A Study on Convolution Kernels for Shallow Semantic Parsing

Alessandro Mosc hitti
University of Texasat Dallas
Human LanguageTednology Researh Institute
Richardson, TX 75083-0688lUSA
alessandro.moschitti@utda lla s.edu

Abstract

In this paper we have designed and experi-
mented novel convolution kernelsfor automatic
classi cation of predicate argumerts. Their
main property is the ability to processstruc-
tured represenations.  Support Vector Ma-
chines(SVMSs), using a conbination of such ker-
nels and the at feature kernel, classify Prop-
Bank predicate argumerts with accuracyhigher
than the current argumert classi cation state-
of-the-art.

Additionally , experiments on FrameNet data
have shown that SVMs are appealing for the
classi cation of semariic roles even if the pro-
posedkernelsdo not produceany improvemen.

1 Intro duction

Sewral linguistic theories, e.g. (Jackendo,
1990) claim that semariic information in nat-
ural language texts is connected to syntactic
structures. Hence, to deal with natural lan-
guagesemariics, the learning algorithm should
be able to represert and process structured
data. The classical solution adopted for suc
tasks is to corvert syntax structures into at
feature represerations which are suitable for a
given learning model. The main drawbad is
that structures may not be properly represened
by at features.

In particular, these problems a ect the pro-
cessing of predicate argumernt structures an-
notated in PropBank (Kingsbury and Palmer,
2002) or FrameNet (Fillmore, 1982). Figure
1 shows an example of a predicate annotation
in PropBank for the sertence: "Paul gives a
lecture in Rome! A predicate may be a verb
or a noun or an adjective and most of the time
Arg 0 is the logical subject, Arg 1 is the logical
object and ArgM may indicate locations, as in
our example.

FrameNet also describes predicate/argument
structures but for this purposeit usesricher

semariic structures called frames. These lat-
ter are sthematic represetations of situations
involving various participants, properties and
roles in which a word may be typically used.
Frame elemerts or semartic rolesare argumerts
of predicatescalled target words. In FrameNet,
the argumernt names are local to a particular

frame. S
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Figure 1. A predicate argumert structure in a
parse-treerepresernation.

Seweral madine learning approacesfor argu-
ment identi cation and classi cation have been
deweloped (Gildea and Jurasfky, 2002; Gildea
and Palmer, 2002; Surdearu et al., 2003; Ha-
cioglu et al., 2003). Their common characteris-
tic is the adoption of feature spacesthat model
predicate-argumen structures in a at repre-
senation. On the cortrary, convolution kernels
aim to capture structural information in term
of sub-structures, providing a viable alternative
to at features.

In this paper, we selectportions of syntactic
trees, which include predicate/argument saliert
sub-structures, to de ne corvolution kernelsfor
the task of predicate argumert classi cation. In
particular, our kernelsaim to (a) represett the
relation between predicate and one of its argu-
ments and (b) to capture the overall argumert
structure of the target predicate. Additionally ,
we de ne novel kernels as combinations of the
above two with the polynomial kernel of stan-
dard at features.

Experiments on Support Vector Machines us-
ing the above kernels shov an improvemert



of the state-of-the-art for PropBank argumert
classi cation. On the contrary, FrameNet se-
mantic parsing seemsto not take advantage of
the structural information provided by our ker-
nels.

The remainder of this paper is organized as
follows: Section 2 de nes the Predicate Argu-
ment Extraction problem and the standard so-
lution to solwe it. In Section 3 we presen our
kernels whereasin Section 4 we showv compar-
ative results among SVMs using standard fea-
tures and the proposedkernels. Finally, Section
5 summarizesthe conclusions.

2 Predicate Argumen t Extraction: a
standard approach

Given a sertence in natural language and the
target predicates,all argumerts have to be rec-
ognized. This problem can be divided into two
subtasks: (a) the detection of the argumert
boundaries,i.e. all its compounding words and
(b) the classi cation of the argumert type, e.g.
Arg0 or ArgM in PropBank or Agent and Goal
in FrameNet.

The standard approad to learn both detec-
tion and classi cation of predicate argumerts
is summarizedby the following steps:

1. Given a sertence from the training-set gene-
rate a full syntactic parse-tree;
2. let P and A be the set of predicates and
the set of parse-tree nodes (i.e. the potential
argumerts), respectively;
3. for eadh pair <p;a> 2 P A:
extract the feature represenation set, Fp.a;
if the subtree rooted in a covers exactly the
words of one argumert of p, put Fp.a in T*
(positive examples), otherwise put it in T
(negative examples).

For example, in Figure 1, for eath combina-
tion of the predicate give with the nodesN S
VR V, NR PR, Dor IN the instancesF-gye';a are
generated. In casethe node a exactly covers
Paul, a lecture or in Rome, it will be a positive
instance otherwiseit will be a negative one, e.g.
I:“give";"l N"-

To learn the argumert classi ers the T* set
can be re-organized as positive T, and neg-
ative T,.4 examplesfor eah argumert i. In
this way, an individual ONE-vs-ALL classi er
for eath argumert i canbetrained. We adopted
this solution as it is simple and e ective (Ha-
cioglu et al., 2003). In the classi cation phase,
given a sertence of the test-set all its Fp4
are generated and classi ed by ead individ-

ual classier. As a nal decision, we selectthe
argumen assaiated with the maximum value
among the scoresprovided by the SVMs, i.e.
argmaxij>s C;j, whereS is the target set of ar-
gumerts.

- Phrase Type: This feature indicates the syntactic type
of the phrase labeled as a predicate argument, e.g. NP
for Ar g.

- Parse Tree Path: This feature contains the path in
the parse tree between the predicate and the argument
phrase, expressedas a sequenceof nonterminal labels
linked by direction (up or down) symbols, e.g. V" VP
# NPfor Arg;.

- Position : Indicates if the constituent, i.e. the potential
argument, appears before or after the predicate in the
sertence, e.g. after for Arg: and before for Ar go.

- Voice: This feature distinguishes betweenactive or pas-
sive voice for the predicate phrase, e.g. active for every
argumernt.

- Head Word: This feature contains the headword of the
evaluated phrase. Case and morphological information
are preserwed, e.g. lecture for Arg;.

- Governing Category indicates if an NPis dominated by
a sertence phrase or by a verb phrase, e.g. the NPasso-
ciated with Ar g; is dominated by a VR

- Predicate Word: This feature consists of two compo-
nents: (1) the word itself, e.g. gives for all arguments;
and (2) the lemma which represerts the verb normalized
to lower caseand in nitiv e form, e.g. give for all argu-
ments.

Table 1: Standard features extracted from the
parse-treein Figure 1.

2.1 Standard feature space

The discovery of relevant featuresis, asusual, a
complex task, nevertheless,there is a common
consensuson the basic features that should be
adopted. These standard features, rstly pro-
posedin (Gildea and Jurasfky, 2002), refer to
a at information derived from parsetrees, i.e.
Phrase Type, Predicate Word, Head Word, Gov-
erning Category, Position and Voice. Table 1
presens the standard features and exempli es
how they are extracted from the parse tree in
Figure 1.

For example,the Parse Tree Path feature rep-
reserts the path in the parse-tree between a
predicate node and one of its argument nodes.
It is expressedas a sequenceof nonterminal la-
belslinked by direction symbols (up or down),
e.g. in Figure 1, V'VRNPIs the path between
the predicate to give and the argumert 1, a lec-
ture. Two pairs <pi;a;> and <p;a> have
two di erent Path featuresevenif the paths dif-
fer only for a node in the parse-tree. This pre-
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Figure 2: Structured featuresfor Arg0, Argl and ArgM.

verts the learning algorithm to generalizewell
on unseendata. In order to addressthis prob-
lem, the next section describes a novel kernel
spacefor predicate argumert classi cation.

2.2 Support Vector Mac hine approac h

Given a vector spacein <" and a set of posi-
tive and negative points, SVMs classify vectors
according to a separating hyperplane, H (x¥) =
w %+ b= 0, wherew 2 <" and b2 < are
learned by applying the Structural Risk Mini-
mization principle (Vapnik, 1995).

To apply the SVM algorithm to Predicate
Argument Classi cation, we need a function

:F ! <" to map our features spaceF
ff1;::fjr;9 and our predicate/argument pair
represettation, Fp.a = F,, into <", sudh that:

F! (F2) = ( 1(F2); 5 n(F2)
From the kernel theory we have that:
X
X+ b= i Xi
i=1:l

(Fz) + b

H(x) = P %i ¥+ b=

(Fi)
i=1:l

where, F; 8i 2 f1;::;1g are the training in-
stancesand the product K (Fi;F;) =< (Fj)

(F;)> is the kernel function assaiated with
the mapping . The simplest mapping that we
can apply is (F;) = 2z = (z1;:::;zn) where
Zi 1if fi 2 F, otherwise z 0, ie.
the characteristic vector of the set F, with re-
spect to F. If we chooseas a kernel function
the scalar product we obtain the linear kernel
KL(Fx;F;) = % 2

Another function which is the current state-
of-the-art of predicate argumernt classi cation is
the polynomial kernel: K o(Fx;F;) = (c+ % 2)9,
wherec is a constart and d is the degreeof the
polynom.

3 Convolution Kernels for Semantic
Parsing

We propose two dierent convolution kernels

assaiated with two dierent predicate argu-

ment sub-structures: the rst includes the tar-
get predicate with oneof its argumerts. We will
show that it contains almost all the standard
feature information. The secondrelates to the
sub-categorizationframe of verbs. In this case,
the kernel function aimsto cluster together ver-
bal predicates which have the same syntactic
realizations. This provides the classi cation al-
gorithm with important cluesabout the possible
set of argumerts suited for the target syntactic
structure.

3.1 Predicate/Argumen
(PAF)
We considerthe predicate argumert structures
annotated in PropBank or FrameNet as our se-
mantic space. The smallestsub-structure which
includes one predicate with only one of its ar-
gumerts de nes our structural feature. For
example, Figure 2 illustrates the parse-tree of
the sertence "Paul delivers a talk in formal
style" The circled substructures in (a), (b)
and (c) are our semartic objects assaiated
with the three argumerts of the verb to de-
liver, i.e. <deliver, Arg0>, <deliver, Argl>
and <deliver, ArgM>. Note that ead predi-
cate/argument pair is assaiated with only one
structure, i.e. Fpa contain only one of the cir-
cled sub-trees. Other important properties are
the followings:
(1) The overall semaric feature spaceF con-
tains sub-structures composed of syntactic in-
formation embodied by parse-treedependencies
and semaric information under the form of
predicate/argument annotation.
(2) This solution is e cien t aswe have to clas-
sify as many nodes as the number of predicate
argumerts.
(3) A constituent cannot be part of two di er-
ent argumerts of the target predicate, i.e. there
is no overlapping betweenthe words of two ar-
gumerts. Thus, two semartic structures Fy,a,
and Fp,.a,!, assaiated with two dierent ar-

t Feature

'Fpa was de ned asthe set of features of the object
<p; a>. Since in our represenations we have only one
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Figure 3: Sub-Categorization Features for two
predicate argumert structures.

gumerts, cannot be included one in the other.
This property is important becausea corvolu-
tion kernel would not be e ectiv e to distinguish
betweenan object and its sub-parts.

3.2 Sub-Categorization Feature (SCF)

The above object space aims to capture all
the information betweena predicate and one of
its argumerts. Its main drawbad is that im-
portant structural information related to inter-
argumert dependenciesis neglected. In or-
der to solwe this problem we de ne the Sub-
Categorization Feature (SCF). This is the sub-
parsetree which includesthe sub-categorization
frame of the target verbal predicate. For
example, Figure 3 shows the parse tree of
the sertence "He flushed the pan and buckled
his belt" . The solid line describes the SCF
of the predicate ush, i.e. Ffysh Whereasthe
dashed line tailors the SCF of the predicate
buckle i.e. Fpyckie- Note that SCFsare features
for predicates, (i.e. they describe predicates)
whereasPAF characterizespredicate/argument
pairs.

Once semariic represenations are de ned,
we need to design a kernel function to esti-
mate the similarity between our objects. As
suggestedin Section 2 we can map them into
vectorsin <" and evaluate implicitly the scalar
product among them.

3.3 Predicate/Argumen t structure

Kernel (PAK)

Giventhe semartic objects de ned in the previ-
ous section, we designa convolution kernelin a
way similar to the parse-tree kernel proposed
in (Collins and Duy, 2002). We divide our
mapping in two steps: (1) from the semariic
structure spaceF (i.e. PAF or SCF objects)
to the set of all their possible sub-structures

elemert in Fpa with an abuse of notation we useit to
indicate the objects themselves.
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Figure 4: All 17 valid fragmerts of the semartic
structure assaiated with Arg 1 of Figure 2.

FO= ff,; ::;fjoF g9 and (2) from F°to <iFq,

An example of features in FO is given
in Figure 4 where the whole set of frag-
ments, Fiuiverar g1, Of the argumert structure
Faeliver:Ar g1, IS Shown (seealso Figure 2).

It is worth noting that the allowed sub-trees
cortain the ertire (not partial) production rules.
For instance, the sub-tree [NP[D a]] is excluded
from the set of the Figure 4 sinceonly a part of
the production NP! D Nis usedin its gener-
ation. Howewer, this constraint doesnot apply
to the production VP! V NP PPalongwith the
fragment [VP[V NH] asthe subtree [VP[PP[...]]]
is not consideredpart of the semartic structure.

Thus, in step 1, an argumert structure Fp4 is
mapped in a fragmen set F,g’;a. In step 2, this
latter is mapped into x = (x1;:;Xje ) 2 <IF 9,
where x; is equal to the number of times that
fi occursin FQ,2.

In order to evaluate K( (Fx); (F;)) without
evaluating the feature vector ¥ and z we de-
ne the indicator function I;(n) = 1 if the sub-
structure i is rooted at que n and O otherwise.
It followsthat (Fx) = 2y, li(N), whereNy
is the set of the Fy's nodes. Therefore, the ker-
nel can be written as:
ik 9

K( (Fx), (F) = (

i=1 nx2Ny

X
Ii (ny))( li(nz))
nz2N;
X

X X
= Li(nx)1i (nz)
Nx2Nx Nnz2N, i
whereNy and N, arethe nodesin Fyx and F,, re-
spectively. In (Colins and Duy , 2002),it has
been shown that =~ ; 1i(nx)li(nz) = ( nx;ngz)
can be computed in O(jNxj jNzj) by the fol-
lowing recursive relation:

(1) if the productions at ny and n, are di erent
then ( ny;n;) = 0;

2A fragment can appear seweral times in a parse-tree,
thus eath fragment occurrenceis consideredasadi eren t
elemert in Fyl, .



(2) if the productions at ny and n, are the
same, and ny and n, are pre-terminals then
( Nx;nz) = 1;

(3) if the productions at ny and n, arethe same,
and ny and n, are not pre-terminals then

ns\onx)
( ny;ng) = (L+ ( ch(ny;j);ch(nz;j)));
j=1
wherenc(ny) is the number of the children of ny
and ch(n; i) is the i-th child of the noden. Note
that asthe productions arethe samech(ny;i) =
ch(ngz;i).

This kind of kernel has the drawbad of
assigning more weight to larger structures
while the argument type does not strictly
depend on the size of the argument (Moschitti
and Bejan, 2004). To overcome this prob-
lem we can scale the relative importance of
the tree fragmerts using a parameter  for
the cases(2) and (3), i.e. ( nx;nz)= and
(nng) = M@+ (chingi)ich(ng:)))
respectively.

It is worth noting that evenif the above equa-
tions de ne a kernel function similar to the one
proposedin (Collins and Duy , 2002), the sub-
structures on which it operates are dierent
from the parse-treekernel. For example, Figure
4 shows that structures such as[VP[V] [NA], [VP
[V delivers ] [NR] and [VP[V] [NP[DT] [N]] are
valid features, but these fragmens (and many
others) are not generatedby a completeproduc-
tion, i.e. VP! V NPPPR As a consequencehey
would not be included in the parse-treekernel
of the sertence.

3.4 Comparison with Standard
Features

In this section we compare standard features
with the kernel based represertation in order
to derive useful indications for their use:

First, PAK estimates a similarity between
two argumert structures (i.e., PAF or SCF)
by counting the number of sub-structures that
are in common. As an example, the sim-
ilarity between the two structures in Figure
2, l:"delivers";Ar go and l:"delivers";Ar gl is equal
to 1 since they have in common only the [V
delivers ] substructure. Suc low value de-
pendson the fact that di erent argumerts tend
to appearin di erent structures.

On the cortrary, if two structures di er only
for a few nodes (especially terminals or near
terminal nodes) the similarity remains quite
high. For example, if we change the tense of

the verb to deliver (Figure 2) in delivered, the
[VP [V delivers ] [NR] subtree will be trans-
formed in [VP[VBDdelivered ][NR], wherethe
NP is unchanged. Thus, the similarity with

the previous structure will be quite high as:
(1) the NPwith all sub-parts will be matched
and (2) the small di erence will not highly af-
fect the kernel norm and consequetly the -

nal score. The above property also holds for
the SCF structures. For example, in Figure
3, Kpax ( (Friush); (Fouckie)) is quite high as
the two verbs have the same syntactic realiza-
tion of their argumerts. In general, at features
do not possesghis consenative property. For
example, the Parse Tree Path is very sensible
to small changesof parse-trees,e.g. two predi-
cates,expressedn di erent tenses,generatetwo
di erent Path features.

Second, some information contained in the
standard featuresis embeddedin PAF: Phrase
Type, Predicate Word and Head Word explicitly
appear as structure fragmerts. For example,in
Figure 4 are shown fragmerts like [NP[DT] [N]] or
[NP[DTa] [N talk]] which explicitly encale the
Phrase Type feature NPfor the Arg 1 in Fig-
ure 2.b. The Predicate Word is represered by
the fragmert [V delivers ] and the Head Word
is encaded in [Ntalk]. The sameis not true for
SCF sinceit doesnot contain information about
a speci ¢ argumert. SCF, in fact, aimsto char-
acterizethe predicate with respectto the overall
argumert structures rather than a speci ¢ pair
<p; a>.

Third, Governing Category, Position and
Voice features are not explicitly contained in
both PAF and SCF. Nevertheless, SCF may
allow the learning algorithm to detect the ac-
tive/passive form of verbs.

Finally, from the above obsenations follows
that the PAF represenation may be usedwith
PAK to classify argumerts. On the cortrary,
SCF lacks important information, thus, aloneit
may be usedonly to classify verbsin syntactic
categories. This suggeststhat SCF should be
used in conjunction with standard features to
boost their classi cation performance.

4 The Exp eriments

The aim of our experimerts are twofold: On
the one hand, we study if the PAF represen-
tation producesan accuracy higher than stan-
dard features. On the other hand, we study if
SCF can be usedto classify verbs according to
their syntactic realization. Both the above aims
can be carried out by combining PAF and SCF



with the standard features. For this purpose
we adopted two ways to comrbine kernels’: (1)
K =K; Kyand(2) K = K+ Ky, The re-
sulting set of kernelsusedin the experiments is
the following:

Kpe is the polynomial kernel with degreed
over the standard features.

K, is obtained by using PAK function over
the PAF structures.

K
= Kepar 4 Tpd _
Koa oo Koar] ¥ Kol i.e. the sum be

tween the normalized® PAF-based kernel and
the normalized polynomial kernel.

Kpar K d . .
= ——— P
Ko ¢ Ko ar 1K a1 i.e. the normalized

product betweenthe PAF-based kernel and the
polynomial kernel.

K
= Ksce 4 _—pd _
Kecrsp Keer] T Kol i.e. the summa

tion betweenthe normalized SCF-basedkernel
and the normalized polynomial kernel.

Kscr Kpd .
K Kscrlik pal’ i.e. the normal-
ized product betweenSCF-basedkernel and the
polynomial kernel.

SCF P

4.1 Corp ora set-up

The above kernels were experimerted over two
corpora: PropBank (www.cis.upenn.edu/ ace)
along with Penn TreeBanlké 2 (Marcus et al.,
1993) and FrameNet.

PropBank contains about 53,700 sertences
and a xed split between training and test-
ing which has been used in other researtes
e.g., (Gildea and Palmer, 2002; Surdearu et al.,
2003; Hacioglu et al., 2003). In this split, Sec-
tions from 02to 21 are usedfor training, section
23 for testing and sections1 and 22 as dewel-
oping set. We consideredall PropBank argu-
ments® from Arg0 to Arg9, ArgA and ArgM for
atotal of 122,774and 7,359argumerts in train-
ing and testing respectively. It is worth noting
that in the experiments we usedthe gold stan-
dard parsing from Penn TreeBank, thus our ker-
nel structures are derived with high precision.

For the FrameNet corpus (www.icsi.berkele y

31t can be proven that the resulting kernels still sat-
isfy Mercer's conditions (Cristianini and Shawe-Taylor,
2000).

4To normalize a kernel K (x; ) we can divide it by

K (¢ %) K(z;2).

SWe point out that we removed from Penn TreeBank
the function tags like SBJ and TMP as parsers usually
are not able to provide this information.

SWe noted that only Arg0 to Arg4 and ArgM con-
tain enough training/testing data to aect the overall
performance.

.edu/ framenet) we extracted all 24,558 sen-
tences from the 40 frames of Senseal 3 task
(www.senseval.org ) for the Automatic Labeling
of Semaric Roles. We considered 18 of the
most frequert roles and we mapped together
those having the samename. Only verbsare se-
lectedto bepredicatesin our evaluations. More-
over, asit doesnot exist a xed split between
training and testing, we selectedrandomly 30%
of sertences for testing and 70% for training.
Additionally, 30% of training was used as a
validation-set. The sertenceswereprocessedis-
ing Collins' parser (Collins, 1997) to generate
parse-treesautomatically.

4.2 Classication set-up

The classi er evaluations were carried out using
the SVM-light software (Joachims, 1999) avail-
able at svmlight.joachim s.org with the default
polynomial kernel for standard feature evalu-
ations. To processPAF and SCF, we imple-
mented our own kernels and we used them in-
side SVM-light.

The classi cation performanceswere evalu-
ated using the f 1 measuré for single argumerts
and the accuracy for the nal multi-class clas-
sier. This latter choice allows us to compare
the results with previous literature works, e.g.
(Gildea and Jurasfky, 2002; Surdearu et al.,
2003;Hacioglu et al., 2003).

For the evaluation of SVMs, we usedthe de-
fault regularization parameter (e.g., C = 1 for
normalized kernels) and we tried a few cost-
factor values (i.e., j 2 f0:1;1;2;3;4;5g) to ad-
just the rate betweenPrecision and Recall. We
choseparametersby evaluating SVM using K
kernel over the validation-set Both  (seeSec-
tion 3.3) and parameterswere evaluated in a
similar way by maximizing the performance of

i Ksck K pd _
SVM using K, .. and 5CE + Koa] respec
tively. These parameterswere adopted also for
all the other kernels.

4.3 Kernel

To study the impact of our structural kernelswe
rstly derived the maximal accuracy reathable
with standard features along with polynomial
kernels. The multi-class accuracies,for Prop-
Bank and FrameNet using K pd with d = 1;::;5,
are shown in Figure 5. We note that (a) the
highest performanceis readed for d = 3, (b)
for PropBank our maximal accuracy (90.5%)

evaluations

’f1 assignsequal imp ortance to Precision P and Re-

call R, ie. f1 = 2&F.




is substartially equal to the SVM performance
(88%) obtained in (Hacioglu et al., 2003) with

degree 2 and (c) the accuracy on FrameNet
(85.2%) is higher than the best result obtained
in literature, i.e. 82.0%in (Gildea and Palmer,
2002). This di erent outcomeis dueto a di er-

ent task (we classifydi erent roles)and a di er-

ert classi cation algorithm. Moreover, we did
not usethe Frame information which is very im-
portant®.

0.91
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0.89 4
0.88 ~
0.87 ¢

Accuracy
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Figure 5: Multi-classi er accuracyaccordingto dif-
ferent degreesof the polynomial kernel.

It is worth noting that the di erence between
linear and polynomial kernel is about 3-4 per-
cernt points for both PropBank and FrameNet.
This remarkable dierence can be easily ex-
plained by consideringthe meaning of standard
features. For example, let us restrict the classi-
cation function Cx, g0 to the two featuresVoice
and Position. Without lossof generality we can
assume:(a) Voice=1 if active and O if passiwe,
and (b) Position=1 when the argumernt is af-
ter the predicate and O otherwise. To simplify
the example, we also assumethat if an argu-
mernt precedesthe target predicate it is a sub-
ject, otherwise it is an object®. It follows that
a constituent is Arg0, i.e. Cargo = 1, if only
one feature at a time is 1, otherwise it is not
an Argo, i.e. Cargo = 0. In other words, Cxr g0
= Position XORV/oice, which is the classicalex-
ample of a non-linear separable function that
becomesseparablein a superlinear space(Cris-
tianini and Shawe-Taylor, 2000).

After it was established that the best ker-
nel for standard featuresis K s, we carried out
all the other experimerts using it in the kernel
conmbinations. Table 2 and 3 show the single
class(f ; measure)as well as multi-class classi-
er (accuracy) performance for PropBank and
FrameNet respectively. Each column of the two
tables refersto a di erent kernel de ned in the

8Preliminary experiments indicate that SVMs can
reach 90% by using the frame feature.
%Indeed, this is true in most part of the cases.

previous section. The overall meaning is dis-
cussedin the following points:

First, PAF alonehasgood performance,since
in PropBank ewaluation it outperforms the lin-
ear kernel (K1), 88.7%vs. 86.7% whereasin
FrameNet, it showvsa similar performance79.5%
vs. 82.1%(comparetables with Figure 5). This
suggestshat PAF generatesthe sameinforma-
tion asthe standard featuresin a linear space.
Howewer, when a degreegreater than 1 is used
for standard features, PAF is outp erformedt.

[Args [ P® [ par [ Parsp [ PaF P [ screp | scF P |
Arg0 90.8 | 88.3 90.6 90.5 94.6 94.7
Argl 91.1 | 87.4 89.9 91.2 92.9 94.1
Arg2 80.0 | 68.5 77.5 74.7 77.4 82.0
Arg3 57.9 | 56.5 55.6 49.7 56.2 56.4
Arg4 70.5 | 68.7 71.2 62.7 69.6 71.1
ArgM | 954 | 94.1 96.2 96.2 96.1 96.3

| Acc. | 90.5 | 88.7 | 90.2 | 90.4 | 92.4 | 93.2 |

Table 2: Evaluation of Kernels on PropBank.

[Roles | p3 [ par [ pPartp [ PAF P | screp [ scF P
agen 920 | 885 | 91.7 91.3 93.1 93.9
cause | 59.7 | 16.1 | 41.6 27.7 42.6 57.3
degree | 74.9 | 68.6 71.4 57.8 68.5 60.9
depict. | 52.6 | 29.7 51.0 28.6 46.8 37.6
durat. 458 | 52.1 40.9 29.0 31.8 41.8
goal 859 | 786 | 85.3 82.8 84.0 85.3
instr. 67.9 | 46.8 62.8 55.8 59.6 64.1
mann. | 81.0 | 81.9 81.2 78.6 77.8 77.8
Acc. 85.2 | 795 | 84.6 81.6 83.8 84.2
18 roles

Table 3: Evaluation of Kernels on FrameNet se-
mantic roles.

Second,SCF improvesthe polynomial kernel
(d = 3), i.e. the current state-of-the-art, of
about 3 percent points on PropBank (column
SCF P). This suggeststhat (a) PAK can mea-
sure the similarity betweentwo SCF structures
and (b) the sub-categorizationinformation pro-
vides e ectiv e clues about the expected argu-
mert type. The interesting consequencaes that
SCF together with PAK seemssuitable to au-
tomatically cluster di erent verbsthat have the
samesyntactic realization. We note alsothat to
fully exploit the SCF information it is necessary
to usea kernel product (K1 K3) combination
rather than the sum (K1 + K»), e.g. column
SCF+P.

Finally, the FrameNet results are completely
dierent. No kernel combinations with both
PAF and SCF produce an improvemen. On

Y Unfortunately the use of a polynomial kernel on top
the tree fragments to generate the XORfunctions seems
not successful.




the contrary, the performance decreases,sug-
gesting that the classier is confused by this
syntactic information. The main reasonfor the
di erent outcomesis that PropBank argumerts
are dierent from semantic roles as they are
an intermediate level between syntax and se-
mantic, i.e. they are nearer to grammatical
functions. In fact, in PropBank argumerts are
annotated consisterly with syntactic alterna-
tions (seethe Annotation guidelines for Prop-
Bank at www.cis.upenn.edu/ ace). On the con-
trary FrameNet rolesrepresen the nal seman-
tic product and they are assignedaccording to
semaric considerations rather than syntactic
aspects. For example, Cause and Agent seman-
tic roles have identical syntactic realizations.
This prevents SCFto distinguish betweenthem.
Another minor reasonmay be the use of auto-
matic parse-treesto extract PAF and SCF, even
if preliminary experimerts on automatic seman-
tic shallow parsing of PropBank have showvn no
important di erences versus semariic parsing
which adopts Gold Standard parse-trees.

5 Conclusions

In this paper, we have experimented with
SVMs using the two novel convolution kernels
PAF and SCF which are designedfor the se-
mantic structures derived from PropBank and
FrameNet corpora. Moreover, we have com-
bined them with the polynomial kernel of stan-
dard features. The results have shavn that:

First, SVMs using the above kernels are ap-
pealing for semarically parsing both corpora.

Second,PAF and SCF canbe usedto improve
automatic classi cation of PropBank argumerts
asthey provide cluesabout the predicate argu-
ment structure of the target verb. For example,
SCFimproves(a) the classi cation state-of-the-
art (i.e. the polynomial kernel) of about 3 per-
cert points and (b) the best literature result of
about 5 percen points.

Third, additional work is neededto design
kernelssuitable to learn the deepsemairtic con-
tained in FrameNet as it seemsnot sensibleto
both PAF and SCF information.

Finally, an analysis of SVMs using poly-
nomial kernels over standard features has ex-
plained why they largely outperform linear clas-
si ers based-onstandard features.

In the future we plan to design other struc-
tures and combine them with SCF, PAF and
standard features. In this vision the learning
will be carried out on a setof structural features
instead of a set of at features. Other studies

may relate to the use of SCF to generateverb
clusters.
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