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Korean Contextual Information Extraction System
using BERT and Knowledge Graph
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ABSTRACT

Along with the rapid development of artificial inteligence fechnology, natural language processing, which deals with human
language, is also actively studied. In particular, BERT, a language model recently proposed by Google, has been performing well in
many areas of natural language processing by providing pre-frained model using a large number of corpus. Although BERT supports
mulfilingual model, we should use the pre-trained model using large amounts of Korean corpus because there are limitations when we
apply the original pre-trained BERT model directly to Korean. Also, fext contains not only vocabulary, grammar, but confextual meanings
such as the relation between the front and the rear, and situation. In the existing natural language processing field, research has been
conducted mainly on vocabulary or grammatical meaning. Accurate identification of contextual information embedded in fext plays
an important role in understanding context. Knowledge graphs, which are linked using the relationship of words, have the advantage
of being able to learn context easily from computer. In this paper, we propose a system to extract Korean contfextual information using
pre-tfrained BERT model with Korean language corpus and knowledge graph. We build models that can extract person, relationship,
emotion, space, and time information that is important in the text and validate the proposed system through experiments.
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(Figure 1) Korean context extraction system
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Category | Tag Definition
Person PER | Person name
Space LOC | Location
ORG | Organization
Time DAT | Date
TIM | Time
Others DUR | Duration
MNY | Money
PNT | Proportion
NOH | Others in number representation
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SEAT)T 1B, AT B2 AR 2L 98 AT, Tag Definition
child ((OBJ)) is child of ((SUBJ))
_ spouse ((OBJ)) is spouse of ((SUBJ))
NER mggjd Tokens relative ((OBJ)) is relative of ((SUBJ))
f - opponent ((OBJ)) is opponent of ((SUBJ))
([CLS]J (B'PERJ rI'PERJ @ parent ((OBJ)] is parent of ((SUBJ))
i il t . commander | ((OBJ)) is commander of ((SUBJ]]
birthPlace ((OBJ)) is birth place of ((SUBJ))
country ((0OBJ)) is country of ((SUBJ))
) foundedBy | ((SUBJ)) is founded by ((OBJ))
BERT-based NER Model influenced | ((SUBJ)] is influenced by ((OBJ])
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BERT-based Relation Extraction Model
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Sentence Subject Object
(O3 3) 2l =2 zHlo| =igint 24k
(Figure 3) Input and output of relation extraction
model
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(Table 3) Basic emotions of East and West

East West (Ekman)
3](+), happiness happiness
(%), anger anger
(%), sadness sadness
=, joy -
- disgust
- surprise
- fear
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(Figure 4) Input and output of emotion extraction
model
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(Table 4) Experiment result
Context Precision Recall Fl-score
Person 0.9183 09017 0.9099
Space 0.8936 0.9024 0.8980
Time 0.8409 0.8675 0.8539
Relation 0.8726 0.8507 0.8615
Emotion 0.9375 09163 0.9267
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(Table 5) Comparison result

Context Fl-score
BERT-Base KoBERT Ours
Person 0.8705 0.909 0.9099
Space 0.8416 0.8980 0.8980
Time 0.8024 0.8539 0.8539
Relation 0.8371 0.8504 0.8615
Emotion 0.8638 0.9149 0.9267
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