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Abstract. Acute ischemic stroke requires rapid delineation of infarct
core on diffusion-weighted imaging (DWI) and apparent diffusion coeffi-
cient (ADC) to guide time-critical decisions. Clinical urgency yields pre-
liminary reporting as an early workflow summary centered on lesion lo-
cation and extent, which enables report-conditioned multimodal segmen-
tation. Paradoxically, the same urgency also makes preliminary reports
frequently missing or inconsistently archived in retrospective cohorts,
creating a key bottleneck for multimodal stroke segmentation. To address
this gap, we present (i) Lesion-Grounded Self-Retrieval-Augmented Gen-
eration (LeG-RAG), a training pipeline that retrieves lesion-concordant
reports using atlas-normalized lesion masks and synthesizes missing re-
ports with a multimodal large language model without additional train-
ing, and (ii) LLMSwin, a report-conditioned multimodal segmentation
architecture for brain MRI that extracts text features by combining the
report with learnable prompts and feeding them into a frozen Llama-3-
8B-Instruct model, and fuses these representations with multi-scale fea-
tures from a SwinUNETR 3D backbone via two-way transformers. Ex-
periments on a multi-institutional 3D stroke MRI dataset show that LeG-
RAG achieves superior retrieval performance compared with state-of-
the-art image-embedding methods across text-deficiency regimes, while
remaining diagnostically consistent under ASPECTS-based reliability
checks. LLMSwin achieves state-of-the-art segmentation across text-availability
settings, outperforming image-only and prior multimodal segmentation
baselines. Code is available at https://github.com/HeeseongEom/LeG-RAG.
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1 Introduction

Acute ischemic stroke management hinges on rapid localization of infarct core
on DWI/ADC, where minutes can influence treatment eligibility and outcome
[3,11]. In routine neuroradiology, early communication often takes the form
of preliminary reporting: a short impression emphasizing where the lesion is
(laterality, standardized regions, vascular territories) and how extensive it ap-
pears [6,8]. However, preliminary texts are often absent or heterogeneously stored
in retrospective imaging cohorts, despite availability of images and lesion masks.

We mitigate this mismatch by synthesizing missing reports during training
via lesion-grounded retrieval. Since the multimodal LLM can ingest the query im-
age at synthesis time, the information most likely to require external grounding
is fine-grained spatial semantics (location/extent), which are explicitly encoded
in lesion masks and dominate preliminary-style descriptions. After spatial nor-
malization to a common atlas space (e.g., MNI), lesion masks become directly
comparable across patients and align with atlas-defined regions used in clinical
reasoning. We therefore propose LeG-RAG, which retrieves report exemplars
from the same institutional archive using a coarse-to-fine, mask-driven strategy
and generates a concise synthesized report via in-context learning [2,7,12]. We
evaluate clinical reliability using the Alberta Stroke Program Farly CT Score
(ASPECTS), a standardized regional scoring scheme [1,10].

In parallel, we introduce a dedicated report-conditioned multimodal segmen-
tation model tailored to volumetric brain MRI. Inspired by LLM-based multi-
modal segmentation for target contouring [9], we extend the paradigm to stroke
MRI and integrate it with a strong 3D backbone. Our LLMSwin encodes reports
with a frozen pretrained LLM using learnable prompts and fuses the result-
ing representation with multi-scale SWinUNETR features [4] through two-way
transformers at each stage. We also instantiate a UNETR-based variant (LL-
MUNETR) [5] using the same report pathway; LLMSwin consistently performs
best, aligning with the empirical suitability of SwinUNETR-style representations
for brain MRI [4].

In summary, we propose (i) LeG-RAG, a lesion-grounded retrieval-and-
synthesis framework for text-deficient stroke training; (ii) LLMSwin, a report-
conditioned volumetric multimodal segmentation architecture; and (iii) com-
prehensive evaluation showing improved synthesized-report quality and robust
segmentation under text deficiency.

2 Method

2.1 Problem Setup

We study training under a text availability ratio p (in %), defined as the fraction
of cases with available preliminary reports. The dataset is partitioned into a
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Fig.1. (a) LeG-RAG overview: for each report-missing case in Dga, retrieve lesion-
concordant reports from Dgra in atlas space and synthesize a preliminary-style report
for multimodal training. (b) Overview of the proposed LLMSwin report-conditioned
volumetric segmentation architecture.

report-available subset
Dra = {(vj,rj,m;)}}L, (1)

and a report-missing subset

Dry = {(vi,mi) Yy, (2)

where N = R+ .S and p = % % 100. Each v is a 3D MRI input formed by paired
DWI and ADC volumes (two channels in R¥XW>*DX2) “each m € {0, 1}H>*WxD
is a binary infarct mask, and each r is a short preliminary report. All volumes
and masks are spatially normalized to a common atlas space (e.g., MNI). Our
goal is to generate a synthesized report #; for each (v;,m;) € Dgys, yielding an
augmented multimodal training set

D' = Dgra U {(vi,7i,ms)}51, (3)

which is then used to train report-conditioned multimodal segmentation models.

2.2 Lesion-Grounded Self-Retrieval-Augmented Generation

Spatial Key Retriever (SKR) For each query (v;,m;) € Dgy, SKR com-
putes an axial lesion profile S; € RP by counting lesion voxels per axial slice and
normalizing to unit length. For each candidate (vj,r;,m;) € Dra, we compute
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S; likewise. SKR retains candidates whose cosine similarity exceeds a threshold

o:

S; = SK(mz), Sj = SK(mj)v FDRA(i) = {(vj,rj,mj) € Dra | COS(Si,Sj) > (5}

(4)
We use § = 0 by default.

Clinical Context Retriever (CCR) CCR ranks candidates in FDg4(i) us-
ing a clinical context score combining overlap and boundary consistency of lesion
masks. Let DSC(:,-) be Dice similarity and HD95(-, -) the 95th percentile Haus-
dorff distance. We define:

1

CCS(mi,mj) = )\DSC(miamj) + (1 - /\) 1+ HD95(m‘ m,)’
is 5

(5)
with A = £. The top-k exemplars are:

Ti = Top-k(u, rsm;)eFDrat) | CCS(ms,my) | (6)

Synthesized Report Generation Given 7;, we provide the MLLM with the
query image v; and the retrieved reports {r;} as in-context demonstrations, and
generate a concise synthesized report:

P = MLLM(instruction; Vi, My, {(mj,rj)}(vj’rj’mj)eﬂ). (7)
Applying this to all (v;,m;) € Dgrpy yields D’ for multimodal segmentation
training.
2.3 LLMSwin: Report-Conditioned Multimodal Segmentation

LLMSwin integrates report semantics into a SwinUNETR-style volumetric back-
bone [4] using a frozen pretrained LLM and two-way transformer fusion. Let the
Swin encoder produce multi-scale feature maps { Fy }/_,, where F, € RH¢xWex DexCl
For a report r, we prepend learnable prompt tokens P and a special token (seg),
and feed the token sequence into a frozen pretrained LLM:

H =LLM([P; (seg); Tok(r)]),  hseg = Hiseqy € R". (8)
For each encoder scale ¢, we project hgee to match the channel dimension:
2 = MLP(hgeg) € R (9)

We fuse z; with visual tokens of F; using a two-way transformer TWT,. Let ¢(-)
flatten spatial dimensions into tokens:

(X, 20) = TWTy($(FY), 20),  Fo=¢""(X). (10)
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Table 1. Stroke segmentation DSC on Test A/B under text-deficient training (text
availability p). Img: image-only. MM-P: multimodal with available real reports only.
MM-SR: multimodal with LeG-RAG synthesized reports. MM-Full: multimodal with
all real reports (upper bound). Best results among Img, MM-P, and MM-SR at each
text availability are in bold.

Model Text avail. Test A Test B
Img MM-P MM-SR i pann Img MM-P MM-SR i pant

(ours) (ours)
20% 0.708 0.684 0.719 0.729 |0.615 0.595 0.649 0.645
LLMSe 40% 0.708 0.700 0.722 0.729 |0.615 0.597 0.659 0.645
& 60% 0.708 0.715 0.725 0.729 |0.615 0.631 0.645 0.645
80% 0.708 0.719 0.723 0.729 |0.615 0.612 0.652 0.645
20% 0.628 0.652 0.664 0.668 |0.551 0.591 0.601 0.612
LLMUNETR 40% 0.628 0.671 0.689 0.668 ]0.551 0.568 0.601 0.612
60% 0.628 0.676 0.674 0.668 |0.551 0.617 0.586 0.612
80% 0.628 0.670 0.696 0.668 |0.551 0.564 0.624 0.612
20% 0.705 0.722 0.755 0.755 |0.623 0.589 0.685 0.671
. 40% 0.705 0.739 0.755 0.755 |0.623 0.652 0.661 0.671

LLMSwin

60% 0.705 0.746 0.752 0.755 ]0.623 0.666 0.664 0.671
80% 0.705 0.743 0.749 0.755 ]0.623 0.667 0.673 0.671

The fused features {F;} are forwarded to a 3D decoder with skip connections to
predict the lesion mask

i = Dec({E1} ). (11)
Training minimizes a combined Dice and cross-entropy loss:
LpicecE = Lpice (1, m) + Lcg (1, m). (12)

Only prompts, projection MLPs, fusion modules, and the segmentation back-
bone/decoder are optimized; the pretrained LLM remains frozen.

3 Experiments and Results

3.1 Dataset and Evalutaion

Dataset and text availability protocol We evaluate on a multi-institutional
3D stroke MRI cohort from three hospitals (anonymized). The training split con-
tains 441 cases, and evaluation is performed on two held-out test sets (Test A:
112 cases; Test B: 151 cases). All images underwent skull stripping, resampling to
2 mm isotropic resolution, and Z-score normalization, followed by spatial normal-
ization to a common atlas space. We simulate text-deficient training by varying
text availability p € {20, 40, 60,80}% on the training set; for each p, Dra con-
tains the text-available subset and Dgj; contains the remaining report-missing
subset.



6 H. Eum et al.

Table 2. Evaluation of synthesized report under varying text availability p (aggregated
F1 and accuracy) across embedding-based retrieval baselines. Best/second-best are in
bold/underline.

Model Text availability
20% 40% 60% 80%
F11 Acct F1T Acct F11 Acct FI1T  Acct

Rad DenseNet121 0.500 0.487 0.507 0.486 0.475 0.458 0.492 0.473

OpenCLIP 0.526 0.514 0.533 0.517 0.537 0.522 0.549 0.530
Rad_InceptionV3  0.527 0.509 0.534 0.517 0.528 0.516 0.535 0.523
Biomed CLIP 0.526 0.507 0.535 0.514 0.523 0.507 0.560 0.543
UNI-2 0.524 0.519 0.524 0.520 0.517 0.512 0.518 0.509

LeG-RAG (ours) 0.715 0.671 0.733 0.713 0.754 0.728 0.750 0.711

Evaluation metrics We evaluate segmentation using DSC. For synthesized
report quality, we extract clinical attributes from real and synthesized reports
using the same structured pipeline and report aggregated F1 and accuracy. For
diagnostic consistency, we compute ASPECTS region-involvement agreement
(F1/Acc) and total-score MAE from atlas-space lesion involvement [1,10].

3.2 Quantitative Analysis

Segmentation under text deficiency Table 1 shows that MM-SR improves
over MM-P, particularly at low p, suggesting that LeG-RAG synthesized re-
ports provide useful supervision when real reports are scarce. LLMSwin achieves
the strongest performance across all p, outperforming image-only training and
multimodal baselines, consistent with the strong volumetric representations of
SwinUNETR-style backbones [4].

ASPECTS reliability and diagnostic consistency Table 4 summarizes
ASPECTS-based agreement derived from atlas-space lesion involvement [1,10].
Across models and test sets, MM-SR improves or matches region-wise agreement
while reducing MAE relative to text-deficient baselines, supporting diagnostic
consistency under synthesized-report-driven training.

Synthesized report quality Table 2 shows that LeG-RAG retrieval yields
higher attribute agreement than image-embedding retrieval baselines across all p,
consistent with the benefit of explicit spatial grounding over generic embedding
similarity [2,7]. Under fixed LeG-RAG retrieval, Table 3 indicates that synthesis
quality depends on the chosen MLLM, while retrieval provides a strong, model-
agnostic foundation.
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Fig.2. Example retrievals and synthesized reports. LeG-RAG retrieves lesion-
concordant exemplars in atlas space, yielding reports that better match laterality and
territory-related attributes than embedding-based retrieval.

Table 3. MLLM comparison for report synthesis under fixed LeG-RAG retrieval
(aggregated F1 and accuracy across text availability p). Best/second-best are in
bold /underline.

Model Text availability
20% 40% 60% 80%
F11 Acct F11T Acct F11T Acct F11T  Acct

Qwen2.5 0.691 0.795 0.725 0.808 0.739 0.815 0.750 0.825
Qwen2.5 (multi-slice) 0.693 0.816 0.725 0.823 0.736 0.815 0.749 0.834
VideoLLaVA 0.670 0.680 0.729 0.741 0.742 0.756 0.774 0.789
GPT-ol 0.730 0.763 0.749 0.801 0.770 0.800 0.773 0.806
LLaVA-OneVision 0.741 0.757 0.756 0.773 0.776 0.798 0.760 0.783

LLaVA-OneVision (multi-slice) 0.749 0.767 0.765 0.783 0.777 0.800 0.763 0.780
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Table 4. ASPECTS-based diagnostic consistency on Test A/B (region involvement
F1/Acc, total-score MAE). Img: image-only. MM-P: multimodal with available real re-
ports only. MM-SR: multimodal with LeG-RAG synthesized reports. MM-Full: mul-
timodal with all real reports (upper bound). Bold: best among Img/MM-P/MM-SR.

Model Setting Test A Test B
F11 Acct MAE] F11t Acct MAE]

Img 0.879 0.929 0.411 0.909 0.919 0.748

LLMSe MM-P 0.916 0.951 0.393 0.912 0.920 0.737
& MM-SR (ours) 0.944 0.967 0.315 0.934 0.939 0.657
MM-Full 0.954 0.973 0.339 0.927 0.933 0.726

Img 0.829 0.893 0.509 0.883 0.896 0.807
LLMUNETR MM-P 0.858 0.908 0.496 0.885 0.894 0.828
MM-SR (ours) 0.862 0.911 0.451 0.901 0.909 0.817

MM-Full 0.857 0.911 0.491 0.893 0.904 0.852

Img 0.886 0.929 0.393 0.927 0.933 0.711

LLMSwin MM-P 0.879 0.922 0.344 0.923 0.930 0.654

MM-SR (ours) 0.910 0.942 0.283 0.937 0.941 0.604

MM-Full 0.907 0.938 0.295 0.929 0.933 0.622

Table 5. Ablation of CCS components in LeG-RAG retrieval (top-5 average attribute
F1 across text availability p).

Setting Text availability

20% 40% 60% 80%

LeG-RAG + DSC only 0.547 0.558 0.616 0.635
LeG-RAG + HD95 only 0.633 0.660 0.686 0.702
LeG-RAG + CCS (DSC+HD95) 0.635 0.663 0.694 0.713

3.3 Qualitative Analysis

Figure 2 provides representative examples, where LeG-RAG selects exemplars
with closer lesion distribution in atlas space and yields synthesized reports that
better reflect laterality and territory-relevant descriptions.

3.4 Ablation Analysis

Table 5 shows that using only DSC degrades retrieval quality, while the HD95-
derived term is more robust; the combined CCS yields the best performance,
supporting complementary overlap and boundary cues.
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4 Conclusion

We presented LeG-RAG, a lesion-grounded retrieval and report-synthesis pipeline
for text-deficient stroke training that leverages atlas-aligned lesion masks to re-
trieve spatially relevant exemplars and generate preliminary-style reports via
in-context learning [2,7,12]. We also introduced LLMSwin, which fuses prompt-
conditioned report representations with multi-scale SwinUNETR volumetric fea-
tures [4] via two-way transformer fusion. Across multi-institutional stroke MRI,
LeG-RAG improves attribute agreement and ASPECTS-based consistency [1,
10], while LLMSwin achieves state-of-the-art segmentation across text availabil-
ity settings.
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