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Abstract

Many real-world classi cation tasks involve
the prediction of multiple, inter-dependert
classlabels. A prototypical caseof this sort
deals with prediction of a sequenceof la-
bels for a sequenceof obsenations. Sudc
problems arise naturally in the context of
annotating and segmeting obsenation se-
guences. This paper generalizes Gaussian
Processclassi cation to predict multiple la-
bels by taking dependenciesbetween neigh-
boring labels into accourt. Our approac
is motivated by the desire to retain rigor-
ous probabilistic semartics, while overcom-
ing limitations of parametric methods like
Conditional Random Fields, which exhibit
conceptual and computational di culties in
high-dimensional input spaces. Experiments
on named ertity recognition and pitch ac-
cent prediction tasks demonstrate the com-
petitiv enessof our approach.

1. Intro duction

Multiclass classi cation refers to the problem of as-
signing class labels to instances where labels belong
to some nite set of elemens. Often, howewer, the
instancesto be labeled do not occur in isolation, but
rather in obsenation sequencesOneis then interested
in predicting the joint label con guration, i.e. the se-
guence of labels corresponding to a sequenceof ob-
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senations, using models that take possible interde-
pendencieshetweenlabel variablesinto accourt. This
scenariosubsumesproblems of sequencesegmetation
and annotation, which are ubiquitous in areassud as
natural language processing,speet recognition, and
computational biology.

The most common approach to sequencelabeling is
basedon Hidden Markov Models (HMMs), which de-
ne a generative probabilistic model for labeled obser-
vation sequenceslin recen years,the state-of-the-art
method for sequencdearning is Conditional Random
Fields (CRFs) introduced by Laerty et al. (Laerty
et al., 2001). In most general terms, CRFs de ne a
conditional model over label sequencegjiven an ob-
senation sequencein terms of an exponertial family;
they are thus a natural generalization of logistic re-
gressionto the problem of label sequenceprediction.
Other related work on this subject includes Maximum
Entropy Markov models (McCallum et al., 2000) and
the Markovian model of (Punyakanok & Roth, 2000).

There have also been attempts to extend other dis-
criminativ e methods such as AdaBoost (Altun et al.,
2003a), perceptron learning (Collins, 2002), and Sup-
port Vector Machines (SVMs) (Altun et al., 2003b;
Taslar et al., 2004)to the label sequencédearning prob-
lem. The latter have experimentally compared favor-
ably to other discriminativ e methods, including CRFs.
Moreover, they have the conceptual advantage of be-
ing compatible with implicit data represenations via
kernel functions.

In this paper, we investigate the use of Gaussian
Process(GP) classi cation (Gibbs & MacKay, 2000;
Williams & Barber, 1998) for label sequences. The
main motivation for pursuing this direction is to com-



bine the best of both worlds from CRFs and SVMs.
More speci cally, we would like to presene the main
strength of CRFs, which we seein its rigorous prob-
abilistic semartics. There are two important advan-
tagesof a probabilistic model. First, it is very intuitiv e
to incorporate prior knowledge within a probabilistic
framework. Second,in addition to predicting the best
labels, one can compute posterior label probabilities
and thus derive con dence scoresfor predictions. This
is a valuable property in particular for applications
requiring a cascadedarchitecture of classi ers. Con-
dence scorescan be propagated to subsequen pro-
cessingstagesor used to abstain on certain predic-
tions. The other designgoalis the ability to usekernel
functions in order to construct and learn in Reproduc-
ing Kernel Hilbert Spaces(RKHS), thereby overcom-
ing the limitations of ( nite-dimensional) parametric
statistical models.

A second, independert objective of our work is to
gain clari cation with respect to two aspectson which
CRFs and the SVM-basedmethods di er, the rst as-
pect being the loss function (logistic loss vs. hinge
loss), and the second aspect being the mecanism
usedfor constructing the hypothesisspace(parametric
vs. RKHS).

GPs are non-parametric tools to perform Bayesianin-
ference,which { like SVMs { make use of the kernel
trick to work in high (possibly in nite) dimensional
spaces. Like other discriminative methods, GPs pre-
dict single variables and do not take into accourt any
dependencystructure in caseof multiple label predic-
tions. Our goal is to generalize GPs to predict label
sequences.While computationally demanding, recert
progresson sparse approximation methods for GPs,
e.g. (Csat'o & Opper, 2002; Smola & Bartlett, 2000;
Seegeret al., 2003;Zhu & Hastie, 2001), suggestthat
scalableGP label sequencdearning may be an achiev-
able goal. Exploiting the compositionality of the ker-
nel function, we derive a gradient-based optimization
method for GP sequenceclassi cation. Moreover, we
presert a column generation algorithm that performs
a sparseapproximation of the solution.

The rest of the paper is organized as follows: In Sec-
tion 2, we introduce Gaussian Processclassi cation.
Then, we present our formulation of Gaussian Pro-
cesssequenceclassi cation (GPSC) in Section 3 and
describe the proposedoptimization algorithms in Sec-
tion 4. Finally, we report someexperimental results
using real-world data for named ertity classi cation
and pitch accen prediction in Section 5.

2. Gaussian Pro cess Classi cation

In supervisedclassi cation, we are given a training set
of n labeledinstancesor obsenations (x;;y;) with y; 2

GP classi cation constructs a two-stagemodel for the
conditional probability distribution p(yjx) by intro-

ducing an intermediate, unobsened stochastic process
u  (u(x;y)) whereu(x;y) can be considereda com-
patibility measureof an obsenation x and a label y.

Given an instantiation of the stochastic process,we
assumethat the conditional probability p(yjx;u) only
dependson the valuesof u at the input x via a multi-

nomial responsemodel, i.e.

exp(u(x;y))
your €XPU(X; y9)

p(yjx;u) = p(yju(x; )) = P 1)

It is furthermore assumedhat the stochastic processu
is a zeromean Gaussianprocesswith covariance func-
tion C, typically a kernel function. An additional as-
sumption typically made in multiclass GP classi ca-
tion is that the processesi( ;y) and u( ;y9 are uncor-
related for y 6 y° (Williams & Barber, 1998).

For notational convenience,we will identify u with the
relevant restriction of u to the training patterns X and
represent it asan m matrix. For simplicity we will
(in slight abuseof notation) also think of u as a vec-
tor with multi-index (i; y). Moreover we will denote
by K the kernel matrix with entries® K iy )y =
C((xi;¥); (xj;¥9). Notice that under the above as-
sumptions K has a block diagonal structure with
blocks K (y) = (Kij (¥)), Kij (¥)  Cy(xi;x;), where
Cy is a class-sgeci ¢ covariance function.

Following a Bayesianapproad, the prediction of a la-
bel for a new obsenation x is obtained by computing
the posterior probability distribution over labels and
selectingthe label that hasthe highest probabilit y:

Z

PlYiX:y:x) = p(yju(x;)) p(ujX;y)du (2
Thus, one needsto integrate out all n m latent
variables of u. Since this is in general intractable,
it is common to perform a saddle-pint approxima-
tion of the integral around the optimal point esti-

'Here and below, we will make extensive use of multi-
indices. We will put parentheses around a comma-
separated list of indices to denote a multi-index and use
two comma-separated multi-indices to refer to matrix ele-
ments.



mate, which is the maximum a posterior (MAP) es-
timate: p(yjX;y;x)  p(yju™?(x;)) whereum™® =
argmax, logp(ujX;y). Exploiting the conditional in-
dependenceassumptions, the posterior of u can { up
to a multiplicativ e constart { be written as

\%
p(ujX;y)/ p(U)_ plyiju(xi; )) 3)

i=1

Combining the GP prior over u and the conditional
model in (1) yields the more speci ¢ expression

" #
. x X
logp(ujX;y) = u(xi;yi) log  exp(u(xi;y))
i=1 y
1 T 1
5“ K “u+ const. (4)

The Represetter Theorem (Kimeldorf & Wahba, 1971)
guaranteesthat the maximizer of (4) is of the form

XX
u™ (xi,y) =
j=1yo=1

Gy oKy ygyo ()

with suitably chosencoe cien ts
nal case K (iy )iy = Ofory &
the simpler form u™® (x;;y) =

. In the block diago-
0 and this reducesto

i Gy Cy(xinxg).
Using the represertation in (5), we can rewrite the
optimization problem as an objective R parameter-
izedby . Leb ey ) be the (i; y)-th unit vector, then
TKe. \ = . - -
Keiy) = jyo Gy9Ky)yo and the negative
of Eq. (4) can be written as follows:

R( jX;y)= TK logp(yijxi; ) (6)
i=1

. X X

Kegy,)+  log

i=1 i=1 y

exp( TK €y ))

A comparison between (6) and a similar multiclass
SVM formulation (Crammer & Singer, 2001; Weston
& Watkins, 1999) clari es the connectionbetweenGP
classi cation and SVMs. Their di erence lies primar-
ily in the utilized lossfunctions: logistic lossvs. hinge
loss. Becausethe hinge loss truncates values smaller
than to O, it enforcessparsenessn terms of the
parameters. This is not the casefor logistic regression
as well as other choicesof lossfunctions.?

For non-linear link functions like the one induced by
Eq. (1), u™® cannot be found analytically and one

2Several studies focused on nding sparse solutions of
Eq. (6) or optimization problems similar to Eq. (6) (Ben-
nett et al., 2002; Girosi, 1997; Smola & Scelkopf, 2000;
Zhu & Hastie, 2001).

has to resort to approximate solutions. Various ap-
proximation schemes have been studied to that ex-
tent: Laplace approximation (Wiliams & Barber,
1998; Williams & Seeger,2000; Zhu & Hastie, 2001),
variational methods (Jaakkola & Jordan, 1996), mean
eld approximations (Opper & Winther, 2000), and
expectation propagation (Minka, 2001; Seegeret al.,
2003). Performing these methods usually involvesthe
computation of the Hessianmatrix as well as the in-
versionof K, anm nm matrix, which is not tractable
for large data sets (of sizen) and/or large label sets
(of sizem). Se\eral techniqueshave beenproposedto
approximate K such that the inversion of the approx-
imating matrix is tractable (cf. (Schelkopf & Smola,
2002) for referenceson such methods). One can also
try to solve (6) using greedy optimization methods as
proposedin (Bennett et al., 2002).

3. GP Sequence Classi cation (GPSC)

3.1. Sequence Labeling and GPC

In sequenceclassi cation, our goal is to learn a dis-
criminant function for sequencesi.e. a mapping from

ists a label yt 2
x' in the sequence Thus, we have T multiclass classi -
cation problems. Becauseof the sequencestructure of
the labels( i.e. every label y' dependson its neighbor-
ing labels), one needsto solve these T classi cation
problems jointly. Then, the problem can be consid-
ered as a multiclass classi cation where for an obser-
vation sequenceof length I, the possiblelabel setY is
of sizem = r'.2 Wecall label set of obsenations
or micro-lakel set, and Y the set of label sequenceof
obsenation sequence®r macro-lakel set

We assumethat a training set of n labeled sequences
4 f(Xi;yi)ji = 1;:::;ng is available. Using the
notation intro ducedin the context of GP classi cation,
we de ne p(y;ju(X;)) asin (1), treating every macro
label asa separatelabel in GP multiclass classi cation
and using the whole sequenceX; asthe input.

3.2. Kernels for Labeled Sequences

The fundamertal designdecisionis then the engineer-
ing of the kernel function k that determinesthe kernel

matrix K. Notice that the useof a block diagonal ker-

nel matrix is not an option in the current setting, since

it would prohibit generalizing acrosslabel sequences
that dier in aslittle asa single micro-label.

3For notational convenience we will assume that all
training sequencesare of the samelength |.



We de ne the kernel function for labeled sequences
with respect to the feature represenation. Inspired
by HMMs, we usetwo typesof features: Featuresthat
capture the dependencyof the micro-labels on the at-
tributes of the obsenations ( x°) and features that
capture the inter-dependency of micro-labels. As in
other discriminativ e methods, ( x®) caninclude over-
lapping attributes of x5 aswell as attributes of obser-
vations x! wheret 6 s. Using stationarity, the inner
product betweenthe feature vectorsof two obsenation
sequencesan be stag?d as: k = k! + k?, where

K (X y)5 (X)) Iy* = y'Ih( x®); ( xY)i (7a)

s;t

[[ys - yt/\ ys+l - yt+l]]

st

K2((X;¥): (X5y)) (7b)

k! couples obsenations in both sequenceshat are
classi ed with the samemicro-labels at respective po-
sitions. k? simply courts the number of consecutive
label pairs both label sequencesave in common (ir-
respective of the inputs). One can generalize(7) in
various ways, e.g. by using higher order terms between
micro-labelsin both contributions, without posingma-
jor conceptual challenges.

k is alinear kernelfunction for labeledsequencesThis
can be generalizedto non-linear kernel functions for
labeled sequencesy replacing h( x3); ( x)i with a
standard kernel function de ned over input patterns.

We can naively follow the sameline of argumertation
asin the GPC caseof Section2, evoke the Represerer
Theorem and ultimately arrive at the objective in (6).
Since we need it for subsequeh derivations, we will
restate the objective here
R(jz)= TK TK ey

i=1

X X
+ log

i=1 y2y

exp  TKegy) (8)

Notice that in the third term, the sum ranges over
the macro-label set, Y, which grows exponertially in
the sequencdength. Therefore, this view su ers from
the large cardinality of Y. In order to re-establish
tractabilit y of this formulation, we use a trick simi-
lar to the one deployed in (Taskar et al., 2004) and
reparametrize the objective in terms of an equivalert
lower dimensional set of parameters. The crucial ob-
senation is that the de nition of k in (7) is homo-
geneous(or stationary). Thus, the absolute positions
of patterns and labels in the sequenceare irrelevant.
This obsenation can be exploited by re-arranging the
sums inside the kernel function with the outer sums,
i.e. the sumsin the objective function.

3.3. Exploiting Kernel Structure

In order to carry out this reparameterization more for-
mally we proceedin two steps. The rst step consists
of nding an appropriate low-dimensional summary of

In particular, we are looking for a parameteriza-
tion that doesnot scalewith m = r'. The secondstep
consists of re-writing the objective function in terms
of thesenew parameters.

As wewill provesubsequetly, the following linear map
extracts the information in  that is relevant for

solving (8):
; 2folg'tonm 9)
where
Ge oy D= Ay = 10 (10)
Notice that ead variable . encades

p )Gy
whether the input sequenceis the j-th training se-
guence and whether the label sequencey contains
micro-labels and at position t and t + 1, respec-

tively. Hence, (j . ) is simply the sumofall .,

over label sequencesy that cortain the  -motif at
position t.
We de ne two reductions derived from  via further
linear dimension reduction,
(1) P , W|th P(i;S; );(j;t; ; ) = IJ st ! (11a)
@ Q ) with Q(i; )Gt ) = j (11b)
Intuitiv ely, ((|2) .y is the sum of all ;) over ev-
ery position in the sequencey that cortains  -motif.
,(i) , on the other hand, is the sumof all ;. that

has micro-label at position s in macro-label y.

We can now showv how to represen the kernel matrix
using the previously de ned matrices , P, Q and the
gram matrix G with Gisy;jt) = 9(X7; X}).

Prop osition 1. With the de nitions from alove:

K= TK®; K° PTHP +Q'Q

Proof. By elemerary comparisonof coe cients. [

We now haver? parametersfor every obsenation x3 in
the training data (nlr? parameters)and we can rewrite
the objective function in terms of thesevariables:

X
T K 0 T K 0

R( jX3y) = €i;yi)

exp KO e 12
p (iy)



3.4. GPSC and Other Lab el Sequence
Learning Metho ds

We now brie y point out the relationship betweenour
approach and the previous discriminative methods of
sequencdearning, in particular, CRFs, HM-SVMs and
MMMs.

CRF is a natural generalizationof logistic regressiono
label sequencdearning. The probability distribution

over label sequencegyiven an obsenation sequences
given in Eq. (1), where u(X;y) = h; ( X;y)i is a
linear discriminativ e function over somefeature repre-
sentation parameterizedwith . The objective func-
tion of CRFs s the minimization of the negative condi-
tional likelihood of training data. To avoid over tting,

it is commonto multiply the conditional likelihood by
a Gaussian with zero mean and diagonal covariance
matrix K, resulting in an additive term in log scale.

logp(yijXi; )+ TK
i=1

logp( jX;y) = (13)

From a Bayesian point of view, CRFs assumea uni-
form prior p(u), if there is no regularization term.
When regularized, CRFs de ne a Gaussian distribu-
tion over a nite vector space . In GPSC, on the
other hand, the prior is de ned as a Gaussian dis-
tribution over the function spaceof possibly in nite

dimension. Thus, GPSC generalizesCRFs by de n-
ing a more sophisticated prior on the discriminative
function u. This prior leadsto the ability of using
kernel function in order to construct and learn over
Reproducing Kernel Hilb ert Spaces.So, GPSC, a non-
parametric Bayesianinferencetool for sequencdabel-
ing, can overcomethe limitations of CRFs, parametric
(linear) statistical models. When the kernel that de-
nes the covariance matrix K in GPSC is linear, u in
both models becomeequivalent.

The di erence between SVM and GP approades to
sequencdearning is the utilized lossfunction over the
training data, i.e. hinge lossvs. log loss. GPSC ob-
jective function parameterizedwith  (Eg. (8)) corre-
spondsto HM-SVMs where the number of parameters
scaleexponertially with the length of sequencesThe
objectivefunction parameterizedwith  (Eg. (12)) cor-
respondsto MMMs, where the number of parameters
scaleonly linearly.

4. GPSC Optimization
4.1. A Dense Algorithm

Algorithm

Using optimization methods described in Section2 re-
quires the computation of the Hessianmatrix. In se-

guencelabeling, this correspondsto computing the ex-
pections of micro-labelswithin di erent cliques,which
is not tractable to compute exactly for large training
sets. In order to minimize R with respectto , we pro-
posea 1% order exact optimization method, which we
call Dense Gaussian Process SequenceClassi cation
(DGPS).

It iswell-known that the derivativ esof the log partition
function with respectto is simply the expectation of
su cien t statistics:

2 3

X
r 4og exp TK°
y2Y

€ y) S=Ey eiy) (14)

where Ey denotesan expectation with respect to the
conditional distribution of the label sequencey given
the obsenation sequenceX;. Then, the gradients of
R is trivially given by:

X X
r R=2K° KO eiyy+ KEy
i=1 i=1

€y )
(15)

The remaining challengeis to come-upwith ane cien t
way to compute the expectations. First of all, let us
more explicitly examinethese quartities:

EvI[( eiv))ge :)]= i Ev Iy'= Ayt = 1 (16)

In order to compute the above expectations one can
once again exploit the structure of the kernel and is
left with the problem of computing probabilities for
every neighboring micro-label pair ( ; ) at positions
(t; t + 1) for all training sequences<;. The latter can
be accomplishedby performing the forward-backward
algorithm over the training data using the transition
probability matrix T and the obsenation probability
matrices O(), which are simply decompsitions and
reshapingsof K

@ R @: with Reiy ) = (17a)
T @ T (17b)
OW =T Doy Gizyiy (17¢c)

where [X]m:n denotesthe reshapingoperation of a vec-
tor x into an m n matrix, A,.; denotesthe jlj jJj
sub-matrix of A and (:) denotesthe set of all possible
indices.

A single optimization step of DGPS is described in
Algorithm 1. The complexity of one optimization step
is O(t?) dominated by the forward-backward algorithm



Algorithm 1 One optimization step of Dense Gaus-

sian ProcessSequenceClassi cation (DGPS)

Require: Training data (Xi;Vi)i=1: n; Proposed pa-
rameter values .

1: Initialize &; @ (Eq. (11)).

2: Compute T wrt @ (Eq. (17a), Eq. (17b)).
3:fori=1:::;ndo
4
5

Compute O wrt & (Eq. (17¢)).

Compute p(yijXi; ¢) and
Ey [Y!= ~AY¥l=1] for al t ; Vvia
forward-backward algorithm using O() and T
6: end for
7: Computer R (Eqg. (15)).

over all instanceswheret = nlr?. We proposeto use
a quasi-Newton method for the optimization process.
Then, the overall complexity is given by O( t?) where

< t2. The memory requiremert is given by the size
of , O(t).

During inference, one can nd the most likely label
sequencdor an obsenation sequenceX by performing
Viterbi decading using the transition and obsenation
probability matrices described above.

4.2. A Sparse Algorithm

While the above method is attractiv e for small data
sets, the computation or the storage of K ° posesa
seriousproblem when the data setis large. Also, clas-
si cation of a new obsenation involvesevaluating the
covariance function at nl data points, which is more
than acceptablefor many applications. Hence, as in
the caseof standard Gaussian ProcessClassi cation
discussedin Section 2, one hasto nd a method for
sparsesolutions in terms of the parametersto speed
up the training and prediction stages.

We proposea sparsegreedy method, SparseGaussian
ProcessSequenceClassi cation (SGPS), that is simi-
lar to the method preserted by (Bennett et al., 2002).
SGPS starts with an empty matrix K. At ead iter-
ation, SGPS selectsa training instance X; and com-
putes the gradients of the parametersassaiated with
Xi, (), to selectthe steepest descen direction(s)

of R over this subspace. Then R is augmerted with
thesecolumnsand SGPSperforms optimization of the
current problem using a Quasi-Newton method. This
processis repeateduntil the gradients vanish (i.e. they
are smaller than a threshold value ) or a maximum
number of  coordinates, p, are selected (i.e. some
sparsenesdevel is achieved). Sincethe bottleneck of
this method is the computation of the expectations,

Ev [Y'= ~Y"™ = ], we pick the steepest d direc-
tions, oncethe expectations are computed.

Onehastwo options to computethe optimal at every
iteration: by updating all of the parametersselected
until now, or alternativ ely, by updating only the pa-
rameters selectedin the last iteration. We prefer the
latter becauseof its lessexpensiwe iterations. This ap-
proach is in the spirit of a boosting algorithm or the
cyclic coordinate optimization method.

Algorithm 2 SparseGaussianProcessSequenceClas-

si cation (SGPS) algorithm.

Require: Training data (Xi;Vi)iz1:n; Maximum
number of coordinates to be selected,p, p < nlr?;
Threshold value for gradients

1K

Computer . R (Equation 15).

3

4. s Steepestd directionsofr | R

5 KR [IQ K es]

6: Optimize R wrt s.

7: Returnifr < or p coordinates selected.
8

: end for

SGPSis described in Algorithm 2. Its complexity is
O(p?t) wherep is the maximum number of coordinates
allowed.

5. Exp erimen ts
5.1. Pitc h Accent Prediction

Pitch Accent Prediction is the task of identifying more
prominent words in a sertence. The micro-label setis
of size 2, acceried and not-accerted. We usedphonet-
ically hand-transcribed Switchboard corpus consisting
of 1824sertences(13K words) (Greenberget al., 1996).
We extracted probabilistic, acousticand textual infor-
mation from the current, previous and next words for
every position in the training data. We used1% order
Markov featuresto capture the dependenciesbetween
neighboring labels.

We compared the performance of CRFs and HM-
SVMs with the GPSC denseand sparsemethods ac-
cording to their test accuracy in 5-fold cross valida-
tion. CRFs wereregularized and optimized using lim-
ited memory BFGS, a limited memory Quasi-Newton
optimization method. When performing experiments
on DGPS, we used polynomial kernelswith dierent
degrees(denoted with DGPSX in Figure la where
X 2 f1;2;3g is the degreeof the polynomial kernel).
We usedthird order polynomial kernel in HM-SVMs
(denoted with SVM3 in Figure 1). As expected, CRFs
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Figure 1. Pitch Accent Prediction task results a) Test accuracy of Pitch Accent Prediction task over a window of size

3 using 5-fold cross validation.

b) Test accuracy of Pitch Accent Prediction w.r.t.

the sparsenessof the solution. c¢)

Precision-Recall curvesfor di erent threshold probabilities to abstain.

and DGPS1 performed very similar. When 29 or-
der featureswereincorporated implicitly using second
degreepolynomial kernel (DGPS2), the performance
increaseddramatically. Extracting 2"¢ order features
explicitly results in a 12 million dimensional feature
space,where CRFs slow down dramatically. We ob-
sered that 3 order features do not provide signi -
carnt improvemen over DGPS2. HM-SVM3 performs
slightly worsethan DGPS2.

To investigate how the sparsity of SGPSa ects its per-
formance, we report the test accuracywith respect to
the sparsenes®f SGPSsolution in Figure 1b. Sparse-
nessis measuredby the percertage of the parameters
selectedby SGPS.The straight line is the performance
of DGPS using seconddegreepolynomial kernel. Us-
ing 1% of the parameters, SGPS achieves 75% accu-
racy (1.48% lessthan the accuracy of DGPS). When
7.8% of the parameters are selected,the accuracy is
76.18% which is not signi cantly dierent than the
performance of DGPS (76.48%). We obsened that
these parameters were related to 6.2% of the obser-
vations along with 1.13 label pairs on average. Thus,
during inferenceone needsto evaluate the kernel func-
tion only at 6% of the obsenations which reducesthe
inferencetime dramatically.

In order to experimertally verify how useful the pre-
dictiv e probabilities are ascon dence scoreswe forced
DGPS to abstain from predicting a label when the
probability of a micro-label is lower than a threshold
value. In Figure 1c, we plot precision-recall values
for dierent thresholds. We obsened that the error
rate for DGPS decreased.54%, abstaining on 14:93%
of the test data. The improvemert on the error rate
shows the validity of the probabilities generated by

DGPS.

5.2. Named Entit y Recognition

Named Entity Recognition (NER), a subtask of In-
formation Extraction, is nding phrases containing
namesin a sertences. The micro-label set consists
of the beginning and cortinuation of person, location,
organization and miscellaneousnamesand non-name.
We used a Spanish newswire corpus, which was pro-
vided for the Special Sessionof CoNLL 20020on NER,
to randomly select 1000 sertences (21K words). We
used the word and its spelling properties of the cur-
rent, previous and next obsenations.

DGPS1 | DGPS2 | SGPS2| CRF | CRF-B

Error 4.58 4.39 4.48 4.92 4.56

Table 1. Test error of NER over a window of size 3 using
5-fold cross validation.

The experimental setup was similar to pitch accer
prediction task. We compared the performance of
CRFs with and without the regularizer term (CRF-
R, CRF) with the GPSC denseand sparsemethods.
Qualitativ ely, the behavior of the dierent optimiza-
tion methods is comparableto the pitch accen predic-
tion task. The results are summarizedin Table 1. Sec-
ond degreepolynomial DGPS outperformed the other
methods. We setthe sparsenesparameter of SGPSto
25%,i.e. p= 0:25nIr?, wherer = 9 and nl = 21K on
average. SGPSwith 25% sparsenesschievesan accu-
racy that is only 0:1% below DGPS. We obsened that
19% of the obsenations are selectedalong with 1:32
label pairs on average,which meansthat one needsto
compute only one fth of the gram matrix.



We alsotried a sparsealgorithm that doesnot exploit
the kernel structure and optimizes Equation 8 to ob-
tain sparsesolutions in terms of obsenation sequences
X and label sequencey, as opposedto SPGS, where
the sparsesolution is in terms of obsenations and label
pairs. This method achieved 92:7% of accuracy hence,
was clearly outperformed by all the other methods.

6. Conclusion and Future Work

We preserted GPSC, a generalizationof GaussianPro-
cessclassi cation to label sequencdearning problem.
This method combines the advantages of the rigor-
ous probabilistic semartics of CRFs and overcomes
the curse of dimensionality problem using kernelsin
order to construct and learn over RKHS. The experi-
ments on named ertit y recognition show the compet-
itiv enessand the experiments on pitch accert predic-
tion show the superiority of our approach in terms of
the achieved error rate. We also experimertally veri-
ed the usefulnessof the probabilities obtained from
GPSC.
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