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Abstract

Large Language Models (LLMs) have demonstrated significant capabilities in
automating tasks such as code generation, documentation, and completion. How-
ever, their static pre-training paradigm limits their adaptability to domain-specific
contexts and dynamic, evolving datasets. In this work, we present bRAG AI, a
Retrieval-Augmented Generation (RAG) framework fine-tuned using parameter-
efficient methods for domain-specific applications. Building upon Code Llama, we
employed Low-Rank Adaptation (LoRA) and Quantization-aware LoRA (QLoRA)
techniques to fine-tune the model on a curated dataset comprising the top 25 repos-
itories from Hugging Face’s GitHub organization. These repositories provided a
rich source of structured and unstructured code-based knowledge. By integrating
a RAG pipeline, we enable real-time semantic retrieval from multi-format data
sources, such as academic papers, GitHub repositories, and multimedia transcripts.
Our results indicate that bRAG AI outperforms baseline models in tasks requiring
contextual understanding, achieving significant improvements in retrieval accuracy
and domain-specific adaptability while maintaining computational efficiency. The
proposed framework highlights the potential of combining efficient fine-tuning
techniques with dynamic retrieval to create robust, scalable LLM systems.

1 Introduction

Over the past several years, Large Language Models (LLMs) have transformed a wide range of text-
based applications, from natural language understanding to automated content generation [4, 17]. In
software engineering domains, specialized LLMs such as CodeLlama have demonstrated remarkable
capabilities in code generation, documentation, and completion [19]. Code Llama [18] provides an
open-source, high-performance foundation for code generation tasks, forming the basis for various
extensions, including our fine-tuning experiments with RAG. Yet, existing code-centric LLMs often
rely on a static pre-training paradigm, which makes it challenging for them to adapt to rapidly
changing codebases, evolving software frameworks, and continuously updated documentation.

As software ecosystems grow and diversify, domain-specific knowledge becomes critical. Dependen-
cies among libraries shift, new frameworks emerge, and best practices evolve, placing a premium on
LLMs that can integrate and reason over ever-expanding, heterogeneous information sources [5, 8].
While continued fine-tuning on domain data is a straightforward approach, it can be computationally
expensive, prone to catastrophic forgetting, and slow to incorporate new information from multiple
modalities or formats [10].
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Retrieval-Augmented Generation (RAG) frameworks have emerged as an effective method to close
this gap. By coupling a pretrained LLM with a retrieval component, RAG systems can dynami-
cally fetch relevant context from external knowledge bases—ranging from GitHub repositories and
API documentation to academic papers and multimedia transcripts [13, 16]. Yet, existing RAG
approaches often treat the retrieval pipeline and model adaptation as isolated components, lacking
robust mechanisms for efficient fine-tuning and seamless integration of domain-specific knowledge
into the generation pipeline.

This paper introduces bRAG AI, a novel RAG framework designed to improve domain-specific
adaptability and continuous knowledge integration for code-centric tasks. We build upon Code Llama
as the foundation, leveraging its inherent strengths in code understanding [19]. To adapt efficiently,
we employ parameter-efficient fine-tuning methods—specifically Low-Rank Adaptation (LoRA) and
Quantization-aware LoRA (QLoRA)—applied to a curated dataset extracted from the top 25 Hugging
Face GitHub repositories [9]. These repositories, containing code snippets, documentation, and issue
discussions, serve as a rich substrate of structured and unstructured software engineering knowledge.

Our key contributions are:

• Parameter-Efficient Domain Adaptation: We show how LoRA and QLoRA can enable
cost-effective and flexible fine-tuning of Code Llama, ensuring rapid incorporation of
domain-specific patterns and terminologies without sacrificing model efficiency [8].

• Dynamic Multi-Source Retrieval: We integrate a dynamic retrieval pipeline that draws
relevant context from academic publications, GitHub repositories, and multimedia transcripts.
By unifying these diverse knowledge sources, bRAG AI continuously adapts to evolving
codebases and best practices [13].

• Enhanced Contextual Reasoning and Accuracy: We demonstrate that bRAG AI signif-
icantly improves retrieval accuracy, domain adaptability, and code-contextual reasoning
compared to baseline models. Our evaluation includes code documentation tasks, code
completion challenges, and technical Q&A scenarios, reflecting the complexity of real-world
code-centric workflows [11].

Through these innovations, bRAG AI marks a step toward scalable, domain-optimized LLM systems
capable of evolving alongside the code ecosystems they serve.

2 Related Work

LLMs for Code Generation and Documentation

Large Language Models (LLMs) have been extended to code-related tasks, resulting in models like
Code Llama, Codex, and StarCoder, which can generate, explain, and refactor code [5, 19, 14].
Despite their impressive performance, these models often rely on static pre-trained parameters that
fail to reflect rapidly changing software landscapes. Consequently, they may struggle to incorporate
project-specific best practices and unique coding styles that diverge from their training corpora.
This limitation underscores the need for dynamic adaptation mechanisms, particularly in specialized
domains like software engineering.

Retrieval-Augmented Generation (RAG)

Retrieval-Augmented Generation (RAG) combines pretrained LLMs with external memory or retrieval
components, enabling dynamic integration of relevant context from external sources. Prior works have
demonstrated the efficacy of RAG in enhancing factual correctness and adaptability [13, 10]. These
frameworks are predominantly designed for general-domain tasks such as open-domain question
answering, leaving their application in code-centric domains underexplored. In software engineering,
knowledge must be sourced from specialized repositories like GitHub and continuously updated
documentation, presenting unique challenges for effective retrieval and integration.

Parameter-Efficient Fine-Tuning

Fine-tuning large models for specialized tasks is often computationally expensive, requiring significant
hardware resources and time. Parameter-efficient methods such as Low-Rank Adaptation (LoRA)
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[8] and Quantization-Aware LoRA (QLoRA) [6] address this issue by introducing low-rank and
quantized updates to model weights, enabling cost-effective adaptation. These techniques have
shown promise in NLP tasks like sentiment analysis and question answering, but their application in
code-centric RAG systems remains novel. By combining LoRA/QLoRA with curated repositories,
such as the top 25 GitHub repositories from Hugging Face, we address the gap in parameter-efficient
fine-tuning for code-specific tasks.

3 Methodology

This section outlines the methodology for developing and evaluating bRAG AI, focusing on dataset
preparation, parameter-efficient fine-tuning, and the integration of retrieval-augmented inference
pipelines. The framework leverages LoRA-based parameter-efficient strategies, Fill-In-The-Middle
(FIM) training objectives, and a dynamic retrieval pipeline to address the unique challenges of
code-centric tasks.

3.1 Dataset Preparation

The dataset for fine-tuning bRAG AI was curated from 25 of the most popular repositories in the
Hugging Face GitHub organization [9]. These repositories span diverse programming tasks such as
transformer model implementation, optimization strategies, and API usage, providing a rich source
of domain-specific knowledge. This approach aligns with methodologies described in StarCoder 2
and The Stack v2: The Next Generation [20], which emphasizes leveraging high-quality open-source
repositories to create balanced and comprehensive datasets for code-centric tasks.

Non-code files, such as configuration files, images, and unrelated documentation, were excluded
during preprocessing, leaving only programming-related files. Following best practices outlined in
[20], a filtering process was applied to ensure the dataset adhered to ethical and quality standards,
avoiding sensitive or poorly formatted data.

Content from the repositories was tokenized using Byte-Pair Encoding (BPE), optimized for pro-
gramming languages to effectively represent syntax-heavy inputs. The tokenized data was segmented
into chunks with a maximum sequence length of 2,048 tokens, maintaining contextual coherence to
ensure the retrieval system accurately matches query semantics during inference.

The final dataset, labeled as hababou/hf-codegen-v2 on Hugging Face [1], was structured for
seamless integration with the fine-tuning process. Additionally, a 10% test split was created to evaluate
model performance on unseen examples, reflecting its adaptability to real-world, code-centric queries.

3.2 Parameter-Efficient Domain Adaptation

3.2.1 Low-Rank Adaptation (LoRA)

To adapt the pre-trained CodeLlama-7B-Instruct-hf [19] for domain-specific tasks, we employed
LoRA as the primary fine-tuning strategy. LoRA reduces computational overhead by decomposing
weight update matrices into low-rank representations, enabling efficient and memory-friendly fine-
tuning [8]. This technique ensures that domain-specific patterns and terminologies are learned without
modifying the base model extensively.

We further optimized this approach using QLoRA, which introduces 4-bit quantization to improve
memory efficiency while preserving model quality [6].

Training Configuration for LoRA

Fill-In-The-Middle (FIM) Training Objective

The primary training objective for fine-tuning bRAG AI was the Fill-In-The-Middle (FIM) approach,
where input sequences are rearranged to train the model to predict missing segments within a
given context. Unlike traditional left-to-right autoregressive training, FIM allows the model to
leverage bidirectional context, improving its reasoning capabilities by considering both preceding
and succeeding segments of the sequence.
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Figure 1: Overview of the curated dataset used for fine-tuning.

Parameter Details
Hardware Setup NVIDIA A100 GPU, 80GB VRAM
Learning Rate 3 × 10

−4 (LoRA)
LoRA Rank r = 32, α (scaling factor)= 64
Dropout 0.1 (to prevent overfitting)
Quantization 4-bit with bfloat16
Batch Processing Gradient accumulation
Training Steps 1,000 steps, with evaluation and model saving every 200 steps
Training Objective Fill-In-The-Middle (FIM)

Table 1: Training Configuration for Low-Rank Adaptation (LoRA)

The FIM objective was inspired by the methodologies outlined in Efficient Training of Language
Models to Fill in the Middle [2]. This paper demonstrates how FIM enhances performance on
structured tasks by enabling models to better capture dependencies and relationships across segments.
Such improvements are particularly critical in code-centric workflows, where understanding the full
context of a snippet is often necessary for accurate completion, debugging, or refactoring.

To implement FIM in bRAG AI, a 50% FIM rate was adopted, where half of the training sequences
involve standard left-to-right language modeling, and the other half require the model to predict
intermediate segments. This balanced strategy ensures the model develops robust capabilities for
gap-filling tasks while retaining its general language modeling proficiency. By training with FIM,
bRAG AI achieves superior performance in tasks like code completion and context-aware reasoning,
aligning closely with real-world programming needs.

3.2.2 Full Fine-Tuning

Although full fine-tuning was not performed in this study, its resource requirements and potential
benefits were considered for comparison. Full fine-tuning involves updating all model parame-
ters, which can yield slightly better performance but requires significantly more computational
resources—approximately 248GB of memory compared to 86GB for LoRA [8, 6].
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Hypothetical Training Configuration

If we had implemented full fine-tuning, the following setup would have been used:

Parameter Details
Hardware Setup 8 NVIDIA A100 GPUs, 80GB VRAM
Learning Rate 3 × 10

−5 (full)
Training Steps 1,000 steps, with evaluation and model saving every 200 steps
Batch Processing Gradient accumulation
Gradient Accumulation Effective batch size: 64 (16 × 4 gradient accumulation)
Optimization Flash Attention 2

Table 2: Hypothetical training configuration for full fine-tuning.

3.3 Retrieval-Augmented Inference (RAG) Layer

At inference time, bRAG AI queries a vector database populated with embeddings from curated repos-
itories, official documentation, and user-provided knowledge bases. The top-k relevant documents
are appended to the input context, enabling the LLM to generate responses anchored in up-to-date
information [13, 10].

Unlike traditional pre-training paradigms, this dynamic retrieval pipeline ensures that bRAG AI
adapts to evolving knowledge landscapes, making it particularly suited for the rapidly changing
domain of software engineering. The retrieval component was evaluated using metrics such as Top-5
Retrieval Accuracy and NDCG@10 (Normalized Discounted Cumulative Gain), ensuring relevance
and precision in retrieved contexts.

Figure 2: bRAG AI architecture integrating LoRA fine-tuning with retrieval-augmented inference.
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4 Evaluation

4.1 Baselines

• CodeLlama-7B-Instruct Model with Zero-Shot Prompting: This baseline represents
the widely adopted instruction-tuned LLM for tasks requiring question-answering or code
completion [19]. In this setup, no additional context or reference documents are provided.
The model relies entirely on its pre-trained knowledge to generate responses, serving as a
benchmark for zero-shot capabilities.

• CodeLlama-7B-Instruct Model with Retrieval-Augmented Generation (RAG): This
configuration incorporates retrieved reference documents into the input prompt, enabling the
model to ground its responses in external knowledge [13, 10]. This approach is a standard
practice for domain-specific QA tasks, leveraging retrieved context to augment the model’s
capabilities beyond its pre-training limitations.

• Domain-Specific Fine-Tuning (DSF) with Zero-Shot Prompting: In this set-
ting, the model undergoes supervised fine-tuning on a domain-specific dataset
(hababou/hf-codegen-v2) [1], but no retrieval mechanism is integrated. The objec-
tive is to assess how well fine-tuning alone adapts the model to domain-specific language
and reasoning styles without external context during inference.

• DSF with Retrieval-Augmented Generation (bRAG AI): This baseline extends DSF
by equipping the fine-tuned model with a retrieval-augmented pipeline [16, 11]. Here,
retrieved documents provide additional context during inference, allowing the model to draw
from external sources for knowledge not embedded in its fine-tuned weights. This setup
evaluates the synergy between domain adaptation through fine-tuning and real-time retrieval
of relevant documents.

4.2 LLM Fine-Tune Monitoring and Metrics via Weights & Biases (W&B)

We configured W&B to capture both model-specific and system-specific metrics. This integration
involved initializing W&B within our training scripts and ensuring that all relevant parameters and
metrics were logged consistently [3].

Model-Level Metrics

To ensure efficient and accurate training, model-level metrics were continuously monitored:

• Training Loss (train/loss): Tracks the loss during training to assess convergence and
detect potential underfitting or overfitting.

• Evaluation Loss (eval/loss): Monitors model performance on validation data to ensure
generalization.

• Learning Rate (train/learning_rate): Logs the learning rate throughout training to
analyze the effects of the scheduler.

4.3 Evaluation Metrics

To rigorously assess the performance of bRAG AI, we utilize a mix of qualitative and quantita-
tive evaluation metrics, focusing on retrieval accuracy, domain-specific quality, and computational
efficiency. These metrics, inspired by prior research, ensure a holistic evaluation of bRAG AI’s
effectiveness across tasks [5, 13, 6].

4.3.1 Python HumanEval Benchmark

The Python HumanEval benchmark assesses the functional correctness of code generation. Following
the guidelines and code provided in [5], the key metric of interest is Pass@1, which evaluates the
correctness of the first generated solution for each problem. This metric is critical in determining
whether fine-tuning with LoRA maintains the foundational capabilities of the base model.
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4.3.2 Retrieval Accuracy Metrics

• Top-5 Retrieval Accuracy (%): This metric evaluates the proportion of queries for which
the correct document or code snippet is present within the top five retrieved results. Using
cosine similarity between query and document embeddings as the ranking criterion, this
metric measures the system’s ability to surface relevant information reliably [23, 12].

• NDCG@10: Normalized Discounted Cumulative Gain (NDCG) measures the relevance and
ranking quality of retrieved documents. Higher NDCG@10 indicates better prioritization of
highly relevant context [22, 15].

• Recall@10: Recall@10 evaluates the proportion of relevant documents retrieved within the
top 10 results, emphasizing the breadth of relevant information captured [21, 7].

4.3.3 Qualitative Evaluation Metrics

• Response Alignment: This metric measures how well the generated output aligns with the
user’s query and the retrieved context. It involves human annotation to rate the relevance,
coherence, and logical reasoning of responses.

5 Results

5.1 Fine-Tuning Results

The following section provides an analysis of the key training metrics—evaluation loss, training loss,
and learning rate—monitored during the fine-tuning process.

Figure 3: Training Loss over Training Steps Figure 4: Evaluation Loss over Training Steps

Figure 5: Learning Rate over Training Steps

5.1.1 Training Loss

The training loss, shown in Figure 3, exhibits a rapid initial decline, dropping from above 2.5 to
around 1.0 within the first 300 steps. This steep reduction reflects the model’s quick adaptation to
the training data, benefiting from pre-trained weights. However, the training loss fluctuates slightly
throughout the process, potentially due to the variability in gradient updates and the fill-in-the-middle
(FIM) task’s inherent complexity. By 1,000 steps, the training loss stabilizes, implying convergence
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of the optimization process. The loss nearing 1.0 suggests that while the model performs well on
the training set, there may still be opportunities for further improvement, particularly in reducing
overfitting.

5.1.2 Evaluation Loss

Figure 4 illustrates the trend of evaluation loss across the first 1,000 steps of training. The evaluation
loss steadily declines from an initial value of approximately 0.55 to below 0.4, indicating that
the model is progressively improving its generalization to unseen data. This consistent reduction
highlights the effectiveness of the fine-tuning process in adapting the base model to the domain-
specific dataset. Notably, the trend begins to plateau beyond 800 steps, suggesting diminishing returns
with additional training.

5.1.3 Learning Rate

Figure 5 depicts the learning rate schedule employed during fine-tuning. The learning rate increases
linearly during the warmup phase, reaching its peak at around step 200, before decaying gradually.
This schedule ensures stable optimization by allowing the model to adapt to the task during the early
stages of training while progressively reducing step sizes to refine its weights. The gradual decay
contributes to stabilizing the loss curves observed in Figures 4 and 3.

Summary

The observed trends across these metrics demonstrate that the model effectively converges within the
first 1,000 steps. While evaluation and training losses continue to improve slightly beyond this point,
the rate of improvement diminishes. This suggests that 1,000 steps may be a reasonable compromise
between training efficiency and performance. The warmup-decay learning rate schedule further
ensures smooth convergence, reducing the risk of instability during optimization.

5.2 Code Completion Evaluation: Python HumanEval Results

To evaluate whether fine-tuning with QLoRA preserves the model’s foundational knowledge and
avoids catastrophic forgetting, we ran the Python HumanEval benchmark on our fine-tuned bRAG
AI model [5]. This benchmark measures the functional correctness of generated Python programs,
focusing on the Pass@1 metric, which evaluates the proportion of problems solved correctly on the
first attempt.

Model Pass@1 (%)
CodeLlama-7B-Instruct-hf (Base) 34.10
bRAG-AI-LoRA (Fine-Tuned) 33.95

Table 3: Python HumanEval Pass@1 Results for Base and Fine-Tuned Models

The results, as presented in Table 3, indicate that the fine-tuned model achieves a Pass@1 score of
33.95%, marginally lower than the base model’s 34.10%. This negligible difference demonstrates
that fine-tuning with LoRA preserves the base model’s general-purpose coding capabilities while
enabling domain-specific adaptations. The baseline model’s performance aligns with the reported
results for Code Llama models in the original paper [18], further validating the foundational model’s
robustness. This result underscores the efficacy of parameter-efficient fine-tuning in maintaining
foundational knowledge [8].

5.3 RAG Evaluation Performance Results

5.3.1 Baselines

We benchmarked bRAG AI against multiple baselines (Section 4.1) to evaluate its retrieval-augmented
generation (RAG) capabilities.
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5.3.2 Performance Metrics

The evaluation metrics include Pass@1, Pass@3, and Pass@5, which measure functional correctness,
as well as retrieval-specific metrics such as NDCG@10 and Recall@10. These metrics, summarized
in Table 4, provide a comprehensive view of the system’s performance across different dimensions.

Note: These metrics differ substantially from the HumanEval Pass@1 scores (section 5.2). While the
HumanEval Pass@1 scores assess standalone Python code generation without retrieval augmentation,
the metrics presented here focus on retrieval-integrated scenarios where external context plays a
critical role in improving performance.

Baseline Pass@1 Pass@3 Pass@5 NDCG@10 Recall@10
CodeLlama-7B-Instruct (Zero-Shot) 70.3% 80.0% 85.0% 0.65 0.75
CodeLlama-7B-Instruct + RAG 76.0% 85.0% 89.5% 0.72 0.82
DSF + Zero-Shot Prompting 73.5% 83.0% 87.0% 0.68 0.78
DSF + RAG (bRAG AI) 80.0% 88.0% 92.0% 0.78 0.86

Table 4: Evaluation metrics for RAG performance across baselines.

Pass@k: The Pass@k metric measures the functional correctness of the model’s generated code
solutions. It evaluates whether at least one of the top-k generated completions is correct for a given
test problem. Specifically:

• Pass@1: Measures the proportion of problems where the first generated solution is correct.
This metric reflects the reliability of the model’s initial prediction. For instance, bRAG AI
achieves 80.0%, demonstrating high accuracy in its top response.

• Pass@3 and Pass@5: Represent the proportion of problems where at least one correct
solution is present among the top 3 or top 5 generated solutions, respectively. These metrics
highlight the model’s ability to generate diverse and potentially correct answers. bRAG
AI exhibits notable performance at Pass@3 (88.0%) and Pass@5 (92.0%), surpassing all
baselines.

NDCG@10: Normalized Discounted Cumulative Gain at rank 10 evaluates the relevance of re-
trieved documents, assigning higher weights to documents ranked at the top. A higher NDCG@10
score indicates that the most relevant information is ranked closer to the top. bRAG AI achieves 0.78,
reflecting its effectiveness in retrieving relevant context compared to the baselines.

Recall@10: Recall@10 measures the proportion of relevant documents retrieved within the top 10
results. It assesses the system’s ability to comprehensively cover all relevant information. bRAG AI
achieves the highest Recall@10 score of 0.86, indicating robust retrieval capabilities and superior
performance in covering relevant knowledge.

Synergy of Fine-Tuning and RAG The combination of parameter-efficient fine-tuning and retrieval
augmentation in bRAG AI results in a compounded performance gain, demonstrating the effectiveness
of integrating both approaches. While DSF + RAG shows significant improvement, bRAG AI
leverages the continuous adaptation provided by LoRA/QLoRA and the immediate context from
RAG to surpass this baseline.

5.4 Qualitative Analysis Example

To evaluate the capabilities of bRAG AI, we compared its response to a dataset tokenization task
against Code-Llama-7B-Instruct. The task prompt was as follows:

Fill in the missing parts of the following code to complete the implementation.
The goal is to tokenize a dataset and prepare it for training with a Hugging Face model.

from datasets import load_dataset
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from transformers import AutoTokenizer

# Load a sample dataset

# Define a function to tokenize the text

# Apply the tokenization function to the dataset

# Split the dataset into training and validation sets

# Output the tokenized datasets

5.4.1 Screenshots of Outputs

Figure 6: Code-Llama-7B-Instruct.

Figure 7: bRAGAI.

The Code-Llama-7B-Instruct implementation lacks essential preprocessing steps, such as padding
and truncation, does not handle batching efficiently, and improperly splits the dataset, leading to
potential errors and inefficiencies. In contrast, bRAG AI demonstrates a more structured approach,
incorporating padding, truncation, and batched processing, alongside proper dataset splitting using
‘train_test_split‘. This structured workflow ensures uniform input formatting and computational
efficiency, aligning with bRAG AI’s focus on creating retrieval-augmented systems optimized for
real-world applications.

6 Discussion

What insights can be drawn from the performance, design choices, and limitations of bRAGAI
as a RAG framework for code-centric applications?

The bRAG AI framework represents a significant advancement in the domain of Retrieval-Augmented
Generation (RAG), particularly for code-intensive tasks. Unlike traditional fine-tuning methods,
which require substantial computational resources and memory, bRAG AI leverages parameter-
efficient techniques such as LoRA and QLoRA to achieve domain-specific adaptability with minimal
overhead. This approach aligns well with the growing demand for scalable and efficient models that
can cater to specific tasks without retraining entire architectures.

A key strength of bRAG AI lies in its ability to tightly integrate retrieved context with model-
generated outputs. By focusing on context precision—ensuring that responses are coherent, relevant,
and grounded in retrieved documents—the framework addresses one of the primary limitations
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of generic RAG approaches. Our evaluation metrics, including response alignment, and retrieval
accuracy, demonstrate the effectiveness of this design, with bRAG AI consistently outperforming
baselines across several dimensions.

The choice of Fill-In-The-Middle (FIM) as the training objective further enhances the model’s
understanding of complex code patterns, allowing it to generate contextually aware and syntactically
accurate code snippets. This objective complements the retrieval mechanism, as the model becomes
adept at reasoning within the constraints of partially provided context—a critical requirement for
many real-world coding tasks.

Despite these advancements, certain limitations persist. The reliance on pre-trained retrieval mod-
els, without fine-tuning the retriever itself, constrains the potential synergy between retrieval and
generation components. Moreover, challenges such as hallucination in generated responses and the
dependency on high-quality retrieval embeddings remain open areas for future work. Addressing
these issues could further refine the framework and expand its applicability to broader domains.

7 Conclusion

In this work, we presented bRAG AI, a novel Retrieval-Augmented Generation framework optimized
for code-intensive tasks through parameter-efficient fine-tuning and retrieval-enhanced inference. Our
approach demonstrated significant improvements over standard baselines, showcasing the synergy
between domain adaptation and retrieval augmentation. By integrating techniques such as LoRA,
FIM objectives, and dynamic context alignment, bRAG AI achieves high performance with minimal
resource requirements, making it a scalable and practical solution for domain-specific applications.

Future work will explore fine-tuning retrieval models to enhance end-to-end performance further,
incorporating dynamic retrievers that adapt to evolving user queries. Additionally, addressing
hallucination in generated outputs and improving the system’s ability to handle ambiguous or
incomplete queries will be key areas of focus. By building on the foundations laid in this study,
bRAG AI aims to set a new benchmark for efficient, adaptable, and reliable RAG frameworks.
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