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eXplanable Artificial Intelligence(XAl) has recently
gained attention as a technology that can enhance the
performance and explanatory power of existing machine
learning systems. In this study, we conducted research
to quantitatively apply XAl methods to a defense policy
known as Lessons Learned(LL) Analysis. Specifically,

we propose a new LL analysis method that applies LDA
topic modeling for Al NLP. The objective is not only to
predict the information obtained from this method and
analyze its basis, but also to assist non-expert Al users and
combat field commanders in making quick judgments.

Y W2 M(Lessons Learned Analysis),
HELH A ZOHDOTMLPF-P),

Q1 &5 (Artificial Intelligence),

LDA EX| R EIZ(LDA Topic Modeling),
HE I7FsS ASAIS (XA
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S E= G5 FH6H Ut o2 Qs #+2 A
AFY wsto] aatygo g Aot w|F oA As
S BRI Ao gt AERHAA AAAQ9]
-84, NAAR FE 55 FA6HA Hed 1 9
AR F 3 7HA] Bto] HiZ A Aot}

AELAAAE ASES A3 /HA=EE 4ol
A AU SAHRJAALER A, FA] 284 ¢ 7
) A S Aot HASel= 54 7z ol I
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2] (doctrine), F+x-HXJ(organization), & & (train-
ing), F7]-AH].EX(material), 29412 (leader-
ship & education), 9142} (personnel), A]Ad (facil-
ities), ‘g4 (Policy) & #oF= & 4 oH, 2°F

84 DOTMLPF-P2} x| 3T} 2].

AL %% 2 o550 A7) B
2% dlole] 44, Holg AAel, £ R, XA
Hol g2 AYskon], T Y Fig. 19} 2k o]

|EA o AE Hole Exzhe o4y Holg
24 34 B, 29, 3974, A4 B 24
A% 5 7utow gt B AT AL o5 ojuF]

Q149 o2 vhE A0 B PES Y3

2 AEsIYtt. 22802 LDA EY g o] o]AlE
A& HolEH & AYste] 489y, EQudgS
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oo oft o

SHOEHN ALY Hol

Data LDA
processing topic modeling

Data
collection

= KCl site
(555 pieces)

= KoNLPy
= Tokenization
= Stopwords

= 8 topics, key words = SHAP
= NetworkX

* Probability embedding

vector

Fig. 1. Lessons learned analysis process

W A2 dA oA AE HolHE #3557 {sf o=
}4: 2] 9184 Q1 (Korea Citation Index: KCI) AFO] E 0]
AAE =0} =i ZF(abstract)Z A H
ojf &3 Al ALY, AFnE, AELAAA 5
T8 7|1IEE ARG Aol B3 HolE =12 %
£ 3555582 F=5150H

0] % gt=of Blo]8& AHE-5FalA KoNLPy(Korean
NLP in Python)& #]-&5}to] tlolg A HAE 2
YRt} giolEof 2t AEE RS HE U
= EZ3}(tokenization) IS 3 A4 A] Q1 F]

FH = EFoIth E B Bd g Ao a5t
32 3t=0] 9] £-801, & =01 240, AL TAL
ALG & 1,34270 5 &4 o] B Aol A A ASHAH-
LDA EY Bdg Ay, EQE 9 d4do] sTfE
Table 13} Zo] &5}, HFH 08 EYo] oJu|s}=

FAE AFLAA A 8717 ZoFE = 28 AT

¢ s e o

Table 1. Result of LDA topic modeling

Topic no. Key words Subject
1 A, B, 25, ZAAE, A Facilities
2 A, HE, LH™, 2], 024 Material
3 4s, I, X9, 2#A, 2wl Policy
4 T, Y, ws, A, 20 Personnel
5 SO, A, &, XA, 2 Organization
6 T, AL T, A, =M Doctrine
7 EE 338 28, FET|, B Training
8 2|C, M, S92k e, i Leadership, Education
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M2t mae A3 A4k ok A9E Ut & 4

Sohgat v o) v EsS Bego] FolAx o

7] Wiof] HE o] B olP 1 A E EYS 25} batteor Fict

Lo 2AHo] Uk ol9h 22 DA EY nEye B m

AR 25 919 7|2 AToNA B A

O 2 A& 8}5 (supervised learning) 2] BFH S A A5t

7] & et 3].

SHH LDA EY ey A3 Hlo| B o Y EE A A
(latent) 0. 2 FE3 &5 UMY WEHG 5 A=
Table 22} Zrth. Table 204 P2 555H ] =& H|o]
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2 Ao A= XAIE Z-E517] 99 LDA EY 1
FJolgt= v A EokSHE S AASH A0 EQT) =2 Fig. 2. Result of network analysis

Table 2. Result of deriving probability embedding errors

Data : o o . Leadership
Doctrine Organization Training Material & Personnel Facilities
Education

1 0.7702595 0.07762446 0 0.02595359 0 0.06410624 0 0.05882305

2 0.13266823  0.47922707 0 0.04073082  0.33095792  0.01431501 0 0

3 0.38323134 0 0.11369541 0.07326552  0.06923365  0.35865301 0 0

4 0.21766208  0.28755257 0 0.09859805  0.02765369 0.2744329 0 0.09138203

5 0.68940282  0.04432707 0 0.19217272  0.06795599 0 0 0

6 0.24 0.21 0.01 0.03 0 0.47 0 0.04
554 0.06466052 0 0 0.61026549 0.3005639 0.02191217 0 0
555 0.07282072  0.01487061 0 0.09275485 0.3837547 0.02974654 0.0137443 0.39160138
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Fig. 5. Feature importance
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