FILVIANALETAT ST RERFBE

http://akashi.ci.i.u-tokyo.ac.jp/mary/lectures/algorithm/

WHE 13:00--14:30
I-REF # 6 tOE—

B with ZHKXE-FERE

=4
it
Al




SEDRE YD

D3RR



TJS5YNIS ARG &
=y S UM
« ITYNISRAG
SR BRIz RE B E AL
c [BREOSRA)T
—FUROYSLOER(SE or HiEDEREL)

é

Divisive

b
k Agglomerati\gfe



ZDONITSYNITRRAYYG

e Partition Method

[Kaufman, Rousseeuw]
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e k-means Method
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Integer Programming model

dij=d(xi,xj) xi & xj DiEEf
yj = <1 B xj DY representative

O otherwise
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{O otherwse
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Xijj = yj (FELEL=86I12)
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* Relational Data Base (1970 Codd)

e Association Rule Mining (1993 Agrawal )
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Data Preprocess
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Data Cleaning
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e 1={i, iy, i W T7ATLESR
* t:transaction HABEYIDTATLESG tCI.
 T:transaction &8 T={t, t,, .., t }.
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e sup=Pr(XUY) 3X#FE >= minsup
e conf=Pr(Y| X) HEIEE >= minconf
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e Transaction data {6:
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minsup = 30%
minconf = 80%

* frequent ijtemset:

(F2A. R, ZILD}  [sup=3/7]

e Association rules

R — 2B SI)LY [sup =3/7, conf =3/3]

MR, 2B — SJ)LY, [sup=3/7, conf=13/3]
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EM;Z (Expectation Maximization)
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 Linux, Mac, (Windows+Cygwin)

e RIE<T 2IR1E (VMware, VirtualBox, Parallels)
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X[k]z%':.x{nﬂtvb’ k = 0,...N-1
Mel)
N=4DEE

X[0] = w,°x[0] + W °x[1] + W, °x[2] + W.°x[3]
X[1] = w,.°x[0] + W, *x[1] + W, x[2] + W, *x[3]
X[2] = W,°x[0] + W, x[1] + W,*x[2] + W, °x[3]

X[3] = W.°x[0] + W.2x[1] + W, °x[2] + W. x[3]
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X[0] = W x[0] + W.°x[1] + W.°x[2] + W, °x[3]
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int m(int x, int y) {

}

Control Flow Graph

while (x > 10) {

if (x == 10) {

x -=10; // x =x - 10, :::

break;

}
}

X = square(x);

if (y < 20 8& x%2 ==

JoRo! »@1 ©

2 {

y +=20; // y =y + 20; | Control flow —>

}
else {

y -=20;, //y=y-20;

}

return 2*x + y;

Figure 1. Control flow graph of m()

http://www.thomasalspaugh.org/pub/fnd/dataFlow.html
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Data Flow Graph

int m(int x, int y) {

}

while (x > 10) {

x -=10; // x =x - 10,

if (x == 10) {
break;
}
}
x = square(x);
if (y < 20 && x%2 == @) {

y +=20;, //y =y + 20;

}

else {

y -=20; //y=y-20;

}

return 2*x + y;

Data flow =%

Control flow —>

Figure 2. Control and data flow graph of m()

http://www.thomasalspaugh.org/pub/fnd/dataFlow.html
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http://www.emeraldinsight.com/journals.htm?articleid=1747512
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* Contents-based filtering
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Collaborative filtering
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