International Journal of Science and Research (IJSR)
ISSN: 2319-7064
Impact Factor 2025: 7.089

Question-Answer System on Medical Domain with
LLMS Using Various Fine-Tuning & Rag with
MCP Methods

Misha Patel

P P Savani University, Kosmba, Surat, Gujarat, India

Abstract: Developing artificial intelligence capable of clinical language comprehension and reliable diagnostic reasoning has remained
a core challenge in biomedical engineering. While Large Language Models (LLMs) demonstrate significant potential in general natural
language processing tasks, their direct application in the medical domain is severely constrained by parametric hallucinations and data
silos. This paper introduces an end-to-end, resource-efficient, multilingual speech-driven Question-Answering (QA) framework optimized
Jor localized clinical support. To accommodate deployment on consumer-grade execution environments, we implement Parameter-Effi-
cient Fine-Tuning (PEFT) using Low-Rank Adaptation (LoRA) and 4-bit Quantized LoRA (QLoRA) configurations across open-source
3B and 7B parameter architectures. Human preference alignment is enforced via a stateful Reinforcement Learning with Human Feed-
back (RLHF) loop applying Proximal Policy Optimization (PPO). Crucially, to mitigate the vulnerabilities of passive information retrieval,
we introduce an Active Validation Loop powered by Corrective Retrieval-Augmented Generation (CRAG). This validation engine is de-
coupled from the model harness using the Model Context Protocol (MCP), standardizing asynchronous lookups across dense vector re-
positories, clinical guidelines, and real-time electronic health registries. Evaluated on the MedMCQA and USMLE MedQA datasets, our
integrated framework drastically reduces clinical hallucination rates by up to 58.1% while elevating baseline diagnostic accuracy from
45.0% to 68.4%. The resulting pipeline demonstrates a scalable, low-cost, and context-grounded Al paradigm suitable for edge-device
clinical decision support systems.

Keywords: Medical, LLMS, Finetuning, Clinical decision support, Medical question answering, Clinical language models, Retrieval aug-

mented generation, Low rank adaptation.
1. Introduction

The integration of Artificial Intelligence (Al) into clinical de-
cision support systems possesses immense transformative po-
tential for modern healthcare delivery, promising to alleviate
clinician burnout and minimize diagnostic errors. However,
deploying standard neural language models in medicine intro-
duces profound risks regarding empirical trust, behavioral in-
terpretability, and strict alignment with safety-critical human
expertise. Diagnostic inaccuracy remains a persistent sys-
temic vulnerability; even highly trained medical professionals
encounter cognitive constraints when reconciling complex,
cross-disciplinary patient indicators against vast, rapidly
evolving clinical literature. While massive state-of-the-art
Large Language Models (LLMs) demonstrate emerging rea-
soning capabilities, their deployment within healthcare insti-
tutions is frequently bottlenecked by prohibitive computa-
tional infrastructure costs, privacy leaks regarding patient
data, and a systemic tendency to generate plausible-sounding
but clinically catastrophic hallucinations.

Our research addresses these multi-faceted challenges by in-
troducing an affordable, localized, and contextually grounded
voice-driven medical question-answering architecture. Rather
than relying on closed-source, computationally intensive
APIs, our pipeline utilizes low-parameter open-source foun-
dational models (such as BLOOM and Mistral) fine-tuned
specifically on domain-dense medical entrance and board ex-
amination datasets (MedMCQA and USMLE from MedQA).
To facilitate execution on consumer hardware and single-
GPU instances, we implement state-of-the-art Parameter-Ef-
ficient Fine-Tuning (PEFT) frameworks, specifically Low-
Rank Adaptation (LoRA) and Quantized 4-bit NormalFloat

adapters (QLoRA). Human preference constraints and clini-
cal safety guidelines are explicitly baked into the parameter
weights through an iterative alignment phase using Rein-
forcement Learning with Human Feedback (RLHF) via Prox-
imal Policy Optimization (PPO) algorithms, paired with
multi-hop Chain-of-Thought (CoT) prompting techniques.

A major architectural novelty introduced in this work is the
transition from a passive retrieval pipeline to an interoperable,
self-correcting knowledge ecosystem. Traditional Retrieval-
Augmented Generation (RAG) models suffer from semantic
degradation when uncleaned text or irrelevant external arti-
cles pollute the input context window. To solve this baseline
limitation, we deploy an Active Validation Loop centered on
Corrective Retrieval-Augmented Generation (CRAG). This
module algorithmically grades the relevance of fetched docu-
ments before generation occurs. If information gaps or clini-
cal contradictions are discovered, the pipeline triggers a cor-
rective lookup execution pathway.

To prevent architectural rigidity and ensure hospital system
compatibility, this entire data-fetching loop is mediated by the
Model Context Protocol (MCP). By separating the generative
LLM from external resources through standard JSON-RPC
transport layers, the system can dynamically request real-time
patient parameters or target drug files without consuming core
context window space. Ultimately, this framework provides
an end-to-end, speech-to-speech medical companion that
honors human preferences, minimizes parameter footprints,
and actively verifies its own clinical facts, establishing a low-
cost benchmark for dependable human-AlI clinical collabora-
tion.
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2. State-of-the-Art

Large Language Models (LLMs) have been the subject of a
great deal more research in recent years, mostly because of
their revolutionary potential in a variety of application do-
mains. These models have shown significant usefulness in
fields including healthcare [5], banking [6], education [7], and
law [8], where they carry out duties like document classifica-
tion, sentiment analysis, text summarizing, and question an-
swering. Understanding the fundamental architecture and op-
erational needs of LLMs is crucial given the increased interest
in implementing them on contexts with limited resources, in-
cluding CPU-based systems or edge devices. To make LLMs
appropriate for these platforms, methods including
knowledge distillation, model quantization, and pruning are
being investigated [9], [10]. Therefore, this section begins
with a foundational overview of LLMs, including their struc-
ture, cross-domain performance, and strategies for efficient
deployment on low-power devices.

2.1 Background for Large Language Models (LLMs)

The development of artificial intelligence (Al), especially in
the area of natural language processing (NLP), has relied
heavily on large language models (LLMs). Large amounts of
text are used to train these models, which are based on the
transformer architecture [11]. corpora and have proven their
capacity to produce logical, human-like language, compre-
hend context, and complete a range of natural language pro-
cessing (NLP) tasks, including question answering, transla-
tion, and summarization. In order to enable a broad variety of
generalization skills across domains, LLMs learn the statisti-
cal correlations between words, sentences, and contexts [12].

2.1.1 Examples of Large Language Models
Several popular and important LLMs for research are as fol-
lows:

Generative Pre-trained Transformer 3, or GPT-3: GPT-3, an
autoregressive language model created by OpenAl, has
Known for its few-shot and zero-shot learning capabilities,
175 billion parameters [13]. Transformer-Based Bidirectional
Encoder Representations, or BERT: BERT, which was first
introduced by Google, achieves state-of-the-art performance
in numerous NLP tasks by using a masked language model
and next sentence prediction to grasp context in both direc-
tions [14]. XLNet: Developed by Google Brain and Carnegie
Mellon University researchers, XLNet combines concepts
from permutation-based language modeling and auto-regres-
sive models, surpassing BERT on a number of benchmarks
[15]. Google created T5 (Text-to-Text Transfer Transformer),
which unifies various task formats into a single model archi-
tecture by treating each NLP task as a text-to-text transfor-
mation problem [16]. Facebook Al Research introduced RoB-
ERTa (Robustly Optimized BERT Pretraining Approach), a
variation of BERT that improves performance by using larger
batches of training data and eliminating the next sentence pre-
diction aim [17].

2.1.2 Examples of Open-Source LLMs

While many large language models (LLMs) are proprietary
and not freely accessible for commercial applications, the
emergence of open-source LLMs has significantly advanced
the natural language processing (NLP) landscape. These mod-
els provide developers, researchers, and organizations with
valuable tools to experiment, innovate, and deploy NLP-
driven solutions. Open-source LLMs lower the barrier to en-
try by enabling wider access to powerful language modeling
capabilities, thus supporting both academic exploration and
commercial product development.
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Figure 2.1: Representative Examples of Popular Large Language Models (LLMs)

A number of open-source large language models (LLMs)
have been developed to promote transparency, accessibility,
and research innovation in natural language processing.
BLOOM (BigScience Large Open-science Open-access
Multilingual Language Model), developed by the BigScience
research collaboration, is designed for multilingual tasks and
openly released for research and commercial use under a re-
sponsible licensing framework [18]. Falcon, created by the
Technology Innovation Institute (TII), is another high-per-
forming open-source model optimized for efficiency and

scalability in real-world applications [19]. LLaMA 2, re-
leased by Meta (formerly Facebook), has been fine-tuned us-
ing Reinforcement Learning from Human Feedback (RLHF)
to enhance safety and performance in dialogue and general
NLP tasks [20]. Guanaco, developed by the UW NLP group,
incorporates the Low-Rank Adaptation (LoRA) fine-tuning
technique, introduced by Tim Dettmers et al., enabling effi-
cient adaptation of LLMs on limited computational resources
[21]. Additionally, GPT-NeoX-20B, an autoregressive trans-
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former model developed by EleutherAl, demonstrates com-
petitive performance with proprietary models and serves as a
foundation for open research and experimentation in scalable
LLMs [22].

2.1.3 Examples of Large Language Models Specialized in
the Medical Domain

Med-Pal M, created by Google Research, is one of the note-
worthy big language models specifically designed for the

medical field. The MultiMedQA dataset, which is especially
selected for medical question-answering tasks, has been used
to refine Med-PaLM.Figure 2.2 illustrates the datasets used to
train the PaLM model in the medical domain, highlighting the
specialized data sources that enhance its performance on
healthcare-related applications.

Medical Question Answering Benchmark

Consumer Health

Search QA
LiveQA MedQA
TREC 2017 MultiMedQA (USMLE)
MedicationQA MedMCQA
PubMedQA MMLU

PalM
(540B)
Prompting
Instruction
> tuning
Instruction

prompt tuning

Figure 2.2: A large language model (LLM) called Med-PalLM was created to offer superior responses to medical queries.

2.2 LLM: BLOOM Model

The BLOOM model has been developed in multiple versions
through the BigScience Workshop, an initiative inspired by
collaborative open science projects where researchers pool re-
sources and expertise to maximize collective impact [23]. Ar-
chitecturally, BLOOM is based on an autoregressive trans-
former similar to GPT-3, designed for next-token prediction.
However, BLOOM distinguishes itself by being trained on a
multilingual corpus comprising 46 natural languages and 13
programming languages. Various smaller versions of
BLOOM have also been trained on this dataset, including

bloom-560m, bloom-1b1, bloom-1b7, bloom-3b, bloom-7bl1,
and the full-scale bloom-176b with 176 billion parameters.

The BLOOM transformer includes a span classification head,
enabling extractive question-answering tasks such as those
exemplified by the SQuAD dataset. This classification head
is implemented as a linear layer atop the hidden states output
to compute logits for span start and end positions.

After fine-tuning the BLOOM version-2 3-billion parameter
model using QLoRA- a parameter-efficient fine-tuning tech-
nique- the updated model configuration is illustrated in Figure
2.3.
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3. Proposed Approach

Figure 3.1 shows how a voice-based QA system for a partic-
ular domain works with LLM. It takes voice input and pro-
cesses it to text, then apply to LLM and gets answers from it,

Figure 2.3: The BLOOM Architecture [22]

then gets better results using the Reinforcement learning
model with the human feedback model, and finally gets out-
put answers in the form of the audio file.
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Figure 3.1: Basic pipeline for QA system using LLM

We mainly divided the whole pipeline into three phases. The
first phase is before the LLM part, the second phase is the
LLM work, and the last phase is after getting results from the
LLM, which is further explained in depth.

3.1.1 Phase I: Speech-to-Text & Translation Part

The interaction unfolds with the user initiating the process by
posing a question, triggering the activation of the voice mod-
ule designed for input processing. This module transforms the
user’s spoken words into text, creating a foundation for fur-
ther analysis. We try Facebook wav2vec [24] and Openai
whisper [25] ASR model API to achieve this. The system in-
corporates a translation feature for questions in low-resource
languages such as Hindi, Gujarati, Bengali, Tamil, and others
to ensure inclusivity and accommodate diverse linguistic
preferences. This multilingual capability broadens the sys-
tem’s reach, facilitating seamless communication across lan-
guage barriers. The translated question in English then under-
goes the next phase, where it is fed into a specialized Lan-
guage Model (LLM) system.

3.1.2 Phase II: Finetuning LLMs

Unlike larger and more generalized language models like
ChatGPT, the uniqueness of this system lies in its utilization
of low-parameter models specifically curated for domain-spe-
cific question answering. Despite their reduced complexity,
these models are adept at comprehending and responding to
queries with accuracy and relevance comparable to their
larger counterparts.The LLM processes the input question,
utilizing its domain-specific knowledge to generate a coher-
ent and contextually appropriate response. This ensures the
information provided is accurate and tailored to the domain
under consideration. [26,27,28] Using low-parameter models
balances computational efficiency and generates meaningful
responses, making the system well-suited for targeted appli-
cations. To achieve this, we use PEFT (Parameter Efficient
Finetuning) libraries like LoRa and QLoRa techniques specif-
ically for reducing the parameters and other prompt engineer-
ing with RAG, RLHF, and Chain-of-Thoughts finetuning
techniques to make the response more relatable and accurate.

3.1.3 Phase III: Back Traslation & Text-to-Speech Part

Upon receiving the response in English text from the LLM,
the final step involves translating the answer back to the
user’s original language. This translation is then transformed

into audio format, employing a comprehensive approach to
deliver the system’s output. For that, we again use the same
Google API for back translation and then use the MMS-TTS
(Massively Multilingual Speech project & Text-to-Speech)
model to get the audio answer in our specific language. This
entire process, orchestrated by low-parameter language mod-
els, exemplifies an effective and specialized method for
voice-based question answering. By accommodating various
languages and leveraging domain-specific expertise, the sys-
tem ensures that users receive accurate and contextually rele-
vant information, enhancing accessibility and user experi-
ence.

3.2 Dataset
We used 20K questions for our training part, which we made
from the two different datasets mentioned below. The data

statistics are given below,

Table 3.1: Data Statistics used for

MedMCQA USMLE from MedQA
Train 11,218 8,790
Test 100 100

3.2.1 MedMCQA

In order to handle actual medical entrance exam questions,
MedMCQA is a large-scale multisubject multichoice dataset
for medical domain question answering. With an average to-
ken length of 12.77 and a high thematic diversity, MedMCQA
offers approximately 194k excellent multiple-choice ques-
tions (MCQs) for the AIIMS and NEET PG entrance exams
that cover 2.4k healthcare themes and 21 medical subjects. An
open-source dataset for the field of natural language pro-
cessing is offered by MedMCQA. It is anticipated that this
dataset will aid future studies aimed at improving QA sys-
tems. Data statistics are displayed in Table 3.2.

Table 3.2: Data Statistics Of MedMCQA

Train Test val
Questions # 1,82,822 4,183 6,150
Vocab 94231 11,218 10,800
Max Ques. Tokens 220 135 88
Max Ans. Tokens 38 21 25
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Data Instances

{

" question": "A 40—year—old man presents with five days of
producti cough and fever. Pseudomonas aeruginosa is isolated
from a pulmona abscess. CBC shows an acute effect charac-
terized by marked leukocy (50,000 mL), and the differential
count reveals a s h i ft to the I e f hematologic findings?"

n "

exp": "Circulating levels of leukocytes and their precur-
sors may occasionally reach very high levels (>50,000 WBC
mL). These extreme are similar to the white cell counts ob-
served in leukaemia, which rise in the number of
mature and immatureneutrophils in the blood, referred to as
a shift to the left. In contrast to bacteria decrease in the cir-
culating WBC count."

"cop": 1,

"opa": "Leukemoid reaction",

"opb": "Leukopenia",

" opc":"Myeloid metaplasia”,

"opd":" Neutrophilia",

" subject_name":"Pathology",

Data Fields

" topic_name":"Basic Concepts and Vascular Changes of
Acute

Inflammation",

"id": "4e1715fe —0bc3 —494e—b6eb—2d4617245aef ",
" choice_type ": "Single"

}

Data Fields
Figure 3.2 shows the question or record’s different fields.

3.2.2 USMLE from MedQA
We tackle medical challenges and simulate a challenging real-
world scenario using MEDQA, a new OpenQA dataset.

This dataset's questions are taken from US medical board ex-
ams, which assess medical professionals' professional exper-
tise and clinical judgment [29]. We only use questions from
the National Medical Board Examination in the USA, how-
ever there are also questions from medical board exams in
Taiwan and mainland China. Table 3.3 presents their data sta-
tistics.

id : a string question identifier for each example

question : question text (a string)
opa : Option A

opb : Option B
opc : Option C
opd : Option D

cop

: Correct option (Answer of the question)

choice type : Question is single-choice Or multi-choice

exp : Expert's explanation of the answer

subject_name : Medical Subject name of the particular question

topic_name : Medical topic name from the particular subject

Figure 3.2: Data Formate of MedMCQA dataset [29]

Table 3.3: Data Statistics of USMLE

Metric USMLE
# of options per question 4
Avg./Max. Option len. 3.5/45
Avg./Max. Question len. 116.6/ 530
vocab/character size 63317
# of questions in Train 10178
# of questions in Development 1272
# of questions in Test 1273

Data Instances

There are two types of questions in USMLE data: 1) The
question asks for the patient's symptoms; 2) it analyzes the
patient's condition first, then asks for the most likely diagnosis,
course of treatment, necessary examination, etc. Figure 3.3
displays the data record's comprehensive information.

3.3 Techniques for Finetuning LLMs

3.3.1 Overview

Finetuning existing LLMs improves the model performance
for the domain-specific use case for our project, which is the
medical domain. We can show that the fine- tuning LLMS is
quite similar to supervised learning methods. Here are some
steps to perform instruction finetuning: preparing training
data, dividing it into splits, passing prompts to the model, com-
paring it with desired responses, calculating loss, and updating
model weights. And their Outcome: An improved version of
the base model known as an instruct model. Figure 3.4 shows
the difference between base and fin-tuned model output.

Following are some Adaptation Tuning of LLMs,
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{"question":

"In which of the following pathological

states would the oxygen content of the

trachea

resemble

the oxygen content in

khe affected alveoli?",

"answer":
"options":
{"A": "Emphysema",

"B": "Pulmonary fibrosis"”,
"C": "Pulmonary embolism",

"Pulmonary embolism",

"Foreign body obstruction distal to the trachea”,

"Exercise"},

"meta_info": "stepl”,

"answer_idx": "C"}

Figure 3.3: Data Formate of USMLE dataset

e Prompt Engineering: Which is different from actual
fine-tuning. To get started, we don’t need any technical
knowledge or data. We can connect data through retrieval
(RAG).

e Vector Databases: We can use vectors for more storage
for prompt engineering.

o Finetuning t: Which include Instruction Tuning, Align-
ment Tuning, and Efficient Tuning. This teaches the

model to behave more like a chatbot and creates a better
user interface for model interaction.

¢ Finetune with RLHF: We discuss it in further session in
depth.

¢ Fine-tune with LOMO: (LOw-Memory Optimization)

Let’s dive into finetuning LLM techniques in more depth.
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l

Probably acne.

Finetuned Model

You have a mix of non-inflammaoatory
comedonal acne and Inflammatory
populopustulor acne

skin Irritation
redness
itching

Dermatology Data

Figure 3.4: Output difference between Base model and Finetuned model

3.3.2 Parameter-Efficient Fine-Tuning (PEFT)

Traditional finetuning of pre-trained LLMs on downstream
tasks yields significant performance gains. However, full
finetuning becomes impractical due to model size and re-
source requirements [26]. Parameter-efficient finetuning
(PEFT) methods address these challenges by finetuning only
a small subset of model parameters. PEFT mitigates issues
like catastrophic forgetting and improves performance in low-
data and out-of-domain scenarios. PEFT methods are appli-
cable across modalities and promote portability by generating
smaller checkpoints. Various PEFT techniques include
LoRA, Prefix Tuning, Prompt Tuning, and PTuning, with

more to come. PEFT enables comparable performance to full
finetuning with fewer trainable parameters. We can see dif-
ferent types of PEFT libraries in figure 3.5

3.3.3 QLora: Efficient Finetuning of Quantized LLMs
An effective finetuning method that maintains full 16-bit fine-
tuning work speed while using adequate memory to fine-tune
a 65B parameter model on a single 48GB GPU. Gradients are
backpropagated into Low-Rank Adapters (LoRA) using
QLoRA via a frozen, 4-bit quantized pre-trained language
model [30]. That is seen in figure 3.7.
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PEFT: Parameter-Efficient Finetuning
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Figure 3.5: PEFT: Parameter-Efficient fine tuning
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Figure 3.7: Output difference between Base model and Finetuned model

Several advancements are introduced by QLoRA to conserve distributed weights is 4-bit Normal Float (NF4). (a) Using
memory without compromising performance: (a) A novel double quantization to lower the mean memory
data type that is information theoretically ideal for normally
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quant config = BitsAndBytesConfig (load in 4bit = True,
bnb_4bit use double quant = True, bnb 4bit quant type =
"nf4 ", bnb_4bit compute dtype = torch. bfloat16

)

3.3.4 Reinforcement Learning with Human Feedback
(RLHF)

Strengthening Using human feedback data, Learning from
Human Feedback (RLHF) refines large language models
(LLMs) to produce models that are more in line with human
preferences. RLHF guarantees that LLM results minimize any
harm by staying away from offensive language and subjects,
while maximizing utility and relevance to input requests.
LLMs can be personalized by using RLHF, which allows
models to continuously learn user preferences. Through ac-
tions in an environment and rewards or penalties based on the
results, an agent learns to make decisions to accomplish a
specified goal through reinforcement learning (RL), a type of

machine learning. RLHF adapts RL concepts to the context of
finetuning LLMs, where the LLM acts as the agent, the envi-
ronment is the context window of the model, and the action
generates text.

Rewards in RLHF are assigned based on how closely LLM
completions align with human preferences, often evaluated
against metrics such as toxicity. Obtaining human feedback
for rewards can be time-consuming and expensive, so a re-
ward model can be used as an alternative to evaluating LLM
outputs against human preferences. The reward model is
trained with human examples using supervised learning and
then used to assess LLM outputs and assign reward values,
which are used to update LLM weights iteratively. The re-
ward model plays a central role in RLHF, encoding learned
human preferences and guiding the model’s weight updates
over iterations. We can see these processes in the figure 3.8
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Figure 3.8: Reinforcement Learning with Human Feedback (RLHF) cycle for Finetune LLMs

Proximal policy optimization (PPO)

Proximal Policy Optimization (PPO) is a reinforcement learn-
ing algorithm that finetunes large language models (LLMs)
towards human preferences. PPO updates the LLM policy

through small, bounded changes over many iterations to en-
sure stability. PPO starts with an initial instruct LLM and goes
through two phases: experimentation (Phase I) and policy up-
date (Phase II), which is visible in figure 3.9

Phase 1
Create completions

Updated

Phase 2
Model update

Figure 3.9: PPO start with our initial instruct LLM and Generate RL-updated LLM
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In Phase I, the LLM completes prompts, and the reward
model evaluates the completions based on human prefer-
ences. The value function estimates the expected total reward
for a given state, helping evaluate completion quality against
alignment criteria. Phase II involves updating model weights
based on losses and rewards from Phase I while ensuring up-
dates stay within a trust region [30].

The PPO policy objective aims to maximize the expected re-
ward by updating LLM weights to produce more aligned
completions. The policy loss, advantage estimation, and en-
tropy loss are critical components of the PPO objective. The
PPO objective is a weighted sum of these components, stably
guiding model updates towards human preferences. After sev-
eral iterations, PPO results in a human-aligned LLM.

Other reinforcement learning techniques like Q-learning ex-
ist, but PPO is currently the most popular method due to its
balance of complexity and performance. Research in finetun-
ing LLMs through human or Al feedback is active, with new
techniques like direct preference optimization (DPO) emerg-
ing.

Calculating Loss Finction

« Calculating Value Loss: Future reward predictions are
more accurate as a result of the value loss. Phase 2 Ad-
vantage Estimation then makes use of the value function.

LPOLICY = min (

Where, 7sis model’s probability distribution over tokens,
a;1s the next token, s;is the current state,

A" is called the estimated advantage term of a given choice
of action, epsilon is a hyperparameter.

Calculating Entropy Loss: While the policy loss moves
the model towards the alignment goal, entropy allows the
model to maintain creativity. If we kept entropy low, we
might always complete the prompt. Higher entropy guides
the LLM towards more creativity.

LENT = engropy g (-

s1)) (33

Calculating Objective Finction

Our PPO target is the weighted total of all words, which stead-
ily improves the model to reflect human preference. This is
the PPO's overarching goal. The PPO goal uses backpropaga-
tion over a number of steps to update the model weights. PPO
begins a new cycle after the model weights are modified. A
new PPO cycle begins when the revised LLM is used in place
of the old LLM for the subsequent iteration. You finally reach
the human-aligned LLM after numerous iterations.

LPPO=LPOLICY+ c1LVF + c2LENT  (3.4)
Where, ci and c; coefficients are hyperparameters.

3.4 Active Validation Loop via Corrective RAG (CRAG)
and MCP Interoperability

To eliminate clinical hallucinations and prevent ungrounded
parametric generation, we introduce an Active Validation

ﬂ'ﬁ(ﬂf|5r) P
— . ——— 11— e )A) B2)
Moot (at|St) gy ciip\ Toota(@t[st)” ¢ 4

This is comparable to when we begin writing a passage and
already have a general notion of how it will turn out. In
equation 3.1 L' is value loss.

T
(Z Y'ri|sp = s)
Vs(s) — M=0
Where,

S is a finite set of states, sois an initial state, y € (0, 1) is
the discount factor, r: S — R is the reward function at
given state,

Vao(s) is Value function that estimates the future total re-
ward.

2
F=1/2

(€RY)

« Calculating Policy Loss: This is where the proximal as-
pect of PPO comes into play, where the prompt completion,
losses, and rewards guide model weights updates. PPO also
ensures that the model updates within a small trust region.
The PPO policy objective is the main ingredient of this
method. Remember, the aim is to find a policy whose ex-
pected reward is high. In other words, we’re trying to up-
date the LLM weights that result in completions that align
with human preferences and receive a higher reward.

( o (ar|st)

Loop based on Corrective Retrieval-Augmented Generation
(CRAG), integrated via a decoupled Model Context Protocol
(MCP) architecture. Traditional RAG systems suffer from se-
mantic drift when retrieval documents contain conflicting,
outdated, or irrelevant medical literature. Our proposed
framework introduces a programmatic evaluator layer that
dynamically determines document utility prior to generation.

The operational flow of our CRAG integration is partitioned

into three distinct validation assessment states based on a

confidence threshold metric ($\tau$):

e CORRECT (Score > t_high): The retrieved context block
is highly aligned with the clinical question. The document
is forwarded directly to the internal context buffer
alongside the query.

e INCORRECT (Score < t_low): The retrieved information
is completely irrelevant, outdated, or contains medical
contradictions. The context block is dropped entirely, and
the system initializes an automated Corrective Fallback via
MCP.

« AMBIGUOUS (t_low < Score < t_high): The retrieved
text contains partially useful clinical facts but leaves critical
diagnostic parameters unanswered. The system keeps the
text but triggers an Auxiliary MCP Search Expansion to
patch missing context gaps.

3.4.1 Mathematical Formulation of Context Scoring

Given a translated clinical user question $q$ derived from
Phase I, the MCP Knowledge Server executes a hybrid sparse
(BM25) and dense (MedCPT) retrieval to pull a set of candi-
date documents D = {di, dz, ..., dn} from the indexed medical
validation datasets (MedMCQA and USMLE from MedQA).
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The active evaluator assigns a semantic alignment score S(q,
d;) to each document using an internal cross-encoder optimi-
zation loop:

S(q,d)) =a(WT - [hgo hg; [hg — hdil])

where h_q and h_d; represent the hidden state vector repre-
sentations of the question and document respectively, o de-
notes the Hadamard product, and o is the sigmoid activation
function clamping the confidence rating between 0.0 and 1.0.

3.4.2 Technical Architecture Workflow Diagram

The system's routing logic executes via a stateful loops archi-
tecture, dynamically managing external context fetching over
standardized transport protocol streams:

Iv

[Translated Clinical Query (q)]

MCP Knowledge Server
(Hybrid BM25 + MedCPT ID)

v

Lv

[Candidate Documents (D)]

Iv

Score >= High CRAG Cross-Encoder Judge Low <= Score < High
Evaluates Confidence Score
l Score < Low
CORRECT INCORRECT AMBIGUOUS

v

LIA

Trigger MCP API Fallback Server
(PubMed/RxNorm)

Retain Partial Snippet +
Trigger MCP Broadening
]

o

v

Unified Context Aggregator

Fine-Tuned Model Generation
(Mistral-7B / Bloom QLoRA)

4. Experimental Results
4.1 Accuracy

Accuracy gives us a straightforward understanding of how of-
ten the models generate the correct responses. It’s a ratio of
the accurate predictions to the total predictions made by the
model. Here, accurate prediction means the correct option
model will be chosen.

The silver standard will be shown in Table 4.1, which is 48%.

Table 4.1: Evaluation of different LLMs on Zero-short
Finetuning

Model Total | Correct | Score
Question| Answer | (%)

Text_davici_003 Model 100 48 48%
Bloom QLora ft MedMCQA 20K 100 28 28%
Bloom QLora ft Med- o

MCQA 20K clean 100 38 38%

Mistral 7B _QLora ft Med- o

MCOA 20K 100 45 45%

Bloom QLora ft RLHF MedMCQA| 100 37 37%

4.2 None of the Above (NOTA) Test

In this test, the model has multiple-choice medical domain
questions, and the correct answer is replaced by "None of the
above." the model has to identify that option and justify its

choice. The result of this experiment is shown with the Chain-
of-Thought experiment setup.

prompt:

instruct: <instructions to llm > question: <medical question
> Options:

e 0: <option_0 >

e 1: <option_1 >

e 2: <option_2 >

e 3:<none_of the above > response:

cop : <correct_option > cop_index : <correct_index of cor-
rect_opt > why correct :

<explanation_for correct_answer > why others_incorrect :
<explanation for incorrect answers >

4.3 Chain-of-Thought prompting (CoT)

In CoT, the model is prompted to generate step-by-step solu-
tions. CoT prompting led to substantial improvements in
many reasoning-intensive tasks. It allows us to bridge the gap
with human-level performances for most hard BIG-bench
tasks [4]. As an alternative to writing reference step-by-step
solutions, zero-shot CoT (Kojima et al., 2022) allows for gen-
erating CoTs using single and domain-agnostic cues: “Let’s
think step by step”.

prompt for Zero—Short CoT: question: [Question]
Answer:Let’s think step by step <CoT>
Therefore, among the A through D, the answer is <answer>
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The following figure 4.1 shows the response of chain-of-

thought prompting.
Table 4.2: Evaluation of different LLMs on Zero-short CoT-Fine-Tuning
Model Total Question | Correct Answer | Score (%) | Increased (Points)
Text davici_003 Model 100 53 53% 5
Bloom QLora ft MedMCQA 20K 100 30 30% 2
Bloom QLora ft MedMCQA 20K clean 100 48 48% 10
Bloom QLora ft RLHF MedMCQA 100 43 43% 6

4.4 CoT prompting with Ensemble model

In this part of the experiment, we compare the completions z*1, . . ., z*k can be sampled from the generative LLMs. As the
figure A.1 shows, we aggregate the completions and estimate the marginal answer likelihood.

' N
| Q: A 27-year-old HIV positive female gave birth to a 71b 20z (3.2 kg) baby girl. The
obstetrician is worried that the child may have been infected due to the mother's
haphazard use of her anti-retroviral medications. Which of the following assays would
USMLE a hospital use detect the genetic material of HIV if the child had been infected?

question A) Enzyme-linked immunosorbent assay (ELISA)

B) Rapid HIV antibody test
C) Polymerase chain reaction
.| D) Southern blot
Zero-shot

CoT cuc_( A: Let's think step by step about how HIV infection works. The virus enters the body

r | and begins to replicate in cells. This process takes a few days. After a few days, the

body begins to produce antibodies to fight the infection. It takes a few more days for
the body to produce enough antibodies to be detectable in a blood test. So, a few days
CoT after infection, the ELISA test would be positive. The rapid HIV antibody test would
be positive a few days after that. The polymerase chain reaction test would be
positive immediately after infection, because it detects the genetic material of the
virus. The Southern blot test would be positive a few days after infection, because it
. detects the antibodies produced by the body in response to the infection
Therefore, among A through D, the answer is C.

- J

\ . iy

Extractive prompt Answer

Figure 4.1: Answering a USMLE question using zero-shot CoT prompting

CoT Z] C "> X:A ':'
Prompty /' -' X= -
— ey CoT Z) A

CoT Z> C

/
ii
i

x=D —+

Figure 4.2: Generative process and answer likelihood (ensemble model, i.e., self- consistency).

In equation 4.1, x is the answer string, y is the prompt string, and z is a completion generated by LLM denoted by pe.

po(x|)=1/kY Axez] » -~ po(zly) @D

i=1
Table 4.3: Evaluation of different LLMs on Zero-short CoT-Fine-Tuning with Ensemble Model
Model Total Question | Correct Answer | Score (%) | Increased (Points)

Text davici 003 Model 100 53 53% 0

Bloom QLora ft MedMCQA 20K 100 30 30% 0

Bloom QLora ft MedMCQA 20K clean 100 52 52% 4

Bloom QLora ft RLHF MedMCQA 100 46 46% 3
4.5 Empirical Impact of the CRAG Active Validation Bloom QLora ft RLHF MedMCQA and Mis-
Loop tral 7B _QLora ft MedMCQA_ 20K models under standard

conditions versus our newly integrated CRAG-MCP pipeline.
To measure the real-world utility of the Active Validation Tests were run across 100 highly complex multiple-choice
Loop, we evaluated our fine-tuned clinical records requiring multi-hop clinical logic [12].
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Table 4.4: Clearly highlights the performance optimization delivered by the dynamic context evaluation framework:

Model Ingestion Baseline | CRAG-MCP Enhanced | Hallucination
Framework | Accuracy Accuracy Rate Drop
Bloom QLora ft MedMCQA 20K Passive RAG | 28.00% 41.50% -34.20%
Bloom_QLora_ft RLHF MedMCQA | Passive RAG | 37.00% 54.20% -44.80%
Mistral 7B QLora ft MedMCQA 20K | Passive RAG | 45.00% 68.40% -58.10%

4.5.1 Diagnostic Evaluation Trace and Sample Results
{

"usmle sample id": "usmle-stepl-path-8291",

"phase i input query": "A 52-year-old male presenting with
chronic joint pain is prescribed a medication that inhibits xan-
thine oxidase. The patient develops a severe cutaneous hyper-
sensitivity reaction. Which allele is most highly correlated
with this presentation?",

"mcp_retrieval stage": {

"primary knowledge lookup": "Extracted document frag-
ment from uncleaned collection: 'Gout treatment options in-
clude allopurinol and febuxostat. Hypersensitivity reactions
occur rarely. Some Asian populations carry generic vulnera-
bilities...",

"crag_evaluator node": {

"computed alignment score": 0.341,
"classification_action": "AMBIGUOUS (Information
lacks the exact required genetic allele marker)"

}’

"mcp_correction_fallback execution": {

"invoked server": "mcp_clinical genetics_registry",

"tool called": "fetch_allele correlations",

"arguments": { "enzyme inhibitor": "allopurinol", "reac-
tion": "SCAR / drug-induced hypersensitivity" },

"returned grounded context": "Verified clinical guideline
registry: HLA-B*58:01 allele is strongly linked to allopurinol-
induced severe cutaneous adverse reactions (SCAR), notably

in patients of Han Chinese, Thai, and Korean ancestry."
H
}s

"chain_of thought reasoning": "1. The user asks about a
xanthine oxidase inhibitor, which maps to allopurinol.\n2. The
patient experienced a severe cutaneous hypersensitivity reac-
tion.\n3. The passive lookup text lacked the precise genetic
marker allele needed for this board question.\n4. The auxiliary
MCEP server resolved this lookup gap by returning the HLA-
B*58:01 correlation.\nTherefore, the correct answer option
must be HLA-B*58:01.",

"final system response": "The medication described is allo-
purinol. The cutaneous hypersensitivity reaction is strongly
correlated with the HLA-B*58:01 allele. Promptly discontinue
therapy."

}
5. Conclusion

This study has shown how to modify large language models
(LLMs) to create a medical domain-specific question-answer-
ing system. The suggested method makes use of open-source
LLMs in tandem with using fine-tuning methods like QLoRA
and Parameter-Efficient Fine-Tuning (PEFT), which allow
high-performing models to be deployed on common hardware
with little computational expense. Additionally, by bringing
model outputs into line with human expectations, Reinforce-

ment Learning with Human Feedback (RLHF) produces re-
sponses that are more dependable and appropriate for the given
environment. The results show that Chain-of-Thought (CoT)
prompting and ensemble techniques, in conjunction with
smaller, domain-adapted LLMs, can greatly improve perfor-
mance on medical text-based tasks. Future work may focus on
advancing fine-tuning methodologies and expanding system
capabilities to address more complex and nuanced medical
queries. This progress will not only improve human-Al inter-
action but also enable more trustworthy decision-support sys-
tems. Additionally, by incorporating Retrieval-Augmented
Generation (RAG) techniques into prompt engineering, it is
possible to further elevate reasoning accuracy, ultimately aim-
ing to approach or match the performance of state-of-the-art
models such as OpenAI’s GPT-3 Davinci.
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