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Abstract

Online learning methods are typically faster and have a much smaller mem-
ory footprint than batch learning methods. However, in practice onlin@desr
frequently require multiple passes over the same training data in order to@chie
accuracy comparable to batch learners. We investigate the problem lef-pass
online learning, i.e., training only on a single pass over the data. We comgare th
performance of single-pass online learners to traditional batch learantywe
propose a new modification of the Margin Balanced Winnow algorithm that can
reach results comparable to linear SVM for several NLP tasks. We afdorex
the effect of averaging, a.k.aoting on online classifiers. We provide experimen-
tal evidence that voting can be successfully used to boost the perfoerohsev-
eral single-pass online learning algorithms. Finally, we describe how tiuifigid
Margin Balanced Winnow algorithm proposed can be naturally adaptedftoripe
online feature selection. This scheme performs comparably to informatiomgain
chi-square, with the advantage of being able to select features onxthe-fl
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1 Introduction

There are several reasons to use online learning methodsn ¥dnepared to batch learning, on-
line methods are usually faster, simpler to implement anve laamuch smaller memory footprint.
Online learning methods have been the subject of researchdny years [12]. The Winnow al-
gorithm, for instance, was proposed in the 1980s [20]. Samtialiexperimental work on Winnow
was performed by Dagan et al.[11] and Blum [5], suggesting\Wianow-based learners can be
very successful in tasks such as calendar scheduling ahdategorization. In fact, some of the
appealing theoretical properties of Winnow include thditgitio effectively handle domains with
high dimensionality and sparse data [12].

More recently, a different implementation of Winnow hasvao successful in the task of email
folder classification [3]. By using a “wide-margin”, conside all features binary and training
Winnow using several passes through the data, Bekkerman etathed performance numbers
comparable to standard batch leaning algorithms such as &\Mdgistic Regression.

Online learning algorithms have been traditionally trainesing several passes through the
training data [3, 11, 16]. In the current work we address tioblem of single-pass online learning,
i.e., online learning restricted to a single training pagsrdhe available data. This setting is
particularly relevant when the system cannot afford séyersses throughout the training set: for
instance, when dealing with massive amounts of data, or wi@mory or processing resources
are restricted, or when data is not stored but presentedtreans.

Here we experimentally compare the performance of diffeoafine learners (ROMMA, Per-
ceptron, Passive-Aggressive, Winnow, Balanced Winnow,tettraditional batch learning in the
single-pass setting, and we introduce a new online algarith MBW or Modified Balance Win-
now — that outperforms all other single-pass online lea@@rd achieves results comparable to
Linear SVM in several NLP tasks.

Voting (a.k.a. averaging) an online classifier is a techaithat, instead of using the best hy-
pothesis learned so far, uses a weighted average of all ingped learned during a training pro-
cedure. The averaging procedure is expected to produce stadyle models, which leads to less
overfitting [14]. Averaging techniques have been succdgsiisged on the Perceptron algorithm
[16], but never in other online learners such as Winnow, irassggressive[10] or ROMMA[19].

In the current work, we provide a detailed performance campa on how averaging affects the
aforementioned online learners when restricted to a silgglening pass only. Results clearly
indicate that voting improves performance of most mistdikeen learning algorithm, including
learners to which it has not traditionally been applied.

Feature selection techniques provide an efficient way tdkwioth datasets that have a large
number of features, or in settings with limited memory reses. Selecting the “most meaningful”
features from a large dataset can reduce training and gdstes, facilitate data visualization and
understanding, reduce memory requirements and, in sonss,casprove prediction accuracy.
There are several available techniques to do feature seidot NLP tasks, but extending such
feature selection techniques to the online learning geimot straightforward. In the online
setting, the entire feature set is not known in advance, haedybal is to refine the model every
time new examples are presented to the learner. Not only @arfeatures be added to the model
at each time step, but also features previously selecteteatiscarded from the model. Batch
techniques for feature selection are known, but are expetsiapply in an online setting.

In this work, we propose a very simple and fast Online Fegalection (OFS) scheme based
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on the “extreme” weights stored by MBW. Performance resuéarty indicate that this scheme
can be effectively applied to NLP problems, being compatitvith Chi-Square or Information
Gain, but having the advantage of selecting the best featurghe-fly.

This report is organized as follows. Section 2 presentgdifit mistake-driven online learners
and introduce the MBW algorithm. Section 3 presents the gadtchnique as a generic scheme
for online learning. Section 4 compares the learner’s tesahd presents the first two contribu-
tions: the impressive results of MBW in NLP tasks and the baogterformance by averaging
classifiers in non-NLP datasets. The last contribution efghper is presented in Section 5, where
we introduce a new online feature selection scheme baseldeoMBW learner and demonstrate
its effectiveness. Finally, Sections 6 and 7 present ttaeelwork and our conclusions.

2 Online Learning Methods

There are several reasons to use online learning methods) ¥éhgpared to batch learning, online
methods are usually faster, simpler to implement and havaaresmaller memory footprint. For
such reasons, these techniques scale up very well to veyy saale systems. Additionally, they
can easily be converted to batch algorithms.

The general format of mistake-driven online learning athyons is described in Figure 1. For
each new example, presented, the current model will make a predictipre {—1,1} (based
on the score functiorf, the exampler; and the current weight vectar;), and compare it to the
true clasgy, € {—1,1}. In the case of a prediction mistake, the model will be updlaRifferent
mistake-driven algorithms will differ in terms of the scdtaction f and in the way the weights
w; are updated, as we shall detail in the next sections.

Table 1: Mistake-Driven Online Classifier.

1. Initializei = 0, success counter = 0, initial modelw
2. Fort=1,2,...,7Tdo:

(@) Receive new example
(b) Make predictiory; = f(w;, ;) and receive true clags
(c) Comparey; to y;. If prediction was mistaken:
i. Update modetv; — w;yq
. i=i+1
(d) Else
i.ci=c+1

2.1 Perceptron, ROMMA and Passive-Aggressive

Initially proposed in 1958 [25], the Perceptron algorithees a very simple and effective update
rule. The initial modely, is usually a vector with zero weights only. Its decision fumt is given
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by f = sign({zy, w;)) = sign(}_; wlx]), wherez] is the weight of the input elemerjtin the
incoming examplex; andw{ is the weight of element in w;. The model is improved based on
additive updates, i.ew; .1 = w; + x; - y;. In spite of its simplicity, given a linearly separable
training set, the Perceptron algorithm is guaranteed todirdlution that perfectly classifies this
training set in a finite number of iterations.

The Passive-Aggressive algorithm [10] is also based ortigddipdates of the model weights.
However, the update policy here is based on an optimizatioblem closely related to the one
solved in Support Vector Machine techniques. The initiabedav, is usually a vector with zeros
only. Used in classification mode. Its decision functioniigeg by f = sign({x;,w;)), and the
update rule isv;.1 = w; + z; - y; - 7. The scaling factor; in non-realizable cases should follow:

Loss(zy,w;) € =y (x4 - wy)

(1)

T = —
U e wlP 4yl wl®
where the relaxation parameter> 0, ande is the insensitivity parameter.
The Relaxed Online Maximum Margin Algorithm, or ROMMA [19hdrementally learns lin-
ear threshold functions. It attempts to find a function tHassifies previous examples correctly
with a maximum margin. ROMMA uses additive as well as multiglive updates to the model
weights. The initial modely, is set as a vector of zero weights only. When this classifieségslu
in non-aggressive mode, its decision function is giveryby sign({(z;, w;)), and the update rule
iISw; 11 = ¢ - w; + x4 - dy;; where the multiplicative and additive update coefficieants given by:

2 2
¢, = Izl lwill” = e (e - wi) @

- 2 2 2
e [|wsl|” — (¢ - ws)

el o |* = (e - 2wi)®

2.2 Winnow-based Learners

We present three learning algorithms based on the Winnowegin Positive Winnow, Balanced
Winnow and the Modified Balanced Winnow. For all three, we assthe incoming example,

is a vector of positive weights, i.e:] > 0, Vt and¥;. This assumption is usually satisfied in NLP
tasks, where the/ values are typically the frequency of a term, presence cdtfe, TFIDF value
of a term, etc.

In preliminary experiments, we found that the Winnow vatsaperformed better if we ap-
plied anaugmentatiorand anormalizationpreprocessing step, in both learning and testing phases.
When learning, the algorithm receives a new exampleith m features, and it initialllaugments
the example with an additional feature(the + 1) feature), whose value is permanently set to
1. After augmentationthe algorithm themormalizesthe sum of the weights of the augmented
example to 1, therefore restricting all feature weights to :):i <1.

In testing mode, thaugmentatiorstep is the same, but there is a small modification in the
normalization Before the normalization of the incoming instance, the wtigon checks each
feature in the instance to see if it is already present in threeat model {v;). The features not
present in the current model are then removed from the ime@pmstance before the normalization
takes place.



2.2.1 Positive Winnow

Positive Winno20] is a popular Winnow-based algorithm with 3 parametarpromotion para-
metera > 1, a demotion parametet, where0 < 5 < 1, and a threshold parametgy, > 0.

Let (x;, w;) denote the inner product of vectars andw;. Positive Winnow uses a decision
function given byf = sign({x;,w;) — 0;,), and the update rule is: For glls.t. xi > 0,

j w! o ify >0
Wit1 =9 -
w) - B, ify, <0

2.2.2 Balanced Winnow

Another version of Winnow that has been successfully uséldriterature is Balanced Winnow.
Here, the modelv; is a combination of two parts: a positive modgland a negative modei}.
Balanced Winnow also has a promotion parametea demotion parameter and threshold,;,
which follow the same range restrictions previously sedRaaitive Winnow.

The score function ig = sign({z, u;) — (x,v;) — 6y,), and the update rule follows from:

vl B ify >0
vl o ify, <0

(2

. : ToaLify, >0 :
Foralljinz: wul,= wi T b and vl ; =
uz ’ ﬁ 7|f Yt <0
The initial model:, andv, are respectively set to the positive valdgsandd; in all dimensions.

Despite their simplicity, Positive Winnow and Balanced Winnare able to perform very well
in different NLP tasks [3, 5, 11]

2.2.3 Modified Balanced Winnow

We introduce here a modified version of the Balanced Winnowrélgn. TheModified Balanced
Winnowalgorithm, henceforth MBW, is detailed in Table 2.

Similar to Balanced Winnow, MBW has a promotion parametea demotion parametet,

a threshold parameté#y;, and it also uses the same decision function as Balanced Wijnreow
f = sign({zy,w;) — (z,v;) — Oy,). The initialization is the samer, andv, are respectively set to
the positive value§;” andd, in all dimensions. However, there are two modifications.

The first modification is the “thick”-separator (or wide-rgan) idea used in [11]. The predic-
tion is considered mistaken, not only wheris different fromy;, but also when the score function
multiplied by y; is smaller than the “margind/, whereM > 0. More specifically, the mistake
condition is(y; - ({xy, u;) — (x4, v;) — Ow,)) < M.

The second modification is a small change in the update rsles) that each multiplicative
correction will depend on the particular feature weighthe thcoming example. The change is
illustrated in Table 2.

The second modification is a small change in the update nulesder to make it more aggres-
sive. The MBW update rules for aflin z, are:

; w - (1+a]) Jify, >0 ; vl B (1—a]) ify, >0
ugH = j i and Uzqﬂ =9 i
T"0-(1—ua) ,ify, <0 vl ca-(T+a)) ,ify, <0



Table 2: Modified Balanced Winnow.

1. Initializei = 0, success countef = 0, initialize modelsuy andwvg
2. Fort=1,2,...,T do:

(a) Receive new example, and augment it with “always-on” feature.
(b) Normalizez; to 1.
(c) Calculatescore = (xy,u;) — (x4, v;) — Ogp.
(d) Receive true clasg.
(e) If prediction was mistaken, i.esdore - y;) < M:
i. Update models. For ajl in x;:

j ul o (L+a]) | if g >0
Yit1 =934 0y
w - - (1—af) ,ify, <O

o - v{-ﬁ-(l—x{) Jfye >0
i vl ca-(T4a)) ,if gy <0
i i=i+1
() Else
i.ci=c+1

3 Averaging (a.k.a. Voting)

Averaging a classifier is a technique that, instead of usiedest hypothesis learned so far, uses a
weighted average of all hypotheses learned during thamig@procedure. The averaging procedure
is expected to produce more stable models, which leadssmiesfitting [14].

An averaged version of the Perceptron learner (a.k.a. \@&deptron or v-P) is described in
[15]. In this work the final hypothesis of the Perceptron heairis an average of the intermediary
hypotheses weighted by the number of correct predicticatsetich hypothesis made in the learning
process. More specifically, referring to Table 1, the avedamodeko, would be expressed as:

wa:%Zwi~Ci

, Whereg; is the number of correct predictions made by the intermgdigpothesisv;, andZ =
>, ci is the total number of correct predictions made during ingn

Averaging can be trivially applied to any mistake-driverio@ algorithm. In the current work
we apply it to all learners presented previously and we itef@rusing a “v-" prefix (from Voted).
For instance, v-Winnow and v-ROMMA refer to voted (or avexdgversions of Winnow and
ROMMA, respectively.



4 Experiments

4.1 Datasets

The algorithms described above were evaluated in sevetasets, from different sources. The
RequestActiataset [8] labels email messages as having a “Request spetech not. In addition

to the single word features [8], all word sequences with gtlerof 2, 3, 4 or 5 tokens were
extracted and considered to be different features. RéguestActlataset has 70147 features and
518 examples. Th8pamdataset has 3302 examples and 118175 features. The taslatetd
spam email messages [1]. TBeamdataset has 3836 examples and 121205 features. Here we
attempt to separate “Scam” messages from the others [1]. REltersdataset [18] has 11367
examples and 30765 features. We attempt to classify thgaatémoney” [2]. The20newsgroup
dataset [21, 22] has 5000 examples and 43468 features, @pdaiblem is classifying newsgroups
posts according to one of the topics. THevieReviewsataset [23] has 1400 examples and 34944
features. In this problem we try to associate a positive gatiee sentiment with a movie review.
TheWebmastedataset has 582 examples and 1406 features. The task issdyclaeb site update
requests as “Change” from “Add or Delete” [9].

The Signatureand theReplyTodatasets are related to the tasks of detecting signat@® dind
“reply-to” lines in email messages, respectively, usingaait set of features [6]. Both datasets
have a total of 37 features and 33013 examples.

The next datasets were obtained from the UCI data reposifing Adult dataset originally
had 14 attributes and, using only the training partitionvted, 30162 examples. Examples with
missing attributes were discarded and the 8 nominal atesbwere turned into different binary
attributes. The final dataset had 104 different attribuidése Congressionatlataset has 16 binary
features and has 435 examples. Tredit (or Japanese Credit Screening) dataset has 690 ex-
amples and 15 features originally. After removing exammléh missing attributes and turning
nominal attributes into different binary features, theadat had 46 features and 653 examples.
The Adsdataset (or Internet Advertisements) has 3279 example$ZbRifeatures, mostly binary.
Missing features were disregarded in this data. WiecBreastlatabase represents the breast can-
cer database obtained from the University of Wisconsin. d&@ has 9 integer-valued features,
and after removing examples with missing attributes, d twit&d83 examples and 89 features re-
mained. TheNurserydataset has 12960 instances and originally 8 nominal fesitétfter turning
nominal features into different binary features, 89 feaguran be found in the dataset. The task
here is to distinguish between “priority” and the other stxs

4.2 Parameters and Baselines

We used an implementation of Passive-Aggressive with patense = 1 and~y = 0.1; these
values were arbitrarily chosen based on preliminary tests.

In all Winnow variants, we set the promotion parameiet 1.5 and the demotion parameter
# = 0.5. These are the same values used in previous Winnow implenamt [3, 5]. Additionally,
all Winnow variants used threshalg, = 1.0 motivated by the fact that all incoming examples go
through thenormalizationpreprocessing step. Also motivated by tleemalizationprocedure, the
“margin” M was set to 1.0 in MBW.

Based on ideas from Dagan et. al. [11], the initial weightsasitte Winnow were initialized



asf, = 1.0, and in Balanced Winnow & = 2.0 andf, = 1.0. Similar to Balanced Winnow,
the MBW initial weights weré)] = 2.0 andfd, = 1.0. Table 3 summarizes the parameters values.

For comparison, we added performance results of two popedaning algorithms that are
typically used in batch mode: line&VM (Support Vector Machine) aridaive Baye§21]. Results
were evaluated in terms of Error Rate or F1 measures. F1 isaifmedmic precision-recall mean,
defined a1 = 2-Precision-Recall

Recall+ Precision *

Learner Parameters

Passive-Aggressivee = 1 andy = 0.1

Winnow a=1.506=0.5,60 =1.0,00=1.0

Balanced Winnow | o = 1.5, 8 = 0.5, 6y, = 1.0, 6 = 2.0, 65 = 1.0

MBW a=158=050,=10,05 =200 =1.0,M =1.0

Table 3: Parameters of Learners

4.3 Results
4.3.1 Experiments

Initially we evaluated the general classification perfonce of the algorithms in 5-fold cross-
validation experiments. All algorithms were trained usordy a single pass through the training
data. Results are illustrated in Tables 4 and 5.

Table 4 describes the performance of five different onlinehoets, along with their voted
versions. The first eight datasets in Table 4 are NLP-likagkts, where the feature space is very
large and the examples are typically “sparse”, i.e., thelvenof non-zero features in the examples
is much smaller than the size of the feature space. The leshsatasets (non-NLP) in Table 4
have a much smaller feature space and the examples are negt.spa

Median F1 values and the average rank values over the twereliff types of data are also
included in Table 4. The best results for each dataset areaitedl in bold. Two-tailed T-Tests
relative to MBW are indicated with the symbols # € 0.05) or ** (p < 0.01).

In general, the non-voted Winnow variants performed bdtiezher Median F1 and lower
Avg. Rank) than non-voted Passive-Aggressive or non-vo@iRA on both types of datasets.
Passive-Aggressive typically presented better resudis ROMMA; and Balanced Winnow out-
performed Positive Winnow in almost all tests. MBW outperied all other online learners for
NLP datasets, and also all other non-voted learners forNidA-datasets.

We compare MBW results to the batch learners SVM and Naive Bay&gble 5. This Table
illustrates F1 results along with their standard errorsSgiM, Voted Perceptron (or v-P), MBW,
v-MBW and Naive Bayes learners. Similar to Table 4, the dasaaet presented in two groups
(NLP and non-NLP) and best results are indicated in bold.

From Tables 4 and 5, it is important to observe that the MBWherindeed reaches impressive
performance numbers in the NLP-like datasets, outperfugrall other learners — including SVM.
The MBW performance in the NLP dataset is very encouragind,samore detailed analysis of
the behavior of this learner on NLP datasets will be presemt&ection 4.3.3.

We used the LIBSVM implementation [7] with default paranmste
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NLP Datasets| MBW | PW BW PA ROMMA | v-MBW v-PW v-BW v-PA  v-ROMMA

RequestAct | 76.7 | 67.0 62.6* 68.9° 09.6* 67.3* 46.8* 59.0* 60.2* 5.6"

Spam 95.8 | 93.8* 944 93.1* 83.1* 95.8 94.0* 96.2 93.3* 73.3*
Scam 99.9 | 96.5* 98.4* 99.2* 97.3" 99.8 98.4* 99.6 97.6* 95.6
Reuters 95.9 | 93.8* 94.0* 955 91.9 96.9* 95.8 96.2 96.3 904

20newsgroup| 93.7 | 81.6* 86.6* 81.1* 66.9" 91.9 82.7* 87.3* 73.9* 5b3.7*
MovieReviews| 75.1 | 66.8* 74.5 28.8* 57.1* 77.2 63.0* 68.9* 67.5* 24.8*

Webmaster 88.6 | 82.5 85.6 82.5 79T 86.7 82.0 86.8 86.7 63.8"
Ads 81.3 | 73.& 72. T 70.0¢*  19.7 78.2 717 72.2* 63.6"* 17.2*
Median F1 91.1 | 82.0 86.1 81.8 73.0 89.3 82.3 87.0 80.3 58.8
Avg. Rank 1.75 | 6.12 4.62 6.12 8.75 3.71 6.25 3.50 5.75 10.0
nonNLP Data.

Sig 80.2 | 66.4* 74.1* 67.0¢ 60.9°* 80.3 80.2 80.3 79.6 79.6
Reply 93.4 | 89.9 93.2 92.0 90.0 935 93.6 93.6 94.2 94.2
Adult 25.0 | 46.7* 447 13.4* 41.8* 19.6** 49.8* 49.1* 18.8* 41.0*

Congress 942 | 9255 93.6 92.4 93.3 96.0 94.3 95.2 94.3 92.5
Credit 72.1 | 79.1 74.3 46.2 59.3* 79.7 78.1 77.3 60.0° 66.9
Wisc 96.8 | 96.4 96.3 975 96.0 97.2 96.9 96.7 97.4 95.7

Nursery 69.6 | 55.8 69.1 72.0 68.3 69.6 80.3* 83.I'* 86.3* 85.8*

Median F1 80.2 | 79.1 74.3 72.0 68.3 80.3 80.3 83.1 86.3 85.8

Avg. Rank 5.57 | 7.00 6.42 7.42 8.28 3.71 3.14 3.14 4.28 571

Table 4: General Performance of Single-Pass Online Learn&l measures (%). PW=Positive
Winnow, BW=Balanced Winnow, PA=Passive-Aggressive. The oymband ** indicate paired
t-Test statistical significance (relative to MBW) wiph< 0.05 andp < 0.01 levels, respectively.

In the non-NLP tasks, however, SVM shows much better resiéts all other learners and
MBW is not competitive at all. In fact, the Voted Perceptronuebprobably be the best choice for
single-pass online learning in this type of data. It is iagting that the Voted Perceptron performs
so well in non-NLP tasks and so poorly in NLP-like datasets.

In general, non-voted Winnow variants perform better in Nike than in non-NLP datasets.
This agrees with the general intuition that multiplicatiyedates algorithms handle well high di-
mensional problems with sparse target weight vector (figpbthesis has many weights close to
zero)[11].

4.3.2 Effect of Voting

Tables 4 and 5 present the overall effect of voting over tletiypes of datasets. These results can
be visualized in Figure 1. This figure shows the extent to Whating can improve different online
learners, and in which specific dataset types. In all fouplgsathe F1 values of voted learners are
placed in the y-axis, while the F1 measure of the non-votachkrs are displayed in the x-axis.

From Figure 1 we can see that voting improves the performanhad online learners for
non-NLP datasets: most points are above the (x=y) line. Kevwéor the NLP-like datasets, the
improvements due to averaging are not as obvious. For iostam Balanced Winnow, a small
improvement can be observed, particularly when the F1 gauve high. On Positive Winnow and
Passive-Aggressive, it is not clear if voting is benefidiadr ROMMA, voting visibly deteriorates
the performance. For MBW, voting seems to causes a smallrpaatftce deterioration.

In summary, voting seems to be a consistent and powerfulaiagast the overall performance
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SVM v-Perceptron MBW v-MBW Naive Bayes
RequestAct | 68.0+1.5 | 654429 | 76.7+25 | 67.3+2.2 | 56.85+ 2.67
Spam 96.7+1.1 | 69.0+3.3 | 95.7+0.4 | 95.7+1.8 97.44+ 0.3
Scam 99.0+0.3 | 94.2+1.8 | 99.94+0.08| 99.84 0.1 | 99.62+ 0.21
Reuters 96.7+ 0.07 | 96.3£0.17 | 95.94+0.21 | 96.8+ 0.48 | 85.52+ 0.54
20newsgroup | 88.84+0.39| 67.9+28 | 93.7+0.4 | 91.94+0.8 | 94.42+ 0.77
MovieReviews| 78.54+1.26 | 71.4+0.65 | 75.1+0.9 | 77.1+1.07 | 71.85+ 0.71
Webmaster | 88.9+25 | 88.54+1.69 | 88.64+1.9 | 86.6+2.12 | 77.38+ 4.51

Ads 80.5+1.28 | 58.0+£10.1 | 81.3£1.2 | 78.2+1.69| 52.5+0.72
Median F1 88.8 70.2 91.1 89.3 81.45
Avg. Rank 2.25 4.25 2.12 2.62 3.62

Signature 80.3+1.2 | 80.2+1.58 | 80.2+1.4 | 80.3+1.32| 73.88+ 1.37
Reply-to 94.840.8 | 94.3£0.95 | 93.4£0.7 | 93.5+1.23 | 93.98+ 0.83

Adult 323+0.7 | 26.6+0.9 | 25.0+1.1 | 19.6+0.8 | 41.0+6.7
Congressionall 96.2+ 1.0 | 95.7+0.86 | 94.2+ 0.5 | 95.94+1.19| 91.74+ 1.83
Credit 80.24+5.0 | 59.54+1.79 | 72.1+4.5 | 79.6+2.69 | 66.78+ 3.10

WiscBreast | 96.6+0.89 | 97.1+0.39 | 96.8+£0.5 | 97.2+ 0.4 98.2+ 0.3
Nursery 87.1+0.2 | 86.8+£0.56 | 57.0+£0.6 | 69.6+0.4 84.4+ 0.3

Median F1 87.1 86.8 80.2 80.3 84.4

Avg. Rank 1.71 3.00 4.00 3.00 3.14

Table 5: General Performance - F1 measure (%)

of very distinct single-pass online classifiers for non-NdaBks. In NLP tasks, voting does not
seem to bring the same benefits.

4.3.3 MBW Learning Curves

In previous sections we showed that single-pass MBW obtairsisingly good results for differ-
ent NLP tasks. Here we take a closer look in the learning riteese algorithms, presenting a
more detailed comparison with linear SVM and Voted Perceptr

Figures 2 and 3 present, respectively, different test satrféltest error rate learning curves for
all eight NLP datasets. Each one of the figures illustratgoréormance of MBW, Voted-MBW,
Voted Perceptron (v-P) and SVM as a function of the numbexafgples presented to the learner.
To mimic an online behavior from SVM, it was trained when thistflO examples were presented
and, after that, retrained anytime the training set sizeegmed in 10%. A random split of 1/5
of the data was used as the test set, and the training set esenped to the learner sequentially.
Similarly, Figure 4 illustrate the training error, i.e.,etmumber of mistakes committed by the
algorithm during the learning process.

Figures 2, 3 and 4 clearly indicate that the Voted Perceptemtypically the lowest perfor-
mance, usually requiring more training examples than therdearners to reach the same per-
formance levels. MBW presents impressive performance int mwses. Due to its aggressive
updates, MBW tends to show more peaks in performance thanB\W, particularly in early
learning. Voted-MBW curves are smoother because it compendae aggressive MBW updates
with the averaging scheme. In general, the performancesB}VMind Voted-MBW are much
closer to SVM's performance than to Voted Perceptron’s.

By combining excellent single-pass performance with theabadvantages of online learners,
MBW presents several desirable characteristics for NLPstagk addition to that, MBW can
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Figure 1: Effect of Voting Online learners

naturally be adapted to do effective feature selectionerotiiline setting, as we will see in Section
5.

5 Online Feature Selection

5.1 Introduction

Feature Selection techniques provide an efficient way ti&wath datasets having a large number
of features, or in settings with limited memory resourcesle&ing the most “meaningful” fea-
tures from a large dataset can reduce training and testimgstifacilitate data visualization and
understanding, reduce memory requirements and, in sones,dagprove prediction accuracy. It
can also be important for NLP tasks where the feature setasgihg, and it is necessary to keep
the size of classifiers from growing without bound.

Feature selection for NLP tasks is usually performed intbatode. Given a dataset, all fea-
tures are ranked according to some estimate of their “stinénig this particular task, and the
selection is based on such a ranking. Examples of commoncs&ir feature selection are Infor-
mation Gain and Chi-Square [13, 26].

Extending such batch feature selection techniques to tlieedearning setting is not obvious.
In the online setting the complete feature set is not knowadwvance. Also, it would be desirable
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to refine the model every time new examples are presentee fedihner: not only by adding new

meaningful features to the model, but also by deleting uontgmt features that were previously
selected. Adapting the batch techniques to the onlinengettould be very expensive, since each
score of each feature would need to be recalculated aftey aegv example.

5.2 Extremal Feature Selection

As previously seen, the MBW learner reaches very good pedonoain NLP tasks with a single
learning pass through the training data. Here we proposgyaiaple and very fast Online Feature
Selection scheme calldektremal Feature Selectiofor EFS), based on the weights stored by the
MBW learner.

The idea is to rank the feature importance according to tfierdhce (in absolute value) be-
tween its positive and negative MBW weights. More specificalt each time the importance
scorel of the featuregj is given by

[tj = ‘ui — vi‘

whereu] andv/ are the positive and the negative model weights for feature

After the scored; are computed, it would be expected that the largest valuesspond to the
most meaningful features to be selected at each time stepvdlel also expect that the lowest
values off/ correspond to the most unimportant features, prone to lstatefrom the final model.

In fact, a detailed analysis in the 20newsgroup datasetatelil that these low score features are
typical stop words “as, you, what, they, are, do, was, be, no, have, to, not”.

In preliminary experiments, however, we observed an uneepeeffect: performance is im-
proved by selecting not only the higheStvalued features, but also a small number of features
with the lowest values. Thus, as illustrated in Figure 5, EE&s not only the extreme tdpfea-
tures, but also a small number from the extreme bott®mFor instance, in order to select 100
features from a dataset, EFS would select 90% of these 10@résarom the extreme top and
10% from the extreme bottoif3.

The effectiveness of this idea can be seen in Figure 6. Thisefiglustrates the MBW test
error rate for different numbers of features selected irtii@ing set. More specifically, we first
trained a MBW learner on the training set and then selectedetiterres according té/-values
andP. We then deleted the other features (non-selected) froB¥ model and used this final
model as test probe. We used a random split of 20% of the 2@mews data as the test set, and

the remaining as training examples. The quotiént T%B represents the fraction of the selected

features with high-scorg/. For exampleP = 0.7 indicates that 70% of the features were selected
from the top and 30% from the bottom; atl = 1 indicates that no low-score features were
selected at all.

As expected, the performances in Figure 6 improveé’aascreases — since selecting more
high score features translates to better selection ovérhais general behavior was also observed
in all other NLP datasets. However, the conditiBn= 0.9 seems to outperform the condition
P =1, specially for non-aggressive feature selection (i.e emtine number of selected features
is relatively large). This unexpected behavior was alsepfesl in most NLP datasets (see also
Figure 7). It indicates that there is a small set of low scesdures that are very effective to the
proposed online feature selection scheme.
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We speculate that the importance of these low score featsinedated to a smoothing-like
effect in the MBW learner. Recall that MBW usesnarmalizationpreprocessing step that is
susceptible to the number of non-zero features in the incg@xample, and the low-score features
are frequently found in most examples.

5.3 Comparative Results

Similar to Figure 6, Figure 7 and 8 show test error rates ientlatasets for different numbers of
features selected in the training set. Again, 20% of thewataused as the test set and the quotient
P = L represents the fraction of the selected features with kaghe!l/ . Figure 7 also illustrates
MBW performance using two popular batch feature selectibeses: Information Gain (IG) and
Chi-Square(CHI).

Figures 7 and 8 reveal that EFS with= 0.9 has a performance comparable to IG and CHI. In
one of the experiments (MovieReviews) the EFS performansxeaerally better than I1G or CHI
in almost all feature selection ranges. Reuters was the @tfsdt where the traditional methods
outperformed EFS, but only for very aggressive featurectiele— when only a small number of
features is selected.

EFS results are very encouraging. The ability to perforractife online learning and feature
selection in the same framework can largely benefit systemst@ined by limited resources.

6 Related Work

Online learning methods have been the subject of researahdoy years [12]. The Winnow algo-
rithm, for instance, was proposed in the 1980s [20]. Sombaefppealing theoretical properties
of Winnow include the ability to effectively handle domamgh high dimensionality and sparse
data [12]. Some initial experimental work on Winnow was parfed by Dagan et al.[11] and
Blum [5], suggesting that Winnow-based learners can be wergessful in tasks such as calendar
scheduling and text categorization. In another task, @mifft implementation of Winnow has
proved successful for email folder classification [3]. Cdesing all features binary and training
Winnow using several passes through the data, Bekkerman etadhed performance numbers
comparable to standard batch learning algorithms such 8 @&\Logistic Regression. In general,
in order to achieve the same performance of batch algoritomge learners have traditionally
been trained using several passes through the training data

Voting (a.k.a. Averaging) a classifier is a technique thagiead of using the best hypothesis
learned so far, uses some weighted average of all hypothteme®ed during the training proce-
dure. The averaging procedure is expected to produce maléeshodels, which leads to less
overfitting [14]. Averaging techniques have been succdggfised on the Perceptron algorithm
[16], but never in other online learners such as Winnow, irasgsggressive[10] or ROMMA[19].
In the current work, we provided a detailed performance amspn on how averaging affects the
aforementioned online learners when restricted to a siegleing pass. Results clearly indicate
that averaging does improve the performance of single-galgse learners for non-NLP tasks.

Even though there are several available techniques to @b bedture selection for NLP tasks
[13, 26], literature on Online Feature Selection is spaEsdending such feature selection tech-
nigues to the online learning setting is not straightfodvaOne of the few methods that can
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actually add or delete features on-the-fly is Grafting [2&afting is based on a a regularized

risk framework, where selections and deletions are deddsdd on the results of an optimization
procedure. Some other methods that can be adapted to pesfdime feature selection to some

extent are described in [17]. Compared to these previous@fgature selection schemes, EFS is
faster and simpler to implement.

7 Conclusions

In this work we considered several methods to improve thiopeance of Winnow-based classi-
fiers. We first provided a thorough performance comparisoorgndifferent mistake-driven online
learning algorithms, including three different versiofigddinnow. One of these Winnow modifi-
cations, MBW, showed excellent performance when trainedgusnly a single pass through the
data, with numbers competitive with linear SVM for severalMN\tasks.

We then considered using the averaged hypothesis tech@dua. Voting) on all implemented
online learners. Averaging techniques have been suctlgassed on the Perceptron algorithm for
a while, but never in Winnow, ROMMA or other online learnerd/e showed that the voting
technique considerably improves the classifier perforradoicthe Winnow-based learners, and is
also effective for ROMMA learner and the Passive-Aggrest»arner for non-NLP datasets.

We also implemented the external regret minimization seéhproposed by Blum [4]. Using a
Positive Winnow implementation, we measured measuredftaet ®f such scheme for different
datasets. In general, no consistent improvement or dedéioa in performance was observed in
our tests.

Finally, we proposed a new online feature selection schaiedcExtremal Feature Selection
(or EFS) based on the Modified Balanced Winnow learner predeBfFS is fast, simple to imple-
ment and naturally suited to the online learning setup. Vsvsk that it can reach performance
numbers comparable to traditional batch feature seletdidmiques such as Information Gain and
Chi-Square. Results are very encouraging, indicating th& &#n be a good alternative not only
to online feature selection but also to traditional batatdes selection.
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Figure 2: F1-values Learning Curves on eight NLP-like Datase
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