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Abstract

Lesion segmentation is an essential task in medical imaging
to support diagnosis and assessment of pathologies. While
deep learning models have shown success in various do-
mains, their reliance on large-scale annotated datasets lim-
its applicability in the medical domain due to labeling cost.
To address this issue, recent studies in medical image seg-
mentation have utilized clinical texts as complementary se-
mantic cues without additional annotations. However, most
existing methods utilize a single textual embedding and fail
to capture hierarchical interactions between language and
visual features, which limits their ability to leverage fine-
grained cues essential for precise and detailed segmenta-
tion. In this regime, we propose Hierarchical Visual-Textual
Mixing Network (HiMix), a novel multi-modal segmentation
framework that mixes multi-scale image and text represen-
tations throughout the mask decoding process. HiMix pro-
gressively injects hierarchical text embedding, from high-
level semantics to fine-grained spatial details, into corre-
sponding image decoder layers to bridge the modality gap
and enhance visual feature refinement at multiple levels of
abstraction. Experiments on the QaTla-COV19, MosMed-
Data+ and Kvasir-SEG datasets demonstrate that HiMix
consistently outperforms uni-modal and multi-modal meth-
ods. Furthermore, HiMix exhibits strong generalization to
unstructured textual formats, highlighting its practical ap-
plicability in real-world clinical scenarios.

1. Introduction

Medical semantic segmentation is crucial for precise iden-
tification and diagnosis of various pathological conditions.
Recent deep learning-based automated segmentation meth-
ods [5-7, 13, 14, 19, 33, 37, 44, 46, 56] have achieved con-
siderable success in assisting clinicians with lesion detec-
tion and treatment planning. However, these deep learn-
ing models rely heavily on large-scale annotated image
datasets, which require substantial cost, time and effort to

*Equal contribution.

wonhwa}@postech.ac.kr

| Text Encoder I I Mask Decoder I Image Encoder I
—— [
1 Layer I Layer |
I N — 1 Layer I 1 V | 1 24
| | |
[ M—2Layer Jo——] 3taver
H | M — 1 Layer I I 2 Layer |
: A
| MLayer | 1 1 Layer |
;
Bilateral
pulmonary
infection ...
Text Mask Image

Figure 1. Illustration of text feature utilization strategy in our pro-
posed approach. Multi-level linguistic features extracted from the
text encoder are hierarchically aligned and passed to the corre-
sponding decoder layers.

acquire. This limitation is particularly critical in the med-
ical domain, where strict privacy constraints and necessity
of expert annotations severely restrict the accessibility of
large-scale data.

To improve the segmentation result with limited sample
size, recent studies [4, 27, 55] have increasingly explored
medical reports which are naturally paired with medical im-
ages in clinical archives. Medical reports often provide im-
portant clinical details, e.g., the exact number and location
of infected areas, which are routinely captured in medical
reports by radiologists with specialized terminology, e.g.,
“unilateral” or “bilateral” [24] but overlooked in visual in-
formation. Such an approach not only reduces the need for
newly labeled data but also provides a semantic guide that
helps resolve ambiguities in image interpretation.

Although these studies demonstrate the benefit of multi-
modal integration and propose various fusion strategies,
they mainly focus on selecting fusion stages and mecha-
nisms, rather than exploring optimal linguistic representa-
tions for guiding segmentation. In doing so, they adopt a
pre-trained language model, e.g., BERT [9], to obtain an



abstract embedding in the final layer. As a result, they leave
out the rich and detailed linguistic features embedded in
other layers that are critical for spatially fine-grained seg-
mentation.

This limitation is further emphasized by BERTology
studies [20, 28, 36, 42], which reveal that transformer-based
language models capture distinct types of information at
different layers: lower layers capture surface patterns and
local phrasing, middle layers capture syntactic dependen-
cies, and upper layers represent abstract semantics. Rely-
ing solely on final-layer semantics is insufficient for spa-
tially precise tasks such as medical segmentation, which re-
quire structured information distributed throughout the re-
port. Such cues are embedded not only in the overall con-
text but also in word choices, phrase structures, and gram-
matical patterns. For example, the report “Bilateral pul-
monary infection, two infected areas, all left lung and upper
middle lower right lung” conveys spatial context through
terms such as “bilateral”, count phrases such as “two in-
fected areas”, and structured expressions describing specific
anatomical regions. Accurate interpretation of such infor-
mation requires attending to multiple linguistic levels be-
yond the capacity of a single embedding layer.

The hierarchical nature of text embeddings encourages
to reconsider how text information is leveraged in multi-
modal medical segmentation. Exploiting multi-level lin-
guistic cues naturally aligns with the structure of stan-
dard image-based encoder-decoder architecture, which re-
fines segmentation mask progressively from coarse seman-
tic features at early stages to finer details later. Inspired
by this hierarchical visual refinement, we argue that a sim-
ilar multi-level utilization strategy should be applied to the
text modality. Specifically, abstract semantics from higher
text layers can guide coarse segmentation estimates in the
early decoder stages. In contrast, detailed cues from lower
and middle layers such as explicit counts, spatial relations,
and anatomical references (e.g., “two infected areas” and
“left lung”) are crucial for precise boundary delineation in
later stages. Aligning linguistic features with correspond-
ing level of visual refinement enables these layered textual
cues to meaningfully contribute to accurate and anatomi-
cally faithful segmentation.

In this regards, we propose Hierarchical Visual-Textual
Mixing Network (HiMix), a novel multi-modal framework
for lesion segmentation. HiMix effectively aligns and lever-
ages hierarchical representations from both image and text
modalities. For this, we design Dynamic Layer Fusion
Module (DLFM), which aligns hierarchical textual repre-
sentations with image features throughout the segmentation
mask decoding stages. In parallel, we propose the Adap-
tive Spectrum Refinement Module (ASRM), which dynam-
ically adjusts kernel bandwidths across decoding layers to
capture global-to-local visual contexts more effectively. By

harmonizing these refined visual features with hierarchical
text representations, HiMix achieves fine-grained and se-
mantically guided segmentation. Our approach differs from
prior methods [4, 27, 55] that typically inject a single final-
layer text embedding throughout the decoder. Instead, as
shown in Fig. 1, HiMix partitions the text encoder into se-
mantic levels (e.g., low-, mid-, and high-level) and aligns
each with corresponding decoder stages. This design en-
ables structured semantic alignment between text and image
representation across decoding, leading to finer and more
contextually grounded segmentation.

In summary, HiMix offers the following key contribu-
tions: 1) HiMix introduces a hierarchical fusion strategy
that effectively aligns multi-level linguistic and visual rep-
resentations for medical image segmentation. 2) HiMix
shows superior performance on lesion segmentation com-
pared to the state-of-the-art methods. 3) HiMix demon-
strates adaptability through extensive experiment with other
text formats. Extensive validation was performed on two
independent lung infection benchmarks, QaTa-COV19 and
MosMedData+ datasets, to assess the effectiveness and gen-
eralizability of our model.

2. Related Work

2.1. Medical Semantic Segmentation

Deep learning has driven significant progress in medical im-
age segmentation, with numerous methods proposed over
the years. Early foundational work predominantly relied
on Convolutional Neural Networks (CNNs), demonstrating
remarkable capabilities in capturing hierarchical visual fea-
tures. The U-Net architecture [37] and its subsequent varia-
tions such as U-Net++ [56], Attention U-Net [33], and more
advanced design such as nnU-Net [19], became standard
benchmarks and have showcased the power of CNNs for lo-
cal feature extraction and spatial reasoning in medical tasks.
To enhance segmentation performance, Transformer-
based architectures have been introduced to capture global
dependencies and long-range spatial interactions. Rep-
resentative approaches such as TransUNet [6], UNETR
[14], Swin-UNet [5], and Swin-UNETR [13] leverage self-
attention mechanisms. UCTransNet [46] combines CNNs
and Transformers to better balance local and global feature
extraction. Despite these advances, most existing methods
remain image-centric, relying solely on visual input without
semantic cues from clinical knowledge, which hinders their
capacity to interpret subtle visual patterns requiring con-
textual understanding. Moreover, high performance with
image-only models often depends on large-scale and expert-
annotated datasets, which are costly and difficult to obtain
in medical domains. These challenges highlight the need for
multi-modal approaches that combine visual data with clin-
ically meaningful information, such as radiology reports.
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Figure 2. Architecture of HiMix. Left: Illustration of an image-prompt describing structured radiologic findings. Right: An input image
X and text prompt are fed into the image and text encoder, respectively. The text feature p is refined through DLFM, while the image
feature f is directly fed to the decoder, allowing visual features to be sequentially refined through ASRM to predict the output mask S.

2.2. Language-guided segmentation

Recently, multi-modal approaches have incorporated med-
ical images with corresponding radiology reports [2, 4, 10,
25,27, 32, 43, 55] to overcome the inherent limitations of
image-only segmentation. These approaches utilize diag-
nostic cues in clinical text such as lesion counts, anatomi-
cal locations, and characteristics to enhance the interpreta-
tion of visual data. Specifically, TGANet [43] and AKGNet
[10] explicitly mine attribute-level cues (e.g., counts) and
inject them via auxiliary heads or cross-attention, while oth-
ers fuse continuous text representations with visual features
without explicit attribute mining. Incorporating such se-
mantic information provides complementary guidance that
improves the precision of image-based segmentation.

Focusing on the fusion direction, recent efforts have fo-
cused on developing effective fusion strategies that combine
textual semantics with visual features. For instance, LViT
[27] injects textual embeddings early in the visual process-
ing pipeline to guide attention, GuideDecoder [55] condi-
tions the image decoder on text features, to influence up-
sampling and segmentation. MMI-UNet [4] performs fea-
ture matching between modalities at intermediate layers.
However, these methods overlook the hierarchical structure
of linguistic cues across multiple layers, which limits fine-
grained semantic signals such as anatomical relations and
spatial structure. Unlike prior work, HiMix aligns multi-
level linguistic and visual cues in a hierarchical manner to
achieve refined and precise segmentation.

3. Method
3.1. Overview of HiMix

Given an image-text pair, i.e., chest CT scan and medical
report, our goal is to generate a context-aware pixel-wise
mask that localizes disease-specific regions. To achieve
this, we design HiMix as a comprehensive multi-modal seg-
mentation framework consisting of three core components

including 1) an image encoder, 2) a text encoder, and 3) a
mask decoder, as illustrated in Fig. 2.

The image encoder first extracts multi-scale visual fea-
tures from an image X with a CNN backbone. Simultane-
ously, the text encoder encodes a medical report through a
pre-trained language model to yield layer-wise textual em-
beddings P, which are grouped and selectively aggregated
by DLFM to align hierarchical textual semantics with cor-
responding decoder stages. Within the decoder, the ASRM
dynamically enhances visual features from global to local
contexts based on their spatial frequency components. The
decoder then fuses these refined visual and textual repre-
sentations using attention-based interactions to generate the
final segmentation mask .S.

3.2. Image & Text Encoder

Given an image X, we extract multi-level image features
F={f;}]_, where f; € Rzr1 X551 i yging ConvNeXt-
Tiny [29] with [ layers as an image encoder. Here, H and
W denote the height and width of X, and C; is the feature
dimensions at the ¢-th layer. For an input text, we adopt the
pre-trained text encoder (e.g., CXR-BERT [3]) to extract
a sequence of hidden features P={p,,}_; from N layers
with the text embedding p; € RE*CP with length of L in
dimension of C'p. These features encode different levels
of semantic information from the input text, capturing both
local and global context, with higher indices representing
more abstract and high-level information.
Dynamic Layer Fusion. To better align with the structure
of a decoder and exploit the hierarchical text embeddings,
we introduce a Dynamic Layer Fusion Module (DLFM)
which constructs the representative textual embedding of
each group based on semantic levels. Given a mask decoder
with M layers, we evenly split the hidden features P into M
groups, denoted as G,,, = {p;|j € Ji,} for 1 < m < M,
where J,, = {j|j € [[4F - (m —1) + 1], [& -m]]}.
Then, G, is fed into the first decoder layer, while G ;1
to GGy are sequentially passed to the following layers. For
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Figure 3. Illustration of key modules in HiMix. Left: Decoder with adaptive spectrum refinement module (ASRM). Right: Dynamic

layer fusion module (DLFM).

each G, HiMix dynamically learns the contribution w; of
the j-th hierarchical text embedding within the m-th group,
parameterized by o, as w;= = ¢’ . Here, we denote

jedm €
the learnable logit vector for G, by a,,={c; }je
duced by a lightweight gating head.

Finally, the refined text embedding t,,, € RL*C? at each

decoder stage is computed as

tm =Y wj-p;. (1)

J€Jm

pro-

m?

The text embedding for each group is then passed to the
corresponding decoder layer, ensuring that the text features
are aligned with the visual context at each decoding stage.

3.3. Segmentation Mask Decoder

To begin the decoding process, the initial input dp;4q of
the top-most decoder is set to the global image feature
fr. Given the i-th image embedding f;, the m-th re-
fined text embedding ¢,,, and the (m + 1)-th decoder out-
put d,,+1, the decoder generates the m-th output feature
dy, € RUXW)XCm wwhich integrates both image and text
characteristics, as shown in Fig. 3. Before the integration,
text and image token dimensions are aligned by projecting
tm Ot using a transformation defined as

#m = ReLU(Conv(t,,W;)) € RE ¥ 2)

Here, L’ represents the number of tokens after projection,
W, is a learnable parameter, and Conv(-) denotes a 1x1
convolutional layer. The obtained 7,, will be matched with
the visual feature later.

Adaptive Spectrum Refinement. Several studies on neu-
ral networks in the spectral domain [39, 40, 50, 52] suggest
that low-frequency components convey high-level semantic
features, whereas fine details in the high-frequency compo-
nents are often overlooked. Motivated by these insights, we
propose Adaptive Spectrum Refinement Module (ASRM)
that enhances coarse semantics or fine-grained details adap-
tively at each decoder stage, promoting balanced multi-level
representations. The refined visual feature d,, of the m-th
decoder layer is obtained from d,,, as

dpy = IFFT(FFT(dp) © gm.o,) + dim 3)

where © is element-wise multiplication, g, ., is a Gaus-
sian filtering coefficient map with kernel bandwidth o,,,
matching d,;,’s spatial dimensions and FFT and IFFT rep-
resent Fourier Transform and Inverse Fourier Transform,
respectively. Here, o, is learnable, flexibly capturing of
local-to-global visual properties.

With refined visual feature d,, and textual embedding
tm. the multi-head cross-attention (MHCA) mechanism
[45] fuses textual guidance with visual information, produc-
ing a text-guided visual representation as

diit = dp + 3 (LN(MHCA (dn, 1)) (4)

where LN(+) is layer normalization [1], and 5°® is a train-
able parameter controlling the weight of the residual con-
nection. Next, the obtained representation d¢? is inputted to
a multi-head self-attention (MHSA) operation to enhance
contextual relations within the decoder embedding itself as

43¢ =dt + p°(LN(MHSA(d:)) )

m m

where (5°% is also a learnable parameter. Then, the enhanced
visual representation d;¢ is then passed to a Multi-Layer
Perceptron (MLP) with an activation and residual connec-
tion, and produce a final visual feature as

dy = dyy! + ™' (MLP(d5y)) (©)

where 3P is a learnable weight that adjusts the influence
of the residual connection. Afterwards, the resulting mixed
multi-modal feature d,,, is reshaped and upsampled to de-
rive d¥ , which is denoted as

d, = Upsample(Reshape(d,,)) € R W XCm (7

where H' and W’ denote the upsampled height and width,
respectively. To compute the final decode output d? , the
d® is concatenated with f,, € R¥ *W'*Cm on the chan-
nel dimension, where f,, is the low-level features obtained
from the visual encoder via skip connection, derived as

d%, = ReLU(Conv([dY,, f,]) € REXWXCm-1 (g)

m

where [-, -] represents channel-wise concatenation.



Table 1. Quantitative comparison on segmentation of uni-modal (top) and multi-modal (middle) learning baselines, and HiMix (bottom).
The best and second-best results are highlighted in bold and underlined, respectively.

Approach T Method Param | QaTa-COV19 MosMedData+ Kvasir-SEG
pproac ype etho M) DSCT | IoUT | DSCT | IoUT | DSCT | IoUT
UNet [37] 14.8 79.02 69.46 64.60 50.73 82.94 7447
CNN UNet++ [56] 745 79.62 70.25 71.75 58.39 80.43 72.13
AttnUNet [33] 349 79.31 70.04 66.34 52.82 81.31 73.74
Uni-Modal nnUNet [19] 19.1 80.42 70.81 72.59 60.36 85.06 74.01
(Image-Only) Transformer Swin-UNet [5] 82.3 78.07 68.34 63.29 50.19 75.97 67.45
Hybrid UCTransNet [46] 65.6 79.15 69.60 65.90 52.69 78.21 65.25
TransUNet [6] 105.0 78.63 69.13 71.24 58.44 79.67 71.14
Mamba VMUNet [38] 31.0 86.31 75.92 75.85 61.09 79.54 66.04
H-vmunet [49] 31.0 86.26 75.84 76.37 61.78 82.25 69.85
GLOoRIA [17] 456 79.94 70.68 7242 60.18 8473 7351
CNN ConVIRT [53] 352 79.72 70.58 72.06 59.73 84.27 72.82
RecLMIS [18] 23.7 85.22 77.00 77.48 65.07 87.73 78.15
CLIP [35] 87.0 79.81 70.66 71.97 59.64 81.27 68.45
MedCLIP [47] 137.0 86.54 76.27 69.14 52.84 78.84 65.08
Transformer DMMI [15] 1315 79.25 68.87 72.57 60.78 74.79 59.73
RefSegformer [48] 195.0 84.09 75.48 74.98 61.70 79.78 66.37
Multi-Modal MedSAM [30] 4.5 78.49 69.11 54.22 4222 86.69 79.24
(Image-Text) ViLT [23] 87.4 79.63 70.12 72.36 60.15 70.33 54.23
LAVT [51] 118.6 79.28 69.89 73.29 60.41 70.59 54.55
LViT [27] 29.7 83.66 75.11 74.57 61.33 87.17 77.26
Hybrid SLViT [34] 114.6 84.13 75.66 75.01 61.83 86.61 76.38
GuideDecoder [55] 44.0 89.78 81.45 77.75 63.60 88.31 79.07
MMI-UNet [4] 56.2 90.88 83.28 78.42 64.50 91.43 84.57
HiMix (Ours) 447 91.17 83.78 79.44 65.90 92.18 85.50

Finally, the final output S (i.e., mask) is subsequently
derived from the final decoder feature map df as

S = Sigmoid(Conv(Upsample(d3))), ©)

which produces pixel-wise segmentation results. Overall,
the proposed architecture promotes effective utilization of
hierarchical textual and visual cues, yielding accurate and
context-aware lesion segmentation.

4. Experiments

4.1. Datasets and Experimental Settings

Dataset. Three benchmarks, i.e., Qata-COV19 (QATA)
[8], MosMedData+ (MOSMED) [31], and Kvasir-SEG
(KVASIR) [21], were used in our experiments to evaluate
the performance of HiMix. The QATA dataset includes
9258 COVID-19 chest X-ray images, which was partitioned
into training, validation, and testing sets, with 5716, 1429,
and 2113 samples, respectively. Similarly, the MOSMED
dataset consists of 2729 CT scan slices of lung infections,
partitioned into 2183 for training, 273 for validation, and
273 for testing. For the KVASIR dataset, they comprise
1000 colonoscopy frames with pixel-wise polyp masks,
split into training, validation and testing with a ratio of
8:1:1. All datasets share similar text annotations, highlight-
ing key clinical factors such as abnormality count, visual
attributes, and their approximate location within an image.
Experimental Setup. Following the setup in [27] and [4],
we designed medical image segmentation experiments to

detect disease-related regions from image-text pairs. For
quantitative evaluation, we employed the Dice coefficient
(DSC) and IoU metrics to measure overlap between pre-
dicted and ground truth masks, as in [27]. For optimization,
we employed a combination of Dice loss [41] and Cross-
Entropy loss [54]. Additional details on the model imple-
mentation are provided in supplementary material.

4.2. Segmentation Result Comparisons

Quantitative Comparisons. Table | reports the results
of HiMix against recent uni- and multi-modal baselines
spanning diverse architectures (e.g., Transformers and state-
space models). The top of Table | presents uni-modal base-
lines that rely solely on visual inputs [5, 6, 19, 33, 37, 38,
46, 49, 56], while the bottom contains multi-modal meth-
ods utilizing medical images with associated clinical text
[4,15,17,18,23,27,30, 34, 35,47, 48, 51, 53, 55]. HiMix
surpassed all listed uni- and multi-modal baselines on all
datasets and achieves state-of-the-art performance in both
DSC and IoU metrics, highlighting the overall superiority
of HiMix across medical segmentation benchmarks.

While uni-modal baselines exhibit reasonable segmen-
tation performance, their DSC and IoU scores remain no-
ticeably lower than those of HiMix. Specifically, HiMix
achieves substantial DSC gains of 4.86%p on QATA,
3.07%p on MOSMED and 9.93%p on KVASIR over the
best-performing uni-modal method. This performance mar-
gin clearly highlights the significant advantage of incorpo-
rating external clinical information such as lesion character-
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Figure 4. Visualization of segmentation results. Results on the QaTa-COV19 (top), MosMedData+ (middle) and Kvasir-SEG (bottom)
datasets. Yellow, red, and green represent true positive, false negative, and false positive, respectively.

istics, which is entirely absent in uni-modal settings.

In general, multi-modal approaches consistently outper-
form uni-modal baselines, highlighting the utility of clinical
text. Among multi-modal methods, HiMix achieves a DSC
of 91.17% on QATA, 79.44% on MOSMED, and 92.18%p
on KVASIR and outperforms recent SOTA multi-modal
models such as MMI-UNet [4] by margins of 0.29%p on
QATA, 1.02%p on MOSMED and 0.75%p on KVASIR, re-
spectively. These improvements demonstrate the effective-
ness of our dual-module design in fully leveraging multi-
level textual and visual information. Moreover, HiMix
achieves superior performance with only 44.7M parame-

ters, significantly fewer than Transformer-based models,
and even fewer than the second-best model [4] with 56.2M.
Qualitative Comparisons. Fig. 4 shows qualitative com-
parisons of HiMix against five baselines (i.e., two uni-
modal and three multi-modal methods) on QATA and
MOSMED. Here, yellow regions indicate true positives
where the predicted segmentation overlaps with the ground
truth, red regions denote false negatives corresponding to
missed lesion areas, and green regions represent false pos-
itives where predictions exceed the true boundaries. These
results intuitively assess segmentation accuracy, which we
further analyze through four representative cases below.



Table 2. Ablation study on the modules of HiMix. The highest per-
formance is achieved when both ASRM and DLFM are included.

Module QATA MOSMED KVASIR
ASRM [DLEM | DSC T ToU 1| DSC+ IoU 7 |DSC T ToU 1
X X 91.06 83.58| 78.28 64.31| 91.31 83.34
v X 91.10 83.66| 7890 65.16| 91.53 84.70
X v 91.13 83.71| 78.70 64.88| 92.10 85.05
Ve v 91.17 83.78| 79.44 65.90 | 92.18 85.50
02| %' 919 e || 83| F ena S
9#4 91.5 HiMix 845 3#5 . HiMix
91 90.9 83.5 83.4
g 90.4 N gsz.s 82.5 oy
% 90 89.7 (R . ¥ 81.6
= %95 pop /898 a5 H::}': 80.7 80.6°81.6- 47,
% 88.3 89.0 8911 29.5) 70,0 292 i
BYa w1 w1 o m P& B I

[[A] : CXR-BERT [B] : BioClinical BERT

[C] : PubMedBERT
[D] : BioBERT

[E] : BioMed-RoBERTa

Figure 5. Ablation study of text encoders on the KVASIR dataset.
The best result for each method is marked with a star, and across all
text encoders, HiMix consistently achieves the best performance.

Case 1) Lesion size variation. Across all datasets, HiMix
accurately segments both large and small lesions with high
structural precision and minimal noise. It preserves shape
fidelity in large lesions and maintains accurate boundaries
even for small or faint ones. In contrast, baseline methods
often miss small regions or introduce spurious noise, result-
ing in incomplete or distorted segmentation.

Case 2) Lesion count variation. In the second and last
rows of the MOSMED results, where reports describe spa-
tial constraints such as “three infected areas” and “unilat-
eral” involvement, HiMix correctly captures the described
lesion counts and distributions and reflects them, unlike
baselines which often merge or misplace regions.

Case 3) Anatomical distribution. For example, in the
first row of both QATA and KVASIR, where the reports
specify detailed anatomical locations such as “middle left
lung” or "small, right", HiMix follows these spatial con-
straints by segmenting only the indicated lobes. In contrast,
other methods often miss relevant regions or over-extend
beyond the reported boundaries. This is enabled by HiMix’s
alignment of hierarchical linguistic cues with visual decod-
ing stages, allowing more faithful reflection of count and
location constraints in the report.

Case 4) Suppression of false negatives. Specifically, in
the second and last rows for QATA and the last row for
KVASIR examples, while HiMix detects subtle regions with
high sensitivity, other methods often fail to identify these
infected areas, leading to partial or missing predictions.
These results demonstrate that HiMix captures even weak
signals of infection and ensures inclusion of all infected ar-

Figure 6. Qualitative comparison on the MOSMED (left) and
KVASIR (right), showing results without ASRM (left) and with
ASRM (right) for each dataset. HiMix with ASRM reduces over-
segmentation and yields more precise boundaries.
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Figure 7. Ablation study on the importance of anatomical relation-
ships in text representation on the MOSMED dataset. A compar-
ison of segmentation predictions from a model that uses only the
final layer of the text encoder (top) and HiMix (bottom).

eas, which is important in clinical settings.

4.3. Analyses and Discussions

Ablation Study on Key Modules. To evaluate the effect
of each module, we conducted an ablation study, which is
reported in Table 2. Specifically, on the MOSMED dataset,
removing DLFM led to a performance drop of 0.54%p in
DSC and 0.74%p in IoU, while removing ASRM resulted in
0.64%p decrease in DSC and 1.02%p in IoU, respectively.
These results demonstrate that both modules independently
improve segmentation accuracy. Notably, although the ab-
sence of both modules drops DSC to 91.06% on QATA,
78.28% on MOSMED and 91.31% on KVASIR, our ap-
proach still outperforms the majority of baselines in the ex-
periments. This suggests that the overall design of HiMix,
particularly leveraging full-layer language features, remains
effective even without the two refinement modules.

Ablation Study on Text Encoders. To assess the benefit
of the proposed hierarchical text-image architecture, Fig. 5
presents an ablation of pretrained text encoders for HiMix.
We adopt CXR-BERT [3] as the default text encoder and ad-
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Figure 8. Effect of text augmentation for segmentation. The original text is structured, while the augmented text mimics medical reports
from MIMIC-CXR. HiMix consistently captures lesion regions even with augmented text.

ditionally evaluate BioClinicalBERT [16], PubMedBERT
[11], BioBERT [26], and BioMed-RoBERTa [12]. Across
all encoders, HiMix consistently surpasses the recent SOTA
method such as MMI-UNet [4] and GuideDecoder [55] on
both DSC and IoU. These results indicate that the pro-
posed hierarchical text-image fusion leverages multi-level
linguistic cues rather than relying on a single final-layer em-
bedding, yielding robust gains that are largely insensitive to
the specific choice of text encoders.

Analysis of Spectrum Refinement. Fig. 6 shows qualita-
tive segmentation results on the MOSMED and KVASIR
datasets to highlight the effect of the proposed ASRM.
Without ASRM (i.e., left column), the models tend to pro-
duce over-segmentations, leading to excessive false posi-
tives (green) and imprecise boundaries. In contrast, when
ASRM is incorporated (i.e., right column), the predic-
tions become more compact and better aligned with the
ground truth, substantially reducing over-segmentation and
improving boundary accuracy. This improvement across di-
verse scenarios demonstrates the generalizability of ASRM
to heterogeneous medical datasets. Overall, HiMix sup-
press spurious activations while maintaining high sensitiv-
ity, yielding more reliable segmentations.

Analysis on Anatomical Relationships. Fig. 7 presents
a qualitative ablation study on the capability of capturing
anatomical relationships of HiMix. For this, we compare
HiMix with a variant that uses only a final-layer text em-
bedding. While the single-embedding variant incorrectly
predicts four lesions instead of three in (a), our model pre-
cisely localizes all three areas. Similarly, in (b), our model
accurately recovers all three lesions in the upper left lung
by leveraging this key anatomical cue (i.e, upper left) from
the text, unlike the ablated model which only detects two
regions. Finally, in (c), the ablated model fails to utilize the
text information, leading to spatial drift, whereas HiMix lo-

calizes the lesion by reflecting the spatial clue ‘upper left’.
Overall, these results validate that DLFM effectively cap-
tures complex anatomical relationships between text and
images, which is critical for accurate clinical segmentation.
Generalization of HiMix. Unlike real medical reports, the
text annotations are structured prompts, and thus their clini-
cal applicability in real-scenarios can be questioned. To ver-
ify this, as shown in Fig. 8, we created an augmented text
test data to resemble real medical report format in MIMIC-
CXR free-text radiology reports [22] with varying length
and structure while preserving core contents. Despite be-
ing trained on structured text, HiMix showed comparable
results when tested with the augmented text, demonstrat-
ing robustness of HiMix and applicability beyond rigid for-
mats. For example, in the second row, while the result is
less detailed than with the original text, it accurately seg-
ments six infected areas instead of seven. This suggests that
more complex text improves global information, such as the
number of infected areas, but trades off precision around
boundaries due to increased contextual diversity.

5. Conclusion

In this work, we proposed HiMix, a novel multi-modal
segmentation framework that effectively aligns and lever-
ages hierarchical representations from both image and text
modalities. HiMix dynamically extracts and refines essen-
tial information from both modalities to ensure a hierarchi-
cal integration of high-level semantics and fine-grained de-
tails. Experiments on diverse medical segmentation bench-
marks demonstrate that HiMix consistently outperforms
state-of-the-art models, which validates the advantage of hi-
erarchical design. Moreover, HiMix further demonstrates
strong adaptability to diverse text formats, showcasing its
potential for practical applicability to real-scenarios.
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