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Abstract—Pre-trained vision-language models (VLMs)
and language models (LMs) have recently garnered signif-
icant attention due to their remarkable ability to represent
textual concepts, opening up new avenues in vision tasks.
In medical image segmentation, efforts are being made
to integrate text and image data using VLMs and LMs.
However, current text-enhanced approaches face several
challenges. First, using separate pre-trained vision and
text models to encode image and text data can result in
semantic shifts. Second, while VLMs can establish the
correspondence between visual and textual features when
pre-trained on paired image-text data, this alignment often
deteriorates during segmentation tasks due to misalign-
ment between the text and vision components in ongoing
learning. In this paper, we propose TeViA, a novel approach
that seamlessly integrates with various vision and text
models, irrespective of their pre-training relationships. This
integration is achieved through a segmentation-specific
text-to-vision alignment design, ensuring both information
gain and semantic consistency. Specifically, for each train-
ing data, a foreground visual representation is extracted
from the segmentation head and used to supervise pro-
jection layers, thereby adjusting the textual features to
better contribute to the segmentation task. Additionally, a
historic visual prototype is created by aggregating target
semantics from all training data and is updated using a
momentum-based manner. This prototype aims to enhance
the visual representation of each data instance by estab-
lishing feature-level connections, which in turn refines the
textual features. The superiority of TeViA is validated on
five public datasets, exhibiting over 6% Dice improvements
compared to vision-only methods. Code is available at:
https://github.com/jgfiuuuu/TeViA.
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Fig. 1. Left Top: This part presents methods that use independently
pre-trained vision and text encoders for segmentation, which often
face the challenge of mismatched feature distribution. Right Top: This
section shows methods that leverage VLMs pre-trained on paired image-
text data for segmentation. Although textual and visual features are
initially aligned, this correspondence can easily be disrupted when
performing segmentation with only visual supervision. Bottom: Our
method seamlessly integrates with various vision and text encoders,
whether paired or unrelated. This flexibility is achieved through the
design of segmentation-related text-to-vision alignment, ensuring con-
sistent feature distribution. Additionally, a visual prototype is created to
enhance visual representations, which also provides the added benefit
of refining the textual features.

[. INTRODUCTION

CCURATE medical image segmentation is crucial for

effective clinical practice [1]. Recent advances in data-
driven deep learning models have significantly enhanced
computer-aided diagnosis by improving image interpreta-
tion and language processing [2], [3]. Developing high-
performance segmentation models often requires careful de-
sign of vision models that incorporate elements such as atten-
tion mechanisms, diverse backbones, or coarse-to-fine strate-
gies to enhance image processing capabilities [4]. However,
the performance of these models is often constrained by the
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quantity and quality of available training data.

One promising solution to this limitation is to integrate
additional knowledge beyond the images themselves [2], [5].
Textual data, such as clinical reports, are generated alongside
medical images in clinical settings. This textual information
can offer detailed insights into the location and severity of
diseases, thereby providing valuable context for image seg-
mentation tasks [6]. Consequently, there is growing interest in
combining text and image data to improve the accuracy and
effectiveness of medical image segmentation [7].

Recent developments in large-scale pre-trained vision-
language models (VLMs) and language models (LMs) have
demonstrated their capacity to understand textual seman-
tic concepts. VLMs, which leverage paired image-text data,
establish semantic relationships between visual and textual
features [8]. Similarly, LMs, through extensive analysis of
vast corpora, acquire a nuanced understanding of context [9],
[10]. Both VLMs and LMs offer significant opportunities for
effectively combining textual and visual information.

In the field of medical image segmentation, two prominent
approaches have emerged for incorporating supplementary
textual information into the segmentation process. The first
approach [6], [11], [12] employs separately pre-trained vision
and text models (see Fig.1, top left). However, this approach
faces challenges due to semantic shifts between vision and tex-
tual features, as they originate from distinct semantic spaces.
While methods like adding learnable prompts and projection
layers may help mitigate this issue, no explicit mechanism
exists to ensure the alignment of textual and visual features.
The second approach [13], [14] employs VLMs, where vision
and text models are pre-trained on paired image-text data (see
Fig. 1, top right). While this method can initially generate
aligned features, the lack of alignment constraints between
the visual and textual encoders during segmentation can cause
these features to become misaligned over time. Moreover,
VLMs typically align features at a high semantic level, which
is more suited to recognition tasks but may not fully satisfy
the dense prediction requirements of segmentation.

To address these challenges, we propose a novel text-
enhanced medical image segmentation method called TeViA,
which leverages Text insights through Visual Alignment. As
shown in Fig. 1 (bottom), TeViA ensures the alignment of
feature distributions, optimizing the use of textual information
in the segmentation process. Unlike conventional methods
that rely on adding learnable parameters to implicitly adapt
features, TeViA incorporates a regularization term explicitly
designed to align textual and visual features. Specifically,
for each training sample, a foreground visual feature is
generated by multiplying the mask with features extracted
from the penultimate layer of the segmentation head. This
foreground feature then supervises the adaptation of textual
features through projection layers. By enforcing this alignment
constraint, TeViA adjusts textual features to a distribution that
better supports the segmentation task. This process allows
TeViA to effectively integrate textual data for segmentation,
with minimal dependence on the specific encoder type used.
Additionally, TeViA constructs a visual prototype by aggre-
gating foreground features in a momentum-updated manner.

This prototype, which encapsulates target information from
all training data, serves as a comprehensive reference for
establishing feature-level connections across data instances.
While this approach primarily improves visual representations,
it also indirectly refines textual features through guidance from
the visual features. By employing these techniques, TeViA
achieves state-of-the-art performance on benchmark datasets,
surpassing a wide range of advanced methods.

The contributions of this work are four-fold:

e We emphasize the importance of feature alignment in
integrating text data for medical image segmentation
and propose a segmentation-specific text-to-vision (T2V)
alignment constraint to adjust textual features.

e We introduce a historical visual prototype that enhances
the visual representations of each data instance, while
concurrently improving the corresponding textual fea-
tures.

e We validate the effectiveness and versatility of TeViA
through comprehensive experiments, demonstrating that
TeViA outperforms the second-best method, Lan-
GuideMedSeg [11], and the leading VLM, CXR-
CLIP [13], by 1.58% and 2.29% mloU scores, respec-
tively, on the QaTa-COV19 dataset, which contains over
2,000 test images.

e We demonstrate the broad applicability of TeViA by
consistently improving performance across various vision
and text models.

[1. RELATED WORK
A. Medical Image Segmentation

Medical image segmentation is widely recognized as a
resource-intensive and technically demanding task that often
requires expert clinical annotations. With the rise of deep
learning, various paradigms such as self-supervised learn-
ing [33], [34], few-shot learning [16], [35]-[37], weakly-
supervised learning [38]-[40], and semi-supervised learn-
ing [18], [41]-[43] have been proposed to reduce reliance on
large-scale labeled datasets while maintaining segmentation
accuracy. More recently, there has been growing interest in
integrating textual knowledge into vision models to further
enhance model generalizability and interpretability. In this pa-
per, we summarize and compare representative methods across
different learning paradigms and modality settings in Table I,
covering both vision-only and vision-language frameworks.
This taxonomy highlights the strengths and limitations of each
approach and motivates our focus on text-enhanced segmen-
tation methods. Specifically, we aim to explore how textual
descriptions, when effectively aligned with visual features,
can provide complementary semantic guidance and improve
segmentation performance in complex medical scenarios.

B. VLMs and LMs

Recent advancements in VLMs have significantly improved
the fusion of textual and visual information. These models ex-
cel at combining heterogeneous features, leveraging the com-
plementary strengths of both modalities. A key breakthrough
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TABLE |
COMPARISON OF REPRESENTATIVE METHODS ACROSS VARIOUS SUPERVISION SETTINGS AND MODALITY CONFIGURATIONS.

Vision-only

Vision+Language

Self-supervised Learning Few-shot Learning

Learning

Weakly-supervised

Semi-supervised Learning | Text-enhance Learning

Swin UNETR [15]: a Swin
Transformer-based
pre-training framework
incorporating proxy tasks
such as inpainting,
contrastive learning, and
rotation prediction.

Pros: Learns generalized
representations by leveraging
large-scale unlabeled data.
Cons: Requires more
evidence to support its
transferability beyond CT
imaging.

HGRE [16]: a
geometry-driven framework for
rare disease scenarios,
incorporating uncertainty
estimation and adversarial
proxy generation.

Pros: Achieves greater
robustness by generating
adversarial proxies from
limited samples.

Cons: Incurs additional
computational cost due to the
construction of a feature
memory bank.

model.

WeakMedSAM [17]: a
SAM-based framework
guided by class-level label
supervision.

Pros: Enhances feature
representation by leveraging
a powerful foundation

Cons: Requires task-specific
design to effectively capture
fine-grained structures.

VerSemi [18]: a unified
semi-supervised framework
for joint processing of
multi-source datasets.
Pros: Improved
generalization and
performance across diverse
datasets.

Cons: Increased training
time due to multiple
forward passes during
optimization.

LViT [6]: introduces a
fine-grained attention module
to fuse textual and visual
features from parallel
branches using diverse
pooling strategies.

Pros: Strengthens visual
representation through
multi-modal feature fusion.
Cons: Susceptible to
distribution mismatch between
textual and visual modalities.

UniMiSS [19]: a universal
self-supervised representation
learning framework capable
of handling both 2D and 3D
data.

Pros: Overcomes the
dimensionality gap via a
switchable patch embedding
module.

Cons: Suffers from
imbalanced data scales
between 2D and 3D during
pre-training.

DCGG [20]: a gradient-guided
framework for diagnosing both
common and rare diseases,
leveraging an optimal transport
mechanism.

Pros: Demonstrates good
performance across common
and rare categories in few-shot
settings.

Cons: Involves complex
knowledge transfer due to
channel decomposition.

Swin-MIL [21]: a
Transformer-based multiple
instance learning (MIL)
framework.

Pros: Captures long-range
dependencies via the
self-attention mechanism.
Cons: Limited ability to
model fine-grained local
features due to reduced
local receptive field.

PICK [22] masks
pseudo-label regions to
better exploit unlabeled
data while reducing error
propagation.

Pros: Mitigates the impact
of incorrect predictions on
the decoder.

Cons: Incurred training
overhead due to sequential
training strategy.

LanGuideMedSeg [11]:
introduces a GuideDecoder
that integrates multi-scale
visual and textual features
during the decoding process.
Pros: Enables fine-grained
visual decoding with
text-guided enhancement.
Cons: May suffer from
suboptimal alignment between
visual and textual features.

MSD [23]; CHAOS [24] SD-198 [25]; Kvasir [26]

H&E [28]

BraTs 2019 [27];

LA [29];
NIH-Pancreas [30]

MosMedData+ [31];
MoNuSeg [32]

in this field is CLIP [8], which employs 4 million paired
image-text samples for self-supervised contrastive learning and
has demonstrated remarkable generalization across a variety of
vision tasks. In the medical domain, modality-specific VLMs
have been developed for applications such as pathology image
analysis [44], [45] and Chest X-Ray diagnosis [13], [14], [46],
[47]. In parallel, LMs [9], [48]-[50] have enriched visual tasks
by extracting insights from text data. The development of both
VLMs and LMs highlights the transformative potential of text
in enhancing visual tasks. However, VLMs and LMs serve
different roles: VLMs are primarily designed for open-set
recognition tasks, where the strong correlation between visual
and textual features at a high semantic level is beneficial [44],
[51], while LMs are more flexible and can be seamlessly
integrated as supplementary branches in vision tasks. In this
study, we explore the use of textual data to enhance medical
image segmentation, where both VLMs and LMs contribute
to knowledge transfer between modalities.

C. Text-enhanced Medical Image Segmentation

With the development of VLMs and LMs [5], [52], [53],
there is a growing trend of incorporating textual information
into medical image segmentation. Several approaches have
been proposed to leverage textual data [54], [55]. For instance,
the CLIP-driven Universal Model [56] uses the CLIP text
encoder to assess relationships among organs, dynamically
incorporating textual knowledge into the segmentation head.
Similarly, LViT [6] uses a pre-trained BERT model [57]
to extract information from medical reports, improving seg-
mentation performance, particularly for lesion regions. Lan-
GuideMedSeg [11] utilizes CXR-BERT [58], a specialized LM

for Chest X-Ray images, to improve segmentation accuracy.
TPRO [40] incorporates ClinicalBERT [59] for histopathol-
ogy tissue segmentation, enriching the process with detailed
semantic information from text descriptions.

Despite these advancements, current text-enhanced methods
typically rely on learnable prompts and layers to combine
textual and visual features directly, aiming for adaptive integra-
tion of knowledge. However, since textual and visual features
stem from different models pre-trained for distinct objectives,
a semantic shift naturally occurs between them. This shift can
limit the ability of textual features to contribute effectively to
vision tasks, despite the potential information they offer. In this
paper, we advocate for aligning textual cues with foreground
visual features, thereby ensuring better integration of textual
knowledge into the segmentation process and addressing the
semantic discrepancy between modalities. This approach aims
to enhance overall segmentation performance by effectively
utilizing textual information.

[1l. METHOD

A. Preliminaries

In this study, the dataset is structured as D =
{(z4, 1, yi)}fil, where z; denotes the i-th image, t; represents
the corresponding text description, y; is the associated mask,
and N indicates the number of data points. Our objective is to
train a segmentation model f(-;0) such that f(x;,t;;6) — y;.
Specifically, f(-;6) consists of a vision encoder f(-;6,), a text
encoder f(-;60;) and a decoder f(-;6;) that integrates textual
and visual features to produce the final segmentation map.
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Fig. 2. llustration of our proposed TeViA. The upper branch is the trainable vision encoder, divided into four blocks. The bottom branch represents

the projection of textual features using a frozen text encoder guided by learnable prompts that are randomly initialized and optimized during training
to better adapt textual knowledge to the segmentation task. Specifically, the foreground visual feature is utilized as the supervision signal to help
textual features shift towards a distribution that benefits the segmentation. The middle branch depicts the decoding process. Here, text-to-vision
(T2V) attention is employed to fuse textual and visual features, while prototype attention is designed to emphasize significant features of each data
point using a momentum-aggregated historical visual prototype. The decoding process sequentially applies prototype attention and T2V attention,
both implemented using a multi-head self-attention mechanism. The right side provides details of the two attention modules.

B. Overview of TeViA Framework

The proposed TeViA framework features three primary
branches. The vision encoding branch f(-;6,) handles visual
features. The text encoding branch f(-;6;) manages textual
features. To ensure the effective integration of textual features
into the segmentation task, a Text-to-Vision (T2V) alignment
is performed. The last branch f(-; ;) is the decoding process,
which gradually integrates textual and visual features from
each stage using the Text-enhanced Vision Module (TEV
Module) with prototype attention and T2V attention. Note that
the architectures of f(-;6,) and f(-;6;) are flexible and can
be adapted to kinds of backbones. The pipeline of our TeViA
framework was illustrated in Figure 2. Now we delve into
details.

C. TEV Module

Given an image z; with a text description t;, the visual
feature at stage s is computed as:

feat] , = f(x::03). (1)

The corresponding textual feature is first generated by f(-;6,),
and then produced by an MLP layer with a learnable prompt
[Promptys], shown as follows:

feat?, = MLP(f(t:;0;) + [Promptas)). )

Note that the MLP layer ensures the visual and textual features
have the same dimension.

Prototype Attention. Unlike traditional self-attention, we in-
troduce a visual prototype that captures the foreground seman-
tics across all training data to enhance each data point’s visual
representation. The foreground visual feature is calculated as:

featl{fg = featf ® Y;, 3)

where feat! is the visual feature from the penultimate layer
of the segmentation head, and ® denotes element-wise mul-
tiplication. Note that feat! has the same spatial shape as the

mask y;. The current visual prototype is obtained by averaging
the foreground features:

N
1
feat;groto = ﬁ Z fea’tz{fg7 (4)
i=1
The visual prototype is then momentum-updated as:
ILEMA ILEMA
featproto = afeatproto + (1 - a)fea’tzl)rotm (5)

where the momentum factor « is set to 0.99. To match

. . ILEMA ._ .
feature dimensions across stages, feat,, is interpolated

proto
I,LEMA . . .
to feat,, ., - The enhanced visual representation of image

x; at scale s is derived from:

Jeatj] = A" (P.Q. K. V), (©)
where Attnm°! performs prototype attention:
P)(K + P)T
AttnFroto(P,Q, K, V) = softmax( @+ P)E +P) WV,
v )

where dj, is the dimension of the feature. The prototype P is
represented by featf,’rfg){f, and feat{,s is used as the query
Q, key K, and value V. The refined visual feature f eatf”sp is
then ready for integration with the textual feature.

T2V Attention. This module fuses the textual feature featzS
with the enhanced visual feature featf”SP . This process is
written as:

feat!l = Attn™V(Q, K, V), (8)
where feat,'] is the fused feature at scale s, and AttnT2" is
the T2V attention that can be computed as:

KT
Attn™?V(Q, K, V) = so0 ftma:v(Q WV, )

Vi

where AttnT2V follows the standard cross-attention calcula-
tions, with feati"f serving as the query ), and f eatg:s acting
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as both the key K and value V. After fusion, f eatf”ST is up-
sampled using a convolutional layer to match the feature size
at scale s — 1, and is concatenated with feati{s_l channel-
wise in a resudual manner, generating the refined feature at
scale s — 1. So far, the TEV module has successfully fused
the visual and textual features at scale s, and provided features
for scale s — 1.

Each decoding stage follows a consistent process: first, it
refines the visual features, and then it integrates the textual
features. The final prediction is generated by a segmentation
head, which consists of two convolutional layers.

D. Objective Function and Inference

Objective Function. TeViA is optimized with two loss func-
tions: a segmentation loss and a proposed text-to-vision (T2V)
alignment loss. The segmentation loss, denoted as Lg.q, in-
cludes both Dice and Cross-Entropy terms:

L‘seg = LDice(f(xivtﬁ 9)7 yi) + LCE(f<33i7ti§ 9)7 Z/z‘),

which guides the model to produce both region-consistent
(Dice) and voxel-wise accurate (CE) predictions.

T2V Alignment Loss. To ensure that textual semantics are
meaningfully aligned with the task-relevant visual regions—
rather than merely fused via standard attention—we introduce
the T2V alignment loss L4, as a core component of TeViA.
This loss explicitly regularizes the projected textual features
to align with foreground visual features, thereby enforcing
segmentation-aware cross-modal consistency. During training,
the foreground visual feature f eat{fg is extracted by applying
the predicted segmentation mask to the visual encoder’s inter-
mediate representations. These features are then interpolated to
match the spatial dimensions of the multi-scale textual features
feat], resulting in feat/ ., for alignment at each stage s.

The T2V alignment loss is defined as:

N 3 T 1
1 eat; . - feat;
Ealign _ ZZB@ 1— f = ) f 7I,fg ,
N I featisllz - |l feat;

(10)

i=1 s=1 z,s,ngQ

where featgS denotes the textual features projected to stage
s, and cosine similarity is used to measure alignment. The
hyperparameters {31, 82, 83} balance the contributions of dif-
ferent feature scales. This design serves three purposes: (1)
it encourages the textual features to align with visual regions
actually contributing to segmentation predictions, (2) it avoids
degenerate fusion where textual features are underutilized or
misaligned, and (3) it provides a plug-and-play constraint
that is model-agnostic, making it compatible with various
pretrained text encoders, vision encoders, and vision-language
models. To this end, the total training objective is:

Etotal = Eseg + )\Ealign; (12)

where A is a hyperparameter that balances the two loss terms.
Inference. For an unseen image with a corresponding text
description, such as “Bilateral pulmonary infection, two in-
fected areas, all left lung and middle right lung”, the vision
branch f(-;6,) and text branch f(-;6;) generate visual and
textual features, respectively. The decoder f(-;64) then fuses
and refines these features to produce the final results.

V. EXPERIMENTS
A. Setup

Datasets. We utilized five publicly available datasets for
evaluation. The MosMedData+ dataset [31] comprises 2,729
CT scan slices targeting lung infection segmentation, while the
QaTa-COV 19 dataset [60] contains 9,258 COVID-19 Chest X-
Ray images for the same task. Both datasets include associated
textual descriptions detailing the number and location of
infected areas, provided by [6]. For fair comparison with
existing methods, data splits adhered to those established in [6]
and [12]: MosMedData+ was divided into 2,183 training,
273 validation, and 273 test images, and QaTa-COV19 was
split into 5,716 training, 1,429 validation, and 2,113 test
images. The MoNuSeg dataset [32] consists of 30 digital
microscopic tissue images, focusing on nuclear segmentation.
Given its limited size, we employed three-fold cross-validation
for evaluation. The Breast Tumor dataset [61], [62] contains
763 ultrasound images for breast tumor boundary delineation,
accompanied by textual descriptions detailing tumor shape,
echogenicity, and margin characteristics. Finally, the Brain
Tumor dataset [63] includes 3,064 MRI scans, with text-
based annotations describing tumor regions for brain tumor
segmentation. The text prompts for both the Breast Tumor and
Brain Tumor datasets were sourced from [63]. Collectively,
these datasets enable a comprehensive assessment of our
method’s performance across diverse imaging modalities (CT,
X-ray, pathology, ultrasound, and MRI) and varied segmenta-
tion tasks (lung infection, cell, breast tumor, and brain tumor
segmentation).

Implementation Details. Model training was conducted using
the AdamW optimizer with a batch size of 32. Input im-
ages were resized to 224x224 pixels, and data augmentation
techniques, including random cropping and random zooming,
were applied. We implemented a cosine annealing learning rate
schedule, starting from an initial rate of 3e-4 and decreasing
to a minimum of le-6. All experiments were performed
using PyTorch [64] on a single NVIDIA Tesla P100 GPU
with 16GB VRAM. Following [6], [12], we evaluated model
performance using Dice coefficient and mean Intersection over
Union (mloU) metrics.

B. Results on the MosMedData+ and QaTa-COV19

We compared our approach with both vision-only and

vision+language methods. Specifically, Table II presents the
model performance on the MosMedData+ and QaTa-COV19
datasets. The detailed analysis is outlined below.
Results of vision-only methods. As shown in Table II,
we evaluated six prominent vision-only methods, including
U-Net [65], U-Net++ [66], nnUNet [67], TransUNet [68],
Swin-Unet [69], UCTransNet [70] and ACC-UNet [71]. These
models incorporate various vision backbones, such as Con-
vNeT [72], ViT [51], Swin-T [73], and ConvNeXt [74].
Among them, ACC-UNet, which uses ConvNeXt, achieved
the highest accuracy. Our TeViA approach surpasses ACC-
UNet by 5.87% and 8.15% in Dice scores across both datasets,
demonstrating the efficacy of integrating textual knowledge.
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TABLE Il
PERFORMANCE COMPARISONS ON THE MOSMEDDATA+ AND QATA-COV 19 DATASTES. [VLM] REFERS TO METHODS THAT EMPLOY PAIRED VISION
AND TEXT ENCODERS FROM PRE-TRAINED VLMS, WHILE [V+T] DENOTES METHODS THAT UTILIZE INDEPENDENT VISION AND TEXT ENCODERS.
THE SYMBOL T INDICATES THAT THE IMPLEMENTATION AND RESULTS ARE SOURCED FROM [6]. SYMBOL * DENOTES P-VALUE < 0.05 WITH THREE
REPEATED EXPERIMENTS.

MosMedData+ QaTa-COV19

Methods V-Encoder T-Encoder Param  Flops
Dice (%) mloU (%) Dice (%) mloU (%) M) (©))
Vision only
U-Net Conv N/A 64.60 50.73 79.02 69.46 14.8 50.3
U-Net++ Conv N/A 71.75 58.39 79.62 70.25 74.5 94.6
nnUNet Conv N/A 72.59 60.36 80.42 70.81 19.1 412.7
Swin-Unet Swin-T N/A 63.29 50.19 78.07 68.34 82.3 67.3
TransUNet Conv+ViT N/A 71.24 58.44 78.63 69.13 105 56.7
UCTransNet Conv+ViT N/A 65.90 52.69 79.15 69.60 65.6 63.2
ACC-UNet ConvNeXt N/A 72.64 59.54 82.88 72.74 16.8 453
Vision + Language **init. from VLMs**
TLVIT vim ConVIRT 72.06 59.73 79.72 70.58 352 44.6
TLVIT vim GLoRIA 72.42 60.18 79.94 70.68 45.6 60.8
LanGuideMedSeg vim MedKLIP 74.45 59.30 88.42 80.86 107.7 22.6
LanGuideMedSeg [vim CXR-CLIP 75.48 62.62 89.53 81.31 161.0 30.6
CLAVT v Swin-T ~ =~ ~ BERT = =~ =~ 7320 = =~ 6041 = 7928  ~ ~ 69.89  ~ 1186 838 ~
LVIiT (v+1) Conv+ViT BERT 74.57 61.33 83.66 75.11 29.7 54.1
CPAM (v VGG16 CLIpT et 76.88 62.44 87.53 77.82 58.7 322
LanGuideMedSeg (v+t1  ConvNeXt CXR-BERT  76.98+015*  62.74+03*  90.27+04*  82.02+07m1*  146.8 11.2
TeViA (Ours) ConvNeXt CXR-BERT  78.49+0.06 64.59-+0.05 91.06-+0.09 83.60+0.14 146.8 11.2
TABLE Il Results of vision + language methods. As show in Table II,

THREE-FOLD CROSS VALIDATION ON THE MONUSEG DATASET.

we adapted four advanced VLMs for comparison, including
ConVIRT [75], GLoRIA [76], MedKLIP [14], and CXR-

Method Dice T mloU 71 . !

cthods o 1 o 1 CLIP [13]. The implementations and results for ConVIRT and
mean (%) std (%) mean (%) std (%) Gy oRIA were reported by [6], while MedKLIP and CXR-
U-Net 75.71 0.17 60.99 0.28 CLIP were integrated into the LanGuideMedSeg architec-
nnUNet 77.20 0.07 63.30 0.13 ture [11] by substituting its vision and text encoders with

Swin-Unet 75.36 0.48 60.47 0.80 . . .
TransUnet 76.53 0.12 61.99 0.20 corresponding pre-trained VLMs. It is noteworthy that the
UCTransNet 78.57 0.24 64.71 0.45 vision models within these VLMs were pre-trained on a vast
_ACC-UNet 7808 012 6403 016 number of external Chest X-Ray images. The results indicate
g{;‘:{KégP ;;gg 8;2 ggg? 822 that VLMs generally outperform vision-only methods. For
VI T T T T T 788d T T 006~ " 6507 ~ 002 example, LanGuideMedSeg 1n¥t1al1zed.w1th VLM-MedKLIP
CPAM 79.19 0.38 65.94 0.73 achieved 5.54% and 8.12% higher Dice and mloU scores,
LanGuidMedSeg 79.69 0.09 66.24 0.17 respectively, compared to the best vision-only method, ACC-
TeViA (Ours) 80.49 0.09 67.36 0.18 UNet, on the QaTa-COV19 dataset. This indicates the signif-
icance of incorporating textual knowledge into segmentation
TABLE IV tasks. Compared to LanGuideMedSeg with the leading VLM-

RESULTS ON THE BREAST TUMOR AND BRAIN TUMOR DATASET.
SYMBOL * DENOTES P-VALUE < 0.05 WITH THREE REPEATED
EXPERIMENTS.

Breast Tumor Brain Tumor

CXR-CLIP initialization, our TeViA demonstrates substantial
improvements of 3.01% and 1.53% in the Dice metric on the
MosMedData+ and QaTa-COV19 datasets, respectively.

Methods . ..
Dice (%) mloU (%)  Dice (%) mloU (%) We also evaluated four methods that use 1nd§pendent vision
UNet - 0300 799 = and text models for text-enhanced medical image segmen-
-INe . B . B . . . .
nnUNet 79.14 71.24 81.38 68.51 tation, including LAVT [77], LViT [6], CPAM [12], and
_ACC-UNet 7 7165 6346 7891 6516  LanGuideMedSeg [11]. Each method employs unique decoder
MedKLIP 75.27 60.35 80.81 67.80 : : : .
CXR-CLIP 740 6316 76.03 6133 demgns. for feature 1gtegrat10n. Klndly pote that the costs
TIVIT T T T T T T 6554 ~ 4692~~~ 7756 6334 ~ of TeViA and LanGuideMedSeg differ slightly. TeViA com-
CPAM 69.72 53.52 77.60 63.40 putes foreground visual features to generate a prototype for
LanGuidMedSeg ~ 79.82+12*  66.42+166"  82.01+1.03*  69.55+1.49% li . . dditi 1 0.0238M d
TeViA (Ours) 8571x05  75.00z057 83364005 7146007 alignment, incurring an additional 0. parameters an

© 2025 IEEE. All rights reserved, including rights for text and data mining

0.002G FLOPs. However, due to rounding, the reported values
may appear identical. Below are the summarized findings:
(1) These methods tend to outperform VLM-initialized ap-
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TABLE V
ABLATION STUDIES IN THE FIRST REPETITION OF THE EXPERIMENT. “IMAGE" MEANS USING ONLY IMAGE DATA. “T-ENCODER+ATTNT2V™"
REPRESENTS EMPLOYING PRE-TRAINED TEXT ENCODER TO ENCODE TEXT DATA, ALONG WITH T2V ATTENTION TO FUSE TEXTUAL AND VISUAL
FEATURES. “LT2V " STANDS FOR T2V ALIGNMENT. “ATTNPToto" |s THE PROTOTYPE ATTENTION WHICH INCORPORATES A MOMENTUM-UPDATED

align
VISUAL PROTOTYPE.
Mark Image  T-Encoder Cg}%};n AttnFroto MosMedData+ QaTa-COV19 Param  Flops
+AttnT2V Dice (%) mloU (%) Dice (%) mloU (%) M) G)
Row 1 v - - - 71.58 58.72 81.36 71.68 34.90 8.53
Row 2 v - - v 76.11 61.43 87.65 78.02 36.70 8.54
Row 3 v v - - 76.12 61.45 87.57 77.89 145.0 11.1
Row 4 v v - v 77.67 63.45 90.12 82.54 146.8 11.2
Row 5 v v v - 78.09 64.05 90.43 82.75 145.0 11.1
TeViA v v v v 78.51 64.62 91.03 83.54 146.8 11.2

proaches on datasets with less training samples. For instance,
LanGuideMedSeg outperforms the VLM initializations of
CXR-CLIP and MedKLIP by 1.41% and 2.44% in Dice scores
on the MosMedData+ dataset. This performance difference
may be attributed to the varied vision backbones used. ACC-
UNet, a ConvNeXt-based model without textual knowledge,
achieves comparable results to VLMs like ConVIRT and
GLoRIA, suggesting that ConvNeXt may be particularly suited
to this dataset. However, due to the availability of pre-trained
weights from MedKLIP and CXR-CLIP, ResNet-50 and Swin-
T were ultimately used in our experiments. (2) For the QaTa-
COV19 dataset, which has a larger training sample size,
the performance of these methods is more comparable. For
example, the Dice score difference between LanGuideMedSeg
and CXR-CLIP is less than 0.7%, indicating that effective use
of VLMs requires a substantial amount of paired data. (3)
Notably, TeViA shows improvements of 1.85% and 1.58% in
mloU compared to LanGuideMedSeg on the MosMedData+
and QaTa-COV19 datasets, respectively, by consistently uti-
lizing the same vision and text models. This highlights the
effectiveness of our proposed design in leveraging textual
information for enhanced segmentation performance.

C. Results on the MoNuSeg Dataset

Moreover, to assess TeViA’s generalizability across diverse
imaging modalities, we evaluated its performance on the
histopathological MoNuSeg dataset. As detailed in Table III,
TeViA achieved the highest segmentation performance with a
Dice score of 80.49% and an mloU of 67.36%, accompanied
by minimal standard deviations (0.09% and 0.18%, respec-
tively). These results not only underscore high segmentation
accuracy but also remarkable consistency across diverse sam-
ples. Notably, TeViA consistently outperformed existing text-
enhanced methods, such as LanGuideMedSeg (79.69% Dice,
66.24% mloU) and its variant initialized with VLM-CXR-
CLIP (79.28% Dice, 65.67% mloU), across both metrics. This
robust performance highlights the adaptability of our approach
in handling pathological images, a domain where significant
challenges arise from intricate tissue structures and staining
variability.

D. Results on the Breast and Brain Tumor Datasets

To further assess its generalizability, TeViA was evalu-
ated on two distinct imaging modalities: ultrasound (breast
tumor dataset) and MRI (brain tumor dataset). As detailed
in Table IV, TeViA consistently outperforms all competing
methods on both datasets. On the breast tumor dataset, TeViA
achieves 85.71% Dice and 75.00% mloU, surpassing the
strongest baseline, LanGuidMedSeg (79.82% Dice, 66.42%
mloU), by 5.89% Dice and 8.58% mloU. Compared to the
classic U-Net (77.37% Dice, 63.09% mloU), the gains are
even more substantial, reaching 8.34% Dice and 11.91%
mloU. Similarly, on the brain tumor dataset, TeViA attains
the highest performance with 83.36% Dice and 71.46% mloU.
It outperforms LanGuidMedSeg by 1.35% Dice and 1.91%
mloU, and exceeds ACC-UNet by 4.45% Dice and 6.30%
mloU. These consistent improvements highlight TeViA’s effec-
tiveness in leveraging lightweight textual prompts to enhance
segmentation accuracy, even under challenging conditions like
low-contrast ultrasound and heterogeneous brain MRI. More-
over, by demonstrating superior alignment between visual and
textual cues when compared to existing vision-only and vision-
language baselines (e.g., MedKLIP and CXR-CLIP), TeViA
reinforces its versatility and robust domain-adaptability for
multimodal clinical environments.

E. Ablation Study

Table V illustrates the impact of each module within TeViA
in the first repetition of the experiment. The following detailed
analysis provides insights into these effects.

Effect of Text Knowledge. Comparison of Row 3 with
Row 1 demonstrates the significance of integrating text data
for enhancing segmentation. When using ConvNeXt-Tiny as
the vision encoder, incorporating CXR-BERT and T2V at-
tention for extracting and combining textual features results
in approximately a 5% improvement in Dice scores across
both datasets. This underscores the effectiveness of leveraging
supplementary textual knowledge to improve segmentation
performance.

Effect of L]/ . The comparison between Row 5 and Row 3
highlights the effectiveness of the T2V alignment Eglzi;/n. With
this alignment constraint in place, TeViA outperforms all com-
petitors. Specifically, TeViA achieves Dice scores of 78.09%
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TABLE VI
PLUG-AND-PLAY EFFECT OF THE TEXT-TO-VISION ALIGNMENT Lalei;’n,
WHICH BOOSTS OTHER METHODS SIGNIFICANTLY.

Method ﬁzlzi;/n MosMedData+ p-value

Dice (%) mloU (%)
MobileNet (LanGuide) Wé" 73_972'214 it 58'23"4"523 ;<001
U-Net (LanGuide) WV/J" 76.57;"?2 o1 62‘319“2‘.22 ;<001
GLoRIA Wx:/O 77.; 12:‘219 1 63.66&(3) ‘;io y <001
it W meraast @9k <001
MedKLIP W\x//o 78.(3;1 .;‘.562 T 64.32 4224 4 <ool
CXR-CLIP Wvl«o 78.;55 '357 1 64.2672 .?.265 4 <001
LanGuideMedSeg wlo 77.10 62.75 <0.05

w 78.09 0.99 ¢ 64.05 130 *

and 90.43% on the respective datasets, showing improvements
of 0.99% and 0.65% compared to the second best method,
LanGuideMedSeg. These results indicate that aligning textual
features with the corresponding foreground visual features is
crucial for effective segmentation.

Effect of Visual Prototype Reference. The visual prototype is
a momentum-building feature that aggregates the foreground
semantics from all training data. Its impact is evident when
comparing Row 2 to Row 1, with significant Dice improve-
ments of 4.53% and 6.29% observed on the MosMedData+
and QaTa-COV19 datasets, respectively. These improvements
highlight the benefit of the visual prototype in enhancing
visual representations by incorporating historical foreground
semantics into each data instance.

Improved Visual Representations Enhance Textual Repre-
sentations. Row 4 shows higher results compared to Row 3,
indicating that the introduction of Attn”"°! improves visual
representations beyond the benefits provided by textual knowl-
edge alone. Furthermore, comparing the final row with Row 4
reveals additional improvements, attributed solely to the Effi;/n
constraint, which regularizes textual features using visual
ones. This demonstrates that refined visual representations can
enhance textual representations correspondingly, validating the
reciprocal relationship between visual and textual features.

V. DISCUSSION

A. Plug-and-play Effect

The primary feature of TeViA is the LT3V~ constraint,

which can be seamlessly integrated into other methods with
minimal additional computational cost. We explored the effects
of EaTl%an on various competing methods. All evaluated VLMs
were adapted by replacing their respective vision and text
encoders within the LanGuideMedSeg architecture. Crucially,
the decoder’s structure remained consistent across all variants:
it first employs a self-attention module for visual represen-
tation refinement, followed by a cross-attention module that

fuses visual and textual features. Our alignment loss [,gl%;/n

TABLE VI
DISCUSSION ON THE IMPACT OF TEXT ENCODERS ON TEVIA’S
RESULTS, WITH CONVNEXT-TINY AS THE VISION MODEL.

T-Encoder MosMedData+ QaTa-COV19
Dice (%) mloU (%) Dice (%) mloU (%)
CLIpT et 77.75 63.60 90.63 82.86
CXR-CLIPT ezt 78.04 63.98 90.79 83.14
BioClinicalBERT 78.30 64.34 90.49 82.63
RadBERT 78.42 64.50 90.89 83.31
CXR-BERT 78.51 64.62 91.03 83.54

is applied within this cross-attention module, where textual
features are explicitly aligned with aggregated foreground
visual representations, mirroring the strategic alignment used
in our TeViA framework. As evidenced in Table VI, the incor-
poration of ﬁaTlQi;/n yielded significant improvements across all
methods, with a p-value < 0.05. For instance, £, resulted
in a notable 3.62% Dice score improvement for MedKLIP
initialization and a 1.30% increase in mloU for the second-
best method, LanGuideMedSeg. A larger performance gain
of 3.44% in Dice was observed when applying L7V to the
lightweight MobileNet encoder [78] within the LanGuideMed-
Seg architecture. These results highlight the versatile and
broad applicability of our alignment strategy. In addition,
CalezXn yields more notable improvements when applied to
other models compared to its integration within the proposed
TeViA framework. This is primarily because TeViA is built
upon a stronger baseline, with visual representations already

deeply refined through semantic foreground prototypes.

B. Flexibility with Diverse Text Models

We further investigated the effect of different text models
on TeViA, using ConvNeXt-Tiny as the vision backbone. This
included LMs such as BioClinicalBERT [59], RadBERT [48]
and CXR-BERT [58], as well as text encoders from pre-trained
VLMs like CLIP and CXR-CLIP. Our findings, summarized
in Table VII, reveal the following: (1) TeViA’s performance
remains consistent across different text encoders, with only
minor variations. This stability is largely attributed to the T2V
alignment, which effectively regularizes textual representations
to align with foreground visual features. (2) The first row of
Table VII shows TeViA using the CLIP text encoder, which is
pre-trained on internet data without specific medical knowl-
edge. Notably, even under this condition, TeViA performs
comparably, with slight improvements over the second-best
LanGuideMedSeg, which uses the medical domain-specific
CXR-BERT pre-trained on Chest X-Ray reports. This observa-
tion suggests that an effective alignment strategy may be more
crucial than the choice of pre-trained model when dealing with
heterogeneous data.

C. Collaborating with Diverse Vision Backbone

Table VIII shows the performance of TeViA with various
vision models, including Vit-Tiny, Swin-Tiny, ResNet-50 and
ConvNeXt-Tiny, all utilizing pre-trained weights from Ima-
geNet [79]. The results indicate that (1) the choice of vision
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TABLE VIII
FLEXIBILITY OF TEVIA WITH VARIOUS VISION BACKBONES, USING
CXR-BERT AS THE TEXT ENCODER.

V-Encoder MosMedData+ QaTa-COV19
Dice (%) mloU (%) Dice (%) mloU (%)
ViT-Tiny 77.13 62.86 90.00 81.82
Swin-Tiny 76.83 62.37 89.95 81.73
ResNet-50 77.25 63.09 90.47 82.60
ConvNeXt-Tiny 78.51 64.62 91.03 83.54
TABLE IX

QUANTITATIVE ANALYSIS OF FEATURE ALIGNMENT ON THE
QATA-COV19 TEST SET.

CPAM
-0.1933

LanGuideMedSeg
0.1147

TeViA (Ours)
0.4612

Cosine Similarity

model has a more significant impact on TeViA’s performance
than the choice of text model. For example, on the MosMed-
Data+ dataset, changing vision models causes a Dice score
fluctuation of 1.68%, compared to only 0.76% with different
text models. This suggests that the vision model plays a
more critical role in segmentation performance. We attribute
this phenomenon to two main reasons. First, the prediction
relies primarily on the input image with text data serving as
supplementary information. Consequently, the vision model
is more crucial than the text model in producing high-quality
representations. Second, since textual features are aligned with
visual ones, the quality of textual knowledge extraction is
closely linked to the quality of visual representations; thus,
poorer visual representations lead to less effective utilization of
text data. (2) Despite these variations in performance, TeViA
outperforms LanGuideMedSeg with CXR-CLIP initialization
by 1.35% in Dice score on the MosMedData+ dataset when
using the Swin-Tiny model. It also surpasses MedKLIP initial-
ization by 1.74% in mloU on the QaTa-COV19 dataset with
the same ResNet-50 model. These results, achieved without
relying on additional medical knowledge from pre-training
data, further validate the effectiveness of TeViA in improving
visual representations and leveraging textual info.

D. Kernel Density Estimation

Fig. 3 presents the kernel density estimation (KDE) of
textual and visual features, both before and after training on
the QaTa-COV 19 dataset. KDE was employed to visualize the
distributional similarity between these features once projected
into a shared latent space. A greater overlap between the two
distributions after training indicates improved alignment be-
tween the modalities. Our findings are as follows. (1) Methods
initialized from pre-trained VLMs, such as LanGuideMed-
Seg [11] (which leverages CXR-CLIP [13]), inherently exhibit
a preliminary alignment between textual and visual features
prior to fine-tuning. (2) Without constraints between visual
and textual features during segmentation training, models
like CPAM [12] and LanGuideMedSeg mismatched feature
distributions. This suggests that achieving adaptive feature
integration remains challenging, even with VLM initialization.

Sururer] a105og

Sururel], 1oy

(a) CPAM

(b) LanGuideMedSeg init. from CXR-CLIP TeVid (Ours)
Fig. 3. Kernel density estimation on the test set of QaTa-COV19
dataset. The KDE was performed on the L2 norms of the feature vectors
extracted from the image and text encoders. A strong alignment between
the modalities would result in similar or overlapping density distributions,
indicating that the visual and textual features are semantically close
and follow a similar pattern across the dataset. The top row shows
the distribution of visual and textual features before training, while
the bottom row displays the distribution after training. CPAM [12] and
LanGuideMedSeg [11] initialized with CXR-CLIP [13] are listed for
comparison.

TABLE X
RESULTS IN THE ANNOTATION-EFFICIENT SETTING. COMPARISONS ARE
MADE WITH SEMI-SUPERVISED METHODS, INCLUDING CPS [80],
BCP [81], AND LEFED [82].

Method Labeled Unlabeled  Text MosMedData+
Dice (%) mloU (%)
CPS 10% 90% x 65.50 49.63
BCP 10% 90% x 66.43 50.78
LeFeD  10% 90% x 6775 51.32
TeVIA  10% x v 6997 53.81
TTCPS T 20% 0 80% @ x 6787 5152
BCP 20% 80% x 69.21 53.30
LeFeD  20% 80% x 70.13 54.09
TeVIA  20% x /7121 55.29
TTCPS T 50% ¢ 50% 0 0 x 7072 5518 0
BCP 50% 50% x 71.38 55.76
LeFeD  50% 50% x 72.06 5621
TeVIA  50% X v 7400 58.74

(3) In contrast, our TeViA framework demonstrates well-
aligned features, underscoring the effectiveness of aligning
textual features with the foreground visual ones via our
T2V alignment loss. Furthermore, a quantitative evaluation
presented in Table IX shows that TeViA achieves a signif-
icantly higher cosine similarity score (0.4612) compared to
LanGuideMedSeg (0.1147) and CPAM (-0.1933), highlighting
TeViA’s superior ability to bridge the semantic gap between
visual and textual representations.

E. Pure Image data vs Image-text Data: A Case Study
under Annotation-efficient Scenario

Table X showcases the results of TeViA using 10%, 20%
and 50% image-text data, compared with semi-supervised
methods CPS [80], BCP [81], and LeFeD [82], which use
10%, 20%, and 50% image annotations. The results indicate
the following: (1) TeViA consistently achieves the highest
performance across all data utilization scenarios, underscor-
ing the significance of incorporating supplementary text data
alongside images. (2) With 10% image-text data, TeViA
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Fig. 4. TeViA’s performance under label percentages of 10%, 20%,

30%, 50%, 70% and 100%, on the QaTa-COV19 dataset. It is surprising
to find that TeViA is able to surpass all competitors with 50% annota-
tions.

Baseline +

+ Label

Fig. 5. Feature visualization. These features are derived from the
penultimate layer of the segmentation head. The different regions are
marked by arrow.

demonstrates improvements of 2.22% in Dice and 2.49%
in mloU compared to LeFeD, which relies on 10% labeled
images and 90% unlabeled images. These substantial gains
further highlight TeViA’s effectiveness in enhancing segmenta-
tion performance by leveraging available text data, particularly
in low-data regimes.

F. TeViA’s Results under Different Label Percentages

We conducted experiments to evaluate TeViA’s performance
on the QaTa-COV19 dataset, using label percentages of 10%,
20%, 30%, 50%, 70% and 100%. As shown in Fig. 4, (1)
TeViA surpasses the second-best method, LanGuideMedSeg,
using only 50% of the annotations. This result validates
TeViA’s superiority in leveraging supplementary text data to
enhance segmentation, showcasing more efficient knowledge
extraction and integration. (2) With 10% paired image-text
data, TeViA outperforms the top vision-only method, ACC-
UNet, which uses 100% image data, by 1.57% in Dice score.
This phenomenon underscores the significance of employing
available complementary data to advance the primary segmen-
tation task.

Image Label  TeViA (Ours) CPAM ACC-UNet
Fig. 6. Segmentation results. The top two cases are collected from the
QaTa-COV19 dataset, the middle two cases are from the MosMedData+
dataset, and the bottom two cases are derived from the MoNuSeg

dataset. The different regions are highlighted by boxes.

TABLE XI
THE IMPACT OF VARIOUS ALIGNMENT LOSS FUNCTIONS ON THE
TEXT-TO-VISION ALIGNMENT PROCESS.

Loss Function QaTa-COV19
Dice (%) mloU (%)
InfoNCE 90.84 83.22
KL Divergence 90.95 83.41
Wasserstein Distance 90.99 83.46
Cosine Similarity 91.03 83.54

G. Visualization Analysis

Fig. 5 shows the features from the penultimate layer of
the segmentation head, which were used to adjust the textual
features during the experiments. It can be observed that inte-
grating textual knowledge without proper alignment can result
in significant false positive areas. However, by progressively
applying the proposed T2V alignment Egﬁi};ﬂ and the prototype
attention Attn? 7% the lesion regions become more distinctly
highlighted.

In addition, Fig. 6 presents the segmentation results from all
datasets. It is clear to see that our TeViA predicts lesion/cell
regions more accurately than competing methods, particularly
in the areas highlighted by the boxes. These visualizations
qualitatively indicate the enhanced segmentation ability of
TeViA by leveraging textual knowledge.

H. Discussion of Alignment Loss Function

We conducted a comprehensive evaluation of different align-
ment loss functions, including Cosine Similarity (default), KL
Divergence, InfoNCE, and Wasserstein Distance, to assess
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TABLE XII TABLE XIII
EFFECT OF DIFFERENT SCALE WEIGHTS 31, 32, 33 ON COMPARISONS WITH 3D MODELS ON THE MOSMEDDATA+.
SEGMENTATION PERFORMANCE ON THE QATA-COV19 DATASET.
MosMedData+
- Methods
B1 B2 Bs Dice (%) mloU (%) Dice (%) mloU (%)
0.13 0.33 0.53 90.08 81.95
023 033 0.43 90.55 82.73 Arc“ggf\;ef]g]) ;i'gg g;'gg
0.33 0.33 0.33 91.03 83.54 TeViA 78.49 64.59
0.43 0.33 0.23 90.62 82.85 . -
0.53 0.33 0.13 90.24 82.22
79.0 : a relatively small weight for the alignment loss is favorable
© 78.5 o for segmentation. Nevertheless, the Dice score varies by only
60 _/\ about 1% as A changes from 0.01 to 1, further indicating that
8775 TeViA is robust to a wide range of A values.
77.0~ -
65.0 - . )
" J. Comparisons with 3D Models
3 64.5
8 6a.0 We compared TeViA with the 3D variants of nnUNet and
:§> 635 ACC-UNet, two strong vision-only baselines. As shown in
630 Table XIII, TeViA outperforms both methods on the MosMed-
oot 003005 007 - 01 05 1 Data+ dataset, achieving 78.49% Dice and 64.59% mloU,

Fig. 7. Discussion of hyper-parameter A on the MosMedData+ dataset.

their impact on the T2V alignment process. Our results on the
QaTa-COV19 dataset show that Cosine Similarity achieves the
best performance, attaining 91.03% Dice and 83.54% mloU,
outperforming other evaluated losses. While KL Divergence
and Wasserstein Distance are effective in aligning cross-
modal distributions, and InfoNCE promotes discriminative
representations through contrastive learning, these alternatives
often introduce increased computational complexity or exhibit
heightened sensitivity to sampling strategies. In contrast, Co-
sine Similarity provides stable performance with lower com-
putational overhead by directly enforcing angular closeness
within the joint embedding space. These findings indicate that
Cosine Similarity is a simple yet highly effective choice for
cross-modal alignment within our framework.

I. Discussion of Hyperparameters

Table XII presents a hyperparameter analysis of the scale
weights (1, P2, and B3 on the QaTa-COV19 dataset. The
results show that a balanced configuration (0.33, 0.33, 0.33)
yields the best segmentation performance, achieving 91.03%
Dice and 83.54% mloU. Performance consistently declines
as (1 or P3 deviates from this balanced setting, indicating
the importance of maintaining equilibrium across scales. In
particular, overemphasizing either coarse or fine features while
keeping the middle scale fixed disrupts effective multi-scale
context fusion. Nonetheless, the overall performance fluctua-
tion across all settings remains within 1%, demonstrating that
the model is not overly sensitive to these hyperparameters and
exhibits stable performance. Similarly, the hyperparameter A
balances the primary segmentation loss and the T2V alignment
loss. As shown in Figure 7, TeViA achieves optimal perfor-
mance on the MosMedData+ dataset when X is set to 0.1.
A deviation from this value—either increasing or decreasing
A—Tleads to a modest decline in performance, suggesting that

compared to 75.43% / 61.57% for nnUNet 3D and 74.68% /
59.59% for ACC-UNet 3D. These results demonstrate TeViA’s
effectiveness in leveraging textual information within a 2D
framework, surpassing competitive 3D models and highlight-
ing the complementary strength of text-guided supervision in
medical image segmentation.

K. Discussion of Limitations and Application Scope

While our method achieves consistent gains across diverse
datasets, several practical limitations must be acknowledged.
First, its effectiveness relies on the availability of textual
descriptions aligned with visual data. In our experiments, we
used either curated annotations or automatically generated
prompts. However, in clinical practice, such detailed annota-
tions may be scarce, noisy, or inconsistent, potentially reducing
the utility of text-guided supervision. Second, the current
implementation is restricted to 2D inputs due to the slice-level
structure of the available textual data. In most real-world 3D
segmentation scenarios, only volume-level reports or coarse
diagnostic summaries are available, lacking the granularity
required for effective alignment. This mismatch may limit
the method’s direct applicability in volumetric contexts where
fine-grained textual cues are not readily accessible.

VI. CONCLUSION

In this paper, we propose TeViA, a novel medical im-
age segmentation method designed to fully leverage textual
information through a segmentation-specific T2V alignment.
This alignment strategy explicitly regularizes textual features,
guiding them towards a distribution optimally suited for the
segmentation task. Beyond achieving SOTA results, TeViA’s
broad applicability across diverse vision and text models is
validated through comprehensive ablation studies. Further-
more, the demonstrated plug-and-play capability of our T2V
alignment significantly boosts the performance of competing
methods when integrated. Despite TeViA’s promising results,
the method may encounter specific limitations when dealing
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with degraded image and text quality. Specifically, extreme
noise levels or very low image contrast can notably impact
the model’s performance. These challenges primarily stem
from the reduced reliability of visual cues, which can directly
compromise the effectiveness of the T2V alignment process.
Textual information at the decision-level, lesion-level, and
location-level each contributes importantly to segmentation
accuracy. Notably, location-level information exerts a par-
ticularly strong influence, while the simultaneous absence
of multiple types of textual cues can lead to substantial
performance degradation. To address these challenges related
to both degraded image quality and noisy or incomplete textual
information, future work will explore incorporating image
denoising modules and contrast enhancement techniques as
preprocessing steps to improve visual input quality prior to
semantic alignment. Simultaneously, strategies aimed at en-
hancing textual robustness, such as text denoising and handling
incomplete or corrupted cues, will be investigated. These
strategies collectively aim to enhance the model’s robustness
for deployment in complex clinical environments.
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