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A Framework of Parallel and Flexible Learning Control System Using
Reinforcement Learning and a Recurrent Neural Network
Satoshi Takatsu, Kenta Goto and Katsunari Shibata Oita University

Abstract: The authors think that constructing the whole process from sensors to motors by a neural network and learning it
by reinforcement learning enable to realize autonomous, purposive, harmonious and parallel function emergence. Recently,
some flexible learning systems using a neural network and reinforcement learning have been proposed. However, the
learning module does not usually process the whole, but there exists some inflexible module other than the flexible learning
module. In this paper, a recurrent neural network connects sensors and motors directly, and is trained by reinforcement
learning. The authors claim that the system has the ability to learn the control considering various factors flexibly and in
parallel according to necessity. In a simulated thrown-up-ball catching task, it is shown that adaptability to a constant
external force and compensation of random external forces together with the generation of context-considered behaviors due

to the use of a recurrent network emerge through learning.

1, FAMNE
1.1 T L2 —S LRy FOHEAEDLE

FTEE, IHSeEl 72 E b i MER A b L, a5
T, Sl&RET 26 BB TENZ, BITHRZE L CH
RSB T bR E TR 2D TW5, ks
I, By hOITEIFEE CHLEOREIERREN TN D
[1][2123, 17BN EROFFICE AN E N, 3R E0fT
FLAOEEE L 1IU D B SN TR S BB - 2,

LL, BRy NN TIThL D 0O B Z2 b T
BzHE, BUOVENLOEFITESNT, RIS LR
WYIREEEE—2(T 7 Fax—2)~HHT5Z L,
DFY, B NLE—F~DT Y R 5 OFHM
EHETHREILT DO EEEZOND, ZOLkIREZT
WZNED b KV HINA ST, SIEEET D & D Bk RE
flFEHETEE T AR s Ao, B bt —
AETOHHWDL T ut 20 HER, & BB, 7o
TR R B BEAE DA ATRE TRV E EZ HITE LTS
(8], F7z. Db AL, &9 I TRl
BURAT LEFFD, 5F TEL ORI AR50, )
WEEHELZICHLELLT, AMoXHic, 71— AR
BllicEbah?, &S ETIF R L2 W0 EFEL, »
O, BT T E DRESI BRI M EBTE R VDI,
CDVAT AT —XT 7 F v DEHLRKEVOTIIROD
LEZ TS, TLTEREIZ, Ry hokUrhbE
—HFETh==2—F/L 3y hTHEL, 6 TEOLT—
HWRE VT EFEZEE =2 —F L3y MZAN, BIZH
DR A~OBFEICKT L THB A 5 2 THEE I E 57210 T,
gRy PRI EIERAZSTOFTHL IRLHERIZLD
RVIR ORI A B DRREEST 5 2 L 2R L[5,

1.2 ZHAGHEOZEE

FAHEOFEELE LT, =2—TF%y PR T 4
—R7x U= FNHZFET L7 4 — Ry 7R E
NETFENDH6], T, BEDIREECHIEA S 2 AN
BMT2Z2ELTC, 70— KRy 7HIELEE X 57,

A, LR EEZRA L2 O BIRE S, acrobot
BT E ORI OFE THAMER R I TW A [8][9],
LoLaensinbid, 5x oy BELE~DBRE
B & L7ZY, W BELEZFE AT A0 L
THERIZBID T 4 — RNy ZHIHITE Y 22— /L EZBE WD
LTBY, SEFIERRMEWFTNCERBL, 74— KA
v 7 b B DT R A ST 2 LR BTN,

HA Iz BT DAL WD & TIX. Brooks
Subsumption architecture[10]iZ K 2% Zz#k 2 Hl#H2NH 4
ThY, WHIPERERBME, FEMEEAEL, 7 L — A&
DFFFNZ B BN THD Z EBRRENTZ, LILRRG,
WHNZELE ST 2 — /L OBRITREE D F
BNTND, BV a— AR UL, ZhiddE L Vi
LB THAY L, AN EZTLE S &, Feltk
ZERETIERNND D, LEN-T, ABD KL S 2k
TR AT D EBET L7202, RIS AT
LR EERIC Lo TESL TV ZERARETHD &
EZZ2TW5A, BERICEHEO I, 2 Pfiv=z2t L —
2OV —F v VBB O IZEV T, hand-eye coordi-
nation, 7 4 — K74 T —K#lf#l, LT, 74— KA
v RN R TE D 2 L AR LTV D[],
FITAWE TR, VALY h=a—F %y F e
LB 2 D, AT AR —ANBE LI L ZADIEL
AT E LIEDSHIA L D 2. ISR DR
BRCTHERAIOFERZITole, 29FT52LT, HHTL
HAR—=IDNETFREZ LRSS, F 2~ )\ 4
ol S OEBEE/NSLSTHHERROOND, L
T VAL bRy PEHAWSZ ST, WIREEE
L72ATEIEIEAN TE D L D72 5 LRIIFIS, —EDA ]
T DWIGEES], T X DI HEERE B
FEICE o THERIND Z L E2RT,

2B, T T HEHEIZBICIZEZ DRV DOT,
TR B EN R TEI O E L E 7 4 — KX
v 7 HEE MR, FHIC I EEMNREEE T 4 — R
* 7 — Rl & s,



2. 2EARE

2Ry M, BEUVHEFREZYV LU h=a—TF xRy
MZAA L, BEEEEZE—XICH T2, FHTDY
AL bh=a—F0Fy ME, Hh=a—uv 2807
TARTOD=a—n UPANEFEH =2 —ar ZFR<
MO=a—arNo6DEFEATIL, EOEAFITRA
00D 1 OffilkaE oy 74 N%EE L AT
%, £70. BEEEIC, 1 2T v AR O 2R
BTDE L, =a—F %y ML, AT v 7k
NSO TCHE SN HAIE NG 2 b,
BPTT(Back Propagation Through Time)Z X - CHf#
EENDFE>THFEEIND, b8 & LT, dkiifE
WK LTV 5 actor-critic[12] & AWz, H1==2—n
Vi 2fEE L. —lEeritic,. b 9 —2iF actor & L7,
F7-. actor DT a, 725 05 ZB|WT ORI D LD
WU ZATHERIRATEVAERL D 72 D DOELEL rnd: 2 N %,
ENnEEHMS L TE—Z ~OBEEE R & LT, critic O

TN LT, BUED critic DHE S ViDL EE LN
T2 e % fE > T, —DRIOKEZIOD critic DEIZXT T2

HEME R Vors ZIRAUTHE - THEKT D,

Vet 1=V Gt—D 471 =+ V) @
=72 L

B =t + yV(;t)— V(;ct — 1) 2
TTDRRAETH Y, yIFHIGIRTH %, HiOKZ D actor

DU alsir 1595 BE17 5 oy, 15, TD M7, &

Z D & & actor D INTINATZEILAT SV nd,_; > 5
as,t—lza(ﬁ?t—1)+0€?t—1mdt—1 (3)

CRHRET D, 72720, «lTEKETH D,

Flo, 22T JLE"] MG X A7 L
JI2NEN w—:~7/1/7~*/ FCHEETLZLEERLT,
HERRIZ e KR rmax & 6 HEEIT 72 & & D critic DFAR
23 0.9 12725 K 912, KWz

rmax =0-9(1-7) (4)
Lz, AEIE, y % 0.9 & Lt BARBIHIL Znar
%009 & L7,

3. FﬁLnXﬁE

AFFETIL, Fig.l © X 912, EEWIHIME» LR -
FHb EFbh, %ﬁﬁ@@ﬁf L= T,
8~16m EA KT DORNGHTOHHTT v ¥ AZET
45, EHEOPEEL 29.4m/s THEIZ—EE L, Eik
HH ET% 6 RIETLTEDORIZE EE D, 15 %
WCTEDALBIZREN T, HLL 7 & L5 O
ETRF SN, B8Ry bOHETFig2 D@y <,
BEX(X 500g & L7z, hZiX-1~1Nm T, §XTOH
AVICE LI T O DU & LT, AEEX
0.1Nm ZEE#EE L L Uiz, £/, oy MIEET
DiRITH oI, HELRWI ST L,
VIal—varOffMiEIF 001 L, BEin AR

v MZESTD1I AT 7T 050 E LIz, /20 2O
Vial—valrRER 7Y -2 Y
v C# % OpenDynamicsEngine % VW TIERL L 7=,

Fig.1 Environment Fig.2 A moving robot
in simulation in the simulation
signal2 signall9
signall| signal3 signal20
wn
©
c
k=
wn
el
° oo o
S
o
S ‘ —>
min max

continuous input signal

Fig.3 Localization of a continous input signals

ARy MEESDS B2 E OB 287 [ oA E
-19~14 L B X HEONE 0~46 D LR TEDH 2o
DELYEALTBY, 2I0bDEFEZ=2—F /L%
v h~ATIT S, 722 L. IERIEME O RO BIEGE L, % A
BRETHIED, 1 SDOEGERE S % Fig.3 ® L 9 IZRET
fEL7z 20 [ HOEBTRIELTHH AT LT,

HEHD bV 7 1, actor D) TH HEMEE B & RITHE

MOFS THIEEZ R LIZEETIC, =2—TF /LRy
%mormgmmﬁ#11Nm &5&5;ﬁ%£@L
THW=, 20T, KRG LIz > T RE 2 T
100 HEIZIZIF 0.01 12725 L H1z/h&E< LTho Tz,

exp(In(0.01/2)/1000000*step)*2 (5)

FrBh=a—m T, BEE LTEIEIC L 2
Nt AHma—a 25D T20/E Li-, Wl rix B4
HAUNEEREL T B0, EOETFTREPLCHT TR
@ﬁﬂbkﬁofﬁﬁ@i?umﬁbﬁo

7 = rmax €Xp(—(x — target) 2xo )) (6)
BB, CHHHTHY ., SEIIL2 L LT,

4. 3alL—Y3y
4.1 BEE-_21—F L3y FEDEE

ULy bty F2HWSZ LT, SORE AV TIREE
AL, ENUCESWIZHIEIATE 23T Th L, Z
NERIET D701, VALY bRy bEBERl=a—n
VAR EE R LEMER =2 —F v xy R TER
THFE L& LT,



VAL hxy hTOFEBZOOR Y O &
actor, critic D2V OfE% Fig.4,5 12, MEEHl=o—F /1
Xy FTOFERZOEE % Fig.6,7 1273, XD x 23 12m
TEREHINTBY, EOHBIT, x OE(L) 7L< 2
Sl b ZANEMRTH D,

Figd #R.5L . 0Ry MIENEBEMT HERITEONME
FTHEATWHEZ ERbMNE, £/, VLU bxv b
ERWTEGA O, E&585 U ERIIEE O FO L E
WEBEILE D & LTW=, ZhEF.LIcivwe 2 AIqT
ST HR, HETHUROEIZRHELLT W B2 5
TENTEDL, ERMTLLERSTHDED0, FTR->TWH
L0OME, EOFEIOELEI X 2T IE7R SRy,
B TR O S LA IR Tzd, 20X
BOMWR, ZOT-OREFEHIENGEEND X OB &
ERHo>ThH, HBIZEDFM~EISZ 9D &3 2MHAH
D Fig.6 Dl D L H1Z-4m N5 4m ~BEIT O X
T, FHIZHEICEDRWEA L H o7, Fig6 TORAR
v OB > TV DI, HITEIZESN TN —
ERERIZEZEZAT, TETELZLIZRMALK-E
IZHHET actor /135, LWOEHEEZLTWAT
wiIEtEZLND, Utz s, VL b=ma—
TRy MISUREBE LITEE2FE L5 25,

4.2 A hEMmMLIZEE

WIZ, A LT, T=F~DMLIIT—EDREE
DRV MR T2, A T1E LTH0.5 @ bV Y ZINE Uk
FTHEELESE L, AR LTHEE LESREOENT
NIZHONWT, T A MRS M2 =856 L4 12z
o A O R % Fig.8~11 1Z~1, Fig.8, 11 &,
PEBEEE T A MREIZFE LU TH DA, Fig.9, 10 1I7
A MREIIRFECTCH D, 22 Tlid, 4m OALEIC TR
v FEBEWIREN DS, -4m, -2m. Om., 2m. 4m D%
NENICENERMTHLEEDOR Y OB ZRL T\ 5,
Fig.8 TiZr Ry FREIWTEDEHOBICIZEEICE
HSIZBFEFE LTS, Ll A 1&Ez 7z Fig9 % R
THDE ANTIDOFHITE -ELN T, -4m DEMHLIC
FRETE CWARWI ERb2b, LML Figlll 275
L. BHOBREICIT RN WVWRENR S, EOWE FRICHE
HASIZIH D> TWD Z ERb Y, 2ETE, 0%
R L72 ECTOITEIMNEE TETCWA Z &b, &
7=, Fig.9 TiX Fig.8 O E > TV DN 6T /)T
EHDB A OFZTIT WD Z ERbND, B,
EOTHH LAEIC, BBICEDOHFHEICWEBETLE
HLTCLESTWDEDE, VAL by FEHAWEE
BTV o7z 0 ONMEIZRA D ETDH72DThD,
Fig.1l0 # R.CH 5 &, Figll ICHRTETATETE
TIDHRE-STWAH DI, FHRIZHIZE > T i
—THLENTLE-TWND Z R0 D, £72, Fig.10
%, Fig.1ll OB E 28N LT TIEH DM, A0
BRWHFHRIZTN TWA Z ERbnbd,

PLENS, BEOF A F I 7 ANREELTHRNED
WAL T2 EEERTND Z &, A TTENTRNT
FE LS DOIFA IO VCIRRBICKHE LT, A 1% 00

THEE LD 0L BHIREIZHIE LT, ZEh
WHAFIV R E, DFEN T 44— K73 U— Nifilfl &5
BLTWDHEEZD,

Wiz, Vb hxy hERHWEZTZ 00— K3y 7 il
ERREET B IC  HRIT-05~0:5 DT X Liph %
ML ELTHEZTHEE L, 2 LTEER, ENAM
L7ztkic, @bz Exi-, ER% Figl2 &
Fig.18 & d, W77 7% /b &, 2hEh, TOHI
BMEVHGITDLONTTICH LT R 280 EZTWD
IENHERTED, BEA =2 —F L Rxy NTEREIE
7oAER O Fig1d Tk, VAhLvr bxy bEREL I 7
HAORE2b0D, ULy b2y NOFREDAEIC
FLITWDHZ D, 74—y 7% 5 FEHNTY
HOTIIRNINEEZ NS,

5. BhYIc

oYt E—XOMEI NI LY F=a—TF )Ry b THE
L, BIZHIbFETEE T 2T, UREEBE L
ITEVER., —EON N EEZ G607 4 — K73 TU—
R, X512, Ty aRanic L TE7 4 — R
Ny 7 HOREEEE . REEOAN L FIITEAE D
WHEHZIT) ZENTEDLZEERLE, 2L, T
VHE DI G 2 AN S IR E R EN R - T
B, RUAT ATIETEYZ2FEOHIE 2 EB CTE 0o
TmEBZLN, SBROFETH D,

BEXR

[1] M. Asada, et al.: Purposive Behavior Acquisition for a Real
Robot by Vision-Based Reinforcement Learning. Machine
Learning, Vol.23, pp.279-303 (1996)

[2] J. Morimoto, K. Doya: Acquisition of stand-up behavior by a
real robot using hierarchical reinforcement learning. Robotics
and Autonomous Systems, 36, 37-51 (2001)

[3] SEMZERL MILFE & =2 —F Lk y MT X D HBEAIHE,
FHHI & i, Vol. 48, No. 1, pp. 106-111, 2009

[4] D. Dennett: Cognitive Wheels: The Frame Problem of Al, The
Philosophy of Artificial Intelligence, Margaret A. Boden,
Oxford University Press, 147/170 (1984)

[S5] K. Shibata and T. Kawano: Acquisition of Flexible Image
Recognition by Coupling of Reinforcement Learning and a
Neural Network, JCMSI, Vol. 2, No. 2, pp. 122-129 (2009)

[6] M. Kawato: Feedback-Error-Learning Neural Network for
Supervised Motor Learning. Advanced neural computers (1990)

[7] SEM3ERL, FREEMEsE, IR LR =2—F 13k Mok
LaRy hOEETFE, HeR ARy MEFINER
ETH4E, pplal-142 (1988)

[8] J.Yoshimoto, et al.: Acrobot control by learning the switching
of multiple controllers. Journal of AROB, 9(2), pp.67-71 (2005)

[9] T.Matsubara, et al.: Learning CPG-based Biped Locomotion
with a Policy Gradient Method Robotics and Autonomus
Systems, vol. 54, issue 11, pp. 911-920 (2006)

[10] R. A. Brooks: Intelligence Without Representation. Artificial
Intelligence, 47, 139/159 (1991)

[11] SeHvipk, oL, OHER R kP BIc L2 ) —F
> TIEB O A S, NC2000-170, pp. 107-114 (2001)

[12] A.G.Barto: Neuronlike adaptive elements that can solve
diffcult learning control problems, IEEE Trans. SMC-13,
pp-834-846 (1983)



| 7
0
\ |
—_ 2
E o4 l
< -6 I ‘ | ~o—robot
-8 ‘ \ ]1 position
-10 ——ball
-12 jg{ w L position
14 I I . |
0 5 10 15 20 25 30 35 40 45

time[s]
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