INTRODUCTION TO
MACHINE LEARNING
COMPSCI 4ML3

LECTURE 19
HASSAN ASHTIANI



NAIVE BAYES CLASSIFIERS

* THE NAIVE BAYES ASSUMPTION::

* GIVEN THE LABEL, THE COORDINATES ARE STATISTICALLY
INDEPENDENT J ‘/

* P(x|ly =k,0) = an(xj‘y =k, @)
* CHOICES FOR P(x|y =1i,0)
« GAUSSIAN, CATEGORICAL, BINOMIAL, ETC.

* HOW TO FIND MOST PROBABLE Y¢



NAIVE BAYES - INFERENCE
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NAIVE BAYES CLASSIFIERS

» ONLY NliﬁD TO ESTIMATE|THE DISTR Upgfi\l\@ﬁ GACH
 ESIMATE L DSTRRYT)
COORDINATE SERARATEL ‘GIVEN THE LABEL. ,\ ]
N J\J ML

* NO CURSE OF DIMENSIONALITY SE?W*B\Z\ i
W\—\fw
* FAST COMPUTATION FOR LEARNING AND PREDICTION

* ASSUMPTIONS ARE STRONG — MAY BE FAR FROM REALITY
* INDEPENDENCE OF FEATURES
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H@ GENERATIVE (GAUSSIAN) ASSUMPTION
r -

™\ ke ///// s © o8

* = o ©
S =1

/ | @ G

> O 9]

aCQO OD




ICED
GENERATIVE VS DISCRIMINATIVE MODELS y\v=)

POxLy=D)
* PROBABILISTIC GENERATIVE MODELS Pt

* TRY TO MODEL P(x, y)f-/
* |.E., LEARN BOTH P(x|y) AND P(y)
—mm—

=

* WE ARE LEARNING P(x) AS WELL

9 PROBABILISTIC DISCRIMINATIVE MODELS
* TRY TO MODEL P(y|x) ONLY
L —
« NO NEED TO LEARN OR MODEL P(x)x
 E.G., LOGISTIC REGRESSION

¢ NON-PROBABILlS'l}g?DISCRlMlNATIVE APPROACHES
/



LOGISTIC REGRESSIO

* ASSUME THERE IS A PLANE IN Rd, PARAMETRIZED BY W
« W SEPARATES THE TWO CLASSES = NICELY"’
* NEAR THE BOUNDARY, LABELS ARE (MORE) RANDOM

* THE MORE WE GET AWAY FROM THE BOUNDARY, THE MORE
DETERMINISTIC THE LABELS ARE /(\bij(

p(g:o/y):



, LOGISTIC REGRESSION |

* P(Y =1|x, W) = c(W'x) —/”Eﬁv/—*

e P(Y==1|x, W) =1—-—a(WTx) 7 . C

GPx|W) = P(x) - \ |

* WHERE ijom 00
;@ \;{
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i |
MAXIMUM LIKELIHOOD T
*1—0(a) =0(—a) f

P(Y ylx, W) = o(yW'x)

. = avq @ ax N W N \
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= mij W P SDGW) @W " .







ANOTHER EQUIVALENT FORM

« FORy € {-1,1},P(Y = y|x,W) = c(yWTx)

T =
- CHANGETO y € {0,1},¢ (WY J |
/; P(Y =y|x,W) = J(WTx)@(l — J(WTx)@ — (W O y‘h
 Log(P(Y = ylx,W)) = yLOG oc(WTx)+ (1 —y)LOG (1 —oc(WTx))
@— J(WTx) e [0,1] &

* p IS APROBABILITY, REPRESENTES THE CONFIDENCE OF THE MODEL

. ME Zi=1@LOGp + (1 @) LOG(1 —p ) y‘ € i“l S

. RELATED TO THE CROSS ENTROPY LOSS (MORE ON THIS LATER))

= CV‘o%SEnk\f\o)‘)ts Cﬁ) BT)



OPTIMIZING THE LIKELIHOOD

* NO CLOSED FORM SOLUTION

* BUT STILL A CONCAVE FUNCTION

* COMPUTER THE GRADIENT

» USEFUL FACT: a;g‘) XIOMEIO)

* DO GRADIENT DESCENT

e ....OR USE AUTOMATIC DIFFERENTIATIONI



class LogisticRegression(nn.Module):
//)ﬂaef __init_ (self, input_size, num_classes):
super(LogisticRegression, self). init ()

self.fc = nn.Linear(input_size, num_classes, bias=True)
—

def forward(self, x):

# Flatten the image z/ ‘-é§
x= X.view(-1, 28%*28) T o 5\\\8 %
sma

self.fc(x)_—xp W X AT

B model = LogisticRegression(input_size, num_classes)

/Jcrlterlun = nn. CrossEntropyLoss()

optimizer = optlm SGD(model. arameters( , lr=learning_rate)

for epoch in range(num_epochs):
for i, (images_batch, labels batch) in enumerate(train_loader): a l0§>(w>

optimizer.zero_grad() # Clear the gradients v
K{Eﬁiﬁﬁiﬁ): model (images batch) # Forward pass
~— N 9“"‘

loss = criterion(outeuts, labels batch) # Calculate loss
‘#'_'-—p

“’>éoss.backwarq1)3# Backward pass

optimizer.step() # Update weights
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