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Abstract

We propose one type of TOP (Tangent vector
Of the Posterior log-odds) kernel and apply it to
text categorization. In a number of categoriza-
tion tasks including text categorization, nega-
tive examples are usually more common than
positive examples and there may be several dif-
ferent types of negative examples. Therefore,
we construct a TOP kernel, regarding the prob-
abilistic model of negative examples as a mix-
ture of several component models respectively
corresponding to given categories. Since each
component model of our mixture model is ex-
pressed using a one-dimensional Gaussian-type
function, the proposed kernel has an advantage
in computational time. We also show that the
computational advantage is shared by a more
general class of models. In our experiments,
the proposed kernel used with Support Vector
Machines outperformed the linear kernel and
the Fisher kernel based on the Probabilistic La-
tent Semantic Indexing model.

Introduction

However, new types of kernels have more recently
been proposed; they are based on the probability distri-
bution of examples. One is Fisher kernels (Jaakkola and
Haussler, 1998). The other is TOP (Tangent vector Of the
Posterior log-odds) kernels (Tsuda et al., 2002). While
Fisher kernels are constructed on the basis of a genera-
tive model of data, TOP kernels are based on the class-
posterior probability, that is, the probability that the pos-
itive class occurs given an example. However, in order to
use those kernels, we have to select a probabilistic model
of data. The selection of a model will affect categoriza-
tion result. The present paper provides one solution to
this issue. Specifically, we proposed one type of TOP
kernel, because it has been reported that TOP kernels per-
form better than Fisher kernels in terms of categorization
accuracy.

We briefly explain our kernel. We focus on negative
examples in binary classification. Negative examples are
usually more common than positive examples. There
may be several different types of negative examples. Fur-
thermore, the categories of negative examples are some-
times explicitly given (for example, the situation where
we are given documents, each of which has one of three
categories “sports”,"politics” and “economics”, and we
are to extract documents with “politics”). In such a situa-

Recently, Support Vector Machines (SVMs) have beetion, the probabilistic model of negative examples can be
actively studied because of their high generalization abiregarded as a mixture of several component models. We
ity (Vapnik, 1998). In the formulation of SVMs, func- effectively use this property. Although many other mod-
tions which measure the similarity of two examples takels can be used, we propose a model based on the sepa-
an important role. These functions are cakednel func-
tions The usual dot-product of two vectors respectivelycally, a one-dimensional Gaussian-type function normal
corresponding to two examples is often used. Althougto a hyperplane corresponds to a category. The negative
some variants to the usual dot-product are sometimetass is then expressed as a kind of Gaussian mixture.
used (for example, higher-order polynomial kernels an@he reason for the selection of this model is that the re-
RBF kernels), the distribution of examples is not takersulting kernel has an advantage in computational time.
into account in such kernels.

rating hyperplanes in the original feature space. Specif-

The kernel based on this mixture model, what we call



Hyperplane-based TOP (HP-TOP) kernehn be com- 3 Kernels from Probabilistic Models
puted efficiently in spite of its high dimensionality. We

later show that the computational advantage is shared ecently new type of kernels which connect genera-

a more general class of models e models of data and discriminative classifiers such as
9 . i o . . SVMs, have been proposed: the Fisher kernel (Jaakkola
In the experiments of text categorization, in which

SVMs are used as classifiers, our kernel outperform%wl Haussler, 1998) and the TOP (Tangent vector Of the
the linear kernel and the Fisher kernel based on the Pro osterior log-odds) kernel (Tsuda et al., 2002).
abilistic Latent Semantic Indexing model proposed by.1 Fisher Kernel

Hofmann (2000) in terms of categorization accuracy. Suppose we have a probabilistic generative mp¢eb)
of the data (we denote an exampled)y The Fisher score
2 SVMs and Kernel Method of x is defined asvy log p(x|0), whereV, means par-

ial differentiation with respect to the parametérsThe

In this section, we explain SVMs and the kernel methodg. her information matrix is denoted b(6) (this ma-
which are the basis of our research. SVMs have achlevef defines the geometric structure of the model space).

high accuracy in various tasks including text categorizas , L )
tion (Joachims, 1998; Dumais et al., 1998) 8 hen, the Fisher kernel at an estiméts given by:

Suppose a seb’ of ordered pairs consisting of a fea- K(x',x?)
ture vector and its label = (Vologp(x0)I1(8)(Velogp(x2|d)) (3)
D' = {(x1,11), (X2, 92), - -, (Xt 1)}, The Fisher score of an example approximately indicates

how the model will change if the example is added to the
training data used in the estimation of the model. That
is given. D! is calledtraining data I is the set of feature means, the _Flsher kernel between two examples will be

' large, if the influences of the two examples to the model

;(n(ili)(;sthlr? ti\é'\l/lasr' zs?err?::a;[rl]n?chhgziesrgr?gs)getjvgaﬁ nare similar and large (Tsuda and Kawanabe, 2002).
9 9 The matrixI () is often approximated by the identity

hyperplane and its nearest vectors) is constructed. . ) :
o . \ ) matrix to avoid large computational overhead.
Skipping the details of SVMs’ formulation, here we
just show the conclusion that, using some real numbe&2 TOP Kernel

a; (Vi) andb®, the optimal hyperplane is expressed ag the hasis of a probabilistic model of the data, TOP
follows: kernels are designed to extract feature vectgrahich
f(X) = Z a;yiX; - X —b". (2) are considered to be useful for categorization with a sep-
i arating hyperplane.

We should note that only dot-products of examples are V€ Pegin with the proposition that, between the gener-
used in the above expression. alization errorR(f;) and the expected error of the poste-

Since SVMs are linear classifiers, their separating abiEolrdprObﬁb'!tL{D(If])’ Itshe relatlonRglfﬁ) _.L* = ?tD(fé)
ity is limited. To compensate for this limitation, the o'ds, where. " I Ihe bayes error. This inequality means

kernel methods usually combined with SVMs (Vapnik, that minimizing (f;) 'e?ds o reducing the genera'liz.a—
1998). tion error R(f;). D(f;) is expressed, using a logistic

In the kernel method, the dot-products in (2) are re[uncnonF(t) = 1/(1 +exp(~1)), as

(Vi, x; € Ry € {=1,1}) (1)

placed with more general inner-produst§;, x) (kernel D(f;)
functiong. The polynomial kernex; -x;+1)? (d € N.) = min Ex|F(w-f; —b) — Py = +1|x,0%)],  (4)
b

and the RBF kernetxp{—||x; — X;||?/202} are often

used. Using the kernel method means that feature vectqhere 9 denotes the actual parameters of the model.
are mapped into a (higher dimensional) Hilbert space anthe TOP kernel consists of features whin minimize

linearly separated there. This mapping structure makgsf ). In other words, we would like to have feature vec-
non-linear separation possible, although SVMs are basfbrsfé that satisfy the following:

cally linear classifiers. . .
Another advantage of the kernel method is that al- 7% W-f3(X) =b=F""(P(y = +1[x,6%)).  (5)
though it deals with a high dimensional (possibly infinite)gr certain values ofv andb.
space, explicit computation of high dimensional vectors For that purpose, we first define a functiofx, 6):
is not required. Only the general inner-products of two
vectors need to be computed. This advantage leads to a(x.0) = F7Y(P(y = +1[x,0))
relatively small computational overhead. =log P(y = +1|x,0) — log P(y = —1|x, 0). (6)



The first-order Taylor expansion efx, 6*) around the Thus, the Fisher kernel for this model is obtained as de-

estimate) is scribed in Appendix A.
( A) The first term of (31) corresponds to the similarity
Y i N through latent spaces. The second term corresponds to
o, 87) ~ v(x,6) + Z(ei 6:) a0; ™ the similarity through the distribution of each word. The
’ number of latent classes, can affect the value of the

If f; is of the following form: kernel function. In the experiment of (Hofmann, 2000),

they computed the kernels with the different numbers (1
f,(x) = (v(x,0),0v(x,0) /001, -, 0v(x,0)/d6,), to 64) of z;, and added them together to make a robust

(8) kernel instead of deciding one specific number of latent

and ifw andb are properly chosen as classesy.

They concluded that the Fisher kernel based on PLSI

w= (1,07 —01,---,0, —0,), b=0, (9) s effective when a large amount of unlabeled examples

are available for the estimation of the PLSI model.
then (5) is approximately satisfied. Thus, the TOP kernel

is defined as 5 Hyperplane-based TOP Kernel
K (X1,%9) = f5(%1) - F5(%a). (10) Inthis section, we explain our TOP kernel.

A detailed discussion of the TOP kernel and its theoretli—s'1 Derivation of HP-TOP kernel

cal analysis have been given by Tsuda et al (Tsuda et apuppose we have obtained the parametersand b.

2002). of the separating hyperplane for each categoryc
Ceategory IN the original feature space, whet&qiecgory
4 Related Work denotes the set of categories.

) ) We assume that the class-posterid?g+1|d) and
Hofmann (2000) applied Fisher kernels to text categop, (_1|d) are expressed hs

rization under the Probabilistic Latent Semantic Indexing

(PLSI) model (Hofmann, 1999). P(c)q(dlc)
In PLSI, the joint probability of documemt and word Pe(+1]d) Yoo P(d)g(dle)’ (16)
wis: P d
P(-1d) = %@(S)q;'g a7
P(d,w) =Y P(z)P(d|z) P(w]z), (11) o q
k

where, for any category, component functiog(d|z) is
where variables;, correspond to latent classes. Afterf Gaussian-type:

the estimation of the model using the EM algorithm, the 1 (Wy - d — by) — p1z)?
Fisher kernel for this model is computed. The average ¢(d|z) = G exp{——— 20; =1,
log-likelihood of document! normalized by the docu- V ey @ (18)

ment length is given by

I(d) =) P(w;|d)log Y P(w;|z) P(zd), (12)
J k

with the meary, of a random variablev, - d — b, and

maximum likelihood estimation, as follows:

{W,-0-b,}
where [y = 2 duent s

d.y)eD!|y=a}| ’
Ao o Jreq(w;,d) (G ,
P(w] |d) B Zm freCI(wm, d) . (13) Z(dw)GDLm:w (W -d—bo—pus} . (20)

To = {(d,y)eD! [y=z}]

(19)

They usespherical parameterizatiofKass and Vos,

the variancer,.. Those parameters are estimated with the

1997) instead of the original parameters in the modelVe choose the Gaussian-type function as an exam-
They define parameteys,. — 2\/P(w,]=) andpy, — Ple-However, this choice is open to argument, since some
_ ; —

2/ P(), and obtained tage as described in Section 5.4.

~ _ 2 _ 2
a1(d) Plw;|d)P(z]d, w;) We setd,; = p, /o2, 0.0 = —1/20%. Although@,,

other models also have the same computational advan-

= : (14) andd,, are not the natural parameters of this model,

Ipjk P(w;|zk)
od) _ Plald)

Ok /Plz)

"We cannot say(d|z) is a generative probability af given

bility density in the original feature space.

(15) classz, because it is one-dimensional and not valid as a proba-



we parameterize this model using the paramefefs we can efficiently compute the dot-product in (39); the

022, Wz, by and P(z) (Vo € Cearegory) for simplic-  computational complexity of a kernel function is

ity. Using this probabilistic model,we compute func-

tion v(d,f) as described in Appendix B¢ (denotes o(|11), (23)

{Wy, bz, 021, 02| € Ceategory} andw,; denotes the- N o _ o

th element of the weight vectar,). on the condition that th(_a original dimension |s.larger. than
The partial derivatives of this function with respect toth® number of categories. Thus, from the viewpoint of

the parameters are in Appendix C. computational time, our kernel has an advantage over
Then we can follow the definition (10) to obtain ourSOMe other kernels such as the PLSI-based Fisher kernel

version of the TOP kernel. We call this new kernel dn Section 4, which requires the computational complex-

hyperplane-based TOP (HP-TOR3rnel. ity of O(|I| % |Ceruster|), WhereCepysier denotes the set
of clusters.
5.2 Properties of HP-TOP kernel In the PLSI-based Fisher kernel, each word has a prob-

In the derivatives (39), which provide the largest numbe@bility distribution over latent classes. In this sense, the
of features, original feature are accompanied by other PLSI-based Fisher kernel is more detailed, but detailed
factors computed from probability distributions. Thismodels are sometimes suffer overfitting to the training
form suggests that two vectors are considered to be mofigta and have the computational disadvantage as men-
similar, if they have similar distributions over categoriestioned above.

In other words, an occurrence of a word can have dif- The PLSI-based Fisher kernel can be extended to a
ferent contribution to the classification result, depending OP kernel by using given categories as latent classes.
on the context (i.e., the other words in the documentfiowever, the problem of computational time still re-
This property of the HP-TOP kernel can lead to the efmains.

fect of word sense disambiguation, because “bank” in
financial document is treated differently from “bank” in a
document related to a river-side park.

The derivatives (34) and (35) correspond to the firstSo far, we have discussed the computational time for
order differences, respectively for the positive class aniie kernel constructed on the Gaussian mixture. How-
the negative class. Similarly, the derivatives (36) and (3®ver, the computational advantage of the kernel, in fact,
for the second-order differences. The derivatives (40) ariél shared by a more general class of models.

(41) are for the first-order differences normalized by the We examine the required conditions for the computa-
variances. tional advantage. Suppose the class-posteriors have the
The derivatives other than (38) and (38) directly demixture form as Equations (16) and (17), but function
pend on the distance from a hyperplane, rather than @rd|z) does not have to be a Gaussian-type function. In-
the value of each feature. These derivatives enrich thsead, functiorg(d|x) is supposed to be represented using

feature set, when there are fewtive words by which  some function- parametrized by, andb, as:

we mean the words that do not occur in the training data.

For this reason, we expect that the HP-TOP kernel works qdlz) = r(fz(d)|2), (24)
well for a small training dataset.

§.4 General statement about the computational
advantage

where f, is a scalar function. Then, let us obtain the
5.3 Computational issue derivative ofv(d, #) with respect tav,;, which is the bot-

Computing the kernel in this form is time-consuming, be!leéneck of kernel computation:
cause the number of components of type (39) can be very

. ov(d, 9)
large: o
O(|I| X |Ccategory|)7 (21) Wei
o . _ —P(e)g(dle) or(fe(d)[e)

wherel denotes the set of indices for original features. = P_.(d) o

However, we can avoid this heavy computational cost P N dle) & Z 3£.(d
as follows. Let us compute the dot-product of deriva- _ —Ple)gldle) or(fe(d)le) Ofe(d) (25)
tives (39) of two vectorsl' andd?, which is shown in P_.(d) ofe(d)  Owe

Appendix D. The last expression (45) is regarded as t
scalar product of two dot-products. Thus, by preservi
vectorsd and

P(e)g(dle) pe — (We -d —be)
<_ P_C(d) 0'2, )e;‘éc)eecww N ) (22) 8fe(d) _ S(e)T(z), (26)

¢ 8wei

nhﬁ1e first two factors of (25) do not depend onThere-
%re, if the last factor of (25) is variable-separable with
respect tee andi:




where S andT' are some function, then the derivative . .
(25) is also variable-separable. In such cases, the offfable 1: The categories and their sizes of Reuters-21578

cient computation described in Section 5.3 is possible by category | training texts| test texts
preserving the vectors: earn 2725 1051
) acq 1490 644
(T())e; » @7) money-fx 464 141
aadie) ar(s. (e grain 399 135
(- g ety s | 9) Tode | 3 | 1o
e#c,e€Ceategory trade 339 133
interest 291 100
We have now obtained the required conditions for the ship 197 87
efﬁmeng_lc_:omputatlon: Equation (24) and the variable- wheat 199 66
separability. . . . . corn 161 48
In case of Gaussian-type functions, functjfrand its
derivative with respect to; are
fe(d) = w,-d— b, (29) maximum likelihood estimation as in Equations (19) and
df.(d) (20), followed by the learning with the proposed kernel.
OWer = d; (30) We used an SVM package, TinyS\A\Mor SVM com-
putation. The soft-margin parametér was set to 1.0
Thus, the conditions are satisfied. (other values of” showed no significant changes in re-
) sults).
6 Experiments The result is shown in Figure 1 (for macro-average)

Through experiments of text categorization, we empiri@"d Figure 2 (for micro-average). The HP-TOP kernel

cally compare the HP-TOP kernel with the linear kemeg;:performs the linear kernel and the PLSI-based Fisher
and the PLSI-based Fisher kernel. We use Reuters-215 nel for every number of examples.

dataséwith ModApte-split (Dumais et al., 1998). Inad- At €ach number of examples, we conducted a
dition, we delete some texts from the result of ModApteVilcoxon Signed Rank test with 5% significance-level,
split, because those texts have no text body. After thfor the HP-TOP kernel and the linear kernel, since these
deletion, we obtain 8815 training examples and 3023 tel0 are better than the other. The test shows that the dif-
examples. The words that occur less than five times in tgrénce between the two methods is significant for the

whole training set are excluded from the original featurd@iNing data sizes 1000 to 5000. The superiority of the
set. HP-TOP kernel for small training datasets supports our

We do not use all the 8815 training examples. Th&Xpectation that the enrichment of feature set will lead to

size of the actual training data ranges from 1000 to goofetter performance for few active words. Although we
For each dataset size, experiments are executed 10 tinfisC expected that the effect of word sense disambigua-
with different training sets.The result is evaluated with Flion WOU'F‘ IMprove accuracy for Iarg_e training q§tasets,
measures for the most frequent 10 categories (Table )€ experiments do not provide us with an empirical ev-
The total number of categories is actually 116. Howldence for the expectation. One possible reason is that

ever, for small categories, reliable statistics cannot be of2ussian-type functions do not reflect the actual distribu-
tained. For this reason, we regard the remaining catdion of data. We leave its further investigation as future

gories other than the 10 most frequent categories as ofgS€arch. _ _
category. Therefore, the model for negative examples is I t.h's experlmenta}l setting, the PLSI-'bas.ed Fisher ker-
a mixture of 10 component models (9 out of the 10 mogpel did not V\{ork_well interms (_)f categorization accuracy.
frequent categories and the new category consisting of titPwever, this Fisher kernel will perform better when the
remaining categories). number of labeled examples_ is small and a number of
We assume uniform priors for categories as in (Tsudglabeled examples are available, as reported by Hof-
etal., 2002). We computed the Fisher kernels with differmann (2000).
ent numbers (10, 20 and 30) of latent classes and added/Ve also measured computational time of each method
them together to make a robust kernel (Hofmann, 2000§Figure 3). The vertical axis indicates the average com-
After the learning in the original feature space, the paranflutational time over 100 runs of experiments (10 runs for
eters for the probability distributions are estimated witifach category). Please note that training time in this fig-

2Available from *Available from
http://www.daviddlewis.com/resources/. http://cl.aist-nara.ac.jp/ taku-ku/software/TinySVM/.
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Figure 3: Computational time of each method

ure does not include the computational time required for
feature extractich This result empirically shows that the
HP-TOP kernel outperforms the PLSI-based Fisher ker-
nel in terms of computational time as theoretically ex-
pected in Section 5.3.

7 Conclusion

We proposed a TOP kernel based on separating hy-
perplanes. The proposed kernel is created from one-
dimensional Gaussians along the normal directions of the
hyperplanes. We showed that the computational advan-
tage that the proposed kernel has is shared by a more
general class of models. We empirically showed that the
proposed kernel outperforms the linear kernel in text cat-
egorization.

Although the superiority of the proposed method to the
linear kernel was shown, the proposed method has to be
further investigated. Firstly, for large data sizes (hamely
7000 and 8000), the proposed method was not signifi-
cantly better than the linear kernel. The effectiveness of
the proposed method should be confirmed by more ex-
periments and theoretical analysis. Secondly, we have to
compare the proposed method with other kernels in or-
der to check the effectiveness of the kernel function con-
sisting of one-dimensional Gaussians normal to the hy-
perplanes. The use of Gaussians is open to argument,
because their symmetric form is somewhat against our

“If the computational time required for feature extraction is
included, the HP-TOP kernel cannot be faster than the linear
kernel.



intuition.

This model can be extended to incorporate unlabeled
examples, for example, using the EM algorithm. In that
sense, the combination of PLSI and the semi-supervised
EM algorithm is also one promising model. When the
category structure of the negative examples is not given,
the proposed method is not applicable. We should inves-
tigate whether unsupervised clustering can substitute for
the category structure.
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A Fisher Kernel based on PLSI
1 42 P(zk\dl)P(sz sz|d wJ zk|d ,Wj)
K(d',d?) %:—P(Zk) + EJ:P w,|dY) P %: o Ten) ,
N _ PG ) (dIZk) (w;]zk) _ P(z)P(d]zk) P(wj|2k)
where P(zp|d,w;) = Zz P(d]20)Plw; |20) (— Pd, w,) )
B Function v for HP-TOP Kernel
v(d,a,w,b) = log P(+1|d) —log P(—1|d)
_ P(@qle) > ez Ple)a(dle)
z P()q(dl) B P(e)a(d]e)
= logP(c logZP e)q(dle)
e#c
— logP 0 d)+6 ICE- S s
= log P(c) exp{fc1(We - d) + Oc2(W - d)” + 10, 308 962}
2 -7
- logg P(e) exp{fe1(We - d) + Oea(We - d)2 + 405:2 - % og 9—62},
wheref,1 = /02,02 = —1/202.
C Partial Derivatives
dv(d,0) o
0., = W d be M,
Ov(d,0) _ __ P(e)q(dle) b —
96, S, Py e 4 e T
ov(d,0) A b)? 2 — o2
8902 - (WC d bC) /’LC cH
dv(d,0) _ P(e)g(dle) G2 2 o
P2 T Plgdle) (et @b e moeh
ov(d,0)  pe— (We-d—be) d
owe; o? v
ov(d. ) _ __ Ple)a(dle)  pe—(We-d—be)
Owei Y. P()a(dle) o? v
ov(d,0)  We-d—be— e
Ob. a o2 ’
ov(d,0) P(e)g(dle) We - d — be — pte
Obe Yz P()a(de) o? '
ov(d, ) 1
P(c)  P(c)’
ov(d,0) P(dl|e)
Ple) Y. P(a(de)
D Dot-product of Derivatives (39) in Appendix C
av(d*, 0) ov(d?,0) )2q(d"|e) d|)ue—(wpd—b) — (We -d —be)
;Z i %:Z d)P_(d%) o2 o2 didi
_ Z ()2(1\)(2\e)ue—(wed be) pe = (We -d =be) \ 142
_o(d") P_(d?) ol 02
e#c
whereP_(d) denotesy _ ,_,, P(c’)q(d|c").

(31)

(32

(33)

(34)

(3%)

(36)

37

(38)

(39)

(40)

(41)

(42)

(43)

(44)

(45)



