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Abstract. Automatic medical report generation (MRG) holds promise for allevi-

ating radiologists’ workload, which has spurred growing interest in MRG for 

stroke diagnosis. However, existing approaches often fail to effectively model its 

long-range spatial dependencies and suppress phase-level noise in multi-slice se-

quences, leading to diluted pathological signals and unstable cross-modal align-

ment. To address this, we propose a novel framework integrating a progressive 

fusion mechanism (PFM) and intermediate state refinement via contrastive align-

ment (ISRCA), inspired by radiologists' clinical workflow.  PFM progressively 

refines pathological representations through anatomically deviation-aware adap-

tive weighting, suppressing noise from normal slices while enhancing salient ab-

normalities from local deviations to global context integration. ISRCA adopts a 

teacher-student distillation approach using contrastive learning to mitigate noise 

propagation and stabilize intermediate report features.  Experimental results on 

two stroke imaging datasets demonstrate that our method outperforms existing 

approaches in natural language generation (NLG) metrics, highlighting the effec-

tiveness of PFM and ISRCA in handling long-sequence medical images and ad-

vancing stroke imaging report generation. 

Keywords: Report Generation, Contrastive Refinement, Cross-modal Align-

ment, Large Language Models. 

1 Introduction 

Automatic medical report generation (MRG) aims to leverage the growing volume of 

medical data to alleviate radiologists’ workload and support clinical decision-making. 
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The majority of existing work has focused on generating radiology reports from chest 

X-rays (CXR)[1]-[5], typically using only one or a few images, with an emphasis on 

identifying localized lesions and achieving basic cross-modal alignment [6]-[8]. In re-

cent years, however, brain report generation has garnered increasing clinical attention 

[3], [9], [10], spurring growing interest in MRG for stroke diagnosis. This task presents 

a fundamentally different challenge: unlike CXR, stroke assessment requires radiolo-

gists to examine numerous magnetic resonance imaging (MRI) slices across multiple 

anatomical planes and scanning phases to accurately evaluate lesion location, extent, 

and severity. Modeling such long-sequence, multi-slice imaging data imposes signifi-

cantly higher demands on both feature extraction and cross-modal semantic alignment. 

Specially, the model must effectively aggregate critical pathological features across 

phases without overlooking subtle yet clinically significant abnormalities [11]; Further-

more, the abundance of image data risks introducing redundant or even distracting in-

formation, complicating the diagnostic reasoning process [8]. Consequently, achieving 

precise feature representation and robust cross-modal alignment in this complex, se-

quential imaging context remains a key challenge in the field [8], [11]. 

Current MRG approaches predominantly adopt an encoder–decoder paradigm, in 

which medical images are first encoded into visual features, which are then fed into a 

text decoder to automatically produce diagnostic reports. Early methods, such as 

HRNN and Up-Down, employed LSTM-based architectures to sequentially decode 

these visual representations. Subsequent advances, including WCL and WGAM, intro-

duced weakly supervised learning to better localize pathological regions. More re-

cently, Transformer-based frameworks, such as R2GenCMN and XProNet, have sig-

nificantly improved cross-modal semantic alignment through memory-augmented 

mechanisms and hierarchical attention structures. To further enhance alignment be-

tween visual and textual modalities, researchers have proposed various strategies: inte-

grating diagnostic labels or external knowledge bases on the image side to distinguish 

normal from abnormal regions, leveraging textual hierarchies to guide report genera-

tion, and designing granularity-aware modules or hybrid retrieval techniques (e.g., 

WGAM-HI [7]) to improve semantic consistency. While these methods achieve strong 

performance in single-phase or small-scale imaging scenarios, e.g., those involving one 

or a few CXR images, they struggle when applied to long-sequence medical imaging. 

In such settings,  the sheer volume of input slices leads to phase-level information di-

lution, while redundant or noisy data accumulates across stages, degrading model per-

formance. 

Building upon advances in large language models, multimodal large language mod-

els (MLLMs) have revolutionized the field. LLaVA-Med [12] and HILT [13] have 

demonstrated the potential of LLMs (e.g., LLaMA3-8B) for medical vision–language 

tasks, while instruction-tuned frameworks such as PromptMR [14] have achieved state-

of-the-art results by aligning visual features with LLM embeddings. Concurrently, 

models like mPLUG-Owl [11], Qwen2-VL [15], and InternVL2.5 [16] have extended 

these capabilities to multi-image understanding, and studies including R2Gengpt [3] 

have explored LLM-based chest X-ray report generation. Despite these advances, mod-

eling and progressively aligning multi-phase image sequences within LLMs remains  
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Fig. 1. ProFuseGPT employs ISRCA (blue) to generate 
(1)
midR  via anatomically deviation-aware 

adaptive weighting, integrates PFM (green) for adaptive weighting and cross-attention refine-

ment of intermediate features, and generates diagnostic reports via encoder (yellow) and decoder 

(pink); iterative contrastive learning uses the optimal projection layer as teacher. 

highly challenging [8], particularly in medical domains where sequential image coher-

ence is critical for accurate diagnosis. 

Motivated by the above challenges in stroke imaging report generation, we propose 

a novel framework integrating the progressive fusion mechanism (PFM) for multislice 

feature modeling and intermediate state refinement via contrastive alignment (ISRCA) 

to enhance cross-modal alignment. This framework progressively accumulates diag-

nostic information and mitigates noise propagation across phases, inspired by the radi-

ological workflow. The architecture is illustrated in Fig. 1. Our key contributions are: 

⚫ We propose a two-stage framework for long-sequence stroke imaging report gen-

eration implementing radiologists' diagnostic workflow: global pathological con-

text establishment followed by cross-modal refinement. This design models slice 

dependencies while mitigating noise dilution in lengthy image sequences. 

⚫ We introduce PFM with adaptive weighting based on anatomical deviation. By 

emphasizing slices with atypical patterns relative to learnable reference features, 

PFM enhances pathological saliency and suppresses redundant normal tissue, ad-

dressing the core challenge of noise propagation in multi-slice analysis. 

⚫ We propose ISRCA, which stabilizes intermediate representation learning 

through teacher-student contrastive learning at the first stage. This mechanism 
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prevents error accumulation during progressive refinement and ensures diagnostic 

relevance of intermediate features. 

⚫ Extensive experiments on StrokeQD and CTRG-Brain datasets demonstrate that 

our method outperforms state-of-the-art approaches, including Transformer-

based models and vision-language models, with consistent gains in natural lan-

guage generation (NLG) metrics and clinical accuracy, and we will open-source 

our code upon acceptance to support reproducibility and community research. 

2 Methodology 

2.1 Progressive Fusion Mechanism 

Inspired by radiologists' diagnostic workflow, where initial global assessment of the 

full image sequence is followed by focused refinement of salient pathological details, 

we propose progressive fusion mechanism (PFM), which implements this two-phase 

clinical reasoning through two functionally progressive stages ( 2T = ). These stages 

embody radiologists' progressive refinement principle: Stage 1 establishes a global 

pathological context from the complete sequence, while Stage 2 performs cross-modal 

refinement between visual features and intermediate textual representations to  enhance 

diagnostic specificity. This design captures progressive information refinement through 

representation-level evolution, making it particularly suitable for long-sequence medi-

cal imaging where global context is diagnostically indispensable. 

Given that non-lesion content dominates clinical imaging sequences, we introduce 

an adaptive weighting mechanism to suppress redundant normal tissue representations 

while enhancing diagnostically relevant patterns. A pre-trained Swin Transformer [17] 

encoder extracts features d
i Z   from each image iI , where d  denotes the feature 

dimensionality. We compute a reference feature 
ref dZ   representing typical ana-

tomical patterns, initialized as the centroid of visual features from 500 expert-labeled 

slices annotated as lesion-free. During training, 
ref

Z  is maintained as a learnable pa-

rameter with L2 regularization ( ref 0.01 = ) to preserve anatomical consistency while 

adapting to dataset-specific characteristics. The adaptive feature aggregation at stage t  

is: 
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where N  is the total number of input images, and ( )t
iw  denotes the adaptive weight 

assigned to slice i  at stage t , computed based on its deviation from the anatomical 

reference. This weighting mechanism effectively enhances feature diversity by ampli-

fying contributions from slices exhibiting atypical patterns while suppressing redundant 

normal tissue representations, providing an efficient strategy for pathological saliency 
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enhancement in long-sequence medical image analysis. A trainable projection matrix 
proj hd d

W


  maps the aggregated visual features into the language model's embed-

ding space ( )t , where hd  denotes the hidden dimension of the language model: 
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where align d dW   is a learnable projection matrix that aligns the cross-modal fea-

ture mult
2Z  to the same dimensional space as visual features for residual connection, 

and mult
2Z  represents the cross-modal feature obtained through multi-head cross-atten-

tion between current visual features and the intermediate report representation from the 

previous stage. 

Stage 1: Global Pathological Assessment.  At the initial stage ( 1t = ), the Swin Trans-

former encoder extracts features from all N  slices. These features are adaptively ag-

gregated using the weights defined in Eq. (1) to obtain 1Z , which emphasizes regions 

with significant deviation from typical anatomy. The projected feature 
proj

1(1)H W Z=   is then concatenated with the instruction prompt pX  ("Generate a 

comprehensive stroke imaging diagnosis report") to form the initial input sequence: 
(1) { : Img (1) /Img , }p pW Human H X=     . After tokenization and embedding, this input 

is processed by the language model to produce the intermediate report representation 
mid,(1) hidden (1)LLM ( ; )p cR W = , which captures the global pathological context. 

Stage 2: Cross-Modal Feature Refinement.  In the refinement stage ( 2t = ), the cur-

rent aggregated visual feature 2Z  (computed using identical weighting as Eq. (1)) is 

fused with the intermediate report representation 
mid,(1)R  generated from stage 1. This 

fusion is performed through a multi-head cross-attention mechanism (MHCA) that en-

ables deep integration between visual and textual modalities. For each attention head i  

(1 i h  , where h  denotes the number of attention heads), the query, key, and value 

matrices are computed as: 

 mid,(1) mid,(1)
2 , ,,Q K V

i i i i i iQ W Z K W R V W R= = =   (3) 

where kd dQ
iW


  projects visual features to query space, and , k hd dK V

i iW W


  

project textual features to key and value spaces, with kd  denoting the dimensionality 
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of each attention head and output restored to 
d . The cross-modal feature for each 

head is then computed as: 
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where Concat( )  denotes the concatenation operation across all attention heads, and 

khd dOW


  is a learnable output projection matrix that combines the multi-head out-

puts into a unified representation. The refined feature mult
2 2Z Z+  is then projected into 

the language model's embedding space via projW  to obtain (2)H , which serves as the 

enhanced visual input for final report generation. 

Report Generation. At the final stage ( 2t = ), the complete input sequence is con-

structed as 
(2) {Human: Img (2) /Img , , }p p rW H X X=     , where rX  denotes the 

ground-truth diagnostic report. During training, the language modeling loss is com-

puted using masked language modeling, where only tokens corresponding to the report 

portion are considered for optimization. The negative log-likelihood loss is formulated 

as: 

  nll (2) (2)

1

( ; ) log ( | , ),

n

p i p i

i

W p x W X 

=

= −  (5) 

where   represents all trainable parameters, ix  denotes the i -th token in the ground-

truth report, and iX  represents all preceding tokens in the report sequence. 

 

2.2 Contrastive Optimization for Intermediate State Refinement 

To address the challenge that intermediate features in PFM receive supervision only 

through the final report loss, potentially leading to error propagation and suboptimal 

intermediate representations, we introduce intermediate state refinement via contras-

tive alignment (ISRCA). Motivated by our observation that progressive fusion exhibits 

low decoding confidence and suboptimal NLG metrics during early training epochs, 

we employ the projection layer from an initially trained single-stage variant of our 

framework that demonstrates robust pathological encoding as a frozen teacher to guide 

the student model through divergence minimization. Specifically, we select the projec-

tion layer output at stage 1t =  (i.e., teac (1)H ) as the reference for intermediate feature 

alignment. 

During training, the student model aligns its intermediate projection stud (1)H  with 

the teacher's counterpart teac (1)H  using contrastive learning. Formally, the student's 
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feature stud (1)q H=  serves as the query, the teacher's feature teac (1)k H+ =  serves as 

the positive sample, and other student features within the same mini-batch serve as 

negative samples { }k− . The InfoNCE loss [22] measures the normalized similarity be-

tween query and samples: 

  InfoNCE exp( ( , ) / )
( , ) log ,

exp( ( , ) / ) exp( ( , ) / )

k

sim q k
q k

sim q k sim q k



 
−

+
+

+ −
= −

+
  (6) 

where ( )sim   denotes cosine similarity and 0.07 =  is a temperature hyperparameter. 

The total training objective integrates three components, the final report generation loss 
 nll , the contrastive refinement loss  InfoNCE , and the reference feature regularization 

loss  ref reg ref ref ,(0) 2
2= −Z Z‖ ‖ , into a unified objective: 

  total  nll  InfoNCE  ref , 0.5, 0.01.   = + + = =  (7) 

This multi-objective optimization strategy ensures that intermediate representations 

maintain diagnostic relevance throughout training, thereby enhancing the model's abil-

ity to generate accurate and clinically relevant reports. 

3 EXPERIMENTS 

3.1 Experimental Setup 

Dataset. In this study, we evaluate our model on two medical imaging datasets: the 

publicly available StrokeQD dataset [23] for ischemic stroke imaging report generation, 

and the newly introduced CTRG-Brain dataset [24] for brain CT report generation. The 

StrokeQD dataset contains 22,626 MRI-DWI images and corresponding diagnostic re-

ports from 1,181 anonymized ischemic stroke patients, curated by a medical consor-

tium. To ensure consistent report length, we analyzed the text distribution and followed 

a standard 7:2:1 split for training, validation, and testing [25]. The CTRG-Brain dataset 

comprises 6,000 Chinese medical reports and a total of 160,336 brain CT images. We 

adopt the mainstream data partitioning strategy [7], splitting the dataset into training, 

validation, and test sets at a ratio of 7:1:2. Following prior practice [8], we select 24 

representative slices from each scan for structured input. 

Implementation Details. For feature extraction, we use a pretrained Swin Trans-

former1 with a hidden dimension of 1,024, and for text generation, we employ the 

Llama3-Chinese-8B model2  [26], optimized for Chinese medical text. A learnable 

 
1 https://huggingface.co/microsoft/swin-base-patch4-window7-224 
2 https://huggingface.co/FlagAlpha/Llama3-Chinese-8B-Instruct 
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projection layer aligns visual features with the LLM embedding space. Training follows 

two independent rounds: (i) PFM pretraining, 75 epochs optimizing projection/fusion 

layers with frozen vision encoder and LLM; the checkpoint exhibiting optimal diag-

nostic token confidence and balanced NLG metrics on validation set is frozen as 

teacher; (ii) ISRCA refinement, a randomly initialized student trains for 75 epochs under 

frozen teacher guidance via InfoNCE alignment of intermediate projections (1)H , 

alongside cross-entropy loss. Both stages employ AdamW ( 41 10lr −=  ) with cosine 

annealing. 
ref

Z  is updated at 55 10−  with L2 regularization ( reg 0.01 = ). During in-

ference, beam search (width=3) generates reports with two progressive fusion stages. 

Table 1. Performance comparison of proposed ProFuseGPT with other SOTA models. 

Dataset Methods B1 B2 B3 B4 RG M C F1 

StrokeQD 

R2GEN†[1] 48.2 36.6 29.0 23.1 44.3 28.4 42.7 – 

R2GENCMN†[2] 46.2 33.6 25.8 20.0 41.6 27.4 46.7 – 

R2GENGPT†[3] 51.1 39.6 32.0 25.9 47.1 29.6 44.7 – 

TSGEТ†[4] 47.3 35.4 27.8 22.3 43.9 28.4 52.5 – 

Qwen2-VL-7b†[15] 45.6 35.8 29.4 24.1 47.0 28.3 50.0 – 

InternVL2.5-8b†[16] 49.8 38.7 30.9 24.7 46.7 29.5 53.6 – 

OURS(ProFuseGPT) 52.0 40.7 33.1 26.9 47.8 30.2 59.4 – 

CTRG-Brain 

R2GEN†[1] 48.9 40.8 35.6 31.6 53.3 30.4 77.7 74.7 

R2GENCMN[2] 49.1 40.0 34.4 30.1 48.6 29.9 84.2 69.8 

R2GENGPT†[3] 51.2 43.1 37.8 33.5 53.8 31.7 85.2 73.8 

TSGET†[4] 51.4 42.6 36.7 32.0 52.4 31.3 79.9 75.9 

Qwen2-VL-7b†[15] 50.1 41.5 35.7 31.2 50.7 30.3 66.5 69.8 

InternVL2.5-8b†[16] 50.5 40.9 34.9 30.2 48.4 30.2 46.6 74.7 

HRNN[18] 42.3 28.3 21.2 17.1 39.3 27.2 20.9 70.2 

Up-Down[19] 45.8 34.8 28.5 24.4 42.5 31.6 27.3 70.2 

WCL[20] 49.5 36.5 29.4 25.1 42.8 31.3 33.3 64.5 

XProNet[21] 50.6 41.3 34.4 29.1 51.7 31.5 83.3 70.1 

WGAM[6] 49.4 36.7 29.6 25.4 42.4 32.0 31.9 68.9 

WGAM-HI[7] 50.4 39.3 30.5 26.1 43.8 31.4 33.2 67.4 

LLaVA-med[12] 50.0 39.3 32.0 26.3 46.7 31.4 38.6 64.3 

HILT[13] 50.7 39.9 33.1 27.9 46.1 30.8 43.7 68.4 

PromptMRG[14] 48.1 38.3 31.6 26.5 47.4 31.0 50.3 69.2 

SDSC[8] 51.5 42.0 35.7 30.9 49.0 31.4 80.0 70.6 

OURS(ProFuseGPT) 52.3 44.0 38.5 34.1 53.9 32.0 87.2 76.5 

† denotes re-implementation results. 

Evaluation Metrics. We evaluate the generated reports using various NLG metrics, 

computed by the pycocoevalcap tool 3 . These metrics include BLEU(B)[27], 

METEOR(M) [28], ROUGE(RG) [29], and CIDEr(C) [30]. To measure pathological 

accuracy, we compute a Clinical Evaluation (CE) F1 score based on 24 expert-

 
3 https://github.com/tylin/coco-caption 
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identified keywords [7], which is only applied to the CTRG-Brain dataset due to the 

absence of structured pathology terms in StrokeQD. 

 

3.2 Comparison with State-of-the-Art Methods 

We compare ProFuseGPT with methods on StrokeQD and CTRG-Brain, including 

CNN-LSTM-based (HRNN [18], Up-Down [19]), Transformer-based (R2GEN [1], 

R2GENCMN [2], XProNet [21]), weakly supervised (WCL [19], WGAM [5], and vi-

sion-language models (LLaVA-med [12], HILT [13], InternVL2.5 [16], SDSC [8]). As 

shown in Table 1, most existing methods struggle to model inter-slice dependencies. 

ProFuseGPT achieves the best performance on both datasets. On StrokeQD, it outper-

forms all baselines with BLEU-4 of 0.269, ROUGE of 0.478, and CIDEr of 0.594. On 

CTRG-Brain, ProFuseGPT achieves BLEU-4 of 0.341, ROUGE of 0.539, and F1 of 

0.765, demonstrating its superiority in medical report generation. 

Table 2. Ablation studies: Base (Uniform Average), +PFM (progressive fusion),  +ISRCA 

(full model). 

Model 
StrokeQD 

B1 B2 B3 B4 RG M C 

Base 49.5 38.4 31.3 25.6 46.8 29.1 46.8 

+PFM 51.4 40.0 32.2 26.1 46.8 29.9 50.5 

+ISRCA 52.0 40.7 33.1 26.9 47.8 30.2 59.4 

Model 
CTRG-Brain 

B1 B2 B3 B4 RG M C/F1 

Base 50.4 42.4 37.2 33.1 53.4 31.2 84.1/74.4 

+PFM 51.7 43.5 38.1 33.8 53.7 31.2 87.2/75.3 

+ISRCA 52.3 44.0 38.5 34.1 53.9 32.0 87.2/76.5 

 

3.3 Ablation Study 

Ablation Study I: Component Contribution Analysis. We conduct comprehensive 

ablation studies on StrokeQD and CTRG-Brain datasets to evaluate the contribution of 

each proposed component. As shown in Table 2, we define three configurations: Base 

(Uniform Average of all slice features), +PFM, and +ISRCA. Results demonstrate con-

sistent performance improvement from adding each component. On StrokeQD, PFM 

improves average NLG metrics by +3.5%, while the full ISRCA model achieves a sub-

stantial gain of +8.5%. On CTRG-Brain, PFM elevates average NLG metrics by +2.2% 

and improves clinical F1 by +1.2%, whereas ISRCA further boosts NLG metrics by 

+3.1% and clinical F1 by +2.8%. To further analyze the PFM mechanism, we compare  



10  S. Shen et al. 

 
(a)                                                  (b) 

Fig. 2. (a) Component ablation: Base (Uniform Average), Deviation-Aware, and PFM. PFM 

achieves optimal performance, confirming complementary benefits of anatomical deviation 

weighting and cross-modal refinement. (b) Early-training convergence (epochs 0–20): ISRCA 

consistently improves Average scores on both StrokeQD and CTRG-Brain. 

three feature aggregation variants in Fig. 2 (a): Uniform Average, Deviation-Aware 

(adaptive weighting only), and full PFM. The results show that PFM achieves optimal 

performance, confirming the complementary benefits of anatomical deviation 

weighting and cross-modal refinement. These findings collectively demonstrate that 

PFM and ISRCA are complementary mechanisms essential for long-sequence medical 

image understanding. 

Ablation Study II: Component-wise Mechanism Analysis. We conduct a compo-

nent-wise analysis comparing two configurations: (i) PFM alone (without curriculum 

guidance), and (ii) the full model integrating PFM with the ISRCA instance-sequencing  

mechanism. The analysis focuses on the critical early-training phase (epochs 0-20), 

where optimization trajectories are established. As shown in Fig. 2(b), ISRCA yields 

consistent gains over the PFM baseline within this period. Specifically, the average 

NLG score increases by +3.8% (from 0.339 to 0.352) on StrokeQD, while average score 

improves by +3.1% (from 0.454 to 0.468) on CTRG-Brain. This demonstrates that 

ISRCA's anatomy-guided instance sequencing stabilizes representation learning during 

early optimization. Performance advantages established in this early phase propagate 

to final convergence, directly contributing to the improved report generation quality 

observed in Table 2. 
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Fig. 3. Token probability evolution and report generation for anatomical regions using different 

features. 

Ablation Study III: Token-level Confidence Analysis. Token-level analysis demon-

strates PFM's stage-wise anatomical mislocalization correction. Fig. 3 shows the Uni-

form Average of all slice feature baseline mislocalizes lesions to the left frontal region 

(left: 0.82, frontal: 0.56, lobe: 0.78) and generic parenchyma (cerebrum: 0.68, paren-

chyma: 0.68). Stage 1 (Deviation-Aware Aggregation) detects right-sided abnormali-

ties but erroneously attributes pathology to the medulla (tokens: 0.38/0.81), while iden-

tifying supratentorial white matter involvement (bilateral: 0.21, tentorial: 0.58, su-

pratentorial: 0.99, white matter: 0.90/0.98). Stage 2 (Context-Aware Refinement) cor-

rects localization to the clinically accurate right basal ganglia region, with its four-token 

sequence scoring 0.32, 0.99, 0.98, and 0.39; the middle tokens representing core anat-

omy achieve high confidence (0.99/0.98). Critically, medulla tokens vanish at Stage 2. 

Pathological descriptors progressively refine: "bilateral" confidence rises from 0.21 to 

0.57, and the unstable pattern token in "patchy-dot" lesions (0.31 at Stage 1) stabilizes 

to 0.92/0.99 at Stage 2. DWI hyperintensity maintains high confidence across stages 

(DWI:0.99), contrasting with the baseline's inconsistent detection (0.76 for primary le-

sion). This evolution validates PFM's two-stage clinical reasoning, initial deviation de-

tection followed by cross-modal refinement that eliminates anatomical hallucinations 

while preserving pathological specificity. 
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4 Conclusion 

We propose ProFuseGPT, a framework integrating PFM with ISRCA for long-se-

quence stroke report generation. PFM implements radiologist-inspired two-stage rea-

soning through anatomically deviation-aware weighting, while ISRCA stabilizes inter-

mediate representations via teacher-student contrastive learning. Experiments on 

StrokeQD and CTRG-Brain demonstrate consistent superiority over state-of-the-art 

methods, achieving BLEU-4 of 26.9 and CIDEr of 59.4 on StrokeQD, and BLEU-4 of 

34.1 with clinical F1 of 76.5 on CTRG-Brain (all metrics × 100 scaled). Ablation stud-

ies confirm complementary component benefits and ISRCA's early-training conver-

gence acceleration (+3.8%/+3.1% gains in epochs 0-20). The framework effectively 

balances global pathological context modeling with cross-modal refinement. Future 

work will extend to multi-modal integration and clinician evaluation for clinical de-

ployment.  
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