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An Improved Reinforcement Learning Technique for Mission Completion

X R -FEHEBT%— A
(Wooyoung Kwon - Sanghoon Lee * II Hong Suh)

Abstract - Reinforcement learning (RL) has been widely used as a learning mechanism of an artificial life system.
However, RL usually suffers from slow convergence to the optimum state—action sequence or a sequence of
stimu.us-response (SR) behaviors, and may not correctly work in non-Markov processes. In this paper, first, to cope
with slow-convergence problem, if some state-action pairs are considered as disturbance for optimum sequence, then
they are to be eliminated in long-term memory (LTM), where such disturbances are found by a shortest path-finding
algorithm. This process is shown to let the system get an enhanced learning speed. Second, to partly solve a
non-Markov problem, if a stimulus is frequently met in a searching-process, then the stimulus will be classified as a
sequeatial percept for a non-Markov hidden state. And thus, a correct behavior for a non-Markov hidden state can be
learned as in a Markov environment. To show the validity of our proposed learmning technologies, several simulation
results will be illustrated.

Key Words : reinforcement learning, delayed reward, markov process, batch process
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repeat(for each episode)
initialize STM
repeat (for each step of episode)
choose action and state a.s with respect to ¥ (s,a.5p)
store a, 5 1o STM
take action a
LOOP i =1 to STMsize
IF i=STMsize
Vis,.« Goal Indexy=1
ELSE

{Boltzman exploration)

(a3, < Vs,a s, 0 n

V(s,asp): LTM Value
sp : consequence of action

V(s ,,0)
m

1 : leamning rate <7 <
Azdecayrate  O<p<l

38 3 ohoirda 271719 daalygel oAlmE
Fig. 3 Psedo code of suggested learning algorithm
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Create Graph G(V,E)
repeat forall/ e LTM

get s,ua,sp from LTM entry /

G(F,E) « I(s start Vertex, a as Edge sp as end Vertex, weight=1)
end

find all pair shortest path P from G using Dikstra's algorithm

repeat forall/ e LTM

get s,u,sp from LTM entry /

make V., E from/

if V.E €G then
T'(s,a,sp) < V(s,u,s5p)+a
clamp(F (s.a.5p),0.1}

else
V(s,a.spy e yxV(s,a,5p)

end

33 5 UE 2 e oAt A=

Fig. 5 Pseudo code the resoning process
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Fig. 7 Chaining Sequential Perception
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N=8SizeSTM
loop i=1 to N-1
{
get s,,a, from index i
get s,,a, from index i+1
count=0
loop j=i to N-1
{
get s,,a, from index
gets,,a, from index j+1
if (s, == s, and a, == a, and s, == s,)
count=count+1
}
if ( count > threshoid )
createNewSequencialPercept(s,,a,,s,)
}
37 8 AAE XFE YMts e oAl RE

Fig. 3 Pseudo code to generate Sequential Perception
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repeat for each episode
¢ initialize { STM )
repeat for each step of episode
{
generateSeqentialPercepts()
selectAction()
}
updatelL TM()
reasoningProcess()

}
g 9 MA stEay
Fig. 9 Overall learning algorithm
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Fig. 11 Experiment results for H type maze
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