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Shaping Reward Learning Approach from Passive Samples
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Abstract: Reinforcement learning (RL) deals with long-term reward maximization problems via learning correct short-term decisions
from on previous experience. It has been revealed that reward shaping, which provides simpler and easier reward functions to replace the
actual environmental reward, is an effective way to guide and accelerate reinforcement learning. However, building a shaping reward
requires either domain knowledge or demonstrations from an optimal policy, both involve participation of human experts that is costly.
This work investigates whether it is possible to automatically learn a better shaping reward along with an RL process. RL algorithms
commonly sample a lot of trajectories throughout the learning process. Those passive samples, though containing many failed attempts,
may provide useful information for building a shaping reward function. A policy-invariance condition for reward shaping is introduced as
a more effective way to handle noisy examples, followed by the RFPotential approach to learn a shaping reward from massive examples
efficiently. Empirical studies on various RL algorithms and domains show that RFPotential can accelerate the RL process.

Key words: shaping reward; passive sample; policy-invariance; reinforcement learning
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523K F I A0 ST AT 4 FEAR, I MUK LERE AR o A 1t 22 5% o B, AR B AT A G 1) 5t Ak 2% ) Nig A Russel P42 H
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HIE a FHRBPIRE 5" FIREE, R(s,s )RR MOIRZS s TR BIRAS o T 13 20 10 5% I 225 — AN SR 3 48 SO
RESEABINEL G B BB W 7:S—A, T Agent [ H b 25 5 Bl — AN I A I 225 1 SR W 73X LI 22

A =Ty & W il < - S[Z N = 1 < — vz e D =1d
PO LU W TR E {27%1} AT B E, [szl}, b ye[0,1],r0 RN R YSE IIBR I 425
t=0

t=0

R MUK R A A 2 SRR B T B R T, EORE T B D TBCAE T AT 2 2] S TR TSN AR A iR A AR A
FRE DT, A5 2R s KRBT LARIR A V7 () = E, {i}/’ml sy = S}, MR- A R 0T AR R
t=0
07 (s.) = E{zy |59 = 5.0y = } = By [R5 + 7775 AR B EUZ 1 (5)=ma, (5) i 11.5)
t=0
ﬂz'){jt%:‘@ I%l %{ 7‘% Q*(s,a):max,,Q”(s,a),lEEi‘i JI—I\ ;_< %ﬁ}%ﬂ w‘ ?%I: :@J : V*(s):maXaEs'~P(~|s,a)[R(S?S,)JFJ/V*(S’)]9Q*(Saa):

Eg_p(js[R(s,8"yrrmax Q" (s",a")].
I ) 2 43 7 395 2 2N B TR 10, Tt e -3k DUJR 27 R (10 509 Sarsa il O-Learning 535 2 1 i S0 25

© HEBEERAET hipd/ www, jos. org. cn



BIE F AT OERBEARAFEINLT B ik 2669

RN R 22 43 550325 Sarsa. 5503 (1) — 25 T8 v DA R
O(s,a)=(1-)Q(s,a)t o R(s,s")+yQ(s",a")].
O-Learning 5035 1) — 20 B8 v LLER IR i
O(s,a)=(1-a)Q(s,a)+a[R(s,s")+ymax,O(s",a’)].

H 1, AR 22 W) 1) 22 43 S35 (9 A8 4K AR AR B FH >k A 3032 4602 R 28 205 ] 1) il 8. 0z /DN — e ) ) 22 43 5 v (least-
squares temporal difference, {ijFk LSTD)! 13 iof £ 1k 20 & — 2H 5 b ok B P2 T AU o 350 th T8 47 3 He 4
B kU LSTD BE1F 31 T 2 IR H.

548 0RO AR [R] F) — 2 D7 v 2 SR B R U O 40k, e T e — A i 5 1 S s B 4 v A R BR85S B O VA 5
W4 2R B AR R K AL B SRR B SR B 7 2 T — S B B S mp, o h S 8 0vlE RES s NIIBhE
LA a AL 0T ) A 7 A R 7 (| ) = exp(g(s.a) " 0)) Y, exp(é(s,b) " 0); i 3 T HE L )
FOLAE P e 7 g U8 7 (a | s) = F(g(s,a) ' 6,,6,). A B4k 55 i Bf 5 R B (non-parametirc policy gradient, fij #k
NPPG)! V5 it — U Y w] LI 3 o 0B 32 10 JUARE 2 — A2 Hub e,

1.2 REBER
BB Jy I 5 NFRAE 1) 5 B SR I 2 o T R E I DL B 2 F R R R s R B
Ry(s,s")=R(s,s")+F(s,s"),
oA R 2R I Uy 17 851 1 22 5 bR B0 P 27 3 IR T oA 0 5 B R T R B AR A i 36 A8 e VLR A T i, O L
E IR AR 22 0482 Al A7 2y 1401,

AR RS % DL, SR B B A R 24, 4 T SIS 2 I M R, T 3 DR e PR SR R TS RO

() 0N R A 2528 Nig 2 UV J i B 4 B8 9 0 o 500 iR B TR A 1R 3 i B 2 R X

F(s,8"y =y @(s")—-D(s)

S I M S AR RE AR (K — A 78 40 b B AR (I, @ 7T LI AT 3 00 50 Wiewiora ™t — B 4R ot O (HRUEATH)
SEA T VB T 5 N B IIE o B H AT, B8 1R 22 50 T ORIE S U 35 W AN A8 1) 22 55 3 1 o 5010 1 =X I A
4¥:Wiewiora 28 NUHE 1, 2% F& 5h 4 13 bR B AT 200, EL QL F(s,a,8',a)=y @(s',a")— D(s,a);Devlin Al Kudenko™4§
3T 1 T AR AL A AR B R R, bR (st )=y D(s t+1)—D(s,0) 1B & X Fh B BB X CEARZEN T
A O MERIMTTE A LR R ILARLE X 2250 I8 T bR R S0 A8 49 W] AT (R R IR 2877 VR AR B N L e vk — A
HHRZFIBT R4

2 RFPotential /7%

S 2 2] S R AR B A FEA {(S1,R ), o (SoRy) b T AIHEA iy — 2 A HH B IR IR 25 A0 3l 1 4k
(S, =53",a,s"al"...,s\)), Ry Fom WNIREE 13 31 ity BB

AT R 2 M SRR B (UF ) R FE AR R SR ) AORE AR BEAT B AR, 0 I 4 3 T A0 A e — A
M B 2 2 ) R, R DAAR S 2 M D R AT — 284 F 045 L N T R B AT IR HR S el B ) A e 2% 55 98 T o £ o6
RS U B 27 ) ) R, AR SRR — MR AR A B — AN NGB SR D={(s,»)|Vi:seSu,y=I(R>n)}, 3L
R e TS0 B I L X AN IR B AL G TR SR E S N I FR IS (I 2R 7 BRI 2 N BB 10 2R 18 8 B 4
HL AT AT 0), DRtk rT DA P MW B 2% ) S 2 ST RS S A R AR P(y | ).

A T IXRE AN AL B R AR AR B S W] DUR) e R S B R TR BRI T g R sl
Agent S E B U in] A8 L 41 FRPIR S, 1K B B T AN SCI RFPotential Jy v %0 15 4k 2% 3] 85 K i ,RFPotential J7
EAH 2T 0 i e B ) 2B R B 1 SRR B AL 2 ) BV IR SRR T A1) R i R B I R IR SR AR B
355 v IR 2 B 4G BRI IR 2 B AL 38 45 SR A ) B TP R AR A AR AT SIS RO A o) Bk
DA B o] v 52 5 T o 4

© PEBEBSAITT  hip:/ www. jos. org. cn



2670 Journal of Sofiware #4334k Vol.24, No.11, November 2013

2.1 FIREHR

FEATADLEL B BRI S A A Al 0 () 05 A7 A SR AR IS K A — DR 1 B ISR 1) — NPT
T e ESORE, Dy 1 Rl AR AL, AR S T IR AR DR 28 1) 98 2 R i 1 B O 1 R A T A 8 M B 2 ) TR
Hu AT AN IR S R S IR B I W 75 SRR I ZRREAS D, R IR 9 27 20 07 R % JE v

A SR P 56 A BEHUARARU 2R 37 45 AR T SRR J8E . 56 A B L AR AR £l — 21 56 4 DL ol SRR 200 1, A AR AR
(K4 eI RE QA 1 i D T 2R R BR S A BT YR SR B (K I 2R B £ D Wl EL A 3 4 B AR Y s AERE—
AN N BRI RE P IEREA & BT A FEACH LU B 1 2 % B N, R G 2 A7), 985 B e A — A BEL AR B
TR 3 B A AR CGR 6 A7~35 9 A7), RS T AR ] A5 NI 22735 i AAR 73 i (G 10 475 26 11
A7), 2k s )7 4 0 A B R R /> B 38 B 18 o R P N 3 U A 2% 0k (5 3 A7) FT UACEIL, 1Y s i
AR R e AR 1 A% 5 45 S 1R T A AR AT AN 5 ZAE TR I R

BE 1 s bSO 1S 595 CRT.

Input:
D={(51.91)s- (i) } - N ZREHE - 2 TR 5 R A ) o PR 4 B
Output:
NS R
1. Gl AFAN
2. N.c=|{s\Vi=l,.. .k:I(y=1)} |k
3. if|D|<1 or d<0 or N.c=1 then
4. return N
5. endif
6. FEE—ANHENL g 4E 17 2 w~M0,1)
7. A O% TIXIA (min, w's;,max, w's,) W AT A4
8. A L={(s,y) V(s,y)eD:w's< 8}
9. A R={(s,y) Y(s,y)eD:w's =6}

10. 32 U1 H P S 43 5095, N.L=CRT(L,,d-1,q)

11, BB YR W SR 44 3% 590, N.R=CRT(R ,d-1,q)

12. return N

TER L — MR og A BEHL R S 2 )5, T LUR e T A — ARSI IR R 8 8 —DIRE s, ik e AR IR
S TT AR VT 1) IR AT A, ot 2% 4k 3 L 8 5 B 3K 109 774 SRS A BT E S I EREAS (K L) V. e H SRS ABIR A
s W5 B0 ME 2R W HE , Eh — R B ALk S 0 1 1 (00 5 5 S0 M 28 (1A T & AN KR 58 11,15 it RFPotential 55l 4 2 £
SEAT AL e SR, B e AT A 1 B TR PR SR A T RRAR 1) S A AL AR ARG T IS S MR 1 A Ok

Py =119) =2 X1 N

Horp NO(s)RIRES s KIS ¢ AR I 715
22 NEEHRSRREER

FoT IR 5 00 MR BT A SR Y 3 B IR R B R AT v, R L I =1

TR MR R B(y =1]s) BY RSB T RIEID AR FEA MR, T 18 S AR w2 i i — A
BB BB B Agent 22517 il i 5 WARE R DR ZS AR Ng 258 AUNE T 03 TR S B U 2 5 K i
BAESR A S35 1 DR IE S F, & R

F(s,s")=P(y=1]s) - P(y=1]5).
2 Agent [0 3) T ECR A G AR LI, E S — AN Eah 2 8.
Al S AT B S B0 T RE N R AR MEA, T L AR R AR S AR AN S M R A A R 1 B A R U, e AT A

© PEBEBSAITT  hip:/ www. jos. org. cn



BIE F AT OERBEARAFEINLTBR ik 2671

FEAR 22 W8 T LA M0 B0 2% 2 S35 o, I A b 27 > 5 S0 AR 28 2 L A A7 B2 1), 58 A K T T BB A R 1) /5 560 1R
AT BN F AL F, 4310 Agent SRR L.
PV R AR ANANAY. Agent #3015 J5 S0 2R (KR A B A 22 e iIX PRl 76 2 ok 5 A B ) 1 %
& X BRER e
0,(x) :{x, x>0 .
0, x40
KRR 2 AN R AL F e A
F(s5,8) = 0p(P(y =1|5)) - 0,(P(y =1| 5)).
TXAN T SR 2 T bR A A R T ATE 4, B b A S 25 5 i e A SR S
Fy 08 SCHRAF A — S Bty 5 P AN 15 5 S0 A 22 A 0 (088 ) m] B 45 Wi 3104 e 110 28 3R] BT A7 A — BEoIR A,
SRV 1) J 36 A R AR, A2 1320 326 vy ) L %) A3 43 R A, 208 o 33 bR A 11 U )t 8 2 s . A T 3
—ANUF I 2 TY R AR SO T — 2T T AR B 2L Y R B
EX . — N ETFINEBA M A FOR Y R B LR R A
F“ﬂJg_{@@3—¢@LaeATQ’
0, otherwise
Horh, @ — AT WORES s REBIE A™(s)BIRARES o' K85 00,3503 AL @(s") = () I 34 bR 2
EIB 1. 455 — > MDP M=(S,4,P,R)FIE X 1 1 (IFE T BIE AR M 4 1F 32 FOR T 8,4 1T 0 M Sl 5
W PRI 4E & 6 T3 B MDP M'=(S,A4,P,R"), it R'=R+F, % IT"" 3 M' A S i 4 & M 17" < 1T
E W 6T MDP M, B AR A8 BV, T AL :
Vy () =max, E, p. o [R(s,5)+Vy (s))].
EIRYEEETR
Vy () = @(s) = max, E; p(1s.ay R($,8) + D(s") = D(s) + (V;, (s) = D(5")].
SE V() =V (5) — D(s). 1 3B T I S AR B A K, F (s,a,5")=(s")— @(s), AT LAFS E
Vip(s)=max, E,_p.. o [R(5,58)+ V. (s)].
IX SN MDP M1 LR B g I 0 R DR 1 A O 1 SR DA R B B 7y, = W R B, B A IR A AR e 4
n] LLUE
01(5:0) = Ey_pjs o [R'(,8) + V(8]
R, a e 4, (s) B
01 (5,0) = E[R(5,8") = D(5) + Vy ()] = Oy (5,0) = E,[@(5)] = Oy (s5,0) = E [(s)].
Forp AR S 5 1 (s )= dXs) B0 a ¢ A, (s) I, 7T A3
0(5,a) = E[R(s,8") = D(s") + V()] = O (5,0) — E,[@(s)].
KL 6 T BT A7 PR s, T 1BV a € 4, (s) b ¢ A, (s), 11 4y, (s) 52 XAT:0;, (s,a) > Oy, (5,b), FTTi} Q) (s,a) >
Oy (5,b). 1 Ay, < Ay, fir BAFIE. O
IR I T AR SR AR S5 A 22 B B Y R BT DUNAE Agent SR BUR AL BN I £& (A4 22 5, IR e 5 | N TR e i
R SR gk LU 25 2D AN JEE (e T S A0 T e P ) 1 0 T 25 ) 30 e AR SR 2 iy AT ) L A0 Al b A o1 IR s,
ARG B BAE T DAE AT . 5 05 S 275 21 0 5 0042 7 35 1 b s 5, mT AP 38— AN IE U S5 T3 4
SR SR TBTE R L Py
F, (s,s"), F,(s,s)=86
0, otherwise

Fd(s,s')z{

RORAR LI 3 RGBT s B

© PEBEBSAITT  hip:/ www. jos. org. cn



2672 Journal of Sofiware #4334k Vol.24, No.11, November 2013

3 X B

AL J7 % RFPotential 7F Maze Fll Mountain Car 3X P /™ 3 4,27 3] [a] |- 5 22 b s 8 5 4k 2 3] 5 VR AT LU AR,
71T SE 46 P RFPotential Jy V211 25 20 #Ras KR FE 4 10 IR 2H 161 56 4 REATLAR AR, B S50 A ok ¥ 523847 100
UG UAIRAR P 8 P e
3.1 Maze

ASCE SR AR 15%15 1K) Maze (0] 8 @& 1(a) s, e, S R WG AL H,G Ron &L, T A
F LR 7 0 T LA R T 38 C RO R 7 MR B ) AR Agent. SIS & (1) e, i A5, 1) K,
)R AL — A, I LL0.9 IR X AN TS 1) 88 3 (B AF H A5 A7 A Behs 490), [ I, e A7 0.1 (KBTS AL Rk
AT ).

(a) Maze ] (b) WdE 15 MFEA (c) Wtk 40 AMFEA (d) Wk 60 MFEA
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R 256 /I 0 D) 2 7 i 560 MO 236 LA KA 7 B M v A S 60 45 T AT DA 3K 218 5 6 W R A AT B 1) g
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Fig.2 Experimental results on Maze
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