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This study introduces and experimentally validates a novel approach that combines Instruction fine-tuning and Low-Rank
Adaptation (LoRA) fine-tuning to optimize the performance of Large Language Models (LLMs). These models have become
revolutionary tools in natural language processing, showing remarkable performance across diverse application areas. However,
optimizing their performance for specific domains necessitates fine-tuning of the base models (FMs), which is often limited by
challenges such as data complexity and resource costs. The proposed approach aims to overcome these limitations by enhancing
the performance of LLMs, particularly in the analysis precision and efficiency of national Research and Development (R&D)
data. The study provides theoretical foundations and technical implementations of Instruction fine-tuning and LoRA fine-tuning.
Through rigorous experimental validation, it is demonstrated that the proposed method significantly improves the precision and
efficiency of data analysis, outperforming traditional fine-tuning methods. This enhancement is not only beneficial for national
R&D data but also suggests potential applicability in various other data-centric domains, such as medical data analysis, financial
forecasting, and educational assessments. The findings highlight the method's broad utility and significant contribution to advancing
data analysis techniques in specialized knowledge domains, offering new possibilities for leveraging LLMs in complex and re-
source-intensive tasks. This research underscores the transformative potential of combining Instruction fine-tuning with LoRA
fine-tuning to achieve superior performance in diverse applications, paving the way for more efficient and effective utilization
of LLMs in both academic and industrial settings.

Keywords : Large Language Model(LLM), Instruction Fine-tuning, Low-Rank Adaption(LoRA) Fine-tuning, National
Research & Development(R&D) Data, Data Analysis Efficiency and Precision
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<Table 1> Randomly Sampled 10 Questions and the Best Matched Answers Based on NASA Program Raw Data

No.

Question

Best matched answer

What is the abstract of the project related to
HighStrainComposite Deployable Radiators
for CubeSats?

The abstract of the project related to HighStrainComposite Deployable Radiators for CubeSats
is In response to NASA's need for compact, lightweight, and efficient low-cost deployable radiators
for CubeSats, Roccorproposes to develop a high-strain laminate composite deployable radiator capable
of dissipating over 50W

What is the chemical detection capability of
the LIDAR system?

The chemical detection capability of the LIDAR system can detect one molecule thick layers adsorbed
on surfaces, allowing detection of leaks in pressurized or vacuum conditions with a range of 30m.

How will Mainstream regenerate the collection
electrodes in the carbon removal system?

Collection electrodes can be regenerated in place through gas reaction or removed and scraped
for safe storage and reuse or disposal, retaining all carbon particles.

What are the potential NASA applications of
the Universal Sample Preparation Module?

The potential NASA applications of the Universal Sample Preparation Module include microbial
detection in advanced life support systems, invitro testing for infectious diseases during space flight,
and gene expression analysis for radiation exposure monitoring.

What is the potential use of ITR bonding for
NASA's deep space missions?

ITR bonding can facilitate the construction of habitable architectures and reduce buckling, leaking,
and thermal effects in space. It can also enrich solar electric propulsion project requirements by
offering readjustablesolar array configurations.

What is the purpose of the Automated Multiple
Object Optical Tracking and Recognition
System?

The purpose of the Automated Multiple Object Optical Tracking and Recognition System is to
develop an optical tracking system capable of recognizing and tracking up to 50 different objects
within an approximately 2-degree x 3-degree field of view. The system output will be used to
determine the tracking performance of the system.

What are the potential NASA applications of
the HeatAssistedCutter HAC and accompany-
ing Sierra Lobo IceCarvingExcavator for
Regolith SLICER?

The potential NASA applications of the HeatAssistedCutter HAC and accompanying Sierra Lobo
IceCarvingExcavator for Regolith SLICER include harvesting water ice from permanently shadowed
regions on the Moon as a source of water for human consumption or as a rocket propellant, and
excavation of ice on Mars.

What are the potential non-NASA applications
of the receiver technology developed by
Virginia Diodes Inc.?

The potential non-NASA applications of the receiver technology developed by Virginia Diodes
Inc. include the realization of highly compact full waveguidebandreceivers with excellent sensitivity
and no mechanical tuners. These integrated components are easy to manufacture and extremely
reliable, making commercial applications of terahertz technology possible. The initial market will
consist mostly of scientists and engineers developing terahertz components and systems and manu-
facturers of research and test equipment. As costs are reduced, high data rate point-to-point communica-
tion systems, medical diagnostic tools, and methods are envisioned.

What is the objective of comparing the system
mass and energy efficiency of the novel plasma
technique for oxygen extraction from Mars'
atmosphere?

The objective is to compare the system mass and energy efficiency of the novel plasma technique
with those for existing systems.
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How does the dual plenopticdesign of the
PlenopticAttitude Monitoring System work?

One plenopticimager analyzes and corrects for turbulence effects introduced by airflow around
the model, while the second imager extracts the attitude information from the model itself
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Below is an instruction that describes a task, paired with an input that
provides further context. Write a response that appropriately completes
the request.

##t# Instruction:
You are a national R&D planning expert and you will answer questions
related to R&D planning inquiries.

### Input:
What is the abstract of the project related to HighStrainComposite Deployable
Radiators for CubeSats?

#it# Response:
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<Figure 4> Evaluation Procedure

between Basic FM and fine-tuned FM

<(Table 3> Analysis of Similarities and Differences between FM and the Fine-tuned Model

Category Base Model

Fine-tuned Model

can contribute to research or industry.

Contribution Explanation: Describes how the technology | Contribution Explanation: Describes how the technology can contribute

to research or industry.

Objectives and Roles -
Both models describe how the technology

functionality and potential of the technology.

can contribute to research or industry. Technology Description: Explains the

applicability of the technology.

Emphasis on Applicability: Highlights the broad research | Emphasis on Specific Applications: Explains how the technology can

be applied in specific fields.

Importance of Research

Both models emphasize the applicability of the technology and suggest potential uses in various fields. NASA Mission
Contribution: Both models mention the technology's potential contribution to NASA missions.

Technical Information: Broadly explains the overall |Detailed Information: Discusses the development process,
functionality and theoretical potential of the technology. | commercialization potential, and changes in specific industries in detail.

Information Provision

Both models explain the technical details and applications of the technology. Analysis and Results: Each model aims to
demonstrate the value of the technology through analysis and results.

Direction applications in various industries.

Research and Development | Technology Potential: Broadly covers the potential

Specific Applications: Emphasizes the potential applications of the
technology in specific industries. Provides specific examples, such
as the use of LIDAR for chemical detection.

Impact be utilized in various industries.

Commercial and Industrial | Broad Application: Discusses how the technology can | Specific Benefits: More specifically discusses the concrete benefits

and commercial potential of the technology in certain industries.

Missions contribute to NASA missions broadly.

Contribution to NASA |Broad Contribution: Explains how the technology can|Specific Mission Contribution: Explains the specific potential

contributions of the technology to particular NASA missions.
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please:
1.Select the model (Foundation or Fine-tune) that generated
the answer closest to the matched answer, or indicate
"Nothing" if neither model's answer matches.
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<Table 7> Evaluation Results between FM and the Fine-tuned Model by GPT-4

Question
No.

FM
points

Fine-tuned
FM points

Why

The response from the base model closely aligns with the matched response in focusing on the primary
goal of developing deployable radiators for CubeSats, thereby enhancing CubeSat performance and sustainability.
However, the fine-tuned model's response deviates from the topic by adding too many technical details and
complexities.

While the response from the base model provides a general description of the basic functions of LIDAR
systems, it hardly mentions specific chemical sensing capabilities mentioned in the matched response.
The response from the fine-tuned model, while not detailing specific chemical detection capabilities such
as “single-molecule layer detection” mentioned in the matched response, suggests the ability to detect various
chemical substances and particles, thus relating to the general theme of the matched response.

The base model's response offers a general explanation, speculating on various methods for regenerating electrodes,
which does not directly align with the specific content of the matched response.

The response from the fine-tuned model presents specific methods for regenerating electrodes, albeit different
from those mentioned in the matched response. Nonetheless, it shows some alignment regarding the theme
of “regeneration.”

The response from the base model does not delve into specific content related to certain application areas
mentioned in the matched response, focusing instead on extraterrestrial sample analysis, weakening its connection
to the matched response.

The response from the fine-tuned model mentions the potential integration of USPM into atmospheric sampling
systems, suggesting the possibility of sample collection and processing in environments similar to those mentioned
in the matched response. However, it still does not perfectly align with the matched response.

The response from the base model discusses how ITR coupling can ensure the stability and functionality
of spacecraft components, partially applicable to tasks related to constructing habitable structures and reducing
buckling as mentioned in the matched response. However, it does not comprehensively cover all elements
of the matched response.

In contrast, the response from the fine-tuned model provides specific explanations of how ITR coupling can
support deep-space missions through lightweighting and performance enhancement, including the adjustability
of solar array configurations related to solar electric propulsion mentioned in the matched response, which
aligns more closely with the technical requirements mentioned.

The response from the base model broadly discusses the wide range of applications for AMOORS but does
not delve into specific functionalities such as recognizing specific fields of view and objects, which were
crucially addressed in the matched response.

The fine-tuned model's response clearly explains the system's purpose of detecting objects like space debris
in real-time and tracking multiple objects simultaneously, aligning better with the functionalities demanded
in the matched response.

The base model's response elaborates on the potential uses of HAC and SLICER but does not specifically
address applications such as harvesting water ice in the permanently shadowed regions of the Moon, as mentioned
in the matched response.
The response from the fine-tuned model mentions the use of equipment for digging up and processing lunar
surface deposits, explicitly stating its direct applicability to future NASA missions, thus having a higher relevance
to the matched response.

The base model's response broadly covers various potential applications of receiver technology but lacks specific
information related to the commercialization of terahertz technology, which was prominently discussed in
the matched response.

The fine-tuned model's response specifically mentions military and commercial space applications of receiver
technology, emphasizing the development of high-performance microwave components and the commercialization
potential of terahertz technology, albeit lacking direct mentions of terahertz technology.

The base model's response evaluates the mass and energy efficiency of new technologies for extracting oxygen
from Mars, emphasizing the importance of comparing them with existing methods, aligning closely with the
matched response in stressing the comparison with existing systems.

The response from the fine-tuned model specifies the purpose of comparison but is less clear on the specific
existing systems being compared, leading to less perfect alignment with the matched response.

10

The base model's response provides a general explanation of how the dual plenoptic system works but lacks
specific descriptions of functionalities such as turbulence effect analysis and correction and posture information
extraction, as described in the matched response.

The fine-tuned model's response explains the process by which the system uses two beams to enable precise
posture determination, emphasizing its applicability in vibrational environments. While partially aligning with
the process of extracting posture information from the model mentioned in the matched response, the overall
description does not perfectly match the matched response.
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