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Reinforcement Learning with Reusing Mechanism of Avoidance Actions
and its Application to Learning Whole-Body Motions of Multi-Link Robot

Akihiko Yamaguchi*!*2, Norikazu Sugimoto*? and Mitsuo Kawato

*1%2

In acquiring a motion only from its objective by learning, large cost, such as damage from falling over, and a large

number of trials are required if the motion is a complex one, such as jumping serve. Reusing the knowledge already

learnt is an essential mechanism to learn such motions efficiently, like humans do. In this paper, we propose a learning

method to decompose action-value functions for reusing in the framework of reinforcement learning. Awvoidance ac-

tions that are assumed invariant across different tasks (e.g. avoiding to fall over) are learnt separately from primary

actions that are assumed task specific, then the action-value function for the avoidance actions is reused in learning

new tasks. Furthermore, we extend the method for multi-link robots to learn whole body motions. The proposed

method is applied for moving tasks both in discrete and continuous planes, and is also applied for a tennis-serve and

a jump tasks of a 4-link robot. We also demonstrate a issue in reusing of the similar method, Q-decomposition [1].

The simulation results show an performance advantage of the proposed method over Q-decomposition in reusing

avoidance actions.
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Fig.1 Reusing by separating the primary-task and the
avoidance-task rewards. LM stands for a Learning Mod-
ule
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TR HEEEEE L2 BT EI DS EA DY A2 THHRIHITTE
HZEEMEL: YRERNEFAHET? 7u—F" THbH. 2D
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JOFFT 2 H MO i L LET 2 M EOFEH IR L CFY
L, HHOEBEEPYENLE b o7z SO BT &L
THAALZM4]. SHITHLKERL L) LT 2WE0IKE
T CILHEE LW oIRE Wikd 5 2 & CERAOMEOFY
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m1(s) = arg max Q1(s, a) (2b)
acA

T HEFA TR TR S Q1 DERET S, Q1 Q1 D
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i€{0, 1} ie{0, 1}
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K (6) A2 S NLVDIE, ZOOHIAREEIZ X o LIt ofE
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LR OMAEDE Ry, R1 %W - 7284121d Ry <0 &
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FENRET 28, 3 % b b EARI LA TE) O TE)
B AHEFETE LI 0b o, OB UZROL N
B L o TR O NBITHOMERRICEZE 2 RIS THEVHIET
5. RETEBEEMEG L L ORMEFERT Ry b OESFE T
bLIZLIEHVSND (BIZIESCHE[2) BTy 7 vy
b7 —2 [13] (Normalized Gaussian Network, LT NGnet)
T THEGIRIE 22N T 2179 ke L, S 51200
FEITERWT BIREKN 2 BT 5 720 OEBRBBIEIEEIZOWT
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y~ f(z) £ 3, Ne(z)(Wiz + bk) (10)
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> G e, Br)

TS 5. 22T Wy, by SEIEEBEE AR - 7242
B85 x5, Go; p, X) EHL p, 78S OF 7 ABKTH
D, Ni(z) &HBAT 2 1ZBTLEED 11245 &) IZIEM
fLENTEATHD. & 5HIEKAEL 2 ZBEAT 57z
WML GhbE Ty b EESR.

Z CCIHATE I E B R EBUIREE 2 (6 L CD A NGnet 12
L BEBET, ATH) o ZHEEES A 2HERENE 2 L%
HMELCT—T VMV 27y 7T2HWE. T4bb

Ni(z) & (11)

Qi(z,a) = Qi(w,0) £ 3 Ne(@)Qi(k,a)  (12)
kel
12X o THEMIMERR I SEM E N TwAE TS (Kidz=v b
DESR). Qi(k,a) IFEHOT—TVTHY, INPFEFRD
NG RAZERD, ZONT AT OBHFICIIFEE 2R B 72012
TEIOEIE % V5 Q(N\)-learning [14] @M T2 (1% A).

3.2 [HBEsE] (CE D CEFuRLSREEE

—IREERER BN L W E BB b0, T2
EPERE % 560 5 72 O I BB AR O BRI L H B FERE <Rl
REEMICRESNS. IR TNEINEL b4 L, &
BB LA OB ERIEL 2B G606 5.

—fl& LC Fig. 2 (a) \IR &9 7%, HEBEHE »b0EAL
Ny 2812 U CTH D D DOIREETREIRL 72 F—DfT8As, 2
nLRER G 2 b 75T L) aBEEEZL. ZORKHE
Bk RIS S N ATEVMIER E D /8T 2 & Q1 (k, a) 12K
RE oo OFTE) a 23RS A2 LICL > THOFAICHETSN
L. AT RETEZME L FEIRL 2L 912, BOHMR A
Ty TV ARNRTGASEDHEBERELHEESINLOT, 20
BIKEE 21 THUATE) a 2B IRT HHEEITR VY ~ V@R L
LD /AEL %D, HRELTITE a OFRD 21 2B LK
WHEOWE 7 T, FEIERIANE 2 2 IO S5 T
fE WA A T RE SR < 72 B

S BECE PR VD & — ISR D 55 RE T, 4
ROEEEECHRI DV FFAHICBVCOMEE RS, FALFIT
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(a) (b)
An example of a basis function that will lead to failure
of the learning (a), and improvement by dividing the ba-
sis function (b). Each ellipse denotes a basis function
(normalized Gaussian), and a denotes an action

Fig. 2

Q1(k,a) DIKAEE 20 DOATE) 0 ZEIRL /22 LICL o THOK
ISR SNFi /2% & A7 OFBETHAH S NI2GE, 204
HEDOIREE (z1 &) DOITH a *HETHAHIIL 00O T
BIRT LHEFEMMEC 2 oTLED

COMBENKEEMOEZTRE TWA2HHNL L,
Fig.2(a) ® &9 a3 B KB K% Fig.2(b) ® X5 124
T2 ETHULTES. DQL+HIZEHFHNIZ Q-learning % I
WTBY, BEFCIREEITEIZER 7 & Q-learning THrBE~E 251] g
ThAH5M (6) 2z sNs L) I¥FE SIS T L, Fig.2(a)
DL BHEIIITOEMEPHNDL 2 L, BT OENEIS
A U ATEMIE R S 2 o TR CE A 2 L ICIEE T 5 &,
WK TEFRSING [HiiRE] ZiHIT2 2 L CHEE 2 53
JEREEAHN LS ¢

2
C’(z)é( Z meaic,}i(z,a)—meai( Z Qi(r,a)> .
ic{o,1} * 42 ief01y
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DL E R R A LK & AU R B R W 2
ETHEINT2” L) 77O —F |2 & o CEFHIRAEZRIIC BT
L EFAHORMERN B O T IENTELEEZD
N, TRZ2EMMETHELUTOLY)BRTIVITY ALIZhD,

Algorithm 1: Manipulation of basis-functions based on the sep-
arative error
X — rHERRE R R Y A IREESE S *1
for each z € X do )
Ca < Z é{lgiQi(x7a/) - glgi(‘\ Z Qi(x7al)>
i€{0,1} i€{0,1}
if Cy > threshold then
o (B HE B %2
end if
end for

%1 O R T 2 RBEE L LT, KLEHEEOF
LBLPZENSOFRIRENSER L. LM Ts2ED
WREZEDS, Z D45 C(x) OFEMIC & B EHEHEE AT 5. %2
OIEEEHE OB FIZOWTIE, Sato 5 [13] @ “unit di-
vision” #SZ I L FEr AW ((HEB). Co7)Lvay X
LOFEFTH A I v 7L L CITENMIE IO EH A - 721l
BRIEY — FORTHEGREDVEZONDLDS, R8T RX TN
MVOBT7TOr— e FoEELOWENLBENHEYLTH
L. mBZOTNVIT) Xn0E NGnet ZHiFEE L72d DD,
#% B OZEBIOBEM ST iE % 225 3 4UL NGnet LYo BEGR
WEs (2R LRETV) ICLBEHTELEELIOND.
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4. ZEEOAKR v FOEHFEANDICH

RETIIHEE COFELLHE TRy MO & EHFEEIC
T L HFEICOWTHRRS, 22 TldeHsE#Hz [aRy b
D—REAVEERZE AN Y 2 YR OB & > CRI R EE) ]
EERL, PO uRy MIEEVEEEOLEFH TR Y h 2
ET D, BIZITHIESR (R—VomiifrEzEELR) —7,
A& EATY EEY 2] % &N HEEICH YT S uARY A
WEGIEE) 2 S Lo 2 L 2 REICT A 20, TN EE
bRV OIZORY bRy AT KA L 72 E T IVIZH 2.
DL & OFEITIREEZREIAEIRICIC % B 72 DT KM A9
2B 2k, LERDEREED 72 OBEER THOSFM R
FMDEALT B2 OHBMEE LTOH LW L TH AL,

C OIS B 7202 ITF o7 7a—F 285 (Fig. 3) :

(1) oXy b OIEESAFI 2 2A%FH2=y b (UTY >
R ENER) DHIES A F 3 7 A% D NGnet THE L
(FEMIIATER ©), C ok S50 N/ BB T 1T i
BIELOHEEIC Dl .

(2) 47EhiZ NGnet »5—20HEY YRV k 2 BOZFD
RIEBEHOTL u 2 HEE LAFI#EZFT) L) DT
HbH. ZOLEOHEIIREEA ¢ OWED )V L% FH
T L72b ODERANI % B & 5 ([ BEIABLE % 5154 L [15]
(4% D), PD #lf%CEaMT 5 L TEBT 5.

SOOI HFEEFRHALAZEIR (a) 714537 ZDIERIEE
AERL R B u Ry DORIESHEEC Y, TEMIHRE
HET 272D ) EOREMBERET 248N H L (G
IZEH L7 A F 37 AW AU I D B o R
Thw), (b) &HEIIIEEINY VRVOBRIZE > TE
BHTE2L W) ZOoDEDND S, (a) DIEIZL>TOaRY k
DFAF 37 A%EMT S NGnet D3RI H03AT BRI 54
DSBHE R IRRE I BB R 12, # ) TR WIREBIZIT B <
AL S MATENE RIS B8 L 7= B BOR D gersis s s &
MEshs, (b) OWEIZL VITEZRE L TV L0 %%
BIEIEEI LI WA, 2B % KIRIZHED 5 L v ) Fl)s
b, EHIZIEEBBO/ST A Y FEE L ATEIEERE B 0%
BIIHIEOEADHKRIZ R HOT, HBHZEITELFE R TH
nnEMMEFETE5,

5. Y32l —Y3 FEB1:BEE2XY
AEETIL 2 BTN DQL+ DA F MRS B 72 0MT-Ik

reward R,

LM for primary task

reward R,

LM for avoidance task

{Nd(x)}

a: action

Low level controller

u : input torque

NGnet trained to
approximate dynamics
(Symbol set K)

X : state

reward {R}

Fig.3 Architecture for robots to learn whole-body motions.
LM stands for Learning Module

HATRy bEaEE 27 %2 5

ZE B L Rt E R L oRE) ¥ A 7 IZ#H L, Russell
5 ® Sarsa 12 & 5 50HESE (1] &L CHlEsE & BAIHIC
BB HREDE N EMGEET 5.

WENOY 27 0Ky FOEFFENOIGHZE# L 72D
DT, A¥— MKE (“start”) 225 T—VIKEE (“goal”) 2%
B9 2L MR 52 ENH) IR THL. — TR LI
LT 5 AT XIREE (“bad state”) DH D, I OIREEIZFT
CERELRAOHIMAG Z 515, 512 [ (“wind?) 3%
BHr—T oy bofTEi 22 b s+, U3 “bad state” I2BE L
TLEYRENHFIET 2 @B L2 oRELEE). =¥y —
FIiZZ28 — 25130 F Y, T—VIZFHET 52 “bad state”
IZERLIRATHTETS.

5.1 HRFREBICHI2BEH2XY

Fig. 4 [IRT 7 x 10 OFIRZEMICBIT 2 BE) & 2 71258
M5, IR s = (z,y), BRTEAITENT L TELGD 47
HTHD., “start” 75 “goal” IIBETENIRRDOY A7 D
W Ro = 1 2852 51, “bad state” TIIRKZ WA DO
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Fig.4 Moving task in the grid world
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Fig.5 Results of the moving task in the grid world: Each graph shows total rewards per episode (the mean and the +1
standard deviation (SD) around the mean over 100 runs). The labels of the curves denote the following: DQL+ (no
reusing): separative learning without reusing by DQL+, DSarsa (no reusing): separative learning without reusing by
Sarsa, proposed by Russell et al., DQL+ (reusing): learning with reusing by DQL+, DSarsa (reusing): learning with

reusing by the method of Russell et al.

2
0f 3 = i
g 2
2 \@) DSarsa 7
nE)_ -4 |» ] (no reusing) |
g -6 \@) DQL+ -
(no reusing)
T 8 4
S
E -10 -
12 - _
-14 | | | |
0 500 1000 1500 2000 2500

number of episodes
(a) Results of separative learning

2
]
0
(]
g a2 ,
2 Db
a -4 RN
o . - DSarsa
= - DSarsa -
chx_ -6 \ (m) (no reusing) (i) (reusing)
T 8 i DQL+ _
g 10 Vv (E) (rgusing)
z - & 4 \ |
= : =5y DQL
A2 - © (n(olr;using) =
14 \ \ \ \ \ ! !

0 50 100 150 200 250 300 350 400
number of episodes
(b) Results of reusing the avoidance actions

Fig.6 Results of the moving task in the grid world with traps: Each graph shows total rewards per episode (the mean and
the +£1 SD around the mean over 100 runs). The labels of the curves denote the same learning methods as Fig.5
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Fig.7 Moving task in the 2-dimensional continuous
plane. Each ellipse denotes a basis function
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Fig.9 Moving task in the 2-dimensional continuous plane to test the

algorithm of sec. 3.2. Each ellipse denotes a basis function
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Fig.8 Results of the moving task in the 2-dimensional continuous plane: Each graph shows total rewards per episode (the mean
and the £1 SD around the mean over 25 runs). The labels of the curves denote the same learning methods as Fig. 5
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Fig.10 4-link robot who has 3 joints and 3 actuators
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Fig.11 An example of a trajectory of the damage D over the
total normalized force d during a symbol transition
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Fig.12 Results of separative learning the serve task: Each
graph shows total rewards per episode (the mean and
the £1 SD around the mean over 14 runs). The la-
bels of the curves denote the same learning methods as

Fig.5
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Fig.13 Trajectory of ball-velocity v, and snapshots of an ac-
quired serve motion. Each circle on the trajectory cor-
responds to the snapshot
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Fig.14 Results of learning a fast serve reusing the avoidance ac-
tions obtained from learning a slow serve: Each graph
shows total rewards per episode (the mean and the +1
SD around the mean over 25 runs). The labels of the
curves denote the same learning methods as Fig. 5

HEDPHEENIHEATVWS EEZ BN, TRy b OEEFE |2
BUAHEMHONES ZFEL 05, (1) OFERICIZFEE R
HRTHEERBRBOBE IS LT/ X ¥ ZHIKT 5 7% &5
EZ2 N5, BEKEEEFESTI LT (2) OfMEEZ L) K&
(T B1OEBEDPLETHD.

6.5 DkiE

3.2 Hi Cik N7 LIRS OB IE S E B A H I B W TH R
ICHERET 2 2 & ZMREET A 720, IS AT < Fig. 2(a)
DX ) ZEENE U LRt d 2 BICEHT 5. 22 To
BEBEIZ O Ry POBELOEBELT 200m & TE DT EWIE
WICBE S22 HWELZLDTHY, DT v KRIVER
T8 3 28 Ro 1k TEsesnsg .

RO = 200 I:Zcom—max - Zg(l)(:n_max] . (18>
+

ZZT Zeom-max (&Y Y RNVBBHNORKIEIE, 2008 max 13
ZFDY Y RIVEBUBIORKEMIEZ ZN2NEL, 208 max
OIET LB TOEMIETH L. &S HIZTIELH O
BT LR Yo BB LTS E ST Ry 25
A9, TEV— FPEIE LTHRT LA +10 O
% Ro lZMZ, MVIZED ) VA% v RKVERRN CRER
FLIbDR ATy TIAAXAMNELT Ry 2651V TW0W5,

—OOIY Y — NILENLEE - HIERErS I FEY, —
DITEY (2 RIVER) ¥ T LRKEET

(a) WBEICLBY A=V %ZITTWD,

(b) T¥V—FHE»S 20 B ERBL TV,

(c) TEV—FHNTESLLZARDSY 27 OWIMHIET, +

‘B y 7B ou Ry NEIE L TV,
DVFTNHEZZ L TCHhIUIHT ET 2. () DAY AT D
BHTHY, TOHEDOARFRLIZL I Ry =+10 5.2 C
MPOEWTT 5.

3.2 i Cak N7 2L RBA B OB IE P % @ L 72 DQL+ (DQL+
(manip)) &#EMH L%V DQL+ (DQL+ (no manip)), BL U
Russell 5 ® Sarsa & H\ 7247 8E5#% (DSarsa) ®ZFNZ1LIC
B2 228 S8/ 8 2 A, Fig. 15 1R T LY Y — Rl ihig
157 FEBBOBINCX 5855 X5 OIS 5120 h
H 53 DQL+ (manip) AFEHB L o LA HCIUHE L T b2k
5, BRIETIE 3.2 B TN BOEBIERORIREI X 2 H O

2009 4 3 H



218 (A /S R S I N O | R ||

400
200

-200
-400
-600
-800
-1000 feosemsss
-1200
-1400

- () DSarsa

reward per episode

-7y DQL
(Q) (n(c::lm;nip)
| |

0 2000 4000 6000 8000

number of episodes

10000

Fig.15 Results of separative learning the jump task: Each
graph shows total rewards per episode (the mean and
the +1 SD around the mean over 15 runs). The la-
bels of the curves denote the following: DQL+ (manip):
learning by DQL+ with the modification algorithm of
basis functions mentioned in sec. 3.2, DQL+ (no ma-
nip): learning by normal DQL+, DSarsa: learning by
the method of Russell et al.
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Fig.16 Trajectory of zcom and snapshots of acquired jump mo-
tion. Each circle on the trajectory corresponds to the
snapshot
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18% A. TEMERHOELEEHD Q(N)-learning

TR £ % 3Bl L 723X (12) @78 X EHIZ Q(N)-
learning [14] % M\ 2 5EOEH A% DQLHIIK L CEHF
BELUTOEHTRs (LHK[19][20) 2BFIZLT).

Algorithm 2: Update rule of the Q(\)-learning

R{(xt,at) < Ro(zt,at) + wRi(xt, at)
R (x¢,at) — Ri(x¢,ae)
for eachi € {0, 1} do _ }
et — R(xt,at) + ’VYi,t(zt+1) — ‘{i,t(rt)
ej ¢ — Ri(ze,at) +YVie(ze41) — Qielze, at)
for each (k,a) € K X A do
Tr(k,a) < (y\) Tr(k,a)
Qit+1(k,a) — Qit(k,a) + aTr(k,a)e;:
ifi=0A Qi,t+1(k7 CL) < 0 then Qi,t+1(k7 a) — 0
if ¢ =1AQj+1(k,a) > 0 then Q;¢4+1(k,a) — 0
end for
for each k € K do
Qitv1(k, at) — Qiet1(k, at) + ae} Ny (zt)
Tr(k,at) < Tr(k,at) + Ng(zt)
ifi=0A Qi,t+1(k7 at) < 0 then Qi,t+1(k7 at) —0
ifi=1A Qi,t+1(k,at) > 0 then Qiyt+1(k’,at) —0

HAORy bEKFE 2T K2 5

end for
end for

Z 2T Tr(k,a) & activity trace LI, TEIOBEEY &
F. Vi(z) 1370 —F 1 HEICB 2 REMERE LM TH
Y, Vi(z) = maxaea Qi(z,a) THZHNL. ZOITEflifHER
MOEHTBIR SN/ HEHATEY 0 € A HET L7 CTITh
n5.

CITHEEIRELOE, MR THOFE (i=1) TR A=0
ELARTNE RS ZWETHSD, RERL A>072EHSHTYE
V= FIZBW T 72ATE § N T EHR R E 25 0T, [[HEE
FTELEE LT F - FHOWM AR D RO L HT o 74T
Bl FTHPROFAEHTENTLEI DL TH L. ARD
YA OFBIEIOE) PFE RO LRPIIFTE 575
BI#ATEIT Q(\)-learning %17 o 72 %5 B LA 2ATH) b A D1
WHEHTT S allErd 5.
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“unit division” ==& 2 L7454

M = [y Hhnew = M+ /Araury (B.la)
S = S, = A 1ueauln + Y At g
n=2
(B.1b)

EHVD Vg wen 1& Dy OEARE, EEHESZ FLEZR
FREL, n=1 REAEIRAD L OEEIET. OBk
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(B.2a)
1 .
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[Kprnl llz — por; |l
for k:z S ICprn
Phpew =T, Spio= > N (2)%
k; €ECprn
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FEP OB % 1T ) BrOITEMEEA DB /8T 2 5120
WTiE, X (B.1) OHBEFTEAR k D/3F X5 Qi(k,a) &
i€{0,1},a € AP Tat—L, X (B.2) DAL Ny, (v)
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1ZoOWnW T
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for eacha € A:

if H Qi(k,a) #0:

i€{0, 1}

W&o TR R A S B8T A7 X0 |5, &
MWETRTD8T A 2 B a i T 256 12T 5 2
IR TH 5.

fi5%x C. 21 F+I72AD¥EH
URy hOYALFI7 A,

Qo(k,a) — 0, Ql(k’a’) —0

&@ﬁ+m@£)—[g] (C.3)

Lo THENDET S, 22T EeRPXX gR—21) vy
(EA) ONE - YL Bl ¢ € RPQXY 2 F LRy b,
uwe RPQX [ZBIHI Vo, AL(€) IRBEIEFTHI, bo(E,€) 1da)
FVT) - ONERENHE F L ORI PV THD. HERY
MIEE V2 2IEELCERBTE20$5T. o514
I A%

(C.4)
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