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Abstract certain cost functional. Successful boosting methodd) suc
as AdaBoost [11] and LPBoost [10], have established appli-
We propose an algorithm to construct classification mod- cations in many practical domains.

els with a mixture of kernels from labeled and unlabeled Kernel-based methods have proven to be very effective

data. Unlike traditional kernel methods which select a ker- for solving inference problems in many applications. By in-

nel according to cross validation performance, we derive troducing a positive semidefinite kern&l, nonlinear mod-

classifiers that are a mixture of models, each based on oneels can be created using linear learning algorithms such as

kernel choice from a library of kernels. The sparse-favgrin  in support vector machines (SVM), kernel ridge regression,

1-norm regularization method is employed to restrict the kernel logistic regression, etc. The model is often written

complexity of mixture models and to achieve the sparsityin the form of kernel expansions. For example, the decision

of solutions. By modifying the column generation boost- boundaryf obtained by SVM classification is expressed as

ing algorithm LPBoost to a more general linear program-

ming formulation, we are able to efficiently solve mixture- fx) = ZO‘JK(X’ X;), 1)

of-kernel problems and automatically select kernel basis I

functions centered atlabeled data as well as unlabeled.data where« is the model coefficients and; is the j** train-

The effectiveness of the proposed approach is proved by exing input vector. as a type of basis expansion model with

perimental results on benchmark datasets and a real-world kernel termsK (x,x;) as basis functions centered .

lung nodule detection system. In such kernel methods, the choice of kernel mapping is
of crucial importance. Usually, the choice of kernel is de-
termined by predefining the type of kernel (e.g, RBF, and

1 Introduction polynomial kernels), and tuning the kernel parameters us-
ing cross-validation performance. Cross-validation is ex

ensive and the resulting kernel is not guaranteed to be an

xcellent choice.

Recent work [14, 8, 17, 9] has attempted to design ker-
nels that adapt to the data of a particular task to be solved.
For example, Lanckriet et al. [14] and Bousquet et al.
f[8] proposed the use of a linear combination of kernels
K =3, upK, from a family of various kernel functions

Recent years have seen considerable interests in Iearniné
with labeled and unlabeled data since experiments fordabel
ing data are often expensive while vast amount of unlabeled
data are easily available. Semi-supervised learning is com
monly used to explore the information of input distribution
provided by unlabeled data to improve the performance o

supervised learning (see a recent survey [22]). In this pa- L S .
P g( : . y [22]) ba K,. To ensure the positive semidefiniteness, the combina-
per, we propose a boosting algorithm to construct classi-_. L . . ;
tion coefficientsy,, are either simply required to be non-

fication models from labeled and unlabeled data based on ) . . .
negative or determined in the way such that the composite
kernel methods.

. . . . kernel is positive semidefinite, for instance, by solving a
Boosting algorithms are well-studied learning method- semi-definite program as in [14] or by boosting as in [9]
ologies developed in the last decade. They construct elassi nnite prog y 9 '
2 . : . . “ » The decision boundary thus becomes
fiers in an incremental fashion by using a weighted “vote
of various simple models obtained from a weak learner. A
general setting of boosting algorithms requires three com- )=y [ D mpKp(xx)) | - 2
ponents: a hypothesis set, a weak learner that produces sim- J p
ple models from the hypothesis set, a mechanism that com- In this paper, we devise algorithms that boost on the

bines the simple model into the final model by minimizing columns of kernel matrices (the basis functions) consddict



from labeled and unlabeled data via column generationwhereaf gives the weight for the-th column in thep-
(CG) techniques. Our goal is to develop effective meth- th kernel matrix. Similar strategies have appeared in some
ods to construct inference models that make use of variousvorks such as [3, 19] to improve generalization and reduce
geometry of the feature spaces introduced by a family of training and prediction computational costs. MARK [3] op-
kernels other than a less expressive feature space inducetimized a heterogeneous kernel using a gradient descent al-
by a single kernel. The proposed approach is designed forgorithm in function space. GSVC and POKER [19, 18]
tasks where only a limited amount of labeled data is avail- grew mixtures of kernel functions from a family of RBF ker-
able whereas a large set of unlabelled data can be easilyels, and the mixture model was designed to be used only
accessed. The unlabeled data is used jointly with the la-with weighted least squares VMS. The proposed approach
beled data as possible centers for the kernel basis fursction can be used in conjunction with any linear generalized SVM
From the boosting point of view, this corresponds to incor- formulations and algorithms. Moreover, our approach has
porating the basis functions constructed by unlabeled databeen extended to solve many quadratic learning formula-
into the hypothesis spadg, which tend to produce better tions with any suitable kernel families [5].

predictive models, specially when very few labels can be A mixture model of form (3) can potentially give a larger
obtained. The 1-norm regularization method is employed hypothesis space than a model that uses either a single ker-
to restrict the Capacity of mixture models and to achieve ne| or a Composite kerne'_ Models (3) based on a mix-
sparsity. We modify LPBoost, a CG-based boosting algo- tyre of kernels are not necessarily equivalent to models (2)
rithm [10] to a more general linear programming formula- pased on a composite kernel. Rewriting a composite ker-
tion. The LPBoost modification can thus be used to effi- ne| model (2) asf(x) = >, 3. it Kp (i, %), We can

p s

ciently optimize the proposed semi-supervised mixture-of see it is equivalent to a mixture-of-kernel model (3) with

kernel models and further enhance the sparsity. The Pro-o? = a;u,. The opposite is not necessarily true, i.e., a

posed algorithm becomes more general and is suitable foimixture model is not necessarily equivalent to a composite

constructing a much larger variety of inference models.  model since given any composite kernel model (2), for any
We outline this paper as follows. In Section 2, we dis- g kernelsk,, and K, the ratioa? /o is fixed topu, /i,

cuss the mixture-of-kernels model and describe its charac+gr gJ| (assuming., # 0 without loss of generality). Note
teristics. Section 3 introduces the semi-supervised {earn that for a mixture-of-kernel model (3), we do not have this
ing problem for inference with mixture of kernels. Sec- (estriction.

tion 4 extends the existing LPBoost algorithm to a gen-
eral linear program, and adjusts the modified LPBoost to
learn mixture-of-kernel models from labeled and unlabeled
data. Experimental results on benchmark problems and

Models of form (3) have potential to achieve better ap-
proximation capability since they can generate sparse solu
tions if appropriate regularization conditions are useal. |

| Id nodule detect " included in Secti he composite model, a kernel matrix is formed with an op-
real-worid nodule detection system are Inciuded In Seclion ., o g 1 vector, and then used to construct a kernel ex-

5 to demonstrate the performance of the proposed approacrbansion as the classification model. For any> 0 in the

Thg last section 6 concludes this paper. Throughout thisconstructed model, the corresponding colum’rj’sfrom all
artlcle,_vectors are presumed to .be column vectors unles§<ernels specified by in the library have to be calculated
otherW|se stated, and denoted using bold-face lower setter although some columns or basis functions may not be nec-
Matrices are denoted by bold-face upper letters. ssary. In case the solutiom is not very sparse (which is
. true for most quadratic cost objectives), the executioetim
2 Mixtureof Kernels and computational cost in the testing phase will be dras-
tic. For the mixture-of-kernel model, only necessary kérne
Other than constructing new kernels or kernel matrices phasis functions will be selected and included in the classifi
(the Gram matrix induced by a kernel on the training data) cation model.
as in the model (2), our approach constructs models that are We discuss the relationship among different basis expan-

a mixture of models, each based on one kernel choice from ion models. such as models obtained by classic SVMs
library of kernels. Our algorithm automatically determéne .o of-kernel approaches and RBF nets [7]. In basis
the kernel basis functions to be used in the mixture mOdel'expansion methods [12], such as RBF networks, the model

Given a library of kernelsS = {K,, p = 1,--- ,P}, a takes a form off(x) = > a;é;( h hf :
T ‘ | <) = j¢j(x), where each function
Gram matrixK? can be calculated for each kernel éh ¢, is a basis function of a forrxp(—||jx — ¢i|[2/a;). The

on ﬁaTEIe data Iwit?_ﬁh%co_lqnﬁﬁ(-,x]a) correspondin% b centersc and the bandwidths of the basis functions in
tﬁt &) exa;nlf e. | e ems;gn oundary represented bY pgr nets are heuristically determined using unsupervised
the mixture-ot-kernel approach is techniques. Therefore to construct the decision rule, one
f(x) = P K, (x,%;). (3) has to estimate: 1. the number of RBF centers; 2. the es-

ZP:ZJ: 7 ’ timates of the centers; 3. the linear model paramater



and 4. the bandwidth parameter Compared with RBF  kernel matrices takes form of
networks, the benefits of using SVMs have been studied in
[21, 20]. The first three sets of parameters can be automat-
ically determined by SVMs when learning support vectors. J(x) = Z Z OK?K”(X’ %j); ()

The last parameter is usually obtained by cross-validation poa=t

tuning. Classic SVMs, however, use only a single param- and the classifier is defined by ggitx)). Parallel to con-
etero, which means that all centers (support vectors) are nection analysis with RBF nets in Section 2, models of form
associated with a single choice of Contrary to SVMs, (5) allows basis functions to locate at examples with no la-
RBF networks estimate a differentfor every centex of  pejs. The estimates of the centers or support vectors can
the RBF basis. More generally, the bandwidtban be dif- il he automatically optimized by a SVM-like algorithm.
ferent on different directions. The mixture-of-kernelmedd  Fyrthermore, a lot more choices for basis centers come for
has a flexibility in between SVMs and RBF networks. Con- free from unlabelled examples without any need of unsu-
struction of a mixture-of-kernel model still benefits from peryised techniques.

the SVM-like algorithms, i.e., parameters exceptan be Similar to what has been used in SVMs, we optimize

learned by solving an optimization problem. In additio®, th  ,5dels by minimizing the margin-based 1-norm error met-
mixture-of-kernel model allows the RBF basis positioned at ric th ¢ where¢; satisfiesy f(x;) > 1 — &,¥i =
different C(_anters (support vectors) to associate withediff 1, ,Z?.IWithout loss of generality, we include an explicit
ent k;andywdths. ernel o ated here has in. O TSet? in the modelf(x). Note that the offset can be in-

The mixture-of-kernelapproachinvestigated here has in- o, 5 ated into the kernel matrix. We write duexplic-
teresting properties concerning its learning and appraxim

) . = ; itly since we do not require the regularization to be taken
tion behaviors. These theoretical issues will be addressedOn b. To achieve good generalization performance, it is

elsewhere and more complete discussions on algorithmiqmpom,:lnt to apply appropriate regularization conditioms

design _for const.ructing mixture-of-kernel models are pre- 1o o qe| class. A commonly used regularization condition
sented in [5]. This paper focuses on the development of any,,, qjngje-kernel methods is the reproducing kernel Hilbert
algorithm for learning a mixture-of-kernel model that bene space (RKHS) regularizatioR( ).

fits from unlabeled data.

4Ly,

2
=a"Ka. (6)
H

3 Semi-supervised Mixture of Kernels R(f) = ‘

ZaiK(x, X;)

We consider the problem of learning models with a mix- whereH is the RKHS induced by the kernal. The natural

ture of kemnels from labeled and unlabeled data. In reality, o ion of the RKHS regularization condition to the semi-
it is often comparatively easier and cheaper to obtain data

with no labels . A learning algorithm may take advantage supervised mixture-of-kernel model is the followifig f)
of unlabelled data to enhance the performance of the infer-
ence model to be derived. The problem that we deal with
in this article is slightly different from traditional traduc-

tive learning [21] where the task is to predict the labels of The objective of the learning problem with RKHS regular-
the unlabeled examples given a training set of labeled ex-jzation is to minimizey", a?"Kra? + YL & where
amples and a working set of unlabeled examples. No infer-the error term is defined only using the tépows of the
ence model needs to be explicitly derived. In our problem, yerme| matrixK as illustrated in (4), and the regularization
an inference model is required to predict labels of the testierm yses the entire kernel mat#kincluding the part pro-
examples which are unseen in the training process. The valyced by unlabeled data.

idation of the algorithm performance is conducted only on The RKHS regularization condition requires positive

R(f) =) o"Kra”. (7)

p

an independent test set. _ _ semi-definiteness (PSD) of each of the kernel matricgs
In a semi-supervised setting, besides a set of labeled,q solving the resulting optimization problem can be com-
data,L = {(x;,:), i = 1,---,£}, aset of unlabeled data tationally expensive. To remove the SDP requirement
U= {x¢j, j =1,--- 4.} is also given. The kernel ma- 54 achieve computational efficiency, we can apply other
trix calculated on both labeled and unlabeled data is regularization conditions, such as penalizing the 1-norm o
K, K, 2-norm of «, that are equally suitable for capacity control
K= ( Ky Kz[}’U ) (4) [15, 4]. These regularization methods are more generally

applicable since they do not require the kernel matrix to
whererJ. = Kp(x3,%x5), 4, =1,--- L, 0+1,--- L+ be positive semi-definite. In particular, we are in favor of
¢,,. The classification model based on a mixture of thesethe 1-norm regularizatiofjcr||y = ) |a;| since it is well



known that the 1-norm regularization leads to sparse solu-to construct the functiorf. Columns are generated itera-
tions, which in the mixture-of-kernels model, is very desir tively and added to the problem to achieve optimality. In
able. Furthermore, we prove that the RKHS norm can bethe dual space, a column in the primal problem corresponds

bounded using the 1-norin, || to a constraint in the dual problem. When a column is not
) included in the primal, the corresponding constraint does
1>°; of Kp(x, Xi)”np =308 >0 ol Kp(xi, %) not appear in the dual. If a constraint absent from the dual

roblem is violated by the solution to the restricted prob-
< (X fo ) supy [ 2 o Ky (i, ;) problem is violated by the solution to the restrcted prob
, 12 . em, this constraint (a cu mgpa}ne) needs to be included i
< D2 log | (sup; Kp(xi, %)) 7 122 o Kp(xi, X)||Hp ‘ the dual problem to further restrict its feasible regionuh
these techniques are also referred to as cutting plane meth-

Thus, ods [1]. We first briefly review the existing LPBoost with
1/2 1-norm regularization. Then we propose our modification
‘ ZafKP(X,xi) < Z la?| (sup Kp(xi7xi)) , that allows us to consider kernels that do not necessarily
i M, i i comply with the PSD requirement.

o o If the hypothesi¥.;o; based on a single column of the
Consequently, the 1-norm regularization is less restacti  matrix K is regarded as a weak model or base classifier, we
than RKHS regularization, and hence gives a more expresan rewrite LPBoost using our notation and following the

sive model. _ . statement in [10]:
For notational convenience, let us line up all kernel ma-

trices froms togetheiK = [K! K? --- K], and re-index _ d ¢
the columns inK. Let index; run through the columns MiNe ¢ Zl a; +C Zlfi
Jj= 1=

and index: run along the rows. HencK;. denotes the .
v S.t. 4 KZOZ+Z>1, Z‘>0,Z:1,"',£
it" row of K, andK.; denotes thg*" column. There are Y XJ: 50 8 :
d = (¢ +¢,) x p columns in total. We thus formulate the a; >0, j=1,---,d,
learning problem as 9
whereC > 0 is the regularization parameter. The dual of
. d £ LP (9)is
minae Y || +C X &
=1 =1
j (8) S
s.t. Yi (Z Kijo; + b) +& > 1, maxs ;Bi
J " 10
51207 i:]-a"'vgv S.t. Zﬂzyszjglvjzlavdv ( )
i=1
where thej’" column now only consists of the firétele- 0<B<C,i=1-,L

ments of that ifK. There exist much more columns (vari-
ablesa) in problem (8) than the number of constraints. In _ 1hese problems are referred to as the master problems.
other words, compared with inductive learning, this formu- Theé CG method solves LPs by incrementally selecting a
lation has significantly more basis functions to choose con-Subset of columns from the simplex tableau and optimiz-
sidering the size of labeled data available, it may require "9 the tabl_eau restricted on the subset of vanal_ales (each
extra steps for capacity control. If an extra validationiset ~ corresponding to a selected column). After a primal-dual
available, the optimization of (8) can be terminated when Solution(a, €, 3) to the restricted problem is obtained, we
the performance on the validation set cannot be improvedS°!ve R

further. In other words, our algorithm will stop when adding T= maxz BiyiKij, (11)

a new kernel basis function does not improve performance T

on the validation set. This is similar to the early stopping

; . T wherej runs over all columns dK. If 7 < 1, the solution
technigue often used in neural network training.

for the restricted problem is optimal to the master problems
If = > 1, then the solution to (11) provides a column to be
4 Generalized L PBoost included in the restricted problem.
As illustrated in problem (8), kernel methods in gen-

The CG techniques have been widely used for solving eral do not require the model coefficients = ¢;y; to be
large-scale linear programs (LPs) or difficult integer pro- non-negative. Moreover, an explicit offset tefncan be
grams since 1950s [16]. In the primal space, the CG methodincluded in the functionf. To form a LP from problem
solves LPs on a subset of variableswhich means notall ~ (8), we rewritea; = u; — v; wherew;, v; > 0. Then
columns of the kernel matrix are generated at once and useda; | = u; + v; if eitheru; orv; hasto be 0. The LP is then

4



formulated in variables, v, b, £ as and dual objectives. Recall how we define= (" u?v =

., , 0) andv = (v vN = 0), so(u, v, £) is feasible for LP
mingve > (uj +v)+C Y& (12). Since the solution is optimal to the restricted prob-
j=1 i=1 lems, the primal objective is equal to the dual objective.
Now the key issue to evaluate is the dual feasibility. Since
i ii(w; — v ’ 12 A i i X .
st Yi <; Kij(uj —vg) + b) +&=>1 (12) (3 is optimal for the restricted problem, it satisfies all con-
&>0, i=1,--- 1, straints of the restricted dual. Hence the dual feasibidity
wj, v; >0, j=1,--,d. validated if‘zi B,-yiKij‘ <1,j€N.

T = max
JEN

(14)

Solving the above LP yields solutions equivalent to those Any column that violates dual feasibility can be added.
one of the two variables;; and v; will be zero for all ~ that maXimizeS‘Zi BiyiKi;| over allj € N. In other
i=1,---,d. Otherwise, assume; > v; > 0 withoutloss  words, the columiK.; that solves
another feasible solutiol; = u; — v; andv; = 0. Then
U; +U; = u; — v; < u; + v; contradicting the optimality

There are two variables;, v; corresponding to each  will be included in the restricted problem. Compared with
columnK.; of the kernel matrix in problem (12). Cor- original LPBoost, our method is in general equivalent to
straints for the columiK.;, i.e., Zle BiyiKi; < 1 and set. We describe the modified LPBoost for semi-supervised
_ Z{_l BiyiKi; < 1. Combining both constraints, we learning with a mixture of kernels (SSMK) in Algorithm 1

obtained by (8) because in the optimal solution, at least For LPs, a common heuristic is to choose the colup
of generality, and we can find a better solution by setting
Z BiyiKij
of (u,v). !
respondingly the Lagrangian dual problem has two con- enclosing negations of weak mod&s; in the hypothesis
have—1 < Zf:1 BwiKi; < 1. Hence the dual problem wheree is a vector of ones of appropriate dimension corre-

becomes: sponding to the bias terin
‘ Algorithm 1 SSMK: CG Boosting for LP (12)
s Z; bi 1. Initialize the first columi, = e,

¢ ‘ specify the tolerancél
st —1=2 By <1 j=1-.d (13 2 Fort=1t0T,do
e 3.  Solve problem (12) witkK,_,
2 Biyi = 0, obtain solution(u?, v, £, 8%)
6_1§ B <O im1, L 4. Solve problem (14) to obtain

and letz be the solution
The CG method partitions the variablesinto two sets, 5. If7 <1+ tol, optimal, break from loop,
the working set? that is used to build the model and the re- otherwise K; = [K:_1 z], continue
maining set denoted d¥ that is eliminated from the model 6. End of loop
as the corresponding columns are not generated. Each CG. & = u? — v*.
step optimizes a subproblem over the working Bétof

variables and then selects a column fravnbased on the After the column has been generated, we can either solve
current solution to add to’. At each iterationp; in N the updated primal problem or the updated dual problem.
can be interpreted as; = 0, or accordinglyu;, v; = 0. Any suitable algorithm can be used to solve the primal or

Hence once a solutioa’”’ = u" — v" to the restricted  dual restricted problem. The original LPBoost [10] solves
problem is obtainedix = (V' o = 0) is feasible to the ~ the dual problem at each iteration. From the optimization
master LP (12). The following statement examines when anpPoint of view, it is not clear if solving the dual problem will
optimal solution for the master problem is obtained in the P& computationally cheaper than solving the primal. In Al-
CG procedure. gorithm 1, we solve the primal problem since the current

o primal-dual solution is primal feasible to the updated prob
Proposition 1 (Optimality of LP CG) Let (a, v, &, 3) be lem, and there is no need to find the first feasible solution
the primal-dual solution to the current restricted problem for the updated primal. Therefore solving each restricted
with variableb included inW¥. The solution is optimal to  primal can be cheap in CG algorithms. Another advantage
LP (12) if and only if for allj € N, ‘Zi ﬂzyszg <1. of using the LPBoost-based approach is that at each iter-

ation, only a small subset of the basis functions has to be

To show the optimality is achieved, we need to confirm pri- kept in memory which is a limitation of traditional SVM
mal feasibility, dual feasibility and the equality of prima formulations.
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5 Expe“mental StUdy OO\ —‘cy test (Ind‘uctive)
45 ’VV\\ 7?: unl_abel (Indgctive) 1

In this section, we validate the proposed approach by in- o W e (SSR
vestigating its prediction accuracy, optimization efficig gy - ﬁgliﬁbgs(fﬂihf'()
as well as sparsity of solutions in several experiments. We S
compare the performance of our approach SSMK to the p
models obtained by inductive learning with a mixture of é
kernels (MK) on two benchmark datasets and a real-world 8
medical imaging dataset. Two types of kernels are explored: * o
the linear kernel and RBF kernel. For the RBF kernel, we I |
employ a fixed strategy to find the bandwidth. First we cal- e e o—mm T
culate the mean dfx; —x;||? wherei, j run through the la- 0 100 Trai?ﬁ?]g Samp3|205ize 400 500
beled examples, and then set bandwidth equal to square root 45

—O- test (Inductive)
—v unlabel (Inductive)
—#—train (Inductive)
—— test (SSMK)

—%— unlabel (SSMK)
—+— train (SSMK)

of the mean value. More thorough comparison between in-
ductive MK models and models based on single kernels can
be found in [5].

5.1 Benchmark data

Two large databases were used in experiments. The For-
est data came from UCI KDD Archive with 54 variables,
495,141 examples. The NIST hand-written digit database
was downloaded fronhttp://yann.lecun.com/exdb/mnist/
Each digit is represented by28 x 28 image so there are 155 100 200 300 400 500
784 variables in total. The database contains 60,000 digits Training Sample Size
We created binary classification problems by distinguighin
between spruce-fir and lodgepole pine cover types on For- Figure 1. Plots of error percentage versus
est data, and discriminating between odd numbers and even training size ¢ for Digits upand Forest bottom
numbers on NIST Digits data. The distribution of classes in
both problems is balanced, so we mainly report misclassifi-
cation rates in Figure 1. Commercial optimization package
ILOG CPLEX 8.0 [13] was used as the LP solver. the unlabeled data which is used in training with no labels

We generated datasets in the following way: preserveand the test data which is completely blinded to the train-
£ = 2000 examples randomly drawn from the databases asing process. With more and more labeled data available, the
test sets (T); randomly tak&, = 500 examples from the  difference between inductive MK and SSMK is generally
remaining data as unlabelled data (U) used in model con-reduced. It is reasonable to see that performance on unla-
struction; then randomly take=10, 20, 50, 100, 200, 300, beled data is slightly better than test prediction for SSMK.
400, 500 examples as training data (L) with labels. We per- Table 1 provides more detailed comparison between induc-
formed 10 trials, and present error rates averaged on theséive MK (IMK) and SSMK. By applying the generalized
trials in Figure 1. The data was preprocessed by normaliz-LPBoost, we dramatically reduced the size of optimization
ing each original feature to have mean 0 and standard dejproblems to be solved and thus gained computational effi-
viation 1. In the training phase, the computational com- ciency. For example, wheh= 100 for Digits, we solved a
plexity of the LPs can be roughly measured by the size of problem of very large siz&00 x 1200 in IMK, and 47 linear
the kernel matrices. For example, if we choose 100 labeledkernel basis and 2 RBF basis were used in the final model
examples, the size of the kernel matrix used in LP(12) is (see Table 1). In SSMK with the CG procedure, we need
100 x 1200 considering there are 500 unlabelled data and to solve problems of much smaller size (the largest size =
2 types of kernels. All results were obtained by setting reg- 100 x 34 during the 34 (given by (SSMK)CG-lIter in Table
ularization parametef’ to 10 for Digits data and ta for 1) iterations. The resulting model used only 26 linear kerne
Forest data. Other choices ©fproduced similar compari- columns. Hence SSMK had potentials to find more sparse
son results between our approach SSMK and the inductivesolutions although both IMK and SSMK obtained sparse
MK model with no use of unlabeled data. solutions due to the use of 1-norm regularization. We can

Clearly, from Figure 1, the use of unlabeled data in see SSMK benefited from the use of unlabeled data by ref-
LP(12) helps improve the prediction performance both on erencing the last two rows of Table 1. These two terms give

Prediction Error Rate




Table 1. Efficiency comparison between SSMK and inductive MK

Data Digits Forest

L 100 200 500 100 200 500
Problem size 100 x 1200 | 200 x 1400 | 500 x 2000 | 100 x 1200 | 200 x 1400 | 500 x 2000
(IMK)linear 47 107 127 15 18 23
(IMK)RBF 2 5 4 0 0 3
(SSMK)CG-lter 34 38 37 23 30 48
(SSMK) subproblem size¢ 100 x 34 200 x 38 500 x 37 100 x 23 200 x 30 500 x 48
(SSMK)linear 26 30 35 16 18 23
(SSMK)RBF 0 0 0 0 1 2
(SSMK)K_L 9 5 7 5 5 9
(SSMK)K_U 17 25 28 11 14 16

the numbers of kernel columns generated from the labelederated 22405 candidates and 42 features were calculated.
data (S)KL and the unlabeled data (S)d atthe end of CG ~ We split the candidate set into the labeled and unlabeled

optimization. training sets of 5000 candidates respectively for each, and
all remaining candidates are in the test set. Instead of com-
5.2 Medical imaging data for CAD puting the linear kernel, we used the data matrix itself to

formK = [X K,;s] whereX is the input data an&, ¢

We also tested the proposed algorithm on a real-world is the RBF kernel matrix. Figure 2 shows the ROC curves
data set used in our Computer-Aided Detection (CAD) sys- plotting sensitivity versus false positive value per vo&im
tem for identifying lung nodules. Typical CAD data sets For the respective classifiers obtained by IMK and SSMK,
for classification are large (several thousand candidates) ~ figure 2 shows two curves, one for unlabeled data perfor-
unbalanced (significantly fewer than 1% of the candidates mance, the other for test performance. We can see that with
are “positive”). To be accepted by physicians, CAD sys- more choices of basis functions constructed from unlabeled
tems must generalize well with extremely high sensitivity data, the prediction accuracy is improved, especially over
and very few false positives. Researchers often generate ghe small false positive rates from 1 to 3 which is the de-
large amount of candidates for structures of interest in thesired range of prediction accuracy for lung nodule detectio
image - for example, cancerous nodules in a CT (computedsystem. Due to the 1-norm regularization condition, SSMK
tomography) volume of a patients lung, or polyps in a CT actually performed as a feature selection algorithm. Both
volume of colons. Only a small subset of candidates actu-IMK and SSMK selected small subsets of features or basis
ally correspond to nodules or polyps. It is extremely ex- functions (around 25 features), and SSMK ran 100 times
pensive and tedious to ask physicians to label the obtainedaster than solving problem (12) without the CG boosting
candidates with high confidence. The typical workflow for scheme.
a CAD system when used to identify structures in a new pa-
tientimage is: 1. identify candidate structures in the iag :
2. extract features for each candidate; 3. classify catelda 6 Conclusions
as positive or negative (using a classifier trained on the fea
ture matrix generated by the training candidates); 4. displ We have explored the mixture-of-kernels model in semi-
a positive candidate. supervised learning settings. By using kernels with differ

In our study, we used a dataset of 112 high-resolution ent geometric properties, allowing kernels to associatie wi
CT images that was obtained from one North American different bandwidths or parameter values, and allowing the
and three European sites. The CT data was acquired withoasis functions introduced by kernels to locate at unladell
the following scanners: Siemens VolumeZoom CT, a Sen-data points, we enhance the capability of kernel methods to
sation 16, and a Sensation 64 scanner, all with 100kV, adapt to tasks with various target functions. The optimiza-
120kV, or 140kV, and an exposure from 20mAs to 253mAs. tion problems involved in model construction can be solved
All volumes were reconstructed with a B50f or B60f re- in a very efficient way through the exploitation of column
construction kernel. The slice thickness ranged in 1.0mmgeneration techniques.
and 1.25mm with an axial resolution between 0.5mm and SVM-like algorithms have been previously proposed for
0.8mm. The ground truth labels used in this study were transductive learning as integer programs [2] and semidef-
established by 3 radiologists (1 expert and 2 experiencednite programs [6] using overall risk minimization posed
readers). Our in-house candidate generation algorithm genby Vapnik [21]. To achieve computational efficiency, our
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Figure 2. Plots of ROC curves for lungCAD.

(7]
(8]

9]

[10]

[11]

[12]

method does not minimize the overall risk. One of the fu- [13]

ture work is to extend the CG approach to integer programs

formed for Vapnik’s transduction problems. Another direc-
tion is to incorporate our approach in active learning tasks [14]

where a set of unlabelled examples need to be identified

and given priority to obtain their observed labels in experi

mental investigation. The columns that are selected by the

SSMK algorithm provide clues for which examples should
be examined in the subsequent experiment.

References

(1]

(2]

(3]

(4]

(5]

(6]

M. S. Bazaraa, H. D. Sherali, and C. M. Shetlyonlinear
Programming: Theory and Algorithmgohn Wiley & Sons,
Inc., New York, NY, 1993.

K. Bennett and A. Demiriz. Semi-supervised support ect
machines. In D. A. Cohn, M. S. Kearns, and S. A. Solla,
editors,Advances in Neural Information Processing Systems
12, pages 368—-374. MIT Press, Cambridge, MA, 1998.

K. Bennett, M. Momma, and M. Embrechts. MARK: A
boosting algorithm for heterogeneous kernel modelPrtn
ceedings of SIGKDD International Conference on Knowl-
edge Discovery and Data Miningages 24-31, 2002.

K. P. Bennett. Machine Learning via Mathematical Pro-
gramming PhD thesis, University of Wisconsin, Madison,
Wisconsin, 1993.

J. Bi, T. Zhang, and K. P. Bennett. Column-generation
boosting methods for mixture of kernels. In R. Kohavi,
J. Gehrke, W. DuMouchel, and J. Ghosh, editbhsyceed-
ings of the 10th ACM SIGKDD International Conference
on Knowledge Discovery and Data Miningages 521-526,
2004.

T. D. Bie and N. Cristianini. Convex methods for transduc
tion. In S. Thrun, L. Saul, and B. Scholkopf, editofs]-

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

vances in Neural Information Processing SystemsMig
Press, Cambridge, MA, 2004.

C. M. Bishop. Neural Networks for Pattern Recognition
Oxford University Press, New York, 1995.

O. Bousquet and D. J. L. Herrmann. On the complexity of
learning the kernel matrix. In S. T. S. Becker and K. Ober-
mayer, editorsAdvances in Neural Information Processing
Systems 15pages 399-406. MIT Press, Cambridge, MA,
2003.

K. Crammer, J. Keshet, and Y. Singer. Kernel design using
boosting. In S. T. S. Becker and K. Obermayer, editAcs,
vances in Neural Information Processing Systemgafes
537-544. MIT Press, Cambridge, MA, 2003.

A. Demiriz, K. P. Bennett, and J. Shawe-Taylor. Liness-p
gramming boosting via column generatidviachine Learn-
ing, 46(1-3):225-254, 2002.

Y. Freund and R. E. Schapire. A decision-theoretic gen-
eralization of on-line learning and an application to beost
ing. Journal of Computer and System Sciené&és119-139,
1997.

T. Hastie, R. Tibshirani, and J. Friedmahhe Elements of
Statistical Learning: data mining, inference and predicti
Springer-Verlag, New York, 2001.

ILOG. CPLEX Optimizer
vision, 889 Alder Avenue,
http://www.cplex.com2004.
G. Lanckriet, N. Cristianini, P. Bartlett, L. Ghaouh&M. I.
Jordan. Learning the kernel matrix with semidefinite pro-
gramming. Journal of Machine Learning Research:27—
72, 2003.

O. L. Mangasarian. Generalized support vector machine
In P. Bartlett, B. Scholkopf, D. Schuurmans, and A. Smola,
editors,Advances in Large Margin Classifierpages 135—
146. MIT Press, 2000.

S. G. Nash and A. SoferLinear and Nonlinear Program-
ming McGraw-Hill, New York, NY, 1996.

C.S.0ng, A.J. Smola, and R. C. Williamson. Hyperkesnel
In S. T. S. Becker and K. Obermayer, editofglvances in
Neural Information Processing Systems fit&ges 478-485.
MIT Press, Cambridge, MA, 2003.

E. Parrado-Hernandez, J. Arenas-Garca, |. Mora-Jenen
and A. Navia-Vazquez. On problem oriented kernel refining.
Neurocomputing55:135-150, 2003.

E. Parrado-Hernandez, |I. Mora-Jimenez, J. Arenasiar
A. R. Figueiras-Vidal, and A. Navia-Vazquez. Growing sup-
port vector classifiers with controlled complexityattern
Recognition Letters36:1479-1484, 2003.

B. Scholkopf, K.Sung, C. Burges, F. Girosi, P. Niyogi,
T. Poggio, and V. Vapnik. @ Comparing support vec-
tor machines with gaussian kernels to radial basis func-
tion classifiers. IEEE Transactions on Signal Processing
45(11):2758-2765, 1997.

V. N. Vapnik. Statistical Learning TheoryJohn Wiley &
Sons, Inc., New York, 1998.

X. Zhu. Semi-supervised learning with graphs. Doc-
toral Thesis, CMU-LTI-05-192Carnegie Mellon Univer-
sity, 2005.

ILOG CPLEX Di-
Incline Village, Nevada,



