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Two Efficient Connectionist Schemes for Structure
Preserving Dimensionality Reduction

Nikhil R. Pal, Member, IEEE,and Vijay Kumar Eluri

Abstract—We propose two neural-net-based methods for struc- such that some criterio@, is optimized. Usually; < p, but for
ture preserving d_|men5|onallty reductl_on. Method '1 selects a some feature extraction problemsnay be greater thamalso.
small representative sample and applies Sammon’s method 10 g formulation is similar to a function approximation prob-

project it. This projected data set is th_e_n used to train an MLP. lem. However unlike the function approximation oroblem
Method 2 uses Kohonen'’s self-organizing feature map (SOFM) : ’ pp p J

to generate a small set of prototypes which is then projected by Where the mapping function is estimated from training patterns
Sammon’s method. This projected data set is then used to train which are input—output pairs (desired outputs are known), in

an MLP. Both schemes are quite effective in terms of computation feature extraction and data projection the desired outputs are
time and quality of output, and both outperform methods of Jain ot gyailable. In effect, any feature extraction method has to
and Mao on the data sets tried. , ! a

o _ o _ produceY = ®(X) C RY.

Index Terms—Connectionist models, dimensionality reduction, A large number of approaches for feature extraction and data
feature extraction, multilayer perceptron, self-organizing feature projection are available in the pattern recognition literature
map. [1], [2]. These approaches differ from each other in the

characteristics of the mapping functidn how ¢ is learned,
|. INTRODUCTION and what optimization criteriorC is used. The mapping

F EATURE extraction and dimensionality reduction are tw§'nction can be eithelinear or nonlinear and can be learned

important problems in pattern recognition and exploratol§frough eithersupervisedor unsupervisednethods. _
data analysis. Feature extraction can avoid the “curse ofin thiS paper we propose schemes for structure preserving

dimensionality,” improve generalization ability of classifiergi'ﬁnenSion,a",ty reduction. _The first method i”tegfates the th?'
by eliminating harmful features, and reduce the space aft of statistical subsampling, structure preserving characteris-

computational requirements associated with analyzes of fife®f Sammon's function and the generalization capability of
data. Many features not only lead to more computation@umlayer neural networks; while the second scheme combines

overhead but often it can create confusion thereby degradmgmmon’s function, self-organizing feature maps along with
the performance of a classifier designed on them. multnayer perceptroq networks. B_oth methods can p_roduce,
Dimensionality reduction can be done mainly in two Wayél_ke Sammon'’s algorithm, lower dimensional data which are

selecting a small but important subset of features and géip_herent with the original data at a much Iowe_:r computational
erating (extracting) a lower dimensional data preserving tG@St: Both methods have been compared with original Sam-
distinguishing characteristics of the original higher dimefON's algorithm and a connectionist method due to Jain and
sional data. Dimensionality reduction not only helps in thiao . _ _ _

design of a classifier, it also helps in other exploratory data 'N€ remaining part of this paper is organized as follows:

analysis. It can help in both clustering tendency assessmentg§tion Il deals with conventional methods while Section Il

well as to decide on the number of clusters by looking at tfoNSiders connectionist methods. In Section IV, we present
scatter plot of the lower dimensional data. our proposed methods. In Section V, we discuss the imple-

Object data are represented¥is= {x1, xa, - -, X, },  Set mentation and the results obtained. The paper is concluded in
) ? b) nf

of n feature vectors (signals) iR?. The jth observed object S€ction V.

(some physical entity such as a tank, image, patient, stock

market report, etc.) has vectsr as its numerical representa- ||, CONVENTIONAL METHODS FORDATA PROJECTION

tion; =, is the kth characteristic (or feature) associated with . .
o : oo . We describe here two unsupervised methods for data pro-

objectj. Feature extraction and data projection can be viewed ,. =~ =" ) ,

S s : : : jection: Principal Component Analysis (PCA) and Sammon’s
as an implicit or explicit mappingd from a p-dimensional

. ! . nonlinear projection method.
input space to a-dimensional output space

&: RP — RY (1) A. Principal Component Analysis

Principal component analysis (PCA) [1] is a well-known
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thogonal transform from-dimensional space ig-dimensional distance betweew; andx;. Sammon suggested looking for
space ¢ < p), such that the coordinates of the data in the neiW minimizing the error function
g-dimensional space are uncorrelated and maximal amount of

variance of the original data is preserved by only a small E— Z (di; — dij)? 2)
number of coordinates. Zdw = di;

Suppose we have a linear transform fromp-dimensional g
zero-mean input vectox = (x1,xa, ---, 2,)7 to a ¢
dimensional output vectoy, wherey = (y1, ¥, -, 4g)" Minimization of £ is an unconstrained optimization problem
andy is related tox by the expressiory = Wx, W is a in the ng variablesy;;, ¢ = 1,2,---,n; j = 1,2, ---, ¢

g x p matrix, with ¢ < p. PCA sets the; successive rows Sammon used the method of steepest descent for (approxi-
of W to the ¢ eigenvectors corresponding to thelargest mate) minimization ofE. Let y;(¢) to be the estimate of;
eigenvalues of the input covariance mat$x = E(xx’). at thetth iteration,¥:. Theny;(¢ + 1) is given by

Thusy, represents the componentxfin the direction of the

largest eigenvector of, ¥, is the component in the direction OE(t)
of the second largest, and so on. The computation of principal 8%] ()
components is summarized in the following algorithm: Yis(t+1) = yi(t) — @ E(t) (3)
PCA() ‘ i (t)? ‘
{ Inputp, g andX = {x; e RP:i=1, 2, n}; where the nonnegative scalar constanSammon called it a
magic factor and recommended = 0.3 or 0.4) is the step
Zxk ; size for gradient search. Now
1 T. n —_
Compute and order the eigenvalues 9 k=1, ki = iR
AL2A2- N >00f5; and
Construct the associated (ordered) orthogonal PE(M) -2 1 .
eigenvectorsvy, va, « -, v, | Ay (2~ N { * d; } {( ik — dit)
1, V2, P yZ] (t) )‘ k=1, ki d7kdzk
Form the matrixW? = [vl | vo | | vl ’ ) .
Computeyy = Wxy, fork=1,2,---, n; _<(yij — Yri) ) <1 + (i — dzk))} (5)
b iy i

Note thatW can be used with any new vecter,,; that wherex = -, _.dr.
has not been used to compute the projection. Bgt and Most authors follow Sammon in continuing to exhibit
W41 be theW matrices computed with¥,, = {x; € R?: X in deference to the original formulation. However, it is

t = 1,2 ---,n} and X,;1 = X, U {x,41 € RP}, not necessary to maintaia in (4) and (5) for a success-
respectively. Then ful solution of the optimization problem, since minimization
, of (1/37,;diy) > ((dfy — dij)?/di;) and 32, ((df; —
Yol = WopiXn41 # WaXng1 =¥ nqr- di;)?/dz;) yield the same. solutlons

As long asx,,4+1 is not Widely different from the vectors used Our implementation of Sammon's algorithm is shown at

the bottom of the next page.
to COMPUIEW.y, Ynt1 A ¥'nyy. THUS W, can be used to With this method we cannot get an explicit mapping function
project new data points, as long as the data points used tg

overning the relationship between patternsgirspace and
computeW,, adequately represent the population generatlrg%
% € RP. rresponding patterns ip-space. Therefore, it is not possible

to project new points. This method also involves a large amount

of computation, as every step within an iteration requires the

computation ofr(n — 1)/2 distances. The algorithm becomes
Sammon [3] proposed a simple yet very useful nonlineanpractical for largen. Finally, there are many local minima

projection algorithm that attempts to preserve the structure by the error surface and it is usually unavoidable for the

finding » points in g-dimensional space such that interpoinalgorithm to get stuck in some local minimum

distances approximate the corresponding interpoint distance3here have been a few attempts [4]-[7] to reduce the com-

B. Sammon’s Nonlinear Projection Method

in p-dimensional space. putational overhead of Sammon’s method using concepts of
Let X = {xxx = (g1, T2, -+, Txp)Y,  clustering. For example, Schachter [4] partitioned the feature
k = 1,2, ---,n} be the set ofn input vectors and let space into a number of bins (hyper-rectangles).4;ébe the
Y = {yulyr = (a1, a2y -5 Ung)t k= 1,2, ---, n} be location of theith bin andw,; be the number of points in
the unknown vectors to be found. the sth bin. (In [4] it was not clearly spelled out how was
Let d; = d(xi,x;),x,x; € X and d;; = computed, we assume that it was the centroid of the associated

dly:, v;), v:,¥; € Y, whered(x;, x;) be the Euclidian bin.) Instead of using the entire data set, Schachter projected
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only the z;s where the projected vectors are learned using awecessarily provide new approaches to feature extraction and
update rule which is almost like Sammon’s update rule. Wiata projection (from the viewpoint of functionality performed
say “almost like” because the learning coefficient for updatingy the networks), they do possess some advantages over
the pair of vectors corresponding to bimsandz; were taken traditional approaches: 1) Most learning algorithms and neural
to be proportional tay; /(w; + w;) andw, /(w; +w;), and in  networks are adaptive in nature, thus they are well-suited for
the denominator of the update expression there was an extrany real environments where adaptive systems are required.
termd,;. This is a heuristic update rule and may not minimiz2) For real-time implementation, neural networks provide
Sammon’s error function. good, if not the best, architectures which can be easily im-
plemented using current very lage scale integration (VLSI)
and optical technologies. 3) Neural-network implementations
lll. CONNECTIONIST METHODS FORDATA PROJECTION offer generalization ability for projecting new data.
The potential of artificial neural networks (ANN’s) in var-
ious applications is well established. Such massively paralftt PCA Networks
computing models are being widely used in many branchesDue to unavoidable computational complexity with the
of applied computer science. One interesting feature of suebnventional matrix algebraic approaches, especially when
an ANN is its ability to learn from the environment in ans very large, the neural-network approach for PCA has been
adaptive manner. Recently a large number of ANN’s ansidely studied recently. A variety of neural networks and
associated learning algorithms have been proposed for featig@ning algorithms have been proposed for PCA [12]—-[14].
extraction and multivariate data projection [8]-[20]. ThesBlost of them are based on the early work of Oja’s one-unit
networks exhibit some nice properties which are differemigorithm [10], [11]. We discuss here only one of them that
from classical approaches. Although these methods do mais been used in our study.

SammonProjection( )

{
Inputp, gand X = {x; e R¥:i=1,2,---, n};
Input e > 0; /* Limit on Sammon’s errof*/
Input maxstep; * Maximum number of updating stepis
Generate randomly = {y, e R%: i =1,2, ---, n};

ComputeD* = [df; = d(%;, X;)]nxn;
ComputeD = [d;; = d(y:, ¥;)]nxn:

error = High value; 7 Any arbitrary large valué/
t=1;
while((error> ¢) and ¢ < maxstep))
{
forG=1,i<mn;i+4)
{
forG=17<q¢j++
{
E(t) .
Compute using (4);
Pt Des ) 9
PE(t)
Compute using (5);
P Ay;;(t)? 96)
IE(t)
Oy, (t )
it +1) = s ®) = | LT
‘3%]'(02
¥
}

ComputeD = [d;; = d(yi, ¥;)]nxn;

S Zl ) ;;u)‘z;

S AY]

i<g
t=t+1,
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B. Rubner's PCA Network where
The PCA network proposed by Rubner and Schulten [12]
1 = d . 1 12
and Rubner and Tavan [13] consists of an input layer with 7t +1) = max(axn(?), 0.001) (12)
p(t + 1) = max(a * p(t), 0.002) (13)

p nodes and an output layer with nodes. The two layers
are completely interconnected. The connection weight between Bt + 1) = max(a * 3(t), 0.001). (14)

input node: and output nodeg is denoted byw;;. All output
P ' P 4 W P (10)—(14)t is the iteration index and: is the decay rate.

node; a_re hierarchically organized in such a_way that th? OUtque used the following implementation of the PCA network
node ¢ is connected to the output nodewith connection

s o ) as shown at the bottom of the next page.
strengthu;; if and only if j < <. _ The PCA network has the same level of generalization
The set of weights connecting an output ngd® all input  gpjjities as that ofi¥ computed in Section II-A and hence
nodes forms the Welght VeCt(Wj, the transpose of which is is able to project new data as expected when the Origi_
the jth row of the weight matrix¥’. Given the input vector nal data have linear relationshipiowever, PCA networks
X € X, the corresponding output vectgr. € Y is computed and learning algorithms have some limitations that dimin-
by the network as ish their attractiveness: 1) PCA networks are able to realize
only linear input-output mappings and 2) PCA networks can-

" not usually separate independent subsignals from their linear
Vi = yrj = (Wj, Xp) + Z(Ujl Xyp), j=1,--+,qp . MiXture N
1<j To overcome these drawbacks PCA networks containing

(6) nonlinear units are gaining attention [21], [22]. Also inde-
The weights between the two layers are adjusted uppandent component analysis (ICA) has been introduced as an

presentation of an input pattes), according to the Hebbian interesting extension of PCA in the context of signal separation
rule, problem [23].

w;(t+ 1) = w;(t) + nXryr; (j=1,---,¢9). (7) C. Neural-Network Architecture for Sammon’s Projection

Let us express Sammon error given in (2) as
The lateral weights adapt themselves according to the anti- P g @
n—1 n
E=Y 3 B

Hebbian rule,
wit(t+1) = uu(t) — pyrjua - (< 7) (8) =1 j=itl

wheren andy are positive learning coefficients. Note that (7yvhere
updates a complete weight vector, while (8) updates only one (df; — dij)?

weight at a time. Eij =1~ s
Rubner and Tavan [13] proved that if the learing parameg: | Y
tersn and . are chosen according to 1
“hno1 n .
77()\1 — )\p) 2 d*
e A 9 .
M) PSS ©) ;121 !

then the learning rules (7) and (8) force the lateral We|ghds andd;; are the distances, respectively, in the input space
to vanish and the activities of the output cells to becorréé]d in the projected space between pattéraad j
uncorrelated. Consequently, the weight vectars converge  jain and Mao [8], [9] proposed an interesting multilayer
to the eigenvectors of the covariance mattix Although feedforward network for Sammon's projection. The number
in practice, it is difficult to determine the values gfand of input nodes is set tgp. The number of output nodes

v according to the inequality (9) without computing theés equal tog. Let X = {xu|xx = (@x1, Za2, "+, Tap)?,
eigenvalues, (9) does provide a range for the valuesaid k=1, 2, ---, n} be the set of p-dimensional input vectors.
p it Ay and A, can somehow be estimated. The output of thetth node in layer/ is denoted byygf),
As in [9] the convergence rate can be improved introducifg= 1, 2, ---, ne; £ = 0, 1, ---, L, wheren, is the number
a momentum term and letting the learning rate and momentlfn’fnnOdeS in Iaye|€ L is the number of layers, ang;’ = 1,
decay with time. Equations (7) and (8) with momentum terfn= 1, 2, ---, p. The connection weight between node’n
can be rewritten as layer ¢ — 1 and nodet in layer ¢ is represented by;tS . The

output of thetth node in layer/ is given by
w;(t +1) =w;(t) + () xpyr; + A Aw;(t)  (10)

and ) = f(Z Wiyl ”) ¢=1,2, -, L (15)
wi(t+1) = uji(t) — p)yeye + BE)Auj(t)  (11)

s=1
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Using the above notatiori;; can be written as

v 1/2
dij = {Z[Uz(f) - Uj(ﬁ ]2} .

u=1

IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 9, NO. 6, NOVEMBER 1998

Next we provide a schematic description of the Sam-
mon_Network [8] as shown at the bottom of the page.

In [8], it was experimentally shown that two layered net-
works perform better than three layered networks. It was
also shown experimentally that results can be improved by
increasing the number of free parametdise system requires

Using backpropagation of errors, the update rule for thglot of space and training time to get good results. The error

output layer is given by
8EU

L
aw'(ut )

Ay = —n

L) (L—1 L) (L-1

U

wheren is the learning rate.

(16)

Similarly, the update rule for all hidden layerg, =

1,2, ---, L —1is given by

after training, as we will see, is also not found comparable to
that of Sammon’s algorithm.

In [9] another approach was followed for training so as
to take advantage of the nonlinearity of the above network.
Initially the PCA network is used to project data and then
standard backpropagation algorithm is used to approximate
principal components. The connection weights of such a
trained MLP are then used to initialize the weights of the
Sammon’s neural net. This means that Sammon’s network is

© OE;; initialized such that it behaves like a PCA network.
Awyy’ = — ow® This implementation style has a number of disadvantages:
tZ 1 o et 1) training time is long; 2) memory usage is high; 3) to try a
= - U(Agtzyé* ) _ A](»t)sy](»; )) (17) different (new) architecture, again an MLP with the same (new)
architecture should be trained to approximate principal compo-
where nents for initialization of the weights of Sammatetwork, i.e.,
A(f) _ 5(5)[1 _ u@]u@ we cannot add any extra hidden layer even if it is demanded, in
A&)S B 61“) “on fact we cannot even add an extra node; and finally 4) the main
its = O30 [L = 3 1 purpose of this network is to handle nonlinear datas, linear
50 _ zm: ALEFD, (1) data is very WeII_projected by the PCA network, but, even this
it ‘ iut ut may not be achieved by the proposed three-step (PCA-MLP-
and
6(() - - A(£+1) (£+1) 1Loosely we call a data set linear, if a linear transformation can project
gt = Z jut Wt - it to a lower dimension preserving the cluster structure in the original data;
u=1 otherwise, the data set is nonlinear in nature.
PCA _Network( )
{
Inputp, gand X = {x;, e R*: i =1,2,---, n};
Input ¢ > 0; /* Threshold for lateral weights/
Input maxstep; *f Maximum number of iterations allowed/
Input n, p; /* Learning Rates fotw;; andw;; */
Input 3, «; /* Momentum and decay rate/
Generate initial weights randomly; /¥ wy; andwg */
t =1,
flag = true;
while((z < maxstep) and (flag: true))
{

Randomly select an input pattexn,;
Compute output vectay; using (6);
Update connection weights between the input nodes
and output nodes according to (10);
Update lateral weights according to (11);
Normalize each weight vectox; to unit norm;
Modify », i and 8 according to (12), (13), (14) respectively;
t=1t+41,
if (|U,jl| < G\V/jl <D
flag = false;



PAL AND ELURI: TWO EFFICIENT CONNECTIONIST SCHEMES 1147

SammonNet) implementation [9], as shall be seen from the When we talk about projection of unknown data based
results section. Note that all results reported in Section V amn a mapping (explicit or implicit) estimated from a given
obtained by this three-step implementation data set we implicitly assume that the given data have some
structure which future data points are expected to follow. This
is natural, otherwise, prediction does not have any meaning.
A. Method 1 In other words, we can assume that the data points are

Sammon’s algorithm and some of its derivatives work Veﬁnerated from some (unknown) time-invariant probability

well for small data sets. But, these methods involve a largistribution. Therefore, if we can extract a small but an
amount of computation, as every step within an iteratigifléguate representative sample of the given data set and then
requires the computation af(n — 1)/2 distances. Therefore, €Stimate the mapping function based on these we can expect
these algorithms quickly become impractical for large t© have a good generalization.
Moreover, as mentioned earlier, Sammon’s algorithm cannot!n fact although not explained or stated explicitly this was
project new data points; with every new data point the entifé@ philosophy behind Jain's method also. It then raises two
augmented data set is to be reprojected. These problems i§gHes: How to get an adequate but small sample and what
be eliminated, if we can get a mapping function governin@o we do with that. For the time being let us assume that we
the relationship between patternszirdimensional space andare provided with a solution to the first issue (we discuss it
patterns ing-dimensional space, by projecting a small reprdater), i.e., we are given a small representative dataXsét.
sentative subset of the data. The various implementationsN#W we propose to run Sammon's algorithm 6f(*) to
Sammon’s algorithm [4], [7] do not give an explicit mapping@enerateY ) ¢ R?. Then we use(X), Y*)) to train
function representing the relationship between patterns @3 MLP. Note that such a trained MLP will capture the
p-dimensional space and patternsgilimensional space.  Structure present iaX %), Y(%)). In [9] PCA net was used to
We propose here a very simple method, which perforniitialize Sammon’s net but PCA is a linear mapping which
better (at least on the examples we tried) than methodigs, as such, no relation to Sammon’s projection. Finally,
given in [8], [9] in terms oftime, space and quality of the in [8] and [9], Sammon’s network is used to extract the
projected mapThis method combines the statistical theories ¢elation which, as their results reveal, demands too many free
subsampling along with the advantages of Sammon’s methparameters to get a reasonably good solution. While in our
for projecting small data sets and capabilities of MLP foscheme the relation is already captured by the paif),
function approximation, as it is known that backpropagatiari¢®)) and MLP simply learns it. Hence, as will be seen later,
networks can approximate any square integrable functiondar scheme is expected to get much better results at a lower
any desirable degree of accuracy [24]-[27]. cost.

IV. PROPOSEDMETHODS

SammonNetwork( )

{
Inputp, gand X ={x; e RP: 1 =1,2,---, n};
Input e > 0; /* Limit of Sammon’s error*/
Input maxstep; /* Maximum number of updating steps/
Input #; /* Learning rate*/
error = High value; /* Any arbitrary large valug /
t=1,

Generate the initial weights randomly
while((error > ¢€) and ¢ < maxstep))

Repeat k times

Select a pair of patternsand j randomly;

Present andj; to the network one at a time;

Compute outputs of all nodes using (15);

Update connection weights according to (16) and (17);
End Repeat
Present all patterns, compute outputs of the network

n—1 n
Calculateerror = Z Z Eij,
=1 =141

t=1t41;
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Shankar and Pal [28] demonstrated that it is possible toNext we provide a schematic description of the proposed
obtain a small but adequate representative sample that captuneshod:
the basic characteristics of the original data. For the presenMethod-1()

case we can have a low cost scheme for selection of a smal
subset X(*) of representative data points based gh or
divergence statistic so that statistical characteristicX adre
retained by X(®. The scheme follows like this: define a
frequency distributionf) on X. Draw a small random sample

X ) with p% of the data points inX. We use the simple
random sampling without replacement (SRSWOR) scheme.
Compute the frequency distributigi on X (%), Now to check

how goodX (*) captures the structure presentinwe find the
agreement betweef and f by x? or divergence statistic. If

the agreement is not acceptable at some predefineddewvet
appendX ‘®) by an additional random sample 86 to get the
new X (%) = old X% 4 the extral% sample. The hypothesis

of satisfactory agreement betwegn and f is again tested.
The process is repeated till the hypothesis is accepted. It has
been empirically observed that 30% data points are usually
enough for the purpose of preserving cluster substructures.
In the present case, this result is applicable too. However, tz}
keep consistency with the method of Jain and Mao, we use

Input X ={x; e R*:i=1,2, ---, n}k

Normalizex; to gethN), 1=1,2,---,n}

Let XM = (x™M:i=1,2 - n};

Select a random sampl€(>), of sizen, by
SRSWOR-scheme frolX (™) using x2 or
divergence or select a random sample of size
ns =n/2;

Run Sammorprojection with X% to get

YO = {y® erei=12 - n,)

Whereygs) corresponds nng);

Normalizeygs) to getygN), t=1,2, -, ns}

LetY ™ = {y™M:i=1,2 - n};

Train an MLP withX) andY ™, y
corresponding tcxgs);

Use this trained MLP to project the complete data set
X and any new data points.

EN) is the target

50% data (note that in [9] 500 data points were taken for ddéa Method 2
sets of size 1000) for all computational experiments reportedin Method 1, we used 50% sample, although 50% sample

here.

is usually not needed. A small but adequate representation

Kohonen's.SOFM( )

{
Input X ={x; e RP:i=1,2, ---,n};
Input m;
Input maxstep;
Input Nd,;
Input «,;
Input o, and o y;
Generate initial weight vectors randomly

{wij,i=1,2---,m;j=12---, m}

t=0;
while(t < maxstep)
{

Selectx randomly fromX;
Find » = min; {||x — w;||};

/* The display grid size, a square of x m lattice is assumed/
/* Maximum number of updating steps/

/* Initial neighborhood sizé/

/* The Initial step size (learning coefficient)y
/* Parameters to control effective step size

/* r & i stand for 2-D indices that uniquely identify a node on the display lattite;

wi(t+ 1) = w,;(t) + oy x g (dist(r, ©)) * (x —

wi(t+ 1) =w;(t) Vi & Nd(r);
whereg,(d) = =4 /77;

t=t+1;
t
Octzoco*(l—i);
maxstep
tx(Nd, — 1
Nd, = Nd, — M
maxstep
t x —
o, =0, — LF(T0—0y).
maxstep
}

w;(t)) Vi € Ndy(r);
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of the data setX should be enough. We also explained howv,. and the other weight vectors associated with cells in the
an adequate sample can be selected [28]. Here we propospatial neighborhoodv,(r) are updated using the rule

hybrid network-based scheme which uses both Kohonen'’s self

organizing feature map (SOFM) and MLP. We use SOFM for

finding a small representative data set. Here the objective is to
reduce the size of the data set further. Thus, instead of using

wi(t+1) = wi(t) + hei(B)(x — wi(t)). (18)

samples that retain the structure of the original data, we inteRére » is the index of the “winner” prototype,

to use one of few prototypes which encode a small region in

the feature space. Note that, even when the data set does not
have a very well-defined cluster substructure, such encoding

will be there.

The set of vectors encoding the data set can be obtained,

if we can cluster it by a suitable clustering algorithm with
the right numberof clusters. But choosing the right clustering

r = min{||x — w;||}, and|| x| is the Euclidean

norm onR?, (29)

The functionh,.;(t) in (18) is used to express the strength

algorithm and the right number of clusters are difficult prolf intéraction between cells and« in the competitive layer.
lems. When clustering of the data is the only problem to désually i, (t) decreases with and for a fixed it decreases as
solved, we use some clustering algorithm to extract the natutfa distance from cell to cell » increases. A common choice
substructures present in the data. For example, in the IRIS da /iri(t) = i x e=40 (")/7¢ where o, and o decrease
[31] one would try to find three clusters corresponding to thretth time ¢, and distr, 7) is the Euclidian distance between
actual types of flowers. But for the problem at hand, projectingpdesr and< on the two-dimensional lattice. The topological
only the centroids of the three clusters will not suffice. RathengighborhoodV, (r) also decreases with time.

here for each cluster we need to extract a few prototypesOur implementation of Kohonen’s network algorithm is
each of which locally encodes a small but reasonable amgigen as shown at the bottom of the previous page.

of the feature space and all of them taken together encoderhe algorithm for Method 2 can now be summarized as
the entire cluster. Use of SOFM [29], [30] could be a goofbllows:

solution here as we can start with a reasonably large number

of prototypes and then use the weight vectors associated Witethod-2( )

winner cells of an SOFM trained with the sé&f. This can

be done because in SOFM, each cell in the competitive layer
has a tendency to encode (become a prototype of) a region

in the input space according to the density distribution of the

data. This is expected to reduce the sample size significantly.

Before describing the proposed algorithm, for completeness,
we briefly present the SOFM algorithm.

SOFM: SOFM [29], [30] is a transformation frork? —
R? that is often advocated for visualization of metric-
topological relationships and distributional density properties
of feature vectors (signalsX in R?. The visual display

produced by SOFM presumably helps one form a hypothesis

about topological structures iX. In principle, X can be
transformed onto a display lattice Ta? for any ¢; in practice,
visual displays can be made only for< 3, and are usually

made on a linear or planar configuration arranged as a

rectangular or hexagonal lattice. In this work we use only
square(m x m) displays.

Input vectorsx € R? are distributed by a fan-out layer to
each of the(rn x m) output nodes in the competitive layer.
Each node in this layer has a weight vectgy; € R? attached
to it. We letO,, = {w;;} C R” denote the set ofn* weight
vectors.

SOFM usually begins with random initialization of the
weight vectorsw;;. To simplify notation we suppress double
subscripts. Now lek € R?” enter the network and let t denote
the current iteration number. Fing ., the vector inO, that
best matchex in the sense of minimum Euclidian distance
in R?. This vector has a (logical) “image” which is the cell
in the competitive layer with subscript Next, a topological
(spatial) neighborhood;(r) centered at is defined. Finally, }

Input X ={x; e RP:i=1,2,---, n}k
/* Use Kohonen’sSOFM Algorithm */

Run Kohonen’sSOFM with X' as inputs;

GenerateX = {w; € RP: iis a winner cell;

Let there ben such winners;

Normalize(X U X), to getx!™, i=1,2, ---, n and
w; to gethN), i=1,2 -7

Let XM = {(x™:i=1,2 ..., n} and
XM =w™ii=1,2 - A}

/* Use Sammon’s Projection Method*/

Run Sammon’sprojection with X ") to get
Y={y,eR:i=1,2---,7n}
wherey; corresponds twvgN);

Normalizey; to getySN), 1i=1,2,-, 7

Let (V) = {yEN): i=1,2---, 2}

/* Use Backpropagation Algorithm */
Train an MLP with X(™ as inputs and” (")
as targets

yEN) is the target corresponding WEN);

Use this trained MLP to project the complete set
X)) and new data points.
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V. IMPLEMENTATION AND RESULTS

TABLE |

SaMPLE Size USED IN DIFFERENT METHODS

A. Data Sets

To demonstrate the effectiveness of the proposed schemgs

we implemented both of them as well as Sammon’s algorith@ongated
and Sammon_Network of Jain and Mao. All of these fou€lusters
algorithms are tested on three data sets nahisd Sphere- ~ Sphere-Shell

Shell, and Elongated-Clusters
Iris [31] is a well-known data set consisting 150 points from

Data Set Data size Sammon’s Sammon’s Method 1 Method 2
Projection  Net
150 150 75 75 43
1000 1000 500 500 68
1000 1000 500 500 145
TABLE 1l

three classes in a four-dimensional space. Each class has 50
points. One of the classes is well separated from the rest while

THE CPU TiME (SECY FOR VARIOUS METHODS

the other two have some overlap.

Data Set

Sammon_Projection Sammon_Network Methoklethod

1 2

Sphere-Shell [32] is a synthetic data set consisting of 10685

points in three dimensions. 500 points are selected randondsngated
within a hemisphere of radiusl (=0.6) and rest 500 from a Clusters

shell defined by two hemispheres of raditis(=2.0), andr3 ~ Sphere-Shell

205.61
9094.53

8995.78

1288.53
7555.75

7611.33

588.99 447.25
5390.94 502.36

5508.58 1218.30

(=2.013), such thatl < 2 < 3.
Elongated clusters [9] is also a synthetic data set consisting
of 2 elongated clusters d@f00 points each in three-space.

B. Computational Protocols

Here we list the values of different parameters used in our ’
implementations. These are kept the same irrespective of the n
+

data set used.

1) PCA_Network:
e = 0.00001
maxstep = 5000 iterations
n =15
po=15
8 =01
a = 0.999
2) Sammon Projection:
e = 0.0001
mazxzstep = 100 epochs
a = 0.5
3) Sammon Network:
e = 0.00001
maxstep = 1000 epochs
a =09
B =07
Hidden Layers= 1
Hidden Nodes= 30
4) Backpropagation:

¢ = 0.001

mazstep = 1000 epochs
n = 09

a = 0.7

Hidden Layers= 1
Hidden Nodes= 30
5) Kohonen’s SOFM:
m = 25
maxstep = 1000 iterations
Ndo = 21
xpg = 0.9
Jag = 4.0
o = 0.5

Fig. 1. Iris—Projection by Sammon’s Method.

C. Results

Table | lists the sample size used by different methods for
different data sets. Column 6 in Table | shows that SOFM-
based selection can reduce the sample size drastically, of
course, at the cost of training of SOFM. It is interesting to
note that for the elongated cluster, the number of required
data points as suggested by SOFM is less than 7% of the size
of the original data set.

Table Il shows the CPU time needed by different methods
for the three data sets. For Iris, since it is a very small data set,
Sammon-Network required about six times CPU time as that
of Sammon’s algorithm; while the proposed methods required
about 2.5 time as that of Sammon’s algorithm. In fact for
any small data set none of the network implementations is
expected to be beneficial. Figs. 1-4 display the scatterplots of
the two-dimensional data sets projected by the four methods
for Iris.

For the elongated clusters Jain and Mao’s method reduces
the CPU time by about 17% while the reduction for Method
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Fig. 2.

Fig. 3.

Fig. 4.
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TABLE 1l

! SAMMON'S ERROR FORVARIOUS METHODS
Data Set |Sammon_Projection Sammon_Network Method 1 Method 2
; IRIS 0.006 590 0.012521 0.061734 0.042415
, Elongated |0.029 305 0.341532 0.344 348 0.345785
. s, Clusters
y Sphere- [0.000889 0.09 0.03 0.05
4 ’*t’, ;o Shell
+ Yy y
T B
-#‘_Fﬂ-ij_ﬁr_*_
+
#
: +
" #
++
Iris—Projection by Method 1.
b
a, 31 ’,1”7: '
’ n i: :i-; _;’—;H’,],”a” ,’
+
+ &4% tft 1+
P B+ E T+
++ Fig. 5. Elongated clusters—Projection by Sammon’s method.
+
Tratltgnsta, ;‘.._\_
Iris—Projection by Sammon_Network.
3 H
)
1 ) 7 ’ s -'G;:i‘
) 3 .
)
;, + ﬁ«}— " Fig. 6. Elongated clusters—Projection by Method 1.
R =+ —#'_{._ + +
0 A R
+ ., et ++ 1 and Method 2 are nearly 40 and 95%. The computa-
L I ﬁfﬁ tion time for Method 2 is about 7% of Jain and Mao’s
] f+ * + + method, yet the performance of the proposed methods and
: T Sammon_Network are quite comparable in terms of Sam-
* J mon’s error function (Table 1l1). Visually also they are quite
+ comparable, see Figs. 5-8.
: Finally for the Sphere-Shell data also a significant im-
h provement in computation time is exhibited by the proposed

Iris—Projection by Method 2.

methods over both Sammon_Network and Sammon’s algo-
rithm. It is interesting to note that Sammon’s error for the
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Fig. 7. Elongated clusters—Projection by Sammon_Network.

R

Fig. 8. Elongated clusters—Projection by Method 2.

Fig. 10.

Sphere—Shell data is even less than that for the other two

methods. For elongated clusters and Sphere—Shell, we used

the same sample size and for them each algorithm required
CPU time of the same order, but the Sammon’s error for
Sphere—Shell is much smaller than that for elongated clusters.
There could be several reasons for this; for example, the
Sammon’s error surface for elongated clusters could be more
complex with many local minima than that for Sphere-Shell
and the initiliazations used may be such that the search got
stuck in one such bad minima. The scatterplots of the projected
data for sphere-shell in Figs. 9-12 show that of the three NN
implementations Method 1 produces the best result.
Summarizing results we offer the following conclusions: for
small data sets Sammon’s algorithm may be computationally
better but it does not have the prediction capability. For
large data sets, the computational overhead is likely to follow
the ordering: Sammon’s algorithny Sammon_Network>
Method 1> Method 2. The predictability of all the three

network based methods are quite comparable in terms ry. 11.

Fig. 9. Sphere-shell—Projection by Sammon’s method.

* oy

+
S T U R A

4

Wl g st LT

Sphere-mthdshell—Projection by Method 1.

Sphere-shell—Projection by Sammon_Network.
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(3]
(4]
(5]

(6]

(7]

(8]

El

(20]

[11]

Fig. 12.

Sphere-shell—Projection by Method 2.

[12]

[13]
Sammon’s error. But scatter plots of the projected data sets
show that for nonlinear data the proposed methods are betgy
than Jain and Mao’s method.

[15]
VI.

We have proposed two connectionist schemes for struésl
ture preserving dimensionality reduction (feature extraction).
The first method, Method 1, unlike Jain and Mao’s methogd7]
which attempts to minimize Sammon’s error, uses Sammon’s
algorithm to project a small data séf‘>) selected based (18
on statistical criterion that ensures preservation of the dis-
tributional characteristics of the original data set. Then an
MLP is used to capture the relation betwedH*) and its
Sammon projected values. This trained MLP is then used for
further projection of new data points. The second metho@9l
Method 2, exploits the substructure encoding characteristic of
Kohonen's SOFM and the function approximation capabilitjg1]
of MLP’s. Both methods drastically reduce the computation
time compared to Sammon'’s algorithm and Sammon_Netw
of Jain and Mao, and exhibit good prediction capability for
new data points. Method 2 reduces the size of the data E 5
drastically and hence the quality of the projected map is not
as good as that of Method 1. Instead of considering only ti&]
winner nodes, it may be interesting to take all prototypes gS]
the SOFM. In this case the number of nodes on the display
lattice should be taken much smaller than the data set size. This
will ensure reduction of data set to be used with Sammon&]
algorithm and at the same time consideration of the nonwinner
nodes is expected to result in a better projection map. T&]
summarize the proposed methods are conceptually sound
simple and overcome the problems of both Sammon’s method
and the network implementation of Jain and Mao.

CONCLUSION

[29]
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