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Abstract

Research on the application of Al technology in specialized domains is very active around the world. But, the
defense domain has not been studied much due to the high barriers of expertise and security. In this study, we
propose a Mil-BART model specialized in military domains by applying the defense standard natural language dataset,
which is being built to create the environment for Al development in the defense domain. The Mil-BART model was
constructed by adding 49,107 tokens extracted from the Military Manual and 55,350 tokens extracted from the
Defense Argument to the tokenizer of BART, which is a pre-trained language model based on generic corpora. To
evaluate the performance of Mil-BART, we conducted binary and multi-class classification experiments on military
sentences(military manual and defense argument) and non-military sentences(general news). The experimental results
show that Mil-BART outperforms BART in Recall and Fl-score of binary classification, especially improving Recall
and Fl-score of the binary classification for defense argument sentences and general news sentences by about 2%P.
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Table 1. Details of tokens added to Mi-BART tokenizer Dataset dlassification | classification | Sentences
Dataset Tokens Ratio labels labels
Army manual 13,883 19.5% Army manual 0 0 4494
Navy manual 14,408 20.2% Navy manual 0 1 4539
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Fig. 3. Experimental process of binary classification:
Defense argument-General news
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Table 4. Performance evaluation result of binary
classification: Military manual-General news

>

Model Precision | Recall | F1-score | Accuracy

Mi-BART | 09953 | 09848 099 0.9944

BART 09917 | 09772 0.98 0.9913
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Table 5. Confusion matrix of binary classification(BART):
Military manual-General news
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Table 7. Performance evaluation result of binary
classification: Defense argument-General news

Model Precision | Recall | Fi1-score | Accuracy
Mi-BART 0.9625 0.9585 096 0.9562
BART 0.9428 0.9433 0.94 0.9368
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Table 8. Confusion matrix of binary classification(BART):
Defense argument-General news
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Table 10. Performance evaluation result of multi-class
classification: Military manual-General news

Model Precision | Recall | F1-score | Accuracy

Mi-BART | 0.7766 | 0.7748 0.77 0.7748

BART 07792 | 0.7745 0.77 0.7745
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Table. 12. Confusion matrix of multi-class
classification(Mi-BART): Military manual-General news
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Table 13. Performance evaluation result of multi-class
classification(Mil-BART): Classification by military service

Class Precision | Recall | Fi-score | Accuracy
Army 08775 | 0.7664 | 08182 | 08775
Navy 0.8653 | 05286 | 06563 | 0.8653

Air force 0.8931 | 0.7943 | 0.8408 | 0.8931

Marine corps | 0.8643 | 06455 | 0.7390 | 0.8643

General news | 0.9909 | 09918 | 09914 | 0.9909
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