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Abstract.

Model selection is one of the most computationally expensive tasks in
a machine learning application. When dealing with kernel methods for
structures, the choice with the largest impact on the overall performance
is the selection of the feature bias, i.e. the choice of the concrete kernel for
structures. Each kernel in turn exposes several hyper-parameters which
also need to be fine tuned. Multiple Kernel Learning offers a way to
approach this computational bottleneck by generating a combination of
different kernels under different parametric settings. However, this solution
still requires the computation of many large kernel matrices. In this paper
we propose a method to efficiently select a small number of kernels on a
subset of the original data, gaining a dramatic reduction in the runtime
without a significant loss of predictive performance.

1 Introduction

Many application domains can be naturally encoded in a structured form. In
chemo- and bioinformatics for example, molecules and polymers can be encoded
as graphs with atoms as nodes and chemical bonds as edges. After a segmenta-
tion pre-processing step, images can also be represented as networks of adjacent
objects or regions. Working on these domains employing traditional feature
engineering is possible, but it is generally time-consuming (every different ap-
plication requires a novel feature design by some expert) and information loss
is often unavoidable. Instead, a direct processing of structures can be obtained
using kernelized approaches, where a kernel function can be devised for each
generic data type (for example sequences, trees or graphs). This in turn allows
to use standard learning algorithms (e.g. SVM) to solve the desired predictive
tasks.

Model selection is one of the most computationally expensive tasks in ma-
chine learning applications. When dealing with kernel methods for structures,
the choice with the largest impact on the overall performance is the selection of
the feature bias, i.e. the choice of the concrete kernel for structures. Each ker-
nel in turn exposes several hyper-parameters which also need to be fine tuned.
Finally, the downstream learning algorithm has its own hyper-parameters. A

287

ESANN 2017 proceedings, European Symposium on Artificial Neural Networks, Computational  Intelligence 
and Machine Learning.  Bruges (Belgium), 26-28 April 2017, i6doc.com publ., ISBN 978-287587039-1. 
Available from http://www.i6doc.com/en/.



common approach to hyper-parameters optimization is to fix a-priori a parame-
ters grid, i.e. a set of possible values for each parameter. Then, the predictive
performance of the learning algorithm is evaluated for each possible parameters
combination (grid-search strategy), which is possibly a very time consuming step.
A more efficient approach has been proposed in [1, 2], where instead of selecting
the best parameters configuration, Multiple Kernel Learning (MKL) was used for
combining different kernel matrices in a single learning procedure. While more
efficient, this approach does not scale to very large datset since a kernel matrix
has to be computed for each kernel and for each of its hyper-parameters. In this
paper we propose a new approach that, based on sub-sampling and MKL, is able
to speedup the parameter selection phase by orders of magnitude on real-world
datasets without loss in predictive performance.

2 Background

A kernel method is composed by the following two modules. A learning algo-
rithm, that expresses the solution only via dot products between training exam-
ples. A kernel function k : X ×X → R that is a symmetric positive semi-definite
function that corresponds to a dot product in a Reproducing Kernel Hilbert
Space (RKHS), i.e. there exists a φ : X → K ⊆ RD, where X is the input space
and K is an Hilbert space (commonly referred to as feature space), such that
k(xi, xj) = 〈φ(xi), φ(xj)〉 with xi, xj ∈ X . A kernel (or Gram) matrix for a set
of examples Tr = {x1, . . . , xl} is an l×l matrix G with entries {G}ij = k(xi, xj).

When dealing with structured data, the choice of the kernel to adopt is a key
step. In this paper we focus on graphs, i.e. we consider each example to be a
different graph. In this setting, there are several graph kernels defined in litera-
ture based on random walks [3, 4], shortest paths [5], or subgraphs up to a fixed
size h [6]. The problem with these kernels is the high computational complexity,
that makes them inapplicable to several real-world datasets. Recently, different
almost linear time graph kernels have been defined in literature [7, 8, 9, 10], and
these are the ones we focus on in this paper. Each one of these kernels considers
only specific kinds of subgraphs, up to a certain dimension (that, in general, is
a kernel parameter). Note that it is out of the scope of this paper to give an
extensive comparison among the various graph kernels.

The Weisfeiler-Lehman Fast Subtree kernel (WL) [9] counts the number of
identical subtree patterns obtained by subtree-walks up to height h (an hyperpa-
rameter) in the two input graphs. Note that the subtree-walks extracted by the
kernel differ from subtree structures because a node can appear multiple times
in the same subtree-walk.

In [8] the Neighborhood Subgraph Pairwise Distance Kernel (NSPDK) is
presented. This kernel computes the exact matches between pairs of subgraphs
with controlled size and distance (hyper-parameters r and d, respectively).

The Ordered Decomposition DAGs Subtree kernel (ODDST ) [10] considers
as non-zero features in the RKHS the trees that appear as subtrees of the input
graphs. It exploits the shortest-path (up to length h, a hyperparameter) DAG
decompositions starting from each node in the graph to generate DAG structures,
and then extracts tree features from them. Each tree-feature is weighted as
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f ·λdim, where f is the frequency of the feature, dim its dimension (the number
of vertices in the tree) and λ > 0 a weighting hyperparameter.

2.1 Multiple Kernel Learning

MKL [11] is one of the most popular paradigms in real world applications [12]
used to learn kernels as a combination of different base kernels K1, ...,KR. In
literature exists several kernels combination mechanisms, we focused on the form:

K =
∑R

r=1 ηrKr with ηηη ∈ {ηηη : ηηη < 0, ‖ηηη‖q = 1}. The value q being the kind of
mean used, is typically fixed to 1 or 2.

Using this formulation, we are studying the family of sums of kernels in the
feature space and it is well know that the sum of two kernels can be seen as the
concatenation of the features contained in both the RKHS [13]. Extending the
same idea, the weighted sum of a list of basic kernels can be seen as a weighted
concatenation of all the features contained in all the RKHS (where the weights
are the square roots of the learned weights in the vector ηηη).

These algorithms are supported by several theoretical results that bound the
estimation error (i.e. the difference between the true error and the empirical
margin error). These bounds exploit the Rademacher complexity applied to the
combination of kernels [14, 15].

2.1.1 EasyMKL

EasyMKL [16] is a recent MKL algorithm able to combine sets of basic kernels
by solving a simple quadratic optimization problem. Besides its proved empirical
effectiveness, a clear advantage of EasyMKL compared to other MKL methods
is its high scalability with respect to the number of kernels to be combined.
Specifically, its computational complexity is constant in memory and linear in
time. EasyMKL finds the coefficients η that maximize the margin on the training
set, where the margin is computed as the distance between the convex hulls of
positive and negative examples. In particular, the general problem EasyMKL
tries to optimize is the following:

max
η:||η||2=1

min
γ∈Γ

γ>Y

(
R∑

r=0

ηrKr

)
Yγ + Λ||γ||22, (1)

where Y is a diagonal matrix with training labels on the diagonal, and Λ is a
regularization hyperparameter. The domain Γ represents two probability distri-
butions over the set of positive and negative examples of the training set, that
is Γ = {γ ∈ R`

+ |
∑

yi=+1 γi = 1,
∑

yi=−1 γi = 1}. Note that any element γ ∈ Γ
corresponds to a pair of points, the first in the convex hull of positive train-
ing examples and the second in the convex hull of negative training examples.
At the solution, the first term of the objective function represents the obtained
margin, that is the (squared) distance between a point in the convex hull of
positive examples and a point in the convex hull of negative examples, in the
compounded feature space. Eq. 1 is a minimax problem that can be reduced to
a simple quadratic problem with a technical derivation described in [16]. In the
following sections, we will refer to this method as EasyMKL1.

1EasyMKL implementation: github.com/jmikko/EasyMKL
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3 Proposed framework

We propose a method to reduce the number of kernels to compute on the com-
plete dataset. We argue that the combination vector learned by EasyMKL on
just a subset of the available data (η̂) is similar to the one obtained by the same
algorithm on the whole dataset (η). See Fig. 1 for an experimental assessment
of this assumption. We use the values in η̂ to perform a ranking over kernels,
removing those below a (user-specified) threshold. Then we compute the ker-
nel matrix, on all the available data, for just the top kernels, and fit a model
combining them. A sketch of the proposed algorithm is given in the following.

1 Input : examples Tr , l i s t o f k e rne l f u n c t i o n s L ,
2 ke rne l percentage pK , example percentage pS
3 Output : a l i s t o f Gram matr i ce s on Tr
4 S ← random subset o f (Tr, pS )
5 Ks ← [ Gram(S, k) f o r k in L ] #Gram matr i ce s on Trs
6 η̂ ← EasyMKL(Ks ) #weights o f the f u n c t i o n s in L
7 Ltop ← t o p o f (L, η̂, pK ) #get the top f u n c t i o n s
8 Return [ Gram(Tr, k ) f o r k in Ltop ] #top Gram matr i ce s on Tr

In the algorithm, we adopted Python’s list comprehension notation. We used the
following functions: random subset of(Tr, pS) samples a percentage pS of the
examples in the set Tr; Gram(Tr, k) computes the Gram matrix of the kernel
k on the set of examples Tr; EasyMKL(Ks) computes a list of weights (one
for each kernel in Ks) according to the EasyMKL algorithm; top of(L, η̂, pK)
extracts the top pK percentage of the elements in L according to the weights η̂.

4 Experimental Assessment

We conducted our experiments on several real-world binary datasets, that are
MUTAG, CPDB, GDD, AIDS, NCI1, NCI109, CAS (see [10, 9] for a more de-
tailed description). The kernels used in our experiments are: NSPDK with
h ∈ {0, 1 . . . 9} and d ∈ {0, 1 . . . 9}, ODDST with h ∈ {0, 1 . . . 9} and λ ∈
{0.5, 0.7, 0.8 . . . 1.2, 1.4, 1.6, 1.8}, WL with h ∈ {0, 1 . . . 9}. In all models, we
considered kernels calculated in less that 1 hour, rejecting others. The baselines
used to compare our method consist on a SVM with kernels (a)Kval: the kernel
is the one which has the best validation score, (b)Ksum: the kernel is the average
of all base kernels, (c)Kmkl: the kernel is a combination of all base kernels using
EasyMKL. For each baseline, the computation of all kernels is required. The
hyper-parameters are chosen using a nested 10-fold CV procedure, and they are
C ∈ {2i, i : −3 . . . 6}, and Λ ∈ {0, 0.1 . . . 1} for Kmkl.

Firstly, we performed some experiments to check how many samples are
required to make η and η̂ similar. In our context two weights vectors are similar if
they provide the same top kernels. The metric used for comparison is the Jaccard
similarity score. Fig. 1 shows the Jaccard score between the indices of top
kernels selected using η and η̂ with different threshold and different subsampling
dimension. According to preliminary results, we fix the dimension of subset used
in the first step to learn η̂ as 10% and the number of top kernels as 10%, except
for MUTAG (the smallest datasets), where we use 20% of training data. To learn
η̂ we chose a random subsampling of training data and perform a 10-fold cross
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Fig. 1: Average jaccard values and standard deviation in 50 runs between the
indices of top kernels using a subset of training data and using the whole set.

dataset # train Kval Kmkl Ksum Ksub
mkl Ksub

sum Ksub
w

MUTAG 188 0.90±0.08 0.93±0.06 0.93±0.06 0.93±0.05 0.93±0.05 0.93±0.05

18m 40m 8m 3m 4m 4m
CPDB 684 0.88±0.03 0.88±0.03 0.88±0.03 0.88±0.02 0.89±0.03 0.88±0.02

1h 16m 8h 33m 20m 1h 37m 5m 5m
GDD 1178 0.86±0.05 0.87±0.04 0.87±0.04 0.87±0.04 0.87±0.04 0.80±0.04

>100h >100h >100h 3h 4h 15m 4h 15m
AIDS 1503 0.78±0.08 0.78±0.08 0.78±0.08 0.78±0.08 0.77±0.07 0.77±0.07

6h 39m 50h 2h 44m 11h 10m 1h 4m 1h 4m
NCI1 4110 0.88±0.04 - 0.89±0.04 0.88±0.04 0.88±0.05 0.88±0.04

39h - 7h 24m 98h 2h 1m 2h 1m
NCI109 4127 0.87±0.03 - 0.87±0.03 0.87±0.02 0.87±0.03 0.87±0.02

44h - 7h 36m 99h 1h 47m 1h 47m
CAS 4337 0.92±0.01 - 0.92±0.01 0.92±0.01 0.92±0.01 0.92±0.01

38h - 4h 26m >100h 1h 34m 1h 34m

Table 1: AUC score, standard deviation and computational time for all baselines
and all subsampling proposed methods.

validation using EasyMKL to combine kernels and SVM as base learner. Then
we fit the model with the best combination and select the top kernels. In the
second step we calculate the top kernel matrices using the whole training data
and combine it to get the kernel. We propose 3 different methods to perform
this combination: (1)Ksub

mkl: using the EasyMKL algorithm, (2)Ksub
sum: calculating

the average of kernels, (3)Ksub
w : using the same weights (rescaled) from the first

learning step. In all of these methods we use a SVM as base learner. The hyper-
parameters sets are the same used in baselines. Table 1 shows the AUC score,
standard deviation and computation time2. used to make kernels and models
for all problems.

5 Discussion and conclusion

We have presented an efficient approach to model selection for graph kernels
based on the multiple kernel learning framework. We have shown how working

2We used an Intel(R) Xeon(R) CPU E5-2680 2.70GHz, 256GB (RAM).
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on small subsets (up to 10%) of the data yields results that are stable and
accurate enough to select the optimal combination of kernels via EasyMKL. We
have investigated three methods to efficiently combine a subset of kernels while
preserving at the same time an high AUC score for the downstream machine
learning algorithms. Finally, we showed how we can use the simple summation
of the selected kernels, avoiding the expensive step of running MKL on the full
training set, to scale the MKL approach to very large datasets. In future work
we will extend the library of graph kernels to obtain a comprehensive and easy
to use software package.
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