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Abstract: Policy gradient methods have been extensively studied as a solution to the continuous space control problem. However, due to
the presence of high variance in the gradient estimation, policy gradient based methods are restricted by low sample data utilization and
slow convergence. Aiming at solving this problem, utilizing the framework of actor-critic algorithm, a true online incremental natural
actor-critic (TOINAC) algorithm, which takes advantage of the natural gradient that is superior to conventional gradient, and is based on
true online time difference (TOTD), is proposed. In the critic part of TOINAC algorithm, the efficiency of TOTD is adopted to estimate
the value function, and in the actor part of TOINAC algorithm, a novel forward view is introduced to compute and estimate natural
gradient. Then, eligibility traces are utilized to turn natural gradient into online estimation, thereby improving the accuracy of natural
gradient and efficiency of the method. The TOINAC algorithm is used to integrate with the kernel method and normal distribution policy
to tackle the continuous space problem. The simulation tests on cart pole, Mountain Car and Acrobot, which are classical benchmark tests
for continuous space problem, verify the effeteness of the algorithm.

Key words: policy gradient; natural gradient; actor-critic; true online TD; kernel method
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Fig.1 Diagram of AC algorithm architecture
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2 TD(A)SH V. H B 0

5 t+1 +7Vt k(SHl) Vt lk(s ) (21)
etv = 7/19t—1 + Ol[k(St) pr at}/ﬂ[kT(St)et—l]k(st) (22)
Vi = Ve + 08 + e[V, k() =V, k(s)IK(s,) (23)

Horr, 6878 TD w220 R WEMS 78, S T 2 FiIR S 2 17 JIm a8 380 1) Jr A IR 20T 2 7 22 43 (B 1 < DUk L.
33 EXELBRMENITHERS
FLSEAT 2 1 ORBR B2 AT 80 3 35 43 R Fl 2 L O3 7R SRS o o3 A1, SR 2 45 @A) SE 3T v LAR 7R Ay
01=0+ LWy (24)
FORW A H AR e80T B AR BR L7 1) SR SN S 401 B0k R T AR I, 18 SRR B w=0. T LA R A L ) A
F AR E W SRARE ARG b — 15 (A 28, 7T LU A AR 34 B A(s,2)=Q7(s,2)-V7(s)iE 1T
P RSN RS UR VS S A S P v - TR B TN W)
Wtk:W1k1+ak1A1:m_ Wy W ia Ws o (25)
Ho, A =R =V (s, ) TR AR BN A R QS PT LA T Bt kST e TS 0 ARBR I wemwy,
I L BRI AT RO S REAR O T A v S R, R 1) 5 0 R B B0 AT S8 5 2 X
& = 1281, T AW, o — AIAW A8 W (26)
Weo = (1 = oW o W, + 087 + [V K(5) = ViK(S)IW, o (27)
F T ok K U YA oy A% 3 1) 5 7 X5 A0 A A DG A R B B — R 1.
EIE 1 BBRMABEI A S Critic #FAMWARQRD S, =1, + v/ K(s,,) -V K(s) « TD #EZEM I, KR
P

A/m'n _ Axn' — (71)1’—161’ (28)
E
A=A =R =R -(V(s) -V ()
Rt;.\t’n R/ut'
/th t[ (l t+1) Rt(tv, l])]
= (}’ﬂ')l t[ foat 7V1T'k(st'+1) - Vt—'r—lk(st’)]
=(A)'"6,
FHIE. O
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IR 2. W TAEEN L L #A X (29) AL

Wi = Wit = 7AGEL, (29)
IE BR85S UE I AN S S AR E A E L <<t A (30) k0T
Wiy = Wi = (7/1)H]7i519?71 (30)

KB A AR B 28, =1 B A QST Wiy -y ).
Wippg =W = W0 = Wio + ao[AoMM - Aé‘t = (W _Wt,o)T'//so,a0 W, o
T Wery o~ W o=Winie, €%, =0 LA BE 1,07 LA45 21
Wepy =Wy, = (PA) @y, o, = (72)' 585 -
B2 =k, I<k<t I, 20 30317
Wik =Wy = A sl (31)
2 i=k+1 W A AR 25T
Wy ker = W = Wep o — Wy + o [AT =
BAXGHU LR EMAN X, 155
W = Weier = 0888 + o [0A) T 6 = (7)™ 6, o 8 W4,
= (D) Sl + ay, o — AW, o W ]
= () " Sep.

At T
A< . (W1+1,k - Wt,k) '//sk.ak ]'//sk.ak .

ZE LA gn, A X (30) ks

A=t B AN A K (30), 1T LA B 2 20(29) 5 a7 AFHIE. O
TEIR 3. K TAER I Ta) 35 48 FH 48k e o A- D0 35 o B0 B B W, 2 55 () T 200wy 19 B 5
W, =(1 - O a W;,a( W, + S8l + o[V, K(s,) _Vlk(sl)]WSIAal (32)

I B AR A R (25),
W1 = Weoyg + @A™ =W W o W 33)
BEH 2 AN AR (33), BT AT LS 2
Wy r = Woo 72880+ aylhy + 7ViK(S) =V K(S) + Vi K(8) = ViK(S)IW, o — (W, +7268%) W, o W o
=Wy, — AW, oW o Weo TS8O o — a)AW, L 8L W o 1+ Ve K(S) = ViK(S)IW o,
=W, — AW o Wo o Wer + 580 + [V K(S) —VK(S)W o
= (1 — W oWs o W + 087 + [V, K(S) = VK(S) W, 4 -
FRIE. O
R E R E B, A A 2 e 1 1) J 0 1) B 5 4 FH A T s A0 3 R T a2 — FE .29 A=0 [N, B SR 1
AR 27 CHR[26]H F 7% 3 B AR GE A —80 0T LA B 8 & T A ) S B X Iy S {5 B e
A R AR A3 TIC 158 22, TN ER 2 3T 22 56 IR A% 16, B A% I DR V2580 84
PR 3 B 925 3o TR P 8 0 35 T A ) B S A 2 3 QAR BR JE AC BV AT LR &5 O 50 1.
B 1 TR 4l X 1 AR B6 2 AC(TOINAC) ik,
BN AZ BB KC,)s 0 FHE v W06 2% 330K o, Bos 0 K S 8 o, Bes T IR T 1 S B ARG {51,805+ 550 -
RS v, R S 4.
1. WA Eds 5 Mt D=NULL,{H iR 205 50 v=Vinir, F SR BH FE W=Winie, 0% S £ 0=0nie, 115 15 41 episode=0,t=0
2. FOR each record s;eS DO
3. W2 R05), 7156
4 IF &>v Do
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5. D«Du{si}
6. END IF

7. END FOR

8. LOOP:

9. $=5,6'=0,e*=0

10.  V(s)«Vv'k(s)

11. LOOP:

12. HR 418 WS 43 AT (als), BB a

13. PATIE a 198 F—IRZS s R r

14. V(s") < Vk(s")

15. S r+N(s)-V(s)

16. e' « 7e" +afl- Ak " (s)e"1k(s)

17. V<V +38e +aV(s)-Vk(s)Ik(s)

18. e « et +afl- iy ey,

19. W (I —ap, w, Iw+5e* +aV (s) -V KW, ,
20. 0 0+pw

21. V(s) < V(s

22. S’

23. tet+1

24, WRIEA G, EHH K ap

25.  UNTIL s & IERE

26.  episode<«episode+1

27. UNTIL S0 2 2 1B 45 1, OWC 81 ER episode=T #x A 4% 154k

28. RETURN v,8

% SRR T2 30K o, B T AR IR AR B SRR (267, 6 1 A R[] &4 i 1167 B ML 922 o WA SO IE I SRk A5 K
a iR =Y f=0>al,y <o I HA=0(a) KBt alf) M To 75 /N, Xt KA B T 0 (K B2 22 L

affJ Ry B A SR AT Critic B2 K S8 { o} M1 Actor 12 KZE S} 70 3R oR
_Bb

a,a,
a, = , 5= 34
o+t Bt 34

Hodr t ROREF 0] 25 ; o, B #B I B
4 REES T

SRS A JEE SV 0 M R AE AR KRR BT AR T SR W 43 A1 P 36 8 % 9T B 1, SRS 3 A1 2 A AR R 5 R I T
A5 ) FBE () — AN T 5 v T DA, SRS 0 A 1) T e 2 R M SRR I SO B DL R 2 ) B 1) SRS 1) T e T s R
1M 5 3 HE IR SR 43 A 02 Gibbs 43 Al X T SR ) VR 1 55, S0 43 A1 1] LU e-greedy, t T LR IE A 2041, 1T 1E A 4
A3 1R 25k RS0 R 25 El e-greedy 2% UF UL BT LA AR SR A IE 25 40 A 1 b S o A JUABE 20 2 188 bR BB R

_(a—u(s))z} 35

J2nc?(s) eXp( 25%(s) G
Forh, () =0,k ,(s) Fll o (s) = exp(, K, (3)) 3 7 7 SR (- |8) 43 A1 1AV 13 (EL AN A 72 SEmE S B0 DA T b5 22 0f 2 1)
FFAE 1) 52 5 R 6 =(6,.,60,)" Rl K, (s) = (K, (8), k. ().} T 5 TH 5 Ku() Kol ) LA B2 K() A H ) — A AIE

If] .

r(als)=
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e 17 B m(als) ) ) By, = (V,, logz(als) 'V, logz(als)’)’, Hrh,

v, log7(al's) =——(a u(s)k, (s) (36)
“ o (S)
v, logﬂ(a|5)=[W]ka(S) (37)
7 o’ (s)

5 RBERSH

A T8 6t LA AR M 3% SR 1] ) ST AT (Cart Pole) W) /8 Mountain Car 1] #i LL & Acrobot ] fEAT
5 B SEBMIRA A 56 iE TOINAC B2 1R AT P70 S 36 v B2 R AR U5 iR ALD 386, 4% e 508 o v 30 A% ek B
2
k(s,d,) —exp[—”s_?i”j,
o

Ferpd R RE ALD J7 i i Bt 7 e D BLI RR A
5.1 TF&#FERR

ST AT T 0 iR A A > 20 i Y 3 8 ) ) R 4 1 2 s A R AR /N A B HTT B e Bl AN VAT A
P 3 FRAIAKT B RS AR /NG b Bl S 38 3 KT T Rk AN N g LR TEAHT AN Agent 1 27 2] 43 2156
W AT 5 RT BE A IR I i) 25 B Py DR AN 3.

Fig.2 Diagram of cart pole problem
2 PR )R

3 3o MDP o i B HEAT 2, 2% 1) R (IR 25 1T LR A 6,01, Forly, 0 11 2 T/ 2 4F 5 % e 1 1 1, 0
A £ BE OF £ RS AT R Z0E N ZE TN ) ae[-50,50], R &4 R AR R s B T
6,,, =6, + GAt,
ém = 91 + 6.imAta

gsin(@)—cos(el){a‘ + g Sm(@)}
m+M

il - ml cos*(6,)
3 m+ M
ok, 6 278 ANk 1 ,9=9.8m/s? 7 T N3 1 m=2.0kg Fas AT (15 1=1.0m 7= AT (1K ,M=8.0kg %
AR ANTE R 5 R AL=0. 15 R 7R AN IS A1 25 2 T) 14D 1) B AE IR TR) 25 ¢ B 200 SR AR ay, it SR ACHT 5 18 T 7 1) () 4 B2
—T0/2< O <m/2, LRI 2B r=0; 75 W], r=—1, BAA A ARAF 8 T 45 45 2R WO 19 45 0 SRR — H WA 5 R
3000 ANEFTR]AS A Ay 45 4 J D 17 19 &5 .

TEASEH T TOINAC 592 5 % 28 W DA pe 32 48 1n) 801 S50 64T B3, W CAQ,CACLA,DHP,JAC,NAC.DHP
S — P LA B A R B, R A 4 N 2 3R AT IR B0 3, B Critic P 4% 4584042 2-10-2,Actor [ %5 52 2-8-1.
FX T DHP HiE4b R 5 BB R A ALD FiA% J5 ikl AT s H0E 1, 2 S 80k B N 0,=0.35,v=0.001.CAQ &
R B A 2 1) P ¥ %43 2 {=50,-25,0,25,50}.CACLA $32: Critic (1% 2] 25K a=0.9,Actor {122 3] 25K f=0.2.JAC,

9t+1 =

5
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NAC LLK& TOINAC Hidk# e S W 7 B0 10k, 405 5K ) v 07 SR mes o A Kk $E sl 4, 0 7 7 M SR LG 488, 0=5.0,
4=0.3,7=0.9. 5" NAC 22T LSTD Hik, K BN +& A 0.3,% 32K N 0.8;IAC Hik5 TOINAC
B RIE AT TD 8k i), Ho%: 3P K S0 B N =0.7,80=0.5,=9000,3,=9000.

BT T 10 B 2258 5 5 B aE L, Bt DAY DB R Bl 5 A 17 1 1625 B0k b A B vk 1 e A0k SR 1 i
W E 3 JT 7R TOINAC Sk (il sidse te, B nT BARS R I 5 K5 5004 3 000 20 . DHP 8345 45 B (M 14 Rg, O BL7E
150 A5 7 2 47 95 5 S0 4 10 85 TR 3K 26 2 IR 2 RV 2 — R L R VR R TR 2 A s (H 2
TOINAC VLRI T3 FE Lk DHP $79% 2 BE S, BT LA TOINAC 5092 n] DL 58 e S8 e K0 B L% 3 b s mes
BB, TR I TOINAC By NAC BERIL F T LT — 3, B LI A 350300 A i A5 v 0 2 ok Oy (A
1 EL IR /D B IRHB, TOINAC 59535 T 19 TOTD % 3] b TAC S35 T TD %% 3 DA K NAC 5953 T#) LSTD %
XS AR ol B SR L CACLA Sk R IUAT, 32 B2 TRk SRR 15 R ] R AR A B al T 34 2 3 e 3 R
W BT B UG AT CAQ AR ILANGF,500 AME T PR — s R %2 T 1000 2ME N2 G5
YA L.

3000 .-f.' LA ] L ey
.-‘“i‘”
':f
2500 |
; CACLA
2000 | £ ——TOINAC
£ NAC
& 1500 ¥ - - cag
H%\ '. 1ac
¥ Prrrre
1000 4 LD
#
500 | H
0 o i ! B L Tl T e et A T L e ity
0 50 100 150 200 250 300 350 400 450 500
8k

Fig.3 Comparison of the steps of different algorithms in the cart pole problem experiment

K3 PR ) S 3 b AN R S 1R 20 B b

R T =B I R B A ARL AR 1 R A T IX 6 R 30 (REEE: 500 5 AR B E IR R 7R 500
S A 1 YGEH] 3 000 1S EL R IR LRI 15 000 AN I AR R SEY B ECR IR 15 000 AN
PTGV PAT T 225 T LR, TOINAC VLR R UL T35 5 R IR A2 2 — 1 O Sh AU T
DHP #5772

Table 1 Performance comparison of 6 algorithms in the cart pole problem experiment (500 episodes)

F1OTHOFFISEN: 6 RS0 23 HBR(500 M 1)

SAEA R H R B (%) S35 8

CACLA 243 32.4 1014.6

TOINAC 171 59.2 1854.9
NAC 256 435 1337.6
CAQ - 0 66.9
INAC 202 50.0 1528.0
DHP 140 53.9 1 653.6

5.2 Mountain Cara) g

Mountain Car fia) J e 538 A 27 2 T 5 rb 28 i PR 15 73 QAR S 8022 ) i i, o SR PRI 2 ) 4 s /N 2 A 55 2 A
ARG BT IR S LR B LA IR 1) 2135 28 530 G A il R A A mi A T /N4 R Bl AN 2 BL s IR g 5%
Wi, A JER L 2 0 3k 38 g T, B0 ok e A ok [l okl 22 2 81k v o7 L P N T B A 2% . MIDP % ) it AT A
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BT AR R A [x, V], Hod N EIAKCEALE xe[-1.2,0.5], N E K3 E ve[-0.07,0.07] 4T & I 2% N4
WA TT IR H7 ae[-1,1 RESEE R AETR B R
v,,, =bound[v, +0.001a, — gcos(3x,)],
X = bound[xt +Vt+1]:

Horh,g=0.0025 2 5 T 47 R MR B 2 /N ZEKPAL B x<0.5 I, R GE I B 1,76 ), AN E BB L 5, %500 0.

TEASE S o TOINAC 5035 5 U 80 2 1) SR ms 6 F 5005 LU, e Gl TAC,INAC BA K B 4% 325 1) INAC-E
RS LTFTE S B E A T RBEIE M <33 o, =[0.3,0.02]", v=0.001;0 KA1 L5 5
2=0.7,=0.3,0:=500,5=500; 3T 411 &l 7 y=0.9. 717 % k% 7E ) 535 2=0.3. 1 5 v i 00 il 2 48 02 & i S 52 2
500 2 VPG SN K R I, B BOE R SL AT T 50 R BUR I3 R SR B B 1 SR K B 5 495 (TOINAC,
INAC-E,INAC) L 5 3 B B2 1 S5 gt A 5 Sk (TAC) T Bt 8 B e S 4% 9 P ¥ % #6325 1) 45012 (TOINAC,INAC-E)
ELASHE 8 A% 1 SR B0 S5 INAC Wi S5 s i B bR 3 3 2 DR g W A i3 s 17 AT 1 SR 24 B RE s A ot
A IC 15 22 5 AL PR T 2% 3] e e i LI R A R e I 1 592 TOINAC H1 INAC-E: 4R B B, P R B 80 R
JUTFZEIT 5 000 25~10 000 252 J7), P9 SR AR AN — B 17,33 32 B2 2 PR O B0 824 28 B 28 K45 B 0 il 5
INAC-E 5L 1) B —FF.

S

o2 0.5 0.5

Fig.4 Diagram of Mountain Car problem
4 Mountain Car 7] 8 PR35 7R 75 &

1000

Q00 -

700 -

300 -

00 I I | | 1 1 1 i 1
] 3 35 4 45 5

25
EREES -

Fig.5 Comparison of the steps of different algorithms in the Mountain Car problem experiment

K 5 Mountain Car SZ56 P A A S VL 12 5 H R

N T A B LB VAR I LU 3 2 A T IX 4 FRELE 50 SEER 50 00 A b K R IR AR P Bk R
NIRRT BIE 25 1 B2 D URARARE, T 2237 5 000 TRVP AL SIS /N A B 1R 28 B U5 22,1 34920 B3R 7R 51000 IRVE
A SR /N 11 3528 . AT DUACEL, JE AR A B R B Ty 223 8 P I D B A SRR A S R BB AR 1.
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Table 2 Performance comparison of four algorithms in the Mountain Car problem experiment
% 2 Mountain Car [i B 5250 4 FhSEE R I EEAL

AP} RARP Ji % RECr 21

TOINAC 121 271.3 227.0

INAC-E 121 290.3 258.0
INAC 121 322.0 270.0
IAC 128 351.6 377.2

5.3 Acrobot[a) &

ARG AE — AT B L 0 2 o) 55 1) 8 56 41E BV Acrobot 1) A2 — AN 8 L ML B8 N 7 B SE B AE
Acrobot 7] NI Y, — AN B A RGEAT I HLA N AE T BV 1R _FIs 3, e N A I O & 84T B A DK 3 3%
B R T IE AT A W sh 3, Hon 2 K 6 Fros.Acrobot B WA -7 55, /3 B L A2 B E R P8 S FAR
T B H _FAP AT m AR S DI A R IGO0 T #5238 R 1 A7 it BSR4 B I

X
(,/\ f_,\

@F: >3

Fig.6 Diagram of Acrobot problem
Kl 6 Acrobot i R K

Acrobot [ & B A i e 3L R 1) B 2 R G )L IX R R IR LA A TR TREA R T Tz TR
i MDP. X r] AT @B, b R AR R N [6,,6,,6,,6, ], T Ge[-n,7], 6, e [~4n,4n),0, € [-97,97]
53 A A2 A1 BE 0, 0 10 A1 3 BE AT R 21, FE ML 28 NSRS 17 st i re [ 1,110 A L gs N AR TR, L3 AR T
6, =—(d,4, +¢)/d,,
6, =7+d,4/d, - ,.
L,

M

d, =ml2 +my (12 +12, + 211 ,cos0,) + 1, +1,,
d, =m, (12, +11.,cos6,) + 1,
¢ =-m,l|,67sin 6, —2m L1 ,6,6,sin 6, + (M, + m,l,)gcos(8, —/2) + 4,
¢ = mzlczgcos(é’l +0,-mn/2),
e, 61 A BRAT 1 i (AR s 15 5 0=9. 8my/s? & F g st i s A A4 5 IR BT O AE A TA B H AR S 25
r=—1;75 M, r=0.
CAPT I it >R A Q {HL bR A5 PRI AR AR A SR A e DL BN B , 2 J0E A S R0 A A (1) — P B35 AE AR 52 56 71 TOINAC ik
55 CAPI 5735 DA U 52 00 2 1) 5w o F38 S0 AT LR BL it INAC 592 DA K AT B3 46 18 1Y) INAC-E B3k 7114 5K
5 SRS B B LM EE TR SR B — LT T R OB IR A K 28 0,=10.0,v=0.001; 20 KAH K S %
y=0.5,3=0.3,2,=1000,8,=1000; 3741 K T y=0.9 75 %% #5105 [1) 5322 1=0.3.CAPT 502 — Rt & 5% o) ok At =
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4 4 2
RNA 1 000, BK((s,a),(5;,a)) = [1 +aa + Y > X ] 3L s=[x! % % x*]. Acrobot i) {5 55 46 v AN ) 7 (1)

k=1 j=1
SEL I E 7 BrR.

200 T T T T T T T T T

TOINAC
180 CAPl  H
===== INAC
wof Y |- INAC-E H
\-
140
&
i 120
100
g
10
40

Fig.7 Comparison of the steps of different algorithms in the Acrobot problem experiment

B 7 Acrobot fia] i S 56 FR AN [ 5595 0 B LA

NSIZHG 45 n] DU H,CAPT B3 10 2 S B et (B AE E AN 8, B TR BUAE 8 4, CAPT Bk 1M SRms i AR
AL TR BT 22 50 FEE VA FH SR I SO G AH 2 T2 S I RE ARSI N T 245,118 CAPI HikFHE K&
SR I R A A o ) L R FE VR CAPT B0k e e 1 7 v S e R s fE—— 1 B Q {EL eR R M il A
I AN B A SR T A A5 pR BSOS 8 52 %, AT R T T A% BRI I R Y AN BE AT — e R R B AR I A R
F N SEE ROR AT LA tH, TOINAC 5792 1 5 Jm W S &5 R 24T T CAPL B3 X AT g A N 24 CAPL SVE BN AR (1 444
SEAMKE T Q H #R LG I I IR, Q L bR B I A5 ARG T A% BB A B 50 - o [ A R A5 AR T A B B
PR A BRI Bk AR T Q M bR B A 2500, B £ i T HAm v 0] 8 (19 6% ). TOINAC Sk i s AL+
INAC HEM INAC-E 5%, 5 1 30 SR iR I — 2.

6 % it

N T AERYAL SRR AL 2 5 SRR T S (A v 2 3 S 0 SR I IS ARG 1Y) ) L AR SCTE INAC-E B3 (1 2 Al
AR T M TR B S AR 2 b R 1 AR B AC BV A BV Critic 873, A TOTD 0323 R f o 4
FAISE BT 7E. Actor 300, BCSEAE 2R At 1 B AR 33 11y 58 B S & S 0 A B P47 #F - Mountain Car LA & Acrobot 2648
3% 22 2 1) ) AT A7 B S I I, O 5 At % S R AT AR, AR S S IO T M SIS R T

ASCAATIR 2 J5 S TAE W] DU T 90 G, 30 1 885 A 52 36 I, A SRk T B 2 KA, HAFE AR FH A
AT A, 4 i B A ) ) 238, 2 — 20 i PRl S0 1 ot — AR A A (L I 5 AR S Ak T — R R 8 5 A SC VR S S
PRI R R SRV, N T 88 TG 5 20 A 114032 S8 3 1 2 1] ) 8, 10 2 (L A3 F 9 1 P 2.
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