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ABSTRACT

The generation of clinically accurate and contextually rich captions for radiology images is a critical task in
medical Artificial Intelligence (AI), with applications in education, documentation, and decision support. In this
study, we benchmark the performance of leading generative AI models—including OpenAI’s GPT 4o, Google’s
Gemini 2.5 pro, Anthropic’s Claude 4.5 Sonnet and Meta’s LLaMA 4—on the recently released ROCOv2 (Ra-
diology Objects in COntext Version 2) dataset. ROCOv2 offers a large-scale, multimodal resource of radiology
images paired with expert-generated captions, enabling robust evaluation of vision-language models in the med-
ical domain. We assess models under zero-shot and few-shot prompting conditions, and evaluate outputs using
automated metrics (BLEU, BERTScore, ROUGE, METEOR and CIDEr). Our analysis highlights the capabili-
ties and limitations of current generative models in understanding and describing complex radiological content,
discussing the potential for integrating these models into clinical workflows. This work provides a comprehensive
evaluation of generative AI for medical image captioning and offers insights into future directions for improving
reliability and clinical relevance in multimodal medical AI systems.

Keywords: Generative AI, Multimodal Foundation Models (MFMs), Medical Image Captioning, Radiology
Imaging, Computer-Aided Diagnosis, ImageCLEFmed, ROCOv2 dataset, Benchmarking

1. INTRODUCTION

The purpose of this study is to evaluate the performance of state-of-the-art generative Artificial Intelligence (AI)
models in the task of medical image captioning,1,2 with a specific focus on the complex domain of radiology.3 This
work is motivated by the growing interest in multimodal AI systems capable of interpreting and describing medical
images in natural language, a capability with significant implications for clinical documentation, education, and
diagnostic decision support.4–6

This study is situated within the long-standing framework of the Conference and Labs of the Evaluation
Forum (CLEF),7 specifically under the auspices of the ImageCLEF lab, a dedicated initiative for the cross-
language evaluation of image retrieval and classification. The year 2026 marks a significant milestone: the 10th
anniversary of the ImageCLEFmed Caption task.8 Since its inception, this task has served as an international
benchmark for automated clinical image interpretation, tracking the field’s evolution from early concept detection
to complex narrative generation. While the first decade of the ImageCLEFmed Caption task primarily focused on
traditional machine learning and early deep learning architectures, the present work commemorates this decennial
by exploring the next frontier: Multimodal Foundation Models (MFMs). We assess the capabilities of MFMs
such as OpenAI’s GPT-4 and Google’s Gemini using the ROCOv2 dataset,9 a recently released, expert-annotated
dataset that offers a richer, more diverse set of radiology images and captions than its predecessors.

Model outputs are compared under different prompting conditions and evaluated using automated metrics
(BLEU, BERTScore, ROUGE, METEOR and CIDEr). Specifically, this study aims to:
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• Benchmark the current capabilities of generative AI in producing clinically accurate and contextually
appropriate image captions;

• Explore the impact of few-shot prompting on the quality and reliability of generated text;

• Identify specific failure modes and linguistic limitations of MFMs when applied to specialized radiological
content;

• Provide evidence-based insights into the clinical applicability of these models and their potential integration
into real-world workflows.

Ultimately, this work contributes to the development of reliable, explainable, and clinically relevant multi-
modal AI systems and offers a forward-looking perspective on the role of generative models as medical imaging
enters a new era of AI-driven interpretation.

The remainder of this paper is organized as follows. Section 2 reviews the evolution of medical image
captioning, contrasting early deep learning architectures with the recent emergence of MFMs. Section 3 details
our experimental framework, including a description of the ROCOv2 dataset, the generative AI models evaluated
(GPT-4, Gemini 2.5 Pro, Claude 4.5, and LLama 4) in medical imaging. In Section 4, the qualitative and
quantitative results are presented. Section 5, provides the discussion on the achieved results, and Section 6
concludes the paper.

2. RELATED WORK

Medical image captioning aims to automatically generate descriptive and clinically informative text from med-
ical images, supporting tasks such as report drafting, documentation, and clinical decision support. Earlier
work in this domain largely adapted classical deep learning approaches, combining convolutional encoders with
recurrent language decoders to generate radiology captions and summaries. A seminal example combines a
Show-Attend-Tell architecture with a generative pretrained transformer, demonstrating the feasibility of integrat-
ing visual features with language models to describe chest X-ray findings on public datasets such as MIMIC-CXR
and Open-I.10

Recent advances in multimodal vision-language models (VLMs) have shifted the field toward larger, more
flexible architectures that leverage joint representations of images and text. Vision-language pretraining strategies
have been shown to benefit a range of medical tasks, including report generation, classification, and cross-modal
retrieval, by learning unified feature spaces that generalize across downstream applications.11 Additionally,
transformer-based generative models conditioned on visual input have demonstrated improved ability to capture
semantic relationships between image content and descriptive text.

Within the medical image captioning literature, specialized adaptations of large VLMs tailored to clini-
cal contexts have shown promising results. For example, BLIP-based models have been applied to caption
generation tasks in medical challenges such as ImageCLEFmedical, where methods exploiting pretrained text
and image backbones perform competitively on standard metrics.12 More recently, DualPrompt-MedCap in-
troduced modality-aware and question-guided prompt strategies to enhance caption generation performance on
medically relevant datasets, achieving substantial gains over baseline VLM captioners by explicitly encoding
clinical context.13 Similarly, Tran et al. proposed the VTG-Transformer for chest X-ray captioning, which
integrates detection of clinical signs and their relationships into caption generation, improving both accuracy
and interpretability of captions on benchmark datasets.14 In ophthalmology, GCS-M3VLT uses guided context
self-attention to combine multimodal retinal image features and textual information, demonstrating improved
caption quality on retinal image datasets.15

Explainability and interpretability have gained increased attention in medical image captioning as a means to
build trust and transparency into AI systems. Kamal et al. introduced an explainable captioning framework that
combines vision transformers with explainable AI techniques such as Layer-wise Relevance Propagation (LRP)
and Local Interpretable Model-agnostic Explanations (LIME) to highlight image regions influencing caption
generation, making the model’s reasoning more accessible to clinicians.16 Such approaches aim to bridge the gap



between high caption performance and clinical reliability by providing visual and textual explanations of model
outputs.

Benchmarking and systematic evaluation of VLMs for radiology captioning tasks remain active areas of re-
search. A recent empirical study evaluated a suite of vision-language models with low-rank adaptation strategies
on the ROCOv2 dataset across multiple imaging modalities, providing insights into parameter-efficient adap-
tation and performance trade-offs in practical captioning scenarios.17 These benchmarking efforts underscore
the complexities of clinical caption generation, including modality variation, clinical specificity, and vocabulary
grounding.

The University of Murcia team achieved the top performance in the 2025 ImageCLEFmed captioning task.18

Their approach leveraged the BLIP architecture,19 which integrates a Vision Transformer (ViT) encoder with a
language model decoder for medical image synthesis. The researchers fine-tuned a general-purpose pre-trained
model, optimizing its performance through relevance-based selection. This methodology achieved an ROUGE-1
score of 0.259, establishing a current state-of-the-art benchmark, although direct comparisons are limited by
variations across test sets.

Despite the progress enabled by foundation models and multimodal pretraining, challenges persist in gener-
ating clinically accurate and contextually rich captions. Many existing evaluations rely primarily on automated
natural language generation metrics, which may not fully capture diagnostic relevance or narrative coherence.
Moreover, the impact of prompt design, zero-shot, and few-shot conditions on model reliability has not been com-
prehensively explored across modern generative models in a single benchmark. This gap motivates the present
study, which systematically evaluates state-of-the-art generative AI models—including GPT-4 and Google’s
Gemini 2.5—on the large-scale ROCOv2 dataset under diverse prompting strategies to better understand their
capabilities and limitations in medical image captioning tasks.

3. METHODS

To evaluate generative AI models for medical image captioning, a benchmarking framework was designed, inspired
by the ImageCLEFmed Caption task,8 which has historically focused on generating descriptive captions for
biomedical images using curated datasets and standardised evaluation metrics. This study extends that paradigm
by applying it to foundation models and a radiology-specific dataset, ROCOv2.9

3.1 Dataset

The ROCOv2 dataset9 is used as the primary evaluation resource. It is a large-scale multimodal dataset con-
taining over 80,000 radiology images paired with expert-generated captions. ROCOv2 builds upon the original
ROCO dataset used in ImageCLEFmed Caption, offering improved diversity, quality, and clinical relevance in
its annotations. The experimental design choices were informed by preliminary evaluations conducted on subsets
of 300 and 1,000 images sampled from the validation split. Final performance metrics reported in Tables 1 and
3 were computed on the ROCOv2 test set, which comprises 9,927 captioned images.

3.2 Models Evaluated

To assess the capabilities of current generative AI models for radiology image captioning, we selected a set
of large-scale foundation models known for their natural language generation. All models were evaluated on
ROCOv2 without additional fine-tuning, using zero-shot or few-shot configurations. The models that will be
evaluated in this study include:

• OpenAI GPT-4o: Accessed via the OpenAI API, GPT-4o represents one of the most advanced publicly
available large language models. It was evaluated under multiple prompting strategies, including domain-
specific and retrieval-augmented prompts. GPT-4o has been widely used in general natural language
understanding and generation tasks, but has not been fine-tuned specifically for biomedical imaging tasks.

• Anthropic Claude Sonnet 4.5: Claude Sonnet 4.5 is a state-of-the-art generative model developed by
Anthropic. We evaluated Claude Sonnet 4.5 under similar prompting conditions as GPT-4o to provide a
comparative analysis across model providers.



• Google Gemini 2.5 Pro: Gemini 2.5 Pro is a large-scale multimodal foundation model developed by
Google. Preliminary experiments on a smaller validation subset showed stronger performance than other
Gemini variants, motivating its selection for the full evaluation. As with the other models, Gemini 2.5 Pro
was evaluated without task-specific fine-tuning.

• Meta LLaMA 4: two variants of Meta’s LLaMA 4 architecture were employed: Llama 4 Maverick and
Llama 4 Scout, both of which are open-weight models with publicly available parameters. While LLaMA
models are not domain-specific, their open-weight nature enables controlled evaluation and potential fine-
tuning in future work.

Each model is evaluated under the same prompting condition, with structured instructions, using a domain-
specific prompt. In the RAG (retrieval-augmented generation) setting, examples from similar radiological cases
were provided as contextual references during inference. This approach aimed to simulate the benefits of clinical
knowledge retrieval in real-world settings and assess the model’s ability to integrate multimodal context. By
comparing these models across consistent experimental settings, we aim to highlight both strengths and limita-
tions in their current ability to perform radiology-focused captioning, identify clinically relevant findings, and
adhere to structured medical terminology.

3.3 Evaluation Metrics

Model performance is evaluated using a suite of automated metrics: BLEU (n-gram precision),20 ROUGE
(recall-oriented overlap),21 METEOR (alignment-based penalty),22 CIDEr (TF-IDF weighted consensus),23 and
BERTScore (semantic similarity via contextual embeddings).24

In medical image captioning, no single automatic metric is sufficient to fully characterize caption quality. Lex-
ical overlap metrics capture surface-form fidelity and clinical terminology, while more flexible similarity measures
account for paraphrasing and semantic equivalence. Therefore, a multi-metric evaluation strategy is adopted to
jointly assess lexical accuracy, content coverage, and semantic consistency, ensuring both interpretability and
comparability with established benchmarks.

By maintaining ROUGE-1 as a core metric, we ensure a direct point of comparison with the 10-year bench-
marking legacy of ImageCLEF. The additional metrics, specifically CIDEr and BERTScore, provide a more
granular assessment of how well models like Gemini and LLaMA 4 bridge the gap between surface-level lexi-
cal matching and clinical reasoning. Evaluations are conducted on the ROCOv2 test split using standardized
preprocessing and publicly available implementations (e.g., the MS COCO toolkit and Hugging Face evaluate).

3.4 Prompt Engineering

Prompt design plays a critical role in adapting general-purpose generative models to radiology tasks. In this
study, we compare multiple prompting strategies—baseline, which is a domain-specific prompt, and few-shot
using RAG—to evaluate their impact on report caption quality.

Domain-Specific Prompt: Simulates radiologist expertise by emphasizing anatomical structure, clinical
findings, and structured output. For example:

Listing 1: Domain-specific system prompt example for radiological image interpretation.

You are a radiology specialist reviewing a medical image for educational purposes.

Your job is to provide a detailed and accurate caption for the medical image.

Use these instructions to guide your response:

- Your caption should be assertive , concise , and clinically accurate

- Focus on describing the visible anatomical structures , clinical findings , and

medical devices

- Include any abnormalities , diagnostic findings , or interventions visible in the

image

- Use appropriate medical terminology

- Be specific about the imaging modality , body region , and orientation when applicable



Following these steps:

Step 1: Analyze the image carefully and identify all visible anatomical structures ,

clinical findings , and medical devices

Step 2: Note any abnormalities , diagnostic findings , or interventions visible in the

image

Step 3: Generate a clear and informative caption that describes the image

comprehensively

Provide your response as a JSON object with the following structure:

{

"caption ": "A detailed and clinically accurate description of the medical image"

}

Retrieval-Augmented Prompting (RAG): To enhance contextual grounding, we incorporate examples
from similar cases into the prompt leveraging a vector database to retrieve the n most similar images from
the training set using RoBERTa25 embeddings for similarity computation; in this study we use n = 3, since in
preliminary tests this number proved to be a good balance between the cost of API usage and the increase in
performance. These retrieved samples are then formatted as in-context examples to guide the language model
during generation.

Listing 2: Retrieval-Augmented Generation (RAG) prompt structure example.

... <previous domain specific prompt >

Here are some similar medical images and their captions as examples to guide your

response style and format

Example 1: {

"image ": <encoded image >

"caption ": "CT scan showing diffuse interstitial infiltrates , suggestive of

pulmonary fibrosis ."

}

... <other examples >

The model is then instructed to respond in the same format, fostering stylistic and semantic alignment with
prior cases.

4. RESULTS

We compare two prompting strategies: (i) Baseline, a domain-specific prompt with detailed clinical framing
and structured output with no examples to guide the model; and (ii) RAG, which augments the baseline prompt
with retrieved image-caption examples to guide response style and content.

As shown in Tables 1 and 3, retrieval-augmented generation (RAG) consistently improves performance
across all evaluated models. In particular, a controlled comparison between RAG and non-RAG configurations
was conducted for the three best-performing RAG models, namely Gemini 2.5 Pro, LLaMA 4 Maverick, and
GPT-4o.

For Gemini 2.5 Pro, the introduction of retrieval yields systematic gains across all evaluation metrics. BLEU-4
increases from 0.025 to 0.035, while ROUGE-L improves from 0.149 to 0.186, indicating enhanced sentence-level
structure and improved alignment with ground-truth captions. Notably, the gains are more pronounced for
higher-order n-gram metrics (BLEU-3 and BLEU-4), suggesting that retrieval primarily enhances compositional
coherence and phrase-level structure, rather than isolated lexical overlap. This pattern indicates that retrieved
examples serve as structural priors, guiding the model toward more fluent, well-formed captions.

Consistent improvements across recall and alignment-oriented metrics, including ROUGE-1, ROUGE-2,
ROUGE-L, and METEOR, further indicate that RAG improves semantic coverage and sequence-level correspon-
dence with the ground-truth annotations. In contrast, the more modest relative gains in METEOR compared to



Model
Metric

BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L METEOR CIDEr

Gemini 2.5 Pro 0.155 0.078 0.043 0.025 0.200 0.057 0.149 0.242 0.012
Gemini 2.5 Pro (RAG) 0.203 0.104 0.059 0.035 0.241 0.074 0.186 0.257 0.063
LLaMA 4 Maverick 0.167 0.080 0.042 0.025 0.209 0.061 0.162 0.225 0.040
LLaMA 4 Maverick (RAG) 0.218 0.107 0.060 0.037 0.250 0.074 0.198 0.233 0.124
LLaMA 4 Scout (RAG) 0.191 0.091 0.049 0.029 0.220 0.060 0.171 0.226 0.061
GPT 4o 0.126 0.055 0.025 0.014 0.169 0.043 0.129 0.199 0.112
GPT 4o (RAG) 0.208 0.098 0.053 0.032 0.240 0.068 0.189 0.275 0.134
Claude 4.5 Sonnet (RAG) 0.183 0.085 0.045 0.027 0.211 0.055 0.164 0.211 0.065

Best ImageCLEFmed 2025 — — — — 0.259 — — — —

Table 1: Performance of multimodal foundation models on the ROCOv2 test set, comparing zero-shot and
retrieval-augmented generation (RAG) configurations across automated metrics. The ImageCLEFmed 2025
benchmark is included for context, representing the state-of-the-art performance reported on an unseen test set.

Category Metrics

Precision-Oriented Lexical Matching BLEU-1...4

Recall-Oriented Lexical Coverage ROUGE-1...2

Structural Sequence Overlap ROUGE-L

Alignment / Coverage METEOR

Consensus & Specificity CIDEr

Semantic Similarity BERTScore (Precision, Recall, F1)

Table 2: Categorization of text generation evaluation metrics based on their primary evaluation focus.

Model BERTScore Precision BERTScore Recall BERTScore F1

Gemini 2.5 Pro 0.507 0.625 0.557
Gemini 2.5 Pro (RAG) 0.543 0.628 0.580
LLaMA 4 Maverick 0.521 0.595 0.552
LLaMA 4 Maverick (RAG) 0.573 0.599 0.583
LLaMA 4 Scout (RAG) 0.499 0.581 0.535
GPT 4o 0.488 0.568 0.523
GPT 4o (RAG) 0.563 0.598 0.578
Claude 4.5 Sonnet (RAG) 0.546 0.595 0.567

Table 3: Semantic similarity evaluation on the ROCOv2 test set.

ROUGE suggest that stylistic variation and paraphrasing remain challenging, potentially due to domain-specific
language or annotation conventions.

The most substantial relative improvement for Gemini 2.5 Pro is observed in CIDEr, which increases from
0.012 to 0.063, representing more than a fivefold improvement. Since CIDEr emphasizes consensus among refer-
ences while penalizing generic or boilerplate descriptions, this result suggests that retrieval effectively mitigates
generic captioning behavior and encourages outputs that better match the dataset’s reference distribution.

A qualitative inspection of the generated captions further reveals that, without retrieval, the model occa-
sionally fails to match the desired tone or produces overly verbose descriptions. In particular, Gemini-generated
captions tend to be longer than the ground-truth captions, which may negatively affect precision-oriented met-
rics. The inclusion of retrieved examples appears to alleviate these issues by constraining generation length and
improving contextual alignment.

Similar trends are observed for the LLaMA 4 models, reinforcing the general effectiveness of retrieval-
augmented generation in medical image captioning. For LLaMA 4 Maverick, the use of RAG increases CIDEr
from 0.040 to 0.124, alongside improvements in BLEU-4 (from 0.025 to 0.037) and ROUGE-L (from 0.162 to
0.198). These gains indicate a clear shift away from generic or overly verbose descriptions toward captions that
better reflect clinically relevant phrasing and reference structure. As with Gemini, the strongest improvements
are observed in higher-order metrics, suggesting that retrieval provides semantic and structural guidance that
supports more coherent and informative caption generation.

OpenAI’s ChatGPT-4o delivered strong performance, achieving a ROUGE-L score of 0.189 and the highest
CIDEr score of 0.134. Notably, it was among the models that benefited most from using a RAG strategy,
recording a net ROUGE-L improvement of 0.06 and substantial gains across all three BERTScore metrics.



The Claude 4.5 Sonnet (RAG) configuration achieved competitive but relatively moderate performance on the
benchmark, with ROUGE-L = 0.164 and CIDEr = 0.065. While these scores exceed those of some non-retrieval
baselines, they remain below those of other models with RAG, particularly on metrics that emphasize semantic
consensus and content relevance.

Despite these improvements, a more systematic analysis of error cases is necessary to better characterize
the remaining failure modes. Such an analysis could inform targeted prompt refinements or additional control
mechanisms to improve tone consistency, level of detail, and stylistic alignment, thereby further enhancing the
robustness of retrieval-augmented caption generation.

Table 3 reports BERTScore precision, recall, and F1 for all evaluated models. Overall, RAG consistently
improves BERTScore F1 across architectures, indicating stronger semantic alignment between generated captions
and reference descriptions. These gains are primarily driven by increases in precision, suggesting that RAG
reduces the introduction of semantically irrelevant or spurious content while preserving recall.

Figure 1: Comparison of ground-truth and predicted captions for an illustrative ROCOv2 test image across mul-
tiple foundation models evaluated under both zero-shot and retrieval-augmented generation (RAG) conditions.

Among the evaluated models, LLaMA 4Maverick (RAG) achieves the highest BERTScore F1 (0.583), followed
closely by Gemini 2.5 Pro (RAG) (0.580) and GPT-4o (RAG) (0.578), reflecting a consistent benefit of retrieval
augmentation across both open and proprietary models. In contrast, non-RAG configurations exhibit lower F1
scores, particularly for GPT-4o and LLaMA 4 Maverick, reinforcing the role of retrieval in improving semantic
fidelity.



Figure 2: Qualitative captioning results for a ROCOv2 test sample using the LLaMA 4 Maverick model, including
the input image, ground truth caption, predictions with and without RAG, and the corresponding BLEU and
ROUGE metrics.

Figure 3: Additional qualitative example of medical image captioning on the ROCOv2 test set generated by the
LLaMA 4 Maverick model, showing ground truth annotations, predicted captions with and without RAG, and
associated BLEU and ROUGE scores.

A common pattern across models is that recall values are systematically higher than precision, indicating
that most clinically relevant content present in the references is generally covered by the generated captions,
while precision remains more sensitive to extraneous or loosely related semantic content. The observed precision
improvements under RAG therefore suggest better control over content specificity without sacrificing coverage.

Figure 1 provides a qualitative overview of the captioning behavior across all evaluated models for a single
ROCOv2 test image, presenting the ground-truth caption alongside predictions generated with and without
retrieval-augmented generation (RAG). The comparison highlights substantial variability in both descriptive
focus and clinical precision among models. While most approaches correctly identify a ring-enhancing lesion in
the frontal lobe, notable differences emerge in anatomical localization, diagnostic interpretation, and verbosity.
RAG-enabled models generally produce more concise and radiologically grounded descriptions, whereas non-RAG
variants tend to generate longer captions, occasionally introducing speculative findings or clinically unsupported
details. This figure illustrates how retrieval influences not only stylistic aspects but also diagnostic interpretation.

To provide a deeper understanding of the performance gains observed in Table 1, Figures 2 and 3 present
illustrative qualitative results from the LLaMA 4 Maverick model under non-RAG and RAG settings. This
model was selected for detailed visualization as it represents the highest-performing open-weight architecture in
our study, nearing the current state-of-the-art ROUGE-1 benchmark.

A comparative analysis of these figures demonstrates that the RAG-enhanced configuration consistently yields



more concise clinically focused descriptions. This configuration better aligns with the professional radiological
reporting style by leveraging the structural and semantic priors from the retrieved examples. In contrast, the
non-RAG variant often produces verbose, redundant outputs that include speculative findings.

This qualitative pattern is also reflected in the example-level evaluation metrics shown in the figures. For
the ROCOv2 test case 004016, the RAG-based prediction achieves substantially higher BLEU scores across all
n-gram orders as well as markedly improved ROUGE values, indicating stronger alignment with the reference
caption at both lexical and semantic levels. For test case 007316, although the RAG configuration achieves
slightly higher scores in some higher-order metrics, the absolute differences are minimal (e.g., BLEU-1 of 0.758
with RAG versus 0.757 without RAG, and ROUGE-L of 0.769 versus 0.750). Consistent with these results,
the captions generated by both approaches are semantically and structurally similar, differing only in minor
phrasing choices. These findings indicate that, for this specific example, the benefits of RAG are marginal
and are primarily reflected in structural and phrase-level metrics rather than in substantial improvements in
surface-level lexical matching.

5. DISCUSSION

The results of this benchmark study provide a critical assessment of the current state of MFMs in the specialized
domain of radiology. As the field marks the 10th anniversary of the ImageCLEFmed Caption task, our findings
illustrate a significant shift from the concept-detection architectures of the previous decade toward systems capa-
ble of nuanced, narrative-driven clinical reasoning. A primary finding of this research is that RAG consistently
enhances performance across all linguistic and clinical metrics. The most remarkable gain was observed in the
CIDEr metric, which increased by more than a factor of five for the Gemini model when RAG was enabled,
suggesting that retrieval helps mitigate generic captioning behavior and encourages outputs that better match
the dataset’s reference distribution.

Our analysis suggests that retrieved examples act as structural priors, guiding models like Gemini 2.5 Pro,
GPT-4o and LLAMA 4 Maverick to move beyond isolated lexical overlap toward more coherent, phrase-level
structures. Notably, the LLAMA 4 Maverick (RAG) configuration demonstrated exceptional utility, achieving a
ROUGE-1 score of 0.250. This performance nearly matches the 0.259 benchmark established by the UMUTeam at
ImageCLEF 2025, which used specialized, fine-tuned BLIP architectures. The performance gap between variants
is also notable; for instance, LLaMA 4 Maverick (RAG) achieved a CIDEr score of 0.124, nearly doubling the
0.061 achieved by the LLaMA 4 Scout (RAG) variant, underscoring the influence of model scale even within
the same architecture family. Furthermore, the BERTScore analysis reveals that semantic gains are primarily
driven by increased precision, suggesting that RAG effectively reduces the introduction of semantically irrelevant
or spurious content—a critical factor for clinical safety. The fact that an open-source model like LLAMA
4 can achieve state-of-the-art results through advanced prompting alone, without task-specific fine-tuning or
proprietary API costs, has significant implications for the clinical community. Such models offer a cost-effective
and transparent alternative to proprietary systems, potentially lowering the barrier to integrating multimodal
AI into real-world hospital infrastructures, where data privacy and resource allocation are paramount.

However, several challenges persist that limit the immediate integration of these models into clinical workflows.
While RAG improves semantic coverage, the more modest relative gains in METEOR compared to ROUGE sug-
gest that capturing the specific stylistic nuances and varied medical vocabulary of human radiologists remains
difficult for MFMs. Furthermore, Gemini-generated captions tended to be longer than the ground-truth refer-
ences, which can negatively affect precision-oriented metrics and clinical utility. Despite these limitations, the
transition to the ROCOv2 dataset—an expert-annotated successor to the original ROCO—provides the neces-
sary complexity to test whether foundation models can finally bridge the gap between automated captioning
and professional radiological standards. Ultimately, this work demonstrates that the focus must shift from mere
concept detection to interpretable multimodal reasoning supported by domain-aware prompt engineering.

Future work should investigate prompting strategies that reduce response verbosity without additional ex-
amples, establishing guardrails for output length while prioritizing descriptive analysis and restricting diagnostic
inferences to high-certainty cases. Additionally, the impact of fine-tuning using the available training dataset



should be evaluated and compared against Retrieval-Augmented Generation (RAG) performance. Further re-
search will also explore ensemble methods combining multiple foundation models (MFMs) and agentic frameworks
to simulate collaborative differential diagnosis workflows among large language models.

6. CONCLUSIONS

This study presents a comprehensive evaluation of state-of-the-art generative AI models for medical image
captioning, with a focus on the radiology domain. By benchmarking large-scale foundation models on the
ROCOv2 dataset and following evaluation protocols established in the ImageCLEFmed Caption challenge within
the CLEF framework, this work highlights both the transformative potential and the current limitations of
generative AI in generating clinically accurate and contextually relevant captions. Our analysis reveals that
RAG is a vital catalyst for performance, consistently enhancing clinical specificity and improving metrics such
as CIDEr, which increased by over fivefold in our evaluations.

Qualitative findings from Figures 1,2 and 3 corroborate these metrics, illustrating that RAG produces more
concise and radiologically grounded descriptions compared to the often verbose and speculative zero-shot outputs.
The results also demonstrate strong semantic alignment across providers, with BERTScore F1 values up to 0.583,
confirming that generated captions preserve medical meaning beyond surface-level lexical matching . Notably,
open-weight models like LLAMA 4 Maverick, when using RAG, achieved a ROUGE-1 score of 0.250, approaching
the 2025 state-of-the-art benchmark of 0.259 established by specialized architectures.

However, preliminary observations suggest that clinical accuracy and consistency vary with image complexity
and prompt specificity. Domain-specific prompt engineering appears to enhance output quality, underscoring the
importance of tailored interaction strategies in medical applications. While RAG improves semantic coverage,
challenges regarding model verbosity, particularly with Gemini, and the accurate capture of stylistic nuances
inherent in expert radiological reporting persist. Future research will involve expert clinical reviews to assess
the diagnostic correctness of these models and a targeted analysis of failure modes across diverse anatomical
complexities. Ultimately, this work contributes to the development of more reliable and explainable multimodal
AI, offering a clear perspective on the evolving role of generative models as medical imaging enters its second
decade of standardized evaluation.
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