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AR

- FAEFZH (data mining)

- BB ER AR R (KDD, Knowledge Discovery in
Database)

- BERIRA] (pattern recognition)

- NT&HE (Artificial intelligence)

- P82 >] (machine learning)

- iM% (statistical learning)
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Top 10 algorithms in data mining, 2007

This paper presents the top 10 data mining algorithms identified by
the IEEE International Conference on Data Mining (ICDM) in
December 2006: C4.5, k-Means, SVM, Apriori, EM, PageRank,
AdaBoost, kNN, Naive Bayes, and CART. These top 10
algorithms are among the most influential data mining algorithms in
the research community......

These 10 algorithms cover classification, clustering, statistical
learning, association analysis, and link mining, which are all among
the most important topics in data mining research and development.

Xindong Wu, Vipin Kumar, J. Ross Quinlan, et al. Top 10 algorithms in data mining.
Knowledge and Information Systems, 14(1):1-37, 2008. Published online: 4 December 2007.
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R RRSHIEZE

HIBIZE + R HE L s

AdaBoost
Apriori

Naive Bayes

k-Means

A CD

EM
The Top Ten

Algorithms in
Data Mining

Naive
PageRank
AdaBoost

Pagerank c 2512 & Webi¥ 2%

[1] Xindong Wu, Vipin Kumar, J. Ross Quinlan, et al. Top 10 algorithms in data mining. Knowledge and Information Systems, 14(1):1-37, 4 December 2007.
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SHRZE: BIRZRE BT ZGE
- BMTPAER

- Naive Bayes. EM. K-means. SVM. kNN
- PRIR

- ID3. C4.5. CART
- BEF N RBEESN - 0RE

- Bagging

- Boosting

- AdaBoost, 1995

- AR BT
- T E P EE T A TR 12 B A O B
 A-Priori [1994]
- Eclat [1997]
- FP-growth (Frequent Pattern growth) [2000]

o AN E HHE B A AR 1 42 4
- WebHd B £ E 218

- 54 (hash) 515 4732 (Hash Table)

- AL JE 2% (Bloom Filter)

- T RLEE B A
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SHAS: HIFEZHE

S

- HMH

- Naiv

- ID3
- C4.5

aE=R:Y

e Bayes. EM. K-means. SVM. kNN

- CART

-

AT RBEEN AT

- Bagging
- Boosting
- AdaBoost, 1995

- AT
« WebH

Amy

1 IR TZ IR

A%
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{Machine Learning) |,

&

I

outlook temperature | humidity | windy | play
sunny hot high FALSE ([no
sunny hot high TRUE |no
overcast |hot high FALSE
rainy mild high FALSE
rainy cool normal FALSE
rainy cool normal TRUE
overcast |cool normal TRUE -
sunny mild high FALSE
sunny cool normal FALSE
rainy mild normal FALSE
sunny mild normal TRUE
overcast | mild high TRUE
overcast |hot normal FALSE
rainy mild high TRUE |no

2019/5/5 7

Tom M.Mitchell, 1997, 532 ] 1

Giit 7 AR REIE (FEPR
i F5outlook, temperature,

humidity, windy), 50X
RS HIT B (play) . Wik
25 i — RS RIE P ETE
sunny,cool,high, TRUE, HIkr

— FAREETHR,
X257 K(a)
Mg
outlook sunny
temperature | cool
humidity high
windy FALSE
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2= DI ER o7 25K

o|lpi: Naive Bayes text classification

FEXASFRT, BATH Bir ik HCE R geR T
MBI, XTTNB K, B AR R A

MAPHE B I 45 3R C o

Cmap = arg max P(c c|d) = arg max .E’(-::) H .E’[tk|c)
cellC cel 1<k<ny

\

- WA THSEP (o) K P (t [c ) ?

ﬁ(c):Nc P(t] ¢) =—2 ,
N ZI'EVTCT"
- AR > T
Bltlc) = — T+ 1 Tet + 1

Zt CV{ ct’ r+ 1] (Zt"EV Tct’) + B
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R DI AR T Rz >R E
E1(outlook): sunny, overcast, rainy
E2(temperature): hot, mild, cool
E3(humidity): high, normal
E4(windy): FALSE, TRUE
C{play): no, yes 37 B
P(C,E1,E2,E3,E4)=P(C)P(E1|C)P(E2|C)P(E3|C)P(E4|C)
\

]

ﬂ Graphical Cmap = arg max P(c|d) = arirlgax P(c) H P(tk|c)

cclC
1<k<n
Model ="="d
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gz DI RR 43 285K 8%

El:outlook E2: temperature E3:humidity E4:windy C:play
yes | no yes | no yes | no yes [ no | yes | no
sunny 2 | 3 |hot 2 | 2 |high 3 |4 |false| 6 | 2| 9 |5
overcast | 4 | O {mild | 4 | 2 |normal | 6 | 1 |true 3

rainy 3 |2 |cool | 3 |1

ML A
. outlook sunny
Bayes/.&it: P(cle) = P(c)P(elc) temperature | cool
e = {el=sunny, e2=cool, e3=high, e4=false} humidity | high
windy FALSE
P(c=yes|e) == P(c=yes)P(E1l|c=yes)P(E2|c=yes) P(E3|c=yes) P(E4|c=yes)

P(c=nole) =< P(c=no)P(E1l|c=no)P(E2|c=n0) P(E3|c=no) P(E4|c=no0)

P(c=yes|e)*P(E)=9/14 X 2/9 X 3/9 X 3/9 X 3/9=0.0053 :> N
P(c=nole)*P(E)=5/14 X 3/5 X 1/5 X 4/5X 3/5=0.0206 a
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- HMH

- Naiv

- ID3
- C4.5

aE=R:Y

e Bayes. EM. K-means. SVM. kNN

- CART

-

AT RBEEN AT

- Bagging
- Boosting
- AdaBoost, 1995
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« WebH
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EMBEER: KA METBEH LS R S
xéﬁ:l II_.\_I_ E,J M LE{ET‘I—

X = (Xs, Xz, ..., Xs), X; € {0,1,...,10} ZFikyoh 36+ 1E 1 (head) 51 _E AT R
2=(2y, Zp,..., Z5), Z; € {AB} ZBIRAMAE a6 H P (1) B i3 R AR 2B

a Maximum likelihood x=(5,9,8,4,7)
=(BAA,BA)
Q) HTTTHHTHTH 5H,5T
@ HHHHTHHHHH  9HIT 6= 54 5= 0.80
@ HTHHHHHTHH 8H2T o
6,=557=045

Q HTHTTTHHTT 4H 6T

o THHHTHHHTH 7H,3T
~ 24H,6T O9H, 11T

5 sets, 10 tosses per set

MLE: Find parameters § = (8, 8,) that maximize logP(x,z;0).
K EH1F10gP(x,2;0) B KIS H 0, logP(x,z ; 0) 705 /L i A BENIAS &, 4710 R S5

g, = MTAEMS LRV o WTe YL
AT TRABRERE 7P T M e Bk

C. B. Do and S. Batzoglou, "What is the expectation maximization algorithm?," Nature Biotechnology, vol. 26, p. 897, 08/01/online 2008.
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EMEERG: K -aE B L 5 I

PE2ER: MHERXMNZALEB
9H1T->0.80*9HILT + 0.20*9H1T
—->7.2H,0.8T + 1.8H,0.2T

b Expectation maximization

IAREARET, Pl

= B HIBE

~ pre A 7.2 A 1.8
HHHHTHHHHHE‘J*E}E%%HAS’(L Salily 99A — —vos ' 08 = Y
0 ,)1=0.69x0.41=0.010077696 x0.4 ' ' ' '
Ty 0 | | 3
;D% =] BEEI:EI iﬂmﬁ amne wa 7 ofa el bl Tahd Tabe = 0.45 x ° 0.55 X O =22H,22T ~28H,28T
2 , 10 HHHHTHHHHH. P L L RN S
HHHHTHHHHHE@*E%%%@ 9(1_ g:mw?:ﬂ? O'8OX° O'ZOXQE...:.?.Z..}jL.O.'?..T ....... :18H02T ......
9 Y1=0.510% 0.001 B A 0z7x(Q) =50H 15T  =21H05T
5) =057~ 0. oesx (@) ~14H21T  ~26H,39T
0.35x o ~45H,19T ~25H,11T
’ ~213H,86T =~11.7H,84T
MUK VA T AR T2 o ®
0.004/(0.004+0.001)=0.80, sZRMB ") | b “25vss 0 Ao
) 1A 22 540.004/(0.004+0.001)=0.20 o T 58 <

A 500
1. EM starts with an initial guess of the parameters. @ "
2. In the E-step, a probability distribution over possible completions is computed using the
current parameters. The counts shown in the table are the expected numbers of heads and
tails according to this distribution.
3. In the M-step, new parameters are determined using the current completions.
4. After several repetitions of the E-step and M-step, the algorithm converges.

C. B. Do and S. Batzoglou, "What is the expectation maximization algorithm?," Nature Biotechnology, vol. 26, p. 897, 08/01/online 2008.
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EMEERGI: SREE MBS S I K @ A
AR ST

X = (X, X, ..., Xs), X; € {0,1,...,10} %WKT)‘MEmji‘ﬁ?ﬁ.ﬂ?ﬁpﬁ(heag)ﬁﬂtﬁﬁﬁéﬁ

17t 8 © AR) RV QRIBEBZNERIE || xFnzemta B
=(x.= = = = = i 0
; éxpls\ ;)iif 9x5=8X,=4X=7) | | P(z; = A|x; ;0) P(x; z; = Alx;; 80
=) N (0 7Y
P(z; = B|x;;0) P(x;2; = B|x;; 0)

HTTTHHTHTHY :
HHHHTHHHHHY :

=~22H,22T =28H,28T

HTHTTTHHTTS
THHHTHHHTHY : =59H,15T =21H,05T

=~14H,21T

HTHHHHHTHH 20.80§<°§ 0.20§xQ§ ~72H,08T ~1.8H,02T

@ MEE & B RN
=45H,19T | (1) L T0)
~21.3H,8.6T HA = P(z; =A|xi;9A )

~ ........................ @ - 61(31) _ P(Zi _ lei ;aéﬂ))

T ELaE Al
: K  M-step {

N 3 : . 4 (10)
4= ~058 : T L 8"=080
. [ + O. H \ ’
S = @"/ 4"°~0.52

C. B. Do and S. Batzoglou, "What is the expectation maximization algorithm?," Nature Biotechnology, vol. 26, p. 897, 08/01/online 2008.
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EME%:
E RIS EIIEEFAI T F

FEEHAESY, TESZHART
= 7 I — 1T & (Lower Bound) e

#H, AREMHEXITERE, SEFHRY
S, ARETEINIREL,

g:

D(X30) = X, p(X, Z 5 0) — WIEEAHES L5 25
pX;0) = ) q(2) POZI0) o2y = pix;0Y), KA
Z

q(Z)
X,Z;0 X,Z;0
logp(X;0) = logz q(Z)p(q(Z) ) > Z q(Z) logp(q(z) ) « Jensen's inequality
Z Z

. p(X,7;6) _ ey PX.Z56)
9:(6) 2 Zq@) log 5 = Zp(zm,e Jlog: 3

6+ = argmax g,(0) < g.(6) Elogp(X ; 6)¥lower bound
0

C. B. Do and S. Batzoglou, "What is the expectation maximization algorithm?," Nature Biotechnology, vol. 26, p. 897, 08/01/online 2008.
KTEMEEHY L 555 7 1974 74 727 http:/lwww.elecfans.com/d/604076.html
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EME:E: ERIEBRRTBRITIENH
p(X;0) = 3,p(X,Z;0) « NERE M HIA MR

ZIDEDY (z>p(X’é);9),  a(Z) = p(ZIX ;8. MG 1

logp(X ; 0) = logZ LA

(Z) 2 (Z) log (Z) <—]ensen’s inequality
t

logp(X;0) = zz:q(Z;Ht) log EI)EZ?@?))

p(X,Z;0%)

p(Z|x;6t)

p(X.Z;6%)p(Z]X;6")

p(ZIX 9*)p(Z|X 0t)

logp(X;0) = Zp(Z|X;ét) log
Z

logp(X;0) = Zp(Z|X;ét) log
Z

R Z|X : 0%

- log p(XIB) > L(q,0) + KL(q | p)




tE R EHIREIE 2019/5/5 17

EMEA: EREBIEHMELZIETRE

logp(X16) = L(q,0) + KL(q |l p)
Expectation: Z%16 = 6l &, 1£KL(q || p)i/Mb, BIEHERM%Ep(Z]X;0¢)
Maximization: f#L(q, 0)& Kb, BENFEHSEHT1=0"

Inply |6(*))
[ (#+1) (841)4)
KL |ax || p(x|y,@ )
E step makes the new lower |hound

lower bound tight }-( iﬂl\ o(ull)
Inp(y|8'*) ____i__]____

- inp(y |0*) +\ - F(eH) g(oyy TS

KL [oi™ || p(x |y, 0())] =

log, likelihood
—_—

d

KL [qf‘ Y p(xly.om)]

lower bound

I T (3 —

V V
E step M step

TETFEMELEG 7L JZ 557 11974 74727 http:/lwww.elecfans.com/d/604076.html
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Vivaw
]

sE—MHard EME;

RSS=>'RSS,  RSS, = [i—ji(w,)f
k=1

K-means

X
X
MBS BEHLIE A FF (K=2) 7L (581200

2 hﬁ\
(S L1y

1 1
THECER EMtERLCEE BEMHMTE (E2R)
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K-means& :E&—FHard EMEL;

x = (x4, X3, ., Xy), X FI RS
z = (21,23, ., ZN), Zi € {01, Wy, ..., wg} Z RN E, IR SCHEXHTERE
§§&9 — (011 821 =t GK) S {.u(wl)r M(a)Z)i uu(wK)} ’ 'fﬁ%%‘éﬁ/‘][ﬁ‘b

z vy P(X.Z;6")

L X}H = q Z,Qt lo ~
( ) 4 ( ) & q(Z,Ht)
~ t
|

argmin|xi—0j
J

Expectation: q(Z;8%) =p(Z|X ;6%
argr_nin|xi—§j |

4 :»P(szl, = Zj t)

>P(Z = z|X = xi;ét)

p(X,Z;6%)

Maximization: 6; " |(U|ZZ cw; Xi

LATEAA AR U F AT RG] TG EX I, EEF
K TEMELHT LS IR 197478 7127 http:/lwww.elecfans.com/d/604076.html
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ING . EM

(Expectation Maximization)

- ZEAG T PIF I TE
- a5 8 FHIMLEf, T

=T log P(x;6)

- A eE SR NS EULTT ]

- EM&IR 2 — Pl R AE T

e a2 A R T R

CE-Step: HUE LA TS HOT RS R R MR (
AR ZH LR B B 022D
- M-Step: MR LT IR IR EHI 24 (L2 K

fEALLAR B3 KAL)
* FF R

- AW AYIE R AR R IR

- K-means® 7 & —FhHard

- AE TSI AHE R B 2 BV N R il e L

KL(g||p)

EM&E 7 £(q,6) In p(X|6)

C. B. Do and S. Batzoglou, "What is the expectation maximization algorithm?," Nature Biotechnology, vol. 26, p. 897, 08/01/online 2008.

FFEMELT 1 JZ B SR 119 7% 75727 http:/lwww.elecfans.com/d/604076.htm
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SHAS: HIFEZHE

S

- HMH

aE=R:Y

- Naive Bayes. EM. K-means. SVM. kNN

- ID3
- C4.5

- CART

-

AT RBEEN AT

- Bagging
- Boosting
- AdaBoost, 1995

- AT
« WebH

Amy

1B R T iR

A%
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RERT (Decision Tree)

)L
BE2R:
)L
BE2R:
)L
BE2R:
)L
BE2R:
)L

ZRELT?

26,

KA A ?
SEN A o

WA ?
ARG, L.
NG5 RAN?

&, TEBLST R LY
Aaf, PE WM.

I FoRs BT 2% A
B, AR
IERJR R 1

A MATAERER (R A, SR SWMME) 2
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{Machine Learning) |,

&

I

outlook temperature | humidity | windy | play
sunny hot high FALSE ([no
sunny hot high TRUE |no
overcast |hot high FALSE
rainy mild high FALSE
rainy cool normal FALSE
rainy cool normal TRUE
overcast |cool normal TRUE -
sunny mild high FALSE
sunny cool normal FALSE
rainy mild normal FALSE
sunny mild normal TRUE
overcast | mild high TRUE
overcast |hot normal FALSE
rainy mild high TRUE |no

2019/5/5 25

Tom M.Mitchell, 1997, 532 ] 1

Giit 7 AR REIE (FEPR
i F5outlook, temperature,

humidity, windy), 50X
RS HIT B (play) . Wik
25 i — RS RIE P ETE
sunny,cool,high, TRUE, HIkr

— FAREETHR,
X257 K(a)
Mg
outlook sunny
temperature | cool
humidity high
windy FALSE
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PRFRAS [E] BR TR

overcast

T 2RI AN 15 R R

normal false

yes no no yes Temperature

cool

overcast overcast

no

yes yes

normal

no




EERZRESHIEIZIE 2019/5/5 27

P I IR RN B AR B

- R RN IBE KA 5 L TR, R

e B — B IR B PE R 2L

CBREET B SURMEAS T A BN B R4

- BT BRTLUE SO AL R

-%Aii AR, BRI R B PAREL
SRt R RO A2 1abel)

R i

o|l3, AftafrzAlEYa?

Galton: y=33.73+0.516 x
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T =T ob ifh /oA

El:.outlook E2: tfempeﬂ'jftﬂuréa bm%‘ﬁhﬁnﬁity E4.windy C:play
yes | no yes | no yes | no yes [ no | yes | no

sunny 2 | 3 |hot 2 | 2 |high 3 |4

false | 6 2 9 | 5

overcast | 4 O |mild | 4 2 |normal| 6 1

true 3

rainy 3 | 2 |cool | 3

N H(C) = - p(c=yes)log,p(c=yes) - p(c=no)log,p(c=no)
FFCHIAIE > = - 9/14l0g(9/14)-5/14l0g2(5/14)

=0.940

H(C|E1)= - p(el=sunny) [p(c=Yyes|el=sunny) + p(c=nolel=sunny)]
- p(el=overcast) [p(c=yes|el=0overcast) + p(c=nojel=overcast)]
- p(el=rainy) [p(c=yes|el=rainy) + p(c=nolel=rainy)]

H(C|E1) = -5/14 *[2/5l0g,(2/5) + 3/5l0g, (3/5)] = 5/14 * 0.971

-4/14* 0
-5/14 * [3/5l0g, (3/5) + 2/5l0g,(2/5)]
=0.693 < 3FfAoutlook )5 AN &
H(CIE2) =0.911 < jfJitemperature 5 [F AN 2 &
H(CIE3) =0.778 < i humidity Ji5 1A oE i
H(C|IE4) =0.892 < skZAwindy /& AN

& Floutlookfg A~
T ﬁ%/@g:ﬁaﬁ/]\y isl_f".
HARTE
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ID3 (Iterative Dichotomiser 3)& ;% (1979):
BRI E Z R T sk BN 5 S i (information gain) i K

SRR [ FE A AR S RS PR EE A3 I, 1 s AR R i P i o
0 PR P PR, AR AT BB A5 31— R o 05 0 P R S

ID3F LR TE B s R R R B . (Hset2 BE R &)
fan, THEART AERMER (BHELSRMICHERFERE)
Gain(E1) = H(C) — H(CIE1) = 0.940 — 0.693 —>#; &k, HR1 A
Gain(E2) = H(C) — H(C|E2) = 0.940 — 0.911

Gain(E3) = H(C) — H(C|E3) = 0.940 — 0.778

Gain(E4) = H(C) — H(C|E4) = 0.940 — 0.892

ELR PRI R, T2, B g
el=sunny, el=overcast, el=rainy =>4 CRY D R

I~ —2K.

HAREE IXY) = HX) - HXY),  SRANY Ja 4 980 XA 72 1 T R
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ID3E A (1979) : BIRYHAIE 2 F T3 1t BY

A RE 10KY) = HX) = HCX|Y), ZRENY J5 X XA € B2 1 Tk
ID3FEHHE R M A B ERE

wlan, JBHE1ISZEACH EERE

Gain(E1) = H(C) — H(C|E1) = 0.940 — 0.693 ># K, A&

Gain(E2) = H(C) — H(C|E2) = 0.940 — 0.911
Gain(E3) = H(C) — H(C|E3) = 0.940 — 0.778
Gain(E4) = H(C) — H(C|E4) = 0.940 — 0.892

overcast

ELEMHGEMERT S5, T35, #igel=sunny, el=overcast, el=rainy
=S 2. i THEX =R T 15 SR A R EE
Gain(E2, el=sunny) . Gain(E3, el=sunny) . Gain(E4, el=sunny)
Gain(E2, el=overcast). Gain(E3, el=overcast). Gain(E4, el=overcast)
Gain(E2, el=rainy). Gain(E4, el=rainy). Gain(E4, el=rainy)
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El:outlook | E2:temperature E3:humidity E4:windy C:play
yes no yes | no yes | no | yes | no
hot | O 2 high O |3 |false| O | 2| 1 |3
sunny :
mild | 1 1 normal | 1 | O [true | 1 | 1
cool | O 0

Gain(E2, el=sunny) = H(C) - H(C|EZ2, el=sunny) = H(C) - 0.5
Gain(E3, el=sunny) = H(C) - H(C|E3, el=sunny) = H(C) -0 =i X!
Gain(E4, el=sunny) = H(C) - H(C|E4, el=sunny) = H(C) - 0.5
H(CIEZ2, el=sunny) =

- p(e2=hot,el=sunny) [p(c=yes|le2=hot,el=sunny) + p(c=nole2=hot,el=sunny)]

- p(e2=mild,el=sunny) [p(c=yes|e2=mild,el=sunny) + p(c=nole2=mild,el=sunny)]

- p(e2=cool,el=sunny) [p(c=yes|e2=cool,el=sunny) + p(c=nole2=cool,el=sunny)]
=2/[4*0-2/4*1-0=05

Max{ Gain(E2, el=sunny),
Gain(E3, el=sunny)
Gain(E4, el=sunny) }

= Gain(E3, el=sunny)
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E1:outlook E2: temperature E3:humidity E4:windy C:play
yes no yes | no yes | no | yes | no
hot | O 2 high O | 3 |false| O | 2| 1 | 3
sunny :
mild | 1 1 normal | 1 0 | true 1 1
cool
no yes | no yes | no | yes | no
hot 0 high 2 |0 |false| 2 [ O 4 |0
overcast :
mild 0 normal | 2 0 | true 2 0
cool 0
no yes | no yes | no | yes | no
_ hot high | 1 | 1 |falsef 3 10| 3 |2
rainy — T
mild | 2 1 normal | 2 1 {true | O 2
cool | 1 1

P(c=yes|lel=overcast) = 1
P(c=yes|ed=windy, el=rainy) =1
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|ID3E ;% (1979)
B%.
M (1) BEtemperaturedoR HBLAE B A B PSR
outlook sunny (2) Xﬁﬂ:?ﬁ\%%?ﬂ“iﬁﬁﬁﬁ%ﬁﬁmndyﬂjﬂaﬁﬂﬁﬁ

temperature |cool
humidity high

windy FALSE @

sunny overcast

true
normal false

high E

ainy
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ID3&E £ (1o79) TR 3

- ID3fg B 33 1
&
- ID3RE

iH:X/

il o

HEZE,

H % BB IS

LR B RRN(EAT R EAFEEA R
), WEERBMBHIRERE

AME, Ko FERENH
PR B — BR 4

- PLIgRE

-EABT

e

H, B
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FHE S AR R
1R R E R B 2R 1R
BB Z IR,

IEBAN S B BT B AR A8 2 3

&l




EERZRESHIEIZIE 2019/5/5 35

At 55 AR R AV 0]

1. GRFE B IERBUE N ESAE? 7 Bkl or

temperature: -10°C ~ 45°C - temperature: hot, mild, cool

temperature -5 -8 3 10 20 35
play NO NO YES | YES | YES | YES

2. AR BUER N 2 OiESD 2 H—1
-1/2l0g,(1/2) -1/2log,(1/2) = 1

-1/4log,(1/4) -1/4log,(1/4) -1/4log,(1/4) -1/4log,(1/4)=2
-1/8log,(1/8)-... -1/8log,(1/8)=3
ﬁ%ﬁ%éﬁ%ﬁ*%ﬁﬁ,ﬁ%@@%ﬁ@@&%%ﬁﬁ
N2
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HABSHRIOEE
SHASEE

| | | | | 1 1 1 1
0 10 20 30 40 50 60 70 80 90 100

3. PRIEMFIILHL A (Overfitting)
T IZGEEART S, WERIEL, RZEFRACH B IETEX I Zhbr AR
FIIREAAT 098 IIREAR T R R BRSSO SR
MRS, BN T INAEAE R I H B R IB A4, BERE, X
LA T I I $05 )
MBI (Pruning)
WEFEE B, T HULE R e SRR R R 2 EE 2 i T A B TR SRR B AR R B
BRG] Lo NP Rl BT (Pre-Pruning) #1J5 BY £ (Post-Pruning) :
PETE, SR IR
JEEIH, FE O AR AT BIRL, 15 2L TR SR

Size of tree (number of nodes)
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e Bayes. EM. K-means. SVM. kNN

- CART

-

AT RBEEN AT

- Bagging
- Boosting
- AdaBoost, 1995

- AT
« WebH

Amy
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2019/5/5 37



EERZRESHIEIZIE 2019/5/5 38

C4.5(1992): XTID3AY I

ID3FEH S B m (LSesl2 OE =)
Gain(El) = H(C) — H(C|E1)
Gain(E3, el=sunny) = H(C) - H(C|E3, el=sunny)

...... 1

CA 55 5 B s
IGR(E1) = Gain(E1) / H(E1)
IGR(E1) = [H(C) — H[C|EL]] / H(E1)
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C4.5(1992): XTID3EVY R

- CASFIVEE LT JLA X ID3FIERAT T it :

- 1) G IR ORI PR, Seflie A R i R PRI i
[ FEBUE 2 WS TERIAS A2 5

- 2) FERHIE R kAT BT

AR R INARIE E CRUR R R . 3
ﬁﬁ&m%ﬁ&%&% ST

- 3) BEfE 5E RN IS %ﬁ%%ﬂ%%@
- 4) BERB I AN 2 BEHE B T AL

- CASE AL B

o PEAER OSSR TR, HER R

- CASE LS B

AR RO AT, SRR 1T 2 VRO I R
T ST R, LA CA B e AT R 1T 7
R, S AR ST e v P 1 2 A TP T T
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R RRSHIEZE

TH.E= (Ross Quinlan)

http://www.rulequest.com/Personal/
Software available for download:
FOIL Release 6: (shell archive)
FEOIL Release 2: (shell archive)
C4.5 Release 8: (gzipped tar file)
C4.5 has been superseded by C5.0.
Source code for C5.0 is available

20114315 | B AR T2 48 Sdsk i 5 SR B X KDD B 2%, B= K 17 E A1k
T2 2] EyEID3. C4.5, AN ANFE A | CA5HICHES .,

John Ross Quinlan is a computer science researcher in data mining and decision
theory. He has contributed extensively to the development of decision tree
algorithms, including inventing the canonical C4.5 and ID3 algorithms. He also
contributed to early ILP literature with First Order Inductive Learner (FOIL). He
IS currently running the company RuleQuest Research which he founded in 1997.
Inductive Logic Programming, ILP


http://www.rulequest.com/Personal/
http://www.rulequest.com/Personal/foil6.sh
http://www.rulequest.com/Personal/ffoil2.sh
http://www.rulequest.com/Personal/c4.5r8.tar.gz
http://rulequest.com/download.html
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SHAS: HIFEZHE

S

- HMH

- Naiv

- ID3
- C4.5

aE=R:Y

e Bayes. EM. K-means. SVM. kNN

« CART

-

AT RBEEN AT

- Bagging
- Boosting
- AdaBoost, 1995

- AT
« WebH

Amy

1B R T iR

A%
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CART (Classification And Regression Tree, 1984)

CARTHIE & —M —irid Il ElEeR, EARFEAK 7 NPT
FEAS, A BRI T 45 A 0 30, RICARTAE
JIG PR R AR 2 45 14 T i ) — SRS

BEXy X, X R FEARRIN B, yRoRFTESRn . CARTH L % M
07 2R nZE 2= [ R 7 Ay A E R . R B ERREN R

(D E—ANHEHZEX, HEBGH—MEv,,  vIBnZE =S8 %] o ik or,
— BRI R AR X S vy 3 E BIIT KR X > v, KFARIEELE
ZEARUEEENBE RGN, BIE T2 ERAFET1ZE.

(2) #AALEE, R BISRIRPIER 1% P R (1) FFe IR PE4ES:
kil7y, EREEEA RS [EE ] 7 58 .

ERIT A — ARG, e it AR /) 7 X — AR R R
, BRI R RESREE I EN T R BERm AR ES RN
AMAESERIE, BAMSAM-1) MR BN RE B ELEE
HIEE . BEAN 1 BRI 70 2 e el D 110 2% o (1) R e AT HF 7 0 24% o ) iz
B E XN I3 B 2% U2 X 00 e AT R R 2R BRI A3 B b BRI
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CART (Classification And Regression Tree, 1984)
EREHHATERTER AN

GINEE M : 25 %€ — R 5D, H 5 1) 40 28280 8 4L
MK, RAKEBIEE B DEON|Cyl, HGINHEEER A

K K K 5
_ _ 2 _ |Ck|
GINI(D)= ) py(1—py)=1- ) pp=1- Dl
k=1 k=1 k=1

A FEASE S DIRYERFIEAE 15 B — ] Re{Eati 70 & D, MDD,
PR, Bl

D, ={(x,y) € D|A(x) = a},D; =D — D,
TERFIEAZ E RIS T, A DINEBTEED(D,A) & LA :

D D
GINI(D,A) = Fl GINI(D,,A) + 32 GINI(D,, A)

BN B E RIS, GINFEEUIEA .
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CART (Classification And Regression Tree, 1984)
CARTIRERE A E X
N VIGEHRED, 15 1hE &A1

MR ZRE 2R

MARTS mOT a6, AT AT AT LR

HRAE, R R -

OTHEIA RS B IR EDRI R e fa#i. BU, X&E— MR IEA
, XPHATRER A —MEa, ARFEFEA 5T A=alfiillidoy “2”
o “15 7 ReDrEVDINID2M E 7, THE A=all] R JE Fa
QFEFTA AT REHIRFIEARL R EATAT RERI DI 70 riarh, 8 2E JE 4

s/ N BRFAE

LS N (K 9073 A N s DR 5 B R D) 0

W IE S s V) 7 /i, BT S AR RS T L, R,
BRI BC B PIAD F R&.
XA T R A OQ, E&2i el 1Lt

BZANEFELEES: TRPNERNENTRESE, ERKNERE
BhTIERE (HERERRTRE—X) , & IGEZHFIE,
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CART (Classification And Regression Tree, 1984)
ANl

£55 BRI | WA | BRI E
s B 5 125K 5
B LIS 100K 7
5 L5 70K 5
& U5 120K 7
i 7 95K =
i 45 60K i
s BT 220K i
74 BB 85K g
5 UG 75K 7
7 L5 90K g

K, JEIEA3AS, ol EEN, SIRBLAFEON, HiAT s DL
WHAR DL A B H A HUE, TR S E SR UE . R GTECE R T 0 KB4

i 2 CARTHZ:  http://blog.csdn.net/acdreamers/article/details/44664481 Retrieved: 20170416
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BFE XFE  Gini(t1)=1-(3/3)>(0/3)%=0

FE 3 4 Gini(t2)=1-(4/7)*-(3/7)> =0.4849

=1 0 3 Gini=0.3 X0+0.7 X0.4898=0.343
- BEFHCEE BR
& 6 | 1|
=1 2 1
. BSHES S
a5 3 4
=1 3 0
. ERICE 25
& 5 |2
2 1 |2
22

60| 70 75 85 80 95 | 100 120 125 0

65 72 80 87 92 97 110 122 172

A

[’
WA
LA

> > >
= 0/3(0(3]|0
= 1 3/5(2/6]1
Gini | 0.400 0.375 0.343  0.417 |0.400 0.300 0.343 0.375 0.400
R 2 CARTHE  http://blog.csdn.net/acdreamers/article/details/44664481 Retrieved: 20170416

wow A

>
3
6

[ =R

>
3
5

w oA
R VR R
N ST
L | b A
e R

> | <
0 3
4 4

W | =
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Gini(t1)=1-(6/8)?-(2/8)?=0.375
Gini(t2)=1-(1/2)?-(1/2)?=0.5
Gini=8/10%0.375+2/10%0.5=0.4

Gini(t1)=1-(3/6)?-(3/6)?=0.5
Gini(t2)=1-(4/4)?-(0/4)?=0
Gini=6/10%0.5+4/10%0=0.3

Gini(t1)=1-(5/6)?-(1/6)?=0.2778
Gini(t2)=1-(2/4)%-(2/4)?=0.5
Gini=6/10%0.2778+4/10%0.5=0.3667
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INGG: RN EA
- 1D3, B, 1979

- Gain(E1) = H(C) — H(CIE1)
- Gain(E3, el=sunny) = H(C) - H(C|E3, el=sunny)

- C4.5, 5 RMEmE, 1992 B
- IGR(E1) = Gain(E1) / H(E1) Pt
- IGR(E1) = [H(C) — H[C|E1]] / H(E1) AT RS

- CART, 8%, 1985 L/\@

K 2 PR

|C| (BN ) | RS E=T

GINI(D) = E P —pi)=1- E Pk = 1_Z<W am/lgvk |
k=1 k=1 >

) = RS E=R R =T
. — L[]
« SIRCABRAS, Wl b BRI LA JE 1 ?
- RABGE, ] BRI AU ) R ?
- (G BAGEEE, ey Ab BRI R A JE P S 1 ) 2
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4 3EEERY2B4E Combining Models

- It is often found that improved performance can be
obtained by combining multiple models together In
some way, instead of just using a single model in
Isolation.

CEARKBIE R BRT BN KB

- For mstance, we might train L different models and
then make predictions using the average of the
predictions made by each model. Such combinations
of models are sometimes called committees.

- 2N RAH S RIS R ENH] (FTHe) Sl

{Pattern Recognition and Machine Learning) ,Christopher M. Bishop
Chapter 14. COMBINING MODELS
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B E BN KEsH—RR % o)

- FgrRAy: HEWHKE—IT0RE
- RE: HERRENTRES

-GN KRBV ARE?
« FHFJE AN, QR SRAS [ ana] s HY 2
N T T RBRIEIFTIE?
« FHFENE RANIA], a0 S A [k By Je ) 2
s BN RBREB R
» YWERFEAR A FH R ?
BRI R AR R ?
- WAV SR 15 B B 5 55 7 RER A & s 77 2R A8 7




EERZRESHIEIZIE 2019/5/5 60

Bagging (Bootstrap aggregating)
FE %

- baggingF AR KT FE

AR A AN KN InIIIZEEED,  bagging 2 WD AT i
XA HIRE, R Fbagging 42 R T mANET VI 2R 4EDi,
FADIRIK/D ). HTAR R, A 7EDIF
RIFEAE v] B & B E 1.

- R j=n, XFHEUFERR AbootstrapEUFE. FIZE, FTLLAH E
MY ZREERINE MR, IR 5 45 & IX B A kAT
TR o RF T B A R, FRATT T 38 3 A Y {4 3%
TorRin @k, WATIHATHREE (voting)

- baggingRefR FPLAS 22 S HiE I is 2 AR M,
"B A PAR B 1 0 = T i Seoverfitting o
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Bagging (Bootstrap aggregating)
BEREE
E ARV GBIR SRR GNGEIEENTE . REN

RAREARGEST PR, RS, IKEEE 5K 48 B 45 A ek
R T B R

Original
D Training data
Step 1 ‘ ‘ ‘ ‘
Create Multiple D, D, @*"*"* @D, D,
Data Sets

-

AN NN
Build Multiple
Classifiers & Cx Cia /

» . . .

Step 3:
Combine
Classifiers

5>
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Bagging (Bootstrap aggregating)
BRI FEY L5

WA —MNZEDKIK/NAT, Fbaggingd: 85318 Il 2
DI DI RINRNT, R

FEAZ 5| | Bagging(D1) | Bagging(D2) | Bagging(D3)
1 2 7 3
2 2 3 4
3 1 2 3
4 3 1 3
5 5 1 6
6 2 5 1
14 6 4 1
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Boosting, B

-&mwm%—A%ﬁmLﬁ 3R B 3&E B AR I 25
FARRI AR, 4IRS RETEARLIRES FIFEA L.

- fEBagging KT, HHEXH AL K IHME R & B FE
PLIFE, SPMEAEHBI MRS —FER, B
Boostlngﬁf%m“’ﬂ—/\# KRF—IMBUE, B—8
TEFHEL B BiREARLE ., VISR RBZ SRR
BEM—N3R, REERBREX, REXNTEFR
e, BINKRETEZFEARRAUE.

- BUETT CLRZERL T 5 TH ::

-U>Tu%¢%ﬁ“ﬁ MIRIEE IR E P IEH 5 BIREEARLE (
EE, Baggingfiff B FEAS I S AT )

- (2) F:5r RN GRS A+ B BUE FIFEASEEAT I 25

5145404 J7i%Bootstrap, Boosting, Bagging, BE#L#x# (—)  http://blog.csdn.net/zjsghww/article/details/51591009 Retieved:20170415

_I\

Uy
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Boosting, 745l

B, AL0OMFEA, JHAaHT fay B EEN LR, SR FEAHLIH 21
BERe RN, #21/10, FRJE 2R RS W a S 2 s A
Sz EIEE T IREA DI, RIFEARA 5 7, iigine
IR, IXFE, 25 Al N A b B eI N 1, 28
=Rt . XA, WURT BAAEFR ) SR AR SRAR T HER 7028
FIREARA, SEINARER 7 2R H) LR,

Boosting |7 3 2 8 7 9 4 10 |6 |3
(552
Boosting |5 4 9 4 2 3} 1 7 4 (2
Cof %)
Boosting 4 4 8 | 10| 4 5 4 6 3 4
(=%

1958341 4 J7 vk Bootstrap, Boosting, Bagging, FENLARFL (—)  http://blog.csdn.net/zjsghww/article/details/51591009 Retieved:20170415
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S

- HMH

- Naiv

- ID3
- C4.5

aE=R:Y

e Bayes. EM. K-means. SVM. kNN

- CART

R

AT RBEEN AT

- Bagging
- Boosting
- AdaBoost, 1995

- MBHEIZHE: EIE

my

« WebH

1R B RS B

A%
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AdaBoost (Adaptive boosting), 1995

AdaboostZhith): B Ja ) 2E2sY 2 B 59502548 (weak
classifier) & MIRKHT, 3T EEmAN5597 K48 R R E
S, MHEANTREN “TEIER ah—F.

Schematic illustration of the
boosting framework. Each * 4 0
base classifier y,,, (x) is trained

on a weighted form of the train-
ing set (blue arrows) in which
the weights w(™ depend on
the performance of the pre- |
vious base classifier y,,_1(x) Y1 (x Y ()

) Y2 (x)
(green arrows). Once all base
classifiers have been trained,
they are combined to give

the final classifier Yar(x) (red
arrows). M
Yar (x) = sign (Z Y (x))

{Pattern Recognition and Machine Learning) ,Christopher M. Bishop
Chapter 14. COMBINING MODELS



=B K E5HIEISHE I. Initialize the data weighting coefficients {w,, } by setting wy) = 1/N for

n=1L...,N. T REA BT 2 %o, @
2. Form=1,...,M:

A daBOOSt (a) Fit a classifier y,,,(x) to the training data by minimizing the weighted
error function

N

W B - X1y eees XN S = Zw?)f(ym(xn) # tn) (14.15)

n=1

> Hil . - . o |
Xj‘E‘chjJIJ ) tl’ B tN tn & { 1, ]} where I(ym(xn) # tn) is the indicator function and equals 1 when
Ym (Xp ) # t,, and 0 otherwise.
(b) Evaluate the quantities

ITREE Yy o Yy Iy By A iR Ee,
%m/l\éz\%*é%%a@i“ 7] Zw (9 (0) # tn)

" em = 1 (14.16)

FN AR M 2Ky, PRI E: w, M Zﬁw

N TERRZL ()

EmA KA EH iR Ee,

FmA R HB E o, f%=m{gm} (14.17)

(c) Update the data weighting coefficients REARLE R Bw OFE 5
NN n Vay)
wi™ ) = w(™ exp {0 (Ym (Xn) # tn)} (14.18)

and then use these to evaluate \55%% *REOL

3. Make predictions using the final model, which is given by

M
Yu(x) = sign E « x)|. 14.19
{Pattern Recognition and Machine Learning) ,Christopher M. M( ) & mym( ) ( )
Chapter 14. COMBINING MODELS m=1
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AdaBoost§543

I F T T
10 |OO m=1
o) (o No WY
| © O
O O O
e 9 o
o ®o0
©58:%
0l oYo
.10
-1 0 l 2
2'. m:ﬁ
-]
e
o A\_
Of g O
. O..o -]
O,OQ
2t :
-1 0 l 2
Figure 14.2

a5l

2-" | o ng
° qoo .
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. | ° .
-1 0 1 2
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{Pattern Recognition and Machine Learning) ,Christopher M. Bishop
Chapter 14. COMBINING MODELS

____ﬁﬂ_- e
-1 0 ] 2
o, m=150]
-b°,| ’
| 'O
o]
0 Q
. N AE .
-1 0 l 2

lllustration of boosting in which the base learners consist of simple thresholds applied to one or
other of the axes. Each figure shows the number m of base learners trained so far, along with the decision
boundary of the most recent base learner (dashed black line) and the combined decision boundary of the en-
semble (solid green line). Each data point is depicted by a circle whose radius indicates the weight assigned to
that data point when training the most recently added base learner. Thus, for instance, we see that points that

are misclassified by the m. = 1 base learner are given greater weight when training the m = 2 base learner.
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EH AR (Random Forest, 1995)

-%ﬂﬁ%ﬂ%%ﬂ%ﬁﬁ%ﬁ%%ﬁﬁ@A&—Aﬁ% A
S ﬂﬂ‘%ﬁ‘%’é IR R R WA A R R &R . BEPLARMAK
FEAFE M

.1%m¢%#¢

B NINGEEALE, BEAN, TAMEHEBRERFEZINDEEA, #)
EBZ*A%&)TEI’JUII%;%
. BN REEARE

- FEBEHLARMR A, AT T RHERIIE 25, 1T 72 M A MR RFAE [ £
S AL m MG, mTuj@?sqrt(M) SRIG T B m N fr i 25
e I LR
- 3. B BRI
o TEFENLF= A BOREAR B LA B — R SR R 2 vk, 153 — R U S0 .
- 4, PENLARM IR R
-l I =P e, R PRI, AR DL E BRI R HIK,

°
N

BT 2] THEROURM . IR 5K 1~ IEEA, ATt i LLA B — Rk
WA SIS, 73] [HAR é:nk X, BATTAT LA ]

R EEALH], B IR AN 1) R 24 4) éDS'E
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INGE: SYRBHEA

Z R THE HI N T BB REs (W7 2538 base
classifier) HATH G, AN RIFEARTI;RMERER, KT8 8s
R 43 e Be AN 3L 432 28 2 (A RS )

2471 (classifier combination) , B

RZ R4 7 /P, tnbootstraping, boosting,
adaboost, bagging, random forest 55, 4
BT EHI 2R R A .

i AR

VEE: BoostingHHH & 1E— AT R
AR A A R JE—
TrRAUHR T/ — I 2K ds
Bagging Boosting Random Forest
Adal:;unst

4y 2R e84 & J5iBootstrap, Boosting, Bagging, FEHLARM (—)  http://blog.csdn.net/zjsghww/article/details/51591009 Retieved:20170415
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Do we Need Hundreds of classifiers to Solve Real

World Classification Problems?

- We evaluate 179 classifiers arising from 17 families (discriminant
analysis, Bayesian, neural networks, SVM, decision trees, rule-based
classifiers, boosting, bagging, stacking, random forests and other
ensembles generalized linear models, nearest neighbors, partial least
squares and principal component regression, logistic and multinomial
regression, multiple adaptive regression splines and other methods),
Implemented in Weka, R, C and Matlab, including all the relevant
classifiers available today.

We use 121 data sets.

The classifiers most likely to be the bests are the random forest (RF)
versions, the best of which (implemented in R and accessed via caret)
achieves 94.1% of the maximum accuracy overcoming 90% in the
84.3% of the data sets. However, the difference is not statistically
significant with the second best, the SVM with Gaussian kernel
Implemented in C using LibSVM, which achieves 92.3% of the
maximum accuracy........

Manuel Fern andez-Delgado et.al. Do we Need Hundreds of classifiers to Solve Real World Classication Problems?
Journal of Machine Learning Research 15 (2014) 3133-3181
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The Top 10 Topics in Machine Learning Revisited: A
Quantitative Meta-Study, 2017

https://arxiv.org/abs/1703.10121
The Top 10 Topics in Machine Learning Revisited: A Quantitative Meta-Study, 2017

3000~

In our study, we use machine learning in orger to find the
top 10 topics in machine learning from abolit 54K
abstracts of papers published between 2007 and 2016 in
leading machine learning journals and confgrences.
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C4.5

k-Means

SVM

Apriori 2007 <53 JH B >2017

EM

PageRank

AdaBoost

KNN

Naive Bayes =R 8)

CART Weka, R, C, Matlab
Rank | Acc. Classifier
32.9 | 82.0 parRF_t (RF)
33.1 | 82.3 rft (RF)
36.8 81.8 svim_C (SVM)
38.0 81.2 svmPoly_t (SVM)
39.4 81.9 rforest_R (RF)
39.6 82.0 elm_kernel_m (NNET)
40.3 81.4 svmRadialCost_t (SVM)
42.5 81.0 svmRadial_t (SVM)
42.9 | 80.6 C5.0_t (BST)
44.1 79.4 avNNet_t (NNET)

Top 10 algorithms in data mining. 2007
Do we Need Hundreds of classifiers to Solve Real World Classication Problems? 2014
The Top 10 Topics in Machine Learning Revisited: A Quantitative Meta-Study. 2017

Support vector machine
Neural network

Data set

Objective function

Markov random field
Feature space

Generative model

Linear matrix inequality
Gaussian mixture model
Principal component analysis
Hidden Markov model
Conditional random field
Graphical model

Maximum likelihood estimation
Clustering algorithm

Nearest neighbors

Genetic algorithm

Latent Dirichlet allocation
Gaussian process

Markov chain Monte Carlo
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SHRZE: BIRZRE BT ZGE
B A

- Naive Bayes. EM. K-means. SVM. kNN
- PR
- ID3. C4.5. CART

BETN T RB[BEESHN IR

- Bagging. Boosting. AdaBoost [1995]
- MBIETZHE: IEINS
- WebH I 835 29

=
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SHARE: BURESESREAIEQ)

- B A B :Naive Bayess EM. K-means. SVM. kNN
- YLERM:ID3. C4.5. CART
- BTN RIS N— :Bagging. Boosting. AdaBoost

- MBHEFZM: METE
o T E MRS T AR IS I A AH 5SS
« A-Priori [1994]
- Eclat [1997]
-« FP-growth (Frequent Pattern growth) [2000]

o ANT E BT AT B T 42
- WebH R SHE T2 18
- 545 (hash) 51 7752 (Hash Table)
- FifE it JE 2% (Bloom Filter)
i (V=G =R dll|
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SNEARIVIZHRRIN S

- Frequent Pattern Mining
- Frequent Item Set Mining and Association Rule Induction
- Frequent Sequence Mining
- Frequent Tree Mining
- Frequent Graph Mining

- BERA
- ANIRTEE o
- ST AT U i AR TR 1 72

- NI T
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FEXEN (association rules )43 #f

AT = {iy, iy, ., i) N itemsiIES (RNTE) , FRERHR I 73
fltm1={milk, bread, butter, beer, diapers} (Association Rules,
2T = {t,t,, .., t,} NtransactionJ&E& (FXydatabase) , Wi Basket
{5140 |2 database 7 475> transaction Analysis) T MK
A Crule) X HN: X=Y, XYcl, =R 2R A DY
WIARN] {butter, bread} = {milk} (B FRIE540 2 16 A
B, TEE(itemset) X={beer, dispers}i 3z 7 [ /£0.2 RKRA&-

BN {butter, bread} = {milk}] & {5 & &0.2/0.2=1
K {milk, bread} = {butter}¥lift;£0.2/(0.4*0.4)=1.25
KRN {milk, bread} = {butter}i¥]Convictionse(1-0.4)/(1-0.5)=1.2

S'ZT%E SUpport Transaction milk | bread | butter | beer | diapers
supp(X) = [{t € T; X < t}|/[T| D

15 & Confidence 1 1 1 0 0 0
conf(X = Y) = supp(XUY)/supp(X)

IR Lift 2 0 0 1 0 0
lift(X) = supp(XUY)/supp(X) X supp(Y) 3 0 0 0 1 1
W15 & Conviction: 4 1 1 1 0 0
conv( X =Y) = (1 —supp(Y))/(1 —conf(X =Y)) 5 0 1 0 0 0
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I

S 534R

Freguent Item Set Mining
- JIANE X SELTIER 57 M7 2 K EX A 73 4 R — 3R 5>
- EI: EZDEST, %ﬁﬁ%i‘thfﬁlﬁﬁﬁ%%/lﬁ, ?Jnmw’:%iflﬁ

- ETEE: B RIEG, REEEFHEMHFRITE,
Rl IR = K TR T — T4, e — Elﬂ@/ﬂqﬁ, w

ST

« BRI E A : LR N R Z RN EMES, BIHATEEA
2 AESNE AL

- ML BT vs B B TAE T
- AR T, BRI B A Z R R AR IR R . T I
L, MRPESHEEY SRR £

- PEISERI N . ST AR o0 A, SCRES B TR K

4
HAE.

\ffﬁ SOERITP R, B EY) (RR SR NAEYAE
SHIZRARD
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SNEINEE 4 SN

transaction database frequent item sets

I: {a.d, e} 0 items | 1 item | 2 items 3 items

i g{;f% 0: 10 | {a}: 7 |{a,c}: 4| {a,c,d}: 3
_1 {afd o) {b}: 3 | {a,d}: 5| {a,ce}: 3
5 {G*E)’} T {ch: 7| {a,e}: 6] {a,d e}: 4
6 {a?(; 0 {d}: 6 | {b,c} 3

LT {e}: 7| {c,d}: 4

7. {b,c} {e.e}: 4

8: {a,c,d, e} {(E E} A

9: {b,c,e} Lo

W04 o bc, d, ) ERTREAT2 TR A (item set)

A BN SR supportZ&3, H—4bijsupportZ&0.3
MAERFR, EHFIMME
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SNBINERE 71 : Wi . SHFRE 71D

eight baskets, each consisting of items that are words

(1) {Cat, and, dog, bites}

(2) {Yahoo, news, claims, a, cat, mated, with, a, dog, and, produced, viable,
offspring }

(3) {Cat, killer, likely, is, a, big, dog}

(4) {Professional, free, advice, on, dog, training, puppy, training}

(5) {Cat, and, kitten, training, and, behavior}

6) {Dog, &, Cat, provides, dog, training, in, Eugene, Oregon}

(7) {“Dog, and, cat”, is, a, slang, term, used, by, police, officers, for, a, male-female,
relationship}

8) {Shop, for, your, show, dog, grooming, and, pet, supplies}

Among the singleton sets, obviously {cat} and {dog} are quite frequent. “Dog”
appears in all but basket (5), so its support is 7, while “cat™ appears in all but (4) and
(8), so its support is 6. The word “and” is also quite frequent; it appears in (1), (2),
(5), (7), and (8), so its support is 5. The words “a” and “training” appear in three
sets, while “for” and “is” appear Iin two each. No other word appears more than
once. Suppose that we set our threshold at s = 3. Then there are five frequent
singleton itemsets: {dog}, {cat}, {and}, {a}, and {training}.
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MBI : WARMEES

Occurrences of doubleton

training a and cat
dog 4,6 2 3.7 128 1.2 36T
cat D, b 2, 3. T 1,2.5
and 5 2. T

a

IO

Now, let us look at the doubletons. A doubleton cannot be frequent unless
both items in the set are frequent by themselves. Thus, there are only ten
possible frequent doubletons. There are five frequent doubletons if s = 3;

they are

{dog, a}
{cat, a}

{dog, and} {dog, cat}

{cat, and}

Each appears exactly three times, except for {dog, cat}, which appears

five times.
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SHARE: BURESESREAIEQ)

- B A B :Naive Bayess EM. K-means. SVM. kNN
- YLERM:ID3. C4.5. CART
- BTN RIS N— :Bagging. Boosting. AdaBoost

- MBIEZE: METE
o T E MRS T AR IS I A AH 5SS
 A-Priori [1994]
- Eclat [1997]
-« FP-growth (Frequent Pattern growth) [2000]

o ANT E BT AT B T 42
- WebH R SHE T2 18
- 545 (hash) 51 7752 (Hash Table)
- FifE it JE 2% (Bloom Filter)
i (V=G =R dll|
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HAE M RGRP N B I EIZIE IR R E A
A—Priori;%';;‘i [Agrawal and Srikant 1994]
W2 T gﬁﬁ?ﬁ:ﬁﬁaiﬁﬁ% MR, TIEM
%ﬁ%ﬁﬁﬁimﬂkﬁ% ; = :

% ‘%%%af%ﬂw-—-»@m@ %’%%’%ﬁb

%% M KRR LI TREEC, , THEEC, o A 16 16 T F S 4 P ke
%m%ﬁ AR, ﬁ%%%m%ﬁﬁmwwwwwﬁmqn

RIS L R R K A2 T, (ATAEC, T, TG, i
eSS e e RATAEL

- DLUBSEHE, BHAA T ESRMFEEDEE, BIC, T (k>1). XFE, &
VEE AT DL H T A AR
-m?ﬁ%mg?ﬁﬂfrﬁ%m EWE g R B2 H [F] 3] R

A 7["
B ORI A e
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A-Priori& A&7~

JR a5
TID | List of item_ID’s A-Prioris i 45 1
T100 (11,12,I5
Cy Ly
T200112,14 LESEZT T . iy | BRI
{350 , 28 i) 6 ) ] 5
T3OO |2’|3 e 1123 7 %&% EIE]}L 7
T400 | 11,12,14 — (13) 6 ' {13} 6
{14] 2 {14} 2
T500 |l,|3 {15} 2 {15} 2
7600 | 12,13 B%E ﬁg% Lz
i ik [eEmity TR -
T7OO |1,|3 L, A= | (1112) 1) 3 i ‘ FRETE
gigc, | (U3 |FELME | 0y | o | geesseds) (U2 4
Tl | = | | |
: 2
1900 | 11,12,13 {1213) nzisy | s ﬁgﬁi N
{12,14} {12,14} 2 {1215} 2
{1215} {1215} 2
(13,14} (13,14} 0
{I3,15} {1315} 1
(1415} 415 | 0
Ly s D & e L
pen Tk | FEeiie [ |wemitn PR = T | wsmis
S mnny|  — [menr| 2 zeEy | 2
ST 51 FP-Growth (L12.15) aLi2is | 2 Qile} |2

http://blog.sina.com.cn/s/blog_5357c0af0101jg6z.htm| Retrieved: 20160429
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)‘_ E'Tt%at%? Prefix Trees

1: {a,d, e} a:7|b:3|c:7[d:6|e:7

2: {b.c,d) a N el

3 1a. ¢, €} (DT 4[d:3]e:6] [c:3]2 d:4]e:4] [e:4

4: ?L,cﬁ}d,e} . \! - p

5 fa.e

6: {a. c,d} d:3]e:3][e:4] [ D] g

7: {b,c} d

8 {a,c,d e} X

o lhee) S SN T 3 A
 {a.d,e

Apriori#h 4T Breadth-first, &Rk 2= )2 [F— = Mitem
@® #1Z: {a b, c, d, e}

@ #2)2: {ab, ac, ad, ae, bc, bd, be, de, ce, de}

@ #3)2: {acd, ace, ade, bed, bee , cde}

@ 554)Z. {acde}
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SREAEME B REMTER

a
| ab | ac | ad | ae |
b c \d
| abe | abd | abe | | acd | ace | | ade |
c d d
bed|ab bd d 73 > == N7 2 i = |
e ab] e REMELE: THBATEE
bede e e [T
gx C d
| bc | bd | be || cd | ce || de |

Prefix Trees

b

& d d
‘abc‘abd\abe‘ ‘bcd bee | | bde| | cde ]
c d d
labcd|abee| |abde] @ a :
d ‘ab‘ac‘ad|ae“b€‘bd‘be‘
abede 2 ¢ d ¢ d
| abe | abd | abe | | acd | ace | | ade | | bed | bee | | bde |
c d d d
labed|abee)| |abde|  |acde] @l
d

Frequent Pattern Mining, http://www.borgelt.net//slides/fpm.pdf retrieved: 20
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SHARE: BURESESREAIEQ)

- B A B :Naive Bayess EM. K-means. SVM. kNN
- YLERM:ID3. C4.5. CART
- BTN RIS N— :Bagging. Boosting. AdaBoost

- MBIEZE: METE
o T E MRS T AR IS I A AH 5SS
« A-Priori [1994]
- Eclat [1997]
-« FP-growth (Frequent Pattern growth) [2000]

o ANT E BT AT B T 42
- WebH R SHE T2 18
- 545 (hash) 51 7752 (Hash Table)
- FifE it JE 2% (Bloom Filter)
i (V=G =R dll|
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Eclat f [Zaki, Parthasarathy, Ogihara, and Li 1997]

| S [t 35 SR = i

a:7\b:3|c:7 d:6|e:7|
a /”|

% E|c:4|d:5|e:6|

a:7\b:3c:7|d:6]e:7 A
, ACuoUEes e |
transaction

a,

a,

c,

a,e

- d

database

a.d, e
b,

a.

d

5 2
e

C

c,d,e
€
(

a,c,d, e

b,c,e

_ a.,d, e
]% Frequent Pattern Mining, http://www.borgelt.net//slides/fpm.pdf retrieved: 20170420

)

R 5 4
B2 7 B
R

(2) $H A% iacd, ace
(3) kA jiacde; MIFs L HFFE <3
H) iacde

b:0 C:4|d:5 e:6| %ﬁfﬁj{T#E%%E@iﬁ%Iﬁa
— (1) ¥ H B Tiab, ac, ad, ae; MR
Fr <31 ilab

lexicographically
sorted

a, c,
a,
a,

b

c. d
c.d, e
c.d, e
c,

.C, €
; (L &
.d, e
,€

. C

oo d
b,

c,e
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||||||||| c:7|ld:6|e:7
d »
(,E:f
e:4

H |d:4|e:4|

3| | S

. a
OO 010 DOFOOF 1 Y T 1T 1 L30T 1 I |

c: 7 d:6le:7

Ie.];]ﬂ

Nl
ST = WS

Frequent Pattern Mining, http://www.borgelt.net//slides/fpm.pdf retrieved: 20170420
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ik e S

H R B A B AT TR0 2 P
A AN T 3R I T 5

{acd, ace, ade, ae, bc, cd, ce, de}

Frequent Pattern Mining, http://www.borgelt.net//slides/fpm.pdf retrieved: 20170420

transaction
database

a.d, e
b,c,d

@, c,e

a,c,d, e :>
a,e

a,c,d YT
b, ¢ HE - BE T
a-f, c,d,e FPHEFY
b,c,e

a.d, e

2019/5/5 94

lexicographically
sorted

.o d
.o, d. e
.c.d,e
LC, €
.d.e
.d. e

2 82 R 2 2 a2 &

€
b, c
b,c.d

b.c.,e
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SHARE: BURESESREAIEQ)

- B A B :Naive Bayess EM. K-means. SVM. kNN
- YLERM:ID3. C4.5. CART
- BTN RIS N— :Bagging. Boosting. AdaBoost

- MBIEZE: WEDE
- T € PR TH N AR 28 R AR SR SR
« A-Priori [1994]
- Eclat [1997]
« FP-growth (Frequent Pattern growth) [2000]

o ANT E BT AT B T 42
- WebH R SHE T2 18
- 545 (hash) 51 7752 (Hash Table)
- FifE it JE 2% (Bloom Filter)
i (V=G =R dll|
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Y s ok S
FP-grovvth |77~ [Han, Pei, and Yin 2000]

Jadf (2 d:8 L (PTaD : d:8| |p:7]  |e:5] w4 |e:3
acde i b: 7 i dbec i : : ; | I
b d | c 5 | dba | | | 1 | |

[ [ [ ! ' : 1 :
bed | a: 4 | dba :\I\’bzﬁ/ | a2 |
b e e 3 _Udbe [N | - T

[ Y [ | | | [ €:l
abd : f:2 | d c : \# i i i '
bde i g: 1 i deael d: 87— c:2)~—ja:1j~—fe:l
bceg | | d_a i 0 \:\ | |
cd f | | be | | | ] :

b d | n=3 bee ' ' ‘ - '
‘ S | A b: 2]+ c:2]- e: 1
frequent pattern tree
(71511 $RH SCRFE>=3H M E TR
@ J5i4fidatabase RS &

(@ database item i) 2 £ 4 7 HES)
(3 item setiR #Eitem 1) 2 7 7 [ - HE 51
2 I FP Tree

R = VAT B x T RT SR AY £

B ESeAERMAVENL
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SHARE: BURESESREAIEQ)

- B A B :Naive Bayess EM. K-means. SVM. kNN
- YLERM:ID3. C4.5. CART
- BTN RIS N— :Bagging. Boosting. AdaBoost

- MBIEZE: METE
o T E MRS T AR IS I A AH 5SS
« A-Priori [1994]
- Eclat [1997]
-« FP-growth (Frequent Pattern growth) [2000]

o ANTRE BT AT B T R 2
- WebH R SHE T2 18
- 545 (hash) 51 7752 (Hash Table)
- FifE it JE 2% (Bloom Filter)
i (V=G =R dll|
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Yy

N HERIEINZEINEIZ R

- NHEBIE ZRE ISEIE. RETE)
M P AL E& IR H GPS é&%}%mu@m

. }Eﬁ)il\_\L K| Erak @
/N
B O EHE L 54918,900,0004 #RTA
,f—_‘:‘ =7 O hiiE SEMESHE SEMETEAE SENESAR LENDET
* WNAEVIE SN ) HH

SN 8 10
VIR EF'%JW ks 1) KA
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AR . ' // e &
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Y

AT AFEXRBIREHTITH?

. HE T e SR AN E BE
EWFRE R, HEAOFR: #FX—
KMPLE, MEEREBAKRT

REDHIESIFRS

S>3 2 B

Eoa g AEAR
RO 8 E

KBS ® e

¥ >1%i0DB1: EE i 5 b HE
https://cloud.tencent.com/developer/news/313236 Retrieved:20190429
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EHY SN INERIZHE A

- EAE R BE B, iR X m*/\fﬁﬁ%m’ﬁé HAE
) =2 45 5 sup (x) 4 thj(? 26 ' W Bt /N SRR
min_sup. TtTEﬁ%ET%é&TEij TR Lﬂ‘ﬁﬂizﬁ/
TAFAE, BT LR 2 52 FF FE esup (x ) AR TAEX FEAS
1 7 1A é&?ﬁﬁﬁjﬁ’]iﬁ%r

- B NG M FE R R TR I6 i Apriori SEVE AN T3 454
fFIFP_Growth S48 B8 Sut Bk

- A-priori = U-Apriori
- FP-growth-> UF-growth

ERRRSHIEEZTE

AT AER:

g
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TR

HHRR RSN IS

- THI Il ) i) R« ‘

- 1) BARRTRERRE, TIRFEBANRET T

-2) PERTRI#HER, MEBEME LS KEDTL

- BRI

- 1) FEEFAR
CHIRE: E HICERIRETR, NSRS, ﬁﬁm ML, R
PR HOR UL IECE BT SCPF . A i A
e, LN IR

-2) HORERET
BRI T DU IR LR I BT (1-c)f AL
. BORERURL TR L] 5T A
AIEYIIE T, JF LA BT O TR, A BRI TG
ﬁ%ﬁ%ﬁﬁﬁﬁ IS o BT R AR A AR A 2 KK

T N, A A BL(1-0), Jf £ i iR
T2 4L .

/IIIII

G
e
N2
N
N
oF
i
=
I
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e
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NG ST ERTZ
- T 2 B9 IR TR K729

- A-Priori [1994]
- FP-growth (Frequent Pattern growth) [2000]

- AN T8 B0 B PR BTN ER B2 48

- YRR ANEZRAE S B S R esup(x )
- A-priori = U-Apriori

- FP-growth-> UF-growth

- 1) FHFEEEIR
« 2) T I PR Y



EERZRESHIEIZIE 2019/5/5 105

SHARE: BURESESREAIEQ)

- B A B :Naive Bayess EM. K-means. SVM. kNN
- YLERM:ID3. C4.5. CART
- BTN RIS N— :Bagging. Boosting. AdaBoost

- MBIEZE: METE
o T E MRS T AR IS I A AH 5SS
« A-Priori [1994]
- Eclat [1997]
-« FP-growth (Frequent Pattern growth) [2000]

o AN E B BN B AL IR 290
- WebH B HE 248
I #v (hash) 55 W5 45 % (Hash Table)
- ALt JE 2% (Bloom Filter)
- TRl Z A
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IBH R : EX

-BSREH R — N AFHRE, ERHMERKER
HEMZ# N[ 2 K B RIESISh

+h=H (M)
-M: BKBEE, HM): EKFE5HE

BB R B —MEEE, BB NSRBI
REHEMHE.

BRI FRA: B (Hash ) B¥. BFBY
(Digital fingerprint). K48 (Compression)&#t

. ¥3EER (Data Authentication Code) 4
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AR BARNERER

+ R

—ANH B 5 R Oy — N RS ] B B

- h(k) =k mod m
 h(k) = k(k+3) mod m

#

£ HIHash & ik

MD5 1 SHAL N &) 72, EA1EE L MDA yFEmt it

- MD4 (RFC 1320) & MIT KJRonald L. Rivest/E 1990 ¥ it ), MD

/& Message Digest B4 . “elid A /E320r (S AL ER 2R oy i A
SKHL--E e F T 320 B R A AL B AR SE LY .

- MD5 (RFC 1321) & Rivest T-19914F X MDA A . & X6 i A

fILAS1267 7320, Fofn th & 43200 IRk, 5 MD4 M [F]. MD5LL
MDAKRAG B %, I HE R B8 — i, (HE %4, EHoihi
Z253 77 3 E 4t

- SHAL 2 HNIST NSAX i NEIDSA—EAEH I, EXMKE/NT2264

DrREAN, RO 160Dt AR, [RH73%5 Cbrute-force)
M Af . SHA-L BTHI T AIMDAA Al 2, o BB T H k.
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T AL EEREHR R

EEEE RS BEEE <X +
e ™ C_:) | I'EI baidu.com

[ 1]
BaidhEE B Aam

https://www.baidu.com/s?wd=%E6%91%A9%E6%8B%9C%20%E5%85%91%E6%8D
%A2%E7%A0%81&rsv_spt=1&rsv_iqid=0xcb35933800255f78&issp=1&f=8&rsv_bp
=1&rsv_idx=2&ie=utf-
8&rglang=cn&tn=98012088 5 dg&rsv_enter=1&00=%25E5%2590%2588%25E8%25
82%25A5%25E6%2591%25A9%25E6%258B%259C%2520%25E5%2585%2591%25
E6%258D%25A2%25E7%25A0%2581&rsv_t=41b0PNbxN9XytGpnTALti%2F17a8oud
rVsIKYpbtyrKmjJwgpQ9Xaxs3wrzGgHzT4%2BwvxrTRw&inputT=223&rsv_pg=d56
7¢8990027fc9e&rsv_sug3=135&rsv_sug2=0&rsv_sug4=223
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uﬁ*ﬁ 9&}3_ ) ﬂTﬁU = L.\:,I:EI'QE

B

Irrrll o

(EPSYIR LS
- URLKIE BB

M — BB B, EBET DA M— M KK BIFEL
'””f‘%ﬁ'ﬁ”@( (Fingerprint)

REFF R, EAIWEE B BRSERRE
R, BMUFEARKEA—F. 5 %?“@‘CHJD?{(

HE

=T N
(PR 25 T8 HL Eﬁﬁ‘%URL) &

SE W HERES K EA— BN R, AR 200 12
A A G E/DFEE 2 TB, BIFT GB KA E.
ﬁn%ﬁaﬁz&%ﬂ—/\@ﬁ BIX 200 [N HERE DL HE

EE'%EJ‘ 2128 —HEALED 16 T HIBECTE], XA
116 M7,

FPMIERFES

RE (B R) HI6E (5 BIBSUI N H




EERZRESHIEIZIE 2019/5/5 110

e 7 bR 2 A 7= 451

[ G EmRE]] — N KREEAS0MANURLEIES, — N/
500 MNURLIETIE S, BN Ex BAHFPTURL.

2 AL 2 500N URL Y SCA4- A1) 48— hash_set.

SR JG i FI50METURLIESE, TSR URL Ehash settr, % H HURL 3T M
hash_setH & iXMURL

Fir A % H R URL & 12 3k B AH [E] T url
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HERFME: B4H, R R

BH . FRXERESN, SHAANFTE, 0T
RIS 2R IR, (B ML i) — 5 ZE 4R [ R 2R B/
7@0(1) BHNTFRZE: FUEH, BMARNBERE

-%i% FREXEER, SHAFKRRER, BE
B RN, ERAERERK, ZON) . &
TR AR FHEME, {ARNMNERES .
-BHR: RBEZESHERRE, S —MIHE S
FEARIER A 5 BIEC f*?F'J" K%@ﬁ%ﬁﬁ X
MERAER, BRE ((Hash table) /uv 2T HEE

HIBERTE, FRASHRKZHNEZE, EHE
TR
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1545 Z<(Hash table)
- BFIE (Hash table, HIBAHER) , £AR:
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R B (H (Key

T AT U A A 3

:l—-/N

EEE . B R
v B SRV RIE R,

- WS AR AR LA

value)T

BRF

PR E TR HIEE

B2l I RS

ik EIRSE, A
NMESRRAIGRR. XMTENERBER: HAETR
2 — XK RS,

E’J?%ﬁ*?kfﬂm?lﬁ']ﬁﬁ%ﬂ

VEpZI

Bp=f(k), TRRAMGREE. ﬁ'JE
B NHHE AT (K) BT
HAIH ﬂA%Hﬁ’l%ﬁﬁﬁ&ﬁjﬁ%E’Jﬁ%

LG AR, JERH
UG 2B RARH

JD%B“

7 AK )
N
p=f(k)

- R

zﬁ%ﬁ
EIRKE, x5

ERAFBUTER Y H .

) TO R T R R R 2

e & REIF
BB FRATSE, Rt

—ﬂb,hu:, A k1£k2 , LH(kl) H(k2), XFh
PRKIFTK2 4 [F) X i8] -
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&7 3% (Hash table): &7 R E441E

- FEREN . ORBAFETIHE; QiHEHRE b S mIYS, Bix
FE—RETEk, (k) XA FMEFIEES, HRRRERDMHR.

- 1 HEFHE: B FEREFREN LR BE AEF Hidk. B
H(key)=keyBkH(key) = a key + b, HHraflbAHE .

- 2. BT MRBRRERBEES, TUAREFPIE S
BIMRIETAL, Hpre A Hhbk.

- 3P EURE: BTEH B REBFE PR A EIY S, BTSSR
HRBERFEHE, RNEiETEIFEAER ) JUALE e f bk .

- 4. P BVA: KRB EASFIRAL BRI LIRS, &5 —H AL EET A
ANE, REEBOX)LESRE MM (ZRRiEAD) EAEFHbE.

- 5. FENLEE: EE—FEVLRE, DO ERIBEYEEASBSIHNE, &
BEHTREBEFKEARANGE.

- 6. RERIE: BERBFHENMNN R TEIIRRBEKMBIB KRG ER
SBCREFIHEE . BY H(key) = key MOD p, p<=m.
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187 Z<(Hash table): AZE4LIE

- LIFBUR R . WARERSIE, ot rkey g f bk
p=H(key) HIRM RIS, PAp AR, 7245 — A gfHiblkpl
, BRpLUIRMR, ﬁUlﬁ%ﬂ F=AE R —ANIe e H ik
m,m, @&&—Afﬁ%m%%ﬁﬁm

- 2B, FANMWEZ MRS A ERE: H=RH,(key)
i=1,2,....K. é[ﬂA?T;ﬂiﬂ,ﬁkH =RH (key)ﬂ;zf_ﬁP%‘%HT HitHE
H.=RH,(key)..., B R B

3EEMBEYE . 8P A LN TR R — RN R
LR oM N re b N
AT . ARG B [ A kA7 6
Y TR A A TR AT 5

4B I X . R R 0 A AR R BT
, MEMZERREENRKNITTR, —HREARHR.
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ﬂﬁ#’%ﬁ%}ﬁ ‘ /J\ﬁlj

BEDRE: BRSIZSBEITZHEXHLEARPBAERZFRNMERESE
FIDFE TR, BINETHBEHRKERI-255FH. BRIEEFE—FAMNMEE (
XLETRENESEELLRS, BAREEITAH, BURRKREEE, &8
SEAN. — " EAENESENRS, RATATCHEPHZ, a2k
1. IBEITRAITANONERE, EXRFEANAEAGEEIG6,

BIRAE—T M Query, (H2l TEEFR S, Fb$Ese - HA300/48
Query, %:1~Query255Byte, KIFRATA] LA EEABATER G WA 2, 1M
IAE QR FEE - ANEIEEIRLEH, Hash Tablesd—Fh o] Gefik+E, BIH
Hash Table {1 & g AR H IR, JLFA2OQ)RIr 8 2 4=

WA, BAOTGEERE T 49— Key NQueryFH:, Value NiZQueryH Il
EH I HashTable, #FEZEC—Query, W15HiZF & ArETabledr, A4 MA
ZFE, FHBValuelE RN iz fETabled, HA¥ 175 HTHEL
hn—Bpr,
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/g5 : Hash function. Hash table

- Hash function
- XFRAN: W4 (Hash ) %, Eu7454C (Digital
fingerprint). JE4i (Compression)&i%. HHEIAIERS (
Data Authentication Code) 2%
-h=H (M), M: BKHE, HM): EKKHEIE
- MD5 #1 SHAL
- Hash table
- QS AR AT, JEICH T ONKA TR HAERAT AL NT(K)
HI8IG; PUa SOt 7 KRR, R G A o
Bt HE B Z e Rm WAL B p=f(k), MIMER{Z 8T H
AAHUT R H B
- M5 Kk1#£k2 , 1H H(k1)=H(k2)
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SHARE: BURESESREAIEQ)

- B A B :Naive Bayess EM. K-means. SVM. kNN
- YLERM:ID3. C4.5. CART
- BTN RIS N— :Bagging. Boosting. AdaBoost

- MBIEZE: METE
o T E MRS T AR IS I A AH 5SS
« A-Priori [1994]
- Eclat [1997]
-« FP-growth (Frequent Pattern growth) [2000]

o AN 8 B ) A T 2
- Web ™ B8 #8238
- 545 (hash) 51 7752 (Hash Table)
- Fii[E 3 1€ 28 (Bloom Filter)
- I RLE EAG I
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ERRRSHIEEZTE

Ek: HM— P TRREE—EAT

- fE

HEHW— AR RBLE—
- HOE A B %%ﬁ§~A% i S

H%EEH, @Jﬁlﬁﬁﬁﬁm%ﬁ:ﬁ A&

1IER (2 ERWre 2 BE i 7g)
- £ FBl, —/MNRSENRIZ TR R E%Tﬁ AR
- M RS, AlWrEmail il 2 %%EF'

EMEIE R B, —ANMHEE ﬁw@f

(|

-%'%%ﬁ%ﬂmﬁ Amé%%m%ﬁlﬁﬁm

, BE—NFHIUEN, BRENESHHTRER

[:lﬁﬁ EIET

RE (K

7Y 23 Ak LS
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—2emE & B 5= 840
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O<ERE K o e
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ey el R | ERotE
.mmm X m_mAnm ﬂm% i LA_M_H.
ERGED EEE X /T
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SxTiEE BEy 5 Rliras
Sy BB Bl sen oo
sty T8 g 2
CEpET R peS |
| ARy By Al | o2
SEGHERR SRR RO L4
JERKE N dededilisie e
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4o . AR EREST BRI
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hPETESE (Bloom Filter)

'ﬁﬁiL/ Y ?ﬁﬁi (Burton Howard Bloom) fF
1970 £ E T EI/J ngjtjiiE —/\ﬁ{ﬁH'J_L %l ":'
ﬁ—%ﬂ%ﬂ%ﬁ@ﬁ@m il e s vl PLA
?h%*l%%ﬁ TE— N EEAH,

o BRI R 2 R) A 2R R R B () S 3 s e 5 — R Y
ik, AR E —ERIRIEAE (ks False
positives, BPBloom Filterfl 53— e = A7 4E T4
e, AHESEBR Lizon s JEAES ST AU ER
Xﬁ 1Elm/xﬁumﬂ wRIEE (R x5 False
negatives, ﬁﬂ%%/l\m%?ﬁﬁbb/xﬁ?‘t@&/\t Gl
/. Bloom Filter %K%f&%@fn%ﬁﬁ?fg/\m i)
, FTAASIRIRD -

RE (Hrez k) H23%F AlEJERS

/l[ﬂl
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PSR LE R
ﬁﬁé /n_,\nnEI,Ji _L

ABSEBRATAEE—ZA WT IS, FRA1E RS
{730 CHe) . BRI F IR R, AR5 1
A A R E N

TR TR X, AT AR R L

g8 (F1,F2, ...,F8) 74 )\IMEEBIsar (f1, 2,
.., 8) .

‘abc@yahoo.com

F1 - F3

1] [&2 3
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b EzE TIERTE

mbE RS ENL

o HH—IBENES AL G TIX)\AME Bfaatiiimg 3 1 245
fCHR I\ BERE g1, g2, ..., g8,

o WIAEFRMNFERX N\ E ) I H R E AN —. JATIX—
A email HBHEESHATIXFEERIALCEE G . — MEFXTIX L email
bk A L e e A T .

abe@yahoo.com
F1 F3
F2
i) [ -
: 01 W 11;.*«'?0 1» . .0@1 o e s (At 2t A 2k Sl f B RAe "1 @ 9 .. l .

QI vk E o B s 0 N RSV RS RN A SN g8....1.6GB
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ﬁB%L/Fg ::}_EH
&¢JW—-/\"T%%EG 3B {4 it

|15 & W e] B AR P 8 28 SR Al — AN o &
E SN R e T
A Be (Fl F2. ... F8) XTJZ/\ﬂﬁhI:F‘*E/\
52,...,58, %FJ%:X/V\?“@CXT&@WB%
— 338, %%%uu R Y EE
! ?g&,“tl,tz,..,tS SiF I )\ A _;JE'J TR

& B 7E B 42 B P i P RB ARk, FRATT

S R EE AT ME R 4 56 (T B

“HEA LA, BRRT AN T
Z$nmﬁ%mﬁmmﬂ%ﬁﬁ%z
et
Bk LRI, & AR

v1"\
—l?)éb

R
ﬂﬁ

| [T BTSN

| SIS —>Auss SR =
ﬁ%ﬁ&%‘%%&@%
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ST EEES B RETOTY F
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?ﬁﬁiﬁf},ﬁ%ﬁﬁ,ﬁ}i‘z ) /J\ﬁlj

[ G E] 2521 intE, nfee A AR . gttt X B sk
ANFEIRECE 2 /0407 HH29W AT

[ AR ] 5401210 AEE Funsigned int 25y, 3 HE
SR, RGBS IR, a2 W J LA Eo2 S AR
A0fC A E 2
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{xy 2}

N . Bloom Filter

- Bloom Filter 4L /&

LT U R S, e 58 2 (AN )77 T 5
5. AL Rl @ﬁ%% I T A e

[oftfofrftftrfofofofojoft]ofi[ofofL]0]

n
\\"-—-_
____"'“-.\l’«s'—'-'j__:_ —

it Rl e A P
e L W B R T, LR

- Bloom Filter &k /5

- RE R (False Positive) . FEEF AN TR EIE N, RERE 1Y
e (2t ot 2 A, )”'Jﬁiﬁﬁﬁ& I

- Bloom Filter F#)

- Google #& 44 1) 0 A A E Blgtable AT R I JE 2 R A TET
1Tj?ﬁJ uﬂ/"ﬁﬁﬁﬁzﬁﬁloo\ﬁ(

- Squid M TR ZE A7 AR 55 8% 4E cache digests F i ] T AT R IR 2%
- \Venti SCRYAF i 5 48 K AT B0k 918 28 SR A I 5 i A7 IR 2500

. S%DIN*%%W‘/WJ o5 P A [ 1o VB S8 AE SONARLG I [7) R PR EE AR RS T
H
- Google Chrome| s 2515 B 1 A7 2 1k g a8 s 22 4= 0 e i 55 o

Ai B3 € 28 (Bloom Filter) Vi
http://www.cnblogs.com/haippy/archive/2012/07/13/2590351.html
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SHARE: BURESESREAIEQ)

- B A B :Naive Bayess EM. K-means. SVM. kNN
- YLERM:ID3. C4.5. CART
- BTN RIS N— :Bagging. Boosting. AdaBoost

- MBIEZE: METE
o T E MRS T AR IS I A AH 5SS
« A-Priori [1994]
- Eclat [1997]
-« FP-growth (Frequent Pattern growth) [2000]

o ANT E BT AT B T 42
- WebH R SHE T2 18
- 545 (hash) 51 7752 (Hash Table)
- FifE it JE 2% (Bloom Filter)
i (VAEEG =R dll|
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ERRRSHIEEZTE

5 SCRY A8 5 S

- X | B Ab AR R AR IF] Y P 2
- SEEE | Duplication

- Al L@ RS (fingerprints) R4S I ff VT B
- RZ BB AT LE S Near-Duplication

- E.g., M SCANAN 22 H AN [F]

- 8 G R R S v R B AR

« JH I — 0 1Y BB R A U ARl = |

- E.g., Similarity >80% => 43T Ll & ]

-l AR RAT IR AN AR IE R (ABITAL, BCIT{UAREHERTACIT
L)
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IR
T

- XYXAEHITHE (B AT NS R R KT FF)
- ¥&2ZShingles (NJTia)Word N-Grams)

- aroseisaroseisarose —
a_rose_Is a
rose IS a rose
IS a rose IS

a rose 1s a...

- 3CH4(BNShinglestE &) [A4R{BL1E
- 3Z &£ Set intersection

- REMKINFRBR/D

QA

MATUFS,
tdAYk-shinglegdF
N ELLIR) I A A BV

A IERHKE X HEHIH—

AJLAENX X

WE=]S

5,

B EE, MRMEIXE

HYshingle&E

BrelmmeiMES.

Jaccard R #

SILF—H,
BEEEE
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+F ‘43
j:Azyz +

Al

| c.nc|
Jaccard(C,,C ) =

e.ucy
- HETA SCREXT 2 B B 1) AE a5 2 AR T i T B
LA 2 )
- g F —Fh IR EH #9077 2L Shingles ik H — AN T (K
sketch) i Ll it 5
- IR Sketch_EvHHE AR K/NIFE RN
Doc A

—> [Shingle set A } —> | Sketch A

) Jaccard
—> [Shingle set B }'—> Sketch B |

Doc B
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SRV (Sketch)

- NER XA — N R F & “sketch vector” (

K/NLIA ~200)

- FH
du

° XTA
~

A ) 2N >t (— % 80%) e AT fthnear

nlicates

YAYD, sketch[i] 21 F:

- f JE T A K52 shingles WLt 5] {0..2m Ye.g., f =
fingerprinting TH5 —>mfi [ 2L )

- p; /& {0.. 2"}IBENLE R (ERE R RN

» XD T A singles siE# MIN {p;(f(s))}
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115 Sketchl[i] for Docl

Document 1

64-bit f(shingles)

(O 2 64
W O £

o ® > 204 E/ME
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M, if Docl.Sketch(i] = Doc2.Sketch[i]

Document 1 Document 2
. @ o e @ »64 e 0 o o .0 64
. @& o @ 264 0 e e o Db
. & 064, 0 B D64
"< A
=B MEE"?

BEAT 200K BE LB : P, Doy *** Dogo



ERRRSHIEEZTE

2019/5/5 133

| = = ALY Ve \
AR _E B XtshinglefE & i THEHE
Document 1 Document 2
® S GG ’264‘ Q0 0 Q0 >264
—8or & @ @, H6le 0 e o o ,9H64
° @ ;2649 L] =264
\\~~- —;—’/

A = B iff the shingle with the MIN value in the union of Docl
and Doc?2 is common to both (i.e., lies in the intersection)

819-1: A= BR AR BLS

EIE

R = STEEKN RN

( Size_of intersection / Size_of union )
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NG (U EE RN

+ Shingle ik B % L J8 A8 22 5 SCAF AR DL ) P 45
SE S NP PRER P

- BEBKR, Xfshinglef2 & THRE, PARRKZE
A} E]THHE R 8

- shingle BUEE R EF =FF1E, BIMin-Wise, Modm,
FIMins

« MinsEE AR Sk shingle A BB EE HEAT G, SR G NP ik m /st
U EUREEE S . b4k, IBTT LLAE F shinglefthash i £& % shingleidt 47 AH
RIS, BEWE S E — i E 4.

b




