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7|‘ IZ]*Q (kernel function)
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sklearn.svm: Support Vector Machines

The sklearn.svm module includes Support Vector Machine algorithms.

User guide: See the Support Vector Machines section for further details.

Estimators

svm.LinearSVC([penalty, loss, dual, tol, C, ...]) Linear Support Vector Classification.
svm.LinearSVR(*[, epsilon, tol, C, loss, ...]) Linear Support Vector Regression.
svm.NuSVC(*[, nu, kernel, degree, gamma, ...]) Nu-Support Vector Classification.
svm.NuSVR(*[, nu, C, kernel, degree, gamma, ...]) Nu Support Vector Regression.

svm.
svm.
svm.

svm.

OneClassSVM(*[, kernel, degree, gamma, ...]) Unsupervised Outlier Detection.
svc(*[, C, kernel, degree, gamma, ...]) C-Support Vector Classification.
SVR(*[, kernel, degree, gamma, coef(, ...]) Epsilon-Support Vector Regression.

11_min_c(X,y, *[, loss, fit_intercept, ...]) Return the lowest bound for C.
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DIOHETRZRIE (Bayesian decision theory)

BERAESR N SRABRREVEANIEE

B N DA, < A, (NRRS | TEFENRDENS | K7 ER
e, NEFBRBEERIEN x DEISE | ZERIFRAEXL Y :
N
R(c; | x) =) X\;P(cj | @)
j=1
DAHETF) E/EN (Bayes decision rule) :

h*(x) = argmin R(c | @)
cey

o W FRNVIHETER{L D222 (Bayes optimal classifier), HQUAXEFRIYOIET
M (Bayes risk)
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FUIRITE vs. /LT

P(c|z) IR BEEHEDI EEIRSE

MNXTBENRS, Va5 IR ETBROVIIZFEA
INYEI= 2 2 ) WE v 5

PR EANRES :
F)RIT (discriminative) &£ 4Y HANZ0 (generative) RAY
Bes . EENT P | 2) B B NG E D Pz, )
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Thomas Bayes
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(likelihood)
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1‘#%)‘? U‘l‘ﬂﬁﬁ?@%& (naive Bayes classifier)

p)Pla | LEESE: Mmook
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f<§§ (Clustering)

REMEE S, TMRERE “BRUNMEFSHIR” (validity index)

O SNERIEFR (external index)

SRELEREED “«zZ1EH1” (reference model) FTLHIR
Q0 Jaccard A%, FM 152, Rand 5%

\
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O N ERIEFR (internal index)

EEEZEREXEIMARTOZEE
Q0 DB #5#{, Dunn 1%z

BN
o “HEAMLBIE” (intra-cluster similarity) 5, H
o  “HEEBILIE” (inter-cluster similarity) 1§




PPEITE

PEE & (distance metric) &% EBVEANM[R
A E: dist(x,, ;) > 0 ;
]k dist(@;, ;) =0 M HACY @ = x5 ;
SIRRPE: dist(x;, ;) = dist(x;, x;) ;
FLE: dist(x,, ;) < dist(x;, ) + dist(zg, ;) .

SHEBEEI:
X O] RETEFPE (Minkowski distance)

T %
distyk (@i, x;) = (Z |y — z,up>

p=2: §REGEEE (Euclidean distance)
p=1: SI5WEpE (Manhattan distance)
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the goodness of clustering depends on
the opinion of the user
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VAR “ETFRAIGIEKZEL” (prototype-based clustering)

Ri%: RESHEEYI—HRILAS

Wiz TR H, REXNRELEITIEICERTKE

& kYERE, Mg (LVQ), SETREERE

2 \N|l/
ERSES

INFR “EFBERIEZL” (density-based clustering)

R1%: BESWEBIFEADMNEEEERE

WiZ: MFEABENRERZRFAZGNOEREM, HETOEEEAR
N NEEES

7% . DBSCAN, OPTICS, DENCLUE

JREZZE (hierarchical clustering)

BRI : BERr=EARRIERNRESER

W12 : EARARRIEIEEH TN D, MWMESRERES LS
f£Z&: AGNES (BK@_L), DIANA (BINGT)
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DBSCAN

KPR
o 1% X% (core object): #7 a; 1) R /DA MinPts M FEAS, L

Ne(xj)| > MinPts, W @ &ML

E

o %% Fik(directly density-reachable): #7 @, £/ 1" @; [ e- Bk, [ a; &
4‘Z‘ X J? hij; /J< €L 11 x; EEEQ&

o % n[ik(density-reachable): Xf a; 4 @, A AAEFEARIY Y pr.pa, .. .. D
Holtpy = ai, p = x; Hopigpr 1 py BREEIE, WIFR @) 1 @ % L ATk

o W MIE (density-connected): X x; 5 @, AAAAE @ WY @ b a; I
xy, HIEWIE, WK @; 5 oy BEME. e © Q. ©

SMinPts = 3, 7, 6 71 BEEL TGN P ®/® T4
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AGNES (AGglomerative NESting)

Stepl: Y& MERSIER —
Step2: SHBITHF ME
Step3: EFEHASBEES—MED, ME
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; SNEEE] Step2
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BANKDIR :
=BT s = E4HeEH
- K32 A REAT
SR SxR

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

TRBIR, =B
WE=2>] (lazy learning) BYLER -
(BREE; ¥IDRE)
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SEN fﬂ‘ﬂ&w , SEBRIIEARN 2z JUERERD LB IREER 2
x 10 z LA T BIBER,

err—l—ZPc\a: (c] 2).

Lml

RTINS )28

ce)y
err—l—ZPcM: (c] z)
cey
o1 2
ST RIS L IRE ~1-) Pc|=)
ce)y

AEBY

<1— P | x
MR KSR RIS (¢ | =)

=(1+P(c ) (1-P(c|z))
<2x (1=P(c"|z)).

KNNZr5es; BRARKBNADR, RINNEZEEBERDIICLRIL ?
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BREESXNNADP, BRITEEBERINEILIRIL ?

X iE(dense sampling)B1%: HEARBT Ne-S8HEFB TS

WREARERR(EIRIIL103

BREL£EIN20, WRHABRREERFRLE
T RHVE AL EUT 1060

BR— N —mKHANSRBEMORIER: 70RD4%E
BATR S HENG SEIEA, FTRZ/DHFER?
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MIREA S 2540, B5% /
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\\l—‘—J 144 .
MELE"gR\" (embedding) (a) Z 47 i P AL 5] 49 4F A & (b) Zsh7 bt @




ZHEEN 57 (MDS, Multiple Dimensional Scaling )

MDSS7E 34— M4 20T, /eI A SIS R MR
SERRINIEIEED, AN ERN  SHIEA TSRS ANIRD
Z, 17—zl = disty, SB =272 € R™M b, = F9% . AEESGR (BEED)
iZi, BRIRELEFBVERZE DN, B ;=0 o L .
2z, WAREOURERIRPI, K22 R (B PTRIGRE B
dist}; = ||zs||* + ||z;||* — 22;z; = by + bj; —2b;;  XUBMHTRAHEDR:

Zdist?j =tr(B) + mbj; , distf, = %Zdistfj , B — VAVT

— ‘=

m m YT £ N\ARZR (AR AT =5 | i A==
Zdz‘st?j — tr(B) + mby; dist?j _ i Zdist?j ’ EEHBD%’:FESQQ% |_¢LJEE, ?\ZM%D@ .
= m |

EomKE: 54

i i dist?j =2mtr(B), dist* = — Z Z diSt?j ; W
- MEEEEV\FHEE

i=1 j=1

I
Z = APV e R

Eig%% W$R1%EE B = ZTZ c Rmxm

1
bij = —§(dist?j — dist; — dist?j + dist?)




FRD DT (PCA, Principal Component Analysis )

FRBEMZEEPEIEAR, WEEA—T B EXrarEANHE
TS EHERIR ?
EEAEXENBYE, AT AN B8 XM :

o BROEMME: HAREX MBI ENERE R IRIT

o RANOOM: HAREXBYE R E R TN
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PCA-sIT &1

SAEARHEH TR, - Z z; =0

BERZZREFIFTLIFARN{w, ws, ..., wa}, EP
w; BIVEIEREDE

EEFRITPIRAR DL, BDBEERIER 4 <d, NIFEEN
PRI REAR AR D OISR 20 = (215 2i25 -+ -5 2iar) 2 = W; @

d/
Ha1 ZiXKEMRT;, SEE iizzzz‘j’wg‘-
j=1




PCA-sIT &1

REAR T SETRESMIFAR T, ZI5800REN

d/

E Zz'j’UJj — I;

J=1

m

2

m m
= E 2l z; — 2 E z; W'z, + const
i=1 =1 =1

2

o —tr (WT (f} a:a:T> W) .

w; RIERE, ) =) BINHZERM, TRESIEMME, B:

r%%fn —tr(WIXX'W)

st. WI'W =1

FTERR: EWRE X /D DITENLH BR




PCA-sx XD

HAR T AMTEPEYE LRTEE W e, STEFARD
I RERTYREDTT, NN ZER/EREBFARINOERAN

BRYEHEARNSER Y Wieal W

o | F2: max tr(WIXX'W)

W
st. W'W =1L
di /-"' -~ F0T
& v 7 % — 0.206 : . T T
A min tr(W*XX"W)
5% — 0.045 s.t. WIwW =1

) 1
0 l p T




PCASKRE

max tr(WIXXTW)

st. WIW=1.

RIS EEHESAT1E
XXTW = \W.

FRESKRAGEVRHIHE A

BN ER R XX I TRHEED#E, F

O
B A >N > o> )\y, BEGRE 4 MHHEYNAOFTEDSE
MW = (wy,ws, ..., wy), XREFEMDDNTOVE
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d' BNRE :

O BFPEE

O A IRERIEPXTKITRHEM D LESIH TR X IGIIE Zd/ N

O WWESHRIE, B t=95%, REERES/ & 4’ F1E Zii:l ; > {.
i=1 "\

PCA EREMNELSE, EATMREREHINS

BIOENRNR B PIZEIAREIR N “UHIERS” (eigenface)
AANBRE d MHEEXNNANFEOERARNIER, NER)




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).
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Compute the neighbors of
each data point, X;.

Compute the weights ¥,
that best reconstruct each
data point .X; from its neigh-
bors, minimizing the cost in
Equation (1) by constrained
linear fits.

the vectors ¥
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weights 7, minimizing
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nonzero eigenvectors.
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%@2 (distance metric learning)
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%@2 — NCA: Neighborhood Component Analysis
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