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Problems with Traditional Classifiers

Decision Trees
o Axis-parallel splits only
o Limited representational power

Neural Networks
o Slow for non-linear fits
o Suffer from overfitting
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Our Solution: Perceptron-Based Oblique
Tree (P-BOT)

Use both in one

o Implement a decision tree

o Implement a linear neural net at each node

o Combines the strengths and addresses the weaknesses of
both algorithms

Results:

o For some datasets, more accurate than both

o For others, faster than NN’s and more accurate than DT's
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P-BOT 1in more detail

Infogain calculations for all attributes (DT)

Neural net at each node

2 No hidden layer

0 # output nodes = # of classes

o Normalized features

o Back propagation using classification error
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P-BOT 1in more detail (cont.)

Infogain calculation for neural network

o Classification error used as estimation of infogain
Best infogain selected as the split condition
o DT splits simplify dataset

o Neural splits allow linear combination of features

Hypothesis space

0 Sets of non-intersecting convex polytopes that
cover the entire feature space
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High Level Illustration by Example

Dataset
o Three classes
o 2 continuous attributes

o 1 discrete attribute
Input node per value

Neural net split at root
Discrete split at left child
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Iustration on a 2D Dataset

Decision Tree P-BOT




Avoiding Overtfitting

Neural net — High number of epochs cannot
result in overfitting (line fit)

Tree — Pruning over validation set

Test Error vs. # of Training Epochs
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Related Work

Obligue Decision Tree - OC1

o Single hyperplane at each node

o Perturbation algorithm to construct hyperplane
Linear Machine Decision Trees

o Very similar to P-BOT

o Pays more attention to terminating the gradient
search

Neither approach considers attribute splits
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‘ Results

Test Error for Various Datasets
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‘ Results

Total Wall Clock Time for Various Datasets
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‘ Results

Tree Size for Various Datasets
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‘ Results

P-BOT with and without Perceptron Splits
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Conclusions

P-BOT combines the advantages of Decision
Trees & Neural Nets

Always faster than a NN with one hidden
layer

Consistently more accurate than J48

More accurate than both on a variety of
datasets

s



Future Work

Code optimization for continuous attributes

Empirical comparison of P-BOT to OC1 and
LMDT algorithms

Exploration of the optimal number of epochs
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