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Abstract. Automated Late Gadolinium Enhancement (LGE) MRI re-
port generation is clinically important for supporting structured cardiac
assessment and improving diagnostic efficiency. However, existing meth-
ods predominantly rely on CLIP-style global vision—language alignment,
which captures coarse image-level semantics but fails to model region-
level scar enhancement patterns and cross-slice structural continuity es-
sential for reliable LGE interpretation. To address this limitation, we pro-
pose Global-Local Structure-Aware Alignment for LGE Report Genera-
tion (GLSA-RG). The framework introduces a unified Structural Graph
Representation to encode intra-slice regional interactions, cross-slice con-
tinuity, and structured textual dependencies. Building upon these rep-
resentations, a novel Structure-Aware Graph Alignment mechanism per-
forms fine-grained multi-instance contrastive alignment, complementing
global volume-report supervision. This global-local alignment strategy
enables explicit structure-consistent cross-modal correspondence while
preserving overall semantic coherence. Extensive experiments on two
clinical datasets demonstrate that GLSA-RG better captures subtle my-
ocardial enhancement patterns and maintains cross-slice structural con-
sistency, resulting in clinically more reliable LGE MRI reports.

Keywords: Late Gadolinium Enhancement - Report Generation - Global-
Local Structure-Aware Alignment.

1 Introduction

Late Gadolinium Enhancement (LGE) has become the clinical gold standard for
identifying myocardial scar and fibrosis [7I5]. Accurate interpretation of LGE
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images is indispensable for treatment planning in patients with cardiovascular
diseases. Clinicians perform detailed slice-by-slice assessment while simultane-
ously integrating information across slices to form a global interpretation, ren-
dering the process time-consuming and operator-dependent [6/TT]. Consequently,
automated LGE report generation holds substantial potential for improving di-
agnostic efficiency and supporting standardized clinical workflows.

(a) Problem: Subtle local enhancement and three-dimensional spatial contimiity make LGE interpretation challenging.
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Fig.1. (a) LGE images present subtle and complex patterns. (b) These characteris-
tics pose challenges for automated report generation. (¢) Our method addresses these
challenges to produce more reliable reports.

Recent multimodal large language models (MLLMSs) have shown promising
performance in medical report generation [12I2325]. However, reliable LGE re-
port generation remains challenging (Fig. ) While these approaches perform
well on 2D imaging modalities [22I14], they typically operate on single-image
inputs and lack volume-level reasoning capability [I3]. As shown in Fig. [I(b),
existing CT and MRI report generation frameworks generally adopt volumetric
visual encoders and compress volume features into a single global representation,
performing CLIP-style global semantic alignment between the volume and the
report [2/24]. However, given that 3D medical image-text datasets are substan-
tially smaller than natural image—text corpora, reliance on global compression
and global alignment may weaken fine-grained structural representations, caus-
ing subtle yet clinically critical pathological patterns to be overshadowed by
dominant global semantics [I9]. To mitigate this limitation, several approaches
introduce 2D-enhanced mechanisms within 3D modeling frameworks, such as
Med-2E3 [21I] and HSENet [19], which encode volumetric data and individual
slices separately and fuse them at the feature level to incorporate both global
context and local visual details. Although such designs improve representational
capacity, they remain based on feature-level aggregation, leading to insufficient
modeling of fine-grained spatial dependencies and cross-slice structural consis-
tency.

To address this limitation, we propose Global-Local Structure-Aware Align-
ment for LGE Report Generation (GLSA-RG), a framework that shifts from
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purely global semantic matching to explicit structure-aware cross-modal align-
ment. GLSA-RG consists of two key components. As shown in Fig. 2] we in-
troduce a unified Structural Graph Representation (SGR) module to ex-
plicitly model anatomical structure in both visual and textual modalities. For
volumetric images, we model intra-slice regional interactions to preserve lo-
cal enhancement patterns and inter-slice dependencies to maintain short-axis
continuity. For textual reports, we organize descriptions into a standardized
myocardial segment graph, providing structured anchors for fine-grained cor-
respondence. However, structural modeling alone does not guarantee that corre-
sponding visual and textual structures are consistently aligned. We therefore
propose a Structure-Constrained Alignment (SCA) module, which en-
forces cross-modal alignment between structure-aware representations, jointly
optimized with global volume-report alignment. By explicitly coupling struc-
tural representation learning with structure-constrained alignment, GLSA-RG
enables reliable and clinically consistent LGE report generation. Our main
contributions are:

1. We propose a global-local structure-aware alignment framework for LGE
report generation, which integrates unified structural graph representations
with structure-constrained cross-modal alignment to explicitly model region-
level interactions and spatial continuity beyond global semantic matching.

2. Extensive experiments demonstrate that our method consistently outper-
forms existing approaches across multiple evaluation metrics.

3. We construct a multi-center LGE MRI dataset with paired clinical reports,
addressing the scarcity of data for automated cardiac report generation.

2 Methodology

As illustrated in Fig. 2] GLSA-RG is designed to address the limitations of
global semantic alignment in LGE report generation. The framework comprises
two components. The Structural Graph Representation module builds unified
visual and textual structures through hierarchical graph modeling (Sec. . The
Global-Local Structure-Aware Alignment module aligns them at both global and
structural levels, jointly optimized with report generation (Sec. .

2.1 Structural graph representation module

Global volume representation. As shown in Fig. a), we extract a global
volumetric representation that captures high-level semantic information of the

LGE volume and serves as global supervision during joint training. Let the visual

embedding from the volume encoder be zG%*2 ¢ R? and the corresponding

img
textual embedding be z{loPal € R4,
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Fig.2. Overview of GLSA-RG. (b) and (d) correspond to structural feature learn-
ing: (b) learns hierarchical visual structural representations through intra-slice and
cross-slice graph modeling, while (d) constructs structured textual representations via
a standardized segment-level graph. (a) and (c) perform cross-modal alignment: (a)
captures global volume-report semantic alignment, and (c) establishes structure-aware
graph alignment at the node level. We further adopt a three-stage training paradigm.

Intra-slice graph. The intra-slice graph (ISG) models spatially coherent re-
gional interactions within each short-axis slice by jointly enforcing geometric

. . . . - ZiTN
locality and semantic consistency. Given patch-level features fiq = {a/;} iy from

Ng

i — {aJ
slice d, we construct a node set Vy = {v;};;,

where each node vﬁ corresponds
to patch feature [Lz with in-plane center p), € R2. We project the features into
a shared embedding space using a linear mapping ﬂg = ﬁéW. To avoid dense
and noisy connections, candidate neighbors of vé are restricted to a local geo-

metric neighborhood Nyeo(v) = {v% | [[p, — pk|l2 < 71}, where 71 controls local
spatial continuity within each slice. Within this set, we retain the TopK most
semantically similar patches to form the intra-slice graph, as shown in Eq. :

Nis(v}) = TopK (sim (i}, i)

Us € Ng%(”i)) . (1)

The resulting sparse graph G{iSG = (Vy, E(IiSG) connects only spatially adjacent
patches with consistent enhancement patterns. We then apply a multi-head
graph attention network to aggregate information from Nigg(v}) and obtain
structure-enhanced node representations ufiSG’j , which preserve intra-slice topol-
ogy while improving regional coherence.

Cross-slice graph. To capture structural continuity along the short-axis direc-
tion, we construct a cross-slice graph (CSG) between adjacent slices by modeling
geometric alignment and semantic correspondence. Given structure-enhanced

node features ,u;SG’j and ,uZSJrGl’k from slices d and d+1, with in-plane patch cen-

ters p{p p’jH € R?, we linearly project the features into a shared matching space
before cross-slice attention. Cross-slice connections are restricted to spatially
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aligned patches, as shown in Eq. :

Nesa () = {vi |19y — Pl llz < r2}, (2)

where ro controls inter-slice spatial tolerance. A distance-aware prior is incor-
porated into attention to softly favor better-aligned patches. Graph attention is
then applied over Ncsg(v]) to aggregate cross-slice information. By connecting
only adjacent slices, CSG enforces short-axis continuity, while stacking multiple
layers enables progressive information propagation across the volume.

Textual structural graph. As shown in Fig. 2k, We construct a Textual
Structural Graph (TSG) based on the standardized AHA 17-segment myocardial
model [4]. Each node corresponds to a predefined myocardial segment, serving
as a clinically standardized indexing scheme to organize report descriptions in a
consistent structural space across samples. The graph topology follows the adja-
cency relations defined in the AHA model, connecting segments within the same
circumferential ring or adjacent rings to reflect spatial proximity in a standard-
ized cardiac layout. Additionally, corpus-level co-occurrence statistics from the
training reports are incorporated as fixed auxiliary edges to reinforce frequently
co-mentioned segment pairs. Let H'*** € RN¢*4 denote the initial segment-level
embeddings. A multi-layer graph attention network propagates contextual infor-
mation over the predefined graph:

HFY = GATO(HY | A), (3)

where A encodes the predefined structural adjacency. The resulting embeddings
capture structured textual dependencies that facilitate fine-grained alignment.

2.2 Global-local structure-aware alignment

Global volume-report alignment. Let zfn’; and zg;ft denote the global image
and text embeddings of the i-th sample in a mini-batch of size B. Following
common paradigms [I8], we optimize a symmetric InfoNCE objective [16]:

o= L[, ewmEi s explsim(a, 2fi)/)
2B — Soim exp(sim(zng, 20t ) /7) Soim exp(sim(zi, z0) /7)
(4)
Structure-aware graph alignment. Let {zleZgn} " and {h57 3Nt denote

structure-aware visual node features and textual structural node features7 respec-
tively. Inspired by attention-based multiple instance learning [10], we compute a

_ . i,m L,i,n
soft correspondence for each textual node w; , », = softmax,, (Slm(htext, Zine )/ T) .

Fine-grained structure—aware alignment is achieved via the multi-instance objec-
tive, as shown in Eq. .

B N

Lsaa = —72 > log

i=1 m=1 Z] 12 vleXp(SIm(h:e?:ta 1r;1jgn)/7_)

1 Wi, m,n eXP(Slm(h e:?tv ﬁnlgn)/T)

()
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Overall objective. We supervise report generation with an autoregressive
cross-entropy loss conditioned on both global and structure-aware visual rep-
resentations:

B T,
1 - Gi Ly
Lre = =3 2 D 1og P(yit | yicr: {Zhi g} ) - (6)
i=1 t=1
where zZ** and z% denote the global and structure-aware visual embeddings of

img img

the i-th sample. The final objective jointly optimizes global alignment Eq. ,
structure-aware alignment Eq. , and report generation Eq. @, as shown in
Eq. @:

Liotal = MLava + A2Lsca + Lra- (7)

3 Experiments

Datasets: We retrospectively collected cardiac MRI data from 2,038 patients
across two clinical centers, each including a short-axis LGE (SAX LGE) se-
quence and its corresponding diagnostic report. The development cohort (n =
1,870, split into training, validation, and test sets with a ratio of 8:1:1) includes
normal, myocardial infarction, and dilated cardiomyopathy (DCM) cases. The
external cohort (n = 168) primarily comprises DCM cases to evaluate generaliza-
tion under clinical domain shift. Variations in report terminology, granularity,
and imaging vendors (Siemens vs. Philips) introduce substantial heterogene-
ity across centers, providing a challenging setting for robustness evaluation. All
images were converted to NIfTI format with spatial metadata preserved, and
volumes were cropped to 256 x 256 pixels during training to optimize computa-
tional efficiency.

Implementation details and evaluation metrics: We adopt DCFormer [I]
as the visual encoder and ClinicalBERT [J] as the report encoder, training the
model for 50 epochs with a weight decay of 0.1. For report generation, we use
Qwen2.5-7B-Instruct [26] as the language backbone. During instruction tuning,
the visual encoder and language model are frozen, and only the multimodal
MLP adapter is trained for 3 epochs with a batch size of 16 and a learning
rate of 1 x 107%. In the final fine-tuning stage, we apply LoRA [8] with rank
16, scaling factor a = 32, and dropout 0.05, updating only the LoRA mod-
ules and projection layers. All experiments are implemented using PyTorch and
trained on two NVIDIA A800 GPUs with DeepSpeed ZeRO-2 and BF16 mixed
precision. By default, we set Ay = 0.5 and A2 = 0.3 to balance the different
loss terms. Performance is measured via BLEU (BL) [I7], ROUGE (RG) [I5],
METEOR (MTR) [3], and BERTScore (BERT) [27]. The code is available at
https://github.com/luxiaozhou89-netizen/GLSA-RG. In addition, we used
GPT-5 with structured prompts to automatically evaluate the clinical accuracy
and consistency of the reports, reported as LLMScore (LLM), providing a com-
plementary assessment to traditional NLG metrics [2].
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Table 1. Comparison with state-of-the-art methods on two datasets. T denotes models
retrained using Dataset A (training set).

Dataset A (Internal Test)

Model BL-1 BL-2 BL-3 BL-4 RG-1 RG-L MTR BERT LLM
M3DF 2] 13.20 10.60 839 6.27 2397 21.54 29.11 70.82 21.87
MedM-VL! [20] 18.29 13.32 10.71 5.42 21.70 20.95 27.18 82.14 29.44
Med-2E3T[21] 20.21 17.30 14.36 10.86 33.34 27.30 29.21 84.21 30.11
Med3DVLM' [24] 36.18 30.28 24.47 19.93 55.12 50.33 47.92 86.78 44.10
HSENet! [19] 28.89 22.36 18.16 14.14 48.93 44.02 41.26 86.15 40.49

GLSA-RG (Ours) 41.13 34.43 27.83 22.83 58.70 54.31 53.28 92.63 48.49

Dataset B (External Validation)

M3D [2] 8.62 417 1.21 0.19 10.76 13.21 19.66 66.51 15.23
MedM-VL [20] 14.29 1032 6.71 142 1870 17.95 25.18 79.04 26.17
Med-2E3 |21] 15.58 10.57 7.64 2.09 21.52 20.12 27.33 81.11 29.71
Med3DVLM [24] 27.61 22.55 17.16 12.22 38.68 37.83 47.46 83.45 40.11
HSENet [19] 20.46 16.36 10.93 6.40 30.55 28.18 34.96 81.96 38.21

GLSA-RG (Ours) 35.61 28.01 23.35 17.77 45.38 49.46 47.06 88.69 43.93

Comparison with state-of-the-art methods: As shown in Table [I} GLSA-
RG consistently outperforms recent 3D medical MLLMs on both datasets. Our
method achieves the best performance across all metrics, improving BL-4 from
19.93 (Med3DVLM) to 22.83 and ROUGE-L to 54.31. It also attains the highest
BERTScore (92.63) and LLM-based score (48.49), indicating superior seman-
tic fidelity and clinical coherence. Under cross-center domain shift, GLSA-RG
maintains clear margins, raising BL-4 from 12.22 to 17.77 and BERTScore from
83.45 to 88.69 compared to the strongest baseline. The stable improvements in
MTR and LLM-based evaluation further indicate that structure-aware align-
ment generalizes well beyond the training distribution. Overall, the results on
both datasets demonstrate that explicitly modeling structural representations
and performing structure-constrained alignment substantially improves clinical
description accuracy and cross-domain robustness. Fig. [3| presents a representa-
tive qualitative example, where our method better captures subtle enhancement
patterns (e.g., apical inferior wall enhancement), reduces localization errors,
and preserves cross-slice continuity, reflecting improved modeling of region-level
and cross-slice enhancement. Nevertheless, over-interpretation may still occur
in cases with severe motion artifacts. Furthermore, an independent assessment
conducted by two cardiologists with over 10 years of clinical experience indicates
that the method achieves better performance in terms of enhancement detection
accuracy and report usability.

Ablation study on proposed sign graph modules: Table a) evaluates
the contribution of the three structural modules. Removing all graph compo-
nents leads to a clear drop across metrics, confirming the necessity of structure-
aware modeling. Without ISG, the CSG+TSG variant yields larger gains on
embedding-based and clinical similarity metrics (MTR, BERT, LLM) but smaller
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Fig. 3. Comparison between the ground truth and generated LGE reports. Color-coded
text corresponds to spatially highlighted enhancement regions. Our method captures
subtle local enhancement patterns and preserves spatial continuity across adjacent
slices, producing more precise and structurally consistent descriptions compared to
existing approaches.

Table 2. Ablation studies of the proposed sign graph framework on Dataset A.

Model BL-1 BL-2 BL-3 BL-4 RG-1 RG-L MTR BERT LLM
(a) Ablation study on sign graph modules

ISGx CSGx TSGx 31.68 26.05 19.47 14.17 50.32 46.44 42.92 86.70 40.03
ISGx CSGv TSGv' 34.04 28.14 22.12 17.80 53.29 48.18 45.18 90.69 42.70
ISGv CSGx TSGv 33.22 26.75 20.46 15.95 52.96 48.14 43.65 91.07 41.21
ISGv' CSGv TSGv' 41.13 34.43 27.83 22.83 58.70 54.31 53.28 92.63 48.49
(b) Ablation study on graph hyperparameters

r1=0,K=6,7o=6 33.26 27.52 21.79 17.41 53.12 48.92 45.43 91.50 43.98
rm=2K=4,ro =4 36.47 30.03 23.60 19.01 54.34 50.83 47.58 91.61 45.15
rm=2,K=4,r,=6 37.23 30.85 24.75 20.09 56.33 51.85 49.32 92.46 46.08
rn=2,K=6,r0 =6 41.13 34.43 27.83 22.83 58.70 54.31 53.28 92.63 48.49
(¢) Ablation study on graph model order

CSG — ISG 39.83 32.97 25.40 21.55 55.14 47.66 45.06 90.47 46.17
ISG — CSG 41.13 34.43 27.83 22.83 58.70 54.31 53.28 92.63 48.49

improvements on n-gram metrics, suggesting limited sensitivity to subtle intra-
slice patterns. Conversely, ISG+TSG improves local coherence yet lacks explicit
cross-slice propagation. Combining ISG, CSG, and TSG consistently performs
best, indicating that intra-slice and cross-slice modeling are complementary.

Ablation study on graph hyperparameters: Table b) studies the hyper-
parameters of ISG and CSG. For ISG, setting 1 = 0 disables geometric locality
and allows TopK neighbors to be selected from the entire slice, effectively intro-
ducing long-range connections. This leads to performance degradation, indicat-
ing that spatial constraints are necessary to preserve meaningful local structure.
Increasing the intra-slice connectivity (K from 4 to 6) consistently improves
results, suggesting that moderately denser local aggregation better captures re-
gional interactions. For CSG, reducing the cross-slice radius (rz) slightly weakens
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performance, implying that sufficient spatial tolerance is required for stable vol-
umetric propagation. Overall, 71 =2, K=6, 7,=6 provides the best balance in our
setting.

Ablation study on graph model order: We also investigate the effect of mod-
ule ordering. As shown in Table c), reversing the default ISG—CSG sequence
leads to substantial degradation across all metrics. This empirically suggests that
establishing reliable intra-slice structure before aggregating cross-slice informa-
tion provides a more stable basis for volumetric reasoning, while the inverse
ordering injects noise into subsequent fusion. These results support ISG—CSG
as the preferred configuration.

4 Conclusion

We propose GLSA-RG, a global-local structure-aware alignment framework for
LGE report generation. By coupling structural graph representations with multi-
instance contrastive alignment, the method enforces fine-grained structural con-
sistency while preserving global semantic coherence. Experiments on two datasets
validate its effectiveness and robustness.
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