MultiStage Cascading of Multiple Classifiers:

One Mań s Noise isAnother Man´s Data

Cenk Kaynak CENK . KAYNAK @ UNILEVER . COM

Ethem Alpaydin ALPAYDIN @ BOUN . EDU . TR

Department of Computer Engineering, Bogazici University, Istanbul TR - 80815 Turkey

Abstract

Fo r building implementable and industry -

valuable classification solutions, machine

learning methods must focus not onlyon

accuracybut also on computational and space

complexity. We discuss a multistage method,

namelycascading, where there is a sequence of

classifiers ordered in terms of increasing

complexityand specificitysuch that early

classifiers are simple and general whereas later

ones are more complex and specific, being

localized on patterns rejected bythe previous

classifiers. We present the tec hnique and its

rationale and validate its use bycomparing it

with the individual classifiers as well as the

widelyaccepted ensemble methods bagging and

Adaboost on eight data sets from the UCI

repository. We do see that cascading increases

accuracywith out the concomitant increase in

complexityand cost.

1. Introduction

In recent years, there is an increasing interest in schemes

for combining multiple learning systems. The idea is that

since learning from a finite sample is an ill - posed

problem, each learni ng algorithm, depending on its

inductive bias, finds a different explanation for the data

and converges to a different classifier. If these classifiers

make errors on different parts of the input space, they

complement each other and an ensemble scheme can

outperform the individual classifiers.

The more different behaviour individual classifiers

exhibit, the more beneficial it isto ensemble since the rate

of their complementarydecision increases. Using

different bootstrap replicates of the training set on e can

build different classifiers to build up an ensemble.

Another alternative is to construct classifiers based on

different subsets of input parameters. However, the best

wayto get different classifiers is byusing different

learning algorithms, which m ake different assumptions about the data source, i.e., different inductive biases. For

example, one classifier maybe a semi - parametric method

like the multilayer perceptron (MLP) trained with

backpropagation and another maybe a nonparametric,

instance - ba sed statistical method like the k - nearest

neighbor (kNN). MLPs inductive bias is that the class

discriminants are nonlinear functions written as weighted

sums of sigmoidal basis functions. kNN´s bias is that

instances that are close in the input space, bas ed on an

appropriate metric, belong to the same class.

The ensemble techniques are mainlydivided into two

categories: multiexpert systems and multistage systems.

In multiexpert systems, the classifiers work in parallel.

All the classifiers are trained to gether and given a test

pattern, theyall give their decisions independentlyand a

separate combiner computes the final decision from these.

Examples for multistage systems are voting (Kittler et al.,

1998), mixture ofexperts (Jacobs et al., 1991) andsta cked

generalization (Wolpert, 1992).

The other approach is multistage systems which use a

serial approach where the next classifier is onlytrained

by/consulted for patterns rejected bythe previous

classifiers. Multistage combination is more interesting in

that it is possible not touse costlierclassifiers, unlessthey

are actuallyneeded, i.e., when previous simpler

classifiers´ predictions are not confident and have a high

probabilityof error.

In this work, we aim to build classification systems with

high accuracyand lowcost. Since our concern is not only

accuracybut also cost, combining tens of classifiers may

not be feasible due to the increased memoryand

computation needed. Besides, the time to output is very

important for an application to be u sable in real life.

Therefore we opted for a multistage ensemble system

with a small number of classifiers, gaining from accuracy

but not losing much in termsof cost.

To implement such a classifier, we have developed a

multistage system, namelycascading, where an early

simple classifier handles a majorityof cases and a more

complex classifier is onlyused for a small percentage

therebynot significantlyincreasing the overall

complexity. If the problem space is too complex then a fewclassifiers maybe c ascaded, increasing the complexityof the classifier at each step. In order not to increase the number of classifiers, the fewpoints not covered byanyare learned bya nonparametric instance - based classifier such as kNN.

An example of a cascading system is as follows. The first classifier is a single layer perceptron (SLP) and the next classifier is a multilayer perceptron (MLP) which is trained byfocusing on training patterns not covered by the SLP. The remaining fewpatterns will be treated as excepti ons and covered byan expensive instance - based technique, e.g., kNN. During test, the simple linear classifier will be used for all cases. MLP will be used only when the case is not covered bythe SLP. The final kNN will be consulted onlyat rare circumsta nces when the

MLP also rejects. So, the overall complexityof classification will be slightlyabove that of the first simple rule while increasing the accuracyfor hard patterns.

In Section 2, we describe and discuss the cascading algorithm in detail. The complexityissues are discussed in Section 3. In Section 4, simulation results are given based on eight databases from the UCI repository. These simulation results compare cascading with its component classifiers as well as the widelyused aggregation tech niques, bagging and Adaboost, in terms of accuracy and complexity.

2. Discussionofthe Cascading Algorithm

2.1 Cascading Algorithm

Multistage classifiers are ensembles having individual classifiers with reject option (Pudil et al, 1992). In any stage, a classifi er either accepts its output or rejects it based on its confidence in its own decision (Baram,

1998). If it rejects, then the classifier at the next stage is applied to the pattern.

Cascading (Alpaydin & Kaynak, 1998) is in the category of multistage syste ms. Its inductive bias is that the concept can be explained bya small number of rules with an additional small set of exceptions not covered bythe rules. At the first stage it builds a simple rule for the whole training set. This rule is constructed usi ng a parametric classifier, which is a good generalizer. Based on its confidence criterion, it cannot cover some part of the space with sufficient confidence. Therefore, at the next stage, cascading builds a more complex rulefocusing on those uncovered pa tterns. Later at some stage, there will remain fewunrelated patterns,which are not covered byanyof the prior rules. Those patterns are taken as exceptions to the generated rules. So, no further rule is generated and those exceptions are dealt with bya n instance - based nonparametric technique which is good at unrelated, singular points, but not generating rules for a complete domain.

Rules and exceptions of the cascading algorithm can be visualized as in Figure 1. The first classifier, which is the simpl est one, generalizes on the whole training set with equal focus on each pattern. So, it constructs a simple rule for the whole space. However, there maybe training patterns which are not covered, i.e., learned correctly, (or correctlybut not with enough confidence), bythis simple rule. Therefore, at the next stage, using a costlier classifier, we build a more complex rule to cover those uncovered patterns of the prior stage. The training of the second classifier is performed on a converted training set, which gives priorityto the uncovered patterns of the first rule. As can be seen in Figure 1, after the construction of the second rule, there are some unrelated patterns in the set, which are not covered byanyof the two rules. So, those patterns are ass umed tobe exceptions and treated by an instance - based algorithm, and not bya rule learner.

Figure 1 . Visualization of how two - rule cascading works. Dark circles are the positive data instances and the sh aded region is the concept. Emptycircles are negative instances.

Normally, the rule learners are parametric or semi - parametric classifiers, such as perceptrons, which have good generalization properties. Since we increase the complexityof the classifiers at a later stage, if we use an

MLP in the first stage then in later stages, we can increase the number of hidden units to increase the complexity.

For exceptions, we must use instance - based nonparametric techniques, such as k - nearest neighbor, which is go od for learning unrelated single patterns although it is expensive in cost.

The sequence of classifiers can be specified as, g j , where g ji (x) º P(C i |x,j) , the posterior probabilityestimate of class i for input x byclassifier at stage j . Associated with each classifier is a confidence function d j such that we say g j has confidence in its output and can be accepted for decision, if d j > q j where 0 < q j < 1, is the confidence threshold. The confidence function is calculated at stage j as:

d j = max i g ji ( x ) (1)

Concept boundary

Rule 1

Exceptions

Rule 2

Noise

(1 ˘ d j ) is the probabilityof error. We consult classifier g j ,

if all of its preceding classifiers are not confident in their

output.

r = argmax i g ji (x) if d j > q j and " k < j , d k < q k (2)

During the training of g j+1 , we use a converted trainingset

where the patterns are drawn with probability

proportional to (1 ˘ d j ) where

d j = g jc ( x )

for an example belonging to class c . Thus g j+1 will focus

more on patterns not learned sufficientlywell byits

predecessor g j . Note that by q , we specif ya margin ,

distance to the discriminant, in that with larger q , we

enforce a larger margin (Fig. 2)

Figure 2 . Visualization of the effect of q on a two - class

problem. q defines the required margin to the discriminant .

This is how we achieve our target of building rules,

namelyeach stage tries to cover the patterns not covered

byits predecessors. At stage j+ 1, the probabilitythat

instance with index t is drawn for training is

å

=

+ -

- =