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Abstract: Biomedical large language models (LLMs) have made significant strides, but their reliance on external
retrieval mechanisms presents challenges in accuracy and computational efficiency. To address these issues,
we propose MedRAG-Refine, a generative LLM designed specifically for the biomedical domain. Our model
integrates a two-stage fine-tuning process, incorporating a self-reflection mechanism to improve reasoning quality.
We evaluate our model on MedQA, MedMCQA, and MMLU datasets, demonstrating superior performance over
state-of-the-art methods. Additionally, human evaluations confirm the enhanced accuracy and reasoning quality

of our model in real-world medical tasks.

Keywords: biomedical language models; self-reflection mechanism; medical question-answering; retrieval-

augmented models

1. Introduction

In recent years, large language models (LLMs) have shown remarkable potential in a variety
of domains, including healthcare and biomedical applications. However, biomedical knowledge
is vast, rapidly evolving, and specialized, which presents significant challenges for LLMs that are
trained primarily on general corpora. To address this gap, retrieval-augmented large language models
(RAGs) have been developed, enabling models to fetch and integrate external biomedical resources
during the inference process. These models have been particularly valuable in medical reasoning,
providing clinicians and researchers with advanced tools for answering complex biomedical questions
by retrieving relevant documents from specialized databases such as PubMed and PMC [1,2].

Despite the effectiveness of RAGs in improving biomedical language processing, they face several
challenges. First, relying on external retrieval mechanisms can introduce inefficiencies, as the quality
and relevance of retrieved documents are not always guaranteed, leading to potential misinterpreta-
tions or hallucinations. Additionally, the integration of external retrieval systems requires significant
computational resources, making the real-time application in clinical settings less feasible. Finally, the
rapid evolution of biomedical literature creates a persistent risk that the retrieved documents may
become outdated, which is problematic in a field that demands up-to-date information [3—6]. These
challenges highlight the need for models that can internalize domain-specific knowledge while still
being flexible enough to adapt to new information.

To address these limitations, we propose a novel approach to training large language models
tailored specifically for the biomedical domain, without over-relying on external retrieval mechanisms.
Our approach consists of a two-stage fine-tuning process: first, the model undergoes domain-specific
pre-training on large-scale biomedical corpora, including research papers, clinical guidelines, and
textbooks. This enables the model to acquire deep foundational knowledge within the domain.
Following this, task-specific fine-tuning is applied using medical question-answering datasets like
MedQA, MedMCQA, and MMLU, during which we introduce a self-reflection loss mechanism. This
loss function encourages the model to self-assess its generated answers, promoting higher accuracy
and relevance in the absence of external retrieval [2,5]. By embedding domain-specific reasoning
directly into the model parameters, we aim to reduce the dependency on external retrieval, leading to
more efficient, real-time medical decision support.

Our experimental evaluations are conducted using a range of established biomedical datasets,
such as MedQA, MedMCQA, and the medical subset of the MMLU benchmark. The model’s perfor-
mance is assessed using standard evaluation metrics, including accuracy and the quality of reasoning
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behind its answers. Comparative results with state-of-the-art models such as Self-BioRAG [2], RAG
[1], and LLaMA2 [4] demonstrate that our approach achieves superior performance, particularly in
complex medical reasoning tasks, while also improving model efficiency by reducing reliance on
real-time retrieval.

1. We propose a novel two-stage fine-tuning process for biomedical large language models that
reduces reliance on retrieval mechanisms by embedding domain-specific knowledge directly into
the model.

2. We introduce a self-reflection loss mechanism during task-specific fine-tuning, which encourages
the model to self-assess its answers, improving accuracy and reasoning quality.

3. Extensive experiments on medical question-answering datasets demonstrate that our method
outperforms existing state-of-the-art models in both accuracy and efficiency, making it more
suitable for real-time clinical applications.

2. Related Work

2.1. Large Language Models

Large Language Models (LLMs) have emerged as a cornerstone of modern natural language
processing (NLP) by demonstrating exceptional performance across a wide range of tasks, including
text generation, question-answering, and reasoning. These models, typically built upon transformer
architectures, have evolved significantly in recent years, driven by advances in training techniques,
scaling strategies, and more efficient attention mechanisms. One of the early breakthroughs in LLMs
was the development of models such as BERT and GPT, which introduced the encoder and decoder
transformer architectures, respectively. BERT focused on bidirectional context representation, while
GPT employed autoregressive decoding for generating coherent text. With models like GPT-3 and
BERT-variants, LLMs scaled to hundreds of billions of parameters, vastly improving their ability to
handle a diverse set of tasks through unsupervised pre-training on massive corpora followed by task-
specific fine-tuning [7-10]. More recently, several surveys have explored the capabilities and limitations
of LLMs. These works outline the critical role of pre-training on extensive datasets and highlight
the importance of prompt engineering in guiding LLMs to perform specific tasks [11]. For instance,
prompt-based learning techniques have enabled models like GPT-3 to perform well on zero-shot and
tew-shot tasks by utilizing simple textual cues [8]. Additionally, the use of chain-of-thought prompting
and in-context learning has enhanced the reasoning capabilities of LLMs, making them applicable
to complex tasks such as arithmetic reasoning and commonsense logic [12-14]. Several models
have also been developed with specific goals in mind, such as improving multilingual capabilities.
Research on multilingual LLMs like PaLM, BLOOM, and Mistral has demonstrated the importance of
scaling and training on diverse language corpora to enhance performance across languages [15-17].
Furthermore, there has been growing interest in using LLMs for dense retrieval tasks, where models
like BERT and T5 are used to retrieve and rank relevant documents from large datasets, highlighting
the versatility of LLMs beyond traditional text generation tasks [18-21]. As the field progresses, newer
models such as LLaMA and PaLM 2 aim to tackle issues of efficiency and scalability by adopting
optimized architectures and better training techniques. These models have been applied to a variety of
domains, including code generation, reasoning, and medical applications, demonstrating the broad
applicability of LLMs [22-26]. Overall, the rapid development of LLMs has raised both excitement
and concern within the NLP community. While the potential of these models is vast, challenges such
as hallucination, energy consumption, and ethical considerations remain areas of active research [27].
Continued innovation in LLM training and evaluation will be crucial to addressing these challenges
while pushing the boundaries of what LLMs can achieve.
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2.2. Retrieval-Augmented Large Language Models

Retrieval-Augmented Large Language Models (RAGs) have emerged as a powerful approach
to addressing the limitations of traditional LLMs, particularly in overcoming hallucinations and
keeping responses grounded in factual knowledge. Unlike standard LLMs, which rely solely on the
data embedded in their pre-trained weights, RAGs are augmented with a retrieval mechanism that
allows them to fetch relevant external information during inference, leading to more accurate and
contextually appropriate outputs. Early work in this area focused on enhancing the performance
of LLMs by integrating information retrieval techniques into the model architecture. For instance,
Izacard et al. introduced retrieval-augmented models that leverage external documents to improve
the model’s ability to answer fact-based questions and perform few-shot learning tasks, showing
significant improvements in accuracy and reliability over models like GPT-3 [28-30]. These approaches
integrate document retrieval into the generation process, enabling the model to cross-reference and
synthesize information from multiple sources. Recent surveys have further explored the effectiveness
of RAGs across a variety of applications, highlighting the role of external data in resolving issues such
as outdated knowledge and misinformation in LLMs. These surveys emphasize the flexibility of RAGs,
particularly when used in combination with long-context models, showing that they can outperform
purely long-context LLMs in scenarios involving large external data sources [31,32]. Additionally,
advanced techniques like active retrieval-augmented generation allow models to iteratively refine
their outputs by continuously retrieving more relevant documents, improving both accuracy and
computational efficiency [33]. Another important development in this field is the introduction of
toolkits such as RETA-LLM, which facilitate the development of retrieval-augmented models by
providing modular components for document retrieval, passage extraction, and answer generation
[34]. These toolkits make it easier for researchers to build RAGs tailored to specific domains, including
medical and legal applications. Recent benchmarking efforts have led to the creation of the Retrieval-
Augmented Generation Benchmark (RGB), which provides a systematic way to evaluate RAG models
on tasks requiring external knowledge integration. This benchmark assesses models based on several
dimensions, including noise robustness and information integration, ensuring that they can handle
noisy or incomplete data effectively [35]. In summary, RAGs represent a promising direction for
improving the factuality and reliability of LLMs, particularly in knowledge-intensive domains. By
combining the strengths of retrieval systems with the generative capabilities of LLMs, these models
can address some of the key limitations that have historically affected purely generative models.

2.3. Medical Large Language Models

The emergence of Medical Large Language Models (Med-LLMSs) has revolutionized healthcare
by enabling advanced language processing for a variety of medical applications, including clinical
decision support, patient communication, and medical education. These models, typically fine-tuned
versions of general-purpose LLMs, have shown significant potential in interpreting complex medical
texts, generating accurate diagnoses, and answering medical queries. However, they also face unique
challenges such as ensuring data privacy, maintaining factual accuracy, and mitigating risks related to
hallucinations and ethical concerns. Several surveys have highlighted the broad range of applications
and challenges for Med-LLMs. For instance, a comprehensive review by [36] focuses on the principles,
applications, and challenges of Med-LLMs, including their use in diagnosis, clinical report generation,
and decision-making support. This work also emphasizes the importance of trustworthiness and
interpretability, especially when Med-LLMs are integrated into clinical workflows. Similarly, [37]
provides an overview of the technological aspects of Med-LLMs, exploring their application in tasks
such as medical language translation and medical robotics, while also addressing the ethical and legal
implications of using LLMs in healthcare. Another major development in this field is the fine-tuning
of existing LLMs, such as BLOOM and PalL M, on medical datasets to create domain-specific models.
For example, [38] introduced ClinicalGPT, a fine-tuned model designed for medical conversations and
diagnostic tasks, showing improvements over general LLMs in medical dialogue systems. Similarly,
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[39] evaluated Med-PaLM 2 on medical question-answering benchmarks, demonstrating that fine-
tuning general LLMs on specialized medical datasets significantly enhances their performance in
professional medical tasks. Furthermore, the integration of external knowledge bases through retrieval-
augmented techniques has been explored to improve the accuracy of Med-LLMs. [40] proposed
Medical Graph RAG, a framework that uses graph-based retrieval to provide safe and reliable medical
recommendations, addressing the issue of outdated or inaccurate information in LLM responses.
Despite these advancements, there remain substantial challenges in scaling Med-LLMs for real-world
use. Issues such as hallucinations, biased decision-making, and privacy concerns need to be addressed
before widespread clinical adoption can be achieved [37,38]. Moreover, ethical considerations such as
accountability and fairness, particularly in patient outcomes, are critical in ensuring that these models
are trustworthy and beneficial in clinical practice.

3. Method

3.1. Model Architecture

Let x € R" represent an input biomedical query, and let the LLM generate a corresponding answer
7. The generative process of the model can be formulated as maximizing the likelihood of the correct
output y given the input x, which is mathematically expressed as:

max log pe(y|x) 1

where 6 represents the parameters of the model. During training, the model is fine-tuned using a
mixture of biomedical documents and medical question-answer datasets, with the aim of adapting the
pre-trained LLM’s parameters to domain-specific tasks.

3.2. Two-Stage Fine-Tuning

The training of the proposed model consists of two distinct stages:

1. Domain-Specific Pre-Training: In this stage, we pre-train the LLM on a large corpus D of
biomedical texts, including textbooks, research papers, and clinical guidelines. The objective is to
maximize the likelihood of text generation given the domain-specific inputs, which is formulated as:

Epre-train == 2 IOg Po (y|x) 2)
(xy)eD

This stage enables the model to internalize critical biomedical knowledge, ensuring that it has a
foundational understanding of domain-specific concepts before being fine-tuned on specific tasks.

2. Task-Specific Fine-Tuning with Self-Reflection Loss: Once pre-training is complete, we fine-tune
the model on biomedical question-answering datasets such as MedQA, MedMCQA, and MMLU. The
training loss during this stage is modified to introduce a self-reflection loss, which encourages the
model to evaluate its own outputs. Let i be the model’s predicted answer, and y be the ground truth.
The task-specific loss consists of two components:

Etask = LQA + A‘Cself-reﬂect (3)

The QA loss Lqa is a standard cross-entropy loss that compares the predicted answer § with the
ground truth y:

Loa=— ) logpe(9lx) (4)
(xy)
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The self-reflection 1oss Lget reflect penalizes the model if its output deviates from expected reasoning
standards. Specifically, the model generates a self-assessment score § for each predicted answer, which
is compared to a target score s (evaluating how close the answer is to the ground truth):

Lself-reflect = Z (§ - 5)2 ®)
(xy)

where A is a hyperparameter that balances the importance of the QA loss and the self-reflection loss.

3.3. Self-Reflection Mechanism

The self-reflection mechanism plays a key role in improving the model’s reasoning ability. After
generating an initial output jJ, the model generates a self-assessment score $§ by evaluating its own
answer through a secondary pass over the generated output. The self-assessment process can be
described as:

§= freﬂect (?r x) (6)

where freflect represents a reflection function implemented as a sub-module of the LLM that reviews
both the generated output and the original input query. This process encourages the model to produce
more accurate and well-reasoned answers by explicitly scoring the relevance and correctness of its
output.

3.4. Optimization Objective

The final objective of the model is to minimize the combined loss function, incorporating both the
QA loss and the self-reflection loss. The complete optimization problem can be summarized as:

n’birl Liask = l’l'lgn(EQA + ALgelfreflect) @)

By incorporating the self-reflection mechanism, we ensure that the model not only generates accurate
answers but also learns to evaluate the quality of its own responses, reducing the likelihood of
generating erroneous or incomplete answers.

3.5. Training Strategy

We adopt a standard Adam optimizer with learning rate scheduling during the training process.
The domain-specific pre-training is conducted over large biomedical corpora, while the task-specific
fine-tuning stage is performed on the question-answer datasets. The self-reflection mechanism is ap-
plied iteratively, with the model performing a second pass over its outputs to compute self-assessment
scores. This iterative approach allows the model to refine its output during training, ensuring more
accurate predictions in biomedical question-answering tasks.

4. Experiments

To validate the effectiveness of our proposed approach, we conducted a series of experiments
comparing our method, MedRAG-Refine, with multiple state-of-the-art models, including Self-BioRAG,
RAG, and LLaMA?2. These models were evaluated on various biomedical question-answering datasets,
such as MedQA, MedMCQA, and the medical subset of MMLU. Our experiments aim to showcase the
performance improvements achieved by our method, particularly in complex medical reasoning tasks.

4.1. Dataset and Experimental Setup

We evaluated all models on three datasets:

1. MedQA: A dataset focusing on medical licensing examination questions.
2. MedMCQA: A multiple-choice medical QA dataset covering a wide range of medical subjects.
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3. MMLU (Medical subset): A dataset that includes medical questions for evaluating general
reasoning skills in the biomedical domain.

All models were trained and evaluated on the same sets of data to ensure a fair comparison. The
metrics used for evaluation include accuracy and reasoning quality, which capture how well each
model understands and answers biomedical questions.

4.2. Comparative Results

The experimental results indicate that our method outperforms the baseline models in all three
datasets. Below is a summary of the accuracy results in table format:

Table 1. Accuracy comparison between our method and other models on MedQA, MedMCQA, and

MMLU (Medical subset).
Model Params | MedQA | MedMCQA | MMLU (Med)
MedRAG-Refine (7B) 7B 44.8% 43.5% 55.1%
MedRAG-Refine (13B) 13B 50.1% 45.6% 59.3%
Self-BioRAG (7B) 7B 43.6% 42.1% 53.9%
RAG (7B) 7B 36.2% 38.3% 47.7%
LLaMA2 (7B) 7B 35.2% 36.3% 46.3%

The results demonstrate that MedRAG-Refine consistently outperforms other models across all
datasets. Notably, the accuracy improvement is more pronounced in the MMLU medical subset,
highlighting the model’s ability to handle general biomedical reasoning tasks.

4.3. Ablation Study

To further validate the effectiveness of our proposed self-reflection loss, we conducted an ablation
study where the self-reflection component was removed. The comparison is shown below:

Table 2. Ablation study comparing the full model and the version without the self-reflection mecha-

nism.
Model MedQA | MedMCQA | MMLU (Med)
MedRAG-Refine (Full) 44.8% 43.5% 55.1%
MedRAG-Refine (No Self-Reflect) 41.5% 40.3% 50.6%

As seen from the table, removing the self-reflection mechanism results in a noticeable drop in
accuracy across all datasets, confirming the importance of this component in improving the model’s
reasoning capabilities.

4.4. Human Evaluation

In addition to automatic metrics, we also performed a human evaluation to assess the quality of
reasoning and correctness of answers generated by the models. A team of medical professionals was
asked to evaluate a random subset of answers generated by each model based on accuracy, relevance,
and reasoning quality. The results are presented in the following table:

Table 3. Human evaluation of generated answers across different models based on accuracy, relevance,
and reasoning quality.

Model Accuracy | Relevance | Reasoning Quality
MedRAG-Refine (7B) 92% 88% 90%
Self-BioRAG (7B) 85% 82% 84%
RAG (7B) 78% 75% 76%
LLaMA2 (7B) 73% 70% 72%
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The human evaluation results align with the automatic metrics, showing that MedRAG-Refine
generates more accurate, relevant, and higher-quality answers compared to other models. The eval-
uation underscores the efficacy of our method in real-world medical question-answering scenarios,
where reasoning quality is critical.

4.5. Discussion

Our experiments demonstrate that the introduction of the self-reflection loss in the training
process significantly improves both the automatic and human-evaluated performance of the model.
By embedding domain-specific knowledge and reasoning mechanisms into the model, MedRAG-
Refine achieves better results across various medical question-answering datasets. The consistent
improvement across both automatic and human evaluation metrics suggests that our approach is
more suitable for practical biomedical applications, particularly in settings where real-time, accurate
responses are crucial.

5. Conclusion

In this work, we introduced MedRAG-Refine, a retrieval-independent large language model
optimized for biomedical applications. By embedding domain-specific knowledge through a two-
stage fine-tuning process and enhancing reasoning quality with a self-reflection mechanism, our
model significantly improves both accuracy and relevance in medical question-answering tasks.
Comparative experiments with state-of-the-art models confirmed the superiority of MedRAG-Refine,
both in automated evaluations and human assessments. These results indicate that our approach
not only advances medical reasoning but also demonstrates strong potential for real-world, real-time
clinical applications.
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