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Abstract. Learning from experience and adapting to changing stimuli are funct@ieapabilities for
artificial cognitive systems. This calls for on-line learning methods ablelhdese high accuracy while at
the same time using limited computer power. Research on autonomous hgeteen actively investigating
these issues, mostly using probabilistic frameworks and within the contexdvigation and learning by
imitation. Still, recent results on robot localization have clearly pointed ouptitential of discriminative
classifiers for cognitive systems. In this paper we follow this approachpaopose an on-line version of
the Support Vector Machine (SVM) algorithm. Our method, that we calli@mIndependent SVM, builds
a solution on-line, achieving an excellent accuracy vs. compactnetesdfa In particular the size of the
obtained solution is always bounded, implying a bounded testing time. Atatime $ime, the algorithm
converges to the optimal solution at each incremental step, as oppasetlém approaches where optimality
is achieved in the limit of infinite number of training data. These statemensupported by experiments on
standard benchmark databases as well as on two real-world applicatzmsly(a) place recognition by a
mobile robot in an indoor environment, afig human grasping posture classification.
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1 Introduction

On-line learningis the process by which a cognitive system learns continydusn experience, updating and
enriching its internal models of the environment. This ihéag mechanism is the main reason why cognitive
systems are capable of achieving a robust, yet flexible di#yab react to novel stimuli. Realistic domains
are highly dynamic and any autonomous system interactitigtivem, such as a robot, must be able to adapt to
a number of changing parameters. For instaimagor visual place recognitiofor robot localization suffers
from the natural variability of environments in time (vamgiillumination conditions, objects moved around
beause of daily use, rooms redecorategigsping by imitatiorrequires the ability to recognize a human sub-
ject’s “style”, and to adapt to different objects’ shaped affordances, and so forth.

Ideally, an on-line learning algorithm should satisfy fooain requirements, namely:

1. Adaptability. The system must be robust to local changes in the enviroraingatameters. For instance,
it should be able to recognize a grasping type even when npeefib by different subjects on unknown
objects; it should be able to recognize an environment eften that some of the furniture has been
relocated because of normal use, and so forth.

2. Optimality. Nevertheless, the ratio of correct recognition of the eslecharacteristics of the environ-
ment must not be affected. Autonomous systems acting irstieadettings, possibly shared by humans,
must guarantee an optimal performance for each sensoryehao to minimize mistakes.

3. Limited resources.All this must be done using limited computer power (CPU timemory, etc.).
Indeed, artificial cognitive systems are required to penfbuman-like tasks in every day scenarios. The
complexity and richness of the stimuli to acquire and arglyar each sensory channel, is in general
very high. Decisions must be taken keeping into accountallavailable information, so to react and
interact with the environment actively.

4. SpeedLastly, the system must be able to adapt (training) and ¢@éiesting) on-line, that is, quickly.

Some or all of the above issues have already been addregbediast. Indeed, it has long been recognized
in the autonomous system community that learning is a ketufegor making cognitive systems capable
of solving complex tasks in realistic environments [1]. tréag robots can operate robustly in unknown
environments, can take advantage of knowledge from sugms/bn-line and can compensate for changes by
updating their internal representation about the enviremrand themselves.

In the field of robot navigation, on-line methods have beerdusr building topological maps and detect
loop closure [2], to learn variability of environments dogllumination changes and natural dynamic of rooms
[3], or for adaptive obstacle avoidance in dynamic indoeiremments like corridors [4]. On-line methods have
been applied both to indoor [2, 3] and outdoor navigationidstly within a probabilistic framework [2, 5, 6].
With the notable exception of [3], all on-line approachespmsed so far have been tested on a very limited
temporal domain, of few hours if not of few minutes. Thussihot clear if these methods are able to provide
high accuracy, combined with controlled computing resesyin case of on-line learning across a time span of
several months.

As far as grasping recognition is concerned, machine legrimis never been applied on-line to the best of
our knowledge, exceptin [7] where, howeuegressioris used to predict the grasping configuration. Batch ap-
proaches have been used to classify grasps, e.g., in [8p(b&lden Markov models), [9] (Gaussian mixtures)
and [10] (neural networks). In [11], a comparison of clasaifon systems for grasp recognition is presented,
the main outcome of which being that (uncalibrated) humasgng data gathered from a CyberGlove can be
used to an excellent extent to recognise the grasp typeuglththe performance can be heavily influenced by
multiple user analysis. In all works examined, the emphasisally on affordances [12] rather than on objects
or hand configurations; in other words, one is generallyr@gted in the types of grasps and what can be done
using them.

Still, the use of discriminative classifiers like AdaBoosidaSupport Vector Machine has been gaining
momentum in the last years, especially in the field of roboaliaation [13, 14]. How to use these methods
in on-line settings is an open challenge: discriminativeaiéng methods do have the ability of adapting to
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a changing environment (issueabove) via training. But they are normally used on batchegreviously
available data, which is unsatisfactory in our setting.ll@a4earning extensions of these algorithms have been
proposed (e.g. [15]), but they either lack the capabilitymofking with limited resources without losing too
much accuracy (issu@sand3, e.g. [16]), or they suffer from unacceptably long trairitegting times (issué,
e.g., after training semplification [17]).

In this paper we apply Support Vector Machines (SVMs) to thebfem of on-line learning for robotic
systems, trying to address the above issues, all at a time.inftral choice of SVMs is mainly motivated by
their assured optimality (no local minima in the cost fuactl to be minimized). It has also been shown that
SVMs have a remarkable capacity of adaptation, since theg haen successfully applied to such diverse
fields as speech recognition, object classification andtimmapproximation [18]. Lastly, the generalization
power of SVMs is theoretically well founded, and the dandedaia overfitting is sensibly smaller than with
other approaches.

Still, SVMs require a long training time. An SVM can be upf0 times slower than other specialized
approaches with similar performances [19]. In fact, thestiequired by an SVM to train and predict is, in turn,
cubic and linear in the number of support vectors [20]. Aslvibe number of support vectors found grows
proportionally with respect to the number of samples [21jisTnakes the approach unsuitable, in its current
formulations, for on-line learning, where a potentiallydégss flow of data is acquired by the machine.

To solve this problem, and address is8@ad4 above with SVMs, we propose a new method called On-line
Independent SVMs (OISVM), which builds a solution on-linehieving an excellent accuracy vs. compactness
trade-off in general, therefore keeping isuia target. With our method the amount of memory required can
be dramatically smaller than that of a SVM, while the accyrafcthe obtained solution is almost the same.
In particular the size of the solution, and the testing time @ways bounded. This statement is supported
by experiments on standard benchmark databases as welltas oeal-world applications, namely:) place
recognition by a mobile robot in an indoor environment, &j)chuman grasping posture classification.

Experiment(a) is concerned with a mobile robot moving around in an indo®irenment subject to high
variability due to human activities over long time spanse3évariations include people appearing in different
rooms during working time, objects such as cups moved omték@ut of the drawers, pieces of furniture
pushed around, and so forth. The robot is then required &difecits own position, despite all these changes.

In experiment(b) the system tries to classify the ways a number of human stshjeasp several different
objects over a reasonably long time span, therefore bethepiendent of the subjects’ styles and the object’s
shapes.

Our experimental results fully confirm that OISVM achievkddlthe objectives posed at the beginning:
they produce very small models (issBg with a square complexity in training in the number of saespl
and with bounded testing time (issdg moreover, they keep optimal performance, or only slighgks than
optimal (issue2), and retain the full generalisation power of standard S\(igksuel).

The paper is organized as follows: Sectidmneviews some mathematical background and Se@&ide-
scribes OISVMs. Sectios gives a detailed comparison with existing similar appreactSectiorb describes
the experiments and the results we obtained, and lastlyoBeéctontains conclusions and the outline of future
work.

2 Background Theory

This section contains the required mathematical backgtowe introduce SVMs both in the batch and on-line
versions. The interested reader is referred to, e.g., P18p2 a comprehensive introduction to the subject.

2.1 Support Vector Machines

Assume{x;, yi}ﬁzl, with x; € R™ andy; € {1, 1}, is a set of samples drawn from an unknown probability
distribution. We want to find a functiofi(x) such thatsgn(f(x)) best determines the category of any future
samplex drawn from the same distribution. Assuming the data aratigeseparable, we can seek a minimum
normseparating hyperplanie R™, f(x) = w - x + b. In this case, the hyperplane must respect the constraints
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yi(w-x;+b)—1 >0, foralli = 1,...,1(from now on, this will be implicit whenever a subscrigippears free
in a formula). In the most general case in which the data arémearly separable, we can relax the problem
introducing! slack variableg; and rather require thag(w - x; +b) — 1 + & > 0, with §; > 0. This new
problem is then usually solved minimizing the following ger function:

l
@g@wW+0§kﬁ (1)
’ i=1

subject to the constraints

yi(w-x; +b) > 1-¢ (2
& >0

whereC € R™ is an error penalty coefficient andis usually1 or 2 [18]. (1) and @) can be compactly
expressed in Lagrangian form by introducihpairs of coefficientsy;, ;; and then minimizing the objective
function

l
1
Lp = §|\W||2 =D i (yiwxi+b) —1+&)
=1

l l
+CY - g (3)
i=1 i=1

subject to the constraints that, u; > 0. Using the Karush-Kuhn-Tucker (KKT) conditions [18], gig
necessary and sufficieabnditions forw, b and«; to be be a solution, we obtain, fpr= 1,

l

!
?TP =W — Z oYX, = 0=w= Z QY X 4)
i—1 i=1

ﬁf:c—%—m ~ 0 (5)

dLp EZ:
— = azy; = 0 (6)

9b i—1
i (yi(w-x;+0)—1+&) = 0 (7)
fi(OZi — C) = 0 (8)

Whereas fop = 2 condition @) disappears and conditioB)(becomes

OLp
0
Taking (@) into accountf(x) can be expressed as

l
f(x) = Z QX X +b (10)
i=1
Note that, in the last Equation and i8)( the x’s only appear in the form of inner products. In order to
improve the discriminative power of SVMs then, tkes are usually mapped to a highly, possibly infinite-
dimensional space (tHfeature spacevia a non-linear mappin@(x); the core of the SVM becomes then the
so-calledkernel functionk” such thati;; = K(x;,x;) = ®(x;) - ®(x;). This idea is callekernel trickand
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is standard in SVM literature; it avoids the necessity oflieity knowing @. In the following, the ternkernel
dimensiorwill refer, as is customary, to the dimension of the featyr@ce. The kernel dimension is related to
the generalization power of the machine, and it dependsealtbice of the kernel itself. Widely used kernels
include thepolynomialone (finite-dimensional) and th&aussianone (infinite-dimensional). Equatiod @)
then becomes

Zozzyz (x,%;) + b (11)

After training, that is after the minimization @fp, some of they;s (actually most of them in many practical
applications) are zero; thosgs for which this does not hold are callsdpport vectors

Using the KKT conditions inJ) we obtain that to train a SVM we must solve a quadratic progning
problem (QP) with as many unknowns as training samplese-$tathe-art QP solvers decompose the problem
into manageable subproblems or, in the limit, perform tteeapairwise optimization [23]. This approach is
essentially batch, that is, all the training samples musiadable from the start.

2.2 On-lineLearningwith SYMs

In on-line learning the training samples are available drigree and no a-priori knowledge of the full training
set can be assumed. In general, an on-line learning frankemanks iteratively by refining a hypothesis.

In particular, at any point in time a new samplg,; is received, it is predicted using the current hypothesis
h;. The true labely,; is matched against its prediction, and a new hypothiesis is generated, taking into
account the loss incurred in the prediction [22]. In otherdgofor any given sequence of samples/labels pairs,
(x1,91), -, (x1,u), @ sequence of hypothesks, - - - , h; is generated, such that depends only orh;_;
and(x;, yi)-

In the case of kernel based algorithms such as SVMs, theseqmer theorem [24, 25] states that, under
broad hypotheses, the solution to a problem suchlpsgn be expressed as a linear combination of kernel
functions evaluated on the training points. Hence for gny; is a linear combination of kernel functions
evaluated oy, - - - ,x;. In a sensel, takes into account all samples upxg so there is no real difference in
calculating the solution using all the samples received - - , x; or only usingh;—, and(x;, y;).

Note that, unlike in the batch setting, here we are alsoeasted in the intermediate hypothesgsi =

., 1. In fact the machine is used every time a new sample is actjdoetraining and testing.

The standard training algorithms for SVMs are meant to bel us¢he batch setting. A first version of
on-line SVMs is presented in [26], while the exact solutismpresented in [15] and extended to regression
in [27].

3 On-linelndependent SVM

In general it is possible to obtain an alternative, equivialand possibly more compact representation of an
SVM solution. This follows from the fact that the solution @i SVM problem is not unique if the kernel
matrix K does not have full rank. This is equivalent to some of the sttpgectors being linearly dependent on
the othersn the feature spacdn fact, as pointed out in [28], given a vectarsolution of (L) and @), consider

6 that belongs to the null space &f, orthogonal to the vector all of whose componentslaend satisfing
Zé:l 0;y; = 0.1f 0 < a; +9; < C'thena + 4 is also a solution. This idea was exploited by Downs et al},[29
where they observed that if a support vector is dependeriteather support vectors in the feature space, i.e.

l
Ixy + K(x,x5) Z i K (x,x%;) (12)
i=1,i#k
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then the decision functiori () found after training can be written as

l l

f) = > aiKxx) +aryr Y, GK(x,x)+b (13)
i=1,ik i=1,ik

Hence it is possible to remove the dependent support vegtoupdate the other coefficients, and obtain
a new smaller representation of the decision function, auittchanging it in any way. Note that the new
coefficients may not respect the KKT constraints.

It is possible to generalize this result showing that theespa possible solutions to an SVM problem is
even larger than the one found by the standard formulatiofadt using the Representer Theorem [24, 30)], (
can be written as follows:

l
i=1
for a set of generic coefficients. Substituting {4) in (3) and using the kernel trick, we get

l

l

] i=1
l l
e -3 it (15)
=1 =1

Now, enforcing the KKT conditions othis, more general version of the problem, one obtains that

l

> (B — i) Kij = 0 (16)

i=1

oLy _
B

Clearly, in order for {6) to hold, the vector whose components &fe— «;y; must be in the null space
of K. Now if K has full rank, the null space only consists of the null vecamd therefore; = «,y; (this
particular result already appears in [20]). Otherwiseralage infinite solutions to the SVM problem, and the
;s are not constrained at all; this agrees with Downs et akthod and generalizes it.

3.1 Theproposed method

Given that we are interested in on-line training, a possblation would be to simplify the solution after each
update, that is after each time a new sample is acquired vilchigd be extremely time consuming, so we need
a way to use independent SVs only. Hence, the main idea iscougée the concept of “basis” vectors, used
to build the classification functiori(), from the samples used to find out thgs. If the selected basis vectors
span the same subspace as the whole sample set, the sotutiwhvfill be equivalent — that is, we will not
lose any precision.

We hereby propose, after having received a new training kargpincrementally add it to the basis only
if it is linearly independent from those already presenthia basis itself, in the feature space. The solution
found isthe sameas in the classical SVM formulation; therefore, no appration whatsoever is involved,
unless one gives it up in order to obtain even fewer suppatove (see Sectioh for a deeper discussion on
this point).

Denoting the indexes of the vectors in the current basier &ftaining samples, by, and the new sample
under judgment by, 1, the algorithm can then be summed up as follows:

1. check whethek;, is linearly independent from the basis in the feature spdaé;s, add it to B;
otherwise, leavés unchanged.
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2. incrementally re-train the machine.

These are the core steps of our algorithm that we call OnHidependent Support Vector Machine (OISVM).
We will describe in more details these two steps in the falhgsections.

In the following, the notationsl;; andvy, v is a vector and, J C N denote in turn the sub-matrix and
the sub-vector obtained fromh andv by taking the indexes i and.J.

3.2 Linear independence

In general, checking whether a matrix has full rank is domeseime decomposition, or by looking at the eigen-
values of the matrix; but here we want to check whethginglevector is linearly independent from a matrix
of basis vectors, which is already known to be full-rank. pirsd by the definition of linear independence,
we check how well the vector can be approximated by a linearbdmation of the vectors in the set [31]. Let
d; € R; then let

2

A =min| |y dio(x;) — ¢(x141) (17)

jeB

If A > 0thenx;,, is linearly independent with respect to the basis, asdl is added td5. In practice,
we check whetheA < n wheren > 0 is a tolerance factor, and expect that larger values lefad to worse
accuracy, but also to smaller bases. As a matter of fagtisiet to zero, OISVMs retain the exact accuracy of
SVMs, in fact no approximation is involved. Note also thahi¢ feature space has finite dimensigrihen no
more thann linearly independent vectors can be found, #&dill never contain more than vectors. While
for infinite dimensional kernels, compact input domain gngreater than zero it is possible to demonstrate
that the number of basis vectors will be finite for any traingequence [31]. Hence for both finite and infinite
dimensional kernels we break the linear dependency betiisenumber of SVs and the number of training
samples [21].

We just need a way to efficiently calculate Expanding {7) we get

A=min( ) didig(x;) - ¢(xi) (18)
,jEB
-2 Z dip(x;) - (X141)
JEB

+o(x141) - P(Xi41) )

that is, applying the kernel trick,
A = min (d"Kppd — 2d"k + K (x;41,X141)) (19)

wherek; = K(x;,%;4+1) With i € B. Solving (L9), that is, applying the extremum conditions with respect to
d, we obtain

d= Kgik (20)
and, by replacing40) in (19) once,

A= K(xp41,%41) — k7d (21)

Note thatK s can be safely inverted since, by incremental constructigmfull-rank. An efficient way to
do it, exploiting the incremental nature of the approaclha of updating it recursively: after the addition of
a new sample, the new ;3 then becomes
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0
Kgp : 1[4 ar
BB ; +A[_1][d 1] (22)
0 0 0

whered and A are already evaluated during the test (this method mattieesrte used in Cauwenberghs and
Poggio’s incremental algorithm [15]). Thanks to this inoental evaluation, the time complexity of the linear
independence checkd3(|B|?), as one can easily see fro20).

It is also possible to view the linear independence in thetional space, that is to try to approximate the
furfgtzi;))n K(x141,.) With 37, s d; K (x5, .), however the resulting equations are the same (cfr. setGchl
in .

With this method we are approximating the original kerneknxaX with another nlatrixf( [33]; the
quality of the approximation depends gn In fact it is possible to show thatace(K — K) < n|B| < nl,
wherel is the number of samples acquired [31]. If we consider a nbzedakernel, that is a kernel for which
K (z,z) is always equal ta, we can writetrace( K — K) /trace(K) < n. On the other hand a bigggmeans
of course a smaller number of SVs, hence it controls the {odideetween accuracy and speed of the OISVM.

To gain other insights on this active sparsification metlodsider the case in which a Gaussian kernel is
used. Consider the expressidir with B = {i}, that is, as the-th element is the only one in the base

A; = min||d;é(x;) - d(xi41)|? (23)

ObviouslyA; > A, Vi € B, soif A; < nthen we have thah < n and the samplé+ 1 will not be added
to the basis set. Rememberirig)-(21), last equation can be expanded in

K (xi41, %)
K(Xia Xi)
If we consider the case where the kernel is Gaussian we hav&tk, x) = 1, ¥x and we can write

Ai = K(XlJrl,XlJrl) — (24)

Ai<n & 1-K(xy1,%x)°<n
& K(xpp1,%x) > /1—1n
& e (=l —xill?) = V17

1
& i — x| < —alog(l —-n) (25)

Hence if at least one point; of the basis set is too near to the new point,, it will be not added to
the basis set. In other words when we use a Gaussian kerrieg &xcertain value ofy implies imposing a
minimum distance between the points selected as basisrsecto

3.3 Training the machine

The training method largely follows the modified Newton ofeii et al. [20, 34], that we have adapted for
on-line training. The algorithm directly minimizes probig€l) as opposed to the standard way of minimizing
its dual Lagrangian form, allowing to select explicitly thasis vectors to use. To apply the modified Newton
we setp = 2 in (1) and transform it to an unconstrained minimization probléet D C {1,...,[}; then the
unconstrained problem is

I
(1 1
ngn (2,8TKDD,5' + 50 lz:; mazx (0,1 — yiKiD,B)2> (26)

whereg3 is the vector of the Lagrangian coefficients involvedfifx), analogously to the;s in the original
formulation. For convenience the bias term has not beendiec, but the analysis presented in this section can
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be easily extended to include it. Then, we explicitly Bet= 3, assuring thus that the solution to the problem
is unique, sincep is full rank by construction. Newton’s method as modified Bekthi et al. [20, 34] can
then be used to solve®) after each new sample. When the new sanplg is received the method goes as
follows:

1. use the current value @f as starting vector;

2. letoj41 = Kj41,88, if 1 — yiy10141 > 0 stop: the current solution is already optimal;
3. letZ = {i:1—y,0; > 0} whereo;, = K; 53 is the output of the-th training sample;
4

. update3 with a Newton step3 — vP~'g — 3 whereP = Kgp + CKpr K}, andg = Kpp3 —
CKpz (yz — o1);

5. letz"" = {i : 1 — y;0; > 0} whereo; are ricalculated using ney®. If 7" is equal toZ stop;
otherwiseZ™¢" — T and go to step 4.

In Step4 above, we have setto one, without experiencing any convergence problem. Withchoice the
update of3 is CP~'Kzzyr — B"°". In order to speed up the algorithm, we maintain an updatexleSky
decomposition o and a vector with the produdtzryz: every time a sample enters or exits from theket
these two quantities are updated. It turns out that the iélhgoiconverges in very few iterations, usuallyo 2;
the time complexity of the re-training stepG¥|5]l), as well as its space complexity. So the time complexity
for training! training points isD(I?), because, as said in Secti®12, after a certain number of samples the size
of B will stop growing. Hence, keeping small will speed up the training time as well as the testinggti

3.4 Multiclass extension

OISVM can be easily extended to multiclass, in particul@ @NE-vs-ALL framework can be usedv dif-
ferent machines are trained, one for each class, to dis@imibetween one class versus all the others. The
ONE-vs-ALL has been demostrated to have equal performaad¢bs ONE-vs-ONE multiclass extension [35],
while having in average more support vectors [36]. This isanproblem in our setting because, as said above,
OISVM breaks the linear dependency between number of trgisamples and number of support vectors. In
fact, remembering that the sparsification procedure ispersised, that is doesn'’t use the labglsthe kernel
matrix K g is the same for each trained machine. In this way the linep@ndence check must be done only
once for each sample, cutting computational costs.

In the following all the experiments on multiclass datalsas#él be done using this methodology.

4 Comparison with Existing Approaches

Comparing our approach to similar ones in relevant litemgtseveral constraints present in the problem must
be taken into account. On-line learning rules out all meshretlying on the knowledge of the complete training
set; this includes, e.g., methods for low rank approxinmatibthe kernel matrix based on Incomplete Cholesky
Factorization [33, 37, 38]. For the same reason, any atémihg simplification procedure cannot be used
(e.g.[17,29], chapter8.3 in [32]). In fact this idea is useful in reducing the testiimge, but it is unfeasible in
an on-line setting, since the simplification should be penfd every time a new sample is acquired.

Other methods to heuristically select a subset of the stippeators have been proposed, e.g., in [20, 39].
In [40], instead, a method to directly build a “vocabularnf’vectors is proposed, but the formulation is not
convex and the SVM feature of having a unique solution is. Id3ésides this, these methods require the
knowledge of the full training set too, and, again, are ndgesifor on-line learning.

On the other hand, a solution wittounded complexityust be produced. As a matter of fact, the number of
support vectors retained by an SVM is proportional to the Inemof training samples [21], and the testing time
is in turn proportional to the number of support vectors;rsam on-line setting the machine will eventually
become unfeasibly slow. Obviously, while bounding the ctaxipy of the solution, one also wants to have the
best possible solution.
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To bound the number of operations during testing, the coxitgl®f the predictor must be somehow
bounded a priori. Training in the primal with a linear kergah be a way to have a small solution, but it
cannot be used with infinite dimensional kernels. On therdthad several on-line kernel-based methods have
been proposed to bound complexity of predictor [16, 31, 8]1—&or all of them the price to pay is a loss in
prediction performance. Moreover in many of them (e.g. fli6:43]) only an approximate solution is found
after each update, and the algorithm will slowly convergéhi® true solution using a gradient-descent-like
procedure.

On the other hand, OISVM always finds the best possible solugiven the subset of vectors selected as
basis vectors to build it. This is due to the fact that all #esived training samples are stored, like in the on-line
methods in [15,27]. This can be a problem if we attempt to mowerds life-long learning [1], but it could
be solved using, for example, some kind of forgetting stygtéke the ones proposed in [42]. Alternatively,
one could use out-of-core storage of the data (i.e., stavadbe hard disk) in order to be able to deal with big
training sets.

Even if the sparsification method presented in this papelssw@sed in [31, 41], we use the original loss
function of the SVM, more suited for classification tasks. fdiot the maximization of the margin and the
concept of the margin itself can be taken into account duraiging only using this loss function [18]. In fact
in both the papers cited above the loss function used is tir@red error, more suited for regression problems,
implicitly assuming an additive gaussian noise on the dutplues. On the other hand the exact solution to
on-line SVM learning in [15] cannot be used to reduce the nemolb support vectors.

A different method has been proposed by Liu et al. [44] antsoedered by Collobert et al. [45]: they have
used a non-convex formulation of the learning problem whegiging errors are no longer support vectors,
thus dramatically reducing the growth rate of the suppoctors with the training samples. However, in the
paper it is not clear if the number of support vectors reaehlasit or if it will grow indefenitely, even if less
than with standard SVM.

5 Experimental Evaluation

In this section we report the experimental evaluation of IS, We first test the method on a set of databases
commonly used in the machine learning community (sedidjy we then apply it to more realistic scenarios,
of wider interest to the community of cognitive systems. Titet is about place recognition, where the aim is
to update the model to handle variations in an indoor enwiremt (sectiorb.2). In the second we show how
our method classifies different types of human grasps, inengally updating the model with the information
coming from the observation of different subjects (sectad). These applications are representative of the
needs of an autonomous agent as discussed in the introaluctio

OISVMs have been implemented in Matlab and tested agaiBs$V/M v2.82 [46]. For the sake of compar-
ison, LIBSVM has been also modified as suggested by the Asithasrder to sep = 2 in (1); this modified
version is called LIBSVM-2 in the following. The LIBSVM saffare library was also extended to various
families of kernels, and to the fixed-partition incremerg&&IM [26] one approximate incremental extension
of SVML. In the case of finite-dimensional kernels, we only show teggsmance of LIBSVM-2 against
OISVMs with n at machine precision, since the solution found by OISVM isatly equivalent; in the case of
infinite-dimensional kernels, we show curves for variousi@a ofr).

5.1 Standard Benchmarks

Fig. 1 shows the above mentioned comparison on two standard bamnkllatabases, availabledtt p: / / www. csi e. nt u. edu. t
For each benchmark, data are obtained by runhingandom75%/25% train/test runs.
Consider Figl, left pane, Diabetes dataset. When all samples have beesdlda®SVM-2 has about27
SVs, and LIBSVM abou290. The kernel used is a homogeneous polynomial with degyseel the benchmark
hass features, therefore the dimension of the feature spa@ﬁ)ir; 120 (see, e.g., [28]); as expected, OISVM
stops acquiring new SVs when there are exat#ly, although it loads a few more than the other approaches

1We have not considered the algorithm in [15] for the comparlseing its solution equal to the one found by LIBSVM.
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Figure 1: Comparison of OISVM and LIBSVM on tii#abetegleft pane) and\dult7 (right pane) benchmarks.
Diabetesds solved using a polynomial kernel with degr&evhile Adult7 is solved using a Gaussian kernel.

Table 1: Comparison of OISVM, RSVM, LIBSVM and LIBSVM-2 on Handard benchmarks, solved using
a Gaussian kernel. For each benchmark, we report the atadisifi rate and the number of SVs. The value of
1 has been chosen in order not to loose more tha¥ accuracy respect to LIBSVM-2.

Dataset OISVM RSVM LIBSVM-2 LIBSVM
Banana  89.54 4 0.41 (18.90 + 1.29) 88.81 £0.63  89.75 + 0.30 (173.60 & 21.20)  89.77 = 0.28 (121.10 + 9.01)
Breast 73.51 £4.21 (36.00 + 2.67)  71.95+4.79  74.03 +4.15 (199.70 + 0.67)  74.55 4 4.16 (122.60 =+ 4.95)
Diabetis ~ 76.83 +2.13 (8.60 £0.52)  75.77 +£2.85  76.83 +2.21 (417.00 +4.00)  76.83 & 1.77 (283.30 + 8.17)
Flare 66.35 + 1.17 (10.40 = 0.70) ~ 63.77 £4.05  66.35 = 1.23 (631.10 £4.20)  67.15 & 1.63 (555.70 =+ 8.59)
German  76.20 + 1.93 (52.60 &= 2.46)  75.434+2.20  76.70 & 1.79 (600.70 + 11.89)  76.37 & 2.60 (384.70 =+ 7.01)
Heart 84.90 4+ 1.91 (14.30 £ 0.67)  84.30+2.95  85.00 & 1.83 (161.60 + 2.63)  85.00 + 2.87 (85.00 = 3.27)

Ringnorm  98.03 4 0.27 (87.60 £ 6.01)  98.60£0.10  98.57 +0.10 (377.00 £ 4.06)  98.50 = 0.10 (213.00 + 4.74)
Titanic 77.84+0.66 (11.90 £ 1.37) 74.81+3.24  77.60 & 1.63 (146.00 + 5.27)  77.28 & 0.35 (86.80 =+ 6.91)

Twonorm  97.14 + 0.34 (60.60 & 5.44)  97.18 +0.32  97.44 & 0.26 (400.00 £ 0.00)  97.65 & 0.09 (299.90 =+ 5.74)
Waveform  89.67 +0.47 (78.20 £ 3.12)  89.66 4+ 0.65  90.10 4 0.36 (324.60 = 9.43)  89.62 + 0.58 (220.30 + 10.49)

before reaching the limit. The accuracy (not displayed)xiscdy the same. Again, note that, after having
acquired120 SVs, OISVM will never acquire any more, while keeping the saamcuracy, whereas LIBSVM
and LIBSVM-2 will, as theoretically proved in [21].

Consider now Figl, right pane, Adult7 dataset. The kernel used is Gaussiait@dimension is infinite.
The benchmark is large and compleX {00 samples,123 features); nevertheless, with= 0.1, at the end
OISVM has abou2% of the SVs used by LIBSVM-2 and less th&# with respect to LIBSVM. The accuracy
is essentially the same as that of LIBSVM-2 (namel969% + 0.068 on average worse).

Lastly, consider Tablé, which shows the very same data in compact formlfbomore standard databases.
In each column we show the mean recognition rate on 10 tesingplits taken from [47], and the number of
support vectors in parenthesis. We have compared our métttbd batch method LIBSVM-2 and LIBSVM.
Even if, as said above, the OISVM formulation is analogou&l®SVM-2, using the square of the slack

variables in {), we have considered also the more standard formulatidntiv norm-1 of the slacks because
it is known to be more sparse. Cross validation was used tdalimbtest parameters for each dataset, separately
for the norm-1 and norm-2 formulation, while for OISVM we dgbe same parameters of the norm-2. OISVM
attains a number of SVs which is abduto slightly more thar60 times less than LIBSVM-2, whereas the
accuracy is not worse thdn5%. Moreover it is always sparser than the norm-1 formulation.

For a complete comparison we have used also a variation ®REE&M method [39], the same used also
in [20], in which for each run we have randomly selected a nemalh support vectors equal to the one selected
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Figure 2: Sample images illustrating the variations cagatun the IDOL2 database. Images in the top row
show the variability introduced by changes in illumination two rooms (first six images) as well as people
appearing in the environment. The middle row shows the inflteeof people’s everyday activity (first four
images) as well as larger variations which happened ovane $pan o6 months. Finally, the bottom row
illustrates the changes in viewpoint observed for a sefi@gaages acquired one after anothenif seconds.

by OISVM. We have used a Wilcoxon signed-ranks test to comffee performances of the two methods, as
suggested in [48], obtaining a p-value less thar2. This confirms that our strategy to select support vectors
is better than the random sampling, suggested by many authar. [49]. As a plus our strategy assures that,
as said before, the growth of support vectors will alwaysavaly stop.

5.2 Robot Navigation

We performed a second series of experiments, namely plaogmiion in an indoor environment, to evaluate
our algorithm. We considered a realistic scenario wheralperithm had to incrementally update the model,
so to adapt to the variations in an indoor environment dueutodn activities over long time spans. These
variations include people appearing in different roomsrduworking time, objects such as cups moved or
taken in/out of the drawers, pieces of furniture pushedratpand so forth.

Experiments were conducted on the IDOL2 database (ImagabBs¢ for rObot Localization 2, [50]),
which contain24 image sequences acquired using a perspective camera mamte/o mobile robot plat-
forms. The acquisition was performed within an indoor labory environment consisting of five rooms of
different functionality. The sequences were acquired umdeous weather and illumination conditions (sunny,
cloudy, and night) and across a time span of six months. Thase data capture natural variability that occurs
in real-world environments because of both natural chaigdse illumination and human activity. Fig2
shows some sample images from the database, illustratindifficulties of the task. The image sequences
in the database are divided as follows: for each robot piatfand for each type of illumination conditions,
there were four sequences recorded. Of these four sequémedisst two were acquired six months before the
last two. This means that, for each robot and for every ilhatiobn condition, there are always two sequences
acquired under similar conditions, and two sequences sedjunder very different conditions. This makes the
database suitable for different kinds of evaluation on tteggability of an incremental algorithm. For further
details about the database, we refer the readers to [50].

The evaluation was performed using composed receptive Histdgrams (CRFH) [51] as global image
features and SIFT [52] for extracting local features. InéRperiments, we consider both thgponentialy?
kernel for SVM (when using CRFH), and tmeatching kerne[53] (when using SIFT). Note that the kernel
in [53] is not always positive semidefinite [54], so this is@h test on non-Mercer kernels that have proved
useful for visual recognition. The kernels used are infiditeensional, so for both kernels we run the OISVM
using different values af.

We benchmarked OISVM against the approximate incremeitisll &tensions of fixed-partition technique
[26] and against the standard batch algorithm. Note thatHerstandard SVM the training is not on-line.
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The algorithm was trained incrementally on three sequefioasIDOL2, acquired under similar illumination
conditions with the same robot platform; the fourth seqeemas used for testing. In order to test the various
properties of interest of the incremental algorithms, wedha reasonable number of incremental steps. Thus,
every sequence was split inicsubsequences, so that each subset contained one of thediyesracquired by
the robot every second (image sequences were acquiredtatad 5ps). Since during acquisition the camera’s
viewpoint continuously changes [55], the subsequencelsl dmiconsidered as recorded separately in a static
environment but for varying pose. This setup allows us taréra how the algorithms perform on data with
less variations. In order to get a feeling of the variatiohthe frame images in a sequence, the bottom row of
Fig. 2 shows some sample images acquired within a time sparéskec. This setup allows us to examine how
the algorithms perform on data with fewer variations. As sule training on each sequence was performed
in 5 steps, using one subsequence at a time, resulting steps in total. Overall, we considerg6 different
permutations of training and test sequences for the expiahen kernel and for the matching kernel; here we
report the average results, plus/minus one standard devigfig. 3, left, shows the recognition rates of the
exponentialy? kernel (top) and matching kernel (bottom) experiments iabthat each step using OISVM,
LIBSVM and the approximate incremental algorithm. Fig. right, reports the number of support vectors
stored in the model at each step of the incremental procefiurieoth kernel types.

We see that, performance-wise, all methods achieve #tatigtcomparable results; this is true for both
kernel types. As far the machine size is concerned, the Ol&\gdrithm shows a considerable advantage with
respect to the fixed-partition method. In the case of the e&ptial? kernel this advantage is truly impressive
(Fig 3, top right): forn = 0.017 and0.025 the size at the final incremental step3ig)/22% of that of the
fixed-partition method an#8%/18% of that of the standard batch method. Even more importar@\®I, for
these two values of, has found a plateau in memory, while for other methods #redtseems to be of a growth
proportional to the number of training data. Note that theioh of the parameter is crucial for achieving an
optimal trade-off between compactness of the solution gtidnal performance.

It is very interesting to note that, in the case of the matghiarnel, the memory reduction for OISVM
is less pronounced, and there is no clear plateau in memonytlgiby any of the algorithms. This behavior
might be due to several factors: to begin with, the matchimmél is not a Mercer kernel [54]; moreover, in
the induced space of the matching kernel, there seems to igé @tobability that pairs of training points be
(almost) orthogonal to each other (note that, as the kesnebi a Mercer one, the geometric interpretation
might not be valid). Anyway, given enough training pointe machine will always reach a maximum size and
will stop growing [31].

5.3 Learning by Imitation

Lastly, we realised a grasping classification experimergliing human subjects, in order to check how well
our approach works in identifying essential componentsjga grasping, by reducing the number of support
vectors of models trained on classification of graspingyrest The general idea is that of obtaining a statisti-
cally relevant collection of grasping postures (indepemaé the subject, and of the object grasped) and then
trying to identify the posture. This would give us an indioatof how well theaffordanceq12] associated
with several objects can be mechanically understood.

5.3.1 Materialsand methods

Eight subjects were involved in the experimenimen and3 women, all able-bodied, aged betwexhand36.
They were given no prior knowledge on the aim and scope oftperenent. Each subject would sit confortably
in front of a workspace large about one squared meter and a@hasensors Immersion CyberGlove [56] on
the right hand, and a Force Resistor Sensor (FSR) on the thBigbre4 (upper row) shows the devices, as
worn by a subject.

The CyberGlove return®2 8-bit numbers linearly related to the angles of the subjduiind joints; the
sensors are embedded in the glove in order for them to be exttterthe subject’s skin. The resolution of the
sensors is on average aboui degree [56], but the noise associated with the sensors leassy@erimentally
determined to bé.1 on average and at the maximum [57]. The sensors describe the position ofhree
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Figure 3: Expermental results on the IDOL2 database, usit8/M with three different values of;, the
fixed-partition and the standard SVM. Top? kernel, Bottom: matching kernel.

Figure 4: (above) The devices and some of the objects usaldd@xperiment, left to right: the CyberGlove,
the Force Resistor Sensor attached to the subject’s thinabgier can, the duct tape roll and the mug. (below)
The 5 grasp types to be recognised, left to right: power large, godifat, tripodal precision, thumb/index
precision and spherical precision.

phalanxes of each finger (for the thumb, rotation and twoahas), the four finger-to-finger abductions, the
palm arch, the wrist pitch and the wrist yaw.
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The FSR returns &2-bit number inversely related to the pressure applied tetitace of the sensor. We
used it as an on-off indicator of when the subject was agtunadlding an object. Toghether, the CyberGlove
and FSR would give us a precise idea of what the subject’s pastlire was when grasping. All data were
collected, synchronised, and saved in real time at a freqyueib0Hz.

We then collected a number of objects encountered in everiféaand split them among pairs of sets,
each set containing objects of various size, colour, shagafiordances [12]. The idea is that each pair of sets
would be associated with a particular type of grasp, asifieshby [58]. The grasp types and associated pairs
were:

1. power large graspa beer can, a bottle and a box ($gtan anatomical hand model, a wooden toy dragon
and a mug (s€?);

2. power flat grasp:a hammer and a long Lego block (3¢t a stapler, a screwdriver and and a TV remote
control (set2);

3. tripodal precision grip:a small and a large ball, a rubber duck and a beer can)setmarker, a ballpoint
pen and a ball (s&X);

4. thumbl/index precision gripa knife, a duct tape roll, a short Lego block and a rubber dsekl(); a
marker and a ballpoint pen (s

5. spherical precision grip:a small and a large ball and a rubber duck (get fluffy toy airplane, a ball
and a mug (se?).

Figure4 shows three of the objects used in the experiment and fiveearof grasp types. Note that each
object may appear in more than just one set: in fact, the setsrganised by grasp type (not by object). For
instance, a rubber duck can be grasped either via a tripoéailson grip, a thumb/index precision grip and/or
a spherical precision grip.

The experiment consisted of two phases. During the firstgytfas each pair, the first set of objects was
put on the workspace, and the subject was asked to choosé threeabjects, grasp it with the right hand, lift it
and then put it back on the workspace. We explicitly askedtigect to graspsing the grasp type associated
to the objects on the workspac®Ve collecteds0 grasps for each set of objects, resultingii) grasps per
subject, divided by grasp type. During the second phasegepeated the same procedure but on a different
day and using the second set of each pair. Therefore, we vabtdin analogous results to the first phase, but
allowing the subject to grasp different objects with the sayrasp type, and leaving a long time in between, in
order for the subject not to get used to a particular grase.ti#ach phase was completed by the subject§ in
to 18 minutes.

In the end, this would allow us to gath&20 grasps per grasp type and subject; this mé@ngrasps per
grasp type (for a total o800 grasps, since we haglgrasp types), well distributed across various subjects,
times of the day, fatigue conditions and objects.

The actual grasps, which would build the SVM training setrevdetected as follows: we found each
interval of time during which the FSR would signal contactd ahen we took the CyberGlove sensors values
in the middle of the interval. We assumed that the hand pestould not sensibly change during the grasping
act, that is, while the subject was lifting the object. Spusi grasp detections were removed from the sample
set, resulting in a total of512 samples.

Lastly, we set up five categories, each corresponding tospdyae, and set the input spaceR®?, that is,
one dimension per each CyberGlove sensor.

5.3.2 DataAnalysis

The optimal hyperparamete€s ando were found via grid search and cross-validation, as is custg. The
machines were trained on data gathered during the first @rabéested on data gathered during the second
phase, and then vice-versa. This way, the system was alwafeddton data related to objects different from
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Figure 5: Classification rate (left) and average number ppett vectors (left) for the grasping classification
experiment. OISVM uses a Gaussian kernel and three diffesdnes ofy.

those seen during training, in order to remove the posithdilearn the exact configuration of the hand rather
than the type of grasp.

As in the place recognition scenario, we have compared tiod In@ethod LISVM-2 with the fixed-partition
techique and OISVM. Each training step corresponds to areifit user, and it also is a partition of the fixed-
partition method. A Gaussian kernel and three differentieslofn were used for OISVM. The results are
shown in Figures.

Consider the Figure, left pane: it is apparent that the iflea8on rate is basically the same, uniformly
and for all approaches tested, except for the curve with 0.02. The right pane shows that, in agreement
with the previous experiments, LIBSVM-2 and the fixed pantitmethod gather a number of SVs which grows
proportionally with the training set. On the other hand, @\Swith various values ofy uniformly show a
dramatically smaller number of SVs, getting to as fewl 26 SVs in the case fon = 0.02, losing only0.8%
of accuracy compared to LIBSVM-2.

6 Conclusions

Artificial cognitive systems cannot operate in realisttaations without a continuous learning algorithm, so to
take advantage of experience and update accordinginlyittternal representations. Large margin classifiers
have been used successfully in several cognitive systeptisatons, such as grasping classification and topo-
logical localization. We focused on the Support Vector Maehalgorithm, and in this paper we presented a
new method to reduce the number of support vectors neede&bpgort Vector Machine in an online setting,
called OISVMs (Online Independent Support Vector Machinéee method avoids using in the solution those
support vectors which are linearly dependent of previoesamthe feature space — in other words, the kernel
matrix is always kept at full rank. The optimization problésnsolved via an incremental algorithm which
benefits of the small size of the kernel matrix.

We tested the method both on a standard set of benchmarkadetabnd on two real-world case studies,
namely: (a) place recognition in an indoor environment afd learning by imitation, i.e., human grasping
classification. Both real-world experiments have beenfallyecrafted in order to take into account changing
conditions in the environment: robot images were acquiredeu different weather conditions and across a
time span of several months; grasping was done across a piamed$ several days, and on several different
objects.

The performance of OISVMs depends on a paramgtewhich can be used to trade a better/worse ac-
curacy for more/fewer support vectors. The experimentsllte, carried out for various values 9f show
that OISVMs allow for an excellent trade off between accyraicd number of support vectors. Furthermore,



IDIAP-RR 07-63 17

our analysis clearly shows that OISVMs improve on SVMs, prguo be highly adaptive to environmental
changes (Introduction, requirementand accurate (Introduction, requiremet by keeping the number of
support vectors extremely small, thus minimizing the negdforage and making testing and training signifi-
cantly faster (Introduction, requiremerteind4).

This work can be extended in many ways. While OISVMs are ablgetform continuous learning on
data collected on a span of time of up to several months, itillsnst possible to use the algorithm in a
life-long learning scenario. To achieve this goal we plarextend the method so to include a forgetting
mechanism. Another important issue is the multi-modabtyificial cognitive systems typically acquire inputs
from different modalities that must be combined togetheirmdulearning so to build a rich internal model.
Thus, we plan to extend OISVMs so to work on multimodal dataashs. Finally, we considered so far a
purely supervised learning framework, but while it is rezae to have a privileged teacher for some time, in
general the system will have to act autonomously. Thus, MS¥hould be extended to the semi-supervised
framework. Future work will address these issues.
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