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Abstract. Accurate segmentation of infected regions in radiological im-
agery is fundamental for the diagnosis and treatment of pulmonary infec-
tious diseases. While recent advancements in multimodal learning have
introduced clinical reports as textual guidance for medical image segmen-
tation, existing early- and late-fusion frameworks predominantly treat
the textual input as a monolithic global feature. Such approaches ne-
glect the distinctive semantic roles of individual text tokens–specifically
infection type, quantity, and location–resulting in diffuse, non-specific
guidance. This lack of granularity leads to feature redundancy and sub-
optimal performance in complex clinical scenarios where diverse lesion
morphologies require precise grounding. To address these limitations, we
propose a novel Role-Conditioned Alignment model (RCA) for medi-
cal image referring segmentation. RCA effectively integrates text-guided
cues into visual features by explicitly exploiting the unique functional
characteristics of different text tokens to enhance cross-modal feature
alignment. Furthermore, we introduce a Boundary Refinement Mod-
ule (BRM) that leverages edge-aware information to precisely delineate
fuzzy boundaries where lesions overlap with healthy tissue. Extensive
experiments conducted on the QaTa-COV19 and MosMedData+ bench-
marks demonstrate the effectiveness of our proposed method, which
achieves state-of-the-art results and significantly outperforms current
unimodal and multimodal approaches. The code is publicly available at
https://github.com/lik1996/RCA.
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1 Introduction

Medical image segmentation (MIS) serves as a critical prerequisite for clini-
cal decision-making, providing the quantitative foundation for computer-aided
diagnosis (CAD), treatment planning, and longitudinal monitoring [1]. Recent
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advances in deep learning, particularly Convolutional Neural Networks (CNNs
[15,23]) and Transformers [4,24], have markedly improved automated delineation
in medical imaging. Despite this progress, pathological lesions often induce se-
vere structural distortions and intensity fluctuations that can degrade the per-
formance. Furthermore, the intricate morphological characteristics and fuzzy
boundaries of diseased regions frequently overlap with healthy tissue, leading to
semantic ambiguity that visual features alone struggle to resolve.

To overcome these vision-centric limitations, Medical Image Referring
Segmentation (MIRS) has emerged as a promising paradigm. Drawing inspi-
ration from referring segmentation in natural images [18,26], MIRS leverages nat-
ural language as a guide to provide semantic context, facilitating the distinction
of targets from complex background. In clinical practice, pulmonary imaging is
typically accompanied by expert reports that describe lesion morphology, spatial
distribution, and quantity. By integrating these high-level semantic priors–such
as infection type and location–models can effectively disambiguate complex clin-
ical scenes. To facilitate research in this domain, Li et al. [19] established stan-
dard MIRS benchmarks by extending two COVID-19 datasets (QaTa-COV19
[8] and MosMedData+ [25]) with clinician-verified texts, while proposing a hy-
brid CNN-Transformer framework for feature alignment. Subsequent works have
focused on optimizing cross-modal interaction; for instance, LanGuideSeg [30]
introduced a simple, hierarchical guidedecoder for progressive visual and textual
information fusion, while RecLMIS [14] proposed a conditioned reconstruction
model to achieve fine-grained cross-modal alignment.

Despite the substantial performance gains achieved by existing MIRS meth-
ods [3,6,7,13,14,19,28] over conventional unimodal models [15,23,31], several crit-
ical limitations remain unaddressed. Current architectures predominantly rely on
early- or late-fusion strategies that treat the textual input as a monolithic global
feature. While this provides a general semantic context, it lacks the granular,
token-level interaction required for precise spatial grounding. Although some re-
cent works [28,30] suggest that location-based tokens exert the most influence
on performance, a robust model must leverage the synergy between diverse de-
scriptors. For instance, the infection type (e.g., bilateral pulmonary infection)
identifies the lesion texture, the quantity (e.g., three infected areas) constrains
the range of interest, and the location (e.g., upper-lower left lung) grounds the
search space. Furthermore, recent approaches addressing incomplete text via
progressive learning [29] assume settings less consistent with routine clinical
practice, where standardized reports are usually available. These methods fuse
text and image features using standard cross-attention without explicit role dif-
ferentiation. In addition, the morphological overlap between lesions and healthy
tissue also leads to fuzzy boundaries.

To this end, we propose a Role-Conditioned Alignment (RCA) method
for MIRS. Our approach centers on a specialized block that refines visual fea-
tures by exploiting the distinct functional characteristics of clinical text tokens.
The process begins with frequency-enhanced upsampling, which restores high-
frequency structural details lost during visual feature scaling. These features are
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Fig. 1. Overall framework of the proposed RCA model. We use pre-trained encoders
to extract visual and linguistic features, Fv, Fl, respectively (Sec. 2.1). The Role-
Conditioned Block (RCB in blue area) refines visual features using distinctive roles of
text tokens (Sec. 2.2) and the Boundary Refinement Module (BRM in green area) with
edge-aware information (Sec. 2.3) further improves segmentation predictions.

then aligned with linguistic features through one global textual context inter-
action and three parallel, role-conditioned attention mechanisms: a coordinate
scoring function for spatial grounding, an energy-based modeling for lesion se-
mantics, and a text-gated lesion query for quantitative priors. To ensure precise
delineation, we introduce a boundary refinement module prior to the segmen-
tation head, which leverages edge-aware gradients to disambiguate lesions from
surrounding healthy tissue. By aligning specialized textual roles with visual cues,
RCA achieves a more granular cross-modal alignment, outperforming previous
methods across standard MIRS benchmarks.

Our main contributions are summarized as follows:

– We propose the RCA framework for MIRS, which explicitly models the func-
tional roles of text tokens to facilitate focused cross-modal reasoning.

– We design a boundary refinement module that integrates edge-aware priors
to enhance structural delineation in complex morphological scenarios.

– Extensive experiments demonstrate that RCA achieves new state-of-the-art
performance across the QaTa-COV19 and MosMedData+ benchmarks.

2 Method

To address the challenges of MIRS, we introduce RCA, an architecture designed
to explicitly model the functional semantics inherent in clinical referring expres-
sions. Fig. 1 illustrates the overview of the proposed method.

2.1 Input Representation

Following previous works [10,27,30], we employ ConvNeXt-Tiny [20] as the vi-
sual backbone to extract multi-scale image features. Given an input image I ∈
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RH×W×3, the encoder generates a set of hierarchical feature maps {F i
v}4i=1 ∈

R
H

2i+1 × W

2i+1 ×Ci , where Ci denotes the channel dimension at each respective stage.
For the linguistic input, we adopt CXR-BERT [2], a domain-specific encoder pre-
trained on radiological reports, to extract the textual representation Fl ∈ RL×Cl ,
where L denotes the sequence length and Cl is the feature dimension. Unlike
conventional approaches that treat Fl as a monolithic feature, we explicitly par-
tition the text tokens based on their functional roles into three distinct subsets:
lesion semantics (Fsem ∈ RL1×Cl), quantity (Fquan ∈ RL2×Cl), and anatomical
location (Floc ∈ RL3×Cl).

2.2 Role-Conditioned Block

The role-conditioned block is the core module of our model, which refines cross-
modal representations through three sequential stages: frequency-enhanced up-
sampling (FEUP), role-conditioned interaction (RCI), and feature fusion (FF).
FEUP. Standard upsampling operations, such as bilinear interpolation, often
blur spatial details and result in over-smoothed boundaries. To recover the lost
high-frequency signals caused by upsampling operations, FEUP employs a learn-
able high-pass filter fhf to extract structural gradients from the upsampled map
Fup
v . We define fhf using a normalized Laplacian [16] kernel (center weight 1;

surroundings −1/8) to emphasize edges. The filtered output is processed through
3×3 convolutions with ReLU and Sigmoid activation (σ) to generate a frequency
compensation map Fcom. This map adaptively modulates the upsampled fea-
tures via element-wise multiplication (⊙), followed by a residual connection and
a feed-forward network (FFN) to produce the refined feature F feup

v :

Fcom = σ(ConvB(fhf (F
up
v ))), (1)

F feup
v = FFN(Fcom ⊙ Fup

v + Fup
v ), (2)

RCI. RCI performs global linguistic alignment followed by three parallel, role-
specific attention mechanisms. Inspired by SENet [12], we first employ a textual
gate to dynamically generate channel-wise weights from the complete textual em-
bedding Fl, which serve as the linguistic context. This gate, consisting of global
average pooling followed by a linear projection (Wg) and Sigmoid activation,
modulates F feup

v to emphasize contextually relevant channels:

F glo
v = σ(WgAvgPool(Fl))⊙ F feup

v , (3)

For lesion semantics, we model the alignment of pathological descriptions as
an energy-based distribution. By projecting visual and semantic features into
a shared latent space, we compute a normalized energy map that highlights
semantically consistent regions:

F sem
v = softmax(WlFsem ·WvF

glo
v )⊙ F glo

v , (4)

where Wv and Wl are learnable projections. This attention allows F sem
v to focus

on areas where the energy landscape aligns with the semantic tokens. For infec-
tion quantity, we introduce a text-gated lesion query mechanism. We define a
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set of learnable lesion queries Fquery = {qi}ni=1, where n is the maximum num-
ber of potential lesions. The quantity tokens Fquan are used to modulate these
queries via a text-conditioned shift and a gating signal, effectively adjusting their
activation strength based on the clinical description:

F ′
query = (Fquery +WlFquan)⊙ σ(Proj(Fquan)), (5)

These quantity-informed queries F ′
query then interact with the visual features

F glo
v through a cross-attention (CA) module [24] to generate the quantity-

consistent feature map F quan
v . For tokens related to anatomical location, we pro-

pose a location-conditioned coordinate scoring strategy that modulates attention
logits with spatial priors, enabling semantically grounded reasoning beyond stan-
dard CA. We first generate coordinate embeddings P by passing the normalized
coordinates at each location j through an MLP([xj , yj ]). A spatial bias is then
computed via the dot product of the projected location tokens and the coor-
dinate embeddings. This bias is integrated into the cross-attention mechanism
with a learnable scaling factor α. To further sharpen positional sensitivity, we
apply a self-gated tanh modulation to obtain the location-conditioned features:

f loc
v = softmax

(
QK⊤
√
d

+ α · (WlFloc)P

)
V, (6)

F loc
v = tanh(f loc

v )⊙ f loc
v , (7)

FF. Once the role-specific features are obtained, we fuse them to form a uni-
fied representation F rcb

v . Specifically, the semantic (F sem
v ), quantitative (F quan

v ),
and spatial (F loc

v ) cues are integrated via a concatenation-based fusion followed
by an aggregation operation Agg(·). Here, Agg(·) consists of sequential linear
projections, layer normalization, and ReLU activations, designed to map the
multimodal responses into a unified feature space. Following [30], F rcb

v are fused
with the current-scale visual features to facilitate multi-scale interaction and
produce the decoded output F dec

v .

2.3 Boundary Refinement Module

To improve the delineation between lesions and healthy tissue, we introduce a
Boundary Refinement Module (BRM). We first extract normalized edge priors
from the input image I using a Sobel [17] operator to compute the gradient
magnitude. This prior is fused with the decoded features to enhance boundary
contrast. The final refinement is performed by a Mixer consisting of linear layers
and ReLU activations:

F edge
v = σ(

√
(Sobelh(I))2 + (Sobelv(I))2)⊙ F dec

v , (8)

F brm
v = Mixer(F edge

v )⊙ F edge
v , (9)

The output F brm
v is then passed to a segmentation head for the final pixel-

level predictions. Following prior works [10,27,30], we adopt Dice loss and Cross-
entropy loss as the loss function when training the network.
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Table 1. Comparison with existing medical image segmentation methods on the QaTa-
COV19 [8] and MosMedData+ [25] datasets, reporting performance in %.

Method Backbone Text QaTa-COV19 MosMedData+
Dice mIoU Dice mIoU

U-Net [23] CNN ✗ 79.02 69.46 64.60 50.73
UNet++ [31] CNN ✗ 79.62 70.25 71.75 58.39
nnUnet [15] CNN ✗ 80.42 70.81 72.59 60.36
TransUNet [5] Hybrid ✗ 78.63 69.13 71.24 58.44
Swin-Unet [4] Hybrid ✗ 78.07 68.34 63.29 50.19
LViT [19] Hybrid ✓ 83.66 75.11 74.57 61.33
LanGuideSeg [30] CNN ✓ 89.78 81.45 - -
LGA [13] Transformer ✓ 84.65 76.23 75.63 62.52
CausalCLIPSeg [7] Hybrid ✓ 85.21 76.90 - -
MAdapter [28] CNN ✓ 90.22 82.16 78.62 64.78
TGCAM [10] CNN ✓ 90.60 82.81 77.82 63.69
MMI-UNet [3] CNN ✓ 90.88 83.28 78.42 64.50
RecLMIS [14] CNN ✓ 85.22 77.00 77.48 65.07
T-S [29] Hybrid ✓ 88.73 79.74 79.40 65.84
NTP-MRISeg [6] Transformer ✓ 91.10 83.66 79.18 65.54
FMISeg [27] CNN ✓ 91.21 83.84 79.30 65.71
RCA (ours) CNN ✓ 92.04 84.92 80.21 67.32

3 Experiments

3.1 Datasets and Evaluation Metric

Datasets. The experiments were conducted on two public MIS datasets, QaTa-
COV19 [8] and MosMedData+ [25]. Originally restricted to image-mask pairs,
these two COVID-19 datasets were transformed into multimodal benchmarks by
Li et al. [19] through the manual addition of clinician-verified textual descrip-
tions, including the infection’s type, quantity, and anatomical location. QaTa-
COV19 contains 9,258 chest radiographs (5,716/1,429/2,113 for train/val/test)
with pixel-level masks. MosMedData+ comprises 2,729 CT slices (2,183/273/273
for train/val/test) featuring binary masks paired with descriptive texts.
Evaluation Metric. Following the standard protocol in previous MIRS studies,
we report the Dice coefficient (Dice) and mean intersection-over-union (mIoU)
scores to evaluate model performance across diverse experimental configurations.

3.2 Implementation Details

We used ConvNeXt-Tiny [20] as the image encoder. To assign text tokens to
their respective roles, we employed a rule-based parsing strategy that catego-
rizes tokens based on the clinical report structure, ensuring consistent mapping
into the semantic, quantity, and location modules. To capture domain-specific
semantic information, we utilized CXR-BERT [2], to generate textual embed-
dings. Consistent with the experimental protocols of previous studies, the input
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Fig. 2. Qualitative comparison of different methods (U-Net [23], LViT [19], RecLMIS
[14], FMISeg [27] and our proposed RCA) on the QaTa-COV19 [8] (row 1 - 2) and
MosMedData+ [25] (row 3) datasets. GT represents the ground truth.

image resolution was set to 224 × 224. All models were trained using the AdamW
[21] optimizer with an initial learning rate of 3e-4, which is reduced to 1e-6. The
batch size and number of training epochs were set to 32 and 100, respectively.
All experiments were conducted using PyTorch on a single NVIDIA H100 GPU.

3.3 Comparison with State-of-the-art Methods

Compared Methods. To verify the effectiveness of the proposed method, we
compared it with previous state-of-the-art unimodal and multimodal medical im-
age segmentation approaches. For unimodal methods, we evaluated U-Net [23],
UNet++ [31], nnUnet [15], TransUnet [5], and Swin-Unet [4]. For multimodal
methods, we compared against a comprehensive set of MIRS methods, includ-
ing LViT [19], LanGuideSeg [30], LGA [13], CausalCLIPSeg [7], MAdapter [28],
TGCAM [10], RecLMIS [14], T-S [29], NTP-MRISeg [6], and FMISeg [27].
Quantitative Results. The quantitative results are reported in Table 1. Our
proposed RCA achieved state-of-the-art results across both benchmarks, outper-
forming the previous leading method, FMISeg, by 1.08% and 1.61% in mIoU,
respectively. On the QaTa-COV19 dataset, compared with unimodal methods
(e.g., U-Net and nnUnet), RCA showed substantial performance gains (exceed-
ing 10%), underscoring the critical value of linguistic guidance in medical seg-
mentation. Notably, RCA also surpassed recent multimodal methods that utilize
complex cross-modal interactions. For example, our method achieved a 92.04%
Dice score, significantly outperforming LViT (83.66%) and RecLMIS (85.22%).
The performance margin was particularly evident on the MosMedData+ dataset,
where RCA achieved 80.21% Dice and 67.32% mIoU, representing a gain of over
5% compared to LViT. In addition, RCA obtained a clear lead (0.91% Dice and
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Table 2. Ablation study on the main modules and backbones.

Ablation Model QaTa-COV19 MosMedData+
Dice mIoU Dice mIoU

# 1 Baseline 85.87 76.15 76.34 63.06
# 2 # 1 + FEUP 86.05 76.44 76.52 63.40
# 3 # 2 + semantic role 88.73 79.59 78.17 65.02
# 4 # 2 + quantity role 89.16 80.07 78.46 65.28
# 5 # 2 + location role 90.55 81.19 78.93 65.70
# 6 # 2 + all roles + FF 91.84 84.42 79.85 66.87
# 7 # 6 + BRM (ours) 92.04 84.92 80.21 67.32
# 8 ResNet [11] + CLIP [22] 91.36 83.25 79.37 66.54
# 9 U-Net [23] + BERT [9] 91.80 84.63 79.84 67.03
# 10 ConvNeXt [20] + CXR-BERT [2] 92.04 84.92 80.21 67.32

1.61% mIoU) over FMISeg. These results validate our role-conditioned design,
demonstrating its efficacy in leveraging textual descriptions to refine lesion pre-
diction and resolve spatial ambiguities across both X-ray and CT modalities.
Qualitative Results. As illustrated in Fig. 2, RCA yielded segmentation with
significantly fewer false positives and more precise boundaries than competing
methods (highlighted in red bounding boxes). By explicitly modeling linguistic
roles, our framework effectively disambiguated diseased regions from overlapping
healthy tissue. These visual improvements confirm that our role-conditioned de-
sign successfully translates clinical descriptions into precise guidance for MIS.

3.4 Ablation Studies

Ablation Study on Main Modules. We evaluated the contribution of each
component within RCA as reported in the upper section of Table 2. Using
a standard cross-attention-based model as a baseline, we observe that FEUP
(#2) provided a steady performance gain by restoring high-frequency struc-
tural details. The introduction of individual role-conditioned modules (#3–#5)
consistently improved results across both benchmarks. Specifically, the location-
conditioned coordinate scoring (#5) provided the most significant boost, increas-
ing the Dice score by 4.5% on QaTa-COV19. This underlines the critical role of
spatial grounding in disambiguating diseased regions, which is also verified by
prior works [28,30]. Integrating all three roles with FF (#6) further elevated
performance, demonstrating that semantic, quantitative, and spatial cues offer
complementary information. Finally, the inclusion of BRM (#7) achieved the
best performance by effectively refining lesion boundaries.
Ablation Study on Backbones. The lower section of Table 2 evaluates RCA
across various backbone combinations. Our framework consistently achieved high
performance regardless of the specific encoders used, demonstrating that the role-
conditioned design successfully generalizes across different backbones. Notably,
the ConvNeXt + CXR-BERT configuration (#10) yielded the best results.
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4 Conclusion

In this paper, we introduce a novel method RCA for medical image referring seg-
mentation. By explicitly partitioning textual descriptions into semantic, quan-
titative, and spatial roles, our method facilitates a more granular cross-modal
alignment compared to monolithic embedding approaches. The proposed bound-
ary refinement module ensures that fine-grained structural details help accurate
delineation. Experiments on the QaTa-COV19 and MosMedData+ benchmarks
demonstrate that RCA achieves state-of-the-art performance, proving the effec-
tiveness of role-conditioned alignment in complex medical scenarios.
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