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Basic Idea of Evolutionary Computation
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(1) Natural selection in a tough environment.
(2) Reproduction of new individuals by crossover and mutation.
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Iteration of the generation update many times

(1) Natural selection in a tough environment.
(2) Reproduction of new individuals by crossover and mutation.



Applications of Evolutionary Computation
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Applications of Evolutionary Computation

Design of Stock Trading Algorithms
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Genetics-Based Machine Learning

Knowledge Extraction from Numerical Data
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Design of Rule-Based Systems
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Design of Decision Trees
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Multi-Objective Evolution

Minimization of Errors and Complexity

Initial Population

Small €= Error =——> Large

Simple €—— Complexity == Complicated
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Multi-Objective Evolution

A number of different neural networks

Small €= Error =——> Large

Simple €—— Complexity == Complicated



Multi-Objective Evolution

A number of different decision trees

T

Simple €—— Complexity == Complicated

Small €= Error =——> Large



Multi-Objective Evolution

A number of fuzzy rule-based systems

@ Xy X3 Xy Consequent
@) Class 1
G Ry DC (0.44)
-l
Class?2
l]\ Rl DC (0.24)
- Y Xy Y3 Xy X5 Xg Consequent
O R, DC DC | DC | DC || %)
L R||DC || DC | DC o
R, DC | DC || DC | DC | DC || @iy
R|[ DC DC [DC|[DC || &35
= Rs|| DC || DC | DC || DC | DC o
=
n

Simple € Complexity =—=» Complicated




Contents of This Presentation

1. Basic Ildea of Evolutionary Computation
2. Genetics-Based Machine Learning

3. Parallel Distributed Implementation

4. Computation Experiments

5. Conclusion




Difficulty in Applications to Large Data

Computation Load for Fitness Evaluation

Environment
: Fithess Evaluation:
Population Evaluation of each individual
If ... Then ... If ... Then ... using the given training data
If ... Then ... If ... Then ...
If ... Then ... If ... Then ...
If ... Then ... If ... Then ...
If ... Then ... If ... Then ...
If ... Then ... If ... Then ...
If ... Then ... If ... Then ... < > Training data
If ... Then ... If ... Then ...

Individual = Rule-Based System ([:m" |)

If ... Then ...




Difficulty in Applications to Large Data

Computation Load for Fitness Evaluation

Environment
: Fitness Evaluation:

Population Evaluation of each individual
If ... Then ... If ... Then ... using the given training data
If ... Then ... If ... Then ...
If ... Then ... If ... Then ... *ﬁ\\\\\
If ... Then ... If ... Then ... 4‘_’////
If ... Then ... If ... Then ... o
If ... Then .. If ... Then .. Training data
if .. Then ...| ||1f ... Then ... <:>
If ... Then ... If ... Then ... \\\\\N‘¥ ‘—’////

Individual = Rule-Based System ([:m" |)

If ... Then ...




Difficulty in Applications to Large Data

Computation Load for Fitness Evaluation

Environment

Population

If ... Then ...
If ... Then ...
If ... Then ...
If ... Then ...

If ... Then ...
If ... Then ...
If ... Then ...
If ... Then ...

If ... Then ...
If ... Then ...
If ... Then ...
If ... Then ...

-l

_ - Training data

\

If ... Then ...
If ... Then ...
If ... Then ...
If ... Then ...

T~

Individual = Rule-Based System (i

If ... Th

® ® D
5 5 5 S
\\

If ... The




The Main Issue In This Presentation

How to Decrease the Computation Load
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Fithess Calculation

Standard Non-Parallel Model
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A Popular Approach for Speed-Up

Parallel Computation of Fithess Evaluation
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If we use N CPUs, the computation load for each CPU can be 1/Nin
comparison with the case of a single CPU (e.g., 25% by four CPUSs)



Another Approach for Speed-Up
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Another Approach for Speed-Up

Training Data Reduction
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Difficulty: How to choose a training data subset
The population will overfit to the selected training data subset.



ldea of Windowing in J. Bacardit et al.: Speeding-up
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ldea of Windowing in J. Bacardit et al.: Speeding-up

Pittsburgh learning classifier systems: Modeling time
and accuracy. PPSN 2004.

1st Generation Fitness Evaluation
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Pittsburgh learning classifier systems: Modeling time

and accuracy. PPSN 2004.
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Visual Image of Windowing

A population is moving around in the training data.
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Visual Image of Windowing

A population is moving around in the training data.
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\




Our Idea: Parallel Distributed Implementation

H. Ishibuchi et al.: Parallel Distributed Hybrid Fuzzy GBML Models
with Rule Set Migration and Training Data Rotation. TFS (in Press)
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Our Idea: Parallel Distributed Implementation

H. Ishibuchi et al.: Parallel Distributed Hybrid Fuzzy GBML Models
with Rule Set Migration and Training Data Rotation. TFS (in Press)
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(1) A population is divided into multiple subpopulations.
(as in an island model)
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(1) A population is divided into multiple subpopulations.
(2) Training data are also divided into multiple subsets.
(as in the windowing method)
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(3) An evolutionary algorithm is locally performed at each CPU.
(as in an island model)
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H. Ishibuchi et al.: Parallel Distributed Hybrid Fuzzy GBML Models
with Rule Set Migration and Training Data Rotation. TFS (in Press)
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(1) A population is divided into multiple subpopulations.
(2) Training data are also divided into multiple subsets.
(3) An evolutionary algorithm is locally performed at each CPU.
(4) Training data subsets are periodically rotated.
(e.g., every 100 generations)



Our Idea: Parallel Distributed Implementation

H. Ishibuchi et al.: Parallel Distributed Hybrid Fuzzy GBML Models
with Rule Set Migration and Training Data Rotation. TFS (in Press)

Non-parallel Non-distributed Our Parallel Distributed Model
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Training data Training data

(1) A population is divided into multiple subpopulations.

(2) Training data are also divided into multiple subsets.

(3) An evolutionary algorithm is locally performed at each CPU.
(4) Training data subsets are periodically rotated.

(5) Migration is also periodically performed.
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Our Model in Computational Experiments
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Our Model in Computational Experiments

with Seven Subpopulations and Seven Data Subsets
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Standard Non-Parallel Non-Distributed Model

with a Single Population and a Single Data Set
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Standard Non-Parallel Non-Distributed Model

with a Single Population and a Single Data Set
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Standard Non-Parallel Non-Distributed Model

with a Single Population and a Single Data Set
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Termination Conditions: 50,000 Generations

Computation Load: 210 x 50,000 = 10,500,000 Evaluations
(more than ten million evaluations)



Comparison of Computation Load

Computation Load on a Single CPU per Generation
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Comparison of Computation Load

Computation Load on a Single CPU per Generation

Standard Model:
Evaluation of 210 rule sets
using all the training data
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Comparison of Computation Load

Computation Load ==> 1/7 x 1/7 = 1/49 (about 2%)

Standard Model: Parallel Distributed Model:
Evaluation of 210 rule sets Evaluation of 30 rule sets using
using all the training data one of the seven data subsets.
Rule set migration
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Data Sets in Computational Experiments

Nine Pattern Classification Problems

Name of Number of Number of Number of
Data Set Patterns Attributes Classes

Segment 2,310 19 7
Phoneme 5,404 5 2
Page-blocks 5,472 10 5
Texture 5,500 40 11
Satimage 6,435 36 6
Twonorm 7,400 20 2
Ring 7,400 20 2
PenBased 10,992 16 10

Magic 19,020 10 2




Computation Time for 50,000 Generations

Computation time was decreased to about 2%

Name of Standard  Our Model Percentage of B
Data Set A minutes B minutes B/A (%)
Segment 203.66 4.69 2.30%
Phoneme 439.18 13.19 3.00%
Page-blocks 204.63 4.74 2.32%
Texture 766.61 15.72 2.05%
Satimage 658.89 15.38 2.33%
Twonorm 856.58 7.84 0.92%
Ring 1015.04 22.52 2.22%
PenBased 1520.54 35.56 2.34%
Magic 771.05 22.58 2.93%
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Name of Standard  Our Model Percentage of B
Data Set A minutes B minutes B/A (%)

Twonorm 856.58 7.84 0.92%
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PenBased 1520.54 35.56 2.34%
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Computation Time for 50,000 Generations

Computation time was decreased to about 2%

Name of Standard  Our Model Percentage of B
Data Set A minutes B minutes B/A (%)

Why ?

Because the population and the training

data were divided into seven subsets.
1/7 x 1/7 = 1/49 (about 2%)

Twonorm 856.58 7.84 0.92%
Ring 1015.04 22.52 2.22%
PenBased 1520.54 35.56 2.34%

Magic 771.05 22.58 2.93%




Test Data Error Rates (Results of 3x10CV)

Test data accuracy was improved for six data sets

Name of Standard  Our Model Improvement

Data Set (A %) (B %) fromA: (A-B)%
Segment 5.99 5.90 0.09
Phoneme 15.43 15.96 - 0.53
Page-blocks 3.81 3.62 019
Texture 4.64 4,77 -0.13
Satimage 15.54 12.96 200
Twonorm 7.36 3.39 a0y
Ring 6.73 5.25 148
PenBased 3.07 3.30 - 0.23
Magic 15.42 14.89 095
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Q. Why did our model improve the test data accuracy ?

A. Because our model improved the search ability.

Data Set Standard Our Model Improvement
Satimage 15.54% 12.96% 2.58%
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Q. Why did our model improve the search ability ?

A. Because our model maintained the diversity.

Data Set Standard Our Model Improvement
Satimage 15.54% 12.96% 2.58%
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Effects of Rotation and Migration Intervals

Rule set migration
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Effects of Rotation and Migration Intervals

(Rotations In the opposite directions)
Rule set migration




Effects of Rotation and Migration Intervals

(Rotations In the opposite directions)
Rule set migration
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Effects of Rotation and Migration Intervals

(Rotations in the same direction)
Rule set migration
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Effects of Rotation and Migration Intervals

(Rotations in the same direction)
Rule set migration
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Effects of Rotation and Migration Intervals

Interaction between
rotation and migration
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Effects of Rotation and Migration Intervals
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Conclusion

1.We explained our parallel distributed model.
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Conclusion

1.We explained our parallel distributed model.
2.1t was shown that the computation time was decreased to 2%.
3.1t was shown that the test data accuracy was improved.

4.We explained negative effects of the interaction between the
training data rotation and the rule set migration.
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Conclusion

5. A little bit different model may be also possible for learning
from locally located data bases.
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Conclusion

6. This model can be also used for learning from changing

data bases.
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Conclusion

6. This model can be also used for learning from changing

data bases.
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Conclusion

Thank you very much!
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