The 238rd Annual Conference of the Japanese Society for Artificial Intelligence, 2009

Joodooooboooboooboooooo GP
Probabilistic Model Building GP with Binary Encoded PPT

oo oo+

Toshihiko Yanase

“000000000oooon

Graduate School of Frontier Science, The University of Tokyo

OO0 gQg*?
Hitoshi Iba

20000000000
Graduate School of Engineering, The University of Tokyo

Recently, program evolution algorithms based on the probabilistic prototype tree (PPT) based method have been
proposed to improve the search ability of genetic programming (GP) and to overcome GP-hard problems. The PPT
based method explores the optimal tree structure by using the full tree whose number of child nodes is maximum
among possible trees. This algorithm, however, suffers from problems arising from function nodes having different
number of child nodes. These function nodes cause intron nodes, which increase the search space. In order to solve
this problem, we propose binary encoding for PPT. Here, we convert each function node to a subtree of binary
nodes where the converted tree is correct in grammar. Our method reduces ineffectual search space, and the binary
encoded tree is able to express the same tree structures as the original method. The effectiveness of the proposed
method is demonstrated through the use of two experiments.
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Figure 1: Network structures of (a) Univariate model, (b)
Adjacent model and (c) Bayesian network model
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Figure 2: Convert 4-arity node into three binary nodes. (a)
original IFLTE node. (b) the subtree for binary encoding of
IFLTE which is composed of one IFLTE’ and two IFLTE" .
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Figure 3: Example of symbol determination from a

Bayesian network at node X;

Algorithm 1 Symbol determination from a Bayesian net-
work at node Xj;

1. Refer to the list of forbidden symbols {S'}; at X;

2. Set the probability of {S'}; zero at X; in CPT

3. Generate Symbol from CPT
4. Traverse the ancestor nodes X, of X; until the root
node in order to update {S’}q
D, «distance between X, and X;
for eachS; € {S}
(a) Dsuptree <subtree depth for binary encoding of
S;
(b) if Dy < Dsuptree then add S; to {S'}4
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Table 1: Result: Royal Tree Problem

| Lu=4 | Lv=5 |

POLE (BPPT) Average 792.9 19747.0
Std. (99.5) | (2434.0)

POLE Average 749.5 32022.5
Std. (100.6) | (4906.6)

Univariate (BPPT) Average | 1744.4 196220.0
Std. (298.9) (46067.8)

Univariate Average 2288.6 329245.0
Std. (564.6) | (72216.3)

SGP Average | 2953.8 382957.6
Std. | (1108.1) | (179342.6)
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Figure 4: The probability of success using POLE with
BPPT and conventional POLE for Royal Tree problem.
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Figure 5: The probability of success using Univariate model
with BPPT and conventional Univariate model for Royal
Tree problem.

Table 2: Result: DMAX Problem

’ ‘ Lv=3 ‘ Lv=4 ‘
POLE (BPPT) Average | 1464.4 | 103978.5
Std. | (104.1) | (19192.0)
POLE Average | 14989 | 117616.0
Std. (83.0) | (11562.0)
SGP Average | 11105 1632159
Std. (6958) | (645696)
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Figure 7: The probability of success using POLE with
BPPT and conventional POLE for DMAX problem.
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(b)POLE (M = 160,Lv = 4,Dp = 4).
estimated correctly.
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Figure 8: The ratio of intron nodes in Royal Tree Problem.
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(b)
Figure 6: An example of a network for the royal tree problem using (a) POLE with BPPT (

The grey nodes represent introns.

M = 160, Lv = 4,Dp = 5)
Bold arrows means interaction between nodes
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