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Announcements

Ehe New York Eimes

September 21,2009:

Netflix awards $1 Million prize FYNETHUINE il
to a team of statisticians, C Belle .
. . 8 eur\memgnnnc (Chaos $1,000,000 =
machine-learning experts : M Mo g
i sax The Nerflix Priz.e. Red Hattings

and computer engineers

“You’re getting Ph.D.’s for
a dollar an hour,” Reed
Hastings, chief of

Netflix, said of the people
competing for the prize.
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How to win S1 Million

Goal:
(user,movie) -> rating< [, 5}

Data:
user,movie,date,rating) tuples

esfomiE
Performance measure:

on withheld test set

How to win S1 Million

A part of the winning model is the “baseline
model” capturing bulk of the information:

FEATORES  [Koren 2009]
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How to win S1 Million

training set quiz set test set

Leaderboard Duepley top (37 7%) iacars.

Rank Team Name et Score sy miten] L sunt T

) o Zoaaras 103022
osssa 1003/ acomoras twin2e

08571
wlnieg 08673
08570
08582
08500
08603
08611
08612
08613
08873

2009-07-24 130749
20000725 200552
20080726 024953

e
20090623 23,0852
2008-07-24 20,0646

200940721 02:00:40
20090726 15:58:34
20090725 17:4238

08633
08636
ces 0862

FAQ: why quiz/test)split?

Why this whole quiz/test subset structure? Why not reveal a submission’s RMSE on the test subset?

We wanted a way of informing you and your competiive colleagues about your progress toward a prize v/ 12411 I t

Ne also wanted a way for the judges to delevmme how I’ODUS[
your algorithm is. So we have you suppiy nearly 3 million predictions, then tell you and the world how you did on one half (the
*quiz" subset) while we judge you on how you did on the other half (the "test" subset), without telling you that score or which
prediction you make applies to which subset.

We wanted a way of informing you ...
about your progress ... while making it
difficult for you to simply train and
optimize against “the answer oracle”
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FAQ: why quiz/test split?

Leaderboard Dispiay op (20 %) teadors.

Rank Team Name Best Score % Improvement Last Submit Time
1 The Ensemble 0.8553 10.10 2009-07-26 18:38:22
2 BellKor's Pragmatic Chaos 0.8554 10.09 2009-07-26 18:18:28

rand Prize - RMSE <= 08563 ~N_

Two goals for withholding data

* model selection

LW PEATO e ) phak CeaUpA20TNON

* model assessment .
VW L\\“C/bsg} Vrco —

training set validation set test set

ExDNEN0 Y WX OIS SET+

What if data is scarce?
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Cross-validation PPt

* split data randomly into K equal parts

‘ Part 1 Part 2 Part 3 ‘

* for each model setting:
evaluate avg performance across K train-test splits

‘ evaluate error ﬁart 2 Part 3) ‘ —p Ewot 1\ _ N
~ p 'S
‘@ evaluate error @‘ —p EQlog 2\ choses
WAL
‘ Part 1 Part 2 evaluate error ‘ - Erto o (3 Meon

e train the best model on the full data set

The best model...

Depends on the size of the data set:

~ 2

+ wyx3 + wyx?

+ . + WX
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K-fold cross-validation trains

on KT;\— of the training data
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Controlling model
complexity

* |imit the number of features
* add a “complexity penalty”




Regularized estimation =
"
C?o;_‘\:)i_we:-;-r\\ Z 8

AN
m\in [errortrain(w) + regularlzatlon(w)

P Lo (. c\el\qpapy + PELx. Lo Prlogd

min [—Iog p(datalw) - log p(w)]
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Examples of regularization
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training error
+

regularization
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training regulari
error zation

L, vs L,

L
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* sparse solutions

* more suitable when #features
T . % coms e admost
much larger than training set S p v
[WatiV ’«'\M% Sk sAaze
L,
* computationally better-behaved
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How do you choose@?\
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Announcements

HW #3 out
due October 7

Clodect eeoPoSKLS HVE

———

Classification ., .. ycecion

- b peatunes,
stleSAg
Goal: e f

N SAMLLK
& — LA3erg
learn a map h: xisy 7 BECLNKS o Lo

ENRLC v9 SpAM /oot 040
20110 (4 > D\G|TS

Data:
(X]_I y]_)l (XZI yz) ’ (XNI yN)

Performance measure:
WS CLKSS IR\ CchAT IO EoL

o
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All you need to know is p(X,Y)...

If you knew p(X,Y), how would you
classify an example x?

Xu(,&: Q/u% WX ?(Ka?)
‘>

e
s =\ S(D4) gl dedy
“y MRS

Pe lowsla) =5 0L Y G 8, /?/?\@
\(.

"3
WA R M (%) wrg';;x ©Cr\») -

How many parameters
need to be estimated?

. Exsyor >
Y binary =~ °°¢ /et @ney

@described by M binary features X1,X2,...,)®

Data: | Sky Temp Humid Wind Water Forecst EnjoySpt ’/
Sunny Warm Normal Strong Warm Same Yes /Q
Sunny Warm High Strong Warm Same Yes
Rainy Cold High Strong Warm Change No
Sunny Warm High Strong Cool Change Yes

‘I\

6

X,Y) described byl Z-\numbers - 2-2 -\
PXY) vitin
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Naive Bayes Assumption

* features of X conditionally

independent given class Y / \
oo T PR 2 ® - &
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Example:|Live in Sq Hill?l QQS) 6D, 10 @fo\,\é\)
G

¢ S=1iff live in Sq Hill * D=1iff drive to CMU
* G=1iff shopin Sq Hill Giant Eagle  + A=1iff owns a Mac
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Naive Bayes Assumption

, (= QS oy
 usually incorrect... avgof_

. (USU < o
* Naive Bayes often performswell, oo os™"

even when the assumption is violated *“****“"9)
[see Domingos-Pazzani 1996]

Learning to classify text documents

» which emails are spam?£”~ T = SCR/ loaT Sern

* which emails promise an attachment?
* which web pages are student home pages?

What are the features of X?

_

Text

9/23/2009
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Feature Xj is the jth word

Article from rec.sport.hockey

Path: cantaloupe.srv.cs.cmu.edu!das-news.harvard.e P(Q»O - \

From: xxxQyyy.zzz.edu (John Doe) Sebm

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

Assumption #1: Naive Bayes STt

L’G_@/O PR N VR oy T Z(®
Lo, 000 MQ*\'M @ o
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Assumption #2: “Bag of words?

JOE“-

e I =0 (x ()
NRS [
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“Bag of words” approach

lo, 000
» Al Abost The Company ——
Globe Actvtes aar
Copore e Brteleg
TOTAL's Story about
Upstream stratogy
Downstream Sootesy
ooty all (@)
TOTAL Foundation
Homepags — | Africa (D
all about the apple 0
anxious 0
Our energy exploration, production, and distribution
operations span the globe, with activities in more than 100
countnes
At TOTAL, we draw our greatest strength from our gas 1
fast-growing oil and gas reserves. Our strategic emphasis
on natural gas provides a strong position in a rapidly
expanding market.
oil 1
Our expanding refining and marketing operations m Asia
and the Mediterranean Rim complement already solid
positions in Europe, Africa, and the U.S.
Our growing specialty chemicals sector adds balance and Zaire 0
profit to the core energy business

9/23/2009
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Twenty NewsGroups

Given(1000 training documents from each group
Learn ‘to classify new documents according to

which newsgroup it came from

e

comp.graphics misc.forsale
comp.os.ms-windows.misc rec.autos

comp.sys.ibm.pc.hardware rec.motorcycles
comp.sys.mac.hardware rec.sport.baseball
comp.windows.x rec.sport.hockey

alt.atheism

sci.space
soc.religion.christian sci.crypt
talk.religion.misc sci.electronics
talk.politics.mideast sci.med

talk.politics.misc

talk.politics.guns /
Naive Bayes: lassiﬁcation accuracy

b o=
Sollng

e g \\{e=
bxwes

Learning Curve\ for 20 Newsgroups

(SR, P
VAN

10 - .

0 1 " aaal al
100 1000 10000
Accuracy vs. Training set size (1/3 withheld for test)
D
—P

¥ *«-wr%-»»} e O~ phar
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What if we have continuous X, ?

Eg., image classification: X; is it" pixel LN

F(2,25) =

o

©
What if we have continuous X,? / \
Eg., image classification: X; is i" pixel @ - @

Gaussian Naive Bayes (GNB): assume

1
" W) = o~

) ) BACH <CASS (¢
Sometimes assume variance
» isindependent of Y (i.e., o)), MR Vo«

(Seeron s ;\3

+ orindependent of X; (i.e., 5y)
* or both (i.e., 0)

Pl

9/23/2009
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Gaussian Naive Bayes Algorithm — continuous X;
(but still discrete Y)

« Train Naive Bayes (examples)
for each value y,

estimate 7, = P(Y = y;)

for each attribute X, estimate

class conditional mean HMik, variance Tk

» Classify (X"")

Y —argmax P(Y = yg) [[ PO = ye)

i
Y™ — arg max 1] Normal( X", g, oig)
i

Estimating Parameters: Y discrete, X; continuous

Maximum likelihood estimates:

Jth fraining
example
1 Js(yi —
B s SR =) o
J hcrogs ExaNPLS
ith feature kth class

LAMa e o
8(2)=1if z true,

else O
Ca VeSS0

QeeL<T

1 .
sﬁoow‘\"\(’; — Z(Xz]
g

- — Ai. 2(5 YJ =
55,0077 = i) Bl O S

K ENRLLLCo_

EMP(R(CAL BLEQR

T XD CE N
9= L Cocf (ACE ooy L On-RAL
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What you should know
about Naive Bayes
Naive Bayes

* assumption
* why we use it

Text classification
* bag of words model

Gaussian Naive Bayes
* each feature a Gaussian given the class
P ————
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