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Abstract. Structured clinical report generation for 3D CT requires rea-
soning over long visual contexts while grounding predictions in lesion-
relevant evidence. In practice, multimodal large language models (MLLM)
often suffer from attention dispersion under long visual sequences, where
critical cues are overwhelmed by background tokens, especially in low-
data and imbalanced settings. We present a lesion-aware multimodal
framework that addresses this challenge through two complementary
mechanisms. First, we introduce a lesion-guided attention loss that reg-
ularizes cross-modal attention during training to encourage focus on
lesion-relevant evidence without altering the inference interface. Second,
we propose a compact set of Global Evidence Slots (GES) that sum-
marize long visual sequences via cross-attention pooling and act as an
explicit evidence bottleneck injected into the MLLM input, facilitating
task-dependent routing of visual evidence. Together, these components
form a hierarchical evidence token interface that combines fine-grained
image tokens with compact evidence slots for robust lesion-centric rea-
soning. We evaluate our method on an ovarian tumor CT cohort with
12 structured attributes and validate its generalization on LIDC-IDRI.
Experiments demonstrate consistent improvements over strong baselines.

Keywords: 3D CT - Structured Report Generation - Multimodal Large
Language Models - Lesion-aware Modeling - Hierarchical Evidence Ag-
gregation
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1 Introduction

Accurate and standardized radiology reporting is essential for cancer diagnosis,
treatment planning, and longitudinal management, and structured reporting has
been advocated to encode lesion characteristics into predefined, clinically action-
able attributes [8]. However, producing such reports for 3D CT is time-consuming
and cognitively demanding: diagnostically relevant evidence is localized to a le-
sion, while clinical decisions require integrating multiple attribute-level judg-
ments across volumetric scans. This setting calls for automatic systems that can
reason over long 3D visual contexts in a lesion-centric manner.

Recent multimodal large language models (MLLMs) bridge pretrained LLMs
with visual encoders and demonstrate strong vision-language reasoning [1, 13,
14], with further extensions to medical visual question answering and report
generation [16, 12, 20]. However, most existing MLLMs are designed for 2D im-
ages or short clips. Directly unfolding a CT volume into multi-slice inputs yields
extremely long visual token sequences, where subtle but decisive lesion cues are
easily overwhelmed by irrelevant tokens, leading to an attention dispersion ef-
fect under long visual sequences [5,22,7,10]. Moreover, although lesion masks
or region annotations are often available [17,23,9], existing pipelines typically
treat them only as input-level hints rather than constraints that explicitly shape
cross-modal reasoning, making attention prone to drifting toward statistically
dominant but diagnostically irrelevant regions. This issue is further exacerbated
under limited data and severe class imbalance, where models tend to exhibit
shortcut learning and unstable attribute prediction.

In this work, we target structured clinical attribute prediction for 3D CT
with explicit lesion priors. Concretely, given a CT volume and a lesion mask,
the model answers a structured template of 12 ovarian tumor attributes, and we
further evaluate our method on LIDC-IDRI [2] as an external validation bench-
mark to assess cross-dataset generalization and robustness. This problem setting
exposes three intertwined challenges: (i) attention dispersion under long visual
sequences, (ii) ineffective utilization of lesion priors in cross-modal reasoning,
and (iii) unstable multi-task learning in low-data and imbalanced regimes.

To address these challenges, we use a lightweight 3D-to-MLLM visual inter-
face that represents a volumetric CT scan as a fixed-length set of image tokens,
a design also adopted in recent medical LVLM pipelines such as MedM-VL [19].
On top of this interface, we introduce two complementary mechanisms for robust
lesion-centric multimodal reasoning. First, we propose a lesion-guided attention
loss, a training-time regularization term that constrains cross-modal attention
over image tokens toward lesion-relevant evidence, mitigating attention disper-
sion under long visual sequences and suppressing spurious background correla-
tions, in the spirit of attention-based visual explanation and region-sensitivity
modeling [18]. Second, we introduce a compact set of Global Evidence Slots
(GES), which summarize long visual sequences via cross-attention pooling with
learnable queries and are injected into the MLLM input as an explicit evidence
bottleneck, conceptually related to latent-set and iterative attention representa-
tions [11, 15,10, 6]. Together, fine-grained image tokens and GES form a hier-
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archical evidence token interface that supports efficient and lesion-centric mul-
timodal reasoning. Experiments on ovarian CT and LIDC-IDRI demonstrate
consistent gains across data scales and model backbones.

The contributions of this work are threefold: (1) We develop a lesion-aware
multimodal framework for structured reporting for 3D CT based on a hierar-
chical evidence token interface, which combines fine-grained image tokens
with compact evidence slots to support lesion-centric reasoning under long vi-
sual contexts. (2) We propose a lesion-guided attention loss that regularizes
cross-modal attention during training, encouraging the model to focus on lesion-
relevant evidence and stabilizing optimization in low-data and severely imbal-
anced regimes. (3) We introduce GES obtained via cross-attention pooling and
injected into the MLLM input as an explicit evidence bottleneck, facilitating
task-dependent routing of visual evidence and alleviating attention dispersion
under long visual sequences.

2 Method

2.1 Problem Formulation and Overall Pipeline

Given a 3D CT volume V € REXWXD and its corresponding lesion mask M, our
goal is to predict a structured set of discrete clinical attributes {y;}5_, (with
K =12 for the ovarian cohort). We formulate the task in an instruction-following
manner, where each attribute corresponds to a templated query and the MLLM
generates a categorical answer under a unified prompting protocol.

To enable efficient multimodal reasoning without relying on heavy 3D en-
coders, we use a lightweight 3D-to-MLLM visual interface that represents a vol-
umetric CT scan as a fixed-length set of image tokens. Concretely, slices are
selected using the lesion mask M (MaskZ). For explicit marking, we compute
a 2D minimum enclosing circle from the slice-wise lesion mask (with a small
dilation margin) and overlay it as a white circular contour on the image, provid-
ing a coarse localization cue without modifying the backbone or input channels.
The slices are then encoded by a shared 2D backbone and aggregated into a
fixed number of image tokens via attention pooling. These tokens are projected
into the language embedding space and inserted into the MLLM input as visual
context.

On top of this interface, we introduce two mechanisms to address attention
dispersion under long visual sequences and to enable robust lesion-centric reason-
ing. First, we propose a lesion-guided attention loss that regularizes cross-modal
attention during training, encouraging the model to focus on lesion-relevant evi-
dence while suppressing spurious background correlations. Second, we introduce
a compact set of GES that summarize long visual sequences via cross-attention
pooling and are injected into the MLLM input as an explicit evidence bot-
tleneck, facilitating task-dependent routing of visual evidence. Together, fine-
grained image tokens and GES constitute a hierarchical evidence token interface
that balances detailed visual perception with compact evidence aggregation for
multimodal reasoning.
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An overview of the proposed framework is illustrated in Fig. 1. The following
sections detail the lesion-guided attention loss and the GES.
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Fig. 1. The overall framework of the proposed method.

2.2 Lesion-Guided Attention Loss (Training-Time Regularization)

Mask-guided slice selection and marking bias the input toward lesion evidence
but do not guarantee lesion-focused reasoning. We therefore introduce a lesion-
guided attention loss as a training-time regularizer that constrains cross-modal
attention from text to image tokens.

Let A(“") ¢ RT*4 denote the cross-attention weights from T text tokens to
¢ image tokens. We derive a binary indicator m € {0,1}? by mapping the lesion
mask M to the image-token grid through the pooling alignment. We encourage
attention to concentrate on lesion-relevant tokens by minimizing

1

attn =

Zm log (A +¢€), (1)

t=1 =1

MH

where A denotes the aggregated cross-attention and e is a small constant. The
overall training objective is

L= Ltask + )\ﬁattna (2)

with A controlling the strength of the regularization. This loss is applied during
training and only to image tokens, leaving the inference interface unchanged.

2.3 Global Evidence Slots and Hierarchical Evidence Token
Interface

Even with fixed-length image tokens, clinically critical cues may still be diluted
when the model reasons over long visual contexts. We therefore introduce GES
as a small set of learnable evidence slots that summarize the visual sequence and
provide an explicit bottleneck for task-dependent information routing.
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Cross-attention pooling. Let Z € RL*dene denote the concatenated patch tokens
from all selected slices after 2D encoding. We introduce G learnable queries
Qg € RE*dene and obtain G evidence slots by cross-attention pooling:

H, = MHA(Q,,Z,Z) € RF*%enc . U, = H,W, € RG>, (3)

The resulting U, are learned end-to-end from the downstream objective and act
as compact, content-adaptive summaries of the long visual sequence.

Token injection. Let Uy, denote the text tokens and Uiy, € R9%dmm the fixed-
length image tokens obtained by attention pooling. We inject the evidence slots
and form the multimodal input

X = [Utxt ; Uimg§ Ug] € R(T+q+G)anm7 (4)

where G < ¢. The sequence X is fed into the MLLM to predict structured
attributes autoregressively:

p(y | V) =[] pu | X,y<0)- (5)

In this formulation, fine-grained image tokens and GES jointly constitute a hi-
erarchical evidence token interface, where the evidence slots serve as a compact
bottleneck that preserves detailed visual tokens while enabling task-dependent
routing through summarized evidence.

3 Experiments

3.1 Datasets and Task Definition

Ovarian tumor cohort (contrast-enhanced CT). We curate a real-world
contrast-enhanced pelvic CT cohort with 750 cases, each with a 3D lesion mask
and a radiologist-annotated structured template of 12 lesion-centric attributes
covering morphology, internal composition, and malignancy-related assessment.
The attributes include boundary, shape, composition, cyst wall, locularity, sep-
tation, cystic density homogeneity, mural nodules, solid component, intralesional
fat, intralesional hemorrhage, and an overall malignancy decision (with condi-
tional N.A. labels for inapplicable cases). The label distribution is highly imbal-
anced, with dominant categories reaching ~80% and rare ones below ~5%.
LIDC-IDRI (nodule-level attributes). We build a nodule-level benchmark
from LIDC-IDRI with reliable masks and annotations, using a structured tem-
plate of 9 attributes (subtlety, internal structure, calcification, sphericity, mar-
gin, lobulation, spiculation, texture, and malignancy). Continuous scores are
discretized into three-level categories, and malignancy is mapped to benign, ma-
lignant, or indeterminate, providing a cross-dataset generalization test distinct
from ovarian CT.

Problem formulation. For each volume, the model predicts a structured set
of answers by treating each attribute as an instruction-following query. Perfor-
mance is reported on the held-out test set(s) under identical inference prompts.
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3.2 Implementation Details

All experiments are conducted on 2x A800 GPUs. We follow the standard fine-
tuning recipe of the underlying backbone (e.g., M3D) and use a base learning
rate of 2 x 107°. The batch size is 32 unless otherwise stated. We freeze the vision
encoder and optimize the connector along with LoRA parameters of the LLM.
For each setting, we select the checkpoint with the best validation MacroF'1
within 11-15 epochs and report test performance using the same decoding con-
figuration across methods. All experiments use patient-level splits to prevent
information leakage across sets.

3.3 Evaluation Metric

We use macro Fl-score as the primary metric due to severe class imbalance.
Concretely, for each task ¢, we compute the macro F1 across its categories, and
report the overall score as the unweighted mean across all tasks:

T
1
MacroF1gveran = T Z MacroF'1(t) (6)

t=1

where T' = 12 for the ovarian cohort. This directly reflects robust multi-task
performance rather than being dominated by frequent labels.

3.4 Baselines and Compared Methods

Evaluation protocol. All compared methods are evaluated under the same
lesion-prior settings to ensure fair comparison: (i) no prior, (ii) lesion-centered
slice selection (MaskZ), and (iii) MaskZ with explicit marking. This allows us to
disentangle the effect of lesion priors from backbone and modeling choices.
Compared backbones. We consider four representative baselines:
(i) MedM-VL [19], a lightweight 3D-to-MLLM pipeline using a 2D encoder
with attention pooling; (ii) M3D [3], a 3D ViT encoder that models volumetric
context natively; (iii) cross-backbone MLLMs including InternVL3.5 [21] and
Qwen2.5-VL [4]; and (iv) a 3D ViT multi-label classifier with one-vs-rest
heads, serving as a purely discriminative baseline without language generation.
Ours. Starting from the strongest lesion-aware MedM-VL setting (MaskZ
+ explicit marking), we add (i) lesion-guided attention applied to cross-modal
attention over image tokens and (ii) GES obtained by cross-attention pooling and
injected into the LLM input. We report each component and their combination
to verify complementarity.

3.5 Main Results

Tab. 1-3 and Fig. 2 provide three lines of evidence: (i) the necessity of lesion
priors for establishing strong baselines, (ii) the distinct and complementary roles
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Table 1. Baseline comparison on the ovarian cohort. MacroF1 is averaged over 12
tasks. Mark denotes explicit lesion marking (circle overlay).

Method MaskZ Mark MacroF1
3D ViT multi-label classifier — — - 0.4304
InternVL3.5 (finetune) - - 0.4066
InternVL3.5 (finetune) v - 04121
InternVL3.5 (finetune) v v 0.4182
Qwen2.5-VL (finetune) - 0.3615
Qwen2.5-VL (finetune) v - 03734
Qwen2.5-VL (finetune) v v 0.3751
M3D (3D ViT encoder) - - 0.3399
M3D (3D ViT encoder) v - 0.3981
M3D (3D ViT encoder) v v 0.4064
MedM-VL - - 0.4674
MedM-VL v — 0.4867
MedM-VL v v 05113
Ours v v 0.6529
Task x Global Slot Attention (mean, tasknorm)
+ 0.65 { —@— Baseline (LoRA)
g ~#i— Attention guidance /
% 0.60 1 —®— Attention guidance & GES
g 0.55 Low-data still ef ive . reclor v ltoculr g .
"'g' 050 # Cystic Density Homogeneity
®oss .
03 05 10 Intralesional Hemorthage
Training data ratio Benign vs. Malignant

Global slot index

Fig. 2. (a) Data efficiency under reduced training fractions. (b) Task-by-slot attention
over GES, showing task-dependent routing.

of the lesion-guided attention loss and GES, and (iii) the transferability and
robustness of the proposed mechanisms across datasets and data regimes.

First, Tab. 1 establishes a strong lesion-aware baseline. Across backbones,
MaskZ consistently improves performance, and explicit marking yields further
gains, identifying MaskZ + explicit marking as a unified reference setting. Among
all compared backbones, MedM-VL achieves the best overall performance un-
der this setting; therefore, we adopt it as the primary backbone for subsequent
ablations and analyses.

Second, Tab. 2 directly evaluates the two proposed components on top of this
baseline. The lesion-guided attention loss provides consistent yet moderate im-
provements across backbones, supporting its role as a training-time regularizer
that stabilizes optimization under attention dispersion and severe class imbal-
ance. In contrast, GES yields substantially larger gains, highlighting its effect as
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Table 2. Component analysis on the ovarian cohort under explicit marking.

Variant Attn. loss GES MacroF'1
Qwen2.5-VL - - 0.3751
Qwen2.5-VL v — 0.4000
M3D - - 0.4064
M3D v — 0.4200
M3D — v 0.4411
M3D v v 0.4891
MedM-VL - - 0.5113
MedM-VL v - 0.5523
MedM-VL - v 0.6240
MedM-VL(zero) v v 0.4264
MedM-VL(shuffle) v v 04727
MedM-VL v v 0.6529

Table 3. Generalization on LIDC-IDRI with nodule-specific explicit marking.

Variant Attn. loss GES MacroF1
MedM-VL - - 0.3903
+ Attention guidance v - 04079
+ GES — v 0.4201
+ both v v 0.4292

a representation-level evidence bottleneck that improves robustness to long vi-
sual contexts. Importantly, combining both achieves the best performance
across all settings, indicating that the two mechanisms address different failure
modes—optimization stability versus evidence aggregation—rather than provid-
ing redundant benefits.

Third, the same trend holds on LIDC-IDRI (Tab. 3), confirming that neither
the attention regularization nor GES is dataset-specific, but instead captures
transferable principles for lesion-centric reasoning for 3D CT. Beyond overall
MacroF'1, Fig. 2(a) shows that the proposed method consistently outper-
forms the baseline under reduced training fractions, consistent with the
gains brought by both attention regularization and GES in Tab. 2, indicating im-
proved sample efficiency in low-data regimes. Fig. 2(b) further reveals structured,
task-dependent routing over the G=10 evidence slots, rather than reliance on a
single dominant slot. Finally, inference-time interventions by zeroing or shuffling
GES (Tab. 2, bottom) cause substantial performance drops, providing causal
evidence that the gains stem from the semantic content encoded in these slots
rather than from additional parameters or longer context.
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4 Conclusion

We presented a lesion-aware multimodal framework for structured clinical at-
tribute prediction for 3D CT built upon a hierarchical evidence token interface.
The proposed approach introduces two complementary mechanisms: a lesion-
guided attention loss that regularizes cross-modal attention during training to
stabilize optimization under attention dispersion and severe class imbalance,
and GES that serve as a compact evidence bottleneck for robust aggregation
and task-dependent routing of visual information. Together, these components
instantiate the hierarchical evidence token interface, combining fine-grained im-
age tokens with compact evidence slots for lesion-centric reasoning. Extensive
experiments on an ovarian tumor cohort and LIDC-IDRI demonstrate consistent
improvements over strong lesion-aware baselines across data scales, backbone ca-
pacities, and evaluation settings. A limitation is the assumption of an available
lesion prior; here, masks provide coarse localization for slice selection, marking,
and attention regularization rather than precise boundary supervision. Robust-
ness to imperfect or automatically generated masks remains future work.
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