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Abstract— Project Beyin presents a novel framework
that integrates multiple domain-specific Large
Language Models (LLMs) with an intelligent routing
mechanism. This paper introduces a reinforcement
learning-based dynamic query routing system
designed to address subject-specific queries with high
precision. We implement Parameter-Efficient Fine-
Tuning (PEFT) techniques, specifically Low-Rank
Adaptation (LoRA), alongside sophisticated retrieval
mechanisms to deliver factually grounded, context-
aware responses. Our methodology encompasses three
key components: (1) fine-tuning multiple LLMs for
targeted domains using specialized datasets, (2)
implementing an advanced Retrieval-Augmented
Generation (RAG) pipeline with embedding-based
retrieval and contextual re-ranking, and (3)
developing a Proximal Policy Optimization (PPO)
based routing system that dynamically directs
queries to the appropriate domain expert model.
Experimental results demonstrate that Beyin
effectively reduces hallucinations, enhances contextual
relevance, and scales efficiently across diverse
applications including healthcare, education, and
enterprise knowledge management. This research
addresses critical gaps in existing frameworks by
providing an integrated solution for domain-specific
Al challenges. Future work will focus on incorporating
real-time feedback mechanisms and expanding
multimodal integration capabilities.

Index Terms— Retrieval Augmented Generation
(RAG), Al Agents, Large Language Models (LLM),
Knowledge Graphs (KG)

I. INTRODUCTION

Advancements in artificial intelligence (Al)
have significantly transformed natural
language processing (NLP), with Large
Language Models (LLMs) and Retrieval-
Augmented Generation (RAG) pipelines at
the forefront. These technologies form the
backbone of various applications, including
conversational agents, automated content
generation, and domain- specific knowledge
systems, offering remarkable capabilities in

understanding and generating human- like
text.

A. Background on Large Language Models (LLMs)
LLMs are powerful deep learning models
designed to process and generate human
language. Built on transformer architectures,
these models leverage attention mechanisms
to capture the semantic and syntactic
intricacies of language, enabling tasks like
summarization, question answering, and
contextual text generation. Their
development has evolved from early rule-
based systems to neural network-based
transformers, with landmark models such as
BERT, GPT, and T5 shaping the field. By
training on extensive datasets comprising
billions or even trillions of tokens, LLMs
have achieved state-of-the-art performance
across diverse NLP tasks.

Despite their success, LLMs face inherent
limitations. Their reliance on static training
data restricts their ability to provide up-to-
date information or  domain-specific
knowledge. Moreover, their large size and
computational demands pose challenges for

efficient deployment in real-world
applications.
B. Background on Retrieval-Augmented

Generation (RAG)
RAG pipelines address these limitations by
combining retrieval-based techniques with
generative modeling. In a typical RAG
framework, relevant information is retrieved
from external knowledge bases, such as
databases or document repositories, and pro-
vided as context to an LLM for response
generation. This integration enhances factual
accuracy and relevance while maintaining
the fluency of generative models. RAG
pipelines are particularly beneficial in
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domains requiring up-to-date or highly
specialized information, such as medicine,
legal research, and technical support.

C. Motivation for Topic-Oriented Approaches
While LLMs and RAG pipelines offer
substantial potential, a key challenge lies in
tailoring these systems to address specific
topics effectively. Fine- tuning multiple
LLMs for domain-specific tasks, coupled with
intelligent query routing, provides an
opportunity to optimize performance and
resource utilization. The use of Al agents to
dynamically analyze user queries and select
the most appropriate model introduces an
additional layer of adaptability and
precision, ensuring responses are
contextually relevant and domain-
appropriate.

D. Research Gap

Existing studies on RAG pipelines and LLMs
have primarily focused on single-model
implementations, with limited exploration of
integrating multiple fine- tuned models
within a unified system. Additionally, there is
a lack of frameworks for Al-driven query
routing, which could leverage model diversity
to enhance the performance across
specialized domains.

Il. LITERATURE SURVEY

A. Fine-Tuning Methods for Large Language
Models (LLMs)

Fine-Tuning Methods for Large Language
Models (LLMs) refers to specialized
techniques used to adapt pre-trained language
models to specific tasks, do- mains, or
datasets. These methods involve updating the
model’s weights or utilizing additional
parameters based on a smaller, task-
specific dataset to improve performance on a
given objective while retaining the
knowledge learned during pre-training. Fine-
tuning can enhance model accuracy,
efficiency, and applicability for tasks such as
text classification, question answering, or
language translation. Popular fine-tuning
strategies include full fine-tuning, prompt
tuning, LoRA (Low-Rank Adaptation), and
prefix tuning.

Fine-tuning has become an essential
strategy for adapting large pre-trained
language models to specific domains or
tasks. Existing approaches range from
traditional fine-tuning techniques to more
advanced methods designed to address
challenges such as computational
inefficiency and overfitting.

Fine-tuning pre-trained LLMs is crucial for
adapting them to specific tasks or
domains, enhancing their performance and
applicability. Several approaches have been
developed, each with its strengths and
weaknesses. Table 1 provides a com- parison
of these fine-tuning methods.

1) Instruction Fine-Tuning

Instruction fine-tuning involves training models
using datasets that provide explicit task
instructions, improving the model’s ability to
interpret and adhere to human-provided
prompts. This technique has shown success in
tasks such as summarization and question
answering. [1][33]

2) Parameter-Efficient Fine-Tuning (PEFT) PEFT
methods, including Low-Rank Adaptation
(LoRA) and Prompt Tuning, aim to reduce
the computational burden of full model fine-
tuning. By updating only a subset of the
model’s parameters, these approaches allow for
efficient adaptation without requiring extensive
computational resources. [2]

3) Task-Specific and Domain-Specific Fine-
Tuning Tailoring models to excel in particular
tasks or domains involves using curated datasets
relevant to the specific area of interest. This
approach enhances the model’s performance on
specialized tasks but may lead to challenges
such as overfitting or catastrophic forgetting,
where the model loses its general-purpose
capabilities. [3]

4) Behavioral and Sequential Fine-Tuning
Behavioral fine-tuning incorporates real-
world user interaction data to improve
conversational capabilities. Sequential fine-
tuning adapts models incrementally across
related tasks, mitigating risks of catastrophic
forgetting while maintaining generalizability.

[4]

B. Retrieval-Augmented
Frame- works

Generation (RAG)
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RAG frameworks enhance the capabilities of LLMs
by integrating retrieval mechanisms that fetch
relevant information from external databases,
thereby grounding the generated responses in
factual and up-to-date knowledge. This approach
addresses challenges such as hallucination and
outdated information inherent in standalone LLMs.

[5]

The RAG process typically involves two stages:
retrieval and generation. In the retrieval stage,
relevant documents or knowledge shippets are
fetched based on the user’s query. In the generation
stage, the retrieved information guides the LLM to
produce coherent and contextually accurate
responses. This framework has been applied in
various domains, including question answering
systems and personalized education, by dynamically
incorporating external knowledge to enhance
response quality. [6]

C. Dynamic Query Routing

Dynamic query routing plays a critical role in the
effectiveness of multi-model Al systems by
ensuring that queries are directed to the most
appropriate  domain-specific models. Traditional
approaches primarily relied on rule-based
heuristics or domain classifiers. These methods,
while interpretable and straightforward, were
limited by their rigidity and in- ability to adapt to
unseen or ambiguous query patterns. To address
these limitations, researchers have increasingly
turned to reinforcement learning (RL), which
allows systems to learn optimal routing strategies
from interaction data. In such systems, query routing
is typically modeled as a Markov Decision Process
(MDP), where the state is derived from semantic
embeddings of the input query, the action
represents a choice among available models, and
the reward is

based on the correctness of the routing decision.
Early work in this field utilized Deep Q-Networks
(DQN) to map query features to routing
decisions.

TABLE I: COMPARISON OF FINE-TUNING METHODS FOR LLMs

Feature Instruction Fine- Parameter- Task- Behavioral and
Tuning Efficient Specific/Domain- Sequential Fine-Tuning
Fine-Tuning Specific Fine-
(PEFT) Tuning
Behavioral fine-
tuning
Reducing incorporates real-world
Training  models the Tailoring models | user interaction data to
using datasets | computational to excel in | improve conversational
Description with explicit task | burden of full | specific tasks or | capabilities. Sequential
instructions to | fine-tuning by | domains using | fine-tuning adapts
improve updating only a | curated datasets. models  incrementally
adherence to | subset of the across related tasks,
human prompts. model’s mitigating  risks  of
parameters. catastrophic forgetting
Examples: LoRA, while  maintaining
Prompt Tuning generalizability.
Improve the | Enable efficient | Enhance the | To improve
Goal model’s ability to | adaptation of | model’s conversational
understand  and | LLMs without ex- | performance  on | capabilities and reduce
follow tensive specialized tasks | catastrophic forgetting
instructions.[35] computational re- | within a specific | respectively
sources. do- main.
Success in tasks | Allows for Enhances the | Improved
Advantages like sumarization efficient model’s conversational
and question | adaptation performance  on | capabilities and
answering. without specialized tasks. prevention of
requiringextensive catastrophic forgetting.
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resources.

computational

Requires well-

May not achieve | May lead to

Requires real world

model to adhere | for a

to a particular
summarization limited data.
style.

Disadvantages | defined and | the same level of | overfitting user data to ensure
comprehensive accuracy as full | or catastrophic | relevance and
instruction fine-tuning in all | forgetting, where | accuracy.[33]
datasets. cases.[35] the model loses its

general-purpose

capabilities.
Training a | Fine-tuning a | Creating a | Adapting customer ser-
chatbot model for medical chat- vice bots to handle

Example to follow specific | code generation on | bot that | com- plex user

Applications dialogue guidelines | a low- resource | understands inquiries, or creating a
or a | device or adapting | medical series of educational
summarization a language model | terminology or a | modules.

specific | legal
writing style with

document
summarizer that is
familiar with legal
jargon.

While effective, these models often struggled with
stability and required substantial tuning. More
recently, policy gradient methods such as Proximal
Policy Optimization (PPO) have emerged as
superior alternatives due to their robustness and
efficiency in policy learning. These models
typically include a semantic embedding encoder—
often based on transformer architectures like BERT
or Sentence-BERT—to convert queries into
meaningful state representations, followed by a
policy network that outputs the probabilities for
each routing option.

Reward design in RL-based routers typically starts
with a simple binary reward (+1 for correct routing,
-1 otherwise), though more advanced systems
integrate soft reward mechanisms based on user
satisfaction scores or model performance metrics.
This flexibility allows RL agents to adapt to
complex, evolving rout- ing criteria over time,
making them especially suitable for dynamic
environments like retrieval-augmented generation
(RAG) frameworks, conversational assistants, and
intelligent tutoring systems.

Despite the advantages, RL-based routing systems
face several challenges, including sample
inefficiency, reward sparsity, and the computational
overhead of training in high-dimensional spaces.
Nevertheless, on- going advancements in model
architecture, reward engineering, and continual
learning strategies continue to improve the
practicality and performance of these systems.

D. Learning and Adaptation

Through machine learning techniques such as
reinforcement learning, Al agents refine their
performance over time. They utilize feedback from
users and system interactions to adjust their
strategies, maintaining relevance and accuracy in
dynamic environments. [8] Integrating Al agents
with fine-tuned LLMs and RAG frameworks
offers a robust solution for developing
personalized, context-aware Al systems. This
integration enhances the system’s ability to
manage domain-specific inquiries effectively,
providing users with accurate and relevant
information tailored to their specific needs.

I. METHADOLOGY

A. Overview of Fine-Tuning Multiple Large
Language Models (LLMs)

Fine-tuning multiple large language models (LLMs)
plays a crucial role in this research by enabling
the adaptation of pre-trained, general-purpose
models to specific domains. This process involved
selecting several state-of-the-art models, applying
various fine- tuning techniques, and integrating the
models into a Retrieval-Augmented Generation
(RAG) pipeline to achieve optimized performance
on topic-specific tasks. The chosen models include
GPT-4 for its broad NLP capabilities, LLaMA for
efficient language understanding, Mistral for
handling complex linguistic tasks, FLAN-T5 for
instruction-following tasks, and
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Cohere Command, which excels in semantic under-
standing for retrieval-based systems. These models
were fine-tuned on domain-specific datasets tailored
to fields such as biology, healthcare, and technical
support.[31]

Fine-tuning techniques included full fine-tuning,
which adjusts all parameters for maximum ac-
curacy; parameter-efficient fine-tuning (PEFT)
approaches such as LoRA and adapter-based tuning,
which reduce computational costs by updating
fewer parameters; instruction tuning, which
improves adapt- ability to tasks involving explicit
instructions; and supervised fine-tuning (SFT) using
labeled domain- specific datasets. To ensure task
relevance, custom datasets were curated and pre-
processed for each do- main. The biology dataset
was compiled from aca- demic journals, textbooks,
and FAQs, the healthcare dataset from medical
research and clinical guidelines, and the technical
dataset from troubleshooting guides and manuals.
The preprocessing steps included noise removal,
tokenization, and formatting of the data for fine-
tuning frameworks ([1], [5]).

B. Role and Architecture of Al Agents in Topic-
Oriented Approaches:

1) Role of Dynamic Query Routing:
In multi-model Al systems like Beyin, where
multiple fine-tuned models specialize in dis-
tinct domains such as healthcare, education,
and general knowledge, effective query routing
is essential to ensure the relevance, accuracy,
and efficiency of generated responses.
Traditional static routing methods based on
keyword matching or rule-based logic often fall
short when handling complex or ambiguous
queries that span multiple domains.
Dynamic Query Routing, empowered by
Reinforcement Learning (RL), offers a data-
driven, adaptive solution. Instead of relying on
predefined rules, the system learns to route
queries through trial and feedback. By
modeling the routing process as a sequential
decision-making problem, the RL-based router
can adapt to do- main shifts, improve over
time, and generalize to unseen query types.
This routing strategy ensures that each user
query is directed to the model most capable of
producing contextually appropriate and high-
quality responses.

2) Architecture of the RL-Based Routing System

The architecture for dynamic query routing
using RL consists of the following key
components:

a) Query Embedding Module:

The system begins by semantically encoding
the incoming query using Sentence-BERT (all-
MiniLM-L6-v2), producing a dense vector
representation. This embedding captures the
query’s intent, context, and domain-specific
signals, forming the state input for the RL
agent.

b) Custom Gymnasium Environment;

A simulated environment is built using the
Gymnasium framework, where the agent inter-
acts with the query routing task. The
environment is defined by:

State: Query embeddings representing the
semantic state.

Action Space: Discrete set of available models
(e.g., Medical, Educational, General).

Reward Function:

— +1 for correct routing (i.e., selected model
generates the most relevant answer)

— [~1] for incorrect routing.

This setup allows the RL agent to learn optimal

routing behavior via trial-and-error interaction

3) Feedback Loop and Continual Learning To
enhance adaptability, the system incorporates a
feedback loop wherein the outcome of each
query resolution is logged. The feedback (e.g.,
user rating, model confidence, or correctness
label) is used to retrain or fine-tune the RL pol-
icy periodically. This ensures the router
remains robust against changing query
distributions or evolving domain needs.

4) Policy Learning with Proximal Policy
Optimization (PPO) The core learning
mechanism is implemented using the Proximal
Policy Optimization (PPO) algorithm. PPO is
chosen for its stability and sample efficiency
in continuous action environments. The policy
network takes the query embedding as input
and outputs a probability distribution over the
action space (i.e., models). The agent selects
the model with the highest expected return.

Mathematically, The policy network outputs
probabilities for selecting each model:
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ma(als) = P(a| s:6)

The goal is to optimize the policy using the
PPO objective, which incorporates a clipped
surrogate loss to constrain large policy updates:

, . £ i . . b
L¢P g = E, min'r, (@A ¢, clip(r;(@),1 —€,1+ €A,

where r; (6) is the probability ratio between the
new and old paolicy, A" is the estimated ad-
vantage, and € is a hyperparameter (commonly
0.1-0.2).

C. Retrieval-Augmented

Pipeline
The integration of fine-tuned large language mod-
els (LLMs) into a Retrieval Augmented Generation
(RAG) framework is central to this research, allow-
ing the generation of responses grounded in factual
data through advanced retrieval mechanisms.
Retrieval plays a crucial role in ensuring that the
generated outputs are accurate and contextually
relevant. Several

Generation (RAG)

Dynamic Query Routing: Reinforcement Learning Architecture
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Fig. 1. Architecture of Dynamic Query routing

retrieval techniques are used including embedding-
based retrieval, where semantic similarity searches
identify relevant content by comparing query and
document embeddings. Hybrid search, which com-
bines  keyword-based and embedding-based
retrieval, enhances accuracy by leveraging both
approaches. Additionally, contextual re-ranking is
used to prioritize high-quality results by assessing
their relevance within the given context ([5]).

Once the relevant content is retrieved, it is fed into
fine-tuned LLMs alongside user queries to ensure
that the generated outputs are factually grounded
and con- textually appropriate. Fine-tuned models
are specifically tailored to different domains, such
as healthcare and technical support, to improve their
performance in providing domain-specific insights.

By deploying models fine-tuned in task-relevant
datasets, the system ensures that responses are not
only accurate, but also highly relevant to the
specific needs of the user ([1]).

To ensure continuous improvement in the quality of
the retrieval and response, a feedback loop is
implemented. Al agents monitor user interactions
and performance metrics, enabling iterative
refinement of both retrieval mechanisms and model
outputs. This feedback-driven approach allows the
system to learn from user behavior and improve
over time, ensuring that the RAG framework
remains effective in delivering accurate and high-
quality responses across various applications ([1],

[5]).

D. Evaluation Metrics

The performance of the proposed system was
evaluated using the following metrics:

Accuracy: Comparison of outputs with ground truth
data. ¢ Relevance: Contextual alignment of the
content retrieved and generated.

User Satisfaction: Feedback from end users on the
system’s utility and responsiveness ([1], [5]).

IV. WORK DONE AND RESULTS ANALYSIS

A. Fine Tuning using LoRA

Fine-tuning TinyLlama (1.1B) or any transformer-
based language model follows the principles of
Gradient Descent, Backpropagation, and Loss
Optimization.

1) Preliminaries: Transformer Model Basics
TinyL- lama is a decoder-only Transformer
model.

A Transformer processes token sequences X = (X, X,

..., X) and learns to predict the next token y given

previous tokens.

2) Tokenization and Embedding Layer:
Each token x is mapped to an embedding vector
E(x) ¢
hD = E(X[) + PI
where:

+ E(xr) is the token embedding.
+ P is the positional encoding.

3) Self-Attention Mechanism;
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The multi-head attention mechanism learns token de-
pendencies. It computes:

Q=XWo, K=XWk, V=XWy
. oK’
Attention(Q, K, V) = softmax —~f— V
di

where:

- QK,V are the query, key, and value matrices
Wo, Wk, Wy are learnable weight matrices
- dx is the dimension of the key vectors

The self-attention output is:

X
Hymm = Attention,(Q, K,V )Wp

=1
where H is the number of attention heads.
4)  Feedforward Network: Each token
representation passes through a feedforward
network (FFN):
FF N (x) =max(0, XW1 +b1)W2 +b2

where:

W1, W2 and b1, b2 are learnable
parameters.
5) Causal Language Modeling (CLM)

Objective TinyL- lama is trained using Causal
Language Modeling (CLM), which maximizes the
likelihood of predicting the next token:

X
L=~ logP(ytly<::0)

t=1
where:
- P(ytly<s:;6) is the model’s predicted probability
for token ;.
- Brepresents model parameters.
Using Cross-Entropy Loss:

X XK
L=— wevlog Ve

=1v=1
where:

- yuv is 1 if the ground truth token is v, else 0.
- ¥visthe predicted probability.

6) LoRA (Low-Rank Adaptation) for Fine-Tuning: LoRA
fine-tuning modifies only low-rank weight matrices
in attention layers, reducing trainable parameters.
Instead of modifying full weights 1/, LoRA updates:

AW = AB

where:

. AERI BeRr<d,
. r < d (low-rank adaptation).
The updated weights are:

W =W+AW

7

—

Backpropagation and Gradient Descent: During train-
ing, we compute gradients of the loss L w.r.t. model
parameters:|[30]

6((+1) _ 9(:) _ nng

where:

. n is the learning rate,
Vel is the gradient of the loss.
Using AdamW Optimizer, we update weights with
momentum and weight decay:

my = Bimy-1 + (1 - Big
ve =Bavi-1+ (1 —P)g?

6 = 6;

where:

- my, v are moving averages of gradients.

Pre-training Fine-tuning Specialized Task
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Fig. 2. Process of Fine-Tuning
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B. Fine-Tuning using RAG

The workflow was initiated with the acquisition and
preprocessing of a domain-specific dataset, namely
the BioASQ.org file, which comprises biomedical
questions and their corresponding contextual
snippets. Each question contains a list of textual
snippets manually annotated as relevant to the
query. These snippets formed the basis for our
retrieval corpus.

To transform the raw text data into a format
amenable to semantic similarity search, we
employed the all-MiniLM-L6-v2  Sentence
Transformer model [32], a pre-trained language
model known for its efficiency and competitive
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semantic representation capabilities. This model
encoded each snippet into a 384- dimensional dense
vector, thereby mapping textual data into a
continuous vector space where semantically similar
texts reside in close proximity. The resultant
embeddings were converted to 32-bit floating point
format (float32) to ensure compatibility with the
FAISS indexing library used in subsequent stages.
For indexing and retrieval, we utilized FAISS (Face-
book Al Similarity Search), an efficient similarity
search library capable of handling large-scale vector
data. Specifically, the IndexFlatL2 index was
chosen

to facilitate retrieval based on the L2 (Euclidean)
distance metric, which is commonly used in
semantic search tasks. The embeddings of all
snippets were added to the FAISS index, enabling
fast approximate nearest-neighbor search.

Upon receiving a user query, our system encodes
the query into its corresponding vector
representation using the same Sentence Transformer
model. This vector is then used to query the FAISS
index to retrieve the top-k most semantically similar
snippets from the indexed corpus. These snippets
serve as a contextual foundation for generating the
final answer, effectively augmenting the query with
relevant knowledge. The final step involves the
integration of an advanced generative language
model to synthesize the answer. We utilized Claude
API to access the Ilama3- 8b-8192 model, a variant
of the LLaMA-3 architecture fine-tuned for open-
domain generation. The retrieved snippets and the
original query were composed into a structured
prompt that instructed the model to generate
answers based strictly on the provided context. A
system-level prompt was also included to guide the
model toward generating responses from the
perspective of a medical expert.

1) Embedding Mapping Function

Given a sentence s S, the embedding function f is:

fIS—>Rd

where d =384 for al1-MiniLM-L&-v2.
2) Similarity Function (Euclidean Distance)
For query vector e R9 and snippet vector §; € Rd.
- S u
D(g.51)=Iq —Fillz2= - (g7 — sij)?
j=1
FAISS uses this to find nearest vectors.
3) RAG Prompt Composition
A
ik |
Prompt(q,{s;}kr_:;) = Template )
i=1s;i, q

C. Dynamic Query Retrieval

Purpose and Functionality:

The retrieval module performs two primary
functions:

a) Semantic embedding of queries and

documents, transforming them into  high-
dimensional vectors;

b) Similarity search over a pre-indexed vector
database to retrieve top-k relevant results (e.g.,
model descriptors, knowledge chunks, or training
feedback samples).

2) Query Embedding We use a sentence transformer
model, specifically all-MiniLM-L6-v2, to generate
vector embeddings for all queries:

q = r(g),qR"

where:

- f is the Sentence-BERT encoder,

- q is the input query,

. q is the resulting embedding vector,

. d=384 (embedding dimensionality for MiniLM).
3) Retrieval via Cosine Similarity:

Given a query vector q and a set of docu-

ment/model/domain vectors d 1 d2 ,...dn ,

we compute cosine similarity:[34]

. d
sim(q,d ) 45
llgll - fld; 1l
This metric returns a score in [-1, 1], where values

closer to 1 indicate higher semantic alignment. The
top-k most similar vectors are selected:

TopK(q) = argmax sim(q,d;)
ie{l,...n}
Hybrid Retrieval: In some configurations, a hybrid
search may be employed combining cosine

similarity with BM25 (lexical matching):
Score(g, d) = a - BM25(g, d) + (1 — @) - sim(g, d)

where a 40, 1] is a tunable hyperparameter. This
approach balances semantic matching with token-
level relevance.

5) Re-ranking and Relevance Filtering After retrieval,
a lightweight re-ranking model or rule-based filter

can re-score the top-k results using domain-specific
context or attention models:

ReRank(d) ContextMatch(q,d) ConfidenceScore(d )
i = i+ i

This ensures robustness in ambiguous or borderline
queries and allows dynamic relevance enhancement.

TABLE I: COMPARISON OF DIFFERENT
METHODS

Method Routing | Training | Inference

Accuracy| Overhead| Latency
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Rule-based 78% N/A 0.5ms
Embedding 83% Medium | 1.2ms
Similarity

Decision Tree 85% Low 0.8ms
RL-based 92% High 1.0ms
(Ours)

V. CONCLUSIONS

The landscape of fine-tuning Large Language
Models, RAG frameworks, and Al agent systems
reflects the ongoing evolution of natural language
processing technologies. While fine-tuning enables
domain adaptation, RAG frameworks enhance
relevance by integrating external knowledge. Al
agents further amplify these capabilities by
orchestrating dynamic and context-aware query
routing, ensuring that the most appropriate tools are
used for each task. Together, these innovations are
reshaping the way Al systems tackle complex topic-
specific challenges.
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