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I. Introduction

The concept of margin (distance between the decision surface and the closest training point) proved
to be a useful approach in machine learning, and led to new classifiers that have good generalization
capabilities. The most famous ones are Support Vector Machines (SVMs) [1] that produce a linear
decision surface with maximal margin for linearly separable problems. For the non-linearly separable
case SVMs map the input into a higher (possibly infinite) dimensional feature space with some non-
linear transformation and build a maximal margin hyperplane there. The trick is that this mapping is
never computed directly but implicitly induced by a kernel. While non-linear SVMs can solve any
separable classification problem with zero training error, the large margin in the feature space does not
necesserily translate into a large margin in the input space [2].

A natural idea is to try and build a large margin decision surface directly in the input space. Would it
be possible to find an algorithm that produces a non-linear decision surface which correctly separates
the classes and maximizes the margin in the input space? Surprisingly the plain old Nearest Neigh-
bor (NN) algorithm does precisely this. But NN classifiers have too much capacity (VC-dimension)
therefore they are often outperformed by SVMs in practice. Figure 1 shows a geometrical explanation
of this phenomenon. A possible approach to improve the generalization capability of NN classifiers
is to somehow fantasize the missing training samples based on the local linear approximation of the
manifold of each class [3]. This paper presents a new algorithm for defining the local hyperplanes and
discusses some performance-boosting issues related to this topic.
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II. Defining the Local Hyperplanes

Given a testing point y, a straightforward way to define the local hyperplane for class c is to choose
the K training points from c whose distance to y is the smallest (K-c neighborhood). However this
method (used in [3]) is simple it can easily lead to unwanted classification result (Figure 2). Therefore
we propose a more sophisticated algorithm for defining the local hyperplanes:

• Step 1: Initialize the generator points of the local hyperplane for class c with the K-c neighbor-
hood of y. (X = [x1,x2, . . . ,xK ],xi ∈ R

N , K ≤ N )
• Step 2: Compute the nearest point to y on the local hyperplane.

(p = Xt, where t = argmin
s:

P
si=1

||Xs − y||)

44



• Step 3: Stop if the nearest point is located inside the convex hull of the generator points.
(if ∀i : ti ≥ 0 then return X)

• Step 4: Compute the location where the line connecting the center-of-gravity and nearest point
exits the convex hull. (pexit = x̄+(p− x̄)/(1−Ktmin), where x̄ = 1

K

∑
xi and tmin = mini ti)

• Step 5: Replace the generator point corresponding to the most violating ti with the next closest
training point from class c. (xmin = xnext)

• Step 6: If the iteration count is less than or equal L, then go to Step 2. Otherwise return the
hyperplane whose exit point was closest to y.

In [3] the nearest point to y on the local hyperplane is computed by eliminating the constraint and
solving a linear system of equations in K - 1 variables. Our idea is to try and solve the constrained
optimization problem directly, so thus the convex hull containment question can be decided easily.
It can be shown that the minimization can be performed with gradient method without violtating the
constraint.

III. The Proposed Classifier

Local hyperplane classifiers are classifying machines that make their decisions based on the local
hyperplanes. The members of this family differ in the way of defining the hyperplanes and the method
of decision making. Now we proceed with some questions of the decision making part.

It is not worth classifying all inputs based on the distance from local hyperplanes (Figure 3). For
testing points close to the decision boundary (critical inputs) the local hyperplane classification is use-
ful, but for testing points far from the decision surface (non-critical inputs) the plain NN classification
is more reliable. Therefore the proposed classifier splits the testing set into a critical and a non-critical
part and applies the nearest local hyperplane rule only for the critical inputs. The partitioning algorithm
is the following:

• Step 1: Label the nearest outclass neighbor of each training point as a border pattern. (The
nearest outclass neighbor of a training pattern is the closest training point from a different class.)

• Step 2: Label testing points as critical if their nearest training point is a border pattern.

IV. Experimental Results

Our classifier was tested with some artificially generated non-linearly separable problems (e.g. dou-
ble spiral). This non-exhaustive test showed that the new classifier can outperform NN classifiers in
accuracy and SVMs in computational efficiency.

V. Conclusion, Future Work

A local hyperplane classifier architecture was presented in this paper. The uniquene elements of
the approach are a new local hyperplane finding algorithm and a partitioning algorithm that splits the
testing set into a critical and a non-critical part. Although the results are promising for some artificial
datasets, the classifier should be tried for real-life problems and the domain of its applicability should
be assigned.
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