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Analysys of incremental natural policy gradient method
and minimizing the variance of gradient estimation

oo ot OO0 oo+ oo o+t
Ryo Iwaki Hiroki Yokoyama Minoru Asada

000000000000 O00O00oOoooooo

Department of Adaptive Machine Systems, Graduate School of Engineering, Osaka University

“0O0O00O0O0O0DO 0o0ooooooood

Department of Intelligent Mechanical Systems, College of Engineering, Tamagawa University

We propose a natural actor critic method based on SARSA(X). The proposed actor not only estimates unbiased
natural policy gradient but also is independent of an approximated value function. Our critic explicitly minimizes
the variance of actor’s gradient estimation and does not need any auxiliary function, while conventional methods
estimate an optimal baseline in order to reduce the variance of natural policy gradient. We apply our actor-critic
algorithm to simple pendulum swing-up problem and show that our algorithm can learn more stably than the
conventional method.
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Algorithm 1 [0 0O 07]

1: Input:

2: 0 Parameterized policy

3 7(-1-:0)

4: 0 Parameterized value function

5: V(-;v)

6: Initialization:

7: 0 Policy, value function and advantage parameters
8: 9:90,’0:’1]0,11):’11]0

9: O Stepsizes and discount rates

10: Qg, Oy, Qy, B,y

11: O Draw initial state

12: So ~ p(SD)

13: 0 Draw initial action

14: aop Nﬂ'(aolSo;eo)

15: for t =0,1,2,... do

16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:

Execution:
0 Observe next state

Str1~ Ty
O Observe reward

e~ Rey
0 Draw action

a1 ~ 7T(at+1|8z+1; et)
Eligibility Traces:

€ir1 = 7€t + Volnm(asi1|st+1;6+)
Action Value:

Q(St7 at; Btfla Uy, ’UJt)

T
27: = V(Sz; ’Ut) + <Vg In 7T(llt|8t; Ot—l)) we

Q(3t+17at+1§0t,vt7wt)

T
= V(St+1; vy) + (Ve In7(@es1|St+1; 0t)> wy
TD Error:
8 =1+ W‘Z(Stﬂ; vi) — V(se;0)
5? =71+ ’YQ(SHL iy 150y, v, wy)
—Q(8t,at;0:—1, v, wy)
Advantage Update:
Wil = Wi + Ay 5? €
Actor Update:
0i11 =0 + apwy
Critic Update:
Ct =7Ci—1+ Vo V(St; Vt)
V41 = V¢ + Q 5,}/ Ct

28:

29:

30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41: end for
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Algorithm 2 0000

1: Input:

2: 0 Parameterized policy

5 w(-|-:0)

4: 0 Parameterized value function
5: V()

6: Initialization:

7: O Policy, value function and advantage parameters
8: 9:90,1]:1)0,11):100
9: O Stepsizes and discount rates
10: g, Qy,y Ay, 3,7

11: O Draw initial state

12: 50 ~ p(so)

13: O Draw initial action

14: aop ~ 7T(ao|80; 00)
15: for t =0,1,2,... do

16: Execution:

17: 0 Observe next state

18: St4+1 ~ 7;2/

19: O Observe reward

20: re ~ Rey

21: 0 Draw action

22: a1 ~ m(ais1]Ses1;0t)

23: Eligibility Traces:

24: €11 = Y€ + Vo ln 7r(at+1|st+1; 9,5)
25: Action Value:

26: Q(8t41, @ti1; Or, ve, wy) .
27: = V(St+1;’vt) + (Vg 1n7r(at+1\st+1;0t)) wi
28: TD Error:

20: 5,? =r;+ 7@(3t+1, aiy1; 60, Ve, W)

30: *QA(St, a; 011, Vi1, Wi—1)

31: Advantage Update:

32: Wiyl = Wt + Oy 5? =

33: Actor Update:

34: 0ir1 =0+ apwy

35: Critic Update:

36: Cy =V, V(sH_l; Vt) eal

37: 6,5 = /Bétfl + C;

38: Mt = ﬂmt71 + Aw;

39: Vit+1 = V¢ + Oy (5Ctmt71 + étAwt)

40: end for
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