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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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(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
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5., Y331l —Ya xRl BELRT
RETIE 2B THR DQL+DOHMMEZ MRS 5 72 DETIR

reward R,

LM for primary task

reward R,

LM for avoidance task

{N(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
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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.
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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
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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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TEIOFFAH LY & b ICFEHT5F: L LT, DQL+IE Russell
SLOFELIDBENTELLEEZLNS, E5IZ, DQL+O¥
EAER S ICEREE RIT LTS BB B0 R 5
ZHEWNRBTHL I LICEHT L L, BIEBEBOBIEEI K
A ICEFTTED L Vo2l bH b, ZOBIEEICE DB
HICBU2FEOBLERHESELIENTELI LY, FEhR
PR L7z, LA L7255 DQLA TR TE) 2 B3 5720

JRSJ Vol. 27 No. 2

N

SEEEE R R LER TE WIS H ), SEEEEIC
fR% & Russell 5OFEOHTPENT VL EEZBNL7-0,
S L HIR R LICEHTE L L) URTILEND L.
EHIZEBVWT =T H— T O OB TIX, ZkitE
B OBE Y A 71 Z LR A L L o7z, ZORKEE L
TUITREBITE R SR E WD ERWART 5 THDL I HRE
WS, 6. 1 BT TRz X 9 IR v 7 OFRIREED) ) Brb B
AIACHUATHZERL 2L ZDLLFTWATRECELRD, B
LA i S NI 0 KBTI E O REY
HREICIXBT 2 Z LS HECTH L2 OB FEHRTHL LEZ LN
b, ZOLH IV T REBRRED S ®EL LR TRE R
FHEAT) 72OIIHRABE L EOBAPLEIZLEZ bR
O LEMHOEM R REEN S 5 HEE LT K
4 7 #l Natural Actor-Critic #:][17] %2 EVFEHETH Y, 4k
aT L CAT & 72wy, —H CIRUICERRIE O ) B D 1Tk LT
RREIZFETELELTY, BEZDb ONEIEIZ% D LITR
L, 2F ) 1AHEY) v BMIREIZ GO E R B, BER
REEIRT L9 2ATE), 25 WIMTEIOME D HFIET 5 LE
Wb, AWETIELAEY ¥ 7 2 KR HIE 2 IRIIAT-
7o, CoOREERO Ry MRETHY, LR ¥ 7 2FEENIC
o702 (ANM2BkRE XICETHIE 2B & O 2BkiE) 23
TERL B3R ENABEEITVD L, SHBUELTET 5.
AR~ A% EOMFLBICB N T L B LMo Z 2
W2 L CEBIOFE R ROME VD H 2 LS, R RE
B RIS LT b, Bl 2 1 Kobayakawa & [18] &K
B EINDL EZEZ LN TW2GWISKT AITENCIZE RIS
fiiboTWBbDbHY, ZN5HILH 4 OMREREIC & > TR
HINTWEIEXERMIIRLZ, 20X ZHREERT
IR FEORUEL LT 2 EEZ BN, & 5T BRI
boTWBEEE JELVOBEL R TRy Tl
FEAATAZLICHNT ALY, AHFNRMA2S TR Y
b DOMEBFEE AN AL EEREELT Tu—F b FIND.
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18% A. TEMERHOELEHD Q()\)-learning

TR £ % 3Bl L 723X (12) /85 X BT Q(N)-
learning [14] % M\ 2 5EOEH A% DQLHIIK L CEHF
BELUTOEITRs (LHK[19][20) 2BFIZL 7).

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

R{(xt,at) < Ro(zt,at) + wRi(xt, at)
R (x¢,at) — Ri(x¢,ae)
for each i€ {0, 1} do _ }
et — R(xt,at) + ’VYi,t(zt+1) — ‘{i,t(rt)
e; ¢ — Ri(ze,at) + Vi (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 i =1AQji¢4+1(k,a) > 0 then Q;¢4+1(k,a) — 0
end for
for each k € K do
Qiev1(k, at) — Qiet1(k, at) + ae}  Ni(zt)
Tr(k,at) < Tr(k,at) + Ng(zt)
ifi=0A Qi,H_l(k,at) < 0 then Qi,t_‘_l(k,at) —0
ifi=1A Qi,t+1(k,at) > (0 then Qi7t+1(k’,at) —0

HAORy MERFE 2T B 2 5

end for
end for

Z 2T Tr(k,a) & activity trace LI, TEIOREREY &
T, Vi(z) 7)) —F 1 FHEIC BT B REMERE B OEMTH
Y, Vi(z) = maxeea Qi(z,a) THZHND. Z OITENMMER
BOFEINLEIR S NHEHATE) 0 € A PET LZRRTITD
ns.

CCTEETREAOE, H#ETHOFE ((=1) TIEA=0
ELBRTNERSWETHL. 8 EHL A>072EHHIYE
V= FIZBW T ATE T N THOEH R E 20T, [l
FHLEI LT TAOHM G LHERIZO LD - AT
B FTLPEOKFACEFRINTLEI L TH L. Kko
¥ A7 OEBINF IO DER e RO D3 RPFFTE 577,
B#EATE) T Q(N)-learning %17 o 2B AR ELATH b B DK
WCHEHS B EBEr S 5.

f15% B. BZELZHEEEDEEREEMN

FEICRIE A BN T A BRIC 4 TR0 5.3 Hi Calk 7z X 9 I2ATEAS
KA OP.OIREE p [IKTFT 2546, 3 CICEE L2ITH
i % 453 2 7201258 b & oFIER o LIREZ LS
BEHERETIE RV, TORIIHEELT, = PEKEK E oF
LTHLYEE Fig.2(b) &9 %=53El L LT Sato 5 [13] ©
“unit division” % Z&#E 12 L7-47%]

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

VD Mg, urn (& S OEAEME, BEHNZ PVEZR
FTNEL, n=13EEMEIRKOLDEFIIET. ZOHME
13 By ORKEAMEICHISS 28T 2 778127 5).

—7 x BZODREERMBOPRE TS a3 DREIZIEH,
DIEIEBIBAAET B W REED D 57280, Ny (z) A5 2 B fil
28R D HIEHHE Kpm = {ki} &b &IC L THZZ 2 BEBHD
HEREATD ¢

Py = s SRS TH = A Bt
n=1
(B.2a)
1 .
B 21— R (B.2b)
[Kprnl llz — por; |l
for k:z S ICprn
Phpew =T, Spio= > N (2)%
k; €ECprn

(B.2¢)

HIERIEL BN % 4T D BBOATEMTE RIS D EE /87 2 7125
WTiE, X (B.1) OHBEFTEAR k D/3F 25 Qi(k,a) &
i€{0,1},ac AlzowTat—L, K (B.2) DAL Ny, (v)
DEIMIGME2NEEL T 5. 272 Lo pmaEes
THHIEHNTLE ) 720, FEICHADDETTDI/INT A
1Z2OWT

2009 4 3 H
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for eacha € A:

if H Qi(k,a) #0:
i€{0, 1}
W&o TR A S BT 2y X iZwllibd 4. &
NETRTONRT A 2 X 2T 25 A8 12 TiE 5 P
IR TH 5.

Qo(k,a) — 0, Ql(k’a’) —0

43 C. 41F3I72D¥E
HEY DY A F I AU,

A(©E+bs(8,6) = [ 2 ] (C.3)

Lo THENDET S, 22T EeRPXX @R—21) >y
(EA) ONE - LB LB ¢ e RPQXY 2 F Lz ML,
u € RPQXY (ZBIET bV 2, Al(€) W ABMATH, bs(€,€) &Y
FVT) - ONERENHEY F L ORI PV THD. HERY
MEEE: bV AIEE L CHBITCE200LT 5T oy
I A%

+d+ Au  (C.4)

qt+an—q) [ ¢
T_B[ :

DI AL - BEBAL L2 D (A e RPe*Pe B ¢
RPe*2Dx g ¢ RPQ*1) % NGnet O & FHEEBHIZ IS S &
T, BRy bOEKBZERIIWHIG LIRS A+ I 7 A%
BEgs, A (C.3) OFEILEIL € & £ DRIIKET L5,
ORy hOREEE 2=[¢7 £T]T e R?Px*I TH 2,

NGnet D/8F A ZETF V¥ AZaRy NEEH LT TV
PR, FNEDEICEM 7T XA TRELT A, BALN

oA kB

121t Ueda 50 SMEM [21) 28Ry hDF A F 3 7 A%EH
WCEBL7Z2D0%HWTWS, 6 EOERFE OERCIIESS
NBHI=y AT 100 TEIFRIC % B X ) IRF A7 ZRRELT.

18 D. OFR v FDOITED

4FTETHEALZORy MOTEIOFFMIZOWTERS . B
4 q ORER/NLEIT

/Tf
0

DIFETH Y, Z5ie TR E 5 RTRAPEOND. T4
bHBE § OBEIAEEY ¢;(t) = 30 _, cirt™ & LTHRSE
% ¢;(0) = ¢j, 4;(0) = ¢, 4;(0) = G5, ¢;(Tx) = ¢, d;(Tx) =
@, 4(Te) = L322 LIl Eo TRE cji k0. BRI
EFERRME L L CBUEDOBIEIIREE (¢, ¢j) BLOHED ¥ K
VOBIEIREE (¢f, ¢f) &V, gD ¢ =g =0 &
T 5. ITHOREIE Ty 13Z20OKRE S Lo TEHEORK S 23
ZALT %720, T={02[lg" —¢'|l, 0.4]l¢" — ¢'l|, 0.8]lg" — ¢'[I}
D3 BRSNS 22 LI Lz, HIERIEf & AL ORI
DED I VA | — ¢ FEITTOLDEHEY VRV DsE
WL DEEDORIMES DER (T PRLZS5ENY Y RIVIZER
BREE D) ZBRT27-20TH5H. L7zo5> Thlfbsg
I—Vxrr FOTEIEAIX A=K T THY, HEHTHTH
B, BB T 2EHITAHZ LB, AMETIEMEDOZD
HEER Y L7,

d3q 2

= (D.5)

dt — min,

T22720 w 2B A O NAE— Y OBELRDLZELTE D, R
BEDS (€, 6) ELTRY VY YU TE, ANIH u THhOENLOHD T A
FIZANRK (C.3) TEINDLIYATLLL, ATFHEEZOF T
THETH 5.
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