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Proposal for the Utilization and Refinement Techniques of

LLMs for Automated Research Generation
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Abstract Research on the integration of Knowledge Graphs (KGs) and Language Models (LMs)
has been consistently explored over the years. However, studies focusing on the automatic
generation of text using the structured knowledge from KGs have not been as widely
developed. In this study, we propose a methodology for automatically generating specific
domain-related research items (Related Work) at a level comparable to existing papers. This
methodology involves: 1) selecting optimal prompts, 2) extracting triples through a four-step
refinement process, 3) constructing a knowledge graph, and 4) automatically generating related
research. The proposed approach utilizes GPT-4, one of the large language models (LLMs), and
is desigend to automatically generate related research by applying the four-step refinement
process. The model demonstrated performance metrics of 17.3, 14.1, and 4.2 in Triple
extraction across #Supp, #Cont, and Fluency, respectively. According to the GPT-4 automatic
evaluation criteria, the model's performamce improved from 88.5 points vefore refinement to
96.5 points agter refinement out of 100, indicating a significant capability to automatically
generate related research at a level similar to that of existing papers.
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- Extracting entities that contain information
about techniques or challenges mentioned in
the target paper, not just the authors or
publication details.

- Providing a detailed explanation, not just a
brief description, of predicates (entity2) related
to the subject (entityl) in triples.
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Selected Prompt

Extracted Triples

Remarks

Extract sentences that meet th
e following conditions: 1) Each
sentence should be formatted a
s (Entity1, Relation, Entity2). 2)
The grammar of the Relation s
hould maintain consistent word
use and temporal expression.
3) Entity1 should include the te
chniques and methods used, a
nd Entity2 should contain the o
bject (information or function) o
f Entity1. 4) ...(Omitted)

1. (GPT-3, contributes to, deve
lopment of LLMs capable of di
verse NLP tasks)
2. (ChatGPT, utilizes, RLHF for
enhancing alignment with huma
n preferences)
3. (GPT-4, processes, both ima
ge and text inputs)

...(Omitted)

Useful for structuring relationshi
ps or information, with Triple s
entences specifically expressed.

These triples are extracted to high
light the techniques, strategies, an
d features described in the text fo
r the development of large langua
ge medels, knowledge graph cons
truction, and application to other
NLP tasks ...(Omitted)

1. (GPT-3, led to the development
of, highly capable LLMs)
2. (ChatGPT, utilizes, RLHF during
fine-tuning)

...(Omitted)

There are some limitations in indic
ating direct influence or dependen
cy between studies or technologie
S.

Review the related work sections

and focus on extracting triples tha
t describe the significant contributi
ons of technological advances or

previous research. Organize inform
ation using a format(research or t
echnology, contribution/actvation/en
gancement, specific area or abilit

y).

1. (GPT-3, led to the development
of, highly capable LLMs)
2. (ChatGPT, utilizes, RLHF during
fine-tuning)
3. (GPT-4, exhibits, generalization
and problem-solving capabilities a
cross diverse domains)

...(Omitted)

Focused on emphasizing significan
t contributions to the advancement
of technology or research. Howev
er, structural limitations exist..

The relationships and dependencie
s between different studies, model
s, or technologies mentioned in th
e related work are investigated. U
se the format(which affects or infl
uences previous work/model, subs
equent work/model) to extract tripl
es that clearly show this connectio
n.

1. (GPT-3, influences, ChatGPT a
nd GPT-4)

2. (ChatGPT, is influenced by, RL
HF during fine-tuning)

3. (GPT-3 and ChatGPT, influenc
e, GPT-4's development and cap
abilities

Concentrated on identifying and e
xpressing the influence relationship
s between studies or technologies
in detail, but structural limitations
are present.
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[Triple Use Before Refining]

Knowledge Graph(KG)

N

nglafﬁ‘d Work

B. Machine Learning Models in Financial and
Sentiment Analysis

Adaptive
significantly outperformed traditional investment
models. Notably, Adaptive Sentiment-Aware
Policy Gradients have shown to excel in dynamic
market conditions by incorporating real-time
sentiment analysis into their decision-making

machine learning strategies have

processes (Smith et al.. 2021). Furthermore. the
combination of deep learning models such as
Deep Q-Networks and KGs have enhanced the
direction of stock price predictions, providing a
more nuanced understanding of market dynamics
(Johnson et al., 2020).

\. J

Large Language Model(LLM)

gkelat&d Work

B. Enhancements in Document Processing
has
improvements through the integration of advanced
models and techniques. "DocLLM" demonstrates

Document  processing scen  remarkable

significant enhancements in document processing
tasks, leveraging layout-aware instruction prompts as
applied in the LATIN framework (Taylor et al., 2022).
However, the SFT Technique
LATIN in document representation, showcasing the
competitive nature of technological advancements in
this field (Johnson et al.. 2022). Additionally, the
"OCR-free Document Transformer" avoids the OCR
conversion step, streamlining document processing

has outperformed

operations (Davis et al., 2023).

o

[Triple Use After Refining|

Knowledge Graph(KG)

4 A

2. Related Work

B. Computational Techniques in Finance

Recent advancements in financial analytics have
leveraged Deep Reinforcement Learning Models
to target and optimize investment policies.
Techniques such as Adaptive Deep Deterministic
Policy Gradients and Deep Q-Networks have
explored and enhanced the direction of stock
price prediction by incorporating market
sentiment analysis into their models (Mnih et al.,
2015).

\. J

J7 6. TR AT AS 4K

Bl (Triple ®X X/%)

Large Language Model(LLM)

f

2. Related Work

A. Language Models in Complex Environments

Recent developments have seen Large Language
Models (LLMs) effectively operating in complex
social scenarios, showcasing their adaptability and
versatility (Devlin et al.. 2019). Prompt Engineering
has transtormed how these models interact with
complex tasks, enhancing their usability in dynamic
environments (Liu et al., 2021). Further, the LLM
interface to theorem-proof engines has encoded
complex mathematical solutions into human-readable
steps, bridging the gap between raw computation and

interpretable cutcomes (Smith et al.. 2020).

.

Fig. 6. Automatic Generation and Comparison of Related Work (Before/After Triple Refinement)



286 sEmEHRSAMI|AE=2X H17H ME

REFERENCES

[1] Abu-Rasheed, Hasan, Christian Weber, and
Madjid Fathi. "Knowledge Graphs as Context
Sources for LLM-Based Explanations of
Learning Recommendations." arXiv preprint
arXiv:2403.03008 (2024).

[2] Turki, Houcemeddine, et al. "Enhancing
knowledge graph extraction and validation
from scholarly publications using
bibliographic

[3] Trajanoska, Milena, Riste Stojanov, and
Dimitar Trajanov. 'Enhancing knowledge
graph construction using large language
models." arXiv preprint arXiv:2305.04676
(2023).

[4] Dong, Qian, et al. "Incorporating explicit
knowledge in pre-trained language models
for passage re-ranking." Proceedings of the
45th International ACM SIGIR Conference
on Research and  Development in
Information Retrieval. 2022.

[5] Tang, Yiyi, et al. "Large Language Model in
Medical Information Extraction from Titles
and Abstracts with Prompt Engineering
Strategies: A Comparative Study of GPT-3.5
and GPT-4." medRxiv (2024): 2024-03.

[6] de Faria, Joana Ribeiro, Huiyuan Xie, and
Felix  Steffek.

Extraction  From

Information
Tribunal
Judgements Using Large Language Models."
arXiv preprint arXiv:2403.12936 (2024).

[7]1 Trajanoska, Milena, Riste Stojanov, and Dimi

"Automatic

Employment

tar Trajanov. "Enhancing knowledge graph c
onstruction using large language models." ar
Xiv preprint arXiv:-2305.046762023).

[8] Wadhwa, Somin, Silvio Amir, and Byron C.
Wallace. "Revisiting relation extraction in
the era of large language models."
Proceedings of the conference. Association
for Computational Linguistics. Meeting. Vol.
2023. NIH Public Access, 2023

[9] Xu, Derong, et al. "Large language models

for generative information extraction: A

survey." arXiv preprint arXivi2312.17617
(2023).

[10] Shamsabadi, Mahsa, Jennifer D'Souza, and
Soren Auer. "Large Language Models for
Scientific =~ Information  Extraction:  An
Empirical Study for Virology." arXiv preprint
arXiv:2401.10040 (2024).

[11] Ranade, Priyanka, and Anupam Joshi. "FAB
ULA: Intelligence Report Generation Using
Retrieval-Augmented Narrative Construction.
" arXiv preprint arXivi2310.13848 (2023).

[12] Dagdelen, John, et al. "Structured informati
on extraction from scientific text with large
language models." Nature Communications 1
5.1 (2024): 1418.

[13] Hellberg, Ebba. "Exploring GPT models as
biomedical knowledge bases: By evaluating
prompt methods for extracting information
from language models pre-trained on
scientific articles." (2023).

[14] Zhang, Zhi, et al. "BTDM: A Bi-Directional
Translating Decoding Model-Based Relationa
| Triple Extraction." Applied Sciences 13.7
(2023): 4447.

[15] Yao, Liang, et al. "Exploring large language
models for knowledge graph completion."
arXiv preprint arXiv:2308.13916 (2023).

[16] Shu, Dong, et al. 'Knowledge Graph Large
Language Model (KG-LLM) for Link
Prediction." arXiv preprint arXiv:2403.07311
(2024).

[171  Dunn,

information

Alexander, et al. "Structured

extraction from  complex

scientific  text with fine-tuned large
language models." arXiv
arXiv:2212.05238 (2022).

[18] Zhu, Yuqi, et al. "Llms for knowledge

graph construction and reasoning: Recent

preprint

capabilities and future opportunities." arXiv
preprint arXiv:2305.13168 (2023).
[19] Halike, Ayiguli, Aishan Wumaier, and
"Zero-Shot

Triple  Extraction  with

Tuergen Yibulayin. Relation
Prompts  for

Low-Resource Languages." Applied Sciences



i
i

13.7 (2023): 4636.

[20] Agrawal, Monica, et al. "Large language
models are few-shot clinical information
extractors." arXiv preprint arXiv:2205.12689
(2022).

[21] Mondal, Ishani, Yufang Hou, and Charles J
ochim. "End-to-end NLP knowledge graph c
onstruction." arXiv preprint arXiv:2106.0116
7 (2021).

[22] Lample,
architectures for named entity recognition."
arXiv preprint arXiv:1603.01360 (2016).

[23] Fu, Jinlan, Xuanjing Huang, and Pengfei Li

Guillaume, et al. "Neural

u. "SpanNER: Named entity re-/recognition
as span prediction." arXiv preprint arXiv:21
06.00641 (2021).

[24] Wang, Xinyu, et al. "Improving named
entity recognition by external context
retrieving and cooperative learning." arXiv
preprint arXiv:2105.03654 (2021).

[25] Wei, Jason, et al. "Chain-of-thought
prompting elicits reasoning in large
language models." Advances in neural
information processing systems 35 (2022):
24824-24837.

[26] Bose, Priyankar, et al. "A survey on recent
named entity recognition and relationship
extraction techniques on clinical texts."
Applied Sciences 11.18 (2021): 8319.

[27] Beltagy, Iz, Kyle Lo, and Arman Cohan.
"SciBERT: A pretrained language model for
scientific text." arXiv
arXiv:1903.10676 (2019).

preprint

re

T XS MAS et LLMe| 28 o Hr 71y mot 287

AR

3 % 9l (Seung-Min Choi) (B33
o e zozmdsm 9512020
W= o FoTIEE QAR5 A4

d SpReTA(2023)

@D Aol A2, 4 THRE, JIsAs 7l 7Nt

28
7 ¥ 3 (Yu-Chul Jung) A3

* 19969~20034 olrigta FH
9 AFETE SATA

e 20038~2005¢ S=EIEl|EY
HEEATSIRE ALEA XA}

O o o=

S el ¢ 20059~20119 3EREIEY
A ZAksE ZErAt
o e 20099~2013d FEAAEAA
‘ TEALATL
o e 2013¥~20179 SR
: HATJAIATY
o 20179~@AFEF ISt
AvHTsxus

@AIEoD AE 24 9 Ajglo] M| Hof, AmEGo] |t
23 AL BUE 33 A, 7S B
VA 71 71 88

T 00



