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Abstract

Positron  emission tomography/computed tomography
(PET/CT) is essential in oncology, yet the rapid expan-
sion of scanners has outpaced the availability of trained
specialists, making automated PET/CT report generation
(PETRG) increasingly important for reducing clinical
workload. Compared with structural imaging (e.g., X-ray,
CT, and MRI), functional PET poses distinct challenges:
metabolic patterns vary with tracer physiology, and
whole-body 3D contextual information is required rather
than local-region interpretation. To advance PETRG,
we propose PETRG-3D, an end-to-end 3D dual-branch
Jframework that separately encodes PET and CT volumes
and incorporates style-adaptive prompts to mitigate inter-
hospital variability in reporting practices. We construct
PETRG-Lym, a multi-center lymphoma dataset collected
from four hospitals (824 reports w/ 245,509 paired PET/CT
slices), and construct AutoPET-RG-Lym, a publicly acces-
sible PETRG benchmark derived from open imaging data
but equipped with new expert-written, clinically validated
reports (135 cases). To assess clinical utility, we introduce
PETRG-Score, a lymphoma-specific evaluation protocol
that jointly measures metabolic and structural findings
across curated anatomical regions. Experiments show that
PETRG-3D substantially outperforms existing methods on
both natural language metrics (e.g., +31.49% ROUGE-L)
and clinical efficacy metrics (e.g., +8.18% PET-All), high-
lighting the benefits of volumetric dual-modality modeling
and style-aware prompting. Overall, this work establishes a
foundation for future PET/CT-specific models emphasizing
disease-aware reasoning and clinically reliable evaluation.
Codes, models, and AutoPET-RG-Lym are released at:
https://github.com/Jorwnpay/PETRG-3D.

1. Introduction

Intelligent interpretation of medical imaging has achieved
notable progress in recent years, especially for structural
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Figure 1. A glimpse of this work. (1) Data: The dataset consists
of a private part collected from four medical centers in China and
a public part derived from the AutoPET dataset [12], for which
reports were generated and subsequently revised and verified by
two senior nuclear medicine physicians. (2) Method: An end-to-
end 3D PET/CT report-generation framework that integrates dual-
modality volumetric encoding and hospital-specific prompting to
generate clinically coherent reports. (3) Evaluation: A clinical
efficacy evaluation pipeline that quantifies both metabolic (PET)
and anatomical (CT) accuracy of generated reports.

modalities such as X-ray and CT [5, 13, 19-21, 33, 34].
In contrast, positron emission tomography/computed to-
mography (PET/CT) provides high-sensitivity, quantitative
functional information such as glucose metabolism. This
complementary information is essential for cancer diagno-
sis, staging, treatment planning, and therapy response as-
sessment [11, 42, 44]. Consequently, PET/CT has become
widely adopted in oncology [18, 29, 35].

PET/CT report writing is a core task in nuclear medicine,
yet the rapid increase in installed scanners and scan volumes
has intensified clinical workload. Compounded by the per-
sistent shortage of trained nuclear medicine physicians, this
creates a growing gap between imaging demand and avail-
able diagnostic capacity[ | 1, 44]. Automated PET/CT report
generation (PETRG) therefore holds strong potential to al-
leviate this pressure and improve reporting efficiency.

Metabolic patterns in PET vary substantially with tracer
physiology, making functional interpretation more complex
than that of structural imaging. Second, PET/CT in oncol-
ogy typically requires whole-body 3D contextual reasoning



Table 1. Comparison of benchmarks for PETRG task. “Mul-Cnt”, “Dis-Spe”, “FT”, “Info”, “US Num”, and “AL Num” are short for Multi-
Center, Disease-Specific, Fine-Tune, Information, the Number of Uptaking Status, and the Number of Anatomical Locations, respectively.

Datasets Methods Metrics
Benchmarks Venues Mul-Cnt  Dis-Spe  Size Input 3D FT CTInfo PETInfo USNum AL Num
ViMed-PET[29]  NeurIPS’25 X X 2757 PET v v v v 2 5
PET2Rep|[44] AAAT'26 X X 565 PET,CT X X X v 4 19
PETRG (Ours) v v 959 PET,CT V v v v 5 24

rather than localized-region (e.g., chest, brain) analysis, as
physicians must jointly describe anatomical structures and
metabolic activity across the entire body [44]. These fac-
tors drastically increase the difficulty of automated report
generation. Finally, obtaining large-scale paired PET/CT
image-report datasets is challenging, as PET/CT examina-
tions are more costly, less frequently performed than X-ray
or CT, and require expert-validated reports, limiting data
availability for model development.

Recent advances in Vision-Language Models (VLMs)
have significantly advanced report generation for single-
modality 2D/3D medical images (e.g., X-ray, CT) [5, 15,
20, 23]. However, these approaches are inherently lim-
ited when applied to dual-modality 3D PET/CT imaging.
Consequently, automated report generation for complete 3D
PET/CT scans remains a critical and unaddressed challenge.
To address the aforementioned challenges, we investigate
from three perspectives: model, datasets, and evaluation
metrics. Figure | illustrates our contributions in these as-
pects, and Table | summarizes the comparison with prior
work.

At the model level, inspired by recent advances in 3D CT
report generation (CTRG) with VLMs [7, 8, 38], we pro-
pose an end-to-end 3D PETRG framework. The architec-
ture comprises three key components: (1) Dual-Stream Vol-
umetric Feature Encoding: a two-branch 3D visual encoder
separately captures functional uptake information from PET
and anatomical density information from CT volumes.
(2) Style-Adaptive Multimodal Fusion: hospital-specific
prompt templates are introduced to address inter-center
variation in reporting style, dynamically tailoring prompts
to institutional conventions. (3) Parameter-Efficient Re-
port Generation: the fused multimodal embeddings are fed
into a language decoder to produce clinically coherent re-
ports. In contrast to prior PETRG works—PET2Rep [44],
which processes only 2D slices with off-the-shelf VLMs,
and ViMed-PET [29], who utilize only 3D PET without
CT—our model is the first to jointly model full 3D PET
and CT volumes in an end-to-end manner.

At the data level, we collect and curate 824 PET/CT
scan—report pairs from 746 lymphoma patients collected
across four medical centers in China, forming PETRG-
Lym, the first large-scale, multicenter, single-disease
PETRG dataset. Additionally, we identify 135 lymphoma
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cases from the public AutoPET dataset [12], for which two
senior nuclear medicine physicians generated and refined
structured reports, yielding AutoPET-RG-Lym, an open ex-
ternal benchmark for PETRG evaluation and cross-center
validation.

At the evaluation level, beyond standard natural lan-
guage generation (NLG) metrics such as BLEU [32], ME-
TEOR [4], and ROUGE [27], we introduce PETRG-Score,
a clinically driven metric developed with senior nuclear
medicine physicians. PETRG-Score explicitly evaluates the
model’s ability to accurately describe both PET uptake pat-
terns and CT structural findings, ensuring clinical fidelity
beyond text similarity.

Using the proposed benchmark, we train and validate our
method on the PETRG-Lym dataset and test it externally on
AutoPET-RG-Lym. Extensive experiments reveal that cur-
rent state-of-the-art VLMs for CTRG perform poorly when
directly applied to multi-center PET/CT data, revealing a
substantial domain gap. In contrast, our proposed PETRG-
3D framework—featuring dual-branch volumetric encoding
and hospital-specific prompting—achieves significant im-
provements in both language quality and clinical fidelity.
These results highlight the necessity of PETRG datasets and
multimodal architectures for functional imaging report gen-
eration.

Our main contributions are summarized as follows:

We propose a 3D PETRG model that leverages a
dual-branch architecture to separately encode volumetric
PET and CT features, along with a hospital-style-aware
prompting strategy for multi-center report style adapta-
tion.

We construct PETRG-Lym, a multi-center lymphoma
PETRG dataset collected from four hospitals (824 scans,
245,509 paired slices), and we release AutoPET-RG-
Lym, a publicly accessible benchmark derived from open
PET/CT images but furnished with new expert-written,
clinically validated reports (135 cases).

PETRG-Score, a new evaluation metric that jointly as-
sesses metabolic uptake and structural information in
PET/CT reports, incorporating fine-grained anatomical
grounding.

Extensive experiments demonstrate the effectiveness of
our method, reveal limitations of existing paradigms, and
establish a foundation for future research in 3D PETRG.



2. Related Works

Our work is most relevant to the growing literature on X-
Ray, CT, MRI and PETRG.

2.1. X-Ray Report Generation

Recent advances in 2D medical report generation have
been driven by the availability of large-scale public datasets
and progress in multimodal learning. Benchmark datasets
such as IU-Xray [10] and MIMIC-CXR [22] have pro-
vided essential data foundations, while the evolution of
deep learning—particularly VLMs—has spurred the devel-
opment of numerous sophisticated report generation frame-
works [6, 17, 20, 21, 26, 31, 36, 40, 41].

Most approaches follow an encoder—decoder architec-
ture, where visual features extracted by CNNs or vision
transformers are decoded into diagnostic narratives (e.g.,
MAIRA-1 [19] and Flamingo-CXR [34]). However, these
2D X-ray—based methods are not directly applicable to
PET/CT, as they disregard 3D volumetric context essential
for accurate interpretation of metabolic activity and struc-
tural relationships.

2.2. CT & MRI Report Generation

Research in 3D medical report generation (CT/MRI) [14]
is dominated by 3D vision encoder-language decoder archi-
tectures [2, 23, 25], often built upon pre-trained encoders
like CT-CLIP [14], RadFM [38], or M3D [2]. To man-
age 3D data complexity, methods employ diverse strategies.
Some integrate memory modules, such as the disease pro-
totype memory in Dia-LLaMA [7] for class imbalance or
the relational memory in CT2Rep [15] for coherence. Oth-
ers leverage fine-grained anatomical priors[28], as seen in
Reg2RG [8] which utilizes explicit correspondences from
RadGenome-ChestCT [43]. For MRI, AutoRG-Brain [24]
fuses global and local context using automatic ROIs.

However, existing 3D CT/MRI benchmarks are single-
modality, lacking the cross-modality reasoning required for
PET/CT, which demands joint interpretation of metabolic
and anatomical information.

2.3. PET/CT Report Generation

Efforts toward automated PETRG have emerged only
recently[9, 11, 35, 42]. PET2Rep [44] first benchmarked
the task by applying VLMs to 2D PET/CT slices with
prompt engineering revealing that both general-purpose and
medical-specific VLMs perform poorly on PETRG. ViMed-
PET [29] introduced a Vietnamese PET/CT report and VQA
dataset, proposing a three-stage fine-tuning pipeline for lan-
guage adaptation. However, both approaches suffer from
significant limitations. PET2Rep [44] process only a hand-
ful of 2D slices, discarding rich 3D spatial context inher-
ent in PET/CT volumes. ViMed-PET [29] use PET images
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alone, neglecting CT structural cues. These limitations un-
derscore the need for approaches that jointly model full 3D
PET and CT volumes, leveraging complementary metabolic
and anatomical information.

3. Multi-Center PETRG Datasets

3.1. Motivation

Progress in PETRG is hindered by the limited availabil-
ity of paired PET/CT image-report datasets. Existing PET
datasets (e.g., AutoPET [12], HECKTOR [1]) commonly
lack reports, and recent PETRG resources are single-center
and multi-disease (Table 1), introducing substantial hetero-
geneity in imaging appearance and clinical wording that
complicates modeling and increases the risk of diagnostic
errors. In addition, the field lacks a standardized benchmark
for fair evaluation, as no public PET/CT dataset currently
provides clinically validated reports.

To address these limitations, we focus on a single dis-
ease while collecting data from multiple centers. This de-
sign reduces cross-disease heterogeneity while still captur-
ing real-world variability, supporting a practical “clinician
confirms, Al drafts” workflow for reliable PETRG. Further-
more, we construct a publicly accessible PET/CT report-
generation benchmark equipped with new expert-written,
clinically validated reports, enabling reproducible and con-
sistent evaluation for future work.

3.2. The PETRG-Lym Dataset

The PETRG-Lym dataset is sourced from the nuclear
medicine departments of four hospitals in China, spanning
cities of varying scale to ensure diversity and representa-
tiveness. All PET/CT scans were acquired using the '8F-
FDG radiotracer without contrast-enhanced CT. Images are
preserved in their original DICOM format and include es-
sential metadata such as patient height, weight, age, radio-
tracer injection time, and dose. Imaging reports were au-
thored by nuclear medicine physicians and subsequently
reviewed by senior staff, covering patient demographics,
clinical history, acquisition protocol, findings, and diagnos-
tic impressions. In this work, we focus exclusively on the
“findings” section. As summarized in Table 2, the PETRG-
Lym dataset comprises 824 PET/CT-report pairs from 746
lymphoma patients across the four centers, collected over
a 12-year period from February 2013 to May 2025. This
constitutes the first large-scale, multi-center, single-disease
PETRG dataset.

3.3. The AutoPET-RG-Lym Dataset

To enable external validation and promote community
benchmarking, we construct AutoPET-RG-Lym from lym-
phoma cases in the public AutoPET dataset [12], which was
collected at University Hospital Tiibingen and University



Table 2. Statistics of PETRG-Lym and AutoPET-RG-Lym. S Num and P Num denote the number of scans and patients, respectively.

Training Cohort

| Validation Cohort | Total

Dataset ‘ Center ID ‘ PNum S Num Scan Period ‘ PNum S Num Scan Period ‘ PNum S Num
1 224 227 2023.10 - 2024.07 57 57 2024.07 - 2024.09 | 281 284
2 107 147 2015.07 - 2024.03 28 36 2024.05 - 2025.05 135 183
PETRG-Lym 3 112 138 2018.01-2024.03 | 29 30 2024.03-202501 | 141 168
4 151 151 2013.02 - 2019.05 38 38 2019.05 - 2021.04 189 189
AutoPET-RG-Lym | 5 | | 135 135 - | 135 135
Total \ - | 594 663 | 287 296 | 881 959

Hospital of the LMU Munich. It contains patients with lym-
phoma, malignant melanoma, and lung cancer. This dataset
differs from our internal data in three key aspects: (1) it
originates from a different country, (2) it was acquired us-
ing different imaging hardware, and (3) it employs different
CT contrast agents—making it a strong candidate for exter-
nal validation of model generalization.

We carefully selected 135 lymphoma cases from Au-
toPET [12] and commissioned two senior nuclear medicine
physicians from top-tier Chinese hospitals to independently
compose structured reports. These reports underwent cross-
review and iterative refinement to ensure high clinical fi-
delity. The resulting dataset provides an open validation
benchmark for PETRG research.

3.4. Data Preprocessing

Starting from de-identified DICOM data, we extracted pa-
tient metadata (e.g., weight, radiotracer dose, injection
time) and converted PET and CT volumes to NIfTI for-
mat. All volumes were reoriented to RAS and resam-
pled to a uniform spacing of 1.5 x 1.5 X 3 mm, with
CT matched to PET dimensions. CT voxel intensities
were converted to Hounsfield Units (HU) and clipped to
[—1000, +1000]. Standardized uptake value (SUV) normal-
ization was performed using the extracted metadata. We
employed TotalSegmentator [37] to remove the scanning
bed from CT backgrounds. Given the presence of both
“head-to-midthigh” and “head-to-toe” scan protocols—and
the observation that reports seldom describe regions be-
low the mid-thigh—we uniformly cropped all volumes at
the upper thigh. Additional preprocessing details, includ-
ing voxel intensity standardization, scanning bed removing,
body part cropping, and report text cleaning, are provided
in the supplementary material.

3.5. Dataset Construction and Splitting

We split PETRG-Lym into training and internal validation
sets chronologically, as shown in Table 2. To prevent data
leakage, we grouped scans by patient and, within each cen-
ter, assigned the first 80% of patients (by initial scan date)
to training and the remaining 20% to validation. This yields
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663 scans (594 patients) for training and 161 scans (152 pa-
tients) for validation. All 135 samples in AutoPET-RG-Lym
serve as an external test set.

4. Methods

Inspired by recent CT report generation frameworks [2, 38],
we propose PETRG-3D, a novel pipeline for 3D PET/CT
report generation. As illustrated in Figure 2, our approach
consists of three key stages: (1) Dual-Stream Volumet-
ric Feature Encoding (DSFE) from PET and CT scans;
(2) Style-Adaptive Multimodal Fusion (SAMF) using
hospital-specific prompt templates; and (3) parameter-
efficient autoregressive report generation using a Low-Rank
Adaptation (LoRA)-adapted LLM. We detail each compo-
nent below.

4.1. Dual-Stream Volumetric Feature Encoding

To jointly model metabolic (PET) and anatomical (CT) in-
formation, we propose a dual-stream 3D visual encoder.
Unlike prior approaches using 2D slices [44] or single-
modality 3D PET [29], our DSFE architecture (Fig. 2, blue
region) explicitly processes and fuses these complementary
volumetric modalities.

Each stream comprises a volume encoder followed by a
perceiver sampler. The volume encoder employs a sliding-
window strategy to process input volumes of arbitrary size,
producing high-dimensional feature maps. The perceiver
sampler then compresses these variable-length features into
a fixed-length sequence of representative embeddings.

To leverage rich, pre-learned representations, we initial-
ize both volume encoders with the 3D ViT weights pre-
trained on large-scale CT data (RadFM [38]) and keep them
frozen. This strategy is highly parameter-efficient. How-
ever, a significant domain gap exists between RadFM’s
lung-centric CT data and our whole-body PET/CT scans.
To bridge this gap, we retrain only the perceiver samplers
on our PETRG-Lym dataset, allowing them to adapt the
frozen features to our specific PET and CT modalities in-
dependently.
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Figure 2. Overall framework of PETRG-3D. The model comprises three key components: (1) a dual-stream 3D visual feature extractor
(DSFE) that processes PET and CT volumes separately (blue); (2) a style-adaptive multimodal fusion (SAMF) module that dynamically
integrates visual features with hospital-specific prompt templates (yellow); and (3) a LoRA-adapted large language model (LLM) for

effective radiology report generation (pink).

4.2. Style-Adaptive Multimodal Fusion

The compressed PET and CT feature sequences from the
DSFE module are projected into the LLM’s hidden space
via linear transformations, aligning the visual and linguistic
semantic spaces.

A key challenge in multicenter report generation is the
significant stylistic heterogeneity across institutions. Our
SAMF module addresses this by emulating the clinical
workflow. We curate a dictionary of hospital-specific
“healthy-example” templates. These templates also account
for gender (male/female) to handle anatomical differences,
particularly in pelvic descriptions.

As shown in Figure 2 (yellow region), each sample car-
ries two metadata flags: [Center ID] and [Gender]. These
flags dynamically retrieve the corresponding hospital- and
gender-matched template from the dictionary, which is then
injected into the input prompt. To guide the model in dis-
tinguishing these inputs, we wrap the CT features, PET
features, and template text with dedicated special tokens
(<ct>, <pet>, and <template>, respectively).

4.3. Parameter-Efficient Autoregressive Generation

The final fused multimodal embedding  se-
quence—comprising visual tokens and the template-aware
textual prompt—is fed directly into a pre-trained LLM
(e.g., Qwen3-8B [39]) for autoregressive report generation
(Fig. 2, pink region).

Instead of full fine-tuning, we adopt LoRA [16] for
parameter-efficient training. LoRA injects trainable, low-
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rank matrices into the Transformer’s attention layers while
freezing the original LLM parameters. This strategy en-
ables the model to learn PET/CT-specific terminology and
reporting structures with minimal trainable parameters, mit-
igating catastrophic forgetting and substantially reducing
computational overhead.

4.4. Implementation and Evaluation Protocol

4.4.1. Evaluation Metrics

We evaluate performance on two axes: NLG and Clinical
Efficacy (CE).

For NLG metrics, we report standard metrics: BLEU
(B-n) [32], METEOR (MTR) [4], and ROUGE-L (R-
L) [27], to quantify textual similarity between generated and
reference reports.

For CE metrics, We implement an LLM-based pipeline
to extract diagnostic content from reports across 24
lymphoma-specific anatomical regions predefined by se-
nior radiologists. Specifically, we extract labels from refer-
ence and generated reports using Qwen3-Max [39], while
reference report labels underwent expert validation by a
researcher specializing in medical imaging. Labels en-
compass 5 PET uptake categories (e.g., markedly abnor-
mal, physiological) and 8 CT structural findings (e.g., lym-
phadenopathy). We evaluate Macro-F1 scores for: PET-
All/CT-All (all labels; overall quality) and PET-Abnormal
(PT-Ab)/CT-Abnormal (CT-Ab) (abnormal labels only;
diagnostic relevance). Full implementation details are in
the supplementary material.



Table 3. Evaluation of NLG and CE metrics on the PETRG-Lym dataset. PET2Rep-Sep and PET2Rep-Fus refer to the two image input
strategies from [44]: “Sep” denotes separate PET and CT slice inputs, while “Fus” denotes a fused PET/CT image input. “All” and “Ab”
denote results on all and only abnormal classes. }: adaptation and fine-tuned on PETRG-Lym.

‘ ‘ NLG Metrics ‘ CE Metrics
Methods | LIMSVIMs | "'gy B2 B3 B4 MIR RL | PLAI CT-All PT-Ab CT-Ab
LLaVA-Med[30] | Mistral-7B-v0.2 3.21 0.99 0.56 0.40 2.46 4.84 - - -
RadFM[38] Llama2-13B 1.65 0.38 0.21 0.16 1.27 2.44 - - -
M3D[2] Llama2-7B 0.53 0.21 0.11 0.07 2.16 4.56 - - - -
Qwen3-VL-8B 39.60 2161 1139 616  27.06 2225 | 2388  33.66 11.53 284l
PET2Rep-Sep[44] | InternVL-3.5-8B 3823 2074 1096 596 2599 2220 | 2275 3345 1064  28.01
Qwen2.5-VL-Max | 3498 1885 997 548 2791 2037 | 2178 2393 784  17.11
Qwen3-VL-8B 3898 2094 1099 596  27.12 2177 | 2382 3061 1134  24.65
PET2Rep-Fus[44] | InternVL-3.5-8B 3779 2044 1078 583 2569 2192 | 2388 3388 1222  28.62
Qwen2.5-VL-Max | 3430 1857  9.87 542 2855 19.84 | 2288 2695 954  20.60
CT2Rep[15]1 Transformer 4402 2986 21.16 1595 3379 2633 | 2324 2825 915 2150
RadFM[38]" Qwen3-8B 4026 2786 2052 1623 3266 28.06 | 2662 3224 1374 2634
Dia-LLaMA[7]' Qwen3-8B 4113 31.02 2451 2028 3357 3282 | 2419 3416 978 27585
Llama2-7B 28.19 2184 1772 1490 2260 27.19 | 26.10 2545 1199  17.97
Mistral-7B-v0.3 53.18 4553  40.12 3607 4320 48.60 | 2725 3024 1352 2355
Qwen2.5-7B 6042 5200 45.92 4133 5121 5215 | 31.78 3413 1920  28.06
PETRG-3D (Ours) | Gemma2-9B 58.57 5024 4425 3979 4947 5149 | 2829 3192 1508  25.54
GLM4-9B 5873 5122 4572 4155 5080 5374 | 2906 3165 1572  25.07
Qwen3-8B 60.78 5245 4642 4190 51.16 52.88 | 32.06 3476 1953  28.76

4.4.2. Baselines and Implementation

We benchmark against strong baselines: LLaVA-Med [30],
RadFM [38], and M3D [2] (prior 2D/3D radiology VLMs),
and PET2Rep [44], a recent 2D PET/CT method. Our
model’s (PETRG-3D) volume encoder is initialized from
the pretrained ViT-3D of RadFM [38]. All experiments are
conducted on NVIDIA A800 (80GB) GPUs. Implementa-
tion details for baselines and PETRG-3D are provided in
the supplementary material.

5. Experimental Results

We evaluate our PETRG-3D framework on the PETRG-
Lym and AutoPET-RG-Lym datasets, comparing against
existing methods and analyzing each proposed component.
Additional results appear in the supplementary material.

5.1. Main Results

5.1.1. Quantitative Results

Table 3 details results on PETRG-Lym. Baselines like
M3DJ2], pretrained on CT volumes, show limited perfor-
mance due to domain gaps. The prompt-based PET2Rep
yields moderate scores (e.g., 6.16 B-4, 23.88 PT-All with
Qwen3-VL-8B [3]) but fails to capture PET-specific lan-
guage. In contrast, our fine-tuned PETRG-3D substantially
boosts both NLG (41.9 B-4, 51.16 MTR) and CE met-
rics (32.06 PT-All, 34.76 CT-All, with Qwen3-8B [39])),
demonstrating consistent improvements and superior align-
ment with the radiologists’ reporting style.

On the external AutoPET-RG-Lym dataset (Table 4),
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PETRG-3D maintains its superiority in NLG and PET-
centric CE metrics, reinforcing the value of domain-specific
fine-tuning. However, its CT-centric CE performance de-
grades. We hypothesize this is due to higher inter-center
variance in CT descriptions compared to PET, causing the
model to overfit to the source domain’s CT style. This
suggests limitations of the end-to-end VLMs fine-tuning
paradigm. The results underscore that a significant gap re-
mains for the clinical applicability of all current methods.

5.1.2. Qualitative Results

Fig. 3 presents a qualitative comparison on PETRG-Lym,
showcasing two cases from different centers to highlight di-
verse reporting styles. We display key findings of the chest
region for brevity; distinct colors denote different anatom-
ical areas, and gray backgrounds indicate incorrect diag-
noses.

In terms of reporting style, PET2Rep generates an ex-
cessively brief and anatomically incomplete report for Case
1. In contrast, our model generates a report whose length
and anatomical coverage closely align with the ground truth
(GT). In Case 2, while PET2Rep achieves a comparable
length, it still exhibits incomplete anatomical coverage. Our
model again demonstrates superior adaptability, matching
the GT in both length and completeness.

Regarding diagnostic accuracy, PET2Rep incorrectly re-
ports no abnormalities in Case 1. Our model, however,
correctly identifies multiple findings, such as “slightly in-
creased bronchovascular markings”. In Case 2, PET2Rep’s
output is clinically irrelevant. Our model successfully iden-
tifies “a small nodule... in the left lobe,” despite a minor



Table 4. Evaluation of NLG and CE metrics on the External Cohort AutoPET-RG-Lym. PET2Rep-Sep and PET2Rep-Fus refer to the two

image input strategies from [44]. {: adaptation and fine-tuned on PETRG-Lym.

| | NLG Metrics | CE Metrics
Methods | LEMSVIMs | "'g3 B2 B3 B4 MIR RL |PLAI CTAIl PT-Ab  CT-Ab
LLaVA-Med[30] Mistral-7B-v0.2 3.16 0.98 0.57 0.42 2.37 4.69 - - - -
RadFM[38] Llama2-13B 1.57 0.45 0.24 0.18 1.12 2.14 - - - -
M3D[2] Llama2-7B 0.28 0.09 0.04 0.03 1.84 433 - - - -
Qwen3-VL-8B 40.80 24.08 13.51 7.51 27.56 24.33 24.25 29.22 12.29 23.07
PET2Rep-Sep[44] | InternVL-3.5-8B 37.94 22.20 12.50 6.98 26.62 23.16 23.34 33.56 11.78 27.60
Qwen2.5-VL-Max | 32.63 19.16 10.62 5.83 28.78 21.21 26.76 25.94 14.00 18.46
Qwen3-VL-8B 39.36 23.19 13.00 7.20 28.00 23.40 22.62 31.17 10.61 24.96
PET2Rep-Fus[44] | InternVL-3.5-8B 38.39 22.43 12.58 7.05 26.91 22.92 23.38 32.96 12.16 27.16
Qwen2.5-VL-Max | 32.13 18.97 10.56 5.82 29.12 21.01 28.31 28.57 16.14 21.46
CT2Rep[15]" Transformer 37.08 21.80 12.56 7.16 28.91 21.84 20.98 27.03 6.88 19.68
RadFM([38]" Qwen3-8B 34.90 20.54 12.40 7.57 27.48 22.90 27.35 30.78 14.58 23.88
Dia-LLaMA[7]" Qwen3-8B 41.64 27.51 18.14 11.90 32.54 27.91 26.50 31.72 14.10 25.39
Llama2-7B 24.05 19.82 16.87 14.68 26.31 32.20 19.02 14.73 4.30 6.04
Mistral-7B-v0.3 52.37 43.92 38.65 35.03 40.31 44.20 23.63 16.94 11.64 9.58
Qwen2.5-7B 47.90 37.88 31.51 27.35 36.50 37.30 30.42 21.90 19.01 15.77
PETRG-3D (Ours) | Gemma2-9B 4727 3923 3428 3097  37.09 4021 | 3003 1856 1849 1115
GLM4-9B 55.89 50.38 46.76 44.18 47.41 55.47 36.22 17.14 25.46 9.24
Qwen3-8B 49.41 41.30 36.07 3247 4150 4097 33.48 22.79 22.81 16.35
——————————— ~ e e
4 Chest Part 1 | Ground Truth | PET2Rep | PETRG-3D (Ours) :
I CHEST: Slightly increased bronchovascular markings are I The lungs are clear, with no! CHEST: Slightly increased bronchovascular markings are |
! !'seen in both lungs. A few lincar shadows are noted in the ! significant consolidation or! seen in both lungs. No hypermetabolic foci are seen within 1
: y right middle lobe, without increased radiotracer uptake. No 1 nodules. No abnormal FDG ; the lung fields. The hila are not enlarged. The bronchial !
1 1 hypermetabolic foci are seen within the lung fields. The y uptake is seen. The cardiac I orifices are patent, with no significant luminal stenosis. :
1 K I'hila are not enlarged. The bronchial orifices are patent, I gilhouette is normal in size! 1
1 /A P : with no significant luminal stenosis. b and  configuration.  No !
: v 3 4& ! 1  abnormal FDG uptake is; :
1 . ‘ 1 Inoted in the myocardium. 1 1
\ o _liE_TLC_T_ ——— : I'No significant calcification ! The pleura and pericardium are smooth, 1
Lung Hila and bronchial The : or dilatation is seen in the with no hypermetabolic nodules. A small, crescent-shaped, !
Axillae ypleura  and  pericardium are smooth, with 1o aorta and its major branches.; low-density collection is noted in the left pleural cavity, :

Pleura and pericardium

uptake are seen within the lung fields

1 hypermetabolic nodules. No pleural effusion. Multiple y
I'nodules are present in the bilateral axillae, measuring |
approximately 0.3 cm to 1.4 cm, demonstrating varying !

1

1

I calcified nodule is visible in the left lower lobe. I subpleural cystic (or bullous) lucencies noted in
: No space-occupying lesions or abnormal FDG ! the bilateral upper lobes. There is volume loss
I
1
1

which is photopenic. Multiple small soft-tissue density |
! nodules are present in the bilateral axillae, measuring 1
| approximately 0.4 cm to 1.0 em, showing mildly increased !

1 degrees of increased radiotracer uptake (SUVmax 1.7-1 1.2).I adiotracer uptake (SUVmax 1.7-3.1). /I
( Ground Truth ! PET2Rep ' PETRG-3D (Ours) !
The lung fields are clear. A small solid or jIncreased lucency is seen in both lungs, with j The lung fields are clear. A small nodule is visible;

1in the left upper lobe, showing no abnormal FDG1
Vuptake. No space-occupying lesions or abnormal!

) of the right middle lobe. A patchy opacity is 1 FDG uptake are seen in the remaining lung fields h
1 seen in the perihilar region of the right middle 1

bilateral hila, and axillary regions. I lobe, demonstrating increased FDG uptake. 1
N o o o - - —— - -

bilateral hila, and axillary regions. 1
'

Figure 3. Qualitative comparison of our method against PET2Rep[44] on chest results. Different colors denote distinct anatomical areas.

Incorrect diagnoses are highlighted in gray.

error in fine-grained localization (“left upper lobe” vs. “left
lower lobe”).

5.2. Ablation Studies and Analysis

We analyze the impact of our core components and design
choices, using Qwen3-8B [39] as the text decoder.

5.2.1. Impact of Key Components

We first ablate our two key modules, DSFE and SAMF. Re-
sults are in Table 5.

DSFE: Jointly encoding CT and PET volumes with
DSFE consistently outperforms single-modality inputs

(PET-only or CT-only) across nearly all NLG and CE met-
rics. SAMF: Adding SAMF further boosts NLG perfor-
mance substantially. By explicitly incorporating hospital-
specific templates, SAMF simplifies the stylistic modeling
task. This frees model capacity to focus on clinically rele-
vant details, thereby improving CE metrics as well.

5.2.2. Analysis of Design Choices

We conduct further analysis on key design choices, summa-
rized in Figure 4. “Ours (PETRG-3D)” represents our final
model settings.

CT-Pretrained Features for PET. Although PET and
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Table 5. Ablation study on the PETRG-Lym dataset. CT Base and PET Base use only CT or PET stream, respectively. DSFE denotes
Dual-Stream Volumetric Feature Encoding; SAMF denotes Style-Adaptive Multimodal Fusion.

‘ NLG Metrics ‘ CE Metrics
CTBase PETBase DSFE SAMF | p; B, B3 B4 MIR RL |PTAI CT-AI PT-Ab  CT-Ab
v 49.19 3991 3358 29.13 4091 41.62 | 28.81 32.96 15.77 26.86
v 5274 43.01 3637 31.76 42.65 43.61 | 26.01 32.95 12.40 2691
v v 58.02 4830 4147 3654 46.88 4693 | 28.38 33.27 15.36 27.41
v v v 60.78 5245 4642 4190 5116 52.88 | 32.06 34.76 19.53 28.76
CT represent distinct modalities, CT-pretrained 3D en-
el . n 6 |m OOurs (PETRG-3D)
coders transfer surprisingly well. Fig. 4 (' PET Enc. B OPET Enc. (from Scratch)
(from Scratch)”) shows that our approach—using the CT- n . Ow/o Stop Token
pretrained encoder for both modalities—significantly out- so (1111 |k M T} ©w/ Regional Input (RI)
.. N - H Ow/ RI+ FT Encoder
performs training a separate PET encoder from scratch. L T L
This is likely because anatomical priors, such as tissue tex- 40 I [h I
ture and lesion morphology, serve as useful inductive biases I
for PET interpretation. w0
Stop Token. We find that models without an explicit
stop token often produce hallucinated text after the report’s 0
factual end. As shown in Fig. 4 (“w/o Stop Token”), adding
a dedicated end-of-report token during training significantly N
improves report faithfulness. [B1 B2 B3 B4 MIR RL |PT-All CT-All PT-Ab CT-Ab|
Region-wise Decomposition. We evaluated a regional NLG Metrics CE Metrics

decomposition strategy: dividing full-body scans and re-
ports into four anatomical regions (e.g., chest, abdomen),
training on region-report pairs, and concatenating outputs
during inference. This “w/ Regional Input (RI)” approach
(Fig. 4) reduces NLG performance. Results indicate that
decomposition-induced sample proliferation compromises
global contextual coherence critical for radiology report
generation.

Fine-tuning the Visual Encoder. We investigate fine-
tuning the pretrained CT encoder on our dataset (Fig. 4, “w/
RI + FT Encoder”). While this yields modest gains in PET-
centric CE (PT-Ab), it degrades both NLG and CT-CE met-
rics. This suggests that fine-tuning on limited data adapts
the model to PET but harms the robust, pre-trained CT rep-
resentations due to overfitting.

6. Conclusion

We introduce PETRG-Lym, a multi-center, single-disease
dataset for PETRG, comprising 245,509 paired PET/CT
slices and 824 expert-written reports. To facilitate repro-
ducible and fair benchmarking, we also release AutoPET-
RG-Lym, a curated PETRG dataset built upon the pub-
lic AutoPET dataset, with reports carefully drafted and re-
viewed by domain experts. Based on these datasets, we
propose PETRG-3D, an end-to-end 3D PETRG framework
featuring a dual-branch architecture for modality-specific
encoding and a style-adaptive multimodal fusion module
for cross-center stylistic adaptation. Extensive experiments
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Figure 4. Analysis of design choices. “Ours (PETRG-3D)” is the
final model settings. “PET Enc. (from Scratch)” trains a sepa-
rate ViT-3D for the PET branch from scratch. “w/o Stop Token”
removes the explicit end-of-report token during training. “w/ Re-
gional Input” uses 4 decoupled anatomical region pairs for train-
ing. “w/ Regional Input + FT Encoder” further fine-tunes the vi-
sual encoder on top of the “w/ Regional Input” setting.

demonstrate that PETRG-3D consistently outperforms ex-
isting methods on both NLG and CE metrics, establishing a
strong baseline for future research in automated PETRG.

Limitations and Future Work: While this work estab-
lishes a complete pipeline—spanning data, modeling, and
evaluation—for PETRG, several limitations remain. First,
the diagnostic accuracy of generated reports is still below
clinical requirements; the model primarily captures stylistic
patterns rather than performing detailed pathophysiological
reasoning. Second, although our data includes both baseline
and post-treatment scans, our framework treats them uni-
formly. Modeling longitudinal changes (e.g., post-surgical
alterations or therapy response) is a crucial next step. In
future work, we plan to explore disease-aware reasoning,
temporal report synthesis, and clinically validated evalua-
tion protocols to further bridge the gap between research
systems and real-world clinical deployment.
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