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Abstract

The selection of weak classi ers is critical to the success
of boosting techniques. Poor weak classi ers do not per-
form better than random guess, thus cannot help decrease
the training error during the boosting process. Therefore,
when constructing the weak classi er pool, we prefer the
quality rather than the quantity of the weak classi ers. In
this paper, we present a data mining-driven approach to dis-
covering compositional features from a given and possibly
small feature pool. Compared with individual features (e.g.
weak decision stumps) which are of limited discriminative
ability, the mined compositional features have guaranteed
power in terms of the descriptive and discriminative abil-
ities, as well as bounded training error. To cope with the
combinatorial cost of discovering compositional features,
we apply data mining methods (frequent itemset mining) to
ef ciently nd quali ed compositional features of any pos-
sible order. These weak classi ers are further combined
through a multi-class AdaBoost method for nal multi-class
classi cation. Experiments on a challenging 10-class event
recognition problem show that boosting compositional fea-
tures can lead to faster decrease of training error and signif-
icantly higher accuracy compared to conventional boosting
decision stumps.

1. Introduction

Weak classi er (a.k.a. weak learner, base classi er)
plays an important role in boosting. Good weak classi ers,
although not strong individually, can be linearly combined
to construct an accurate nal classi er through boosting.

In vision applications, decision stump (a decision tree of
only two nodes) is one of the most favored types of weak
classi ers, where each stump is usually associated with an
individual visual feature (e.g. a Haar feature). Despite of
previous successful application through boosting decision
stumps [11][19], we noticed in some complex classi cation
problems, such a decision stump can be extremely weak
due to its limited discriminative ability in separating two
or multiple classes. Boosting these poor decision stumps
thus often leads to very long training phase because little
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Figure 1. Illustration of mining compositional features for boost-
ing. Each f denotes a decision stump which we call it as a feature
primitive. Our task is to discover compositional features F from

feature primitive pool and boosting them to a strong classi er g.

training error decreases at each boosting step. In such a
case, better weak classi ers are desired, in order to decrease
training error faster and obtain better generalization ability.
Theoretically, it is an open question in boosting literature
whether decision stumps or other types of weak classi ers
(e.g. deeper decision trees) should be applied for boosting,
because this depends on the structure of the unknown deci-
sion boundary function [4] [5] [15].

Given a pool of decision stumps = {fi}, where
each f; is called a feature primitive, our goal is to discover
strong enough compositional features F = {f;} for boost-
ing (Fig. 1). Each compositional feature F contains one
or more feature primitives, and its decision is determined
by the responses of feature primitives. To balance between
generalization and discrimination abilities, we require F to
be both (1) descriptive features (i.e. high frequency in posi-
tive training data), and (2) discriminative features (i.e. high
accuracy in prediction). Although feature primitives can be
rather weak individually, we show that an appropriate com-
position of them can have guaranteed discriminative power
with a guaranteed bound of training error. Compared with
boosting decision stumps, boosting these higher-order rules
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can lead to faster convergence in training as well as better
generalization if the decision boundary function is not in an
additive form of original feature primitives [5].

To reduce the combinatorial cost in searching for compo-
sitional features [20], we apply data mining methods such
as frequent itemset mining (FIM) for pattern discovery. Due
to their computational ef ciency, data mining methods are
becoming popular in many vision applications, including
visual object detection [14], classi cation [2] [3] [13] and
image pattern discovery [21]. After the compositional fea-
tures are discovered, we boost them by applying a multi-
class AdaBoost method: stagewise additive modeling with
exponential loss (SAMME) [22]. SAMME directly handles
the K-class problem by building a single K-class classi-

er, instead of K binary ones. The solution of SAMME is
consistent with the Bayes classi cation rule, thus it is opti-
mal in minimizing the misclassi cation error. Experimental
results of both simulated data and a challenging 10-class vi-
sual event recognition problem validate the advantages of
boosting compositional features.

2. Induced Transactions for Data Mining

We consider a K-class classi cation problem. Suppose
we are given a training dataset containing N samples of K
classes: Dy = {X¢, CeHY;, where ¢  RP denotes the
feature vector and ¢ {1, 2, ..., K} is the label of x¢. The
task isto nd a classi er g(*) : X ¢ from the training
data, such that given a new query sample X, we can assign
itaclass label ¢ {1,2,..., K}. Instead of using the raw
features x directly to estimate ¢, we consider a collection
of induced binary features {f1, fo, ..., fp } where each f; :
x  {0,1} is a feature primitive. For example, fj can be a
decision stump:

froifx@d)

iCO= ¢ ifxiy< ; @
or a decision stump when only positive response is consid-
ered: R ifx()

fik) = if x(i)< ; @
Here x(i) is value of x in the iy, dimension,and ; R is

the quantization threshold for f;. We call f; the feature item
associated with the feature primitive fj.

Without loss of generality, we use the decision stump
considering positive response only (Eq. 2) for illustration.
Given a collection of P features, we have an item vocab-
ulary = {fy, T, ..., fp} containing P items. As illus-
trated in Fig. 2, now a training sample X RP can be
transferred into a transaction:

T) ={f10(0), (... ] )}
according to the responses of P feature primitives. The

induced transaction dataset T = {T}., contains a col-
lection of N training samples, where each T corresponds

to a data sample x. By transforming continuous features
x  RP into discrete transactions, we can perform tradi-
tional data mining algorithm, such as frequent itemset min-
ing. In Sec. 3 and Sec. 4, we discuss how to take advantage
of ef cient data mining method to search for informative
features for classi cation.
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Figure 2. lllustration of the induced transaction. By partition-
ing the feature space into sub-regions through decision stumps fa
and fg, we can index the training samples in terms of the sub-
regions they are located. Only positive responses are considered.
For example, a transaction of T (x) = {fa, s} indicates that
fA(X) > A and fB(X) > B.

3. Mining Compositional Features

For each feature primitive f;, we can use it to predict
the class label. A primitive classi cation rule is thus of the
form:

fiky=Ffi = cx) =k

where kK {1, 2, ..., K}, and c(X) is the predicted label of
X. Since a classi cation rule based on an individual f is
usually of low accuracy, it is of our interests to nd compo-
sitional feature F = {f;j} which can be more accurate.
Given a compositional feature F, we de neitsclassi cation

rule as: 0 = K ifF T -
~ 0 otherwise
where k  {1,2,..., K} is the predicted class; F(x) = 0

implies that F cannot make decision on X.

Following the terms in data mining literature, we call F
as a feature item-set. Given an itemset F, the transaction
Tt which includes F is called an occurrence of F, i.e., Ty
isan occurrence of F, if F T (X¢). We denote by T(F)
the set of all occurrences of F in T, and the frequency of an
itemset F is denoted by:

frg(F) =[T(A)I=Kt: F T X}

Considering it is important to evaluate the quality of a
compositional classi cation rule, we rst give an analysis
of the perfect rule.
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De nition 1 perfect classi cation rule
A compositional classi cation rule F is perfectif  k
{1,2,...K}, such that

descriptive :
discriminative :

P(F () =kle(x)=k) =1 (4
P =kIF )=k =1 (5

In De nition 1, we specify two conditions for the perfect
rule F ,where P (F (X) = k|c(x) = k) = 1isthe descrip-
tive ability, while P (c(X) = k|F (x) = k) = 1 is the dis-
criminative ability. Since its classi cation result is the same
as the ground truth, F is the best possible rule for class
k. However, exhaustive search for F is computationally
demanding due to the combinatorial complexity. Because
each fj can generate two possible outcomes: fj or , the to-
tal number of all possible classi cation rules is 2! I. Thus
ef cient search methods are required to make the feature se-
lection process computationally feasible. Even worse, such
a perfect rule F may not always exist in the case of noisy
training data [12], where positive and negative samples are
not perfectly separable. In such a case, we need to sacri ce
the strict conditions of selecting optimal F  for sub-optimal
ones. In other words, instead of searching for perfect rule
F , we search for a collection of weaker rules = {F;}.
With its justi cation later, we de ne the sub-optimal com-
positional rule in De nition 2.

De nition 2 : ( 1, 2)-compositional rule

A compositional feature F is called ( 1, 2)-
compositional rule if  k {1,2,..., K}, such that:

sup. : P (F(x) =k) 1
conf.: P(c(x) =K|F(X) =k) 2 P(c(X) =Kk)
The rst condition requires that % 1, Which is

the support requirement in mining frequent patterns [7]. A
rule of low support covers few training samples. Such a
classi cation rule has limited ability to generalize, even if
it can predict accurately on few number of training sam-
ples. The second condition requires that the rule is accurate
enough for prediction, such that most covered samples are
correctly classi ed. This condition corresponds to the con -
dence of a rule in data mining literature [7]. Different from
traditional data mining methods which usually set a xed
con dence threshold, we consider the class prior to handle
imbalanced training data. A weak rule F that satis es both
conditions are viewed as useful rules for future use.

To further justify our criteria of ( 1, 2)-compositional
rule, we develop De nition 2 into two weak conditions:

P(F(x) = kle(x) = k) 2
P (c(x) = KkIF(x) =k) 2

P(F(x) =k), (6)
P(x)=k), ()

where Eq. 6 is obtained because

P (F(x) =k, ¢(x) = k)
P(c(x) = k)
P(F() =k) 2P (c(x) =K)

P(F(X) =Kle(x) =k) =

P (c(x) = k)
= 2P(F(X) =Kk).

Comparing the conditions for perfect rule (De nition 1)
with Eq. 6 and Eq. 7, we can see that weak rules in De -
nition 2 only need to satisfy weak descriptive and discrim-
inative conditions, thus they are sub-optimal features com-
pared with perfect feature F .

We further notice that the two requirements in Eq. 6 and
Eq. 7 are actually an equivalent one:

P(F(X) =k,c(x) =k)
PC(X)=KPFX =k =

. P (F()=k,c()=k) _
givenP(F(X) =k) 1. When P(c((x§’;)k)P(°,§’8()=)k) =1,

it indicates independent events ¢c(x) = k and F(x) = k.
In order to make sure F is informative for prediction (e.g.
performing better than random guess), we require , > 1.
The other parameter 0 < ; 1 controls the support of a
rule, which in uences the generalization ability of the rule.

Moreover, according to Eq. 6, we need P (F(X) =
k) 1.Since P(F(X) =k) 1, we have
1
1 P(F(X)=k) 5 ®)

which indicates that quali ed rules are those of mild-
frequency. This actually explains why we need to discard
the most common and uncommon words in the bag-of-
word approach [16]. Here, it says that we should discard
not only common and uncommon words, but also common
and uncommon word combinations. As we can see in Eq. 6
and Eqg. 7, such word-combinations of mild frequency are
informative features for classi cation.
Based on Eqg. 8, we further have ; 1. Let
rk = P(c(x = k)), we also have , = since we need
oP(c(xX) = k) 1inEqg.7. Combining all results, we
obtain the conditions for feasible parameters 1 and »:

Proposition 1 feasible parameters of data mining

The following requirements must be satis ed to avoid
mining non-informative or an empty set of ( 1, 2)-
compositional rules according to De nition 2.
o<, migt iy
2 1 Tk

0< ;

Eq. 9 thus gives the guidance in selecting 1 and o for
effective data mining, which avoids mining in vain for com-
positional features.
Based on Proposition 1, we present the major theoreti-
cal result in this paper in Theorem 1, where we show that
1 and » can bound the training error of the ( 1, 2)-
compositional rule F.
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