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Emergence of semiosis by connecting Shcema model and STDP learning rule
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A novel integrative learning architecture, RLSM with a STDP network is described. This architecture models
symbol emergence in an autonomous agent engaged in reinforcement learning tasks. The architecture consists of two
constitutional learning architectures: a reinforcement learning schema model (RLSM) and a spike timing-dependent
plasticity (STDP) network. RLSM is an incremental modular reinforcement learning architecture. It makes an
autonomous agent acquire behavioral concepts incrementally. STDP is a learning rule of neuronal plasticity that is
found in cerebral cortices and the hippocampus. We found that STDP enables an autonomous robot to associate
auditory input with its obtained behavioral concepts and to select reinforcement learning modules more effectively.
Auditory signals that are interpreted based on obtained behavioral concepts are revealed to correspond to “signs”
in Peirce’s semiotic triad. This integrative learning architecture is evaluated in the context of modular learning.
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0 1: RLSM with an STDP network
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0 5: Course of time delays in switching schemata
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O 6: Obtained synaptic weight on an STDP neuronal net-
work

gobo

[1] L.F. Abbott and S.B. Nelson. Synaptic plasticity: tam-
ing the beast. nature neuroscience supplement, Vol. 3,
pp. 1178-1182, 2000.

H. Markram, et al. Regulation of synaptic efficacy by
coincidence of postsynaptic aps and epsps. SCIENCE,
Vol. 275, pp. 213-215, 1997.

C.S. Peirce, (OO DOO (OO)).
o.o0o0o0o, 1986.

gbobooobooooo

R. Pfeifer and C. Scheier. Understanding Intelligence.
The MIT Press (0000000000000 :0000
0000000 (2001)), 2001.

[5]

S. Song, et al. Competitive hebbian learning through
spike-timing-dependent synaptic plasticity. nature

neuroscience, Vol. 3, pp. 919-926, 2000.

J. Tani, M. Ito, and Y. Sugita. Seif-organization of dis-
tributedly represented mulyiple behavior schemata in
a mirror system:reviews of robots using rnnpb. Neural
Networks,, Vol. 17, pp. 1273-1289, 2004.

[7] T. Taniguchi and T. Sawaragi. Incremental acquisition
of behavioral concepts through social interactions with
a caregiver. In Artificial Life and Robotics (AROB 11th

’06) proceedings, 2006.

Webots. http://www.cyberbotics.com. Commercial
Mobile Robot Simulation Software.

D.M. Wolpert and M. Kawato. Multiple paired forward
and inverse models for motor control. Neural Networks,
Vol. 11, pp. 1317-1329, 1998.

10 D0ODO0O,0000,0000.00000000000
goooooooooboooo. ooooooooo,,

Vol. 20(3), pp. 177187, 2005.

[11] OOO0OO0,0000.0000000000D00DOO
gbboooooooboooooobooooo. oo

0000000000, Vol. 18(12), pp. 18-27, 2005.



