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Abstract. Supervised learning typically requires human effort to label a large
number of training instances. Active learning strives to decrease tinderuof
labeled training examples needed by actively engaging the learner amd-the
man in an interactive process. Active learning has proven to be effantmany
domains. With few training examples, past work has found that usarlprawl-
edge on the importance of features, or interactive feature feedtatlguide the
learner to converge faster, that is, with lower labeling costs. In this pa@aim

to understand the kinds of problems for which such extra feedbacgigméi-
cantly beneficial. In other words, we ask what kind of problems carifigntly
benefit from interactive learning and whether for some problems tiehas no
choice but to engage in the tedious process of labeling many examplesrdeo
this goal, we define a set of four difficulty measures, 2 each of insemtéeature
complexity, for linear classification problems. These measures caieaffi be
computed for real world problems for which linear classifiers arectife, such

as text classification.

We quantify the difficulty of 358 text classification problems and 9 corpsiag

our measures, illustrating the spectrum of problems that exist in texifedass
tion in addition to quantifying results that have only been qualitatively discusse
in the text classification literature. We verify the intimate relationship (a high pos
itive correlation) between feature complexity and instance complexity waing
measures. We then use these measures to understand when feadbeeckeis
likely to be very useful. We observe that many problems in the commormgt us
data sets are of low to medium complexity, that is, only roughly 10s of well se
lected features are required to gain most of the maximum attained parioem
on such concepts. We find that learning these kinds of problems elbpstaads

to benefit from feature feedback.

We note that our empirical difficulty measures and the rankings of probénd
domains are of independent interest, beyond the active learning setting.

1 Introduction

Some concepts are easier to grasp by humans than otherscaéfople, a human can
probably grasp the concept of a “bird” with a few illustratiexamples, or by a defi-
nition that lists the key properties of a bird (that it hastifieas, a beak and so on). By



contrast, to learn the concept “art” a human probably nedeé¢ many more examples
and the key features can probably not be listed as easilyegstuld for “birds”. Much
work has been done in the field of cognitive science in trymgnderstand why some
concepts can be learned faster than others and we refet¢hested reader to the works
of Feldman [9], Chater [19] and others [28]. Feldman triedHharacterize human error
on concepts as a function of the Boolean complexity (thetleafithe shortest logically
equivalent propositional formula) of a concggtie found a ‘surprising’ (in his words)
empirical ‘law’: the subjective difficulty of a concept in man learning is directly pro-
portional to the Boolean complexity of the concept. In thsrkvwe wonder about the
variability in concept difficulty in standard text classiton tasks. We show that for a
given learner and a set of concepts (categories in textyrabe learned by this learner,
there exists a significant diversity in the difficulty of cepts in text. We ask whether
some concepts are easier to learn than others. More spbygifiga wonder whether
some categories can be learned using a few training exaroplestures, while oth-
ers may require many more examples and features before ticeois learned to the
best of the learner’s ability. We define a set of measuresoinantify the difficulty of
concepts, illustrating the spectrum of problems that @rigéext classification. In fact
we too draw a conclusion similar to Feldman: concepts thabedearned using fewer
examples can be described by a few well chosen features.

wheat& farm — WHEAT
wheat& commodity — WHEAT
bushels% export — WHEAT
wheat& agriculture — WHEAT
wheat& tonnes — WHEAT
wheat& farm& —soft — WHEAT

Table 1.Induced rule set using the CONSTRUE system [1] for categorizingatdocuments in
the Reuters data set. The induced rules result in 99% accuracy.

Given a learning algorithm, a set of features and a condegte is some maximum
achievable measure of categorization accuracyl(0%) that the learner can achieve
in the limit. For example, even if the data is not exactly érlg separable, a linear
SVM may be able to achieve some fairly reasonable and addepacuracy (often in
the order of 90% for many text categorization problems) waidequate training data.
Given such a set of concepts that are “almost linearly sepeltahat is “learnable” by
an advanced method such as a linear SVM, we ask how muchnigamiadequate to
attain nearly maximum achievable accuracy.

One view of concept complexity or difficulty may be one asatmad with thevalue
of the maximum achievable accuracy, that is, a concept thanat be learned to a
desired degree of accuracy may be considered to be a difficaltStudying difficulty
from that perspective is important in itself, but is not theabof this work. In this work

3 Example boolean expressions for a text classification task are shovaible T



we restrict ourselves to concepts that we know are ultimatefficiently learnable by
the chosen algorithm (SVMs) and ask how quickly they can benkd. The analogy
in human learning would be with concepts taught at an eleangrsichool level: they
can all be learned if enough effort is put in by a student, petes are easier (quicker
to grasp) than others. On the other hand, some problems eteced at the graduate
school level (classifying problems into P and NP completegaries for example) may
be difficult in that they are not easy to solve and therefoge learnable.

We propose and explore a set of difficulty measures basedtioar ¢ghe number
of instances or the number of features needed to achievexapately maximum ac-
curacy achievable for the learner. Our instance complerasures are designed to
capture the number of training examples needed to attaiymaximum achievable
accuracy, when all the features are available. Thus, tl@rigpexamples need not be
selected at random; they can be intelligently picked. A fmabfor which training on a
few well-picked instances is sufficient to arrive at the main achievable accuracy is
a low instance complexity problem. Analogous to instanaepexity, we define fea-
ture complexity with the goal of capturing the (approxintgteninimum number of in-
telligently picked features needed to achieve nearly marirpossible accuracy, when
ample training instances are available. If a concept careberibed by a weighted com-
bination of a few well selected features, it is considerdaetof low feature complexity.
We are therefore after capturing the inherent sample-sidef@ature-size complexity
of a learning problem.

We study the relationship between the measures in textifitat®on, a domain of
high dimensionality with many relevant and irrelevant éeat. We find that instance
complexity and feature complexity are highly positivelyrredated and yield similar
rankings of problems and corpora (Section 5.1). This is isterst with the intuition
that problems requiring large numbers of instances shaddire large numbers of
features, and vice versa. This observation also provideteese that our proposed
measures indeed capture (approximately) the inherentrieand instance complexity
of a problem. We benchmark 9 corpora and 358 text classificgtioblems for their
difficulty (Table 3), and analyze and discuss the reasonthéodifferences in complex-
ity in several cases. Such knowledge can aid researchengraatitioners in assessing
their own learning problems or in the selection of commordgditest data sets, and
in anticipating learning performance. We find that many gatization problems are
in the low to mid range complexity, that is, the number of liigently picked features
sufficient to obtain most of the accuracy, in terms of precigind recall, is in the 10s.

We began this work by asking why prior knowledge on featueeg,([8, 22, 32,
26]) was more useful in accelerating learning for certaamiéng problems than others,
and we considered whether there would be aspects of a prabktrould explain or
correlate well with the improvement from using feature kiexige. In Section 6 we de-
scribe how we use these measures to obtain insights intdritle &f text classification
problems for which feature knowledge/feedback (in additmdocument feedback) is
especially useful. In particular, we find that problems vt to medium feature com-
plexity stand to benefit most from feature feedback, and énisouraging to see that
many experimental problems fall in this range (Table 3 anuliFé 8).



We begin by describing the data sets in Section 2. We desouibeomplexity mea-
sures in Section 3 and the methods that we use to instantiate@asures in Section 4.
Sections 5 and 6 present our expreriments and resultso8etpresents a discussion
of our methods and related work, and Section 8 concludes.

2 Data

We focus on text classification problems. We consider 9 aarpad 358 binary classi-
fication problems as shown in Table 2. In computing compyeiit the Reuters-RCV1
corpus we only used the 23149 training documents for effigieaasons [17].

Most corpora have topic-based category labels, exceptffeet (1) the Topic Detec-
tion and Tracking corpus that contains classes based omsey@hnthe British National
Corpus BNC corpus where the classes are based on genre.€3joEhiments in the
Enron corpus are emails categorized into folders by theiei of the email.

For all data sets we used unigram features. For some of thefariier added n-
grams of features if these n-grams improved performandevéids in the text were
stemmed and stop-words were removed using the rainbowit¢d8. Since we are
only interested in measuring the difficulty of “learnablencepts”, we considered only
those problems for which there was ample training data ttesetan acceptable level
of performance (of above 75% Maximum F1) using a linear SVie Tast column in
Table 2 lists the average maximuRil obtained using a linear classifier and bag-of-
word features trained on 90% of the data and tested on thanema

3 Measures of complexity

We now describe 4 measures of complexity — 2 each of instaretéeature complexity.
Given a “learnable concept” (or an “almost linearly seplabncept”) withM labeled
examples to estimate complexity from, each represented &5 dimensional vector,
our complexity measures quantify the difficulty of learnimgmeasuring how many of
the M instances andV features are really required to learn a good classifier.

Consider a learning algorithm which is supplied with a setraining examples,
ordered such that the most useful examples for learningefogdthe less useful ones.
If only a few of these training instances are required fomaw the task to high perfor-
mance, we will say the task has low instance complexity. #irgé number are required,
we will say the task has high instance complexity.

Our instantiation of these instance complexity measutestts to captureoughly
how many of the best (most informative) instances for a gig@blem are needed in
order to achieve performance close to that of a linear dlasshat has access to all
the features and ample training examples. In computingmts complexity we use
active learning methods which give us an empirical uppemboan complexity. The
tightness of the bound is dependent on the active learniribadeised. Similarly, our
feature complexity measures quantify roughly how many efrttost informative fea-
tures are needed to achieve close to the best accuracy. @urdeomplexity measures
are also upper bounds on the true feature complexity, wheréghtness of the bound
is dependent on the feature selection method used. Seers@dtr further discussion.



Corpus Domairl# instancels# features V)[# topicg MaxF1|
Reuters-21578 News-wire 9410 33378 10/0.874 (0.087|
Reuters-RCV1 News-wire 23149 47236 87| 0.759(0.127
Topic Detection Tracking(TDTINews-wire and broadcast 67111 85434 10| 0.918(0.001
British National Corpus News, journals etc. 2642 233284 15/|0.774 (0.153
Enron E-mail folders 1971 711815 8/ 0.887(0.082
20 Newsgroups Newsgroup postings 19976 137728 20| 0.851(0.007|
Industry Sector Corporate web-pages 9565 69297  104{ 0.909(0.04
TechTC-100 ODP hierarchy 149 18073 100 0.972(0.026
WebKB University websites 2101 28682 4| 0.918(0.047

Table 2. For all corpora except TechTC-100 there is a one one-versusatybclassification problem. The TechTC-100 dataset consists of hih@fy
classification problems with about 149 documents in each and an awdra8@73 features in each.



3.1 Instance Complexity Measures

Given a classification algorithm and a binary classificafiooblem, there is some max-
imum achievable performance often under 100% in practiedl€T2). For accuracy
performance we use the F1 score, which is the harmonic rapkeaision and recall
[27] (and see Section 4.4). We denoteBY(p, ¢) the F1 score achieved by the learner
when it has access fpinstances ang featuresp < M andg < N. We assume the
best performance is achieved when the leaner has acced¢ghe alailable instances
and featuresF'1(M, N), and not for example a subset of the features. This is a mild
assumption for text classification problems, and in genlérahr classification prob-
lems, when one uses robust learners such as support vecotsmas together with
appropriate regularization.

In measuring the rate of learning we want to measure the mimimumber of
training examples:} needed to achieve the best performance for a given clas3ifie
brute-force way to find this minimum for a data set with examples would require
training the classifier for every possible subset of trajrémamples, that i times.
The size of the minimum sized subset that gives performalose ¢o the optimal per-
formance is given as = min{argmax; F1(i, N),i=1..2™}. This method, although
most accurate, is time-consuming especially for latgelnstead we use active learn-
ing to give us an ordering on the instances and estimate aer bppind on using this
ordering in the following way.

Active learning begins with 2 randomly selected instanoes, in the positive and
one in the negative class. The active learner learns afitagsased on this information
and then intelligently chooses the next instance from a pbohlabeled examples for
the expert to label. The classifier is retrained and the gcentinues. We measure
the performancef'1(2¢, N) of the classifier after ever iterations of active learning
with ¢ varying asl, 2, ..., log, M, whereM is the total number of instances available
for training. A performance curve for three problems in tlfieNewsgroups data set
is shown in Figure 1. For the conceptgraphicsand ms-windows.misahe learner
achieves the maximum attainable accuracy (0.70 F1) afeéng@048 2'!) examples.
The value 2048 can be considered to be an upper boundrat sci.crypt the learner
achieves its peak after seeing about 1024 examples, makingasier concept (by our
definition of complexity) than the other two. Each instareehosen with the expecta-
tion that adding it to the training set will improve accuraignificantly. Since at each
stage we are adding an example based on an estimate of igsteahe training set, the
bound is approximate. We can tighten the bound by providiggl¢arning algorithm
with as much information as possible: a large pool size fangxle. The advantage of
using active learning is that the classifier needs to beathonly O(M) times. How
close this estimated complexity is to the true bound is dégenon the ability of the
learner to leave out redundant instances in its training.

This simple measure of complexity is only an approximation and a keen ob-
server will note that the rate of convergence of tewindows.misis initially higher
than that ofcomp.graphicslt seems intuitive thams-windows.misshould be con-
sidered to be less complex thaamp.graphicsThe approximate complexity value of
2048 estimated using active learning does not capture thisilggunate. We factor in
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Fig. 1. Learning curves for a single classifier on 3 problems. The numbectofely picked
instances i€*, and F1 (Y-axis) is the harmonic mean of precision and recall.

the learning rate by considering the area under the leaminge computed as :

loga M
AUCjoq = > FI1(2'.N)

t=1

This time we measure performance at exponentially incngasitervals, and compute
the area under the learning curve, plotted with a logarith¥aaxis. Auqog implicitly
gives a higher score to problems that converge more rapidhgi early stage of learning
than later. To obtain a quantity that measures the rate afileg we define thactive
learning convergence profiles follows:

_ XM F N
Pal = 109, M x F1(M, N)

1)

pg| is the area under the normalized active learning curve (gged=2(a)), with a range
between 0 and 1 and is independent of the number of instarszted for learning.
Higherpg implies faster convergence. Thg values for the three problems in Figure
1 —ms-windows.miscomp.graphicendsci.cryptare 0.61, 0.45 and 0.55 respectively.
Note that even though the maximum accuracy achieveddbcryptis much higher
(0.90 F1) than for the other two problems, the rate of acéeering ofsci.cryptis more
similar tocomp.graphicsThe concepms-windows.miskas the best rate of learning in
the early stages. All these properties are captured by thealues.



We now describe the two instance complexity measures deselasing the ap-
proximation to: andp,;. For both measures, a higher value of complexity implies a
more difficult problem.

1. Instance profile complexity I,..: This measure is simply the complement of the
active learning convergence profile, and is give,as= 1 — p,. The active learning
curve and hence the value Bf; obtained is subject to the active learning algorithm and
will be less than the ideal (theoretical best ordering dfdnses) case. Therefolk,. is
an upper bound on the true complexity.

2. Instance complexity C;: I,,. only considers the rate of learning and does not
contain any information about the number of instances ribmachieve the best per-
formance. We therefore defitg¢, = I,. * n; wheren; is the base logarithm of the
number of instances needed to achieve 95% of the best perficen\We expect that;
is an upper bound olvg, (7). We chose a threshold of 95%, rather than waiting for the
curve to reach its peak, with the hope of capturing the pohetne most of the concept
is learned. Usually, the rate of of improvement at the finayes of learning, before
the concept is fully learned, is very slow (see eg., [20]hvgeveral thousands of in-
stances contributing to a tiny improvement in performamnemecessarily inflating the
complexity score (See Figure 2(a)).

Using a log scale forn; makes the scale like the Richter where an earthquake of
magnitude 6 is significantly more intense than one of magrita

VAR

(a) Active Learning (b) Feature Learning

Fig. 2. Normalized learning curves (active learning and feature learnin@ddiewsgroups.

3.2 Feature Complexity Measures

Our third and fourth measures attempt to capture the coritpleithe problem in terms
of the number of features needed to reach the best possititerpance, when all the
training instances are available. Again, instead of evalg2” combinations of fea-
tures, we estimate an approximation of the true feature t@itp by using an oracle
to learn a ranking of the features in the order of decreasisgrichinative ability for
a given classification problem. The oracle uses a large nupfliteaining documents
and a feature selection criterion like information gain. ¥émsider the performance



of the classifier constructed usirkgtop ranking features. We plot a feature learning
curve by plotting performance at exponentially increasittgrvals ofk. The normal-
ized area under this feature learning cutixe, feature learning convergence profitg
is computed as follows:
logaN k
pﬂ — k=1 Fl(M72 ) (2)
logaoN x F1(M,N)

Normalized feature learning curves for the 20 Newsgrouppuare shown in
Figure 2(b). The two feature complexity measures definealate almost identical in
intuition to the instance complexity measures.

1. Feature profile complexity, F),.: Feature profile complexityH,.) is then defined
asFy,. = 1 — ps;. The computed value df),. is limited by the accuracy of the feature
selection algorithm.

2. Feature complexity, Cy: Similar to C;, we defineCy = F,. * ny, wheren;
is the base 2 logarithm of the number of features in the fedaarning curve needed
to achieve 95% of the best performance. How good the estinfatiee true feature
complexity obtained this way is dependent on the featuextieh algorithm used.

4 Methods

We first describe the two linear classifiers of choice: perogis and support vector
machines (SVMs). We then describe our choice of active iegrmethods, followed
by our choice of feature selection techniques.

4.1 Classifiers

A linear classifier is usually sufficient for text classificatin part due to the very high
dimensionality of text. The simplest algorithm for a linedassifier is théPerceptron
algorithm [23]. The perceptron learns a linear functionheftorm f(X;) = w- X, +b.
Itis a mistake-driven, incremental algorithm: when a neintng example is added, the
weight vector is adjusted only if it is misclassified. Theref, the classifier needs to be
trained less than (or equal t9) | times, wher€l is the training set. The correction to the
weight vector is a simple adjustment of the foun = w; + nY; X;, for every instance
X; that is misclassifiedy; is the true label ofX; (Y; € {41, —1}). The parameten
called the learning rate.

Support vector machines are learning techniques that heimedymuch popularity
in the recent past [31] and particularly so for text clasatfan [14]. For many linearly
separable problems there can be more than one hyperplarsetiaaates the data (see
Figure 3(a)). A support vector machine (SVM) on the otherh@&a maximum margin
classifier that tries to find the hyperplane that results iragimal separation of the two
classes (See Figure 3(b)). The margin is the distance bettteepositive example
closest to the hyperplane and the negative example clasést hyperplane, with the
distance being measured along a line perpendicular to therplane. Although the
motive for a margin that is maximal seems intuitive, it isoalgell motivated by the
Vapnik-Chervonenkis theory that states that such a hyaeepiinimizes expected test
error [31]. Support vector machines have been proven tofbet®®e in many domains,
and especially so for text classification and filtering [14, 5
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(a) Linear Classifier (b) Maximum margin Classifier

Fig. 3. Linear classifiers.

4.2 Active Learning

One method for instance selectionuiscertainty sampling [16]. Uncertainty sampling
is a simple, efficient, and commonly used type of active liegrim which the example
that the user (teacher) is queried on is the unlabeled iostdrat the classifier is least
confident about. When the classifier is an SVM, unlabeledmestsclosest to the mar-
gin are chosen as queries [30]. If an uncertain instancekastly on the hyperplane it
results in a reduction of the version space in exactly h&lf.[B we can keep querying
the user on examples that lie on the hyperplane we can dedfeasumber of training
examples exponentially (by reducing the version space byalidn each query) when
compared to the case when the training data is obtainedghrmandom sampling. In
reality, there may not be an example exactly on the hypegpddeach round of active
learning, and hence we do not see the theoretical expohdetieease, but neverthe-
less for many text classification problems, uncertaintydarg is significantly better
than random sampling [16]. While many other selective samgpiethods have been
proposed, ncertainty sampling carries the advantagesngfisity and efficiency, and
we expect that for our rough measures of complexity in thé dexnain, uncertainty
sampling is adequate. We compare against random sampling experiments.

Using uncertainty sampling with SVMs would involve retriaig the SVM O(M)
times, which can be very time consuming as SVM training caolie quadratic opti-
mization. Therefore, when we use SVM uncertainty sampkngamputep,;, we plot
the learning curve only up to 1024 instances. To plot the detemctive learning curve
we use a another learning method-eommittee of perceptrong[6]. The perceptron
algorithm being mistake-driven and online, takes less thmae in each retraining than
the SVM. Of course, active learning using perceptrons mayaas effective as SVM
uncertainty sampling, and in particular, the numbers tlebhbtain using different meth-
ods can be somewhat different. However, we find that the ngnéf the problems by
their complexity computed using the perceptron committealmost identical to the
ranking obtained using SVM uncertainty sampling (referureg?).
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4.3 Feature Selection

Information gain is a simple, efficient and commonly used sneafor ranking features
that has been found to be quite effective [27, 4]. Informmagain is given as:

P(e, T
G= > > }%QT)bgfngxl)

ce{—1,+1} 7€{0,1}

wherec denotes the class label (+1 or -1), ands 0 or 1 indicating the presence or
absence of a feature respectively.

Information gain is our primary feature selection methodwdver, information
gain does not ignore redundant features, and more genérddigs not address feature
dependencies (a feature’s quality is computed indeperafesthers). This can inflate
our feature complexity scores. So we also experimented S¥thl LARS [15], a new
and effective forward selection technique for feature tada. Given that it is a for-
ward selection technique, LARS ignores highly correlatstdres in its feature selec-
tion, something information gain does not do. Therefore ewgect that LARS would
capture the true feature complexity better by eliminatiedundant features. However,
SVM LARS has a relatively high running time and we use it omhailimited way by
computingpf| by plotting the feature learning curve only uplta24 features. When we
use information gain we are able to plot the entire learninye.

4.4 Computing Performance

Each time we computé'1(2¢, 2¥) in equations 1 and 2, our aim is to find the best pos-
sible performance with a classifier trained@rexamples and* features. We hope that
by using active learning with a large pool, and feature silraising a large training set,
we obtain a fairly accurate estimate of this best classifiee better the active learn-
ing and feature selection methods, the tighter the bound.e®perience with SVMs
showed that with few training examples, much of the erronia poor estimation df.
Hence, to obtain an even tighter bound, we sweep throughakies ofb and use that

b for which theF, is maximum on the test set. We call this quanbitgxF1. In fact in
Table 2, the last column lists the Max F1 values obtained a0-10 training-test split
of the corpus.

5 Results

We made a number of simplifying assumptions in instantipdiar difficulty techniques.
Uncertainty sampling and feature ordering and selectiomgusformation gain are im-
perfect methods. Different learning algorithms can haeselbut still different accu-
racies. Finally, there are other potentially relevantdesto complexity that we have
ignored. Potentially relevant aspects of a problem inclingeaverage length of doc-
uments, the size of the feature séf)( and the proportion of the positive documents
in the corpus. In this section and the next, we explore tHéyutif our measures. We
describe the results of using our complexity measures o838g@roblems described in
Table 2.



12

08 T T
Reuters
20 NG

X
+
TDT3 *
Techl00 O
WebKB H
Industry O

06

05

04

Fpc using SVM-LARS

03[

02

01

L L L L L
0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 1

Ipc using SVM uncertainty sampling

Fig. 4. Correlation betwee#,. andFj. using SVM and LARS. Correlation of instance complex-
ity and feature complexity is independent of methods used to compute the two

5.1 Correlation of Instance Complexity and Feature Compleity

Intuitively, good instance and feature complexity measwgkould correlate well: a
problem that requires a large number of instances, mustreefinding the right mix
of weights for a relatively large number of features, aneéwiersa. On the other hand,
our empirical measures are imperfect: both uncertaintypamand feature ordering
by information gain, while relatively efficient, have sharinings.

Figure 4 illustrates thak,. and F},. of problems computed using SVM uncertainty
sampling and LARS are highly correlated £ 0.95%). The plots of,,. vs. F},. com-
puted using perceptron committees and information gaik kimilar, albeit with a
slightly lower correlation coefficientr(= 0.81 (p < 2.2¢7'6)). The SVM methods
show higher correlation probably because they have the saderlying SVM learning,
and SVM LARS does a better job of feature ordering for the S¥elther than informa-
tion gain does for perceptron. Additionally andn s (computed using perceptron com-
mittees and information gain) are also strongly correldted 0.613 (p < 2.2e19))
and therefore>; andC/ are also strongly correlated & 0.682 (p < 2.2¢~16)).

We also experimented with random sampling for instancecdete The Table be-
low shows the correlation coefficients ffy. andF,. for various combinations of clas-
sifiers, instance selection mechanisms and feature s®iegtechanisms for these 6
corpora.

4 ris Pearson’s correlation coefficient, and r=1 denotes perfeatlation
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classifier|Feature Sellnstance Selr
SVM LARS Active |0.95
SVM LARS Random |0.88
Perceptroninfo. Gain| Active |0.81
Perceptroninfo. Gain| Random [0.79

That instance complexity (the minimum number of instaneeded to learn a con-
cept) and feature complexity (the minimum number of featureeded to learn a con-
cept) are highly correlated may not be surprising since lapthprobably related to
the Kolmogorov complexify of the learning problem. That our complexity measures
exhibit this correlation substantiates our belief in themmsures.

5.2 Difficulty of Domains

Corpus Instance Complexity Measure§ Feature Complexity Measures
Ipe n; C; Fpe ng Cy
Tech100 |0.04 (0.06)3.24 (2.23)/0.20 (0.33)0.07 (0.02) 1.89 (1.43)0.14 (0.14
WebKB  |0.31 (0.13) 8.75 (0.50)[2.72 (1.04)0.11 (0.04) 4.00 (2.16)/0.51 (0.47
Reuters-2157{®.35 (0.13) 8.20 (1.03),2.93 (1.24)0.12 (0.07) 4.80 (2.04) 0.69 (0.56
BNC 0.39 (0.16) 7.93 (1.91)(3.34 (1.73)0.24 (0.11)11.47 (3.83)2.97 (1.60
Enron 0.46 (0.09) 8.33 (0.87)[3.82 (0.94)0.13 (0.06) 7.67 (4.42)1.18 (0.70
20NG 0.48 (0.04)10.40 (0.68)5.04 (0.71)0.23 (0.08)10.05 (1.39)2.32 (0.95
TDT3 0.48 (0.13) 9.30 (1.06)[4.55 (1.53)0.20 (0.04) 6.50 (1.78)/1.34 (0.53
Reuters-RCV{0.53 (0.14)10.67 (1.84)5.81 (2.25)0.23 (0.09) 7.69 (2.04)/1.81 (0.79
Industry |0.59 (0.12)10.34 (1.43)6.20 (1.71)0.29 (0.09) 5.97 (1.52)(1.77 (0.61

Table 3. Difficulty measures for different corpora. Higher the value, momasiex the problem.
Values in brackets indicate std. deviation. The complexity is computed usmeticeptron algo-
rithm & uncertainty sampling for instance selection & information gain fotdfeaordering and
selection.

We now benchmark all 9 corpora as easy or difficult for actearing using our
complexity measures. Table 3 shows the complexity of difiedata sets. By all mea-
sures the Tech100 data set ranks as the easiest, followeebkB\and Reuters. BNC,
Reuters-RCV1, 20 Newsgroups and the Industry sector caquerdifficult by both our
instance complexity and feature complexity measures. isHigtter illustrated in the
chart in Figure 6. This figure reaffirms the high correlati@veen instance complex-
ity and feature complexity. That most corpora have problefmgarying difficulty is
demonstrated by the standard deviation of the scores ire Ralitven though the BNC
corpus is small (less than 3k documents) it falls into théalift end of the spectrum
implying that genre classification is more difficult than b based categorization.

5 The complexity of a string is measured by the length of the shortest saivBuring machine
program that correctly reproduces the observed data. Rememlbd¢-timanplexity is only
theoretical and cannot be computed.
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The ranking of corpora using,. computed using SVM with LARS and Perceptron
with information gain are also near identical as is illustdaby Figure 5 (We only show
a subset of the problems to illustrate this, due to the slowing time of LARS). The
ranking of individual problems in these two corpora usiig computed using these
two methods also correlate fairly well (r=0.73). THg. scores for individual problems
in the Reuters-21578 and 20 Newsgroups corpus using bottoageare illustrated in
Figure 7. Our results also support previous results thatrssy?0-Newsgroups consists
of problems that are more difficult than Reuters-21578 aattoblems likevheatare
much easier with lower feature complexity as compareactp2, 13].

0.3

X
Industry

025

20NG
02

X
TDT3

0.15

Reuters-21578
X o WebKB

x TechTC-100

Fpc using perceptron and information gain

0.05 L L L L L
0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55

Fpc using SVM and LARS

Fig. 5. Ranking usingF,. computed by two different methods results in a similar ranking of
corpora.

The Tech100 data set is a result of the efforts of Davidov §f]ab obtain a data
set containing problems of varying difficulty in terms of nraxm performance achiev-
able. Yet we find all of the problems in this data set are of lemplexity i.e., a few
well chosen examples or features are sufficient to achievepktimal accuracy.

The TDT corpus consists of English newswire documents (Eagd), the output
of an automatic speech recognizer system for English bestdmurces (Eng ASR),
machine translated newswire sources (MT News) and broadoasces in Mandarin
preprocessed through an ASR system and a machine tranggstem (MT ASR). We
measured the difficulty of each of the subsections of thipusr TheC' values for
event based categorization are shown in the second coluifatbte 4.

The English sub-section of the corpus is easier than the imadtanslated one,
which is more noisy. For example, topic 3003aNebel Prizes Awardedrhe feature
complexity of this problem in each subset is shown in thedtbolumn. The most im-
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Fig. 6. Instance Complexityf(,.) and Feature ComplexityF,.). A higher value of complexity
indicates a difficult problem. Notice how instance complexity and featumgbexity are corre-
lated.
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Fig. 7. Feature complexity {,.) scores of problems in the Reuters-21578 and 20 Newsgroups
corpora computed using 2 different methods. Higher the complexity wiifficult the problem.
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portant words in English Newswire and English ASR are (asetqu)Nobe| prize
Saramagqperson who won it) etc, making classificaton in Eng-Newatietly easy.
However, in MT News and MT ASR the most important keywords@manises Bell,
prize andaward The wordNobelis consistently translated toromises Belin doc-
uments whose original source Mandarirf. Names likeSaramagowhich are highly
discriminatory in English are out of vocabulary in the MT datents, making the clas-
sification problem even harder. Additionally, a multi-soeisetting (newswire, broad-
cast and multiple languages) can be more difficult than demsig each source alone
as the vocabulary across sources differs depending on thendASR systems used.

Cy by class type

Subset of |Events Nobel [|SubjectLegal & Cri-
TDT3 Awarded -minal case$

Eng News | 0.65| 0.27 || 2.03 2.56

EngASR | 0.95| 0.14 || 2.02 2.78

MT News | 1.38| 3.25 || 2.12 2.61

MTASR | 1.22| 3.48 1.50 2.03

[Whole corpus 1.34] 1.60 [ 278 3.30 |

Table 4. Difficulty of the TDT corpus when broken down by source and by categpe.

So far we have considered categories based on events in thedipus andHur-
ricane MitchandHurricane Georgenere different categories. The TDT corpus is also
annotated by broader subjects likatural disasterselectionsetc, the feature complex-
ity of which are given in the fourth column of Table 4. The fiftolumn shows th€’,
values for an example topidegal and criminal casesThe important features for clas-
sifying by subject are words likeourt, law etc., which do not suffer from as many MT
and ASR errors making the difficulty of subject based clas#ifoin about the same in
each source type, and even in the whole corpus (see the 4uthrcof Table 4).

6 Implications for Human-in-the-Loop Learning

The dual nature of complexity seems to imply that an inteliidy picked feature can
be as good or better that an inteligently picked instancat frteans (in theory at least)
that we can actively learn by intelligently picking and wiing features. Of course, la-
beling features may not be cognitively as easy as labelistgirtes. A human, with suf-
ficient knowledge of a category, would be able to label almtishe instances (with the
possible exception of the relatively few fuzzy instanceghwategory labels, whereas
labeling all the features (with category labels or even fgénglicating their relevance)
may not be as easy. Relevance of a feature can depend orsfagttras the corpus and
the learning algorithm used. For example, it is not easy terdgne whether the feature

% Nobel is a 3 character word in Mandarin, the first of two of which alsoespond to the
English wordpromisesand the third of which corresponds to the English n&a#
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driversis relevant in discriminating betwe@omp.graphiceandms-windows.mis®©ur
initial guess was that humans may be able to judge a few tesfairly quickly, and
that labeling these few features would be equivalent tdilagpa handful of documents,
but the latter would be more time consuming. Our prelimirexgeriments showed us
that labeling a feature is more than five times faster thaglitadp an instance. We found
that users can pick the most predictive features fairly sately [22]. For low feature
complexity problems, learning may be stopped once feammnepicked. For medium
complexity problems, the user may need to mark a few instaimcaddition to the fea-
tures to achieve an acceptable level of accuracy. For vamptax problems feature
selection may be much more difficult for the user and instdaedback is the more
reasonable alternative. Hence, we think a tandem apprdagkimg on instance feed-
back and feature feedback is most beneficial: if the probkewf low complexity, a
few features that the user marks will quickly lead the cfgmsto convergence; if the
problem is of high complexity, the user would not be able tmwremend features (they
may not be obvious) but can provide feedback on instancésaidsIn Section 6.1 we
show evidence for this hypothesis.

6.1 Experiments

We saw that instance complexity and feature complexitywaoesides of the same coin
— a problem for which a few intelligently chosen instances loa used to build a good
classifier is also one for which a few good features are vepdgwedictors of class
membership. Additionally, we have observed that users @antify the most relevant
features with reasonable accuracy[22]. The same work fobadlabeling features is
about 5 times faster than labeling documents. From thesdtsage hypothesize that
coupling intelligent feature selection with intelligerda@iment selection should accel-
erate active learning. Asking users to come up with featapesori is quite difficult.
Users found it difficult to determine the relevance of a featwithout having seen any
relevant documents. Hence an interleaved approach ofgsiérusers to mark relevant
features in tandem with documents that they label is prgbetnitively easier. Ad-
ditionally, in subsequent work we have found that nativelBhgspeakers could fairly
easily point out machine translation errors of the kind aésed earlier where “Nobel”
was consistently erroneously translated as “promises [2dl]. That feedback signifi-
cantly improved system performance.

In our previous work we built an active learning system fomgitaneous document
and feature feedback and showed that this dual feedbackamisoh results in a much
faster learning rate than traditional uncertainty sangplising a support vector machine
as described in Section 3 [22]. In our InterActive Featuree@®n algorithm, each
time a document was picked by uncertainty sampling, the wasralso asked to label
10 features. These features were obtained by ranking therésaby their information
gain scores on the current labeled set, where the labeld askizatures wereelevant
(is the feature a discriminatory) aon-relevant/don’t knowT he labeled features were
incorporated into the learning by scaling the value of tleattdre in all the instances.
User feature feedback was simulated usingiatle the details of which can be found
in our paper. We found that actual users could emulate theleota an extent that
resulted in as much improvement as can be achieved usingabke o
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The active learning convergence profilg measures the rate of convergence or the
speed of learning. We measured the speed of traditionalriaitgy sampling (docu-
ment feedback only) and that of the InterActive featurec@a algorithm for all 358
problems benchmarked in this work. We measure performaniseupto T’ = 42 la-
beled examples and plot the active learning convergendiepfp,;, refer Equation 1).
Similarly we measure; ;s as the interactive feature selection convergence profie. F
ure 8 plots the quantity; ;s — p,; for all 358 problems benchmarked in this work. The
improvement in speed due to the incorporation of term feekllra addition to docu-
ment feedback is inversely related to feature complexityegs in Figure 8 (r =-0.65).
Speed is improved by about 57% on average.

Thefacultyclass in WebKB shows significant improvement in speed(sger€i8).
For this problem, the keywordsculty and professorare sufficient to obtain 93% of
the maximum achievable accuracy (90.05% F1). Both thesestappear for feature
feedback within the first 5 iterations in all 30 trials. Sially, for the Enron corpus,
one of the folders is almost completely classified by the eendl the e-mailWilson
Shona(there are some other folders that contain some e-maiWitlson Shona The
algorithm recommends his e-mail id for feedback in the e#dsations, resulting in
significant improvements in performance. Thescellaneousategory in the BNC cor-
pus does not gain from term feedback wherads/cultural materialdoes, because of
discriminatory keywords lik@pera, actor, theateetc in the latter category that when
marked relevant improve performance significantly. Theesaacouple of outliers like
the RCV1 categoryeservedor which speed decreases by a large amount when term
feedback is included. This may be because a fixed scalingrfa€tlO for the selected
features is used in the algorithm, which may not be apprtgpfa every problem. An
interesting question is whether there are more robust rdstfar asking and taking
feature feedback into account.

We report the performance (F1) for 8 corpora in Table 2, affeand 32 rounds
of document feedback using traditional active learning a8dounds of interactive
feature selection. Interactive feature selection alwaysoves performance over active
learning with only 12 documents. It is significantly bettban 32 actively sampled
documents for 5 of 8 cases. The categories in the BNC cormubyagenre and this
result can be interpreted quite intuitively: for categsfige “prose” and “poetry” even
intuitively it does not seem like there are any keywords taat capture these concepts.

In this section we used our difficulty measures to better tstdad situations when
such methods might work specially well. We have found thatuee feedback acceler-
ates active learning by an amount that is inversely relaigte feature complexity of
the problem. For low to mid range feature complexity proldemfew training docu-
ments combined with feature feedback can give a big impreviin accuracy with lit-
tle labeled data. Many problems in our 9 corpora fall in a lowniedium ( < C; < 2)
range of complexity and stand to gain from such a dual feddframework, auto-
mated email foldering being one such domain. Future worlkudes using these or
similar measures to explain other observations, such as wtieer semi-supervised
techniques may work well, as well as exploring methods fedjmting the expected
difficulty of a learning problem at the beginning stages afrting (when few labeled
data is available). This can inform the subsequent learstirzgegy taken.
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Fig. 8. Difference in speed of active learning and InterActive Feature Sefeaga function of
complexity C)

Corpus| C Only docs FS
(Active)
12 docs32 docs
Tech1000.20 0.486| 0.594 |0.847
WebKB|0.51] 0.262| 0.424|0.52Q
Reuterg0.69 0.516 | 0.570|0.651
Enron |1.18 0.218| 0.444|0.465
TDT3 |1.34 0.202| 0.259|0.336
Industry|1.77, 0.071| 0.123|0.199
RCV1 |1.81] 0.134| 0.260|0.231
20 NG [2.32 0.180| 0.259|0.336
BNC |2.97 0.209| 0.332|0.264

Table 5.Improvement in F1 for corpora of different levels of difficulty. Nuetb in bold indicate
that InterActive Feature Selection is significantly better than when onlyrdents are used for
feedback. Numbers in italics indicate significantly lower performance thamrase wheflm =
32.
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7 Related Work and Discussion

The classic “curse of dimensionality” informally statesitlthe higher the dimension
of the problem, the harder the problem. (in this case, leg)niHowever, our work
goes beyond that and tries to measure the the inherent ceitypdé the problem. A
large dimensional learning problem may be easy if only festuiees are required for
learning it. We show here that actively picked examplesakthiee complexity better,
and we relate this to measures of feature complexity as well.

Note that capturing the exact underlying complexity reddgtemaximum compres-
sion of a given string and is intractable. Thus the subjethisfwork was to explore the
utility of our approximate measures, which depends on thmlag algorithm used as
well as our chosen instance and feature selection techsitjée reported comparisons
in the choice of the learning algorithm and instance saactnd feature selection meth-
ods (Figure 5 and Figure 7). We have aimed to measure rougplegity, useful for
tasks such as comparing and ranking problems. Furthermoresomplexity measure
are based on the logarithmic scale, akin to the Richter skdlgtively, the same fixed
absolute difference, say in the number of instances, is siohportant as the number
of instances required for learning increases. The logaitlscale in not as sensitive to
relatively small differences in the performance of differestance or feature selection
methods.

Ho and Basu [11] defined a set of measures that captured thplexty of the
geometry of the boundary for a few artificial and real binassification problems
of low dimensionality. In comparison, our work is in the damaf text classification,
where a linear hyperplane is often effective making the getonmof the boundary less of
an issue. We experimented with one of their measures ofrleatimplexity -maximum
Fisher discriminant ratio, to find that it did not correlageveell with I,,. (r = 0.2). We
also measured how,,. correlated with maximum accuracy and found the correlation
to be not very high (r=0.4).

For other domains where active learning is used [29] but e/kie classifier is not
linear it is less clear whether our complexity measures deecitly be used and we
would be interested in exploring this question in the futdree difficulty in domains
such as text is that relatively large amounts of trainingd&00s or thousands) may be
needed to converge to the optimal hyperplane. We note tiesiiclassifiers do well on
a number of challenging high dimensional real-world praigefor example in natural
language and vision [24, 25].

Davidov et al [7] developed a benchmark data set consisfihg®@text-classification
problems with varying difficulty (accuracy ranging from @d60.92). They also devel-
oped measures for predicting the difficulty of a problem, thig was in terms of its
accuracy. Instead our focus is in understanding how manyrfes or examples are
needed to achieve the maximum accuracy. In fact their dataeseh-100, is the easiest
data set for active learning, and illustrates the fact thitdity in term of accuracy
value is different from difficulty in terms of sample size eature size requirements.

Gabrilovich et al defined a feature complexity measadtier count[10] that at-
tempts to capture the number of important features for ang@arning problem. They
used outlier count to characterize problems for which decitrees are more accu-
rate than SVMs, the latter being the main thrust of their wdike work here on the
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other hand is an in-depth analysis of complexity — both featind instance. We did
experiment with outlier count finding that it correlateswihstance complexityl(,)
reasonably well (r=0.610) as our feature complexity messur

Previous work has noted the “low feature complexity” of dewbs in commonly
used data set®(g, [2, 13, 12]). Our work is an attempt to quantify these obatons,
in particular in high dimensional problems such as textnBand Langley [3] provide
a good introduction and motivation to this work. They disctise problem of selecting
relevant examples and relevant features as two ways of rjaghrelevant information
in a data set. They formally define the relevance of featundseaamples. and suggest
using relevance as a measure of complexity. Their work issvewtheoretical and their
definitions apply for classes which can be completely dbedrii.e., 100 % accuracy
is achieved) by some conjunction or disjunction of featuResal world problems like
text classification are not so simple and it is not clear hasirttneasures may be used
to quantify complexity for real world problems. They coraéutheir paper by stating
the followingempirical challenge

Feature selection and example selection are tasks thattedenintimately
related and we need more studies designed to help undesstdrgliantify this
relationship. Much of the empirical work on example selatthas dealt with
low dimensional spaces, yet this approach clearly holds gveater potential
for domains involving many irrelevant features. ResolMiragic issues of this
sort promises to keep the field of machine learning occumgiethiny years to
come.

Our measures attempt to address the unsolved questionsiirp#per. We define
measures that can be computed easily in real world domaidsjemonstrate that in-
stance complexity and feature complexity are highly pesiyi correlated on the prob-
lems we tested.

8 Summary

Designing adequate empirical measures of difficulty is amehg act between effi-
ciency and utility. The techniques proposed here are simpteefficient, and we pre-
sented evidence that they exhibit desired properties iddin@ain of text classification:
rough but useful measures of difficulty, leading to a coesistanking of problems,
and exhibiting explanatory power, for example in explainihe extent of benefit from
feature feedback during active learning. We observed a pagitive correlation be-
tween our instance complexity and feature complexity messundicating that they
approximate the inherent complexity well. We benchmarked®ora and 358 prob-
lems and used these measures to gain insights on the redéfiealty of a variety of
text classification problems and domains. Our measuresafsare how difficulty can
be different even within a corpus depending on the type afsaa (say subject or event)
that one is trying to learn. We found that problems with lowrtedium feature com-
plexity stand to benefit most from feature feedback, and welsg many experimental
problems, such as email categorization, fall in this rari@gdle 3 and Figure 8). This
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has encouraging implications for the use of active learmiity feature feedback for
real world filtering and email classification problems.

We hope that our analyses and domain rankings would servddom future re-
search, for example in selecting corpora and anticipatisglts. Future work includes
extending these measures and exploring other factors #aathiep further explain dif-
ficulty and variations in learning performance. Candidatgdrs include the proportion
of positive instances and the dependency patterns amorigahees. It would also be
useful to study difficulty measures in other learning praideand domains.

We note that our measures serve primarily for understarliegplaining learning
behavior, such as convergence. Currently, they cannot && taspredict complexity
on a new problem with no or few labeled instances. Spigdiction of complexity
appeatrs to be a difficult if not an unsolvable task, unleskwedd problems turn out
to satisfy helpful properties. Given that we do not know & tlutset how to predict
whether a concept is going to be easy or difficult, a tandemieg@ approach that
mixes both feature and instance feedback, may be the bestajepproach for fast
learning, especially in the early stage of learning.
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