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Abstract 2. Support Vector Machines

2.1. The Linear case

Support Vector Machines have received a lot of attention e briefly describe the linear separable case. For a more
as a non-linear classifier of late. For realistic datasets, complete description, see for example [12].

however, the number of support vectors becomes unman-  ~gnsider the labelled training set (of si2® (x;, y:)
agez_;lbly large. Mo;t of .the propos_ec_i approaches to sqlve with y; = {—1,+1}Vi. We assume it is linearly separa-
th|§ involve approxmatllng the decision boundgry. _In this  ple. Thus there exists someandb so that

article, we propose a simple approach for minimising the

number of computations needed to classify a new pattern. Yi (xiTw + b) —-1>0.

For several classes of problems, this can dramatically re-

duce the time taken to classify elements far from the de- Ve look for the separating hyper-plane which maximises
cision boundary. the margin. It can be shown that this reduces to maximis-

ing
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subject to

Support Vector Machines (see for example [1, 2]) have
received a great deal of attention as a classifier for pat-
tern recognition in the last few years. For instance, in N
face recognition, support vector machines have been used W — Z CaYiX; (1)
for pose estimation (see [3]), face detection in complex =

scenes (see [4]) and feature detection with a face (see [5]

or [6]). A recent survey of applications is listed in [7]. and

N

One of the major attractions of the support vector ma- Z a;y; = 0.

chine approach is the easy extension to non-linear prob- i=1

lems by means of the so-called “kernel trick” (see for ex- This is a constrained quadratic programming problem

ample [8]). This flexibility comes with a price: the non- and can be solved using standard optimisation tech-

linear support vector machine is much more expensive to niques.

evaluate. Once the solution has been obtainedjs easily cal-
Most of the effort on support vector machines has fo- culated from 1 and then a new samplean be classified

cused on the computational cost of training the support PY evaluating
vector machine (see for example [9]). Comparatively lit-

tle attention has been focused on the use of the support .
vector machines, and most of the effort has been spent 2-2- The Kemel trick

on approximating the final decision boundary (see [10] Support Vector Machines can easily be extended to non-
or [11]). linear problems by means of the so-called kernel trick.
In many pattern recognition problems, many of the test We note that the vectors in the linear case occur only in
cases will be far from the decision boundary. By detect- dot-products. Thus, if we have some non-linear map-
ing those cases early, we can stop the evaluation of the ping ¢ (x), then we only need to be able to calculate
support vector machine early and this significantly im- ¢ (x)T o (y).
prove the computational cost of evaluating the support  Fortunately, it can be shown that there exists a
vector machine. large class of functiond( (x,y) so thatK (x,y) =

sign(w’z +b) .



¢ (x)" ¢ (y) for someg (x). Thus we can replace all oc-
currences ok”y with K (x,y) and calculate the SVM
in the new vector spacg(x). In this case, evaluating the
SVM for a new sample reduces to

N
Sign < (Z OéiyiK (Xi, Z)) + b) (2)

The functionX (x,y) is called the kernel.

It is well known that anyK (x, y)satisfying Mercer’s
condition can be used as a kernel for SVM'’s (see for ex-
ample [8] or [12]).

. . Figure 1: Synthetic Training Data.
3. Fast stopping in SVM'’s J y J

For non-linear support vector machines, we need to ex-
press the decision boundary as a combination of the train-
ing set elements. For large training sets, the number
of evaluations needed to classify a new sample then be-
comes intractable.

Several approaches have been proposed to reduce the
computational cost of classifying new samples, such as
thatin [11]. These approaches involve approximating the
support vector decision boundary, however.

We note, however, that in a large class of problems
(face detection, for instance), most of the new samples
will be far from the decision boundary. Thus, if we stop
evaluation as soon as it is clear that further support vec-
tors will not change the classification, we should signifi- 4. Examples
cantly improve the classification performance. Test runs were done in octave (see [13]), using a support

Noting that the decision boundary is expressed as 2and vector machine toolkit available from [14].
noting that, for the kernel trick to work, we implicitly

Since the,/ K (x;,x;) terms can be calculated as soon
as the support vector as been trained, the cost of their cal-
culation is not part of the evaluation cost. Thus, to con-
struct the cumulative sum, we need to evalugdtg (z, z)
and then useV multiplications and additions. Therefor,
the additional computational cost when we don’t stop the
support vector machine & (V). The cost of evaluating
the kernel is some function of the dimensionalidyof
the data, so without early stopping the cost of testing an
itemisN f (D), whereas in our case ity (D) + O (N)
where, in most caseg,<« N.

assume that there existgd@x) so that 4.1. Synthetic Data
Kxy =¢x)"o(y). We generate a synthetic example in 2D of 1000 training
. points and 100 test points that is separable by a quadratic
We use the standard linear algebra result that boundary. We train a simple quadratic SVM to separate
the classes. The training data is shown in figure 1.
K (x,y) < VE (%) K (v,)- ®) Training the support vector machines results in a sys-
Using 3 and 2, we note that, given tem with 145 support vectors.

We evaluate the classification performance using both

Q the full SVM approach and our modified example. Un-
P = ZO@%K (xi,2) (4) surprisingly, both methods return a 100% classification
i=1 success rate.
the decision will be unchanged if The full classifier takes 86 seconds to classify the data
on a 800MHz Pentium lll, while the modified algorithm

N takes 80 seconds. The small gain in performance is due

> et VE (xi,x0) VK (2,2) < [P+, (5) to the low dimensionality of the data, so the kernel eval-

i=Q+1 uation cost is quite low.

Since|a;y;| /K (x;,%;) can be precalculated for all
the support vectors, evaluating this remainder term in-
volves N multiplications and additions only. Further-  To demonstrate the technique on real world data, we use
more, since this is a cumulative sum, we can easily eval- the MNIST database provided by [15]. This database
uate the remainder starting from afly consists of a normalised and labelled subset of the NIST

We sort the support vectors Biyv;y; ||sqrt K (x;, x;), Special Databases 1 & 3 of handwritten digits. Each el-
so that the LHS of 5 decreases as rapidly as possible. ement of the database is a 28x28 pixel images, giving

4.2. MNist database



features vectors with 784 elements.

Since we are not interested in accuracy, we have not
tried to optimise the support vector parameters to max-
imise accuracy. We used a simple polynomial kernel of
degree 5. We trained two support vector machines, one
for class one against all other classes, and another fer test
ing class two against all other classes. In each case, we
used a subset of 2000 of the labelled training data, giving
support vector machines with 268 and 422 support vec-
tors respectively. We tested with 1000 elements from the
test set.

The support vector machines achieve accuracy of 60 %
for the 1 versus the rest case and 65 % for the 2 versus the
rest case. The running time was 1765 seconds and 2806
seconds respectively for the full case, and 982 seconds
and 1223 seconds respectively for the modified case.

5. Conclusions

We demonstrate how, for problems where many of the
tested samples will be far from the decision boundary,
evaluating an approximation of whether the remaining
support vectors can change the decision allows us to abort
computation early.

As this evaluation can be done cheaply, with many el-
ements being recalculated, for a large class of real-world
problems, this significantly improves the performance of
the classifier. As we evaluate the full SVM on decisions
close to the boundary, there is no loss of accuracy as well.
The cost of checking the approximation is small in com-
parison to evaluating the full SVM, so the penalty paid is
not a significant factor in this case.

This approach can also be combined with many of the
existing approximation approaches, with the correspond-
ing loss of accuracy.
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