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sklearn. naive_bayes .GaussianNB sklearn.naive_bayes .MultinomialNB

scikitiear v0.20.3 scikitlear v0.20.3
Sl Class sklearn.naive bayes. GaussianhB (priors=None, var,_smoothing=1e-09) fsource] OttiorVorsions) class sklsarn.naive_baves. MultinomiaINB (alpha=1.0, fit_prior=True, class_prior=Nore) fsource]
Please cite us ifyouuse | ¢ ouusa | ¢
ha software. Gaussian Naive Beyes (Gaussianhe) Naive Bayes classifier for multinomial models
learm.naive baves GaussianN sdearn.naive baes Multinomial
B Gan perform online updates to model parameters via partial_fit method. For details on algorithm used to update feature. NB The multinomial Naive Bayes classifier s suitable for classification with discrete features (e.g., word counts for text
Examples using means and variance online, see Stanford CS tech report STAN-CS-79-773 by Chan, Golub, and LeVeque: Examples using classification). The multinomial distribution normally requires integer feature counts. However, in practice, fractional
sklearn.naive.baves. Caussiant® sklearn.naive bayes. lhl inonia N8 counts such as ti-idf may also work

hitp:/i.stanford.edu/publcstrireports/cs/tr/79/773/CS-TR-79-773.pdf
Read more in the User Guide,
Parameters: alpha : float, optional (default=1.0)
Additive (Laplace/Lidstone) smoothing parameter (0 for no smoothing).

Read more in the User Guide.
Parameters: priors : array-like, shape (n_classes,)

Prior probabilities of the classes. If specified the priors are not adjusted according to the data.

prior : boolean, optional (default=True)
var_smoothing : float, optional (default=1e-9)

Whether to leamn class prior probabilities or not. If faise, a uniform prior will be used
Portion of the largest variance of all features that is added to variances for calculation stability.
class_prior : array-like, size (n_classes,), optional (default=None)

Prior probabilities of the classes. If specified the priors are not adjusted according to the data.

class_prior_: array, shape (n_classes,)
probabilty of each class.
Attributes:  class_log_prior_: array, shape (n_classes, )
class_count_: array, shape (n_classes,) Smoothed empirical log probability for each class.
number of training samples observed in each class
intercept_: array, shape (n_classes, )
MifTors class_log prior _ for interpreting MulinomialNB as a linear model

theta_: array, shape (n_classes, n_features)
mean of each feature per class
feature log prob : array, shape (n classes, n features)
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sklearn. naive_bayes .GaussianNB

class sklearn.naive_bayes. BaussianB (priors=None, var_smoothing=1e-09) source]

Gaussian Naive Bayes (GaussianNB)

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

hitp:/i.stanford.edu/publcstrireports/cs/tr/79/773/CS-TR-79-773.pdf

Read more in the User Guide.
Parameters: priors : array-like, shape (n_classes,)
Prior probabilities of the classes. If specified the priors are not adjusted according to the data.
var_smoothing : float, optional (default=1e-9)
Portion of the largest variance of all features that is added to variances for calculation stability.

Attributes:  class_prior_: array, shape (n_classes,)

probability of each class.
class_count_: array, shape (n_classes,)

number of training samples observed in each class.
theta_: array, shape (n_classes, n_features)

mean of each feature per class
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sklearn. naive_bayes .GaussianNB

scikit-leamn v0.20.3

OtfherVorsions class sklearn.naive_bayes. GaussianNB (priors=None, var._smoothing=1e-09) [source]
cite us if you use. |

Gaussian Naive Bayes (GaussianNB)
skleam.naive_baves .GaussianN

B
Examplos using

sklearn.naive bayes. Gaussiant

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

hitp:/i.stanford.edu/publcstrireports/cs/tr/79/773/CS-TR-79-773.pdf

Read more in the User Guide.
Parameters: priors : array-like, shape (n_classes,)
Prior probabilities of the classes. If specified the priors are not adjusted according to the data.
var_smoothing : float, optional (default=1e-9)
Portion of the largest variance of all features that is added to variances for calculation stability.

Attributes:  class_prior_: array, shape (n_classes,)
probability of each class.
class_count_: array, shape (n_classes,)
number of training samples observed in each class.
theta_: array, shape (n_classes, n_features)
mean of each feature per class
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scikit-leamn v0.20.3

Other versions

skleam.naive_baves .GaussianN
B
Examplos using

sklearn.naive bayes. Gaussiant

sklearn. naive_bayes .GaussianNB

class sklearn.naive_bayes. BaussianB (priors=None, var_smoothing=1e-09) source]

Gaussian Naive Bayes (GaussianNB)

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

hitp:/i.stanford.edu/publcstrireports/cs/tr/79/773/CS-TR-79-773.pdf

Read more in the User Guide.
Parameters: priors : array-like, shape (n_classes,)
Prior probabilities of the classes. If specified the priors are not adjusted according to the data.
var_smoothing : float, optional (default=1e-9)
Portion of the largest variance of all features that is added to variances for calculation stability.

Attributes:  class_prior_: array, shape (n_classes,)
probability of each class.
class_count_: array, shape (n_classes,)
number of training samples observed in each class.
theta_: array, shape (n_classes, n_features)
mean of each feature per class
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scikit-leamn v0.20.3

Other versions

skleam.naive_baves .GaussianN
B
Examplos using

sklearn.naive bayes. Gaussiant

sklearn. naive_bayes .GaussianNB

class sklearn.naive_bayes. BaussianB (priors=None, var_smoothing=1e-09) source]

Gaussian Naive Bayes (GaussianNB)

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

hitp:/i.stanford.edu/publcstrireports/cs/tr/79/773/CS-TR-79-773.pdf

Read more in the User Guide.
Parameters: priors : array-like, shape (n_classes,)
Prior probabilities of the classes. If specified the priors are not adjusted according to the data.
var_smoothing : float, optional (default=1e-9)
Portion of the largest variance of all features that is added to variances for calculation stability.

Attributes:  class_prior_: array, shape (n_classes,)
probability of each class.
class_count_: array, shape (n_classes,)
number of training samples observed in each class.
theta_: array, shape (n_classes, n_features)
mean of each feature per class
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sklearn. naive_bayes .GaussianNB

scikit-leamn v0.20.3

Other versions

class sklearn.naive_bayes. GaussianNB (priors=None, var_smoothing=1e-09)

Gaussian Naive Bayes (GaussianNB)
sklearn.naive baves GaussianN

B Can perform online updates to model parameters via partial_fit method. For details on algorithm used to update feature

means and variance online, see Stanford CS tech report STAN-CS-79-773 by Chan, Golub, and LeVeque:

Examples using
Slearn.naive baves. Gaussiant®
http:/fi.stanford.edu/pub/cstrireports/cs/tr/79/773/CS-TR-79-773 pdf
Read more in the User Guide.
Parameters: priors : array-like, shape (n_classes,)

Prior probabilities of the classes. If specified the priors are not adjusted according to the data.

var_smoothing : float, optional (default=1e-9)

Portion of the largest variance of all features that is added to variances for calculation stability.

Attributes:  class_prior_: array, shape (n_classes,)
probability of each class.
class_count_: array, shape (n_classes,)
number of training samples observed in each class.
theta_: array, shape (n_classes, n_features)
mean of each feature per class
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sklearn. naive_bayes .GaussianNB

scikit-leamn v0.20.3

Other versions

class sklearn.naive_bayes. GaussianNB (priors=None, var_smoothing=1e-09)

Gaussian Naive Bayes (GaussianNB)
sklearn.naive baves GaussianN

B
Examplos using

sklearn.naive bayes. Gaussiant

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

hitp:/i.stanford.edu/publcstrireports/cs/tr/79/773/CS-TR-79-773.pdf

Read more in the User Guide.
Parameters: priors : array-like, shape (n_classes,)
Prior probabilities of the classes. If specified the priors are not adjusted according to the data.
var_smoothing : float, optional (default=1e-9)
Portion of the largest variance of all features that is added to variances for calculation stability.

Attributes:  class_prior_: array, shape (n_classes,)
probability of each class.

class_count_: array, shape (n_classes,)
number of training samples observed in each class.

theta_: array, shape (n_classes, n_features)
mean of each feature per class
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skleam.naive_baves .GaussianN
B
Examplos using

sklearn.naive bayes. Gaussiant

sklearn. naive_bayes .GaussianNB

class sklearn.naive_bayes. BaussianB (priors=None, var_smoothing=1e-09) source]

Gaussian Naive Bayes (GaussianNB)

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

hitp:/i.stanford.edu/publcstrireports/cs/tr/79/773/CS-TR-79-773.pdf

Read more in the User Guide.
Parameters: priors : array-like, shape (n_classes,)
Prior probabilities of the classes. If specified the priors are not adjusted according to the data.
var_smoothing : float, optional (default=1e-9)
Portion of the largest variance of all features that is added to variances for calculation stability.

Attributes:  class_prior_: array, shape (n_classes,)
probability of each class.

class_count_: array, shape (n_classes,)
number of training samples observed in each class.

theta_: array, shape (n_classes, n_features)
mean of each feature per class
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