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Computing Machinery and ]
[ Intelligence

We may hope that machines will eventually compete with men in all purely intellectual
fields. But which are the best ones to start with? Even this is a difficult decision. Many

Z] = > A Quarterly Review
1950 58 R fE i€ X COMPUTING o e people think that a very abstract activity, like the playing of chess, would be best. It can

MACHINERY AND INTELLIGENC Eﬁ? s also be maintained that it is best to provide the machine with the best sense organs that

Eggﬁgﬂg E?gﬁ'ﬁﬁ, ol e < money can buy, and thep teach it to undel'rstand and speak English. This process could
question, ‘Can follow the normal teaching of a child. Things would be pointed out and named, etc.
Again I do not know what the right answer is, but I think both approaches should be tried.
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support plate
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LEDs LEDs

. camera

GelSight

Retrographic sensing for touch, texture and shape

gripper approaches gripper deforms ‘ air is evacuated ‘ object can be
in soft state around object from gripper manipulated

Micah K. Johnson, Edward H.Adelson and Alvin Raj

MIT Department of Brain and Cognitive Sciences
MIT Computer Science and Artificial Intelligence Lab

Presented at SIGGRAPH Emerging Technologies, 2009
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Waterproof camera b
Liquid outlet

Wire outlet
Filter screen

= Red LED
Green LED
Blue LED

Transparency particle
Index-matching fluid
Soft membrane

Fig. 3.  (a) The schematic diagram of the gripper; (b) The layout of the

Fig. 1. (a) The picture of TaTa perceiving a trepang; (b) TaTa gripping a LEDs plane; (¢) The schematic diagram of the light path.
trepang; (¢) Membrane deformation seen from the inside camera.
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Composition of

Composition of

Refractive

the liquid the particle index Defect
59% Nal High borosilicate 1473 Oxidized to
solution [23] glass ) brown
Water Super—al:a_sorbent 1333 Particle is too
resin soft
59.37%
tetrachloromethane
tetrahydr_ofuran Fluorine crown Generate virulent
solution alass [24] 1.438 phosgene
77.26%
trichloromethane-
tetrahydrofuran
solution
30.2%
gasoline-benzene Barium fluoride 1.474
solution Dissolve the
12.4% engine rubber soft film
oil-benzene Organic glass 1.49
solution ’
p-cymene Organic glass
43.99% Fluorine crown
tetralin-ethanol glass (CDGM 1.438
solution mark: H-FK95N)
5446 % Fluorine crown
tetralin-ethanol glass (CDGM 1.457
solution mark: H-FK71)
76.64 % Fluorine crown Dissolve most
tetralin-ethanol glass (CDGM 1.497 .
solution mark: H-FK61) organics
78% Fluorine crown
tetralin-ethanol glass (CDGM 1.499
solution mark: H-K1)
87.25% Fluorine crown
tetralin-ethanol glass (CDGM 1.517
solution mark: H-K9)

A

FIG.3. Particles, solutions, and camera views. (A) Light rays pass through liquid with solid beads. As the refractive index
of the bead gets closer to that of the liquid, the light is less deflected and the bead becomes less visible. Particularly, when
ny=n,, the bead becomes invisible. (B) The particles alone. Left to right: H-K9 glass, organic glass, high borosilicate glass,
super absorbent resin. (C) The mixture of particles and liquid. Left to right: 87.25% tetralin-ethanol solution and H-K9
glass, 12.4% engine oil-benzene solution and organic glass, p-cymene and organic glass, water and super absorbent resin,
59% Nal solution and high borosilicate glass. 59% Nal solution and high borosilicate glass with Na,S,05 as a decolorizer.
(D) The RGB and depth images captured from inside the gripper when there is no liquid. (E) The RGB and depth images
from inside the gripper are clean when there is index-matching liquid.
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Tactile Perception and Its Application
to Underwater Manipulation

Shoujie Li1*, Xianghui Yin*, Chongkun Xia, Linqi Ye,
Xueqgian Wang, Bin Liang

The Center for Intelligent Control and Telescience, Tsinghua Shenzhen
International Graduate School, Tsinghua University

The Navigation and Control Research Center, Department of Automation,
Tsinghua University

*These authors contributed equally to this work.
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FIG. 1. Basic principle of
JamTac. Color and depth
images are obtained simulta-
neously inside the gripper to
output tactile sensing infor-
mation.

% Tactile perception and data processing
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Searching and grasping in low-visibility environments
using a tactile jamming gripper

Underwater salvage 1n a pool



Searching and grasping in low-visibility environments
using a tactile jamming gripper

Underwater salvage 1n a sewer
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Fig. 12. Human grasping strategies in different scenes (The black curve
indicates the movement path of the hand). (a) Grasping objects in clear view.
(b) Grasping transparent objects underwater. (¢) Grasping objects in visually

undetectable scenes.

IR A SRIKFE

Vision Touch Visual-tactile fusion
THS . TPE I
Vision Touch Vision Touch

Vision Touch
Grasping Position Grasping Position

T Classification
Classification Classification

Grasping height
Grasping height Grasping height Grasping position
Planes with complex backgrounds Irregular scenes Visually undetectable scenes
Vision-First grasp Vision-Touch grasp Touch-First grasp

Fig. 13. Grasping strategies in different scenes. The orange, blue, and green
colors represent the functions of visual detection, tactile, and visual-tactile
fusion, respectively. The framework can be adapted to different scenes by
adjusting the grasping strategies.




Transparent Object Grasping in Undulating Scenes



Transparent Object Grasping in High-dynamic Underwater Scenes
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Visuo-Tactile Sensor Enabled Pneumatic Device Towards

Compliant Oropharyngeal Swab Sampling

Shoujie Lil, Mingshan Hez, Wenbo Dingl, Lingi YeB, Xueqian Wangl, Junbo
| Tan ), Jingiu Yuan’, Xiao-Ping Zhangl’5 IEEE Fellow

1 Tsinghua Shenzhen International Graduate School, Tsinghua University, Shenzhen, China.

' 2 The Department of Mechanical Engineering, Seoul National University, Korea.
3 The Department of Intelligent Control, Qianyuan Institute of Science, Hangzhou, China.
4 The Clinical Research Center, The Seventh Affiliated Hospital, Sun Yat-sen University, Shenzhen, Guangdong, China
5 The Department of Electrical, Computer and Biomedical Engineering, Ryerson University, Toronto, Canada.
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Fig. 2. Sensor overall design structure diagram. (a) The physical picture of M>Tac; (b) Overall structure of M>Tac; (c) Dimensions of M?Tac; (d) M?Tac
optical imaging schematic; (e) Unidirectional perspective latex film transmission schematic; (f) Optical bands used in M*Tac.



Video 1: M>Tac Tactile Perception Performance Test
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Quadruped robot traversing 3D complex =0O%S
environments with limited perception

Yi Cheng* Hang Liu* Guoping Pan, Lingi Ye, Houde Liu, Bin Liang
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Robustness test Lidar damage

Qurs

RMA

Figure 3: Robustness testing In simulation, the perception-based RMA mode collapses when the
height map is corrupted while our policy works well.

Method Up Stair Success  Down Stair Success  Discrete Success  Stair XMD  Discrete XMD
Ours 97 % 100% 90% 19.97 17.04
RMA 0% 100% 81% 8.2 12.38

Baseline 0% 100% 76% 7.8 11.53

Ours w/o VAE 87% 100% 90% 16.42 14.99
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Multi-Brain Collaborative Control for
Quadruped Robots
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SERL Optimization Process
Comprehensive locomotion Task

Comprehensive lacomation task: 120 iterations
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Perform ance TeSt Wow Orin  Cassie  Unitree H1

Energy Efficiency And Velocity Weight (kg) 10.5 31 47
The COT is used to gauge the efficiency of legged Jgg;Mmmum Torque (I m) 0_3:)7 0179652 0376f8
robots, calculated as: coT = P/(mgv) Leg Longth(m) 07 '1‘0 6.8
The Froude number is used to compare the dynamic Max Velocity (m/s) 2.1 3.2 1.9

similarity of robots, calculated as: - = v°/gl Froude number 0.75 1.04 0.46
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AbeDhabi 2024 2024 |IEEE/RS] International Conference on Intelligent Robots and Systems (IROS)

; R D S October 13 - 17, 2024 | Abu Dhabi ,UAE

Structural Optimization of Lightweight Bipedal
Robot via SERL

Yi Cheng*, Chenxi Han*, Yuheng Min, LinQi Ye, Houde Liu, Hang Liu, Bin Liang
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IEEE ROBOTICS AND AUTOMATION SOCIETY
Quadruped Robot Challenges

|IEEE International Conference on Robotics and Automation — ICRA 2024

The Fourth Placement in Tele-operation

Tsinghua University:

Houde Liu, Lingi Ye, Yi Cheng, Guoping Pan, Hang Liu,
Xuegian Wang, Yuheng Min, Chenxi Han, Han Zheng, and Jiayi Li

hmfg Wa;{% M%"’W C@ |

ICRA General Chair Quadruped Robot Challenges, Chair

May 2024
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ControlVAE: Model-Based Learning of Generative
Controllers for Physics-Based Characters
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