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Bio-mimetic Recognition of Action Sequence using Unsupervised Learning

Sy
Kim Jin Ok
o OF
o =
WS EAS # X AL ASH A5AE AR AHAE oldg] Gyolth ¥ ATE F2 Q4 A4 A7
9 A7l S R W ow B Fa B4 o4 AU Sk BFY L9 AQAT: A% PEE AL ol
A 54 QA AFE Azlshe AAAARA 1ML stsel 9 73 54 A% A7 8 LﬂEﬂEL 715 Brstel HAE o
254 £A2 95 F 542 A3, Q43 Jolth 4¥2 Fal A Rdo] ojHA A%HOR Qe HtedA oJulg)
DA B oo a0 £ AGE APk AL A8 AT o) 44 BATE A A A4 A2
N AR G0 BEE BAL QAFAS ZHoHET ol B AAOIT B9 515 9 o4 LA Bk $7)
AL FUGHEAT Rae] Serchy, S AN Qo] A5 S48 Y AT T AFHEAT AN AL IES
2 AR Bl Ba Aol U@ Al Bue] 54 dFsh

ABSTRACT

Making good predictions about the outcome of one’s actions would seem to be essential in the contfext of social interaction and
decision-making. This paper proposes a computational model for learning arficulated motion patterns for action recognition, which
mimics biological-inspired visual perception processing of human brain. Developed model of cortical architecture for the unsupervised
learning of motion sequence, builds upon neurophysiological knowledge about the cortical sites such as IT, MT, SIS and specific
neuronal representation which contribute to articulated motion perception. Experiments show how the model automatically selects
significant motion patterns as well as meaningful static snapshot categories from contfinuous video input. Such key poses correspond
to arficulated postures which are utiized in probing the trained network to impose implied motion perception from static views. We
also present how sequence selective representations are learned in STS by fusing snapshot and motion input and how leamed
feedback connections enable making predictions about future input sequence. Network simulations demonstrate the computational
capacity of the proposed model for motion recognition.

= keyword : Action sequence detection, Categorical action classification, Bio-inspired Action perception, Unsupervised learning
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