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Intelligence Based on Reinforcement Learning with Neural Networks
- Purposive and Harmonious Learning of the Whole Process from Sensors to Motors -
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Abstract:

There still exists a big gap between the present robots and our living creatures with regard to the

intelligence. Our living creatures have an advantage of autonomous, harmonious and purposive learning for the

non-modularized process from sensors to motors. In this viewpoint, it is expected that reinforcement learning with

neural networks breaks through the gap. It has been proposed that raw sensory signals are put into a neural network

directly, the output signals of the network are utilized directly as motion commands, and the network is trained based

on reinforcement learning. In this learning, the adaptive space reconstruction ability due to the local representation

of each sensor cell makes a big role. Some simulation results are introduced to show the effectiveness of this idea.

Keywords: reinforcement learning, neural network, space reconstruction, direct-vision-based reinforcement learning,

intelligence
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Fig. 1 A task in which a mobile robot with two visual

sensors captures a target object



== :mainsigna flow —>: signal flow for thelearning

d
o Tnd2
dZ
dt2 T
——[1]
evaluation motion ~ 11— | Y.
value signas

oo0oo I

=11 =1
24cells 24cdlls
visual sensor

visual sensory signals

Fig. 2 Architecture and signal flow in the robot.
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Fig. 3 Difference of the state value function and the
robot trajectories on robot-fixed coordinates depending

on its motion character.
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Fig. 4 Comparison of the learning curve depending on

the input way and the network architecture.

ooooooobobobooooobooboboooo
goboobobooboooboooooooboobooon
000000000000 000OFig. 3(b)0O0OO
ooooooooobooobOooooooooooon
gboboboooboooooooooboooboooo
oboboooooobOoboobooooooooooon
goboobooooboooooooooobooooon
ooobOooooooooobobooooooboonoog
gobooooobobbooooboooooboooooon
ooooobooooobooooboooooooog
goboooboooobooooobobooooboooog
ooobooooooooboobbobooooooooobo
gboobobooobooboobbooooobooon

gbobooooboooooooooooooooooboo
gboooooboooboboboo 20000000000
oooooooobooboobobooooooooooo
ooooosoobooooooooooboo 2000
O0000oo0o000o0o000b000D0O Fig 400
gbooobooooboooboobooboboobooonog
ubbooboooobooooboobooobobooboogon



output
0.5
training
signal
@®:04 {00
O:-04

.. 00 5.0 %
v (&) no reinforcement learning

(b) symmetrical motion character ~ (c) asymmetrical motion character

Fig. 5 Comparison of the object location coding in the
hidden layer.

ooobooooopoooobobooooooooboooog
ooooobooboboboobooobooboobon
gosboooooboooooooobobooooono
ooooooooboooobobobogosoboooooon
sbooooboooooobbobobooboooooooo
oboboooobooboooo 20000000000
oobooboobbooobobooooooogd

4.2 0O0O0OO0O0OO0OOO0OOOOOOOOO0
obooo0ooooooobobooboooboboooo
goboboooooboooobobo sgbooogo
obooboooooboooboboobooogo
000000000000 O0Fie 5000000000
ooobooe0obbOO0OOobOOooooobo40On
gooob-o4000000000000O0O0O0000
oooooooooooobobooooooooooon
oobobobobOooboboooboobooooooboo
gbooobooboooooooboboooboooooo
oboooooobooboobooobooooooon
goboboobooboboobooboobobooboo
oooooboooooooboobooboboboooboo
000000000 00O00O000O00OFie. 3(bOO
ooo0oo0oo0ooboboooobooboobooooobon
oooooooo
ooooobobbooobobOOoboobooooooo
2000000 s000000D0OODOOOOOODOO
goobooobooooo2000000obooooon
obooobObOo0ooooooooooboooooon
oboobooobooboooboo4s-20-2-10-30000
Fig. 6000000 2000000000000000
OO0O0O0Fe 1000000O0OOOOOODOOOO

-----

hidden neuron 2
hidden neuron 1

N

o5 0.0 05 0%
hidden neuron 1
(a) normal case

0.0 .
hidden neuron 2
(b) asymmetrical motion
character

Fig. 6 Comparison of the object location coding in the
hidden layer of 5-layered network.
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Fig. 7 Learning of arm reaching movement to an object

on the visual sensor with variable link length.
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