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anut.: Decision boundaty f (x) = 0 produced by a SVM; query

point q and parameter K.

1. Compute the approximated closest point d; to q on the bound-
ary;

2. Compute the gradient vector ng, = Vg, f;

3. Set feature relevance values B;(q) = |naq, ;| for j =1,...,n;

4. Estimate the distance of q from the boundary as: Bq
ming, (|lq — sil;

5. Set A =D — Bq, where D = } 37, {min,, ||x; — si||};

6. fet wi(d) = ezp(AR;(q))/ X1, exp(ARi(q)), for j

SR 3

7. Use the resulting w for K-nearest neighbor classification at

the query point q.
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Adaptive Nearest Neighbor Classification
using Support Vector Machines

Clnrlotta Domanicond, Dimitrios Ghanoplos
Dept. of Computer Scence, Univorsity of Culiforniu, Riverside, CA 92621
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Abstract

Tht noarcat nolghbor thehmdque 1 a imple and appealing mothod)
ko addreas clasaification probleas, It velies on the assumption off
ocally eonstant clugs conditiona] probabiligics. This assumption)
becomes invalid in high dimengions with a finite nunber of exarm-
ples due to the curse of dimensionality. We propose a technique)
that computes a locally flexdble metric by meana of Support Vectory
Machines {5VMs). The maximum margin boundary found by the
BVM is used to determine the most discrimingnt direction over the
gmery’s noighborhood. Such direction provides o local weightin
scheme for input featyrcs. Wo presont experimental evidonen o
tlagsificution performance improvoment over the SYM algorith
plone and over o varicty of aduptive loarning schomes, by usn,
both simonlated and real dats sots

[__Introduction

. CluRATHeation proflom, wo ac given J classcs an N obsnrvationg. TR
braining obsoryoti it of n fout e % = (o, 0, my)" € WY
pnd the known clags labels j = 1,.,.,J. The goal is to predict the class label of of
friven query ¢,

[The K neavest nelghbor classification wethod [4, 13, 16] is a simple and app
ppproach to this problem: it finde the f neareat neighbora of ¢ n the iral
Bet, and then predicta the clasa label of ¢ a8 the west frequent one oeeurving inf
Fhe K nelghbors, Tt his been shown (8, 8] that the one neareat nelghbor rale hag
heymptotic error rate that is ab wost twice the Bayes exton rate, independent off
the distance wetrie used, The neavest nelghbor rule becomes less appealing with)
Anite troining sumples, howover. This is doe to the curse of dimensionality (2],
Bovore bivs can be introduced in the newrost noighbor xule in w high dimensional
nput foature space with finito samples. As such, the cholee of o distance 1

b o8 erucial in determining the of i neighbor elagsificution. Th
powmonly used Euclidean distance implies that the input space ia isotropie, whichy
g often invalld snd genovally undosivable in moany procticsl spplications.

chr.'.r_a] tcdmiqur.‘s [®, 10,

hawe heon proposed to try to minimize hias in high di-
ive mechanigms, The “lasy lening” approach used

7]
uging locally adaj
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3 Afroximate Generalized Inference

Let bi;(xi, x5

generalized posterior. by;(z;, x;) and b;(z;) are called beliefs. The beliefs need to satisfy
the following marginalization and normalization (MN) constraints:

) and b;(z;) be estimates of the pair-wise and single site marginals of the E
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The main ideas behind the the proofs of Theorems 1 and 2 are rather similar. Both proofs
use, in a crucial way, the fact that the empirical fat shattering dimension is sharply con-
centrated around its expected value. However, to obtain the best bounds, the usual sym-
metrization steps need to be revisited and appropriate modifications have to be made. We
give the somewhat more involved proof of Theorem 2 in detail, and only indicate the main
steps of the proof of Theorem 1. In both proofs we let (X;,Y;), it =n+1,...,2n, be i.id.
copies of (X,Y'), independent of D,,, and define, for each f € F,

2n 2n
~ oy 1
Ln(f) =2 D Ismisxo-rmzvy and Da(f) == > Tmargin(s(x0. %<0}
i=n+1 i=n+1
[Proof of Theorem 2|

|Step 1 For any posttive measurable function e(X1') of X1

P {af € F:L(f) > inf [<1 +a) () + H(XF)- Za]}

L(f) — L3(S) 0
SP{?EE Niz6i) >€(X”}

Proof. Assume that the event supsex(L(f) — LU)/VI(F) > e(XT) does not oceur.
Then for all f € F, we have L(f) — fl(f) < e(XT)/L(f). There are two cases. Either

2. In a preprocessing step, categorical attributes were binary coded in a 1-out-of-n fashion. Data points with
missing attributes were removed. Each attribute was normalized to have zero mean and 1/v/d standard
deviation. The four data sets were the Wisconsin breast cancer (n = 683, d = 9), the ionosphere
{n = 351, d = 34), the Japanese credit screening (n = 653, d = 42), and the tic-tac-toe endgame
{n = 958, d = 27) database.
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Figure 2: Test error on a text classification problem for training set size varying
from 2 to 128 examples. The different kernels correspond to different kind of transfer
functions.

withv; = K(x,x;)". Here, ® is the feature map corresponding to K, i.e., K (x,x') =
(@(x) - ®(x")). The new dot product between the test point x and the other points
is d as a linear bination of the dot d of K,

AAI3.a¢-cquation-L tif

Note that for a linear transfer function, K = K, and the new dot product is the
standard one.

4 Experiments
4.1 Influence of the transfer function

We applied the different kernel clusters of section 3 to the text classification task of
[11], following the same experimental protocol. There are two categories mac and
windows with respectively 958 and 961 examples of dimension 7511. The width of
the RBF kernel was chosen as in [11] giving o = 0.55. Out of all examples, 987
were taken away to form the test set. Out of the remaining points, 2 to 128 were
randomly selected to be labeled and the other points remained unlabeled. Results
are presented in figure 2 and averaged over 100 random selections of the labeled
examples. The following transfer functions were compared: linear (i.e. standard
SVM), polynomial (A) = A%, step keeping only the n+ 10 where n is the number of
labeled points, and poly-step defined in the following way (with 1 > A1 > X2 > ...),

AA13.ae-equation-2.1if

For large sizes of the (labeled) training set, all approaches give similar results. The
interesting case are small training sets. Here, the step and poly-step functions work
very well. The polynomial transfer function does not give good results for very small
training sets (but nevertheless outperforms the standard SVM for medium sizes).
This might be due to the fact that in this example, the second largest eigenvalue is
0.073 (the largest is by construction 1). Since the polynomial transfer function tends

We consider here an RBF kernel and for this reason the matrix K is always invertible.





















































































































