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Soft Robots: Soft Touch Like Humans
TANAKA Kazutoshi

Robots have been integrated into product production lines and used for the mass production of products. If robots,
which can only repeat the same motions, can perform a task flexibly and replace manual labor, it will be possible
to provide products that suit each product user. Parts assembly tasks are a typical example of tasks that are diffi-
cult to be replaced by robots. In parts assembly tasks, the relative positions of parts must be precisely aligned to
fit them together. To solve this problem, we focused on soft robots that can make soft contact with objects by
deformation of parts in their body and developed a robotic wrist that can add softness to a commercially available
hard robot. The developed wrist can take a fixed state to avoid vibrating and dropping an object when carrying
this object. A cylinder placed on the base drives the wrist via a wire. Thus, the limited space at the end of the arm
can be used for displacement. With the developed wrist, we can explore new architectural methods of robots that

work by leveraging the softness of the body.

1. AW Z
AT, vy b 2 EEEIGE B A 2 T
S MBI DWW TRG T 5, fev T BEEIOZS I B AH AT
EE%T > uEy FOEBICEMT 2 LiiffcE s, V7
FaRy rEAGCEFLYEERY FT—%7 27 F v 2N
T3, kpic, V7 raRy MO T I v F 7 —L0k
LCHFL=FbnwvaRy P FEEBNT 5,

2. ZROGEBMEILERZITI>0FRy boREH
oRy M, AfZEzERICTIBEOEME LT, Ao

EFE2RB L TE 7, KRAER, tL2DRD 2 b OHE

DIE, mRy POREFTREREOLD 2, KEAE -

Contact : TANAKA Kazutoshi kazutoshi.tanaka@sinicx.com

16 (164)

KEHE ORI/ T, BEIE, SHERMEE % F oA
DEYOEYPESIICHE L Z-FEZFICL, FHOW LA
EWEL., #REEBRTEZ XS, uRy M EZADE
o U<, AMZ#iTE. KR, REkRT 5 2 L~
DI EE o T d, rR Y FRAFOEELRFCTE
WE, a2 PATY | A Rl 7 B & il ic iR ik <
2191 kd, INECHAFICHE > TREICliDIT
EzmRy M, BiiToREIC X o T, EEICEICEE
L. AFOEEARBET2L91Ckhs72THS I, UT
Tl, BEDOEEM Ry P OEHICONTRIET 3,
FEEMe Ry RS MEIBEECHFELLZTHS S
2 KEMBEESICEWT, Mol 2 KEICEET S
olcflibhEEHe Ry P, (1) ~=a27 1 <=
val—%, 2) BEy—7vZx-aky b, (3) A[&



[Hep —fig

= vA-uRy b @) T4y 7 -wKRy b,
(5) HfEHIEn Ry b (6) FMfgrRy MBI, B
Fiz LEMiNcEERZE I TwRY, ThbD 3 b,
(1) »5 (5) ouRy MiciET 2 HAREX. 52
LOEDONBYOEZZZDEFHMVBETLICDH
D, ZOMVELE DRy b 23—t oEEN
vl b EIEARY, BT, REROBRICHE ST
BEBIECTE 2Ry b2 L P %28 U CHATIC
Tur 7 IvrsERNTORWITEIZES T 2uRy P EE
SR FE TR AL 2B EN S H LIRS
D, LY EEREANTESFMOT 5 0Ky b 2N
RooRy +ThHsETFRLAE, 1982 FEDkEm <, HH
INTVBIEEMoEY FOIZLALIFREVRELEOE—
HRODDTH o7z, KERPERL =L S IC, ZDtk. Al
REm Ry b oE&EBIIL Y, A E/NINE, FEEM B
Ky b ~DHIRIE Manual Data Input 7 4 —F ¥ 7 7L A
Ny I AL TH D LIERML Y, KA L 72 &
S0, 1980 4E 2 Ic KEAFEDOR 2 b, 4D mEE
DRI - 74, KRAEFEICT Ry MIfbNET 7,
E¥XHu Ry b 24 0E EEE IS 2 & 2HTER
ZICH 550, FWHIZEFRMA KRy P 2RV EEY A
TALALEEOETE IR NI, V=TV v SaxrTHB
LIERL Y Tabb, MR EERO Ry b
AT LDORRD Y OHNRD I b, kol B
.M. #Eozooz Y= T YV v Sa R THED S
NTED, UERETLOARZ2 L RICBERLPINTHS
EEL 72, B S kR e R v B LB 7 a
Yz McknT, WYY AERE T, RIFFEGA
TR, EEBG~EATE L VAT LKL, &
DR EWE 2 C, FEMu Ry Fo&itodfLiciz, &
HEREICe Ry FFED 7 7 v T BN ELES % T
W 2B IR L Tliflb ST b, 65 RED
7ol vRy FEFHTIEHNES—EBFEL, v
Ry POKY b 2R LGl E » X=X TR AR
THET, HirhA/ = avicFrLyITEiel
“{'C\/‘Z)é)o

WAED ORI RIC X o €, FEEM v Ry F 2% W
MAVBEEICHEZD X ICho7TH S ) b HHTLHE
L7zX o, BMEE 2@ c k2 Eofary ¥
VIR E, RIEL A RIRE e R v b OfEE R ATEE
L7, Lo L, R E A2 ERT 2 X 5, BlIET
b, B EE R, AFCoBMEELERL T»
29, FHE T, EER Ry Mclar EERTD
30BN THBFEE L, AEIicHEiccx s e
FuRy MCOfHICTE R LEZNbTHB T L, #BIE
WA DR 2 BR 4 2 LB H 5 2 & ZIEHL 72,
UEoXsic, BIfETh uRy MIFE—EEDOREL »
TEY., L EAEEICHE I BRFESIZEA LRV, D

ADEH L #zPehrzury b~V 7 bury b

LA#HuRy b oS, BBIGEICEER2{To TATOEES
Kb s Lo wmn, BRzAAT AL D IChH-
7B ERECE 2 X5k b, FHPBRZ X S, #
A 7 E DA FER RS EICIT ) v R vy P 2R
213, &<H L vweRy VT —FTF 7 F v BHBETH
5, Z0XH%Hma Ry b T —=FT77F vt &5 FTNIE
NnNBTHA S b

3. MM EEICE TRV 7Oy FOREN

31 o lMFIcHh3 Y7 ARy b

WEROETFIEBICL 2HER L E#ART 7 F a2z~ 3
VvERBETI0RY b T —F T2 F v LI RE B 5EN
BT —%77F v LT, BEICXZHEEZHVEZT —*
FUFRBBTOND, REIC X 2EE TR, Sk Pk
DA 2 EFEHERIC X 2 EORD Y ICH W3, B
BEIC X AL LC. SR TaRAFT ON D, ZEHT
R, FIERRICK2FMEL T 7Faz—2dmLic, TV
WARLELTHITTE 27,

BROFZO 0 X AP L TR A 2FfTT5ury 2L
T, EE, V7 huRy FaEHEEDTWEY, vt
ok b ELT, MROIICEFR L, BEEET LT
WA 2 2, P I v 727 ) v SRRFI R TY
2, v)ayIaLEMEHCLTEY ., ERAOHAILL 5
THIAS 2 FMh ARy MESBEIATHE?,

VyZtrukRy bo—fEE LT, BREMEHRTEREY b
BiFohd, ZREHEKaRY I, e EBEDET2
oI EMAT-HERREZREL L CGRGFEnTwn 5,
Bl o ZBkEr Ry b @ Mowgli BHFE LAY, con
Ay MiE, B o) % 1 X 2 EEERET o BRI 72 17
KXo, AELIE L CREL 2B %E1T2 5, WAL
i3, ELRTEATLH T X NS R/ ARy 7T —L4IC
L oT, BRI D ¥ T BT ENE % 8 5 A dl i o T
252 ERRLEY, Ffkic, BRMEEICHVLTY,
L E L OMRAIE 2 A b B DIC, Tk B AR R
ODEREHLE T2 EWffTcE 3,

3.2 BRI ZFERAL-OFR Y MEE
BT v Ry P IcfUE S 2 2 DB
RECTH 2, BEMHTEZICELCEEHAETLZ IO H b
570, HEOENOLEE EEICADE 2 081D 5,
g ic s nT, ZEAEMEEZ SO0 ForWTFE
BHEHTHZZLRHbLNLTWS, ZD—fle LT
Remote center compliance (RCC) & IME:iEh 2 K AS Whitney
bick ViRE I N2, RCC TR, FEHHND A DT
CXoT, B ROMER L ZHET 5, Fkic, 4
L. A A T2 FEBBIEIES (REIh T
519,

(165) 17



OMRON TECHNICS Vol.53 No.2 (#i# 165 5) 2021

33 v7iaRy Mok3RRETEE

WkouRy b T—FT 7 F ¥ id, FhofEEZRE
mOEECHIficE 2 C L RAiIRE 5, b1, AMR
TG DFEICOWTERL, [GESLr Ry PR EE2RD,
RELB L ZBY VB2 OBMNE T 777 I v 7L, B
RPET L, WLC, V7 b aRy b IR 7 i a8
MBORED X LISEDBNE AT 720, IEHEICIE & %
BERflHcE v, Thbb, BEOT —%7 7 F ¥ OHi
REmzInv, I, EHFLHIET. RIS
¥d5uRy M, FENESIRD 2 2NcEEE 7 a2
F LT 50 TIEARL, HMAHEA L ICHFE BB cAEK
L, RS CCHEBITHEINILELRH 2, L L,
ZD X5 BHEMIIRZFERICEIE> T, B 2%
WA AT, RS i A EI L,
RN IR R oM IEZ B BEThAbE LN,
Lol Z0EFIZHEICERI N, 2220 E G TH
OB INILERDH L, SHIC, Y7 buRy MEE
LK. MBI EMICERT 2, 200, fEkoffivao
Ry by &, BRI R B R AR V. X
T, 2HoREZ+R2ICIE T2 L rREETH 5, »
o, RELREEBOET VLI HEEECH 2, ZoET L
fLeihllo WX S HfAZ2# L T 2HE POV L DTH
%,

VyZbhoRy bEHOWERHLWT —F77F vk
SbDTHDIH, 9. W EHOHMER T, {F
¥ExHENICEST 2 2B, FEOLL T, EiME
nETNAERMEY ., HIHERERGIT 2. RS20 B
BISZICEEZITA RV, WAIC, & EnfiiEmt v 4,
N vy, EEREE YR Y, 28, SHEOL Y I 2
HLTcegoREL+R2ICIET 5, Zor0EKIT, &
W) 7 IR~ D2 2 AHEIC T 5, fERE LT, X
D% DEHROMBZAIREICT 2 & L bic, FE MR
B2 REERTHCHIBT 2z o2, BUEoX
T, FWAHER, S, SBov vy, BEBEEO 3E
FAovoRREe, EmzilzLlar, chs 3HE
FrRHBEE LT, BHIGEICEELZITI ury FOoH LW
T—%70Fx52EHETL, T—F77Fv2EHT L/
DITIE, I 3BERLLAIERERIEE LT, 2T
NORKERZHFET 5 0EL1H 5,

4. TERIEFHORRE

41 RO =HOFHE ARy b FEOERERE
BERICZICEREZIT S v R v T OFMFHICIE,
Hres ko oh 3,

FEH LI, GRAONTAEEZERICRIT I v Ry b
FHEZHET, 2oX5 %Ry Fid, #EHAZICEL
T, FANCAE SN WHT L v ) 7 CHE 2 1A T 2

5250

18 (166)

LA ->Tn3 2L zHELT 2

T DERI NSRS D B, CNERET 2200
KEEREE LCiX, UTo52o08%Fond,

(1) 6 HHEERZNL
RAMOEN % BEL T 20[REERH 2720, 6 H
HESLETH Y, ARERRY KRELEMNT2008EF
Ly, TO%HMEEKREMIZ, o blFEL Ry
b OEEBRE o TV BIERDT —F T 7 F ¥ TlElg L
AEBTEEINR O, LRy b T —=FT7F ¥ D
72 ORI R R T B 5,

(2) /NI
RADIERE L L TTHDL WEFT RN R~DIEE 2T
O FHEMEZ B L 72Ky, FE REE L, e vy
OB I TR 5B DH B0, TE LT
INECTHZDHBEE L\,

(3) t&ftiFHkaE

X3 muEy FT— LI FEL BT E ZBAMANT
TZ5X51C9%, $4bb, FEOMIFTIcL-T
BEoWvwe Ry v 2V 7 haRy METE 3,

(4) BEM
TEHPEVEAS, MEEOKEZ THOEBICES
FTLICRD20, BOWLERD S,

(5) YIEhkne

FEPT AR T T Tl VIR ESRRICHRE L <k
ERETBEINDE D D720, THGIRIEL o WIREED
W2 08N H 5, Thbb, [BEE L BROYI Y F
DB BETH B,

4.2 —7 )W ERENE 6 BRE/NEAZRIEFS

CZTREHES PR L 72, Biffi bR 7-H¥REZ i 2 %
FHICOWTH~3 (K1),

FAFE L2 FE X, EHe TH ok 2 0% 5, L&
DOEREIE T — L DSEIRICEE T, TEOEEIE 7Y v o8
WKHEE IS, EEFE TEOE 1 3 DD 4 THEE S
TWwb, 70 v fliff L 2R BREDh o ik icfiliin 2
EANAPEGT 570, b EMT 5,



[Hep —fig

Soft

1 mode

1 FFLEAZEREFE

B L Z2FHIE. 7AXY T —TATT —LDR—ZAHhb
BEh L w3 (M2), 7A4¥ 7 —7 0tk d 2 28,
ot R 52, BHREAREICY A YOFEI 2T S X
S, BRIEY Y v ATEEId 3, TAY L) v XI5 R —
FoSAT 1ECHRENT 2, 74 Y CE LR N4 2
ATHIRBET B E TS, © v ERBIEFOE - THEE
ans (K17,

Side view
Upper part

Top view
Arm side

Gripper side
Rigid mode

Lower part
Soft mode

[ <—>E] [I —DCylinder
Outer tube]| [mm]

K2 FHOBEBK

N ——— |

HE, FEICEYFIFA->THARY, 20D, KET
WY B 2B, FEEM Ry P EEBRTIE,
E—vavFrx T FrEHOCME L ZB LTIz, 7
A Y OERNTE vy TRAEITE, v ) Y XONEES
BHEHE Y CEHllcE 5, 6 o0 v HRITLEEE T
WEEwEG T, T oS oM EZR % FHlT % 25,
AELEEMMEMLTLE Y, C02®, FOLXREHI
FTRLEICIE, A A TR v I X 2 FRIIA#E L T
W3 THA9,

4.3 FF{lEER""

AETCEFFE L7z Fy P FEOFMER & 2 ofEFic
DWTIRR 3,

FEBEO VA, BREICEE S Wiz Pikic s 2
RE, B2 A L 721, fZ1k2 BN CTh, @R AR L
I v, FEORGHE EF 7 ) o A & B < HERE & OBt
BN L7720, ML CFEIET 2 EREfT o2, AR Y b
WWHEZHRE L TT — 7 Vicmid TR X &, X €T

AND XL ehrikaRy b~V 7 baRy b

fFIEL 7, FEo R#e TH OB O %. 1,6, 11 mm
EEZ, NAEMYF AR, BT 2 g A
A T A HE 2L 2. BARESIEDE L SR L
WLz (K3, FEHORMEDHBEZIE,I O Z720, F
HEBEELZ [VYy FE—F] dall. gL 72,

. ; B 1 7] . Y\
3 LETERARMEEEEEL 6, 11 mm OFH
EERAETORIEREE -7 (K4), 1-6 mm B
DL e T OERE, B4 2EIRT 5 2 & T, Bl
INEREZ mD D & odo T,

Small opening Middle opening Large opening

Rigid 3
79 z
£7 ’
2 5
; Hard spring  Medium spring ~ Soft spring
g,; 3
0 1530 45 60 &
Angle [°]

|:| No protective stop
4 BRELORRE

. Protective stop

WL OBHRIC O VTR 3, EERKEL 231
L NEKREL o7 (M5), VY Yy FE—FDHHT
BRED o7z, ThiE, THOLWIEIERE 7)) %8 1T 2
BERER B 2 © & & T, B TR o MkE- M % ik 3 2
LS, NI R EOLETICBWTHIRNE o
oo TN ETIbRT, RAFELOFERD SRR,
Ylzmat e w5,

167) 19



OMRON TECHNICS Vol.53 No.2 (#i# 165 5) 2021

Rigid
--------- Soft spring

Rigid
Small opening

-------- Middle opening ======- Medium spting

Large opening Hard spring
80 80
— 60 & 60
o o
8 40 g 40
2 -4
=
20 20
N i
1 3 58 2 B I3 s 7 9
Speed [107m/s] Speed [10°m/s]

K5 EEEHDER

THOEM P OMED XL 2 HET 5, ZO%R
BFRB D, R~ VR =R R OREE L
Too EEETIE, O WFEDPMERDREZEOE L Z T
e EICL, RIAVE—NANRRAIDANT —=V ZITJITE
THELRFMLZ, vdy biciE, FAuvv#llo3D 7Y
VI, T NCEESINEREAEoRIC, ok
X 28 10mm X 156mm, £ & 23 80mm O X 7 v L Z# o f 7
Yy EfALZ (K6), COLEDZ VT TV AR,
0.1mm ICFEE L 72,

6 EROKRFEERICEHISDEZER

7Y v SpEhE ROFLE DEICE R 7y RS
25T, Bl AXEERE Lz, X YDA 7Y b
130,1,3,5,7mm, AEOA 7€y +i1260=0,1,3,5,7°
Thotz, MEF7 1y MIEFNICFHEL, X ¥ Z D&l
W L 72,

7Yy REROFICEEZ, £ 7%y P &N2=H, HA
AT EFEMEL 72, FiRE— F Tl r=3 mmoREieiko
BEZfT o7z, MEZEELZY Yy FE—=FTIZ, £9
N BoT 2570 I8 EROB) Z 21T\, 2D, vRy
FOFRBRDOUEL 1TH B ERE L, 315 um DRNFEH F
DONARIN—F VEFEHL TR ZHALZ, TDL—
FvTiE, NEMA. XI7DBE}p R kol TITXHE
7213 YHh< 1 mm BiBICBEIT5, cokdic, &E—F
DRI RISFE O CEIE L. —J7 D7 iE2NEE IS AR

20 (168)

LAD®P-Tw2 2 EzHBMLT 5

BoRVE D RIFAFTEEERAT 2 L ICERLE, A
X2 7 CHEERRYVRED N7+ —< Vv 22 EHT 2720
2, IZIEREI LK 2 0 CF a—= v 72T 7=,

XA Ty WADBKI L2085 2>, 723 1em LA
EHEIEAI NI E ) ., FEFRICBRAFEILSREL 2
PEIDEMER L, Ry MIHFEETSH AR EE
il B, R, B2 koL 72,

FADOIIEIZ, BT PIAKEL RdIconThEL
ot (MW7), AEDTNBAKEL R BICo2N, YW
B H I X BHIESRSFRICHEF CHA TV 5, XY,
ZOMERZENTNIEL 5T N, V7 PR A
LT, Ry MIxZOfAICEKL 72,

1.0
208
s
0.6
[72]
804
3
202
0.0

1 3 51
(x, y) mm

35 71 3 5 7
0, 0,)° 6,°

‘— Rigid »=«o=- Soft spring =----Medium spring —— Hard spring

71 3 5 7

1 3 51 3 5
@, 0)° 0,°

(¥, ) mm

1— Rigid Small opening ~--Middle opening —— Large opening |

7 RERFELoHE

MicAE R m oA THNIE, TEB R TH IR
FE, S, REBERICERERET 2 2 8T, XKD
L7iz7zdThbeEZONDS, LrL, HEOXITEXT
Vv 7R o 2 FER TR, RO OBRICX > Th
BEDIAZXBEL B0, 24 TAH—F OEIIEIL
Kl 7Zxo/z, V¥ Y FE—FTORKDERFRIZ, A3

A I —FEEROREEILC, 12 v I2BAL Tw»
BVDICTY) v RXRRICA>TLE -G EDOMATH >
770

FHOMXIENKE b, FHOREHEAKE &
D, BN H T2 e bhrolh, —FTC, fAZiE
DIRNDGETH IR LT 2 edbrol, T4
X, FEORXIEZHET 22 ) v XTI THI 2o,
RELRNBDr25L, FEOREREI/NS ST, KEL
ERCTE D707 FEz2LND,



[Hep —fig

5. LI

Afgcid, EER o Ry M X 3437 CTEEOBIKIC
DWCIREFIT 2 & & bic, MVMFEICERELDRET LY
7 bRy b OBEHFEENC O W TR L 72,
ELELDRET XL T HORRIC L - T, B
BrHwzeRy MicX 2 8 EE O A A RE I
Tolz, TNUOHFHICHEIT MR ICOWTIE, HIFEICEE
%, WETIE, GHROEME 2G> LEEE2fTHo>uFry
b7 — LRI~ & BREHERROILIR D T B,

SE R

1) NISB0134:1979. u Ky t O u KT 4 v 7 T4 2 — ik

2) pBpR T EER R Ry P ok, HABMAEAEE 1982,
Vol.85, No.766, p.1078-1082.

3) KA. EEMvRy F oSHOBMMEIR. HAw Ry b
252k 1993, Vol.11, No.1, p.7-13.

4) KINE, NMUBE. FEDBRL 7w 7 IV 7 E¥XHR
Ry FOBORTEOHIREEE., HAr Ky b #ERE
1999, Vol.17, No.2, p.180-185.

5) KAE . FEERHu Ry L OBk E EBY, BRI A
1985, Vol.47, No.2, p.219-224.

6) FFHTS. AFESBRIC I 7 AFERIRE - FEEM v A v b i
& 2 AR EAT. HA®FR vy P38 2013, Vol.31,
No.1, p.10-13.

7) HETERE EEHeRYy bvZval—vav iz vid
- PR R . R & . 2017, Vol.56, No.10, p.776-
781.

8) BUHMEA, Jfafs. M v Ry b o XAREIcow T,
HA® Ry F¥aiE 2019, Vol.37, No.10, p.915-918.

9) Collins, S. H.; Wisse, M.; Ruina, A. A three-dimensional passive-
dynamic walking robot with two legs and knees. International
Journal of Robotics Research. 2001, Vol.20, No.7, p.607-615.

10) Kim, S.; Laschi, C.; Trimmer, B. Soft robotics: a bioinspired evolu-
tion in robotics. Trends in Biotechnology. 2013, Vol.31, No.5,
p.287-294.

11) Brown, E.; Rodenberg, N.; Amend, J.; Mozeika, A.; Steltz, E.;

Zakin, M. R.; Lipson, H.; Jaeger, H. M. Universal robotic gripper

based on the jamming of granular material. Proceedings of the

National Academy of Sciences. 2010, Vol.107, No.44, p.18809-

18814.

Thuruthel, T. G.; Shih, B.; Laschi, C.; Tolley, M. T. Soft robot per-

ception using embedded soft sensors and recurrent neural net-
works. Science Robotics. 2019, Vol.4, No.26.

13) Niiyama, R.; Nagakubo, A.; Kuniyoshi, Y. “Mowgli: A bipedal

jumping and landing robot with an artificial musculoskeletal sys-

12

~

tem”. IEEE International Conference on Robotics and Automation.
2007, p.2546-2551.

14) Ikemoto, S.; Nishigori, Y.; Hosoda, K. Adaptive motion of a mus-
culoskeletal robot arm utilizing physical constraint. IEEE Transac-
tions on Robotics. 2009, Vol.56, No.10, p.3975-3984.

15) Whitney, D. E.; Rourke, J. M. Mechanical Behavior and Design

16)

17)

ADEH L #zPehrzury b~V 7 bury b

Equations for Elastomer Shear Pad Remote Center Compliances.
ASME. J. Dyn. Sys., Meas., Control. 1986, Vol.108, No.3, p.223-
232.

Nishimura, T.; Suzuki, Y.; Tsuji, T.; Watanabe, T. “Peg-in-hole
under state uncertainties via a passive wrist joint with push-acti-
vate-rotation function”. IEEE-RAS International Conference on
Humanoid Robotics. 2017, p.67-74.

Tanaka, K.; Drigalski, F.; Hamaya, M.; Lee, R.; Nakashima, C.;
Shibata, Y.; Ijiri, Y. “A Compact, Cable-driven, Activatable Soft
Wrist with Six Degrees of Freedom for Assembly Tasks”. IEEE/
RSJ International Conference on Intelligent Robots and Systems.
2020, p.8752-8757.

HEERT

[ —fz TANAKA Kazutoshi
Fruay A=y oy s 2tk S
VH—FTFIZA A T4 T T4 2y
P ARy T
FilEsis : AAR Ry s

-t (T

RGO DAL, B TEL LT GEERHY £,

(169) 21



OMRON TECHNICS Vol.53 No.2 (#i# 165 5) 2021

L AD®-oTw3 L2 HBLT %

LiavehaOmry b5 HIHTS
~ETFILR—RAZH
W

Teaiz, FREREZFO L SRy PEHEHAL T X0AGICEBHcZ M AEEEIBEL W5,
LI X o THRYIR L DBIRABEL, HROBBLe Ry FORAFESIEZ ISR, ZoR, Ak
MECTHoTee v vy 7 RHIHGHENICN 5295 2 KIFICHIRTE 2 LHAfF I NG, —/iT. oIk oTx
AF I ABEME 720, FEBANOIER B LERTIR 78205, AERGOR NI EF 05D
BRORITEECHE Lz, £ 2 THRA I, ETAR—REFICE S RN LRy AT EEZREL 72,
AfEciE, A ORERFTOMERETH 2, MHIULFREORKIMMLL DX DIGHIC X 2 EEMRILFEL, o0
aRy MCISHPHHEFTE % Sim-to-Real &7 VR — R EE TR ICOWTHERT %,

Learning Control for Soft Robots: Efficient Model-based
Learning Approaches

HAMAYA Masashi

We develop an automatic assembly system using a soft robot. Thanks to the physical softness, the robot can inter-
act with the environment safely, resulting in a significantly easier setup for the robotic system. Meanwhile, as the
dynamics model becomes complex due to the softness, we need to use learning-based approaches. However, a
large amount of taring data might not be preferable for real robot applications. To deal with this problem, we
developed model-based learning approaches, which are efficient and suitable for real robot applications. This arti-
cle introduces our recent studies using model-based learning approaches: 1) lower-dimensional dynamics models

by leveraging subtask segmentation and physical softness and 2) model-based Sim-to-Real transfer learning for

multiple environments.
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(b) Model-based multiple environment sim-to-real transfer
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Advancing Automated Assembly —Team O2AC at
the World Robot Summit 2020

FELIX von drigalski, NAKASHIMA Chisato, KASAURA Kazumi and
CRISTIAN beltran-hernandez

When installing robot systems in manufacturing applications, only 20 to 30% of the cost is due to the hardware,
while more than 50% of the cost comes from system integration, such as setting up, programming and connecting
peripheral devices into a unified system. Given the labor shortages both in Japan and worldwide, robot systems
that can handle a variety of products with low production volumes are strongly desired. We participated in the
World Robot Summit (WRS) Industrial Category to move towards its proclaimed goal of “agile one-off manufac-
turing”, and aimed to build a production system that can respond quickly, leanly and without waste to various
changing production requirements, thereby realizing the “manufacturing of the future”.

Together with other organizations, we formed a team and have been working since 2018 on a system that is
robust to changes in parts and assembly positions, without using parts-specific jigs or teaching. We have continu-
ously improved the system by tackling issues that came to light at the pre-convention (WRS2018) and other
events, where we obtained the SICE Special Award. In addition, we participated in the WRS2020 (postponed to
2021 due to Covid-19) as Team O2AC and obtained 3™ place as well as the Artificial Intelligence Society Award.

In this article, we describe our approach to solving the assembly problem, the hardware and software technolo-

gies we used to implement our solution, and the lessons we learned during the development.
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1. Introduction

Automated assembly with robotic arms is highly challenging, as
it places high requirements on the physical robot system, as well
as the software implementation. Due to the tight part tolerances,
it requires high mechanical precision and fine control. Because
of the many interlocking steps in the assembly process which
can change according to part measurements and positions, it is
laborious to program the motions (“teach”) manually.

Commonly, assembly tasks are realized by building parts-
specific jigs, which ensure that each part is in a known position,
so that the process can be repeated by the robot in an identical
manner. However, the cost and size of these jigs makes it
intractable to use the same robot system for many different
types of products, or to change from one product to another.

In order to advance towards jigless and teachless assembly,
we built a system for the World Robot Summit 2020 Assembly
Challenge with Team O2AC (OMRON SINIC X, OMRON,
Osaka University, AIST, Chukyo University). We obtained the
3" place (with only 2 points to the 2™ place) and an award
from the Japanese Society for Artificial Intelligence. In this
article, we describe our approach and lessons drawn from the

development.

2. System Design
As our goal was to test the limits of and challenges in current
jigless and teachless assembly, we teamed up with universities
and research institutions which did not have access to and/or
experience with industrial hardware. To collaborate efficiently
and immediately start working productively, we decided to build
our prototype 1) using ROS-based open software, and 2) as a
lean robot manipulation system that will stay useful beyond the
WRS, with little to no hardware customization. This minimized
the time spent on hardware implementation, allowed the use of
public, reviewed code and made collaboration significantly
more efficient.

The code running our system is public and can be found at

https://github.com/o2ac/02ac-ur

2.1 Hardware—Two arms with hand-held tools

After having built a prototype with 3 arms in 2018, for the
WRS2020 we decided to make the system as lean as possible.
We used only two generic robot arms equipped with a parallel
gripper and wrist cameras, together with hand-held tools and

parts feeders/holders. Fig. 1 shows the complete robot system.
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Fig. 1 The O2AC robot system at the World Robot Summit 2020 in Aichi-ken.

The system was controlled by two PCs, running an Ubuntu
real-time kernel and Nvidia CUDA drivers respectively. This
allowed both high-speed robot control as well as neural-network
based computer vision algorithms.

We also used hand-held tools which are described in section 5.

2.2 Software—Rapid prototyping and collaboration

We used ROS, Movelt and other open-source software to drive
our solution. The system is encapsulated in a Docker container,
which can be downloaded and run on any Ubuntu PC (18.04+).
This allowed us not only to collaborate quickly and efficiently
with our external collaborators, but also to use existing open
code and drivers rather than writing custom ones, which accel-

erated our development and prototyping speed.

Among the packages and code we developed or used:

— An assembly database which generates target part posi-
tions based on their CAD models, so that motions are
updated automatically according to part specifications

— A symbolic planner that tracks uncertainty (see section 3)
and generates actions that reliably position the part in known
positions, even in environments with high levels of noise

— A computer vision system (see section 4) that uses neural
networks, image processing and CAD matching to deter-
mine the position of parts as well as the success/failure of
assembly operations

— A hybrid force-position controller applicable to any
6-DOF robot arm, which succeeded on all the insertion

tasks in the competition

If you use our framework, you can define how parts are

assembly and display how parts like Fig. 2.
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Fig. 2 Different assemblies defined by their CAD models, generated dynamically.
Robot motions are adjusted automatically. Left: Standard. Right: Surprise
Plus.

Notably, we developed a scheduler for Movelt which allows
simultaneous planning and execution with multiple robot arms,
and which ensures safety even for overlapping workspaces. This
reduced overall execution time by 20—40% and opened up new

avenues for operating even more efficiently in multiple tasks.

3. Uncertainty-aware Manipulation

When detecting an object using computer vision, the result is
always subject to an unavoidable amount of noise and uncer-
tainty. Conventional approaches attempt to work around this by
using expensive sensors, very rigid and precisely manufactured
robot bases, and complicated calibration procedures.

By contrast, we accept that some uncertainty cannot be
avoided, and integrate it into our planning and design process.
As shown in Fig. 3, we associate every object pose result
obtained from vision with an uncertainty, which is reduced only
in the course of manipulation. Actions such as grasping and
pushing the object limit the possible positions, and gradually
reduce the uncertainty until the position is known with high

precision and certainty.

Fig. 3 An L-plate recognized by the vision system, at the assumed position (red)
with uncertainty (blue).
Left: Before the grasp, many positions are possible. Right: After the grasp,
the possible positions are restricted.

3.1 Planning with uncertainty and the environment

In our previous papers 3), we have proposed different actions to
reduce the uncertainty of grasped objects. In a paper that we are
currently preparing, we extend these actions to include extrinsic
manipulation, such as releasing the object from the gripper,

pushing it with the gripper, or lightly grasping the object while

Advancing Automated Assembly-Team O2AC at the World Robot Summit 2020

pushing it into an obstacle. These actions are highly effective
and have been used in multiple occasions in the competition.
Based on these actions, we have built a planner which gener-
ates action sequences that succeed reliably even if the object
position has an error of multiple millimeters. Rather than fine-
tuning each position, the system generates full motion
sequences to perform assembly procedures. These sequences
can then be inspected and optimized by the user, which makes
programming and teaching significantly easier. Fig. 4 shows

example planning results.

Fig. 4 Different action sequences generated by the planner to determine the
object position with high certainty.

4. Computer Vision

We are using a combination of computer vision techniques,
based on both 2D and 3D image data obtained from the robots’
wrist-mounted cameras. The cameras are consumer-grade (Intel
Realsense SR305), which limits the maxium precision of the
vision pipeline. However, as described in the previous section,
our approach accepts this uncertainty and achieves precise posi-

tioning even with very affordable sensors.

b

Fig. 5 The vision system developed with Prof. Akizuki from Chukyo University and
Toshio Ueshiba from AIST.
Fig5-1: Parts being recognized in the tray (using neural networks)
Fig5-2: Cable tip detection (using background subtraction)

4.1 Tray picking

We used a combination Single-Shot MultiBox Detector4) and
3D Localization (Fig. 5-1). (TODO: Cite the paper) A common
difficulty with neural-network based approaches is the sensitiv-
ity to lighting conditions. Due to both COVID-19 and the dis-
tributed nature of our team, we had to tackle the robustness of
our vision system early on, as the lighting in the OMRON
SINIC X office and the laboratory in Chukyo University was

very different. As a result, our system was very robust to differ-
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ent lighting conditions, and we experienced practically no diffi-
culty with the conditions at the competition site.

In fact, the RGB-based parts detection was so robust that it
often outperformed the 3D-point-cloud-based recognition rou-
tines. In retrospect, it would have been very worthwhile to
encode the rotation angle of parts in the network, to make use

of the high speed of the network.

4.2 Bearing orientation

Unlike scene-mounted cameras mounted on the work cell’s ceil-
ing, the wrist-mounted cameras allow close-up views of assem-
bled objects. As shown in Fig. 6, the bearing is inspected after
insertion, to ensure that the holes align with the screws’ target

positions. If they do not match, the bearing is rotated in-place

by the required amount.

Fig. 6 LED-equipped wrist cameras allow parts inspection from up close, to
determine assembly success.
Left: Camera facing the bearing. Middle: Camera view. Right: Vision result
(angle offset from edge detection)

4.3 Cable detection

As the cable is highly deformable, the position of the tip cannot
be predicted reliably, and detecting it in an unstructured envi-
ronment is highly difficult. We solve this problem by first exe-
cuting a synchronized collaborative motion with both robot
arms, which cages the cable and places the tip in one of the
robots’ grippers. Then, we use background subtraction to find
the tip of the cable in the image and project it back into 3D
space (Fig. 5-2).

5. Compliant, hand-held tools

Instead of using expensive and specialized tool-changers, we
used tools that were grasped by the gripper, as a human hand
would. These tools were of three different types, as shown in
Fig. 7:

— Suction-equipped screw tools, with compliance (using pre-
cision parts from SAWA Ltd.)

— 3D-printed screw tools with compliance, but without suc-
tion

— Passive tools (e.g. hooks, plungers)
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Fig. 7 Different tool types. Left: Screw tool with suction and compliance.
Middle: Screw tool with compliance and without suction. Right: Passive
tools.

The screw tools were driven by small Dynamixel motors with
torque control. Combined with the suction pressure sensor, this
allowed the detection of both motor stalling and screw contact,
which we used to determine successful fastening of screws.

However, some tools that were used for specific manipula-
tions, just like crochets used by humans, did not need to be
actuated. For example, we used a hook tool to thread the belt
around the pulleys, and a plunger tool to separate items that
were packed too tightly to be picked.

The screw tools and plunger used physical compliance in
order to apply light pressure to the environment. As a compara-
ble level of compliance would require a very high control fre-
quency if generated by the robot’s joint actuators, physical
compliance allows the use of affordable robots, while ensuring

high reliability and performance.

6. Lessons

One significant difficulty that we had hardly encountered during
testing occurred frequently in the competition: screws becoming
stuck in the thread before the fastening is finished. We deter-
mined the success of the fastening procedure on the basis of the
pressure sensor and torque control in our screw tools, but this
ended up being insufficient.

To ensure that the screw was flush after fastening, we should
have used the wrist camera to confirm screwing success. The
wrist camera could have also been used to track the tool tip and
implement a fallback procedure. This cost us a significant
amount of points during the final days of the competition and
would surely have obtained the 2 points separating us from the
2™ place in the competition.

Another takeaway was the importance of developing in a dis-
tributed manner and in simulation. Enabling development in
simulation early on allows more people to be productive with-
out the robots and allows quicker and safer testing.

Finally, we found that it is important to visualize the system
state as early as possible. This not only helps in debugging and
understanding errors, but also in explaining the system to new
users and interested parties, such as the audience and jury at the
WRS2020.
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7. Conclusion
We presented a complete robot system with the capability to
solve the World Robot Summit 2020 Assembly Task as well as
the Surprise Plus task. It will continue to be used as a research
platform at OMRON SINIC X, now that it has proved its per-
formance and usability. The open release of its source code
should make waves and leave a favorable impression on the
open-source community: https://github.com/o2ac/o2ac-ur
Finally, we wish to thank our team members at Osaka Uni-

versity, AIST and Chukyo University for their hard work.
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Path Planning using Machine Learning
TANIAI Tatsunori and YONETANI Ryo

Path planning refers to a problem of finding a low-cost and valid path between start and goal in a given
environment map. This problem has been studied widely for a variety of robotics applications such as the global
planning for autonomous mobile robots and motion planning for robot manipulators. Recently, some work has
proposed to leverage machine learning techniques for improving path planning performances. In this paper, we

overview several popular approaches of such machine-learning-based path planning, and furthermore, introduce
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our recent achievement called Neural A*, a deep-learning-based A* search for path planning problems.
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D 2{HE{R~ v 7% 64x64 A XYV B LzdoTh  KEK 1ITRT, Neural A* 285 D &\ > Hmean R 2 7 % i#
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*1 REREMEICESIT 2 E=TE
REUBEFEICH L T, BEEEKE (Opt) &/ — FEZDOBIEZE (Exp). 2L TF
NS DOFMFEYE (Hmean) ICHT 27— A FTy 7B LV B%IEBXRE,

MP Dataset
Opt ‘ Exp ‘ Hmean
BF 65.8) (63.8, 68.0) | 44.1| (42.8, 45.5) | 44.8| (43.4, 46.3)
WA* 68.4) (66.5, 70.4) | 35.8| (34.5, 37.1) | 40.4| (39.0, 41.8)
SAIL 34.6| (32.1, 37.0) | 48.6| (47.2,50.2) | 26.3| (24.6, 28.0)

SAIL-SL | 37.2| (34.8,39.5) | 46.3 (44.8, 47.8) | 28.3| (26.6, 29.9)
BB-A* 62.7| (60.6, 64.9) | 42.0| (40.6, 43.4) | 42.1] (40.5, 43.6)
Neural BF | 75.5| (73.8, 77.1) | 45.9 (44.6, 47.2) | 52.0| (50.7, 53.4)
Neural A* | 87.7 (86.6, 88.9) | 40.1| (38.9, 41.3) | 52.0| (50.7, 53.3)

Tile MP Dataset

(0]0] Exp Hmean
BF 32.3) (30.0, 34.6) | 58.9] (57.1, 60.8) | 34.0| (32.1, 36.0)
WA* 35.3) (32.9, 37.7) | 52.6| (50.8, 54.5) | 34.3| (32.5, 36.1)
SAIL 5.3 |(4.3,6.1) 58.4| (56.6, 60.3) | 7.5 | (6.3, 8.6)

SAIL-SL | 6.6 | (5.6, 7.6) 54.6| (52.7,56.5) | 9.1 | (7.9, 10.3)
BB-A* 31.2| (28.8, 33.5) | 52.0| (50.2, 53.9) | 31.1] (29.2, 33.0)
Neural BF | 43.7| (41.4, 46.1) | 61.5| (59.7, 63.3) | 44.4| (42.5, 46.2)
Neural A* | 63.0/ (60.7, 65.2) | 55.8| (54.1, 57.5) | 54.2| (52.6, 55.8)

CSM Dataset

Opt ‘ Exp ‘ Hmean
BF 54.4] (51.8, 57.0) | 39.9| (37.6, 42.2) | 35.7| (33.9, 37.6)
WA* 55.7| (53.1, 58.3) | 37.1| (34.8, 39.3) | 34.4| (32.6, 36.3)
SAIL 20.6/ (18.6, 22.6) | 41.0| (38.8, 43.3) | 18.3| (16.7, 19.9)

SAIL-SL | 21.4| (19.4, 23.3) | 39.3| (37.1, 41.6) | 17.6| (16.1, 19.1)
BB-A* 54.4 (51.8, 57.1) | 40.0| (37.7, 42.3) | 35.6| (33.8, 37.4)
Neural BF | 60.9 (58.5, 63.3) | 42.1| (39.8, 44.3) | 40.6| (38.7, 42.6)
Neural A* | 73.5/ (71.5, 75.5) | 37.6| (35.5, 39.7) | 43.6| (41.7, 45.5)

A* BF WA* SAIL SAIESL BBA* Neural BF  Neural A* Guidance map

%
2

5 REERRERGIOLLE
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DFAITHE T D Neural A* 28, X 0 IEMICIT R % T
HLCTwB e nbrd,

KEROHR OB 2 X 6 1SR T, &) 2 2DHITIE, Neu-
ral A* 23EMEIIC S IERIGE RIS Z THIL CTnw b 2 &
bbb, —FH. 3oHDHITIE. Bl - BEROBICHEE
DEYIREEDD 5720, FHICKKLTwE, Z0XD
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Input Groundtruth

BB-A*

2. NP DR AND X G ITER

£2 SDT—&tv MIBIT2ESTM
FRIS IR & ERREEOMO chamfer BBBEICNT 27— R
bZ oy T E 5% ETEX A,

Intra-scenes Inter-scenes

BB-A* 152.2 (144.9, 159.1) | 134.3 (132.1, 136.4)
Neural A*| 16.1 ( 13.2, 18.8)| 37.4 ( 35.8, 39.0)
6. LIV
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Neural A* Guidance map
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A Machine Learning System that Adaptively
Aggregates Knowledge from Multiple Models
MA Jiaxin

As a machine learning framework, decentralized learning aims to address the difficulties of data collection and
annotation by breaking down and assigning these tasks to a group of clients to utilize their own data resources.
Federated learning is a conventional approach of decentralized learning, but it is not suitable to deal with cases
when the client model architectures or data distributions are diverse. This article introduces one of our published
research results, which is a method called Decentralized Learning via Adaptive Distillation (DLAD). As a method
based on knowledge distillation, it learns a model by aggregating and imitating the client models’ outputs, without
requiring identical client-model architecture. Moreover, this method casts adaptive aggregation weights to different
clients, to give priorities to learn from client models with higher confidence. This approach is especially useful for
the non-IID (Independent and Identically Distributed) data. We have conducted evaluation experiments on multi-

ple public datasets and demonstrated the effectiveness of this method.

EHDETILOSBERNICHFEZRET S
Ml BEMFEB A ¥ —L
55 0

FEPEF R, 7-2WELT /72 avOaRtOEILLIFEICHL, CNODXR 7 ENELTY 7
AT7vE (=) CEYVBTEILT, 2747 Y MHADT =2 Y — 2% EHT 5 EMEEH OMA T H
%o WEFEIICEr» D DIERENFEEDOTIED =20, %2 74TV F DETAMESL T — XM B SRS E
WM X 70\, AfRTld, EI0ZRYEIC X 2 IEEFE (Decentralized Learning via Adaptive Distillation: DLAD) &
WO FEERGT 5, ZOFETR, AEREAHICESW T 74T v b ETAORNEENL, Bt s tick
D, A= 747y b ETAMCHT 2IERDEERARICT 2, OB &2 74T v F 0T — X MELE Sy
e RWIRIICHWIGT 57, BICHICHAEOERZRD 5, Fxid, LRONMT —Z 1y MicX o CFF

SRz 1T\, IREFEOMREZMERL 72,

1. Introduction

The content of this article is based on our recent paper named
“Adaptive Distillation for Decentralized Learning from Hetero-
geneous Clients”". In this article, the author would like to pro-
vide a reader-friendly explanation of the original paper. The
purpose is not only to explain the details of technology, but
more importantly, to give readers an insight that how to use the
related technology to solve real-world problems, since knowl-
edge deserves to be understood and utilized, to contribute to the
business, and the world.

In current days, machine learning is undoubtedly a promising

Contact : MA Jiaxin jiaxin.ma@sinicx.com
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technology not only in academic research but also in enter-
prises. The most common difficulty to deploy machine learning
in a real-world project is related to data, which is usually two-
fold. First, deploying machine learning can be costly due to data
collection. Some sensitive data, such as life logging videos, and
medical data, that their owners wish to keep private, are hardly
accessible. Second, deploying machine learning can be costly
due to data annotation. Supervised machine learning (the most
commonly used machine learning algorithm) requires that to
learn a model, training data must be annotated with ground truth
labels. Depending on the difficulties of tasks, annotation some-
times needs certain levels of professional know-how (e.g., a

doctor’s diagnosis), and thus can be extremely expensive.
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So, is there a method to alleviate the cost of data collection
or data annotation? One promising solution is Decentralized
Learning, which means to put the data collection and data
annotation processes on the client side. Here, “client” usually
means some institutions, companies, or end-users who are sup-
posed to conduct data collection and data annotation as their
daily behaviors (for comparison, we call the other side “server
side”). For example, Google developed a machine learning
model to predict the next word of the keyboard input®, and the
data collection and data annotation are all performed by smart-
phone users’ daily keyboard input. It is important to note that,
during the above process, end-users train their own prediction
models on their devices, and only transfer model weights with
Google, but not any sensitive data they have input using their
smartphone keyboards. This decentralized learning framework is
called Federated Learning (FL)**.

To better understand the advantages of decentralized learning,
we give another example. Let us assume that OMRON is about
to develop a new cardiac diagnostic device. It can help early
detection of heart diseases by reading and analyzing users’ vital
signs. Usually, the development of such a device would face a
high hurdle because vital signs are sensitive and private data,
and annotations need expertise from doctors. With FL, OMRON
just needs to deploy the copies of their machine learning model
to different hospitals, and get the models trained with the daily
medical data. At the hospital (client) side, operators only need
to input patient data (vital signs, profiles, etc.) and correspond-
ing diagnosis into the model. Since the model neither uploads
any private data to the OMRON side nor requires doctors to
make additional diagnoses beyond their daily work, the diffi-
culty of development is greatly reduced.

From the above example, FL is a promising decentralized
learning framework and should be encouraged to use in prac-

tice. However, some limitations of FL still exist, for example:

1. FL requires client model architectures to be identical. Usu-
ally, it is applicable to just deploy the same model to all the
clients. However, this requirement is inconvenient under
some practical circumstances, such as that, clients may have
needs of model customization (due to limitation of computa-
tional resources, privacy policies, performance bias, etc.);
clients may already have their own trained models and we
want to directly use them, and so on.

2. FL requires frequent data communication during the model
training process. Although such data communication does
not involve private data, the data communication itself also
brings limitations and concerns, such as network qualities,

securities, and so on. Also, if different clients have different
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communication conditions, it will be a problem to balance
the training process among all the clients. Extra efforts are
needed to improve the communication efficiency®®.

In this article, the author would like to introduce another
decentralized learning framework that is based on knowledge
distillation (KD). It can solve the above issues that FL is not
good at. Moreover, the proposed method uses an improved
weight aggregation strategy to deal with the non-IIDness prob-
lem, which will be explained later. One should note that the
KD-based decentralized learning framework is not necessarily
superior to FL-based. One should be able to identify which

framework is more suitable for their practical applications.

2. Method

2.1 What is knowledge distillation?

Knowledge distillation” is a method that allows one trained
model (the source model) to “teach” another new model (the
target model). In other words, it allows a new model to imitate
the output of an existed model, without significant loss of per-
formance. The original purpose of KD is mainly on model com-
pression, which means that, usually, the source model is a large
(deep) model, and the target model is a small (shallow) model
which is less expensive to be deployed in practice.

The reason a small model can approximate a large model in
its performance is that, firstly, a large model usually has some
excessive capacity or power which is not fully utilized; sec-
ondly and more importantly, a target model can benefit from
learning “soft labels” from a source model. We will use an
example to explain the latter one.

Consider an image classification task, where one of the
images illustrates a cat playing with a mouse (see Fig. 1). Usu-
ally, the label (ground truth) will be “cat” only, since the cat
occupies the main body of the image (it is theoretically possible
but too ambiguous and inefficient to annotate this image as “cat
and mouse”). In this way, the information of the mouse will be
missing from the true label, and thus the machine learning
model that learns from the true label will only learn “this image
is showing a cat but nothing else”, which is actually not ideal.

On the contrary, in a KD scenario, the source model provides
“soft labels” rather than true labels. Assume that the source
model is well-trained (i.e., it can at least recognize cat and
mouse precisely). Then in this case the model may produce a
classification output like “70% cat, 30% mouse”. Unlike a true
label that only represents one possibility, a soft label will repre-
sent all the possibilities in ratios. As a result, it can handle the
cases such as “A and B are in the same image” or “this object
looks like both A and B”, where the true label cannot. In KD,

while the target model learns from soft labels (and from true
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labels, at the same time), it has been proved that it can perform

better compared with only learning from true labels.

Fig. 1 Should a machine learning model classify this image as a cat or a mouse?

2.2 How does knowledge distillation benefit decentralized
learning?

As mentioned previously, the original usage of KD is mainly
about model compression, but KD can also benefit decentralized
learning. In a KD-based decentralized learning framework, the
client side owns source models, and the server side owns a tar-
get model. The client side trains source models with their pri-
vate data and annotations, while the server side needs to collect
its own data and input them to source models to get output (soft
labels). After that, the server side trains the target model with its
own data, and the corresponding soft labels which are aggre-
gated from all the clients.

KD-based frameworks do not have the limitations of FL-
based frameworks mentioned in the previous section. First, KD
does not aggregate model weights but soft labels, so there is no
need to keep model architectures identical. Any client or server
can have a unique model. Second, there is no frequent data
communication during the training process. Actually, the data
communication only occurs twice: once for the server sending
data to the clients, and the other for the clients sending soft
labels to the server. The training processes (both on the client
side and the server side) can be totally off-line.

KD also has its own limitations. During the above process,
there is no data transfer from the client side to the server side,
so the data privacy of the clients is protected, however, there is
data transfer from the server side to the client side, which
means the server side still need to collect enough data. Also,
there is no need to annotate the server-side data by human
labor, instead, the annotation is done by client-side models.
Asking the clients to run their models may still incur costs.
Compared with FL, requiring data collection may be a main
limitation of KD, however, for some types of tasks, it is not so
difficult to get unlabeled data, while sometimes the model het-

erogeneity can be a critical advantage.
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2.3 How does our work differ from traditional knowledge
distillation?

When we distill knowledge from multiple sources, there is no
guarantee that all the sources provide outputs of the same qual-
ity. Different sources are likely to have different confidences
towards different categories of samples. Here, the confidence
may be due to many factors, for example, model architecture,
annotation qualities, number of training data samples, and so on.
Among them, the number of training data samples (on certain
categories) is a very common factor caused by data distribution.

Traditional decentralized learnings, both FL-based and KD-
based, aggregate the output (model weights or soft labels)
evenly from multiple clients. It means that it does not distin-
guish which client gives a more trustable output and train with a
bias accordingly. It is fine for IID (Independent and Identically
Distributed) data. But in most cases, real-world data are non-
IID. For example, patient data distribution will be diverse
depending on regions, seasons, hospital categories, and so on.
For the case of non-1ID data, it is highly possible that some cli-
ents have never seen some categories of data samples during
their training processes, and thus cannot provide confident out-
puts.

In our work, we proposed an improved KD method, Decen-
tralized Learning via Adaptive Distillation (DLAD). It allows
the target model to selectively learn from source models, which

is an effective solution to non-1ID data.

2.4 The details of DLAD

In our distillation process, for each data sample sent from the
server to the clients, we not only expect to get an output from
each client model but also want each client model can provide a
confidence estimation, which represents “how confident am I to
correctly classify this sample”. In our scenario, this condition is
simplified to “how familiar is this sample to me” to address the
issue of non-IIDness. It is rather tricky to let client models
report their familiarity or confidence. Here we introduce our
implementation as follows.

Fig. 2 shows the overview of the proposed DLAD frame-
work. In the figure, Dy *** Dy represents the data owned by cli-
ents, M; -+ My (in black) represent the client-side models and
orange ones are their binary copies (explained later), D, repre-
sents the data collected by the server side, and M represents the

model owned by the server side.
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Fig. 2 The overview of DLAD

The training of DLAD has three steps.

Step 1, training client models. Clients train models M; ---
My with their own data D; “*+ Dy. (The models can be either
provided by the server or owned by the clients themselves.)

Step 2, training binary models. The server sends D, to all
the clients. Each client duplicates its trained client model
(including model weights) and swaps the model’s final classifi-
cation layer with a binary classification layer (with sigmoid
activation to ensure the output is [0,1]). We call these new mod-
els binary models (M,
trained with both Dy, and D; (i = 1 --- N), while D, will have
labels of 0s, and D; will have labels of 1s.

Step 3, training the server model. The clients run their
models (both M; and M,,) with D, and send the outputs to the

server (where the output of M; becomes soft labels, and the out-

=+ M,y). Then the binary models are

put of M,; becomes aggregation weights). The server aggregates
these outputs (into aggregated soft labels) and then uses these
aggregated outputs and Dy, to train model M.

We can see that the data communication between the server
and the clients only occurs at the beginning of each step. The
model training processes can be totally off-line.

The most important part of DLAD is how to design the con-
fidence of each model towards a certain sample, as well as the
aggregation method. In our implementation, we define the con-
fidence of client i towards sample x as C;(x) = M,;(x). The con-

cept of designing C;(x) is that C;(x) should become larger if the

model M,; recognizes sample x similar to its own data D, and
becomes smaller otherwise.
Then, we aggregate C;(x) from all the clients, to calculate a

confidence weight for each client, which is

X
exp (T)
X
YiexpCi| =
i CXP ’/(T)

w; (x) needs to be normalized across all the clients to ensure that

wi(x) =

(D

it has the same scale. The above equation is equivalent to a
softmax normalization, with a hyper-parameter 7 that adjusts the
smoothness of output. Then the final aggregation result which is
also the label to train the model M would be

3 WM, (x) ®)

There are also some limitations of the design of DLAD. First, it
requires each client to additionally train a model of M,,. Second,
it is not always true that the more overlapping between D, and
D, the higher M,; (x) is, also, since the structure of M,; is inher-
ited from M, it can be biased according to the difference of
model architectures. Anyway, to improve this idea, for example,
we may properly define a distance function to represent the dis-
tance between any new sample x and the dataset D,, and then
aggregate using Eq. 1. There are many possibilities to define
this distance function. However, this exploration is not included

in the current study.
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3. Experiments

3.1 Problem setting

To evaluate our method, we use image classification as our task.
This is a very common task of computer vision problems. In our
study, we choose three datasets, namely MNIST, CIFAR-10,
and CINIC-10 for evaluation. MNIST is a handwritten digit
database, which includes 28 X 28 pixel grayscale images of sin-
gle digits from 0 to 9. CIFAR-10 and CINIC-10 are both real-
world photo databases, and both include 32X 32 color images
of 10 classes. All of them are commonly used and publicly
available.

Note that image classification is a very popular problem in
machine learning studies. The abundance of public datasets and
baselines also attracts researchers to evaluate their machine
learning models on it. However, our proposed method can be
applied to any classification problem but not limited to com-
puter vision. We hope the readers can have their own idea that
how to apply this method to the real-world problems that they
are facing.

In order to simulate a decentralized learning environment, we
divided the datasets into client-side data and server-side data.
Among them, the client-side data is paired with ground truth
labels, and the server-side data is unlabeled. As in the real
world, unlabeled data is always much easier to get, we assign a
larger part of data to server side. Specifically, for MNIST and
CIFAR-10, among their training sets (60,000 and 50,000 sam-
ples, respectively) we assign 80% samples to server side and
20% samples to client side. For CINIC-10, the whole validation
set (90,000 samples) is assigned to server side, and the whole
training set (90,000 samples) is assigned to client side.

After that, for each client, its own data D, is created by
repeatedly and randomly sampling (allowing duplicates) from
the data assigned to client side, until D; reaches a predetermined
number of data samples (which is arbitrarily determined as
6,000 for MNIST, 5,000 for CIFAR-10, and 20,000 for
CINIC-10). If the data distribution is I1ID, D; will include data
of all ten classes. If the data distribution is non-IID, D; will only
include data of a part of classes. For simplicity, D; is a balanced
dataset. For example, if D; includes data of six classes, the
probability of each class being sampled should be 1/6. In a real-
world problem, D; might be unbalanced, but it should not affect
the performance of DLAD.

In order to simulate the different levels of non-IIDness
existed in the real world, we defined one type of IID and three
types of non-IID data distributions. They are shown in Table 1.
As either MNIST, CIFAR-10, or CINIC-10 has 10 classes of
data (noted as cO~c9 in Table 1), for simplicity, when we define

the data distribution, we assume that the number of clients is a
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multiple of five (client 1~5 have the same data distribution as

client 6~10, and so on).

- IID: all ten classes are accessible to all clients.

+ Non-IID #1: every two classes are exclusively accessible to
only one client, e.g., cO and c1 are accessible to client 1;
¢2 and c¢3 are accessible to client 2; and so on.

+ Non-IID #2: cO~c4 are accessible to all clients, and ¢5, ¢6,
c7, c¢8, ¢9 are exclusively accessible to only one client
each.

+ Non-IID #3: every class is accessible to only two clients
among five, e.g., c0 is accessible to clients 1 and 2; c1 is

accessible to clients 1 and 3; and so on.

Table 1 The data distribution setting in our experiment: one IID case and three
non-lID cases

Client Index 5n+1 5n+2 5n+3 5n+4 5n+5
11D c0~c9 c0~c9 c0~c9 c0~c9 c0~c9
Non-IID #1 c0, c1 c2, c3 c4, c5 c6, c7 c8, 9
O[LEIEZN c0~c4, c5 | cO~c4, c6 | cO~c4, c7 | cO~c4, c8 | cO~c4, 9
c0, c1,c2, | 0, c4,c5 | cl,c4,c7, | c2,¢5 ¢7, | c3, ¢6, c8,
NEHID 3 6 8 9 9

3.2 Experiment setting
The experiment involves all the three steps of the training pro-
cess that were mentioned in Section 2.4.

Step 1, training client models. Theoretically speaking, it is
possible to assign any type of supervised machine learning
model to each client, e.g., support vector machine, decision tree,
and so on. In our experiment, though, we tested two deep learn-
ing models: ResNet18 ¥ and DenseNet ?. The reason for adopt-
ing them is that both models are typical deep learning models
that are usually seen in papers. We use pre-trained weights (on
ImageNet) on both ResNet and DenseNet to reduce the neces-
sary training time. Each client model A; is trained for 50
epochs with a batch size of 250. Adam optimizer with the
learning rate of 0.001 is applied (the same below).

Step 2, training binary models. After client models are
trained, we duplicate each client model and swap the final layer
with a binary-output layer to get the binary model M,; and train
them for 20 epochs. If the training sample is from D,, we addi-
tionally apply a sample weight of 1.5 to alleviate the effect of
data imbalance since in our problem setting D; has much fewer
samples than D, (see Section 3.1).

Step 3, training the server model. The server model is also
chosen from ResNet and DenseNet, and its initial weights are
also pre-trained weights on ImageNet. It is trained for 100

epochs. A temperature parameter 7 of 0.05 is used for calculat-
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ing the weight aggregation as in Eq. 1.

During all the three training steps, data augmentation is
applied to the input data to increase the robustness, where the
following operations are used: rotation (within®20°), shift in
width, height, and color (within 20%), and horizontal flip.

We compare the result of standard DLAD with the other two
baselines. One is simple averaging, where the aggregation
weight w; (x) is fixed as 1/N (N is the number of clients). The
other is labeled confidence, which calculates aggregation
weight in the same manner as DLAD, but instead of letting the
confidence C; (x) = M, (x), it uses a ground truth label to
express C; (x). This ground truth label is equal to the class dis-
tribution probability. For example, for the four distribution cases
(IID and non-IID #1~3) in Table 1, if sample x belongs to cl,
C; (x) is equal to 1/10, 1/2, 1/6, and 1/4, respectively, when i =
1, and equal to 1/10, 0, 1/6, and 0, respectively, when i = 2.
The former baseline is the traditional strategy used in most

10,11 .
). while

(even recently) decentralized learning frameworks
the latter one can be treated as DLAD with ideal values of con-

fidence, which is also a theoretical upper bond of DLAD.

3.3 Experiment results

To evaluate the performance of our proposed method in various
situations, we conducted three experiments. Their details are
listed in Table 2. We control the variables of dataset, distribu-
tion, client model architecture, global model architecture, and
the number of clients. The experimental results are discussed as

follows.

Table 2 The variables of experiment 1~3

Variable Dataset DISFI’Ibu- Client Global N_o. of
tion model model clients
MNIST,
Exp1 CIFAR-10, "D1' NNg”D ResNet ResNet 10
CINIC-10
ResNet,
Exp2 | CIFAR-10 | NID1 | DensNet, | resNet 10
DenseNet
both
ResNet,
Exp3 CIFAR-10 NIID 1~3 DensNet, ResNet > 10, 20,
both 30

Due to space limitations, we do not quote the complete results
of experiments 1~3 in this article (they are described in the
original paper). We will use Fig. 3 as an example (experiment 1
on CINIC-10) to show how the experiment results look like. In
Fig. 3, the first 50 epoch is Step 1 which represents the training
process of 10 client models, and the last 100 epoch is Step 3
which represents the training (knowledge distillation) process of

the server model (noted as “global” in the figure). Step 2 is
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unrelated to the image classification task, so it is not shown. In
Step 1, the black line represents the mean validation accuracy
while the gray shade represents the area between max and min
accuracy of all client models. In Step 3, the red line is the accu-
racy of standard DLAD; the green line is the method of simple-
average aggregation; the blue line is DLAD with labeled confi-

dence (they were explained in Section 3.2).

From Fig. 3, we can find the following facts:

- For the IID case, since there is no difference in data distri-
bution and model architecture among clients and server,
the server model is unlikely to be benefited or disturbed by
any decentralized learning method. Still, the sever model
converges faster compared with client modes, and its final
accuracy is a litter higher, which is probably due to the
effect of soft labels and a larger number of training sam-
ples.

+ For the three types of non-IID cases, client models’ accura-
cies are obviously low because they only have access to
two, six, and four classes of training samples, respectively
(in other words, their performance would be capped at 0.2,
0.6, and 0.4, respectively). In this situation, simple-aver-
age aggregation (green) played a limited role where it
helped boost accuracies in non-IID #1 and #3 but lost
accuracy in non-I1ID #2. In other words, simple average is
not suitable for all the non-IID cases. Compared to that,
DLAD (red) showed its effectiveness as well as stableness
in all the three non-IID cases. With labeled confidence

(blue), the performance can be further improved.

The above results have already shown the usefulness of our
proposed DLAD method compared to the commonly used sim-
ple-average aggregation. From our other experiment results
described in the original paper but not shown here, we have

other observations as follows.

+ About datasets: The difficulty of tasks is like MNIST <
CIFAR-10 < CINIC-10, so their accuracies decrease
accordingly. Anyway, DLAD showed no abnormal behav-
ior on all three datasets.

+ About model architectures: In about half experiments,
using a combination of ResNet and DenseNet as client
models gave better results in server model performance,
compared with using identical architecture (ResNet or
DenseNet only). Our experiments only tested two model
architectures, so it might be not enough to prove that
diversity in client model architectures necessarily benefits

DLAD results. But still, allowing customization of client
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Fig. 3 The result of experiment 1 on CINIC-10

models without harming the overall performance will be a
great plus for real-world problems.

+ About the number of clients: The performance of DLAD
showed a generally increasing trend with the number of
clients. It indicates that DLAD is potentialized for large-

scale usage.

To recap, the effectiveness of DLAD mainly attributes to the
mechanism of aggregation weights. If we can precisely estimate
the confidence of client models when doing aggregation, the
performance of DLAD will be enhanced to approach a high
level (as DLAD with confidence labels). On the other hand, if
we cannot estimate the confidence due to some reasons, the per-
formance of DLAD will be downgraded to approach the simple-
average method. One of the possible reasons is the domain dif-
ference between D; and Dg;,. For example, assume D; is the data
of Asian patients and D, is the data of American patients, then
a binary classifier can easily distinguish between the two groups
no matter their samples have the same label or not. We should
prevent such a case because no client model will show predom-
inant confidence and thus the aggregation weights will not work

as intended.
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4. Conclusion

Starting from the background of decentralized learning, this
article introduced the details of DLAD, which is an original
decentralized learning approach based on knowledge distilla-

tion. The article mainly answered the following questions:

+ Why is decentralized learning useful?

+ What are the features of federated learning and knowledge
distillation?

+ How does our method solve the non-IID issue?

+ How is our method implemented?

+ How do the experimental results of our method compare

with baselines?

The author believes that decentralized learning, either FL-
based or KD-based, is a very promising and applicable technol-
ogy for practical use. Hopefully, this article can stimulate read-
ers’ interest and bring fresh ideas even new business chances to

their domains.
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Adaptation to a New Setup by Combining Skills
TANAKA Kazutoshi

The robotic system integrator programs the robot to automate the work requested by the customer. Robotic work
for new parts that require minor changes in production requires a large amount of effort to programs the robot. If
the robot can learn new tasks autonomously, this effort can be eliminated. For this reason, we have proposed a
method for robots to learn new tasks. The robot using the method learns new tasks in a short period of time by
utilizing its experience. To evaluate the usefulness of the method, we conducted experiments on a peg-in-hole task

with different insertion directions. The method enables the robot to perform new tasks in a short time, which will

lead to new ways of using robots for manufacturing and service.
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Adapting Machine Learning Models to New Environments
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Transfer learning is a machine-learning approach that leverages knowledge acquired from a certain environment
to efficiently train a model in a new environment. In this paper, we particularly focus on transfer “reinforcement”
learning and introduce a brief abstract and our recent achievement called MULTIPOLAR (MULTI-source POLicy
AggRegation). MULTIPOLAR is a method for transfer reinforcement learning between diverse environmental
dynamics. It enables transfer by adaptively aggregating policy functions acquired from source environments, thus
does not require many training samples to be collected from each of the source environments. Through extensive
simulation evaluations using OpenAl Gym, we confirmed the effectiveness of the proposed approach over exist-

ing transfer reinforcement learning methods.
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WH Y IACERT 2L HIET), 2nFhoBEEiR
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3. MULTIPOLAR: Multi-source Policy Aggre-
gation
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BT 7 m—F R K TR SRR o AR A W T
%,

3.1 EFR—Y3 >

23MTHAN L L BY ., BRERICE T 2 REEBEE
S DiE G B BEEFTE . LIE LIS Itic s 2%
BI Vv IR REBICLE LD, LELAERDL, TDX)
RETRICHE S FHRREOBHICE W THT LOARS T
W, 72E 2, ST AEERSICEW TRy b
Be—tal—vaVyXAZIKRYHABYF I A%2E 2
b, e ZENDLDRRIPE—THo/ze LThH, 1

64 (212)

3CANEWFT S AL &b
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Bad. HRBEBEEG L ozh T o BEHEITH L CHERD
TE%2 #2252 T, UTD XS RfT8{H % EERT 2 C
ERTE B,

A=[(@) o (0 Jeme (1)
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To O FRE s, ICLOFFFORT—DICRE Y, £
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LunarLander, RoboschoolHopper, Roboschool Ant, Roboschool

213) 65



OMRON TECHNICS Vol.53 No.2 (#i# 165 5) 2021

InvertedPendulumSwingUp & \» 9 6 i D Y I 2L — v 3
VERBIZEIN L 72, TNTNOBEIE, Ry b Y v
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Source agents
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right(c) 2020 International Joint Conferences on Artificial
Intelligence, All rights reserved.)
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Robotic Learning from Human Demonstrations and
Interactions

HAMAYA Masashi

Thanks to recent learning techniques, robots can obtain skills for complex tasks automatically. Meanwhile, engi-
neering efforts of tuning hyperparameters and designing appropriate reward functions are not trivial. Some
researchers have leveraged human domain knowledge such as demonstrations and interactions to facilitate robotic
learning. In this article, we introduce our recent works using contradictional information provided by humans.
Concretely, we present learning from" successful and failed demonstrations and” advisory and adversarial inter-

actions.
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Cross-modal Representation Learning for
Understanding Manufacturing Procedures

HASHIMOTO Atsushi

Creating high-value products through combining materials and processing them, including assembly work, drug
discovery experiments, and biochemical experiments, would be one of the primary methods of value creation. If
computers can understand such activities, we can collaborate with machines in various directions, such as relevant
video scene retrieval, procedural text generation, and eventually substituting work by robots. As one form of such
understanding, there are the vision and language arts to extract shared latent representation between visual obser-
vation and textural description of manufacturing. In particular, a series of our methods for procedural text genera-
tion from image sequence are state-of-the-art. With the central focus on these methods, this paper explains the
recently-developed vision and language technologies for understanding manufacturing procedures.
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2. S= Y FEFHISYD
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e SZFYhELARERED
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2.1 REEERANE

fif IR m LBy & S 5B O XIG & IS e 1L R 0 &5
XY BHICRE L =98 Th b, —M%ICiT Vision & Lan-
guage LIEIXN D, THEEER LZHERIIFFEL WA, K
MCTRELZOBEOENRED KhbE, CNEZHESHER
aF IR, HHSERA T EEEE I RIE L 225
i3 d 203, Z OIETEITRIE - LART 2> HEff & oL X
NTE 7 Web L COMBBIRFREICHZ 2 LA TE D,
AR REE LT ¥ 2 b x* % D RICEBETER 2" ~5R
THRME X - (SEEFELER) &L iR (F7-km
5 x" % D ROTRIEREE . ~FR T 2B E" X" — 2" (B
RS 282 cHERAINE (KD, FHIXA
LA ZRT XX oxrbhdTF—22y PEHOWT,
i BE 4 $8 2% * (Contrastive Loss) < = 5 JE f825* (Triplet
Loss) &\ o 2l HHoBEEMR/MLT 528 T
FH NG,

MBIEIISECHIRE Vo 2EL Y T4 22 -3
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57 MR ZRE2 ] © itk o TEL 2 EFOKRFRG
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2.3 7 ORE—ZNNIBIC & 3 FIFIBEHE

70 AT — XNV X B FIEIRARSE 0 Jelk T i3, &
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chicr L <, RHEICEEL 72 7 v 2 — XV CiE
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3. BRLZEEOEG, > Z DL v ¥ REET 2% T
H59, TOWMEOIEMIZEGEH OMMIGT 5 Lo v e fisk
T2H0% Thopt, ZoOKER L ERHE LT,
Lo TG U 72 BHBRIHR 0 AR 24T 5 Tike ©a3E
LCTWw3, X 5IC Transformer D& IC X > T, TNHD
MEIFEOICL Y EREBELL L VR~ CIREINTE
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75 7 REEDHEED %475 CLIc X WASER L2 HiEL
FEREDREINTV S,

LAL, BRLZZREEZ R 720 Ly e iiftEs 2/
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MATED, ARETRE, 2N 2200 ANENRE L2k
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BANBYRERICH D, ECFTERMLZNBEZEME LT
ROW2PED LT EDH L, F72, HEOME%EHT 2
/O Y WY YEED & i 5 G NI S T
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722, chidkEDERZEFTMLL, 20— EErED
5 & CIRDMETE % KL 72 G BEEME2S2 C &
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CNERMNLICEREEZGEDME I V- TIEREDOL ¥
v - iR O 523 2 Cookpad Image Dataset” % F|FH L .
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(RetAttn) ™ &\ 3 FikExRELE (M3), 2OFET
i, TROEWE TED CIEMICRBETE L L >ET 4%
FoIlEdT 2 2 Lo, LREOMEITE 2 Kk L 725 822
MxS2, FRC, 50 Nn-MBEEELZFIH L, BRIk
G 3 XEOHMAESRT 22 LT, Bl LHEE VIR
5 ANICRRET 2 BERES oMWY (F£) 74
Fyv7) X 2EHERKIRT 2 2 & oEmnthbE 2 @K
LTw3 GEEXRICHANT 2 Fke e TRl Tihx
%),

Eoic, FMZA—7dhiREE LT 77 7HEEEHEE
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DEFACIREGRI 25K 2 IR TRFEEIGR TS 5,
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FAMEREFIHET 5, ARG E LA D Y HE T
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1%REDF — 2 I ZAEDOEME 552 2 & ol
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LIEE S NTAE L EREINTFRA I 2OMEEIND
KEEER—ET 5 X 5 2 HCHURYE (Tree Re-prediction)
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(i) Pre-train step1
| Prepare the ingredients.

Cut the chicken.

the joint embedding model
R

"""" s step2
Grill the chicken.
| step3

Add seasoning to the pan.

= (||) Retneve the nearest K step vectors
L)

JIJZ
|

|

4

step4
Serve it on a plate.

Decoder (LSTM)
<step> Cut </step>
t i

—

Encoder (biLSTM)

L7
o —>

7
I

Attention
Next
idden

mt  hat it
;ctor

Iz
(iv) Decode instruction sentences

(iii) Encode embedded vectors

3 Retrleval Attention DL, KEERLNOEONZBEFHMEFIREL 0B/ ON LR TEOBEFHAEC A D £ 5 L iEkE
FERATV, HEBREEMZFE TS, THFIAMEMTIE, SEROBEFBICINZA T, ZOBEBKROEFICHZ (FF
T—2HD) FEEOHHEFHLIZbDEANELTTF R MaEKRT 2 CUEkld) L VaIA)
s - Tree Re-prediction
Structure-Aware Procedural Text Generation Model (Section IV.A) (Section IV.B)

------- als  Process i Materialtostep® Process i . " ip R 1 Reprodicted 4
Material P rocess | : : p '

: ‘T: r::::s ' 0 PLPM (ii) Merging tree H iy Procedural Text : ! Matorial-to-stop LPM
: : : ! H
1 @Pumpkin Link : «‘“‘0?\&““) exO““Q o‘\“'be. : | Merging :
! OKetchup | provability |t gl;mbel ¥\ | 6irueiumen | 1 Cut the tomatoes. : Tree - :
i Mayonnaise T|  Matrix . H = Decoder [T BH . H :
Elmage sequence ;| Caleulation || + [Resampling |, : 5 : prediction | :
: . ] : : : Stir-fry the pumpkin. : : :
: ) i Encoder : : :Decoder i Encoder . . :
xS H Step-to-step ! o :
i ¢ : : P, : Dy Put them on y | Py :
' N/‘, E B>y : g,, w,,s,,,& ! the tomatoes. : & Order constraint :
: § : 9 : : : | e :
@ | low | ase ; ove | - D
i~ : - : ’ gl : 1 Cover them with : G- L8 :
i a2l i P o kootupand o, | e D |

.................................................................

M4 KEREREZERLATFRAMERETLOME. ADEMRY R (BEOES) LEKRIIE RS, Process (i) TIEM
Bl-Eg, BL, BG-BEREOKEEGEEHTET S, Process (i) Tl Gumbel Softmax Resampling & L5 72
v ERVWTHMA AL CHERRZBBUL L, AE&E%15%. Process (i) TlfTree LSTM IC & V) RiE&E % [ bR
LT ¥ XA MERETERTTS. &% Tree Re-prediction TIFERT F X b Db ABEZHTE L, BEGRL, OEEINE
KIEELD—HENEL B E LI RECHTEOKREEHTEEITS (CLE15) & Y5IH)

30DR—RTA VFRE, TNFNED ICLABEERBEET MR LEZETMICHTE 7 — A —n"—F v FiEIC L 3
Pl (+Half & +Full (3 4 @ Tree Re-prediction D HEEDZE L), B$=$BLEU, RL$=$ROUGE-L, D$=$Distinct tH 1), &
MOBMEICHEE T 2EHEBEOAZIREH LAZEHEYICK 258 @M% & 512 1$=$Ingredient, Ac$=$Action Z{f L TREL W3, F
“FENOERTRENVDRATA#KRKFET, FERNOERTREORATATHRTERLTWS CLELS) £ YikH)

Ac-B1 Ac-B4 Ac-RL

GLAC Net [11] 28.5 59 214 46.6 69.0 9.5 0.3 13.2 21.2 2.1 22.8
+Half 28.5 5.9 21.8 46.7 68.8 10.5 0.4 15.6 21.0 2.3 23.1
+Full 28.9 6.1 21.3 47.2 69.9 11.8 0.4 16.3 21.0 2.3 22.5
SSiD [2] 28.7 6.0 20.9 455 66.6 8.6 0.2 13.1 20.1 2.1 21.6
+Half 30.3 6.2 20.8 43.9 65.1 11.4 0.4 16.4 19.8 2.2 22.1
+Full 31.1 6.4 21.6 48.3 71.0 12.9 0.4 16.7 215 2.2 235
RetAttn [15] (Ours) | 32.2 6.5 21.6 40.2 60.3 11.2 0.3 14.5 22.1 9.0 21.2
+Half 32.2 6.5 21.8 52.4 71.8 11.9 0.3 14.8 21.8 9.4 22.9
+Full 33.2 7.1 22.1 52.7 78.6 12.1 0.3 14.8 22.3 9.5 23.1
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Towards Interactive Crowd-aware Robot Navigation
Inspired by Social Dilemmas

NISHIMURA Mai

The interactive robot navigation system in crowded environment has been receiving increasing attention for
diversified applications, such as automated delivery service, security service at public spaces, and guidance at the
airport. We as human beings can easily navigate in congested environment following the social norms, however,
empowering such sophisticated skills for mobile robots is still a challenging problem. In crowded spaces, robots
are required to consider not only efficiency of the planned path but also the safety to avoid potential collisions to
nearby pedestrians. That is, interactive crowd-aware navigation involves the problem of safety-efficiency trade-

offs. In this document, we briefly review the recent approaches for robot navigation in crowded environments and

introduce a novel approach to balance the trade-offs inspired by sequential social dilemmas.
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YR, Fibt. v av ey rsE—, Z L CHNTOR
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TETEERDDER>TDIE VLI,

Ry b FET—va vy TClEE~y SR LT EE
W) 7% A8 L 72208 & HHb~ZE 3 REIK O 3l %2 1T 5 28, IR
BT I BT A RIKEHE IR AR R #Ech 3, F—ic
ADBNET IRBECEIRE~ y 7% % & 2t 3 5 7=
B, WEREFEZHEFICFEL CE w7 7r—F
FENT, B0 LIcA b CEEZ B R EH LT <
MERD D, FIC, NILER, FFICABRNTET SHRE NI
BT, HEHEEZERL IR BVE2 (ke AHDER

Contact : NISHIMURA Mai mai.nishimura@sinicx.com
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EZHLT0BEXHI) aRy M TbE 32 &idio T
L v, X0 BRI TR A 3R O T 2 8 R, A
118 & OffZEnlEE 2 T © 7 < Bt ~ZhRMIcz &0 &5 1T
255, 2EVREWLMEEO PL - VAT EEHL &
B35 IEFCEE R B IEIRE BB TR o T B, &
heFA%oiErnRy P CERTILERH L, 22T
AfEcix, TABNET 2RETICHE T 2N A> e
Tt aviEIEHTEA?] KO #HEHHEEZ R Y

MCEIFTEI R EZR_RED] L) 2 ODFTEREIC O W
T3 %,

B ABRETICET 3 F ey —v a vicsnT, fitkT
WP FHE AR 2 SRS T T e = F A SN T E
7=, FERE~ y ToZ R FHIL. 2o PR
b LICEERFETr—va v EITO VI bDTHLE, —
B. ThoD 2BBicyrniFesy —va vickiL,
JORICEREE O Tl & B YD 15 2 fTE) 0 PE ik EE IC X o



(LS EES

TR ) FEAMR IR THEYY, L Llhads,
WINOT e —F b BEOEM I NI 213, 0%
DLHOBNA 7Y 7 P CHENZRMBRET TR
Freezing Robot Problem™ & I (X4 2 [EIREIC 3 2 & & 2341
53T\ 5, Freezing Robot Problem & 1, JEHEREI 2S5
ZIRMEICENET 2 L, v Ry 3Lk EE T
T EATETEIL (Collision) LTLE S A, AHERT
g2 S 2 Lic X Y Bt~ FENKIFICERTL £
9 IRAE (Timeout) ZfH9 (X1 /4k), FPHIc+rEfra]
REREIR 23 2 WER 0 SERIBE 2O felF 2 & I3 °&E 9, £/
BEHINTwE2 Ny T —REBIERTH 2720, Hike
LRy MiEwiERcHP~FET 2 223 T& R
(o TLE I, Thad ARIE SRR CTRM L 2 b
COMBEICH S THERICHMb~SLYFEL R TELD
EAIH?FC, BEInEy bick 2K H & TR
Do AMNEEZE % i L CERIBEZ IS 132, BREICHA
LTHORBEZFEVHRT L TEZ LW HICERL
Too TOBRBA~ONAITEIZ Ry PICEfiilzgsc L%
Eib,

TRy FMTO B TE ZEE~DONAITEN ZLL
TOXHICEERT S, KO FLr—v a vy TRy b
DL B 1THE) & L TR R OME 22 [R5l D A 23 E0E & T e
0, BICHBIHED 2 5273 avn ki icEESEBs L
THATEILRNTEL LTS, 2Fh, BENAAICL-S
THM~ZE 2 %8 % H 51E Y ¥ (Path Clearing) i)
ZFRile22532 (KH14), coXdicury FAEY
BaTE & v DIIRIC K 5T, SERICu Ry FAMEIRL
TLEHI>RE (K1) oML, HEEICHNMA~FES
LMEREEHDLIENTELEEZLND, LHL, 2D
AATEOFEEICIE [Z OBRE~DONAL D X 5 7l
HERUHHECIT O R E ] &0 H72 5 BEDE S .

E) BEREICEVWTEZEARELREDIFohd, ibikf-T
LESDHBEULDOTFEEZIWM->TLE S,
B) NATEHICL - T, BEICEBWMAZET 22 LN TE S,
1 Freezing Robot Problem

ol y P AREICAAT 2EICoOwTiE, B b
Ry FEE B E, BESEHGETEY pRE
INTER, L2LABS, BRENARSTEIEEL -
B R AT 2 I IC X > T RfTh I, At AIC X BB~

HisohcH &M 2 AAUET O Ry F~Eay L v = 20T 2 ML= O

OREMNFEETI LT CERINT I Ao, 7%
EATA RIS TR T & v X 5 RiRMEREE T it Wn T
3. BREBEAAZHEICT S T L BRED DRIRN R RtkE
HICER 2D Tl v, il &1, BREICHEITAA
T2LHARANOHNEAFEL CLE W, #HRE LTHBY
HA~OEEIENTLE > 2O TH D, Tic, HEE
BRI E D TE 2 L AN~ FEMNENLTL
S DE D REBINNCA AFTEI R BREE L 22 A 5 Bt ~%h
RNGWY B Z 9 L35 2 L, HBICREE OB TEIC R
OhLEVEILERMICIE L 2R E 2 EIRT 2L, C
OMFEE L REEFI ML —F A 70BRICHZ, 2Dt
L—FA 7% Y0 X5 I L CTRE~DONAXA I v
T 2 02BN ATEZES Fer—v a v oFH i
AR L 72 5

AFETIE, C OfFrZelnlbE & B~ /i AL O HilfH % 4
AL VOMEE LTIRAZ L EE LS, (EEYL v
<l i3, A 2EIERY LA LT 2 RIICE VT,
AT & > THEM RN LT L b aefofliie —
HLAVERE Lrv~) b2 RERZET, 230, |
NIT & > TR RITEI AT L b LARRIC & - Tl 7
fTEE bR VI 2L THB, RELDONHTHL R
HAEBOERY ZHICET 5, ¥ TEBOMBER LA
Hicdh 2 WEHIC 2T 2 L35, 4 DESERE L
TS 213 EicFEREL T C & 2T &N I3 EE
2ZIFoNB A, RCORBRBFEMRICH %I 5 &t
FHEETH 2 HEORESLZ b, BEHIC koM
HENDZ LR D, TOXDRESY L v~ 3 RERNIC
B 2B DIE 0, BREGRCEE, MR 0 ) v —
il 7 & & D BT a O Y TR E 2 B2 I
%< H5b,

oRy bFEr—vavolilkiiiottayr veof
MAHTRACTH D &, ANILERICE T 56 N7z EITHRE
IR B O A TE L BEia Ry b L, R
DR E T TE> TR THL EEZONE, T
T COEADFILE & 13 HHI WTEEAR R 0 R HET 200
BICHG Ly A OFIZE % Bk LB ICEREE ~ O N AR AT
SCkicky, HARADOTNZHE L HE b &0 7220
O HIh~DFHEE HE T 2 REI2E ORI EIEN D
LICHIGT 2 THhA Y, ZoHEMEICIC, KfRTizIEA D
RETIRENAZECHEICN 2Ry FFEsr—va v
e vLveR ) BEREREE LTEeT ML,
FREMALEEICK > CIRIERITE TR 2 EET 2 Fik
L2B (Learning to Balance) 1Z2WCfEHid 5,

2. BEMR

2.1 BMEREBTICHIT2AKRy bFES -2 3>
BMBEE T NIcBT - ey —va v, STHROH
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R BB P TE 2Bl 27 7e—FB8FE 26T
2o —MRICIES WL S ET AL E LT RVO (reciprocal
velocity obstacles) & U8 % O k5% F-7% T &H % ORCA (opti-
mal reciprocal collision avoidance) D sk Zi X Veloe-
ity Obstacles & L T & 115l 22 #ipH % A L 72 i 22 [m]
BEFEORERIRFEL LUAKAHINTW S, £z
FERD N DR 2 # o L FALS 28 & 248 3 2 e
RV HED B2, Hic, TEERERILEEIC L 5T
722 [u]kE & ARBEETE & RIS AT 5 7R R R S v, IRHESR
BETFicssaRy bFesr—vavicsoCERZBE
EgTE T,

2 BFBICEITSYILaT7RERE

TZTEET, rFy bFEesr—va v iiElsEH o
ML L CTAIEARANLET 7 —FiconCiiid 5, B
BB NI BT 5 RIS AL SRR che s 2 80 7203 o H
WHb~FBET 2720 D a R v b OMEFT T 1A R O E % P
5. EENAERREREL R S L TE L, D
M e ERREIE - 2 7REBEE (Markov Decision
Process, MDP) IC X > CETMLT B L8 TE S, 2D
e EZ® 2 1R d, MDP TI35iEE (Environment) 225
IKHE (State) 23fTEIE(A (Agent) 2 HEHIMNFIRETH % &
L, T—Y 2V PR (s a) i W TR 2 {TH)
(Action) %#3E8IRT2 & 2 LICX VBERRD AT v 7 ~iE
BL. ==Y = v M IZIRHBIEUC I D THRIH e = R(sy )
w155,

RBMBRETOFer—vavicsn ks idu Ry b
KO ATHE ORI X > TR E 5 28, BEjaRy
F R DIRE TR ICBINFIRETH 2 —J7 . HIYHIEHR
T G EAMTE OREEIC oW, ANEEDs b B Al HE 72
HEAERE OGO 2 BLHATRE GROBLHATRE) <H 5 &
T2, 2% 0, o~ a7 RE &R (Partially
Observable Markov Decision Process, POMDP) & L CH R v
Frer—vavoifErERbT s Liciksd, Myt
BHCTIEZo XS s oh CBIN L TEI 24 VR L A
O REHRM A RN T 5 X O hfal T o~ % fH TS
TEHEIEERHWNET B,

e (et o i N MDY T [ s 2 N el AT A
HZ » A v 7z CADRL (Collision Avoidance with Deep Rein-
forcement Learning)® ik, 2= — = v } Moz ic B3

84 (232)

3CANEWFT S AL &b

B _FT 4 HRIMBEROC A AA A, S L TR E &
I—Y v P CHIICETEE S 2 LT, FRERENN L
Mz pg e L EHEMEEF k2 HEE L 72, CADRL |3v
R b REIE ORI B CER - EREE TR L2,
T#FIC X 2 IRMBRE T ICB LT IIBITER L. LS TH
—uRy FEOEM R4 v 2T sy a v B TICERTE
TRz D IR IC R AR EI o T LE I F—2R
PRI N, chicH L, %% CcH 5 SARL? ©
d, L EEIC B T A ERESE KT 2 4 v F T —20C
JEOBATEDA v 2S5 v avkTya—FF 58 a—
NEMBIAT Z LT, XD REGRBIEEMHEIIGERT 5 2
LRTEBZF T —v g VRERIREL -,

LALAEBS, ThoDT7 7 —F 3 FUEREES 5 4L
Tl o 2 IREME L TR WEREEERE LTWw3IE
2y FLABATE N T 2 @220 A E R 3 BT
3, BEND 2 RMEIGET L LTIV FIIETD RN
ETABEELHBI LT LT W, vRy FIERICEIELTL
T MR kT 5 o AT E L 5o T L E
5, EEBILEERZRD L LEINbDFEITTRD,
Freezing Robot Problem % 52 IC XA TE vy, A D
T 7 a—F ik, 22 a7 T < BEBN I BRI (B % 2
TRIEAEYV T C R TE 2R EEHICL > THEST
2Ckickh, vRy bAMEIEETHESE ICHRy M~ Y 75
(I 320 Th3s,

2.2 HeREOET VL

JEAB OFBfTE LYt v 25 2 v a v RS ICITS
HEZ ER T 2 08B H Y, v Ry P FEsr—vavox
RicE W TH AR OEHIEA IR S N T E 72, #f
ROHRRTND OESBEIHEI L —L2FEEL, 20
HiHAazo Ry bFer—vavicioHTI2dAa0 5
3 W9 3 R0 T 7 a—F CIEFTE AR % KB
TEHEL LT — LRI ERZ e T AN RE
NTW3 Y, Py ERENDFALF T -2V b
Yial—va vy TiRE X L7 Sequential Social
Dilemmas (SSD)'® <& 3,

T — LI O WO 2 23, HEMREL S %
H B i3 A28k 3 2 HBERSHE ST
W3 —Jic, [F—2o] 34 ofTEFERoaHEE oF
Dl DT — = v A & I3 ICH o BB %
BRI T 3 L RAHEE L2 LITECH B, 7 — oW
R & 13, BREICEB OB EPE TR E 2 3T AT
TEL. 2z nsEnlo BB omEk % BHig L CHA
IRTE L T 2R EBER T 2, 7 — LHPIRE O CfTH)
FHEBRED L) REBERREELT 20028 ETLICK -
TRHL, SN TFEZHEGRLLZb 07y — 2HmTdH
%o

HAECEF 2 XX IE AT — RO h T, Fricks



(LS EES

DETICTEET 2R LT3t ER RN AD Y L
velfREINIHEENY L v~ 5, HENYL v
SiE, AL e ERZEE L W3R VT, i
NIZ & o> THBNBRIRPA LT L b HEaehofit e —K
LAEVWHERE (PLyv~) 28352 REXRIET, £ 1AW
L v=AbrRickEnwT, =T—Y v FA B2BZER
Zni () - T (ra) TEIZER L Z2Ficz—v =
v FADZITH S RIS RRE R T,

F1 HRYLYIIBIT2HHA - FFRATRORIES

BAh (m) A (my)
Bh (m) RAEEREAD StHFICETOND
Fkph (m) | TESGHEYS | PHENETS

Z DHEATA (Pay-off Matrix) % ffo~ btV v 27 27—
LT ORI T7 —2AB3aNY Ly ~Th b,

R>P 1 FHA1 71 ASAH AR X 0 RIS A3 8 e

R>S: MHAW 13— B 545 X 0 S FG03 &
2R>T+S : HHAIG N 2SR & b R 255 0
T>R:MHFEEY 2 52 AR I X 0 D AF2 R
F72P>S I HAEICEY 2 FB8—FHHCEY LN
X0 DA AE N (FHI2 )

Lo Lt s, FEHR ORI CIRHEAFEE L. = —
Yz vt OATEIZEMENCN Ul - JETREE I —E R I A
HEETIE R, BN RETH S, T, TV VvV HIF
fhr—y vt OREEZFTRICHEHMT 2L iTcET. &
SR BN O B CEIREZIT O MERDH 5, TNbEE
& L. {3k D Matrix Game Social Dilemma (MGSD) # H[t]
fifcPE5R L. POMDP & LTz % X 5 iC L 7z Heill & 28
Sequential Social Dilemmas (SSD) TH 3,

Rl C D RBEERS 2 £ 5 =3 77 — L0, RAEZERY
S, ATENZEM Ay Ay IRBEERBBIE T, MBHBI%IR € SX
AXA, LR ENG, HT—Y v FOfTEIRZENT
NHSZICREI NS —T7 T, Wiz -2 =+ D
fTH<zd, BE L BEWMT OITENICKFT 5, SSD X
oA T =L BIT ARSI L, Bidoths
MLy ~oflfiziELzd0Th b, KiFTid, RBHEER
BTicsFsury bFesr—vaveiasL veifk
S=NA T —LTHB, SSDICHHBL 2R TH B &
5 LICEBEER, LB X o TRl TR ST
BT O TS %,

3. wtEEEHW:-FESY -3V
MATEZES vRy P4 —2 3 v % POMDP & L
TEMLEITS, 22T, vk b eRER AUFETED

HisohcH &M 2 AAUET O Ry F~Eay L v = 20T 2 ML= O

IN—=T) BExNENARy b -V b BRI —
v h 20084 7D —Y v e LTHRD KV, S
LB B TE R R o T b b DT 5, Flc, &
Elxm ARy b el DEISTEHE IR, rRy b oRE
Rtk ol COBEREICH I BN L vy ~E2RS -
O, R -V v FIEROBTEE 1l ODZ—Y 2V

FELTHBMICE O IRG, Ry bz =Yz v Fp bR
HMOBRICHE>THEdDET 5,

BR2ALRAT Yy TtICBWT, BRI —Y 2 v F DIREE
SZERICERITRETH b . HIVH O EHIZINT 2 5 13
B AfEchH b L35, BERZ—V v P ORIEN s =
{So, Sn} @ X 9 ICEIHITIBE (Observable) 7RIRAE s, & BIHIA
fE (hidden) 7iREs, b I N TWwWE T 5L, 1
Ry b=z v b2 oBHlTE 2IREIZEE ORRE LT
RI—Yz v b OWHBME &G0 8" ={s, 50} L7 5,
SBETRE AR T — Y 2 v F OREBIRUToEH I 1
5o

b
S _[d(g)’ Vi, Vprgf’ r(C)’ r( )]

50 =[Pus vis iy 7] (D)
22T, d9IHIHE TOREEE, Vi, Vorr 1% NLE NUBTEE
FER OVERAE & 9 2, rO, O 32 a2 IR T B R K
U AITENC X o TR THE D E % 2T 2 IR
B3, b FEE iR, BEIROMNAHE 2 Kb 5 X5
B TR s e, BEEICK o THEET LT
»35,

7' (s")

=argmax R(s{", a,)
a
At o . .
+y M [T, st 1@V (Srean)dls]y 2)

¥, BRI OMSEEY v o — ¥ 2 s 7
V¥ g P oRcRI D,
V*(Szj")=E[ZT:)/’/'V””’R(S,];”,ﬂ'*(stj;")):|, (3)
ZZT,yel0l)iFEEIFETcHY, =—Y v OHTE
HEIC X > CTHEBIEMER L sk 524 627y T RY
B L XN DL vy 1T X > TEML I LTS, ERIT
DIRREZER] 2] 5 7=, HifERI%k % SARL'? I HEHLL 7=
Za—Inpy 7= CEMTE LTS, T2,
BT 203uRy b=V 2V P OB ErDHRTHY, B
R —Y 2V bDOFEr & LTI — 0~ — 2 DfffZ ]k
FTH 5 ORCAY %3,

4. MNP L <2 EE L -HRMERET

AWML CTEHR~ONATHZHEI v Ry P F T —
vavitaYrryere ) BRRERELE L TR 5,
Sequential Social Dilemmas (SSD) T, 4 DT — = v
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F OITENC X » THRHRIZEER T2~ Lra 7 r—LilE
W, A 2ESERZER L v RicswT,
NIT & o THBEIERS LT L b AR R & —3K
LaVEE (YLrv~) 85 3RELZHET, vdy bFrE
F—vavoXRics T 2 A0 L i BivHICATEE %
Ry FELENETZ L ThB T 5L, MADHZEZER
LSRR~ DN AZIT O IR N % HE
LESb &0 -2ho Qi ~0 R E2HEST 5720, H
HrEUeRoRINARIEZENE 2 L TET 3,
m & NE R, RN R Tch b 55 L, SSD
DR AICE VT, R, P, S, T 2 Zhoflffz it
HoWME LC&RET 22 2E2B, 2T, HIETHE
BU7EY RIZMAW S, SEESOAMHA, TIFMHETE
DHERDBHI. P EWTE DL b - B EORETH
%,

AW XM R=V (1o, 7c) TR F v b ERERMEZ
NZNMEZEREE LEZEY & ) IRE, S=V (1, 1) R
DR LCu Ry P BSFERKEZIE 7 — 2 TH B L
T2, T=V (1 ) 3 INMABIECHORIEELIC L 0B
ROEITEORY PDBAEST L7 —ATHY, P=V(ny, m)
FuRy b, BERAHE LD HORKAEL L, i
BERLTLEIr—REEZ D, $2, HFIvV—FE
B Sz, JEAAFTE ICfiZe, FiE o T SRR % i
T AN DR & DR RIS < x5 <
KTITsb0L35,

DIE#BE 2 THEY L v~2EE L - BB O %E
10, BELOBONIHMR LU REZ -V = v b
OfTEI L A DfTEIDMAGDREIC L > TR LN 2 W%
Rs &3 2L, MBI R(s, a) ZLA T D X S icRST &8
TZ 5%,

R(stjn,al)zRe(stjn’al)+RS(stjn3at)’ (4)

Re I3 — MMy 2 i mlic B3 2 i< b 5, 72721, m
Ry b=z F OBIENE p A5 HAH p® icEES 2
RN D IR L, e IR S 3 2 pr e o Fl A
EZDFEBa G L TIET 2 b0 35, £/, FEUS
T8 & O RSEiRHE d 2MEIHEFRHE dw, 2 TH 2 & fHE L
Br L. FNLSOREEIC O W TR FE L s b o
&35, TV v FBHWHICERES L I3HET L e
vy —FiEETT 5,

1L0-a:- if p,=p'¥
R.(s/", a,)=4-0.25 elseif d, < d (5)

0 otherwise,
—Jj. Bz =Yz v e DAV ETITavIic XD F
BT 242 7RI Rs 1A ASTE) I O EREATENIC X o T

HELBERFATAICLoTERENS, 2HFFSTH S bt
BAATEIOERE (=1, #£=0) %, rlb) 2&HE 7R L
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3CANEWFT S AL &b

DAMNTEID AR L U dyse & JALBATE D3R & K
UsintkiniEe 35 & WMBAR Rs (ZLAT @ X 9 ich 13
50

B, —r® if d, <r® ab =1
R.(s!", a)=1(d, —dg.) elseif d, < dgs. (6)
0 otherwise,

TZTy o By BENENHMWHA~RFGEL 20 2
T % MM O HIEIE, BR R A AITENC X > TAL B~
FT 4 OEB, EMINICEZE LR XD & T 2 EROFE
BHTH D, MEETIE, COLI BBV LYy ~E2EE
L 723i% o | cREsil o ifHEx ik kfb s 2 2 Lic k
D, LEMWEMRED P L — P4+ 7 %5 (L2B: Learning
to Balance) 3% Z & % HiE9,

5. B

HEY LYy~ E2ERLEZREZ L LT =7 L2B DR
REWELT 270, PHREEAELZIaL—vavic
B TREFEDHMEDFHN %2 1772 o 72,

51 ¥TalL—vayv

A £ CCili~_7z X 5 IRMRE 2 0t R & L 7= BEEI T
BEZEENED A E R > T30, MAITHZEMES F &
7= a v OFHMliBREETFEL RV, £ T, BRI L
T A MEETE 2 RIS U C &) &b d % 5% RVO @
53R & L CHUD A#7z ERVO (Emotional Reciprocal Veloc-
ity Obstacles) ZfilL 72> I a2l —Y g vy AT Lk
L. MAFTEhICH 32 Ao KIG% ERVO I X W AT 5
il M3WWRT LI, Ry P =YV A8
PO BB T AEEE TAMATE ZER L 2B
% O e OIS U TR R b RS 2 [T 8 2 B
2b0L3 5, £z, FERPHMA~ S BROB) % 12[FH
KEIC RVO OISR CH 2 ORCAICHESD b D & T 3, 4.0
[m?] @ Ze il #1738 AE N ={5, 10, 15, 20} %5 D IR M
EorF VA ERL, FEMECET 21REEOMRE
R L 72,

(B@:ORy bT—Y v b KA BRI—U V)
K3 ERVO #FTIC LN ATEICHT AV I aL—> 3>



(LS EES

5.2 FHEAE

WM IS L CHE e v Arlcn—y v 2 iLE
L. WEOHMEICEEWREL AN OHETT 2T U 4
(Circle Crossing Scenario) #Nv F~—27 & L THW 3%,
I—Y v ORGEICIIERSRICHES v E L) 4 X%
MzT500EDF 2 b7 —RAE{EKL, 74—~V RA%H
HH £ CDFER (Success). 22K (Collision), H IR
MNIC HRHcBES T 24 477 F LA (Time-
out), HIWH F <A EIEE (Time) 4 2D X PV 2
ATl % 778 o 720 TR E LT MATTEEEHIC
FoTHEERTITFERIINITHEAEL TR WD,
SARL DE T )V RXR— RN ANTTEIZEA L 125 %2 S5
[8] L2B-SARL & MEFRT 2 D & L, HMASTEKZ v
F VYD SARL & FRHEE D >V A L 7 A
R LR Z4T 5 72,

K2WEAL ) 7 ATOFHMRER%TRT, SARL 1LY
BHEL-BBETCRIERS TR >TCLEIMRE -
2o THENANELZE-2 A Y P F LD SARL T
MR I M2 TTS 2 & LATE R VDT, SERERZI
DFTECEXALT Y MCARZ T —APHBICRZ 2720 T
B3, —J7. L2B-SARL 1Z N>15 D RME L 72 BEC B0
TH XA LT Y PEPFFIRERL RoTEY, HY
HA~EEICEETE TN Bb2 s, T, B~
AANFFEIC L VRN HW~FET 2 BRI ES
TR X o TRNANMAFRAC WA LY S Hiyi~o
FIEPEN D 7 — AR & iz, IR T~z X
DB AR OFE Z 2HLF o LIck b, ZHTSC

HisohcH &M 2 AAUET O Ry F~Eay L v = 20T 2 ML= O

itk o THERUREKICAF LG Z b 26 TMRLEDH 2 &
WIORELE —EL T B,

®2 TESHEIHEER

Methods ‘ N ‘Success‘ColIision‘Timeout‘ Time
L2B-SARL 20 0.906 0.094 0.000 |13.85
SARL [12] 0.700 0.184 0.116 [13.50
L2B-SARL 15 0.880 0.118 0.002 |11.60
SARL [12] 0.778 0.064 0.158 [12.43
L2B-SARL 10 0.904 0.086 0.004 |11.31
SARL [12] 0.922 0.046 0.032 |11.91
L2B-SARL 5 0.978 0.020 0.002 |10.14
SARL [12] 0.966 0.032 0.002 |10.09
L2B-SARL averase 0.917 0.079 0.002 |11.72
SARL [12] g 0.841 0.081 0.077 |11.98

BT, M4 CEEN RS R AR T, e —Atn
Ry b=V v F B X O ASTE A IR L 72
Hifi, K — I BBERT— v FAAFEER W B
(FRgik) <. EoRlbEE Ko A0 TE (SARL) X0 b
TR R & TR 2 2 B IRc &, A0l Y) 2
THAAMTEZITZC\WE L BERTE 72,

6. LIV
AfaclE, oA Ry b FET— a v ORSHAR KX
CRHBE T ICB I 23 EEZ AL, AMATEIZES $i72

B4 EHL R
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e s = a vEiToR A IC oW T L 72, BURIE
Yial—vaVvBRREOHRTOEORTS B A, REE
% Non-Holonomic A 2R v D F A ~T 4 7 AT DX
FTELTEL D, BEInRy FEKTIIEL 72775
ZRHT 22 L bA[EETH B, SRIFHE—Z—Y 2V D
BELENRE LD, HEPL v ~DNETIBRETIC
BWT, wAFI—Y v iLEE R A I X 0 R
oKy P OGRTEHEZIEHET L AREDEZOND,

SE X
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Mobile Robot Navigation in Densely Crowded
Environment

NISHIMURA Mai

The autonomous mobile robot (AMR) system consists of environment mapping using equipped sensors, self-
localization and path planning on the top of the map. In static environment, where the layout of objects is fixed
and no dynamic objects appear in the map, the system can build the whole environment map in advance.
However, when it comes to dynamic environments, the AMR system is required to build the map sequentially by
handling dynamic obstacles in real-time. In this document, we especially focus on the self-localization system in
the dynamic environment. We first briefly review fundamentals of localization system based on the multi-view
geometry and introduce its extensions to incorporate dynamic points and obstacles. Moreover, towards navigating

in highly congested scenarios, we propose a novel self-localization framework that depend only on dynamic

objects in the observed images.
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4. Blisdt - =<4

S3RTEEEFTAICEITBIAT LAY FID
BRENSHEEmET
By

27 LA~y F v i, HEREEGICE T 2B HASETe R v b @ SLAM, Augmented Reality (AR), 3 X
TCAF ¥ v &, TEIERDBICE W CHRBIETEER & 7% > T 2 3 XTEGREHNEMiOo—>TH 5, 2 v
Ea—2eYavpBoEhohc, &b A0V ENnCw2MEO—DTH H 25, PERIHHR LRI
FIHT R IC D WD THANREEE L € & 72 2 ol LR REIBIC . W, Al (GRJEAEEAN) 2MREL. Bk RBEA R 20h
Dl KITIE, AT LA~y F v 7 ORERN A MEHRECTHRE, FFAEUAOT 7n—F. % L CEEEEU
BEORFOMEBMZMIHL., SO T T4 AN TR =L FEa—RT LA R EDREAIBFOMN DR 7%
Do, T O EUEIICIHIS %,

Binocular Stereo: From the Basics to the State of the Art
TANIAI Tatsunori

Binocular stereo is getting better, faster, stronger. This fundamental 3D sensing technique not only makes key
building blocks in various technologies such as autonomous driving, augmented reality, and digital 3D scanning,
but also provides a basis for other relevant problems in computer vision such as multiview stereo and optical flow.
As the field of computer vision has experienced a major turning point since the emergence of deep learning, the
field of stereo vision was not an exception, being strongly influenced by deep learning. This article reviews the

basics of binocular stereo from its concept, challenges, and formulations, and further provides overviews of the

1. AP Z

AT LAy Fvreix, B0y — v 2RI R
b oA 2HOMREH VT, HRPICES Y — DR
TEZHEET HHETH D . AEOMIREAT & HH 2 515
BRI L 72 3 KOTEHREHAIE AN O —DoTh 5, AT LA
~vF U, avEa—Z Y a vaICEWTRb
ALY MENATHIRED -2 TH Y, [FEFIC, L
TH ERRHELR & CHRAICIIRSAERINTW AIETDH
Hb, ATVAvyF v IEMOSHIIEL L, BEEER
KB 2 BRERHS HAET e R v + @ SLAM, Aug-
mented Reality (AR), 3 RICAF ¥ v &, T E4ap
B 2 FB M ER L Ao TWwd T, a v a—
AT avaBNTRTH, A7 T4 A7 s —w
F U 2 — AT L7 & Do BRI 3 2 FLfE 70 R &
NEDTEZLHNTE L, BFOREFEORHEIE, av
Va—ZvYa vaic RE il % 725 L7223, &

Contact : TANIAI Tatsunori tatsunori.taniai@sinicx.com
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past and current state of the art in the literature before and after the advent of deep learning.

TLA~yF v ol ZofliciEing L EEYE
DB WL Z T2, KfwTld, AT LA~y Fvrokk
AR 75 EEOE PR, REEE U O T 7 e —F 2L
CEEAEH LA OB OMRBIM 2 L. T HICATL
A=y F v TORASTOMHO R R, TNk
RIS 2. AGid, Mt 5E L REE D Computer Vision: A Ref-
erence Guide ~2E# 23274 L 7= “Binocular Stereo” D& o
NI L <, FfIaEs X RTEi Mm% 8 £ 2 72N - &
ExL7EDDTHS,

2. A7 LF Ty FIOER

2.1 EARHIE

ATLAy F U IICE T REANGEEL LT, AR
ik — v, 2% 0 2 Ko & TG AR BN T s
Wy —vE L, THI2HMDMERDONEIZA NI 57l
HERYRDH L LT 5,

AFLA~y FYIDOBEY AT L%, BEIL, AE R



>
o
i
E

iz bz 2 BOFEFED B X T & KT AN~ T % 3
2, ZOBoA A TR OMNHE “R—2 74 VR LT
XN, ZOEE ZAFULAy F UM, T O A
BoOFEFRICOWT, ZNICHIET 2 EGHR EOEAD S
— /T O RIHRD & DALEICE - T 3 22 2 fiEE T 5 [
WHLOHTS R o % o] S HE E B RE (dense correspon-
dence estimation) ICIFE T %, HICAT LA~y F v 7D
WISEAT I, W ECR—D@EE OKFRAF Y T4 v
FICTEET 2 7=, 2 Ao SEIE 2 @ 13K FE S o
FEEE D2, b b EE (disparity) I X > T#H3, L
72RoT, AT LA~y F v, 2 omgEcoizE
EHEMBICOWTRD ZMEE DF 2 5,

Z2FL A=y FrvriclotEonst o L
T, W7 & ~ v 7 (depthmap) %~ » 7 (disparity
map) R EDRH L, WITE~y TE, A— Pk EEA
& L72AMEORITE AR MR TR LD DT, HEYY
TIEMFERE AL L A MR BB TR L DD TH
5, IO 2O00KRBUI, WL AT LOR—RATAVE
AT OESRMEZ & DWW BT I E T &
%,

2.2 BB L UREIHE

ANHOMBEITZMHEDO LI I, AT LAy F V7Y
SRR EZAVCTE Y, ZOMENEEIZ T v —
Z #% [ 2% (epipolar geometry) I X  £EfES T LT w
37, 727 L. TER—TRMEAKE, AN, B
RIOMIGEZ B E LTH X T RUHER D 3 KITH 7e i i
BIfRICOWTEEN IR Z 5 2 720, Wic, A X FF+‘0
PriERIHR % BEA & U CHEGRIER L C O EAR O ERIRIC
DWTHFIEF 52720 FT25b0T, FFICED LS
I L CHEEH I IG R & o % 5 F Tk Z o filgic 7x
VW, TNEATLA~yF v I/RHEOEL 5,

WA DEEELCEHT 22 L fTH> T\ 5 HHRET %
HMETH D0, WHTHLEZRD L, FICEERLEZE L

fRYUIRL
INR —

ERRER

SRICHHGEHINIC B T B AT VA= v F v 7 OEED & il £ C

TWBRIZERIRR D, HlzE, OS2 i3
HOYILHE0eFETLE Z0—ROHOETHEIL
TOHMNICHZ —BICED L e IFH L, LB -T, &
ZROMICHEZETICL TS, ZoAMoHE N2 vy 7%
A& BB, RN R FRS 0 LR AR FR» Y %
BAELTCeyFy LT RIS, Znid,
JRFTHI 72 T8 0> D O BCldFR 2 BERIE 2 . IR 7 T
DCHioCwdedbERD, Bk dhzidArT LA
~vFVITHITOR, LaLl, M1 o ERicRT XS
Toe BTV AF ¥ B3 WM VR LY R — v RETE
T —viZe, JKEETFH2Y 2 o TLTHHER
RICERMEE L T, ARFEEMEE 72, ZbT 7 R
F ool LAV IR L N Z — v ORIEIZ, AT LA~y
F v 7 ORERNEHE L ONG, 2, BEKHT 5
Mtke. XROB 2R E, HEic k> TREZBECHS
IRETEYERD, AT LA~y F v 7 FEBAICHEE L
WIRTH %,

DI, ZIRORTF LA =y F v BRI TR
N WEEDS, M#EfZ (occlusion) TH 3, Zhix. M1 oD
TSRS &9 ic, —H OESERTE > T 3 G AR
s, b5 —HOFMAmHHRICE S THEIICASL R, ®n
12, oW EERCEfiE N2 2 & CEETICE S W RE
9, WWAE L TV B TIE. EOERTONIGH
WHEEL Vo C, JFEE B, o0 s/BRAT E HEE RS
b, AT VLA~ F v IRMETE, DX Al
L NP RPNOTTEET 220, HARMISER OB %
\» (occlusion handling) 2531270 %,

TAFR=ZRFGA v - AT VA~ F Vv IE, ATLF
2y FVIICBENTRICR =274 VEBKE WAL
T R=RAT7 A4 VEDOR/NINRY —vORTEDRT —
N DHENBIRTEE 25, R—AT7A vREREL LS
CeT, BITE Ry FHAZTHNE D E Vo E
TOFFMORIEEEZ ETFons 2 ) vy b3 5, —J7
T, 7AY v PELT, HEOHY S 2&HAKE L X

ARRER

M1l RFLARYFU BB RLAAZ—> T 0 2F v & LAES L OEREE
I BRIBVRLAZ—VETIVRF v ELBEENERET 5, T EEORIBERICEVTY v F 2 7 HEMNZ W 2 BEEOERREE

HEET 5.
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2. HREOHERNELR Y 23075 < 5. HE R OERH
WS 2 % BRE T OWERD /- B ORI EZE D
KEL D, BREBEFT L, BT EHE DS K ITHY
K2

ATVvA~vyFvIiE, A TER, avEa—X¢YE
Va vairofthoMEZ Rk, S0k, fEL 2 o
ERZE S,

Bl z1E, =V FEax—ZF LA (multiview stereo) 1% 2
AL L2 S S AR EH G2 b O T, WEIIH AT
DI ERFEGRCEREE T VIR E T 507, A A THEE®
EERRBUITEE L T2, HEOEAmEGREZ A2 2 & T,
~vF v IOBEREERRE SR, £, XV E L oWERTE
DEAK 2 FS L A S BMIcE 2 X )ik b 2o, kR
OB CTE S, 2Ok, FEE wLrFEa—2TL
FRZRORT LA~y F v X0 b ECIEEN RS
%o —JiT. AHAIZR A A ZEE T, F 2 PR IEE I
EHEE R & HEWER D 23D R WERS T BFEET S
BEBRHY, thbEk~y F v IR OHEUNCERNT S
720 O EEIR (view selection) & W9 7= REEZ X 5
o T, AHAAA XA TEHET T, & 2HEAER LT
A A Z EIERPFAT AN Oy 5) 23, HIR TiER
CEATEZGER® Y, BilikERE-%y FRFL 0L
JERHliCIIREE A% L T, TDXIIC, IAFE2—XT
LAR, ZRoORTF LA~y F v 2Lz, X0
Mz A7 ThHDEE R D,

—J. 7T 4 N7 v — (optical flow) (X, AT LA
~ v F v 7 RIRRIC 2 Mo R T OISR & HEE S 2 [
TH D, BITE TR, HEROHZZDb D%
ET D, MR 2 2HOMERIE, BNk —vE2 180D
AIEIH A ZIC X D R ZRZNCHRE L 72dbDTH DL, 2D
EE7L—LMORIGHEOEE (7 v —flow &)
. WEROBE X ICL b0 HEIATHBOHE) X
(ego motion) IC X 2 d D, Bz, Z O OEAEEL
b Ly, b LEERIE#HI T, 1A T7E—va v
DR TALEAARThNE, A7 74 A7 o —[E
BATF LA~y F Vv IR E T 5, ATLA~yF v
BT AN ROEE () 1T, WEROBETZ N
DNLED B 2 284 e UCHHARIRE A, A 7T 4 A7
= ICB TG OBE (7r—) X, YkofE-CH)
., KRHofmE—ra vy, SAZEPEMLT 2, C
Dz, ZIRAT VA F v IR AT a— AT LA
TIIHZECHEITE L\ o7z 1 ZOCDER LM CHEERTRET
BHolzt, AT T4 N7 a—DHETE Tl 2 RITDOYERZE
MABE L 725, HEKREDI KA L LTEEL., fiiyy —
VI CORM AR TEES oA T LA~y F v 7D
JERREE & e~ BPIMA DR DS IR D SR 2 X Y
BHHICLTWw5,

ATLA - v—v7u—i, ZRORTFLAvyF VT
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4. B -

F—q

EXTT 4 AT a—ElAG DY MET, BEIEEA
TIRAAT VAT A VIRE I N AR omER 2H
HX27L—L) 2ob, Y—vORITE L™ HmD 7
o—%REICko 2METH L, b o 2 EEOXIEA
HEHIZ, 7v—slorrse—vaviERepes
T, 3RTCEMTORGHRET O 3 KT A8 & (3 XIT
v—vTu—) BRYTIENTEDL, ATLF -7
0—i3, ATVLAR vy FUIRAT T4 AT e —HikX
D bR AZ DIERPEE Z 5 720, EEIEER D O OFH» Y %
YIRS A st BoAw 3 ¥,

Zokyic, ZIRoATFvA~y F v /REIZ, av
Ea—X Y a v BPICEES % R4 B s e [
O CIROIBARMZMEL EZ 2 L8 TE, $ -
I, REILECERZ X9, IATF¥ )V TL—vav
2. H§ET7 4 vz, el L, RO okL il
WD R Y 7o TW A EHTTh B B,

2.3 BEERE

TZTiE, TER—FRAZICH LD AT LAY F
VI ORENIEEE BT 5, 2 2 coHER. MikREA
FoHD3IRITELE, ED X 51T LTAT L AHEGRE DX
JOREHRE DT o N B R BFICHET L TH D,

K2 TSN RTFLATy FrIDRE
FELEEICERICKBEINT-A XTI THREINEZY—VIZEN
T 3RTERXDPEAORSABERICEKEZINIRREE R D, &
DEERELOEGREEZpHLU P IE. BLEEDZ/M > (T
ERE—F8) LIBT3, hATDODR—XS5(A Vv Rx b HS
Bz 2L E ZOXNIGRBDKFEREDEZDEN 4 1.
3RITADERITEZ ITHIELTd=/z RSN,

AT VA FyrTiE— BRI, R2I0RT X9 %, F
b X7z (rectified) HEEE 22, 2Tk, 2HDF
—DVEVER—=LHATHR, LoD 3 RICHEEER D 2 Bl )5
MOAE T, ZREFNHEL0,0,07 &, % 22 5KFEI A
Iy 7 b L& (B, 0, ) IcxBE I NLTWE LT 5, 20D
EE JFREOMEMELESS, b T EAHRMEITR, %
DElEbd Z#_R—ZA T4 VvEET L, W ATZEMGED Fx
V7L —vavighe L, UTOR—DORNET A — 21T
WaHor 43,
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f 0 ¢
K=l0 [ ¢ (D
0 0 1

2T, (e o) lE B AT DRFER 72T (principal point)

Z 2D X5 BEBICHTIL I N AR T LA Y 2T 4
EHET L RNETH I, WA TVAT LR F ¥
TL—vavigik (Blb, 2H50H0 2 7 OHMNPLEE LA
W7 A= 2BHA) THNIF, AT LA EGFETL
(stereo image rectification) 2 & Wi 3 Hiffiic X v . #g
g% B0 X2 DPATIL I N v AT LTl L 72 2
DEICERTEL, LoT, BRI Zo¥IH{bInizR
T LA RAHRICGEmE ED B,

JRAEICHES 2 K % SR s (reference view) & L
T, ZOWAHEGICE 2 YERALEOH 5 5ICEHL, %
DHFEDIEIEZ p=w,v)\ & T35, ka2 Dld,
SN A THERICE TS, ZORNRED 3 RICHEE x =
1,2 THY, TNEEVYF—AHRXTDODREET LD
LLATD X 5 icke 5,

x=K"'(zp) (2)

22T, p=,v, ) 13 p DRIREERIRTH S, ZD3RK
TCE X DA RSER ECE A E, BB, p ORIGS p'D
2 RICEERRE. UTockE 5,

p’=7n(K[R t]X) (3)

2T, [R F—MicH A T B oML E RS, 4
#5174 (rotation matrix) R & i~ Z + At (translation vec-
tor) 2> bk 3 3X4 DLEBRITHIC, 5. A A T IEFR— I
IS b CTRRIE I N T W B 728, R I 3RITD HBALITHI,
t=(—5,0,00"TH %, ZEHITHIZ, x D KELEx=

oD et ULCER T 2, B x(x,y,2) = (x/z, ylz)"

1, BHRIGEANICIE D & 30T~ 7 PR o 2 K
TUEERR I 5, AB)icL, Q) ZRALTx %l
K35l WEE_Tpl p OBEFBRKE LTUTHES

nas,
p’=l)—[fé;2} 4

KWiF, 2% h, Al Lo&EFEp ic>2nT, 20
GG L CoNIS RO p’ 1. BEEp 2 5T mIicK
VT (b)) IS T TO LAMBEICH 2 2 L 2 ERT
%, T DWFDIRFFT [~ D JERE D2 fir

d=fb/z (5)

DTk EEE (disparity) LM, KOG)2LLH» 2 XD
T, Hp DAL, b, WG p” 2803 L, picks

3 RICMHEFNIC BT 2 AF LA = v F ¥ FOREED & BRI £ T

TAVEDLEHCCHET LN TES, 5L, 20
oLt zamrhir, (2)ic kv R5ED 3RoCHEE
x bHEETHEL 72 B

3. IFEBRORTFLAZYF VY

INEFTONRICLD, AT VLA~ vy T v 7oK
ERCHL X, fthoME L OB, 2 L CHBEERN 75
KOWTHETEZIIFTh s, UKETIZ, LY BEAENLR
HEHCOWTHAT sz L, 2Tk s, FEs
BEGURI OB RO TP T 70 —F 120 »CafEr
s %,

3.1 X

TR T LA~y F v S FEOME gL L
T, Scharstein & Szeliski” 12 X 2 N HELTH 5. b
FRATLARYFVIDTAITY A LR, v vF Vv Irazx
I @ & & (matching cost computation), = & F HE ) (cost
aggregation) ., f17ERIH & fe#i{t (disparity computation and
optimization) , {2 %% (disparity refinement) ® 4 D @
ATy 7R EFT LT, AT VAN Y FV SRR
Hahb 2z, RAEHCE, HMW R T LAy F VI T
Ex, UToXckIns HWBEBOELRS X Ow/IMELrs
FEoMAbHDE L LD X 27 mBAZEA L TR
%A B,

E(D)=YCy(D,)+R(D) (6)
P

TIZT, EEDRANDATUAERRTICH T 5
HE~x v 7KL, DyeR,FEFEp o 2 HEEZR
To GDYIF~y Fv 7 aR HELIEINS S DT, H
BRoFEFEpIC T 2 HEOHEM D, D% L%, p
EZ ORGP ICE T ELOEERO R - HoEA N
(photo-consistency) @ #i & T & 1fi 9~ %, RWD) 1% 1E Al 1k
JH (regularization term), B¢ \» (¥, *F & 1 8 (smoothness
term) & HIEIEN., flE~y 7D L TH LD S
DX HART, WE, SIE RN ANEED ZRY v
D, e{d, dy,...dg} & L TEE S L, X(6)D EWD) 1F, #
Gt (EEREL) 7A=Y XAk o ThR/AME X
N3, Zhiz, 2714~y F v clvbsh s HIVBEEK
ED) &, —MiIcIEFICIEMN A2 L Ch b, HtiER
& OEFHREL TR CTREZ ICEWEAFIChoTLE
PHTH B,
COHMBEBEERE LABSE2H S & HEllR R
TLA=yF U ISTHRE, v—AAETATERE S r— N
NETVFED 2HBICHTE 2, m—hrETVFEE
X, RO IKHVT, v v F vy 7aX MHORIC X S HM
B E(D)=2,Cp(D,) Di/MUic X Y i~ v 72 HEE
T2, 2ot & KMFEOMHED, XZ D1 ZEHBAK

(249) 101
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(unary function) THh 23~ v F v 7 a &+ C(D,) D
R X o THREDT b, ZOREMIX, DR 7 ~
dy, dyy oy diy DR CEIE C, DIED R D /NS TR e
b, TDXD B TEEZEL T LIE LIRBERI
Y (winner-takes-all) J7z( & I35,

ya— TR FIE, ERIERD) 2RI ED
RO DHMBEBMED) #H\ 3, u—hArETATEL &
W, BEFEROBEL D, IZRD) # ML THWICHEELS
X0k B e, ED) OfcElLIci X W EMEREIE %
T3, ~HoREKAGEER VT, ED) O tiE—
BT NP R E 2 2720, 7'a— S T LTk T
REBs EBHME RS,

DTFTIiZ, 2hbu—ArEeETArFEBIN s/ m—s1
ETFAFIRICEWTEE L & 2 BEHRPLFEMIC oW CiFi$
%,

3.2 RI-HOEAMRE (photo-consistency measure)

~yvFV AR MHOHFT, BXHLbo b bEEALAE
Fix, Lol oMo FLE EME I IZIEFE
JE) %3 REE, Blb. photo-consistency B p(p, p*) D E
RTTHD, ZoOBEIT, LHEHR1ICE T 2% p & AR
I'icsiF 2 p OMOIFFUE, S id, b O
FaPor T2/ EE Oy F) oM oIEEMEE 2 H
7 —fHCFHMi 3 %, b Hifliz L iE AD (absolute differ-
ence) &LIWEIEN2 D DT, pp,p)=I(p)-I'(p)| & EHRX
N5, LA L., BEREEZEZLKT 2 2 L3 2 o
R CHAZBI S & - G A ICTHEE TR, D7, HiE
A VI DELEEL T

pp,p)=ali(p)-I'(p))|

7
+(1=a)|VI(p)-VI'(p)| @

EWIHEREAVIEAELH D,

L OEEARRNEE LT, 2 200Ny Ficx3 5, U
TD X 9 7 NCC (normalized cross correlation, HANZE-C I
IEHULHEAMBD) AW 5605 5,

NCC(p, p)=Y, ((p) =) (I'(P) — 1) ©

4
iew Op 'Oy

2T, pnLieWIXIEHEHG I DI p 2l & 3 3 AETRE
B OsyF) OEEERL, u, & oo, EZOHEBANTD S
L— A7 —AHERE T (1) O L R A A RS 2,y &
op XHEER I O p’ R § 3 HBEEICR LT
FIBRICEIR S NG, Xy FH A4 X 3X3 0 TXTERED
HBRHNE 228y F R W2 2 & A%\, NCCliE—125
1 ofifl CIERL I N FUEORETH 210, ~ v F
v raz b e LTH 258, B2 B pp, p)) 2T
DEHICEHKL THW D,

102 (250)

4. B -

F—q

p(p, p’) = max {l - NCC(p, p’), 7} 9)

22T, Mfiic® 0<r<2 ofiflofE (HAFICIE c=1)
CRGET B T LT, HPES EHU T OBAI LT
NCC DD EE 2 #H S 5 2 L 25C &, MR &I
B aANEICH L COREBRREY 522 2 LR TE %,
—J7 T, NCC HHBMEHT = 2 230 & v 5 B 5
%,

Zabih & Woodfill® 1%, Wil§ <y 5% 2fHD< 7 F A
gz T, Ny FIROIFELEZ 3 v 7RI XY
HMICEHAE S 5 F ik, CENSUS B2 2 R L T %,
CENSUSZ#alL, H 25y FITR L, »¥y FHNORREZE
p & % DD q DHFEFEE DI sign(I(p)-1(q) %0 &
1 CRFFLS 2. EFHEFEMOMIE RIS CRETH 2
25, NCC & [FFRIC IRBAZEE ot L CHf T H 5 25, &
FALDEE VR0 REDRE X NCC X YK,
CENSUS Zffid, A s —VIC T2V TARA L - 2T
LAHE L AT L 8IS Heb S,

3.3 aX FE#H (cost aggregation)
photo-consistency B Fifoi@ v . TR, 50 id, /b
STy FHATCIFELE 2 M 3 2 720 Z R TIE
~ v F v ZOBHEAE L. A XSS S, %
TTaXMEHTIR, v~ v F v ZaxbC) ZEtET 2
Bz, p(p,p) 72 Tld <, pDEAD YK — bljH
SEWRICEB T 2a X p(s,s)BUTD LI ICRLADET
ERTHLT, vy FY I aRbOWEORENER S,

Co(d)="Y, o(p, s)p(s, s7) (10)

sl

T, W INREFEp LT 59 HE— FE (sup-
port window) &MEIEN ZHEBTH V. op,s) T kibT 2
il & 2 DEHBIEL, si=s5—(d,0) [XEH s T 287 d
X BRI EERT,

azx FEMIR. LIFLIEaA R a—L -7 4%
(cost volume filtering) & bIFIFN %, Z OB ERET 2
fewic, XKAODFHHE%Z, o~y F v 7/ax 1l
p(p,p’'(d) DERFIFFE L, 2h b DEND R TE 2 T
BB, ZDLE. pp,p(d)% HXW %4 XDHE{RD 4T
DI p B L R TOMBFHEE T ~vdeld, ds, ..., di} 1T
DWVTHEEHET 2 &, 25 DfHITHXWXK ¥4 X
D, 2 A FEKY 2—2L (cost volume) &FFIEN 3 3 KICH
Va—2aVEp,d%ZKd, 2ZAFRY) 2a—4 Vit L TR
(10) DENFEET 2L, V(p,d) DFR—dicify> 7=
H2RILAT A AVe(P) (2 A+~ v F/costmap &> H)
KRLT, =2V o@,)IC X7 A2 ) VT %
Mg T &ictize & v, dlE, X (10) DFHE E L5 IC FLE
ThiE, H~vF v azt G DFHEICIE O(W, ) D
SHEENPP L, LAL, COTAPRY 2—L4 - 740



»
o
i
E

ADFEZEEANL, 7402 op,s) i3 LT E LR
T AN ZERCIE, & C(d) DEHLIZEY 4 ZIkEL
0 (1) DRHEETHEITE 2,

A P EREBEEORYIE, YR FE W, AOHHK s
FHOEEp L RICHERE (BITE) 285, LwIHEIEKR
HowTws, LasL, Blayeretal” 23333 2380 .
DIEIFRD 2 D2DEHICHE W THEICHE SN E, 1) &
WICURDOEIRBTFIET 2 & &, BX O, 2) BiEWAIE
AT ClE 7w, RELSMHWZHERRHZE L TH Y,
HAEPBHEBHNCTREILH T L 2 TH D, HiHFIE.
EINflE~ry T, PRER2EL2ICT S
7—7 4777 I (boundary flattening) %’E LU &4, $B&E&
. G ZZREICH L CHEBROT =74 7 7 27 b (stair-
case artifact) AL, TNLOREEIKEAIR—+E%
3L HEICR L —JTT, vy Fv7ax ok
HIFB70ICIBESA X2 RELT2LEREHY, 2O L

L—FAT7HRRELRIEZICR > T,

1> H o, ﬁﬁ}ﬂ’]&*f‘f“— %% (adaptive support-
window) ZH\2 7 7o —F ¥ ic X b SRR UL RE
TH D, WIS KR— b EIL, ﬂ%@yﬁp L ZD¥ K-+t

s OFLEIC X YV EAMNT o, ) %52, FR—FE
W, DT % BENEICIE U CTHREAMICATR S €250 TH
% (3), Yoon & Kweon® |Z, ¥ a4 v - ~"45F7
NTANRETRNERIGERL 72, Z2icx L Hosni et
al” X, Heetal'” B#ER LAz v VIRFEERERM 7 4 L
X T¥H % Guided filter W5 2 & T, E#H L2 X bR
Va—Ll - 7402 ) VI RIBEL,

2OHOMBEDER X, ¥H— F&ECk L CHEICIER
TRAEET 5 2 & T, i~y 72HICIERTFT- 4
7 A (fronto-parallel bias) 234 L %2 & TH b, Z DfHE
ICKF L C Bleyer at al.” 1, ¥4 — FZICH L CH— DA
dEHfET 20T %R, LTo X )iic, HEL Pt
d=au+bv+c THRL, FHFBEp I L CTFHNT XA =4
(a, b, c) ZHEE L 7=,

r& r

Co(a,b,0)="Y op,s)p(s, s (as, +bs,+¢c))  (11)

sel,

3 RICMHEFNIC BT 2 AF LA = v F ¥ FOREED & BRI £ T

Tk, BB CHESRBICENT L TR L.
~ ‘7?/7 a R FEECAEL B IEITFATNA 7 A% ERM
KR L 72, —75C. RZOFREIX 1 RIcoBEEE2 &
3 RICDHEHUE (a, b, ¢) T>¥T7 A — 2L I 7= Fimicflo
0. Z OHEEICIIERE OEFHERZENED T 7 e — F 34
ek,

3.4 FEAI{L (regularization)

0 —ANEFAFEHETIE, TN E T~ 7 photo-con-
sistency BIE & a X PEKNEZHWT, v~y F v 7ax b
BMEWPIC L CEREFT 200805, L LR 6
~ v Fv7ax ST TIET 7 AT v A5 OEE,
FHZE), HifR ) 4 X EOFEIC X - T, HEERHE D {EET
T D, T — BT AFEER, EAIE
R(D) %3800 L 7= HWBEE ED) o f/Me i & <, i
<y 7 DRkt L, ET VORER EEX S,

b MRt T Vi, LT X9 AfgEeT v
(linear model) T&» 3,

R(D)=2 Y, op,q)|D,-D,| (12)

(p, 9)EN

. (P, ENIZHIER Y v N 8iifEe 438657 &
ﬁ1ﬁ$«7@\mgmuﬁ%@$ﬁ@ﬁwﬁ%%t
Xy VEHAR AVTFECHEEROERANT A -2 TH
3, ZOMIBEETFTAEH W ED) DR/MUIE. ZIERR
WcHiEM T ko 5 L SARETH 2, —H, WEET
M, BT VCIEFHHZECHIITITEHEEZ L 2L v H R
ExRHOCTW 2, PRERICE L GER T LT 4 H
FeA L, BERMHEOHEERE AL R 2 A2 H 5,

Do, EMWICRIEE T VICHE T ZEAL 72,
LUF o B fT % #7F€ 5 v (truncated linear model) 255 b
EL s R3,

(‘

RD)=AY, op,qmax{|D,-D,,7} (1)

(p, )N
ZDETNER W ED) D EAMEIZ—/%IC NP FH#E©H
RN

Helfy s v 77 2 B KBA%L (pairwise function) @

B3 EmHYR- &
% @odhd) oUvR—- R (a)
BN —XDEH (c) ERAIEDLELNAATTTIL - 74»5?#3 T (d) #EEL, vy Fr I/ aXNEERNT D, EROBE

ICL BRIV R— PR

Ud. RE

Yoon & Kweon®

vy 7 (e) LHkNB &L

X LT, BEBMUER—IXDEH (b) &
T

DRI REFR & RE 2PhREzENFENrOBRATETND
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ficRELNE D, BROIELHERE LN 2508k 7 v =
Y RLBHLN TS (i), LAL. 2hd 2008
BT I ESH O O EFmZE I LR CRAEZIF IEm
HATANA T A0 D D H T EARKRINITN L TREBHR D
774772+ (R4k) 2ELCSEHNLED 2,

ZORT LA~y F v OIENHICE T 5 IEME TN 4
TARBRI B0, InE TiclkAc RIERkEe T L
BIRZE XN T2, Woodford et al.'? AMREZ L 7= 2 B
{7 (second-order smoothness model) ., D, ® 1[Hl{
53| D, - D, | Db v ic, 3EFEOMICH L iR I N5
2 BEWor | D, —2D, + D,, | % #FAli 3~ %, 4103 F X5
2, ZOIEAMEE T MIZIERFAT N4 7T 2% K& SR T
% 508, 3ZEBEIK R & BB o REIL 2 2B 0Y;
G X0 M B, Olsson et al. ' |Z I~ — 2D IE
HfbE T V2K L 72, i, W5 & IR 2 Fm % i
ETBHETVERGS LT, 2 EBBIEIEIC X o TE
AL X . BN R mE(L AP HEIC 72 5 72, Scharstein et
al’® i3, HWETICHEE L 22k R T o & % ERILE T v
ICHEAL 2 & Ty Bl B EHRE ORI LICIE
HPPATANA 7T AT 5 ke RE L 72,

3.5 &iE{t (optimization)

wELIE 7 — ST AFRICE W THHED LR T,
2 ZEHBAEL SO TS A BB o ENE % & T B BI%K
ED) om/Mic X b, i~y 7 D ek imiEltd 5,

TAENHERER T Y, 22>, BB E 4 2 25
BLrEE VGG, HRsELFiE MaeRkEtTik
EDMLINDG) FRIEEEM L GIRURE Ko 5 2 & 23AHE
THd, COLBORBLTIEICIELINZDDHDH
D1 77 7 iR, hiEBE)i%E (alpha expansion/expan-
sionmove) ICfRFE XN 2B 277 74 v bk (graph cuts)
R—Z2DT 7 u—F &, FHEELRIE (belief propagation)

4. Befhifgai -

F—q

% Sequential Tree Reweighted Message Passing (TRW-S) i
KREEIND A Yt — I ikiE (message passing) ~— 2
DT Ta—FIKKINEINE, 77 7Hy FER—ZADFE
k. BEOfE~ Yy T OHEEME I LT, BiFE T & ICHTE
TRVERETRNVDED LR GH%EIRT 2 2 fH>E
ERENICHES T, fEy 72HEHF LTV, —
Jiv Ay —VEHGEIZ, FEFEL 2 ORI OM T,
TRNVICET A EHEA v =V R L A h, 3 A b
RY) 2a—LZ2FHF LT, INLORENLT 7 —F %
R &SRR ZERKT 2084, VT AR A4 L -
VAT L7 ¥ OFEMBEICE W TiE, Semi-Global Match-
ing (SGM) =" BH Vb3 T &A%\, SGM i I3,
Ay —UEREOEMT AT RATH B ERH SN
Tw3®,

3.6 EREDIREDHTE

P IR TH 2720, X 0 IEMEZR 3XKICY — v
ORI LTI, EifHofzE~ vy 7D e #E T 5 HE
Vb,
HHEMEOMAENEED 2D T 7u—F1, RE{fkoHT
HEHEDMHAEZRD B 2 L Th B, ZogE., HEEEEL
THEAZEEETT 2 2 L I3 CE Av, BifumiEtTE
FIH U CEBEE R % odift 3 2. HESGESREL 7 7
O—FBWMOND T RSV, i, £/ XY PR=2R
O FEY 1, RANSAC #E © 2 M L CHAFHHE L 7~
= VHOWEEREH T v E LT, R—o8N—E 7 2Ll
WO 7 <2 E 0 BT A RECEEE LT
o BB R—20FEY 13, 4 ¥ o HEFEEB O E
~ v 7Ol (proposal) ZEIA L CTX Y RWEZEZ kD
2bDT, 7778y MEERAOEHAASSREMEE L
TEMEE NG, BAR—ZDTFHETIE, MBEHO LK T
AL T B, Bl ZIE, BRA BRRIED R —o8— s kL

4 TFEHLETIVICK ZIEEFITNA T ADEE
EORIET L IBEFBUETIL) ICIEZEBEFINATIADRHYEEROT—T4 777 bHELED. AD 2BFB{LETILTIE
EWEDRDSMCHESN TN D, B Woodford et al.!? ofkERIL Y,
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oy
o
i
E

THEE L 722 7' A v P R=AFHEOBRREBH LN S
(IX5),

PatchMatch 2 7 L 447 1%, PatchMatch & W14 % Z2f
Bkl 7 v X LR EMAG DA 2 NICEEET L) X
L VB C e T, FHEFICH L CEFE 3 KT 2
FATRINDZ A TFEEHE L 72, ZOFTEEMALH)
L, o ERTER A EcH 5 —J5, EHL %
ERE LW —ALETVFETH 57, PatchMatch D X
DTV ELEREEIMLN E 0w — v ET VFRL
LCHEHT 252 & LT, Besse et al.?V ic k 2 (S EHE
ER— 2D FER, FH (Tanaietal?) iIck 22757
Ny MER=ZADTELH 5,

HHAEDOHAMED D 5 —207 7' —F 1%, BRI
W~y 7E2HEE L ZRICZ 2RI L LBk d 2
bDTH D, HiHIE. BHMEOHEX ML T 2720, %
DEIBWEDZ &% LIFLIEY 77 2 UL (sub-
pixel refinement) & W5, BRI R7EE LT Xy &2 —
AEMHEIC X o TR B 5 KR DO BER 7 <3 2
EHEOMEZACCTHE 7 4 v 74 v 72T 2 5ED %
HIEE 1 XY HIBIE E(D) % W) WIRA L Cd A (it ft
T 2THERELD 5,

3.7 E#3HL (occlusion handling)

BRI, HEEFAOBE~ Y 71O LRI L L
TR 37 7 e —5 7 v HEYBE E(D) (T 7
NEABAD L CRBELORPICHINT 2T 7 e —
FHE) 8B B, BRIMHR—2DT Fu—FF, £HOH
ey 7AW —EMWF = v 7 (left right consis-
tency check) C X % HERHEISEA] & 7X@ (hall filling) 1<
XoTiTbhd, ORI, va—ArETALFEE S
O—NALFEEOELLICHHVE ZEAARETH B, —

M5 BAERN—ZADRTFLATYFVI
F I SEBE®RICH L, BABNEDOR—/N—E7LEHTE, T ZNETNITOVTEI A Y PR=IFKRITL

Y %, REYY TBREETT77hy bR—RDEBEIC &

SRICHHGEHINIC B T B AT VA= v F v 7 OEED & il £ C

B L —207 7un—F1, #HE 1 ZREKTH 3
~ v F v aR VEESEBEIBUCHER T 2 EBH % 7-
D, = RNAEFATETCLIROES L3 TET,
BB DR 2 2 b b EWA, X IEHEICEREZ % 5
TLNRTES,

4. FRBORTLFARYFY

FEEEORHEICL Y, FHEMORTF LA~y F V7T
Eﬁ%ﬁﬁ&’ﬁ%énfwé &Y biF
Ay 7= FHOCE¥ETLT I n— %#Eﬁ
LhiuT@i7&xrvﬁﬁﬁm7#6ﬁ§7/7«@
~ vy BB R EREYE T S,

—a—J)

D=f(1,1I;0) (13)

%Wfiﬁa‘&“:—iwﬁybv—ﬁ(MTCMO

CXVHEEIN, ZDORNTA-2QRIKEDEET—4
uﬂbfﬁﬁﬁﬁfw)#m¢ %% X oI, HEENEE
BeEMRic X ke hg, FET—%€y MicXoTIE
RO~y THE 2 bNTWBEIL, b EEL L
T, BE (D) ZHEERE~ Yy 7 D L IERHRE~ Yy T D
7% L1iEJ° Huber 855 (Smooth L1 82 & & ME T
%) BREERCCIHIYT 3, EfRORE~ Y 7OHEEER
EL RS, B8R abp) iz, RO oHMTFETH
L HWBRK ED) CHU Lz b o b, 2t
HCOHi® v rEH e B Ind,

DX RFEMEEOR N E LT, ThE oM
OHHFERICHE VT, vy F v/ ax FEEICET A
§o%y FOEACIHALB O, EAKE, 27 L4
e F vV 7L — a3 vOEER L OA RREICH L
TR EE7Z 5 F2 23, PR 7 — 287 7
O—FTCRINLBIBIEHBMICRRLTE 2, /-,

WIRE< Yy TEEEE

YEE SN B, HEL: Woodford et al.®? k¥,

(253) 105
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CNN D ffFiat 5 1E GPU _ETARBIBICIEINL S 2 2 & A30]
REC. RO W LT C I FHRIC IR 03 20 0> o 72 L E
ZOHEED , mHICETT LI LNRTE 3,

A7 D BB Tk R IR T 2 e b3, 2 bl
TRAPARY a—nicd DL HBAT LA FIHROBSR & B
5’tﬁf%5 % Z CAFTIE, Scharstein & Szeliski®

l%ﬁEXTVﬁ$£® rELC, FEMFERO
—a—I A%y b7 — 27 ORI %, KAl (feature
extraction)., UV =2 — L fEEE (volume construction), = &

FARY 2 —L%E (cost volume learning), #H77E [\])q & KEHH
{t (disparity regression and refinement) @ 4 -2 @ TF&IC 53 fi#
L7z M6k, 2OX5%=a—F0%y 7 —27 QMM
Ml zZXRL72bDTH DL, AT Tld, AEHEFERICH
TN ROMHDORZ RS, 2D 42D TIERONE
RS 5,

4.1 Y (feature extraction)

VA EFHRIT, =2 —INA v b T =0 R~y T
v ax R L L CHWS b D7 o7, Zbontar
& LeCun®™ 12 X 3 MC-CNN I3, Hif§S v F 20 b~ 27
bw%%&b‘%@«7%»%@7y§/7:xb%:%
4 VR (fastffp) CefEE (accuratefffik) 1< ko T
HELZ, FEIN~y F v ax BRI ILTREIC

AR
(WX HXC()

BHey 7
(W X H X(C’)

4. B -

AR MEBEY 2 -4
(WIX H’ X Dlxcn)

F—q

¥ 1} % photo-consistency BA%L p(p, p) & L THW L, 1
DA 2 2 T LA O 4 774 v (22 Ti)
mMm)mLtﬁofﬁ%vyféﬁﬁﬁa
COREHHIE, B, AT v A—EHYEEHOT Su—
#H”mﬁﬁ%@b@zﬁ@mm@17~yaufzy
P =2 iclBAE N, —E¥EET T —Fick T a8
Bl o ENZ, FANEGE KM~y Tk s L
THY, 74 —F 77— FRCNN? % ResNet ! CNN?®
Oft, ~F 2T = MEERE SRR T 2 0D M A L
LTZMye Iy F-7—10 vy (LLTFSSP) EY %
U-Net 1 CNN®V Z 7= 928035 2 (R 1 21),

4.2 ;KY) 2 —LHEBZE (volume construction)

FEURT LA, vy F v 7 ax ERoYEICRHE
L7 7a—F o EERAE < v 7OHEE £ ¢fT 5 —H%
By 7o—F~2 7 L Twol, ZDERNLREHIZ
HHMFECTHONAZIRITCIA PR 2a—L %%V b
7—27HNTRREL, 2 bflE~y 7% 0RHIT 2 L
WobDTH S,

o7 7 u—FIcfRE X N B U O HH 2 Mayer et al.>”
IZ X % DispNetCorr (LA DispNet) T %, DispNet D =
AP ARY 2 — AR, AR ORI~y 7 EchHEED
P~ v 72 H S 2 030, R 7 LRI % 5

ARMRYa2a—L4
(WX H X D)

HEvy 7
(WX HX 1)

K6 —BFBE77/A—F0D=a—S)%xy b7 —27 OEHA

FRUBDRATF LAYy F I TlL

PR 2 —LICEBEI NI, soft-argmin JEEIC &

BE., SANBRTFE< Y TICEBR LG AR~y TR ERE~ vy 7T ETES B o E
EEAIIEBEHETZCETCaAX MR 2 — L2 BETE, X MEEERY 12— LA
WHEEY Y THHhEN D,

&, 3RTEHAH Xy T —0F(CLYaR

£1 —EBRFHUORTLATYFVIFEDLE

i R 2 — LR aAxbE | BEIYT
247 | wERT ¥ | ggson| Va2 L¥E | oEBE)

DispNet?” CNN 128 GiE]ES! 1/4 1 AL 2D CNN
GC-Net?® ResNet 32 B 1/2 64 3D U-Net | soft-argmin
PSMNet?® | ResNet + SPP 32 pER 1/4 64 3D U-Netx3 | soft-argmin
GwcNet®” ResNet 320 | BEI+ERE| 1/4 64 3D U-Netx3 | soft-argmin
GA-Net®V U-Net 32 EiE 1/3 64 SGAx3 + LGA | soft-argmin

106 254)



»
o
i
E

HI 20T, LTk IKetEING,
V(p, d) = dot(F(p), F(p—(d, 0)"))

ZIFMHBE R — & (correlation-based) DK Y 2 — L4K
IR, FRWIRASA T 2RO BREEZ TN S —F, K
YVa—208EE AN 7 —RBRITEE LA 720, HEDN
AV TRRAMEREEBREST SWEREDH 5, £ T,
FHBE 2 BRI IC G IR R 7+ L o i cR BT
%, RAD X 5 7niff~— % (concatenation-based) D ii;
R DREIRTL S,

(14)

V(p, d) = concat(F(p), F(p—(d, 0)")) (15)

X5 Guoetal® (2, MBI EZ%F ¥ v AL L 72
7N — 7B (group-wise correlation) & . JHfE~ — 2 D
FY 2 — AR e AEDE, HEEIEORM AL TR L
R 7 PAVICEENZ 2V T3 2 MEROWH 2 A AT
2FERREL TS,

N — 22 7V — FEHBEN— R X o TEKE NS
R a—LiF, v Fvrax xS RITOR~ 7
FATHMRWICK L2 A MFER Y 2 —2 b e, 4
RICT VI NATRHEINE, ZOa A MHIERY 2 — 24103
AE VBB T, EE IR IR IC 30T W2 X
H/2 % WAXH/A DY A4 XXy vy 7Y v rxn-F
ey 7E2HOTHRY a— 28T 2 (R12R)., @R
P A X% Vs ICHi/hg 5 &, BLEHRIBED s itk 27
B, AR Y) 2 — L2k X ) H A4 X (s 127 b,
EREINHEEY 2 — 203, RORT vy Zicky, PR
Micwy Fv7axbazRTIRILT VI VRO X b
Y 2 —LICEEI NG,

4.3 AR bRY 2—L%EE (cost volume learning)

HHTETIE, a2 PR a -2 LTax FERS
SGM 7z & OB A fET C L T, ADo~vyF v rax
Mokt L CIEAb 2 @A L, HEERE 2 EX 7, EH
BFETHRBEOMEBEEZ D > 2 FERREI N TV S,

DispNet’” & 72 b A CHIlO—H¥B 7 7o —F o %
{1C & % Kendall et al.”® (T X % GC-Net 13, HifE~—2 D
AR MEEAY) 2 —L @RITT VYY) LT, 3K
TLE A HREIC X 5 UNet B> 3 XJT CNN %33 %
L CIFAMLAN SR % %% 4 %, Changetal® 32 ® 317
UNetZ 7 A7 — Fb X 7=2EEEREL 2, £ 72,
Zhang et al.*" ® GA-Net |, SGM fg L LB % B L 7=
SGM JiE & | WG 72 3R — P EIC X 5 3 2 B & K
L 7= Local Guided Aggregation (LGA) JE#%#{2Z%E L 7z, SGM
D HOE VLR L, T2 A TTREREE O A B bETH o
7223, GA-Net Tl¥, max BI%(% softmax B & & ONFEICE
THZ 2 Y, AR RNITEHRT 2 LRI Tw
%,

3 RICMHEFNIC BT 2 AF LA = v F ¥ FOREED & BRI £ T

4.4 RZ=RIZ & ML (disparity regression and refine-
ment)

HERERIE, 22 PRY) 2 —ohbEkEofE~y 7
ZHNT 2 THETH 5, VIO EERFEOH CIE, il
FHRIC BT DHEHENEE D L S Wi — 2 Tfibh iz
., B\ ix, DispNet’” TlE, 3RTTD A A K Y 2— 4
Z2RITCOE M~y 7L LT2RICCNNICX D I L 7
DT BHERE BNz,

ZHUTH L, Kendall et al.”® 2332% L 7= soft-argmin Jii &
. IR MR Y 2 — Lh b HRNICEREOHAE~ Y 7%
WMh3 22 Lzmigd L, UEOFECEENICT5
% X 5757z, soft-argmin i, 3KILTAFKRY 2 — L4
Vip, d) \oxf LT, 17 d /711 softmin A% % H L <
fifE =540

R)(d) —e /D)y Kz_l e V. d)

(16)
d’=0
REMR L. 2hic X Y 2o WIfHE
K-1
D(p)=Y,d-B(d) (17)

d=0

Rk bDTHB,

X I N E~ Yy TiE, RIEICEK L &
LIS EHE X N, RBAESEIIC X D 3 RIT CNN LRI
HOCNNZEDANT A — 2 umEHRINE, 22K
Y 2 — BEFEEICH AT — RREZ Bl B T2 ol
hfE 2 & o Nzl ~ Y Ziext 3 3w R E L
BIMEhd, £z, REWICHEhENHlE~Yy 7%, &
512 2 KJC CNN ICHT C & CRHMIL T 2 545 & 2%,

45 F—24v b

FERIZTF L A=y F v IIcB i, ¥ET &Lk
27 =Xty b PWRETHEIHOR v F~— 27 OFTESREE
25, BERM2F L=y F v 7 ONDRD L e
LT, UFTiR, @XEics»CEEIC Vb3 RER
BTE—X%v FEENT S,

SceneFlow ¥ —%+t v b

Mayeretal?” [, RF LA~y F v, A 7F 4 H0
7u—, BXURFLA - v—v 7 u—HoRk#EAR CG
X275 —%2%y bEEELE, COTFT—2%y MI, #
HHFT—2 L T3/54544, A VAT —2& LT
4370 o 2 7 L A W{ER~< T R4 F 5, KR,
960x540 (0.5 A A7 kL) OFARXT, EfFL 7% 2%
=y TDIEH, HiEO 7L — Lo T7e—<y 7T Y
5z 5 Twb, Mayer et al. I X % DispNet®” LA D28
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Introduction to Federated Learning
YONETANI Ryo

Collecting a large-scale and diverse data collection is critical for machine learning especially when one needs to
train a complex model like deep neural networks. Federated learning is an approach to enable a large-scale
training by leveraging decentralized data stored locally by a population of client machines connected to the
coordination server. Importantly, federated learning does not require clients to share their own data. Instead,
clients will train a global model distributed from the coordination server using their own data and share the
trained model with the server. A collection of the trained models is then aggregated to produce a higher-
performance model. This article introduces the motivation, typical approaches, as well as some popular studies of

the federated learning.
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Cross-modal Understanding: A Survey
USHIKU Yoshitaka

In addition to the fact that deep learning has dramatically improved the accuracy of existing tasks with various
types of data, it is also worth noting that it has dramatically eased the barriers to mutual entry into neighboring
fields. Such barriers had arisen as a result of the construction of highly specialized pipelines for each problem.
For example, researchers and engineers specializing in image recognition would have had to learn their pipeline
for speech signal processing if they wanted to introduce a speech recognition module into their image recognition
system. These pipelines, which differ greatly in name and content, have been unified into Convolutional Neural
Network (CNN), Recurrent Neural Network (RNN), and more recently, Transformer. As a result, it has become
casier to understand the state-of-the-art pipelines in each other fields. Thus, research on cross-modal understand-
ing has made significant progress in which diverse data, such as images, speech signals, and natural language can
be traversed and understood simultaneously. In this article, the author outlines various tasks for understanding

data in such a cross-modal manner.
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