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Abstract

In reinforcement learning, Q-learning converges
quite slowly to a good policy. Its because searching
for the goal state takes very long time in a large
stochastic domain. So I propose the speedup method
using the Q-value initialization for model-free
reinforcement leamning. In the speedup method, it
learns a naive model of a domain and makes
boundaries around the goal state. By using these
boundaries, it assigns the initial Q-values to the
state-action pairs and does Q-learning with the
initial Q-values. The initial Q-values guide the
agent to the goal state in the early states of
learning, so that Q-learning updates Q-values
efficiently. Therefore it saves exploration time to
search for the goal state and has better performance
than Q-leamning. I present Speedup Q-learning
algorithm to implement the speedup method. This
algorithm is evaluated in a grid-world domain and

compared to Q-learning.
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2.3 Speedup Q-learning

Speedup Q-learning-& speedup methodS T8 &
neFolck. & ¥xngFAA Goal state absorbing
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Speedup Q-learning (l/ife time, 7)
(D Initially G={ }, Q(s,a)=, and Next(s,a)=null for all s
and a.
While (there is Next(s,a)=null)
Pick a state s randomly
While (there is an action a whose Next(s,a)=null)
Select an action a whose Next(s.a)=null and
execute it
Observe the new state s’ and Next(s,a)=s’
If (s is the goal state)
G=GU({s},
Q(s,a)=0 and Next(s,a)=s for all a
s=s’
(2) Initially Boundary: ={ }, Boundaryo=G, and Domain={all
states}-G
i=0
While (Domain is not empty)
For (j=1..number of elements in Domain)
Pick a state s of Domain
If (there is Next(s,a) which is included in
Boundary:)
Boundary;.1=Boundaryi.1 U (s}
Domain=Domain—{s}
If (Boundaryin={ })
Boundayi.1= Domain
Domain={ }
i=i+l
(3) For (i=1..m)
For (3=1..n)
If (siEBoundaryk, Next(s;a;j)€Boundaryk-)
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