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Hierarchical reinforcement learning in dynamic environment
SHEN Jing, CHENG Xiao-bei, LIU Hai-bo, GU Guo-chang, ZHANG Guo-yin
(School of Computer Science and Technology, Harbin Engineering University, Harbin Heilongjiang 150001, China)

Abstract: The existing reinforcement learning approaches cannot satisfactorily solve the learning problems in dynamic

environment. The optimal strategy must be re-learned when environment changes. The learning algorithm cannot converge

to optimal strategy if the interval between the changes is shorter than the duration of strategy converging. In this paper, a

hierarchical reinforcement learning approach adapting to dynamic environments is presented based on the Option hierar-

chical reinforcement learning. According to the hierarchical characteristic of learning, the approach only takes into account

the changes taking place in the sub-goal states of hierarchical tasks or the environment states of current Option. So the

process of strategy update is limited in a small-scale local space or a low dimension high-level space. Consequently, the

process of strategy update is accelerated. The experiments with shortest path planning in a two-dimensional dynamic grid

space show that the presented approach is obviously faster than the existing approach in strategy update. Additionally the

dependency of convergence of the learning algorithm on the frequency of environment change is reduced.
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1 (Introduction)
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2 HRL (Principles of HRL)
RL Agent ,

π∗ : S → A, Agent

, : S

, A . RL MDP(Markov deci-

sion process) . RL HRL

. HRL

, (Abstraction),
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, , HRL SMDP(Semi-MDP) .

Option HAM MAXQ

HRL , ,

Option .

Option , Option,

Option

Option .

MDP Markov-Option,

< ϕ, π, β > , , ϕ ⊆ S,

, s ∈ ϕ , Option ,

, ϕ Option

, π : ϕ × Aϕ → [0, 1] , Aϕ

ϕ , β : S → [0, 1]
, Option s′ β(s′) , ,

sG β(sG) = 1.

Option , μ : ϕ × Oϕ → [0, 1],
Oϕ ϕ Option , ϕ β

, Option< ϕ, μ, β > Semi-Markov-Option,

MDP , SMDP.

Option , Q-

:

Qk+1(s, o) =

(1−αk)Qk(s, o)+αk[r+γτ max
o′∈Os′

Qk(s′, o′)]. (1)

: k , αk , γ ,

r Agent s τ o

s′ . Precup Q-

, Option 1
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.
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3 HRL(HRL in dynamic envi-

ronment)
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. HRL ,

( DQ ) :

Begin DQ()

1) Q

2) Repeat

3) s ← s0

4) Repeat

5) s

6) a

7) s′, r

8) (1) Q

9)

10) (s, a, s′, r)
11) Until(s′ )

12) Until( T )

13) , Option

14) Option

15) Repeat/*Semi-Markov-Option */

16) s

17) Option o

18) Execute-Option (o, s)
19) (1) Q

20) Until( )

End DQ

,

< V,U,E >, V , 5)
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Option.

9) E , i j
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a o 8) Q-
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, T

, , T = 2 .

13) [8]

[9] Q-Cut[10] .

, .

18) Execute-Option
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Option

Begin Execute-Option(Option o, s)

1) s′ ← s

2) Repeat

3) sc

4) If (sc �= s′) Then

5) If ( ) Then

6) Semi-Markov-Option

7) Else

8) If (o ) Then

9) o

10) End If

11) End If

12) Execute-Option(o, s)
13) End If

14) o a

15) s′

16) Until (s′ o )

17) (1) Q

End Execute-Option

:

, Option Option,

MDP.

4 (Simulation and analysis)
Agent

( 1), Q- (RQ) HRL

Q- [4](HQ) HRL

Q- (DQ) 3 .
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Fig. 1 Experiment environment
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Fig. 2 Performance comparison of algorithms
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Table 1 The dependency of algorithms on the

frequency of environment change

RQ HQ DQ

1/100 52 45 42

1/10 845 255 42

1/1 1313 338 44
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. DQ
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5 (Conclusions)
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