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2.1 AHim& (Local vector)

ERMA—YEHA, (B2 double KA, FRAEFER—HLAS b, THPIFERZRTA: dense (%
#£) . sparse (WEBi).
%45]: vector(1.0,0.0,3.0)
dense #§3X: [1.0, 0.0, 3.0]

sparse #$30: (3, [0, 2], [1.0, 3.0D), Hr 3 RRKE, A0 MH.

import org.apache.spark.mllib.linalg.Vector;
import org.apache.spark.mllib.linalg.Vectors;

Vector dv = Vectors.dense(1.0, 0.0, 3.0);
Create a sparse vector (1.0, 0.0, 3.0) by specifying indices and values corresponding to nonzero entries.
Vector sv = Vectors.sparse(3, new int[] {@, 2}, new double[] {1.0, 3.0});

2.2 t7ic . (Labeled point)

FRid se — A R S — AN bR AR — AN, e T IR SEE T, Rl
L double &, Frbh, BATATLALERIARA 2P FERE. £ usr2F, fridfise 0 5%
1, 25k, BrLLOFHIRETME: 0, 1, 2, 3=,



import org.apache.spark.mllib.linalg.Vectors;
import org.apache.spark.mllib.regression.LabeledPoint;

// Create a labeled point with a positive label and a dense feature vector.
LabeledPoint pos = new LabeledPoint(1.@, Vectors.dense(1.8, 0.0, 3.0));

// Create a labeled point with a negative label and a sparse feature vector.
LabeledPoint neg = new LabeledPoint(1.0, Vectors.sparse(3, new int[] {@, 2}, new double[] {1.8, 3.0}));

2.3 A#5EfE (Local matrix)

AHHEFEAEREE— G HLEE I, 178IARCH integer 2R, i double 2% ML1ib S F
RFERE, B, — D =AT SRR 2 e — > 442 1. 0, 3.0,4. 0, 2.0,3. 0, 5.0
Fe K/ANA (3, 2) HFEREH

(1.0, 3.0
4.0, 2.0

3.0, 5.0)

import org.apache.spark.mllib.linalg.Matrix;
import org.apache.spark.mllib.linalg.Matrices;

// Create a dense matrix ((1.e, 2.8), (3.e, 4.8), (5.8, 6.8))
Matrix dm = Matrices.dense(3, 2, new double[] {1.e, 3.0, 5.9, 2.0, 4.0, 6.0});

2. 4 AR FERE (Distributed matrix)

AR Tong 880475 5| LA K double FSARUE AL AL, 1 4 BLAIAZREAE — D EZ A
RDD £, HEIA =FhRB R A X FE: RowMatrix, IndexedRowMatrix, CoordinateMarix,
BlockMatrix. M IERARIAE MRS NEAAEE R A AGEREAR W B2, BN, #e— DA
HAAEFER AR A 2 & 5, BB RvEH.

RowMatrix & — AN AT A2 ERE, BT RSl H—/> ROD Rox 17, &—A7T
R AR E, FIErsSaR, DET D AE RS el 1T,

import org.apache.spark.api.java.JavaRDD;
import org.apache.spark.mllib.linalg.Vector;
import org.apache.spark.mllib.linalg.distributed.RowMatrix;

JavaRDD<Vector> rows = ... // & JavaRDD of local vectors
// Create a RowMatrix from an JavaRDD<Vector=>.
RowMatrix mat = new RowMatrix(rows.rdd());

// Get its size.
long m = mat.numRows();
long n = mat.numCols();



IndexedRowlatrix Kl Rowlatrix, (HE A3, 47431 AT LI FHR 7 Ry %
BetE. —ATH—A long BMRGIF— At EH K. HAF, IndexedRow &— Mt
1A (long, vector)s

import org.apache.spark.api.java.JavaRDD;

import org.apache.spark.mllib.linalg.distributed.IndexedRow;
import org.apache.spark.mllib.linalg.distributed.IndexedRowMatrix;
import org.apache.spark.mllib.linalg.distributed.RowMatrix;

JavaRDD<IndexedRow> rows = ... // a JavaRDD of indexed rows
// Create an IndexedRowMatrix from a JavaRDD<IndexedRow>.
IndexedRowMatrix mat = new IndexedRowMatrix(rows.rdd());

// Get its size.

long m = mat.numRows();

long n = mat.numCols();

// Drop its row indices.
RowMatrix rowMat = mat.toRowMatrix();

CoordinateMarix & —/NEMEES, BN EITET (long). FIEEl (long) KA
(double) #HH%: (i:Long, j:Long, value:Double). ‘B T4T. FIEEK, mHAARG

IB7/5oe8

%

import org.apache.spark.api.java.JavaRDD;

import org.apache.spark.mllib.linalg.distributed.CoordinateMatrix;
import org.apache.spark.mllib.linalg.distributed.IndexedRowMatrix;
import org.apache.spark.mllib.linalg.distributed.MatrixEntry;

JavaRDD<MatrixEntry> entries = ... // a JavaRDD of matrix entries
// Create a CoordinateMatrix from a JavaRDD<MatrixEntry>.
CoordinateMatrix mat = new CoordinateMatrix(entries.rdd());

// Get its size.
long m = mat.numRows();
long n = mat.numCols();

// Convert it to an IndexRowMatrix whose rows are sparse vectors.
IndexedRowMatrix indexedRowMatrix = mat.toIndexedRowMatrix();

BlockMatrix #& MatrixBlock MI£E4&, MatrixBlock & — 7o, ©HIAHAKN:
( (int , int) ,matrix), Hr (int, int) RG], BK/NERIA 1024%1024, XK
Al LR SE -

import org.apache.spark.api.java.JavaRDD;

import org.apache.spark.mllib.linalg.distributed.BlockMatrix;
import org.apache.spark.mllib.linalg.distributed.CoordinateMatrix;
import org.apache.spark.mllib.linalg.distributed.IndexedRowMatrix;

JavaRDD<MatrixEntry> entries = ... // a JavaRDD of (i, j, v) Matrix Entries
// Create a CoordinateMatrix from a JavaRDD<MatrixEntry>.

CoordinateMatrix coordMat = new CoordinateMatrix(entries.rdd());

// Transform the CoordinateMatrix to a BlockMatrix

BlockMatrix matA = coordMat.toBlockMatrix().cache();

// Validate whether the BlockMatrix is set up properly. Throws an Exception when it is not valid.
// Nothing happens if it is valid.
matA.validate();

// Calculate A"T A.
BlockMatrix ata = matA.transpose().multiply(matA);
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3.1 EEZHE (Summary statistics)

XF RDD[Vector I, ML1ib $2fEHim A F IR KME . &AME “FIME. HZE. EX
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3.2 ==t (Correlations)

G, 5P RSB R A S EIR S W, 7EMLLib o, 2t THFiHHEZ R
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3.3 EHME (Stratified sampling)

TEMLLibHR, 432 3FEJ772H sambl eByKey fllsampleByKeyExact, A~ [Fl T H'& i it 75 v,
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import java.util.Map;

import org.apache.spark.api.java.JavaPairRDD;

import org.apache.spark.api.java.JavaSparkContext;
JavaSparkContext jsc = ...

JavaPairRDD<K, V> data = ... // an RDD of any key value pairs
Map<K, Object> fractions = ... specify the exact fraction desired from each key

n exact sample from each stratum
JavaPairRDD<K, V> approxSample = data.sampleByKey(false, fractions);
JavaPairRDD<K, V> exactSample = data.sampleByKeyExact(false, fractions);

3. 4 fBiMIE (Hypothesis testing)

ML1ib H RS2 FfPearson’ s chi-squared A g & BC B AN MO . Fg N B SR e e 1
W5 A5 = AR G B P BT P, & A 7 B N2 Ry Vector, T AR 7 1 Ik 75 2
Matrix{E NN .
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JavaSparkContext jsc = ...
Vector vec = ... // a vector composed of the frequencies of events
// compute the goodness of fit. If a second vector to test against is not supplied as a parameter
// the test runs against a uniform distribution.
ChiSqTestResult goodnessOfFitTestResult = Statistics.chiSqTest(vec);
// summary of the test including the p-value, degrees of freedom, test statistic, the method used,
// and the null hypothesis.
System.out.println(goodnessOfFitTestResult);
Matrix mat = ... // a contingency matrix
// conduct Pearson's independence test on the input contingency matrix
ChiSqTestResult independenceTestResult = Statistics.chiSqTest(mat);
// summary of the test including the p-value, degrees of freedom...
System.out.println(independenceTestResult);
JavaRDD<LabeledPoint> obs = ... // an RDD of labeled points
// The contingency table is constructed from the raw (feature, label) pairs and used to conduct
// the independence test. Returns an array containing the ChiSquaredTestResult for every feature
// against the label.
ChiSqTestResult[] featureTestResults = Statistics.chiSqTest(obs.rdd());
int i = 1;
for (ChiSqTestResult result : featureTestResults) {

System.out.println("Column " + i + ":");

System.out.println(result); // summary of the test
i++;

3.5 FENLE AR (Random data generation)
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LR AE [V FH B e v b B [RDA 43 AT, KA o PR R B ok DA 748 6 ) A B AR ) o =
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training = data.sample(

test = data.subtract(training);

int numIterati

model

model.clearThres

re, p.label());

L

toRDD(scoreAndLabels));
auR0C = metrics

out.println{“model
ut.println("”
out.println(”

sc.stop();




MultinomialL
void main
Classifier Example™};

mple_libsvm_data.txt™;
path} .toJavaRDD();

data.randomSplit( double[] {@.6, @.4}, 11L);
its[@].cache();
splits[1];

= model

atur Vi
(prediction, p.label(}};

s(predictionAndLabels . rdd());

begin
edictionAndLabels. collect();

4.3 RER

RAEMFRAEN G 2P BRI IR 2, OB R 5 % 51 0F 5 T I BER AR AE ML b
SCRAEIE RF AL =70 Z 0 AENE, SEBL 5 2R 8 AT SR Bl 2647 70 X, IXFEm e
V2L Bl AT 0 A QR XA RS IRE T SO, X AV — B 3.

4.4 FFENHHr (Naive Bayes)

P2 DI 7 A2 — i 67 B 1 22 208 0 SR BRI A R S 4 1) RS9 4T PR ARFAEAE R 1 A
%, BB EARES . BRI K818 — 5%, T — RH0HE T AR R
Favk: A RN g DU 7 43 SRR H B e A AT MR AE S HABRHERS A O 26007, i —
PR RIEAL, [, EAKME 3 ST SERME, 2K R a] DI E N R . R IR RHE
HEL A 50 7 R RAE BB A AREAAE T S SR TN 38 DL 307 43 28 B U i e g A 1 5 /K 2R
R RAIREZR 0A_EARSLA) . MLLib H AR SZRF multinomial naive Bayes, Bl
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}) .count() / (do

out.println n
ctionAndLabel . collect();

“+item. 1(}+" real:"+item._2);

couracy);

4.5 {RFF M (Isotonic regression)

PRF BN ESAZRPE [ENE, AN, & dm A& —A B = 041 RDD, 4373 9: label
feature . weight, FRAIZKE TsotonicRegressionModel, BH —1Z% (isotonic) A

DA SR v B A R 3o 18 04 2 PR s . EL A IX B AN 2B B T
. UhFEEEE (Collaborative filtering)

By [FIIE B RT A o2 — A 2RI, thm] DA MO R R e, e T HERE R
PRI IE BRI TR A H TR B AN — R, EAMKE T D AREARER . i
HLFZVP I (] 7, PR 8 50 BP0 (0 F 2 1 0 BRI T S 4T 70 AR EE 73 KL, FFAS
BRI R AR . R TEIIH)F LA movielens %R (10m) ZEAT AL,



A 100k, 1m, 20m AS[E] K/ ) HE 4 T AR 2l

parselnt(sarray[1]),

Y -
)), r.rating());

alues = ratesAndPreds.values();
indPredsvalues .map(

RIS AB A 5 G # A 73 2 T 00 RS IR R 2EL 31 503 B8 2 (T4 (subset)
XFELLAE [F) — N7 B2 P I 0 A AR — S8 J@ 4, o LI ELAR AR AL BR 2 P S I I 23
PR EGAE . —AEEEER RR Py — AR B A2 > ML1ib B T K-Means. Gaussian
mixture. pic. lda. streaming K-Means LA 535, iX BLLHH A F K-Means. K-Means
BRI AN A AE TR I 2 S AN 7 B B - 72 HW TAE T, IR 2 1B 0T A 702
SESREUEIA R B, ISR K-Means & — M ANEE I $E . (2 K-Means 75 B HE 3 E



AL (K » X TRIFER A0 4 B s 7 OS24 BRI 3 57t 52 4 i
IMER K-Means BEAT o X AT LA E K fEA S AKEA BRI K ER075, 7TRLETIE
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T 1 B A AT NBCE L NIRRTt DA K oA

ns.train(parsedData.rdd(), numClusters, numIterations);
clusters. computeCost(parsedData.rdd());

predicts = clusters.predict(parsedData);
tas = predicts lect();

ut. println "+item);

out.println("Within Set Sum of Sgquared

+t. PB4 (Dimensionality Reduction)

ek AU 4 R I SRR RS T3, 08 i 4 2 1) o RO s R B (R 4R P ) s [ v o B
FIA R 2] — G e L £ 0 x—y, Hib x BFUREHE fiIRIE, HilmZ MR ER
Ry AR SR YR RIS, EE y YRR T x MYEE CRIRE R YRR
AR, £ Arfe2 B AR eBE R LR BARLE T . 8 I Fa4E T DL Hodfs 1T
ARG R B DR R B A M RO DL IS Bl s s S oH SROE R, T HL R4S
K th A+ R . ML1ib 3R ALy R PR AE ST A5 EL iR (SVD)L TR (PCAD,
N BAR LI T AR MLLib AP a] {5 R gAML



Data.rdd());

+

mple");

array.length];
gth; i

dData.rdd());

pc = mat.computePrincipalComponents(3)
x projected = mat.multiply(pc);

projected . numC

I\ RRAESR BRI #
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X —HRFEALE LUT =3 A2

TFP-IDF. Word2Vec J& T A M %,

StandardScaler. Normalizer [T 3E NG LALFE .

Feature selection RN H, X — R0 — AL B AE BEAT A4 AR iz XA

R MR 7%, B R ] DA RIS B ) — 26

fu EEAIZI (Frequent Pattern Mining)

A EALAIZ A I e RN E A 158 — 20, Z24F DK R 20 P 72 4 A0k 11 35 R
BFs £, ML1ib 3T —AN AT FP—growth, FP-growth 2R 5% Wil (R B i g2 i3 4 &

%o

ZEHZEHR: http://spark. apache. org/docs/1. 3. 1/ML1ib—guide. html
HIECHTIT FE#M B L, HT spark HGEEXX, 1TEREFEREGES, 7TLUATTM
UDH SPARK ZEFFHP 5517 T 2.
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