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SRS 5885 S TR B AR

m KK (clustering) F14728 (classification) &M=
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o RK, MR 4 E R REIEEIE NI/
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TR B HA LA BeE F IR R AE
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\\timd

225 (clustering)f19325(classification)

CLUSTERING CLASSIFICATION
Datais th labeled Labeled data points
Group points that are "close” to Want a “rule” that assigns labels
each other to new points
|dentify structure or patterns in Supervised learning
data
Unsupervised learning A
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\\timd

225 (Clustering)
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k-means ( k-I3{ER=E )
FEARCLIME A&y R, 2

Mg LR T A FEAR s i) “IE” FRow DLFE 852 53 I RE A A g JE A
Step?: BEHLIEIK M A 2 1E Jy b 75 5] k-medoids #35:
Step2: R H AR A SRS H 5RO RIER R, X 45 Bl R
Step3: BT S IEHIMIME &, K AR IR T O
Step4: & T AR LR KA, WHFIL; SNHAT Step 2

e @
Ir ® . @ @
o + @
| @ ® o O ‘
/ |': .+ \\ |
lL:' °.. :,_._" -~ KQH!
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k-means ( k-1(EE2K)

K-Means B R EVLZEAN TR T =X

k I
SSE=Y Y dist(x,p)*=> > |lo— pl?

=1 xeC; =1 xeC;

I 0

(1) .(2) (m). _ 1 (2) }
J(c e e gy ) = — E Hl — L)
=1

Rig: k{EmEL BEITE
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IRIMDIR -

=N BIESS) = Bem4)
kK ITSP=ES) e 82 M EIEAEAT
SN

k 3T (k-Nearest Neighbor, KNN) EANBIS

i , JOAS
#E=2>] (lazy learning) BYf{ZR IREM, TES
(KRE; VIIK)

which class? ®
| °
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e e e
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NS

ESSORYE

BRAESSNNAD, BRIESEERERHIKEILTIAIE ?
ZXiE(dense sampling) &% : FHEARBIE M \eps-SBEELB TN

WRERBI R REIRY1073

BRE#4E 20, WRHATRREBERFERE

TR AR R 1050

% —IRRREIREE: 70 € '
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3Z3
1L/

ISOMAP

F ]

re

7

Fig. 3. The "Swiss roll” data set, illustrating how Isomap exploits geodesic
paths for nonlinear dimensionality reduction. (A) For two arbitrary points
(circled) on a nonlinear manifold, their Euclidean distance in the high-
dimensional input space (length of dashed line) may not accurately
reflect their intrinsic similarity, as measured by geodesic distance along
the low-dimensional manifold (length of solid curve). (B) The neighbor-
hood graph G constructed in step one of Isomap (with K = 7 and N =

1000 data points) allows an approximation (red segments) to the true
geodesic path to be computed efficiently in step two, as the shortest
path in G. (C) The two-dimensional embedding recovered by Isomap in
step three, which best preserves the shortest path distances in the
neighborhood graph (overlaid). Straight lines in the embedding (blue)
now represent simpler and cleaner approximations to the true geodesic
paths than do the corresponding graph paths (red).

www.sciencemag.org SCIENCE VOL 290 22 DECEMBER 2000
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i

o )

PN = Z BIEE D@ || q), Yo A2l 2 T F1 A B FE 5 54
(1) AEFEAEErE: BIXtvp, g, D(p || @) = 0, D (p || ) =
O RER M 2p = q;

(2) A FRPE: RO Ep R qif)PE & 5 qRlp I E B A SF,
Dllq)=D(qllp):
(3) AN PR Z B LS/ T4 s, Bl
vp, 9,2, D |lz) =Dl g9)+D(gll2)

AR B SRR B ) =2k A

TE X1 BRI 2 2 [B) IUPR D B S 2 ]

http://cs.nju.edu.cn



http://lamda.nju.edu.cn/

i

g,

o MEE MR (dissimilarity) HJE=:
o FHIREBE/IN B A n) B ek 1B

% D(x,s;) Ko RFE A A Ex 5 AR = s; Z [HEE .

U\x'—ﬁsl, AY) PR = N, %D(X, s1) < D(x,s5,), 5 B R
B ARFAAE A R x5 A AR 2 A & sy AL
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O S5

distyk(x;. LBJ') — (

P= 2: Bﬁ E&EE%(Euclidean distance)

u=1

Yo RORS A BR ? A
NEBHEEESE ? ——
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;E

S =

P= 1: 5%, H/El\ EEDj g} % (Manhattan distance)
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EEEESS) (distance metric learning)

HEHE— “BE” REDE NBREEES

B, BEBBRY “SHN” X hRES

> BEOBEE “T” GIEEBE ?

S EEE (Mahalanobis distance) & — MBI B EE

2
mah

Hoh M RN “ERIER” . M ETR—:

dist

J —

IEESFIMEERN M H T

(i, ;) = (z; — ;ltj)Tl\f’I(:lt.l- —x;) = ||z — x;||3;

- TEXYHRABRE
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AT 2L RSRBER ?

IR BB IR —— S NSRS

B2:
o FxTERMEE
(REMRE PR ABXFrEpE/)\)
® TTENIEFHEE

;Ié%l:l

(ZRERIEEE/VBXIREPEKN)

RRRKIE

o SXPBBENTME

RIERR

EEEESS) (distance metric learning)
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Example (MATLAB)

X = mvnrnd([0;0],[1 .9;.9 1],100); % zero-mean correlated data
Y=1[11;1 -1;-1 1;-1 -1]; % four pointsin 2D

dl = mahal (Y,X) $ Mahalanobis distance

d2 = sum((Y-repmat (mean(X),4,1)) .72, 2) % Euclidean distance
scatter (X(: 1) .X(:.2))

hold on

seatteE (Y {:.4) ., ¥(:,2),200.91, """, "EinigWidER! ., 2)

hb = colorbar;

ylabel (hb, '"Mahalanobis Distance')

legend('X','Y', 'Location', 'NW')
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dl= : _ .
0.6288 gl | B .
19.3520 .
21.1384 £ L
0.9409 | ‘3
d2= | é h %
& d fb 8 ‘22

1.6170 ol oo 6
1.9334 o2, 8

"
2.1094 2
2.4258 4 . . . ‘ | | | .

3 2 - 0 1 2 3 4

Fig. 2. Mahalanobis distance and Euclidean distance of four points (Y)
to a set of zero-mean correlated data (X)
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IEEEESS] (distance metric learning)

ME25 2] 1 BB T EENBEIRKE
O8irl: S5BKDEE0IIERE

B0, BLELRDEEs8YEREN BN, WSRIEZHBINCARIA
OB8ir2: SE&IVHAFNR

B0, BESF] “IE” (must-link) AAREEM 5 “73E” (cannot-
link) AARES C, NOBIIKE MANLHIEBER] M:

. 9
min Z |z — € [et

M
(zi,x5)eM

st Y e —w} =1

(zi,xp)eC

M >0,
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RoARE R SN
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Te.

X
D(x,s0) = cos(8) = e
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MR R A R E . A cos(0;) > cos(6;), XV # i
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Jaccard IEESMNFE

Tanimoto Coefficient (Jaccard Coefficient) T3 11+ 5 A

JRAE FE = AR [a) B ARARLEE o W SO M a] 36 [R) B B AFIE 2
= HAESET WA HFEZRE (ANEZERE 2N END

14 db B s B TP AN FH P 43 B SR BR B Fr B W i 280

| XNY] , . |
| XUY]| | ) | e

D(x,s;) =

B#E  D(x,s) =

xTx+s]s;—xTs;

x Al s; A 7] 2= # Abit sequence

RNA : RIRIZEh

o o
S NN\~
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ANERBIRIMHRR T

R —A =R ET K2 ER T IRR IR R & A2
Bl (sparse vector) B(EMiBiFEE (sparse matrix) o Y
HOEMEAE SHEEHESMER ST HIME Y, X

BUFR NS = M LR IS o

Wi B AR 7S e ML o > AR 2R S s ) LA BT FU A .

R

FIRTROR, e RS ) R R 5 ZEATE U B
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Face Recognition

d

0.05

-0.05
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ANERBIRIMHRR T

PN v &l | STE P 9 s S g S B NG/ ND IR S =3 S 7N 0 il
BRI Zr BRI R R 45 R & A 2R im 4E 81 7]
E(H M = Ry xRy IR BB HEKAEFEAZH , Bl

m =512X512), FFHEMIHER TTRABCE)T 1, ¥
B B &= K Euclideani B2 T1.

S H ARG AR A RS R NS 2R B4R, AT LA
RNBn X NBEHIED; = [d;1,d; 2, ..., di n,] € R™Ni
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ANERBIRIMHRR T

N T RENE R #R, BoEs— M IgREEDARELEOX
, SR SREGNS RAE 55— MRS N AR E B By BRIV AT BRI R
CAINGREBR T — LA Gy ~ D, Hodra; € RN 25 H]
g, RERMNERBRZA, F] .

FESEBRR R R, AEAEASFRAEH B SESR AR A 1) HAR H b & 1
NS TRy = Dia TR EHAD], FERAAEa; 1
R AR
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Face Recognition

W R FAT TR BN TE BT I 28T B A 2 e 2R H R Y
ERHEHWKME S, Bl LU X R Bl gEa 5 B—
IR E e R

D =|D4,D,...,D,]

= [dy,1,d12, s dyn,s s A1, A2y s ey, ] € R
HAN = Y N3RS ITE R H AR ZRBUE I S AN

\I
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Face Recognition

TR0 N B T AR e 2

Yy = Dao = [dl,li dl,Zi e dl:Nl’ e dC,li dC,Z’ i) dC,NC] 4]

Hoy (k=1,..,i—1i+1, .., c) AN SEZRE, IHHag

AR

\|
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Face Recognition

XFER, NI VR NS AR il — AN e 1 5 R 2H 1) SR A 7] 7
e oA RSN E

LA i A 2y A BEFERE D

KREVETTEHy = DaBH b iR 7 B a.

http://cs.nju.edu.cn



http://lamda.nju.edu.cn/

Face Recognition

BEWHERE: BEm<N, #fly = Dag N TRH, &
FETLS ZHM. HbEMER G Ea, (ERFaqIEZE,
HAME 7 23 ANE ) A A VDL %

\|

TR = AR MR &, B LA R 70 18] @R] DL I %
— AN MAL T Ey = DaglIZIR T, 5 E L0
B (FEEITTEPINED m/MMb:

min||agll, subjectto y = Daj
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Face Recognition

i |
EES: | Hft v
BiF:
| ARSI | it
#E #£=x A & DRENEATEF 085 v|mEen  HESA
WEER:

%E : hh HE : BEEs uE  EES HE A

EHFS (SE) ¢ HES (SE) ¢ EHES (SE) ¢ EHFS (BE) ¢
320819197612303177 500103199801295712 320819197612303177 532628197907137256
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RESEMFEL

= N
o HIREEE, BRIKEEE

e Tanimoto coefficient
o KK, KiEAE, HEE2

o NEE&RKIMHR R

http://cs.nju.edu.cn



http://lamda.nju.edu.cn/

