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[Abstract]

In this study, we propose the Hi-BERT model to identify effectively and to learn semantic associations
between recruitment ontology generated automatically from recruitment information and academic papers using
generative Al. The proposed model can learn semantic associations between ontology-transformed sentences,
which are structural information of recruitment ontology converted into natural language, and academic papers.
In addition, domain-specific characteristics are learned from recruitment information and academic papers,
and optimized by the contrastive learning technique. The proposed model can improve the limitations of
knowledge transfer between different domains of existing sentence embedding models such as KLUE and
KoSimCSE-BERT. In particular, the learning method utilizing ontology-transformed sentences proposed in
this study can provide richer semantic understanding than existing models trained by simple text corpus. In

the future, the proposed model is expected to be used as a base model for developing expert search systems.
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I. Introduction
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II. Preliminaries

1. Related works
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1.2 Ontology-based Expert Search Method
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III. The Proposed Scheme
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Fig. 1. Concept Diagram for Hi-BERT Model

1. Generation of Training Dataset
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1.2 Generation of Dataset based on Academic
Papers
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Fig. 3. Process of Generation Academic Papers Dataset

2. Hi-BERT Model
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Fig. 4. The Process of Training by MLM on the
Recruitment Dataset

A oA 2E2A] Hg 2 A2 o =
o) FAdE dektle g Wtk & 2EEA WY
e ol st Steww U WS I
o2 MEsaet Aol ot Starw K oR
AEY & Qe 2 AdES otk o8 =0, USAlE
A7t g Agsaet 'gefd 7k AmRe] 2 o
T AeEee WY dedol sttt SRR IEA
5 ARYols "ol 7lsol Basitt el 2524 ¥
g 2 Agsarete] Aol osh, AHgEaLet she
== WA AEdE A2 4 ok ol S
Soll A& she=woll Sotd Al =Hel
A9t staew =0 ARE7t Adddt

2.2 Cross-domain Integration through Contrastive

Learning

& g2 MLMO|| ofsf AMY shad & =Rl 915
S gz skl o5l Sgske Wdoltt. o5 Sl T
BERT #25 7|¥ro2 A|&51 shaeio] =lE
£4& vtgsty ouiAl #AE o5 4tk dix o
ST A8 Shaed o] Aol =0 3 A
og, won 84 oz skgste 7IHolth & Ao
e 78 A 84 Aol dist el ER/E st
ot A= A2 E AR 1293 A5} shavd
o] 719 E, Agok i 8, RE=A] W 20
of GAIEE okt W A5 2 Abg3ih

OE sigoln eE2x] We 24e AgTuet e
= ] ouiARl #AIE BAsks 92e gt dE
=01, "UFAE Aldiel 59 71s9] WA W A s
it AFAlE At AE Al 719 E ool
o5l 378 W2 7Tt sHRIRh QEAlse ARE S
wopot}.” of g 2E2A] wek Z40) o5l QIFAlE
< v 5oy g E/E UEUe 8o1d= olsf
g}, 224, SteegollA AFAls 2 AFolu 71eA

ol ojuj7} opjet A A1 meictel S ofnjgict. wet

A ERA Weh 2t AR ulao] ofs) B goz

wyHt Agdoe LE2 Wa 2o olsf 3

ol ARl 68 VA E1, WA ol ARl 6 9

oAt 1% 5= tx 8% S0 AR net sk 7t
e

o ¥y e} Wats BojRE ojolrt.

N

Deep Learning Al Recruitment

Research paper

Al Recruitment

Contrastive

"::,»'ﬁeep Learning
Learning

Research paper

Q

Agricultural

Agricultural | M
Y Research paper O

A Y Research paper

Fig. 5. Changes in Embedding Distance between
Recruitment and Academic Papers

IV. Experimental Results
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Fig. 6. Converting Ontology—based Triples to Natural
Language Sentences

2. Experiments for Hi-BERT Model Training
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Table 1. Hyperparameters used in MLM-based Domain
Adaptive Training

Hyperparameter Value
Base Model KoSimCSE-BERT
Batch Size 32
Max Sequence Length 256
Epoch 3
Learning Rate le-5
Embedding Dimension 768
Dropout Rate 0.1
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Table 2. Hyperparameters used in Contrastive Learning

Hyperparameter Value
Base Model KoSimCSE-BERT
Batch Size 32
Max Sequence Length 256
Epoch 3
Learning Rate 5e-6
Embedding Dimension 768
Dropout Rate 0.1
Temperature 0.07
Margin 0.2
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Fig. 8. Comparative Experimental Results between
Existing Model and Hi-BERT Model
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