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INTRODUCTION

The integration of Artificial Intelligence (AI) in systems engineering marks a significant evolutionary
step in managing complex projects. Al can optimize system designs and processes, leading to cost
savings and efficiency improvements. A unique feature of foundation models is their adaptability. These
models can perform a wide range of disparate tasks with a high degree of accuracy based on input
prompts. One application of Al that allows machines to extract knowledge from data and learn from it
autonomously is Machine learning (ML). ML has traditionally emerged through supervised,
unsupervised, and reinforcement learning approaches. A foundation model is a general-purpose Al
model that is trained unsupervised, usually on large amounts of text or data sourced from the internet
or other big data repositories. A Large Language Model (LLM) is derived from a foundation model by
undergoing additional training and fine-tuning. The foundation model is a general-purpose Al model
trained on vast amounts of diverse text data. To create an LLM, this foundation model is further trained
on specific datasets, often focusing on conversational data, to enhance its ability to generate human-
like text and maintain context in dialogues. This additional training allows the LLM to specialize in tasks
such as chatbots and virtual assistants.

Leveraging foundation models and LLM technology in multi-domain systems engineering can
significantly accelerate the systems engineering processes by optimizing decisions [1]. It is
acknowledged that focused interdisciplinary exposure and thinking in any domain contribute to better
outcomes. These advancements also empower work teams to streamline communication, enhance
collaboration, and expedite problem-solving.

AT and ML encompass a variety of techniques and methodologies designed to enable machines to
mimic cognitive functions associated with human intelligence, such as learning, reasoning, and
problem-solving. AT and ML bring powerful benefits to deal with tasks of all shapes and sizes, with new
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possibilities constantly emerging. In particular, as the amount of data grows in size and complexity,
automated and intelligent systems are becoming vital to automate tasks, unlock value, and generate
actionable insights to achieve better outcomes [2][3].

The field of AT benchmarks has seen significant growth, starting with simpler, foundational tasks and
expanding to more complex, domain-specific challenges. Early benchmarks concentrated on basic tasks
such as word relationships and semantic similarity, but over time, the scope has broadened to
encompass more advanced subjects like medicine, physics, biology, computer science, and engineering.
This progression reflects an increasing demand for models capable of handling diverse, complex topics.

Evaluation of LLMs within the field of systems engineering is almost nonexistent, with very few
reports available. Our investigation concentrates on the use of LLMs within systems engineering
process, employing a Retrieval-Augmented Generation (RAG) framework to address the complexities
of specialized engineering tasks. We outline a structured approach to build a specific domain RAG
dataset, applying techniques such as text splitting, cleaning, and relevance checking to enhance retrieval
effectiveness. Key sections cover the construction and optimization of the RAG system, followed by an
evaluation using the LM-Harness framework to assess model accuracy and confidence on systems
engineering benchmarks. Initial results provide insights into the model’s capabilities and limitations,
while future work will expand the dataset, improve relevance filtering, and test larger models to further
understand LLMs' applicability in systems engineering contexts. In our proposed RAG framework, the
LLM's queries are enhanced with pertinent dataset segments to provide additional context to the
foundational model. The model’s predictions are subsequently evaluated using metrics such as accuracy
and confidence scores to assess performance on specialized engineering tasks.

This template, modified in MS Word 2021 and saved as a “Word Document” for the PC, provides
authors with most of the formatting specifications needed for preparing electronic versions of their
papers. The Manuscript length should contain 5 pages at least. In general, a full manuscript consists of
"Introduction", "Objectives", "Methods", "Results", "Discussion”" and "Conclusions".
English is treated as the only written language throughout the text. Margins, column widths, line
spacing, and type styles are built-in; examples of the type styles are provided throughout this document
and are identified in italic type, within parentheses, following the example. Some components, such as
multi-leveled equations, graphics, and tables are not prescribed, although the various table text styles
are provided.

BACKGROUND

The accuracy of outputs from generative artificial intelligence (AI) applications has been a subject of
recent investigation, with several attempts made to evaluate the performance of these models across
various fields of engineering. In the context of fluid motion phenomena, a comprehensive study
conducted by Stanford University [4] examined the performance of several well-known Al applications,
including Midjourney, Dall-E, Runway ML, Microsoft Designer, Gemini, Meta AI, and Leonardo Al.
These applications, developed by leading companies such as Google, OpenAl, Meta, and Microsoft, were
evaluated based on their ability to generate images and videos from text prompts describing common
fluid mechanics phenomena, such as "Von Karman vortex street,” "flow past an airfoil,” "Kelvin-
Helmbholtz instability,” and "shock waves on a sharp-nosed supersonic body." The study revealed
significant shortcomings in the training of these AT models concerning fluid dynamics imagery. The
generated outputs were often found to be misleading when compared to real images from laboratory
experiments and numerical simulations. This discrepancy highlights a critical gap in the current
capabilities of generative AT models in accurately representing complex fluid motion phenomena.In
order to compare and evaluate LLMs performance, an objective evaluation test or benchmark is
required. This test will also be used to examine the improvement of the model's performance through
tools and infrastructure added for the purpose of improving performance for the specific purpose, which
in our case is systems engineering. Recently, an attempt to introduce a benchmark in systems
engineering was presented in a report published by the Acquisition Research Program at the Naval
Postgraduate School [5]. In this work the SysEngBench Framework was introduced. This benchmark
included a simple multiple-choice question (over a thousand) covers an introduction to systems
engineering. This benchmark selects 10 different topics to reflect the core processes of systems
engineering. The main system engineering areas includes Requirements, System Architecture and
Design, Model-Based Systems Engineering, Cost Modeling, System Capability/Suitability Engineering,
Safety Engineering, Human Factors Engineering, System Integration and Development, System
Verification and Validation and Risk Management. All this questions and answers are described in
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detail and divided into categories at HaggingFace SysEngBench [6]. As part of this work, the
performance of the Orca-2-7B the Mistral-7B the Llama-2-7B and the Gemma 2-2B models was tested
by examining the percentage of correct answers compared to the number of questions asked. According
to this method, the performance of the four models was rated.

METODOLOGY

The training data for major LLM’s isn’t specific to any one and often doesn’t includes the user resources.
If your content isn’t in the training data it can only ever be approximated in the outputs. There are
several known methods that can be used to integrate the user data or the user information and to shape
the LLM's outputs. The known and accepted methods in use today are:

1. Prompt Engineering

2. RAG systems

3. Fine-tuning

4. Rebuilding foundational models.
Among these possibilities, considering that the specific dataset is small comparing to the large dataset
on which the model is trained, it seems that the use of RAG infrastructure is the most practical. The
method does not require intervention in the structure of the model, which is usually not possible and
require large datasets compared to those on which the model is trained. The RAG infrastructure gives
significant weight to the user's specific dataset in the LLM query.
In general RAG is an extension of Large Language Models (LLMs), RAG systems are specialized tools
designed for LLMs to facilitate the process of gathering and using information. The user resources saved
in a database (vector DB) The relevant data is retrieved and this information is used to augment the
generation of the answer. the content should be represented in numerically as embeddings.
Embeddings are a way of turning words or sections of documents into a numerical code (list of numbers).
These numerical codes capture the semantics of what the text describes: the relationships between the
codes reflect the relationships between the words they represent. Embeddings come from the statistical
structure of language: words that hang out together or to describe things in the world that often occur
together. Embeddings provide a computer-friendly representation of language that preserves much of
the meaning. This allows the computer algorithms to work with language: for example, finding which
chunk of a document has the closest embedding to a query prompt gives the chunk with the most
relevant information. As part of the research we carried out, we investigated four LLM using different
sets of about 100 questions from the SysEngBench Framework described in the previous chapter. We
evaluated the models performance in terms of the various indices and then faced the creation of a
unique RAG infrastructure for all its components. The performers were measured again and compared
to the LLM performers without the use of the RAG infrastructure.

STEP-BY-STEP WORKFLOW

Workflow Diagram

adedd Quury Benchmmark Ralava: Data

+ Hugging Face “ LLM Judge
1

saad Foundation

Model Retrieved Data

Prompt = Quary + Resriaved

5 o wed data 5
2 Query (XXX}
Feundetion Model » B Embedded Model
~ Madel Fredirtion DL
t 4

e==@ Retricved Dats &

3

Tokenized Takenized
Benchmark Retrieved Data Query
Predctions

%E{/ _=Q Raw Text Files 7@ i

Evaluation Framework A
uati Optimization Algorithms

Database

Figure 1. Workflow Diagram. This diagram outlines the RAG system's process, starting with
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loading the foundation model and leading through data retrieval, prediction, and evaluation stages.

The process of using RAG which was developed and tested by us is described below using 9 main steps:

Step 1. Loading the Foundation Model. The system begins by loading a foundation model from
Hugging Face.

A benchmark dataset is also loaded, providing queries to test the performance of the models with and
without the use of the RAG framework.

Step 2. Database Integration. A domain-specific database of raw text files is accessed. These documents
form the corpus for retrieval.

The basic corpus utilized for retrieval consists of the following assortment of domain-specific
documents:

- Wikipedia entree: Systems engineering [12].

- USA Department of Defence: Systems Engineering Guidebook [13].
- MITRE: Systems Engineering Guide [14].

DAU: Systems Engineering Fundamentals [15].

INCOSE: SE Handbook, Version 2a [16]

Systems Engineering Body of Knowledge (SEBoK) [17].

Compared to typical industry datasets, which are significantly larger, our corpus is relatively small and
narrowly focused. Achieving results with this dataset demonstrates the retrieval system's capability to
work effectively with concise, targeted information. However, the limited size of the corpus does present
challenges, such as reduced diversity and coverage, which can lead to gaps in information. Future work
could address these limitations by incorporating additional domain-specific documents, crowd-sourced
annotations, and other sources to expand and enrich the dataset. The raw database is preprocessed
using: Chunking algorithms to divide large documents into manageable segments. Relevance filtering
is used to remove redundant or low-value chunks.

Step 3. Query Input. Queries are selected from the benchmark dataset and passed into the system for
processing.

Step 4. Vectorization. Both the queries and the preprocessed database are vectorized using a semantic
embedding model with the database saved as a ChromaDB’s vector store.

Step 5. Document Retrieval. The system performs a similarity search between the query embedding
and the database embeddings to identify the top-k most similar documents. Retrieved documents are
augmented with Framing and Chain-of-Thought Reasoning instructions to enhance their relevance and
guide the model's structured reasoning.

Step 6.Relevance Judging (Optional). The top-k retrieved documents are evaluated for relevance:

Without Judge - The retrieved documents are returned directly to the main program for use in the next
step.

With Judge - The top-k documents are passed to an LLM Judge, which determines their relevance to
the query. Only the judged relevant documents are returned to the main program.

Step 7. Prediction. The query, retrieved data, and prompt instructions are provided to the foundation
model for generating predictions.

Step 8. Output. The foundation model returns its prediction based on the query and retrieved
documents.

Step 9. Benchmark Evaluation. The system evaluates the model's predictions in comparison to the
benchmark dataset answers in order to estimate the accuracy and the system's overall performance.
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HILIGHTS AND DETAILS OF THE RAG PROCESS STEPS

Human prompt vs. system

A Human Prompt is the input directly provided by a user to the system, such as a question, query, or
instruction describing the task to be performed. It is static, manually crafted, and serves as the starting
point for the system's processing. In contrast, a System Prompt is an automatically generated input
constructed by the system "behind the scenes." It combines the human prompt with additional context,
such as retrieved documents or predefined instructions, to optimize the input for the model. While the
human prompt defines the problem, the system prompt refines and structures it to enhance the model’s
ability to generate accurate and relevant responses.

We will now briefly describe the method by which this works in our framework: The Human Prompt in
our framework is the query provided by a user or in our case the System Engineering benchmark. It
defines the task or question for the system to address, For example:

. "What are the key principles of Systems Engineering... ?"
. "How does risk management contribute to Systems Engineering processes... ?"

These queries are simple and contain no additional context or instructions - they initiate the retrieval
and reasoning process. The System Prompt is dynamically generated by our framework based on the
human prompt. It includes:

The Human Prompt: The core query or task.

Retrieved Documents: Relevant text retrieved from the corpus using semantic similarity and a
LLM as a judge.

Predefined Instructions: Additions like Framing or Chain-of-Thought (CoT) Reasoning to guide the
model’s reasoning process.

Retrieving DOCS Filtering

Various strategies are employed to improve the effectiveness of the RAG system in managing noise.
These strategies focus on controlling data retrieval and applying filtering techniques to ensure that only
relevant information is processed. We employed Python Script for Text Relevance Assessment. This
script utilizes various regular expressions and logical conditions to determine the irrelevance of text
based on content and formatting criteria. The system segments the dataset into chunks, which are then
stored in a vector database for efficient retrieval. By adjusting the number of chunks retrieved, it is
possible to balance knowledge diversity with noise reduction. The Python code initializes a retriever to
find the top-4 most similar documents to a given query, showcasing the use of similarity-based search
parameters.

An LLM is used to filter out irrelevant chunks from the retrieval set. This procedure helps to reduce
noise and ensures that the data being processed is of the high quality, which aims to improves the
accuracy and reliability of the system's outputs. We used the Python Relevance Assessment Function.
This Python function checks the relevance of a document to a query using a system-engineering
assistant role within an AT model, determining if the document is relevant or partially relevant based
on the content interaction.

:f check_relevance_with_gradual_scores(document, query):

f the retrieved document helps answer the query.

: "{document.page_content}"

completions.create(

ert assistant evaluating relevance."},

temperature=0
)
relevance = response.choices[0].message.content.strip().lower()
return relevance in ["r 1t", "partially relevant"

Figure 2. Relevance Assessment Function.

Example of a query from retrieved docs json file.
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Question: “What methodologies are commonly used in the risk identification phase of systems
engineering projects?” relevant retrieved text: “Imagine you are a Systems Engineering expert. Based
on the retrieved information, evaluate the following carefully. Analyze each piece of information step-
by-step to answer the question: identified risks within the systems engineering process. The risk
management process requires the involvement of several disciplines and encompasses empirical,
quantitative, and normative judgmental aspects of decision-making. Furthermore, risk assessment and
management should be integrated and incorporated within the broader holistic approach so technology
management can help align the risk management requirements to the overall systems engineering
requirements. Thus, the inclusion of a well-defined risk management plan that deals with the analysis
of risks, within the systems engineering master plan, is vital for the long-term and sustained success of
any system (Blanchard and Fabrycky [9]). Noise retrieved text: “Based on the retrieved information,
evaluate the following carefully. Analyze each piece of information step-by-step to answer the question:
Hillson [10], Olsson [11], and Chapman and Ward [8] provide highly cited introductions. Additional
information on risk management for systems engineering projects can be found in the Risk
Management article in Part 3: Systems Engineering and Management.”

This example of retrieved text, highlights how different models can respond differently to the same
system parameters. How different models may respond differently to the same systemic parameters.
The first chunk provides actionable insights into risk management methodologies, while the second
references external sources without detailing specific methods. While the selection process prioritizes
relevance, some models may handle additional length and minor noise better than others, emphasizing
the need to tailor the RAG system to the specific model’s characteristics.

The evaluation system also allows control over the number of chunks retrieved per query, enabling a
balance between retrieving comprehensive information and noise reduction, based on the specific needs
of the query. This command line script showcases how to evaluate a language model using specific
model arguments, tasks, and a retrieval component to include the top two documents relevant to a query
in the system prompt.

!lm_eval --model hf \
—model_args pretrained=$Mistral_7B \

——include_path $INCLUDE_TASK_PATH \
——tasks $OUR_TASK \

—retrieval_file "{RETRIEVED_DOCS}"
—concat_k 2 \ # I

# this case 1t added t top 2
Figure 3. LM Evaluation Command.
Although the system works within a specific domain and relies on a small dataset, noise remains a
challenge. The effectiveness of noise management strategies can vary depending on the model’s
architecture and the task at hand, highlighting the need for tailored approaches to optimize
performance. Framing and Chain-of-Thought Reasoning: enhancing document utilization in RAG
systems. Our RAG framework Introduces two techniques, Framing and CoT Reasoning, as will be
described in detail below. These two techniques aimed at addressing challenges with retrieving and
utilizing complex or irrelevant data. These techniques work in tandem with our retrieval system,
ensuring that the retrieved documents are effectively leveraged by the models. By optimizing how
retrieved information is structured and contextualized, the framework enhances the model's ability to

process and apply this data to benchmark questions.
Framing: Providing Domain Context to the Model

Framing involves explicitly contextualizing queries or inputs to guide the language model’s reasoning
within a specific domain. This technique is particularly effective when paired with retrieved documents,
as it "primes" the model to interpret and apply the retrieved information as a subject-matter expert.
Framing reduces ambiguity in the retrieved data and focuses the model’s attention on relevant domain
knowledge. In our framework, framing is introduced through a static instruction added to the retrieved
data: Framing context = "Imagine you are a Systems Engineering expert.”

. Chain-of-Thought Reasoning: Structured Query Analysis

CoT Reasoning is a technique where the model is guided to break down its reasoning process into
intermediate steps before arriving at a final answer. When applied to retrieved documents, this
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technique ensures that the model systematically evaluates each piece of information, enabling more
robust and accurate reasoning. In our framework, CoT reasoning is introduced through a separate
contextual instruction appended to each retrieved document aimed at emphasizing step-by-step
analysis: cot reasoning context = "Based on the retrieved information, evaluate the following carefully.
Analyze each piece of information step by step to answer the question”

Both Framing and CoT Reasoning are automatically incorporated into the system prompt. These
instructions are dynamically added alongside the retrieved documents, ensuring the model receives
clear guidance on how to interpret and process the information. By automating this process, the
framework consistently applies domain-specific context and step-by-step reasoning to every query,
enhancing the model's ability to generate accurate and relevant answers.

Confidence Level calculation from the Raw Results

In the LM-Harness framework, the output for each answer to question is provided as raw scores called
logits, representing the initial assessment of each answer's likelihood. Logits are the raw outputs of the
final layer in a neural network before any activation function like softmax is applied. These scores are
directly processed using the softmax function, which converts them into a set of probabilities ensuring
that the combined total is exactly one. The softmax function is mathematically represented as:

Py =1) = o
Y e
where P(y = i) is the probability of choice i, z; is the logit corresponding to choose i, and N is the total
number of the choices. Subsequently, these probabilities are multiplied by 100 to convert them into
percentage confidence scores. This method enhances numerical stability and clarity. By transforming
logits into probabilities, it prevents numerical underflow or overflow, thereby ensuring more reliable
outputs.

RESULTS

The results for each model obtained by using specific parameters, including employing or un employing
of an LLM judge. The number of retrieved documents were chosen to optimized the maximum accuracy.
The models we chose to test includes the following: Mistral 7B, Orca 2 7B, Llama 2 13B and Gemma 2
2B. The performance of the models was tested on the benchmark described earlier, the accuracy and
confidence score of each of the models were calculated

A. Mistral 7B

Mistral is our best performing model on the current version of our corpus and RAG Framework with an
accuracy scores of 87.5% compared to 79.38% without using the RAG Framework. We were able to
reduce the error rate by 39.38%, we achieved the highest results using RAG with an LLM “as a judge”
as well as retrieving the top 3 most relevant files, we believe that the model is less sensitive to longer
and denser prompts as long as they contain relevant text, therefore benefiting from “a lot” of
information. we believe the model is less sensitive to longer and denser prompts as long as they contain
relevant text therefore benefiting from “a lot” of information, this is also suggested by worse performs
on the same corpus without relevance and from tests with less retrieved text. For the purpose of
illustration only, we will present graphical results of Mistral 7B and for the other models' numerical
results without the graphical description. It is important to note that the results are presented in a
division according to the main categories of the question subjects in the Bench Mark.

Figs no. 4 and 5 describe the accuracy charts of the Mistral 7B model without the use of the RAG
infrastructure and with the use of the infrastructure respectively. The division into categories is
emphasized, where the Systems Engineering Management category is described in red color. MBSE
concepts, languages and tools, described in green color. Integrated Systems Design, analysis and
evaluation in pink color and Defense acquisition life- cycle in the light blue color.

We intend to carry out in a follow-up work to this study an analysis and evaluation of the models
performance considering these categories.

Fig. 6 shows that despite the significant improvement in accuracy resulting from the application of the
RAG framework, there was generally a reduction in the confidence score of the model. Improving the
accuracy of LLMs can be very important, but it's essential to consider the impact on the confidence score.
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The performance of models Orca 2 7B, Llama 2 13B and Gemma 2 2B were also tested using the
benchmark and the RAG framework and the results obtained are detailed below

Mistral_7B_no_rag total acc: 79.38 Accuracy Chart
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Figure 4. The Accuracy of Mistral 7B without using the RAG infrastructure
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Figure 5. The Accuracy level of Mistral 7B using the RAG infrastructure
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Figure 6. The confidence score of Mistral 7B with and without using the RAG framework
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B. Orca 2 7B

Orca 2 7B also improved its accuracy using the RAG system, with an accuracy scores of 82.5% compared
to 78.75 without using the RAG Framework. We were able to reduce the error rate by 17.65%. The
highest scores were achieved using the current corpus without using LLM as a judge and with only the
top 1 retrieved text from the RAG, we believe this model is sensitive to longer prompts but performs
well when provided with concise and relevant information, this can be seen in the custom corpus section
where we provide the model with just that and achieved the highest accuracy from all the models so far.

C. Llama 2

Llama 2 showed similar improvement to Orca 2 with reduction in error rates of 14.31%. an accuracy
scores of 81.25% compared to 78.12% without using the RAG Framework. Similarly, the highest scores
were achieved using the current corpus without using LLM as a judge and with the top 1 retrieved text
from the RAG, we believe that like Orca this model is sensitive to longer prompts but performs well
when provided with concise and relevant information, and again we achieved drastic improvement with
the custom corpus.

D. Gemma 2 2B

Gemma 2 2B demonstrated significant improvement, with accuracy increasing from 63.75% to 75.0%
corresponding to a reduction of 31.03% in the error rate. The best results were achieved using LLM as
a judge and retrieving only the top 1 relevant document. On the custom corpus, Gemma 2 reached an
accuracy of 80%, showcasing its ability to handle concise and highly relevant information effectively.

DISCUSSION

Accuracy and confidence score are both crucial metrics, and there is often a delicate balance between
them. Enhancing accuracy might lead to a lower confidence score if the model becomes more
conservative in its responses. On the other hand, a high confidence score might result in less accurate
answers if the model is overly confident in its incorrect responses. In practice, it's important to find the
right balance between accuracy and confidence score based on the specific use case of the model. For
example, in critical application dealing with complex engineering tasks, it might be preferable to
prioritize high accuracy even if it means a lower confidence score. In systems engineering, the choice
between high accuracy and high confidence score depends on the specific goals and requirements of the
project. For critical projects such as aerospace and defense, accuracy is often the top priority. In these
cases, it's crucial for the system to provide precise and reliable results, even if it means having a lower
confidence score. High accuracy ensures that the system meets stringent requirements and prevents
critical failures. This performance highlights the potential of smaller models to achieve results
comparable to those of much larger architectures, such as Llama 2 13B, when paired with an optimized
RAG system. By combining techniques like targeted retrieval, the use of an LLM judge for filtering, and
concise input formatting, the limitations of smaller parameter counts and simpler architectures can be
effectively mitigated. These results suggest that improvements in retrieval and data handling can close
the gap between small and large models, showcasing the importance of retrieval-augmented techniques
in performance optimization. This is especially important for environments with limited computational
resources, where smaller models like Gemma 2 can be used more cost-effectively than larger ones.
Additionally, achieving high accuracy with smaller models addresses the increasing demand for energy-
efficient and sustainable technology. By prioritizing retrieval methods and input optimization over
simply increasing model size, these findings demonstrate a practical approach to making high-
performing systems more accessible, particularly in specialized fields such as Systems Engineering.

FUTURE WORK

To further enhance our retrieval system, we are suggest focusing on several key areas:

Reducing Noise: By improving data corpus chunking, we aim to meticulously label data chunks and
develop a robust scoring system to ensure their relevance.

Improving Relevance Judgment: This involves summarizing data chunks and refining our prompt
engineering techniques to ensure that only the most relevant information is retrieved.

Exploring Generalized Systems: We aim to design a retrieval system that is not tailored to specific
models but instead works effectively across a wide range of models, ensuring flexibility and adaptability.
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Expanding the Dataset: Our current dataset is relatively small, and we plan to significantly extend it by
incorporating a diverse range of data relevant to systems engineering. This expansion is intended to
help our system handle a wider variety of queries and address more complex scenarios, improving its
accuracy and utility.

Real-World Testing: We would like to evaluate the system in real-world, day-to-day systems
engineering tasks, moving beyond benchmark-specific testing. This will help us assess its practical
utility and performance in real-life scenarios.

While it is not the main purpose of this work, there is potential to establish an open-source System
Engineering vector database (vectorDB) in the future. Such a resource could be valuable for those
looking to specialize their models in systems engineering. This vectorDB might include a variety of
materials, such as articles, academic papers, books, system designs, and technical drawings, forming a
comprehensive knowledge base. Although this concept is still in its early stages, it offers a compelling
direction for enhancing the availability of high-quality resources and supporting broader advancements
in the field.

CONCLUSION

Notably, with the RAG system, Gemma 2 was able to perform on par with or even exceed models with
significantly larger architectures, such as Llama 2 13B. This demonstrates how the combination of
targeted retrieval, filtering through an LLM judge, and concise input can compensate for a smaller
parameter count and simpler architecture. The custom corpus, with its minimal noise, further
highlights the model’s ability to utilize the retrieved data effectively, closing the performance gap with
more complex models. A key challenge identified in our system was the retrieval of excessive irrelevant
data, which hindered the model's ability to generate accurate predictions. To address this, we developed
a custom corpus using GPT-4, containing concise, question-relevant information. This approach
significantly improved performance, It is recommended to integrated "LLM as a Judge" technique,
where a secondary LLM evaluates and filters retrieved documents to ensure their relevance to the query.
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