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(1] Alex Proyas, “I, Robot,” 2004

2] KR 1000 titan, https://www.kuka.com/en-de/products/robot-systems/industrial-robots/kr-1000-titan
3] LG ZEXN|Z ThinQ 223, https://www.lge.co.kr/Igekor/product/household-appliances/vacuum/productDetail.do?cateld=6110&prdid=EPRD.349390#featureBtnsWrap
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Cup Washing
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1.1 Object Recognition & Pose Estimation

Object pose estimation O|2t?

- FH0[2f |E B EE 0|80l =ZH[e| fIX] =73
- 2X 2 RA|2L S| ZEEA| 2] K[ 2HA] Ty Robotic arm RGE-D Camera
- 2|X| 2| = position + orientation

i\ {0

/ Pose
*estimation

off 01542717

- 2D vs 3D
- Real-time applicationO| 7|58t =& 194
- 2RI A4S0 23 YT 97
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1.2 State-of-the-Art Methods

- S1X}| SFA|O|A] @110} 2HaS| g 11 Q= F0F
- Deep neural networkE 0| &%t e
- State-of-the-art method 0| A|:

T HIAE Y4

[1] Wang, Chen, et al. "Densefusion: 6d object pose estimation by iterative dense fusion." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2019.
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1.4 Image Retrieval 7|HF Pose Estimation

— Pose Estimation Process

g Reference\
Dataset

Input Data Retrieval Local Feature Matching Registration

- Orientation X}0|Z metric@ £ of= image retrieval
- RGB 0|0} X] 7|8 |ocal feature matching
- Matched pairsE 0| 8%t Het 214 S Sl 6XtF = XM =
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1.5 Ours: Perception Pipeline

Object 3D Model 474
- 3t [|0|E 2 2
- Pose estimation A| reference® &l

Segmentation Masks O []

Reference Images

sh& Glo[E] A

RN

> _5? (Global Image Descriptors)
Instance Segmentation
- Local Image Features
- EX AE Y ol EX Y 2Y o
Image Retrieval-based Pose Estimation _ SEREAE
N ey o] mmee | [ mege | floctrenure] [ B ] e ssimatn
- Reference % jl-Il' Ok|-0|' Image 7&'% B S Segmentation Retrieval Matching ' 2D Feature Location) (ICP, MCMC)

- Local feature matching =&
- PnP method 0|25} pose &7

Pose Re-estimation
- Grasping = OFEO[L} O|112{& o 2 Qlot XA S E{E H
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Orefi2t £0] F71X| 372 50| 22t KL, = S0 08 50|
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-5 A: 10g, Tm/s
- 2 B: 1kg, 1m/s
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Three-dof shoulder

3 actuators with capstan

L O
X M= 280] @loF ZAH [T, 2] e

- Extremely low inertia

- Extremely low mass

- High stiffness

- High strength

- Efficiency and backdrivability

[1]1 28X ===, “dA| o[shoy| 2|Het 2X", DEVIEW 2017
[2] Kim, Yong-Jae. "Anthropomorphic low-inertia high-stiffness manipulator for high-speed safe interaction."
IEEE Transactions on robotics 33.6 (2017): 1358-1374.

Decoupling :
mechanism
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2.4 Impedance Control

QFHSHH| B == (contact force)E A0S flet H'E
- Joint SpaCEZ Ta = Kp(qd — CI) + Kv(qd — C[) + Tff

- Task space: 74 = J" (Kp (x; —x)+ K,(x; — 5c)) + Trp

Task-space impedance control -
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&2 M= of?| FlohA 2ZF 7|2 MO S +F

tq = J7 (KpCa = %) + K, (g = 9)) +[rg/]

HIT
rlo
0x

T Doz HEf oL St
- 20| Y4 450 224 SETH RS
- H[0j2] BHg g £ 4 US (&2 HHAYE)

[1] Choi, Keunjun, et al. "A hybrid dynamic model for the AMBIDEX tendon-driven manipulator." Mechatronics 69 (2020): 102398..
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2.4.1 223
=
Output layer O e(t) A M BI D Exgl =x0|
T .
Hidden layer 25 (relu) OOO OOO - Cable dynamICS
T
Hidden layer 25 (relu) O O O °oc O O O . :J:;.'Km.:
Hidden layer 25 OOO OOO -E%:
=5
h(?f — 1) / @ /P J\ > Time5(second]
% r@% - :Jljr;\;l.lKin.:
o c tanh ?5 EE' }
] J - 1 | _
k ? \ J / s EZ” ) _‘I‘I IJI
GRU Cell ' , |
Q(t), Q(t), Tm(t) Time (second)
RNNZ 0|23l cable dynamicsOi| 2|shiA] 421 ofl2{E =& 5t A

Cable dynamics& RNN= O| 8ol 2EZ 1

n
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k symmetric positive-definite matrix
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2.4.2 ™ X|0f

Quadratic Programming= 0|- &%t Hierarchical Controller
minl Impedance controlOjjA Af4H=l 24

st. T=M(q)G+C(q,9)+9(q)
kp(CImin o CI) o kdq < CI < kp(CImax o CI) o kdq

Tmin <T< Tmax

ko (dmin — di ;) —kgd; j < dij < kp(dmax — di i) — kd; ;

d; ;- F 33, )2 A
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- Decision: Task Learning -



m DEVIEW
2020

3.1 Task?
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3.3 Physical Intelligence
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3.4 Haptic Device

Control

Bilateral Operation
Feedback

<Haptic Device> <AMBIDEX>

Reference for Task Learning
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3.4 Haptic Device

Dual-arm manipulation
- QFE 7= AMBIDEX2} 1:1 X|0q

Mol Ee|S HE
- Bilateral teleoperation
- X &= 2ihf, 28 4 Al HAR L Ao

O XXl ML P N
T =" 00O T e
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3.4 Haptic Device
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3.6 Learning Force-Based Manipulation
From Demonstration

— .

[1]

Haptic demonstration —)

Initial condition K

Initial condition 2

Initial condition 1

Local dynamics learning

Model-based constrained

£

Rollout data

T

Run

q optimal control
(KL-constrained LQR)

|

Task-space reactive force-
impedance controller

(F“;leW' Knew)

e ] = x B =
e EX-SN MO 2N /EE ® BE =&
Robot2object motion and contact force
— P - ol 2 2%t reference/cost2 &&
| .
< A8 S E-YIEA KoY
Task-space reactive _ _ =2 ESESIA LAl =
force-impedance Warm-sta rtE o o'—I- 9B =0 S E'H
controller
(FO»KO) e el A
D3 OIR Zet o
- ChFek 29| 20| Cieh ZEFg}
<

Task-space reactive
NN controller

5

[1] Sergey, Levine, Nolan Wagener, and Pieter Abbeel. "Learning contact-rich manipulation skills with guided policy search."
Proceedings of the 2015 IEEE International Conference on Robotics and Automation (ICRA), Seattle, WA, USA. 2015.
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3.6 Learning Force-Based Manipulation
From Demonstration

— T,
— )

iagticdameonsigtion Robot20object motion and contact force

profiles

e

Initial condition K

Initial condition 2

Initial condition 1

Model-based constrained

Local dynamics learning > optimal control <
A 4
KL-constrained LQR
T ( QR) Task-space reactive
- l force-impedance
— controller

Task-space reactive force- ‘i i i
Rollout data

impedance controller

(P";'leW’ Knew)
T < | <

Run

Task-space reactive
NN controller
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3.6 Learning Force-Based Manipulation
From Demonstration

— .
— -

Robot2object motion and contact force

Haptic demonstration —)

— profiles -
Initial condition K
Initial condition 2
Initial condition 1
Model-based constrained
Local dynamics learning q optimal control <
h 4
KL-constrained LQR

Task-space reactive

force-impedance

. - controller
Task-space reactive force- (F,, K,)
Rollout data impedance controller
(Fnewr Knew)
Run ¢

Task-space reactive
NN controller
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