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Abstract Combat modeling and simulation (M&S) of large-scale computer generated forces (CGFs)
enables the development of even the most sophisticated strategy of combat warfare and the efficient
facilitation of a comprehensive simulation of the upcoming battle. The DEVS-POMDP framework is
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proposed where the DEVS framework describing the explicit behavior rules in military doctrines, and
POMDP model describing the autonomous behavior of the CGFs are hierarchically combined to capture
the complexity of realistic world combat modeling and simulation. However, it has previously been well

documented that computing the optimal policy of a POMDP model is computationally demanding. In this
paper, we show that not only can the performance of CGFs be improved by an efficient POMDP tree
search algorithm but CGFs are also able to conveniently learn the behavior model of the enemy through

case studies in the scenario of counterfire warfare and the scenario of a mechanized infantry brigade’s

offensive operations.
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Fig. 1 Counterfire warfare simulation scenario
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Table 1 POMDP modeling of counterfire warfare simulation scenario

Stat
awe (The number of states = 1034)

Position, availability to fire and move, and the number of available shells of each blue and red agents

Action

Targetable enemy position per each artillery battalion with the number of shells to fire (073) / Target
position to move (The number of actions = 2401)

Observation (The number of observations =~ 1011)

States of blue agents and positions of the detected red agents

Transition Position is changed with respect to moving actions of blue and red agents. Firing ability or movability
Probability is lost with probability 0.7 when fired. Red agents move into the mine with probability 0.75.
Observgt}on Blue agents are fully observable. Detection of shooting of red agents fails with probability 0.3.
Probability
Reward (the number of red agents unable to fire) + (the number of blue agents able to fire) - (the number of
Function blue agents’ firing shells)
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Table 2 POMDP modeling of mechanized infantry brigade’s offensive operations scenario

Position (real numbers), and availability to fire and move of each blue and red agent

State (The number of states = 1044 x [0,1]2)
Action Targetable enemy position per each artillery battalion
(The number of actions = 804,357)
Observation States of blue agents and states of the observed red agents
(The number of total observations ~ 1044)
Trans1t_1§n Each blue and red agent becomes immovable or destroyed according to the result of engagement
Probability

Observation | Red agents being detected and blue agents are fully observable. No information of the red agents not
Probability | being observed is given.

Reward (the number of destroyed red agents) + (the number of immovable red agents) - (the number of
Function destroyed blue agents) - (the number of immovable blue agents)




348 AR AEs AFEe AA =72 A 23 A A 6 Z(2017. 6)

% 50 r

g —— POMDP

S 40 | |~ BASELINE

@ RANDOM

®

5 30

T 90t / * GAR: Goal Achievement Rate
ks [ Algorithm GAR
S 0t POMDP 437%
€ / BASELINE 39.7%
c 4 RANDOM 33.0%
[0} 0 n 1 L n n n I
£

=

2000 3000 4000 5000 6000 7000 8000 9000
Simulation tick

% 5 7% 71¥ 2 POMDP #5748 4% w7 A3}
Eiog ARE AlvEe)

Fig. 5 Performance comparison between rule-based and
POMDP-based agents

X A7} i E R ¢ko} POMDP| ®ls] A%so] &
ot} AxA oz POMDP 548 duglZe 2%
A= <

Fol] o2 Hla i daEFY =8E

N
rhu
.E
00k

SE e

4
2 =82 d3AT xHEA Zy Y= POMDP
d3jo] FFAY L Wt A3 anE o
29 AU L AHIATE B3 He] FUth =

g EOF 2o AUl E st oJdg 2o Ay
222l 7|AE By TAZH 2o AU o=
POMDP #3AY @ig]F #&o] 7Fedhs sttt
POMDP #FAE figEs &3 AT /A=
Ao Y5 S anHoz st AR AEd
ojde] HAES FFAIAIL

or

s
rob
n
N
o2
ol
%
oy
2
°
o,

References

[1] K Lee, H. Lim, and K. Kim, "A Case Study on Mode-
ling Computer Generated Forces based on Factored
POMDPs,” Proc. of Korea Computer Congress 2012,
Vol. 39, No. 1(B), 2012. (in Korean)

[2] J. Bae, K. Lee, H. Kim, J. Lee, B. Goh, B. Nam, I,

Moon, K. Kim, and J. Park, "Modeling Combat
Entity with POMDP and DEVS,)” Journal of the
Korean Institute of Industrial Engineers, Vol. 39,
No. 6, pp. 498-516, Dec. 2013. (in Korean)

[3] E. J. Sondik, "The optimal control of partially
observable Markov processes,” Ph.D. thesis, Stanford
University, 1971.

[4] B. P. Zeigler, H. Prachofer, and T. Kim, "Theory of
modeling and simulation: integrating discrete event
and continuous complex dynamic systems,” Aca—
demic press, 2000.

[5] D. Silver, and J. Veness, "Monte-Carlo planning in
large POMDPs,” Proc. of Advances in Neural Infor-
mation Processing Systems, 2010.

[6] S. Ross, B. Chaib-draa, and ]. Pineau, "Bayes-
Adaptive POMDPs,” Proc. of Advances in Neural
Information Processing Systems, 2007.

[7] A. Guez, D. Silver, and P. Dayan, "Efficient Bayes—
Adaptive Reinforcement Learning using Sample—
Based Search,” Proc. of Advances in Neural Infor-
mation Processing Systems, 2012.

o] & ™

20149 At ARHFRY 24
(b, 20179 @Fet71e9 Asky
S, 20174~ A BET%
A AR WA, BARokE AF
A5, FASE, B

TR

2014@ F=AErled st 24
(3. 2016 S=3e7)ed Aabery
ZQAHAD. 20163 ~AA FEsbr|E
A AxdEhy upalaby, dRoke AT
A, 71AI%sE, 973sets

LI ]

2008 KAIST Aatstst, =] 3}stzh(st
AD. 20101 KAIST ZAAakstal(A4A}h. 2011
W~2013d MX&EFA. 20139 ~20149
LGHAAL 20163784 KAIST =RAtA

Aok deAs, 7SS, Baksths



st d g 71As 2 AU eE S iR 7S el POMDP 35418 3 g AT 349

ol F &

2008 KAIST AAbsts), fet3t £
(8FAh). 20081~ KAIST Z4behy
AU Sy, ARk H o9
sleley, PlEZ gAAAEHA

A&

1995 KAIST ZHAbeha) 8kt 1998 =2
e stal Aakeka AL 2001 Bk
ot AARskat vhAL 2001 ~2003 4F
4 SDS AYATFH. 20041 ~2005'9 24
FIed AIdATd. 20059 ~3A)
KAIST #4¥eta} R, d4lwoks <l
IAE, 71ASE, sy

=] e 7R 2gstus A
ke dhabelel s HE531a1(2008), A
KAIST 2H 2 A|2=glF st 225

Aok AL 7 AlEE oA
FAE, FAKE}, Jrsh

|
1999 14~3A SiAstdTa A
AT 19929 2€~1998d 129 =
AEAAATL BERE SOA, oT,
M&S %




