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Abstract: Typical mobile games adopt a free-to-play business model. Mobile game developers update the
games every day and an efficient way of adjusting the parameters on game balancing are required. Currently,
the automated playtesting with Al agents is considered as the most promised way to efficiently adjust these
parameters. Deep reinforcement learning-based agents have great success in playing games but are not suit-
able for iterative playtesting in a short period of time because a long training time is required. In this study,
we apply the network that evaluates the values for each action succeeded in playing a text-based game to
a turn-based combat game. Our experimental results indicate the proposed approach is efficient. We also
show that getting the embedding vectors of actions from the master data of the game enables us to efficiently

Efficient Reinforcement Learning in a Turn-Based Combat Game

train the agents.
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Fig. 1 The utility function of Ms. Pac-Man [14]
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Fig. 2 The typical network architecture of DQN
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Fig. 3 The proposed network architectures
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Algorithm 1 f2EFiE

master data of moves Mmove

master data of switches mgyitch
activation function f
for epoch =1, ..., B do
Ymove = f(Wmovemwmvc + bmove)
I:TLOUE = f(W"/n,O'UeymD'Ue + b',m,o'ue)
Yswitch = f(Wswitchmswitch + bswitch)
Titen, = f (WiwitenYswiteh + Oiren)
Perform a gradient descent step on (Mmove — Thnope)> With
respect to the network parameters
Perform a gradient descent step on (Mswitch — Thyiren)
with respect to the network parameters
end for
replay memory D
for episode =1, ..., M do
restart game
set s1 = state
fort=1,..., Tdo
if with probability € then
select a random action a;
else
compute each action value Q(s,¥%,,..), Q(S, ygwitch)
select an action a; with max value
end if
execute action a;
observe reward r; and state s;41
set A¢y1 = next list of actions
store transition (s¢, a¢, ¢, S¢41, Aey1) in D
sample mini batch of transitions (s, ak, 7k, Sk+1, Ak+1)
from D

if sg41 is terminal then

set yp = 1g
else

set yx = Tk +yYMmazaca,,, Q(Sk+1,a)
end if

Perform a gradient descent step on (yx —Q(sk, ax))? with
respect to the network parameters
end for
end for
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AE+PA-DQN T3 5 2R U7 86 IRITCDT — X %2 —
LORFEL U, TENCRT 2 ANEE L RRETrEVD
16 IRTCDHDIABREL (Ymover Yswiten) ZFJHU 72,

HOIAARBER D 72D AutoEncoder 1% 5000 TH v
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# 3 DQN THW /IR
Table 3 States used by DQN

NI Wt
kR R ' v oMRE 42
G A SN2y s AR ] 1
R kR R ' v DVERE 42
AR E VOB S 1
i1 oMEge 42
2 oV 42
3 DMERE 42
4 OM:RE 42
RRRTEY 1 OM:HE 42

15 42
ZRKRTEY 3 DM 42
ZRRTE YV 4 DMERE 42
ZRERTEY 5 OMERE 42

& 4 AE THWREE
Table 4 States used by AE

NG Rt
PO R R AR £ v D MERE 42
BB R DD AN 1

kAR R € v OMERE 42
BRGMBIR R B OB OAL 1

B 1 0D IAARFKE 16
F 2 DDA AT 16
Fi 3 DD IAARFE 16
i 4 OMHIABRKE 16

ZRERTEY 1 OHEDAALE 16
ZRRTEY 2 DMDIAAKE 16
ZRAETEY 3 DHDIAAKE 16
RRAETEY 4 DHHIAARE 16
RIRETrEY 5 OHEDAARE 16

£ 5 PA-DQN, AE+PA-DQN T\ /2 REE
Table 5 States used by PA-DQN and AE+PA-DQN
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AR E YDA 1
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DII N IR EEZRL TV 5.
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MEREDS A B U AR 2121349 60,000 AT v 7 DFE D BT
£ 729, AutoEncoder (2 & 2 &IAAREZ T TIEFEERD
RIALORIEBE S NR o7z, — T, TEIO(ME % [E5]12
FEML 72 PA-DQN & AE+PA-DQN “C 13255 B A4 1 4 7>
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Fig. 4 Learning steps v.s. winning percentages with stds
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