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1 ik
1.1 MM $FEE"RFTE

EIEN=FE, BMNESTAFANRTRNEEAAEETNETRE. BiE, HIIFEEI—&ES, thali: bE
MAMNZEI P UHEEHERER, LIBREHTE, B, sklearnthSNEHEER, YREEL "4, £
FEBATHEAFE TR, TEHRET, FHEERNBNE BRI RE A ENAR. . XEIESEMRIER D
WHERRAER, BEEIE—X, —MMMEHATR, "EERIREAA?

T EEMSeries> ki, HEFRREWEEshapeiRORISER, shapeiBEITILANMEF, MEILHE. FR5ILASMIZ
&, AoT7e—4% (LRSshapeiREIME—RI4ERE CRIEHENER) | BITHIZOM4E (shapeikETx5I) , 1B
AR, —IKRRE Y, SHNRNNTESNEE, S— M EEPFE2K3TIFIRRR, shapeREIRIZE
B4, 17, 5). BEAPFE2HE2KIITAFIRIRRS, HUEHR44E, shapelREI(2,2,3,4),

— — A
array([e., ©.])  array([[e., 0., 0., 0.], ar‘r‘ay([[%g., g,, g,, g_},
[e., @., 0., 0.], ., 0., 0., 0.],
ﬁéﬂ [e., o., 0., 0.]]) [e., 0., 0., 0.]],
Series shape (2,)
shape (3.4) [[e., o., ©., 0.],
[e., e., 0., 0.],
[e., 0., 0., .]]])
shape (2,3,4)

HAPHE—IKE, HTUR— MSIEERE— DataFrame, XELEMKERE—KE, FUA—EH1TY, He
1TREAR, JIRRE. HE—IKER, HEENRHFNMSENHFIINGE, —RFTIHIRE, IERERRISIAE
8. RTERSIZ5, — IR, WM MMHERTHE, nMHIERNE.

A1 B e R 4542 4543
DataFrame 0 0.0 0 0.0 0.0 0 0.0 0.0 0.0
FHERERE 1 0.0 1 0.0 0.0 1 0.0 0.0 0.0

MEGRR, HEEREEEPISTERENEE. SIRETLEERARYIRHN, —MHIREEXN —FE%, 2—
%, MMEEEEMMHIREEN —FE, —EAYETR, ME"% = TMHEEEENHIEE =T
B, B—MIFEASIRR, E=%. = MALRSIREREEE, EXARTEEN, LA FERIEHET
Z1X

E%

A J

PRMEREAPRY PRME, IRRORIHRIFEAEREPFEME. ERRPIRIIRT, FENBRATILREEESE
R, BREF, EESAES—FEK: SiETRK. N CENERNIESSALESY, BGFHEPEMNERR
AJLEENINAY, BI—MHAEIN—MHERE, N—5F8Rm, Frll, =HRATEHERR, 2SR
R, XATLAFS BIEA R RMIRRETERI D0, MI=4ELA ERHERRRE RN ARBER AT, SRR SRR LR
.
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1.2 sklearnrhfY P &%

sklearn RS LB R EIEEIER decompositiond, X/MERARE— MBS FIER, EdEAN+HF+, W

RETNHCEIRHENISCE, BESEULIREME—IR, EESHEAILARERE, REFS, BES, SRR
H, REERIFS, HERE, ALUEOTEME, 520065, NetflixBE240 7T —MNEE A 1005 ETHIHES
REEER, RafFREMFERTEMSHETIEE: FTREDMSVD. (~0 3 )~ FLELSHSVDIEHE

RFEFHINAE, ARFEHED!

= 1 B
Erinath
decomposition.PCA Frkos ot (PCA)
decomposition.IncrementalPCA BEThrkm ot (IPCA)
decomposition.KernelPCA Bk ot (KPCA)
decomposition.MiniBatchSparsePCA IEERRT RSO
decomposition.SparsePCA HBERER S SHT (SparsePCA)
decomposition.TruncatedSVD HEAISVD (aka LSA)
BEF iR
decomposition.FactorAnalysis HFoHr (FA)
M7 R
decomposition.FastICA RS S RESE
FHFS
decomposition.DictionarylLearning FHIES)
decomposition.MiniBatchDictionarylearning |/MtEFEH%S)
decomposition.dict learning FHSESHTAESE
decomposition.dict learning online EEFHSSIHTHEESE
SRR
decomposition.LatentDirichletAllocation BEETETS NS ARSI F=EDT
decomposition.NMF EAEE S AR (NMF)
H{thxErF5a &
decomposition.SparseCoder iR

SVDMERMSD HHTPCABBE T EMDBEEIETHIANIRE, BB DR TR, SMBERIISX
THFNER. BRRNIEE, AAMURPCATISVDEE: THMKERKA—RSVDANE X HREEEEIIA
T, ALEIHEHNSFAT (BERREMAE) . BEREEEN—MER, SATHBEREARN, Hifxr
HMAKFFHIHMT, AASK, REBRARNASNAARENEET ZNRE, BXIEEREARTIEZE
XANEENEE, ENRFIPLEGFREME, FFAESREARBCERIE,
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B i) HALKO, MARTINSSON, AND TROPP

6.2. Matrices for which matrix=vector products can boe rapidly evalu-
ated, In many problems in data mining and scientific computing, the cost Taan of
performing the matrix=vector multiplication @ — Az is substantially smaller than
the nominal cost (){mn) for the dense case. It is not uncommon that ({m + n) flops
suffice. Standard examples include (i) very sparse matrices; (ii) structured matrices,
such as Téplitz operators, that can be applied using the FFT or other means; and
(ii1) matrices that arise from physical problems, such as discretized integral operators,
that can be applied via, e.g.. the fast multipole method [66].

Suppose that both A and A* admit fast multiples. The appropriate randomized
approach for this scenario completes Stage A using Algorithm 4.1 with p constant (for
the fived-rank problem) or Algorithm 4.2 (for the fixed-precision problem) st a cost
of (k+ p) Twan + O(k*m) Bops. For Stage B, we invoke Algorithm 5.1, which requ
{k + p) Tuae + O(k* (m + n)) fops. The total cost T, ... satisfies

Taprse = 2{k + p) T + O (m + n)). (6.2)
As a rule of thumb, the approximation error of this procedure satisfies
lA-UEV* = Vi - ey, (6.3)

The estimate (6.3) follows from Corollary 1000 and the discussion in §5.1. Actual
errors are wsually smaller,

When the singular spectrum of A decays slowly, we can incorporate g iterations
of the power method (Algorithm 4.3) to obtain superior solutions to the fixed-rank
problem. The computational cost increases to, of. (6.2),

Teparee = (29 + 2) [k + p) Toune + [)[szrn + ), (6.4)
while the error (6.3) improves to
A= UEV?*|| < (kn)/2R040 . gy, (6.5)

The estimate (6.5) takes into account the discussion in §10.4. The power scheme can
also be adapted for the fixed-precision problem (§4.5).

In this setting, the classical prescription for obtaining a partial SVD is some vari-
ation of a Krylov-subspace method: see §3.3.4. These methods exhibit great diversity,
50 it is hard to specify a “typical” computational cost. To a first approximation. it is
fair to say that in order to obtain an approximate SVD of rank k, the cost of a numer-
ically stable implementation of & Krylov mothod is no less than the cost (6.2) with p
sot to zero, At this price, the Keylov method often obtains better accuracy than the
basic randomized method obtained by combining Algorithms 4.1 and 5.1, especially
for matrices whose singular values decay slowly. On the other hand, the randomized
schemes are inherently more robust and allow much more freedom in organizing the
computation to suit a particular application or a particular hardware architecture.
The latter point is in practice of crucial importance because it is nsually much faster
to apply a matrix to k vectors simultaneously than it is to execute & matriz-vector
mltiplications consecutively. In practice, blocking and parallelism can lead to encugh
gain that a few steps of the power method (Algorithm 4.3) can be performed more
gmickly than k stops of & Krylov method.

REMARK 6.2. Any comparison between randomized sampling schemes and Krylov
variants becomes complicated because of the fact that “basic” Krylov schemes such

18 HALKO, MARTINSSON, AND TROPP

ProposITioN 8.2 (Perturbation of Inverses). Suppose that M = 0. Then

[-(1+ M)~ < M

Proof. Define R = MY, the psd square root of M promised by [72, Thm. 7.2.6).
We have the chain of relations

I-(I+R)"'=(I+R)"'R*=R{I+ R")"'R = R".
The first equality can be verified algebraically. The second holds because rational

functions of a diagonalizable matrix, such as B, commute. The last relation follows
from the conjugation rule because (I+ R*)=' = 1. 0

Next, we present a generalization of the fact that the spectral norm of a psd
matrix is controlled by its trace.

Prorosimion 8.3, We have [|M]| < ||All + |C|| for each parfitioned psd matriz

A B

.ﬂf—[g, cl-

Proof. The variational characterization (8.1) of the spectral norm implies that

z|'[A B][=
IM) = sup [ ]
- V] BT Clly

(1Al =l + 21 B0 il lull + 1T 1ul7)-

= sup
=l Hlwl*=1

The block generalization of Hadamard's psd criterion [TZ, Thm. T.T.?I states that
1B8]1” £ lANIC). Thus,

_ o O ]
Iai s s (AL =)+ €)M ) = 1Al + 1C1-
NP+ lwll®=1

This point completes the argument. 0

8.2, Orthogonal projectors. An orthogonal projecior i= an Hermitian matrix
P that satisfies the polynomial P2 = P. This identity implies 0 < P < L An
orthogonal projector is completely determined by its range. For a given matrix M,
we write Pyy for the unique orthogonal projector with range(Pyy) = range{M).
When M has full colwmn rank, we can express this projector explicitly:

Pag = M(M* M)~ M (8.3)

The orthogonal projector onto the complementary subspace, range(P)*, is the matrix
I = P. Our argnment hinges on several other facts about orthogonal projectors,

ProrosiTion 8.4, Swppose U is unitary. Then U* PagU = Puy-pg.

Proaf. Abbreviate P = U* Py U, It is clear that P is an orthogonal projector
since it is Hermitian and P? = P. Evidently,

range{ P) = I range( M) = range(L7" M).

2 PCA5SVD

TEPFUETRET, HNSHMFHINEE, XEHREMRENE, MEELXPNFRTEEILRBRNERSED, &
RN ELZN, B, ER4lE+, YA WHIRFATEERERM (tHngs) |, &6 —
AHERFBRIERMEM—IERESH (P —EHETREREMAEX) . FIFEEBHH —FEkEEE
HAVEEFSL LATBRYERE, ILHAERRERITRET, EBRRMHENSE, NEEABLBRIER———ISH
EHEESERIVHEGH, AR S E R IEFF —— R el H BRI KRR ER
By, $HMEEDRY, FRFERERS.

LRMHAETIERF, MRS —MEEIHDERITE: HEDR. UR—MHINETER), WEKREXD
FHIE LRATREAAEBUEEMER (LLIN90%EFE1, RB10%20, EZE100%2E1) , IBX—MHERBUEX AT
SREXSE, XMHEMATEERER. NIERXMMN A LMERTE, MR —MHERGERK, Uik
AIXMHEEHERENEE. Bit, EE4ETD, PCAERNERESEEIEIR, MRESHE, NFUBRMES
£, FEEX, BIEFRFNEREES.

i=1

VarRER—MHERISE, AREFE, xifUR—MF LIPS MERNE, xhatiERX—FIEFRISE.
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mEiXE e

BETER P AT ARREEN-1?
XENTEEFEALENLRET, BEEARTUBCERER-

2.1 ERRETHEIM?

class sklearn.decomposition.PCA (n_components=None, copy=True, whiten=False, svd_solver="auto’, tol=0.0,
iterated_power="auto’, random_state=None)

PCAE/IEMDIRRIZRIRUER, HILRBEAZESH, BFRENEE N SRR NzRERE, FALFED
SHERAERVEFRE, ATSHERIENEEEN, RIIRE AR 4RI,

X2 4
4

x1*
x1 x1*
1 V2
2 2V2 0 2\2
3 3 3\/2 0 3v2

HIIMEE—EER0%E, B2, =AMEREIRIALITRRSBIA(1.1), (2,2), (3.3). FEIATLLLX1F]
XD IWERTREMHERE, REMHEA— "4 FERBAXERIE. XEFIRNES M TAIESR N2, HE
MEF:

(1-2)2+(2-2)%+(3—2)2 .
5 —

zl_var = x2_var =

BMHERSIE—E—1, RWITERENT, BENSEDIR2,

MERNNBRZE: RA—MSFIAEREAXELRYE, BE"HEURERA—HEE, FERTHEHREEER,

BHEBEN R A ERERII2. TR, HIVSEANERMIREPRTHIEE45°, R T FaNSEREx 1 *F0x2*4E

FRHIFEE, EXNFEES, = MEREIERARR T AR A$(\sqrt{2},0), (2\sqrt{2},0), (3\sqrt{2},0)$, T
LUEREI, x2* ERIEUELRERE R 70, Etx2*BBERNTEHIEERT (HAIx2*iAELRR0T) o AT,

X2 EE FOBUEIIERS2\sqrt{2)$, TAENEIFRRAA:

(V2-2v2)* + (2v2 - 2v2)* + (3v2 - 2v2)*
2

2" _var = 2

x1*_ERYEUEISEN0, T5EBAO,
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LR, HAMRIEERSENHF, BSRSERAN—MHE, EATKIIEENR—HEEIE. FARILUEx2*
k%, FERSERFREFRIXHHERE, R TR T BEFER MHACKAERN=M AR, BUIEER
BRI E AR R BT A E, BB EARERERR T —FE& L, KI7T
— %4, AERERBFRINEIENGEE. — P ASiRIEE, MKl T,

X2 4
4

x1*
x1 x1*
1 V2
2 22 0 2V2
3v2 0 3v2

FMEETEER, X MEESEF, BN EENSER:

[

ZHEISHIERERE NHEFHEXERE

MNREUE, &N G2)
1 HHEARRR2MFADSNAIERYIRR, R
EH X2 MHIE BRI 245

2 RTEFHEFHMFIIEE: 1 RTEFHEFHMFIIEE: k

hEke, BH—PETARER
RERH 2N EEE, LUREI6
3 AR 24

BMNREGE, 58979 (mn)
HHRARINMFER EHERAIN 4SS

BEFEMIEN, HHNNFRNFIEEE, IARE]

RS

SRR R ERE DR, PR
B M B RRREAS

,  BUHSESERLRRL, ALY RHRSEERS SRV SRR L
= SIRIE(E, B R iEe Bz

. EREABERADHINE, BSSEE  WIECMERRBANSE, BISSERET
VEREORAT, B T 1 4 KT, PRSI ks

FELE3EH, HNAREEn M SIENSE, LIRS ERR VST L HE S ERERRKIASHEARRE
5EPEDRE. PCARISVD 2R ARMIREEL, (EMIENEMN EmAVTFERSCIESE, RERMEEZEMESEHY
FiEARRE, ERENEEIERARZET. PCAFERALEEAEEENGEISIR, FESHESERIKETEV, #
Hint, ERBE—RIEFARIARIE (bR, PEAERRES\frac{(1THNIXXMTYS) BIHIEEEXDEALUT
=/NiERE, HAP$Q$FISQAM-11$2HBIAYEE, tB— IREN (BIRTXR%LLBEE, HibIEE R0/
%5) , BENfEE ETEMESE. BETHS, PCAKEINE NS TEREMMMERS", MHREFHIUSHTE

AERANSERERD, REERETERE.
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X s uzapnes — QIQ !

MSVDERaRESHERKEZEY, HEFrEE— I WEEN, A% tiNTRESTRE, XESVDFHA
REEFIELREEERER. VIV BIRESFAEMIIGETSIEN, AR HENER.

X sas—rmzannses — UV

RIS, FTIERPCAMISVDEFEERH B I ARITEEREISr. FEEEMSBIEREZ S,

SFELURRAHIERREEARRIAERE, ELA/REURAIESIR(M,n), MDA T HHREFI=EY, A8
BEFEMNN), (M m)A/NRERE, EREFENHERERTEEZAEE. MIELICEPYthonitER, &
HittpYHIIES, EAREMEE CHAZEIER, ZTieRRaaEt, BAIATEethZS R ERTemixX
MNMEBRANHFATETRE. B, REEZNTEERRK, STtERER, B, eiIthseXaEA,

ERAR R I WERIZE) L

BE: FEMHEEEBRHTELTERR, B84 FRRE?

FHETREPE=MAI: FHEHER, SeNSHREERE, (FENER CmaYE4EG] 70t BRI R
5, IREBEH AR TIS?

FHEERRNEFERNFIEPEBIEHERRSZN, W BRUHEHRARE IR, Bl IRARIEXMF
AR MIE, RREFREE ERHAE X,

MiFERR, RISCHFERNFIDATES, FEERINHERRRAIHEER PRUEEI—MHE, MRE
TRETHFVAGERAIFIHE. BERR, EMIOHEEMERZR, HIIFTEMBPEERXIERET 7B
IFSERE, FIHEEMERZEEARTEENE, KL EH DR ERNRETEPRIH A%
EEATR, FFIEAHERINEIENGER, ACEFERMIELARENSNT . FBERZRILLESEL]

1& (feature creation, Bffeature construction) H9—F,

FJLUEN, PCA—RANERTARFHIAIGEZERIRRARE (NLERE) | RATTEBERRFIFER
BEZENXEAEBEEN. ELMRIFRE D, T ERRHELE,

sklearnD 0 04000000



OO00OsklearnOD OO OO0 https:/live.bilibili.com/12582510

2.2 EES#In_components

n_componentsEH( IFERTENEE, IFEEEERBIVFIHE, BEMETE_SEFTEMARKE,
—EIAILO, min(X.shape)SEEIFAIEEEL, —REIK, KRABEESEE], EIFKNNFRIKFIBEIERMAET
n_estimators, XE2— MHREXIIANETRHAESE, HERIIRENHFSMEMEERIRD. NRE T
fEKZ, FRIAAREIPEERINR, MRBTINHERD, IR IRER e AR NRAEIBRETHNAESOER,
b, n_componentsBEARBERKBARER/N. BFEATIRE?

AL MNEAIHIbR 4 Biminie . ARFNFETNHE—BEIERMNEREIES T, BAEEBEIEREI=4ELT, |
SRR 4, BIn_componentsfYEES2.

2.2.1 KRR SHEEUERITTIRG
1. E A EERNERR

import matplotlib.pyplot as plt
from sklearn.datasets import load_iris
from sklearn.decomposition import PCA

2. {RENEIEEE

iris = load_iris(Q)

y = iris.target

X = iris.data

#HEREE, XBI4H?

X.shape

HEJEIRRERHERRE, X247
import pandas as pd
pd.DataFrame(X)

3. R

#EAPCA

pca = PCA(n_components=2) #3C4L,
pca = pca.fit(x) # SR
X_dr = pca.transform(x) #IREGHEEE
x_dr

#BEILAFi t_transform—E 2
#X_dr = PCA(2).fit_transform(x)

4. aJ{ifE

#ERB=MERTIEES M ERE_LEFEMTRT, MUAR MR (RMHERE) NixE=MEREELERER
x1F0x2, B RERH =FIS AL FARAIX1FIx20E?

X_drly == 0, 0] #XBRM/RR5|, EHEKTA?
HERT=FOERNDT, FEN=MESELSFILE

#JLABRp=1TFS, tBALASR forfgihi
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plt.figure()

plt.scatter(X_dr[y==0, 0], X_dr[y==0, 1], c="red", label=iris.target_names[0])
plt.scatter(X_dr[y==1, 0], X_dr[y==1, 1], c="black", Tabel=iris.target_names[1])
plt.scatter(X_dr[y==2, 0], X_dr[y==2, 1], c="orange", Tlabel=iris.target_names[2])
plt.Tegend()

plt.title('PCA of IRIS dataset')

plt.show()

colors = ['red', 'black', 'orange'l]
iris.target_names

plt.figure()
for i in [0, 1, 2]:
plt.scatter(X_dr[y == i, 0]
,Xodrly == 1, 1]
,alpha=.7
,c=colors[i]
,label=iris.target_names[i]
)

plt.legend()

plt.title('PCA of IRIS dataset')

plt.show()

SEANSHEENERIR T, BEXE— I OENSH, HES N EZENSHENUREE, tHiF
versicolorfvirginialXmfiE 2 BB — L HEEIR, BsetosaBEASWOIE., XENEIREREZHE, TLUE
0, KNN, BBEHLERMK, #ER4%E, FMNEIMET, AdaboostiXLbsy eSS EILEURE L, FRABNRHELTLIE
95% _E TRYERRER,

6. IRRIFHERRIEE

#/@ttexplained_variance, BEMEHERENIIFIOE LATHRIEEERN (AIBERESTENAN)

pca.explained_variance_

#Blexplained_variance_ratio, BEMMES MUHENER SHEEE S REEIEREEENE L
# X eI TR ZaEiER
pca.explained_variance_ratio_

# RO EREMRB TSR 7 H— MHEL

pca.explained_variance_ratio_.sum()

7. IR RIFAIN_components: RIATIREHEREEISE

Ls#componentsIAES(HIE, MELAREIMIN(X.shape)MEFE, —ieskin, HABEAATRAIEE, T
P AEBAEFEYS TR T SE=E), (EiRBFDEENNE, —RKR, AERXFEmANGT. BF(1A0
SLAERIXF N A TSR E H Rit e R S EiiRig, DUSERRTFAIN_componentsHYEEEENE,

RN RS E R RN R — RS SR BN SO MR, RSP R R S =5k
RPYA\BFRAIIZ, BEIEEEENERA IR EN_componentsRIFHIEVE.
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import numpy as np

pca_line = PCAQ).fit(X)
plt.plot([1,2,3,4],np.cumsum(pca_line.explained_variance_ratio_))
plt.xticks([1,2,3,4]) #XENTIRHILIRHBRAEEL

plt.x1abel("number of components after dimension reduction™)
plt.ylabel("cumulative explained variance")

plt.show()

2.2.2 ARG EEESE

BRTHINEEEL, n_componentsiFEHRLLEIREIE? ZHIFAHRENY, BMESMEAEICKEEWFIMN—IR, s
Er981F KEMinka, T.PEMEE T F AL = MRS T1EPCABR KAt (maximum likelihood
estimation) EiEHESEINGE, BIN'mle"fE/an_componentstUSEEIN, FEJLABRXFMAG A,

pca_mle = PCA(n_components="mle")
pca_mle = pca_mle.fit(X)
X_mle = pca_mle.transform(Xx)

X_mle
#ATLURIR, m1eER1EEMERE T 3 MHIE

pca_mle.explained_variance_ratio_.sum()
#EEITHIEE2 MHINESNEERE, WTFEREX M/ NMIBIEERR, 3IMHENAXABNEERRE, HAF
FEEMUETRREB2MFE, EER=MFEBERT AL

2.2.3 BISREGILEESE

BN NZBANZEREL, FEILS#svd solver =='full', R HERLEERNSHRRMITE S AT n_components
EENBSL, IR, REREESZZPVIIEEE. thilin, WRHNIBEREI7XIERE, MALUEA
n_components = 0.97, PCARBEIEHBEEILLHREREE BT 97 %IVEEE.

pca_f = PCA(n_components=0.97,svd_solver="full")
pca_f = pca_f.fit(X)
X_f = pca_f.transform(x)

pca_f.explained_variance_ratio_
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2.3 EE=#svd_solver

2.3.1 PCAHIfYSVDIFER3K?

WORIMKEIREEEET, svd_solverFREDESRIIER, MTAPCAREZ THSEEXTHED NS
32 TRMMEIEA? RINZAIEEIRENY, PCANISVDS R T AEBAEMITE, MEHSCEERAAEE, B
HL, SVDE—MRAREF TR, REUMBEHFHRNTE, TIENEEER, BEit— 1 FSim
SHMMNETE, MXPnETEMETHEDBEREEMSVNTIS (FTA—THamHEEEIIER, FiliRE
BFHHEMEEMIZAEV", FIFILE, MESETREDRTIUERFSVATS) .

5 SVD: X > sxannss — USVT
FruSVD: X > —1rEmuEssngzer —» V7

AEFREEVNTYE BN T HR:
Xdr =X x V[ k]

kgii@n_components, RHEAFEEFEEZIRVER. EX(mnAMHEER, VNTIHEEEA(n, NI, B
XAFERFRIRIKIT (EATHIR) | BPREVESRAE Ak nERERE. TIV_{(k n)}SRISAEAERXESE, RIAT1SEIRRL4E
[ERFHEREREX dr. XRiR, SFRESHEILURTENSEERSFFERSRITETIKIENRE, MERREHISIE
S AFPELE R RIHIERERE.

BMms<, SVDIERMDEPRNIIELLPCATRRIRIE, BAMNEERE—HRDMRIE, (BSVDRILUFETH,
ERERNYZE, SVDNEREGRIERIRER, BER IRETTNNER HEFRKESS, B, sklearnfEiE
UERIEIRAL T ERD . —BRD RIUTERHMETAV, AETREDHTH, b0 ERGTEIEFIREFFHEREN, B
ERHHHT5ER, SEMTASVDRIMERDITER, MMEREBRITHEERESE, BINRENTE:

sklearn s 101 fit(X) transform(X)
SVDH R{ENE PCAZE R 2 M4
BABR it M BRI R B E R AN
FERR | HEReREEORE X & pl e Ftransform i A Y BUE o SR AN
AERRFEHENSH R, BRBREHHE NS
P ERRTRITAZH : A= WS B S B ] %, SEGREMIN
MEE, NFRILELS BEV)E, HEEME ViemE e T3
BAAMIHEAES AV I L RR TR AN ' =R,

ﬁ%&ﬁﬁ U*Z*th’n]:r V[:k] ! V{k‘n)

HENXE, BEARMEBIER, ATAPCARNEELESIEFISVDORRIISE T,

[E2kR] 2.3.2 svd_solver 5 random_state
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[RZERR] 2.4 EEEOinverse_transform

[EEhR] 2.4.1 S AJinverse_transform
[TERR] 2.4.2 F(RERG: AAKIRBIBPCARERIEEFREE
[TEhR] 2.4.3 #{RZEHI: APCAMIEETIE
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3 HBERE: RENBERRNRFE?

o FINB[EITEBHAEM?
PythonZiR, ZE/DERGG—
o HEFERIFIARIT?
PERFAILL, EEEKERSAENIR: FitE, SRS, BM=Re, FeUKERT
MECHHFRELD? REHFEF, EREEHRE, Bs—X
o FBERIFIARIT?
17, XDET.
o EHSEARIBICERE?

TrhsLisER, EfRIHMERRNERER. K, MSHITRESItaIRRE, MIRARRIRIgERTtan
B, EELISHANRA, RGERDRIRE.

o H{TITARIT?
17, BRECHERT, LRZHEss. BEXENKUINERE, HFNSEEAIEemmitx, =i
FERERUHHTERC, EEZARAEERHEATEN, RIMFRUBIRERISELRNEERT. &£
IR TFHBTRRSSEIETRNVANE T, REWRELREZIFFIL LB,

* ZEAEI?
MNEAN], (FREED—MMEREIBE—TIRRTRBR, FFIEAM.

JUBRBIARHANR, thoR%Zk, EiCEE, SEEM, FTIRERNANMBFIEhRR, 185
BFHHURET, KHROFEERA.

Hig: (BuREiSESIe) |, IREEFNT, BEERNNERNF, FREERXA, BN HFEIE—IEELA
,F: EBR=FMH, BREAN DIXRZNMZEFE, REDRFT, BEEARFKEE
Python: (Python#UERIZFA) , HEL—R4HS

A=EMZE, (RRAILUBET, MEBRSAHENEE, ERIIXFENATHE, EEHMBE:
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[SSEhR] 4 E6): PCANFSLIEERRIPELSE
[5T2EhR] 5 3E6l: PCATEABSIRBIFAAIRIF

[5S2EhR] 6 B

[5S2hR] 6.1 PCASEIGIR
[5e2hR] 6.2 PCABIESIZR
[5e2hR] 6.3 PCAZOFIZR
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