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Introducing a Call Stack into the RGoal Hierarchical Reinforcement Learning Architecture
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Humans can set suitable subgoals in order to achieve some purposes, and furthermore, can set sub-subgoals
recursively if needed. It seems that the depth of the recursion is unlimited. Inspired by this behavior, we had
designed a hierarchical reinforcement learning architecture, the RGoal architecture. In this paper, we introduce
a call stack into the RGoal architecture to increase reusability of subgoals. We evaluate its performance using a
maze with multi-task setting. The result shows that the convergence speed improves as the maximum stack size
increases.
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procedure EPISODE(S, G, think-flag)

s+ S;9+ G
stack < empty
Choose a from s, g using policy derived from Q
while s # G do
# Take action.
if a = RET then
s' « s;g’ « stack.pop();r < 0
else if a is C,, then
stack.push(g)
s« s;9 < m;r « R
else
if think-flag then
s < g;9 < g7+ Q(s,9,0)
else
Take action a, observe r, s’
9 g
# Choose action.
if s = ¢’ then
a' + RET
else
Choose a’ from s', ¢’
using policy derived from @Q

# Update.

if s = g or (think-flag and a is not Cy,) then

# Do nothing.
else

Q(s,9,a) < Q(s,9,a)

Fa(r+Q(s',g',a") = Q(s, g,a) + Vy(g'))
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