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Abstra t
A number of linear lassi ation methods su h as the linear least squares t (LLSF),
logisti regression, and support ve tor ma hines (SVM's) have been applied to text
ategorization problems. These methods share the similarity by nding hyperplanes
that approximately separate a lass of do ument ve tors from its omplement. However, support ve tor ma hines are so far onsidered spe ial in that they have been
demonstrated to a hieve the state of the art performan e. It is therefore worthwhile
to understand whether su h good performan e is unique to the SVM design, or if it
an also be a hieved by other linear lassi ation methods. In this paper, we ompare a number of known linear lassi ation methods as well as some variants in the
framework of regularized linear systems. We will dis uss the statisti al and numeri al
properties of these algorithms, with a fo us on text ategorization. We will also provide
some numeri al experiments to illustrate these algorithms on a number of datasets.

1 Ba kground
The text ategorization problem is to determine prede ned ategories for an in oming unlabeled message or do ument ontaining text based on information extra ted from a training
set of labeled messages or do uments. Text ategorization is an important pra ti al problem
for ompanies that wish to use omputers to ategorize in oming email, thereby either enabling an automati ma hine response to the email or simply assuring that the email rea hes
the orre t human re ipient. But, beyond email, text items to be ategorized may ome from
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many sour es, in luding the output of voi e re ognition software, olle tions of do uments
(e.g., news stories, patents, or ase summaries), and the ontents of web pages.
The text ategorization problem an be redu ed to a set of binary lassi ation problems
{ one for ea h ategory { where for ea h one wishes to determine a method for predi ting inlass versus out-of- lass membership. Su h supervised learning problems have been widely
studied in the past. Re ently, many methods developed for lassi ation problems have
been applied to text ategorization. For example, Apte, Damerau, and Weiss [1℄ applied
an indu tive rule learning algorithm, SWAP1, to the text ategorization problem. In [25℄,
Yang and Chute proposed a linear least squares t algorithm to train linear lassi ers. Yang
also ompared a number of statisti al methods for text ategorization in [24℄. The best
performan es previously reported in the literature are from weighted resampled de ision
trees in [23℄ and (linear) support ve tor ma hines in [12, 4℄.
Integral parts of all these approa hes are tokenization, feature sele tion, and reating
numeri ve tor representations of do uments. The rst step, tokenization, is laid out in
detail in Figure 1. This fun tionality is ommon to most methods of text ategorization. In
the tokenization pro edure depi ted in Figure 1, one or both of Steps 4 and 5 may be omitted,
although keeping them may improve performan e. If both steps are retained, elimination
of stopwords (Step 5) may also be done before stemming (Step 4). Also, the elimination
of stopwords (Step 5) may in some instan es be subsumed by subsequent feature sele tion,
to be dis ussed below. For onsisten y, the same tokenization pro edure would be used
both (1) for do uments used in training to build ategorization rules and (2) for in oming
do uments to be ategorized by a system employing the lassi ers obtained in the training
phase.
After tokenization, ea h do ument is represented by a list of word o urren es. A program
should then be used to arry out feature sele tion. (However, feature sele tion ould also
be skipped entirely, so that tokens were to be taken by themselves to be the sole features
of interest.) We will not take up the spe i s of feature sele tion, but a number of methods
of varying degrees of sophisti ation have been studied in [27℄. Feature sele tion might be
done only on e for the entire data set, but experien e indi ates that better results will be
obtained by doing feature sele tion separately for ea h ategory, re e ting the intuition that
features indi ative of ategory membership will di er as one moves from ategory to ategory.
Feature sele tion, under the assumption that a separate set of features is to be sele ted for
ea h ategory, is laid out in Figure 2. The output of feature sele tion would normally be
a spe i ation of a separate list of sele ted features (words) for ea h ategory for whi h
we intend to generate a lassi er. The spe i ation would ne essarily be detailed enough to
permit a omputer to identify ea h o urren e of ea h feature in the tokenized representation
of a do ument.
After feature sele tion, ea h do ument is represented by a ve tor of word o urren es for
ea h ategory where ea h ve tor omponent orresponds to a word feature sele ted for the
ategory in the previous step. Figure 3 shows the steps ne essary to use a list of features
sele ted for relevan e to a parti ular ategory to onvert a tokenized representation of a
do ument to a numeri ve tor representing the do ument. Be ause of the vast numbers of
di erent words that may appear in text, generally the numeri al ve tors of world o urren es
one gets are sparse ve tors of very high dimensionality. Thus, text ategorization ne essitates
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using te hniques of supervised two- lass ategorization problem that are well suited to highdimensional sparse data.
Formally, a two- lass ategorization problem is to determine a label y 2 f 1; 1g assoiated with a ve tor x of input variables. A useful method for solving this problem is by
using linear dis riminant fun tions, whi h onsist of linear ombinations of the input variables. Various te hniques have been proposed for determining the weight values for linear
dis riminant lassi ers from a training set of labeled data (x1 ; y1); : : : ; (xn; yn). Here, and
throughout this do ument, n is the number of items in a training set. Spe i ally, we seek a
weight ve tor w and a threshold  su h that wT x <  if its label y = 1 and wT x   if its
label y = 1. Thus, the hyperplane onsisting of all x su h that wT x =  would approximately
separate the in- lass ve tors from the out-of- lass ve tors.
The problem just des ribed may readily be onverted into one in whi h the threshold 
is taken to be zero. One does this by embedding all the data into a spa e with one more
dimension, and then translating the original spa e by some hosen nonzero distan e A from
its original position. Normally, one takes A = 1. Hen e, in this onversion, ea h ve tor
(z1 ; : : : ; zm ) is traded in for (z1 ; : : : ; zm ; A). For ea h hyperplane in the original spa e, there
is a unique hyperplane in the larger spa e that passes through the origin of the larger spa e.
Instead of sear hing for both an m-dimensional weight ve tor along with a threshold , we
an therefore sear h for an (m + 1)-dimensional weight ve tor along with an anti ipated
threshold of zero.
Under the assumption that the ve tors of input variables have been suitably transformed
so that we may take  = 0, the training error rate for a linear lassi er with weight ve tor
w is given by
n
1X
s(wT x y );
(1)
where s is the step fun tion

i i

n i=1



1 if z  0;
(2)
0 if z > 0:
A number of approa hes to solving ategorization problems by nding linear dis riminant
fun tions have been advan ed over the years. In the early statisti al literature, the weight
was obtained by using linear dis riminant analysis, whi h makes the assumption that ea h
lass has a Gaussian distribution ( f. [17℄, hapter 3). Similar to linear dis riminant analysis,
an approa h widely used in statisti s (usually for regression rather than lassi ation) is the
least squares t algorithm. Least squares t has been applied to text ategorization problems
in [25℄. Without any assumption on the underlying distribution, a linear separator an be
obtained by using the per eptron s heme that minimizes the training error [15℄. Another
ommonly used approa h in statisti s for obtaining a linear lassi er is logisti regression.
Logisti regression is losely related to support ve tor ma hines, whi h have re ently gained
mu h popularity.
There have been a long history of using logisti regression in information retrieval, as
an be seen from the following partial list [2, 5, 6, 10, 13, 20℄. However, for a number of
s(z ) =
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reasons, the method was not used in an e e tive way for text ategorization. As a result,
the omparison in [20℄ suggested negative opinions on the performan e of logisti regression.
The ombination of the following fa tors ould have led to the negative results in [20℄. One
reason ould be the la k of regularization in their formulation. Keep in mind that regularization is important to the su ess of SVM. We will ome ba k to the issue of regularization
in the next se tion. Another reason ould be their hoi e of the Newton-Raphson method of
numeri al optimization, whi h in our experien e ould be ome unstable, espe ially without
regularization. In this paper, we instead introdu e a stable numeri al optimization pro edure. A third reason ould be the threshold adjustment problem whi h we will explain in
Se tion 4 | however, this problem does not a e t the break-even performan e measurement. Furthermore, in the previous studies, logisti regression was typi ally employed with
a relatively small set of features. However, as suggested in [12℄, it an be helpful to use a
very large set of features (in the order of tens of thousands). Our experiments in Se tion 4
on rm this observation.
This paper is organized as follows. In Se tion 2, we des ribe various linear lassi ation
algorithms. We dis uss issues related to the e e tiveness of the algorithms from a statisti al
point of view. Using this analysis, we introdu e a method that is a variant of the linear
least squares method and SVM. The presen e of large feature sets has introdu ed some
numeri al hallenges. These issues will be dis ussed in Se tion 3, where we investigate the
omputational aspe ts of all the algorithms in luding logisti regression and support ve tor
ma hines. Some experiments will be given in Se tion 4 to ompare the performan e of
the di erent methods. In parti ular, we illustrate that logisti regression a hieves results
omparable with support ve tor ma hines. We summarize this paper in Se tion 5.

2 Linear lassi ers
We start our dis ussion with the least squares algorithm, whi h is based on the following
formulation to ompute a linear separator w^:
n
X
1
w^ = arg inf
(wT x y )2 :
(3)
w

The solution is given by
w^ = (

n
X

=1

i

i

n i=1

xi xTi

)

i

1 (X xi yi ):
i=1
n

One problem with the above formulation is that the matrix Pni=1 xi xTi may be singular or
ill- onditioned. This o urs, for example, when n is less than the dimension of x. Note
that in this ase, for any w^, there exists in nitely many solutions w~ of w~T xi = w^T xi for
i = 1; : : : ; n. This implies that (3) has in nitely many possible solutions w^.
A remedy of this problem is to use a pseudo-inverse [25℄. However, one problem of the
pseudo-inverse approa h is its omputational omplexity. In order to handle large sparse
4

systems, we need to use iterative algorithms whi h do not rely on matrix fa torization te hniques. Therefore in this paper, we use the standard ridge regression method [9℄ that adds
a regularization term to (3):
n
X
1
w^ = arg inf
(wT x y 1)2 + w2;
(4)
i i

n i=1

w

where  is an appropriately hosen regularization parameter. The solution is given by
w^ = (

n
X

=1

i

xi xTi

n
X

+ nI ) 1(

=1

i

xi yi );

where I denotes the identity matrix. Note that Pni=1 xixTi + nI is always non-singular,
whi h solves the ill- ondition problem.
Statisti ally, the least squares formulation (4) is often asso iated with the regression
model yi = wT xi + ni, where ni is assumed to be an iid noise. If we further assume that the
noise ni omes from a zero-mean Gaussian distribution, then the formulation orresponds to
a penalized maximum likelihood estimate with a Gaussian prior. Under su h a ondition,
the least squares method an be the optimal estimator in the sense that it orresponds to the
optimal Bayesian estimator in the Bayesian framework. However, in other situations, this
method is typi ally sub-optimal. Unfortunately, the Gaussian noise assumption, whi h is
ontinuous, an only be satis ed approximately for lassi ation problem, sin e yi 2 f 1; 1g
is dis rete. In statisti s, logisti regression ( f. [8℄ Se tion 4.5) has often been employed to
remedy this problem.
As we have pointed out before, even though there have been onsiderable interest in applying logisti regression for text ategorization, its e e tiveness has not been fully explored.
Despite the lose relationship between logisti regression and support ve tor ma hines, no
results on text ategorization using dire t large s ale logisti regression have been reported
in the literature on the standard Reuters dataset. We shall therefore brie y des ribe the
logisti regression method and its onne tion to linear SVM's below for ompleteness.
In logisti regression, we model the onditional probability P (y = 1jw; x) as 1=(exp( wT x)+
1). It then follows that the likelihood P (yjw; x) = 1=(exp( wT xy)+1) (note that P ( 1jw; x)+
P (1jw; x) = 1). A standard pro edure to obtain an estimate of w is by the maximum likelihood estimate whi h minimizes
n
X
1
ln(1 + exp( wT x y )):
(5)
w^ = arg inf
w

i i

n i=1

Similar to (3), formulation (5) may be ill- onditioned numeri ally. The standard method to
solve this problem is by adding a s aling of the identity matrix to the Hessian of (5), whi h
is equivalent to the following regularized logisti regression formulation:
n
X
1
ln(1 + exp( wT x y )) + w2;
(6)
w^ = arg inf
w

i i

n i=1
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where  is an appropriately hosen regularization parameter. This regularized formulation
also belongs to a lass of methods alled penalized likelihood ( f. [8℄, Se tion 6.5.2), whi h
in the Bayesian framework, an be interpreted as a MAP estimator with prior P (w) /
exp(w2). Furthermore, we an employ a slightly more general family a ln(1 + b exp( z)),
instead of the log-likelihood fun tion ln(1 + exp( z)) in (6), where both a and an be
absorbed into the regularization parameter .
The support ve tor ma hine is a method originally proposed by Vapnik [3, 19, 21℄ that
has ni e properties from the sample omplexity theory. It is designed as a modi ation of the
Per eptron algorithm. Slightly di erent from our approa h of for ing threshold  = 0, and
then ompensating by appending a onstant omponent A (usually we take A = 1) to ea h
do ument ve tor, the standard linear support ve tor ma hine ( f. [19℄, hapter 1) expli itly
in ludes  into a quadrati formulation as follows:
n
X
1
^
i + w2 ;
(7)
(w;^ ) = arg inf
w;

n i=1
)  1

s:t: yi(wT xi
i; i  0;
i = 1; : : : ; n:
By eliminating i, the above formula is equivalent to the following formulation:
n
X
1
^
(w;^ ) = arg inf
g (yi(wT xi )) + w2;
w;

where

n i=1



(8)

1 z if z  1;
(9)
0
if z > 1:
As a omparison, we plot the SVM loss fun tion g(z), the logisti loss fun tion ln(1 +
exp( z)), and a modi ed logisti loss fun tion 1 ln(1 + exp( (1 z))) in Figure 4. The
shapes of all three fun tions are very similar. Mu h of the di eren es about their shapes
an be absorbed into a s aling of the regularization parameter ; the remaining di eren es
are insigni ant for text ategorization purposes (as1 we will later demonstrate in our experiments). We shall also note that g(z) = lim !1 ln(1 + exp( (1 z))), and hen e the
support ve tor ma hine formulation an be regarded as an approximation and the limiting
ase of a generalized family of logisti regression formulations.
The standard support ve tor ma hine should be solved dire tly as the quadrati programming problem (7) or in its dual formulation (whi h we des ribe later), sin e the nonsmoothness of its orresponding loss fun tion g(z) in (8) introdu es diÆ ulties for the dire t
numeri al optimization of (8). However, if the loss fun tion g(z) in (8) an be repla ed by
a smooth fun tion (as in the ase of logisti regression and the least squares t algorithm),
then it will be mu h easier to be solved dire tly in its primal formulation.
Thus we shall intentionally repla e g(z) by a smoother fun tion, and so we onsider the
following alternative formulation
n
X
1
h(wT x y ) + w2 ;
(10)
w^ = arg inf
g (z ) =

w

i i

n i=1
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where



(1 z)2 if z  1;
(11)
0
if z > 1:
This formulation is suÆ iently smooth so that dire t numeri al optimization of (10) an
be performed eÆ iently (see Se tion 3). Compared with logisti regression, it has an advantage that no expensive exponential fun tion evaluation is required during the numeri al
optimization.
Although this parti ular hoi e of h(z) is equivalent to an instan e of a more general form
of support ve tor ma hine (see [19℄, hapter 1), it is interesting to note that the formulation
(10) is intentionally ex luded from a standard SVM as des ribed both in hapter 1 of [19℄
and in hapter 10 of [21℄. Their argument omes from the impression that g(z) looks to be
a better approximation to the step fun tion s(z) than h(z) does. This argument relies on
the statisti al learning theory basis of SVM that regards g(z) as an approximation to the
lassi ation error fun tion s(z).
However, the above reasoning is only partially orre t. From the statisti al point of view,
if we regard the logisti model
P (y jw; x) = 1=(exp( wT xy ) + 1)
as a good approximation to the true onditional probability P (yjx), then by the well-known
asymptoti optimality property of the maximum likelihood estimate (that is, the maximum
likelihood estimate is an asymptoti ally most eÆ ient estimator of a distribution dependent parameter among all asymptoti ally unbiased estimators), an estimator based on (5)
is asymptoti ally more eÆ ient than an estimator based on (1) su h as the support ve tor
ma hine. This suggests that to a hieve better eÆ ien y, we need a better distribution model
and we need to in orporate su h a model into a regularized maximum likelihood estimate,
where the regularization is to ontrol numeri al stability.
From this point of view, (10) an be a better distribution model of P (yjw; x) than (3)
sin e it aptures the heavy tail probability of the histogram of wT xy presented in the more
reasonable logisti model of onditional likelihood. As explained earlier, the Gaussian noise
assumption of (3) an only be satis ed approximately. Figure 5 ompares the histograms of
w^ T xy on the training set at the estimated proje tion parameter w^ using the least squares
method (4) and the modi ed least squares method (10). The experiment is done with the
\earn" ategory (the largest ategory) in the Reuters news story dataset (see Se tion 4).
Not surprisingly, the least squares method omputes a w^ that ts a Gaussian-like histogram
while the modi ed least squares method a ommodates a heavy tailed distribution whi h is
more appropriate for lassi ation problems.
Sin e the least squares t method has a lose to the state of the art performan e [24℄,
it is reasonable to expe t the state of the art performan e an be a hieved from the better
distribution model based on (10). On the other hand, statisti al learning theory in its urrent
stage la ks both the on ept of eÆ ien y and the on ept of distribution modeling, therefore
it does not fully explain the superior performan e of (10) ompared with the standard support
ve tor ma hine formulation (7) on text ategorization problems reported in Se tion 4.
h(z ) =
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Due to the above mentioned di erent philosophies, and to avoid unne essary onfusion
with the standard SVM (and a modi ed SVM we introdu e later), it is appropriate to regard
(10) as a modi ed (regularized) least squares method (4) that in orporates the heavy tail
distribution aspe t of the logisti model into the Gaussian model of the least squares method.
Compared with the logisti model, the modi ed least squares formula has the advantage of
numeri al eÆ ien y (there is no need to evaluate the time onsuming exponential fun tions
during the omputation). However, the probability interpretation of the logisti model is
often very desirable in many appli ations.
It is possible to derive kernel methods (see [19℄) for all algorithms mentioned in this se tion
by using the dual formulation (see Se tion 3). However, for text ategorization problems,
there is not suÆ ient eviden e to show that kernel methods help. For example, results from
[4℄ and from this paper with plain linear lassi ers are slightly better than those of [12℄
with kernels. Note that the e e tiveness of kernels relies on the assumption that high order
word orrelations (word pairs, word triples, et ) onvey more information than single words.
However, some of this orrelation an already be aptured by linear ombination of word
o urren es. We have ondu ted some preliminary experiments whi h failed to demonstrate
statisti ally signi ant eviden e that high order methods su h as using word pairs or kernels
are helpful. In addition, kernel lassi ers are mu h more omplex omputationally. We will
thus avoid these methods in the paper.

3 Numeri al algorithms
For text ategorization problems, input ve tor xi is usually very sparse and of large dimensionality. The traditional numeri al te hniques based on small dense problems for (4) and
(6) may not be suitable, espe ially if they require some kind of matrix fa torization. In this
se tion, we study iterative methods for solving large sparse systems asso iated with s hemes
dis ussed in this paper.
In the following, we use i to denote the index of training samples, and j to denote the
feature index. For example: xij is the j -th omponent of the i-th training sample xi , while
wj is the j -th omponent of the weight ve tor.
3.1 A olumn relaxation algorithm

We onsider a more general formulation

n
X
1
w^ = arg inf
f (wT x y ) + w2 ;
w

i i

n i=1

(12)

where f is a relatively smooth fun tion whi h has a ontinuous rst order derivative and
a non-negative pie ewise ontinuous se ond order derivative. In this ase, the formulation
in (12) is onvex, thus it has a unique lo al minimum whi h is also the global minimum.
Methods investigated in this se tion are based on the following generi relaxation algorithm
(for example, see [7℄):
8

Algorithm 1

(Gauss-Seidel)

let w = 0 and ri = wT xi = 0
k = 1; 2; : : :
j = 1; : : : ; d
nd 1Pwj by approximately minimizing
2
()
i f (ri + wj xij yi ) + (wj + wj )
n
update r: ri = ri + wj xij yi
(i = 1; : : : ; n)
update w: wj = wj + wj

for

for

end
end

In the following, we will spe ialize Algorithm 1 to produ e omputational routines for
solving the regularized linear least squares t formulation (i.e. ridge regression) in (4), the
modi ed least squares formulation in (10), and the regularized logisti regression formulation
in (6).
For the regularized linear least squares t formulation (4), we obtain Algorithm 2 where
() is solved exa tly. Note that for linear systems su h as (4), the onjugate gradient (CG)
pro edure is often preferred over the Gauss-Seidel method. In addition, a pre onditioned CG
with a symmetrized Gauss-Seidel method as the pre onditioner usually performs better. In
fa t, without taking advantage of possible spe ial stru tures (if any), this ombination is the
method of hoi e as a general purpose symmetri large sparse linear system solver, For more
details, see relevant hapters in [7℄. Even though CG an also be used for nonlinear optimization problems, due to a number of reasons, it is not very suitable to systems onsidered
in this paper. For simpli ity and onsistent with other methods, we shall use Algorithm 2
to solve (4) in our experiments.
Algorithm 2

(CLS)

let w = 0 and ri = 0
k = 1; 2; : : :
j = 1; : : : ; d
wj = (Pi(ri 1)xij yi + nwj )=(Pi x2ij + n)
update r: ri = ri + wj xij yi
(i = 1; : : : ; n)
update w: wj = wj + wj

for

for

end
end

Instead of Algorithm 1, one may also apply Newton's method dire tly to (12), as suggested in [8℄ and used in [20℄. The resulting linear system from Newton's method an be
solved by an iterative solver su h as the Gauss-Seidel iteration or CG. However, a properly
implemented line sear h method, whi h an be ompli ated, is required to guarantee onvergen e. Su h a line sear h method an also result in small step sizes, whi h slows down the
onvergen e. As a omparison, Algorithm 1 has the advantage of simpli ity and guaranteed
onvergen e, as long as we update wj so that the obje tive fun tion (12) de reases in ()

9

every time. For this purpose, we rewrite () by Taylor expansion: 90 <  < 1 su h that
X
X
[ n1 f (ri + wj xij yi) + (wj + wj )2 ℄ [ n1 f (ri) + (wj )2℄
i
i
X 0
X 00
1
1
1
=[ n f (ri)xij yi + 2wj ℄wj + 2 [ n [f (ri + wj xij yi)x2ij + 2℄wj2:
i
i
This equality implies that 8j > 0, if we let
1 P f 0 (ri )xij yi + 2wj
i
n
;
vj = 1 P
2
i F (ri ; j jxij j)xij + 2
n
where F is an arbitrary fun tion su h that F (ri; )  supjr j f 00(ri + ri ), and let
8
>
< j vj < j
wj = >vj vj 2 [ j ; j ℄ ;
:j vj > j
then the obje tive fun tion always de reases after step (). This property ensures the onvergen e of Algorithm 1.
We would like to apply this idea to (10). To do so, it is helpful to further enhan e the
smoothness of f by introdu ing a ontinuation parameter 2 [0; 1℄, so that f (x) = f0 (x)
and the smoothness of f 00(x) de reases as de reases:
(
(x 1)2 x  1
(13)
f (x) =
(x 1)2 x > 1:
Algorithm 1 should then be modi ed so that at ea h step k, a di erent k is hosen (so that
1 = 1  2      K = 0), and the fun tion f shall be repla ed by f . Note that this
introdu tion of a ontinuation parameter is not required in order for Algorithm 1 to onverge.
However, in our experien e, this simple modi ation a elerates the rate of onvergen e:
i

k

Algorithm 3

(CMLS)

let w = 0 and ri = 0
pi k a de reasing sequen e of 1 = 1  2      K = 0
pi k j > 0 for j = 1; : : : ; d
k = 1; 2; : : : ; K
de ne fun tion Ck (ri) = 2(ri 1) if ri  1 and Ck (ri) = 2 k (ri 1) otherwise
de ne fun tion Fk (x; y) = 2 if x  1 + jyj and Fk (x; y) = 2 k otherwise
j = 1; : : : ; d
vj = [Pi Ck (ri )xij yi + 2nwj ℄=[Pi Fk (ri; j xij )x2ij + 2n℄
wj = min(max(vj ; j ); j )
update r: ri = ri + wj xij yi
(i = 1; : : : ; n)
update w: wj = wj + wj
update j : j = 2jwj j + 
for

for

end
end
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For logisti regression (6), we obtain the following algorithm with a spe i
Algorithm 4

(CLG)

hoi e of F :

let w = 0 and ri = 0
pi k j > 0 for j = 1; : : : ; d
k = 1; 2; : : : ; K
de ne fun tion Fk (x; y) = min(0:25; ejyj=(2 + ex + e x))
j = 1; : P
:: ;d
vj = [ i exp(r1 )+1 xij yi + 2nwj ℄=[Pi Fk (ri; j xij )x2ij + 2n℄
wj = min(max(vj ; j ); j )
update r: ri = ri + wj xij yi
(i = 1; : : : ; n)
update w: wj = wj + wj
update j : j = 2jwj j + 
for

for

i

end
end

In Algorithm 4, we an also use other formulations of Fk (x; y), as long as the omputation
an be organized eÆ iently.
The update formula for j is to make sure that a suÆ iently large step an be taken.  is a
toleran e parameter than an be set to 0:1 for text ategorization problems. The initial hoi e
of j is unimportant, we an set it to be either 1 or 1. The standard Newton's pro edure
an also be used initially to obtain estimates of j . Other update formulae for j an be
used. For example, a formula j = max(2jwj j; j =2) gives a method that is very similar
to a standard trust-region update. Theoreti ally, this trust-region-like update is appealing
be ause j ! 0 as k ! 1, and hen e ea h inner olumn-wise update asymptoti ally behaves
like Newton's method.
The above algorithms are written in the form of xed iteration algorithms where K is
pi ked beforehand (usually 100 is suÆ ient for text ategorization purposes). It is not diÆ ult
to impose an expli it stopping riterion whi h he ks the onvergen e of the parameter by
some measure after ea h iteration. As an example, for text ategorization appli ations, if
the hange of Pi jrij is less than 0:1 per ent of 1+ Pi jrij, we an terminate the algorithm.
3.2 A row relaxation algorithm

We introdu e a dual form of (12), and suggest a lass of numeri al algorithms to solve the
dual formulation. By using the dual formulation, we an obtain a representation of w in a soalled Reprodu ing Kernel Hilbert Spa e (RKHS) [22℄. Su h a representation allows a linear
lassi er to learn non-linear fun tions in the original input spa e, and thus is onsidered a
major advantage of kernel methods in luding re ently popularized support ve tor ma hines
and Gaussian pro esses (dual ridge regression). Although we have mentioned in Se tion 2
that we are unable to observe any statisti ally signi ant eviden e that kernel methods are
superior for general text- ategorization tasks, they ould be helpful for spe ial problems. It
is thus useful to know that methods su h as logisti regression and modi ed least squares
share the same advantage of SVM in terms of kernel representation.
To pro eed, we introdu e a dual form of (12) by onsidering an auxiliary variable i for
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ea h data xi:

n
X
1
^
(w;^  ) = arg infw sup n [ k(i ) + iwT xi yi℄ + w2;


=1

i

(14)

where k() is the Legendre transform of f (): k(v) = supu(uv f (u)). It is well known that
k is onvex. By swit hing the order of inf w and sup , whi h is valid for the above minimax
onvex programming problem (a proof is given in Appendix A), we obtain
n
^ = arg sup 1 X[ k( ) +  wT x y ℄ + w2;
(15)


n i=1

i

i

i i

where w is minimized at w = 2n1 Pi ixiyi. Substituting into the above equation, we
obtain
n
n
^ = arg inf X k(i) + 1 (X ixiyi)2;
(16)

4n i=1
i=1
and
1 X ^ x y :
w^ =
(17)
2n i i i
i

Similar to Algorithm 1 whi h solves the primal problem (12), the following generi relaxation algorithm solves the dual problem (16):
Algorithm 5

(Dual Gauss-Seidel)

let  = 0 and vj = 0 for j = 1; : : : ; d
k = 1; 2; : : :
i = 1; : : : ; n
nd i by approximately
minimizing
1 (2i v T xi yi +  2 x2 )
()
k(i + i ) + 4n
i i
update v: vj = vj + ixij yi
(j = 1; : : : ; d)
update  : i = i + i
for

for

end
end

let w = 2n1 v.
The dual formulation (16) also leads to kernel methods whi h embed the feature ve tor
x into a Hilbert spa e. Instead of omputing w in the asso iated Hilbert spa e whi h is
omputationally
infeasible, we may hoose to keep the dual variable  . In order to ompute
P
T
T
v xi = k k xk xi yi in (), we repla e the inner produ t xTk xi by a kernel fun tion K (xk ; xi )
just like in a kernel SVM [21℄.
An important implementation issue for Algorithm 5 is that the data ordering an have
a signi ant e e t on the rate of onvergen e (the feature ordering does not appear to have
a very noti eable e e t on Algorithm 5). More spe i ally, if we order the data points
su h that members in ea h lass are grouped together, then we may experien e a very slow
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onvergen e. On the other hand, the dual algorithm appears to work very well with a random
data ordering. Intuitively, this phenomenon is not too surprising, sin e if lass members are
grouped together, then as we go through the data in one lass, we tend to over- t the portion
of data until we en ounter some data in the other lass. However, we still do not have a deep
understanding of the data ordering issue. Future study may potentially lead to a systemati
method of data re-ordering to a elerate onvergen e.
An attra tive property of the dual formulation is that after the omputation of x2i (whi h
an also be pre- omputed and stored in memory) and vT xi yi, the update step () be omes
a small system whi h an be eÆ iently solved in onstant time (approximately to any predetermined numeri al a ura y) by a line-sear h algorithm. However, the rate of onvergen e
of a dual (row-wise) algorithm an be di erent than that of a primal ( olumn-wise) algorithm.
In general, for f () in (12) that is suÆ iently smooth, we have not found any suÆ ient
eviden e that the dual algorithm is more eÆ ient.
On the other hand, the dual formulation is omputationally very useful for an SVM due
to the non-smooth loss fun tion in its primal form. For the standard SVM (8), a good
method for text ategorization is SMO [4℄, whi h is based on the dual formulation des ribed
in hapter 12 of [19℄. One ompli ation of thePdual SVM (8) whi h employs an expli it
threshold  is the asso iated equality onstraint i iyi = 0 on the dual variable, whi h has
to be spe ially treated in a numeri al optimization routine. For example, in SMO, this is
done by modifying
a pair of dual variable omponents simultaneously at ea h step to enfor e
P
the onstraint i iyi = 0. Heuristi s are used to sele t pairs of dual variables to optimize.
Our experien e with SMO indi ates that a non-negligible amount of time is spent on the
heuristi dual pair sele tion pro edure, rather than numeri al optimization.
A simple remedy of the problem is to set  = 0 in a standard SVM and append a onstant
feature as we do for all other algorithms in this paper. This modi ation leads to a variant
of SVM without the dual equality onstraint. Spe i ally, its dual formulation is given by
(16) with k(z) de ned as
(
z
1  z  0;
k(z ) =
+1 otherwise:
The +1 value is e e tively a simple onstraint for ea h dual variable: 1  i  0.
Algorithm 5 an be applied to this formulation with () given by the following update:
T
 = max( ; min(1 +  ;  2n + v xi yi )):
(18)
i

i

i

x2i

This pro edure was also mentioned by Platt in Chapter 12 of [19℄, although he dismissed it as
inferior to a standard SVM. We shall later present experimental eviden e ontrary to Platt's
opinion. In fa t, the method has also been su essfully employed in [11℄. To distinguish this
pro edure from a standard SVM, we shall all it modi ed SVM in this paper. The update
(18) with  = 1 orresponds to the exa t minimization of the dual obje tive fun tional in
(). However, in pra ti e, we observe that it is useful to use a smaller update step with
0 <  < 1.
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For the modi ed least squares formulation (10), k(z) is de ned only for z  0 (k(z) = +1
for z > 0): k(z) = z2 =4 + z. We thus obtain an instan e of Algorithm 5 with () repla ed
by the following the losed form solution of ():
(2 + i)n + vT xiyi ):
n + x2i
For logisti regression (6), the Legendre dual of f is k(z) = z ln( z) + (1 + z) ln(1 + z)
where k() is de ned only in [ 1; 0℄. The solution of () an be obtained by solving the
following equation:
1 (vT x y + x2  ) = 0:
ln 1 +(i++)i + 2n
i i
i
i
i = min(

i

i ;

i

4 Experimental Results
In this se tion, we ompare the following methods already dis ussed in the paper: the
regularized linear least squares t method (4) denoted as Lin Reg, the modi ed least squares
formulation (10) denoted as Mod Least Squares, the regularized logisti regression (6) denoted
as Logisti Reg, the (linear) support ve tor ma hine (8) denoted as SVM, and the modi ed
SVM orresponding to (18) denoted as Mod SVM. For omparison purposes, we also in lude
results of Naive Bayes [14℄ as a baseline method.
4.1 Some Implementation issues

A number of feature sele tion methods for text ategorization were ompared in [27℄. In our
experiments, we employ a method similar to the information gain (IG) approa h des ribed
in [27℄. However, we repla e the entropy s oring in the IG riterion by Gini index. The
reason for our hoi e is that we do not remove stopwords in the prepro essing step. In our
experien e, Gini index seems to remove stopwords more e e tively than the entropy fun tion.
However, the di eren e is rather small. We didn't experiment with other methods des ribed
in [27℄.
In our experiments, we sele t 10000 features as the input to the algorithms, ignoring
features o urring less than 3 times as suggested in [12℄. Ea h feature is a binary word
o urren e 2 f0; 1g, indi ating whether the word o urs or not in the do ument. A word in
the title is regarded as a di erent feature than the same word in the body. More ompli ated
representations su h as TFIDF weighting s hemes [12℄ an also be employed. In this work,
we didn't ompare the e e tiveness of these di erent approa hes.
Our implementation of Naive Bayes is based on the multinomial model formulation des ribed in [14℄. However, we repla e the Lapla ian smoothing where ea h probability ount
is in reased by 1, by a -smoothing where ea h probability ount is in reased by . This
formulation an be onsidered as a regularization method to avoid the zero-denominator
problem. In our experien e, the repla ement of Lapla ian smoothing with  < 1 smoothing
makes a signi ant di eren e in pra ti e.  = 1 is almost never a good hoi e. For ertain data su h as IndustrySe tor (see below for des ription), the Lapla ian smoothing gives
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a lassi ation a ura y of below 60%, whi h is signi antly worse than the 85% average
reported in Table 5 with  = 10 2.
For methods des ribed in this paper, our implementation is based on algorithms des ribed
in Se tion 3. The default number of iterations K is hosen to be 100. The algorithms an be
further a elerated with feature sele tion inside the iterations of the algorithms: we an trunate small olumn weight variables to zero, and ignore the orresponding olumn iteration.
In addition to omputation speed up, this may also enhan e the lassi ation performan e.
Lin Reg (4) is solved by Algorithm 2, and Logisti Reg (6) is solved by Algorithm 4. For Mod
Least Squares (10), we hoose k = max(0; 1 k=50) in Algorithm 3. The standard SVM
(8) is solved by an implementation of the SMO algorithm ([19℄, hapter 12). The modi ed
SVM is solved by Algorithm 5 with () given by (18), where we hoose  = 0:1.
On the Reuters dataset (see below), the regularization parameter  for ea h algorithm
is determined by a 5-fold ross-validation with the training set. We x this parameter to be
identi al for all ategories. We try values of  at 10 k with k = 0; : : : ; 6. The parti ular
optimal hoi es of  we obtain are summarized in Table 1. For other datasets, we simply
use the  omputed on the Reuters dataset. Our experien e indi ates that the di eren e of
using this hoi e and using the optimal value for ea h spe i dataset is relatively small.
Naive Bayes Lin Reg Mod Least Squares Logisti Reg SVM Mod SVM

10 2
10 3
10 3
10 4
10 3 10 3
Table 1: Values of the regularization parameter
Due to di erent formulations, termination riteria and parameter hoi es, it is diÆ ult
to make rigorous timing omparisons for di erent algorithms. However, to have a rough
idea, in our implementation, Naive Bayes is typi ally an order of magnitude faster than the
other algorithms. Lin Reg is slower than NB but faster than the others due to its simpli ity.
Mod Least Squares and Mod SVM have similar speed, whi h is about ve minutes on Reuters
using a Pentium 400 Mhz Linux PC with 10000 features. This timing, whi h in ludes feature
sele tion, orresponds to approximately 2.5 se onds per ategory. Both logisti regression
and the standard SVM using SMO are noti eably slower in our parti ular implementation.
4.2 Classi ation performan e

In text ategorization, it frequently happens that ea h ategory ontains only a small perentage of do uments. When this happens, the standard lassi ation error measurement is
often not very indi ative, be ause one an get a low error rate simply by saying no item is
in any lass, whi h is not likely to result in a very useful ategorizer. In text ategorization,
the standard performan e measures of a lassi ation method are the pre ision and re all
instead of lassi ation error:
true positive
pre ision = true positive
+ false positive  100
true positive
re all = true positive
+ false negative  100
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If a lassi ation algorithm ontains a parameter that an be adjusted to fa ilitate a tradeo between pre ision and re all, then one an ompute the break-even point (BEP), where
pre ision equals re all, as an evaluation riterion for the performan e of a lassi ation
algorithm [26℄. Another widely used single number metri is the F1 metri de ned as the
harmoni mean of the pre ision and the re all [24℄.
The standard dataset for omparing text ategorization algorithms is the Reuters set of
news stories, publi ly available at
http://www.resear h.att. om/lewis/reuters21578.html.
We use Reuters-21578 with ModApte split to partition the do uments into training and
validation sets. This dataset ontains 118 non-empty lasses (in addition, there are some
do uments that are not ategorized), with 9603 do uments in the training set and 3299
do uments in the test set. The mi ro-averaged (that is, the pre ision and the re all are
omputed by using statisti s summed over the onfusion matri es of all lasses) performan es
of the algorithms over all 118 lasses are reported in Table 2. Ea h BEP is omputed by
rst adjusting the linear de ision threshold individually for ea h ategory to obtain a BEP
for the ategory, and then mi ro-averaged over all 118 lasses. Our SVM result is onsistent
with the previously reported results in [4, 12℄. The Naive Bayes result is onsistent with [4℄.
It is interestingly to note that for our parti ular experimental setup, we have obtained a
very good performan e from the least squares method. This an be partially explained by
using the statisti al learning theory argument of SVM in [21℄. From the learning theory point
of view, an SVM an perform well if there exists a linear separator w with a small 2-norm
that separates in- lass data from out-of- lass data with a relative large margin: wT xy  1
shall be valid for most data. On the other hand, the SVM learning bounds require kxk2
small for x, whi h means that jwT xj  kwk2kxk2 should also be small. Therefore the overall
e e t is that wT x is lustered around a positive point for in- lass data and lustered around
a negative point for out-of- lass data. Sin e the least squares method omputes a weight
w so that wT x is lustered around 1 for in- lass data and lustered around 1 for negative
data, therefore it an perform reasonably well as long as an SVM is suitable for the problem.
In our experiments, we have noti ed that, ex ept for Naive Bayes, all methods nd
hyperplanes of omparable quality. This is re e ted by their similar break-even points.
However, we also found that the F1 numbers with unmodi ed omputed thresholds are
usually suboptimal for all methods. We found this is be ause for many small ategories in
the Reuters dataset, the omputed thresholds are biased towards ausing fewer errors for
the dominant out-of- lass data | this e e t an be ompensated by lowering the omputed
thresholds. In our experiments, we adjust the threshold after the hyperplane is omputed
to ompensate for this problem (we do this by nding a value that minimizes the training
error). This phenomenon has also been observed in [16℄, where Platt found that tting a
sigmoid to the output of SVM an enhan e the performan e on Reuters | the e e t of su h
a sigmoid tting is equivalent to using a di erent threshold.
It is un lear what is the best pro edure to adjust the threshold after the hyperplane is
omputed. This topi requires further investigation. Sin e the BEP metri is independent
of di erent threshold hoi es, therefore it an be regarded as a pure measure of the quality
of the omputed hyperplane itself. It an also be regarded as a lower-bound estimate of the
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best F1 metri we an obtain if we an nd the \ideal" threshold. We in lude break-even
points in Table 2. The results of modi ed least squares and naive Bayes indi ate that a good
hoi e of threshold an potentially lead to a better F1 value (implying a smaller lassi ation
error) than the BEP value. On the other hand, logisti regression is more likely to end up
with a suboptimal threshold, whi h is re e ted by its mu h better BEP measure than its F1
measure. In addition to mi ro-average results, as argued in [26℄, it is also useful to report
ma ro-averaged F1 values over ategories, whi h orrespond to (un-weighted) averages of F1
values for ea h lass. Figure 6 shows the ma ro-averaged F1 values over top 5, 10, 20, 40,
60, 80, 100, and all 118 ategories. We also in lude F1 values for the 10 largest ategories of
the Reuters dataset in Table 3, where the best number for ea h ategory is highlighted.
Naive Bayes Lin Reg Mod Least Squares Logisti Reg SVM Mod SVM
pre ision
77.0
87.1
89.2
88.0
89.2
89.4
re all
76.9
84.9
85.3
84.9
84.0
83.7
F1
77.0
86.0
87.2
86.4
86.5
86.5
BEP
75.8
86.3
86.9
86.9
86.5
86.7
Table 2: Binary lassi ation performan e on Reuters (all 118 lasses)
Naive Bayes Lin Reg Mod Least Squares Logisti Reg
earn
96.6
97.1
aq
91.7
93.2
95.2
money-fx
70.0
73.2
75.2
grain
76.6
90.3
88.4
rude
84.1
84.9
85.9
trade
52.3
70.8
72.9
interest
68.2
75.2
75.7
ship
76.4
80.7
83.6
81.9
wheat
58.1
88.5
88.2
orn
52.4
88.1
88.7
Table 3: F1 performan e on Reuters (top 10 lasses)
98.4

98.4

95.4
76.0

91.6
86.2

76.3

78.1

89.6
89.3

SVM Mod SVM
98.1
98.1
95.3
94.5
74.4
74.5
89.6
90.6
84.8
84.0
73.4
74.8
75.9
74.7
82.4
88.9
86.2
86.7
83.8
89.6

Figure 7 shows the break-even performan e of logisti regression at di erent feature sizes.
As we an see, the performan e improves as the number of features in reases. This suggests
that ex essive feature sele tion is not bene ial for regularized linear lassi ation methods.
However, if we eliminate the feature sele tion step so that all stop-words (as well as noisy
features o urring less than 3 times) are present, then the performan e degrades to a breakeven point of about 85. Note that in this study, we have used the BEP metri to avoid
ompli ations of threshold adjustment dis ussed earlier.
Figure 8 shows the break-even performan e of logisti regression with di erent values of
regularization parameter . In theory, the performan e of logisti regression is unpredi table
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as  ! 0. This is be ause if the problem is linearly separable, then the solution of nonregularized logisti regression is ill-de ned: let w^ linearly separate the data so that w^T xiyi > 0
for all i, then for a positive s aling parameter , it is easy to verify that the logisti obje tive
fun tion Pi ln(1 + exp( w^T xi yi)) de reases to zero as ! +1. This implies that the
optimal solution of the non-regularized logisti regression annot be nite (i.e. ill-de ned) if
the data is linearly separable (this situation happens in Reuters). However, Figure 8 implies
that the performan e degradation of logisti regression as  ! 0 is not severe. We do not
have a de nitive explanation for this phenomenon. However, we onje ture that it ould be
due to the fa t that we use a relatively small number of iterations, and at ea h iteration the
update step size is small, with the onsequen e that the weight ve tor does not get large.
Although when  ! 0, an SVM is well behaved for linearly separable data, it is illbehaved for linearly non-separable data. However, interestingly, even when  ! 0, the dual
algorithms are relatively well-behaved if we use a xed number of iterations. For Mod SVM
and Mod Least Squares, the mi ro-averaged BEPs are redu ed to about 85 as  ! 0, when
we x the number of iterations to be 100 in the dual algorithms. The reason for this good
behavior is due to the slow onvergen e of the dual algorithms when  ! 0. For example,
in (18), when  ! 0, i be omes proportionally small, so that = does not be ome large
within a reasonable number of iterations. However, it an be shown that for non-separable
data with  ! 0, the optimal value of = annot be nite. Therefore in this ase, the
slow onvergen e of a dual algorithm avoids the bad s enario of in nite =. Consequently,
the primal algorithm for solving (10) leads to a poorer result (around 80 BEP) than that
of the orresponding dual algorithm (around 85 BEP), even though the primal algorithm
onverges faster (whi h is veri ed by omparing the obje tive fun tion values in (10) with
the omputed weights). In our experien e, the least squares method degrades more severely
in the limit of  ! 0, with a mi ro-averaged break-even point of around 70. However, if
we use only 100 features instead of 10000 features, then the least squares method a hieves a
break-even point of about 83 in the limit of  ! 0.
In Table 4, we give omparative results on another data set (AS400) whi h onsists of
re ords of all enter inquiries from IBM ustomers. This data, ategorized into 36 lasses, is
partitioned into a training set of 59557 items and a test set of 14235 items. The hara teristi s
of this data is rather di erent than that of the Reuters. The BEP performan es of the
algorithms are more or less onsistent. However, the F1 metri again demonstrates that the
hoi e of linear threshold an signi antly a e t the performan e of an algorithm, even when
the algorithm has a good break-even point.
Naive Bayes Lin Reg Mod Least Squares Logisti Reg SVM Mod SVM
pre ision
66.1
78.5
77.7
76.3
78.9
78.7
re all
74.9
64.0
70.9
71.4
63.8
63.6
F1
70.2
70.5
74.1
73.8
70.6
70.4
BEP
69.1
71.7
74.4
73.8
73.9
73.8
Table 4: Binary lassi ation performan e on AS400
Even though for some text ategorization problems su h as Reuters, ea h do ument an
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be multiply lassi ed, in many other appli ations, do uments are singly lassi ed. In this
ase, one is usually interested in treating the problem dire tly as a single multi- lass problem,
rather than many separate binary- lass problems. The overall lassi ation a ura y de ned
as the per entage of orre tly predi ted ategory, is a useful performan e measure for this
type of problems. We ompare the algorithms on the following datasets. The rst three
datasets are available at http://www. s. mu.edu/ TextLearning/datasets.html.
 20NewsGroup, whi h is a olle tion of 20,000 messages, from 20 di erent newsgroups,
with one thousand messages from ea h newsgroup.
 IndustrySe tor, whi h is a olle tion of about 10000 web pages of ompanies from
various e onomi se tors. There are 105 ategories.
 WebKB, whi h ontains about 8000 web pages olle ted from omputer s ien e departments of various universities in January 1997. We use the version with the following
seven ategories: \student", \fa ulty", \sta ", \department", \ ourse", \proje t", and
\other".
 GRANT, whi h ontains about 5000 grant proposals. There are 42 ategories orresponding to areas of the proposals.
 IBMweb, whi h ontains about 7000 web pages olle ted from www.ibm. om, ategorized into 42 lasses.
We use the same hoi es for the regularization parameter  as listed in Table 1 for the
various algorithms. We observe the performan e di eren e of this default hoi e is lose
to that of the optimal parameter for the above datasets. This implies that parameters we
use an be reasonably good a ross a variety of datasets, whi h an partially eliminate the
ne essity of ross-validation parameter sele tion, if su h a pro edure is undesirable due to
the extra omputational ost. Unlike the binary lassi ation ase, we do not perform any
threshold adjustment in these experiments. To obtain a multi- lass ategorizer, we ompute
a linear lassi er with weight wl for ea h ategory l by treating it as a binary problem; we
then predi t the lass of a data-point x as the label l with the largest value of wlT x. For
Naive Bayes, this gives a method we all Naive Bayes-2. For omparison purposes, we have
also implemented a dire t multi- lass Naive Bayes method as des ribed in [14℄, whi h we
all Naive Bayes-1. Although there are studies suggesting ertain oding s hemes (su h as
error- orre ting output ode) to onvert a binary lassi er into a multi- lass ategorizer, we
have found no statisti ally signi ant improvement by using any of su h oding s hemes in
our implementation.
We sele t 10000 features for all algorithms ex ept Naive Bayes-1. No feature sele tion
is performed for Naive Bayes-1. The onsistent improvement of Naive Bayes-2 over Naive
Bayes-1 is surprising. We observe that the improvement is not entirely due to feature
sele tion. However, we still do not have a good explanation for this phenomenon. For ea h
dataset, we generate ve random training-test splits, with training set size four times that of
test set size. Table 5 reports lassi ation a ura ies of the algorithms with the ve random
splits for ea h dataset. The result is in a format of mean  standard deviation. The relative
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performan es of the algorithms are rather onsistent (ex ept logisti regression is worse than
linear regression on IndustrySe tor).
In on lusion, Naive Bayes is onsistently worse than the other methods. There also seems
to be a statisti ally signi ant di eren e to indi ate that linear regression is worse than the
remaining algorithms (ex ept Naive Bayes). The di eren es among other algorithms are
not signi ant enough to draw any rm on lusion. We also observe that the di eren es
among the algorithms are more signi ant on some datasets than others. It is un lear how
to hara terize a dataset in order to predi t how signi ant are the performan es of di erent
algorithms.
method
20NewsGroup IndustrySe tor WebKB GRANT IBMweb
Naive Bayes-1
89:7  0:5
84:8  0:5 65:0  0:7 59:4  1:9 77:2  0:4
Naive Bayes-2
92:4  0:4
91:0  0:6 68:7  1:1 64:2  1:3 79:6  0:7
Lin Reg
94:1  0:2
93:4  0:5 83:8  0:3 67:0  0:8 85:7  0:5
Mod Least Squares 94:5  0:3
93:6  0:4 88:7  0:5 70:2  1:2 86:2  0:7
Logisti Reg
94:4  0:3
92:3  0:9 89:0  0:5 70:6  1:2 86:2  0:6
SVM
94:8  0:3
93:6  0:5 88:4  0:5 70:0  1:2 86:1  0:4
Mod SVM
94:7  0:3
93:6  0:4 88:5  0:5 69:8  1:2 85:8  0:7
Table 5: Multi- lass lassi ation a ura y

5 Summary
In this paper, we have applied the logisti regression model and a modi ation of the least
squares t method for text ategorization. We have also ompared them with other linear
lassi ation methods su h as support ve tor ma hines.
Statisti al properties of di erent methods were dis ussed in Se tion 2, providing useful
insights for the various methods. We argued that the text ategorization appli ation requires
numeri al iterative algorithms that are suitable for solving large sparse systems asso iated
with the proposed formulations. Numeri al issues were dis ussed in Se tion 3. Spe i ally,
we introdu ed a olumn-wise relaxation algorithm and a row-wise relaxation algorithm to
solve these large sparse systems. In our experien e, the proposed algorithms are rather
eÆ ient. However, it may be possible to further enhan e these algorithms, for example,
by using a quasi-Newton a eleration on top of the iterations. The insuÆ ient smoothness
of some formulations des ribed in this paper may ause trouble in su h a quasi-Newton
enhan ement. It is therefore still an open question on how signi ant an improvement we
an obtain.
Experimental omparisons of the algorithms on a number of datasets were reported.
Naive Bayes is onsistently worse than the other algorithms. Although the regularized linear
least squares method has a performan e very lose to the state of the art, this (relatively
small) di eren e appears to be statisti ally signi ant. We have also demonstrated that an
appropriately implemented regularized logisti regression an perform as well as an SVM,
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whi h is regarded as the state of the art in text ategorization. Furthermore, logisti regression has the advantage of yielding a probability model, whi h an be useful in many
appli ations.
Finally, there are a number of open issues revealed in our study. One interesting problem
is how to nd a good threshold given a omputed hyperplane. Another interesting issue is the
e e t of hanging the regularization parameter , as well as a simple method to sele t a good
value of  given a dataset. We have only brie y tou hed this issue in this paper. Behaviors
of di erent algorithms as  ! 0 were examined in Se tion 4. In addition, our experien e
suggests that xing  at a default value leads to reasonable performan e a ross a variety
of datasets ( ompared with the baseline Naive Bayes). However, it would still be useful to
arefully investigate related issues su h as the impa t of ertain dataset hara teristi s (e.g.
the training sample size, or the average length of a do ument, et ) on the hoi e of .
The feature sele tion issue has also been investigated in our experiments. We showed that
a moderate amount of feature sele tion is useful. Although, this issue has been dis ussed
in many previous works, further studies on the e e t of feature sele tion on regularization
methods, su h as those dis ussed in the paper, would be valuable.
We have also observed that the performan e di eren es among the algorithms are data
dependent. It would be useful to nd dataset hara teristi s to explain this variation. Su h
a hara terization ould provide valuable insights on how di erent algorithms behave and
why they perform well or poorly with a parti ular data.

A Validity of the dual formulation
We would like to show that it is valid to inter hange the order of inf w and sup in (14). Let
n
X
1
L(w;  ) =
[ k( ) +  (wT x y )℄ + w2:
i

n i=1

i

i i

Then we need to show that there exists (w;^ ^) su h that
L(w;
^ ^) = infw sup L(w;  ) = sup infw L(w;  ):




(19)

It is well-known (for example, see [18℄) that the duality gap G is non-negative, where
G = inf sup L(w;  ) sup inf L(w;  ):
w
w




Furthermore, equation (19) has a solution if G = 0. We need to nd (w;^ ^) su h that
L(w;
^ ^) = infw L(w; ^) = sup L(w;^  ):
(20)


In this ase, (w;^ ^) is alled a saddle point.
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To onstru t a saddle point, we onsider w^ that minimizes the primal problem, whi h
satis es the following estimation equation:
n
1X
f 0 (w^ T x y )x y + 2w^ = 0:
i i

n i=1

Now, let ^i = f 0 (w^ T xi yi), we obtain:

i i

n
1 X
^i xi yi :

w^ =

2n i=1
This implies that w^ a hieves the minimum of
n
1 wT X
^ x + w2:
n

That is,

=1

i i

i

L(w;
^ ^) = inf L(w; ^):
w

(21)

Also by the de nition of ^i as the derivative of f () at w^T xiyi, we know that ^i a hieves
the maximum of
i wT xi yi k(i ):
That is,
L(w;
^ ^) = sup L(w;^  ):
(22)


Combining (21) and (22), we obtain (19), whi h implies the inter hangeability of the
order of inf w and sup in (14).
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1. Read in document d.

2. Segment document d into sections (if
any) whose separate identity is
significant for categorization.

3. Tokenize each section that contains
text.

4. (Optional) Convert all tokens to
canonical forms, i.e., do stemming.

5. (Optional) Delete stopwords, i.e.,
common words not useful for
categorization.

6. Output a tokenized representation r of
the document d from which the list of
tokens in each section can be
determined.

Figure 1: Do ument tokenization.
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1. Assemble the set of tokenized
representations of the training
documents.

2. From the assembled set, select a set
of features relevant to document
membership in a category.

3. Output the list L of selected features
for this training set and this category.

Figure 2: Feature sele tion.
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1. Read in a tokenized representation of
a document d, and the list L of selected
features for the training data and this
category.

2. For this document d, create a vector
of counts of occurrences of the features
in the list L.

3. (Optional) Transform the vector from
Step 2,e.g., by normalization or by
rounding down each component to a
fixed maximum value.

4. Augment the vector from Step 3 by
adding a final component set to a fixed
nonzero value A, producing a vector x.

5. Output the vector x that is a numerical
representation of the document d.

Figure 3: Creating a ve tor to represent a do ument using the sele ted features.
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