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Abstract

Maximum Margin Clustering which shows high performance in a number of
applications has been actively being researched in recent years. It works based
on an idea named maximum margin which is usually used in Support Vector
Machines. When given a dataset in a clustering test, MMC makes SVM find
out the maximum margin which is a distance between support vectors and
hyperplane, and finally obtains the largest one of whole patterns.When given
a dataset sized n, it can be thought that 2" patterns of clustering results ex-
ist, and the same number of SVM necessary be run. Obviously, this is not a
computable program in practice as you have known. But we can transfer the
optimization problem of SVM to semi-definite programming by adding some
conditions to make it be a computable program. Unfortunately, SDP still shows
rather high computational cost in practice, and several improvements had been
proposed. In this paper, we fix eyes on a new approach named Generalized
Maximum Margin Clustering by Valizadegan. However, in Valizadegan’s pa-
per, precisions of clustering results would be instability according to the value
of the parameters. So how to set parameters to different test data is a dif-
ficult problem in practice. Additionally, although the result of Valizadegan’s
proposal showing comparatively low computational cost compared with other
methods, it cost almost 200 seconds to cluster just 200 data. Due to runtime in-
creases exponentially in accordance with the increasing of the number of data,
it is not able to cluster a dataset larger than 500. To solve this problem, we
proposed a new method that centrally normalized every dataset firstly, then
applied them just to the linear kernel simply. Concluding from the result of
experiments, this method we proposed showed higher performance compared
to both Kmeans method and CLUTO on almost dataset. In our experiment, it
just took 0.01 second on clustering a dataset sized of 200, and about 2 minutes
on a dataset being 3200 examples.
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000000 36)0000000000000OUDOO0OO0O0OLDODOOUDOUDOyYyOODO
0000000000000 M=yy' 000000000 MOOOOOOOOOOOO

73 M)=max2a'e — (Koaa ,M) st.0<a<C (3.7)

0o0oooo (3790 MOUOOOOUOOOOOOODUOODOMOyOOOOOOOOOOOO
gooooooooa M:nyD MOOOOOOOOO (3.7)DDDDDDDDDDDD
000000 Xu,Neufeld O O

1 if y; =y
]\4’€ {71’+1}N><N, m” _{ Iy y]

gbooooboooooo

Ly :mi; = 15 my; = myis map = mig +mge — 15 Vije
Lo myji > —mi; — mig — 15 Vi
Lg =L < Zimij Sf, Vj

000000000000000000000000000000 M>000000000
000000000000000 MMCOOOO (38)0000000000 (3.9)00 (3.8)
0SDPOOOOOOOOOOOODOOO

min max2a'e — (Koaa',M) st.0<a<C,Li,Ly L3, M >0 (3.8)
Me[—1,+1]NxXN o
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Al GgMMCUOOODOOOUODODOOoOooDbOoooboDboo

#Generalized Maximum Margin Clustering.

#Input file and output file.
Input <- "./optdigitsl-7.data"
Output <- "gmmc-result4"

#The number of the instances of the input file.
M <- 776

#The number that used in training. N could be equal to M.
N <- 776

#The number of the attribute with each instance except the class label.

Ncol <- 64

#Cluster number. You can apply multi-classification on Kmeans and U-SVM but not GMMC right
Class <- 2

#Identity matrix.
I <- diag(N)

#Normalize the data(by columns).
Normalization <- function(data){
data <- t(data)
rs <- rowSums(data)
for (4 in 1:N)
if (rs[i] > 0.0) datali,] <- datali,] / rsl[il
data <- t(data)

return (data)
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#0utput the message or result to screen and file.
Printout <- function(obj){
if (is.character(obj)){
cat(obj, "\n")
write(obj, Output, append=T)
}else if (is.matrix(obj)){
print (obj); cat("\n")
write.table(obj, Output, row.name=F, col.name=F, append=T)
Yelseq{
print (obj); cat("\n")
n = length(obj)
if (n <= 40){
write.table(matrix(obj,1,n),0utput,row.name=F,col.name=F,append=T)
}elsed{
i=1
while (i+39 <= n){
write.table(matrix(obj[i:(i+39)],1,40),0utput,row.name=F,col.name=F,append=T)
i = i+40
}
if (1 < n)

write.table(matrix(obj[i:n],1,n-i+1),0utput,row.name=F,col.name=F,append=T)

#Calculate the accuracy rate of the result.
Accuracyrate <- function(table){
AR = round(sum(diag(table)) / N, 4)
if (AR > 0.5)
return (paste(as.character (AR¥100), "%"))
else

return (paste(as.character ((1-AR)*100), "%"))

#Make a pseudo inverse matrix K~ (-1) of matrix K.
#K~ (-1)=I-sqrt (D) *K*sqrt(D), D is a diagonal matrix Dii=sum(Kij).
InverseMatrix <- function(K){

D <- matrix(0, N, N)

for (i in 1:N) D[i,i] <- sqrt(sum(K[i,]))

Inverse_K <- I - D %*% K %*% D
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return (Inverse_K)

data <- matrix(scan(Input), nrow=M, byrow=T)

data <- data[1:N, ]

#answer <- datal, 1]

#data <- datal, -1]

answer <- datal, Ncol+1] #It will be used while the answer be the last column.

data <- datal[, —-(Ncol+1)]

#a <- rep(1,200) #It will be used while the answer not been written in data.
#b <- rep(2,200)

#answer <- c(a, b)

One <- answer[1]

answer <- ifelse(answer == (One, 1, 2)

HHHHHHHHH RS Generalized Maximum Margin Clustering ###########HHH##HHHHHHHHHH

#library (MASS)

#We need to normalize the data before using it in testl,2 and 3.

#data <- Normalization(data)

#Linear kernel and K~ (-1).
MakeLinearKernel <- function(){
#We need to normalize the data before using it in linear kernel.
#data <- Normalization(data)
t1 <- Sys.time()
#Printout ("Making linear kernel and its inverse matrix...")
L_K <- data %*% t(data)
#InverselL_K <- ginv(L_K)
t2 <- Sys.time()
#Printout (paste("It took", t2-tl, "seconds.\n"))

return(L_K)

#RFB Kernel and K~ (-1), K(i,j)=exp(-y |xi-xj|"2)=exp(-y (xilxi+xfIxj-2xilxj)).
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MakeRFBKernel <- function(gamma){
tl <- Sys.time()
#Printout ("Making Gauss kernel(RBF) and its inverse matrix...")
Data <- data * data
G_K <- diag(N)
for (i in 1:N)
for (j in 1:M){
if (i <= j) next
G_K[i,j] <- exp(-gamma*sum(Datal[i,] + Datalj,] - 2*datali,]l*datalj,]1))
3
G_K <- t(G_K) + G_K - diag(N)
t2 <- Sys.time()
#Printout (paste("It took", t2-tl, "seconds.\n"))

return(G_K)

#Polynomial kernel and K~(-1).

#t1 <- Sys.time();

#Printout ("Making polynomial kernel and its inverse matrix...")
#P_K <- Gmmcresult_K + 1

#P_K <- P_K * P_K

#InverseP_K <- InverseMatrix(P_K)

#t2 <- Sys.time()

#Printout (paste("It took", t2-tl, "seconds.\n"))

#Multiple kernel and K~ (-1).
#Printout ("Making multiple kernel and its inverse matrix...")
#M_K <- P_K + G_K

#InverseM_K <- InverseMatrix(M_K)

#Make the constraint matrix.

#t (P)Y*%InverseK)x/P + Cxe0%*/%t(e0) + sum(gamma_i*I).
#C <- 100

#CO <- 1

P <- cbind(diag(N), 1)

e0<- rbind(matrix(1,N,1), 0)

GMMC <- function(mess, C, CO , InverseK, g){
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Maxgamma <- -1
gamma <- 0.0
pos <- 0
Printout (paste("Making the constraint matrix with",mess,"kernel..."))
t1 <- Sys.time()
K_S.T. <= t(P) %*% InverseK %x} P + C * e0 %xJ, t(e0)
S.T. <- K_S.T.

while (gamma < CO ){
#Make a constraint matrix.
for (i in 1:N)
S.T.[1i,i] <- K_S.T.[i,i] - gamma

#Check the matrix whether it is a semidefinite program matrix.
#It is not necessary to calculate the eigenvactors of the matrix here.
ev <- eigen(S.T., symmetric=TRUE, only.values=TRUE)
val <- ev$values
for (i in 1:(N+1))
if (vallil < 0){#(Re(vall[il) < O || Im(val[il) !'= 0){
pos <- 1
break
b
if (pos == 0){

Maxgamma <- gamma

pos <- 0

#if (g) Printout(paste("gamma =", gamma, "C =", C))
}
#testl

#gamma <- gamma + 0.45

#test2

gamma <- gamma + 0.1
b
#test3

#if (Maxgamma<O || g==0) return()
t2 <- Sys.time()

Printout (paste("It took", as.numeric(t2-tl,units="secs"), "seconds in making the

constraint matrix."))
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Printout (paste("Max gamma =", Maxgamma))

#If Maxgamma>0, it means there would be a best constraint matrix. Otherwise no answer.
for (i in 1:N)
S.T.[i,i] <- K_S.T.[i,i] - Maxgamma

#Calculate the labels.

ev <- eigen(S.T., sym<-T)

vec <- ev$vectors[, N+1]

Gmmcresult <- ifelse(vec > 0.0, 1, 2)

One = Gmmcresult[1]

Gmmcresult <- ifelse(Gmmcresult == One, 1, 2)

Gmmcresult <- Gmmcresult[1:N]

Printout (paste("Clustering result with C=",C,"Cd =",Cd ,"gamma=",g,"in",mess,"kernel.").
#Printout (Gmmcresult)

tbl = table(Gmmcresult, answer)

#Printout (tbl)

Printout (paste("Accuracy rate =", Accuracyrate(tbl), "\n"))

Printout(paste("Testing the data set - \"", Input, "\".\n"))
Printout(paste("M =", M, " N =", N, " Ncol = ", Ncol, "\n"))

#test 1, and the result will be saved in "./gmmc-resultl"

#test 4, the condition are the same as test 1 except nomorlizing the data.
C <- c(1, 10, 100, 1000, le+4, 2e+4)

Cd <-1.5%C

gamma <- ¢(0.0001,0.001,0.01,0.1,1,10,100,1000)

#test 2, and the result will be saved in "./gmmc-result2". test5.
#C <- c(1, 10, 100, 1000, le+4, le+b5, let+6, le+7, let+8)

#CO <- 1.5  #test2 and test3,gamma increases 0.1 each step
#gamma <- (1:10) / 10

#test 3, and the result will be saved in "./gmmc-result3"
#C <- 1:2e+b
#Cd <- 1.5

#gamma <- 1
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#g <- 1
#cd <- 1.5

L_K <- MakeLinearKernel()

Inversel_K <- InverseMatrix(L_K)

for (c in C){
for (cd in Cd ){
for (g in gamma){
G_K = MakeRFBKernel(g)
InverseG_K <- InverseMatrix(G_K)
GMMC("Gauss", c, cd, InverseG_K, g)

}
GMMC("Linear", c, cd, InverseL_K, g=0)

}
write ("\n\n\n#####tH A . Output, append=T)

A.2 LMMCUO K-meansU [ vcluster O 0O O

#To compare Kmeans,vcluster and Linear kernel Maximum Margin Clustering.
library(MASS)

#Input file and output file.

Input <- "abalone8-9.data"

Output <- "kmeans-gmmc-result"

#The number of samples in dataset.
N <- 1257

#The number of the attribute with each instance except the class label.

Ncol <- 8

#Cluster number. You can apply multi-classification on Kmeans but not GMMC right now.
Class <- 2
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#Identity matrix.
I <- diag(N)

#Normalize the data(by columns).
Normalization <- function(data){
d <- abs(data)
d <- t(d)
rs <- rowSums(d)
data <- t(data)
for (i in 1:Ncol)
if (rs[il > 1e-6) datali,] <- datali,] / rsl[il
data <- t(data)

return (data)

#0utput the message or result to screen and file.
Printout <- function(obj){
if (is.character(obj)){
cat(obj, "\n")
write(obj, Output, append=T)
}else if (is.matrix(obj)){
print (obj); cat("\n")
write.table(obj, Output, row.name=F, col.name=F, append=T)
Yelsed{
print (obj); cat("\n")
n = length(obj)
if (n <= 40){
write.table(matrix(obj,1,n),0utput,row.name=F,col.name=F,append=T)
}elsed{
i=1
while (i+39 <= n){
write.table(matrix(obj[i:(i+39)],1,40),0utput,row.name=F,col.name=F,append=T)
i = i+40
}
if (i < n)

write.table(matrix(obj[i:n],1,n-i+1),0utput,row.name=F,col.name=F,append=T)
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#Calculate the accuracy rate of the result.
Accuracyrate <- function(table){
AR = round(sum(diag(table)) / N, 4)

return (paste(as.character (AR*x100), "%"))

#Calculate the Entropy of the result. ct:cross table
Entropy <- function(ct){
round (-sum( (apply(ct,1,sum) / N) * apply(ct,1,ClassEntropy)), 4)

ClassEntropy <- function(pv){
pl <= pv / sum(pv)
p2 <- pllpl != 0]
sum(p2 * log(p2, Class))

#Calculate the Purity of the result. ct:cross table
Purity <-function(ct){
round (sum(apply(ct,1,max)) / N, 4)

#Make a pseudo inverse matrix K~ (-1) of matrix K.
#K~(-1)<-I-sqrt (D) *K*sqrt(D), D is a diagonal matrix Dii<-sum(Kij).
InverseMatrix <- function(K){

#Maybe it will use library to calculate K™-1

#while D cannot be able to be calculated correctly.

d <- TRUE

D <- matrix(0, N, N)
for (i in 1:N){
s <- sum(K[i,])

if (s >= 0) D[i,i] <- sqrt(s)

elseq{
d <- FALSE
break

}
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if (d) Inverse_K <- I - D %x% K %x*% D

else Inverse_K <- ginv(K)

return (Inverse_K)

data <- matrix(scan(Input), nrow=N, byrow=T)
data <- data[1:N, ]

#answer <- datal, 1]

#data <- datal[, -1]

answer <- datal, Ncol+1] #It will be used while the answer be the last column.
data <- datal[, —-(Ncol+1)]
#a <- rep(1,200) #It will be used while the answer not been written in data.

#b <- rep(2,200)
#answer <- c(a, b)
One <- answer[1]

answer <- ifelse(answer == (One, 1, 2)

#Kmeans method. Let the first instance belong to class one, and others two.
km <- kmeans(data,Class)

One <- km$cluster[1]

kmresult <- ifelse(km$cluster == One, 1, 2)

Printout (paste("Testing the data set - \"", Input, "\".\n"))
Printout(paste("N =", N, " Ncol = ", Ncol, "\n"))

Printout ("The clustering result of Kmeans method.")

Printout (kmresult)

Printout ("Check the result of Kmeans method.")

tbl <- table(kmresult, answer)

Printout (tbl)

Printout (paste("Accuracy rate =", Accuracyrate(tbl)))
Printout (paste("Entropy =", Entropy(tbl)))
Printout(paste("Purity =", Purity(tbl), "\n"))

Printout("The clustering result by Cluto.")

filel <- paste("./cluto-2.1.1/MMC-testdata/", Input, ".clustering.2", sep="")
file2 <- paste("./cluto-2.1.1/MMC-testdata/", Input, ".rlabel", sep="")
resultl <- c(matrix(scan(filel), nrow=N, 1))

result2 <- c(matrix(scan(file2), nrow=N, 1))
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One <- resulti[1]
resultl <- ifelse(resultl == One, 1, 2)
One <- result2[1]

result2 <- ifelse(result2 == One, 1, 2)

Printout (resultl)

tbl <- table(resultl, result2)

Printout (tbl)

Printout (paste("Accuracy rate =", Accuracyrate(tbl)))
Printout (paste ("Entropy =", Entropy(tbl)))

Printout (paste("Purity =", Purity(tbl), "\n"))

HHHHH AR AAAE Generalized Maximum Margin Clustering ###########HHHH#HHHHHHHHHHH

#We need to normalize the data before using it.

data <- Normalization(data)

#Linear kernel and K~ (-1).
L_K <- data %x*% t(data)

Inversel._K <- InverseMatrix(L_K)

Cc<-1
gamma <- 0.5
tl <- Sys.time()

#Make the constraint matrix.
P <- cbind(diag(N), 1)
e0<- rbind(matrix(1,N,1), 0)
K_S.T. <= t(P) %*% InverseL_K %x*% P + C * e0 %x), t(e0)
S.T. <- K_S.T.
for (i in 1:N)
S.T.[i,i] <- K_S.T.[i,i] - gamma

#Check the matrix whether it is a semidefinite program matrix.
ev <- eigen(S.T., symmetric=TRUE)
val <- ev$values
pos <- 0
for (i in 1:(N+1))
if (vallil < 0){
pos <- 1
break
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#There is not any answer with convex constraint.
if (pos){
Printout("There is not any answer with convex constraint. ")

return()

#Calculate the labels.

vec <- ev$vectors[, N+1]

Gmmcresult <- ifelse(vec > 0.0, 1, 2)

One = Gmmcresult[1]

Gmmcresult <- ifelse(Gmmcresult == One, 1, 2)

Gmmcresult <- Gmmcresult[1:N]

t2 <- Sys.time()

Printout(paste("It took", as.numeric(t2-tl,units="secs"), "seconds in GMMC method."))

Printout ("The clustering result of GMMC method.")
Printout (Gmmcresult)
Printout ("Check the result of GMMC method.")

tbl = table(Gmmcresult, answer)

Printout (tbl)

Printout (paste("Accuracy rate =", Accuracyrate(tbl)))
Printout (paste ("Entropy =", Entropy(tbl)))
Printout(paste("Purity =", Purity(tbl), "\n"))

write ("\n\n####a AR AR Y . Output, append=T)

A3 vcluterUOQOQOOOO

#Create a testdata for vcluster from a matrix.
Input <- "./wisconsin.data"

Outputl<- "./cluto-2.1.1/MMC-testdata/wisconsin.data"
Output2<- "./cluto-2.1.1/MMC-testdata/wisconsin.data.rlabel"
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N <- 699
M <- 10

data <- matrix(scan(Input),nrow=N, byrow=TRUE)
newdata <- datal, 1:M-1]
#newdata <- datal, 2:M]

write.table(matrix(c(N, M-1), Outputl, row.name=F, col.name=F)
write.table(matrix(newdata, N, M-1), Outputl, row.name=F, col.name=F)
write.table(matrix(datal[,M], N, 1), Output2, row.name=F, col.name=F)

#write.table(matrix(datal,1], N, 1), Output2, row.name=F, col.name=F)

A4 CLUTOUOOOOODODDOOOODOOO

#Create a matrix from cluto-database.

n = 5832 + 1
input = "./test_data"
output= "./test_data_matrix"

fin = open(input, "r")

fout= open(output,"a")

for line in fin:
line = line.split()
1 = len(line)
label = [0]
value = [0]
for i in range(1):
if i%2==0 :
label.append(line[i])
value.append(line[i+1])

for i in range(1l,n):

if str(i) in label:
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j= g+

row = row + value[j] + ° °
else:

row = row + 0’

fout.write(row + ’\n’)

fin.close()
fout.close()

46



