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Abstract

Automated medical report generation for 3D
PET/CT imaging is fundamentally challenged
by the high-dimensional nature of volumetric
data and a critical scarcity of annotated datasets,
particularly for low-resource languages. Cur-
rent “black-box” methods map whole volumes
to reports, ignoring the clinical workflow of an-
alyzing localized Regions of Interest (RoIs) to
derive diagnostic conclusions. In this paper, we
bridge this gap by introducing VietPET-RoI, the
first large-scale 3D PET/CT dataset with fine-
grained RoI annotation for a low-resource lan-
guage, comprising 600 PET/CT samples and
1,960 manually annotated RoIs, paired with
corresponding clinical reports. Furthermore, to
demonstrate the utility of this dataset, we pro-
pose HiRRA, a novel framework that mimics
the professional radiologist diagnostic work-
flow by employing graph-based relational mod-
ules to capture dependencies between RoI at-
tributes. This approach shifts from global pat-
tern matching toward localized clinical findings.
Additionally, we introduce new clinical evalu-
ation metrics, namely RoI Coverage and RoI
Quality Index, that measure both RoI localiza-
tion accuracy and attribute description fidelity
using LLM-based extraction. Extensive evalua-
tion demonstrates that our framework achieves
SOTA performance, surpassing existing mod-
els by 19.7% in BLEU and 4.7% in ROUGE-L,
while achieving a remarkable 45.8% improve-
ment in clinical metrics, indicating enhanced
clinical reliability and reduced hallucination.
Our code and dataset are available on GitHub.

∗Equal contribution.
†Corresponding authors.

Figure 1: Illustration of VietPET-RoI annotation. Fol-
lowing doctors’ conventional workflow, VietPET-RoI
provides hierarchical annotations at both region-level
and RoI-level with structured clinical attributes.

1 Introduction
Recent advances in Vision-Language Models
(VLMs) have driven significant progress in health-
care AI, enabling the automated generation of
clinical reports from medical images. Contem-
porary medical VLMs, such as LLaVA-Med (Li
et al., 2023a), M3D-LaMed (Bai et al., 2024), and
RadFM (Wu et al., 2025), have shown impressive
capabilities in interpreting diagnostic imaging.

However, despite these general advancements,
automated report generation for 3D PET/CT re-
mains in its infancy. Current models exhibit sub-
optimal accuracy and are prone to significant hal-
lucinations (Chen et al., 2024a), with state-of-the-
art VLMs falling considerably short of real-world
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Table 1: Comparison with existing PET/CT benchmarks. VietPET-RoI uniquely provides both full reports and
fine-grained RoI annotations (3D Boxes, Attributes).

Dataset Year Lang Dataset Profile Annotation Granularity

Size Disease Dim Public Report Metadata RoI BBox RoI Attrs Phys/Path

ViMed-PET (Nguyen et al., 2025) 2025 VN 2,757 Multi 3D ✓ ✓ ✓ ✗ ✗ ✗

PETRG-Lym (Jiao et al., 2025) 2025 CN 824 Single 3D ✗ ✓ ✗ ✗ ✗ ✗

PET2Rep (Zhang et al., 2025) 2025 CN 565 Multi 2D ✓ ✓ ✗ ✗ ✗ ✗

AutoPET-RG (Jiao et al., 2025) 2025 CN 135 Single 3D ✓ ✓ ✗ ✗ ✗ ✗

VietPET-RoI (Ours) 2026 VN 6001 Multi 3D ✓ ✓ ✓ ✓ ✓ ✓

Lang: Language (VN: Vietnamese, CN: Chinese). Metadata: De-identified patient metadata. RoI BBox: Manual 3D Bounding

Box annotation. RoI Attrs: Rich structured attributes (Density, Size, etc). Phys/Path: Physiological/Pathological uptake.

clinical requirements (Zhang et al., 2025), high-
lighting substantial challenges in 3D multimodal
analysis. We posit that this limitation stems from a
fundamental methodological divergence. Existing
PET/CT report generation models predominantly
rely on an end-to-end paradigm, attempting to map
complex, high-dimensional whole-volume scans
directly to a final text report (Messina et al., 2022).
This “black-box” strategy ignores the intrinsic com-
plexity of PET/CT data. In practice, radiologists
do not interpret a 3D volume as a single monolithic
input; instead, they systematically identify specific
Regions of Interest (RoIs), evaluate their individual
attributes, and analyze the spatial and physiologi-
cal inter-relationships between these abnormalities
(Waite et al., 2019). Only after this granular synthe-
sis do they derive diagnostic conclusions and draft
a formal report (shown in Figure 1). Consequently,
the current end-to-end training paradigm lacks the
clinical inductive bias, leading to reports that lack
both precision and interpretability.

To address this challenge, two fundamental
components are required: (i) a dataset with fine-
grained RoI-level annotations to provide a basis for
grounded learning (Xie et al., 2024; Boecking et al.,
2022; de Castro et al., 2025), and (ii) a model ar-
chitecture that replicates the hierarchical reasoning
process of a medical expert (Zhang et al., 2024).
However, existing PET/CT datasets and models
(Bai et al., 2024; Nguyen et al., 2025) fail to meet
these requirements, particularly for low-resource
languages like Vietnamese.

In this paper, we bridge this research gap by
introducing VietPET-RoI, the first 3D PET/CT
dataset featuring fine-grained RoI-level grounding.
Our dataset comprises 600 samples from 200 pa-
tients with 1,960 RoIs and reports in Vietnamese.
Each RoI is manually labeled with comprehensive
clinical attributes, providing a structured founda-
tion for learning from segmentation to generation.

1600 region-level samples derived from 200 patients.

Furthermore, we propose HiRRA, a novel VLM
architecture designed to mimic the professional
diagnostic workflow. HiRRA comprises two core
components: a dual-stream encoder and a graph-
based relational module. The former preserves
separate CT and PET features before fusion to en-
sure high-fidelity volumetric data; the latter mod-
els inter-RoI dependencies vital for diagnosing
metastatic patterns and systemic disease (Hu et al.,
2024; Seo et al., 2021). Experimental results
demonstrate that HiRRA substantially outperforms
existing baselines, achieving a 19.7% improvement
in BLEU-4 over traditional end-to-end methods.
To ensure a more rigorous evaluation of clinical
utility, we also propose two clinical metrics: RoI
Coverage and RoI Quality Index, which measure
the fidelity of region-level attribute descriptions.

In summary, the primary contributions of our
work include:

• First, we introduce VietPET-RoI, the first pub-
lic RoI-grounded PET/CT dataset with 600
samples from 200 patients and 1,960 RoIs
with comprehensive clinical annotations, ad-
dressing RoI-level supervision gap and medi-
cal AI scarcity for low-resource languages.

• Second, we propose HiRRA, a VLM emulat-
ing the diagnostic workflow. HiRRA inte-
grates CT and PET information through hi-
erarchical feature extraction, capturing global
volumetric and localized RoI features, achiev-
ing state-of-the-art on linguistic and clinical
metrics.

• Third, we design clinical metrics specifically
tailored for medical report generation, directly
assessing clinical factors such as RoI Cover-
age and RoI Quality Index.

2 Related work

2.1 Existing Medical 3D datasets
While large-scale PET/CT datasets like Au-
toPET (Gatidis et al., 2022) and RIDER (Muzi
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3D PET/CT Volume

Format: [Anatomic Region] - [Lesion Type] - [Size] - [SUVmax] - [Density] - [Morphology] - [FDG Uptake] - [Top-3 Possible Diseases] - [Top-3 
Further Examinations] - [Note]

VI: [Hạch nhóm II bên phải]  - [Hạch]  - [< 10 mm]  - [5.0]  - [Mật độ mô mềm]  - [Hạch (nhỏ)]  - [Tăng chuyển hóa]  - [ … ]   - [ … ]  - [ … ]

EN: [Right level II lymph node] - [Lymph node] - [< 10 mm] - [5.0] - [Soft tissue density] - [Small lymph node] - [ … ]   - [ … ] - [ … ]

• Year of Birth
• Gender
• Date of Scan
• Indication
• Clinical History  

VI: Hình ảnh bắt xạ theo đặc điểm sinh lý ở não. Tăng nhẹ chuyển hóa FDG ở amydal, rìa lưỡi hai bên theo đặc 
điểm sinh lý. Hình ảnh vài hạch kích thước 10 mm, tăng chuyển hóa FDG (SUVmax: 5,0) ở nhóm II bên phải 
khả năng do viêm.
EN: Physiological tracer uptake in the brain. Mild physiological FDG uptake in the tonsils and bilateral lateral 
borders of the tongue. Several lymph nodes measuring ~10 mm with increased FDG uptake (SUVmax: 5.0) in 
the right level II group, likely of inflammatory etiology.

ROI Description

Report Sample

Metadata Report (Head – Neck)

HeadNeck

Chest

AbdomenPelvis Dataset Construction
Step 1: Raw Data Acquisition Step 2: Standardization Step 3: Anatomical Splitting Step 4: Expert ROI Annotation

CT PET REPORT

- 200 cancer cases (2017-2019)
- 6 common cancer types

Image:
- Fixed depth of 313 slices
- DICOM → NPY
Report:
- De-identification
- DOCX → Structured JSON
- Manual formatting check

Split Body-Parts: 
- Head-Neck (25%)
- Chest(25%)
- Abdomen-Pelvis(50%)
- 15-slice overlap

- Localize lesions’ 
bounding boxes 
using 3DSlicer

- Annotated by 8 
specialist physicians

- Fill in a Structured 
Template

Figure 2: Overview of the VietPET-RoI dataset. The figure displays (top) the multimodal data samples including
3D PET/CT volumes, structured RoI descriptions, and clinical reports; and (bottom) the four-stage curation pipeline,
spanning from raw data acquisition to expert-level annotation.

et al., 2015) support dense segmentation or le-
sion detection, they lack aligned clinical reports,
limiting their utility for multimodal modeling.
Conversely, recent volumetric report generation
benchmarks, including ViMed-PET (Nguyen et al.,
2025), PETRG-Lym (Jiao et al., 2025), and
PET2Rep (Zhang et al., 2025), pair scans with
diagnostic text but rely on coarse-grained super-
vision, omitting explicit lesion localization. This
dichotomy highlights a critical gap: the lack of
datasets combining fine-grained region grounding
with diagnostic reporting to enable interpretable,
clinically aligned modeling.

2.2 3D Report Generation VLMs

Recent advances in vision–language models
(VLMs) have extended medical report generation
to 3D volumetric imaging, enabling richer spatial
reasoning over CT, MRI, and PET/CT scans. Rep-
resentative models like M3D (Bai et al., 2024) and
Med3DVLM (Xin et al., 2025) have integrated 3D
encoders with large language models, achieving
promising results when generating global diagnos-
tic reports from full volumes. However, these end-
to-end approaches rely on scan-level supervision,
lacking explicit region-level grounding. This di-
verges from standard clinical practice, where radiol-
ogists follow a region-centric workflow - detecting,
localizing, and characterizing abnormalities before
report synthesis. Consequently, existing models
fail to capture this intermediate reasoning, creating
a gap between volumetric perception and clinically
meaningful, structured generation.

3 VietPET-RoI: A RoI-Grounded
Vietnamese 3D PET/CT Dataset

We detail the dataset’s pipeline and clinical statis-
tics, proving its suitability for 3D report generation.

3.1 Dataset Construction Process

The dataset was curated by oncology specialists at
a leading public hospital in Vietnam, comprising
200 cancer cases spanning the six most common
malignancies examined between 2017 and 2019.
PET/CT scans were standardized to a unified for-
mat with 313 axial slices from head to upper thighs,
then divided into three anatomical regions (head-
neck, chest, abdomen-pelvis) with 15-slice overlap
to yield 600 region-level image-report pairs (shown
in Figure 2). Details on preprocessing procedures
(DICOM conversion, de-identification, report stan-
dardization) are provided in Appendix A.

The key novelty of VietPET-RoI lies in fine-
grained RoI annotations. Unlike existing PET/CT
datasets that provide only global scan-report pairs,
eight nuclear medicine physicians collaborated
to localize and describe every abnormal finding
or clinically relevant physiological structure men-
tioned in the reports. Using 3DSlicer (Pieper et al.,
2004), physicians marked each RoI with a 3D
bounding box and completed a structured template
recording ten clinical attributes: anatomical loca-
tion, lesion type, size, SUVmax, density, morphol-
ogy, FDG uptake, top-3 differential diagnoses with
follow-up examinations, and additional notes.

A total of 1,960 RoIs were annotated, with
all samples rigorously verified by senior nuclear
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Figure 3: Data distribution across the six cancer types.

medicine physicians to ensure consistency. Any dis-
crepancies were resolved through consensus discus-
sion to guarantee high-quality ground truth. Unlike
existing datasets providing only the final reports,
our fine-grained RoI annotations enable models to
learn direct associations between specific regions
and corresponding clinical findings, rather than re-
lying on ambiguous global image-text mappings.
Moreover, this design replicates the clinical diag-
nostic workflow, facilitating multi-task learning in-
cluding segmentation, description generation, and
decision support.

3.2 Dataset Characteristics

VietPET-RoI provides a multimodal dataset com-
prising textual reports, 3D PET/CT volumes, and
fine-grained RoI-description. In total, the dataset
contains 600 region-level samples derived from 200
cancer patients covering six common and clinically
important malignancies: lymphoma, head and neck
cancer, lung cancer, esophageal cancer, thyroid can-
cer and colorectal cancer. The cohort was selected
to include diverse sex, age, and body habitus based
on patient metadata, reducing bias toward any spe-
cific demographic group. Figure 3 shows the age
distribution across the six cancer types, while key
dataset-level statistics are summarized in Table 2.

For each study, the CT volumes are stored as 3D
arrays of size slices× 512× 512, whereas the PET
volumes are represented as slices× 256× 256, fol-
lowing typical clinical in-plane resolutions and al-
lowing straightforward voxel-wise fusion between
modalities. After RoI annotation, we observe an
average of 3.27 RoIs per body-region sample, with
a minimum of 1 and a maximum of 23 RoIs. The
abdomen_pelvis region is the most densely anno-
tated, typically containing approximately 3.9 RoIs
per sample, reflecting the prevalence of abdomi-
nal and pelvic lesions in the target cancer types.
Approximately 42% of RoIs correspond to patho-

Table 2: Key characteristics of the VietPET-RoI dataset.

Characteristic Value

Patients 200
Region-level samples 600
Age (mean ± SD) 57.9± 12.2 years
Age range 13–81 years
CT volume size 313× 512× 512

PET volume size 313× 256× 256

Total RoIs 1,960
Avg RoIs/sample 3.27
Most annotated region Abdomen-pelvis (≈3.9/sample)
RoI composition 42% pathological / 58% physiological

logical findings, while about 58% capture physi-
ological uptake patterns and serve as negative or
contextual examples for the models. This configu-
ration yields a compact but clinically rich dataset
with dense region-level supervision, well suited for
training and evaluating RoI-grounded PET/CT re-
port generation and other multimodal medical AI
tasks. The dataset will be publicly released for non-
commercial research purposes under appropriate
usage agreements upon paper acceptance.

4 HiRRA: A Hierarchical Region-Aware
Framework for Report Autogeneration

Overview. To empirically validate the utility of
the VietPET-RoI dataset, we propose HiRRA, a
Hierarchical Region-aware for Report Autogener-
ation. Unlike conventional end-to-end VLMs that
directly map global image features to textual re-
ports, HiRRA is architected to emulate the pro-
fessional diagnostic workflow, where physicians
synthesize reports by integrating holistic volumet-
ric scans with a granular analysis of specific RoIs.
As illustrated in Figure 4, the HiRRA framework
is composed of three primary modules designed to
facilitate this hierarchical translation. The first com-
ponent is the Dual Encoder, which independently
processes anatomical CT and functional PET to
preserve high-fidelity features prior to fusion. Sub-
sequently, a Hierarchical Feature Extractor utilizes
a bifurcated strategy: a Global Context block cap-
tures overarching volumetric characteristics, while
a Local Context block extracts fine-grained fea-
tures from annotated RoIs. Finally, an LLM-based
Decoder integrates these multi-granularity features
to generate clinical reports. By guiding attention
through RoI visual tokens, this structured supervi-
sion ensures the model significantly outperforms
traditional methods trained only on image-text
pairs.
Multimodal Dual Encoder. Motivated by the clin-
ical workflow where physicians overlay metabolic
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Figure 4: The overall architecture of HiRRA. The framework processes paired PET/CT volumes through a Dual
Encoder and a Hierarchical Feature Extractor. The Global Context is captured via Q-former, while the Local Context
is using SPP-RoI extraction and GATv2. Finally, the LLM generates the report using a semantic-injected prompt.

heatmaps (PET) onto anatomical scans (CT), we de-
sign a dual-stream architecture to extract modality-
specific features before fusion. Given paired vol-
umes ICT , IPET ∈ RB×1×T×H×W , we employ
two separate 3D encoders ECT and EPET based
on CT-ViT (Hamamci et al., 2024b) to extract
features FCT , FPET ∈ RB×N×D, where N =
T ′×H ′×W ′ and D = 512. Unlike single-encoder
approaches that prematurely fuse CT and PET chan-
nels, our dual-stream design preserves modality-
specific characteristics: CT captures anatomical
structures (tissue boundaries, organ morphology)
while PET quantifies metabolic activity (glucose
uptake patterns) (Beyer et al., 2004).

To bridge the semantic gap, we apply bidirec-
tional cross-attention (Li et al., 2023b):

F̃CT = FCT + CA(FCT , FPET ), (1)

F̃PET = FPET + CA(FPET , FCT ), (2)

where CA(·, ·) denotes cross-attention with query
from the first argument and key-value from the sec-
ond. The fused representation Fvisual is obtained
by averaging F̃CT and F̃PET , followed by a Multi-
scale Pyramid Feature Network (PFN) (Lin et al.,
2017) to capture multi-resolution features.
Hierarchical Feature Extractor. To synthesize
comprehensive visual representations, we extract
features at two distinct levels of granularity: global
and local context. The Global Context block cap-
tures the overarching environment from the input
CT and PET volumes. This is operationalized using
a Q-former (Li et al., 2023b) with query vectors,

which compresses the high-dimensional volumetric
data into a fixed-length latent representation.

For the Local RoI-Aware Context, we extract
region-specific information to augment the LLM’s
inferential capabilities during report generation.
Traditional methods typically process RoIs inde-
pendently, thereby overlooking the critical clini-
cal relationships between disparate lesions. How-
ever, diagnostic accuracy in PET/CT often hinges
on these relationships: spatially proximate lesions
may indicate local invasion, while distant lesions
exhibiting similar metabolic patterns frequently
suggest metastatic spread. To effectively capture
these dependencies, we employ a Graph Neural
Network to learn the spatio-morphological corre-
lations between RoIs. Specifically, we construct
a graph whose each node represents an individ-
ual RoI. Given N RoIs with features hi ∈ RD

and bounding boxes bi ∈ R6, we establish edges
based on two criteria: spatial proximity (geometric
distance dij between centroids ci and cj) and mor-
phological similarity (feature cosine similarity sij).
An edge (i, j) is created if dij < τd or sij > τs,
enabling the graph to capture both adjacent lesions
and distant metastases.

For each edge, we encode the relationship by
constructing edge features:

eij = MLP
(
[hi∥hj∥gs

ij∥gm
ij ]

)
, (3)

where gs
ij = [dij , rij , vi/vj ] encodes spatial fea-

tures (distance, relative direction, volume ratio),
gm
ij = [sij , Īi, Īj ] encodes morphological features
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(similarity and mean intensities Ī from CT/PET at
RoI locations), and ∥ denotes concatenation. We
apply GATv2 (Brody et al., 2022) with its default
attention mechanism for message passing, produc-
ing enhanced representations h′

i that incorporate
contextual information from spatially adjacent and
morphologically similar lesions.
Semantic-Injected LLM Decoder. Instead of
relying solely on visual tokens, HiRRA em-
ploys a description-guided prompting strategy.
The LLM decoder input consists of a composite
prompt: (1) patient demographics and clinical his-
tory; (2) global visual tokens <GLOBAL_VISUALS>;
and (3) structured RoI information RoI i:
<RoI_VISUALS> | {RoI-description}, where
<RoI_VISUALS> represents projected enhanced fea-
tures h′

i and {RoI-description} contains struc-
tured clinical attributes (SUVmax, size, FDG).
Training Strategy. We implement a four-stage
training paradigm, wherein tailored prompting
schemes are designed for each phase to facilitate
progressive alignment and learning.
Stage 1: Encoder Pretraining. We pretrain dual en-
coders on ViMed-PET (Nguyen et al., 2025) using
CLIP-style contrastive learning, aligning CT-PET
features with Vietnamese text reports.
Stage 2: Vision-Language Alignment. With en-
coders and LLM frozen, we train only the Q-former
and projection layers. The prompt contains only
patient metadata and <GLOBAL_VISUALS> tokens
for image-report alignment.
Stage 3: Region-level Learning. We integrate local
context modules (SPP-RoI, GATv2), freezing Stage
2 components. The prompt extends to full structure
with <RoI_VISUALS> tokens and RoI description
slots. Using bounding box supervision, the model
generates RoI-level attribute descriptions.
Stage 4: Instruction Tuning. We fine-tune end-to-
end via LoRA (Hu et al., 2021) (r = 16, α =
32) with unfrozen RoI vision modules. Using the
full prompt template, the model synthesizes RoI
findings into complete Vietnamese reports.

5 Evaluation

5.1 Evaluation Metrics

To ensure a comprehensive assessment of both lin-
guistic fluency and clinical validity, we employ a
dual-evaluation strategy comprising standard lin-
guistic metrics and a proposed clinical protocol.

Standard NLP Metrics. We report n-gram and
embedding-based metrics. i.e., BLEU, ROUGE,

BERTScore to evaluate lexical and semantic simi-
larity. All scores are reported as percentages.

Proposed Clinical Evaluation Protocol. While
the standard linguistic metrics effectively measure
the text overlap, they often fail to capture the
clinical correctness, anatomical precision, and
diagnostic hierarchy essential for 3D PET/CT
reporting. To this end, we introduce a struc-
tured protocol assessing both the correctness
and semantic fidelity of the RoIs identified in
the generated reports. To enable this, we first
utilize LangExtract (Goel, 2025) to parse both
ground truth and generated reports into structured
objects defined by five key clinical fields: E =
{region, lesion, density, morphology, fdg_uptake}.
Based on this structured representation, we define
two clinical metrics as follows.
RoI Coverage - Quantitative Identification. We
frame RoI evaluation as a bipartite matching prob-
lem. Specifically, we compute a pairwise similar-
ity matrix between the set of predicted RoI text
spans R̂ and ground-truth spans R, utilizing cosine
similarity within a BERT-based embedding space.
Optimal one-to-one alignment is established via
the Hungarian matching algorithm (Kuhn, 1955).
Pairs exceeding similarity threshold τ are defined
as True Positives (TP ), forming the basis for Pre-
cision, Recall, and F1-score calculations.
RoI Quality Index - Qualitative Fidelity. For
matched RoI pairs, we evaluate attribute-specific
accuracy using the proposed RoI Quality Index
(RoIQ). This metric is designed to enforce a clin-
ical hierarchy, operationalizing the principle that
accurate anatomical region and lesion type identi-
fication are fundamental prerequisites for a valid
diagnostic description. To reflect this, we define
Sregion and Slesion as the similarity scores for these
critical attributes, while Avalid represents the set of
additional non-empty attributes extracted from the
clinical fields. The RoIQ is formulated as follows:

RoIQ =
√
Sregion · Slesion×


 1

|Avalid|
∑

k∈Avalid

Sk


 .

The first term, represented by the geometric mean
of the core attributes, serves as a non-linear penalty
for hallucinations in critical anatomical or patho-
logical contexts. By structuring the metric in this
manner, we ensure that high performance in sec-
ondary descriptors (e.g., size or morphology) can-
not compensate for fundamental errors in localiza-
tion or lesion categorization. Consequently, RoIQ
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provides a more clinically grounded assessment of
report quality than standard token-based overlaps,
emphasizing diagnostic reliability.
Our metrics were informed by the clinical intuition
of physicians from a hospital in Vietnam, and their
medical correctness and clinical usefulness were
subsequently validated by these clinicians.

5.2 Experimental Goals

To comprehensively evaluate the VietPET-RoI
benchmark and the proposed HiRRA framework,
we investigate the following research questions:
RQ1 - Performance on Low-Resource Lan-
guages: We benchmark representative VLMs on
VietPET-RoI to assess their capability in handling
native Vietnamese medical reports versus translated
data in English versions.
RQ2 - Hallucination Mitigation and RoI
Grounding: We evaluate the efficacy of the
HiRRA pipeline compared to fine-tuned baselines
in reducing hallucinations. This involves our new
metric that measures both the quantitative recall
of detected regions and the qualitative semantic
accuracy of their descriptions.
RQ3 - Performance on Clinical Tasks: We assess
model performance on clinical tasks, specifically
differential diagnosis prediction and RoI descrip-
tion generation, to demonstrate dataset versatility.
RQ4 - Impact of Multimodal Fusion: We com-
pare single-modality (CT or PET only) versus joint
CT+PET fusion to assess the necessity of integrat-
ing anatomical and metabolic information for accu-
rate RoI characterization.
5.3 Model selection

To establish a robust benchmark for VietPET-
RoI, we evaluate representative state-of-the-art 2D
and 3D vision-language models. For 2D model-
ing, we compare InternVL3 (Chen et al., 2024b;
OpenGVLab, 2025), a large-scale generalist foun-
dation model, against MedGemma (Sellergren et al.,
2025), a specialized medical backbone. For 3D
volumetric reasoning, we incorporate four lead-
ing medical VLMs: RadFM (Wu et al., 2025) and
MedM-VL (Shi et al., 2025) as general-purpose
backbones with large-scale multimodal pretrain-
ing, and Med3DVLM (Xin et al., 2025) and M3D-
LaMed (Bai et al., 2024) with architectures opti-
mized for localization and report generation. While
models like CT2Rep (Hamamci et al., 2024a) and
PETAR (Maqbool et al., 2025) advance report gen-
eration, they have distinct structural limitations:
CT2Rep is restricted to global, CT-only volume-to-

Table 3: Benchmarking VLMs on VietPET-RoI. Re-
sults are reported for Vietnamese (VI) and English (EN)
inference. Best scores for VI are in bold and underline
for EN. All metrics are reported as percentages (%).

Model Lang BLEU-4 R-1 R-L BERT

InternVL3 (2D)
VI 0.25 28.20 18.28 64.05
EN 0.94 16.64 11.05 81.50

MedGemma (2D)
VI 0.82 25.59 17.61 65.36
EN 0.39 13.58 8.87 80.12

RadFM
VI 0.39 19.09 13.84 83.33
EN 0.44 12.32 8.78 80.68

MedM-VL
VI 0.13 1.41 1.36 47.28
EN 0.93 22.02 15.15 84.27

Med3DVLM
VI 0.17 1.31 1.24 62.67
EN 0.25 12.54 9.44 67.14

M3D-LaMed
VI 0.15 1.18 1.08 62.92
EN 0.45 13.42 9.96 67.44

report mapping, and PETAR requires pre-existing
oracle lesion masks to generate isolated lesion cap-
tions. In contrast, our framework uniquely per-
forms end-to-end RoI discovery, structured multi-
attribute modeling, and explicit inter-RoI relational
reasoning via GATv2 to synthesize coherent whole-
body PET/CT reports

5.4 Performance on Low-Resource Languages

To evaluate the capability of existing medical
VLMs on low-resource languages as proposed in
RQ1, we benchmark state-of-the-art 2D and 3D
models on VietPET-RoI. Results in Table 3 reveal
that all models perform extremely poorly on Viet-
namese generation, with BLEU-4 scores near zero
(MedGemma: 0.82, Med3D-VLM: 0.17, M3D-
LaMed: 0.15). This collapse arises from a pro-
nounced mismatch between existing model pre-
training, which primarily covers English radiology
text and 2D or 3D CT volumes, and the VietPET-
RoI setting that requires reasoning over Vietnamese
clinical language, 3D PET/CT volumes, and struc-
tured region-level clinical descriptions. In addition,
VietPET-RoI requires models to describe metabolic
activity (SUVmax), lesion morphology, and precise
anatomical regions, making it a challenging bench-
mark that tests true PET/CT understanding rather
than surface-level text generation.

5.5 Hallucination Mitigation and RoI
Grounding

To address RQ2, we compare HiRRA against
three top-performing 3D VLMs (MedM-VL (Shi
et al., 2025), Med3DVLM (Xin et al., 2025), M3D-
LaMed (Bai et al., 2024)) fully fine-tuned on
VietPET-RoI. Additionally, we evaluate HiRRA
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Table 4: Quantitative benchmarking against state-of-the-art methods. We evaluate the generation quality (NLP
Metrics) and clinical alignment (RoI Clinical Metrics). Correct indicates the number of successfully grounded
regions (out of 416). Bold denotes the best performance. The rows highlighted in gray show our model’s performance
and its relative improvement (↑) over the second-best baseline.

Method Generation Quality (NLP) Clinical RoI Alignment

BLEU-4 R-1 R-L BERT Correct Total Prec. Rec. F1 RoIQ

MedM-VL 31.69 67.11 50.00 91.92 62 416 12.88 19.12 14.16 23.24
Med3D-VLM 45.53 71.06 62.51 86.49 179 416 31.07 43.02 36.08 39.00
M3D-LaMed 44.30 74.14 64.39 85.90 193 416 34.90 46.39 39.83 36.31

HiRRA (No RoI) 52.48 77.75 66.51 95.13 187 416 32.29 44.95 37.58 33.89
HiRRA (Ours) 62.80 80.40 69.66 95.79 223 416 35.17 53.60 42.47 56.86
Improv. (∆%) +19.7% +3.4% +4.7% +0.7% +15.5% - +0.8% +15.5% +6.6% +45.8%

Table 5: Clinical Prediction and RoI Description Gen-
eration performance (RQ3). We report Recall (Rec.)
and Precision(Prec.) for clinical tasks, and standard
NLP metrics (BLEU-4, ROUGE-L) for description gen-
eration. Best results are highlighted in bold.

Model Disease Pred. Exam. Pred. RoI Desc.

Prec. Rec. Prec. Rec. B-4 R-L

M3D-LaMed 67.4 73.2 21.6 21.3 36.0 69.3
Med3D-VLM 76.5 79.9 41.0 42.3 62.3 75.8
MedM-VL 95.0 98.7 51.7 52.0 50.3 78.8

under two configurations: No RoI (global context
only) and Full Pipeline (with RoI features). Eval-
uation employs both traditional NLP metrics and
our proposed clinical metrics: RoI Coverage and
RoI Quality Index.

Results in Table 4 show that HiRRA Full
Pipeline achieves state-of-the-art performance
across all metrics. For generation quality, HiRRA
attains BLEU-4 of 62.80 and BERTScore of 95.79,
substantially outperforming the strongest baseline
(Med3DVLM). More importantly, HiRRA demon-
strates significant improvements in clinical align-
ment with 45.8% gain in RoIQ and 15.5% increase
in RoI Recall, indicating superior hallucination re-
duction. Ablation comparison confirms the critical
role of RoI: HiRRA No RoI maintains strong flu-
ency (BERT 95.13) but achieves only 0.3389 in
RoIQ, proving that global context alone is insuffi-
cient for clinical accuracy. This validates that RoI
grounding is essential for bridging visual percep-
tion with accurate diagnostic reporting.

5.6 Performance on Clinical Tasks

We assess whether VietPET-RoI supports multitask
learning by training models on two tasks: differen-
tial diagnosis and further examinations prediction,
structured RoI description generation. Results are
summarized in Table 5.

For clinical prediction, MedM-VL (Shi et al.,
2025) achieves the highest Recall on disease pre-
diction (98.7%), while examination prediction re-
mains significantly lower (52.0%), indicating that
follow-up recommendation requires more complex
reasoning. For RoI description generation, mod-
els achieve strong performance with BLEU-4 up
to 62.3% and ROUGE-L of 78.8%, demonstrating
that VietPET-RoI provides effective fine-grained
supervision for generation tasks. These results
confirm that VietPET-RoI supports multitask learn-
ing, creating potential for a complete automated
pipeline: from RoI segmentation to region-specific
description generation, faithfully mirroring clinical
workflows and paving the way for future diagnostic
support systems.

5.7 Impact of Multimodal Fusion

Unlike prior approaches often limited to single-
modality inputs (e.g., ViMed-PET (Nguyen et al.,
2025)), Table 6 confirms the necessity of mul-
timodal fusion. The joint CT+PET framework
achieves superior performance (36.1 BLEU-4), sig-
nificantly outperforming single-modality baselines
by a margin of 2.6–4.9 points. This validates that in-
tegrating anatomical structure (CT) (Kinahan et al.,
2003) with metabolic intensity (PET) (Townsend,
2008; Von Schulthess et al., 2009) is indispensable
for accurate lesion description, effectively resolv-
ing the perceptual bottlenecks inherent in unimodal
processing. Specifically, this cross-modal synergy
enables the disambiguation of hypermetabolic sig-
nals, allowing the model to distinguish between
pathological lesions and physiological uptake (e.g.,
in the brain or bladder) through anatomical refer-
encing, which significantly enhances the report’s
clinical validity.
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Table 6: Impact of Multimodal Fusion. Quantita-
tive ablation demonstrating the superiority of the joint
CT+PET framework over single-modality baselines.

Input Modality BLEU-4 R-1 R-L BERT

CT only 31.3 65.4 56.3 92.7
PET only 33.6 66.3 58.0 93.1
CT + PET 36.1 69.3 59.4 94.0

6 Conclusion

We addressed the scarcity of fine-grained PET/CT
datasets by introducing a novel dataset that com-
prises 600 region-level samples with 1,960 compre-
hensively annotated RoIs, representing the first 3D
PET/CT dataset with fine-grained RoI-level anno-
tations. We also proposed HiRRA, a novel VLM
architecture that integrates local RoI features and
global context for report generation. Additionally,
we introduced clinical evaluation metrics (RoI Cov-
erage and RoI Quality Index) designed specifically
for medical report generation assessment. Models
trained on VietPET-RoI demonstrated substantial
improvements, achieving 19.7% and 4.7% gains
over the strongest baseline method (M3D-LaMed)
in BLEU-4 and ROUGE-L, alongside 15.5% and
45.8% improvements in clinical metrics, indicating
enhanced reliability and reduced hallucination.

Limitations

Despite its fine-grained RoI annotations, VietPET-
RoI has several limitations. First, the dataset scale
remains modest with 200 patients from a single
institution, which may affect generalization and in-
troduce potential demographic bias. Expanding to
multiple medical centers would enhance diversity.
Second, the RoI annotation process requires spe-
cialized medical expertise and is time-intensive (av-
eraging 15-30 minutes per case), limiting rapid scal-
ing. Third, due to the dataset’s uniqueness, we lack
established benchmarks for comprehensive evalu-
ation, particularly for tasks such as automatic RoI
segmentation. While we have established baseline
methods for report generation, developing bench-
marks for intermediate tasks remains an important
research direction. Finally, the 3D architecture
of HiRRA demands substantial computational re-
sources, which may limit deployment in resource-
constrained settings. We believe VietPET-RoI es-
tablishes an important foundation for region-aware
PET/CT research and encourages the community
to develop additional methods and benchmarks in
this domain.
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Supplementary Material

A Detailed Dataset Construction Process

A.1 Dataset Collection and Pre-processing

The dataset was curated by oncology specialists at
a leading public hospital in Vietnam to ensure clini-
cal accuracy and authenticity. After screening, 200
cancer cases spanning the six most common ma-
lignancies were selected. These cases were drawn
from examinations performed between 2017 and
2019 and cover a diverse range of sex, age, and
body habitus, supporting the development of mod-
els with improved generalization (see Table 2).

Clinical PET/CT at the site is acquired using
several protocols (Beyer et al., 2004) that differ in
image format and slice count. To reduce protocol-
related variability, all studies were standardized
to a single whole-body protocol with 313 axial
slices from the head to the upper thighs. The raw
PET/CT volumes were exported in DICOM for-
mat, containing rich metadata such as patient in-
formation, body weight, standardized uptake val-
ues (SUV), and other physiological attributes. The
corresponding reports were collected as physician-
typed Word documents (DOC), following a semi-
structured template with fields including “Gender,”
“Examination Date,” “Indication,” “Clinical His-
tory,” “Impression,” and “Image Description.”.

After collection, a series of preprocessing steps
was applied to obtain model-ready inputs. For the
textual reports, all patient-identifiable information
was removed to satisfy ethical and privacy require-
ments. The de-identified reports were then con-
verted from DOCX to a standardized JSON schema,
enabling direct alignment with the corresponding
images during training. Automatic extraction was
followed by manual review to correct spelling or
formatting inconsistencies and to ensure the relia-
bility of key fields. For the 3D PET/CT data, the
DICOM volumes were converted to NumPy array
(NPY) format. To increase the number of samples
and refine the supervision signal, each whole-body
study (image plus report) was further divided into
three anatomically meaningful regions: head–neck,
chest, and abdomen–pelvis. Neighboring regions
were defined with a 15-slice overlap to preserve
continuity and avoid missing important findings at
segment boundaries. Concretely, the head–neck
region corresponds to the first 25% of slices in
the scan; the chest region starts 25% below the
last slice of the head–neck segment; and the ab-

Table 7: Schema of the region-of-interest (RoI) annota-
tion template.

Field Description

Anatomic re-
gion

Anatomical location of the find-
ing (e.g., left supraclavicular,
liver segment VI, right ovary).

Lesion type Type of lesion or physiological
structure; physiological findings
are explicitly labeled as “physio-
logical”.

Size In-plane lesion size in millime-
ters.

SUVmax Maximum standardized uptake
value of the lesion, when avail-
able.

Density Qualitative CT density / attenua-
tion (e.g., hypodense, soft-tissue
density).

Morphology Morphological appearance (e.g.,
rounded, irregular, thickened
wall, nodule).

FDG uptake Qualitative FDG metabolism
(e.g., increased or non-increased
uptake).

Top-3 possi-
ble diseases

Three most likely diagnoses,
listed in descending order of like-
lihood.

Top-3 further
examinations

Three recommended follow-up
tests or diagnostic procedures, or-
dered by priority.

Physical
region

Coarse body region (1 = head–
neck, 2 = chest, 3 = abdomen–
pelvis).

Note Optional free-text comments if
needed.

domen–pelvis region covers the remaining slices
from the chest down to the pelvis. These propor-
tions were validated by clinical experts and empiri-
cally verified to ensure that each regional volume
fully covers all relevant RoIs for that anatomical
area. This regional segmentation increases the ef-
fective sample size and improves the alignment
between visual content and textual descriptions, en-
abling more precise region-level learning and, in
turn, better overall model performance.

A.2 Region-of-Interest (RoI) Annotation

From the three-region split of each of the 200 cases,
we obtained 600 image–report pairs for region-
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level supervision. We then collaborated with eight
physicians to annotate regions of interest (RoIs)
and provide structured descriptions. Annotation
was performed in 3DSlicer (Pieper et al., 2004):
every abnormal finding or clinically relevant physi-
ological structure mentioned in the report was lo-
calized on the corresponding PET/CT volume and
marked with a 3D bounding box. For each RoI, an-
notators completed a compact structured template
that records key clinical attributes, as summarized
in Table 7. 3DSlicer (Pieper et al., 2004) exports
the coordinates of each RoI together with its struc-
tured string description in this format, resulting
in fine-grained, region-level supervision for every
study. By linking spatial localization with rich
clinical semantics, the annotations provide strong
guidance for report generation models to focus on
clinically important regions and help reduce irrele-
vant or hallucinated content in the generated reports
(Dhouib et al., 2021; Ortiz et al., 2014).

B Detailed RoI Metrics

B.1 Ground Truth RoI Annotation Schema
To capture the semantic richness of PET/CT re-
ports, our dataset utilizes a structured annotation
schema for Regions of Interest (RoIs). Each ground
truth RoI is represented as a structured string con-
taining 11 distinct clinical attributes. The annota-
tion format is defined as follows:

[Anatomic Region] - [Lesion Type] - [Size] -
[SUVmax] - [Density] - [Morphology] - [FDG
Uptake] - [Top-3 Differential Diagnoses] -
[Top-3 Recommended Examinations] - [Physical
Region ID] - [Clinical Note]

Example Instance:

[Cecum] - [Focal hypermetabolism] - [Unclear]
- [12.3] - [Soft tissue density] - [Focal] -
[Very intense hypermetabolism] - [Colon cancer
(cecum), Inflammatory bowel disease (Crohn’s
disease), Appendicitis/Abscess] - [Colonoscopy
and biopsy, Abdominal MRI/CT, Blood tests] -
[3] - [Very intense focal FDG uptake (SUVmax
12.3) in the cecum. Highly suggestive of colon
cancer...]

B.2 Information Extraction Framework
To evaluate generation quality, we employ LangEx-
tract (Goel, 2025), an LLM-based extraction frame-
work designed to parse unstructured generated re-
ports into structured RoI objects. Specifically, we
utilize Gemini-2.5-Pro as the backbone LLM. For
every predicted sentence in a report, the framework

extracts the information into the following struc-
tured JSON format:

{
"extraction_text": "...", // The original

sentence text
"anatomic_region": "...",
"lesion_type": "...",
"density": "...",
"morphology": "...",
"fdg_uptake": "..."

}

While the ground-truth RoI schema contains 10
clinical attributes and 1 data management identifier,
the primary objective of our clinical metrics (RoI
Coverage and RoIQ) is to assess the correctness
and semantic fidelity of the localized lesions. After
consultation with clinical partners, we determined
that only the five extracted fields above directly
reflect this capability, as they characterize the ob-
servable properties of a lesion. The remaining six
attributes were excluded for the following method-
ological reasons:

• Data Management Artifacts: The physical
region code is a preprocessing identifier used
solely to split full-body scans into anatomical
segments during dataset construction, rather
than a clinically observable feature.

• Unstructured Context: Additional notes con-
sist of free-text commentary derived from the
complete clinical report. These contain auxil-
iary observations extending beyond the scope
of individual RoIs and cannot be systemati-
cally evaluated through field-level matching.

• Downstream Diagnostic Reasoning: Top-3
possible diseases and top-3 further examina-
tions are synthesized from the entire report
context. They exhibit high inter-annotator
variability and are downstream from RoI
identification-they depend on correct lesion
characterization but do not define it.

• Numerical Regression Constraints: Size
and SUVmax are quantitative measurements
requiring precise numerical computation from
raw NumPy imaging arrays. Evaluating these
fields would conflate the model’s spatial iden-
tification ability with numerical regression,
which current VLMs cannot reliably perform
from visual tokens alone.

Therefore, these five attributes isolate and di-
rectly measure the core capability our metrics are
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Figure 5: Overview of our proposed clinical evaluation protocol. We utilize an LLM-based framework to extract
structured clinical attributes from reports. RoI Coverage is quantified by aligning predicted and ground-truth RoIs
via embedding-based Hungarian matching. For aligned pairs, the RoI Quality Index (RoIQ) measures semantic
fidelity, strictly enforcing anatomical and lesion-type correctness.

designed to assess: whether the model correctly
identifies and semantically characterizes lesions as
observable entities.

B.3 Quantitative Evaluation: RoI Coverage

We introduce RoI Coverage to evaluate lesion lo-
calization as a set-based detection problem. We
compare the set of Ground Truth RoIs (G) against
the set of Predicted RoIs (P ) extracted by LangEx-
tract.

B.3.1 Embedding and Similarity Calculation
For each RoI, we isolate five comparable text fields:
anatomic region, lesion type, density, morphology,
and fdg uptake. We utilize a clinical embedding
model to convert the text value of each field into
a vector representation. For a predicted RoI pi ∈
P and a ground truth RoI gj ∈ G, we calculate
the similarity score S(pi, gj) based on the cosine
similarities of their constituent fields (excluding
extraction_text).

B.3.2 Optimal Matching (Hungarian
Algorithm)

We construct a similarity matrix M ∈ R|P |×|G|

where each entry Mi,j represents the similarity be-
tween pi and gj . To resolve the alignment, we ap-
ply the Hungarian Algorithm (Kuhn, 1955) (Linear
Sum Assignment) to find the optimal set of pairs
that maximizes the total similarity score. A pair
(pi, gj) is considered a valid match (True Positive)
only if their similarity score exceeds a predefined
threshold τ :

Match(pi, gj) = 1[Mi,j ≥ τ ]

B.3.3 Classification Metrics
Based on valid matches, we quantify RoI Cov-
erage using True Positives (TP ), False Positives
(FP ), and False Negatives (FN ):

• TP : Successfully matched ground truth RoIs.

• FP = |P | − TP : Predicted RoIs that did not
match any ground truth (hallucinations).

• FN = |G| − TP : Ground truth RoIs that
were not detected.

Standard classification metrics are then com-
puted as:

Precision =
TP

TP + FP
, Recall =

TP

TP + FN

F1 = 2 · Precision · Recall
Precision + Recall

B.4 Qualitative Evaluation: RoI Quality
Index (RoIQ)

For every successfully matched pair of RoIs, we
introduce the RoI Quality Index (RoIQ) to as-
sess the semantic accuracy of the generated details.
This metric prioritizes the correct identification of
critical attributes (region and lesion type) before
evaluating descriptive attributes (density, morphol-
ogy, FDG uptake).

Let Sregion, Slesion, Sdensity, Smorphology, Suptake
denote the similarity scores for the five fields.
We define the set of secondary attributes as
A = {Sdensity, Smorphology, Suptake}. Since descrip-
tive attributes may be absent in the ground truth,
we compute the mean score only over the subset
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of non-empty attributes, Avalid ⊆ A. The RoIQ is
defined as:

RoIQ =
√
Sregion · Slesion ×


 1

|Avalid|
∑

s∈Avalid

s




Note: If a descriptive attribute is missing in the
ground truth, it is excluded from |Avalid| to pre-
vent penalizing the model for not generating non-
existent features.

B.5 Sensitivity Analysis of Similarity
Threshold (τ )

We conducted an experiment to evaluate the sen-
sitivity of the similarity threshold τ across repre-
sentative values on a held-out development set of
60 samples (240 RoI pairs) via grid search over
τ ∈ [0.5, 0.95] with a step size of 0.05.

According to the experimental results presented
in Table 8, decreasing τ to 0.55 increases Recall
(0.502) but substantially degrades Match Quality
(RoIQ = 0.501), indicating that the metric be-
comes overly permissive and accepts semantically
distinct pairs as valid matches. Conversely, increas-
ing τ to 0.80 causes a significant drop in both Re-
call (0.337) and F1 (0.295), penalizing clinically
valid semantic variations such as synonymous radi-
ological expressions.

The selected τ = 0.70 achieves the best trade-
off between comprehensive lesion coverage and
semantic precision, and is therefore adopted as our
default threshold.

Table 8: Sensitivity analysis of the similarity threshold
(τ ) on the validation set (60 samples).

Threshold (τ ) F1 Recall Precision RoIQ

0.55 0.435 0.502 0.368 0.501
0.70 (Selected) 0.371 0.422 0.332 0.573
0.80 0.295 0.337 0.264 0.525

C Implementation Details

We implemented our framework using PyTorch
and the HuggingFace transformers library. All
experiments were conducted on a single NVIDIA
A100 (80GB) GPU. We provide the detailed train-
ing hyperparameters and optimization settings in
Table 9.

C.1 Progressive Training Strategy

Our model employs a four-stage progressive train-
ing curriculum to ensure stable convergence and
prevent catastrophic forgetting. Starting from vi-
sion encoder pretraining on large-scale medical
data, we sequentially align global visual features,
integrate region-specific information, and perform
end-to-end finetuning. This staged approach allows
each component to specialize in its designated task
before joint optimization, significantly improving
training stability compared to end-to-end training
from scratch.

In the final end-to-end finetuning stage (Stage
4), all model components are jointly optimized
with carefully tuned learning rates to balance ex-
ploration and exploitation. We adopt Low-Rank
Adaptation (LoRA) (Hu et al., 2021) for parameter-
efficient finetuning of the large language model
(Qwen3-8B), applying rank-32 adapters with α =
64 and dropout rate of 0.1 to the query, key, value,
and output projection layers. This reduces train-
able parameters by 99.7% while maintaining model
expressiveness. To prevent overfitting, we employ
early stopping with a patience of 5 epochs, monitor-
ing validation loss with a minimum improvement
threshold of 0.001.

C.2 Training Hyperparameters

Learning Rate Strategy. We employ a conserva-
tive learning rate strategy to prevent catastrophic
forgetting of pretrained knowledge. Vision compo-
nents (encoder, feature extractors) use an order-of-
magnitude lower learning rate (1×10−6) compared
to LoRA adapters (5 × 10−6), allowing the lan-
guage model to adapt to multimodal inputs while
preserving visual representations learned in earlier
stages. A cosine annealing scheduler with 10% lin-
ear warmup steps gradually reduces learning rates,
facilitating smooth convergence.

Regularization. To mitigate overfitting on the rel-
atively small medical dataset, we apply multiple
regularization techniques: (1) weight decay of 0.02
on all parameters except biases and layer normaliza-
tion weights; (2) gradient clipping with maximum
norm of 1.0 to stabilize training; and (3) dropout
of 0.1 in LoRA adapters. These techniques collec-
tively prevent the model from memorizing training
samples while maintaining generalization capabil-
ity.
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Table 9: Training hyperparameters for end-to-end fine-
tuning (Stage 4). Earlier stages use similar configura-
tions with component-specific learning rates detailed in
the supplementary materials.

Hyperparameter Value

Optimization

Optimizer AdamW
Learning Rate (LoRA) 5× 10−6

Learning Rate (Vision) 1× 10−6

LR Scheduler Cosine Annealing
Warmup Ratio 10% of total steps
Weight Decay 0.02
Adam β1, β2 (0.9, 0.999)
Adam ϵ 1× 10−8

Regularization

Max Gradient Norm 1.0
Dropout (LoRA) 0.1

Batch Configuration

Batch Size per GPU 1
Effective Batch Size 2
Total Epochs 10

Hardware & Efficiency

Mixed Precision BF16
GPU 1 × NVIDIA A100 (80GB)
Number of Workers 8

C.3 Loss Function
Our model is optimized using the standard autore-
gressive language modeling objective with cross-
entropy loss:

LLM = − 1

T

T∑

t=1

logP (yt | y<t,x) (4)

where x = [xdemo,xglobal,xRoI] represents the mul-
timodal input comprising patient demographics,
global visual context (M = 32 query vectors), and
RoI-specific features (graph-enhanced visual em-
beddings), yt denotes the target token at position
t, and T is the target sequence length. The loss is
computed only on target tokens, with prompt to-
kens masked by setting their labels to -100. During
training, we apply teacher forcing where ground-
truth tokens are used as input for predicting subse-
quent tokens, enabling efficient parallel computa-
tion across the sequence dimension.
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