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Abstract

Kernel methods have gained a great deal of
popularity in the machine learning commu-
nity as a method to learn indirectly in high-
dimensional feature spaces.Those interested
in relational learning have recertly begunto
cast learning from structured and relational
data in terms of kernel operations.

We describe a generalfamily of kernel func-
tions built up from a description languageof
limited expressivity and useit to study the
bene ts and drawbadks of kernel learning in
relational domains. Learning with kernelsin
this family directly models learning over an
expandedfeature spaceconstructed using the
samedescription language. This allows us to
examineissuesof time complexity in terms of
learning with theseand other relational ker-
nels, and how these relate to generalization
ability. The tradeo s between using kernels
in a very high dimensionalimplicit spacever-
sus a restricted feature space,is highlighted
through two experimerts, in bioinformatics
and in natural languageprocessing.

1. Intro duction

Recerly, much interest has been generated in the
machine learning community on the subject of learn-
ing from relational and structured data via proposi-
tional learners (Kramer et al., 2001; Cumby & Roth,
2003a). Examples of relational learning problems
include learning to identify functional phrases and
named entities from structured parse trees in natu-
ral language processing (NLP), learning to classify
molecules for mutagenicity from atom-bond data in
drug design,and learning a policy to map goalsto ac-
tions in planning domains. At the sametime, work
on SVMs and Perceptron type algorithms has gener-
ated interest in kernel methods to simulate learning
in high-dimensional feature spaceswhile working with
the original low-dimensional input data.

Haussler's work on corvolution kernels (Haussler,
1999) intro duced the idea that kernels could be built
to work with discrete data structures iterativ ely from
kernelsfor smaller composite parts. Thesekernelsfol-
lowed the form of a generalizedsum over products { a
generalizedcorvolution. Kernels were shavn for sev-
eral discrete datatypes including strings and rooted
trees,and more recertly (Collins & Duy , 2002)devel-
oped kernelsfor datatypesusefulin many NLP tasks,
demonstrating their usefulnesswith the Voted Percep-
tron algorithm (Freund & Schapire, 1998).

While thesepast examplesof relational kernelsare for-
mulated separatelyto meet ead problem at hand, we
seekto dewelop a exible medcanism for building ker-
nel functions for many structured learning problems -
basedon a uni ed knowledge represettation. At the
heart of our approad is a de nition of a relational
kernel that is specied in a \syntax-driven" manner
through the use of a description language. (Cumby
& Roth, 2002) introduced a feature description lan-
guageand have showvn how to use propositional clas-
siers to successfullylearn over structured data, and
producerelational represertation, in the senseahat dif-
ferent data instantiations yield the samefeaturesand
have the sameweights in the linear classi er learned.
There, asin (Roth & Yih, 2001), this was done by
signi cantly blowing up the relational feature-space.

Building on the abovemertioned description language
based approad, this paper dewvelops a corresponding
family of parameterizedkernelfunctions for structured
data. In conjunction with an SVM or a Perceptron-
like learning algorithm, our parameterizedkernelscan
simulate the exact features generatedin the blown up
spaceto learn a classier, directly from the original
structured data. From among seeral ways to de ne
the distance between structured domain elemers we
follow (Khardon et al., 2001) in choosing a de nition

that provides exactly the sameclassi ers produced by
Perceptron, if we had run it on the blown up discrete
feature space,rather than directly on the structured
data. The parameterized kernel allows us to exibly
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de ne featuresover structures (or, equivalerntly, a met-
ric over structures). At the sametime, it allows us to
choosethe degreeto which we want to restrict the size
of the expandedspace,which a ects the degreeof ef-
ciency gained or lost - as well as the generalization
performanceof the classi er - as a result of using it.

Along theselines, we then study time complexity and
generalization tradeo s between working in the ex-
pandedfeature spaceand using the corresponding ker-
nels, and between dierent kernels, in terms of the
expansionsthey correspond to. We show that, while
kernel methods provide an interesting and often more
comprehensibleway to view the feature space,compu-
tationally, it is often not recommendedto usekernels
over structured data. This is especially clear when the
number of examplesis fairly large relative to the data
dimensionality.

The remainder of the paper is organized as follows:
We rst introduce the use of kernel functions in
linear classi cation and the kernel Perceptron algo-
rithm (Khardon et al., 2001). Sec.3 presens our ap-
proach to relational features, which form the higher-
dimensional spacewe seekto simulate. Sec.4 intro-
ducesour kernel function for relational data. Sec.5
discussescomplexity tradeos surrounding the ker-
nel Perceptron and standard feature-basedPerceptron
and the issueof generalization. In Sec.6 we validate
our claims by applying the kernel Perceptron algo-
rithm with our enhancedkernelto two problemswhere
a structured feature spaceis essetial.

2. Kernels & Kernel Perceptron

Most madhine learning algorithms make use of feature
based represertations. A domain elemern is trans-
formed into a collection of Boolean features, and a la-
beledexampleis givenby < x;1 >2 f0;1g" f 1;1g.

In recert years, it has becomevery common, espe-
cially in large scaleapplications in NLP and computer
vision, to use learning algorithms sudc as variations
of Perceptron and Winnow (Noviko, 1963; Little-

stone, 1988) that use represenations that are linear
over their feature space(Roth, 1998). In these cases,
working with featuresthat directly represen domain
elemens may not be expressie enoughand there are
standard ways of enhancingthe capabilities of suc al-
gorithms. A typical way which has beenusedin the
NLP domain (Roth, 1998; Roth, 1999) is to expand

tions ; :fxy;:i:xpg! f0;1g,i 2 I. Thesefeatures
functions could be, for example, conjunctions suc as
X1X3X4 (that is, the feature is evaluated to 1 whenthe
conjunction is satis ed on the example,and to 0 other-
wise). Once this expansionis done, one can usethese

expandedhigher-dimensionalexamples,in which eadh
feature function plays the role of a basic feature, for
learning. This approac clearly leadsto an increase
in expressienessand thus may improve performance.
Howevwer, it also dramatically increasesthe number of
features (from n to jlj; e.g., to 3" if all conjunctions
are used,O(n¥) if conjunctions of sizek are used)and
thus may adversely a ect both the computation time
and corvergencerate of learning.

Perceptron is a well known on-line learning algorithm
that makes use of the aforemertioned feature based
represenation of examples. Throughout its execution
Perceptron maintains a weight vector w 2 <" which

f0; 1g"; the algorithm predicts accordingto the linear
threshold function w x  0: If the prediction is 1 and
the labelis 1 then the vector w is setto w X, while
if the prediction is 1 and the label is 1 then w is set
to w+ x: No changeis madeif the prediction is correct.

It is easily obsened, and well known, that the hy-
pothesis w of the Perceptron is a sum of the pre-
vious examples on which prediction mistakes were
made. Let L(x) 2 fpl; 1g denote the label of ex-
ample x; then w = ., L(v)v where M is the
set of exampleson which the algorithm made a mis-
take. Thys the prediction oﬁPerceptron onxisli
W X= (ou LVV) X= oy LMV X) O,

For an examplex 2 f0;1g" let
formation into an enhanced feature space,

fi(X)gizi:
To run the Perceptron algorithm over the enhanced

spacewemust predict Li w  (x) Owherew isthe
weight vector in the enpancedspace;from the above

(x) denoteits trans-

(x) =

discussionthis holds i vam LOVI(C (v)  (x)) O
Denoting

Kvix)= (v) (x) )
this holdsi vam L(VK (v;x) 0. Wecall this ver-

sion of Perceptron, which usesa kernel function to ex-
pand the feature spaceand thus enhanceshe learning
abilities of Perceptron, a kernel Perceptron (Khardon
et al., 2001).

We have shavn a bottom up construction of the \k er-
nel trick”. This way, we never needto construct the
enhancedfeature spaceexplicitly; we needonly be able
to computethe kernelfunction K (v; x) e cien tly. This
trick canbe applied to any algorithm whoseprediction
is a function of inner products of examples; seee.g.
(Cristianini & Shawe-Taylor, 2000)for a discussion.In
principle, onecande ne the kernelK (x; v) in di erent
ways, as long as it satis es some conditions. In this
paper we will concerrate on a de nition that follows
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Figure 1. A conceptgraph for a partial parse of a sertence.

the discussionabove. We will rst de ne a feature
space. Then de ne a collection of features functions
and a mapping to an enhancedfeature space. We
will then show that our kernel de nition satis es Eq.1.
The discussionabove implies that running kernel Per-
ceptron yields identical results to running Perceptron
on the enhancedfeatures space.

3. Relational Features

In order to learn in structured domains suc as natu-

ral language, object recognition, and computational

biology, one must decide what represenation is to

be used for both the conceptto be learned, and for
the instancesthat will be learned from. Given the
intractabilit y of traditional Inductiv e Logic Program-
ming (ILP) approachesunder many conditions, recen

approadesattempt to dewvelop ways that usee cien t

propositional algorithms over relational data. Onetac-
tic that hasshawn itself to be particularly usefulis the
method of \prop ositionalization" (Kramer et al., 2001,
Cumby & Roth, 2003a). This method suggeststo rep-
resen relational data in the form of quanti ed propo-
sitions (Khardon et al., 1999), which can be usedwith

standard propositional and probabilistic learners. This

technigue allows the expansionof the spaceof possible
propositional featuresto include many structured fea-
tures de ned over basic features abstracted from the
input data instances. One method of performing this

expansionof relational featuresis through the notion

of a Feature Description Logic.

By the method detailed in (Cumby & Roth, 2002),this
Description Logic allows oneto de ne \t ypes" of fea-
tures, which through an e cien t generation function,
are instantiated by comparing the feature de nition

against data instances. These data instances are in
generalany type of structured data, represerted by a
graph-baseddata structure known asa concept graph.

For an example of a concept graph, considerthe sen-
tence represenied by the dependencygraph in Fig. 1.
This digraph contains nodesto represen ead word,
along with two nodesto represen the noun and verb
phrase present in the sertence. In general,ead node
is labeled with attribute information about someindi-
vidual, and eact edgeis labeled with relational infor-

mation about two individuals. The description logic,
as de ned below, provides a framework for represert-
ing the same semariic individuals as are represened
by nodesin a conceptgraph.

Denition 1 An FDL description over the attribute
alphalet Attr = fa;;:::;a,g, the value alphalet Val =
V1;::;Vn, and the role alphatet Role = frq;:::;;rhgis
de ned inductively as follows:

1. For an attribute symiol a; and a value symhol v;,
a;(vj) is a description called a sensor & is also
a description, an existertial sensor (A sensor
representsthe set x 2 X for which a;(x;vj) is
true. An existential sensorrepresentsthe set x 2
X s.t. 9vj; st ai(x;v;) is true.)

2. If D is a description and r; is a role syminl, then
(r; D) is a role description. (Representsthe set
X 2 X suchthat ri(x;y) istruei fory2 X,yis
descriled by D .)

3. If Dj;:;;Dy are descriptions, then (AND
Dj;:::;Dy) is a description. (The conjunction of
seveal descriptions.)

In order to generate useful features from the struc-
tured instance above we could, for example, de ne a
description such as: (AND phrase (contains word)).
Each feature to be generatedfrom it is a Booleanval-
ued function indexedby a syntactic description. Below
are features generatedthrough the Feature Generat-
ing Function (FGF) medanism described in (Cumby
& Roth, 2002). To do so, the generating descrip-
tion is matched against each node of the given in-
stance graph. Feat. (1) belov meansessetially, \In
the given data instance, output 1 if 9x;y 2 X suc
that phrase(x; NP)” contains(x;y) * word(y; The)".

1. (AND phrase(NP) (contains word(The)))

2. (AND phrase(NP) (contains word(b oy)))

3. (AND phrase(VP) (contains word(ran)))

4. (AND phrase(VP) (contains word(away)))
5. (AND phrase(VP) (contains word(quickly)))

We note that it is an easymatter to move from a pure
Booleanrepresenation of featuresto a positive integer
valued represetation, e.g.,by assaiating the number
of times ead feature substructure occurs in a given
instance. This change of feature represertation does
not changethe operation of the Perceptron algorithm
and is related to our kernel construction in Sec.(4).

The generation of featuresin such a manner produces
a feature spacepolynomial in the size of the original
input spacewith the degreebeing the generating de-
scription size. This is attractiv ein terms of complexity
of generationand also potentially in terms of the abil-
ity to learn e cien tly in such spaces. We return to
this topic in Sec.(5).



4. Relational Kernels

Wenow de ne afamily of kernelfunctions basedon the
Feature Description Languageintroduced. We utilize
the description language introduced in Sec. (3) with
a dierent purpose- to de ne the operation of a ker-
nel function - but still with the aim of exploiting the
syntax of the languageto determine the shape of the
feature-space. The de nition of our kernel functions
usesthe formal notion of the FDL conceptgraphsin-
troduced earlier, whosede nition we summarize here:

An FDL concept graph is a labeled directed acyclic
graph G = G(N;E;In( )), whereN is a set of nodes,
E (N N Role) asetof labeled edges(with role
symbolsaslabels)and |y ( ) afunction that mapsead
node in N to a set of sensordescriptions assaiated
with it. A rooted conceptgraph is speci ed by desig-
nating a node np 2 N asthe root of the graph.

With thesetwo de nitions we de ne the operation of
a family of kernels parameterizedby an FDL descrip-
tion. We call this parameter the geneating descrip-
tion. Each kernel takesas input two directed acyclic
concept graphs, which may represet many types of
structured data. Each outputs a real valued number
represening the similarity of the two concept graphs
with respect to the generating description. The fam-
ily of kernelsis \syntax-driven" in the sensethat the
input description speci es the kernel's operation.

De nition 2 Let D be the space of FDL descriptions,
and G the space of all concept graphs. The family of
functions K = fkpjD 2 Dg is de ned inductively as:

kp (G1;G2) = kp (N1;n2)
n12N31 n22N>

1. If D is a sensordescription of the form s(v) and
s(v) 2 Iy, (n1) \ In,(n2), thenkp (Ng;n2) = 1.

2. If D is an existential sensor description of the
form s, and 9V Val st. 8v 2 V s(v) 2
|N1(n1)\ |N2(n2), then kD (nl;nz) = ]V]

3. If D is a role description of the form (r
D9%: Let N; be the set of all nodes fng 2
Nj(n;;n%r) 2 Eg, and let N, be the set of
all nodes fng 2 pNj(nz;n3;r) 2 Eg. Then
ko(n1;n2) = o nkoo(ng;nd).

4. If D is a description of the form (AND D;
D, ...Dp), \eﬁith li repetitions of any D;, then
ko(ni;n2) =~ kDi(:l;nZ) -

Theorem 3 For any FDL description D and for any
two concept graphs G;;G,, the quantity output by
kp (G1; Gy) is equivalent to the dot product of the two

feature vectors p(G2), p(Gz) output by the fea-
ture generting function descriked in (Cumby & Roth,
2002). Thus for all D kp necessarily de nes a kernel
function over the space of concept graphs G.

For a proof of Theorem 3 see(Cumby & Roth, 2003b).

We examplify the claim that k de nes a kernelfunction
by demonstrating that we can simulate two expanded
feature spacesdirectly with our kernel construction.
First of all, the technique can generalizethe simple
propositional caseas consideredin (Khardon et al.,
2001) and also generalizelearning with word or POS-
tag n-grams of the type often consideredin NLP ap-
plications, given that the words and tags are encaded
as sensordescriptions appropriately.

In order to mimic the case of learning from simple
Boolean bit vectors such as [x1x2:::xn] 2 f0;1g9",
we perform the following translation. For ead such
vector, de ne a mapping from ead componert x; in
x 2 f0;1g" to arelation s(x; v;) wherev; corresponds
to the truth value of x; on x. We canthen usean FDL
conceptgraph consisting of a single node labeled with
sensor descriptions corresponding to ead s(x;v;) to
represen x. At this point it becomesa simple matter
to mimic the parameterizedkernel of (Khardon et al.,
2001) using our feature description kernel. De ne the
generating descriptions:

D; = s;D2 = (AND ss); D3 = (AND ss9);:::

If we evaluate ead kp, (n1; n2) for two single-nade in-
stancesny, n, as described above, we expect to cap-
ture eadh conjunction of literals up to sizethree. Let
same(ni;n,) denote the number of sensor descrip-
tions F|9r?()aser‘| as labels of both n; and n,. Then we
have " L, ko gniinz) = same(nying) + (412
ke(nime) = 3 - same(ninz) - This directly mir-
rors the parameterized kernel detailed in (Khardon
et al., 2001). The expanded space feature vectors
(n1) (ny) for nodesn; n, consistof all conjunctions
of sensoraup to size3, and the dot product (n;) (ny)
is equal to the number of conjuncg,ons active in both
vectors. This quartity is equalto  ; Kp, (n1;Nn).

The exampleof extracting k-conjunctions from bit vec-
tors is markedly dierent from the example of gener-
ating n-gram type featuresas seenin the earlier exam-
ple. In the caseof n-grams, relational information is
implicit in the mannerin which combinations of words
or other objects are chosento be output. For example
in the sentence: The boy ran quickly, the combination
The-boy is a valid bigram whereasboy-The is not. Via
our kernel de nition, we can simulate the operation of
a feature-spacebasedalgorithm on bigrams asfollows.



Given the generating description
D = (AND word (beforeword))

along with two data instancesrepresenied as concept
graphs G;; G,; where G; corresponds to the instance
in Fig. 1 and G, to a similar instancefor the sertence
The boy ran quickly, we can obser)g the output of the
function kp (Gl;Gz) = N12G; N,2G, kp (nl;nz).
For four pairings of ny; and ny, Kyorg(ny;nz) will
be non-zero, correspnding to the pair of the
nodes labeled with word(The), word(boy), word(ran),
and with word(quickly). The output of the rst
pairing is kp (N‘llhe;N'lghe) = kword(N%he;N'?he)
I((before Word)(N%he;N'lghe) =1 kWOfd(NgOY;NEOY) =
1 1 = 1. The output for the second pairing of
ko (Npoys N&y) is also 1 by a similar evaluation. The
output of the third pairing is kp (N, iN2,) =
kword(eran ; eran) k(bef ore word)(eran ; eran) =1
kword(Naway;Nquick |y) = 1 0= 0. And the out-
put for the fourth pairing is kD(quuick Iy Nguick y) =
Kword(Nguick 1ys Nduicky) 0 = 1 0 = 0. Thus
kp (G1;G2) =1+ 1+ 0= 2.

If we were to expand the feature-spacefor G; using
the description D and the method referred to in Sec-
tion (3), we would have a feature vector (Gi) with
the following features outputting 1 and all else0:

(AND
(AND
(AND
(AND

word(The) (before word(b oy)))
word(boy) (before word(ran)))
word(ran) (before word(away)))
word(away) (before word(quickly)))

Computing (Gy) in a similar manner producesa vec-
tor with theseactive features, and all elseO:

(AND word(The) (before word(b oy)))
(AND word(boy) (before word(ran)))
(AND word(ran) (before word(quickly)))

Computing the dot-product:
kp (G1;G2) = (Gy)

Before cortinuing, we presert an extensionto Def. 2
with its corresponding e ects on the types of kernels
included in the family de ned in Def. 2, intended to
incorporate the notion of locality along with focus of
interest The focusof interest for a giveninput concept
graph is de ned as a single distinguished node f .

(G1) (Gp) = 2. Thus
(G2), exemplifying Thm 3.

De nition 4 We extendthe languageof Def. 2 with
the following rule and de ne it as FDL o If D is
a description, then (IN [n,r] D) is also a description,
where n 2 Z* and R 2 Role. This description de-
notes the set of individuals x 2 X descrited by D and

represente by a node in a given input concept graph
within n R-labeled edgesfrom the givenfocusf. When
R = Role, we write IN [n] D).

The family of kernels K is extended accordingly
to include kernels kp,, (G1;G2), with Do oOf the
form (IN[n,] D), and D 2 FDL. |In this case
G1; G, are concept graphs eadh with a given fo-
pUS of intergst f1;f2.  As before kg . (G1;G2) =

N12N12Gy  na2N,2G, KD (N15N2).  However here
kp,. (N1;n2) = kp(ni;nz) if both nq;n, are within
n r-labeled edgesfrom f; and f, respectively, or else
Ko, (N1;N2) = 0.

5. Complexit y & Generalization

Our treatment of kernels for relational data aims
at deweloping a clear understanding of when it be-
comesadvantageousto use kernel methods over stan-
dard learning algorithms operating over somefeature
space. The commonwisdom in propositional learning
is that kernel methods will always yield better perfor-
mancebecausethey cast the data in an implicit high-
dimensional space(but alsosee(Khardon et al., 2001;
Ben-David & Simon, 2002)).

Propositionalization methods in relational learning
have demonstrated separately that it is possible to

learn relational concepts using a transformation of
the input data. There, however, the transformation

into a high-dimensionalfeature spaceis doneexplicitly

through the construction of propositional features, as
done in Sec.(3) using the Feature Generating Func-
tion. The discussionof the relational kernel shoved
that we can formulate a kernel function that simulates
the updatesperformed by running Perceptron over the
features generated this way. Conceivably then, we
should be able to perform a learning experiment com-
paring the kernel method and the explicitly generated
feature space,and expect to achieve the sameresults
in testing. Given such a situation, the main di erence
betweenthe two methods then becomesthe expected
running time involved. Thus a generalanalysis of the
complexity of running the kernel method and of gener-
ating featuresand running over them seemswvarranted.

Given some description in our FDL D, and two
concept graphs Gi;G,, let t; be the time to eval-
uate kp(ng;ng) if ng;ny are two nodes of Gj; G,
respectively.  Assuming all input concept graphs
are equally likely, let g be the average number
g,f node@in a given graph. Since kp (G1;G,) =

n2G, n,2G, Ko (N1;nz), the complexity of evalu-
ating kp (G1; G») is proportional to g2t;. Sincefor an
arbitrary sequencex; ::: Xy ofinput graphsthe kernel
Perceptron algorithm could, in the worst case, make



i 1 mistakeson x;, the overall running time for the
algorithm given this kernelis O(m?2g?t,).

To analyzethe normal version of Perceptron, run over
an equivalert feature-spacegeneratedby the FGF al-
gorithm givenin (Cumby & Roth, 2002)with the same
description D, we rst assumethat the time to evalu-
ate p for a node of a given conceptgraph is propor-
tional to t,. The total time to generatefeaturesfrom
m arbitrary concept graphs is then O(mgt,) with g
asde ned above. We assumethat the feature vectors
we work with are variable length vectors of only posi-
tiv e features (this is equivalert learning in the in nite

attribute space(Blum, 1992) and is common in ap-
plications (Roth, 1998)). To run Perceptron over the
resulting feature vectors, ead time a mistake is made,
we update eat weight corresponding to an active fea-
ture in the current example. We could abstract the
number of active features per example with an aver-
age,but in reality theseupdatestaketime proportional
to the time spert in generating the features for eath
input graph. Thus the total running time is O(mgty).

It is interesting to note that this result also appliesto
the speci ¢ situation of kernel learning from Boolean
bit vectors. Consider the example given earlier of ex-
tracting conjunctions up to sizek from bit vectors of
the form (X1X2:::Xn);(Y1y2:::y¥n) 2 f0;1g". In this
case,asthe represertation of ead vector is mapped to
a single node q@nceptgraph, g= 1. t; is proportional
to computing 1, S@™0¥) " which is O(n). For m
examplesthe total time of learning with kernel Percep-
tron is then O(m?n). To compute the feature spaceof
conjunctions up to sizek explicitly takes O(n¥), thus
the total time for running standard Perceptron over
the blown up feature spaceis O(mn*). If m > nk 1,
the complexity disadvantage of the kernel approadc
becomesapparert.

A similar tradeo can be seenin terms of generaliza-
tion ability. Our discussionshows that learning with
kernel methods simulates learning with a highly ex-
panded feature space. It is not surprising then, that
recert work (Weston et al., 2000; Ben-David & Si-
mon, 2002;Khardon et al., 2001), hasshown that even
margin-maximizing kernellearnersmay su er from the
curse of dimensionality; this happensin caseswhere
the use of kernelsis equivalert to introducing a large
number of irrelevant features. Assuming that a sub-
set of the featuresgeneratedis expressive enoughfor a
given problem, it is not hard to show that embedding
the problem in an even higher dimensional spacecan
only be harmful to generalization.

Previous methods that use structured kernels (e.g.
(Collins & Duy , 2002)) make use of an implicit fea-

ture spacethat is exponertial in the size of the input
represenation, by de ning a metric that dependson
all \substructures" (as do standard polynomial ker-
nels). Our kernelapproad allows a transformations of
the input represertation to an implicitly larger propo-
sitional space;it doesso, however, using a parameter-
ized kernel, thus allowing cortrol of this transforma-
tion sothat it can be equivalent to a smaller proposi-
tional feature space. By specifying a kernel through
a syntax-driven mecanism based on the relational
structure of the input, we can actively attempt to de-
creasethe number of irrelevant features introduced.
The benet to generalizationwill be shavn experimen-
tally in the next section.

Note that the focusof this analysisis on kernel Percep-
tron; the exact complexity implications for other ker-
nel learnerssuc asSVM, beyond the quadratic depen-
denceon the number of examples,is not soclear. The
implications for generalization, however, apply across
all kernel learners.

6. Exp erimen tal Validation

We present two experimerts in the domains of bioin-
formatics and NLP. Our goal is to demonstrate that
by restricting the expandedfeature spacethat learn-
ing takes place in - using the standard feature based
learner, or kernel Perceptron - we bene t in terms of
generalization, and thus accuracy Our main compar-
ison is performed against a kernel learner that implic-
itly constructs an exponertially larger feature space
using a kernel basedon (Collins & Duy, 2002). As
we can explicitly generate the smaller feature space
usedin the FDL approad, it is possibleto verify our
equivalenceclaim and comparewith the performance
of other propositional learnersthat do not admit ker-
nels. The latter comparisonis doneusing a variation of
Winnow (Littlestone, 1988)implemented in the SNoW
system (Carlson et al., 1999).

The rst experiment addresseghe problem of predict-
ing mutagenicity in organic compounds, which hasbe-
come a standard benchmark in ILP for “proposition-
alization' methods (Srinivasan et al., 1996). In this
problem, a set of 188 compoundsis given in the form
of atom and bond tuples corresponding to the atomsin
ead moleculewith their properties and links to other
atoms. Additionally, a set of label tuples is given to
indicate whether eadh moleculeis mutagenic.

We map ead compound to a conceptgraph, construct-
ing nodesfor ead atom tuple labeled with sensorde-
scriptions of the form atom-elt(v) for the elemert type,
atom-ty pe(v) for the atom type and atom-chrg(v) for
the partial charge. We construct edgesfor ead bond
tuple and construct a single node for the compound
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Figure 2. Concept graph for fragment of mutagenesis do-
main elemert

overall - connectedto eat atom and labeled with the
compound's mutagenicity, lumo, and logP values.

We rst perform classi cation using an expandedfea-
ture space generated by taking the sum of the ker-
nels kp,;kp,;Kkp,, with the generating descriptions
Dq;D»; D3 asdescribed below:

D; = lumo
D, = logP

D; = (AND atom-elt atom-chrg (bond (AND atom-
elt atom-chrg (bond ...)))) up to nine conjuncts

Sincekernelsare composableunder addition, the over-
all kernelis valid. Weintro ducethe secondexperimen-
tal setup before cortinuing with results.

The next experiment dealswith the natural language
processingtask of tagging Named Entities. Given a
natural languagesertence, we wish to determine which
phrasesin it correspond entities such as locations, or-
ganizations or persons In this experimert, the MUC-
7 dataset of sertenceswith labeled ertities was used.
Rather than focusing on the tagging problem of deter-
mining whether a word is in someentity or not, we
instead attempt to classify what ertity a given phrase
correspondsto out of thesethree. we rst corvert the
raw MUC data into a chunked form (with subsetsof
words marked as noun phrases,verb phrases,etc) and
map this form to conceptgraphsasin Fig. 1.

We extracted a setof of 4715training phrasesand 1517
test phrases,and once again trained a classi er based
on a restrictiv ely expanded feature spaceas detailed
in Sec.(3) and Sec.(4). The generating descriptions
usedto determine the typesof featuresinclude:

(IN[O] (rst (AND word tag (after word))))
(IN[O] (phr-b efore (rst word)))

(IN[O] (phr-b efore (rst tag)))

(IN[O] (phr-b efore phrase))

(IN[O] (phr-after phrase))

(IN[O] (contains (AND word tag)))

For ead input graph, seweral noun phrase nodes may
be presen. Thusead instanceis preseried to the fea-
ture generating process/kernel learner seweral times,

ead time with a di erent phrase node designatedas
the focus of interest The above descriptions reference
this focus as mentioned in Sec.(4).

As we are trying to predict from a set of k category
labels for eat phrase,we are facedwith a multi-class
classi cation problem. We used a standard 1-vs-all
method, with a winner take all gate for testing.

In eath experiment we also trained a classi er using
kernel Perceptron with a modi ed kernel basedon the
parsetree kernelgivenin (Collins & Duy , 2002). This

kerneltracks the number of commonsubtreesdescend-
ing from the root node, which is designatedto be the
“molecule'node in eah examplecompound in the mu-
tagenesisexperimert, and the current phrasefocus of
interest node in the named entit y experimert. Down-
weighting of larger subtrees is performed also as in

(Collins & Duy, 2002). As our concept graphs may
be cyclic, a termination rule is addedto stop traversal
of eadh graph if a node previously encourtered on a
traversal path is touched again. We show below the
results of training and evaluating ead type of classi-
er. For mutagenesiswe train with 10-fold crossvali-

dation on the set of 188 compoundswith 12 rounds of
training for eadh fold. For the Named Entit y task we
train using 5 rounds of training over the ertire training

set. Resultsin terms of accuracy* are shavn.

SNow FDL All
(Winnow) | kernel | subtrees
mutagenesis| 88.6% 85.4% | 71.3%
NE class 75.41% | 76.6% | 52.9%

The main comparisonin the above table is between
the feature spacerepresented in both col. 1 and 2, and
the onerepresened in col. 3. In both experiments the
classi ers learned over the FDL induced feature space
perform markedly better than the the onelearnedover
the “all-subtrees' feature space.Col. 1 is the outcome
of running a di erent classi er on an explicit feature
spaceequivalent to the FDL of col. 2. It shaws that

using the explicitly propositionalized feature space,we
can use other learning algorithms, not amenable to

kernels, which might perform slightly better.

For the mutagenesistask the FDL approac encades
the typical featuresusedin other ILP evaluations, in-
dicating that many ILP tasks, where the relational
data can be translated into our graph-based struc-

'In the mutagenesiscasethe data set is fairly balanced
and results are usually reported in terms of accuracy (Srini-
vasan et al., 1996). For the NE case,ead example corre-
sponds to a valid NE, and the set is balanced (3:5:7) so
micro and macro averaging are fairly close. The di erence
between Col.3 and Col. 1 and 2 is statistically signi cant.



ture (Cumby & Roth, 2002), can be addressedthis
way. The named entity example abstracts away the
important task of determining which phrases corre-
spond to valid ertities, and performs sub-optimally in
terms of classifyingthe ertities correctly dueto not ex-
ploiting richer featuresthat can be usedin this task.
Howevwer, our goal herein the classi cation tasksis to
exhibit the benet of the FDL approac over the \all-
subtrees"kernel. Namely, that by developing a param-
eterized kernel which restricts the range of structural
featuresproduced, we avoid over- tting dueto a large
number of irrelevant features.

7. Conclusion

We have presertied a newapproad to constructing ker-
nels for learning from structured data, through a de-
scription languageof limited expressivity. This family
of kernelsis generatedin a syntax-driven way parame-
terized by descriptionsin the language. Thus, it high-
lights the relationship betweenan explicitly expanded
feature spaceconstructed using this language,and the
implicitly simulated feature spacethat learning takes
place in when using kernel basedalgorithms sud as
kernel Perceptron or SVM. In somecasesit is more ef-
cient to learn in the implicitly expandedspace,when
this spacemay be exponertial in the size of the input
example, or in nite. Howewer, we have shavn that an
expandedspaceof much higher dimensionality can de-
grade generalization relative to one restricted by the
useof our syntactically determined kernel.

By studying the relationship between these explicit

and implicitly simulated feature spaces,and the com-
putational demands of kernel based algorithms such

as kernel Perceptron, we have highlighted the cases
in which, cortrary to popular belief, working in the

explicit feature spacewith the standard learning algo-
rithms may be bene cial over kernels.
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