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Machine learning for apartment

- apling.

= Now you've moved to
Pittsburgh!!
And you want to find the most
overall satisfying apartment for
you to :
square-ft., # of bedroom,
distance to campus, rent, ...

Living area (ft?) | # bedroom | Rent ($) Yes/No
150 1 500 ?
270 15 1200 ?
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Classification
" B
m Learn_ht¥ Y/ ! ! !

v V) v
X — features Cl2w47 , hwets, Ayt e )

Y — target classes ] / ¥
e ———— _L - - - _(,

m Suppose you know P(Y|X) exactly, how should

you classify? Brines pLYIx)
Bayes classifier: 7
Ay o Xl Y= Plyly)
=V
hialx) = POx1o ) PCY).

(| Poeleg Pt > P 9=0 ) PLI=). fhan Y= 1.

m Why?

Optimal classification
= JEE
m Theorem: Bayes classifier hg, ¢ is optimal!
Py E) = ¢ N[0 ) pLV). @

That is errortrue(hBayes)) < GTTOTtrue@a Vh(X)
,/\

a Proof: perror) = [, p(error|z)p(z)dz
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Bayes Rule

* JE
ey - PP

P(X) = S PN pY)
5

Which is shorthand for:

. POX = ¥ = y) P = )
(Vi, ) PY = y|X =z;) = —r ;
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How hard is it to learn the optimal
classifier?

Sky  Temp Humid Wind Water Foreest EnjoySpt
Sunny Warm Normal Strong Warm Same Yes

| Data = Sunny Warm High Strong Warm Same Yes
Rainy Cold High Strong Warm Change No
Sunny Warm High Strong Cool Change Yes

m How do we represent th?se’? How many parameters?
Prior @ T, @ = ?4, n= L
= Suppose Y is cgmposed of k classe

$r 1 okt QU ol ks,

Likelihood, P(X|Y);
= Suppese X 15 composed of n binary features

14
+ o+ + <+ + = T
l + - t ¢

m Complex model — High variance with limited data!!!
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Conditional Independence
“ JEE

m X is conditionally independent of Y given Z, if
the probability distribution governing X is

igl%)endent of the value of Y, given the value of Z

(\7’ 7. k P(Y_7|V_/l 7—]4'\—]3()(—”7—]4'\
_/_/_/ -

meg., P(Thu,nder|Ram’]_1ghhnn 1) = P(Th.u, der

_l:

ightnin

N’

o

]

Q\
l(

m Equivalent to:
PX,) Y |Z)=P(X | 2)P(Y | Z)

What if features are independent?
" S
m Predict 10701Grade

m From two conditionally Independent features
HomeworkGrade .
ClassAttendance X.

P(v) P(i”w

PRE) P A(Y) &
=Pal)) Pekly))
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The Naive Bayes assumption
“ JEE
m Naive Bayes assumption:
Features are independent given class:

A% v _ I nDrYv | v VDYV _ Iy

P(ALAQ 4 ) = T \AQ|AQ, I JITAD I)
= P(X1|Y)P(X2|Y)

More generally: 2

P(X1.. XgY) = H@

m How many parameters now?

= Suppose X is composed of n binary features

N\
—
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The Naive Bayes Classifier
" JE

m Given:
Prior P(Y)
n conditionally independent features X given the class Y
For each X;, we have likelihood P(Xi|Y)

—

m Decision rule:
y* =hyp(x) = arg max P(y)P(z1,...,2n | y)

= argmax P(y) H P(zily)

m |f assumption holds, NB is optimal classifier!
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MLE for the parameters of NB
* J

m Given dataset
anlgnt(A=a,B=b) + number of examples where A=a and B=b

m MLE for NB, simply:
Prior: P(Y=y)= ¥ ())=1) )
7000~ qut-™)

Likelihood: P(w O, Yo k)

#w'/.w ) )
vi/

= +* (-Y\'_“k 14 § 7Y%
3

Subtleties of NB classifier 1 —

. Violating the NB assumption

m Usually, features are not conditionally independent:

P(X1..Xp|Y) # HP(XZ-|Y)

1

m Actual probabilities P(Y|X) often biased towards 0 or 1

m Nonetheless, NB is the single most used classifier out
there
NB often performs well, even when assumption is violated

[Domingos & Pazzani '96] discuss some conditions for good
performance
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Subtleties of NB classifier 2 —
Insufficient training data
" SN

m What if you never see a training instance where
X,=a when Y=b?
e.g., Y={SpamEmail}, X,={'Enlargement’}

(X;=a | Y=b) =0
hus, no matter what the values X,,..., X take:

P(Y=b | X;=a,X,,....X.) =0
S P(Y4) Pix -+~ %)
SPEL)T PG =

4

m \Wha

Beta(30,20)

MAP for Beta distribution
" I

@ﬁH‘}'O&}'{—l(l _ 9)6’11—'_@@—1 J/ ‘Ln ameler value
P(e | D) = DA 1 ~ 2 1 .~ 3\ ~ Beta(6H+aH’gT+aT)
l)\/(,’H —l_ LI.H7/\[’1V —'— (71,1,}

oh=%p=1) ol=#¥()z 0) P(}J):/;H{}l _ ﬂg\‘g()(-‘——bsq
m MAP: use most likely parameter: - '
otp

6 = argmax P(0 | D) =
A Nitde T
b= e n=F AL
m Beta prior equivalent to extra thumbtack flips
m As N — oo, prior is “forgotten”
m But, for small sample size, prior is important!
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Bayesian learning for NB

. gRarameters — a.k.a. smoothin

N kA

. Dg@pm_exampjes/';\qm%/%-)_:% (o 0\«-/(
m Prior

i PLQ),} (

“distribution” Q(XQ Q) Bek Ly 6a)

m virtual” examples Gotpen

M(/v R uly
m MAP estimate Wi ol My

POYM = C#Yerrfugz) + ol

B4W=1) 4 Misy
PLD) = gpqht
PLY)P(Y)

m Now, even if you never observe a feature/class, posterior
prObabiIity never Zero ©Carlos Guestrin 2005-2007

Text classification
" JEE
m Classify e-mails
Y = {Spam,NotSpam}
m Classify news articles
Y = {what is the topic of the article?}
m Classify webpages
Y = {Student, professor, project, ...}

m \What about the features X?
The text!
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Features X are entire document —

X. for ith word in article
= BN

Article from rec.sport.hockey

Path: cantaloupe.srv.cs.cmu.edu!das-news.harvard.«
From: xxx@yyy.zzz.edu (John Doe)

Subject: Re: This year’s biggest and worst (opinic
Date: 5 Apr 93 09:53:39 GMT

I can only comment on the Kings, but the most
obvious candidate for pleasant surprise is Alex
Zhitnik. He came highly touted as a defensive
defenseman, but he’s clearly much more than that.
Great skater and hard shot (though wish he were
more accurate). In fact, he pretty much allowed
the Kings to trade away that huge defensive
liability Paul Coffey. Kelly Hrudey is only the
biggest disappointment if you thought he was any
good to begin with. But, at best, he’s only a
mediocre goaltender. A better choice would be
Tomas Sandstrom, though not through any fault of
his own, but because some thugs in Toronto decidec

NB for Text classification

*
m P(X|Y) is huge!!! o

Article at least 1000 words, x=ﬂ1,...,x1000} & Juvw

X; represents i word in document, i.e., the domain of X; is entire
vocabulary, e.g., Webster Dictionary (or more), 10,000 words, etc.

(-X -
m NB assumption helps a lot!!! Pbi)

P(Xi=x;|Y=y) is just the probability of observing word x; in a
document on topic y

LengthDoc

hyp(x) = argm;xP(y) II Py

=1
\_/_;\_/
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Bag of words model
" JE

m Typical additional assumption — Position in document
doesn’t matter: P(X=x|Y=y) = P(X,=x]|Y=y)
“Bag of words” model — order of words on the page ignored
Sounds really silly, but often works very well!

LengthDoc

Ply) I Plzily)

=1

When the lecture is over, remember to wake up the
person sitting next to you in the lecture room.

Y

—
—

_ ¥
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Bag of words model
" JEE

m Typical additional assumption — Position in document
doesn’t matter: P(X=x|Y=y) = P(X,=x]|Y=y)
“Bag of words” model — order of words on the page ignored
Sounds really silly, but often works very well!

P(y) P(x;|y)

=1

in is lecture lecture next over person remember room
sitting the the the to to up wake when you
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Bag of Words Approach

¥ All Atut The Company aardvark 0
about 2
all 2
TOTAL Fousdation
Homapaya —————| Africa 1
all about the apple 0
company .
anxious 0
n 100
At TOTAL, we draw aur greatest strength rom our gas 1
fast-grownng oil and gas reserves Our rategic emphasis
<n natural gag prowides a strong posibion o a rapady
expimding markst
Cr dmg refining and ¥ p m Asia ol I 1
and the Mediterramean Ran complenien slready solid
pozinons m Europe, Afnca, and the 115,
Cnur growing specialy chemicals sector adds balance and Zaire 0
probt o the core energy busness
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NB with Bag of Words for text
classification

m Learning phase: ///l_
Prior P(Y) /13(‘ T

= Count how many documents lyou havé from each {opic (+

= For each topic, count how many times you saw word i
documents of this topic (+ prior)

m Test phase: Sty

For each document
= Use naive Bayes decision rule K

LengthDoe—

hyp(x) = argm;xP(y) I Py
=1
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Twenty News Groups results
" J
Given 1000 training documents from each group

Learn to classify new documents according to
which newsgroup it came from

comp.graphics misc.forsale
comp.os.mswindows.misc rec.autos
comp.sys.ibm.pe.hardware  rec.motoreycles
comp.sys.mac.hardware rec.sport.baseball

comp.windows.x rec.sport.hockey
alt.atheism sci.space
soc.religion.christian scl.erypt
talk.religion.misc sci.electronics
talk.politics.mideast scianed

talk.politics.misc
talk.politics.guns

Naive Bayes: 89% classification accuracy
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Learning curve for Twenty News

_ Grougs

20News
100 T T T

90 -

- 11—
opbes 1
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40 i
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0 PR | Lial
100 1000

Bayes —o— B
TFIDF -+~
PRTFIDF «---- b

10000

Accuracy vs. Training set size (1/3 withheld for test)
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What if we have continuous X, ?
" J

Eg., character recognition: X; is it" pixel

Gaussian Naive Bayes (GNB):

Pi=a |V =y)=

1
— e
oLV 2T

Sometimes assume vartance

m s independent of Y Ai.e.,6;),

m orindependent e,

m or both (i. —
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Estimating Parameters:

Y discrete, X; continuous
" S

Maximum likelihood estimates: jth training
example
1 -
f . XI5(YT =
ik = 5507 = gy A = )
d(x)=1 if x true,
else 0
) 1

ST i) ?6(YT = )

65, = .
TN (YT =gp) - 15
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Example: GNB for cIaSS|fy|ng mental states

~1 mm resolution

~2 images per sec.

15,000 voxels/image

non-invasive, safe

measures Blood
Oxygen Level
Dependent (BOLD)
response
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[Mitchell et al.]

Typical
impulse
response

Brain scans can
track activation
with precision and
sensitivity

[Mitchell et al.]
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Gaussian Naive Bayes: Learned L, o, word
P(BrainActivity | WordCategory = {People,Animal})
l._ [Mitchell et al.]

000000

Learned Bayes Models — Means for

. P‘BrainActivit¥|WordCategory) ichotota

Pairwise classification accuracy: 85%

People words 5% s Animal words
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What you need to know about

_ Naive Baxes

m Optimal decision using Bayes Classifier
m Naive Bayes classifier
What's the assumption
Why we use it
How do we learn it
Why is Bayesian estimation important
m Text classification
Bag of words model
m Gaussian NB
Features are still conditionally independent
Each feature has a Gaussian distribution given class
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