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Efficient Estimation of the number of neighbours
in Probabilistic K Nearest Neighbour Classification

Ji Won Yoor#, Nial FrielP

aCenter for information security technology (CIST), Koreaivérsity, Korea
bSchool of Mathematical Sciences, University College Dytieland

Abstract

Probabilistic k-nearest neighbour (PKNN) classificati@s been introduced to
improve the performance of original k-nearest neighboiN KK classification al-
gorithm by explicitly modelling uncertainty in the classdtion of each feature
vector. However, an issue common to both KNN and PKNN is tecte¢he op-
timal number of neighbourg;. The contribution of this paper is to incorporate
the uncertainty irk into the decision making, and in so doing use Bayesian model
averaging to provide improved classification. Indeed theblgm of assessing
the uncertainty irk can be viewed as one of statistical model selection which is
one of the most important technical issues in the statisincsmachine learning
domain. In this paper, a new functional approximation atbar is proposed to
reconstruct the density of the model (order) without redyam time consuming
Monte Carlo simulations. In addition, this algorithm awictoss validation by
adopting Bayesian framework. The performance of this @lgoryielded very
good performance on several real experimental datasets.

Keywords: Bayesian Inference, Model Averaging, K-free model order
estimation

1. Introduction

Supervised classification is a very well studied problenh@arhachine learn-
ing and statistics literature, where the-nearest neighbour algorithm (KNN) is
one of the most popular approaches. It amounts to assigninglabelled class
to the most common class label amangeighbouring feature vectors. One of the
key issues in implementing this algorithm is choosing thember of neighbours
k, and various flavours of cross validation are used for thrp@se. However a
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drawback to kNN is that it does not have a probabilistic iptetation, for exam-
ple, no uncertainty is associated with the inferred classlla

There have been several recent papers which addressecficismty, [1/ 2,
3,4]. Indeed from such a Bayesian perspective the issueaufsihg the value
of & can be viewed as a model (order) selection problem. To daéee texist
several different approaches to tackle the model selegiohlem. One of the
most popular approaches is basedimiormation criteriaincluding the Akaike
Information Criterion (AIC), the Schwarz’s Bayesian Infaation Criterion (BIC)
and the Deviance Information Criterion (DIC) [5,.6, 7]. Giva particular model
M, the well-known AIC and BIC are defined by C(M,,) = —2log L(M},) +
2e(My) and BIC(My) = —2log L(My) + e(My)log N for N observations
whereL(M}) ande(M,,) denote the likelihood and the number of parameters of
My, respectively.

It is known that many fast functional approximationsmfiormation criterion
techniques do not adequately approximate the underlyistgpor distribution of
the model order. Furthermore, Monte carlo based estimatorprovide approxi-
mate distributions of the model order, but typically reguexcessive computation
time.

Our main contribution is to propose a new functional appration technique
to infer the posterior distribution of the model ordgfK’|)) where K and )
denote the model order and observations, respectivelyaiticplar, this paper
demonstrates the applicability of the proposed algoritlyradidressing the prob-
lem of finding the number of neighboukdor probabilistic k-Nearest Neighbour
(PKNN) classification. In addition, we designed a new synmined neighbouring
structure for the KNN classifier in order to conduct a fair gamson. From an
application point of view, we also classified several benatkdatasets and a few
real experimental datasets using the proposed algorithms.

In addition to model selection, we also consider improveimeh the KNN
approach itself for the purpose of a fair comparison. Altjitoaonventional KNN
based on euclidean distance is widely used in many apgitdthmains, the con-
ventional KNN is not a correct model in that it does not gusgarthe symmetric-
ity of the neighbouring structure.

Itis important to state that PKNN formally defines a Markowdam field over
the joint distribution of the class labels. In turn this yigla complication from
an inferential point of view, since it is well understoodtttze Markov random
field corresponding to likelihood of the class labels ines\an intractable nor-
malising constant, sometimes called the partition fumctiostatistical physics,
rendering exact calculation of the likelihood function akhalways impossible.
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Inference for such complicated likelihoods function is ative field of research.
In the context of PKNNI([1] and [3] use the pseudo-likelihooddtion [8] as an
approximation to the true likelihood. While![2] and [4] caehar improvements
to pseudolikelihood by using a Monte Carlo auxiliary vakeatechnique, the ex-
change algorithm/|_[9] which targets the posterior distituwhich involves the
true intractable likelihood function. Bayesian model set is generally a com-
putationally demanding exercise, particularly in the entrcontext, due to the
intractability of the likelihood function, and for this rean we use a pseudolike-
lihood approximation throughout this paper, although dtores are focused on
efficient means to improve upon this aspect using compdke&Hood approxi-
mations|[10].

This paper consists of several sections. Sedtion 3 incltiiedackground
of the statistical approaches used in this paper. This@esthows two main
techniques, k-Nearest Neighbour (KNN) classification amgédrated Laplace
Approximation (INLA). For the extended literature revieprobabilistic KNN
(PKNN) is explained with details. The proposed algorithnnisoduced in the
sectiorL 4. In this section, we introduce a generic algorithmeconstruct and ap-
proximate the underlying model order posteniof(|)’) and to efficiently search
for the optimal model ordek™. Afterwards, this section includes how to apply
the generic algorithm into PKNN. In sectibh 5, PKNN adoptihg proposed al-
gorithms have applied to several real datasets. Finallycovelude this paper
with some discussion of sectionis 6 ard 7.

2. Related Work

One of the main aims of this paper is to explore nearest neightlassifi-
cation from a model selection perspective. Some populareineelection ap-
proaches in the literature include the following. Grenaredal. [11, 12] proposed
a model selection algorithm which is based on jump-diffagsignamics with the
essential feature that at random times the process jumpgéefparameter spaces
in different models and different dimensions. SimilarlyaMov birth-death pro-
cesses and point processes can be considered. One of theapolstr approaches
to infer the posterior distribution and to explore model emainty is Reversible
Jump Markov Chain Monte Carlo developed by Richardson am#®Gi13]. The
composite model approach of Carlin and Chib [14] is a furéygproach. The
relationships between the issue of choice of pseudo-prithra case of Carlin and
Chib’s product composite model and the choice of proposasities in the case
of reversible jump are discussed by Godsill [15].
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In addition, there are a lot of similarities in the clustgridomain. For in-
stance, many clustering algorithms such as K-means digosit Gaussian Mix-
ture Model (GMM), and Spectral clustering have also thelehging difficulty to
infer the number of clusters” as similarly shown in the estimation of the number
of neighboursk” of the (P)KNN.

3. Statistical Background

3.1. k-Nearest Neighbour (KNN) model

In pattern recognition, the k-Nearest Neighbour algorittkiNN) is one of
the most well-known and useful non-parametric methodsléssifying and clus-
tering objects based on classified features which are dios®me sense, in the
feature space. The kNN is designed with the concept thatdaireclasses are
determined by a majority vote of its neighbours. Howevemglwith such a sim-
ple implementation, the KNN has a sensitivity problem frdra locality which
are generated from two difficult problems: estimating theislen boundary to
determine the boundary complexity and the number of neigithto be voted.
In order to address this problem, adaptive kNN is proposeadficiently and ef-
fectively calculate the number of neighbours and the boynfda, 17, 18, 19].
In addition, the probabilistic KNN (PKNN) model which is neorobust than the
conventional KNN has been introduced and developed by Matkain Monte
carlo to estimate the number of neighbours [1, 3]. In thisgpape use the PKNN
model since it provides proper likelihood term given a marar model withk
neighbours.

o © : v
1 1\
. 1 1 05
. 1 35"' --.\.
(a) Given data (b) Asymmetric (c) Symmetrised
PKNN (K=2) Boltzmann Model
for PKNN

Figure 1: Topological Explanation of PKNN



3.1.1. An asymmetric Pseudo-likelihood of PKNN

Let {(z1,y1),(22,¥2), -, (2n,¥n)} Where each; € {1,2,---,C} denote
the class label and dimensional feature vectgr; € R?. Then, the pseudo-
likelihood of the probabilistic KNN (PKNN) proposed hy [1die be formed as

Nooexp {% Z]Ene(i) 0z, 2 }
plzly, 8, K) ~ [ | ;
i=1 ZCGC exp {E EjEne(i) 50723'}

where the unknown scaling valye> 0 andC is a set of classedy denotes the
number of neighbours anf} , = 1 if « = b and0 otherwise. In this equation,
ne(-) represents the set of neighbours.

Suppose that we have four data points as shown in[Fig. 1-(@en@& = 2,
we have an interesting network structure in FI[g. 1-(b) frdns ttonventional
PKNN. In this subgraph, arrows direct the neighbours. As aresee in the Fig.
[I-(b), some pairs of data points (nodes) are bidirectionabthers are unidirec-
tional, resulting in an asymmetric phenomena. Unfortugathis asymmetric
property does not satisfy the Markov Random Field assumptibich can be

implicitly applied in Eq. [(1).

1)

3.1.2. A symmetrised Boltzmann modelling for pseudoti&et of PKNN

Since the pseudo-likelihood of the conventional probatidikNN is not sym-
metrised an approximate symmetrised model has been prbpasEKNN [20]
as

( | 5 K) ﬁ exp {%(Z]‘Gne(i) 5zivzj + Eiene(k) 521,%)}
plzly, o, R |
=1 ECEC €xXp {%(E]Eﬂe(z) 6c,zj + Ziene(k) 6zz7zk)}

The Boltzmann modeling of PKNN resolves the asymmetric lgrolwhich arises
from the conventional PKNN of Eq.[](1). However, the Boltzmamodeling
reconstructs the symmetrised network by averaging the mtrised effects from
the principal structure of PKNN as shown in Figl 1-(c). Thips different
interaction rate among the edges. In the subgraph, two édyesa value of a half
and all others have a value of one and so this difference neg gn inaccurate
Markov Random Field model again.
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3.2. Estimation of PKNN by Markov chain Monte Carlo (MCMC) e@nven-
tional way

The most popular approach to estimate the parameters of PISNNing
Markov chain Monte Carlo (MCMC). In this paper, PKNN via MCME€ also
used for performance comparison. In particular, therevaoedifferent version of
MCMC.

The first approach is to infer the unknown model parameteen@ X) in the
training step via MCMC. Afterward, given these estimateuesl we can classify
the new data from the testing set straightforwardly usireggdbnditional poste-
rior p(z|y,z,y', 5, K). Suppose that we need to reconstruct the target posterior
p(8, K|z,y) given the observations andy which is a set of training data. The
standard MCMC approach uses a Metropolis-Hasting (MH) ritlgm, so that
each unknown parameter is updated according to an acceptaoizability

JE— {1 plely. B, K)p(Dp(K)a(8, K) }
plely, B, K)p(B)p(K)q(b, K)

where 3 and & denote the proposed new parameters. In the training step, we
estimate and K from the above MCMC simulation. Afterwards, we simply
classify the testing datasets givérand &'. That is, given a testing set we can
estimate the classes by

’

2" =arg, maxp(2/|y, z, yla Bv f()

for a new test datg’ and its unknown labet’. However, since the uncertainty
of the model parameters is ignored in the testing step of teedpproach, the
first approach with two separate steps (training and tesisrigss preferred from
a statistical point of view although it is often used in preet Unlike the first
approach, the second approach jointly estimates the hichdelel parameters to
incorporate this uncertainty while classifying the tegtdatasets. In the second
approach we reconstruct not the conditional distribution|y, z,y', 3, K) but a
marginalized distributiop('|y,z,y') by jointly estimating parameters. In this
case, the target density is npts, K|z,y) but p(3, K,z |z,y,y’). Then each
unknown parameter from the marginalized density is updatamrding to the
modified acceptance probability

) /

P 2ly.yi B Kp(Bp(K)a(=, 8, K } @
p(,2ly, yi, B, K)p(B)p(K)q(Z, 5, K)

6

A:min{l,



In this paper, we use the second approach to infer the pagasreatd classify the
data for MCMC simulation for comparison since the joint@stiion to obtain the
marginalized distribution considers the uncertalnty awethe classification of the
new dataset. We simply desigiz’, 3, K) = ¢(Z)q(3)q(K) and each proposal
distribution is defined by

p(’%,vzb/vvyivév [A()
EceCp(’%/ =C, Z|y7Yi7 57 K)

q(2) = p(Z|Y,B8,K) =
a(B) = N(B;B,0.1)

oK) = plR) =

(4)

where we setl, = 2 andf, = 10 for the Gamma distribution. Given this par-
ticular setting of the proposal distribution, we obtain #implified acceptance
probability

A { zcecp@’:c,z\y,yi,é,mp(mq(ﬁ)}
=min« 1, == (-
YosecP(Z = s,2ly,yi, B, K)p(B)q(B)

3.3. Integrated Nested Laplace Approximation (INLA)

Suppose that we have a set of hidden varialflesnd a set of observations
YV, respectively. MCMC can of course be used to infer the maigiensity
p(fly) = [p(f,8]y)dd whered is a set of control parameters. In order to effi-
ciently build the target density, we apply a remarkably &t accurate functional
approximation based on the Integrated Nested Laplace Appation (INLA)
developed byl [21]. This algorithm approximates the maiginateriorp(f|)) by

()

p(i)Y) = / (£, 0)p(6])d0

~ / (£1,0)p(0)Y)do
~ > REY, 0)p0|Y)A (6)
0;
where
N p(f,),0) p(VIf,0)p(£]0)p(0)
0)) oc 27 - . 7
PO o S Dy~ 0e D) ey




Here, F' denotes a simple functional approximation closeptf|), ) such as
a Gaussian approximation afit{9) is a value of the functional approximation.
For the simple Gaussian approximation case, the propecetddif* () is the
mode of the Gaussian approximatiorpef(f|), #). Given the log of the posterior,
we can calculate the modé and its Hessian matrik; via Quasi-Newton style
optimization byd* = arg, maxlogp(6|)Y) andHj. Finally we do a grid search
from the mode in all directions untibg p(6*|Y) — logp(0|Y) > ¢, for a given
thresholdp.

4. Proposed Approach

Our proposed algorithm estimates the underlying dendiiethe number of
neighbours of probabilistic KNN classification by using Kf). To distinguish it
from other model selection approaches, we term this apprid@REA which is
an acronym for K-ORderEstimationAlgorithm” in a Bayesian framework.

4.1. Obtaining the optimal number of neighbouifs

Let ) denote a set of observations andfletoe a set of the model parameters
given a model ordeK . The first step o0KOREAIs to estimate the optimal number
of neighbours™*:

K" = argg max p(K|Y). (8)

According to Eq.[(I7), we can obtain an approximated margioaterior distribu-
tion by

p(y7 fK7 K)

pr(fx|Y, K) £ (K)=f} (K)

This equation has the property thtis an integer variable whileé of Eq. () isin

general a vector of continuous variables. By ignoring tlieedénce, we can still
use the Quasi-Newton method to efficiently obtain optifgal Alternatively, we

can also calculate some potential candidates betwestd K ., if K. IS NOt

too large. Otherwise, we may still use tQeiasi-Newtorstyle algorithm with a
rounding operator which transforms a real value to an integex’.

P(K|Y) o (9)

4.2. Bayesian Model Selection for PKNN classification

In general, one of the most significant problems in classi@ioas to infer the
joint posterior distribution of. different hidden classes far different observa-
tions such that}*;, = arg,: max p(z,.. |y, 2, y,.;). However, jointly inferring
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the hidden variables is not straightforward therefore wkerthe assumption that
the hidden class of thieth observation; is independent to one of theth obser-
vation given thei-th observatiory, wherei # j and then we have the following
simpler form (similar to Naive Bayes):

L

Pz, )y, 2,y10) = [ [ p(zly. 2, v)) (10)
i=1

wherep(z, |y, z,y;) is estimated by EqC(11).

4.2.1. PKNN via KOREA

In the probabilistic KNN model (PKNN), let us define the newedat withL
data byy’.;, which is not labeled yet. The unknown labels are denoted, hy
Here we use; andz; for theith new observation and its hidden label. That is, we
have a hidden variablg = z; of interest giverz = z,.y, y = y1.y andy, such
that) = (z,y,y;). The target posterior is obtained in a similar form to Ed.&9)

p(zly.z,y) = plz]Y) = /K Bp(ZQ,B,KW)dﬁdK

_ / P(2)18., K)p(B1Y, K)p(K|Y)dBdK

KII\'(IX
~ 30N IO Y K = s K = )
B(m) j=1
X p(K = ]|y)Aﬁ(m)}
KII\'(IX
~ 30 IOV K = DRI K = )
B(m) j=1
X ﬁ(K = j|y)Aﬁ(m)}
KII\'(IX
= >N Ap(z]8™, Y, K = j) (11)
B(m) j=1

where . o .
A\ _ BNV, K = §)pK = j|Y)Agem
J

s S BB@|Y, K = b)p(K = b|Y)Agw
Now we need to know three distributions in the above equation

(12)



1. p(z]B"), ¥, K = i): conditional likelihood
2. (™|, K = i): posterior off3
3. p(K|Y): posterior of K

The first equation among the three above is the conditiosalilution and it is
defined by

p(z, %™, Y, K = j)
Zcecp(Z7Z; = C|5(m)7yaK = ])

p(z] 8™ Y, K = j) = (13)

This is a likelihood function given the neighbouring sturet That isp(z, 2|
B Y, K = j) explains the fitness between the assumed/given labets) and
the given full datay, y;)

Another equation i$(3™|Y, K = j) but we defer the estimation of this
distribution since it can be automatically estimated wherestimate the last dis-
tribution p(K|)). Therefore, we infer the last equation first. The last equat
the marginal posterior dk and using a similar approach to INLA it is defined by

ﬁ(K|y> x p(z7ﬁ7K‘y7y;) _ Zcecp(Z;,Z,B,K|y7y;)
pG(B|Z7Y7y;7K) B=*(K) pg(6|z,y’y;’K)

p(ﬂ)p(K) ZCEC p(Z; = ¢, Z|67 Kv Yy, Y;)
pG(B|Z> Yy, Y;v K)

B=4"(K)
(14)

p=p*(K)

As we can see the denominator is the approximation of thensedistribution
of interest so we can reuse it i.6i(3|), K) = pa(B|z,y,y;, K) which is a
Gaussian approximation of(3|Y, K) o p(zly,y;, K)p(8) = Y .ccp(z =
c,zly,y;, K)p(B).

We also easily obtain the marginal posteriorfofvhich isp(3|)Y). Since the
marginal posterior is approximated py5|)Y) ~ p(B|Y) = Z]K:l p(BIY, K =
J)p(K = j|Y), we can simply reconstruct the distribution by reusing the p

viously estimated distributions. When we hawg) = E(p|Y,K = j) and
0§ = V(B|y, K = j), then we have

Kmax . Kmax . . 2
- - 2
g = E aj,u(ﬁj) ando} = E Q; |:0’éj) + {,ug - ,u(ﬁj)} } . (15)
=1 j=1
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Finally, we can obtain the target distribution of interg&t |y, z, y;) with three
distributions. Since we can now estimate the target digiob as a mixture dis-
tribution, we can also obtain the expectation and variasdeliows:

Kmax
BEY) = 33 A,
gm) j=1
Kmax
VED) = 3 [ (B -al ] as
gm) j=1

wherep!)), = E(z|y, 80", K = j) ands{); = V(5,8 K = j). Here
p(B) = G(B;ap,bz) andZG(-; a,b) represents inverse Gamma distribution with
hyper-parameterg andb. In this paper, we set = 2 andb = 10 yielding an

almost flat prior.

4.3. Additional Neighbouring Rules

4.3.1. A Boltzmann modelling with equal weights

In the conventional Boltzmann modelling for the neighbogrstructure, the
interaction rates is divided by a fixedk” as shown in EqL{2). This results in each
neighbour having its own different weight. Therefore, weché apply an equal
weight to the neighbours by varying for the different neighbouring structure.
In order to build this strategy, we adopt three sequentipt@ches: (i) obtain
a neighbour structure in the same way as conventional Balirnmodelling; (ii)
modify the structure by transforming from a directed grapar undirected graph.
If 7 € ne(i) buti ¢ ne(j) then we add into ne(j) for i # j; and (iii) apply the
pseudo likelihood for the likelihood. In this paper, we nathis modelling as
Boltzmanf®) modelling.

5. Simulation Results

The performance of our algorithm is tested with a collectoérbenchmark
datasets. All of the datasets (test and training) used shghper can be found
at http://mathsci.ucd.ie/ ~nial/dnn/ . The six well-known bench-
mark datasets are presented in Table 1. We test the perfoentgnusingi-fold
cross validation for a fair comparison with all approachiésoaigh our proposed
approach does not not require it due to the Bayesian natute of

11
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Algorithm 1 PKNN classifier visKOREA
Require: Given N observations(y,z) = (yi.n,Z1.n), & New testing set with,
observationsy’ = y/.; and a set of classe3
1: for i =1to L do
2. Obtain a new observation and sety = (y,z,y,, ).
- Calculate 5(K|Y, B).
3: for j =110 K., do
4: Calculate the approximate conditional posterigs|V, K = j) =
pa(B|Y, K = j) by using Gaussian approximationgf5|), K = j) «
p(zly,y;, 5, K = j)p(B). |
5: Obtainuy’ = E(8|Y, K = j) ando§” = V(8|Y, K = j).
6: Calculate an unnormalized posterior fir = j, o; = p(K = j|V)

P p(K=1) e o p(zi=c2|ny) K=j,y.y})
pa(ug V. K=j) ‘
7. end for
8: Normalize the model order weights hy, = Qs for all s €

¥
{17 27 U 7Kmax}-
9:  Calculate the means and variancerg of marginal posterior off from Eq.
15).
10 Sp={pl0< B =pgtios < Pmaxfori=1,2,---}.
11:  Calculate an unnormalize weighﬁ.m) = p(BM™|V, K = j)a, for j =
1,2,---,Kandm =1,2,---,|Ss|.

(m)

. Sm) _ A :
12: Obta]n)\j = m for all ] € {]_, 2, s 7Kmax} and allm S
n= k=1 k

{1727 T ‘Sﬁ|} from Ea m)
- Calculate the solution of p(z;|)).
13: for m = 11t0 |Sg| do

14: for j = 11t0 K. dO

15: force CGet ;.= p(z; =c, z|y,y;, K =3, ﬁ(m)).
. (m) _ Tj,c

16: forcc CGet 7).~ =

17: end for

18: end for

19:  Calculatep(z, = c[Y) = Sl Sofme 2R for all ¢ € C.

20: Calculate the expectation and variance.difom Eq. [16).
21: end for

12



Table 1: Benchmark datasets: (the number classesj,(the dimension of the data)N;..; (the
total number of data)

Nameofdatd C d N
Crabs 4 5 200
Fglass 4 9 214
Meat 5 1050 231

Oliveoill 3 1050 65
Wine 3 13 178
Iris 3 4 150

Figure[2 demonstrates reconstructed densities of a tedéingn. While top
subgraphs show the 2 dimensional densitigs £|)), bottom sub-figures repre-
sent the 1 dimensional densitigd<|)) for all datasets. The graphs illustrate that
the distribution is not unimodal but a complex multi-modistdbution. This also
suggests that selecting an appropriate number of neighlfouPKNN is critical
to obtain high accuracy.

Asymptotically, MCMC with a large number of iterations wdbnverge and
therefore can be used in principle to estimate the undeylpwsterior density.
Thus, we can check whether the reconstructed density usigBA is close
to that estimated by MCMC with a very large number of itenasion order to
validate the our proposed algorithm. Two subgraphs of fiurisualize the sim-
ilarity between reconstructed posterior densities of artgslata of wine dataset
by KOREA (red circle line) and MCMC (blue cross line) with sin@op) and
large (bottom) number of samples. (For MCMC, we set the sarsize by 100
for small size and 10000 for large size respectively.) As aresee in the figures,
our propsed algorithm KOREA is closely approximated to theN¥C algorithm
with a large number of iterations ize which is commonly relgar as underlying
reference or pseudo-ground truth density. In order to mea$e similarity be-
tween the reconstructed densities by MCMC and KOREA, we ogedifferent
metrics as shown in figuté 4. Root Mean Square Error (RMSEk Bégnal-to-
Noise Ratio (PSNR), Kullback Leibler Distance (KLD) andu&tiural SIMilarity
(SSIM) |22]. As in the case of figuté 3, MCMC with a large sanmgilee produces
densities very close to those produced by our proposed KO&gazxithm. As the
number of MCMC samples increases, RMSE and KLD decrease W&NR and
SSIM increases for all datasets.

Table[2 demonstrates the performance of the each algoritassd on F-
measure for four cases: KNN, PKNN, KOREA (average) and KOR&#Imal).
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Figure 2: Posterior distributiop(k, 3]|)) [top] and its marginalized posterior densjiyK|))
[bottom] via KOREA

Since MCMC produces results which are very close to that dRE® as shown in
figured 8 andl4, we did not present these results. KOREA (ge¢and KOREA
(optimal) represent the mean (marginalized) estimate aA® Mstimate of KO-
REA, respectively. As we can see in the table, KOREA worksesop to other
conventional approaches for all datasets. The resultstivtbest performance
are highlighted in bold in this table.

In addition, we compared the simulation times for each ofdlgerithms. Ta-
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Figure 3: Comparison between MCMC and KOREA for wine dataSetc ;¢ denotes the num-
ber of MCMC iterations.

ble[3 demonstrates the execution time for all algorithms. @aposed algorithm
(PKNN with KOREA) is slower than conventional kNN and PKNNtiwvfixed K
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Figure 4: Implicit similarity check between the reconstattdensities by MCMC and KOREA
via four well-known metrics.

but it is much faster than MCMC technique which is regardedrasof the best
approaches to infer the model parameters and number oftyeighin Bayesian
framework. From the point of the accuracy of table 2 and trexetion time of
table[3, we eventually find that PKNN can be efficiently imprd\by using our
proposed KOREA algorithm and this is a very practically usefchnique com-
pared to the conventional approaches including KNN, PKN ICMC.

6. Discussion

Our proposed algorithm uses an approach similar to the ititNLA by re-
placing the model parameters with the model order (the nuofoeeighboursk).

16



Table 2: Comparison of F-measures with varying neighbausinuctures. The results with the
best performance are written in bold.

Methods| Data | Asymmetric| Symmetric| Boltzmar?
model Boltzman

Crabs | 0.72+0.08 | 0.74+0.08 | 0.74+£0.08

Fglass | 0.64+0.06 | 0.67/40.05| 0.67+£0.05

KNN Meat_ 0.68+0.07 | 0.70+£0.07 | 0.70£0.07
Oliveoil | 0.74+0.12 | 0.714+0.10| 0.71£0.10

Wine 0.940.01 | 0.940.01| 0.940.01

Iris 0.540.10 | 0.55+0.10| 0.55+0.10

Crabs | 0.75+:0.09 | 0.75+0.09| 0.75£0.08

Fglass | 0.73+0.06 | 0.74+0.06 | 0.69+-0.06

PKNN Meat_ 0.70+£0.07 | 0.71£0.07 | 0.70£0.06
Oliveoil | 0.72+:0.11 | 0.73+0.11 | 0.70+0.11

Wine 0.98+0.01 | 0.98+0.01| 0.98£0.02

Iris 0.5A40.12 | 0.540.12| 0.53£0.10

Crabs | 0.86:0.11 | 0.89+0.11 | 0.87+0.09

Fglass | 0.76+0.09 | 0.77+0.07 | 0.81+0.08

KOREA Meat 0.68+0.12 | 0.75+0.06 | 0.71+0.06
(average)| Oliveoil | 0.82+0.17 | 0.76+0.19| 0.73£0.20
Wine 0.99+0.12 | 0.99+0.02 | 0.98£0.02

Iris 0.62+0.15 | 0.58+0.17| 0.56+£0.03

Crabs | 0.86:0.13 | 0.89+0.11 | 0.87+0.09

Fglass | 0.79:0.04 | 0.76+0.08 | 0.79+£0.07

KOREA Meat 0.70+0.11 | 0.73+0.07 | 0.69£0.13
(optimal) | Oliveoil | 0.80+0.17 | 0.78+0.17 | 0.76+0.19
Wine 0.99+0.02 | 0.99+0.02 | 0.98£0.02

Iris 0.5740.17 | 0.56+0.19| 0.48£0.16

This means that we can speed up the computation by embed@irasgic)Newton
method for Laplace approximation rather than grid sampdisglone in the orig-
inal INLA. However, as we can see in Fig] 2, the posterior is umimodal so
we can find local optima rather than global optima for the meatimode of the
posterior if we use such a simple Laplace approximation.rdfbee, instead of
(Quasi-)Newton methods employed in the original INLA, weaestructed the
density with relatively slower grid approach for the reatad®ts in the PKNN
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Table 3: Time comparison: the average of the execution times

Data | KNN | PKNN MCMC KOREA
(10000 runs)
Crabs | 0.10 | 0.46 168.76 9.77
Fglass | 0.11 | 0.52 200.59 10.61
Meat | 0.12 | 0.92 270.46 15.66
Oliveoil | 0.02 | 0.13 34.58 1.90
Wine | 0.08 | 0.30 129.03 6.25
Iris 0.07 | 0.26 95.47 5.14

of this paper. Of course, if the distribution is uni-moddlen we can use the
Quasi-Newton method to speed up the algorithm.

7. Conclusion

We proposed a model selection algorithm for probabilistielarest neighbour
(PKNN) classification which is based on functional approiion in Bayesian
framework. This algorithm has several advantages comparether conven-
tional model selection techniques. First of all, the pragabapproach can quickly
provide a proper distribution of the model ordemhich is not given by other
approaches, in contrast to time consuming techniques lik&IK2. In addition,
since the proposed algorithm is based on a Bayesian scheengo wot need to
run cross validation which is usually used for the perforoeaavaluation. The
proposed algorithm can also inherit the power of the fasttional approxima-
tion of INLA. For instance, it can quickly find the optimal ni»er of neighbours
and efficiently generate the grid samples by embedding EN&aston method if
the posterior is uni-modal. Lastly, the proposed approachcalculate the model
average which is marginalized posterjgx|)) = [, p(x|Y, M)p(M|Y)dM.
We also remark that our algorithm is based on a pseudoHiet approxima-
tion of the likelihood and suggest that, although our aktoni has yielded good
performance, further improvements may result by utilisimgye accurate approx-
imations of the likelihood, albeit at the expense of compaitel run time.
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