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library (RColorBrewer)

showMatrix <— function(x, ...)
image (t(x[nrow(x):1,]), xaxt = ’'none’, yaxt = ’'none’,
col = rev(colorRampPalette (brewer.pal(9, ’Greys’))(100)), ...)

faces<—read.tables(” faces.txt”)

x<—as.matrix (faces)

par (mfrow=c (20,20) ,mar=rep (0,4))

for (i in 1:400)

showMatrix (matrix (x[i,],64,64))

rownames (x)<—paste ("P” ;rep (1:40,each=10),”—” ;rep (1:10,40) ,sep="")
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xs<-x[381:390,]

xd<—dist (xs)

par (mfrow=c (2,5) ,mar=rep (0,4))
for(i in 1:10)

showMatrix (matrix (xs[i,],64,64))

{2 IR ZE T2 M Bien and Tibshirani (2011) B 5 #E% HE TR K

par (mfrow=c (2,1))

#Hierachical clustering

hh<—hclust (xd , method=" average”)

plot (hh,hang=-1)

for(i in l:nrow(xs))

subplot (showMatrix (matrix (xs [hhSorder[i],],64,64)),i,70,size=c(0.5,0.5))
#perform minimax linkage clustering by Bien, J., and Tibshirani, R. (2011).
library (protoclust)

library (TeachingDemos)

hm<—protoclust (xd)

plot (hm, hang=-1)

for(i in 1l:nrow(xs))

subplot (showMatrix (matrix (xs[hm$order[i],],64,64)),1,70,size=c(0.5,0.5))
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#compute the coordinates of nodes

absi <— function (hc, level=length (hc$height), init=IRUE){

if(init){
.count <<— 0
.topAbsis <<— NULL
.heights <<— NULL
}
if(level <0) {
.count <<— .count + 1
return (. count)
}
node <— hc$merge[level ,]
le <— absi(hc, node[l], init=FALSE)
ri <— absi(hc, node[2], init=FALSE)
mid <— (le+ri)/2
.topAbsis <<~ ¢ (.topAbsis, mid)

.heights <<— ¢ (.heights, hcSheight[level])
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invisible (mid)
}
absi (hm)
ord<—order (. heights)
yo<—.heights[ord]
x0<—.topAbsis [ord]
for(i in 1:(nrow(xs)—=1))
subplot (showMatrix (matrix (xs [hm$proto[i],],64,64)) ,xo[i],yo[i],size=c(0.5,0.5))
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id<—rep (1:40,each=10)

faces.data.frame<—data.frame(cbind (id=id , faces))

#pick out the last photo for each person as the testing photo
testid<—seq(10,400,by=10)

train. faces<—faces.data.frame[—testid ,]

test .faces<—faces.data.frame[testid ,]
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xc<—scale (train.faces[,—1],scale=FALSE)
A<—t(xc)/sqrt (360—1)

# 4096x360

# thus, the covariance matrix is A%:%t (A)
A.egn<—cigen (t (A)%+%A)

# 360x360

pc<—A%+7A.egnSvectors

pc<—apply (pc,2, function (i) i/sqrt(sum(ixi)))
# normalize the pc

n<—80

sum(A.egn$value[1:n]) /sum(A.egn$value)

# 92%, thus we use the first 80 pcs
pes<—pc[,l:n]

# pc scores for training data

yt<—xc%%pcs
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ft<—data.frame(cbind (id[—testid],yt))

flda<—1da (X1 ., ft)

fl<—predict (flda , ft)Sclass

diag(table (fl ,id[—testid]))

1 2 3 4 5 6 7 8 910 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25
99 9 9 9 9 9 9 9 9 9 9 9 9 99 9 9 9 9 9 9 9 9 9
26 27 28 29 30 31 32 33 34 35 36 37 38 39 40

99 99 9 9 9 9 9 9 9 9 9 9 9
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#pc scores for testing data
xv<—as.matrix (test.faces[,—1])
xvs<—scale (xv, scale=FALSE)
yv<—xvs%+/pcs

fv<—data.frame(cbind (id[testid],yv))




6| pl<—predict (flda ,fv)Sclass
diag(table(pl,id[testid]))
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