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Abstract
Medical image captioning aims to automatically generate clinically relevant textual descriptions from medi-
cal images, representing a challenging vision–language task due to the heterogeneity of imaging modalities,
anatomical regions, and reporting styles. This paper presents the UACH-VisionLab team’s submission to the
ImageCLEFmedical Caption 2026 challenge. We propose a framework that combines textual preprocessing and
multimodal conditioning to improve image–text alignment between medical images and their corresponding
reports. The framework incorporates a two-stage LLM-based textual preprocessing pipeline consisting of cleaning
and paraphrasing stages applied to the training captions, together with a multimodal captioning model that
employs a frozen PubMedCLIP visual encoder and conditions a fine-tuned GPT-2 language model through
continuous visual prefix embeddings. In the official ImageCLEFmedical Caption 2026 evaluation, the proposed
system achieved an overall score of 0.2673, with a relevance score of 0.4275 and a factuality score of 0.1072. Quali-
tative examples illustrate the ability of the proposed framework to generate semantically coherent radiological
descriptions across diverse imaging scenarios, while also highlighting persistent challenges related to factual
consistency and anatomically precise grounding in heterogeneous medical image captioning tasks.
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1. Introduction

Medical imaging plays a central role in clinical diagnosis and treatment, leading to a continuous increase
in the number of imaging studies performed each year. Consequently, the workload associated with
radiological interpretation and report generation has grown substantially. Because medical reporting
requires both visual analysis and the preparation of textual descriptions, the process is often time-
consuming and represents a significant bottleneck in clinical practice [1, 2].

Recent advances in Vision-Language Models (VLMs) and Large Language Models (LLMs) have opened
new possibilities for addressing these challenges by enabling multimodal systems capable of generating
descriptive medical text directly from imaging data [3]. Such capabilities create opportunities to support
clinical workflows by assisting in medical report generation and reducing the burden associated with
radiological interpretation [4].

The ImageCLEFmedical Caption task [5], organized within the CLEF Initiative (Conference and Labs
of the Evaluation Forum) [6], provides a heterogeneous benchmark composed of multiple imaging
modalities and anatomical regions, creating a challenging evaluation scenario for medical image
captioning systems. The diversity of modalities, anatomical structures, and reporting styles requires
models to generalize across highly diverse visual patterns and clinical contexts. As part of the annual
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challenge, participating teams submit their predictions through the AI4MediaBench platform, where
systems are evaluated using six metrics covering both relevance and factuality aspects.

Recent approaches in medical image captioning have increasingly adopted Transformer-based vision–
language architectures, commonly combining a visual encoder for image representation with a textual
decoder for autoregressive caption generation [7]. More recently, several methods have incorporated
intermediate mapping or alignment components designed to bridge the visual and textual embed-
ding spaces, thereby improving image–text alignment and cross-modal conditioning during caption
generation [8, 9].

Despite recent architectural advances, the quality of the training captions remains a critical factor in
medical image captioning systems. During dataset inspection, it was observed that medical captions may
contain non-visual information, acquisition details, patient-related metadata, or inconsistent reporting
styles, which can negatively affect the correspondence between visual and textual information during
multimodal training. To address these issues, this work builds upon the two-stage textual preprocessing
pipeline previously presented in [10], where its methodology and experimental validation are described
in detail. The resulting preprocessed captions are subsequently used to train the proposed multimodal
captioning model.

This work presents the UACH-VisionLab team’s approach for the ImageCLEFmedical Caption 2026
challenge. The proposed framework combines the preprocessed training corpus with a frozen PubMed-
CLIP visual encoder, a Transformer-based mapping network, and a fine-tuned GPT-2 language model
for multimodal medical image captioning. Together, these components integrate textual preprocessing
and multimodal conditioning to improve image–text alignment.

2. Dataset

For this work, the dataset provided for the ImageCLEFmedical Caption 2026 task was employed [5].
This edition corresponds to the 10th iteration of the ImageCLEFmedical Caption challenge and uses an
updated and extended version of the ROCOv2 dataset [11]. The dataset is composed of radiology images
sourced from biomedical articles available in the PubMed Central Open Access subset and includes
curated image–caption pairs for medical image captioning.

The dataset covers multiple imaging modalities and anatomical regions, introducing substantial
variability in both visual appearance and caption structure. Each image is associated with a textual
caption describing radiological findings and anatomical information. The official dataset contains 97,364
training samples, 19,240 validation samples, and 15,249 test samples, with the test set consisting of
previously unseen images used for challenge evaluation.

The dataset includes multiple imaging modalities, including Computed Tomography (CT), X-ray,
Magnetic Resonance Imaging (MRI), Ultrasound, Angiography, Positron Emission Tomography (PET),
PET/CT, and Optical Coherence Tomography (OCT). Among these modalities, CT and X-ray represent
the largest proportion of images within the dataset.

A wide range of anatomical regions is also represented, particularly within X-ray studies, including
the chest, cranium, lower extremities, abdomen, upper extremities, pelvis, spine, and breast regions. This
anatomical diversity further increases the variability of both visual patterns and textual descriptions
across the dataset.

Table 1 and Figure 1 illustrate the variability in caption length across the dataset, particularly within
the training set employed for multimodal training and textual preprocessing. Although most captions
are relatively short, the distribution presents a pronounced long-tail behavior, with substantially longer
descriptions appearing in a smaller subset of samples. This variability reflects differences in caption
structure and reporting style throughout the dataset.

Additionally, Figure 2 highlights the predominance of modality-related and anatomy-related termi-
nology within the training captions. Frequent bigram patterns such as “computed tomography”, “x ray”,
“magnetic resonance”, and “t2 weighted” reveal the strong presence of modality-specific radiological
language and structured reporting conventions throughout the dataset.



Table 1
Caption length statistics for the ImageCLEFmedical 2026 dataset splits.

Split Mean Median Std Min Max
Train 21.34 17 16.6 1 767
Valid 22.73 18 19.0 0* 511

Note: Three validation captions produced a word count of zero during
preprocessing because they were written in non-English language variants
that were not properly detected by the employed tokenization procedure.

Figure 1: Caption length distribution for the training set.

Figure 2: Top 20 most frequent bigrams after stop-word removal. Frequent bigram patterns reveal common
modality- and anatomy-related terminology within the dataset captions.

3. Metrics

Following the official challenge evaluation protocol, model performance is assessed using six metrics
covering both relevance and factuality aspects. Prior to evaluation, captions are converted to lowercase,
punctuation is removed, and numerical values are replaced with a generic token.

Relevance is evaluated using Image-Caption Similarity [12], BERTScore Recall with inverse document



frequency (IDF) weighting [13], ROUGE-1 [14], and BLEURT [15]. Image-Caption Similarity measures
semantic alignment between image and caption embeddings, while BERTScore evaluates contextual
semantic similarity using BERT embeddings. ROUGE-1 computes unigram overlap, and BLEURT
estimates text quality using a Transformer-based learned evaluation model.

Factuality is evaluated using UMLS Concept F1 and AlignScore [16]. UMLS Concept F1 is calculated
following the methodology described in [17], where medical concepts are extracted using MedCAT and
matched through Concept Unique Identifiers (CUIs), considering the semantic types employed by the
MEDCON metric. AlignScore evaluates factual consistency between both texts through alignment-based
scoring.

4. Related work

4.1. Medical Image Captioning and Vision–Language Models

Medical image captioning aims to automatically generate clinically relevant textual descriptions from
medical imaging data by combining computer vision and natural language generation techniques. Early
approaches commonly relied on encoder–decoder architectures, where convolutional neural networks
(CNNs) were employed for visual feature extraction and recurrent neural networks (RNNs) were used
for sequential text generation [2, 18].

More recent approaches have increasingly adopted Transformer-based architectures and Vision–
Language Models (VLMs), enabling more effective multimodal representation learning and improved
image–text interaction capabilities [3]. These models integrate visual encoders and autoregressive
language decoders within unified multimodal frameworks capable of generating descriptive medical
captions directly from imaging data [18].

4.2. Vision–Language Alignment through Contrastive Learning

Contrastive learning has emerged as an effective strategy for aligning visual and textual representations
in Vision–Language Models. Contrastive Language–Image Pretraining (CLIP) learns a shared embedding
space by maximizing the similarity between paired image–text samples while separating unrelated
pairs, enabling strong multimodal representation learning across vision and language tasks [19].

However, general-domain contrastive models may present limitations when applied to specialized
medical imaging scenarios due to domain differences between natural and medical images. To address
this issue, several medical adaptations of CLIP have been proposed using medical image–text pairs
for contrastive pretraining. Among them, PubMedCLIP [20] introduced a domain-specific contrastive
framework trained on medical images and associated textual descriptions extracted from PubMed
articles. Recently, BioMedCLIP [21] has advanced this area through large-scale biomedical image-
text pretraining. Medical vision-language systems such as PCLMed [22] have used these specialized
CLIP-based representations for medical caption generation and related multimodal tasks.

4.3. Prefix-Based Conditioning and Mapping Networks

Recent Vision–Language Models have incorporated intermediate mechanisms to improve interaction be-
tween visual and textual representations during autoregressive caption generation. Several multimodal
captioning approaches have explored the use of mapping or projection modules that transform visual
representations into continuous prompt embeddings capable of conditioning autoregressive language
models through visual prefixing strategies [8, 23].

Other architectures such as BLIP-2 [9] introduced the Q-Former, a specialized intermediate module
designed to facilitate information exchange between frozen visual encoders and large language models
through learnable query representations. More recent medical captioning systems have adopted
similar Q-Former-based strategies combined with partially trainable decoder components to improve
multimodal interaction and image–text alignment during caption generation [24].



Figure 3: Overview of the proposed preprocessing pipeline and multimodal captioning architecture.

4.4. Caption Refinement and Textual Augmentation

Text preprocessing is a dataset-dependent process whose effectiveness relies on understanding the
characteristics of the target data. Previous work has emphasized that preprocessing decisions should be
guided by dataset exploration, since the most appropriate operations may vary according to the content
and structure of each dataset [25].

LLMs have also been explored as tools for textual preprocessing and caption refinement. For example,
prompt-based approaches have been used to remove textual noise and reduce caption length [26], while
other works have used LLMs for data augmentation by generating conceptually related but semantically
diverse samples [27, 28]. Chain-of-Thought prompting has also been adopted to guide the generation
process during augmentation [29].

However, LLM-based preprocessing may introduce additional challenges, including incorrect or
non-grounded outputs due to insufficient medical-domain specialization. These issues are related to
hallucination phenomena such as factual incorrectness [30], motivating the use of controlled prompting
and filtering mechanisms for reliable caption refinement. In clinical settings, lightweight LLMs have
also been proposed for preprocessing under privacy and computational constraints, which are common
considerations in medical applications [31].

Building upon the two-stage textual preprocessing pipeline previously presented in [10], this work
integrates the previously proposed methodology into a multimodal medical image captioning framework
based on a frozen PubMedCLIP visual encoder, a Transformer-based mapping network, and a fine-tuned
GPT-2 language model. The proposed framework combines textual preprocessing with multimodal
conditioning to address image–text alignment by using preprocessed training captions during model
training and continuous visual prefix conditioning during caption generation. An overview of the
complete preprocessing and multimodal framework is presented in Figure 3.

5. Methodology

This section describes the proposed framework for medical image caption generation. First, the textual
preprocessing pipeline used to construct the enhanced caption dataset is presented. Then, the proposed
multimodal captioning architecture based on PubMedCLIP, a transformer-based mapping network, and
GPT-2 is described.

5.1. Text Preprocessing

The LLM-based preprocessing pipeline adopted in this work corresponds to the methodology previously
presented in [10]. The resulting preprocessed corpus was used as the textual supervision for training



the proposed captioning model.
During dataset exploration, it was observed that several training captions contained non-visual or

context-specific information, including patient metadata, temporal references, acquisition details, and
procedural notes that could not be directly inferred from the corresponding image. Such non-visual
information may introduce text–image misalignment in the supervision provided during multimodal
training. To address this issue, the preprocessing pipeline consists of two sequential stages: (i) cleaning
and (ii) paraphrasing.

During the cleaning stage, non-visual elements were removed while preserving clinically relevant
findings that could be visually inferred from the image. A first filtering stage was incorporated after
cleaning to discard captions containing insufficient visually grounded information, as well as captions
shorter than five words that provided limited semantic context for reliable paraphrasing. Preliminary
experiments showed that these short captions frequently caused the LLM to generate unnecessarily
verbose or reasoning-like reformulations rather than concise caption variations.

Subsequently, the paraphrasing stage generated alternative textual formulations while preserving
the original clinical meaning. After paraphrasing, a second filtering stage was applied to remove
invalid, excessively long, or non-informative outputs generated by the LLM. Both preprocessing stages
were implemented using DeepSeek-R1-Distill-Llama-8B. After the cleaning stage and the first
filtering process, 88,544 valid captions were retained. These captions were subsequently paraphrased,
yielding 71,356 additional caption variants after the second filtering stage. Consequently, the proposed
cleaning-and-paraphrasing (C&P) pipeline generated a final training corpus containing 159,900 captions,
which was used as ground-truth supervision during multimodal training.

Both preprocessing stages relied on structured prompting strategies to guide the LLM toward con-
trolled caption refinement while minimizing verbose or non-grounded generations. Inspired by the
structured prompting notation proposed in [32] and following prompt engineering best practices de-
scribed in [33, 34, 35], each prompt was organized into four main components: an instruction, in-context
examples, edge-case rules, and generation constraints.

The instruction component defined the role of the model as an expert radiologist and specified the
objective of the corresponding preprocessing stage. In-context examples encouraged guided reasoning
by providing representative input–output examples together with intermediate reasoning. Finally,
edge-case rules and generation constraints were iteratively refined based on preliminary experiments
to avoid invalid outputs and unnecessarily verbose generations.

The edge-case rules specified the expected behavior in uncommon situations. For example, during
the cleaning stage, captions containing only non-visual information were mapped to “NA”, whereas
captions without non-visual content were returned unchanged. During the paraphrasing stage, captions
that were too short or difficult to reformulate without altering their semantic content were preserved.
Additionally, generation constraints limited the reasoning process to a maximum of five sentences, since
preliminary experiments showed that restricting only the output length was insufficient to prevent
excessively verbose responses.

5.2. Proposed Multimodal Architecture

The proposed multimodal captioning architecture combines a frozen PubMedCLIP image encoder with
a trainable Transformer-based mapping network and a fine-tuned GPT-2 language model.

Medical images are first encoded using PubMedCLIP ViT-B/321, a domain-specialized vision–language
model pretrained on medical image–text pairs extracted from PubMed articles. Prior work [20] reported
improved performance over general-domain CLIP representations in medical vision-language tasks,
highlighting the benefits of medical-domain contrastive pretraining.

The PubMedCLIP encoder was kept frozen during training and used only as a visual feature ex-
tractor. Images were processed with the corresponding CLIP processor and encoded through the
get_image_features function, producing a 512-dimensional visual embedding for each image. The

1The implementation used in this work corresponds to flaviagiammarino/pubmed-clip-vit-base-patch32.



resulting embedding was L2-normalized before being passed to the mapping network.
The mapping network [8] was implemented as an 8-layer Transformer-based projector that transforms

PubMedCLIP visual representations into a sequence of 10 continuous prompt embeddings in the GPT-2
embedding space. During training, these continuous prompt embeddings are concatenated with the
token embeddings of the target caption and provided as input to GPT-2.

These embeddings act as a visual prefix that conditions the language decoder during caption gen-
eration. During training, Gaussian noise with variance 0.016 was injected into the visual prefix as a
regularization strategy. Finally, the pretrained gpt2 checkpoint from Hugging Face, corresponding to
the GPT-2 Small architecture (12 Transformer decoder layers, 12 attention heads, a hidden size of 768, a
maximum context length of 1024 tokens, and approximately 124 million parameters), was fine-tuned
to generate the target medical caption conditioned on the projected visual prefix. The model was
optimized using AdamW with a learning rate of 2× 10−5 for 4 epochs and a batch size of 1, while the
PubMedCLIP visual encoder remained frozen throughout training.

5.3. Experimental Setup

All experiments were conducted on a workstation equipped with an Intel Core i9 processor, 32 GB of
system RAM, and an NVIDIA TITAN RTX GPU with 24 GB of VRAM.

6. Results and Discussion

The proposed framework achieved an overall score of 0.2673 in the ImageCLEFmedical Caption 2026
challenge, obtaining a relevance score of 0.4275 and a factuality score of 0.1072. Official leaderboard
results are summarized in Table 2.

Table 2
Leaderboard results for the ImageCLEFmedical Caption task. Boldface indicates the results obtained by
the proposed framework.

Owner Overall Relevance Factuality BERT ROUGE Similarity BLEURT MedCAT Align
AIstatLab 0.3755 0.5786 0.1724 0.6250 0.3234 1.0104 0.3555 0.2160 0.1287
UFPE-Essex-UNED 0.3603 0.5527 0.1679 0.6017 0.2725 0.9902 0.3463 0.1822 0.1537
dsgt_caption 0.3571 0.5365 0.1777 0.6042 0.2809 0.9381 0.3229 0.1943 0.1610
AUEB/DMST 0.3516 0.5288 0.1743 0.6130 0.2728 0.9113 0.3183 0.1812 0.1674
csmorgan 0.3458 0.5377 0.1539 0.6075 0.2725 0.9408 0.3299 0.1751 0.1327
gfreitas 0.3343 0.5201 0.1484 0.6013 0.2226 0.9273 0.3293 0.1563 0.1406
UIT_HighDefinition 0.3193 0.4999 0.1388 0.5977 0.2243 0.8496 0.3278 0.1397 0.1379
NUSTPB 0.3065 0.4705 0.1426 0.5465 0.2224 0.7787 0.3342 0.1443 0.1408
UMUTeam 0.2990 0.4798 0.1181 0.5670 0.2230 0.8147 0.3146 0.1048 0.1315
DS-MED Lab 0.2814 0.4526 0.1102 0.5690 0.2126 0.7286 0.3004 0.1427 0.0778
krishnatewari 0.2685 0.4346 0.1025 0.5398 0.2059 0.6788 0.3137 0.1219 0.0831
UACH-VisionLab 0.2673 0.4275 0.1072 0.5742 0.1818 0.6589 0.2951 0.1155 0.0989
nguyenthinh 0.2527 0.4373 0.0680 0.5720 0.2207 0.6514 0.3051 0.0872 0.0488

Overall, the leaderboard results reveal notable differences between relevance-oriented and factuality-
oriented performance across participating systems. Metrics such as BERTScore and image–caption
similarity achieve relatively high values for several approaches, suggesting that current Vision–Language
Models are increasingly capable of generating semantically coherent descriptions with structurally con-
sistent radiological language. However, factuality-oriented metrics, including MedCAT and AlignScore,
remain substantially lower across most submissions, highlighting the persistent difficulty of preserving
clinically precise findings and anatomically accurate details during caption generation.

These observations suggest that, although recent multimodal architectures can learn general radio-
logical reporting patterns and semantic image–text associations, achieving robust clinical grounding
and factual consistency remains a major challenge in heterogeneous medical captioning scenarios.

To further characterize the behavior of the proposed framework, an exploratory modality-level
analysis was performed on the validation set. Validation samples with available imaging modality labels



were grouped according to their modality, and performance was assessed using BERTScore (F1) and
ROUGE-L, two widely adopted text generation metrics. Samples without an available modality label
were excluded from this analysis. The corresponding results are summarized in Table 3.

Table 3
Exploratory modality-level evaluation on the validation set using BERTScore (F1) and ROUGE-L. Only validation
samples with available imaging modality labels are included.

Modality N BERTScore (F1) ROUGE-L
CT 8234 0.6295 0.1674
X-ray 1511 0.7088 0.2635
MRI 1400 0.6548 0.1685
Ultrasound 686 0.6533 0.0845
PET 70 0.6305 0.1913

The modality-level analysis reveals noticeable performance differences across imaging modalities.
The highest scores were obtained for X-ray images, achieving a BERTScore (F1) of 0.7088 and a ROUGE-
L score of 0.2635. MRI, CT, and ultrasound exhibited relatively similar BERTScore values, whereas
ultrasound obtained the lowest ROUGE-L score, indicating lower lexical overlap with the reference
captions despite maintaining similar semantic similarity. PET results should be interpreted with caution
due to the limited number of available samples. Overall, these findings suggest that caption generation
performance varies across imaging modalities, motivating further investigation into modality-specific
behavior in future work.

Qualitative examples from the validation set are presented in Table 4. The selected samples illustrate
different levels of caption generation performance, ranging from semantically coherent radiological
descriptions to partially preserved pathological findings and anatomical localization errors.

Examples 1 and 2 demonstrate cases where the proposed framework preserves clinically relevant
findings and modality-specific radiological terminology. In Example 1, the model correctly identifies
an abdominal X-ray study and generates a semantically coherent description consistent with bowel
dilatation. Similarly, Example 2 shows clinically consistent terminology related to ground-glass opacities
in chest CT imaging, although with reduced descriptive specificity compared to the reference caption.

In contrast, Examples 3 and 4 highlight limitations in preserving fine-grained pathological findings
and precise anatomical grounding. In Example 3, the generated caption maintains the imaging modality
and anatomical context while omitting the clinically important finding of severe external root resorp-
tion. Example 4 further illustrates partial semantic preservation combined with incorrect anatomical
localization, where the model predicts a pancreatic lesion instead of a renal mass in abdominal CT
imaging.

Overall, the qualitative examples illustrate that the proposed framework is capable of generating
semantically coherent radiological descriptions while preserving modality-specific terminology and
general anatomical context. Nevertheless, challenges related to fine-grained pathological findings,
anatomically precise grounding, and factual consistency remain evident. These observations suggest
that a more detailed quantitative analysis across imaging modalities and anatomical regions could
provide further insights into the strengths and limitations of the proposed framework.

7. Conclusion

This work presented the UACH-VisionLab team’s approach for the ImageCLEFmedical Caption 2026
challenge. The proposed framework integrates the previously presented two-stage LLM-based textual
preprocessing pipeline with a frozen PubMedCLIP visual encoder, a Transformer-based mapping
network, and a fine-tuned GPT-2 language model for multimodal medical image captioning.

Experimental results showed that the proposed approach was capable of generating semantically
coherent radiological descriptions in several representative cases. The qualitative analysis further illus-
trated the model’s ability to preserve clinically meaningful information in multiple imaging scenarios,



Table 4
Qualitative examples from the validation set. Blue text indicates modality or anatomical context, green
text indicates clinically relevant information preserved in the generated caption, and red text indicates
missing or incorrectly localized findings.

CC BY [Jotham et al.]

Example 1:
Target: plane abdominal X-ray with a nonspecific

dilatation of bowel loops
Prediction: Abdominal X-ray demonstrates dilated

small bowel loops.

CC BY [Muacevic et al.]

Example 2:
Target: CT Chest with IV Contrast demonstrating

ground-glass consolidative opacities throughout the
bilateral lungs

Prediction: HRCT thorax showing ground glass
opacities in bilateral lung parenchyma

CC BY [Muacevic et al.]

Example 3:
Target: Intraoral periapical radiograph showing the
absence of roots due to severe external root resorption
Prediction: Periapical radiograph of the maxillary

left central incisor.

CC BY [Shim et al.]

Example 4:
Target: Abdominal contrast-enhanced CT

demonstrating a heterogeneous enhancing mass
replacing the right kidney

Prediction: Contrast-enhanced CT demonstrating a
mass in the head of the pancreas

whereas the exploratory modality-level analysis revealed differences in caption generation perfor-
mance across imaging modalities. Nevertheless, challenges related to factual consistency, fine-grained
pathological findings, and anatomically precise grounding remain evident.

The obtained results highlight the persistent difficulty of medical image caption generation across
diverse imaging modalities, anatomical regions, and reporting styles. Despite recent advances in
Vision–Language Models, preserving clinically precise and factually grounded descriptions continues
to represent an open research challenge.

Although the exploratory modality-level analysis provided initial insights into the behavior of the
proposed framework across different imaging modalities, future work will investigate these modality-
specific differences in greater depth using additional modality-specific and anatomical-region analyses.
Additional research directions include improving factual consistency and anatomical grounding through
retrieval-guided multimodal conditioning, alternative alignment mechanisms such as Q-Former archi-
tectures, and instruction-guided multimodal frameworks inspired by approaches such as InstructBLIP.
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