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ABSTRACT

The development of information communication and arfificial infeligence fechnology requires the intelligent command and control
(C2) system for Korean miilitary, and various sfudies are attempted to achieve it. In particular, as a volume ofinformation in the C2
workflow increases exponentially, this study pays attention to the collaborative filtering (CF) and recommendation systems (RS) that can
provide the essential information for the users of the C2 system has been developed. The RS performing information filtering in the C2 system
should provide an explanatory recommendation and consider the context of the tasks and users. In this paper, we propose a contextual
pre-filtering CARS framework that recommends information in the C2 workflow. The proposed framework consists of four components: 1)
confextual pre-fittering that filtters data in advance based on the context and relationship of the users, 2) feature selection fo overcome
the data sparseness that is a weak point for the CF, 3) the proposed CF with the features distances between the users used to calculate
user similarity, and 4) rule-based post filtering to reflect user preferences. In order to evaluate the superiority of this study, various distance
methods of the existing CF method were compared fo the proposed framework with two experimental datasefs in real-world. As a result
of comparative experiments, it was shown that the proposed framework was superior in terms of MAE, MSE, and MSLE.
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Contextual pre-filtering for the target user

The target user’s context-based filtering ‘
¥

‘ The target user’s relation-based filtering ‘
|

1

Feature selection for dimension reduction

‘ Feature performance evaluation using mutual information entropy ‘

‘ Feature subset selection with evaluation scores ‘

Memory-based collaborative filtering

‘ Feature score weighted similarity calculation ‘
¥
‘ collaborative filtering-based recommendation ‘

I
3

Rule-based post-filtering l

(3 1) X|3Ex AFE2RE {I8t CF 7|8t contextual
pre-filtering CARS Zz{I¥=2
(Figure 1) A CF-based Contextual pre-filtering CARS
framework for C2 workflow

3.1 Bl fNME I8t Contextual pre-filtering

Aggt viel o], AR FA HAZETE 1% CARS
zFYdYa= /k]._&x].xo]—O]EdX}\]—il-x AE 7830 XJE
E A2 gE st FHA Lotk 18y CF&
2g317] SIsiM = ARG AP ool |l = AA & I Ak
olE1 & 2414 YHE Yehfof gttt o] & flsl, dH| 7
Ao} o]2] HlolHZ 23 84 E¥(sparse representation)

{o

S gasith AIEA YAZZLE 93 CARS ZH ¢
%ioﬂ}\i AR 22 HolHe o3 ok

A9 1. i“’ Eaka EﬂO]Ei(z )z, 54 A3 el A9
WAE 7155 AA velHE
uy 4y Gy Ly, Ti}xiEXv v ¢y)

of W, u;= i"HolEY A FAIA AREARS] ID

(W E D), i, u; 7t 288 olel’l 9] ID (5,€1), C,

CARS EEH AHAE Ak 17 19 =455 vpet " dolE7E AN Y 8-S vehllE AT R YA, &

Aol At =YY AE 47HA 24 FAE 3 o, AT 2 A AR FYE)FH A%, AR
Point-of-Interest B] 19} 722 37+ AR (1) 23
(O ={t,l;}, CEO). MHAHOE L= w7t i 5 &
HRS o A5A48dd o ASAe] 3 HE=E
A &4 JY BAe 22 A HAL "= e

52 olE{Yl K53 (2313) 127



X2EH HIE=? A[H

F2 A2 o7

e el o9 el AHA ID YepE 3t
Wd")e) F Q22 PN L, ={(rel,, u) ). r,2 0,9
o @oly whe oudiok

2349 84 B dolEE 43a #AE we R A}
B3-S Fyanh A 2H3e) 55E CFY ®
Zol7] glslMolth o1& g8, AA HE A7
M AME AU 9k AR E HlolHE XERH F&
ok dole] B AHEA W (u'E U) 7t &1 E HlolE

m&al
A

OJ
é"d

O o ox o B
AN

azs HolE XRH 99 g 'S AR A
e d 4% (CH3 AByel Gt HolHE LY
o). olu] A|FA4le] B A% (C thes 2ol

ro

%3
ok
c'={clced), vj, j<i} 3

E%— s
o) dnkHow A4 HIOIE = rx}ﬁé 2 HFE volH
o] E3fo)7] wliol UwtAd AP FFE ol dd A
L& EEste Zlo] ofHth mahA, & =iolAE el
El9] &2l H]o]&AQl AstE A4S oE A H(mutual
information) & &-&3 FALEE sz . O
A9 F3(CHTE] FAIEE T o] &gtk

ui il G L Ti

X —

xllllllllll

Target user
data extraction

Context-based
filtering

Relation-based
filtering

1c,c)
. it — s
sim(G, C) (min(H(C,),H(C")) ®
olWl, 1(C,.C") & G '3+ 45 9FE HHo|A,

H(C,) 2 H(CYE G C'9 ZH AEZyo|tt
(k=7, kE 1)

sim (G, C")7F Aol AAIA o3l 2,85 XA 2
B goRM st Bol YE 2,7 YAk el
AHgASE ARA R Bo] It 2, e 2

d(C") ={x,|sim(C,, ') =+ 6} Q)

3.1.2 A 7|8t 252

o HlolE XRE ASNEA DA ul o BAT 9

© AR HolHE P oln AL 'l
ANE ST SAREA L A0 Y= AR} o

Z¥H BUE FAHE £AA BA e L8RS
EFAT o BAE 2= AR 15Ul oE

U{:Ellui :u;?”f, j=1} ©)

o

gl 39S AR 2eLE dolEE g 2o
A9},

=
el

D,=d(u")ud(c)Uud(L") )

doleE BEYae B9 A4HE HolHe) 72
2 dHow wAse 1 29 2o

{xl|ul = uj,j #* l}
{xlw = u J =}

(a2l 2) Bl AleXte| A= 2 ZHA| 71Ete| contextual pre-filtering
(Figure 2) Context and relation-based contextual pre-filtering for the target user

128

2022. 2



XM HFEZF X

29 20) =4 she vk} o), A BAZ Tl
HYL A HolEdl DE o3 il gl T
dloly 8axol 4zke olgolth Holy 524

2 Holg

& Abg A ofelsl zbe] Aol ek HEHe o]} 2 of
WA sk cFel LAAQ BAolTH4l oleld BAE
Asle wHoz 09] A9 zwﬂ A 49
¥

3 T 0|52 solnes
& PHRee o FAVT. B =RAA BELA
she delelst 2ol 54 % £

rit
o,
r o
H
-
. o
N
=~

o
&
lo,
A=
o%
oX,
o

1o
O.L:
e
=
g
(i
Mo
o,

ol A3 "oix) 7|
7lake] HA AAA e g

FJM 7lﬂbl A A AAe thed 2] :
AR, E283 I AEA HrHE vst] Qs FHE <
ERE &4 /i A o A5S Hriete 4E
sttt B4, Ad50] 7Y e JAEEH S CR A
A MEME AL o]E Y dlojElE &8 &
BdS s5AzIch A, A dAleke] £R/ e vlarst
th A @ART 257 deol S A 9AlS] Al BA
ABA 23E AAE HF HA ABA ZTFAZITH
ulzjuko 2 QlA] HH AMEAY N2 AXHE /T
R A5l dEA s d7A 0~3) HEE vhE
stet olde] g AAls] st daElF 13 2k
AFRE F4F 249 HolHA D& g539th

i<
2 o
2
e
tlo
Sud -HN'
B
&
i)

oy

!
i

3.3 iz 7|8 Y ZER

HEAQ CF= AHEAT} oeldlol thal #7hat o]
QOoRNE AR T ofolde] |uHe FAEE 4
sje] ofoldl FA T Tet AHEA ] B
HU A15S QRAEs AEAe] o) weh 2o
Gk 2eBE 43 gu /)5el 2L 954
£ A% ) AR B 12 48R 7)) A}
E Aol Beath o S8 B ERAAE A 4 01
HE A Fa8 ol D oA F AR A
3} A Aol2 NFAT BEAE TolE FAES
Atk Qo Fols FALE B F A}
gAe] fAEE Thed o] A,

ox

Algorithm 1. Wrapper-based feature subset selection

Input: D,
Output: Reduced set D), Selected Features F.5'
1:  Features = []
For j in range(D, shape(1)):
vectors = []
For i in range(D), .shape(0)):

Features.append (vectors)

SortedSet = Evaluator (Features).sorted(Descending)

2
3
4
5
6:  Evaluator = Evaluation (‘information_entropy’)
7
8:  Temp = SortedSet.leftpop(1)

9

Searching = True
10: While Searching:
11:  For idx in range(len(Features)):

12: cnt = Temp+idx

13: Acc_cnt = wrapper(cnt)
14: Acc_temp = wrapper(temp)
15: If acc_cnt > acc_temp:

16: Temp = cnt.copy()

17: Features.pop(index=idx)
18: break

19: If acc_cnt < acc_temp:
20: Searching=False

21: D = D,[;,Temp]

22: FS = Temp.copy()
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(Table 2) Evaluation results of User-based CF with different distances on experimental datasets

User-based CF
Methods Cosine similarity | Pearson coefficient Mean Squared Difference | Proposed method
MAE 1.0998 0.8888 0.9512 0.8289
MobileMsg MSE 1.7424 1.3487 1.3478 1.1032
MSLE 1.3195 1.1612 1.1603 1.0503
MAE 0.6638 0.6836 0.6303 0.5942
TrackReport MSE 0.6516 0.6786 0.5946 0.5003
MSLE 0.8009 0.8236 0.7709 0.7069

ror
Hi
ro
Ll
Y
0z
i
Lo
Yo
™
w
g1
b

131



X=EH *=2

EET

=9 4 28 U3 tEA CARS % KBRS /d
= HEste] JY FEAP Y F39] tiife] He dold
A& contextual pre-filtering % rule-based post-filtering s}

. B3 CFY Ao Adliste vlelH e ganE 2]
Sl kgt 9 FolA] FHel| 7 & S FE S
HE AT F e JA A8 71EE Adedth AF
Ao B =19 4L Fuker] A8l 71E AREAE
718ke] CFol|A] thef a U228 AL vy 2g
393, 71 A3 MAE, MSE, @ MSLE®] Al 7}A] A&

A EF 2 AT AE ZE A At ¢S s

T —

_VL

O

}_1

ﬂll

P

N

r°1'
O:

oY,

oL

o

ik

oo

ol

- B

=
3
T

2

=

%

i)
ol
o

e
= OH

Lz
2
oo o rx
I o
_0|L
R

lo do B % ox
2 >
§ —_
<
g
[o o
il

T4
BN i L
R
ox
oldt
]

O R

Ac)
rir
ol
44
)

>
2
X

T

T
2

ok il
oo

off M4 )
30
[o
pad)
o
o
o
[l
B
>
s
T,

ro
&
AN
lo,
)
>
A
N
olr
o
=
Mz
_O|L
b4
>
o
ko

References

[1] Schubert, J., et al., “Artificial intelligence for decision
support in command and control systems,” in Proc. of
23rd International Command and Control Research &
Technology Symposium Multi-Domain C., 2018.
https://www.foi.se/download/18.41db20b3168815026e01
0/1548412090368/ Artificial-intelligence-decision_FOI-S-
-5904--SE.pdf

[2] Wang,
Command and Control System,” in IOP Conference
Series: Materials 10P
Publishing, 2019.
https://doi.org/10.1088/1757-899x/677/4/042099

[3] Lingel, S., et al,

F., "Technology Framework of the Intelligent

Science and Engineering,

“Joint All Domain Command and

Control for Modern Warfare: An Analytic Framework
for Identifying and Developing Artificial Intelligence
Applications,” RAND Corporation Santa Monica
United States, 2020. https://doi.org/10.7249/1r4408.1

[4] Robinson, RM,
command and control decision support systems,” in
2016 IEEE International Conference on Systems, Man,
and Cybernetics (SMC). IEEE, 2016.
https://doi.org/10.1109/SMC.2016.7844402

[5] Zocco, A, et al.,
and control in military operations,” in International
Conference on Augmented and Virtual
Springer, 2015.
https://doi.org/10.1007/978-3-319-22888-4_32

[6] Marusich, L.R., et al, "Effects of information
availability on command-and-control decision making:

et al., "Degree of automation in

"Touchless interaction for command

Reality,

performance, trust, and situation awareness,”Human
factors, 58(2): p. 301-321, 2016.
https://doi.org/10.1177%2F0018720815619515

[7] Guo, Y., M. Wang, and X. Li, “Application of an
improved Apriori algorithm in a mobile e-commerce
recommendation  system,"Industrial Management &
Data Systems, 2017.
https://doi.org/10.1108/IMDS-03-2016-0094

[8] Chen, C.-s, et al, "“Research on Content
Recommendation  System of Army Equipment
Information Network,” in 2020 International Conference
on Computer Science and Management Technology
(ICCSMT), IEEE, 2020.
https://doi.org/10.1109/ICCSMT51754.2020.00075

[9] Gadepally, V.N,, et al., "Recommender systems for the
department of defense and intelligence community,”
Lincoln Laboratory Journal, 22(1), 2016.
https://www.11.mit.edu/sites/default/files/publication/doc/
2019-04/recommender-systems-department-defense-intell
igence-gadepally-108929.pdf

[10] Yang, C., et al,
semi-supervised learning: a neural approach for poi
recommendation,” in Proceedings of the 23rd ACM
SIGKDD International Conference on Knowledge
Discovery and Data Mining, 2017.
https://doi.org/10.1145/3097983.3098094

[11] Kulkarni, S. and S.F. Rodd,

“"Bridging collaborative filtering and

“Context Aware

132

2022. 2


https://www.foi.se/download/18.41db20b3168815026e010/1548412090368/Artificial-intelligence-decision_FOI-S--5904--SE.pdf
https://www.ll.mit.edu/sites/default/files/publication/doc/2019-04/recommender-systems-department-defense-intelligence-gadepally-108929.pdf

X2 EH AFEZ? A

Recommendation Systems: A review of the state of the
art techniques,” Computer Science Review, 37, p.
100255, 2020.
https://doi.org/10.1016/j.cosrev.2020.100255
Adomavicius, G. and A. Tuzhilin, “Context-aware
recommender  systems,”
handbook, p. 217-253, Springer, 2011.
https://doi.org/10.1007/978-0-387-85820-3_7

Zheng, Y., B. Mobasher, and R. Burke,
“Similarity-based recommendation,”in
International Conference on Web Information Systems

[12]

Recommender  systems

[13]
context-aware

Engineering, Springer, 2015.
https://doi.org/10.1007/978-3-319-26190-4_29

[14] Unger, M., et al, “Towards latent context-aware

recommendation systems,” Knowledge-Based Systems,

104, p. 165-178, 2016.

hitps://doi.org/10.1016/j.knosys.2016.04.020

[15] Kim, D., et al., “"Convolutional matrix factorization for
document context-aware recommendation,”in Proceedings
of the 10th ACM conference on recommender systems,
2016. https://doi.org/10.1145/2959100.2959165

[16] Xin, X., et al., "CFM: Convolutional Factorization
Machines for Context-Aware Recommendation,” in
IICATI, 2019.
https://www.ijcai.org/proceedings/2019/0545.pdf

[17] Chen, H. and J. Li, "Adversarial tensor factorization for

context-aware recommendation,”in Proceedings of the

13th ACM Conference on Recommender Systems,

2019. https://doi.org/10.1145/3298689.3346987

Tao, S., et al., "SVD-CNN: a convolutional neural

network model with orthogonal constraints based on

(18]

SVD for context-aware citation recommendation,”
Computational Intelligence and Neuroscience, 2020.
https://doi.org/10.1155/2020/5343214

(20]

(21]

(22]

(23]

[24]

(23]

[26]

recommendation,” in Proceedings of the fifth ACM
conference on Recommender systems, 2011.
https://doi.org/10.1145/2043932.2043988

Cui, L., et al., "A novel context-aware recommendation
algorithm with two-level SVD in social networks,”
Future Generation Computer Systems, 86, p. 1459-
1470, 2018.

https://doi.org/10.1016/j.future.2017.07.017

Wu, H, et al, “Context-aware recommendation via
graph-based contextual modeling and postfiltering,”
International Journal of Distributed Sensor Networks,
11(8): p. 613612, 2015.
https://doi.org/10.1155%2F2015%2F613612

Zammali, S. and S.B. Yahia, How to select and weight
context dimensions conditions for context-aware
recommendation? Expert Systems with Applications, p.
115176, 2021.
https://doi.org/10.1016/j.eswa.2021.115176

Bouraga, S., et al., “Knowledge-based recommendation
systems: A survey,” International Journal of Intelligent
Information Technologies (IJTIT), 10(2), p. 1-19, 2014.
https://doi.org/10.4018/ijiit. 2014040101

Gréar, M., et al, “Data sparsity issues in the
collaborative filtering framework,” in International
workshop on knowledge discovery on the web,
Springer, 2005.https://doi.org/10.1007/11891321_4
Ramezani, M., P. Moradi, and F.A. Tab., "Improve
performance of collaborative filtering systems using
backward feature selection,” in The 5th Conference on
Information and Knowledge Technology, IEEE, 2013.
https://doi.org/10.1109/IKT.2013.6620069
Kim, J, J. Kang, and M. Sohn,
learning-based filter-centric hybrid feature selection
framework for high-dimensional imbalanced data,”

"Ensemble

[19] Baltrunas, L., B. Ludwig, and F. Ricci, “Matrix Knowledge-Based Systems, 220, p. 106901, 2021.
factorization ~ techniques  for  context  aware https://doi.org/10.1016/j.knosys.2021.106901.
St QIE{Yl M5t (233135) 133



K2EH HIER? A FH ALY A7

OXN X200 0

et 1_1‘ S(Gyudong Park)
1994 :8‘_011;]]?51-—7 7—1 E14_61-J,} _-_g
1996‘{3 T AFEH T A
e 20149 Eo|tista e 38} vkt
19969 3€~3A] LA ATFA AT
Hidok ol 7MEL SR, VEYA
E-mail: iobject@add.re.kr

& 7| #(Gi-Yoon Jeon)

2000d =it AFHEEH £

2002'd Aot HRFAE A

20219 T thgta AFEFEE WAk

2002 19~3A4 astadta A7y

FA] R0k C4I, Human-Robot Interaction, I0T/IoB, ?13-#|%, Visualization
E-mail: gyjeon@add.re.kr

# 0| 0i(Mye Sohn)

19853 A Aol Al E-Sta(EstAh

1988'd g5 37| e S IHF B AD

2002 g 3sy)E J 749 HE D

2004 ~ A A o] Tt w

Aok ABAGREIAN 2, AXTYZ, AMES), 282, 10T, 7|A%s, FHA2H
E-mail : myesohn@skku.edu

[ORCID: 0000-0002-1951-3493]

d & Z(Mye Sohn)
20146 drrdtea N1 A9EE £
20219 Avadistn AdEed 29 A3 AA)
2021 ~ @A Adoigta A Ees AEATA
2004 ~ @A ABoista A Eet w
ARk : I Z wholY, XAz, Mg, Ja= QFE tolH, 10T, 71AISE
E-mail : dignityc@gmail.com
[ORCID: 0000-0002-4984-1674]

134 2022,



