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This paper describes state space quantization that has been used in many searching algorithms to redact contin-
uous problems to discrete problems. We address the approximation error in state transitions when the quantization
is operated. We propose a definition of the approximation error based on the divergence of state transitions. We
established a quantization algorithm that minimizes our proposal approximation error using a binary tree. The def-
inition and algorithm are examined in several optimal motion planning experiments. As a result, planned motions
obtained by the proposed quantization algorithm showed higher optimality than traditional quantization methods.
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O 1: Search for a sequence of state transitions
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0 2: State search tree and approximation
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0 3: State transitions from a cell

3.2 0000000
000D00000D000000D00000D000000
0000000000000000000000000000
0000 »(t)(000000000)0000 At00000
0z(t+At)000000000000000000 «,00
00000 «,(t+A)00000000000000000
00000000000 »w(t)00000000000000
0000000000000000000000000000
00000 (00 X.;) 00000000000000000
00000000000 «(¢)00000000000000
0000000000 UO000000000000000
0000000 Error; 00000000000000

/ / JF (2, ) dedu

Xeell (2)

e

Xeell

goooboboodobpbObOObOOOUOODOObDOOOODDO
O Erroree 0000000000000 O0ODOCOOOOOO
goboooooooooboo

3.3 ODOOOOoOood

0 (2)000000oo0o0oooUoooUooUooo
000 F(z,v) OOOOOOOOODOOOODOOOOOOO
goooooboooooo 3ocuobooooooooan
goooooooooooooooooobobobooooooo
Oo000dmx0O000O0OOODOOOO

Z Eceu(u)

uelU
——ﬁﬁ—* ®3)

dimX

Prin i
dsz Z

good Errorce”DDDDDDDDDDDDDDDDDD
[Tazaki 10 00 0000000000000 OOOOODOO
00000000000 0000000000 (Sub-cells) O
gooooooooooooooooooooooboooooon
oooooooooooooooooooooooooooo
ocooooooooooooooOooooooooonbO 400
gobodoobooooooboooobobooooooa

{1} 00000000000000000000000000
0000000000000000000000000
0000000000 (Basiccells) 000000

{2) 00000OO0ODO0OO0OO0OO0OODOO0OO0OO0O0OO0O00

{3} 000000 AD
00000000000000000000000000
00000000000000000000000000
00000000000000000000000

Errorcen =

Q

Erroreen

Ecell(u) +pmaz’L( ) (4)



The 25th Annual Conference of the Japanese Society for Artificial Intelligence, 2011

Number of cells

|

Number of Basic cells

Image of cells

Total number of cells

Subroutine A :
Divide all Basic cells into
sub-cells in one direction

] v
Subroutine B :
Divide and merge
cells repeatedly

{4}

End
O 4: Proposed quantization algorithm
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0 5: Double inverted pendulum
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O 6: An example of the planned motion
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0 1: Dynamics constraint
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0 7: Quantized state space (q1 = —110 ~0, g2 = 1%” ~ 7r)
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O 8: Averaged time for number of cells
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(c) Number of cells = 24* (d) Number of cells = 28*
0 9: Difference of optimality for quantization method
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