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Large language models have gained attention for their .

ability to generate human-like text and provide extensive Overview

knowledge from vast datasets. Knowledge extraction from

these models is a key area of interest for generating insights.

Meanwhile, knowledge graphs offer a flexible way to organize

and interpret complex information. This study develops an %KipEPplﬁ

algorithm to construct knowledge graphs through knowledge l

extraction from large language models, using ISWC-2024 LM- S——

KBC Challenge dataset. Augmented -LM
Our task is to predict objects from given subjects and Ceneration

relations in a Subject-Predicate/Relate-Object format. The

ISWC-2024 LM-KBC Challenge provides five distinct relations: Retrieval-Augmented Generation Entity Mapping

awardWonBy, companyTradesAtStockExchange, countrylLand APL: whssarchentites
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models with retrieval-augmented generation, web scraping, R ”‘@‘W” il ;
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and web crawling, while also using large language model to § [ Retevan S0 — country’

i ; Score Ranking Zirs S Q: Which countries share their
(i G Linked : | N land borders with Uruguay ?
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filter unrelated data from web scraping. ra R ——

Knowledge

Relevant Scoring 1 ; Extraction Correct

Our study evaluates the algorithm's performance on both OHectEnesd s GRS s
the validation set and the test set. When compared to the
baseline, the developed algorithm demonstrates superior
performance, achieving Macro-F1 scores of 0.695 and 0.698 on
the validation set and test set, respectively, indicating its
effectiveness and consistency.

LLM Answers “0414'0155,,

Statistics

Relation Macro-P Macro-R Macro-F1

Baseline Ours Baseline | Ours Baseline | Ours

A pre—trained Iarge Ianguage model is a Iarge—scale awardWonBy 0.238 0.771 0.028 0.103 0.045 0.125
|anguage model capable Of generating human_“ke o companyTradesAtStockExchange 0.540 0.842 0.703 0.795 0.474 0.678
. . . . Validation | countryLandBordersCountry 0.961 0.921 0.912 0.900 0.919 0.850
conversations and information. It possesses extensive Set | personHasCityODeatt 0700 | o750 | o600 | 0010 | ose0 | o060
knowledge as it has been trained on vast amounts Of textual seriesHasNumberOfEpisodes 0.493 0.725 0.160 0.700 0.155 0.697

. . Average 0.638 0.799 0.552 0.801 0.455 0.695
data. Knowledge extraction from large language models is an ——— T T Tom — T
intriguing topic, as it enables the transformation of knowledge companyTradesAtStockExchange : 0.797 - | o7ss - | oess
. . . countryLandBordersCountry - 0.910 - 0.903 - 0.854
from LLMs into structured information for further use. S —— o T Tom T = Tomm
Traditionally, data and knowledge are stored in relational seriesHasNumberOfEpisodes - Joso | - Joem | - | om0
. . e Average - 0.792 - 0.810 - 0.698

databases, which are efficient for structured data. However,
for semantic tasks, relational databases face Ilimitations in

handling highly flexible data, contextual variations in meaning,

*No baseline is available for comparison in test set.

complex relationships, and diverse semantics that are difficult
for computers to process. To address these issues, data is
increasingly stored in the form of a knowledge graph which This study aims to develop an algorithm for constructing a knowledge graph by extracting

knowledge from large language models using retrieval-augmented generation, web scraping

represents information as subject—predicate—object triples- This and web crawling to enhance the question-answering capabilities of large language models.

Structure aIIOWS for better Semantic representation and Addltlona”y, Iarge Ianguage models are utilized to filter out irrelevant information from web
scraping.

improved machine understanding. The study experiments with data from ISWC-2024 LM-KBC Challenge, evaluating the

This study integrates both approaches aiming to extract algorithm's performance on Codalab using both validation and test sets. The results show
! that our algorithm outperforms the Dbaseline in most relations, except for

new knowledge from Iarge Ianguage models and store it in a countryLandBordersCountry. This exception highlights that while more information can

: : enhance performance, it can also introduce noise, which may mislead the large language
knowledge graph' The StUdy is conducted 2Iline data from model. Furthermore, large language models can be effectively utilized for filtering irrelevant

ISWC 2024 to eXplOI‘e methods for knOW|edge extraction and data, enhancing the overall performance of knowledge extraction and representation.
. For future investigations, it is recommended to explore the implementation of automatic
representation. : . . : : . .
relevant document retrieval instead of relying solely on question-answering combined with
relevant scores.
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