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Lecture 14: Text Classification and
Dimensionality Reduction



Reqgularized Risk Minimization

eEmpirical Risk Minimization gave overfitting & underfitting
oWe want to add a penalty for using too many theta values
eThis gives us the Regularized Risk
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eSolution for Regularized Risk with Least Squares Loss:
—0 = v,y x0f +3Jef | -0

07 “regularized

0 — (xTx + )J)_ Xy



Regularized Risk Minimization

eSet P to 15 throughout. Try varying A instead.
*Minimize Rregularized(e) to get 9*, observe Rempirical(e*)
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Text: Naive Bayes

eText classification: simplest model

eThere are about 50,000 words in English

eEach document is D=50,000 dimensional binary vector z,

eEach dimension is a word, set to 1 if word in the document
Dim1: “the” =1
Dim2: “hello” =0
Dim3: “and” =1
Dim4: “happy”’ =1

eNaive Bayes assumes each word |s mdependent

p(2) = p(20),..,2(0)) =TI (2(2)
~I1.a(e) " p-a(e) ™

eEach 1 dimensional alpha(d) is a Bernoulli parameter
eThe whole alpha vector is multivariate Bernoulli
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Text: Naive Bayes

eMaximum likelihood: assume we have several IID vectors
eHave N documents, each a 50,000 dimension binary vector
eEach dimension is a word, set to 1 if word in the document
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Diml: “the”
Dim2: “hello”
Dim3: “and”
Dim4: “happy”

sLikelihood=T",»(z, 1&) = [T", [T*"a(d)" (1 -a () ™"
eMax likelihood solution: for each word d count

B N
number of documents it appears in divided “(d) - Fd
by total N documents

To classify a new document x, build two models o, ; o,
& compare prediction = arg max _ (e p(i:’ | &y)
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Multinomial Probablllty Models

eMultinomial: beyond binary 1 3 4 OS5 6
multi-category event (dice) &(1) 0(2) a(3)|a(4) (s) (6}

pe) =" &) " S.a(m)=1 zeB":¥ z(m)=

eMaximum Likelihood (IID): '
5 toua(218) = X toa [T () = 30, 522 ()15 m)
] =

«Can't just take gradient, constraint: ) &(m)-
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multipliers:




Multinomial Probability (ML)

eTaking the gradient with Lagrangian  _, | v _
gives this formula for each q: () =1220.2 ()

eRecall the constraint: Y~ &(m)-1=0
*Plug in o’s solution: Y~ 13" F(m)-1=0

*Gives the lambda: ~ x=3 Y7 z (m)

eFinal answer: 5(a) = >Ele) W,
alg) = Y (N
>, 3 E (m)
eExample: Rolling dice =1 x=2 x=3 x=4 X=5 X=
1,6,2,6,3,6,/4,6,5,6 [0.10.1]0.1]0.1]0.1 o.sﬁ]




Text: Multinomial Counts

eMultinomial: can also count many multi-category events
Dice: 1,3,1,4,6,1,1  Word Dice: the, dog, jumped, the

eDocument i: has W,=2000 words, each an IID dice roII

p(doc) = p(ﬁ:':,ff,---,ffw:)=n ( ) H H ()

eGet count of each time an event occurred

p(doc»z)_Hw=1Hd=1 ( ) _Hd— ( ) _ _Hd 1 ( )

*BUT: order shouldnt matter when “counting” so multiply

by # of possiq e choosings. Choosing X(1),...X(D) from N
u{ _ W! _ (Eilxi (d)ﬁ

X ()X (D) | "% ((?n [1.X (a):
eBag-of-words model (onT # of words matters, not order):

- YooK ldl ep L AX(d) . D
(docl,) = P(X,) = [I—If]f,(d)! Hdzla(d) Zda(d) =1 XeZ,




Text: Multinomial Countsf
S

eText classification: bag-of-words model RN el religion

: : : politics
eEach document is 50,000 dimensional vector

eEach dimension is a word, set to # times word in doc

XI ‘X‘l X:'{ XJ
Diml: “the” = 9 3 1 0
Dim2: “hello” = 0 5 3 0
Dim3: “and” = 6 2 2 2
Dim4: “happy” = 2 5 1 0

eEach c.jlc.)cument iT a vgc?or of multinomial counts
- X (d)f! v

plaoc) = p(%)= =LV 6()" Y a(g)=1 xez

ol B, I ) D= v e AT

eLikelihood:(&) = 3" logp(X )= 3" log [n:flx.(a)f I, &)™

X Z:_l 5_1 X’s (d) log a(d) same formula as Multinomial ML




Text: Models Comparison

oFor text modeling (McCallum & Nigam '98)
Bernoulli better for small vocabulary
Multinomial better for large vocabulary
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Dimensionality Reduction

e Problem: data might have excessive dimensionality

e Not just a computational issue! May worsen even very effective algorithms (e.g.
similarity measure between examples can be adversely affected)

e Solution: reduce data dimensionality by removing (redundant) features or combining
them

e |dea: project high-dimensional data onto a lower dimensional space
e How to project data? What should the projection be?
a. Best representation of the data in some sense (Principal Component Analysis)

b. Best separation of the data (Multiple Discriminant Analysis)



Principal Component Analysis (PCA)

e Given a set of vectors, each with dimensionality = d, we wish to project the data onto
a subspace of dimensionality M <D

e Goal: maximize the variance of the projected data
e TWO cases:
1. Mis given a priori

2. We choose M based on some criteria
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