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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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1.

1

RGoal

[ 18a] RGoal

MAXQ [Dietterich 00]

1. Subtask sharing:

:

y-ichisugi@aist.go.jp

2. Temporal abstraction:

3. State abstraction:

RGoal 1. (2.2 ) 2.

(2.4 ) 3.

[ 18b]

RGoal

RGoal

[ 18b]

AIXI[Hutter 00]

UCAI[Katayama 18]

DNC(Differentiable Neural Computers)[Graves 16]

MagicHaskeller [Katayama 08]
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2. RGoal

2.1
RGoal [ 18a]

g

g

g

g

Option-Critic [Bacon 17]

RGoal

2.2

[Dietterich 00]

G s g

a π((s, g), a)

Qπ
G((s, g), a)

g

Qπ
G((s, g), a) = Qπ(s, g, a) + V π

G (g) (1)

Qπ(s, g, a) s a

π g

V π
G (g) g

π G

V π
G (g) = Σaπ((g,G), a)Qπ(g,G, a) (2)

Qπ(s, g, a) G

Q

a′ = argmax
a

Q(s, g, a) (3)

2.3
RGoal [ 18a]

RGoal g′

g

s g′

g

s → g → G s → g′ → g → G

QG((s
′, g′), a′)−QG((s, g), a)

= (Q(s′, g′, a′) + Vg(g
′) + VG(g))− (Q(s, g, a) + VG(g))

= Q(s′, g′, a′)−Q(s, g, a) + Vg(g
′) (4)

s′, a′

a

Sarsa

Q

Q(s, g, a) ← Q(s, g, a)

+α(r +Q(s′, g′, a′)−Q(s, g, a) + Vg(g
′)) (5)

[ 18a]

G

2.4

RGoal

Q(s, g, a)

[Sutton 90]

[ 18a]

2.5
Roal [ 18a]

[Kaelbling 93][Sutton 99][Dietterich 00]

2.6
Sarsa

2

3.

3

S G

S G
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−√
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RC = −1
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1: procedure Episode(S, G, think-flag)

2: s ← S; g ← G

3: stack ← empty

4: Choose a from s, g using policy derived from Q

5: while s �= G do

6: # Take action.

7: if a = RET then

8: s′ ← s; g′ ← stack.pop(); r ← 0

9: else if a is Cm then

10: stack.push(g)
11: s′ ← s; g′ ← m; r ← RC

12: else

13: if think-flag then

14: s′ ← g; g′ ← g; r ← Q(s, g, a)

15: else

16: Take action a, observe r, s′

17: g′ ← g

18: # Choose action.

19: if s′ = g′ then
20: a′ ← RET

21: else

22: Choose a′ from s′, g′

23: using policy derived from Q

24: # Update.

25: if s = g or (think-flag and a is not Cm) then

26: # Do nothing.

27: else

28: Q(s, g, a) ← Q(s, g, a)

29: +α(r +Q(s′, g′, a′)−Q(s, g, a) + Vg(g
′))

30: s ← s′; g ← g′; a ← a′

2: Sarsa

Q [ 18a]
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3: 20

(m )
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4: RGoal [ 18a]
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5: S S=0

S=1
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s = g Q(s, g, a) 0

−50−n (n )

softmax β = 1

α = 0.1

Cm RET

4
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