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Abstract—Multimodal artificial intelligence (AI) models offer
a promising approach for automatically generating captions
from radiology images, bridging visual and textual data to
enhance medical image interpretation. This study compares a
selectively fine-tuned Large Multimodal Model (LMM) with a
fully fine-tuned multimodal encoder—decoder architecture on a
subset of the Radiology Objects in Context version 2 (ROCOVv2)
dataset. Specifically, Vision Generative Pre-trained Transformer
2 (VisionGPT-2) is evaluated against Large Language and Vision
Assistant (LLaVA) version 1.6, a Mistral-7B-based LMM adapted
using Low-Rank Adaptation (LoRA) on selected projection ma-
trices. Experimental results show that LLaVA-1.6 outperforms
VisionGPT-2 while significantly reducing the computational cost
of full fine-tuning through selective adaptation with LoRA.
Performance gains are observed across multiple metrics, includ-
ing MedBERTScore (0.633), ClinicalBLEURT (0.456), ROUGE
(0.251), BLEU-1 (0.209), BLEURT (0.317), METEOR (0.092),
CIDEr (0.245), CLIPScore (0.816), RefCLIPScore (0.815), and
BERTScore (0.628). These findings underscore the potential
of selectively fine-tuned LMMs for efficient, semantically rich
caption generation in medical imaging tasks, particularly in
contexts constrained by sensitive data and limited computational
resources.

Index Terms—Large Multimodal Model, Transformer, Large
Language and Vision Assistant, Mistral-7B, Medical Image Anal-
ysis, Low-Rank Adaptation, Muitlimodal Data, Radiology Image
Captioning, Vision Generative Pre-Trained Transformer-2

I. INTRODUCTION

The rapid progress of artificial intelligence (AI) has had
a substantial impact on diverse domains, including medical
image analysis. An essential application in medical domain
is the automated generation of captions for radiology im-
ages. Recently, Large Multimodal Models (LMMs), which
are extensions of Large Language Models (LLMs) [1], have
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shown considerable promise by incorporating a wide range
of data modalities (e.g., text, images, video, and signal.) By
addressing the limitations of text-only approaches, LMMs
enable the interpretation of complex and heterogeneous med-
ical data [2]. In LMMs, visual modalities are translated into
text with semantic information, identifying objects, actions,
and features [3]. These capabilities improve domain-specific
content generation, making LMMs suitable for tasks like
medical image captioning and radiology report generation [4].
Traditional encoder-decoder models (e.g., CLIP, BERT) also
play a significant role in image captioning, alongside LMMs.

Medical image captioning studies integrate radiology and
deep learning knowledge [5]. Early solutions, such as convo-
lutional neural networks (CNNs) and recurrent neural networks
(RNNs), performed well for specific diseases and imaging
modalities [6]. Later, Transformer-based architectures like
Show-Attend-Tell and GPT-3 gained prominence [7]. The
CDGPT2 model exemplifies radiology report generation from
chest X-rays, fine-tuning ChexNet, and GPT-2 models with
the TU-Xray dataset [8].

Recent benchmarks have tested multimodal models on two
key tasks: Medical Visual Question Answering (MedVQA)
and Medical Report Generation (MRG) [9]. MedVQA models
show limitations in handling open-ended questions in both
classification-based and generative tasks. Generative models
like GPT-4v and Med-Flamingo offer broader application [10].
MRG models such as R2Gen and ITHN enhance medical
report generation [11], demonstrating LMMSs’ superiority over
standard language models in handling diverse data types.

LaCLIP employs LLaMA to refine captions but faces
challenges with hallucinations arising from low-quality data
[12]. Methods like filtering and combining raw and synthetic
captions improve CLIP performance [13] [14] [15]. VIVO pre-
training acquires unified visual-textual representations through
image-tag pairs rather than image-caption pairs [16]. During
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pre-training, regions are annotated with labels; fine-tuning
links images to phrases by identified objects, enabling zero-
shot generalization. While vision-language pre-training excels
in comprehension tasks, it often underperforms with generative
tasks. XGPT addresses this by employing a cross-modal
encoder-decoder for image captioning [17]. Recent research
work leverage LLMs to enhance LMMs, incorporating pre-
trained visual encoders. A common approach targets predicting
text tokens [18], while some LMMs predict both image
and text tokens, improving text and image production with-
out compromising image-to-text performance. This capability
stems from GPT-style auto-regressive training, enabling task-
appropriate completions [19].

This study evaluates the performance of selectively fine-
tuned LMMs (e.g., LLaVA-1.6, Mistral-7B) compared to fully
fine-tuned encoder-decoder models (e.g., VisionGPT-2) using
the LoRA technique on LLaVA’s projection matrices. The
results show that LMMs not only surpass the performance of
traditional encoder-decoder models like VisionGPT-2 when se-
lectively fine-tuned using LoRA, but also significantly reduce
computational overhead compared to full model fine tuning.

II. METHODOLOGY

The primary focus of this work is to develop a framework
for predicting and generating medical captions for radiology
images utilizing multimodal models. Particularly, we explored
and compared two distinct methodologies. The first approach
uses the LLaVA-1.6-Mistral-7B model [20], fine-tuned using
LoRA [21]. Focusing on a subset of parameters allows LoRA
to efficiently update pre-trained models, decreasing computing
cost, and improving caption accuracy alongside contextual
relevance. In contrast, the second methodology utilizes the
VisionGPT2 [22] model, a traditional multimodal encoder-
decoder architecture designed to combine visual and textual
data. VisionGPT2 serves as a benchmark to assess how tradi-
tional models perform in comparison to selectively fine-tuned
LMMs, especially when dealing with complex medical image
captioning tasks.

A. Large Language and Vision Assistant (LLaVA)

LLaVA [23]-[26] integrates a visual encoder and an LLM
for joint visual and linguistic comprehension. The system
is trained on many pairs of images, instructions, and exten-
sively annotated captions. LLaVA uses ChatGPT/GPT-4 [27]
to process image-caption pairings into instruction-following
formats, generating visual questions (Xg) from the input
image and caption. This triggers context-aware image content
descriptions from the language model.

In Figure 1, the LLaVA model connects a pre-trained
CLIP-ViT-L/14 vision encoder to the Mistral-7B language
model (f4). The encoder creates visual feature representations
Z, = g(X,) from input images, and a trainable multimodal
projection matrix W aligns these with the LLM’s language
embedding space. The projection matrix transforms visual
feature Z., into a compatible format H,,, matching the dimen-
sionality of language model word embeddings. This alignment
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Fig. 1: Thematic view of the LLaVA model architecture.

allows the model to combine visual and textual data for
meaningful captions or responses.

The final output, X,, represents the generated captions
corresponding to the input images. This architecture enables
LLaVA to leverage both visual and linguistic data to predict
correct contextual captions. The projection matrix plays a
pivotal role in facilitating the communication between the
visual encoder and the LLM, ensuring that the model can
perform multimodal tasks effectively.

LLaVA-1.5 [23] builds on this structure with modifications
such as the CLIP-ViT-L-336px visual encoder and Multi-layer
Perceptron (MLP) projection layers. It also introduces aca-
demic task-oriented Visual Question Answering (VQA) data
featuring streamlined response formatting prompts. LLaVA-
1.6 [24]-[26] further enhances this model by introducing ca-
pabilities for advanced reasoning, Optical Character Recogni-
tion (OCR), and domain-specific knowledge integration. This
version includes key technical innovations that improve visual
conversation capabilities.

B. Mistral-7B

Mistral-7B [28], [29] is a transformer based LLM built
to deliver high performance with computational efficiency.
Grouped-query attention (GQA) speeds up inference while
sliding window attention (SWA) supports lengthier input se-
quences with low processing overhead. Together, GQA and
SWA enable scalable processing across diverse text lengths
without significantly increasing resource demands. The struc-
tural configuration of Mistral-7B is presented in Figure 2,
highlighting its attention based module.

C. Low-Rank Adaptation

LoRA is a finetuning technique developed to efficiently
adapt large models for specific tasks and datasets [21], [30].
LoRA addresses the challenge of computationally expensive
fine-tuning by freezing the original model weights and intro-
ducing a smaller set of trainable parameters, that are added
to the model through low-rank matrices. This process enable
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faster adaptation with fewer resources while preserving the
original model’s general capabilities. LoRA 1is particularly
effective for adapting large models like LMM:s for tasks such
as medical image captioning, where only a small subset of
features needs to be re-learned or emphasized [21].

At the core of LoRA is the assumption that the weight
updates required during fine-tuning exhibit a low intrinsic
rank. This means that the changes in weights, AW, can be
effectively modeled using a low-rank decomposition. Specif-
ically, if W, represents the weights of a single layer and
AW,,i, represents the weight changes during adaptation, then
AW, is approximated as a low-rank matrix [21], [30]. To
achieve this, LoRA introduces two small trainable matrices, A
and B, into each fine-tuned layer. These matrices first project
input features to a lower-dimensional space and then map them
back to the original space. Formally, AW, is the product
of two low-rank matrices: AW, ~ B,,A;r, wherer <
min(n, k). The layer’s forward pass is adjusted to Wz + BAx,
where W is the original weight matrix and B and A are
the low-rank matrices. Initially, B is set to zero and A is
randomly initialized, ensuring that the adaptation process starts
without altering the original pre-trained weights. The update
matrix BA is scaled by a factor of a/r, controlling the
magnitude of the updates during fine-tuning [21], [30]. Figure
3 demonstrates the techniques adopted in LoRA.

D. LLaVA-1.6-Mistral-7B Fine-Tuning with LoRA

The LLaVA-1.6-Mistral-7B model integrates the CLIP-ViT-
L/14 vision encoder, which is a 14-layer Vision Transformer,
with the Mistral-7B language model for text generation. In
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Fig. 4: Thematic view of the LLaVA—1.6-Mistral-7B approach.

this study, LoORA was employed to fine-tune selected layers of
the combined architecture. In the proposed analysis pipeline,
LoRA was applied to the following layer-specific projection
matrices:

o CLIP encoder: Key, value, and query projection layers.
o Mistral decoder: Query, key, and value projection layers.
o Mistral MLP: Gate, up, and down projection layers.

The final output represents the generated captions for the
input images, where the integration of visual features from the
CLIP encoder and language features from Mistral-7B ensures
accurate and semantically rich descriptions. Figure 4 illustrates
the architecture of the LLaVA-1.6-Mistral-7B model, along
with the implementation of LoRA in various layers.

E. VisionGPT-2

VisionGPT-2 adopts a sequential encoder-decoder frame-
work in which a pre-trained ViT [31], [32] extracts visual
representations from input images. The features are then
forwarded to a GPT-2 language model [33]-[35], which serves
as the decoder for caption generation. Unlike LLaVA, which
uses a projection matrix to align multimodal embeddings,
VisionGPT-2 performs direct feature handoff from the visual
encoder to the text decoder, facilitating a modular training
structure. Training was conducted using the Hugging Face
Seg2SeqgTrainer API [36], which enabled progressive
end-to-end fine-tuning of the entire architecture. The decoder
incorporates a multi-head cross-attention mechanism to incor-
porate visual features into the captioning process. Figure 5
illustrates the structure of the encoder and decoder blocks used
in this implementation.

III. RESULTS AND DISCUSSIONS

The dataset used in this research consisted of radiology
image-text pairs from ROCOv2 [37], [38], an updated version
of the ROCO dataset [39], collected from biomedical articles
in PMC OpenAccess. It includes six imaging modalities (X-
ray, CT, MRI, ultrasound, PET, and combinations) and relevant
anatomical regions. The training set contains 70,108 images
and 220,859 concept occurrences across 1,945 unique con-
cepts, while validation and test sets have 9,972 and 17,237
images with 32,060 and 48,563 occurrences, respectively.
Average image dimensions are 600x600, requiring resizing
and padding for smaller images. Captions are mostly under
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Fig. 5: Thematic view of the VisionGPT-2 approach.

100 words. Models were trained on a Google Cloud VM with
2xNVIDIA-A100-40GB GPUs, 24 vCPUs, and 170 GB RAM.
The reproducible codes of the corresponding models and their
implementations can be found in [40].

LoRA was applied during training with a rank (7) of 16,
scaling factor of 32, and a 0.05 dropout rate. This configuration
led to 40,108,032 trainable parameters, accounting for only
0.52% of the total number of parameters. Key hyperpa-
rameters included a learning rate of le-4, mixed precision
using bfloatl6, the adamw_torch optimizer, and a batch
size of 4. The model was trained for 10 epochs across
21,900 steps, incorporating early stopping with a patience
of 5 steps. Training was halted at the 9855" step, while
the model checkpoint corresponding to the lowest validation
loss was saved at the 4380™ step. Figure 6 presents the
progression of training and validation losses. Additionally,
Flash Attention-2 [41] was applied to optimize attention
mechanism computations further. Experimental evident based
on literature clearly indicates that FlashAttention-2 can achieve
up to a 2x speedup compared to FlashAttention-1 and up to a
9x speedup over PyTorch’s standard attention implementation
[41]. Therefore, MistralFlashAttention2 is used within the 32
Mistral decoder layers in this model. Finally, the approach of
applying bfloat16 precision along with MistralFlashAttention2
ensures the multimodal capability of the model in handling
both visual and textual features.

In the VisionGPT-2 training phase, the pre-trained layers
were initially kept frozen to focus on updating the cross-
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Fig. 6: Training & validation loss of LLaVA-1.6-Mistral-7B.

attention layers. After completing the tuning of GPT-2, the ViT
encoder was incrementally unfrozen and trained during the
later epochs. The training process utilized the Adam optimizer
[42] along with a OneCycleLR scheduler for learning rate
adjustment. Mixed-precision computation (fp/6) was applied
using PyTorch’s autocast and gradient scaler to improve
memory usage and computational speed. Cross-entropy loss
served as the evaluation metric, and the model checkpoint with
the lowest validation perplexity was retained for downstream
caption generation. The VisionGPT-2 configuration consisted
of 12 transformer layers, 12 attention heads, 768-dimensional
embeddings, variable dropout settings, and an MLP ratio of
4. Training was executed on a CUDA-enabled GPU using a
batch size of 8 over five epochs. The evolution of training and
validation losses is shown in Figure 7.

The trained models were evaluated based on the BERTScore
[43], ROUGE [44], BLEU-1 [45], BLEURT [46], METEOR
[47], CIDEr [48], CLIPScore [49], RefCLIPScore [49], Clin-
icalBLEURT [50], and MedBERTScore [50] performance
measurement metrics. The results section provides a detailed
comparison of these metrics for the LLaVA-1.6-Mistral-7B
and VisionGPT-2 models. These metrics are critical in evalu-
ating the effectiveness of models in generating accurate and
meaningful captions for medical images. Detailed analysis of
the performance metrics are summarized in Table I. This table
highlights the consistent superiority of the LLaVA-1.6-Mistral-
7B over VisionGPT-2 across most evaluation metrics. This
superiority suggests that LLaVA-1.6-Mistral-7B is more adept
at generating high-quality, semantically accurate captions from
the radiology medical images.

Figure 8 shows a comparative scenario of the predictive per-
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TABLE I: Performance scores and relative gains of LLaVA-
1.6-Mistral-7B over VisionGPT-2.

Performance Metrics | LLaVA-1.6-Mistral-7B | VisionGPT-2
CLIPScore 0.821262 (+0.136) 0.685257
MedBERTScore 0.632664 (+0.076) 0.556308
BERTScore 0.628059 (+0.082) 0.545773
RefCLIPScore 0.815534 (+0.123) 0.692432
Clinical BLEURT 0.455942 (+0.006) 0.450116
BLEURT 0.317385 (+0.073) 0.244725
CIDEr 0.245029 (+0.216) 0.028805
ROUGE 0.250801 (+0.132) 0.118446
BLEU-1 0.209298 (+0.107) 0.102386
METEOR 0.092682 (+0.058) 0.035134

formance of the two models using a representative radiology
image from the ImageCLEFmedical’24 test set [38]. The figure
displays both the actual and predicted captions, highlighting
the stronger performance of the LLaVA-1.6-Mistral-7B model
with LoRA adaptation compared to VisionGPT-2.

IV. CONCLUSIONS AND FUTURE RESEARCH

This work explores the application of an LMM in medical
image caption generation task and evaluated its performance
in comparison to a pre-trained Transformer model using
the ImageCLEF2024 caption dataset. The experimental re-
sults of our study reveal that LMMs (LLaVA-1.6- Mistral-
7B model) are more effective than traditional Transformer
models (VisionGPT-2) in generating clinically relevant image
captions. These findings indicate a promising avenue for future
research, highlighting the potential of open-source LMMs in
medical image interpretation tasks. Morover, the models like
Med-Flamingo [51], MedBLIP [52], and HuatuoGPT-Vision
[53] are the recent advancements made in analyzing medical
image-text analysis. In our incremental work, we are also
exploring the potential of these models in improving predictive
accuracy. It is believed that the dataset’s size and diverse
image modalities are adequate for comparative analysis in this

Fig. 8: Comparison of model generated captions on a repre-
sentative chest CT image (CC BY [Muacevic et al. (2023)])
[38]. Predicted Caption (LLaVA): “Computed tomography
angiography of the chest showing a large saccular aneurysm
of the left ventricle measuring 0.8 cm x 1.5 cm.” Predicted
Caption (VisionGPT-2): “CT scan of the chest showing a
right upper lobe nodule (red arrow) with a moderate sized
right upper lobe nodule (red arrow).” Ground Truth: “CT
chest revealing 6 cm dilated sinus of Valsalva aneurysm.
LA: Left Atrium; LV: Left Ventricle; SOVA: Sinus of Valsalva
Aneurysm.”

study, but larger datasets could improve results. Therefore, the
initiative for exploring additional data sources in the future will
remain active. Furthermore, more rigorous image denoising,
enhancement, and edge detection techniques will be explored
in search for any scope of improving the model performance.

In future work, we plan to involve clinicians, particularly
in evaluating the clinical relevance of the generated captions.
We believe that incorporating clinician feedback will provide
valuable insights into how the models can be refined for
practical clinical use.
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