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Abstract. Automated report generation for whole-body PET/CT imag-
ing can substantially reduce radiologists’ workload and improve clini-
cal efficiency. Existing report generation approaches typically maps the
entire volumetric scan to a complete report. However, clinically mean-
ingful findings in whole-body PET/CT are sparse and localized. Such
global end-to-end modeling tends to omit lesion-specific semantic cues,
limiting complete descriptions of lesions. To address this challenge, we
propose a whole-body PET/CT report generation framework guided by
local lesion-level cues. Our method is built upon three key strategies.
First, we propose an aggregation module that compresses variable lesion
candidates in PET/CT, enabling many-to-one lesion–description align-
ment that reflects real clinical reporting practice. Second, we propose
local entity alignment and global relation alignment during pretraining
to enforce cross-modal semantic consistency between report and image.
Third, we use a two-stage report generation training pipeline, namely
pretraining on structured reports and fine-tuning on free-text radiology
reports, to reduce template bias. We have collected 3,015 whole-body
PET/CT cases from three medical centers, including 120,549 anno-
tated local lesions. Experimental results demonstrate that the proposed
framework improves performance under clinically reliable evaluations of
generated reports.

Keywords: Whole-body PET/CT · Report generation · Vision–language
pretraining.
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Fig. 1. Radiologists’ reporting style in whole-body PET/CT often follows a many-
to-one pattern, where multiple lesions are summarized in a single statement. Such
summarization is commonly organized by anatomical regions (left, a), lesion types
(right, b), or a hybrid of both.

1 Introduction

Automated report generation [16,12] has been extensively studied in recent years.
However, most existing efforts focus on specific body parts, such as chest radio-
graphs [10] and breast ultrasound [2], with limited anatomical field-of-view cov-
erage, and the report content is largely driven by localized findings. In contrast,
whole-body PET/CT spans diverse anatomical regions across the entire body,
making report generation substantially more challenging due to more complex
volumetric input and sparse localized abnormalities. Existing works [4,9] at-
tempt to interpret whole-body PET/CT volumes using large models. However,
this strategy is misaligned with clinical focus and computationally impractical.
Moreover, the scarcity of large-scale paired whole-body PET/CT report datasets
further limits effective training [9].

In contrast, studies [8,14] have explored mask-guided, local lesion-level cap-
tioning to produce more clinically useful lesion descriptions. In particular, PETAR
[8] focuses on local finding generation with a relatively direct lesion–description
correspondence, while PETRG [4] directly models the whole PET/CT volume
for report generation. These studies demonstrate the potential of lesion-aware
or full-scan PET/CT reporting, but local captioning does not fully address com-
plete report generation, and whole-volume modeling may dilute small clinically
relevant lesions within the large whole-body background. And other studies [1,13]
show that structured reports can provide more efficient supervision and evalu-
ation than free-text. However, transferring these ideas to whole-body, full-scan
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PET/CT report generation remains challenging. First, whole-body PET/CT
scans often contain multiple metastatic lesions, so the report rarely follows a
one-to-one image–text mapping. Instead, it frequently exhibits a many-to-one
lesion–description pattern, where multiple lesions are summarized in a single
statement. In practice (Fig. 1), such summarization is often organized by lesion
types (e.g., bone lesions), anatomical regions (e.g., lymph nodes or soft-tissue
masses), or a combination of both, reflecting reporting styles and clinical in-
dications. Second, such report generation models rely heavily on a visual en-
coder with strong semantic understanding. Prior research often adopts CLIP-
style [11] vision–language pretraining for image–text alignment. However, these
mechanisms are typically designed for one-to-one matching and do not explicitly
model the many-to-one alignment common in whole-body PET/CT reports. Fi-
nally, free-text reports, especially those from single-center cohorts, often contain
substantial template-driven content. During early training, models may overfit
these frequent patterns, which can hinder learning sparse yet clinically critical
lesion-specific cues.

To address these challenges, we propose a local lesion-level guidance frame-
work to generate whole-body PET/CT reports with guidance from specific local
lesions. Specifically, our contributions are threefold. First, a SetTransformer-
based aggregation module [5] is used to compress variable lesion candidates into
a fixed-length entity set, enabling many-to-one lesion-description alignment that
reflects real clinical reporting practice. Second, CLIP-style pretraining is built
on one-to-one image–text matching and treats all other pairs in the minibatch
as negatives, implicitly assuming that different reports (and different images)
are unrelated. However, PET/CT images and reports are less diverse than natu-
ral images and texts and often share substantial anatomy- and template-driven
content, making this fully discriminative objective suboptimal for PET/CT im-
age–text alignment. To address this, we introduce local entity alignment and
global relation alignment during pretraining. Local entity alignment preserves
paired image-text alignment, while global relation alignment replaces the all-
negatives assumption and encourages the image embedding space to align with
the text embedding space. Third, to mitigate overfitting to template-driven con-
tents, we adopt a two-stage report generation training pipeline, first training
on structured positive findings to emphasize clinically salient cues, and then
fine-tuning on free-text reports to reduce template bias.

2 Method

Our method extends the LLaVA [7] framework. As shown in Fig. 2b, the model
takes a varying number of lesion-guided PET/CT volume patches, paired with
lesion attributes (e.g., SUVmax and lesion size), as input to generate the fi-
nal findings report. Specifically, given the grouped 3D lesion patch candidates
(e.g., by anatomical region), patches within each group are first encoded into
lesion features and then aggregated per group into a fixed-length set of visual
entities. Subsequently, the resulting entity sets are projected into visual entity



4 M. Yu et al.

Fig. 2. Overview of the pretraining process and report generation pipeline. The pre-
training pipeline (a, top) uses local entity alignment and global relation alignment to
enforce semantic consistency both cross-modally (image–text) and within each modal-
ity. The model pipeline (b, bottom) shows how local lesion cues are encoded and ag-
gregated, then combined with prompt embeddings to generate the final whole-body
PET/CT report. All lesion volume patches are cropped as 64× 64× 64 voxels with an
isotropic spacing of 1.5mm.

embeddings, fused with lesion-attribute prompt embeddings, and then fed to the
language model to generate the whole-body PET/CT findings report.

2.1 SetTransformer-based Aggregation Module

As illustrated in Fig. 1, whole-body PET/CT studies often contain a large and
highly varying number of lesion ROIs, particularly in multifocal disease. In some
patients, the scan may include hundreds of tracer-avid metastatic lesions. Di-
rectly feeding all lesion features into the LLM is inefficient and largely redundant,
since many ROIs share similar uptake patterns and overlapping findings within
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the same anatomical region. In clinical practice, the corresponding report is typ-
ically concise, summarizing many lesion ROIs into a statement by lesion type or
region, which naturally forms a many-to-one lesion-description relationship.

To better accommodate the many-to-one lesion–description relationship in
whole-body PET/CT report generation, we introduce a SetTransformer-based
aggregation module [5] into our framework. The SetTransformer uses attention-
based set encoding to compress a variable-sized ROI set into a fixed number K of
visual entities, and it is order-insensitive, making it naturally suitable for tasks
that only care about lesion content rather than the input order. Accordingly,
if all lesion ROIs in a case can be organized into n groups (e.g., by anatomical
region), corresponding to n key summarization statements, then the ROIs can be
compressed into n×K visual entities. This compact representation is designed to
retain sufficient information for report generation and reflects the many-to-one
nature of clinical reporting practice.

2.2 Local Entity Alignment and Global Relation Alignment

CLIP-style pretraining is widely used in vision–language learning. It uses a one-
hot contrastive target. For each image, only the paired text is treated as positive,
while all other texts are treated as negatives (and vice versa). This assumption
is improper for whole-body PET/CT because PET/CT images and reports are
less diverse than natural counterparts, and they often share substantial anatomy-
and template-driven content, making the discriminative objective suboptimal for
PET/CT image–text alignment.

To better support PET/CT alignment and our many-to-one lesion–description
setting, we introduce two complementary objectives during the pretraining of the
vision encoder and the aggregation module: local entity alignment and global re-
lation alignment (Fig. 2a). For local entity alignment, we retain the paired pos-
itive supervision and model many-to-one correspondence by compressing paired
lesion volumetric patches and their descriptions into fixed-length entity sets of
size K. This design is motivated by the fact that a single report statement may
mention multiple localized concepts, e.g., “Several lymph nodes are present in the
right level II and left level III cervical nodal stations.” which contains both “right
neck level II” and “left neck level III”. We then align K visual entities with K
textual entities via one-to-one matching, so that each textual entity corresponds
to a specific visual entity. For global relation alignment, we replace the absolute
“all negatives” assumption with cross-sample relationships. We pool each entity
set into a single embedding, build pair-to-pair similarity matrices in both modal-
ities, and minimize their discrepancy so that visual representations align with
the textual semantic space. The total loss is formulated as L = Lalign + λrLrel,
where λr = 1/B balances the batch-level global relation loss with the local entity
alignment loss; in our experiments, B = 32.

Local Entity Alignment Given a mini-batch of B paired samples, we rep-
resent the b-th pair by K ℓ2-normalized visual entities Eb = {eb,i}Ki=1 and K
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ℓ2-normalized textual entities Tb = {tb,j}Kj=1, where b ∈ {1, . . . , B}. We com-
pute the similarity matrix Sb ∈ RK×K , obtain a one-to-one assignment πb via
Hungarian matching, and apply a temperature-scaled cross-entropy loss:

Lalign = − 1

BK

B∑
b=1

K∑
i=1

log
exp

(
Sb(i, πb(i))/τ

)∑K
j=1 exp

(
Sb(i, j)/τ

) , (1)

Sb(i, j) = e⊤b,itb,j , πb = Hungarian(−Sb). (2)

Global Relation Alignment To align cross-sample semantic geometry across
modalities, we first form sample-level embeddings by mean pooling the K enti-
ties: ub =

1
K

∑K
i=1 eb,i and vb =

1
K

∑K
j=1 tb,j . We stack them as U = [u1; . . . ;uB ]

and V = [v1; . . . ; vB ], compute relation distributions with temperature τ , and
minimize a symmetric KL divergence:

PI = softmax
(
UU⊤/τ

)
, PT = softmax

(
V V ⊤/τ

)
, (3)

Lrel =
1

2

(
KL(PT ∥PI) + KL(PI∥PT )

)
. (4)

2.3 Two-stage Report Generation Training Pipeline

Free-text whole-body PET/CT reports often include many repeated template
sentences (e.g., “No abnormal radiotracer uptake . . . ”). These sentences can dom-
inate training, so the model learns common but low-information wording instead
of rare yet clinically important abnormalities.

To address this issue, we employ a two-stage training pipeline. In Stage one,
we train on structured reports that contain positive lesions only, covering
471 anatomical locations and 61 lesion-type categories, to keep the model focus
on lesion-relevant cues and avoid learning template bias and normal findings. In
Stage two, we then finetune this model on full free-text reports that include both
positive and negative statements to learn realistic narrative style and institution-
specific reporting conventions. These structured reports in Stage one are derived
from structured labels rather than written as free text, i.e., they are constructed
from each study via an automated lesion-centric pipeline. Specifically, we first
apply a lesion segmentation model to extract 3D lesion volume patches. Then
we use a set of lesion classification models to assign each lesion category (e.g.,
anatomical location, lesion type) together with computed quantitative attributes
(e.g., SUVmax and lesion size). All results are manually reviewed by radiologists
and mapped to corresponding sentence in free-text report to ensure consistency
between structured report and free-text report.

3 Experiments and Results

3.1 Dataset

Our dataset is collected from three medical centers and including 3,015 whole-
body PET/CT studies. We have identified 120,549 abnormal regions. Among
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which, 83,395 lesions are aligned with report-described content. The dataset
contains 2,408 FDG studies and 607 PSMA studies. We use 2,811 studies for
training and 204 studies for testing. We obtain lesion regions using an nnU-
Net-based [3] lesion segmentation model. Each lesion has structured attributes,
including anatomical location, CT findings, lesion size, and SUVmax. The struc-
tured labels cover 471 anatomical locations and 61 CT-finding categories. We
normalize PET and CT images to [0, 1] and apply standard data augmentation
such as random rotation and scaling.

3.2 Training Details

Training was conducted on 8 NVIDIA H20 GPUs. During the pretraining stage,
the CNN-based visual encoder was implemented as a 3D ResNet-50, and the
Transformer-based visual encoder was implemented as a ViT-3D. The visual
encoders were initialized with Kaiming initialization. Clinically similar lesion
candidates were grouped by anatomical region or lesion category before Set-
Transformer aggregation. We set the number of SetTransformer output entities
to K = 8 to balance information preservation and computational efficiency. The
temperature was set to τ = 0.1. The batch size was B = 32, and λr = 1/32. The
model was optimized using AdamW with a learning rate of 1× 10−4. During re-
port generation fine-tuning, the model was initialized with the pretrained vision
and text encoders. The vision encoder was frozen, and the language model was
fine-tuned using LoRA adapters.

3.3 Comparison Study

We evaluate our method on our two-stage report generation training curricu-
lum: 1) structured reports and 2) free-text reports. Structured reports contain
positive lesion findings only, enabling a focused assessment of lesion-level seman-
tic fidelity without interference from template-driven content. Free-text reports
include both positive and negative statements and better reflect real-world re-
porting style. We use NLG (Natural Language Generation) metrics and CE
(Clinical Efficacy) metrics as evaluation metrics. For NLG, we report BLEU and
ROUGE-L (F1) scores computed on the Chinese report text. For CE metrics,
we employ an LLM-based evaluator (ChatGPT-5.2) that matches each ground-
truth (GT) statement to the most similar generated statement, since clinically
correct findings may be expressed with different wording (e.g., “left lung” vs. “left
upper lobe”). The evaluator outputs four accuracy scores, A-all, A-pos, F-all, and
F-pos, which comprehensively quantify clinical efficacy by separately assessing
anatomical and finding correctness on both positive and negative descriptions,
highlighting the advantage of our method.

In Table 1, we can see that our method consistently outperforms LLaVA-
Med [6] and PET2Rep [15] in both NLG and CE metrics, demonstrating clear
advantages in generating clinically faithful whole-body PET/CT reports. Here,
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Table 1. Comparison study results on structured and free-text reports. All val-
ues are reported in [0, 1]. † denotes the language model that takes structured re-
ports as input. B-3/B-4: BLEU-3/BLEU-4; R-L: ROUGE-L (F1). A-all/F-all: overall
Anatomy/Finding accuracy (positive and negative descriptions); A-pos/F-pos: accu-
racy on positive lesions only. In PET2Rep [15], “Sep” and “Fus” denote the two PET/CT
input strategies, “Separate” and “Fused,” respectively. Best results are in bold. ∗ indi-
cates a statistically significant improvement of our method over all competing baselines
(excluding our variants) on the CE metrics under the same setting (p < 0.05).

Method LLMs/VLMs NLG Metrics CE Metrics

B-3 B-4 R-L A-all A-pos F-all F-pos

Structured Report

LLaVA-Med Llama-7B (ViT) 0.507 0.488 0.765 - 0.286 - 0.765

Ours

Llama-7B (CNN) 0.706 0.681 0.957 - 0.499 - 0.852
Llama-13B (CNN) 0.719 0.694 0.962 - 0.502 - 0.855
Llama-7B (ViT) 0.785 0.758 0.981 - 0.519 - 0.868
Llama-13B (ViT) 0.796 0.769 0.985 - 0.522 - 0.877

Free-text Report

S-to-F QWen3-8B † 0.314 0.269 0.316 0.499 0.520 0.810 0.654
LLaVA-Med Llama-13B (ViT) 0.143 0.105 0.273 0.296 0.300 0.757 0.608
PET2Rep (Sep) Qwen3-VL-235B 0.201 0.179 0.255 0.491 0.413 0.695 0.635
PET2Rep (Fus) Qwen3-VL-235B 0.216 0.196 0.258 0.504 0.420 0.695 0.521

Ours Llama-13B (CNN) 0.274 0.232 0.299 0.646 0.571 0.720 0.611
Llama-13B (ViT) 0.326 0.282 0.309 0.649∗ 0.594∗ 0.817∗ 0.670∗

CNN/ViT denote 3D-CNN/3D-ViT vision encoders respectively, and LLaMA-
7B/13B denote LLaMA-Chinese-7B/13B. It is shown that increasing the lan-
guage model size from 7B to 13B further improves performance, while the
choice of visual encoder has an even larger impact: 3D-ViT consistently achieves
higher CE scores than 3D-CNN, suggesting that ViT-style visual representations
are more compatible with LLM-based parsing and generation for whole-body
PET/CT reporting. Finally, S-to-F denotes a structured-to-free strategy that
uses structured-report text to predict free-text reports. The results indicate that
structured reports provide helpful cues, but their information content remains
limited.

3.4 Ablation Study

We conduct ablation study to validate the effectiveness of (i) local entity align-
ment with global relation alignment (Alignment), and (ii) the two-stage report
generation training pipeline (Structured Report). The baseline is trained end-
to-end on free-text reports using the same architecture as ours. As shown in
Table 2, adding Alignment consistently improves performance, indicating that
local entity alignment and global relation alignment benefits the report gener-
ation task. Meanwhile, the Structured Report yields a larger gain than using
Alignment alone, and combining them achieves the best results. This suggests
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Table 2. Ablation results for free-text report generation under CE metrics (all values
in [0, 1]). All experiments use LLaMA-13B (ViT). CE metrics are defined the same as
in the comparison study.

Method CE Metrics

A-all A-pos F-all F-pos

baseline 0.602 0.548 0.794 0.556
+Alignment 0.614 0.560 0.773 0.603
+Structured Report 0.630 0.581 0.809 0.651
+Alignment +Structured Report 0.649 0.594 0.817 0.670

that pretraining on structured, positive-only reports is a key factor for improving
clinical report generation, as it helps the model focus on lesion-relevant semantics
before learning free-text report templates.

4 Conclusion

In this paper, we present a local lesion-level guidance framework for whole-body
PET/CT report generation. Inspired by the sparsity of clinically meaningful find-
ings and the common many-to-one lesion-description pattern in clinical practice,
we propose (1) a SetTransformer-based aggregation module to compress variable
lesion candidates into a fixed entity set for many-to-one alignment, (2) local en-
tity alignment and global relation alignment to enable image-text pretraining,
and (3) a two-stage report generation training pipeline (structured reports to
free-text reports) to mitigate template-driven bias. We also build a multi-center
dataset containing 3,015 whole-body PET/CT image-report pairs from three
institutions, with 120,549 annotated lesions. Experimental results demonstrate
that the proposed framework improves performance under clinically reliable eval-
uations of generated reports.
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