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Research on adaptive grasping of virtual hands based on
deep reinforcement learning
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(1. School of Automation, Nanjing University of Science and Technology, Nanjing Jiangsu 210094, China;

2. School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing Jiangsu 210094, China)

Abstract: For the grasping of computer character animation, it is difficult to guarantee the naturalness, stability and
adaptability of the generated action sequence at the same time. In other words, the natural and stable grasping
controller are often limited in generalization and cannot be applied to other types of grabbing tasks. A virtual hand
adaptive grasping controller was constructed based on deep reinforcement learning by introducing hand teaching data
corresponding to the grasping types and by designing the reward function. Experimental results show that the designed
controller can generate a grasping motion sequence with both naturalness and stability, and are also highly adaptive
for different sizes and types of primitive objects in the material library.
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((a) Cube-grasping task; (b) Cylinder-grasping task;
(c) Sphere-grasping task)



468 THAEMEIE %5 B s

2021 4F

®3 MRBBEREERR%)
Table 3 Shape adaptation experiment results (%)
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Table 4 Size adaptation experiment results (%)

2 Sim(X.7) 7

0.30 74.21 7.52
1.20 67.96 6.73
0.75 85.88 1.30

53 FHEEBIH

TE 1B FO 9 K2 30T SR i ety b, KL E
PERF K813 i) R e 15(0.7 £5)2 i
AR LB L TR b, ER TR Hk
HENMAES . HTAFRTF L A7 — E
INES, WEBYINSHIE37 5 8 B4 LT
RN R, SRR E E MR IR TR
R,

3 AU TSI BT X LA TECCR B 10 F
i~y HAE 10 NIEHFRISHRA.0 ).
S HTel Kk, SRRSO, AR
HTLIZ Bl A 2 % — i B E 1R RE T

(©)

B 10 T-HFEE ML 45 R () B KR
(b)BEART s (o) IEH4RY)
Fig. 10 Hand retarget experiment results ((a) Longer fingers;
(b) Shorter fingers; (c) Standard fingers)

6 & 4%

A SCHR T R T ) 5 RIS 3
Wi, BT T AT R TSI B
VRICHACSE STR A, 4RI, KT AIAIR,
FUHEIZRALHR R LS 0 FLERA IR, 207 R e
5 O FLR R OIS B 91, O B — R
wrE e

7 9 R M B TE R L 1432 3 1
SEEEGEE W, RIS T )
VIR s W SM Sk O I T A
th 101 06 76 AR T T LA R AL T RGB
VUG S (DA RIS A A5, b
ISR ORI



53 3

(h—14, 2. FETIRBEMERAL .~ 04 HE 100 TF A BT 5E

469

[10]

[11]

[12]

[13]

S X2k (References)

AFECR], XU R T B T AR B A R R T A
PEFRID]. NGRS R SE, 2009, 15(4): 681-684.
FU Y L, LIU C. Hand modeling and motion controlling based
on lay figure in virtual assembly[J]. Computer Integrated
Manufacturing Systems, 2009, 15(4): 681-684 (in Chinese).
FERRARI C, CANNY J. Planning optimal grasps[C]//1992
IEEE International Conference on Robotics and Automation.
New York: IEEE Press, 1992: 2290-2295.

MILLER A T, ALLEN P K. Examples of 3D grasp quality
computations[C]//1999 IEEE International Conference on
Robotics and Automation. New York: IEEE Press, 1999:
1240-1246.

MILLER A T, ALLEN P K. Graspit! a versatile simulator for
robotic grasping[J]. IEEE Robotics & Automation Magazine,
2004, 11(4): 110-122.

CIOCARLIE M, GOLDFEDER C, ALLEN P. Dimensionality
reduction  for  hand-independent  dexterous  robotic
grasping[C]//2007 IEEE/RSJ International Conference on
Intelligent Robots and Systems. New York: IEEE Press, 2007:
3270-3275.

ZEURYA, TR, MARWAH A, %5, HEF S IREE+ R 3L 10
1T NMIE[T]. TSN B 5 B 22224k, 2015, 27(3):
499-507.

CAI X J, CHENG C, MARWAH A, et al. Research on behavior
simulation of virtual hand in virtual manufacturing
environment[J]. Journal of Computer-Aided Design &
Computer Graphics, 2015, 27(3): 499-507 (in Chinese).

SONG P, FU Z Q, LIU L G. Grasp planning via hand-object
geometric fitting[J]. The Visual Computer, 2018, 34(2):
257-270.

BRAHMBHATT S, HANDA A, HAYS J, et al. ContactGrasp:
functional multi-finger grasp synthesis from contact[C]//2019
IEEE/RSJ International Conference on Intelligent Robots and
Systems (IROS). New York: IEEE Press, 2019: 2386-2393.
TIAN H, WANG C B, MANOCHA D, et al. Realtime
hand-object interaction using learned grasp space for virtual
environments[J]. IEEE Transactions on Visualization and
Computer Graphics, 2019, 25(8): 2623-2635.

LIU M, PAN Z R, XU K, et al. Generating grasp poses for a
high-DOF gripper using neural networks[C]//2019 IEEE
International Conference on Intelligent Robots and Systems.
New York: IEEE Press, 2019: 1518-1525.

STARKE J, EICHMANN C, OTTENHAUS S,
Synergy-based, data-driven generation of object- specific
grasps for anthropomorphic hands[C]//2018 IEEE-RAS 18th
International Conference on Humanoid Robots. New York:
1IEEE Press, 2018: 327-333.

KOPICKI M, DETRY R, ADIJIGBLE M, et al. One-shot
learning and generation of dexterous grasps for novel

et al.

objects[J]. The International Journal of Robotics Research,
2016, 35(8): 959-976.

EWREE, Wi, BB BT B RIS E L BT[]
THE MR Bh &5 B R 2% 253, 2020, 32(9): 1502-1508.
WANG X Y, TIAN H, WANG C B. Research on natural grasp

[14]

[15]

[16]

[17]

[18]

[19]

[20]

(21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

generation of the virtual hand[J]. Journal of Computer-Aided
Design & Computer Graphics, 2020, 32(9): 1502-1508 (in
Chinese).

LIU L B, DE PANNE M V, YIN K K. Guided learning of
control graphs for physics-based characters[J]. ACM
Transactions on Graphics, 2016, 35(3): 1-14.

PENG X B, ABBEEL P, LEVINE S, et al. DeepMimic:
example-guided deep reinforcement learning of physics-based
character skillsfEB/OL]. [2020-07-01]. https: //arxiv.org/abs/
1804.02717.

PENG X B, KANAZAWA A, MALIK J, SFV:
reinforcement learning of physical skills from videos[J]. ACM
Transactions on Graphics, 2018, 37(6): 1-14.

LIU L B, HODGINS J. Learning to schedule control fragments
for physics-based characters using deep Q-learning[J]. ACM
Transactions on Graphics, 2017, 36(4): 1-14.

LIU L B, HODGINS J. Learning basketball dribbling skills
using trajectory optimization and deep reinforcement
learning[J]. ACM Transactions on Graphics, 2018, 37(4).1-14.
YU R, PARK H, LEE J. Figure skating simulation from
video[J]. Computer Graphics Forum, 2019, 38(7): 225-234.
PARK H, YU R, LEE J. Multi-segment foot for human
modelling and simulation[J]. Computer Graphics Forum, 2020,
39(1): 637-649.

Jith, EoR, MRER, % JET Spark 940 AMLEE AR
12 SN GHEZR ], Bl %540, 2019, 40(5): 852-857.

FANG W, HUANG Z Q, XU J B, et al. Training framework of
distributed robot reinforcement learning based on spark[J].
Journal of Graphics, 2019, 40(5): 852-857.

RAJESWARAN A, KUMAR V, GUPTA A, et al. Learning
complex dexterous manipulation with deep reinforcement
learning and demonstrations[EB/OL]. [2020-07-19]. https:/
arxiv.org/abs/1709.10087.

Adobe. Mixamo[EB/OL].(2020-01-02) [2020-01-12]. https://
www.mixamo.com/#/?page=1&query=grab&type=Motion%2C
MotionPack.

SCHULMAN J, WOLSKI F, DHARIWAL P, et al. Proximal
policy optimization algorithms[EB/OL]. [2019-09-15]. https://
arxiv.org/abs/1707.06347.

ANTOTSIOU D, GARCIA-HERNANDO G, KIM T K.
Task-oriented hand motion retargeting for
manipulation imitation[C]/Computer European
Conference on Computer Vision 2018 Workshops. Heidelberg:
Springer, 2018: 287-301.

X, &k, BEME, 5. PG ANRIERORE ¥ 2 5 ik LR
R[], bR, 2019, 45(3): 458-470.

LIUNJ, LU T, CAI Y H, et al. A review of robot manipulation
skills learning methods[J]. Acta Automatica Sinica, 2019,
45(3): 458-470 (in Chinese).

JULIANI A, BERGES V P, VCKAY E, et al. Unity: a general
platform for intelligent agents|[EB/OL]. [2020-09-15]. https://
arxiv.org/abs/1809.02627.

MRiE . 2£T Kinect B AARSIIELLRT 2347 B A 3% 43 #(D].
R KRS, 2014,

CHEN C W. Comparative analysis and biomechanical analysis

et al.

dexterous
Vision -

of human motion based on kinect[D].
University, 2014 (in Chinese).

Tianjin: Tianjin



