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sklearn. naive _bayes .GaussianNB

class <klsarn.nsive_bayes. GaussianB (priors=None, var_smoothing=1e-09) [source]

Gaussian Naive Bayes (GaussianNB)

Can perform onl
means and variance

s to model parameters via partial_fit method. For details on algorithm used to update feature
see Stanford CS tech report STAN-CS-79-773 by Chan, Golub, and LeVeque:

S-TR-79-773.pat

lasses,)

var_smoothing : float, optional (default=1e-9)
i features that is added to variances for calculation stability
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sklearn. naive _bayes .GaussianNB

Read more in the
Parameters: p

Attributes:  class.

bayes. GaussianNB (priors=None, var_smoothing=1e-09) [source)
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K-meansiZE TS XRZ) #1750 5 L%Z2E1TL.
BEHIVADHETYOSRAZ) V% TS5 7O SLICEBLTHEL LD
KA HBANIplotT 2EHEETE L TEARRLTHINS D Fa—=>JL

THEL &S
.w Home Installation Documentation ~  Examples »oogle Custom Search

Previous Next Up . - . A
n o sklearn. mixture .GaussianMixture
scikit-learn v0.20.3
Oheiyersions class sklearn.mixture. GaussianMixture (n_components=1, covariance_type="full’, tol=0.001, reg_covar=1e-06,
« max_iter=100, n_init=1, init_params="kmeans’, weights_init=None, means_init=None, precisions_init=None,

Please cite us if you use

th random_state=None, warm_start=False, verbose=0, verbose_interval=10) [source]
e software.

sklearn.mixture .GaussianMixtur

e Gaussian Mixture.

Examples using
Representation of a Gaussian mixture model probability distribution. This class allows to estimate the parameters of a

Gaussian mixture distribution.

sklearn.mixture.GaussianMixture

Read more in the User Guide.

New in version 0.18.
Parameters: n_components : int, defaults to 1.
The number of mixture components.

covariance_type : {‘full’ (default), ‘tied’, ‘diag’, ‘spherical’}

String describing the type of covariance parameters to use. Must be one of:

‘full’
each component has its own general covariance matrix

from sklearn.mixture import GaussianMixture
model = GaussianMixture(n_components=2)
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0lustering

Main Page = Related Pages =~ Namespaces v | Classes »  Files v ‘

pyclustering.cluster.xmeans.xmeans Class Reference

Class represents clustering algorithm X-Means. More.

kmeans

e Public Member Functions

kmedoids def

__init__ (self, data, initial_centers=None, kmax=20, tolerance=0.025, criterion=splitting_type.BAYESIAN_INFORMATION_CRITERION, ccore=True)
Constructor of clustering algorithm X-Means. More.

def process (self)

Performs cluster analysis in line with rules of X-Means algorithm, More.
def get_clusters (self)

Returns list of allocated clusters, each cluster contains indexes of objects in list of data. More...
def

get_centers (self)

Returns list of centers for allocated clusters. More...

def get_cluster_encoding (self)

Returns clustering result representation type that indicate how clusters are encoded. More
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scikit-learn v0.20.3
Other versions

Please cite us if you use [

the software.

sklearn. linear_mode| .BayesianR
idge
Examples using

sklearn. linear_model .BayesianRidg

Custom Se;

sklearn. linear_mode| .BayesianRidge

class sklearn.linear_mode|. BayesianRidge (n_iter=300, tol=0.001, alpha_1=1e-06, alpha_2=1e-06, lambda_1=1e-06,
lambda_2=1e-06, compute_score=False, fit_intercept=True, normalize=False, copy_X=True, verbose=False)  [source]

Bayesian ridge regression

Fit a Bayesian ridge model and optimize the regularization parameters lambda (precision of the weights) and alpha
(precision of the noise).

Read more in the User Guide.
F n_iter : int,
Maximum number of iterations. Default is 300.

predict(self, X, return_std=False)

tol : float, optional
Stop the algorithm if w has converged. Default is 1.e-3.

Predict using the linear model.

alpha_1 : float, optional
Hyper-parameter : shape parameter for the Gamma distribution prior over the a
Default is 1.e-6

alpha_2 : float, optional Parameters:
Hyper-parameter : inverse scale parameter (rate parameter) for the Gamma dis
over the alpha parameter. Default is 1.e-6.

lambda_1 : float, optional
Hyper-parameter : shape parameter for the Gamma distribution prior over the le

Returns:

In addition to the mean of the predictive distribution, also its standard deviation can be returned.

X : {array-like, sparse matrix} of shape (n_samples, n_features)
Samples.

return_std : bool, default=False
Whether to return the standard deviation of posterior prediction.

y_mean : array-like of shape (n_samples,)
Mean of predictive distribution of query points.

y_std : array-like of shape (n_samples,)
Standard deviation of predictive distribution of query points.

EWHIXZDMDEETH D FEDFE L IXIEFERR

B Dreturnd’y_meanky_stdHd 3

= Bjli(C

—RTTFATEIDTIILL, 7HTTFRATES

[source]



ARA X el © B

\. ____________
[ BEMICHELELSO XAET—% :
FRIBE:D Vnew!y, X, Xnew) AT -2 DTN |

\_

ETFIL iy =wo+wix + wyx? + -+ wx™ = wl¢p(x) l

p(ylw,x) = N(y | wl'¢p(x), 571) i--- 1 ‘VVZO !
— -1 I X 1
(W) = Nwio. 1) oco—| ] we|m|
p()’new |y: gg: xnew) i m -W.m i
= j P Vnew!W, £, X, Xnew )D(WIY, X, Xpeow) dW CTTTTTTTT T
Vewld W, Xy o %ﬁkﬁ \w‘ixnewllﬁ‘iﬁ L &L
D G| W, Xnow) plwly, X) RA ZDEE
_p(ylw, X )p(w)
= N(ynew |WT¢(xnew); 0'2) - p(y|X)

lwtiﬁ‘ﬁzﬁﬁ‘m:ﬁé'S (E1&Fgo%Hh)
p(wly,X) < p(y|lw, X)p(w)




~RA XigEk : RIROFHE (1/2)

wiCET3FERTHZETR TS
p(wly,X) x< p(y| X,w)p(w)

/ \‘ p(w)

Pyl Xw) = N(w]o, a—ll)
= [Ih=a N | W p(x), B71)
ocexp(— o=
2
Yn_WTCb(xn)
o TIY exp(~ 2 2]
2
Zg:l()’n_WT¢(xn))
_ _ ymewm)T(y- <I>W)
= eXp( ZB ‘1\
v
ow)T (y-d
p(wly, X) o exp(— (y W;(,Ey ") ex (— 1
=Nw|my, Sy)
mN:.BSN‘DTY
Sy = al+pdTd




~RA XigElkE : RIROFHE (2/2)

Cexph5HEINZE

/ \ mN=,35N¢T)1’1
= [ NG W §lna) ) Mwimy, S dw | Sy = al+fo e )

f p(Ynewlwl vy, X, xnew)p(le: X, Xpew)dw

- N(W | Myew, O-r%ew)

Myew = ‘P(xnew)mN
Urztew =%+ ‘P(xnew)TSN‘.b(xnew);



SN (9RR) Z1 9T+ 2T ICEITBIANAL XFHEIRE
2 ElR D LEE

N1 G EEOF D fHmz AR TOY: iy
E—rTw T TXRIR

R1 bRz BAVS 58,
REIDDIRBORAT I v T 2L THBREFZ LAV



AN A X§3Rz 015 D 5E (i

ETILER ORBUPNAN=INSRA—ZDRE) ISHHEDLE
(TET>X) ZRVWTEEREE

M N 1 N
logp(y|X) = —loga +—logh — E(my) — - log|Sy| — - log(2m)

|

ZIAN T4 v T4 27 DHITIFIEEL <
BRAZHETITSehbhs

-8

log p(t|X)

sy



N1 X3

Previous Next Up
sklearn.linea. | sklearn.linea. API
- - Reference

scikit-learn v0.20.3
Other versions
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sklearn. | inear_mode| .BayesianR
idge
Examples using

sklearn. | inear_model .BavesianRids

F:EllE : &

Home Installation Documentation ~ Examples Custom Search

sklearn. | inear_mode| .BayesianRidge

class sklearn.linear_mode|. BayesianRidge (n_iter=300, to/=0.001, alpha_1=1e-06, alpha_2=1e-06, lambda_1=1e-06,
lambda_2=1e-06, compute_score=False, fit_intercept=True, normalize=False, copy_X=True, verbose=False)  [source]

Bayesian ridge regression

Fit a Bayesian ridge model and optimize the regularization parameters lambda (precision of the weights) and alpha
(precision of the noise).

Read more in the User Guide.
Parameters: n_iter : int, optional

Maximum number of iterations. Default is 300.

tol : float, optional
Stop the algorithm if w has converged. Default is 1.e-3.

alpha_1 : float, optional
Hyper-parameter : shape parameter for the Gamma distribution prior over the alpha parameter.
Default is 1.e-6

alpha_2 : float, optional
Hyper-parameter : inverse scale parameter (rate parameter) for the Gamma distribution prior
over the alpha parameter. Default is 1.e-6.

lambda_1 : float, optional
Hyper-parameter : shape parameter for the Gamma distribution prior over the lambda parameter.
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. Home Installation Documentation ~ Examples »oogle Custom Search
Previous Next Up - - - =
seammit | A sklearn mixture .BayesianGaussianMixture

scikit-learn v0.20.3

iz VRS class sklearn.mixture. BayesianGaussianMixture (n_components=1, covariance_type="full’, tol=0.001, reg_covar=1e-

Please cite us if you use « Oﬁ,_max_iter=100, ‘n_Inr't=‘1 , mit_params=’kmea_n_s’, weight_ concentration, _prfor_ type="dirichlet_process’, ]
the software. wergh_t_concef?trat.lon _prior=None, mean_precision_prior=None, mean_prior=None, degrees_of_ freedom_prior=None,
covariance_prior=None, random_state=None, warm_start=False, verbose=0, verbose_interval=10) [source]
sklearn.mixture .BayesianGauss
ianMixture o ) o , )
Examples using Variational Bayesian estimation of a Gaussian mixture.

sklearn.mixture.BavesianGaussianll

This class allows to infer an approximate posterior distribution over the parameters of a Gaussian mixture distribution.
The effective number of components can be inferred from the data.

This class implements two types of prior for the weights distribution: a finite mixture model with Dirichlet distribution and
an infinite mixture model with the Dirichlet Process. In practice Dirichlet Process inference algorithm is approximated
uses a truncated distribution with a fixed maximum number of components (called the Stick-breaking

resentation). The number of components actually used almost always depends on the data.

w in version 0.18. RE T LIE‘@@E@ FLlZEEE L TLB

from sklearn.mixture import BayesianGaussianMixture

model = BayesianGaussianMixture(n_components=2)
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q(Z) = argmingz)KL(q(Z) || p(Z]X))

E,plY] = ] Yq(2) dz
KL(q(Z) || p(Z|X)) 2
= Eqzllog q(Z)] — E 4z llogp(Z]X)]

= Eqz)llogq(Z)] — E4z)llogp(Z, X)] + log p(X)

KL(q(Z) || p(Z|X)) = —ELBO + log p(X)

,// S mowrnE: ez

ELBO = E 4z [logp(Z,X)] — E(z)llog q(2)] T—IDREBLER

TPERE (KL N—T 2> R) OFIMEIFELBO (Evidence lower bound) &K1t

: ELBOIXIET >V XADTFIR : :
i ELBO =logp(X) + KL(q(Z) || p(Z|X)) :
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Coordinate ascent mean-field variational inference
(Variational-Bayes EM: VB-EM)

ELBO = Eq(z)llogp(Z, X)| — Eq(z)llogq(Z)]

ELBO = Eg(, [Eq(z_j) [logp(Z, X)]] = Eq(z,)lloga(z)] + const

244t = Eq(zj) lEq(z_j) [logp(Z,X)] — log q(zj)] + const

q(z)) £ q(z_;))ICDBETE B2 DMEQITEIDEDLH S

= —KL <exp Eq(z_j) llogp(Z,X)] ||q(zj)) + const
q"(z) = expEg(,_)llogp(Z, X)]
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converged_ : bool

True when convergence was reached in fit(), False otherwise.

n_iter_: int
Number of step used by the best fit of inference to reach the convergence.

lower_bound_ : float

Lower bound value on the likelihood (of the training data with respect to the model) of the best fit
of inference.

weight_concentration_prior_ : tuple or float

The dirichlet concentration of each component on the weight distribution (Dirichlet). The type
depends on weight concentration prior_type :

(float, float) if 'dirichlet_process' (Beta parameters),
float if ‘dirichlet_distribution® (Dirichlet parameters).

BT

i ition puts more mass in the center and will lead to more components being

leCtu re Clustering |pyn b concentration parameter will lead to more mass at the edge of the simplex.

model = BayesianGaussianMixture(n_components=2)
print(model.lower_bound )
model = BayesianGaussianMixture(n_components=3)
print(model.lower_bound )
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scikit-learn v0.20.3
Other versions
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sklearn.mixture .BayesianGauss
ianMixture
Examples using

sklearn.mixture.BavesianGaussianM

Custom Search

sklearn. mixture .BayesianGaussianMixture

class sklearn.mixture. BayesianGaussianMixture (n_components=1, covariance_type="full’, tol=0.001, reg_covar=1e-
06, max_iter=100, n_init=1, init_params=kmeans’, weight_concentration_prior_type="dirichlet_process’,
weight_concentration_prior=None, mean_precision_prior=None, mean_prior=None, degrees_of_freedom_prior=None,
covariance_prior=None, random_state=None, warm_start=False, verbose=0, verbose_interval=10) [source]

Variational Bayesian estimation of a Gaussian mixture.

This class allows to infer an approximate posterior distribution over the parameters of a Gaussian mixture distribution.
The effective number of components can be inferred from the data.

This class implements two types of prior for the weights distribution: a finite mixture model with Dirichlet distribution and
an infinite mixture model with the Dirichlet Process. In practice Dirichlet Process inference algorithm is approximated
and uses a truncated distribution with a fixed maximum number of components (called the Stick-breaking
representation). The number of components actually used almost always depends on the data.

New in version 0.18.




K-means(GMM + Hard-EM) vs GMM+EM vs GMM+VB-EM

=3

IS5

=10

K-means
(GMM + Hard-EM) GMM+EM

IR

GMM+VB

ELBO=-5.62e+02




FEH

« FHRESMNBIEELEIITRELDHS —SHBIAARLEBENTEZLSAT S DEL

HFHELKIBHETES
e FAL—TRAZXETIL * k-meansiE « BEHVXAETIL (EM « R1 X)

« ETILEROEE

© RENRGE
« AIC - BIC
- WHEALE (TET>R) (THR)

c RAZXEFECEEETIL

s PHETIELLVHDEZHET 3B RDSGECTADHEEZS

s R1APWEEFES LIBEFRNTA—=FFa—Z2JICVTHEDZLL DS
yaISY: i e X g R

- EMEBETITIIHER#ELOTEMELY (o> T)>T) #ES



