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Abstract—This study aims to explore a method combining
Retrieval-Augmented Generation (RAG), Prompt Learning
for Multimodal Large Language Models (MLLM), and Deep
Self-Supervised Learning (DSL) to enhance the efficiency
and accuracy of medical data management and analysis,

particularly in medical image processing and diagnostic tasks.

We propose a novel medical MLLM framework that
integrates RAG to strengthen knowledge retrieval
capabilities and optimizes model generation quality through
a carefully designed prompt learning mechanism.
Additionally, we incorporate DSL to uncover critical features
from unlabeled medical data via self-supervised tasks,
thereby improving the model’s learning capability. The
framework design ensures secure data training and
dynamically adjusts retrieval context and prompt formatting
to adapt to diverse medical scenarios. Extensive experiments
were conducted on various medical datasets, including
radiology, ophthalmology, and pathology, covering medical
Visual Question Answering (VQA) and report generation
tasks. Experimental results demonstrate that the proposed
framework significantly outperforms existing methods in
factual accuracy, generation quality, and model adaptability.
The findings of this study indicate that the integrated
approach combining RAG, MLLM prompt learning, and
DSL effectively enhances medical data processing
performance, verifying its feasibility for secure and efficient
data management in medical contexts. This innovative
framework provides new ideas and approaches for future
medical Al applications, driving the intelligent development
of the healthcare industry.

Keywords—Retrieval-Augmented Generation (RAG),
Multimodal Large Language Models (MLLM), Deep Self-
Supervised Learning (DSL), medical image processing,
prompt learning, medical Visual Question Answering (VQA),
medical artificial intelligence

|I. INTRODUCTION

With the rapid advancement of digital technologies, the
healthcare  industry  is  undergoing  profound
transformations. These changes have not only improved
the quality of patient care but have also resulted in the
generation and storage of vast amounts of medical data,
including omics data, clinical data, electronic health
records, and sensor data [1]. The explosive growth of such
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data provides a rich information source for medical
decision-making but also introduces challenges in data
management and analysis [2]. Medical data is not only vast
in volume but also diverse in type, making it a pressing
issue for the healthcare industry to effectively extract and
utilize valuable insights [3].

Against this  backdrop, Generative Atrtificial
Intelligence (GAI) [4], as an emerging technology, is
demonstrating immense potential. By analyzing large-
scale complex medical data, GAIl can generate
personalized treatment plans, thereby driving the
development of precision medicine. GAI is capable of
identifying patients’ medical histories, symptoms, and
treatment outcomes and generating targeted medical
recommendations based on each patient’s unique
characteristics. This ability positions GAI as a valuable
tool in improving patient health management and
enhancing treatment outcomes. At the same time, the
advent of Multimodal Large Language Models
(MLLM) [5] has opened new possibilities for the
management and analysis of medical data. By integrating
different data formats, such as text, images, and structured
data, MLLM provides a more comprehensive
understanding of patients’ health conditions. Compared to
traditional models, MLLM exhibits greater flexibility and
adaptability when addressing complex medical tasks.
However, the complexity of MLLM requires efficient
retrieval mechanisms to enhance its overall performance.
In this regard, Retrieval-Augmented Generation (RAG)
[6] technology has emerged as a solution. RAG enhances
the quality and accuracy of model outputs by retrieving
relevant information from external knowledge bases. This
approach ensures that MLLM can provide the latest and
most relevant knowledge when tackling complex medical
tasks, making generated responses more reliable. By
integrating external knowledge, RAG not only improves
factual accuracy but also enriches the knowledge base of
models, enhancing their effectiveness in practical
applications. Despite its promise in improving the factual
accuracy of Medical Large Vision Language Models
(Med-LVLMs), the direct application of RAG still faces
several challenges [7]. Firstly, insufficient retrieval of
context may fail to cover the necessary reference
knowledge, leading to a lack of essential information
support during response generation and affecting the
accuracy and relevance of the content generated.
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Conversely, retrieving too much context may introduce
low-relevance information, disrupting the generation
process and resulting in less precise or incoherent outputs.
Secondly, Med-LVLMs may become overly reliant on
retrieval information during the generation process. While
retrieval results can provide valuable background
knowledge, improper handling of these results during
integration may lead to incorrect responses. In cases where
the model could independently answer correctly,
combining retrieved context might instead lead to errors,
which could have severe consequences in medical
applications. Given the healthcare industry’s high
demands for accuracy, even minor diagnostic errors can
have significant impacts on patients’ health. Therefore,
optimizing retrieval mechanisms and generation processes
to ensure the accuracy and reliability of generated content
is a critical issue that requires resolution. This involves not
only technical improvements but also a deep
understanding of the specific needs of the medical field to
foster the healthy development of medical artificial
intelligence technologies. Moreover, medical data analysis
faces significant challenges, including the complexity of
multimodal data (e.g., combining text, images, and
structured data) and the scarcity of annotated datasets for
supervised learning. Multimodal data demands models
capable of integrating diverse formats while maintaining
contextual consistency, a task hindered by traditional
approaches.  Additionally,  acquiring  high-quality
annotated medical data is resource-intensive, limiting
model training and generalization. The integration of
Retrieval-Augmented Generation (RAG) addresses these
challenges by dynamically retrieving relevant, domain-
specific knowledge to enhance data interpretation.
Meanwhile, DSL enables models to learn intrinsic data
features from unannotated datasets, mitigating the reliance
on scarce annotations and improving adaptability.

One should note that the application of RAG focuses on
enhancing the effectiveness of MLLM in medical data
management and analysis. By combining retrieval
mechanisms with generative models, RAG effectively
utilizes external knowledge bases when tackling complex
medical tasks to enhance the quality of model outputs.
Specifically, RAG retrieves documents or information
relevant to input data, ensuring the model has access to the
most recent and relevant knowledge when generating
responses. This method not only improves factual
accuracy but also reduces errors caused by insufficient
information. In medical image analysis scenarios, RAG
dynamically adjusts the retrieval context to ensure the
model can flexibly adapt to different modalities of data,
thereby optimizing the quality of generated results.
Moreover, the introduction of RAG effectively addresses
issues of data freshness and security by leveraging layered
cross-chain architectures to ensure safe training, thereby
promoting the integration and utilization of high-quality
data. In summary, RAG serves as a core innovation in this
paper by optimizing the combination of information
retrieval and generation, significantly improving the
effectiveness and reliability of medical MLLM in real-
world applications.
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Moreover, prompt learning is proposed as the second
innovation point to enhance the model’s understanding
and response capabilities for medical tasks through
carefully designed prompts. In practical applications, this
paper introduces specific prompt formats tailored to
different medical fields, enabling the model to more
accurately parse input data and generate relevant outputs.
By designing highly adaptable prompts, the model can
better capture task requirements, thereby improving the
quality and consistency of generated results. In processing
medical data, prompts not only include task instructions
but also incorporate domain knowledge, allowing the
model to more comprehensively consider contextual
information during generation. This strategy is particularly
suitable for complex medical problems, such as medical
image analysis and report generation, as it helps the model
identify subtle differences and key features. Additionally,
this paper introduces a dynamic prompt adjustment
mechanism, enabling the model to flexibly modify
prompts under different input conditions, thus optimizing
its generation performance. This innovative application
significantly enhances the practicality of MLLM in
medical scenarios, laying a foundation for generating more
accurate diagnostic and treatment recommendations.

Deep Self-supervised learning aims to improve the
learning efficiency and accuracy of models by leveraging
unannotated medical data. By designing specific self-
supervised tasks, this paper enables the model to
autonomously learn intrinsic features and structures within
the data, thereby gaining effective knowledge
representation even in the absence of large-scale annotated
data. This method is particularly suitable for the medical
field, where high-quality annotated data is often
challenging to obtain. Specifically, this paper constructs
self-supervised learning tasks related to medical images
and texts, enabling the model to capture important medical
knowledge and contextual information during training.
This self-learning mechanism not only enhances the
model’s adaptability to new data but also improves its
performance in downstream tasks, such as medical image
analysis and question-answering systems. By leveraging
DSL, this paper addresses the issue of data scarcity,
improving the model’s generalization ability and accuracy.
This innovative application provides new perspectives for
medical data analysis, ensuring that even with annotation
constraints, the model can still exhibit robust learning and
reasoning capabilities in practical applications.

Il. LITERATURE REVIEW

In recent years, the development of Large Language
Models (LLM) and Retrieval-Augmented Generation
(RAG) technologies has led to significant progress in the
field of medical data management and analysis [8]. Below
are some influential studies and methods, covering LLMs,
RAG, and their applications in medical image processing.

GPT-4, as an advanced LLM, has been widely applied
to data management tasks, demonstrating strong text
understanding and generation capabilities [9]. Its
performance in information retrieval and data analysis is
particularly notable, effectively handling complex queries
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and generating contextually relevant responses. However,
GPT-4 primarily focuses on textual data and lacks the
ability to comprehensively process multimodal data,
limiting its application in medical image analysis. This
shortcoming prevents it from fully integrating information
from different data sources, impacting the accuracy of
clinical decision-making. Frameworks based on LLMs for
database management have also gained attention. These
frameworks utilize LLMs for automated prompt
generation and model fine-tuning, particularly excelling in
query rewriting and index optimization [10]. For instance,
by automatically generating more natural query
statements, these frameworks significantly improve
database retrieval efficiency. However, their reliance on
external knowledge and primary focus on structured data
limit their capacity to handle unstructured data like
medical images. Med-Prompt, a prompt-learning
framework specifically designed for the medical field,
creates task-specific prompts to help LLMSs better parse
input data and generate relevant outputs [11]. This
approach captures task requirements more effectively,
enhancing the quality and consistency of generated results
when processing medical data. Nevertheless, Med-Prompt
depends heavily on high-quality prompt sets, and its
flexibility in prompt adjustment is limited. Prompt
engineering techniques are also widely applied, guiding
models to perform better in specific tasks through
meticulously designed prompts. For example, fine-tuned
prompts for medical text have significantly improved
model performance in medical question-answering
systems [12]. However, the design and adjustment of
prompts often require manual intervention, lacking
automation, which restricts their broader applicability.

RAG technology has played a critical role in enhancing
the accuracy and reliability of outputs from LLMs [13]. By
integrating information from external knowledge bases,
RAG dynamically retrieves content relevant to the input
data, thereby improving the quality of generated results.
This process not only enhances the factual accuracy of
models but also enables them to adapt to rapidly changing
knowledge environments, avoiding the labor-intensive
retraining required by traditional models. RAG models
typically consist of two key components: a retriever, which
fetches relevant information from external knowledge
bases, and a generator, which utilizes this information to
produce the final output [14].

In the medical domain, this method has demonstrated
exceptional performance. For instance, researchers have
used RAG to optimize clinical decision support systems,
retrieving real-time updates from medical research and
guidelines to provide evidence-based recommendations
for physicians. This approach not only enhances the
scientific rigor of clinical decisions but also improves the
safety of patient care. Siriwardhana et al. [15] showcased
the effectiveness of RAG models in generating medical
reports. Researchers developed a system capable of
retrieving relevant medical literature based on patients’
symptoms and histories and generating corresponding
medical reports. By doing so, the system effectively
integrates extensive medical knowledge, ensuring that the
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generated reports are accurate and aligned with the latest
clinical guidelines. Despite these advancements,
challenges remain in applying RAG to Med-LVLMs.
Insufficient retrieval context can result in a lack of
essential information during the generation process. For
example, when the number of relevant documents
retrieved is low, the model may fail to access enough
background knowledge, affecting the accuracy and
relevance of generated content. Tamine and Goeuriot [16]
pointed out that inadequate document retrieval for
complex medical problems can lead to incomplete or even
erroneous clinical recommendations. Low-relevance
information interference is another significant challenge
for RAG. When the retrieved context contains irrelevant
information, it may lead to less precise responses. For
instance, in some cases, the model might generate
inaccurate treatment plans based on low-relevance
documents, which can pose risks to patient health in
medical applications. Ensuring the relevance and quality
of retrieved information is therefore of critical importance.
Additionally, RAG’s over-reliance on retrieved
information can reduce the independence of generated
responses [17]. When models overly depend on retrieval
results, they may overlook their intrinsic reasoning
capabilities, diminishing the creativity and flexibility of
the outputs. For example, in medical image analysis, if the
model solely relies on retrieval results without leveraging
its understanding of the image, it may fail to conduct in-
depth analysis of complex cases, impacting final
diagnostic outcomes. To address these issues, researchers
have begun exploring ways to improve RAG. Some studies
have proposed hybrid RAG approaches that combine
multiple retrieval strategies, enabling models to
dynamically adjust retrieval processes based on different
contexts [18]. This approach not only enhances retrieval
relevance but also increases the diversity and adaptability
of generated content. Furthermore, leveraging machine
learning techniques to optimize retrieval algorithms has
been identified as an important direction to improve the
accuracy and efficiency of information retrieval. While
RAG technology has shown significant advantages in
improving LLM outputs, challenges such as insufficient
retrieval context and interference from low-relevance
information must still be overcome. With further research
and improvements, RAG is expected to play a greater role
in medical data management and analysis, providing more
reliable support for clinical decision-making.

Chain of Thought (CoT) [19] and ReAct [20] methods
have been introduced to enhance the reasoning and
planning capabilities of LLMs. CoT helps LLMs solve
complex problems by constructing structured thought
processes, while ReAct combines reasoning traces with
task-specific operations. These methods improve decision-
making but face challenges in managing historical
decisions, especially in filtering irrelevant information and
handling redundant knowledge. To address these
challenges, the TC-RAG (Turning-Complete RAG)
approach integrates a memory stack system that allows for
backtracking and summarization operations, improving
the efficiency and accuracy of the reasoning process.
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Although significant progress has been made in LLM
applications, there are still shortcomings in multimodal
data processing and reasoning capabilities. This provides
an opportunity to further enhance the application of LLMs
in complex medical scenarios. In the development of RAG
technology, RAG models have significantly improved the
accuracy and reliability of LLM outputs by incorporating
external knowledge bases. The core advantage of RAG lies
in its ability to dynamically retrieve the latest background
information, avoiding the need for retraining the model.
However, directly applying RAG to Med-LVLMs faces
challenges, such as insufficient retrieval context and
interference from low-relevance information, which can
impact the accuracy of generated results. Additionally,
over-reliance on retrieved information can result in less
independent responses, increasing risks in medical
applications.

Despite the potential shown by these methods in their
respective domains, common issues remain. These issues
primarily revolve around processing single-modal data,
failing to effectively integrate multimodal information,
and lacking flexibility in reasoning and decision-making.
To address these limitations, this paper proposes a
multifunctional, practical Multimodal Medical RAG
system (MMed-RAG), which introduces a domain-aware
retrieval mechanism, adaptive calibration methods, and
preference fine-tuning strategies to further enhance the
application of RAG in medical scenarios. This will
contribute to more efficient and accurate medical data
management and analysis.

The proposed framework innovatively combines
Retrieval-Augmented Generation (RAG), dynamic prompt
learning, and DSL. Unlike static traditional RAG methods,
it uses a domain-aware retrieval mechanism to
dynamically adapt to medical data needs, enhancing
relevance and accuracy. The dynamic prompt learning
system allows flexible adjustments for diverse tasks,
surpassing fixed models like Med-Prompt. DSL further
addresses limited annotated data by extracting features
from unannotated datasets, enhancing generalization. By
integrating RAG and DSL, the framework improves
factual reliability and reasoning through a hybrid
approach.

I1l. MATERIALS AND METHODS

The overall architecture of the proposed MedRAG-
LLM (Medical RAG Large Language Model) framework
is depicted in Fig. 1.

A. Domain Aware Contextual Retrieval

To enhance the reasoning ability of MLLM in medical
tasks, we designed a domain-aware dynamic retrieval
mechanism for medical images. This mechanism
autonomously selects contextually relevant information
from external medical knowledge bases to supplement the
output features of MLLM. The architecture diagram is
shown in Fig. 2.
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Fig. 2. Architecture diagram of domain-aware contextual retrieval mechanism based on MLLM.

Let the target medical image be denoted as X4, with
the corresponding query as g,. First, we use a pre-trained
visual encoder to extract image features, represented as
Vimg = Eimg(Xege), and employ a text encoder Eipy, to
encode the query text qg INt0 Vieyxr = Erex:(qs). Next,
we construct a medical knowledge graph G = (V,€),
where 7V represents the set of medical knowledge
concepts, and € represents the semantic relationships
between the concepts. For each knowledge concept v €

V, we precompute its textual embedding vt(;’,zt.

We then design a domain-aware retrieval mechanism to
calculate the similarity between the query embedding

Viexe and the knowledge concept embedding vg;t.

Based on the similarity, we dynamically select the top K
most relevant SKS knowledge concepts:

K =arg maX_ > Sim(V,,, Vix) (1)

veK
where sim(,") represents  cosine  similarity.
Subsequently, we retrieve the textual information

{x™},c5 from the knowledge graph G corresponding to
the selected knowledge concepts X, and combine it with
the query g, to form the final input feature X;,:

Xin = [qs ’{X(V)}VEK] (2)

To build a more efficient domain-aware retrieval
mechanism, we further introduce an attention-based
dynamic knowledge filtering strategy. Specifically, we
define a learned attention weight matrix A € RK*IVI
where A;; represents the attention weight between the i-
th selected knowledge concept v; € X and the j-th
knowledge concept v; € V. The attention weight matrix
can be calculated as follows:

572

exp(sim(v"), v

g -
S exp(Em(ve),

veV

)

text ))

(v;)
Vir))

®)

Using this attention weight matrix, we can dynamically
filter the knowledge graph G to select the most relevant
neighboring nodes of the current SKS knowledge
concepts, and add their textual information {x®} e (%)
to the input features X;,:

Xip =[0, X"} X R w1 4)

where NV (K) represents the set of neighboring nodes
related to the knowledge concepts in K.

This dynamic knowledge filtering strategy can better
leverage the language-semantic relationships within the
medical knowledge graph, enrich the contextual
information relevant to the query, and provide more
comprehensive input features for MLLM. Meanwhile, this
approach can dynamically adjust the importance weights
of knowledge concepts, further enhancing the accuracy
and efficiency of retrieval. This domain-aware dynamic
retrieval mechanism enables MLLM to autonomously
provide contextually relevant medical data for any given
task, enhancing its reasoning ability and forming a better
foundation for subsequent predictions and analyses [21].

B. Adaptive Retrieval Result Calibration

In medical image analysis, the quality of retrieval results
directly impacts the factual accuracy and reasoning ability
of the model. Therefore, we propose an adaptive retrieval
result calibration strategy based on uncertainty to
dynamically balance the quantity and quality of retrieval
results. The architecture diagram is shown in Fig. 3.
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Fig. 3. Architecture diagram of adaptive retrieval result calibration mechanism based on uncertainty.

First, we need to quantify the quality of the retrieval
results. We introduce an uncertainty metric U(X;,) to
evaluate the uncertainty of the input feature X, .
Specifically, uncertainty can be calculated as follows:

®)

where o?(Y) represents the variance of the model’s
output Y, reflecting the confidence level of the model for
the output results. A higher variance indicates higher
uncertainty in the output results. Furthermore, based on the
model’s uncertainty, we set a threshold Tyg. If U(X,) >
Tys, it indicates that the current input uncertainty is high,
requiring an increase in the quantity of retrieval results to
enrich the contextual information. Conversely, if the
uncertainty is relatively low, the number of retrieval results
can be reduced to improve computational efficiency. The
adjustment strategies are as follows:

To increase retrieval results: If U(X;,) > Tyg, retrieval
is enhanced based on similarity:

U(X,)=o°(Y)

Ky, =argmax, . > sim(v,,,vi), K>k  (6)

veK .y

To reduce retrieval results: If U(X;,) < Tys, low-
relevance contextual information is filtered:

_ H (v)
Ko =argMax, . > sim(v,,, Vi,

VeK oy

YK <K (7))
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Finally, the updated retrieval result set (., Iis
integrated into the input features to update the final
contextual information:

xnew in = [q'{X(V)}VGKnEW] (8)

After each generation of output results, we evaluate the
quality of the output results Y. A quality evaluation
function Q(Y) is defined to quantify the accuracy and
consistency of the results. This function can compare the
output with domain-specific standards or expert
knowledge. For example, precision, recall, and F1 score
can be used as indicators:

Q(Y) =« -Precision(Y) + - Recall(Y)+y-F1(Y) (9)

where a,f,y are weighting factors that reflect the
importance of different evaluation metrics. Based on the
quality evaluation Q(Y), we can further adjust the
quantity of retrieval results. If Q(Y) is lower than a set
threshold Tqg , it indicates that the current retrieval
strategy is insufficient, and the system needs to increase
the diversity of retrieval results to extract more
information. In this case, we can use the following strategy
to enhance diversity retrieval:

- i V)
Kdiverse - arg rnaX|Kmme|:K' z SIrndiv (Vtxt ! Vt:t ) (10)

VeKiverse
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where simg;, represents a diversity similarity metric that
ensures the selection of different types of contextual
information. Conversely, if Q(Y) exceeds Tqg, the
system can reduce redundant contextual information to
optimize computational efficiency by reducing redundant
retrieval:

Kconcise = arg maX‘KconciselzK, ZSim(Vtxt’

veK

vi)) (D)

During this process, we can introduce a historical record
mechanism to trace and record previous retrieval results
and their output quality. This mechanism allows the
system to learn and adapt to different scenarios and task
requirements, thereby iteratively optimizing the retrieval
set. Finally, at each iteration, the updated retrieval result
set K., IS integrated to update the input features:

X = [0, )] (12)

By combining feedback loops and dynamic adjustment
strategies, our adaptive retrieval calibration method
effectively enhances the factual reliability and feasibility
of model outputs. This provides more precise contextual
support for MLLM in medical image analysis tasks. The
method not only improves model robustness but also lays
a solid foundation for applying MLLM to more complex
scenarios requiring diverse contexts [22].

C. Rag Driven Fine-Tuning Of Preference Perception

In medical image analysis, the reasoning ability and
output quality of the model are critically important.
Therefore, we propose a preference-aware RAG
(Retrieval-Augmented Generation) driven fine-tuning
method. This method integrates RAG technology with
DSL to optimize the output preferences of the model for
specific tasks, thereby enhancing its performance in
medical scenarios. The architecture diagram is shown in
Fig. 4.
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Fig. 4. Architecture diagram of preference-aware fine-tuning mechanism driven by RAG.

We first use RAG technology to combine the retrieved
contextual information with the input medical image data.
Let the target medical image be Xy , with the
corresponding query denoted as g, and the retrieved
contextual information as {x™},es. Through the RAG
framework, the input of the generation model can be
expressed as:

Xin = [thl’q’{X(V)}veK] (13)

By leveraging the RAG structure, we can integrate
contextual information with input images to enhance the
model’s reasoning ability.

To achieve task-oriented preference fine-tuning, we first
define a preference scoring function P(Y,Y*), which
evaluates the consistency between the generated results Y
and the target results Y*. This can be realized through
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measures such as cross-entropy loss or similarity metrics.
The specific formula is as follows:

P(Y.Y") == 3, log(y) (14)

where y; is the label of the i-th target output, and y; is
the probability distribution of the i-th output. N
represents the total number of outputs.

To further optimize the model’s capability, we
introduce a DSL framework. By constructing self-
supervised tasks such as image-text matching learning, we
can utilize unlabeled data to enhance the model’s feature
representation. We define a self-supervised loss function
L to minimize the difference between the model’s
output and the true labels:
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S}

Xl(nj) - Xin (15)

)
where M represents the number of self-supervised
samples, and )?151]) is the sample generated by the model.

Finally, the optimization target combines the preference
scoring and self-supervised loss functions:

M
Lself = z

j=1

L=AP(Y,Y)+ AL, (16)
where A, and A, are hyperparameters used to balance
the two loss terms.

During fine-tuning, we update the model parameters
using backpropagation to minimize the total loss L. This
process ensures that the model adapts quickly to specific
task demands while enhancing its reasoning and output
accuracy in medical image analysis tasks. By integrating
preference scoring with self-supervised loss, our RAG-
driven fine-tuning strategy effectively combines
contextual information retrieval with DSL. This enables
MLLM to perform better in reasoning tasks and achieve
practical applications in medical scenarios [23].

To better illustrate the implementation of the proposed
MedRAG-LLM framework, the following pseudocode
outlines the key steps involved in integrating Retrieval-
Augmented Generation (RAG), dynamic prompt learning,
and DSL for multimodal medical data analysis.

The proposed framework can be seamlessly integrated
into routine clinical workflows, addressing key challenges
in diagnostic support, report generation, and decision-
making assistance. For diagnostic support, the framework
enhances efficiency by analyzing multimodal medical
data, such as imaging and text, in real-time. For instance,
in radiology, the system could process X-ray images and
patient histories, retrieving relevant medical literature and
providing context-aware diagnostic suggestions. The
dynamic retrieval and prompt learning mechanisms ensure
that the information is tailored to specific cases, enabling
clinicians to make faster, more accurate decisions. In
report generation, the framework automates the creation of
comprehensive and accurate diagnostic reports. By
integrating DSL with Retrieval-Augmented Generation
(RAG), the system captures critical features from raw data,
such as images or clinical notes, and generates structured,
high-quality summaries. This significantly reduces the
workload for healthcare providers and standardizes
reporting, ensuring consistency across different cases. For
decision-making assistance, the framework can serve as an
intelligent companion for treatment planning. By
dynamically retrieving the latest medical guidelines and
relevant studies, the system supports clinicians in
evaluating treatment options based on evidence-based
insights. Furthermore, its adaptability across medical
domains allows it to be customized for specialized tasks,
such as oncology treatment planning or surgical risk
assessment, streamlining complex decision-making
processes.

The computational complexity of the proposed
framework is influenced by its components: domain-aware
retrieval, dynamic prompt learning, and DSL. The retrieval
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mechanism involves cosine similarity calculations across
a medical knowledge graph, which scales with the size of
the graph and the number of queries (O(N - M), where N
is the number of nodes and M is the number of queries).
Dynamic prompt learning introduces adaptable
adjustments but remains computationally efficient due to
pre-optimized  prompt templates. DSL, while
computationally intensive during training due to
unsupervised tasks, has a manageable complexity for
inference. Overall, distributed processing and hardware
acceleration mitigate the computational load, ensuring
scalability.

Moreover, the framework can improve diagnosis, report
generation, or treatment planning in a clinical setting. For
instance, in a large hospital, the integration of Retrieval-
Augmented Generation (RAG) and Dynamic Prompt
Learning (DPL) can help clinicians diagnose a rare
autoimmune disorder. By analyzing vast medical records
and retrieving the most relevant case data, the system
suggests potential diagnoses, reducing the time to
diagnosis compared to traditional methods. In a radiology
department, the DSL component can automate the
generation of reports from CT scans. In lung cancer case,
the framework can be able to generate a comprehensive
report in under five minutes, compared to the usual 15
minutes for manual processing, improving efficiency and
reducing human error in tumor size assessments.
Additionally, in a clinical trial for breast cancer treatment
planning, the framework analyzed patient data, including
genetic profiles and prior treatments, and recommended
personalized chemotherapy regimens. The framework’s
suggestions led to a improvement in treatment efficacy,
validated by follow-up patient results. These examples
highlight the practical benefits of the framework in
improving diagnostic accuracy, speeding up report
generation, and personalizing treatment plans,
demonstrating its real-world value in clinical settings.

Algorithm 1: DSL-RAG: Preference-Aware Retrieval-
Augmented Generation with Deep Self-Supervised
Learning

Input: Dataset D; Med-LVLM parameters ©; Preference
dataset D,,; Retriever R(-); Noisy function 7(-)
Output: Optimized Med-LVLM parameters ©*
Training Stage;
Initialize D, < 0;
for each (X®,v®,¢q®)eD do
xP « R(x©);
xP e« 3(x®);
it 2 (%, %0, x®) % v® and
M (xP,x®,Xx0) £ y® then
Select yy,;andyg;; ‘
D, <D, U (X(’),Xﬁl),yp,i,yd,i);
end
end
Self-Supervised Learning;
Initialize D,, < @;
for each (x¥,q¥) eD,, do
x9 < R(xD);
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xP < 3(x0);
Dy « Doy U (X9, 9, xP);
end
Optimization;
while not converged do
Sample batch B ~ D,
Sample batch B,, ~ D,,;

Compute £, = —éZi [1ogg> (y(i)
log P (yéi)|X(i),XT(i))];

1 ; |2
Compute L, ==Y, |X(1) —X(1)| ;
Update © « © —nVo(A,L, + AssLss);
end
Inference Stage;
for each test sample (X,q) do
Xy < R(X);
Y« MX, X,;0%;
end

X(i), Xr(i)) _

The framework’s computational efficiency is optimized
through a combination of dynamic prompt learning and
self-supervised learning techniques, which reduce the need
for extensive manual intervention during both training and
inference stages. Additionally, while the framework
performs well with moderate-sized datasets, we are
conducting further tests to evaluate its scalability when
applied to larger, real-world clinical datasets. Preliminary
results indicate that the system can handle high-volume
data processing with minimal latency by leveraging
parallel computing and efficient data indexing. However,
we recognize the need for more extensive evaluation in
clinical settings with large-scale data to assess hardware
requirements, system adaptability, and performance across
diverse applications, and we will include these insights in
the revised manuscript.

IVV. RESULT AND DISCUSSION

A. Experimental Environment

The experiments were conducted in a high-performance
computing environment equipped with NVIDIA A100
GPUs (80 GB memory) and a distributed training
architecture to ensure efficient processing of large-scale
medical datasets. The software stack included PyTorch for
deep learning model implementation and Hugging Face
Transformers for fine-tuning Multimodal Large Language
Models (MLLM). To handle the diverse formats of
medical data, additional libraries such as MONAI for
medical imaging and Scikit-learn for data preprocessing
were utilized. The Retrieval-Augmented Generation
(RAG) framework was supported by FAISS for efficient
similarity search and a secured knowledge base for
external data integration. All experiments adhered to data
privacy regulations, with synthetic datasets generated
when necessary to ensure compliance with medical data
security standards. Our experiments utilized three widely
recognized medical datasets: 1U-Xray (Indiana University
Chest X-ray Dataset), FairVLMed (Fair Vision-Language
Medicine), and MIMIC-CXR (Medical Information Mart
for Intensive Care Chest X-rays). The IU-Xray Dataset,
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sourced from Indiana University, contains chest X-ray
images paired with detailed radiology reports, featuring
thousands of multimodal samples supporting diagnostic
and report generation tasks. FairVLMed is a diverse
dataset designed for multimodal learning, including
medical images, structured data, and textual information,
with a focus on robustness and fairness in Al models.
Lastly, the MIMIC-CXR Dataset, a collaboration between
MIT and Beth Israel Deaconess Medical Center, includes
over 370,000 chest X-ray images and associated clinical
notes, offering extensive variability for disease detection,
classification, and diagnostic text generation. These
datasets ensured robust and comprehensive evaluations.

B. Experimental Data

® |U-Xray Dataset

The [I1U-Xray (Indiana University Chest X-ray
Dataset) [24] is a publicly available dataset widely used
in medical imaging research. It primarily includes chest X-
ray images paired with corresponding radiology reports.
This dataset provides multimodal data that supports
research in medical image diagnosis and report generation.
With its rich pathological descriptions and diagnostic
details, 1U-Xray is extensively utilized in tasks such as
medical Visual Question Answering (VQA) and
automated report generation.

® FairVLMed Dataset

FairVLMed [25] is a comprehensive dataset focused on
multimodal learning in medical Al, encompassing various
data forms such as medical images, text, and structured
data. Designed to promote research on fairness,
robustness, and diversity in medical Al, this dataset is
particularly suitable for complex tasks like medical
question answering, diagnostic analysis, and text
generation. Covering multiple medical fields, FairVLMed
serves as an ideal platform for addressing cross-modal
challenges.

® MIMIC-CXR Dataset

The MIMIC-CXR [26] (Medical Information Mart for
Intensive Care Chest X-rays) is a large-scale dataset of
chest X-rays developed in collaboration between the Beth
Israel Deaconess Medical Center and MIT. It contains
hundreds of thousands of chest X-ray images paired with
detailed radiology reports, making it one of the most
influential datasets in the medical imaging field. In
addition to images, MIMIC-CXR includes related clinical
information about patients, supporting a wide range of
tasks such as disease detection, image classification, and
diagnostic text generation.

Moreover, data is leveraged to implement the proposed
method with 3 steps:

1. Dataset Construction and Curation:

The datasets used in this study were sourced from
publicly available medical repositories, such as 1U-Xray,
FairVLMed, and MIMIC-CXR. To ensure high-quality
and reliable data, we applied rigorous filtering criteria,
including the removal of incomplete entries and low-
resolution images. We will revise the manuscript to
include a detailed description of these curation steps.

2. Preprocessing of Image and Text Data:
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Image data preprocessing involved resizing to a uniform
resolution, normalization to standardize pixel values, and
data augmentation techniques (e.g., rotation, flipping) to
enhance  generalizability. Text data  underwent
tokenization, stopword removal, and domain-specific
vocabulary augmentation to align with the medical
context. We will provide a clear, step-by-step explanation
of these preprocessing techniques in the revised
manuscript.

3. Challenges in Aligning Multimodal Data:

Aligning medical images with corresponding text posed
challenges, such as inconsistencies in annotation quality
and the need for temporal synchronization in longitudinal
datasets. To address this, we implemented a probabilistic
matching algorithm based on metadata (e.g., timestamps,
clinical notes) and conducted manual verification for a
subset of the data. These processes will be elaborated upon
in the revised text.

C. Evaluation Metrics
® Precision (P)

Precision measures the proportion of correctly predicted
positive samples to all samples predicted as positive. In
medical applications, this reflects the framework’s ability
to generate accurate diagnostic labels or relevant responses
without including irrelevant or incorrect information. The
formula is as follows:

TP

= 17)
TP +FP

TP : True positives (correctly identified findings or
answers). FP : False positives (incorrectly identified
findings or answers).

A high precision score is vital in medical scenarios
where false positives can lead to unnecessary tests,
treatments, or patient anxiety.

® Recall (R)

Recall quantifies the proportion of correctly predicted
positive samples out of all actual positive samples. In
medical contexts, it assesses the framework’s ability to
capture as many relevant findings as possible. The formula
is as follows:

TP

R= (18)
TP +FN

FN : False negatives (missed findings or incorrect
omissions).

Recall is especially critical in medical diagnostics,
where missed diagnoses (false negatives) can have severe
consequences for patient outcomes.

® F1-Score (F1)

F1-Score provides a harmonic mean of precision and
recall, balancing these two aspects in scenarios where there
is a trade-off. This metric is particularly relevant for
evaluating medical tasks like diagnostic classification or
report generation, where both precision (accuracy of
findings) and recall (completeness of findings) are equally
important.
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F1-2. PR
P+R

(19)

A high F1-Score indicates that the framework can
maintain a robust balance between precision and recall,
making it well-suited for complex multimodal tasks.

® Accuracy (Acc)

Accuracy measures the proportion of correctly
predicted samples out of the total number of samples. In
the context of this study, accuracy serves as a baseline
metric for assessing overall performance across various
datasets.

TP+TN

cc= (20)
TP+TN +FP+FN

TN True negatives (correctly rejected irrelevant findings).

D. Experimental Comparison and Analysis

The performance of the proposed MedRAG-LLM
framework was evaluated on three benchmark datasets,
IU-Xray, FairVLMed, and MIMIC-CXR, using standard
metrics of Precision (P), Recall (R), and F1-Score.

Table | presents the model performance on the 1U-Xray,
FairVLMed, and MIMIC-CXR datasets. MedRAG-LLM
consistently outperforms all baseline models, achieving
the highest F1-Scores on all three datasets: 91.4% on |U-
Xray, 92.2% on FairVLMed, and 90.8% on MIMIC-CXR.
These scores reflect an improvement of 3-4% over
Mixtral-8x7B, the best-performing baseline model. For
instance, on IU-Xray, MedRAG-LLM surpasses GPT-4 by
4.0% in F1-Score and Mixtral-8x7B by 3.5%, highlighting
its ability to effectively capture both the precision and
recall required for diagnostic tasks. Similarly, on
FairVLMed, the model achieves a 92.2% F1-Score,
compared to 88.5% from Mixtral-8x7B and 87.8% from
GPT-4, demonstrating its adaptability across diverse and
complex medical modalities. The MIMIC-CXR dataset
results further emphasize MedRAG-LLM’s scalability and
robustness. Achieving an F1-Score of 90.8, the framework
demonstrates its capability to handle large-scale datasets
with extensive variability. Compared to GPT-3.5-turbo,
which achieves an F1-Score of 82.0%, MedRAG-LLM
achieves a significant 8.8% improvement, showcasing the
effectiveness of integrating RAG to enhance the retrieval
and utilization of domain-specific knowledge. Fig. 5
provides a visual comparison of these results. The
proposed framework achieved high accuracy across
multiple datasets, with F1-Scores of 91.4% (IU-Xray),
92.2% (FairVLMed), and 90.8 (MIMIC-CXR). Evaluation
metrics included precision, recall, and F1-Score, with
precision reaching 92% on IU-Xray. Additionally, it
outperformed state-of-the-art models on reasoning
benchmarks, achieving 92.5% accuracy on MMLU-Med
(Medical Massive Multitask Language Understanding)
and 93.8% on MedQA-USMLE (Large-scale Open
Domain Question Answering Dataset from Medical
Exams).
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TABLE I. MODEL PERFORMANCE ON IU-XRAY, FAIRVLMED, AND MIMIC-CXR DATASETS

1U-Xray FairVLMed MIMIC-CXR
Models P R F1 P R F1 P R F1
GPT-3.5-turbo [27] 83% 81.5% 82.2% 84.5% 82.8% 83.6% 83% 81% 82%
LLaMA-2-7B [28] 85.2% 84% 84.6% 86% 84.5% 85.2% 84.5% 83% 83.8%
LLaMA-2-13B [29] 86.7% 85.3% 86% 87.5% 85.8% 86.6% 86% 84.5% 85.2%
GPT-4 [30] 88% 86.8% 87.4% 88.5% 87% 87.8% 87.2% 85.8% 86.5%
Mistral-7B [31] 87.2% 85.8% 86.5% 88% 86.3% 87.1% 86.8% 85% 85.9%
Mixtral-8x7B [32] 88.5% 87.3% 87.9% 89.2% 87.8% 88.5% 88% 86.5% 87.2%
MedRAG-LLM(ours) 92% 90.8% 91.4% 93% 91.5% 92.2% 91.5% 90.2% 90.8%
1U-Xray FairVLMed
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Fig. 5. Performance comparison on 1U-Xray, FairVLMed, and MIMIC-CXR datasets.

To further analyze the contributions of individual
components within MedRAG-LLM, an ablation study was
conducted.

Table Il details the ablation study, which highlights the
contributions of individual components within the
MedRAG-LLM  framework. Removing the DSL
component results in an average F1-Score drop of 3.0%—
4.0%, with the most significant impact observed in recall.
This decline underscores DSL’s critical role in learning

from unlabeled data, which is prevalent in medical
datasets. Similarly, removing the RAG mechanism
reduces precision by 3.7%-4.5%, as it limits the
framework’s ability to retrieve and incorporate relevant
external knowledge. The absence of Chain-of-Thought
(CoT) reasoning results in a smaller but consistent F1-
Score reduction of 1.5%-2.0%, demonstrating its
importance for logical reasoning in diagnostic tasks. Fig. 6
provides a visual comparison of these results.

TABLE Il. ABLATION STUDY ON IU-XRAY, FAIRVLMED, AND MIMIC-CXR DATASETS

1U-Xray FairVLMed MIMIC-CXR
Dataset
P R F1 P R F1 P R F1
MedRAG-LLM (ours) 92% 90.8% 91.4% 93% 91.5% 92.2% 91.5% 90.2% 90.8%
w/o DSL 89% 87.8% 88.4% 90% 88.5% 89.2% 88.8% 87.2% 88%
w/o RAG 88.5% 87% 87.7% 89.2% 87.5% 88.3% 88% 86.5% 87.2%
w/o CoT 90% 88.8% 89.4% 91% 89.5% 90.2% 89.8% 88% 88.9%
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Fig. 6. Ablation study results on IU-Xray, FairVLMed, and MIMIC-CXR datasets.

Evaluation on medical reasoning benchmarks, MMLU-
Med and MedQA-USMLE, further validates the
effectiveness of MedRAG-LLM.

The results of the medical reasoning benchmarks, as
shown in Table Il1, further validate the effectiveness of
MedRAG-LLM. On MMLU-Med, MedRAG-LLM
achieves an accuracy of 92.5%, while the best-performing
baseline, Mixtral-8x7B, achieves 79.0%. Similarly, on
MedQA-USMLE, MedRAG-LLM achieves an accuracy
of 93.8%, outperforming GPT-4 (79.5%) by a significant
margin. These results reflect the framework’s ability to
integrate domain knowledge effectively and reason about
complex medical questions with high accuracy. Fig. 7
provides a visual comparison of these results.

TABLE Ill. MMLU-MED AND MEDQA-USMLE EVALUATION

MMLU-Med MedQA-USMLE
Models - - verage
Setting Accuracy Setting Accuracy
GPT-3.5- ) 0 zero- 0 0

turbo [27] zero-shot 72% shot 74% 73%

LLaMA-2- ) o zero- o 0
7B [28] zero-shot 74% shot 75.5% 74.8%

LLaMA-2- . o zero- o 0
138 [29] zero-shot 76% shot 77.5% 76.8%
GPT-4[30] zero-shot  78% Zsirgt' 795%  78.8%

Mistral-7B ) o zero- o 0
[31] zero-shot T7% shot 78.5% 77.8%

Mixtral- o zero- o 0
8X7B [32] zero-shot 79% shot 80.5% 79.8%

MedRAG- ) o zero- 0 o
LLM (ours) zero-shot  92.5% shot 93.8% 93.2%
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Fig. 7. Comparison of accuracy across MMLU-Med and MedQA-
USMLE for different models.

In addition to surpassing traditional RAG and DSL
implementations, our framework introduces advancements
over emerging methods like Chain-of-Thought (CoT) and
ReAct, which emphasize reasoning and task-specific
operations. While CoT constructs structured reasoning
paths and ReAct integrates reasoning with task execution,
both lack the ability to dynamically adapt retrieval
processes or leverage unannotated data. Similarly, hybrid
RAG approaches enhance retrieval diversity but fall short
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in optimizing prompts or integrating self-supervised
learning. By combining domain-aware retrieval, adaptive
prompt learning, and DSL, our framework bridges these
gaps, offering superior adaptability, accuracy, and
reasoning capabilities, particularly in complex multimodal
medical applications.

Our framework prioritizes data security and privacy
through multiple mechanisms tailored for medical
applications. The domain-aware retrieval mechanism
operates within a secure environment, utilizing a layered
cross-chain architecture to ensure safe knowledge
integration without exposing sensitive data. Data remains
encrypted during processing, and synthetic datasets are
employed to adhere to privacy regulations when training
and testing. Additionally, the framework dynamically
filters and retrieves only relevant data, minimizing
unnecessary data access and reducing potential exposure.
By incorporating these measures alongside rigorous
compliance with medical data standards, our framework
ensures robust data security while maintaining high
performance and adaptability in medical scenarios.

The proposed framework addresses several critical
challenges in medical data analysis. One key issue is the
scarcity of labeled data, as annotating medical datasets
requires significant expertise and resources [33]. This
limitation hinders the training and generalization of
traditional models. The framework mitigates this through
DSL, which leverages unannotated data to learn intrinsic
features, improving adaptability and performance in data-
scarce scenarios [34]. Another challenge is ensuring
accuracy in medical diagnosis, where errors can have
severe consequences. The integration of Retrieval-
Augmented Generation (RAG) dynamically retrieves
relevant, domain-specific knowledge, enhancing factual
reliability and precision in diagnostic tasks while
minimizing inaccuracies [35].

V. CONCLUSION

This study introduces a novel framework, MedRAG-
LLM, integrating Retrieval-Augmented Generation
(RAG), dynamic prompt learning, and Deep Self-
Supervised Learning (DSL) to address the challenges of
multimodal medical data analysis and decision support.
The framework effectively combines external knowledge
retrieval, adaptive reasoning, and unsupervised feature
extraction to enhance the efficiency and accuracy of
medical image processing and diagnostic tasks. Extensive
experiments conducted on benchmark datasets (IU-Xray,
FairVLMed, and MIMIC-CXR) and reasoning
benchmarks (MMLU-Med and MedQA-USMLE)
demonstrate significant improvements over state-of-the-
art models, achieving up to 93.8% accuracy in reasoning
tasks. These results underline its potential for improving
diagnostic accuracy, automating report generation, and
enhancing clinical decision-making.

However, despite its strengths, the framework has
potential limitations. One limitation is the reliance on high-
quality, curated datasets, which may not always be
available in clinical environments, potentially affecting the
model’s generalizability to diverse patient populations.
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Additionally, while the framework demonstrates
promising results in controlled settings, its performance in
real-time clinical applications, such as emergency care or
resource-constrained environments, remains to be fully
evaluated. Future work will focus on improving the
framework’s robustness by incorporating more diverse
datasets, enhancing model adaptability to various clinical
scenarios, and optimizing real-time  processing
capabilities. We also plan to explore the integration of the
framework with other healthcare technologies, such as
Electronic Health Records (EHR) systems, to provide a
more holistic solution for healthcare providers. These
efforts aim to expand the framework’s applicability and
impact in real-world healthcare settings.
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