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Acquiring multimodal representation of hand grasping based on Deep Belief Nets
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This paper proposes a hierarchical model to model the multi-modal information in grasping based
on deep belief network. In the network, one modal information is self-organized to extract statistical
information of given data, and different modal information are easily integrated in the hierarchical

architecture. For the learning data, the joint angles, tactile sensors, images of hand and object to

be grasped are given based on the dynamics simulator. After learning, the proposed network can

recall the sensor information when grasping from the object image.
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Fig.1 The model of AIP area by Oztop et al. [4]
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2 Deep Belief Nets
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Fig.2 DBN consisting of RBNs

2.1 Restricted Boltzmann Machine
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Fig.3 Connection weights and activation probability in RBN
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Fig.4 Calculation process during learning in RBN
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Fig.5 Overview of the proposed model
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Fig.6 Hand simulator

PIaL—FTIdH s HED TFoRMEiME, o HEEs 5
Z5E, ZOHBEMEICID ) BECOBMiAELZDLEED
TEOM%R) OF—FDey F2E5ZENTE 2,

gy ial—Fyouky M 19 ORI 7(b) Dk )i
EFNEFNIMDY v F vy —%Fb, B2 —EU DA%
BlzLTodb L1 otz "oy Frry—»rroon
BAH) ELTHERT 3,

#EA o W B2 10 %5 L, BEEAEoANEE L
THHED / —FE2HAZE L2, WeT 2BMimEcst 2/ —F
Z1EL, ZRUSHZ O E B EHICTLT VS,

FOmMBIZANIRICF y=—7 4 V¥ = ATy P
WEMHEL, Zfifbz2iT-oC, MEZELAKD / —F2EOAN
JE~NATIL 72,

uRy FMURET 24 7Y 27 M, ILART LT, E
SRRy TEAME, THE), T8k, Z2HE L2, BEZ g
LT 27dIciiFicBLTERYPu Ry FHBOFL O BEL
TR ZHEETE S L LI RERBEVTV S,

3.2 VYIFE—FIERDOHKESE

EFNVHED L ODFEOTIHE LT, $Fufy o T$
DM, ¢ TFOMESAE, EuRy o TFoL8, 2RE
T2 nD, INSIF IR OBIRE R0, TRYK
DHER) 2D 2ODPRMEDEAICHEE LG 2 VX T
HLBRICEET 2. TFOLE) & THRMEOMIE, DOfEHR

(a) Grasping cylinder (b) Tactile information

Fig.7 Grasping and Tactile Information
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Fig.8 Objects used in experiments
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Fig.9 Integration of joint angles and image of hand
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Fig.10 Reconstructing the tactile sensing and hand features
from an object image
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