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skLearn API:

=

sklearn.neighbors.KNeighborsClassifier (n _neighbor=5,algrithm="auto")

2 n _neighbors: int W&, BKIA5 , KH

3 algorithm : {'auto', 'ball tree', 'kd tree', 'brute'} LAl . AT s
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Sklearn API:

1 sklearn.naive bayes.MuitinomialNB (alpha = 1.0)
2 alpha: BO¥HF TR AN, —MAL . FRET LS ORER N0 AT R4 TR R L —
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SkLearn API

sklearn.tree.DecisionTreClassifier(criterion="gini',max depth=None, random st
ate=None)
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1 sklearn.ensemble.RandomForestClassifier (n estimators=10,criterion="'gini', ma

x depth=None,bootstrap=True, random state=None,min samples split=2)

2 n_estimators: Int BKIN10 FRMEMIRALE

3 criteria: String ERihgini . FREHERNIE VL entropy
4 max_depth: Integer®{#None, M[ik. IR AIRE

5 max_features="auto" BEMUIIN AYEARFAESE

6 auto, sgrt log2 None

7 autoflisqreg— M/, RS, NoneBUREFEFEA—FEIIRFIEMN
8 bootstrap: boolean BRiktrue J&757EHE M I8 FH IRl Fih A

9 min samples split: 1%l /bR

10 min_samples_leaf :MF5 St/ MEALL

HB2EL: n_estimator, max_depth,min_samples split,min_samples_leaf,
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3.

SRR ERERER H—ERESHSEEWI
BEb,

NRERE)FI— MR

[FIE:
B—NZr—R AR IHES BinEZERXRR, XA,

MR KITWENTTDemo


af://n78

Bix:
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SKlearn API:

1 —-IEHTT LR

2 sklearn.linear model.LinearRegression(fit interfcept=True)
30 - EIEMITERA

4 - fit intercept: BT AR E - - 2307 5 B 5 b

5 - LinearRegression.coef : [HIHRE

6 - LinearRegression.intercept : fm¥E

7

8 ——BENLBEEL T R m

9 sklearn.linear model.SGDRegressor (loss="squard loss",fit intercept=True, lea
rning rate='invscaling',eta0=0.01)

10 - SGDRegressorZSEHL I RENUEEE TIFY- >, SCRAANFIIILos s BRI IE AL A T ORI & 2tk [/ )7

et
11 - loss: HRFM squared loss i/ _IRiE
12 - fit intercept: RHIIHWE
13 - learning rate: string,ﬁﬁilﬁ:
14 constant : eta=etal
15 optimal: eta=1.0/(alpha* (t+t0)) --default
16 invscaling.: eta = eta0l/pow (t,power t)
17 % Hconstant

18 IR [Al 2k



19 SGDRegressor.coef : [HHHRM

20 SGDRegressor.intercept : i B

21

22 —-WHEITTRZE

23 sklearn.metrics.mean squared error(y true,y predict)

24 return VA H4SE
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Z5EMYIAPI:

sklearn.linear model.LogisticRegrsssion(solver='liblinear',penalty="'12",C=1.

0)
2 - solver: fRALRMMA. BN liblinear , &fisag BENLTIIERE T
3 - penalty: IEMMLRIFZE. 11 12
4 - c: IENMEAEE
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B 2TP » 2 Precision - Recall
" 2TP + FN + FP ~ Precision + Recall

Fl

ieEEpFTEAPI:

1

O O J o U W N

10

"sklearn.metrics.classification report(y true,y pred, labels=

[1,target name=None) "

- y_true : HSHFMEHA

‘y pred: fliFEETN EHARE
“labels: fiRERBINBAIE T
‘target names: HPFREHIAK
‘return: NGRS HRER

‘precision K%
‘recall HFEZFE"
“fl-scorel FRfifE"
“support FEAHC

BT XEERE, BB —EREE DIHMAERENRRE. BRECAXEEREARK
%, DINERAARISE, EFEAKRS, AFAADN, XEBRHMLERMAKT
5. MATEEEEBITHE—oRRE, H5IN\TROCHLZAIAOCHSTR.
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o TPRate = TP / (TP+FN): B ESLSEAIATRIEART, TSR0 189ELH
 FPRate = FP/(FP + TN):FrEELEAIH0RIEEAH, FRNSEA791RIELSH]
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o AUCIEIRAYIRE X E2MEVEN—XIIEGHEAR, [EEAED A TRERIIEEER,

o AUCIEIRRIER/IMBER0.5, &RERT, BUESAHITF

o AUC=1, MBFRENKE, RAXMUUERN, FEREMHARBEEENHT
EMNER, BE, EBEXSHEINAIGE, B FETEDRE,

o 0.5<AUCKTMATRENIEN, XPMDERBIER)ZEIQEHRENNE, sEETRUMN
=N

e SNERAUC<0.5, MERA1-AUCKERTAUCHIE, KERETTL,
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AUCGEIRITEAPI:
1 "sklearn.metrics.roc auc score(y true,y score)’
2 - CitHRrocHIZ&WAR, BlavciE
3 - Uy true: WMMERMEZIG, LANO-KBI, -] AR
4 -y score: TSy, TILUZIESMIM AR AIEMEEGE 2 K& T IERRIEME
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1 // Get evaluation metrics.

2 BinaryClassificationMetrics metrics =

3 new BinaryClassificationMetrics (scoreAndLabels.rdd()) ;
4

double auROC = metrics.areaUnderROC () ;
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KMeans API:

kMeanssSEHl ETGLEHMLIBIRIE

1 sklearn.cluster.KMeans (n _clusters=8, init = 'k-means++')
2 n_clusters:JFRIESE PO EE

3 init @ WIATTE.

4 labels_ : BRAFRICHIRE, "TUARIECSCE ELEL (A RAH HLAED

SparkDemo:
ml.JavaKMeansExample

mllib.JavaKMeansExample

kMeanst48ei & :

KMeanssRFFECERRECKIHITIEG, REBARSIE-1, 128, @1, 23R
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bi— a; WK, (ERE
max(b;,a;)

MFET R CHERERERNEER, bR JRERBNAEHERMER

i/ vE, a_i Ai AESEMERTEE. SETEHMBENEESNEE R AT
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Sc=-ai/ai=»1
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ESEEZREIAPI:

w N

sklearn.metrics.silhouette_score(X,labels)‘
THRTA A BT R B R H0

X: REALAE

labels: HRFFRCLH HIRE

fESparkfImlE FHYJavaKMeansExampleF B 5B B R ERIS 0.

1 ClusteringEvaluator evaluator = new ClusteringEvaluator();
2 double silhouette = evaluator.evaluate (predictions);
3 System.out.println("Silhouette with squared euclidean distance = " +
silhouette) ;
KMeansi§§:
+ b= SvA==N N =N == e,
5 KMeansXAIEXAELE, BB EHEIFEXH

R WMREAD ALY, B—FaiEUslaIREPOI T REHET . a2
WUCHZISERERAAE. ARRINE: AILAZIREREE, SRR LURHIETH O R

R,
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FZENBINFESEN., HNE—MERERNER, MENSFIAIFEET
HE—LERAHMFTE, EHER, RERMBICAIREBFLE, XEHEFES
EANENIENGS, BERNTUSEEREN. B2, HSUAE—KEME
3, BEEHTRIIEICREBIEFATEH;. tLilAlphaGo TEE, WRRIFREE
TEERAIphaGoEIRINEX, FFi=ErILABE%IAlphaGo, BIFrEEI
EEHFTIIE, EBLLNIAER KA IDeepMind, BEEEMRFHF LT IRA
MEsF IR TIEIABOH 7. X, FHAIMXLENBIFIEEMIEES
N7 . XEREEEENRWRFIE LT, XHEFRERS. BHEZaES
ARNBINEBHIRS. XEFHEFARINRET .
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