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2 O §8 WA gis) =3tk 3§ Tl A4S BAe dojrde) A}ﬂfi}%% 2 74%%] T, w8 4E ABA
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AR E%% KB-BERT+ KoELECTRA, KLUE-RoBERTa 5 State-of-the- art Ele A}L—}S Ao} mels} Blwale] o
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9o ZASIE Boo] s, 1) YntHow A Aojrd=Z 7= LSTM 7]%F A o] = (Peters
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5.1. H2 HIO[E{Al I}

HE- dlo]E Aol A 9] B% 7S fla NSMC
(A B4, KLUE-YNAT(EY £%), KorQuAD
(B S Al Mo LZ 4 HolEAlo] AL
H A NSMCE 34/ o]zl #5700 thak 3
3t (ACC), KLUE-YNATE EY Fgjx ER7o
gk F1, KorQuADE= 2% A% 9 2E span
3 AR A g2E 719 Fl A42 Priho
& to]EJ Aol A 2] KoELECTRA-v3,
KLUE-RoBERTa, “12]3l KB-BERT AFA & ol
of Rdl=9 A% Bt AAE HAFH EE
t|o]EAllol| A KLUE-RoBERTa”} KoELECTRA-v3
of HuEES W o F2 AHdese HAth
KB-BERT+= EY¥ #7, A §H El2=IddA
KLUE-RoBERTa$} Bl @S wf =2 &kA|q o
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Dol NSMC (ACC) KLUE-YNAT (F1) KorQUuAD v1 (F1)
KoELECTRA-v3 90.52 83.40 93.09
KLUE-RoBERTa 90.75 84.28 94.45

KB-BERT 90.72 84.52 94.66
(X 8) 28 3} dlo|HM M=}

ei= o] F-sentiment (F1) F-news (F1) F-QA (F1)
KoELECTRA-v3 43.96 58.30 71.72
KLUE-RoBERTa 46.19 61.71 71.08

KB-BERT 47.86 64.10 72.94
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Abstract

KB-BERT: Training and Application of Korean
Pre-trained Language Model in Financial
Domain

Donggyu Kim* + Dongwook Lee* - Jangwon Park* - Sungwoo Oh*
Sungjun Kwon* - Inyong Lee* - Dongwon Choi**

Recently, it is a de-facto approach to utilize a pre-trained language model(PLM) to achieve the
state-of-the-art performance for various natural language tasks(called downstream tasks) such as sentiment
analysis and question answering. However, similar to any other machine learning method, PLM tends to
depend on the data distribution seen during the training phase and shows worse performance on the unseen
(Out-of-Distribution) domain. Due to the aforementioned reason, there have been many efforts to develop
domain-specified PLM for various fields such as medical and legal industries. In this paper, we discuss
the training of a finance domain-specified PLM for the Korean language and its applications. Our finance
domain-specified PLM, KB-BERT, is trained on a carefully curated financial corpus that includes
domain-specific documents such as financial reports. We provide extensive performance evaluation results
on three natural language tasks, topic classification, sentiment analysis, and question answering. Compared
to the state-of-the-art Korean PLM models such as KoELECTRA and KLUE-RoBERTa, KB-BERT shows
comparable performance on general datasets based on common corpora like Wikipedia and news articles.
Moreover, KB-BERT outperforms compared models on finance domain datasets that require

finance-specific knowledge to solve given problems.
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