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Lecture Outline

® The Task of Text Classification
e Naive Bayes
® Logistic Regression



The Task of Text Classification



Text Classification

= Google Translate
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Question: Can language modeling be viewed as text classification?



Text Classification: Definition
Input:
e a"document" (which can be any text) d
e afixedsetofclasses Y={y,y,...,y/

Output: a predicted classy € Y

The hat or circumflex notation y is used to refer to an estimated or predicted

value



Most Common Classification Method: Supervised Machine Learning

Training:
Input:
e afixedsetofclasses Y={y,y,...,y}
e a training set of m hand-labeled inputs (xV,yV),..., (x™ (M)

Output:
e alearned classifier y:d — y

Inference or Test
Input: a document d
Output: a class y



Supervised Machine Learning for Classification

Many kinds of classifiers!
Logistic regression
Naive Bayes

Neural networks
k-nearest neighbors
LLMs

Fine-tuned as classifiers

Prompted to give a classification



Naive Bayes Classification



Naive Bayes Intuition

e Simple ("naive") classification method based on Bayes rule
® Relies on very simple representation of document: Bag of words
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The Bag-of-Words Representation
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The Bag-of-Words Representation
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Bayes’ Rule Applied to Documents and Classes

® Foradocumentdandaclassy

posterior likelihood prior

P(d|y)P(y)
P(d)

marginal

Py | d) =




Naive Bayes Classifier (l)

— arg max P d
YMAP g max (y | d)

P P
R (d|y)P(y)

yey P(d)

YmAp = argimax P(d \ y)P(y)
YyeyYy

MAP is “maximum a
posteriori” = most likely
class

Bayes Rule

Dropping the
denominator (marginal is
the same across classes)
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Naive Bayes Classifier (1)

likelihood

prior

YmAp = argmax P(d ‘ y)P(y)

Yyey

argmaxP(a:l,:vz,...,a:n | y)P(y)
yeY

Document d
represented as

features X, s X
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Multinomial Naive Bayes Independence Assumptions

P(xi,22,...,2, | y)

Bag-of-Words Assumption: Assume that position doesn’t matter

Conditional Independence: Assume the feature probabilities P(xl.lyj) are
independent given the class y.

P(z1,22,...,2n | y) = P(z1 | y)P(z2 | y) - - P(zn | v)
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Multinomial Naive Bayes Classifier

ypap = argmax P(xy,x2,...,2, | y)P(y)

yey

ynp = arg max P(y;
Y4 €Y

)Hsz|yJ
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Applying Multinomial Naive Bayes Classifiers to Text Classification

positions < all word positions in test document

= Iej ax P(vy;
Ynp = arg max (y5)

YNB = arg max
Y; €Y

1Epositions

4

log P(y;) + Y _

1Epositions

I PGily)

log P(wi | yj)
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Learning the Multinomial Naive Bayes Model

Use frequencies in the data:

J Documents belonging

P(y;) =
(y] ) Ntotal to class Y,

fraction of times word
count(w;, y;) w, appears

among all words in

Z’wEV CO’U,’Tlt(’UJ, y]) documents of class y,

P(wi|yj):

e Create mega-document for topic j by concatenating all docs in this class

o Use frequency of w in mega-document .



Laplace (add-1) smoothing for Naive Bayes
With smoothing!

count(w;,y) + 1
D> wev (count(w,y) + 1)

P(w; | y) =

count(w;,y) + 1
(> ey count(w,y)) + |V
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Multinomial Naive Bayes: Learning
From training corpus, extract Vocabulary V

Calculate P(w, | yj) terms:
° Textj « single doc containing all docsj
® For each word w, in Vocabulary
n, < # of occurrences of w, in Textj

Calculate P(yj) terms:
® Foreach Yy, inYdo
docsj <« all docs with class Yy,

ne + «
n + a|Vocabulary|

|docs ;|

P(y;) < P(wy | y;5) <

[total # documents|
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Unknown Words and Stop Words

e What about unknown words that appear in our test data but not in our

training data or vocabulary?
o We ignore them: remove them from the test document!
o Don't include any probability for them at all
® Some systems ignore stop words
o Stop words: very frequent words like the and a.
o Sort the vocabulary by word frequency in training set
o Call the top 10 or 50 words the stopword list.
o Remove all stop words from both training and test sets



Sentiment Example

Cat Documents

Training -  just plain boring
- entirely predictable and lacks energy
- no surprises and very few laughs

+  very powerful
+  the most fun film of the summer
Test ?  predictable with no fun
Prior from training Likelihoods from training Scoring the test set
X N count(w;,y) + 1
P(u.) = Yi = arg max |log P(y;) + Z log P(w; | y;)
(y‘j) Ntotal (E’LUGV CO’U/rLt(’lU, y)) + |V| vi€Y 1€positions 23



Worked out Sentiment Example

. N, g
Prior from training P(y;) = N - Eg:)_—32//55
total -

count(w;,y) + 1
(X wey count(w, y)) + |V

Likelihoods from training -

141 0+1
P(“predictable”| ) = L P(“predictable”|+) = u

14 420 9420
o B 141 e _0+l
P("no”l=) = 14720 P(IH) =575
041 - 141
P(*fun”|-) = e P(*“fun”|+) = - —
14+ 20 9 +20

Scoring the test set  argmax |logPy;)+ > log Plwi|w)

i€Epositions

Cat Documents
Training -  just plain boring
- entirely predictable and lacks energy

- no surprises and very few laughs
+  very powerful

the most fun film of the summer
predictable witl no fun

3| +

Test

Negative class score

log P(-) +log P(S | -)

= lo, 3+10 i—f—lo i+lo S
= iy 234 €31 €31

~ —9.70
Positive class score
log P(+) +1og P(S | +)
- ST S N |
=08y TlB o5 Tlog 59 T8 9

~ —-10.33

Decision —9.70 > -1033 = y=-
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Logistic Regression Classification
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