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In this paper, we propose a specialized BERT model
that is tailored to the military domain through
additional pre-training. Existing BERT models are
trained on generic corpora and are not optimized for
specific domains. To address this limitation, we collected
1.1 million military sentences and 6,900 military terms
from military news to construct a corpus for model
training. Subsequently, we developed a tokenizer and
trained the model using masked language modeling
(MLM). To evaluate the performance, we conducted
military sentence classification experiments comparing
MIL-BERT with existing Korean BERT models, KcBERT
and KoBERT. The experimental results showed that
MIL-BERT outperformed the other models with a 2 %
higher accuracy.

AFH0{ 22| (Natural Language Processing),
A A O{(Military Corpus),
AGHS 0|2 & (Pre-trained language model),

22 25 (Sentence Classification),
A= Sk (Deep Learning)
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Fig. 1. Overall architecture of the proposed model
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Fig. 2. Example of tokenizer
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MIL-BERT KcBERT

HE|. H#FACE, "]

Fig. 3. Comparison of tokenization results
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of A3 1 Pstelet. 5 epoch 52 P
7FA| 2= precision, recall, fl-score, accuracy S
Aehert.

AN of

Table 1. Examples of military and non-military sentence
classification

Class Sentences

KIASHO| =IHE | o ~ olO
Worship A PEOI ETHE LiEHHE 2 Jixjo) 7} glout

£2 A% SIS 0P o= 2ETE 43 FAE.
nreraft | N19 871 L REEIS B0IM R, Wofel| Sisto]

TES S Yo AA.

Fig. 59} Fig. 6= At 229l MIL-Bert®} 7|9
KeBERT 9] i3t £5 31459 epocho] w2 train-
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Training loss

0.7 1
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0.5 1
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0.4 1
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—4— KCcBERT training loss ~.
—® - KoBERT training loss .

0-2 1 —a-- MIL-BERT training loss ~

1.0 1.5 2.0 2.5 3.0 3.5 40 45 5.0
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Fig. 5. Comparison of training loss

Validation loss

07 1 el Iy —#— KcBERT training loss
\\\\ —® - KoBERT training loss
A ~ —A:- MIL-BERT training loss
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Fig. 6. Comparison of validation loss
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Table 2. Performance evaluation results

Model Class Precision Recall fl-score Accuracy

Warship  0.96 0.91 0.94
MIL-BERT 0.94
Aircraft ~ 0.92 0.97 0.94

Warship  0.94 0.90 0.92
KcBERT 0.92
Aircraft ~ 0.91 0.95 0.93

Warship ~ 0.95 0.88 0.92
KoBERT 0.92
Aircraft ~ 0.90 0.96 0.93
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