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Abstract. Recent vision–language models for medical image segmen-
tation leverage radiology reports as auxiliary supervision. However, ex-
isting methods inject text cues uniformly across decoder stages, over-
looking the hierarchical semantic demands of different visual abstraction
levels. This limits precise alignment between global context and fine-
grained lesion representations, particularly for diffuse abnormalities. To
address this issue, we propose Hierarchical Prompt Selector (HiProS), a
vision–language segmentation framework that performs stage-conditioned
textual token selection for local–global alignment. HiProS introduces a
Stage-wise Prompt Selector that explicitly selects and suppresses textual
tokens according to the abstraction level of each decoder stage, rather
than propagating all text cues through uniform attention. The selected
tokens are then integrated with multi-scale visual features via a Fusion
Alignment Module, enabling structured cross-modal interaction at each
decoding stage. Importantly, HiProS operates with automatically gener-
ated textual cues, avoiding reliance on manually curated clinical reports
and enabling scalability where expert annotations are unavailable. Ex-
periments on QaTa-COV19 and MosMedData+ demonstrate consistent
improvements over strong vision–language baselines, with competitive
results. Notably, HiProS shows pronounced gains in segmenting diffuse
lesions on MosMedData+, indicating that stage-conditioned textual se-
lection mitigates semantic misalignment in fine-grained segmentation.
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1 Introduction

Medical image segmentation focuses on accurately identifying regions of interest,
such as tumors or inflammatory lesions, and plays a crucial role in computer-
aided diagnosis and treatment planning [6, 26]. With the advancement of deep
learning, several vision-based architectures have been explored for medical image
segmentation [27, 25]. However, these existing approaches [31, 4, 5] remain limited
⋆ Corresponding author.
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in capturing complex clinical semantics, as they primarily rely on pixel-level
visual supervision without diagnostic textual context. Consequently, the lack of
semantic grounding limits generalization in real-world clinical settings.

To mitigate insufficient semantic grounding, recent studies have incorpo-
rated textual information to guide medical image segmentation. Early text-
guided approaches [24, 12, 17, 11] integrate textual representations into visual en-
coders or decoders to enhance cross-modal alignment. C2FVL [24] injects textual
cues via a coarse-to-fine attention strategy, while LViT [17] models multi-scale
vision–language interactions using a hybrid CNN–Transformer architecture. Sub-
sequently, vision–language segmentation approaches [10, 23, 30, 13] introduced
dynamic interaction mechanisms that iteratively refine textual representations
conditioned on visual feedback. TGCAM [10] progressively fuses visual and tex-
tual features through iterative cross-attention, whereas RecLMIS [13] updates
text–visual representations via recurrent cross-modal interaction.

While prior radiology studies [9, 15] have emphasized the importance of struc-
tured clinical reports, existing segmentation methods fail to explicitly model the
hierarchical structure of medical reports. As illustrated in Fig. 1, Findings de-
scribe lesion locations and fine-grained morphological details, whereas Impres-
sions summarize high-level diagnostic interpretations. These components cor-
respond to the progressive abstraction of the decoding hierarchy, where early
stages emphasize detailed morphology and later stages capture global context.
Despite this correspondence, prior approaches typically share an identical tex-
tual representation across all decoding stages or repeatedly reweight it, without
explicit stage-conditioned semantic allocation. As a result, local and global se-
mantics fail to be disentangled, limiting precise alignment with multi-scale visual
representations. While IMITATE [18] exploits hierarchical report semantics to
align multi-level visual representations during pre-training, explicitly allocating
such semantics within the segmentation decoder remains underexplored.

To address these limitations, we propose Hierarchical Prompt Selector (HiProS),
a vision–language segmentation framework that aligns clinical report semantics
with stage-specific visual abstraction. HiProS associates fine-grained observa-
tional cues with early decoding stages and high-level diagnostic interpretations
with later stages, reflecting the complementary roles of Findings and Impres-
sions. Specifically, we introduce a Stage-wise Prompt Selector (SPS) that per-
forms explicit token-level selection and suppression at each decoding stage, en-
suring that semantically relevant textual cues guide the appropriate level of
visual representation. The selected tokens are integrated with multi-scale visual
features via a Fusion Alignment Module (FAM) to enable structured cross-modal
interaction. In addition, HiProS leverages a Vision–Language Model (VLM) to
automatically generate structured medical reports, reducing reliance on clinician-
authored annotations and establishing a scalable supervision paradigm.

Our contributions are summarized as follows: (1) We propose HiProS, a stage-
aware vision–language segmentation framework that structurally aligns hierar-
chical textual semantics with progressive visual abstraction in the decoding hi-
erarchy. (2) We introduce a Stage-wise Prompt Selector (SPS) that performs
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Fig. 1. The overall architecture of the proposed HiProS.

explicit token-level selection and suppression, allocating semantically relevant
textual cues to each decoding stage. (3) We establish a scalable supervision
framework using VLM-generated structured Findings and Impressions, reduc-
ing reliance on clinician-authored reports. (4) Experiments on QaTa-COV19 and
MosMedData+ demonstrate consistent state-of-the-art performance.

2 Methodology

Fig. 1 illustrates the overall architecture of HiProS. Given an input medical im-
age, a VLM-based report generator produces a hierarchical report composed of
Findings and Impressions. The generated text is tokenized and encoded into
token embeddings, while the image encoder extracts multi-level visual features.
At each decoding stage, text embeddings corresponding to the visual abstrac-
tion level are allocated in a stage-conditioned manner, and the SPS performs
token-level selection by suppressing semantically irrelevant tokens. The selected
token embeddings are aligned with visual features via the FAM, enabling stage-
wise local–global semantic integration. The fused multimodal representations are
progressively refined to predict the segmentation mask.

2.1 Text and Image Encoder

We model hierarchical clinical semantics using MiniGPT-Med [1] to generate
structured radiology reports consisting of Findings for detailed anatomical ob-
servations and Impressions for high-level diagnostic interpretations. Report gen-
eration uses only the input image and a fixed prompt, without access to ground-
truth masks, lesion labels, or dataset annotations, thus preventing informa-
tion leakage from segmentation supervision. The generated reports are encoded
using a pretrained BioClinicalBERT [2] model to produce token embeddings
Efind

txt ∈ RB×M×d and Eimp
txt ∈ RB×M×d for Findings and Impressions, respec-

tively, where B is the batch size, M is the sequence length, and d is the embedding
dimension. For visual encoding, we use ConvNeXt-Tiny [19] to extract hierarchi-
cal visual representations from the input medical image, producing multi-scale
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Fig. 2. Details of the proposed modules. (a) SPS performs stage-conditioned token
selection. (b) FAM fuses selected tokens and visual features via cross-attention.

feature maps Eimg = {E(1)
img, E

(2)
img, . . . , E

(N)
img } ∈ RB×C×H×W , where N denotes

the number of scales, C is the number of channels, and H and W denote the
spatial height and width, respectively. Each feature map corresponds to a differ-
ent spatial resolution and semantic abstraction level, providing multi-scale visual
context for subsequent stage-wise decoding.

2.2 Stage-wise Prompt Selector

As illustrated in Fig. 2(a), the SPS performs stage-conditioned token selection to
align textual cues with the visual abstraction level of each decoder stage. Lower
decoder stages utilize Efind

txt , which reflects localized morphological information,
whereas higher stages leverage Eimp

txt , capturing global lesion context. The tokens
assigned to each stage are subsequently subjected to stage-wise selection.

For decoder stage n, the visual embedding is given as En
img ∈ RB×Cn×Hn×Wn .

It is summarized using Global Average Pooling (GAP) and projected into a
shared embedding space:

znimg = GAP
(
En

img
)
Wn, Wn ∈ RCn×d, (1)

where d denotes the shared embedding dimension. The semantic relevance be-
tween the projected visual representation znimg ∈ RB×d and each textual token
embedding Em

txt ∈ RB×d, where m indexes the textual tokens, is computed using
cosine similarity:

Sn,m =
znimg · Em

txt

∥znimg∥ ∥Em
txt∥

. (2)

Based on these similarity scores Sn,m, SPS applies hard gating using a learnable
stage-specific threshold τn:

Gn,m = I
(
Sn,m ≥ τn

)
, (3)

where I(·) denotes the indicator function. Tokens whose similarity exceeds τn are
selected while the others are suppressed, enabling explicit filtering. Each stage
maintains a learnable threshold to allow adaptive stage-wise token selection.
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Since the indicator function is non-differentiable, the backward pass employs a
sigmoid-based surrogate gradient via a Straight-Through Estimator [3, 28]:

∂Gn,m

∂τn
≈ −σ

(
Sn,m − τn

)(
1− σ

(
Sn,m − τn

))
, (4)

where σ(·) denotes the sigmoid function. This surrogate formulation enables
gradient-based optimization of τn in Eq. 4. The threshold τn is initialized to
0.01 to encourage inclusive token selection during the early stage of training and
is progressively adapted thereafter. Finally, the selected tokens are aggregated
via similarity-normalized weighted pooling to produce a compact stage-specific
representation Tn

out, which guides subsequent multimodal fusion.

2.3 Fusion-Alignment Strategy

The SPS selects stage-relevant textual semantics, but does not explicitly model
their spatial correspondence with visual features. As illustrated in Fig. 2(b),
we introduce the FAM that aligns the stage-specific textual cues selected by
the SPS with visual features, progressively integrating both local and global
textual semantics. At each stage, the FAM takes the visual embedding Eimg and
the stage-specific representation Tout generated by the SPS as inputs. The visual
features are projected as queries Q, while the textual representations are linearly
projected as keys K and values V . Cross-attention then injects textual guidance
into the visual feature space:

Aattn = softmax

(
Q(Eimg) ·K(Tout)

⊤
√
d

)
, Fattn = Aattn · V (Tout), (5)

where Aattn denotes the attention weights between spatial visual features and
stage-specific textual tokens, and d denotes the attention dimension. Unlike con-
ventional cross-attention that shares a single textual representation across stages,
the FAM enables hierarchy-consistent cross-modal alignment via SPS-selected
tokens. The aligned feature Fattn is concatenated with the original visual embed-
ding along the channel dimension to form a residual multimodal representation
Fres. The fused multimodal representation is then produced as

Ffusion = Conv(Fres), (6)

where Conv denotes a refinement block consisting of a 3× 3 convolution, batch
normalization, and ReLU activation. Finally, Ffusion is passed to the next decoder
stage, and this alignment–fusion process is repeated hierarchically across stages.

2.4 Training Objective

The total training objective is formulated as a weighted combination of Dice
loss, cross-entropy loss, and boundary-sensitive loss [8]:

Ltotal = λ1LDice + λ2LCE + λ3LBoundary. (7)

LDice and LCE provide complementary region-level supervision, while LBoundary
enhances contour precision by emphasizing lesion boundary consistency.
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Table 1. Quantitative comparison of segmentation results. “Hybrid” indicates
CNN–Transformer integration. † denotes HiProS using LViT single-text reports, and ‡
denotes HiProS using LLaVA-Med [16] generated hierarchical reports. The best results
are shown in bold, and the second-best results are underlined.

Method Backbone Text Text Strategy QaTa-COV19 MosMedData+

Dice(%) mIoU(%) Dice(%) mIoU(%)

U-Net++ [31] CNN × - 79.62 70.25 71.75 58.39
nnUNet [14] CNN × - 80.42 70.81 72.59 60.36
TransUNet [5] Hybrid × - 78.63 69.13 71.24 58.44

C2FVL [24] CNN ✓ Raw 83.40 74.62 74.56 61.15
LViT [17] Hybrid ✓ Raw 83.66 75.11 74.57 61.33
LGA [11] SAM ✓ Raw 84.65 76.23 75.63 62.52
FMISeg [29] CNN ✓ Raw 91.21 83.84 79.30 65.71

RecLMIS [13] CNN ✓ Interactive 85.22 77.00 77.48 65.07
TGCAM [10] CNN ✓ Interactive 90.60 82.81 77.82 63.69
MAdapter [30] CNN ✓ Interactive 90.22 82.16 78.62 64.78

HiProS (Ours)† CNN ✓ w/o hierarchical text 92.12 86.85 80.25 72.18
HiProS (Ours)‡ CNN ✓ Hierarchical + Selective 92.42 86.77 82.15 74.29
HiProS (Ours) CNN ✓ Hierarchical + Selective 92.64 87.10 84.27 76.50

3 Experiment

3.1 Experimental Setup

Datasets. We conducted experiments on two public medical image segmenta-
tion datasets: QaTa-COV19 [7] and MosMedData+ [21]. QaTa-COV19 contains
9,258 chest X-ray images with pixel-level infection masks, split into 5,716 train-
ing, 1,429 validation, and 2,113 testing samples following the LViT protocol [17].
MosMedData+ consists of 2,729 axial CT slices with infection annotations, di-
vided into 2,183 training, 273 validation, and 273 testing samples using the same
protocol. For text supervision, we use the medical reports from [17] as single-text
inputs and generate structured reports using MiniGPT-Med [1], with additional
reports generated by LLaVA-Med [16] to assess cross-VLM robustness.
Implementation Details. We implemented HiProS in PyTorch [22] with an
NVIDIA RTX A6000 GPU (48 GB). The model was optimized with AdamW [20]
using an initial learning rate of 1× 10−4 and a cosine annealing schedule for 50
epochs, with a batch size of 32. Input images were resized to 224×224 and
normalized using ImageNet statistics. The decoder comprises four hierarchical
stages. Impressions are aligned with the highest abstraction stage, while Find-
ings are assigned to the remaining lower stages according to their semantic
granularity. The loss hyperparameters λ1, λ2, and λ3 were set to 1.0, 1.0, and
0.1, respectively. We adopt mean Intersection over Union (mIoU) and Dice co-
efficient for evaluation. The resulting HiProS model contains 48.4M parameters
and requires 13.9 GFLOPs, with an inference time of 7.27 ms per image.
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Fig. 3. Qualitative visualization of segmentation results on QaTa-COV19 and MosMed-
Data+, including chest X-ray and CT images.

Fig. 4. Qualitative results on the MosMedData+ dataset. Yellow, Green, and Red
denote true positive, false negative, and false positive regions, respectively.

3.2 Comparison with State-of-the-art Methods

We compared HiProS with recent segmentation approaches, including vision-
only (U-Net++[31], nnUNet [14], TransUNet [5]), text-assisted (C2FVL [24],
LViT [17], FMISeg [29]), and text-interactive models (RecLMIS [13], TGCAM [10],
MAdapter [30]). As shown in Table 1, HiProS achieves state-of-the-art perfor-
mance on both datasets. Compared with TGCAM, MAdapter, and FMISeg,
which share the same ConvNeXt-Tiny backbone, HiProS yields improvements.
Specifically, on MosMedData+, it surpasses FMISeg by 4.97% in Dice and 10.79%
in mIoU. These results highlight the effectiveness of the stage-wise text selection
mechanism. Moreover, HiProS†, using the same text input as prior text-assisted
methods, outperforms previous baselines, while the full model further improves
performance through hierarchical stage-conditioned text modeling. HiProS‡ main-
tains stable performance across reports generated by different medical VLMs,
indicating robustness to the report generator. As illustrated in Fig. 3, HiProS
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Table 2. Ablation of textual components on QaTa-COV19 and MosMedData+.

Text Parts QaTa-COV19 MosMedData+

Dice(%) mIoU(%) Dice(%) mIoU(%)

No Text 81.82 71.88 70.39 64.05
Only Findings 92.44 86.79 81.53 73.89
Only Impressions 92.13 86.53 80.70 73.47
Full Text 92.48 86.85 80.37 72.61
Swap 91.82 86.28 76.74 69.81
Findings & Impressions 92.64 87.10 84.27 76.50

Table 3. Effect of SPS and FAM on
MosMedData+.

Backbone SPS FAM MosMedData+

Dice(%) mIoU(%)

✓ 70.39 64.05
✓ ✓ 79.46 71.93
✓ ✓ ✓ 84.27 76.50

Table 4. Ablation on FAM design on
MosMedData+.

Ablation Dice(%) mIoU(%)

HiProS (w/o FAM) 79.46 71.93
Simple Concat 80.73 72.83
FAM (w/o Skip) 82.11 74.68
FAM (w/o CA) 81.48 73.95
FAM (Ours) 84.27 76.50

produces stable and precise segmentation results, especially on MosMedData+,
where lesions are small or diffuse. In contrast, C2FVL and RecLMIS tend to
misclassify normal regions as lesions or miss subtle infection areas.

3.3 Ablation Study

We conducted ablation studies to evaluate each component. The text configura-
tion results (Table 2) show that hierarchically separating Findings and Impres-
sions across decoder stages consistently outperforms using a single text represen-
tation. In contrast, cross-assigning the semantic hierarchy degrades performance,
particularly on MosMedData+. These results confirm the effectiveness of stage-
conditioned text utilization and the importance of aligning textual hierarchy
with decoder abstraction levels. At the token level, SPS tends to select localized
anatomical terms such as “right lower lobe consolidation” and “perihilar region”
at lower stages, while selecting diagnostic summary terms such as “pneumonia”
and “moderate severity” at higher stages. Qualitative results in Fig. 4 indicate
that hierarchical textual supervision reduces both local false negatives and global
over-segmentation. Module-level ablation results (Table 3) show that SPS and
FAM improve Dice by 9.1% and 13.9%, respectively, over the backbone-only
model, demonstrating their complementary contributions to stage-wise text se-
lection and cross-modal fusion. Furthermore, the FAM analysis (Table 4) shows
that integrating skip connections (Skip) and cross-attention (CA) over SPS-
selected stage-specific tokens is more effective than simple feature concatenation,
supporting stage-conditioned multi-scale cross-modal interaction.
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4 Conclusion

In this paper, we propose HiProS, a hierarchical text utilization strategy for
medical image segmentation. Unlike conventional approaches that inject a sin-
gle textual representation across decoding stages, HiProS aligns the hierarchical
semantics of Findings and Impressions with the abstraction level of each de-
coder stage, thereby integrating global and local semantics. As a result, HiProS
achieves consistent performance improvements on both datasets, with particu-
larly notable gains under challenging conditions such as ambiguous boundaries
or small lesion sizes. Future work will focus on refining hierarchical text repre-
sentations and extending the framework to 3D medical image segmentation.
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