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Abstract. In latent diffusion-based segmentation, the model is trained
to recover anatomically consistent regions from noisy latent mask rep-
resentations conditioned on the input image. Recent diffusion-based ap-
proaches provide strong generative priors, but their conditioning is of-
ten limited to image or latent features, without explicit structural or
semantic guidance. This may lead to unstable predictions and impre-
cise boundary delineation. In this work, we propose a text-guided multi-
frequency latent diffusion framework for medical image segmentation,
termed TMF-Seg. The model introduces an Image–Text Conditional Fu-
sion module that encodes image and text conditions and integrates them
through cross-attention to obtain a semantically informed representa-
tion. We further design a Text-Guided Multi-Frequency Enhancement
module that decomposes the fused features into high-, mid-, and low-
frequency components and adaptively reweights them according to the
textual context, providing complementary semantic and structural pri-
ors for the diffusion process. The enhanced conditional features are then
fed into a latent diffusion U-Net for efficient single-step segmentation.
Experiments on three public datasets, Kvasir-SEG, MosMedData+, and
QaTa-COV19, show that TMF-Seg consistently improves segmentation
accuracy over several strong baselines. The code is publicly available at
https://github.com/qczggaoqiang/TMF-Seg.
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1 Introduction

Medical image segmentation plays a fundamental role in many clinical appli-
cations, including disease diagnosis [3], treatment planning [21], and surgical
guidance [2]. Accurate delineation of anatomical structures or lesions is essential
for reliable quantitative analysis and downstream decision-making [6]. With the
rapid development of deep learning, convolutional and transformer-based models
have become the mainstream solutions, achieving strong performance by learn-
ing hierarchical and global representations [17,11]. However, target regions in
medical images often exhibit low contrast, ambiguous boundaries, and complex
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anatomical structures [9,20]. Under such conditions, relying solely on image-
driven features is insufficient, and the absence of explicit structural or semantic
priors can lead to unstable and anatomically inconsistent segmentation results.

Recently, diffusion-based approaches have been introduced into medical im-
age segmentation [22,23,16,5,13]. In latent diffusion-based segmentation, the
model is trained to recover anatomically consistent regions from noisy latent
mask representations conditioned on the input image, benefiting from strong
generative priors and improved robustness [12,8]. Despite these advantages, the
performance of diffusion segmentation is largely determined by the conditioning
mechanism [24]. Most existing methods rely solely on image or latent features
as conditions [7,14], without explicitly modeling structural or semantic guid-
ance. As a result, the denoising process may lack clear signals about boundary
sharpness, global structure, or task-level semantics, which can lead to unstable
predictions and suboptimal delineation in challenging regions.

To address these limitations, we propose a text-guided multi-frequency la-
tent diffusion framework for medical image segmentation, termed TMF-Seg,
which enhances the diffusion conditioning with both semantic and structural
priors. Instead of modifying the diffusion backbone, our method focuses on re-
designing the conditional encoder to provide both semantic and structural pri-
ors. While diffusion-based segmentation has shown promising results, explicit
integration of textual semantics and frequency-aware structural modeling re-
mains underexplored. Specifically, we introduce an Image–Text Conditional Fu-
sion (ITCF) module that integrates visual and textual information through cross-
attention, enabling the model to incorporate task-level semantic cues. We further
propose a Text-Guided Multi-Frequency Enhancement (TGME) module, which
decomposes the fused features into multiple frequency components and adap-
tively reweights them according to the textual context. This design performs
text-guided frequency modulation, enabling adaptive emphasis on fine details,
boundary structures, and global anatomical context, and thus provides comple-
mentary semantic and structural guidance for the diffusion process. We evaluate
the proposed method on three public medical image segmentation datasets, in-
cluding Kvasir-SEG, MosMedData+, and QaTa-COV19 [25]. Experimental re-
sults demonstrate that TMF-Seg consistently improves segmentation accuracy
over several strong baselines.

Motivated by the limitations discussed above, the main contributions of this
work can be summarized as follows:

1. We propose a text-guided multi-frequency latent diffusion framework, termed
TMF-Seg, which enhances diffusion conditioning with both semantic and
structural priors for medical image segmentation.

2. We introduce an Image–Text Conditional Fusion module that integrates
visual and textual information to produce semantically informed conditional
representations.

3. We design a Text-Guided Multi-Frequency Enhancement module that
adaptively reweights frequency components based on textual context, im-
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proving structural consistency and segmentation accuracy across multiple
datasets.

Fig. 1. Overview of the proposed TMF-Seg framework. Image and text features are
fused via the Image–Text Conditional Fusion (ITCF) module and enhanced by the
Text-Guided Multi-Frequency Enhancement (TGME) module. The resulting condition
guides a latent diffusion U-Net to generate the final segmentation.

2 Methodology

Figure 1 illustrates the overall architecture of the proposed TMF-Seg. Given a
medical image I ∈ RH×W×3 and its textual description T, the framework gen-
erates a segmentation mask Ŝ through a conditional latent diffusion process.
The image is first encoded into a latent representation yc = ϕθ(I) using a pre-
trained VAE encoder [12], while the text description is processed by a frozen
Bio-ClinicalBERT [1] to obtain semantic features ztext. These two modalities
are fused via a Image–Text Conditional Fusion (ITCF) module to produce se-
mantically informed features zfused, which are further refined by a Text-Guided
Multi-Frequency Enhancement (TGME) module to obtain the enhanced con-
dition zenhanced. The diffusion process is then carried out in the latent space
of a pre-trained segmentation autoencoder: the Ground-Truth (GT) mask S is
first encoded as a latent representation y0 = E(S), which is then progressively
perturbed with Gaussian noise to obtain a noisy latent yT at timestep T . The
denoising network ϵθ is trained to recover the clean representation from yT con-
ditioned on zenhanced, producing the predicted latent ŷ0, which is then decoded
by the segmentation decoder D to obtain the final prediction Ŝ. The autoencoder
(E ,D) and the diffusion model remain frozen, while the proposed condition en-
coder is trained.
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2.1 Image–Text Conditional Fusion

To incorporate semantic guidance into the denoising process, we design an Image-
Text Conditional Fusion module that integrates visual and textual representa-
tions in the latent space. Given an input image I ∈ RH×W×3 and its textual
description T, we encode them using separate encoders. The image is mapped
by a pre-trained VAE encoder ϕθ to a spatial latent feature yc ∈ RC×h×w, where
C = 4 and h = w = 32 for 256× 256 inputs. The text is embedded by a frozen
Bio-ClinicalBERT [1], producing contextual representations ztext ∈ RL×D, where
L = 10 is the sequence length and D = 768 is the embedding dimension. We
employ a cross-attention mechanism [6] to fuse the two modalities:

zfused = Cross-modal Attention(Qimg,Ktext,Vtext), (1)

where Qimg = Wqyc denotes queries derived from image features, and Ktext =
Wkztext, Vtext = Wvztext are keys and values projected from text embeddings.
This design enables spatial image features to attend to semantically relevant
textual cues, yielding a semantically informed conditional representation that
serves as guidance for the denoising U-Net.

Fig. 2. Overview of the proposed Text-Guided Multi-Frequency Enhancement module.
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2.2 Text-Guided Multi-Frequency Enhancement

After cross-modal fusion, we introduce a Text-Guided Multi-Frequency Enhance-
ment module, as illustrated in Fig. 2, to refine the fused latent features by incor-
porating structural priors in the frequency domain. Medical image segmentation
requires capturing information at different spatial frequencies, including fine-
grained details, structural boundaries, and global anatomical context. Given the
fused feature zfused ∈ RB×C×H×W , we perform DCT-based frequency decompo-
sition [15] and construct three parallel branches corresponding to high-, mid-,
and low-frequency components. Each branch applies multi-frequency channel at-
tention (MFCA) [15] to enhance the fused features by selectively emphasizing
frequency-specific components:

zk = zfused ⊙ σ(Ak(Fk(zfused))), (2)

where k ∈ {high,mid, low}, Fk denotes DCT filtering with pre-defined frequency
indices, Ak is a lightweight channel attention module, σ is the sigmoid function,
and ⊙ represents element-wise multiplication.

Text-Guided Adaptive Weighting. To adaptively modulate the contri-
bution of each frequency band, we compute a global text representation:

z̄text =
1

L

L∑
i=1

z
(i)
text, (3)

where L is the text sequence length and z
(i)
text denotes the i-th token embed-

ding. This global representation is then mapped to normalized frequency weights
through a two-layer MLP (W1, W2) with ReLU activation and softmax normal-
ization:

[αh, αm, αl] = Softmax(W2 ReLU(W1z̄text)), (4)

where αh, αm, αl ∈ [0, 1] are the predicted importance weights for high-, mid-,
and low-frequency components, respectively, with αh + αm + αl = 1.

The enhanced representation is obtained by:

zenhanced = αhzhigh + αmzmid + αlzlow. (5)

This design enables semantic-aware frequency modulation, allowing the dif-
fusion model to receive both structural and semantic guidance. During training,
we follow SDSeg [12] and employ the same latent diffusion training objective
without modification.

3 Experiments

3.1 Experiments details

Our model is trained on a single NVIDIA RTX 3090 GPU with 24GB memory.
The model is optimized for 100,000 steps using the AdamW optimizer with a
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Table 1. Quantitative comparison on Kvasir-SEG, MosMedData+, and QaTa-COV19.
The best results are shown in bold.

Method Backbone Kvasir-SEG MosMedData+ QaTa-COV19

Dice ↑ mIoU ↑ Dice ↑ mIoU ↑ Dice ↑ mIoU ↑

U-Net [18] CNN 78.94 70.21 64.60 50.73 79.02 69.46
U-Net++ [26] CNN 80.35 71.85 71.75 58.39 79.62 70.25
TransUNet [4] CNN–Transformer 82.05 74.12 71.24 58.44 78.63 69.13
LViT [10] CNN–Transformer 86.54 78.33 74.57 61.33 83.66 75.11
TSLDeg [24] Latent Diffusion 88.72 81.45 77.83 63.92 85.41 77.36
LEAF [8] Latent Diffusion 89.65 82.97 78.94 64.88 86.73 79.92
SDSeg [12] Latent Diffusion 91.03 85.80 80.97 65.68 89.92 81.85

TMF-Seg (Ours) Latent Diffusion 92.63 86.06 81.34 67.21 91.42 82.43

base learning rate of 1× 10−5 and a batch size of 8. We adopt a KL-regularized
autoencoder and latent diffusion model with a downsampling rate of r = H

h =
W
w = 8. The model takes RGB images of size 256 × 256 as input, producing
latent representations of size 32 × 32 with 4 channels. The diffusion backbone
and autoencoder are initialized from pre-trained Stable Diffusion weights, while
the additional parameters in the denoising U-Net for concatenated inputs are
initialized to zero.

3.2 Datasets and Evaluation Metrics

To evaluate the proposed method TMF-Seg, we conduct experiments on three
public medical image segmentation datasets, including Kvasir-SEG, MosMed-
Data+, and QaTa-COV19 [25]. For MosMedData+ and QaTa-COV19, we use
the released text annotations from LViT [10]; for Kvasir-SEG, the corresponding
text annotations are available upon reasonable request by email. The Kvasir-SEG
dataset contains 1,000 colonoscopy images with corresponding polyp segmenta-
tion masks. Following common practice, we randomly split the dataset into 800
training, 100 validation, and 100 test images. The MosMedData+ dataset in-
cludes 2,729 COVID-19 lung CT slices annotated with binary infection masks,
which are partitioned into 2,183 training, 273 validation, and 273 test samples.
The QaTa-COV19 dataset contains 9,258 chest X-ray images with COVID-19 le-
sion annotations, and is split into 5,716 training, 1,429 validation, and 2,113 test
samples. Following common practice in medical image segmentation, we adopt
two widely used evaluation metrics, namely the Dice coefficient (Dice) and mean
intersection-over-union (mIoU), to quantitatively assess the segmentation per-
formance.

3.3 Comparison With State-of-the-Art Methods

We compare TMF-Seg with several representative segmentation approaches,
including classical convolutional models (U-Net [18], U-Net++ [26]), hybrid
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Fig. 3. Qualitative comparison on three datasets. Top: Kvasir-SEG; Middle: MosMed-
Data+; Bottom: QaTa-COV19. From left to right in each row: input image, ground
truth (GT), U-Net, TransUNet, LViT, SDSeg, and TMF-Seg (Ours).

CNN–Transformer architectures (TransUNet [4], LViT [10]), recent latent diffusion-
based segmentation methods (TSLDeg [24], LEAF [8], SDSeg [12]). These meth-
ods cover different architectural paradigms, enabling a comprehensive evalua-
tion of our approach. Quantitative results on Kvasir-SEG, MosMedData+, and
QaTa-COV19 are reported in Table 1. TMF-Seg consistently achieves superior
Dice and mIoU scores compared to the competing methods across all three
datasets. In particular, compared with the latent diffusion baseline SDSeg, our
method demonstrates consistent improvements, highlighting the effectiveness of
the proposed ITCF and TGME modules. Qualitative comparisons are shown in
Fig. 3. TMF-Seg produces more coherent and anatomically consistent segmenta-
tion maps, especially in challenging regions with ambiguous boundaries or subtle
lesion structures.
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Table 2. Ablation study of the proposed modules on QaTa-COV19.

Model ITCF TGME Dice ↑ mIoU ↑

SDSeg (baseline) 89.92 81.85
+ ITCF ✓ 90.78 82.18
+ TGME ✓ 90.56 82.06
TMF-Seg (full) ✓ ✓ 91.42 82.43

Fig. 4. Grad-CAM style visualizations under different ablation settings on QaTa-
COV19. From left to right: SDSeg baseline, +ITCF, +TGME, and the full TMF-Seg
model. The introduction of ITCF and TGME progressively refines the model’s focus
on lesion-relevant and structure-aware regions.

3.4 Ablation Study

To evaluate the effectiveness of each proposed component, we conduct abla-
tion experiments on QaTa-COV19 by progressively introducing the ITCF and
TGME modules into the SDSeg baseline. Table 2 reports the quantitative results.
Starting from the original SDSeg framework, incorporating ITCF leads to con-
sistent improvements, demonstrating the benefit of integrating textual semantic
information through cross-modal fusion. Further adding TGME yields additional
gains, indicating that text-guided frequency modulation provides complementary
structural priors for the diffusion process. The full TMF-Seg model achieves the
highest performance on QaTa-COV19 among the ablation variants, confirming
the effectiveness and complementarity of the proposed components.

To provide further insight, we adopt gradient-based localization (Grad-CAM)
visualizations to illustrate how the model’s salient regions change under different
ablation settings (SDSeg, +ITCF, +TGME, and the full TMF-Seg) [19], as
shown in Fig. 4. The visualizations indicate that introducing ITCF and TGME
progressively guides the model to attend to more lesion-relevant and structure-
aware regions, while the full model exhibits the most concentrated and coherent
responses. These qualitative observations are consistent with the quantitative
improvements reported in Table 2.

4 Conclusion

In this work, we presented TMF-Seg, a text-guided multi-frequency latent dif-
fusion framework for medical image segmentation. Built upon a latent diffusion



Title Suppressed Due to Excessive Length 9

backbone, the proposed method enhances the conditioning mechanism through
Image–Text Conditional Fusion and Text-Guided Multi-Frequency Enhance-
ment, enabling structure-aware frequency modulation in the latent space. By
integrating clinical textual information and adaptively reweighting frequency
components, TMF-Seg provides complementary semantic and structural guid-
ance for the denoising process. Experiments on Kvasir-SEG, MosMedData+,
and QaTa-COV19 demonstrate consistent improvements over strong baselines,
validating the effectiveness of the proposed design. These findings suggest that
enriching diffusion conditioning with textual semantics and structure-aware fre-
quency priors can improve robustness and anatomical consistency in medical
image segmentation.
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