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Abstract

Existing classification algorithms use a set of training
examples to select classification features, which are then
used for all future applications of the classifier. A major
problem with this approach is the selection of a training
set: a small set will result in reduced performance, and a
large set will require extensive training. In addition, class
appearance may change over time requiring an adaptive
classification system. In this paper we propose a solution to
these basic problems by developing an on-line feature selec-
tion method, which continuously modifies and improves the
features used for classification based on the examples pro-
vided so far. The method is used for learning a new class,
and to continuously improve classification performance as
new data becomes available. In ongoing learning, exam-
ples are continuously presented to the system, and new fea-
tures arise from these examples. The method continuously
measures the value of the selected features using mutual in-
formation, and uses these values to efficiently update the
set of selected features when new training information be-
comes available. The problem is challenging because at
each stage the training process uses a small subset of the
training data. Surprisingly, with sufficient training data the
on-line process reaches the same performance as a scheme
that has a complete access to the entire training data.

1. Introduction

Current classification schemes typically use a set of ex-
amples for selecting appropriate classification features and
training the classifier. The features used for a given class
remain unchanged in subsequent applications of the clas-
sifier. This fixed learning is deficient for several reasons.
First, properties of the class may change over time, requir-
ing continual adjustment. Second, it is difficult to determine
an optimal size for the training set: a small set will result in
reduced performance, and a large set will require extensive

training. Finally, it may be desirable to be able to perform
classification as early as possible, and yet continue to im-
prove when new data becomes available. A better approach
is therefore to use an on-line scheme that adapts to changes
in class appearance and continues to learn from new data as
it becomes available. In this paper we propose such an ap-
proach, focusing on the ongoing selection of classification
features.

The selection of useful features is a fundamental prob-
lem in learning a classification task. Irrelevant and redun-
dant features not only complicate subsequent stages in the
classification, but also degrade classification performance
[6]. By selecting only relevant features, higher performance
can be achieved with a smaller set of parameters in the
model. Therefore, the goal is to select a set of features,
which is optimal for classification and minimal in their re-
dundancy.

The setting of the classical feature selection problem is
the following. We are given initially a large set of n poten-
tial features measured on a fixed training set. Our goal is to
select from this set the optimal subset of k features for the
classification task. The problem can be summarized in the
following way:

Feature Selection (n, k): Given an initial set of n fea-
tures, find the subset with k < n features that is maximally
informative about the class.

For the use of information as a criterion for selecting
effective features see [5],[14]. In the online learning sce-
nario, examples and features extracted from them are con-
tinuously presented. This enables an ongoing improvement
of the classifier focusing on the most recently seen exam-
ples. Such an improvement is possible if the learning algo-
rithm is adaptive, in the sense that it improves the classi-
fier each time a new example or a new feature is presented.
Specifically, an adaptive feature selection algorithm is one
that improves the subset of selected features in an online
learning environment. The online feature selection problem
can be stated in the following way:

Online Feature Selection (n, k, e): Given a time point



in the online learning process following the presentation of
e examples and n features, find the subset with k < n
features that is maximally informative about the class, es-
timated on the e examples.

The main advantage of using an online learning scheme
is the ability of the learning system to utilize new informa-
tion while already functioning, and to adapt to a changing
environment. This is important for several reasons. First, in
cases in which the class appearance changes over time and
cannot be foreseen in advance. For example, when learn-
ing to recognize a specific face, future appearance changes
such as aging, glasses and facial hair, cannot be fully antic-
ipated. Second, for recognition tasks with high variability,
a large number of examples will be required. For example
in handwritten character recognition hundreds of thousands
of examples are used for training, and performance can still
be improved if the system is trained on a new handwriting.
Finally, for computational efficiency, an on-line selection
method will also be of use when the set of features to con-
sider is large, even in a non-online scheme. It then becomes
possible to consider initially a limited set of candidate fea-
tures, and consider new ones incrementally until an optimal
subset is selected.

One approach to the online feature selection problem is
simply to consider at each time step all the features and all
the examples seen up to this time step, and apply a standard
feature selection technique. However, this is highly inef-
ficient, since the training set and feature set grow at each
time step, and so does the running time of the feature se-
lection method. We will develop therefore a method that
considers only a fixed number of features and examples at
each time step. As we shall see, such a method continues
to improve with new examples and eventually outperforms
methods that use a fixed number of examples.

1.1 Previous approaches

There are many different approaches to feature selection
for classification [2]. Standard feature selection methods
have been broadly divided into so-called wrapper and filter
methods [8]. Wrapper methods directly evaluate the perfor-
mance of a subset of features by measuring the performance
of a model trained on this subset. A wrapper approach
would require multiple model trainings at each update step,
to compare different sets of features, and is therefore in-
appropriate due to online time constraints. Filter methods
use some measure to estimate the importance of different
features, independent of a specific classifier. A successful
filter approach initiated with the MIFS algorithm [1] uses
mutual information to measure the importance of features.
Additional information-based methods were developed in
[9], [14] and [15]. Mutual information between the features
F and the class C measures the reduction in uncertainty

about the presence of class C given the features F , and high
mutual information is necessary to obtain low classification
error ([3], [13]). For these reasons, it is a natural measure
to use for extracting useful classification features [5],[14].

We follow this line of work by using mutual informa-
tion to measure feature quality, together with a novel strat-
egy that is applicable in the online scenario. In [12] a filter
type method was proposed for a simplified version of the
online feature selection problem, in which all examples are
available in advance, and the update step includes only new
features. This problem formulation is inappropriate for our
problem, since in learning online classification, new exam-
ples are continuously presented. Our algorithm, described
in the following section, is the first to treat the on-line prob-
lem fully, and handles efficiently both feature updates and
novel examples.

The remainder of the paper is organized as follows. In
the next section we describe in detail the proposed algo-
rithm. Experimental evaluation of the scheme tested on dif-
ferent visual object classification tasks is presented in Sec-
tion 3. These results and future directions for research are
discussed in Section 4.

2 The on line selection algorithm

2.1 General overview

The proposed method is designed to select features for
classification in an online training scheme. We assume a
scheme in which new labeled examples and new features
extracted from these examples are continuously provided to
the method by a separate, task specific process (see section
3). The proposed algorithm proceeds in an iterative man-
ner: it receives at each time step either a new example or a
new feature or both, and adjusts the current set of selected
features. When a new feature is provided, the algorithm
makes a decision regarding whether to substitute an exist-
ing feature with the new one, or maintain the current set of
features, according to a value computed for each feature rel-
ative to the current feature set. The value of each feature is
evaluated by the amount of class information it contributes
to the features in the selected set. The algorithm also keeps
a fixed-size set of the most recent examples, used to evalu-
ate newly provided features. In this way, the evaluation time
of the features value, which depends only on the number of
examples and the number of features in the selected set, is
constant throughout the learning.

It is convenient to divide the design of such a scheme into
two main components: search strategy and merit value. The
search strategy handles the problem of searching the space
of all subsets of features, which is of exponential size in the
number of features n. Most feature selection algorithms ex-
ploit greedy search strategies (e.g. sequential search [7]),



which iteratively select the most informative feature given
a set of already selected features ([1],[9],[8]). In an online
environment, this strategy requires the re-use of the entire
set of training examples and features at each update step,
and it is therefore inapplicable in the online setting. Our
algorithm uses therefore a different search strategy, termed
substitution, in which each newly examined feature is added
to an evaluated set of features, and then the least contribut-
ing feature in the resulting set is discarded. This strategy
allows the algorithm to evaluate and compare only the fea-
tures in the selected set of features, and not the entire set of
features as greedy search strategies require, and it is a key
to the algorithm’s ability to perform in an online manner.
The merit value (MV) of a feature expresses the value of a
feature for classification given an already selected set of fea-
tures. Several merit values were suggested in [1], [15] and
[9], and were incorporated in greedy search based methods.
In order to evaluate the merit value of a feature, these meth-
ods require the entire set of training examples. We use a
small set of examples instead for evaluating a merit value
similar to the one suggested in [15], and continue to update
its evaluation as new examples are seen. In the next sections
we present the details of our algorithm, starting with the de-
tails of our implementation for measuring the feature value
online.

2.2 Measuring feature merit value

In this section we describe the computation of the clas-
sification value of each feature. In our method, for each
feature belonging to the selected set, this value should ex-
press the value for classification lost by eliminating it, or,
equivalently, the value for classification gained by adding it
to an already selected set of features. We assume that each
feature f has discrete values on each example, and can be
viewed as a discrete random variable. Similarly, we regard
the class label C to be a discrete random variable.

Given a feature f and a set of selected features S, the
desired merit value MV(f, S) should express the additional
class information gained by adding f to S. This can be
measured using mutual information by:

MV (f, S) = I(f, S;C)− I(S;C) (1)

Where I stands for mutual information. This merit value
can be computed given the joint distribution P (f, S, C), of
all the variables in S∪{f}∪{C}. Unfortunately, estimating
the joint distribution function of |S| + 2 random variables
is impractical in real world applications, due to sample size
limitations, and therefore an approximation is often used.
Several approximations were suggested in [15], [1] and [9].
We chose for our implementation the merit value suggested
in [15], which was shown in empirical comparisons to pro-
duce highly effective classification features [5]. This value

considers only second order relations between the feature
variables and the class, and is expressed by:

MV (f, S) = min
g∈S

I(f, g;C)− I(g;C) (2)

The term I(f, g;C) − I(g;C) expresses the additional
class information f delivers with respect to g, where g is
an already selected feature. By taking the minimum over
all features in S, we estimate the minimal additional class
information delivered by f with respect to S. There are two
factors affecting this value: the feature’s individual contri-
bution to the mutual information, and its redundancy with
respect to the set. If a feature g′ similar to f already exists
in S, then the minimized expression for g = g′ will be low,
regardless of how informative f is, resulting in a low value
for redundant features. In order to compute this merit value
for each feature f we need to estimate the joint probability
of just two features and the class, P (f = x, g = y, C = z).
For each new feature f , its values on the set of latest exam-
ples maintained by the algorithm are determined, and are
used to estimate its distribution. In addition, each time a
new example is seen, the values of f , g and C are deter-
mined, and the probability estimates for all pairs of features
in the selected set are updated. In a similar manner, we also
estimate for each selected feature its joint probability with
the class (P (f, C)) for a purpose explained below. This
method of update allows us to utilize all the statistics seen
for a feature in the selected set from its arrival time onwards.
Clearly, the joint distribution of two features can be only es-
timated on the example set seen together by both features.

The online scheme poses the problem of different sam-
ple sets for different features. Consider the case in which
fold is an old feature and fnew has just been presented,
and we wish to re-estimate the merit value of fold. The
term I(fold, fnew;C)− I(fnew;C) can only be estimated
on the set of recent examples, although the old feature
may have a much higher class information, estimated on
previously seen examples. As a result, the new esti-
mated score of fold may become too low, leading to its
elimination from the feature set. In practice, we would
like the full information gathered on fold to be expressed
in its score. We will use I(fold;C) as an estimate for
I(fold, fnew;C) − I(fnew;C), which is a bound from
above ( I(fold, fnew;C)− I(fnew;C) ≤ I(fold;C)), un-
der the common assumption that the features are indepen-
dent given the class. This bound can be computed di-
rectly from the feature’s joint distribution with the class
P (fold, C), which can be reliably estimated from the en-
tire set of examples seen for fold. This approximation can
also be viewed as a natural way to give priority to older fea-
tures, for which we have a more reliable statistical estimate.
The merit value s can be summarized as:



MV (f, S) = min
g∈S\{f}

{
I(f, g;C)− I(g;C) g < f ;
I(f ;C) else

(3)
Where g < f means that g precedes f . In the next sec-

tion we describe how features are selected incrementally by
the algorithm based on their estimated values.

2.3 Algorithm description

The algorithm maintains and updates three data struc-
tures: a set of examples (recent examples) containing the
l most recently seen examples, a set of features (se-
lected features), containing the most informative k features
seen so far, and the estimates of the probability distribu-
tions (probability estimates) for the features in the selected
set. The maintained probability estimates are: (P (f, g, C))
for each pair of features in the selected set, estimated on the
common set of examples observed for both features, and
(P (f, C)) for each feature in the selected set, estimated on
the examples seen for that feature. The exact form of the
features and the examples is task specific (see examples in
Section 3); we only assume that we can obtain the discrete
value of f on a given example e. New examples are now
observed, and from them some new features are being ex-
tracted. The algorithm operates whenever a new example
or a new feature is provided. The new examples are used
for improving the feature probability estimates, and the new
features replace selected features if their measured merit
value is higher. The following pseudo-code summarizes the
algorithm:

(1) new feature(f)
(1.1) add(feature set,f )
(1.2) probability estimates← estimate new feature

(probability estimates,f ,recent examples)
(1.3) foreach f ∈ feature set

(1.4) MV (f)← compute merit value
(f ,feature set\{f},probability estimates)

(1.5) if |feature set| > k
remove(feature set,arg minf (MV ))

(2) new example(e)
(2.1) probability estimates← update estimates

(probability estimates,e)
(2.2) enqueue(recent examples,e)
(2.3) if |recent examples| > l

dequeue(recent examples)

The learning process can be presented either with a new
example, in which case new example is applied, or with a
new feature, in which case new feature is applied. When
a new feature f is provided, it is added to the set of se-
lected features (1.1), its value is determined on the set of

recent examples and used to estimate its distribution (1.2).
The value for classification (MV) of each feature (eq. 3) is
computed according to its probability estimates (1.4). The
feature with the lowest value is discarded from the feature
set (1.5). When a new example is presented, the values of
each feature are determined for that example, and the fea-
ture probability estimates are updated accordingly (2.1). In
addition, the new example replaces the oldest one in the set
of most recent examples (2.2 and 2.3).

Notice that by first adding the new feature to the selected
set, the algorithm ensures that each seen feature is evaluated
in the set at least once. During the ongoing presentation of
features, the feature space is searched by occasionally sub-
stituting a feature in the set with the newly presented one.
The properties of the merit value measure (eq. 3) ensure that
the elimination of the selected feature results in the mini-
mum possible loss in class information of the entire set. In
the next section we analyze the time complexity of the al-
gorithm, an important aspect in online learning schemes.

2.4 Complexity analysis

An important property of the algorithm is its ability
to maintain a constant running time for each update step
throughout the online learning process, as we show in this
section. The new example procedure performs an update
of the joint probability estimate for each pair of selected
features (2.1), and since there are k features in this set, this
update is performed in Θ(k2) time. The new feature pro-
cedure first computes the joint probabilities of the new fea-
ture with the selected features (1.2) estimated on the current
examples set which is of size l, and can therefore be accom-
plished in Θ(l · k) time. The procedure then computes the
feature merit values (1.4), calculating the class mutual in-
formation of every pair of selected features from their joint
distributions, and is therefore computed in Θ(k2). In total,
the new feature procedure time complexity is Θ(k2 + l ·k).
The running time of both update procedures is therefore in-
dependent of the number of features or examples seen so
far. In contrast, the running time of standard feature se-
lection algorithms applied on a set of n features and e ex-
amples, depends on n and e, and will therefore increase at
each time step in an online environment. We compare our
algorithm to the Max-Min algorithm [15],[5], which uses a
similar approach for feature selection and performs the task
in time complexity Θ(k ·n ·e). Consequently, the Max-Min
algorithm is not applicable in an online environment, since
each update requires the evaluation of the entire feature and
example set which constantly grows in the online learning
scheme.

The proposed algorithm offers a computational improve-
ment of the Max-Min algorithm even in the standard feature
selection case. Since k and l can be viewed as relatively



small constants, the running time of the proposed algorithm
for a fixed set of examples and features is Θ(n+e), obtained
by summing the running times of all update steps, which is
an improvement to the Max-Min running time, Θ(n · e). In
terms of memory complexity, the improvement is large, be-
ing constant for the proposed algorithm, and Θ(n ·e) for the
Max-Min algorithm. We conclude the algorithms presenta-
tion with a short review of its key properties.

2.5 Key properties

The algorithm maintains at each time point a set of re-
cent examples of a constant size, and a set of the most in-
formative features seen so far. Each time a new example
is observed, the statistics of the features are updated, and
the recent set of examples is updated. Each time a new fea-
ture arrives it is evaluated on the set of recent examples, and
competes together with the selected features to remain in the
feature set. The competition is mediated by measuring each
feature’s class information with respect to the other features
in the set. Each update step is performed in a constant com-
putation time throughout the online learning process. In the
next section we examine the results obtained using this fea-
ture selection algorithm for visual classification tasks.

3 Experimental Results

In this section we describe the experiments testing the
performance of the proposed method, and compare it with
unrestricted methods that make full use of the entire sets of
examples and features. The first part of the section briefly
describes the experimental setup, the second part analyzes
the proposed online method, and the last part compares the
online method with an existing off-line feature selection
method.

3.1 Training and testing the classifier

In our experiments we performed several different object
detection tasks. The class domains tested were faces, cows,
planes and cars. In all the domains the task was to decide
whether or not the image contained a class instance. In or-
der to accomplish the task, the classifier was presented with
roughly aligned class images and non-class images. The
images contained 50 × 80 pixels in the face detection task
and 80× 50 pixels in the remaining tasks (figure 1).

The detection method used was a fragment-based classi-
fication described in [15]. The basic features used by this
method are image patches, or fragments, at different posi-
tions and sizes, similar to a number of recent schemes [4],
[10]. Except for the feature selection stage, all other clas-
sification stages were kept the same in all the experiments,

Task: Cows Faces Cars Planes

(a)

(b)

(c)

Figure 1. Object detection tasks. (a) Exam-
ples of class images (b) Examples of non-
class images. (c) Examples of extracted frag-
ments.

allowing us to compare the feature selection stage indepen-
dent from the other classification stages. We next present a
detailed description of our implementation.

In order to determine the results in each experiment, we
averaged the results across 20 cross-validation iterations. At
each iteration we randomly selected several hundreds of im-
ages, equally divided between class and non-class, for train-
ing. The remaining 500 images were used to test the classi-
fier. In each experiment we used for training the fragments
extracted from the class training images. The fragments var-
ied in size and proportions, from 5 to 50 pixels in height and
width, and their locations spread over the entire source im-
age with equal spacing. These image fragments form the
initial pool of potential classification features, from which a
subset of useful features is selected during learning. Figure
1(c) shows examples of automatically extracted features for
the different tasks. The similarity between each fragment
and each image was measured by the maximal normalized
cross correlation between the fragment and the image, ob-
tained across all possible image locations.

Using the training set, a detection threshold was set for
each feature, by maximizing its mutual information with
the class on the training set. The threshold was then used
to quantize each feature measurement to a binary feature.
In the next stage we applied the different feature selection
methods to the set of binary feature vectors created by pre-
vious stages. In the online learning scheme we sequentially
presented the training examples in a random order. The fea-
tures were either presented in a random order during the
example presentation or presented immediately after their
source image example was presented. To measure the clas-
sification performance of a selected feature set at any point
in the process, we used the selected features and the entire
training set of images to construct a Naive-Bayes classifi-
cation function [11], and tested its performance on the test
images. In this manner we tested the performance of fea-
ture sets using the same classifier by different learning pro-
cedures.



3.2 Classification results and analysis

In this section we analyze the properties and perfor-
mance of the on-line algorithm in the face and cow detec-
tion tasks. The algorithm was tested for both tasks with
l = 50, and was gradually presented with all 400 training
examples and the entire set of features (about 8, 000) ar-
ranged in a random order. The examples were presented
in 200 epochs, each epoch consisting of one class example,
one non-class example and a 1

200 fraction of the fragments.
Figure 2 summarizes the results of this experiment for both
detection tasks.

The classification performance of the online feature se-
lection method was measured on the test images throughout
the training period. Figure 2(b) shows the classification er-
ror of the resulting classifier as measured at selected time
points during the training for both detection tasks. The de-
crease in classification error illustrates that the online fea-
ture selection method utilizes the new information as it be-
comes available, demonstrating the feasibility of constantly
improving the set of selected features.

The algorithm can also be viewed as attempting to maxi-
mize an objective function: at each feature substitution, the
algorithm tries to maximize the class information delivered
by the remaining set. This objective function can be mea-
sured by the average merit value (eq. 3) across the features
in the selected set. The value of this objective function dur-
ing the algorithms operation, shown in figure 2(c), increases
monotonically in time, and the increase in information value
is correlated with the improved classification performance.

Another relevant characteristic of the algorithm is the
rate of feature substitutions over time (figure 2(d)). The
feature substitution rate is high during the initial iterations,
indicating a fast change in the selected feature set, and grad-
ually decreases to a low constant level, indicating that the
set remains adaptive throughout the learning process.

One question that emerges from the scheme is the role
of the l parameter, the number of maintained recent exam-
ples. Large l increases memory requirement and compu-
tation time which is linearly dependent on l (Section 2.4),
but allows a better initial estimate for each new feature. We
compared the performance of the algorithm with different
values of l, summarized in figure 2(e). As expected, large
l improve classification performance, suggesting a trade-off
between performance, length of training, and computational
cost.

In the next part we compare the online method with a
similar off-line scheme that uses in a comprehensive man-
ner the entire set of examples and features, which we refer
to as a ‘comprehensive’ selection method.

(a)

(b)
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Figure 2. Analysis of the online feature se-
lection method. The online algorithm was
run with l = 50 (number of maintained exam-
ples, except in (e)) and k = 100 (number of
selected features); results are averaged over
20 cross-validation iterations. Left: cow de-
tection task, right: face detection task. (a)
Examples of selected features after the last
time step, shown in red outline over their
source image. (b) Classification error of the
classifier constructed with the currently se-
lected features as a function of the percent
of presented examples and features during
the online process. The classification error
is measured at the equal error point in the
ROC curve (i.e. equal false alarm and miss
rates). 100% of the examples = 400; 100% of
the features = 10, 530 cow features, 6, 292 face
features. (c) Average merit value of the se-
lected features as a function of the percent
of presented examples and features during
the online process. (d) Feature substitution
rate measured in the preceding 100 feature
presentations, as a function of the percent of
presented examples and features during the
online process. (e) Classification error at the
end of the training process, as a function of
l, the number of maintained examples.



Task: Car detection Plane detection

(a)

(b)

Figure 3. A comparison of the on-line and off-line selection algorithms in a changing environment.
(a) Examples of features selected by the online method (b) The equal error rate of the classifiers av-
eraged over 20 cross-validation iterations. The online classifier was first trained in one environment
(left half), and then in a modified environment (right half). (l = 60, cars: k = 25, planes: k = 50).
The off-line method was trained with the same examples in a comprehensive manner. In the left half
of the graph for each class methods were tested on the first subclass and in the right half on the
second. The gray bar at the right side of each graph marks the error of the online method on the
first data-set, after being trained on the second one. The results show the advantage of the on-line
scheme in adapting to a shifting population.



3.3 Classification in a changing environ-
ment

In the following experiment we compared the on-line
algorithm to a similar but comprehensive classification
scheme on two tasks: car detection and plane detection. We
used for comparison the feature selection method described
in [15],[5], also called the Max-Min method. This method
uses a similar merit value to select features, allowing us to
compare directly the online scheme with a similar, but off-
line and comprehensive selection scheme. In order to test
the on-line algorithm in a changing environment, the class
examples consisted of two subclasses of images presented
one after the other. The plane images contained military
and civilian planes, and the car images contained sedans
and SUVs (Sport Utility Vehicles). In both cases the two
subclasses are related and share common visual features,
but they also differ in others. The online method was first
trained and tested on one subclass and was then trained and
tested on the second, simulating a shift in the class appear-
ance.

The online method was trained as following. First it was
presented with a randomly ordered subset of examples be-
longing to one subclass and non-class examples. After each
class image presentation, the fragments extracted from that
image were presented to the algorithm as classification fea-
tures. Following the first training period, the method was
similarly trained with class images belonging to the second
subclass. In total 300 training images were used in the car
detection task and 200 training images in the plane detection
task. The test set contained 500 novel images. From each
class example about 500 fragments were extracted. The off-
line method is capable of selecting the best features from a
fixed training set. We trained the method once with class
images belonging to one subclass, once with second one,
and once with the combined training set. For each training
set the off-line method used the entire set of fragments ex-
tracted from that training set to select the classification fea-
tures. The selected features were evaluated by incorporating
them in a Naive-Bayes classifier as in the previous experi-
ment. The results were averaged across 20 cross-validation
iterations and are summarized in figure 3 and table 1.

The learning curves for the on-line method in figure 3
(solid line) illustrate the method’s adaptation to the change
in class appearance in both tasks. Despite the observed
adaptation, the classification performance on the first sub-
class (gray bar) remains mostly unharmed, demonstrating
that the new learned ability does not replace the old one but
is accumulative. In order to test the asymptotic behavior
of the algorithm we also trained it on 800 examples in the
plane detection task. As shown in the bottom right part of
figure 3, increasing the number of training examples con-
tributes an additional 12% decrease in the classification er-

Table 1. Changing environment experiment.
Equal error rates (and std) for the off-line and
the on-line methods. The training sets for the
online method are listed in their presentation
order. The online method was tested at the
end of each sub-class training epoch. The
lowest error rates are emphasized.

Car detection task
Method Train set Test: sedan Test: S.U.V

On-line Sedan→SUV 0.7± 0.15% 1.9± 0.20%
SUV→sedan 0.8± 0.13% 1.9± 0.21%

Off-line Sedan, SUV 1.2± 0.21% 2.4± 0.21%
Sedan 1.3± 0.26% 5.8± 0.67%
SUV 2.7± 0.32% 2.3± 0.29%

Plane detection task
Method Train set Test: military Test: civil

On-line military→civil 18.4± 0.4% 12.6± 0.4%
civil→military 18.6± 0.4% 11.4± 0.5%

Off-line military, civil 18.9± 0.5% 12.9± 0.5%
military 18.6± 0.5% 18.3± 0.5%

civil 20.5± 0.5% 11.9± 0.5%

ror. These results show that for classification tasks with
large inner class variability, the online method utilizes the
ongoing example presentation to continually improve per-
formance. Notice that the order in which environments were
presented had little affect on the error of the online method
(first 2 rows in table 1).

In comparison to the off-line method our scheme has
three advantages. First, the results show that if the off-line
was trained in the first environment (dashed line in figure 3)
it has a poor ability to perform in the changed environment,
in contrast with the online scheme. The results demonstrate
the benefit of using an adaptive feature selection method in-
stead of a comprehensive one, which is fixed after training
and cannot adapt to a changing environment. Second, the
online method outperforms the off-line trained with both
subclasses (dash-dot line in figure 3). By maintaining the
most recent examples only (Section 2), the online method
is shown to specialize in the current environment. Finally,
when tested separately on each data-set, the performance
of the online method does not fall from that of the off-line
method trained specifically on that data-set (2 bottom rows
in table 1). These results are surprising considering the ap-
proximations made by the online algorithm, and its limited
capacity for examples. They suggest that the more efficient
on-line algorithm can be a viable alternative to comprehen-
sive methods even when the training set is fixed.



4 Conclusions

We presented a novel method for learning classification
features in an online environment. The method enables
classification systems to continuously improve the features
they use for classification, and consequently continuously
improve the overall classification performance. The method
overcomes limitations of current methods which first use a
set of training examples to select classification features, and
then use the features for all future applications of the classi-
fier. The online method has the ability to adapt effectively to
drifting distributions. In fixed environments, using limited
computational resources, the online method continuously
improves, and with sufficient training will outperform off-
line selection methods. The method can also be employed
for efficiently exploring sets of features that are much larger
then the ones used today by classification systems.

Several extensions to our method may be considered.
The feature evaluation method can be improved by consid-
ering higher order dependencies between features, as sug-
gested in [14], in addition to second order dependencies,
considered by our method. It may also be of use to consider
feedback from the classifier’s performance affecting the fea-
ture selection during the online process, enabling it to focus
on specific features for difficult examples. Such a feedback
may also be used to automatically determine the required
number of features (k). For modelling biological vision, it
will be of interest to enable the algorithm to operate in the
limiting case l = 1, where the system makes continual ad-
justments without explicitly storing multiple examples.

The proposed method provides a solution for a key com-
ponent in the online learning scheme, the feature selection
stage. Future work should examine the on-line learning of
other aspects of the learning process, such as on-line setting
of the optimal detection thresholds for the selected features,
and training the parameters of the classification function.
This will lead in the future to complete online learning sys-
tems, which no longer depend on a fixed training set.
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