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Abstract: In combat simulation, establishing tactical behavior decision-making models for
commanders is crucial. However, challenges such as a large state-action search space and limited
decision-making time are faced by computer generated forces (CGF) during the decision-making
process. To address this issue, a tactical decision-making method based on Monte Carlo tree
search (MCTS) was proposed, and a hierarchical task network (HTN) was introduced to guide
MCTS node expansion using domain knowledge. Furthermore, an equal-probability strategy was
employed by traditional MCTS when selecting opponent actions, resulting in uncertain opponent
behaviors. In view of this issue, an implicit opponent modeling method was constructed, in
which opponent strategies were identified through particle filtering, and the prediction results
were integrated into the MCTS decision-making process to enhance decision-making relevance.
Simulation results indicate that under different time constraints and map conditions, opponent
actions can be effectively predicted, and targeted decisions can be implemented by this method,
thereby significantly improving the winning rate.
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1 Procedure
GenerateChildNode(Node n, State s)

2 if n. t#Null A !n. t. Completed ( ) then
3 GenerateNode( 7, s, Replicate (n. T'))
4 return
5 BreakdownTasks( 7, s, Replicate (n. T'))
6 Procedure

BreakdownTasks(Node 7, State s, TaskStack 7)
7 if 7= then
8 return
9 T,« T[0]

10 if 7 is compound then

11 for each method € T, do

12 if method. Available(s) then
13 T' < method. T, 0+ T[1:]
14 BreakdownTasks(n, s, T")

15 elseif 7, is primative then
16 n.t< T,
17 GenerateNode (n, s, T )
18 Procedure
GenerateNode(Node #n, State s, TaskStack 7T)
19 move < GetAction ( p(n.s),s,n.t)
20 n. AddChild(new Node(move, 7, n. t))
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