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Abstract. Intracranial aneurysms are prone to rupture, making accu-
rate delineation crucial for rupture-risk stratification and treatment plan-
ning. While CTA is routinely used for lumen geometry, high-resolution
vessel wall imaging (HR-VWI) directly visualizes aneurysm wall enhance-
ment (AWE), providing a wall-focused biomarker that supports wall
evaluation and rupture-risk assessment. However, aneurysm borders on
HR-VWI are often ill-defined and easily confounded by imperfect blood
suppression and parent-vessel distraction, thereby obscuring true bound-
ary cues and compromising precise delineation. Vision–language mod-
els (VLMs) can introduce semantic priors via text guidance, yet naive
dense fusion is frequently dominated by background structures, diluting
weak aneurysm cues. To address these challenges, we propose Frequency-
Aware Prototype Learning in VLM for intracranial aneurysm HR-VWI
segmentation.Our method leverages discrete wavelet transform to decom-
pose multi-scale features and emphasize boundary-related high-frequency
cues, coupled with text-conditioned filtering to retain lesion-relevant fre-
quency responses for query updates. Concurrently, we summarize multi-
scale representations into compact prototypes , enabling selective interac-
tions between text-guided queries and foreground–context prototypes to
suppress vascular distractions and sharpen delineation. Experiments on
an in-house HR-VWI aneurysm benchmark demonstrate consistent im-
provements over strong baselines, achieving 79.18% Dice. Size-stratified
evaluation further confirms robust performance across aneurysm scales,
with particularly clear gains for small lesions, supporting more reliable
aneurysm quantification for clinical decision-making. Code and test set
will be released at https://github.com/wwyx2722-boop/FAPL-VLM.
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1 Introduction

Intracranial aneurysm (IA) rupture can lead to catastrophic subarachnoid hem-
orrhage without clear prodromal signs, representing a major cause of hemor-
rhagic stroke, so early detection and longitudinal follow-up in high-risk popu-
lations are clinically critical [7]. Digital subtraction angiography (DSA) is the
reference standard for IA assessment and has enabled deep-learning diagnosis on
3D DSA [13], yet its invasiveness and cost limit large-scale screening, motivating
non-invasive modalities such as CTA and MRA. For reliable diagnosis, risk strat-
ification, and treatment planning, accurate aneurysm segmentation is crucial, as
it directly affects the precision of size and morphology and the repeatability of
progression assessment across follow-ups.

Beyond lumen-centric angiography, high-resolution vessel wall imaging (HR-
VWI) directly depicts aneurysm wall enhancement (AWE), a clinical biomarker
of inflammation-mediated wall degeneration linked to aneurysm instability and
rupture risk. However, IAs are small targets in HR-VWI, where weak boundaries
and slow-flow confounders obscure wall signals, attenuating frequency cues and
aggravating class imbalance. Stable and precise aneurysm (and wall) segmenta-
tion on HR-VWI would enable enhancement grading and signal quantification,
allowing joint analysis with morphologic and hemodynamic indicators to clar-
ify whether rupture risk is driven more by morphology, flow impingement, or
inflammation-mediated wall degeneration, thereby supporting interpretable, in-
dividualized intervention decisions.

Despite progress in IA segmentation (e.g., semi-supervised CTA [10]), auto-
matic IA segmentation remains a formidable challenge. As shown in Fig. 1, CTA
offers clear lumen geometry but limited wall characterization, while HR-VWI
captures wall signal for rupture-risk stratification yet presents weak, artifact-
prone boundaries, where subtle discontinuities are critical [20].Existing meth-
ods face coupled issues: CNNs may blur fine boundaries under imbalance, and
dense global attention are often dominated by background/parent vessels, di-
luting lesion cues [12]. Meanwhile, frequency-domain boundary cues are often
underutilized and can be attenuated by downsampling and aggregation [5].

Motivated by these insights, we propose a language-guided IA segmentation
framework that integrates frequency-aware feature refinement with prototype-
guided dynamic attention to address low-contrast boundaries and severe class
imbalance, which enhances boundary delineation while suppressing background
and parent vessel interference for robust segmentation.Our main contributions
are summarized as follows:

1. We introduce a frequency-aware strategy to better capture boundary cues
under low contrast, reducing boundary leakage.

2. We propose prototype-guided dynamic attention to improve lesion focusing
and robustness under extreme foreground sparsity.

3. We present, to our knowledge, the first HR-VWI intracranial aneurysm
dataset for segmentation and validate the proposed method across multiple
datasets, laying the foundation for HR-VWI-based enhancement grading.
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Fig. 1. Motivation and overview. (a) CTA depicts lumen morphology only, whereas HR-
VWI visualizes the vessel wall and aneurysm wall enhancement (AWE) for rupture-risk
assessment. (b) ambiguous borders, incomplete suppression, and confounders weaken
high-frequency cues and hinder delineation. (c) We enhance frequency features and use
prototype-guided focused interactions to suppress distractions for sharper segmenta-
tion.

2 Method

Figure 2 illustrates the proposed framework, which uses a SEEM[22] visual en-
coder and a language encoder to initialize learnable segmentation queries. Text-
guided Frequency Enhancement Modul(TFEM) injects language-consistent high-
frequency cues to enhance weak boundaries, while Dual Prototype Bank and
Contrastive Gating Mechanism(DPBM) leverages foreground and context proto-
types for gated, lesion-focused query refinement. The refined queries are decoded
by the mask projection head to produce segmentation masks.

2.1 Dual Prototype Bank and Contrastive Gating Mechanism
(DPBM)

Complex anatomical backgrounds (e.g., vessel textures and organ structures)
may induce semantically irrelevant activations and distract segmentation queries
from lesion regions. To address this issue, we propose the DPBM to distill a com-
pact prototype set from multi-scale visual features, then builds foreground and
context prototype banks according to text relevance [15,16]. The two banks are
subsequently used to perform contrastively gated query refinement, encouraging
lesion-focused aggregation while suppressing background interference.

Dual prototype bank construction. Given multi-scale features {XI}LI=1, we obtain
a candidate prototype set Praw = {pk}Kall

k=1 via lightweight multi-scale distillation.
With text embeddings T , we pool a global text representation t̄ and compute
prototype–text relevance ak = cos(pk, t̄). Foreground and context banks are
formed by selecting the most and least relevant prototypes:

Pfg = TopK(Praw, ak; Kfg), Pctx = BottomK(Praw, ak; Kctx). (1)
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Fig. 2. Overview of the proposed framework for intracranial aneurysm segmentation,
which combines multi-scale visual features with text-guided queries for mask predic-
tion. (a) DPBM distills compact aneurysm prototypes and guides dynamic top-k lesion-
focused attention, thereby concentrating learning on lesion-relevant regions and reduc-
ing interference from background and parent vessels. (b) TFEM performs frequency-
aware enhancement to amplify weak boundary cues under low-contrast conditions,
improving the sharpness and completeness of the final segmentation. Q is the query;
K/V are Pfg/Pctx (DPBM) or Fout (TFEM). MHCA: multi-head cross-attention; “cos”:
cosine alignment.

Contrastive gated query refinement. Given segmentation queries Q, we attend
to Pfg and Pctx separately and combine the two updates with a contrastive gate
g, which is predicted from pooled bank descriptors. The final update is:

Qout = Q+ g ⊙MHCA(Q,Pfg, Pfg)− (1− g)⊙MHCA(Q,Pctx, Pctx). (2)

This gated contrast encourages injection of lesion-relevant prototypes and sup-
presses context leakage, improving query localization under complex anatomical
backgrounds.

2.2 Text-guided Frequency Enhancement Module (TFEM)

High-frequency responses preserve fine-grained textures and boundaries but are
more sensitive to artifacts and perturbations [18,6]. To more effectively leverage
boundary cues in HR-VWI, we propose TFEM to enhance frequency details and
suppresses semantically irrelevant activations under language guidance, and then
injects the filtered cues into segmentation decoding.
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Frequency enhancement. Given a feature map X, TFEM performs a Haar-based
DWT to separate low- and high-frequency components. High-frequency bands
are enhanced via a lightweight depthwise separable convolution and channel-wise
gate to amplify boundaries while suppressing noise. Then the low- and high-
frequency features are fused into a frequency-enhanced representation Ffreq.

Language-guided filtering and query injection. We obtain an updated token se-
quence via cross-modal interaction[17] and compute token-wise visual–text rele-
vance using the maximum cosine similarity over text tokens [4]. A soft gate then
modulates a residual update to filter Ffreq:

Fout = V + g ⊙ (V ′ − V ). (3)

Finally, the filtered frequency representation is injected into segmentation queries
via cross-attention to suppress noisy high-frequency responses:

Qout = LN
(
Q+MHCA(Q,Fout, Fout)

)
. (4)

3 Experiment

3.1 Dataset

We introduce HiRes-Aneurysm (HiRA), the first HR-VWI intracranial aneurysm
dataset, comprising contrast-enhanced HR-VWI scans from 83 patients (2,182
images in total). HiRA was approved by the local IRB/Ethics Committee; an
expanded dataset is planned for future work. In contrast to lumen-focused an-
giographic imaging, HR-VWI provides vessel-wall–oriented visualization that
specifically captures AWE, offering improved wall–background contrast and fa-
cilitating more complete boundary delineation for clinical evaluation. For voxel-
level ground truth, aneurysm masks were independently annotated by two physi-
cians, with any discrepancies resolved by a third senior physician. To evalu-
ate performance across lesion scales, we further stratified HiRA into three size-
specific subsets: HiRes-Aneurysm-S (< 7 mm), HiRes-Aneurysm-M (7–10 mm),
and HiRes-Aneurysm-L (> 10 mm), comprising 266, 1,109, and 807 images, re-
spectively. In addition, each image is paired with a short radiology-style prompt
(e.g., “intracranial aneurysm on brain MRI”) for alignment and classification.

To assess generalizability beyond aneurysm segmentation, we additionally
evaluate on two Medical Segmentation Decathlon (MSD) datasets, MSD Lung
and MSD Pancreas [14], whose ambiguous boundaries and complex surrounding
context are structurally analogous to HR-VWI aneurysm delineation.

3.2 Implementation Details

We implemented our method in PyTorch, training on two NVIDIA RTX 4090
GPUs with a FocalNet-Large visual backbone. The model was optimized using
AdamW, with the learning rate decaying from 1× 10−4 to 1× 10−6 via a cosine
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annealing schedule. To ensure fair comparison, images were resized to a uniform
resolution of 1024 × 1024 with a batch size of 4, and the Interaction Module’s
hidden dimension was set to 256. In terms of efficiency, our model has 215M
parameters and 1.236 TFLOPs, compared with 182.16M parameters and 3.29
TFLOPs for CausalCLIPSeg, making it feasible for practical HR-VWI aneurysm
analysis.

3.3 Evaluation and Interpretability Assessment

We compared our method against uni-modal baselines without text guidance (U-
Net++[21], nnU-Net[9], TransUNet[2], Swin-UNet[1]) and recent multi-modal
text-guided approaches (LGA[8], CausalCLIPSeg [3], LViT [11], FMISeg [19]).
Across all benchmarks, text-guided models consistently outperform those with-
out, indicating that textual priors provide complementary semantic cues.

Table 1. Segmentation performance (%) on HiRA stratified by aneurysm size.

Methods HiRA Dataset

Small (< 7mm) Medium (7-10mm) Large (> 10mm)

Dice IoU Dice IoU Dice IoU

nnU-Net[9] 62.78 50.53 73.17 61.91 76.31 66.87
U-Net++[21] 60.77 49.59 70.62 61.33 75.60 66.19
TransUNet[2] 47.54 36.06 63.57 49.88 75.21 62.89
Swin-UNet[1] 59.63 47.64 69.99 59.86 75.96 63.35
LGA[8] 61.13 48.74 67.49 58.58 75.03 63.02
CausalCLIPSeg[3] 56.67 43.72 58.02 43.97 74.02 62.52
LViT[11] 66.75 55.88 74.59 65.92 76.17 67.05
FMISeg[19] 67.59 55.69 74.17 62.27 77.86 65.74

Ours 68.16 56.26 75.07 63.12 79.18 67.45

As shown in Table 1, our method achieves the best Dice across all three
size subsets, obtaining 68.16, 75.07, and 79.18 Dice on small (< 7mm), medium
(7–10mm), and large (> 10mm) aneurysms, respectively. The gains are most
pronounced on small aneurysms, the most challenging regime due to weak bound-
aries and extreme foreground sparsity, where our method surpasses the strongest
text-guided baseline while remaining competitive in IoU. This indicates that the
frequency-aware enhancement and prototype-guided attention jointly improve
robustness across lesion scales rather than only on easy, large targets. The qual-
itative comparisons in Fig. 3 further show that our predictions produce sharper,
more complete boundaries with fewer false positives on background and parent
vessels than competing methods.

On the two MSD datasets (Table 2), our method also achieves the best per-
formance, reaching 71.66/60.84 (Dice/IoU) on Task06 Lung and 63.12/51.84 on
Task07 Pancreas.
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Fig. 3. Representative qualitative results on HiRA. The three rows show slice,
aneurysm, and wall segmentation. The first column shows the ground truth (GT), and
the remaining columns show predictions. Red indicates predicted masks, and green
highlights segmentation errors, including false positives and false negatives. As HiRA
is designed for aneurysm analysis, we visualize prediction errors on the aneurysm and
vessel-wall surfaces to reveal the spatial relationship between aneurysm segmentation
and wall assessment, showing that our method yields more reliable wall and aneurysm
delineation for practical HR-VWI analysis.

Table 2. Performance comparison with existing medical image segmentation methods
on the Task06 Lung and Task07 Pancreas datasets.

Methods Backbone Text
Task06 Lung Task07 Pancreas

Dice IoU Dice IoU

nnU-Net[9] CNN × 60.20 49.56 56.40 44.32
U-Net++[21] CNN × 57.88 46.19 56.13 44.46
TransUNet[2] Hybrid × 60.96 50.35 55.86 43.65
Swin-UNet[1] Hybrid × 60.13 49.88 56.58 44.61

LGA[8] Transformer ✓ 68.52 57.54 60.91 48.74
CausalCLIPSeg[3] Hybrid ✓ 68.38 57.78 60.25 48.67
LViT[11] Hybrid ✓ 69.13 59.25 61.70 49.82
FMISeg[19] CNN ✓ 70.41 60.53 62.28 50.89
Ours Hybrid ✓ 71.66 60.84 63.12 51.84

3.4 Ablation Study

We conduct ablation studies and report the results in Table 3. The Baseline
performs the worst when both modules are absent. Enabling either TFEM or
DPBM consistently improves performance across all datasets, and using both
achieves the best overall results, indicating complementary benefits.
Module contribution. Compared with the Baseline, enabling TFEM or DPBM
yields consistent gains (about +0.5% ∼ +1.3% Dice, with similar IoU improve-
ments), and using both achieves the best performance with Dice increases of



8 Y. Wang et al.

Table 3. Ablation study on HiRA, MSD Task06 Lung, and MSD Task07 Pancreas.

HiRA Task06 Lung Task07 Pancreas

Method Dice IoU Dice IoU Dice IoU

A. Baseline (without any module)
Baseline 70.52 58.38 70.26 58.24 62.07 50.44

B. Text-guidance ablation (only one module)
TFEM w/o Text 70.15 57.86 69.87 57.82 61.75 50.12
TFEM w/ Text 71.64 59.60 70.78 58.53 62.88 51.23
DPBM w/o Text 71.24 59.13 70.42 58.25 62.17 50.36
DPBM w/ Text 71.77 59.77 70.89 58.67 62.65 50.86

C. Full model (TFEM + DPBM)
Ours (Both) 72.22 61.37 71.66 60.84 63.12 51.84

+1.70%, +1.40%, and +1.05% on HiRA, Task06 Lung, and Task07 Pancreas,
confirming complementary effects. Text guidance. Enabling text guidance in
only one module at a time consistently boosts TFEM (∼+0.9% to +1.5% Dice)
and DPBM (∼+0.5% Dice) across datasets, validating the effectiveness of se-
mantic priors. Unlike prior text-guided methods that mainly use text for general
conditioning, our aneurysm-specific HR-VWI prompts act as a targeted seman-
tic prior for feature selection, improving Dice by +1.3, +1.1, and +1.5 points for
TFEM, DPBM, and the full model, respectively (corrected p < 0.05). Statis-
tical analysis. Paired Wilcoxon signed-rank tests with Holm–Bonferroni cor-
rection confirm the gains are not random: our full model significantly surpasses
the Baseline and the best single-module variant on all datasets and metrics,
and TFEM w/ Text surpasses TFEM w/o Text on most metrics (all corrected
p < 0.05).

4 Conclusion

In this work, we introduce the first HR-VWI intracranial aneurysm dataset
and propose a language-guided segmentation method addressing two key HR-
VWI challenges: extreme foreground imbalance and low-contrast boundaries.
The method extracts frequency-domain boundary cues via discrete wavelet trans-
form and uses a prototype-guided, lesion-focused attention mechanism to empha-
size lesion regions while suppressing background and vessel-trunk interference.
Experiments on multiple datasets show consistent improvements over strong
baselines, with enhanced robustness in highly imbalanced, low-contrast settings,
particularly for small-target HR-VWI aneurysms.
Limitations. TFEM relies on text guidance to constrain frequency noise: with-
out it (TFEM w/o Text), unconstrained high-frequency cues admit artifacts and
vessel edges, dropping below the Baseline. This text dependence and the limited
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size of HiRA remain to be addressed; our contribution is an effective integration
of existing cues rather than a new mechanism.
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