Tc u Te 

T 
T Tc 

T , Tc 
3.3. Joint learning with segmentation

We used two losses: ① a segmentation loss for learning the 
complete conceptual text prompt and performing the segmenta-
tion task, and ② a distillation loss for aligning the real-text embed-
dings with the predicted embeddings. The specific computational
procedure is expressed as follows:

W b Te argmin 
W b 

Lseg f  I  W b Te M 13

W b argmin 
W b 

LKL f T c W b Te 14

where and represent the parts of CoTexNet used for seg-
mentation and distillation, respectively and denote the 
weight parameters. and indicate the bias terms denotes 
the sum of Dice and crossentropy losses. M ={Mi}  (i = 1,2, ,n)
denotes the set of ground truth masks.

Theoretically, the aforementioned optimization processes can 
be conducted in steps: training on the segmentation task (Eq.
(13)) before fitting the conceptual text prompt (Eq. (14)). However, 
in the testing phase, the model needs to use Tc instead of Te as the
output of the text module, which causes the distillation error in Eq.
(10) to directly affect the segmentation performance, resulting in 
error accumulation. This approach hinders the generalization of
the conceptual text prompt, learned during training, to the test

f f 
.W W 

b b .Lseg 
6

set. To further address this issue, we used joint learning for fitting 
and segmentation. In conjunction with the calculation process of T’
in Eq. (9), the joint optimization formula is expressed as follows:

W W b b argmin 
W W b b 

Lseg f  I  W b T M LKL f Tc W b Te

15

During the training process of CoTexNet, the combined embed-
ding which integrates Te and Tc, is used to replace the original Te 

as the output of the text module. This approach introduces the dis-
tillation error of Tc as additional noise during segmentation task 
training. This bidirectional interaction affects the performance of 
the model on the segmentation task based on the degree of Tc fit-
ting, while Tc fitting adjusts as Te changes. As the segmentation
task training stabilizes, the value of Te ceases to undergo significant
changes, allowing Tc to stabilize the fitting task, and ultimately ter-
minating joint training.

4. Material s

4.1. Datasets 

We conducted segmentation experiments on 13 medical image 
segmentation datasets, comprising 11 single-category and two 
multicategory segmentation datasets. These datasets covered a
variety of imaging modalities. In particular, colon polyp data-
sets—Kvasir [46], ClinicDB [47], and the BKAI-IGH Neopolyp-
Small Polyp dataset (BKAI) [48]—were derived from photographic 
imaging. The International Skin Imaging Collaboration (ISIC) [49] 
dataset contains dermatology images, while the diabetic foot ulcer
(DFU) [50] dataset includes foot lesion images. For ultrasonogra-
phy, we used the Digital Database Thyroid Image (DDTI) [51] data-
set for thyroid lesions and the breast ultrasound image (BUSI) [52] 
dataset for breast lesions. The gland segmentation in colon histol-
ogy images challenge contest (GlaS) [53] dataset, which focuses on 
colon histology, is based on microscopic imaging. We also included 
two computed tomography (CT)-based datasets: ① municipal
medical hospitals in Moscow (MosMed) [54,55] for pulmonary 
infection segmentation, and ② combined healthy abdominal organ
segmentation (CHAOS) [56] for liver segmentation. The Qatar 
University and Tampere University (QaTa) [57] dataset is based 
on coronavirus disease 2019 (COVID-19) lesion area segmentation 
in X-ray imaging. We included two multicategory cardiac segmen-
tation datasets: ① automated cardiac diagnosis challenge (ACDC)
[58] based on magnetic resonance imaging (MRI), and ② cardiac
acquisitions for Multistructure Ultrasound Segmentation (CAMUS)
[59] based on ultrasoun d imaging.

Table 1 presents the distribution of images across the training, 
validation, and test sets for these 13 datasets and specifies whether 
patient identifier (ID) information is included. For datasets con-
taining patient information, all images from a given patient are
assigned to only one training, validation, or test set. Datasets with-
out patient IDs and those lacking officially defined test sets are ran-
domly divided into training, validation, and test sets in an 8:1:1
ratio.

4.2. Implementation details

During model training, we used the Adam optimizer with a 
cosine annealing learning rate schedule. The maximum learning 
rate was set to 3 × 10−4 , the batch size to 8, and the training pro-
cess was capped at 500 epochs. Early stopping was applied if the
validation loss did not decrease for 50 consecutive epochs. All
experiments were executed on two NVIDIA GeForce RTX 4090
graphics processing units (GPUs) with 24 GB of random access
memory (RAM).

T , 
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Table 1 
Image splits in the 13 datasets and patient ID information.

Dataset Class Train Validate Test Patient ID 

Kvasir 1 800 100 100 × 
BKAI 1 800 100 100 × 
ClinicDB 1 490 61 61 × 
BUSI 1 624 78 78 × 
DDTI 1 511 63 63 × 
DFU 1 854 78 78 × 
ISIC 1 810 90 379 × 
GLaS 1 100 33 32 
MosMed 1 2183 273 273 × 
CHAOS 1 1884 455 535 
QaTa 1 5716 1429 2113 × 
CAMUS 3 1600 200 200 
ACDC 3 1124 406 372 

Class indicates the number of classes of the areas to be segmented. × indicates that patient ID information is not included in the dataset, while indicates that it is included.
We used LLaVA-v1.5 during the offline generation of coarse 
real-text prompts once for each training image, and the generated 
prompts were cached for future use. Thus, LLaVA did not partici-
pate in model training or inference and introduced negligible com-
putational overhead during actual training and deployment stages.

5. Experimen ts

5.1. Model performance comparison

The proposed model was compared with state-of-the-art med-
ical image segmentation models. These included univisual models
such as a completely convolutional UNet (ACC-UNet) [60], 
channel-wise cross fusion attention and transformer (CFATrans)
[61], transformers for fully convolutional denseNets (TFCNs) [62], 
and nnSAM [63], and VLSMs such as CLIPSeg, CLIP-driven referring
image segmentation (CRIS) [64], and LViT. The experimental 
results are presented in Table 2. For the models requiring text 
input, three methods were used for generating the text prompt: 
① (P1) providing only the category label name, ② (P2) providing
the category label name with a brief one-sentence description,
and③ (P3) using the VQA method [65] to extract information such 
as shape, location, and number from the original image to generate 
the prompts. As VLSMs (CLIPSeg, CRIS, and LViT) required text 
input for inference, we used the placeholder template ‘‘a photo of 
something” in text-free experiments, which contained no mean-
ingful information, as the text input to retain the text encoding
module. Further details on the generation of the text prompt are
provided in Appendix A Section S1.

The proposed CoTexNet model achieves optimal segmentation 
performanc e across 11 single-category datasets presented in
Tables 2–4, demonstrating the effectiveness of our approach for 
learning conceptual text prompts from ROIs. Additionally, the sub-
optimal segmentation results appear for CLIPSeg and LViT models 
using text prompts, suggesting that VLSMs with text labels have 
higher potential than univisual models. However, suboptimal 
results vary with different prompt types without a clear pattern. 
In certain cases, the choice of prompts significantly affects perfor-
mance. CLIPSeg exhibits a 17.41% lower Dice score for P3 than P1 
on the GlaS dataset, while the CRIS exhibits an 11.22% lower Dice 
score for P2 than P1 on the DFU dataset. This indicates that VLSM
performance is sensitive to prompt type, making it challenging to
identify a generalized prompting method. Our proposed method
adopts the same visual architecture as the CLIPSeg model and
effectively supports downstream vision tasks by learning concep-
tual text labels from ROIs. It achieves the best segmentation perfor-
mance across all eight datasets, demonstrating the effectiveness
and robustness of this approach. We provide additional discussion
7

and experimental results on the computational cost and model size
comparisons in Appendix A Section S2.

Table 5 presents a performance comparison of the segmenta-
tion model on the CAMUS and ACDC multicategory segmentation 
datasets. The proposed model consistently outperforms others on 
these datasets. However, the visual unimodal model CFATrans out-
performs the other VLSMs in terms of the dice coefficient (Dice) 
score on the CAMUS dataset, achieving suboptimal performance. 
On the ACDC dataset, suboptimal intersection over union (IoU) val-
ues are observed across different category segmentations using
various VLSMs with different prompts, suggesting that VLSMs with
explicit text inputs struggle to effectively assist segmentation tasks
for each category, underperforming in multicategory segmentation
tasks. In contrast, our proposed method of learning conceptual text
prompts from ROIs demonstrates highly comprehensive and supe-
rior performance for multicategory segmentation tasks.

In Appendix A Section S3, we further evaluate the robustness of 
our framework by generating coarse real-text prompts using mul-
tiple open-source LMMs, including medical-domain finetuned
models (VILA-M3-8B [66] and LLaVA-Med-v1.5-7B [67]) and 
general-domain models (DeepSeek-VL2-4B [68], Qwen2-VL-7B 
[69], LLaVA-v1.5-7B [43], and LLaVA-v1.5-13B [43] used in our 
main experiments). The results consistently show that CoTexNet 
maintains stable segmentation performance across different
LMMs, demonstrating strong robustness to variations in prompt-
generation models.

5.2. Visualized segmentation results

We compared the proposed CoTexNet model with the CLIPSeg, 
CRIS, and LViT models using P3 prompts across 11 single-category
segmentation datasets to demonstrate the impact of the VQA
method on VLSMs (Fig. 4). The text generated by the VQA method 
directly from medical images can mislead model recognition, 
resulting in reduced stability. ‘‘Rectangle” and ‘‘upper” were pro-
vided in the DDTI sample, leading the model to incorrectly predict 
the circular ROI in the upper left corner as a large rectangular 
region above the image. While there is a discrepancy between 
the prediction results of the proposed model and mask in this sam-
ple, the discrepancy is smaller compared to the other three VLSMs.
In the sample from the ClinicDB dataset, the P3 prompt incorrectly
provides the location keyword ‘‘center,” causing the CLIPSeg and
CRIS to predict no foreground region, while the LViT incorrectly
predicts a portion of the center region. These visualization results
of our proposed model indicate that segmentation stability outper-
forms other VLSMs.

Fig. 5 illustrates the results of two multicategory segmentations 
for the ACDC and CAMUS datasets. Owing to the relatively fixed
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Table 2 
Performance comparison of the proposed and existing meth ods on the Kvasir, BKAI, ClinicDB, and BUSI datasets.

Model Text Kvasir BKAI ClinicDB BUSI 

Dice IoU HF95 PA Dice IoU HF95 PA Dice IoU HF95 PA Dice IoU HF95 PA 

ACC-UNet × 88.57 81.18 22.84 96.59 83.63 77.98 28.46 97.11 84.56 81.16 19.74 97.56 68.32 63.36 31.47 94.21 
CFATrans × 88.87 81.51 22.14 96.88 86.90 80.16 24.17 98.04 86.99 82.95 16.20 97.87 67.34 61.81 32.07 94.37 
TFCNs × 87.22 80.06 23.61 96.38 81.44 76.68 30.34 97.02 85.65 81.64 17.92 97.51 71.29 66.44 29.37 95.08 
nnSAM × 89.69 82.67 21.83 96.67 88.74 82.16 19.20 98.67 90.61 84.53 14.19 98.23 71.09 65.06 29.86 95.04 
CLIPSeg × 89.13 82.29 22.34 96.58 87.21 81.13 22.71 98.17 91.36 85.24 13.42 98.36 67.09 62.14 33.37 94.56 

P1 89.23 82.37 22.12 96.71 87.53 81.42 22.04 98.22 90.86 84.85 13.91 98.19 69.13 64.13 32.02 94.82 
P2 89.78 82.85 21.74 96.94 86.29 79.85 22.89 98.13 91.33 85.07 13.57 98.31 68.59 63.54 32.58 94.65 
P3 88.62 81.86 22.37 96.81 87.75 81.55 21.48 98.47 91.41 85.36 13.17 98.38 68.73 63.28 32.47 94.66 

CRIS × 85.89 78.89 25.21 95.92 84.06 79.09 23.47 97.66 82.86 75.22 21.81 97.05 67.06 62.11 33.21 94.58 
P1 84.87 77.27 26.18 95.67 85.47 79.76 24.18 97.94 88.60 82.62 14.05 98.11 66.17 61.70 33.64 94.49 
P2 84.26 77.59 26.48 95.51 81.91 77.07 29.34 97.04 85.61 79.75 17.68 97.64 65.47 60.64 34.27 94.28 
P3 87.65 80.60 23.27 96.54 83.88 78.56 28.34 97.48 86.85 79.05 16.28 97.81 64.64 59.32 35.81 94.02 

LViT × 86.29 80.92 24.28 96.11 88.71 82.56 19.34 98.61 85.15 82.60 18.05 97.47 68.48 62.13 32.17 94.58 
P1 86.37 80.18 24.38 96.12 89.34 83.23 18.11 98.87 85.70 82.88 17.34 97.69 67.56 59.22 33.57 94.21 
P2 85.81 79.59 25.43 95.84 87.05 81.18 22.14 98.24 86.63 83.62 16.57 97.84 67.93 61.48 32.67 94.34 
P3 86.30 80.50 23.81 96.08 86.78 80.35 23.57 98.17 88.03 84.05 14.28 98.04 71.66 66.58 29.94 95.18 

Ours — 91.32 84.93 20.42 97.37 90.66 84.02 16.43 99.08 92.64 87.62 12.56 98.54 76.07 69.13 28.43 95.61 

Four evaluation metrics are given for each dataset: dice coefficient (Dice), intersection over union (IoU), 95% Hausdorff distance (HF95), and pixel accuracy (PA). The best 
results are highlighted in bold, while the second-best results are underlined. × denotes that no textual information is used during training and testing, while — denotes that
textual information is used during training only.

Table 3 
Performance comparison of the proposed and existing meth ods on the DDTI, DFU, ISIC, and GlaS datasets.

Model Text DDTI DFU ISIC GLaS 

Dice IoU HF95 PA Dice IoU HF95 PA Dice IoU HF95 PA Dice IoU HF95 PA 

ACC-UNet × 68.56 61.11 33.52 82.83 77.72 66.78 9.03 98.98 88.21 80.93 17.58 94.34 74.72 60.16 38.71 73.49 
CFATrans × 74.07 66.93 29.82 94.12 76.26 65.49 9.22 98.85 89.31 80.77 13.51 94.48 76.58 62.24 37.47 75.23 
TFCNs × 75.34 67.04 28.79 74.33 69.39 58.68 11.67 98.41 87.31 79.75 15.33 93.85 69.83 56.75 39.82 66.97 
nnSAM × 75.75 69.50 28.46 74.35 77.20 66.72 8.98 98.92 86.50 78.57 15.79 93.02 86.41 76.91 29.01 83.84 
CLIPSeg × 76.08 68.09 27.61 94.37 78.80 68.10 8.53 99.06 91.52 84.35 12.83 95.06 83.01 71.44 33.84 79.98 

P1 75.29 67.24 28.16 94.33 78.87 68.26 8.48 99.07 91.60 84.44 12.64 95.11 87.10 77.68 28.33 85.06 
P2 76.27 68.34 28.34 94.39 78.41 67.53 8.89 99.06 91.46 84.13 12.77 95.08 84.09 73.22 31.05 81.57 
P3 75.19 67.07 28.48 94.31 79.02 68.34 7.57 99.11 91.58 84.30 12.86 95.13 69.69 54.15 40.59 66.89 

CRIS × 74.49 66.13 30.16 94.18 69.26 58.81 11.86 98.36 87.28 79.76 15.23 93.84 61.84 45.42 43.28 59.17 
P1 69.60 62.06 33.24 93.01 73.36 63.93 10.07 98.77 82.52 72.68 17.89 91.23 74.53 59.80 38.16 73.82 
P2 68.27 60.07 34.19 92.85 62.14 51.21 14.68 97.34 88.70 81.63 14.51 94.30 79.07 66.21 36.21 77.18 
P3 69.80 62.19 33.07 93.04 67.15 56.70 12.34 98.27 80.91 71.49 19.57 90.42 82.25 70.55 35.82 79.86 

LViT × 74.23 68.93 30.46 94.15 78.66 68.42 8.21 99.04 88.97 82.40 14.31 94.26 83.91 72.42 35.17 80.24 
P1 75.59 69.24 29.67 94.27 78.90 68.73 8.07 99.15 89.53 82.51 13.47 94.67 83.53 72.58 34.59 80.38 
P2 72.40 64.64 31.22 93.54 78.73 68.64 8.33 99.12 89.06 82.65 13.82 94.38 85.02 73.87 32.64 82.54 
P3 76.13 69.53 28.37 94.38 78.69 68.52 8.48 99.08 88.85 82.37 14.56 94.21 86.41 76.33 29.37 83.91 

Ours — 77.23 70.14 26.64 94.56 81.61 70.71 6.82 99.64 92.48 85.97 12.31 95.89 88.36 78.82 26.13 86.77

Table 4 
Performance comparison of the proposed and existing meth ods on the MosMed, CHAOS, and QaTa datasets.

Model Text MosMed CHAOS QaTa 

Dice IoU HF95 PA Dice IoU HF95 PA Dice IoU HF95 PA 

ACC-Unet × 70.99 65.05 26.88 99.33 82.47 85.62 12.82 99.25 77.87 72.33 35.56 96.69 
CFATrans × 68.86 62.68 27.92 99.27 80.31 84.74 13.21 99.17 77.91 72.69 35.91 96.72 
TFCNs × 64.78 59.27 30.82 99.18 80.14 84.68 16.73 99.04 77.22 67.70 36.72 95.80 
nnSAM × 67.46 63.65 28.51 99.24 79.35 83.95 16.87 99.01 78.66 74.37 36.14 96.98 
CLIPSeg × 72.08 65.82 25.81 99.48 82.08 85.50 12.21 99.22 78.26 73.88 33.17 96.97 

P1 72.30 65.87 25.34 99.49 82.16 85.59 12.01 99.26 78.12 73.68 34.22 96.93 
P2 72.51 65.92 25.28 99.50 81.96 85.43 12.86 99.21 78.92 74.12 33.15 97.01 
P3 69.82 63.57 26.92 99.31 80.36 84.53 13.09 99.18 76.88 73.28 39.65 96.18 

CRIS × 68.35 61.72 27.69 99.25 75.34 82.47 18.35 98.56 77.50 73.12 34.05 96.88 
P1 69.52 63.03 27.11 99.29 76.58 83.23 17.26 98.61 77.06 72.25 36.08 96.48 
P2 69.63 63.12 26.88 99.30 75.82 82.81 18.02 98.58 77.36 72.53 35.66 96.60 
P3 70.58 64.25 25.34 99.36 74.36 82.06 19.12 98.42 78.92 74.51 33.28 97.08 

LViT × 71.36 65.48 26.33 99.41 81.21 85.56 12.55 99.21 80.29 76.17 32.53 97.16 
P1 71.41 65.47 26.35 99.40 81.82 85.91 12.06 99.29 80.09 75.82 32.91 97.11 
P2 71.82 65.79 26.07 99.43 82.69 86.21 11.76 99.34 80.36 76.21 32.02 97.20 
P3 70.58 64.62 26.83 99.37 81.08 85.43 12.62 99.20 79.16 75.62 33.18 97.08 

Ours — 73.61 66.31 24.98 99.61 84.39 87.88 10.26 99.43 81.75 77.61 30.81 97.55

8
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Table 5 
Performance comparison of the proposed and existing methods on two multiclass segmentation datasets.

Model Text CAMUS ACDC 

Dice IoU-1 IoU-2 IoU-3 HF95 PA Dice IoU-1 IoU-2 IoU-3 HF95 PA 

ACC-Unet × 88.48 87.15 73.80 84.70 13.42 95.75 82.40 79.93 77.15 90.39 19.85 95.07 
CFATrans × 89.22 88.66 76.38 83.72 12.57 96.04 84.35 82.71 79.47 90.92 17.20 96.23 
TFCNs × 86.29 84.66 68.74 84.10 14.84 94.07 82.82 80.47 78.51 87.85 19.66 95.28 
nnSAM × 89.05 88.35 76.18 83.29 12.58 95.45 84.76 82.85 79.66 90.83 17.47 96.51 
CLIPSeg × 88.46 88.12 72.83 83.84 13.47 95.74 83.98 80.74 77.92 88.78 18.36 96.03 

P1 88.54 88.25 73.37 82.28 13.37 95.83 84.76 82.37 78.78 89.32 17.32 96.49 
P2 88.86 88.34 74.12 82.86 12.91 95.97 84.96 83.24 79.16 89.62 17.11 96.59 
P3 88.67 88.13 75.23 82.15 13.03 95.88 85.37 83.87 78.92 89.48 16.02 96.78 

CRIS × 87.35 87.14 74.84 82.15 14.85 95.10 83.68 80.28 76.79 88.71 18.74 95.94 
P1 87.85 87.36 73.13 82.46 14.36 95.34 84.23 81.72 76.85 88.42 17.67 96.18 
P2 87.72 87.43 73.14 80.51 14.59 95.22 84.36 81.46 77.33 89.04 17.31 96.25 
P3 86.26 86.34 72.24 78.18 15.36 94.02 82.57 80.17 76.55 88.12 19.46 95.17 

LViT × 89.08 88.57 76.10 80.49 12.54 95.93 85.06 83.24 79.54 90.95 16.70 96.68 
P1 88.86 88.41 72.97 84.52 13.13 95.81 85.27 83.53 78.66 90.42 16.31 96.71 
P2 88.57 87.19 72.63 82.46 13.39 94.96 84.87 83.82 79.05 89.06 17.04 96.53 
P3 87.56 86.76 72.67 81.81 14.21 95.07 84.49 82.56 78.82 89.21 17.37 96.34 

Ours — 90.37 89.11 76.76 83.96 11.36 96.34 86.21 84.36 80.47 91.54 15.24 97.15
location of ROIs, applying the VQA method directly to original 
images fails to generate distinctive textual prompts on these data-
sets, highlighting the limitations of traditional VQA methods. In the 
first row of samples from ACDC, the category of the right ventricu-
lar endocardium does not exist. However, this category informa-
tion in the text prompt misleads some visual models, so that the
CLIPSeg and LViT segment this category region. In contrast, our
proposed method of automatically learning conceptual text
prompts from ROIs is not constrained by predefined categories
and can adaptively perceive the differences between ROIs across
images, providing robustness and task adaptability.

5.3. Modulewise ablation study

Modulewise ablation studies were conducted on the proposed 
CoTexNet model, focusing on the coarse real-text prompt, fine-
grained pseudo-text prompt, text encoder, and text module. In 
experiments without the text encoder, the fine-grained pseudo-
text prompts were used as text embedding, without converting
into the text space and discarding the coarse real-text prompt. In
experiments without the text module, the CLS token was directly
fed into the FiLM module. The ablation experiments on the
single-category segmentation datasets are presented in Tables 6– 
8. The results indicate that omitting the coarse real-text and 
fine-grained pseudo-text prompts, the text encoder or text module
results in varying degrees of performance degradation across dif-
ferent datasets.

Notably, datasets with regular segmentation targets and clear 
textures such as the polyp datasets Kvasir, BKAI, ClinicDB, and 
the ISIC dataset, exhibit the second-best performance in experi-
ments where the fine-grained pseudo-text prompt is omitted. In 
contrast, datasets with irregular segmentation targets and blurred 
textures including BUSI, DDTI, DFU, and GlaS datasets exhibit the 
second-best performance when the coarse real-text prompt is 
absent. These findings indicate that the fine-grained pseudo-text
and coarse real-text prompts complement each other, and their
combined use enhances the model’s robustness and adaptability
in medical image segmentation tasks. Moreover, the segmentation
performance in ablation experiments without the text encoder is
generally inferior, which is reasonable as this approach cannot
leverage VLSM’s visual–language matching capability by not con-
verting the prompt information into the text latent space.

Table 9 presents the ablation study results for multicategory 
segmentation, demonstrat ing that each module improves the seg-
9

mentation performance. For each category, the real-text prompts 
contain approximately 15 words, resulting in about 45 tokens in
total, whereas the pseudo-text prompts require only six tokens.
Table 9 shows that the second-best results consistently appear in 
experiments without real-text prompts, indicating that real-text 
prompts struggle to effectively provide comprehensive informa-
tion for all categories in multicategory segmentation tasks. In con-
trast, the performance of the model is more degraded when 
pseudo-text prompts are absent than when real-text prompts are
missing. This suggests that as the number of segmentation cate-
gories increases, pseudo-text prompts become more critical than
real-text prompts for maintaining segmentation performance. A
discussion on additional comparative and ablation experiments
on the proposed CoTexNet is presented in Appendix Sections S4– 
S9.

5.4. Concept-wise ablation study

Based on the study by Poudel et al. [36] on the impact of textual 
concepts on VLSM segmentation performance, we selected the six 
most commonly used conceptual attributes (number, shape, size, 
location, color, and class keywords) for this study. We removed 
fine-grain ed pseudo-text prompts and used only coarse real-text
prompts to accurately investigate the role of these six conceptual
attributes. We performed ablation experiments, and the results
are presented in Fig. 6. These results indicate that the segmenta-
tion performance of the model generally declines when most con-
cepts are ablated.

Notably, excluding the ‘‘number” information declines the per-
formance in seven datasets (ClinicDB, ISIC, BUSI, DDTI, MosMed, 
CHAOS, and ACDC datasets), while the performance improves in 
the remaining six datasets. This is because the seven datasets pre-
dominantly contain images with a single ROI for each category, 
making the ‘‘number” concept uninformative. When the ‘‘shape” 
attribute is excluded, only the GlaS dataset shows a slight improve-
ment in accuracy, which might be owing to the substantial vari-
ability in tissue shapes within the GlaS dataset, making it
challenging to describe image shapes effectively using textual
information. Therefore, compelling the LMM to generate shape-
related descriptive terms might negatively impact the segmenta-
tion performance on the GlaS dataset.

When the ‘‘size” information is excluded, the segmentation 
accuracy declines to varying extents across all datasets, indicating
that accurately capturing the ROI size information is crucial for
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Fig. 4. Visualization of segmentation results on single-category segmentation tasks.
medical image segmentation tasks. Furthermore, for grayscale 
images (CAMUS, BUSI, DDTI, MosMed, CHAOS, ACDC, and QaTa) 
datasets, the ‘‘color” attribute appears to be less influential, which
is also reflected in the experimental results (Fig. 6). When the ‘‘lo-
cation” attribute is ablated, only the ACDC dataset exhibits a slight
10
improvement in accuracy. This is mainly because the ACDC dataset 
comprises MRI slices where the three segmentation targets (left 
ventricle, right ventricle, and myocardium) are closely connected,
with relatively consistent ROI positions, offering limited discrimi-
natory information. Excluding the class keywords substantially
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Fig. 5. Visualization of segmentation results on multicategory segmentation tasks: (a) ACDC and (b) CAMUS.

Table 6 
Modulewise ablation studies on single-class segmentation datasets: Kvasir, BKAI, ClinicDB, and BUSI datasets.

Real text Pseudo text Text encoder Text module Kvasir BKAI ClinicDB BUSI 

Dice IoU Dice IoU Dice IoU Dice IoU 

91.32 84.93 90.66 84.02 92.64 87.62 76.07 69.13 
× 90.46 84.01 90.23 83.76 92.01 87.18 75.13 68.08 

× 90.86 84.37 90.38 83.82 92.42 87.51 73.68 67.42 
× × 89.62 82.76 89.06 82.65 91.56 85.69 73.85 67.63 

× × × ×  

89.24 82.45 88.44 71.32 90.25 84.18 70.25 64.82× × × ×  

indicates that the corresponding information or module is used in the model, while × indicates that it is not used.

Table 7 
Modulewise ablation studies on single-class segmentation datasets: DDTI, DFU, ISIC, and GlaS datasets.

Real text Pseudo text Text encoder Text module DDTI DFU ISIC GLaS 

Dice IoU Dice IoU Dice IoU Dice IoU 

77.23 70.14 81.61 70.71 92.48 85.97 88.36 78.82 
× 74.38 68.27 80.98 69.65 91.11 84.68 88.04 78.47 

× 72.33 64.59 80.21 69.08 91.36 84.82 87.36 77.87 
× × 70.88 62.57 78.67 68.82 90.15 84.27 82.81 71.05 

64.89 55.24 78.42 68.15 90.21 84.35 81.08 69.51

11
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Table 8 
Modulewise ablation studies on single-class segmentation datasets: MosMed, CHAOS, and QaTa datasets.

Real text Pseudo text Text encoder Text module MosMed CHAOS QaTa 

Dice IoU Dice Dice IoU Dice 

73.61 66.31 84.39 87.88 81.75 77.61 
× 72.06 65.80 82.15 85.61 80.34 76.24 

× 72.26 65.91 82.27 85.78 80.14 76.04 
× × 
× × ×  ×

72.14 65.83 82.03 85.53 79.63 75.49 
71.96 65.78 81.87 85.32 78.15 73.72

Table 9 
Modulewise ablation studies on multiclass segmentation datasets.

Real text Pseudo text Text encoder Text module CAMUS ACDC 

Dice IoU-1 IoU-2 IoU-3 Dice IoU-1 IoU-2 IoU-3 

90.37 89.11 76.76 83.96 86.21 84.36 80.47 91.54 
× 89.06 88.72 75.51 83.28 85.12 83.46 79.73 90.62 

× 88.63 88.31 73.88 82.62 84.68 82.01 78.10 88.73 
× × 88.47 87.34 73.32 82.08 84.43 81.59 78.33 88.21 
× × × × 88.07 87.03 73.02 81.75 84.17 81.82 77.89 88.83

Fig. 6. Concept-wise ablation studies on different datasets: (a) ablation results on the Kvasir, ClinicDB, and BKAI datasets; (b) ablation results on the ISIC and CAMUS datasets;
(c) ablation results on the BUSI, DFU, DDTI, and MosMed datasets; and (d) ablation results on the GLaS, CHAOS, ACDC, and QaTa datasets.
decreases segmentation accuracy across all 13 datasets. This find-
ing highlights the critical role of class keywords in the VLSM, as 
they encapsulate important prior knowledge about segmentation 
targets (e.g., polyps are typically red and round). These ablation 
experiments yield two key insights: ① appropriate textual con-
cepts vary significantly across different datasets, and ② additional
comprehensive textual information does not always improve
performance. Moreover, removing textual concepts with minimal
contribution to ROI recognition can actually enhance the segmen-
tation performance of the model.
12
Medical image segmentation tasks present a wide variety of
usable text prompts. Poudel et al. [36] extracted text prompts with 
14 attributes for medical image segmentation and identified nine 
distinct prompts. Besides the six attributes used in our study, sev-
eral of the remaining eight attributes were specific to the dataset 
such as View, Pathology, Cardiac Cycle, and Tumor Type in their
study, while others could not be directly obtained from ROIs such
as General Class Info, Gender, Age, and Image Quality. In line with
the principles of generality and effectiveness, our proposed
CoTexNet model adopts class keywords with five conceptual
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attributes—number, shape, size, location, and color—as coarse real-
text prompts. The results of comparison and ablation experiments
reveal that our designed scheme is effective for 13 medical image
segmentation tasks.

5.5. Ablation study on SAN-KD

Unlike traditional KD methods that typically transfer knowl-
edge between different models (usually from a larger model to a 
smaller model) and focus on adjusting the temperature coefficient
to modify the soft label distribution [64,65,70], the proposed SAN-
KD emphasizes distilling knowledge across different modalities 
within the same model. It specifically focuses on two key aspects:
crossmodal knowledge alignment and reducing the impact of dis-
tillation errors during testing.

For the first aspect, we performed crossmodal data normaliza-
tion using the Sigmoid function, followed by an adaptive adjust-
ment of data distribution through the inverse Z-score operation.
Fig. 7 presents a comparison of segmentation results obtained 
using SAN-KD, SAN-KD without noise addition operation (NN-
SAN-KD), SAN-KD without data alignment operations (ND-SAN-
KD), and numerical fitting (NF) based on the mean squared error
(MSE) loss. The segmentation performance obtained using these
four methods demonstrates that SAN-KD consistently exhibits
the best performance.

For the second aspect, we introduced a learnable noise param-
eter a in SAN-KD to mitigate the gap between training and testing
caused by distillation errors. Fig. 8 shows the mean and standard 
deviation of the Dice scores of the segmentation results for differ-
ent initial values of a. When the initial value of a is zero, no noise
from is initially added to whereas when the initial value of 
ais one, the model is initially trained using exclusively. Fig. 8 
shows that as the initial value of a increases, the Dice value initially 
increases and then decreases across all datasets, while the 
standard deviation gradually decreases. This trend suggests that 
adding noise enhances model stability on the test set and segmen-
tation performance with small a (a < 0.4). However, with a large a,
although the model exhibits high stability on the test set, the
reduced influence of hinders its ability to effectively support 
the downstream segmentation task, lowering its performance. In 
summary, we set the initial value of a to 0.2 and obtain its final 
learned values within the range of [0.15, 0.28] across all 13 data-
sets. This allows the model to adaptively adjust a within a rela-
tively narrow range for each dataset, preventing the learning of
excessively large values that could degrade model performance.
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Fig. 7. Comparison of segmentation performance using SAN-KD, SAN-KD without noise 
SAN-KD), and numerical fitting (NF) based on the MSE loss: (a) results on the Kvasir, BKA
DFU, MosMed, CHAOS, and QaTa datasets.
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6. Discussion 

6.1. Interpretable structured prompts

In our framework, clinical interpretability is preserved through 
the integration of two complementary prompts: the real-text 
prompts extracted by the LMM provide coarse, human-readable 
descriptions corresponding to clinically interpretable features such 
as lesion location, shape, and echogenicity. In contrast, the pseudo-
text prompts generated via the text latent space transformation
module capture fine-grained visual cues—such as texture and
boundary clarity—that are difficult to describe explicitly in natural
language.

By combining these two prompts, the model exhibits a struc-
tured representation that maintains semantic transparency while 
preserving high visual precision. This dual-prompt design bridges 
textual semantics and visual perception, facilitating multimodal 
reasoning aligned with clinical understanding. Visualization analy-
ses further confirm that the pseudo-text prompts consistently
focus on pathologically relevant regions, supporting their clinical
interpretability. These results suggest that the proposed structured
prompt framework provides an interpretable and clinically mean-
ingful link between language, vision, and disease-related image
features.
6.2. Innovative insights

Although the proposed CoTexNet framework is designed based 
on established components such as the CLIPSeg backbone, prompt 
learning, and KD, its importance lies in the synergistic integration 
of these modules to address a previously underexplored challenge
in medical vision, namely VLSMs, bridging explicit text semantics
and implicit visual context without manual prompt engineering.

The proposed dual-prompt formulation introduces a new mech-
anism to couple coarse real-text prompts that capture conceptual 
semantics with fine-grained pseudo-text prompts that encode 
visual-specific nuances using a text latent space transformation 
module. This structured design allows the model to achieve 
semantic–visual alignment at multiple granularity levels. Further-
more, the SAN-KD strategy provides a principled and stable route
to transfer multimodal linguistic knowledge into the CLS token
for direct text-guided inference, effectively mitigating the error
accumulation commonly observed in VQA-based pseudo-text gen-
eration methods.
addition operation (NN-SAN-KD), SAN-KD without data alignment operations (ND-
I, ClinicDB, ISIC, GLaS, CAMUS, and ACDC datasets; and (b) results on the BUSI, DDTI,

move_f0035
move_f0040


Z. He, H. Zhang, W. Zhang et al. Engineering xxx (xxxx) xxx

Fig. 8. Ablation studies on the hyperparameter a: (a) ablation results on the Kvasir, CLinicDB, GLaS, BKAI, and ISIC datasets; (b) ablation results on the BUSI, DFU, DDTI, and
MosMed datasets; and (c) ablation results on the CAMUS, CHAOS, ACDC, and QaTa datasets. The shaded area along the line represents the magnitude of the standard
deviation.
Beyond its empirical improvements, CoTexNet contributes a 
generalizable perspective on visual–linguistic corepresentation 
learning, demonstrating that conceptual text semantics can be 
derived from visual data itself rather than externally supplied 
annotations. This direction—learning implicit language grounding
directly from images—opens new opportunities for autonomous
prompt generation and offers valuable insights for future studies
on multimodal interpretability and self-supervised text–vision
alignment in medical imaging.

6.3. Limitations and future directions

In this study, we designed a dual-prompt learning framework to 
enhance medical image segmentation by integrating real- and 
pseudo-text information within a unified vision–language model. 
While the proposed framework demonstrates strong segmentation 
performance across multiple datasets, certain limitations exist. A 
key consideration is clinical generalizability.Although the model 
performs well under current experimental settings, its robustness
across medical images obtained from different imaging devices,
modalities, or lesion types requires further validation.Variations
in image quality, resolution, and acquisition protocols might affect
real- and pseudo-text prompt generation, potentially influencing
segmentation outcomes.

In our future study, we shall conduct segmentation experiments 
on additional medical image datasets to further evaluate and 
improve the generalizability of the proposed framework. Our ulti-
mate goal is to develop a broadly applicable medical VLSM and
integrate it into a large-scale intelligent medical diagnosis system,
facilitating highly accurate lesion delineation and clinical decision-
making.

7. Conclusion s

In this study, we developed a method for learning conceptual 
text prompts from ROIs for medical image segmentation. The 
learned conceptual text prompts comprised coarse real-text and 
fine-grained pseudo-text prompts, which complemented each 
other and enhanced the proposed model’s adaptability to various 
medical image segmentation tasks. Furthermore, ablation experi-
ments demonstrated that the proposed SAN-KD method effectively
improved the segmentation performance of the model by enhanc-
ing its robustness to distillation errors during the testing phase.
Comparative experiments and visualization results indicated that
the proposed CoTexNet model exhibited superior segmentation
performance across multiple medical image segmentation tasks
with minimal human intervention.
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