o]= M (Suction)HHE ¥

A& s Holud, e
Fgev= A 27 &8 TN "ojA=

BojEr, 2XEe 8ot gl wet
B! (Anthropomorphic) ¥
2R W A
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# - A28 (Anthropomorphic) 282 AlEx24 A58 7fwslr] $sle] 855 Al (Behavior
Cloning) Deep Reinforcement Learning(DRL) 177} & F o]t} A% (Degree of Freedom, DOF)7} =
S Aty 2EEo sy EAES Ay Y5te], 8% EAlES 53 Human Demonstration
Augmented(DA)3} 8t5& Fsto] AHAE AMes 2Aete Ass SEAZE & dvk 28u
AHE Z2zbe] glof, on] gl HAE JEAE AMEY 54 918 dAsta A steE Wye] #
FAelt. & Aol H8d YOLO7|ES A&sto] A=l 54 H-9E 48k, DA-DRL <
Agste, AHEe 54 FEE gAee e g5 71eS AlRbsta 2 F AMEMA 2 Zhe] &

dol FEe ANsw WA AFwch B ATA Ak SFedde A 5488
Ak g gl gl Agalokshs RoplH 83 Rtk
#E ol shmdole e $19
AZQNA AR mREge 2o SEEAN T gRon AFAg 2]
(Gripen) Pl = 97 mFe] & B 37T wopy T ARE 2RE gAY o= Gl A
Q1] ole} ne (Degree of Freedom) 7} BopA] gh5o] o Hr},
Zalol 7o o1%d A A urE o] ol 7MAstr] flal Abgh HlRE ARESHe] dE
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HAE ‘&3t Deep Reinforcement Learning(DRL) 77}
HaPEAT. Al dl % (human demonstration) & 53]
B HAS =X TEA7I= AT[4]17F 20

Gradient(DAPG) G A 3 A3} Wiio] 7= A Ths].
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(19 1) AEHE 99 YOLO & o) §8 AHE 9] dF U A 2RES AR 5499 94 2
S5 429

E Abge] AR 2A4e AEe R9E Q4% (1218 A85UT. 1Y 2% Leap Motion &% 14
of oFolA: WH[6,7], We BEE AE £ # £FA4S Mujoco Ul Adoid 2E Fol £FA4S
A AT MBS RS odsA Rea, FAYE B AIHE nAF
A e AL BED Su Utk F AE RR
vl AR FEHA ReW, JEd §E AR
SA7} olfoln ) Taths]., He A7elA ol
i A AR AdAE A S Rk 9

-

she] A,

A77F AyH I ATH3,4].

B E=RdAE 9u AdE AMEY SAE 96,
g84Y YOLO[9]E B3] AFRe =9o= olalsar,

DAPG DRL & &3} ALz nolZ zAa-
St A 2Bl Aotslar, 2 F9 AlEo] tste] EA

95 At A ste] P

=
&4

A. AEdFlA 37

ARE ZEES AR Y ABIA
Multi-Joint dynamics with Contact(Mujoco)[10]S
Ay, T} Adroit ZHEE[11]30 A A=
7FA 3 T} Adroit 2EEL & 7 Fo] Ay} #
A8 el ARES AL, ARt AT e
75 el AjEE AN G estete 2%
Mol AES A Al 2 Akl 2
£& SHEAA 23 YA @ A
Fe.
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B. Aty W= 44

£=52F 2149 Leap Motion LM-010 7} 2}

C. Object Part Detection via YOLO

ApEe] BB 918l Darknet 7]kl
YOLOV3[13]& AF&3tltk.  YOLO <+  Unifiied
Detection WH o2 24 7§9] convolution #| o]l 171
o] fully connected #|o]oi= FAHATH. AlES &
3}+= confidence & 3}2}3}7] 9|3l S*S 1B =2 o]u]X]
= i & 7 Avlt B K9] bounding box S TH5 9]
ofHl AlZo] dEA FEHOZ YERHTE. Bounding
box & X, y, width, height, confidence 2 T4 Y x,y &
ALt 3 7Hx] WeE 2dsiy 54 Y29
bounding box & W= Ao] #F HZ o]t} Bounding
box &} Al=o] dwulyt HA A=AE Intersection over
union(IOU)Z  Al4tgkt}. 10U & A& 35
53l confidence = (1)=& AArstty. T4 S

o)Al S
=

By =
Xt =

- 855 -



2020 2zlel FAlsewEls| =23 M273 W25 (2020, 11)

s ogelg g8 2UN Y 4@ i 2Ys
= wEg.
confidence =
probability(object) = IOU (truth, predict) (D

classclassificationconfidencescore =
P ( class ) * p(object) * IOU(truth, predict) (2)

2 ﬁ‘?zﬁlzt% 2% A= WA Zs A
Sol AR RO AAAT AL dms el
T, 22 blade 9k EFFol® ko] AbE 7 310
Feo] ggdolHE AAdste] YOLO 8t5S g,

a9 32 Z3 gAe He 994 Aijelr. o
H 3-(a)< hammer handle ¥} hammer head 5-9]2] <l
2 Adtolar, 7 3-(b)°] blade B hilt F-91°] $14

Asfolth,

0.

¥

(a) (b)
(19 3) YOLOE &3l (a) WXe (b7 9 A=
A3

D. DAPG

DRL ¢ A& # A3} <0 Natural Policy
Gradient(NPG)= 7] Policy Gradient(PG)<] non-
covariant 3t A& 3 A3}7] 913l Natural gradient &
718l steepest descent direction ©. & S5 o] 3P ¥ =
5 AAEAT14]. AT NPG 7 ARg-sh= 4 9o
© B HgR Qete], AR ShEAIZbe] A8 E A,
At AR SRR AMES ZAFSEA] R

ol &AIE Adst7] 918 NPG ol Atst HlEE
F7bek DAPG Wi o] = AT (3)& Fahod,
A HA3s7) o] FojAaL, A (4)E Fst AL H
25 AA BAgt. g5 SA RGN Al HE
o] ARE T3 AHER Hoshs 4R & BY @

52 stols 4AE wET,

Jawg = ). Volnmy(als)A™(s,0) +

(s a)€pr
Z(s,a)EpD Vglnmy(als)w(s,a) (
3)
w(s,a) = 2,A¥ max A"(s',a)V(s,a)pp, (4)
(s".a"epn
Jaug = augmented gradient o]},

Ysaep, Volnmg(als)A™(s,a) © b ¥7e] gradient
= Uit e AAS YERY, A7(s,a)= s ©

e Y= ol

w(s,a)= 7FeA @roltd. K & iteration 31 579]
Ay =1.0,4 =095°|t}. K7} Aol waba] A}
g d&o] gk 7 7F Zolxith.

B AxE Fa A4S 7dAshes B A=
YOLO & &3] €2 34 &5 #Ahs o =2 1
e dEs 3§ 2 Fo] =T AFEH Bt HE
S FAEF 53T
3.43%

A. TX =37}
a7 504 o] ] EFgo|R2 o] Fdte] I}
A g T 2AEE BRE5S #dd 5

a9 7S BAS EAR adEE 2542 7
2] BAgS yEtdit, Ao S B 500 v
T8 AHRE HE A vt AR RS o
Ak, HE HAHIE AAow 9499 x4 HITES
g=5ekltt

B. Z =&

a9 60lA Eo] Ze] Eipol® o]Fste] A
& 5, 2AttE BREs FAd 5 o
(Z1¥ 6) DAPG & &3l Sh53h =3 Eo] ARk A ol

uet Zs 2AskeE 3

- 7oA o] Ze] A BAFS YERITH
2 2 2500 Wy SRE AT Aok vt B
Be 2 S AT = dn. HAF HAsE A
o= 100%%] =& HFTES g5t
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