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Abstract

Kernel classifiers based on Support Vector Machines
(SVM) have recently achieved state-of-the art results on sev-
eral popular datasets like Caltech or Pascal. This was pos-
sible by combining the advantages of SVM – convexity and
the availability of efficient optimizers, with ‘hyperkernels’
– linear combinations of kernels computed at multiple lev-
els of image encoding. The use of hyperkernels faces the
challenge of choosing the kernel weights, the use of possi-
bly irrelevant, poorly performing kernels, and an increased
number of parameters that can lead to overfitting. In this
paper we advocate the transition from SVMs to Support
Kernel Machines (SKM) – models that estimateboththe pa-
rameters of asparselinear combination of kernels,andthe
parameters of a discriminative classifier. We exploit recent
kernel learning techniques, not previously used in computer
vision, that show how learning SKMs can be formulated as
a convex optimization problem, which can be solved effi-
ciently using Sequential Minimal Optimization. We study
kernel learning for several multi-level image encodings for
supervised object recognition and report competitive results
on several datasets, including INRIA pedestrian, Caltech
101 and the newly created Caltech 256.

1. Introduction

Recent work in object recognition and image classifi-
cation has shown that significant performance gains can
be achieved by carefully combining multi-level, coarse-to-
fine, layered feature encodings, and learning methods. Top-
scoring classifiers on image databases like Caltech or Pas-
cal tend to be discriminative and kernel-based [19, 13, 7, 5],
but generative methods [6, 18] can also be used in order
to build hybrid, even more sophisticated kernels (e.g. the
Fisher kernel) [9]. Monolithic kernels are by no means
the only way to build successful classifiers. Several hier-
archical methods like HMAX [17, 14] or recent versions
of convolutional neural networks [16] use them more spar-
ingly, at a final stage of a complex hierarchical computa-
tion that involves successive convolution and rectification,
but a straightforward monolithic kernel can be alternatively

obtained by combining representations acr! oss all layers.
In any case, an underlying theme of current research is the
use of kernel methods, in particular the Support Vector Ma-
chine (SVM) – a methodology well-justified both theoret-
ically and practically [4]: the resulting program is convex
with global optimality guarantees, and efficient algorithms
like Sequential Minimal Optimization (SMO) can be used
to solve large problems, with hundreds of thousands of ex-
amples.

The successful proliferation of a variety of kernels has
recently motivated several researchers to explore the use of
homogenous models obtained as linear combinations of his-
togram intersection kernels, computed at multiple levels of
image encoding [7, 13]. These more sophisticated classi-
fiers have been demonstrated convincingly and state-of-the
art results have been achieved, but their use raises a number
of new research challenges:

(i) A weighting of kernelsneeds to be specified. In
particular, for histogram intersection, promising results
have been obtained using geometric approximate weight-
ings to the optimal bipartite matching1 – but this problem-
dependent intuition may not be available for all kernels, or
may not be as effective when combining heterogeneous ker-
nels with different feature spaces,e.g. histogram intersec-
tions, polynomials and RBFs.

(ii ) The kernel selectionbecomes important especially
for small training sets, as the effective number of model pa-
rameters increases with the number of kernels. This raises
the question of which kernel is good, which one doesn’t
matter and which one is likely to harm performance, a prob-
lem that requires capacity control. Indeed, previous studies
[13, 3] have shown that for some problems, the best perfor-
mance is achieved only for a subset of the kernels / levels
of encoding – sometimes only a single one. The insights
were gained by learning classifiers both for individual ker-
nels and for multiple ones, but as their number increases, an
exhaustive exploration of the kernel power set becomes in-
feasible. One is faced with the combinatorial problem of se-
lecting a parsimonious kernel subset for a desired accuracy-
computation trade-off – this is precisely thesparse, kernel

1These penalize matchings found in large histogram cells more than
ones found in fine grained cells / layers.



subset selection problemwe consider.
The main emphasis of our work is to advocate the tran-

sition from Support Vector Machines – convex learners that
can be used to train one kernel efficiently using SMO, to
Support Kernel Machines (SKM) – convex and sparse learn-
ers that can be used totrain multiple kernelsby jointly opti-
mizing both the coefficients of a conic combination of ker-
nel matrices and the coefficients of a discriminative clas-
sifier. The research builds on recent algorithms [12, 1, 2],
where the objective of learning a sparse combination of ker-
nels is formulated as a convex, quadratically constrained
quadratic problem, efficiently solved using sequential min-
imal optimization (SMO) techniques.

In independent work, [3, 11] have also studied the prob-
lem of learning a combination of kernels. De la Torreet al
[11] learn the weights of a positive combination of normal-
ized kernels using gradient descent. Boschet al[3] learn the
(level) weighting parameters of the spatial pyramid kernel
using a validation set. The search for the optimal weight-
ing is exhaustive, hence optimal, but may not scale as many
kernels are added.

We see our contribution as follows:(i) We introduce
SKM for object recognition. This technique – to our knowl-
edge not previously used in vision – provides a tractable
solution to the combinatorial kernel selection problem and
allows the design of new kernels and features and ways
to systematically assess their performance. (ii ) We show
that equivalent state-of-the art results (marginally better or
worse compared to existing methods based on insightful
problem-dependent selection of kernel combinations) on
large scale problems can be achieved with fewer, automat-
ically selected kernels. We learn sparse kernel subsets for
several datasets including Caltech 101 [6], the newly cre-
ated Caltech 256 [8] and the pedestrian from INRIA [5] and
report our experiences showing that SKM is a viable tech-
nology that improves and complements existing ones.

2. Support Kernel Machines

Although the fixed weighting of histogram intersections
proposed in earlier work of [7, 13] make sense intuitively,
we consider the more general problem oflearning the
weights instead. Ideally, we want to use several possibly
inhomogeneous kernels and select the ones most effective
for the task. In this section, we review techniques for learn-
ing multiple kernels – for details see [12, 1, 2].

Lanckriet et al [12] considered SVMs based on conic
combinations of kernel matrices (linear combinations with
non-negative coefficients) and showed that the optimization
of the coefficients reduces to a convex optimization prob-
lem known as a quadratically-constrained quadratic pro-
gram (QCQP). They provided an initial solution based on
semi-definite programming, but that faced scalability prob-
lems for training sets larger that 2-3000 points. Bach et al.

[1] proposed a dual formulation of the QCQP as a second-
order cone program, and showed how to exploit the tech-
nique of Moreau-Yosida regularization in order to yield a
formulation to which SMO techniques can be applied. Be-
cause this method uses sparse regularizers to obtain a par-
simonious conic combination of kernels, it is referred to as
theSupport Kernel Machine (SKM)[1]. More recent work
by Bachet al [2] has shown that an entire regularization
path can be efficient! ly computed for SKM using numeri-
cal continuation techniques. Unlike the regularization path
of SVM which is piecewise linear, the one of SKM is piece-
wise smooth, each kink in the path corresponding to places
where the pattern of sparsity in the linear combination of
kernels changes. However, the main SKM optimization
is performed using interior point (second-order) methods
which makes it impractical for large problems. For our ex-
periments, we follow [1].
The Problem: Assume we are givenn data points(xi, yi),
where xi is in the input spaceX = R

k, and yi ∈
{−1, 1}. Consider the input spaceX which will be
mapped tom different feature spacesF1, . . . ,Fm us-
ing feature mapsΦ1(x), . . . ,Φm(x) and denoteΦ(x) =
(Φ1(x), . . . ,Φm(x)) as the joint feature space. Consider
also variableswi, i ∈ {1 . . .m} with joint vector w =
(w1, . . . ,wm). To encourage sparsity at the level of blocks,
the cost function penalizes the blockL1-norm of w. The
multiple kernel learning problem is formulated as follows:

min
w∈F1...×Fm

n
∑

i=1

L
(

yiw
>
Φ(x)

)

+ λ





m
∑

j=1

dj‖wj‖2





2

(1)
wheredj are positive weights associated with each kernel,λ

is a regularization constant, andL can be any loss function
for classification,e.g. the hinge loss (see below). In the next
section we give the basic primal problems for the simpler
and more readable case of multiple linear classifiers, but the
kernelization is straightforward [1].

2.1. Learning Multiple Linear Classifiers

To study the problem of learning a conic combination of
linear classifiers, assume we are given a decomposition of
R

k as a product ofm blocks: Rk = R
k1 × · · · × R

km , so
that each data pointxi can be decomposed intom block
components,i.e. xi = (x1i, · · · ,xmi), where eachxji is
a vector. The goal is to find a linear classifier of the form
y = sign(w>

x + b) wherew has the same block decom-
positionw = (w1, . . . ,wm) ∈ R

k1+···+km . The primal
for this problem is very similar to the one of a linear SVM,
except for the cost used to penalize the coefficient, a block-
weightedL1 norm, not anL2 norm, as usual:

(P) min
1

2





m
∑

j=1

dj‖wj‖2





2

+ C

n
∑

i=1

ξi



w.r.t. w ∈ R
k1 × · · · × R

km , ξ ∈ R
n
+, b ∈ R

s.t. yi





m
∑

j=1

w
>
j xji + b



 ≥ 1 − ξi, ∀i ∈ {1, · · · , n}

where a soft margin is used, withξi slack variables.
The cost defined by (P) gives a convex yet non-

differentiable dual problem. However, anL2 norm regu-
larizer can be added to the cost in order to obtain a dif-
ferentiable dual. This uses ‘bridge’ weightingsaj that are
estimated during the optimization. Their role is to provide
a dynamically adaptive cost that makes the problem locally
smooth. The technique is known as Moreau-Yosida regular-
ization [1]. The primal problem is:

(RP) min
1

2





m
∑

j=1

dj‖wj‖2





2

+
1

2

m
∑

j=1

a2
j‖wj‖

2
2+C

n
∑

i=1

ξi

w.r.t. w ∈ R
k1 × · · · × R

km , ξ ∈ R
n
+, b ∈ R

s.t. yi





m
∑

j=1

w
>
j xji + b



 ≥ 1 − ξi, ∀i ∈ {1, · · · , n}

As typical with SVMs a first step to solve (RP) is to de-
rive its Lagrangian. The saddle point, stationary conditions
of the gradient, give a dual problem, which can be kernel-
ized in the usual way by replacing each dot product with a
kernel function [12, 1, 2].

3. Pyramid Match Kernels

In this section, we describe pyramid match kernels which
inspired our study for automatically learning sparse combi-
nations of kernels. Recently, Grauman & Darrell [7] and
Lazebnik et al. [13] have successfully used histogram in-
tersection kernels as an indirect means to approximate the
number of point correspondences between two sets of fea-
tures (images, say). Features are extracted in each image
and separate histograms, with the same dimension are con-
structed. A histogram intersection function sums the mini-
mum number of features in the corresponding bins of the
two histograms, across all bins. The resulting pyramid
match kernel is a weighted combination of histogram in-
tersections which is itself a kernel.

Histogram intersection functions obtained in this way are
positive-definite similarity functions [15], hence kernels.
Both [7] and [13] define a pyramid of histogram functions
as linear combinations of histogram intersections calculated
coarse to fine. The weighting depends on the coarseness of
the grid: histogram intersections at a coarser grid are overly
penalized compared to intersections on finer grids. This is
intuitively justified because matches found in larger cells/
bins should be penalized more aggressively as they store

increasingly dissimilar features. The geometric weighting
used in histogram intersections has a more formal justifi-
cation, being known to approximate the optimal bipartite
matching with good accuracy [7].

The difference between the kernels used by [7] and [13]
comes in the way features are mapped to histograms. In
[7], each dimension of the input feature vector is divided
into 2l, l = 0 . . . L equal sized bins. If the feature vector is
in R

d, the histogram dimension isD = 2ld. A coarse grid
corresponds to a lower value ofl and a fine grid corresponds
to a higher value ofl. In [13], the grid is defined over the
image, divided into2l×2l cells with features from spatially
corresponding cells matched across any two images. We
refer to the kernels obtained from the two methods using
their acronyms: [7] as PMK and [13] as SPK.

4. Experiments

The experiments we show study the Caltech 101 and Cal-
tech 256 datasets, as well as INRIA pedestrian, with a va-
riety of pyramid match kernels, for both high and low reg-
ularization regimes. Intuitively, high regularization (this is
the constantC in the primal problem) implies that we are
enforcing a large margin separation between classes. This
tends to activate more kernels especially when classes are
not perfectly separated in the one-vs-all problems. Alterna-
tively, low regularization values and easy, separable prob-
lems, will essentially lead to highly sparse solutions that
use a very small number of kernels.

First we selectNtrain images from each class for train-
ing, e.g. Ntrain = 5, 10, 15, 20, 25, 30, and the remaining
images in each class are used for testing. We learn a one-
vs-all classifier for each class. A test image is classified
by comparing probabilities assigned by each of the classi-
fiers and assigning the class that has the highest probabil-
ity. Classification performance on each classC is measured
by determining the fraction of test examples from classC
which are classified correctly. For Caltech 101 we train
both using the sets of 4 kernels proposed by [7] and [13],
and with an SKM based on a linear combination of all 8
kernels. We also train with an SKM based on these 8 plus
4 color feature based SPK type kernels which are explained
in the following section. For Caltech 256 we train using
only the set of 4 Spatial Pyramid Kernels [13]. For the IN-
RIA pedestrian dataset we train using the sets of 4 kernels
proposed by [7] and [13] but using a smaller negative train-
ing set than in [5]. Our primary goal is to understand under
what circumstances learning kernels is useful and how does
the learnt pattern of sparsity change with the difficulty of
the problem.

Kernels and Features:We use our own implementation of
the two types of kernels, PMK and SPK described in section
3, but with several minor differences that we briefly discuss.



We also describe thecolor based kernelthat we used for
Caltech 101.

We first describe our color based kernels used for Cal-
tech 101. We bin the RGB values in a17 × 17 pixel patch
into a 4 × 4 × 4 (64 dimensional) histogram and normal-
ize by the number of pixels in the patch (289). This gives
us a 64 dimensional feature. We extract these features on a
grid with spacing of 8 pixels. Now the similarity between
two images is measured using histogram intersection in the
same way as SPK. We will refer to this kernel asSPK-RGB.

For PMK on the Caltech 101 dataset we first create an
image pyramid of 10 scales, each a factor of2

1

4 smaller
than the previous image, using bicubic interpolation [14].
At each of the 10 scales we extract SIFT descriptors of
41 × 41 pixel patches computed over a grid with spacing
of 5 pixels. We project the 128 dimensional SIFT features
to 10 dimensions using PCA to get the final feature repre-
sentation. The dimensionality reduction is critical for good
performance when using uniform bins for the feature his-
tograms. We have four levels in the pyramid with 8, 4,
2 and 1 bins per dimension respectively. The first level is
the finest (8 bins per dimension) and the fourth level is the
coarsest (1 bin per dimension). For PMK on the INRIA
pedestrian dataset and for SPK on all datasets, we use only
the images at original scale. We extract SIFT descriptors of
16 × 16 pixel patches computed on a grid with spacing of
8 pixels. We don’t use the SIFT normalization procedure
whenever the cumulative gradient magnitude of the patch is
too weak [13]. For SPK we have four levels in the pyramid
(compare to three in [13]) with grid sizes4×4, 3×3, 2×2
and1 × 1 respectively.

For each of the problems solved here, we consider the
kernels from all the levels of the pyramid and learn the
weights of the kernels [1]. We also vary the number of train-
ing images per class from 5 to 30 with a step of 5 examples.
The pattern of sparsity we compute is shown using both bi-
nary and color coded diagrams (e.g. fig. 1). The number on
the vertical indexes to the one-vs-all problem being trained
(there are 101 for Caltech 101 and 256 for Caltech 256).
The number on the horizontal indexes the kernel number
from left to right, correspondingly fine to coarse levels in
the pyramid (i.e.1 is finest and 4 is coarsest). Each rectangu-
lar bar corresponds to the kernel weights learnt for a partic-
ular number of positive training images per class, 5-30. The
binary diagrams show which kernels are active (in black)
and the color coded ones show their weights. We also com-
pare the mean recognition rate obtained using learnt kernels
with those using the geome! tric weighting suggested in
[7] and [13] (which we call baseline results) (e.g. fig. 3).
The geometric weighting for PMK [7] is (0.5, 0.25, 0.125,
0.125) from finest to coarsest level. The geometric weight-
ing for SPK [13] is (0.5, 0, 0.25, 0.25) from finest to coarsest
level (the second level corresponding to a3 × 3 spatial grid

does not exist in [13], hence the weight is zero).

4.1. Caltech 101

Pyramid Match Kernels (PMK) [7]: In fig. 1 we show
the sparsity pattern of PMK in the regime of high regular-
ization, whereas the left plot in fig. 2 shows the regime at
low regularization. For low regularization, only one kernel
has positive weight for each one-vs-all classifier, hence only
one plot. In fig. 3 we show classification accuracy results in
both regimes compared to baseline results.
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Figure 1. PMK (Caltech101): These plots are for high regulariza-
tion. Left set of colored plots show kernel weights. Right set of
black and white plots show sparsity pattern. Black means thecor-
responding kernel has a non-zero weight, white means it is turned
off. Ntrain = 5, 10, 15, 20, 25, 30 from left to right.
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Figure 2. Caltech101: Sparsity of kernel weights for low reg-
ularization. (Left) PMK. (Right) SPK. Black means the corre-
sponding kernel has a non-zero weight, white means it is turned
off. Note that exactly one kernel is active for any given classi-
fier. Also as the number of training images per class increases, the
selected kernel tends to be the one for coarser level.Ntrain =
5, 10, 15, 20, 25, 30 from left to right.

Spatial Pyramid Kernels (SPK) [13]: In fig. 4 we show
the sparsity pattern of SPK in the regime of high regulariza-
tion, whereas the right plot in fig. 2 shows the regime at low
regularization. In fig. 5 we show classification accuracy re-
sults in both regimes compared to baseline results. We were
not able to fully match the performance reported in [13].
One possible reason is the codebook construction, which is
highly implementation dependent. Recent work by Jurie &
Triggs [10] suggests that better results can be obtained by
creating codebooks in which dense regions of the data are



5 10 15 20 25 30
30

40

50

60

70

Number of training examples per class

M
ea

n 
re

co
gn

iti
on

 r
at

e 
pe

r 
cl

as
s PMK for Caltech 101 Data Set

Baseline
Low reg.
High reg.

Figure 3. PMK (Caltech101): Mean recognition results on theCal-
tech 101 dataset for high and low values of the regularization pa-
rameter compared to baseline results. The quantitative values ob-
tained were:Baseline5 (38.6), 10 (48.9), 15 (53.7), 20 (58), 25
(59.9), 30 (61.8).Low regu: 5 (36.9), 10 (45.4), 15 (49.1), 20
(52.2), 25 (51.8), 30 (53).High regularization:5 (37.5), 10 (47.8),
15 (52.7), 20 (56.2), 25 (59.2), 30 (61.5).

effectively subsampled in order to avoid the excessive ‘at-
traction’ of centers. These narrow descriptor space regions,
by the very virtue of their density, can be non-informative
for classification.
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Figure 4. SPK (Caltech101): These plots are for high regulariza-
tion. Left set of colored plots show kernel weights. Right set of
black and white plots show sparsity pattern. Black means thecor-
responding kernel has a non-zero weight, white means it is turned
off. Ntrain = 5, 10, 15, 20, 25, 30 from left to right.
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Figure 5. SPK: Recognition results on the Caltech 101 dataset for
high and low values of the regularization parameter compared to
baseline results. The quantitative values obtained were:Baseline:
5 (31.8), 10 (42.5), 15 (48.6), 20 (53.6), 25 (54.7), 30 (57).Low
regularization:5 (30), 10 (40), 15 (44.4), 20 (48.5), 25 (50.6), 30
(50.4). High regularization: 5(30.6), 10 (42), 15 (47), 20 (51.4),
25 (53.7), 30 (55.8).

PMK + SPK: In fig. 6-7 we show weights learnt when the

entire 8 kernel set corresponding to PMK and SPK is con-
sidered. We show results for up toNtrain = 5 − 20. Fig. 8
shows mean classification results for both high and low reg-
ularization regimes. Notice that the highest weighted ker-
nel is usually the finest PMK kernel. This is consistent with
the fact that in our implementation, PMK outperforms SPK.
Overall, the sparse, learnt kernel subset outperforms eachof
SPK, PMK alone.
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Figure 6. PMK+SPK (Caltech101): Training with 8 kernels, PMK
first, SPK next in ordering. Left set of colored plots show kernel
weights. Right set of black and white plots show sparsity pattern.
Black means corresponding kernel has a non-zero weight, white
means it is turned off.Ntrain = 5, 10, 15, 20 from left to right.
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Figure 7. PMK+SPK (Caltech101): Sparsity of kernel weights
for low regularization. Black means the corresponding kernel
has a non-zero weight, white means it is turned off.Ntrain =
5, 10, 15, 20 from left to right.

PMK + SPK + SPK-RGB: In fig. 9-10 we show weights
learnt when the entire 12 kernel set corresponding to PMK,
SPK and SPK-RGB is considered. We show results for up to
Ntrain = 5 − 20. Fig. 11 shows mean classification results
for both high and low regularization regimes. Overall, the
sparse, learnt kernel subset outperforms each of SPK, PMK
and SPK-RGB alone.

4.2. Caltech 256

For the Caltech 256 dataset we report results using the
Spatial Pyramid Kernels (SPK) for classification (Pyramid
Match Kernels are computationally more intensive). To
map the extracted SIFT features to words we used the same
codebook that was learnt from the Caltech 101 dataset (bet-
ter results may be obtained using a Caltech 256 codebook).
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Figure 8. PMK+SPK (Caltech101): Recognition results on the
Caltech 101 dataset for high and low values of the regularization
parameter.PMK Baseline:5 (38.6), 10 (48.9), 15 (53.7), 20 (58).
SPK Baseline:5 (31.8), 10 (42.5), 15 (48.6), 20 (53.6).Low reg-
ularization: 5 (35.7), 10 ( 45.2), 15 (48.4), 20 (51.2).High regu-
larization: 5 (38.7), 10 (49.1), 15 (54.3), 20 (58.4). Clearly, auto-
matic selection among all 8 kernels improves the results compared
to any given quadruple in PMK or SPK.
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Figure 9. PMK + SPK + SPK-RGB (Caltech101): Training with
12 kernels, PMK, SPK and SPK-RGB in that order. Left set of
colored plots show kernel weights. Right set of black and white
plots show sparsity pattern. Black means the correspondingkernel
has a non-zero weight, white means it is turned off.Ntrain =
5, 10, 15, 20 from left to right.
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Figure 10. PMK + SPK + SPK-RGB (Caltech101): Sparsity of
kernel weights for low regularization. Black means the corre-
sponding kernel has a non-zero weight while white means it is
turned off.Ntrain = 5, 10, 15, 20 from left to right.

In fig. 12 we show the sparsity pattern of SPK in the regime
of high regularization, whereas fig. 13 shows the regime at
low regularization. We show results for varying number of
training images per class (5, 10, 15, 20). Fig. 14 compares
the overall classification accuracy for kernels combined us-
ing baseline weights [13] with those learnt using low and
high regularization. To our knowledge, the only results re-
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Figure 11. PMK + SPK + SPK-RGB (Caltech101): Recognition
results on Caltech 101 dataset for high and low values of the regu-
larization parameter.PMK Baseline:5 (38.6), 10 (48.9), 15 (53.7),
20 (58). SPK Baseline:5 (31.8), 10 (42.5), 15 (48.6), 20 (53.6).
SPK-RGB Baseline:5 (18.2), 10 (25.7), 15 (29.5), 20 (31.7).Low
regularization: 5 (29.2), 10 ( 36.4), 15 (41.2), 20 (42.9).High
regularization:5 (40.5), 10 (51.3), 15 (57.3), 20 (62).

ported on Caltech 256 are by Griffinet al [8], who also used
Spatial Pyramid Kernels [13]. With our sparse SPK kernel
selection algorithm and the Caltech! 101 codebook, [8] is
marginally better. An interesting observation – by compar-
ing the patterns of sparsity obtained for Caltech 101 and 256
– is that significantly more coarser kernels tend to be se-
lected in the 256 classifiers in the low-regularization regime
(seee.g. fig. 13). One possible explanation is the lack of
centering in Caltech 256 [8] and finer levels no longer pro-
vide sufficient discriminative power when there is too much
intraclass variability.
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Figure 12. SPK (Caltech256): These plots are for high regulariza-
tion. Left set of colored plots show kernel weights. Right set of
black and white plots show sparsity pattern. Black means thecor-
responding kernel has a non-zero weight, white means it is turned
off. Ntrain = 5, 10, 15, 20 from left to right.

4.3. INRIA pedestrian

For INRIA pedestrian database [5] we use a set of 2172
positive and 2436 negative images for training. We test on
891 positive images and 765 negative images. We extract
SIFT descriptors of16 × 16 pixel patches computed on a
grid with spacing of 8 pixels and learn weights for four lev-
els of SPK and PMK kernels.

For SPK, the weights learnt from finest level (4×4 grid)
to coarsest (no grid) are (1, 0, 0, 0). We have four levels
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Figure 13. SPK (Caltech256): Sparsity of kernel weights forlow
regularization. Black means the corresponding kernel has anon-
zero weight, white means it is turned off. Note that exactly one
kernel is active for any given classifier.Ntrain = 5, 10, 15, 20
from left to right.
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Figure 14. SPK (Caltech256): Recognition results on the Caltech
256 dataset for high and low values of the regularization parame-
ter compared to baseline results. The quantitative values obtained
were: Baseline:5 (11), 10 (15.3), 15 (18), 20 (20).Low regular-
ization: 5 (10.6), 10 (12.9), 15 (14.7), 20 (15.5).High regulariza-
tion: 5 (10.9), 10 (14.7), 15 (17.3), 20 (18.9).

because we also consider a3 × 3 grid on the image. The
classification accuracy on the positive test set is 99.3 % and
80 % on the negative test set. Using the weights of [13] (0.5,
0, 0.25, 0.25) the classification accuracy on the positive test
set is 99.7 % and 69.5 % on the negative test set. To al-
low comparison with [5], we plot Detection Error Tradeoff
(DET) curves on a log-log scale,i.e. miss rate (1-Recall or
FalseNeg/(TruePos+FalseNeg)) versus False Positives Per
Window (FPPW) in fig. 15. Lower values on DET curve are
better. For PMK, the weights learnt from finest level (4 × 4
grid) to coarsest (no grid) are (0, 0, 1, 0). The classification
accuracy on the positive test set is 89.2 % and 88.6 % on
the negative test set. On the other hand, using the weights
suggested in [?] (0.5, 0.25, 0.125, 0.125) the classification
accuracy on the positive test set is 94.3 % and 91.1 % on the
negative test set. We plot DET curves for fixed and learnt
weights in fig. 16.

Performance and running times:The Support Kernel Ma-
chine algorithm we use [1] is based on SMO optimization,
hence it is computationally efficient. If at any point dur-
ing learning, only one kernel is selected, the method falls
back on SVM-SMO. In our problems, the average running
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Figure 15. SPK: DET plots for fixed kernel weights
(0.5, 0, 0.25, 0.25) and learnt weights(1, 0, 0, 0). The sparse,
learnt kernel subset performs better.
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Figure 16. PMK: DET plots for fixed kernel weights
(0.5, 0.25, 0.125, 0.125) and learnt weights(0, 0, 1, 0).

time for a 1-vs-all classification problem with, say, 15 pos-
itive training examples per class, is 38 seconds. The main
computational burden remains the feature extraction and the
computation of kernel matrices. Learning large sets of ker-
nel combinations is memory intensive as the kernel matri-
ces need to be stored, but caching techniques and predictive
low-rank decomposition can be used to further improve per-
formance.

4.4. Discussion

One of the contributions of this paper is to show that par-
simonious kernel combinations can be learnt in a tractable
way using Support Kernel Machines. Consider, for exam-
ple, the learnt patterns of sparsity for problems like the ones
in fig. 9 corresponding to recognition results in fig. 11. So-
lutions of this form – a set ofdifferentkernels for each prob-
lem, but with good overall classification accuracy – are not
easy to obtain using any of the algorithms currently used in
object recognition. An SVM wrapper method faces a com-
binatorial problem and no simple kernel enumeration tech-
nique can solve it optimally. It is not surprising that learning
kernels produces competitive state-of-the art (marginally
better or worse) classifiers, neither that a sparse combina-
tion may sometimes marginally hurt performance – this is a
small price to pay for the benefit of compactness and selec-
tion. SKMs provide a scalable solution for combining large
numbers of k! ernels with heterogeneous feature spaces,
where a-priori weighting intuitions may no longer be avail-
able.



A second insight of our study is the somewhat limited
performance of existing kernels on datasets like Caltech
101, 256 and INRIA pedestrian. We show negative experi-
mental results implying that it is unlikely for combinations
of existing kernels to produce significantly better results, at
least within the span of our sparse representation and con-
vex search problem. For low regularization values, most of
our 1-vs-all classifiers achieved almost perfect separation
on the training set. For this very reason their solutions are
extremely sparse, often consisting of only one kernel. Once
all hinge constraints are satisfied, the learner can only im-
prove its cost by sparsifying the kernel combination, hence
eliminating kernels. We often found that for many prob-
lems it is quite common that several kernels give very sim-
ilar performance. In this case, the marginally best one will
be selected (in most case this was the kernel computed on
the finest grid). One way to turn on more kernels! is by
boosting the regularization constant – hence more heavily
penalize errors at the margin. This can be a palliative for a
marginally better solution, as long as perfect separation is
still not completely achieved.

4.5. Conclusions

We have argued that SVM classifiers based on linear
combination of kernels can be a powerful way to boost the
performance of the current recognition algorithms. How-
ever such classifiers introduced new difficulties, in particu-
lar the need to choose a weighting for the kernels, compu-
tational efficiency issues and increased propensity to over-
fit. The problem of learning a parsimonious set of kernels
from a possibly large subset, falls beyond the methodol-
ogy of current SVM. In this paper we advocate the transi-
tion from SVMs to Support Kernel Machines (SKM) in or-
der to obtain models that estimateboth the parameters of a
sparselinear combination of kernels,and the parameters of
a discriminative classifier in one convex problem. Our large
scale study of representative datasets like Caltech 101, 256
or INRIA pedestrian show that state-of-the art results can be
achieved using sparse learnt kernel combinations (seee.g.
fig. 11), but also underlines the! limitations of current fea-
ture extraction and kernel design methods. In the long run,
SKM appears to be a viable technique for designing new
kernels and features, systematically assessing their perfor-
mance, and selecting the best performing kernel subset for
a given problem.
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