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Abstract 

Vision-Language Models (VLMs) have achieved significant success in multimodal reasoning in general domains, yet their 
application to medical imaging remains limited, especially in specialized data domains such as PET/CT. In this study, we 
introduce Vietnamese Positron Emission Tomography - Vision-Language Model (ViPET-VLM), a novel pipeline specifically 
designed for medical report generation and visual question answering tasks on PET/CT data. ViPET-VLM integrates a fusion 
module to combine morphological information from CT with functional signals from PET, thereby forming a richer multimodal 
representation. To enhance clinical reliability, we propose a regularization mechanism with specialized loss functions that not 
only ensure diagnostic accuracy but also guide the model's attention to critical regions of interest in the images. ViPET-VLM 
was evaluated on a comprehensive, expert-validated PET/CT dataset and demonstrated marked improvements over current 
state-of-the-art methods in both report generation and medical question answering. The model shows potential for enhancing 
the accuracy and clinical applicability of VLMs for medical imaging. 

Keywords: Medical report generation, PET/CT, vision-language models. 

1. Introduction

In*recent years, Vision-Language Models (VLMs)
have become a core research direction in Artificial 
Intelligence due to their ability to learn unified 
representations from image and text data [1–5]. Trained 
on massive datasets with billions of image-caption pairs, 
these models achieve cross-modal alignment, enabling a 
direct connection between visual and linguistic 
semantics. This has unlocked potential for numerous 
downstream tasks such as image captioning [6, 7], visual 
question answering [4–7], automatic report generation 
[8, 9], as well as zero-shot image classification [1, 10]. 

Although general-purpose VLMs like CLIP [1], 
Flamingo [11], and GPT-4o [12] have demonstrated 
outstanding performance on various natural image 
benchmarks, their application in the medical domain 
remains challenging. The primary reason stems from the 
domain gap: medical images possess fundamentally 
different structures, textures, and purposes compared to 
everyday photographs [13, 14]. Furthermore, the 
accompanying textual descriptions in medicine are often 
highly specialized, context-rich, and require expert 
knowledge for interpretation [15–17]. 

Several recent works, such as MedCLIP [18] and 
MedFlamingo [19], have attempted to adapt general 
VLM architectures for medical data by retraining or 
fine-tuning them on specialized datasets. However, 
current approaches still face several limitations. Firstly, 
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the range of modalities is narrow: most studies focus on 
chest X-rays [20], MRI and CT scans [21], or 
histopathology images [22], while functional modalities 
like PET, which are particularly crucial in oncology, 
cardiology, and neurology, are largely overlooked. 
Secondly, existing medical vision-language datasets are 
predominantly monolingual, mainly in English, leading 
to a severe lack of resources for low-resource languages 
such as Vietnamese. Lastly, the majority of available 
data consists only of short captions [23] or limited 
annotations [24], which is insufficient to reflect the 
complexity of real-world medical reports. 

To address these gaps, we develop Vietnamese 
Positron Emission Tomography - Vision-Language 
Model  (ViPET-VLM), a novel VLM pipeline 
specifically designed for PET/CT data. This model 
integrates a fusion module to synchronize structural 
information from CT and functional information from 
PET, while also leveraging a regularization mechanism 
with specialized loss components to both enhance 
clinical accuracy and guide the model's attention 
towards diagnostically significant regions of interest 
(ROIs). 

The main contributions of this paper are as follows: 

(i) We propose ViPET-VLM, the first model
specifically designed for PET/CT data to
concurrently exploit both structural (CT) and
functional (PET) information.
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(ii) ViPET-VLM incorporates a fusion module to unify
multimodal signals, along with regularization
mechanisms based on specialized loss functions to
improve clinical accuracy and direct the model's
focus onto critical ROIs.

(iii) We conduct experiments on a comprehensive
PET/CT dataset with full clinical reports,
demonstrating that ViPET-VLM achieves superior
performance compared to existing state-of-the-art
VLMs in both medical report generation and visual
question answering tasks.

2. Related Works

2.1. Multimodal Datasets in the Medical Domain

Recent advancements in medical VLMs have been 
primarily driven by datasets that link medical images 
with their corresponding text annotations. Previous 
research has predominantly focused on modalities such 
as CT, MRI, and X-ray, providing captions or diagnostic 
reports [23, 24]. For 2D data, prominent examples 
include PMC-OA [23] and MIMIC-CXR [24]. Other 
datasets have expanded to 3D data to support volumetric 
modeling, such as M3D-Data [25], MedMD [26], and 
CT-RATE [27]. 

Recently, the ViMed-PET dataset [28], the first 
publicly available dataset comprising 3D whole-body 
PET/CT volumes, was released, opening a promising 
research avenue for deep learning models in multimodal 
biomedical image analysis. The emergence of this 
dataset not only facilitates the fair evaluation of new 
methods but also encourages the research community to 
develop more advanced architectures for learning 
representations from large-scale PET/CT data. In this 
study, we select ViMed-PET as the foundation for all our 
experiments to validate the effectiveness of our 
proposed method. 

2.2. Vision-Language Models in the Medical Domain 

Recent studies have developed numerous specialized 
vision-language models for medicine, with various 
designs tailored to leverage the unique characteristics of 
clinical data. MedCLIP [18] retains the CLIP-style dual-
encoder architecture (image + text) but decouples 
images from reports to extend its scope beyond tightly 
paired data. It also replaces the standard InfoNCE loss 
with a medical knowledge-guided semantic matching 
loss to mitigate false negatives, thereby enhancing zero-
shot/few-shot transfer performance. Meanwhile, Med-
Flamingo [19] adheres to the Flamingo framework, 
combining a pre-trained vision encoder with gated 
perceiver-style cross-attention layers to interleave image 
tokens with a Large Language Model (LLM). The 
medical variant is further trained on image-text data 
from textbooks and articles, enabling generative visual 
question answering (generative VQA) in a few-shot 
setting. LLaVA-Med [29] adopts an adapter/projection 

approach, projecting visual features into the LLM's 
token space (e.g., Vicuna) and then performing visual 
instruction tuning. The supervision data is constructed 
from image-caption pairs from PubMed Central, 
combined with GPT-4-style synthetic instructions 
organized into a curriculum. For chest X-rays, CXR-
LLaVA [30] extends the LLaVA architecture by fine-
tuning on a large-scale dataset of chest X-rays with 
corresponding reports and Q&A pairs to generate 
finding-level free-text. 

In summary, existing medical VLMs have 
demonstrated significant potential in leveraging 
image-text data, ranging from dual-encoder 
architectures (MedCLIP), interleaved cross-attention 
mechanisms (Med-Flamingo), to methods that project 
features into the LLM space for instruction tuning 
(LLaVA-Med, CXR-LLaVA, LLaVA-Rad), as well as 
designs that exploit temporal information (BioViL-T). 
However, the majority of these models still focus on X-
ray or MRI data and have not been effectively extended 
to niche domains, particularly PET/CT imaging, where 
the combination of functional and structural signals is 
pivotal for clinical diagnosis. This gap underscores the 
necessity for specialized architectures aimed at richer 
multimodal representations and higher clinical 
reliability, thereby laying the groundwork for ViPET-
VLM, our proposed vision-language model architecture. 

3. Methodology

3.1. Component Architecture Selection

A typical vision-language model generally 
comprises two main components: a vision encoder and a 
text encoder. In this study, we utilize the 3D vision 
encoder CT-ViT [27], as it is the only publicly available 
Vision Transformer pre-trained on 3D CT imaging data. 
For the language component, we employ Mistral-7B 
[31], a language model recommended by state-of-the-art 
VLMs such as LLaVA-Med [29] and M3D [25]. These 
models are fine-tuned on biomedical instruction 
datasets, enhancing their ability to comprehend complex 
clinical texts and engage in sophisticated, clinically 
meaningful medical dialogue. 

3.2. Fine-Tuning Flow 

We utilize a curated PET/CT dataset to fine-tune the 
base component models through a structured procedure. 
As illustrated in Fig. 1, the ViPET-VLM pipeline 
consists of three stages: (1) Fine-tuning the 3D vision 
encoders to adapt to the 3D PET/CT data modality and 
learn cross-modal representations between the PET and 
CT domains via a fusion module, (2) Aligning vision-
language attributes between images and text, and (3) 
Instruction-tuning the model using Low-Rank 
Adaptation (LoRA) [32] to optimize it for downstream 
multimodal clinical tasks.  

In 
pre

ss



Journal of Science and Technology – Smart Systems and Devices 
Volume 36, Issue 2, May 2026, 137–144

139 

Fig. 1. Overview of the proposed ViPET-VLM method

Additionally, we propose an advanced method to 
improve the fine-tuning of the entire architecture by 
designing an alignment loss function. This loss function 
acts as a regularization mechanism, guiding the model’s 
attention towards critical regions of interest in the 
images, specifically the high-SUV areas that require 
emphasis in PET images. 

3.2.1. Fine-tuning the 3D vision encoders 

We employ self-supervised learning (SSL), 
specifically CLIP-style fine-tuning, to pre-train the PET 
and CT encoders. This strategy enables the encoders to 
capture semantic information (aligned with text) from 
3D medical data. This stage is divided into two steps: (1) 
CLIP-style fine-tuning of the PET and CT vision 
encoders, and (2) Learning cross-modal representations 
between the PET and CT data domains. 

- Medical report separation

We propose using GPT-4o to partition the content of
the full PET/CT report into two distinct descriptive 
segments for PET and CT information. Concretely, the 
prompt consists of (i) the original report text as input and 
(ii) an instruction that enforces a strict JSON-only output 
schema:

{ "PET": ⟨𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃⟩, "CT": ⟨𝑅𝑅𝐶𝐶𝐶𝐶⟩ } 

To minimize cross-contamination between 
modalities, we impose explicit content constraints in the 
instruction: PET  is restricted to metabolic information 
only, including tracer uptake patterns and quantification 
(e.g., hyper-/hypo-metabolic foci, intensity and 
distribution, SUV/SUVmax, focal and diffuse uptake); 
CT  is restricted to anatomical information only, 
including morphology and localization (e.g., 
organ/region, size measurements, shape, margins), while 
explicitly excluding uptake-related terms and SUV 
values. 

- Fine-tuning specialized vision encoders

We fine-tune two independent 3D vision encoders:
𝑓𝑓𝜙𝜙𝑃𝑃𝑃𝑃𝑃𝑃 for the PET image domain and  𝑓𝑓𝜃𝜃𝐶𝐶𝐶𝐶 for the CT 
image domain. Correspondingly, we denote 𝑔𝑔𝜙𝜙𝑃𝑃𝑃𝑃𝑃𝑃  and 
𝑔𝑔𝜃𝜃𝐶𝐶𝐶𝐶   as the text encoders for the PET and CT domains, 
respectively. The output visual representations and from 
the two 3D vision encoders are defined as:  

 𝑣𝑣𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑓𝑓𝜙𝜙𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥𝑃𝑃𝑃𝑃𝑃𝑃), 𝑣𝑣𝐶𝐶𝐶𝐶 = 𝑓𝑓𝜃𝜃𝐶𝐶𝐶𝐶(𝑥𝑥𝐶𝐶𝐶𝐶) (1) 

where  𝑥𝑥𝑃𝑃𝑃𝑃𝑃𝑃 and 𝑥𝑥𝐶𝐶𝐶𝐶  are the original 3D PET and CT 
images, respectively. Similarly, the output text 
representations are: 

 𝑡𝑡𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑔𝑔𝜙𝜙𝑃𝑃𝑃𝑃𝑃𝑃(𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃), 𝑡𝑡𝐶𝐶𝐶𝐶 = 𝑔𝑔𝜃𝜃𝐶𝐶𝐶𝐶(𝑅𝑅𝐶𝐶𝐶𝐶)          (2) 

Each vision encoder is fine-tuned using a CLIP-style 
loss function as follows: 

ℒ𝑃𝑃𝑃𝑃𝑃𝑃 = − 1
𝑁𝑁
𝛴𝛴𝑖𝑖=1𝑁𝑁 𝑙𝑙𝑙𝑙𝑙𝑙

𝑒𝑒𝑒𝑒𝑒𝑒�𝑠𝑠𝑠𝑠𝑠𝑠�𝑣𝑣𝑃𝑃𝑃𝑃𝑃𝑃
𝑖𝑖 ,𝑡𝑡𝑃𝑃𝑃𝑃𝑃𝑃

𝑖𝑖 � 𝜏𝜏⁄ �

� 𝑒𝑒𝑒𝑒𝑒𝑒�𝑠𝑠𝑠𝑠𝑠𝑠�𝑣𝑣𝑃𝑃𝑃𝑃𝑃𝑃
𝑗𝑗 ,𝑡𝑡𝑃𝑃𝑃𝑃𝑃𝑃

𝑗𝑗 � 𝜏𝜏� �
𝑁𝑁

𝑗𝑗=1

(3) 

ℒ𝐶𝐶𝐶𝐶 = − 1
𝑁𝑁
𝛴𝛴𝑖𝑖=1𝑁𝑁 𝑙𝑙𝑙𝑙𝑙𝑙

𝑒𝑒𝑒𝑒𝑒𝑒�𝑠𝑠𝑠𝑠𝑠𝑠�𝑣𝑣𝐶𝐶𝐶𝐶
𝑖𝑖 ,𝑡𝑡𝐶𝐶𝐶𝐶

𝑖𝑖 � 𝜏𝜏⁄ �

� 𝑒𝑒𝑒𝑒𝑒𝑒�𝑠𝑠𝑠𝑠𝑠𝑠�𝑣𝑣𝐶𝐶𝐶𝐶
𝑗𝑗 ,𝑡𝑡𝐶𝐶𝐶𝐶

𝑗𝑗 � 𝜏𝜏� �
𝑁𝑁

𝑗𝑗=1

(4) 

where sim(⋅,⋅) is the cosine similarity, τ is a temperature 
parameter, and N is the minibatch size.  

- Learning cross-modal representations between PET
and CT domains

After fine-tuning the PET and CT vision encoders, 
the output PET image representations 𝑉𝑉𝑃𝑃𝑃𝑃𝑃𝑃 = �𝑣𝑣𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖 � 
and CT image representations 𝑉𝑉𝐶𝐶𝐶𝐶 = �𝑣𝑣𝐶𝐶𝐶𝐶𝑖𝑖 � are 
combined through the cross-attention mechanism of a 
Transformer-based fusion module. This design is 
particularly well-motivated in PET/CT, where the two 
modalities are routinely co-registered in clinical 
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systems; thus, the attention operation is constrained to 
learn cross-modal associations under a shared spatial 
reference, preserving structural correspondence while 
enhancing semantic coupling. This combination is 
expressed by the following formulas: 

𝑄𝑄 =  𝑉𝑉𝑃𝑃𝑃𝑃𝑃𝑃𝑊𝑊𝑄𝑄, 𝐾𝐾 =  𝑉𝑉𝐶𝐶𝐶𝐶𝑊𝑊𝐾𝐾 , 𝑉𝑉 =  𝑉𝑉𝐶𝐶𝐶𝐶𝑊𝑊𝑉𝑉 (5) 

𝑍̅𝑍 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 �𝑄𝑄𝐾𝐾
⊤

√𝑑𝑑
�𝑉𝑉   (6) 

Here, we use PET features as queries to reflect the 
clinician-inspired reading workflow: experts often first 
identify suspicious metabolic uptake on PET and then 
localize and characterize the corresponding region on 
CT for anatomical delineation and differential 
interpretation. In this sense, PET acts as the “driver” 
signal that initiates cross-modal retrieval, while CT 
provides structured anatomical evidence as contextual 
support.  

Similar to the standard Transformer architecture, we 
also incorporate residual connections, layer 
normalization, and a feed-forward network (FFN) to 
stabilize the training process:  

        𝑍𝑍′ =  𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿(𝑉𝑉𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑍̅𝑍)             (7)  

  𝑍𝑍𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 =  𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿�𝑍𝑍′ + 𝐹𝐹𝐹𝐹𝐹𝐹(𝑍𝑍′)�        (8) 

Finally, the fused representation 𝑍𝑍𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 is aligned 
with the full PET/CT report using a CLIP-style loss 
function as follows:  

ℒ𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = − 1
𝑁𝑁
𝛴𝛴𝑖𝑖=1𝑁𝑁 𝑙𝑙𝑙𝑙𝑙𝑙

𝑒𝑒𝑒𝑒𝑒𝑒�𝑠𝑠𝑠𝑠𝑠𝑠�𝑍𝑍𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖 ,𝑡𝑡𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
𝑖𝑖 � 𝜏𝜏⁄ �

� 𝑒𝑒𝑒𝑒𝑒𝑒�𝑠𝑠𝑠𝑠𝑠𝑠�𝑍𝑍𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑗𝑗 ,𝑡𝑡𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝑗𝑗 � 𝜏𝜏⁄ �
𝑁𝑁

𝑗𝑗=1

 (9)  

where 𝑡𝑡𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝑓𝑓𝜓𝜓
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝑅𝑅) is the text representation 

encoded from the full PET/CT report.  

3.2.2. Vision-language concept alignment 

In this stage, we fine-tune a linear projection layer to 
map the visual feature representations into the 
embedding space of the language encoder. We use 
single-turn image-text pairs from a VQA dataset 
generated from the original dataset, where each sample 
consists of a PET/CT image and an instruction-based 
question. Example prompts include: “What are the key 
findings in this medical image?” or “Please write a 
detailed medical report for this medical image.” 

The training objective is to accurately reproduce the 
original text response given the image and prompt. 
During this process, the weights of the vision encoder 
and the language model are frozen, allowing only the 
weights of the linear projection layer to be updated. This 
design ensures an effective and stable alignment 
between the image and text embeddings, while also 
reducing the risk of overfitting and preserving the 
pre-trained representations. 

3.2.3. Instruction tuning 

In the final stage, we conduct fine-tuning of the 
entire VLM using the VQA dataset, which includes both 
single-turn question-answer pairs and multi-turn 
conversational interactions. During this process, the 
weights of the vision encoder are kept frozen to preserve 
the previously learned visual representations. Only the 
parameters of the vision-language projection layer and 
the language model are updated, applying the Low-Rank 
Adaptation (LoRA) [32] method for efficient 
fine-tuning. 

This stage enhances the model's ability to understand 
and answer a diverse range of medical questions by 
integrating information from both image and text 
modalities. The inclusion of both simple and complex 
conversational formats also improves the model's 
robustness and operational stability in biomedical VQA 
tasks. 

3.2.4. Alignment loss function 

The language model component of ViPET-VLM is 
based on a Transformer decoder, which processes input 
through L decoder layers, each equipped with a 
multi-head attention module. At layer 𝑙𝑙, this module 
consists of 𝐻𝐻 attention heads, where each head ℎ (with 
1 ≤ ℎ ≤ 𝐻𝐻) computes attention separately based on its 
corresponding attention map 𝑀𝑀𝑙𝑙

ℎ. This attention 
mechanism models the relationships between image 
tokens and text tokens. To analyze the contribution of 
image tokens to text generation, we focus on the 
attention scores between image tokens and subsequent 
text tokens, referred to as the visual attention map 𝑀𝑀𝑣𝑣

𝑙𝑙,ℎ , 
which is a submatrix of the overall attention map 𝑀𝑀𝑙𝑙

ℎ . 
To obtain an overview of the attention distribution 
across image tokens, we can compute the average visual 
attention map 𝑀𝑀𝑣𝑣  by aggregating the attention across all 
heads and all layers: 

 𝑀𝑀𝑣𝑣 = 1
𝐿𝐿𝐿𝐿
𝛴𝛴𝑙𝑙=1𝐿𝐿 𝛴𝛴ℎ=1𝐻𝐻 𝑀𝑀𝑙𝑙ℎ

𝑣𝑣   (10) 

Separately, from the original PET 𝑥𝑥𝑃𝑃𝑃𝑃𝑃𝑃   image, we 
use a simple thresholding method to obtain a binary 
mask matrix 𝑆𝑆. The regions of interest correspond to the 
areas with a value of 1 in 𝑆𝑆, which also represent the 
high-SUV regions that require emphasis when cross-
referenced with 𝑥𝑥𝑃𝑃𝑃𝑃𝑃𝑃 . From this, we design an alignment 
loss function ℒ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 to guide the model's attention, via 
the average attention matrix 𝑀𝑀𝑣𝑣, towards the regions of 
interest defined by 𝑆𝑆  as follows:  

ℒ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 = 𝛴𝛴𝑠𝑠∈𝑆𝑆 �1 − 𝛴𝛴𝑐𝑐∈𝑠𝑠𝑀𝑀𝑐𝑐
𝑣𝑣

𝛴𝛴𝑐𝑐′=1
𝑇𝑇 𝑀𝑀𝑐𝑐′

𝑣𝑣 �
2

 (11) 

where 𝑠𝑠 represents each reference region in 𝑆𝑆, 𝑐𝑐 and 𝑐𝑐′ 
are indices of the image tokens, and 𝑇𝑇 is the total number 
of image tokens. Among all 𝑇𝑇 image tokens, this loss 
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function encourages higher attention scores on the image 
tokens belonging to each region 𝑠𝑠, thereby creating an 
attentional constraint for the model on the important 
regions of the PET image. The final loss function of the 
model is formulated as shown below, with ℒ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 acting 
as a regularization term:  

    ℒ𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 =  ℒ𝑙𝑙𝑙𝑙𝑙𝑙 + 𝜆𝜆ℒ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎      (12) 

where ℒ𝑙𝑙𝑙𝑙𝑙𝑙 is the original loss function of the language 
component, and 𝜆𝜆 is a regularization hyperparameter to 
control the influence of ℒ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 in the final loss.  

4. Evaluation

4.1. Experimental Design

4.1.1. Dataset

- Data description

We use the ViMed-PET dataset [28], collected from
a central general hospital in Vietnam. It comprises 2,757 
whole-body PET/CT studies conducted over four years, 
with a total of 2,757 pairs of 3D CT–PET images and 
their corresponding full clinical reports. Each 3D scan 
contains approximately 250-500 CT and PET slices, 
covering the area from the head to the upper thigh, and 
includes various pathologies such as lung cancer, thyroid 
cancer, and other clinical conditions. The images are 
stored in DICOM format, accompanied by detailed data 
on age, gender, weight, tracer activity, and scan 
parameters, and were acquired using a GE Discovery 
710/STE PET/CT system with CT-based attenuation 
correction. All personally identifiable information has 
been removed from the images and reports, including 
patient, physician, and institutional details. The reports 
were extracted and standardized into JSON format. To 
expand the number of samples and enhance the 
alignment quality between the two data domains, each 
PET/CT case was divided into three anatomical regions 
(head-neck, chest, abdomen-pelvis) with a 20-slice 
overlap to prevent information loss at the boundaries. 

This strategy generated 8,271 image-report pairs, 
enabling the model to learn region-specific clinical 
features more accurately and improving overall 
performance. 

- Data processing

We constructed a specialized Visual Question
Answering (VQA) dataset from ViMed-PET to serve the 
model's training and evaluation stages. The VQA dataset 
includes 27,855 single-turn question-answer samples 
and 8,271 multi-turn conversational dialogues generated 
using GPT-4o with a few-shot prompting strategy. This 
allows the model to be trained on contextual reasoning 
over PET/CT images. 

4.1.2. Evaluation metrics 

We evaluate the model's performance based on 
common Natural Language Processing (NLP) metrics, 
including BLEU-4, ROUGE, and BERTScore. 
Specifically, BLEU-4 is used to measure the precision 
of 4-gram sequences in the generated text. ROUGE-1 
captures the coverage of unigrams, which is useful for 
summarization tasks. ROUGE-L assesses text fluency 
based on the longest common subsequence between the 
generated and reference texts. Meanwhile, BERTScore 
measures the semantic similarity between the output and 
ground-truth texts by leveraging contextual embeddings 
from a pre-trained BERT model. 

4.1.3. Comparative experiments 

We compare ViPET-VLM against various standard 
models, including LLaVA-Med [29], M3D [25], RadFM 
[26], and GPT-4o [11], on two tasks: PET/CT report 
generation and medical question answering on PET/CT. 

4.2. Comparative Results with Other Models 

The quantitative results comparing ViPET-VLM and 
other methods on the PET/CT report generation and 
medical VQA tasks are presented in Table 1 and 2, 
respectively.

Table 1. Quantitative comparison of ViPET-VLM and other methods on the PET/CT report generation task.

Setup NLP Metrics (↑) 
Model BLEU-4 ROUGE-1 ROUGE-L BERT 

LLaVA-Med [29] 0.01 50.08 27.89 64.63 
M3D [25] 0.04 41.01 23.53 67.21 

RadFM [26] 0.06 54.23 28.33 69.49 
GPT-4o* [11] 31.12 67.96 52.76 81.09 

ViPET-VLM (w/o fusion & w/o reg) 53.30 77.79 68.60 88.35 

ViPET-VLM (w/o fusion only) 54.02 77.92 70.58 88.36 
ViPET-VLM (w/o reg only) 53.72 77.86 69.11 88.44 

ViPET-VLM (Ours) 55.70 78.63 72.04 89.74 

Diff. +3.1% +0.9% +2.1% +1.5%

Note: The best results are in bold and the second best are underlined. ↑ indicates that higher is better. reg means 
regularization. *GPT-4o is evaluated under few-shot prompting. 
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Table 2. Quantitative comparison of ViPET-VLM and other methods on the medical question answering task for 
PET/CT. 

Setup NLP Metrics (↑) 

Model BLEU-4 ROUGE-1 ROUGE-L BERT 

GPT-4o* [11] 3.01 49.35 30.09 71.92 

ViPET-VLM (w/o fusion & w/o reg) 31.14 65.61 51.22 82.50 
ViPET-VLM (w/o fusion only) 33.12 66.47 51.18 83.27 

ViPET-VLM (w/o reg only) 31.70 65.93 51.24 82.91 
ViPET-VLM (Ours) 33.41 67.35 54.02 84.01 

Diff. +0.9% +1.3% +5.4% +0.9%
Note: The best results are in bold and the second best are underlined. ↑ indicates that higher is better. reg means 
regularization. *GPT-4o is evaluated under few-shot prompting. 

4.2.1. PET/CT report generation task 

From Table 1, we observe that ViPET-VLM 
outperforms existing methods across all metrics in the 
PET/CT report generation task. Specifically, the model 
achieves a BLEU-4 score of 55.70%, a significant 
increase compared to GPT-4o (31.12%) and previous 
methods (<0.1 for LLaVA-Med, M3D, RadFM). 
Similarly, ViPET-VLM attains the highest ROUGE-1 
(78.63%), ROUGE-L (72.04%), and BERTScore 
(89.74%), demonstrating a superior ability to capture 
both n-gram overlap and semantic content. 

To isolate the contribution of multimodal fusion, we 
additionally evaluate ViPET-VLM in a PET-only setting 
(w/o fusion). Notably, even without fusion, the model 
already surpasses all baselines, achieving 53.30% in 
BLEU-4, 77.79% in ROUGE-1, 68.60% in ROUGE-L, 
88.35% in BERTScore without regularization, and 
54.02% in BLEU-4, 77.80% in ROUGE-1, 70.58% in 
ROUGE-L, 88.36% in BERTScore with regularization. 
More importantly, when comparing (w/o fusion & w/o 
reg) against (w/o reg only), adding the fusion module 
yields consistent improvements across all metrics: 
BLEU-4 increases from 53.30% to 53.72%, ROUGE-1 
from 77.79% to 77.86%, ROUGE-L from 68.60% to 
69.11%, and BERTScore from 88.35% to 88.44%. This 
demonstrates that multimodal fusion provides additional 
gains beyond a strong PET-only backbone by leveraging 
complementary structural cues from CT. 

To isolate the contribution of the proposed 
regularization, we further compare ViPET-VLM 
without and with regularization under matched fusion 
settings. When fusion is removed (w/o fusion), adding 
regularization consistently improves generation quality: 
BLEU-4 increases from 53.30% to 54.02%, ROUGE-1 
from 77.79% to 77.80%, ROUGE-L from 68.60% to 
70.58%, and BERTScore from 88.35% to 88.36%. 

Similarly, under the fusion-enabled configuration, 
regularization yields additional gains over the 
corresponding non-regularized variant (w/o reg only), 

further improving BLEU-4 from 53.72% to 55.70%, 
ROUGE-1 from 77.86% to 78.63%, ROUGE-L from 
69.11% to 72.04%, and BERTScore from 88.44% to 
89.74%. These results indicate that the regularization 
term contributes complementary benefits to fusion by 
promoting more clinically consistent and robust 
representations during fine-tuning. 

When the full ViPET-VLM with PET and CT fusion 
and regularization term is used, performance improves 
across all metrics, with absolute gains of +3.1% in 
BLEU-4, +0.9% in ROUGE-1, +2.1% in ROUGE-L, 
and +1.5% in BERTScore compared to the second-best 
version. These results confirm that using both the 
multimodal integration of PET and CT and 
regularization technique provides complementary 
information, thereby enhancing the accuracy of PET/CT 
report generation. 

4.2.2. Medical question answering on PET/CT task 

As shown in Table 2, our ViPET-VLM surpasses the 
GPT-4o baseline on all metrics for the medical VQA 
task. When evaluating the contribution of multimodal 
data fusion, we find that integrating CT information and 
using proposed regularization improves the model's 
ability to comprehend content and generate answers. 
Overall, ViPET-VLM demonstrates improvements of 
+0.9% in BLEU-4, +1.3% in ROUGE-1, +5.4% in
ROUGE-L, and +0.9% in BERTScore compared to the
second-best ablation setup, confirming the benefits of
multimodal fusion in the clinical VQA problem.

5. Conclusion

This study introduces ViPET-VLM, a vision-
language model designed for report generation and 
question answering on PET/CT data, featuring a fusion 
module that combines CT and PET information. 
Evaluation on the ViMed-PET dataset shows that 
ViPET-VLM significantly improves performance 
compared to current methods, particularly in the 
semantic quality of the generated answers and reports. A 
current limitation is that the clinical reliability has not 
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been directly evaluated by physicians. In the future, we 
plan to collaborate with medical professionals to 
accurately measure clinical efficacy and extend the 
model to other medical imaging modalities.  
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