AT F53Hf 71 (34)
Al ¥z 5 L 580 5 !
~ A BB~
2021411 4 10 H
T B R S S T
IRt RS

TAT RsFFfE AT ) — 23, R RE ALRFFORA > &I LEd, MEes
F Lo TWDHEAREZERAM FTIE AL Bl —&720 ., ZO AT - VU 2—
Va e RFE LTEUICHEFE L TR ZENEETHLZLEEFEI>ETHLHY £
A,

AT H471% Google, Microsoft, Amazon ##aH & L7-IT 77 v b 7 4 —~ . #FFeHERd
KORFENSEEO L NZHT2 72 FEMERINTE Y, 72 AL ZIEH Lz
YV a—varbikae b)) —2AZTWET,

AR TIECKESEE IT %42 P02, 2R b0 Enb S AL Frafl sl S
NIEALT 7 /ay— V) a—arORA Ly Nebhr 0T < L 7,

1A

KRN Google

HFEH 202041 A 23 H

/ABAH 202047 H 30 H

AR WO02020154542

HEHOLTR A X & A 2P E S A FREFEH LIHT LZ X7
~Oa Ry MFEIR Y > — O 7o i

542 FFRFIE. B DB L BATHRAO ML EE 2 ZIA AT L A Z 8T L
Y ALY D,

2.FFF N O

BBk, 2=V 2 MEITEV R b L—Y g U b EMERITENI 225 2 L
T&D, LR, HiE Y a v R—ADX A7 2303 512013, FEBLENRE
DTFELARL—Ya BN LR D,



AL ENT, ==V 2 FRFERED X AT OB NS ORBRETEATH 2 ik
D, HEOTELVARL—va O LWA AT R TEL, LnLERL, XA
I DHNVENSRBFEINNWT A F I ANGHETIHE. TEVA N L—varis
JTIE AR ERBE LR,

ZZT AT, M7 — Ry 7 2FRALT, TEVA M L—v g v YT
SERE DM T ORI B FE TE DAL FE T LAY X AERHEEL TS,

B 1 IFAFE A O ELA A w7,

© 102

104

META-LEARNING MODEL TRAINING
ENGINE
108

DEMONSTRATION(S)
116

IMITATION LEARNING TRAINING

META- ENGINE
LEARNING 110

MODEL 114

REINFORCEMENT LEARNING

TRAINING ENGINE 3
112 < TRIAL(S)
118
TRIAL GENERATOR
ENGINE
120
= i N A




2R b 100 1 E, EEDOEAE R OWNTInIih» TR R 7 = 7 % 102
FITEOMNBICEET S, 2Ry b 100 12X 510, O F=7 -7 % 102 O
2 OO%AT S [JIN) ZHIE L CBALE L FME L ORI TNAFf &85,

X1TlX, BYVararyiR—xr b 1061, 2R > b 100 O_X— R F 7= 3o
FEAESIZR L CHEE SRS TR T onTnd, A7 =7 k1041, ~5, 7K
‘Y?‘ﬂ‘rx\ %J:U"E\%%/él\ﬁo

2Ry 100 b7 —4 (FlZIX, RET—#) 1, AXFHET VN L—=07
TV 108 BEH L CAXFEHET NV 114 & b L—= 79 5 10ICRH &5,
BlzIE, AZFHET VN L —=0 F V0 10815, A X FEEHA LT, A 258
EFTF V114 ORITRY =B I OEGRIT R o —&2 FL—=07F 2%,

AREERET VN L —=0 72 108 1E, HlEEE L —=2v 7P 110,
L, b E N —=0 v 112 &, B L —=2 7P 110
X, AR A RT5FF A ML —2 a0 116 ZEA L TAZFEET/L 114 % b
L—=279%,

BlZIE, AZFHET N 114 ORITARY —F, B E =2 11010 k- T
e 2 L CIRET 5 2 L B TE B, MLFEIMT v 11213, ¥ 27 2T
THEA Y b 100 OFAT 118 IZHESNWT A X EEET /L 114 2l 2, 3TV =%
L—F TP 120 1%, AZFEEHET 114 OFRFTR Y —%HH LT, AT 118 %
AT %,

WL OMDOFRIEFRETIL, #ITR Y — e TR ) =N HEH 0T VKA S
N, TRV —Z2HEFTH L, WMERITRY > —bEHEIN D, FEkIC, BERITR
Vo—%EETHE, TR —NEEIND,

WS DODDED LD RFEEFRETIE, ATV =X L —F =V 1201, BRITAR Y ¥
—MEER & & BICBET D & I, BATR Y =TSV CEAT B RS AR T D,
WIZ, TNHORITEAREFEE L —=0 72 D N2 MEA LT, A ZFEEET L
114 DEEGRY —% FL—=227 1L, ZhIZEY | AZFEHET V114 OFRITRY &
—bHEFHEIND,

WIZ, ZOFEFHSNZFBITRY =13, BTV =R L —F 2V 120 28BN ORAT
ZAERT HERHENT L2208 TE 5, ZNODOBEMOITIE, £ D%, L5 E b L



—= V112K THEASN, BAERITRY U—F T HIENTE, T
nizky, TRV —NEFEIND,

BWINFRITRY O —D F L —= U ZZHASWTERITRY O—52 i L, B anr-47
AU —% R L CEMORITEZAR L, BIMOFIT2HH L ClEaRITHR Y v—% 8
HTHLENI DOV A T AZFEET LD ML —= 0 TINETT5E THRDIRE
nas,

I, bFEE FL—=r 2 U 112 1, BERITRY V—F FL—=r 7T
HExiz, vy FRRIT 118 | kb‘f%ﬁbb%’xﬁ%’:E% SET LT E D mER
T ZFIHT D2 ENTED, ZORMITANR—R(FIXLR)BREETTH D, -
EXIEONBNE, 2 I9AT VAT AL ATO—Y—A U H—T =24 AANSEI L
RN E T Z I DA F VMR R AR TE 5, ZhuE, By MARITEERRORAT
THAT HZIEFIZET LI E ) hEmrT,

2 AlE, AZFEEET V200 2RT,

/ 200
ENVIRONMENT VISION ENVIRONMENT
STATE DATA NETWORK STATE EMBEDDING

206

202 204

ROBOT STATE ACTOR ROBOT
DATA NETWORK ACTION
208 210 212

FIG. 2A

BREDIRIET — % 20213, n ARy M OBUEDOREIZET 2 1FMAINET 5, BREDIRET
— &3, lluTéﬂétva/ﬂ/TﬂX/$ﬁM6@E®tVa/3/T*X/F
ZERAL TRy T35 ENTED, BEIREET —# 20213, ©Va xRy hU—
7 204 ZfEH LT S, BRECIRAEHL OIA A 206 2 AT 5, BREDIRIEH OIA A 206
X, By N OBRBEORT R E KT,

BREDREBELOIAZMTL, vy MREET —# 208 LHABRDLEDLZ LN TE D, flx
I, BREDREBIDIAZ 206 13, By MIREET—# 208 LiERTH2LNTE D, B



By MRIEF—# 20813 BIIEOT Y R 7 =27 X R—Z BEOTY Rm7 = 7 X
BEBEOT Y R 7 =7 X, £7-13a Ry hOBEOMBERS I RNa Ry ho 1o
FITEBOMEERICET 5 BIMMEROKRHR L E T,

Ry hOWET—ZI12i, 72221, = R0 2D X, Y. Z DfiE, BX
N T R 727 ¥ DOFA%ERT 6 RITAR— A%, ¥ A7 ZEW|TOT ki7:v:75’
DR—ADEBLZ G0,

TIHE—=Fy NU—7 210 X, BEBLUOER Y NOBUEOREIZE SN TrR Y
NZ A BFATT D001 OFERIFEEOeRy v TV v ay 212 #4KT 5729
AT 22 EDRTEDIINTAZFEETVTH D,

2 Bl&, AZFEEET V250 2R7,

250
ENVIRONMENT VISION ENVIRONMENT /
STATE DATA NETWORK STATE EMBEDDING
204 206

ROBOT STATE . 4 ACTOR ROBOT
DATA )—b NETWORK ACTION
208 210 212

> +

DEMONSTRATION
EMBEDDING
252

A

CONTEXT CONTEXT
TRIAL EEEDDING NETWORK EMBEDDING
258 260 °

TRIAL REWARD
256

BRESIEET — % 202 14, BV ar Ry hU—7 204 ZfEH L CALBLS L, BREDIRAE
HDIAI 206 ZERT D, BREDINIEHEDIAZ 206 (X, 1R v MRIET —# 208 &7
BOEDLZENTE S, RnOFTiE, BEIREHEOIAA 206 35 L OO0 R v MREET —
X 208 1%, T F A MLDIAKL 260 k SHICHA D END, BlZIE, REDREE
WiAF 206 1, vAR Y MREET —4 208 B LN 7% X MEHIAK 260 &EfET 5
ZLEMNTED,

B




T XA DAL 260 1%, FTLWZ A7 OEBREZEMT S, FEUV A ML — g
VHIDIAI 252 X, AT DODANMIZEDHHTA MFETEVA ML —3 3 VOREE F
¥ TTF¥T5hH, ExIE TEVAMN L=V a 0T —H 2T, AAVE2FATTHaRy
FOANNZE DA RGETEVA ML= a vy OET F 25T,

AATHLDIA I 254 13, # A7 % FATT Dl TERR OB DR A LY A Te, 51T 2
2566 1&. AATHDIAZ 254 TH ¥ 7 F ¥ SNIARITNZ A7 OFEITITHE LIz E D
AR

TEVA ML= g VDAL 252, FRITHLDIAA 254, FRATHEN 256 &G
L EMTEL, FIZIE, TELVA R —3 g VDAL 252 13, BTHLODIAL 254 35
FOGRITHIN 256 LHEfET 52N TED, ZOMAEDLEZALTHFA IRy T
— 7 258 ITHRAE L T, a7 R MEDIAKL 260 24K T D,

BRERIRAEI DAL 206, /R v MIREET —# 208, BL a7 % X MEDHIAL 260
DOMBEDLEET 72—y FNU—27 210 It LT, v Ry NE AT ZFETT5H7-
wouaRy KT a2 212 AT D,

K3k, BEDO N —= T XA AL CAZEEETVE NL—= 7L, b
L—= U TSN AZFBETLVEFLWWFRAITIDEDIC N L —= 757k
300 Dl "t 7u—F ¥y — FThbd,



START

|

e
\

TRAIN A META-LEARNING MODEL (MLM)
BASED ON A PLURALITY OF TRAINING

GENERATE ONE OR MORE TRIALS OF THE
ROBOT PERFORMING A TASK BASED ON

(1) ONE OR MORE HUMAN GUIDED
DEMONSTRATIONS OF THE ROBOT
PERFORMING THE TASK AND (2)
CURRENT PARAMETERS OF THE MLM

TASKS, WHERE EACH TASK INCLUDES (1)
ONE OR MORE HUMAN GUIDED >
DEMONSTRATIONS OF A ROBOT

PERFORMING THE TASK AND (2) ONE CR

MORE TRIALS OF THE ROBOT 304
PERFORMING THE TASK
302
YES
TO 302

YES

ADDITIONAL
TRAINING? 308

ADDITIONAL
TRIALS? 306

NO NO

TRAIN THE MLM FOR A NEW TASK DISTINCT FROM THE PLURALITY OF TRAINING
TASKS BASED ON (1) THE TRAINED MLM; (2) ONE OR MORE HUMAN GUIDED
DEMONSTRATIONS OF THE ROBOT PERFORMING THE NEW TASK; AND (3) ONE OR
MORE TRIALS OF THE ROBOT PERFORMING THE NEW TASK
310

(e )
FIG. 3

Ty 7 302 T, VAT AL, BEO N —= 0 T HATITESNTAXEEET L
Zhl—=o7L, £XA271F, (1) vedhy hO1OFITEEDO NI AR
MHEFELVAPL—var, BLO(2) ¥RV EFEITT 508Ky FO 1 OF 3K
DOFRITEE Lo,

Ty 304 T, VATAIL, (1) ARV EZETTHuRy b1 OFEITEHD



ANBNZ LD HA4 Fff&ETEVA ML —var, BEXO (2) AXEEETAVORITRY
Il SWT, RV EETTHAuR Yy FO 1 OERIIERORITE AT S,

72 2iE, A En e T, —Eou Ry h T v a v bt bRy MREE
WEEN, Ry MIT 7 v a v EFATL T, BUEOREN S ROREITERT 5, IR
BT, ARy NOBEOREZ X v 7/ F v 7 5 RERET —4% (K 2A,2B OBREDR
BT —% 202), BLUBRARY hOa v R—% FOBEDNE L N OMOBEEEE
¥ 7 F ¥ T 50Ry MREET — (X 2A,2B O Ry MRIET —Z 2080V & £h 5,
AHEEEFNLORITRY —id, T r v s 302 TEREND,

T w7 306 T, VAT AL, X AT EFATTHuaR Yy hOBIMORITEAKT 50
EIOMBRET D, TOBRE, AT LT T 0 v 7 304 1R, X ZFEHETILORIT
RY o —IZHEANT 1 DF ITEEOBINORITE AR T 5,

T THRWEE, VAT AT ey 7 310 [ZTe, BlxiE, VAT AT, VAT AN
ARZBET IO RN —= 0 T H5ET L2 &I BIMORITEAER LW & 2IRE
j—éo

TH s 308 T, VAT AL, A LFEEFLOBEMO b L—=2 S EF(TT D0 E
IMMEPRITET D, £ THDIHIGE., VAT LI Tr v 7 302 2R, Ak SN ITD
FIBLDO1OFFIFERAFEHA L T A ZFEHET LVOEERMTRY —2 3 LT 5,
ZF 5 THRWES., VAT AT T ey 7 310 12 Te,

7w 7 310 T, VAT LI BEO L —= U T H AT LRI LVT R T D
O b—= T ENTEAZFEEREET LV E NL—=0 7L (1) hb—=v T &N
AZFRETN (2) HILWFZ R ZFATTH0Ry O 1 DFEIFHEEO ARIC X
HHA RfETFEVA R L—vay, £ (3) HTLWHX AT ZR{TT 50Ky b
1 BIPL EORITIZHRASNWT, FL—= T %2577 5,

3.7 L—LA

542 FFFFD 7 L— A 1IXLLF O Th 5,

1. —F73EEO et vy iz BEIN D HFEICBWT,

FHLWH R 2347558 Ry NOANMICL D TA RF&ETFTEVA ML —v a3 2
EONWT, FriLnF 27 273508y hOGIEICERT 27200, hL—=7&
NIz AZFRETVOMEIGRY) —F > FU—7 #AER L, BifE A ¥ FEET VI, B



BORLDIATEFEAL TR L —=0 7 &N HLWWFAZIZONWTE R L—=2 7
INTELT, TIT, @AY —FRy MU —7 OERITIZEL TN E £,

ANENZ LD HA Fff&ETEVA ML=V a v b AXT—=0 72T LORITRY &
— Xy U= ZHESNWT, R v—%y hU—7 OFIIEINZ AR L.

R v—%y NI—7OWMEIEEFERA LT . aRy hT 7 a oy —rr =z
ELHLWE R 2 TT 5Ky hORHET DRIEZ AR L,

aRy MZaRy 77 a Oy —r o AL iiTbouRy MREAZFEITE
NEAN

mRy N7 7 arOPis—r o ReRIETHrAy MR LWSY AT %1k

WIZSET LTz E 5 & Hlr L,

BRy 77 arOPiy— A LSIET A RAR Y MREDHT LWH AT & IE

FAZTE T L2 E D O SN T, #ERY v —y NU—7 KT 5,

4. RRFFIBT D
AEFFHIC B 553 TWATCH, TRY, LEARN: META-LEARNING FROM
DEMONSTRATIONS AND REWARDS| 7% Allan Zhou K HIC KW EERISN TN D,

FmSCTCIE, B 0B L RITEER O M LR A AGA TS LN A X SR T L

,

)XA%%%LTV&

demonstration

EREOKINZIE, =Y — RORMEHRED T L—LN E RSN TS, 19

1 Allan Zhou, Eric Jang, Daniel Kappler, Alex Herzog, Mohi Khansari, Paul Wohlart,
Yunfei Bai & Mrinal Kalakrishnan, Sergey Levine, Chelsea Finn “WATCH, TRY,
LEARN: META-LEARNING FROM DEMONSTRATIONS AND REWARDS”
arXiv:1906.03352v4 [cs.LG] 30 Jan 2020



DTELVARL—ay () R, U—rRNEEEINLD, 1 2ORfTE Y —
R (haR) T, AFEE, TEEBUTHEROMGORBRAEN T2 LIcX-T, ¥ A
J DR ZEFSZENTED (F),

i URL [CEyl 3 i STV 5

https://sites.google.com/view/watch-try-learn-project

TREEIER Y N =R TH 5,

Vision Netweork Actor Network p(s)

RGB image
(100, 100, 3)

~ (49, 49, 32) (24, 24, 32) (22 22,32) (22, 22, 32) fully
s 3 conu [ T, 33 conv 5 . 33 conv T 1t conv [ I connected )
stride 2 stride 2 stride 1 stride 1 spatial lnear (K'8) [ 0,0,  Gaussian M
ReLU RelU ReLU RelU softmax fully fully fully t Gripper
— ]~ connected [ connected [ connected Position
ReLU (200)— ReLU (200)| ReLU (200) ™~ / ~
W > Axis-angle
N - - ™ - E / \ \) rotation
Finge
E E N

inger
N Current Gripper World Pose (6), ngle
Demonstration Episode  \/ision Network Fg ngle (1), Velocities (7) Ch f
(40, 100, 100 3) concatenate
AN . iy fuly flaten uly [ Rl ED‘ %
connect nnected
Q RelU mu ..... Rel lUW“) Cinear (52)
e - netvork acvatons
. 64 2 Gontext Embedding (32) g
10x1 Com Dmpm observations.
Demo Episode Gripper World Pose (),
Finger Angle (1), Velocities (7) RelU o
!
Trial Episode Vision Netuerk
(40,100, 100, 3)

Q C-E fully fully
B Eskiers fren 189
. -

o

E

Trial Episode Gripper World Pose (6), * =
Finger Angle (1), Velocities (7)

LM %2427 7D RGBBLZ, ReLU 7277 4 N— g & LA v—IEH
fbaflEfH L7 4 LA Y—CNNIZJEL, £DR%IC 2D F—RA o MEfhiHd 222/ Y 7
Y 7 AL A Y =T, HAF—RA L F2T7 Ty ML, BUED T Y v /3—R—
A, TV =, BEOar7xx MwAL L EET D,

HEX: RO "V ET VA —Fy NU—7 IS, 77X —%y hU—2 1%, =
v RENTZZ Y R2T7 =7 ZONE, SifgEDOHR, BILOROAETH U REE
INT A =R THT 5,

ETH: a7 %A MDIAAZZAERT 572010, DALYy NU—71F, TEBX
‘ﬁﬁ®%%ﬁ%7y§A:%V7)V7éhk40®ﬁfﬁi%hkﬁwmfyay
Xy NI—=2 %A T 5, TEROBATOH 1%, MOIABIERET 4 A a UiZiho
72T B Y — RO L HEE L THD, BT 0 A v a U 2IRIC 10x1 D& A F
WML, 77y MELTMLP Z@H U ki a2 7% 2 MROIABE LT D,

10


https://sites.google.com/view/watch-try-learn-project

N WTL (ours)
m MIL

" II

..- --I- .-ﬁ
04 -
03 -
l i B
01 -
0.0 - — _ - —r *

Button Pressing Grasping Pushing Pick and Place
Task Family

ERERIE, REEZER FEE Y ay) LV a r _XR—RADRY =Dl FIZHONT, 7
U o R—HIHEREE CORFTIEICBIT D F IR L R~ T, EmONix, §XTox#
2277 IV OERRERLTWD, KiwIZH1F 5 Watch-Try-Learn (WTL) X
Vo RiZ, AXAIT7—vay (MIL) XR—AT7 4 V" ROEMEZ o—=27 (BC) ~—
AT A 2 RIEIZ EE\l> T

oo o
nmom o~
o

04 -
03 -
02 -
01 -
oo =

06 -

05 -

Success Rate (Vision) Success Rate (State Space)

Uk

B oy
DL E
TP REEF R T, T RPER L, AR PIER S AT AP LR EE T, KE 7 7
Y7 YT —Au—t X — W EERREE LE T PENE IR AR M E
ZFEIF—ET, MIT(HFa—F Y TRKF) 2 Ea—2F5 - ATSEET Al =
— AT

ALFrFa s T 4 v 7 ER AR YT 4« 7 ofth, KIE - PERFFOMHE
FUL - BEFREZHMA L LTS, 28 (RO Y 7 My 7HZ(E) . [FinTech
BRFAR . TAVIOT #53FAM 2.01, 178 v 7 F=—2 3.0063)) B35,

11


https://knpt.com/contents/ai_consulting/ai_consulting.html
https://knpt.com/contents/ai_consulting/ai_consulting.html
http://www.knpt.com/contents/medical/medical_consulting.html
http://www.knpt.com/contents/thesis/book00021/00021.html
https://knpt.com/contents/thesis/book00025/00025.html
https://knpt.com/contents/thesis/book00025/00025.html

