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HEpEIEBY (Generative Model) FOHEIBUFERE (Discriminative Model),
FIBU$ERY (Discriminative Model) fEpktEE! (Generative Model)
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FBAEETZE— 1 03REE, XD RN A ESSza(Sports)&
Xo BRI EREUEE ST1E:

A great game
The election was over Not Sports

N

Very clean match
A clean but forgettable game

It was a close election Not Sports

BAVEEITESDF "A very close game” 2 Sports BIfIRLIREAR
& Sports AYBEER,
BIP( Sports | a very close game )IX M FRISEFIZSportsAyfiEsER
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P(X)

P( Sports | a very close game )

_ P(avery close game | Sports ) X P( Sports )

P( avery close game )

FRAIRSRER A KBETAME, TUSFRY, REHR
P(avery close game | Sports ) X P( Sports ) #[

P(avery close game | Not Sports ) X P( Not Sports )
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P(avery close game )
= P(a) X P(very) X P(close) X P( game )

P( a very close game|Sports)
= P(a| Sports ) X P(very | Sports) X P( close | Sports ) X P( game | Sports)
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The election was over |[Not Sports

Very clean match

Sports
forgettable game

It was a close election |[Not Sports

A clean but
P(Not Sports )&%5,
Re, EITEP(game|Sports)FiE "game” %
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P (word | Sports) P (word | Not Sports)
a 2+4+1) =11+ 14) (1+1)+(9+14)
very (1+1) =+ (11 +14) (0+1)+(9+14)
close (0+1) = (11 + 14) (1+1)=(9+14)
game 2+1)=(11+ 14) (0+1)+(9+14)

P(a| Sports ) X P(very | Sports ) X P( close | Sports ) X P( game | Sports ) X P( Sports )
= 2.76 x 107> = 0.0000276

P(a| Not Sports ) X P( very | Not Sports ) X P( close | Not Sports )
X P( game | Not Sports ) X P( Not Sports)

= 0.572 x 107> = 0.00000572
FH7F0.0000276A3F-0.00000572, FAIaYo =57l "A very close game” ZSportss,
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& FARYGaussianNBE2 S W 33888, BRIREENZEESRRSmRES

(J)— 2
exp (_ (X ;ak))

ZO-k

Hifh: P(XPVy =c¢) =

1
/27‘[0‘,%
HFHIE (mean): p B o2 =W

b A ntEr> 2888

MultinomialNBEZ I\ I Efo2EEs, BIRRISIENEER S ik EZ I,
o1,

BernoulliNBE{RZEFINMHHT 2588, BRIKFENZEIRSmiBHE _INo 10,
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e AAEYGaussianNBE SHrfb = Il HER 9525888 scikit-learnsCHj,

numpy np
np'aPPEY([[ 11 1]: [ l]: [ 3: E]J [lJ 1]1 [EJ 1]1 [31 E]])
np.array([1, 1, 1, 2, 2, -])

sklearn.naive bayes GaussianNB
clf = GaussianNB()
clf.fit(X, Y)

==Predict result by predict==
print(clf.predict([[-©.8, -1]]))

==Predict result by predict proba==
print(clf.predict_proba([[-0.8, -1]]))

"==Predict result by predict_ log proba==
print(clf.predict log proba([[-©.8, -1]]))
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class NaiveBayes:
def __init_ (self):
print('Gaussion naive bayes model!')

%%ﬁ : Eg G a u Ssia n N B/_\EE—I%—/J_’I_ = JI—I\ u H def gaussion_pdf(self, x test, x):
P ZEEEHINUmpysCH, e e

np.exp(-templ / (2 * temp2)) np.sqrt(2 * np.pi * temp2)

A 2 \j- n I I hS def fit(self, x_train, y train):
self.x_train = x_train
-L —El— E)Ll ﬁg (o] self.y_train = y_train

def predict(self, x test, y test=None):
len(x_test.shape) 2
self.classes = np.unique(np.concatenate([y_train, y_test],
pred_probs [1

| —)

i self.classes:
idx_i = self.y_train i

p_y = len(idx_i) / len(self.y_train)

p_X_y = np.prod(self.gaussion_pdf(x_test, self.x_train[idx_i]), 1)

prob_i - py * p_xy
pred_probs.append(prob_i)

pred_probs = np.vstack(pred_probs)

label_idx = pred_probs.argmax(@)
y_pred = self.classes[label_idx]
y_test None:
self._score(y_test, y_pred)
y_pred

def _score(self, y test, y pred):
self.score = np.count_nonzero(y_test y_pred)/len(y_test)

model = NaiveBayes()
model.fit(X_train, y_train)
‘gaussianNB train done!’
print(model.predict([4.4, 3.2

model.score(X_test, y_test)
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