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Reading Your Brain, Simple Example

" A [Mitchell et al.]
Pairwise classification accuracy: 85%




Classification
m Learn: h:Xm—

/ |
Y — target classes

X — features_

-

m Simplest case: Thresholding
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Linear (Hyperplane) Decision
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Classification

" A
m Learn: h: X Y

X — features
Y — target classes

m Thus far: just a decision boundary
,(j: §19n (wx() ¢ ’7‘[/”‘) d‘-“)’!“’\

m \What if you want probability of each class? P(Y|X)
—
P spom | oot of i)

)_—;‘

!3: Grgmes P(Y=y \ {2 ek v )
4
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Ad Placement Strategies

GOugle big data

m Companies bid on ad prices

(=
(> {20
Cy {100

| Wthh ad WInSr) (many simplifications here)
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1 Naively: C3 = Jloo
1 But: ?l«i

1 Instead:
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Web  Images  Maps  Shopping  News  More~  Search tools

ersonal results. 1,300,00 0 other results.

Ads related to big data ®

What is Big Data? - SAS.com

www.sas.com/Big-Data

Top Orgs Explain How They Gained Insights From Big Data. Free Report
642 people +1'd or follow SAS Software

Big Data Explained - SAS & Hadoop - Deployment Options - Success Stories

Dell™ Big Data Solutions - dell.com
‘www.dell.com/BigData

3,139 reviews for dell.com
Contact Dell & Get Info on Storage Solutions from Dell™ w/ Intel®

Big Data - Learn About Oracle & Big Data - Oracle.com
'www.oracle.com/BigData

Simplify & Put Your Data To Work.
12,806 people +1'd or follow Oracle

Big data - Wikipedia, the free encyclopedia
en.wikipedia.org/wiki/Big_data

In information technology, big data is a collection of data sets so large and complex
that it becomes difficult to process using on-hand database management ...
Definition - Examples - Market - Technologies

IBM What is big data? - Bringing big data to the enterprise
www.ibm.com/software/data/bigdata/

Everyday, we create 2.5 quintillion bytes of data-so much that 90% of the data in the
world today has been created in the last two years alone. This data comes ...

Big data: The next frontier for innovation, competition, and productivity

www.mckinsey.com/.../big_data_the_next_frontier_for_innov...

MGI studied big data in five domains—healthcare in the United States, the public ... For

example, a retailer using big data to the full could increase its operating ...

Big Data — What s It? | SAS

www.sas.com/big-data/

Leam about big data challenges and opportunities, along with how to apply the latest
and ies to extract i value from big data.

Oracle Big Data
www.oracle.com/us/technologies/big-data/index.html

racle offers the broadest and most integrated portfolio of products to help you acquire
d organize these diverse data sources and analyzdiitbem alongside ...
o=
| 0.0l ¥ Jloo - l

Ads @

Big Data Cloud Analytics
cloud.google.com/bigquery
Sign-up for real-time Big Data
Analytics on Google BigQuery

Big Data Monitoring
www.feedzai.com/BusinessMonitoring
Uncover and Manage Anomalies.
With Real-Time Processing, See How

New: Big Data in 2013
www.tableausoftware.com/big-data
7 Things you Need to Do About Big|
Data in 2013. Get the Free Article!

Future Data Management
www.fidelity.com/thinkingbig
Using Data to Find Value & Profit.
Watch Fidelity's Big Data Video.

NetApp® Big Data
www.netapp.com/Big-Data
Discover our Intelligent, Immortal
& Infinite Agile Data Technology.

PROS® Big Data Research
www.pros.com/Gartner

Featuring Gartner Research For Bi
Data. Download Free Newsletter!

Extend Big Data With UIA

www.attivio.com/Big-Data
Attivio's Software Bridges The Gapj
Unify Structured and Unstructured!

Big Data Solutions
www.quantum.com/big-data
Quantum Big Data Management -
Professional Large File Sharing!

See your ad here »

05 2 E[“: oS =¥
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Link Functions
" JE
m Estimating P(Y|X): Why not use standard linear
regression? ?(\/ \X\ = w4 f WY
. —_
(6,1 K

T Maps
Lo}
m Combing regression and probability? /
Need a mapping from real values to [0,1]

A link function!
—)




Logistic
function

1

Logistic Regression (o sigmoiay\1+ G2

" S T
m Learn P(Y|X) directly i
Assume a particular functional form for link o
function Sospe = =~ =
Sigmoid applied to a linear function of the input o
features: 022_
1
P(Y:O|X7W): 01 /™ ww = ™~
1 4 exp(wo + X; wiX;) 05
\/
haser G
Y= W)z - P(\/:DI)(,W)
e w4 i () ‘.{;
we ¥ 2WiX;
| & € ¢

Features can be discrete or continuous!
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Understanding the sigmoid .,

Z...Wn =0
"
g(wo + Y wiz;) = 1
. 7: v 1 4+ ewot2_; wit;
/eJS J7lcc/
51\‘“. \'.,
Wy=-2, W,=-1 wy=0, w,=-1 ,.4/ wy=0, w,=-0.5
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Logistic Regression— |
a Linear classifier 1+ eap(—2) |
L m X ]
;O ,Y): 0;6 % 6
1
g(wo + ) wiz;) = ST o Do
Wo +Z wixt >0 P 1 4 ewot2iwits
I “\

U
9("\}0 {-’Z"w,x;) <03

l

@(\,;o\u,\() <09 P(v zo|wy) >0-5
Py =1 fup) >0 J
= pnclicd O



Very convenient!

O 1 Q/

P(Y =0 |X =< Xq,..Xn>) =
| ; 1 + exp(wo + >0; w; X;)

implies

- B _exp(wo + X wiX;)
P(Y =1 |X =< X1,..Xp>) = 1+ exp(wg + S w; X;) ‘
implies
d:
‘Zé‘ < P(Y =0|X)

= exp(wp + Z w; X;)

linear
classification
rule!

N
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implies

7
Y'J‘-d(—:o Py =1|X) _ . >0
<InP(Y:0|X)—wo—l—%:wZXZ 7




X‘); E— 148 A onsion of :)-l’\ "c‘x/oo'.,.-\-
Loss function: Conditional Likelihood

" :
) _ -~ > iy
m Have a bunch of iid data of the form: D\(Ipy - (Y ’y )I‘.N

X
6'9/’, M(‘jm& & ;"I"U( ,l\o’l k'wl'(

m Discriminative (logistic regression) Iossfuy PY,YW)
Conditional Data Likelihood
, . xwwww
! DY I’Dx,w =

\/\/_\/
o1 |(-PA=4,0,) PO10PA 1)

(Y:! (,?,1-'40) [
(-0, (T4 230 b class

| o / tcf—-— Fioho iy
Av9mak  In P(Dy | Dx,w) = ZInP(yjlx” W pAvan

N\~ Jj=
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Expressing Conditional Log Likelihood

1+ a:p(wo—i—z w; X;)

1 ﬂ PO =010 =
— "

I(w) = Z In P(y’|x7, w) P(Y = 11X, w) = exp(wo + 2 wiX;)

| 1 + exp(wg + >; w;i X;)

z 2"133 In p(Y:|\,(5,w) +(I-3") ln P(Y=0(5 w)
|

o

E(W):ZyjlnP = 1|x/,w) + (1 — ) In P(Y = 0|x’, w)

&9 Zy](wO‘I‘sz J)_In(l_l'exp(wO‘I‘sz j))

want "'l) Gvg rmeX
w



Maximizing Conditional Log Likelihood

P(Y =0|X,W) =

1+ exp(wo + >; w; X;)
exp(wo + >°; wi X;)
1+ exp(wo + >; w; X;)

P(Y =1|X,W) =

Good news: /(w) is concave function of w, no local optima 1/
problems

Bad news: no closed-form solution to maximize /(w)

l cmmy, N

Good news: concave functions easy to optimize

©Carlos Guestrin 2005-2014 14



Optimizing concave function —
radient ascent

m Conditional likelihood for Logistic Regression is concave. Find
optimum with gradient ascent

ol(w) ol(w)

wo 7 Own,

]/

Gradient: Vwl(w) = |

Update rule: A o _ 7wl (W) Vaﬂ,‘.,\

W Q

. 2 Constoat

LD @) Olw) 7;% i

L L 7 8wi ’ ‘5°
m Gradient ascent is simplest of optimization approaches /b: ¥
e.g., Conjugate gradient ascent can be much better
(o-JLn“"
btk
97 ..
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Coordinate Descent v. Gradient Descent

536 X y+5 y°-0.0259 = 0
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Maximize Conditional Log Likelihood:

i Gradient ascent
W .
P(Y =1|X,W) = - ff;ufwj;—%gﬁfﬁ

Z(W) — Zy](wO‘I'sz J) - In(l'l'exp(wO"‘sz j))

.] Sum,, ()

N .M.‘h PM‘}’

/’ w« gadic b
2 gl )(',
lFi n.\’ﬂ“ — <1 " —
0 fﬂl‘;c 0n ‘
>0 less V-
|



—0—-

Gradient Descent for LR Intuition,_

l’:l{hw l, nvmr.l‘?l. «fld‘,q ./ Jm«
-—‘ €3, 0 myca i
Vorijaal- l

Young us

Middle us

Old BR

Young BR
9] |

( {
O o

— o o Q’g-;-

v
Encode data as numbers }Jrj""
¥V kwwod L ‘
New N ¥‘¢i'| '1 ' ¢b.¢" ’£ X '( 4’% 0* V°Qs
New N ( o W) 04 A J

aii 2. Until convergence: for each

= feature S
/V Compute awerage gradient
over data points
Update parameter
o ST
| 0 L wi(t+1) - wi(t) 4+ "Zﬁ’g [/ — P(YI =1 |x),w)]
S N
0 o
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Gradient Ascent for LR

" S Tl
[
Gradient ascent algorithm: iterate until change < ¢

Fori=1,...,k,

repeat

7zl

N

7z

a—

N
wiTY — w40y — P(YI =1 %I, W)

\ wi(t—|—1) - wi(t) 4+ nzwf[yj —P(Y) =1,

(t
W

)
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Regularization in linear regression
"

m QOverfith lly leads to very arameter choices, e.g.:
-2.2+3.1 X~ 0.30 X2 -1.1 44,700,910.7Z.X — 8,585,638.4 X2 + ...
\ Jf \ H
\

ZENA V
TARER (\

\
TN
\

/‘

m Regularized least-squares (a.k.a. ridge regression), for A>0:
w = argII}Ki’nZ (t(Xj)—Zwihi(Xj)> +>‘sz2
fwly
\wi,

©Carlos Guestrin 2005-2014 20



Linear Separability
5,7

Wo+Zwiv,<g

Z\Ho +ZZL";Y: <0
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Large parameters — Overfitting

rapig

1

kvt <),
1+4e* 1+e 2 J k14 e 100

A | PN
moﬂf “fwn” M
m |f data is linearly separable, weights go to mﬂy
—

Yk\f:\ W) — 7

In general, leads to overfitting:
m Penalizing high weights can prevent overfitting...

©Carlos Guestrin 2005-2014 22



Regularized Conditional Log Likelihood
L rvremme——— S
= Add regularlzatlon penalty, e.g., L,: / =
A
lnHP Tx,w) — 5w
\- /l VeCulariade
(ond.k.ml g 1 b bl Ju 3t

m Practical note about wy;:

(X(mb,' ﬂ)ula/tu

m Gradient of regularlzed,hkellhood] )\ W,

2 = D[l el

/

a""" a Wi



Standard v. Regularized Updates
" JE
@ Maximum conditional Iikelih%od estimate

w" = argmax In H Py |x7, w)

j=1
wT —w® 4 Sl - (YT =1, W),
M'\Y'jln
m Regularized maximum conditional likelihood estimate
N k
. A\
k J |~rJ — 2
W’ = arg max ”Ln Py’ |x7, w) 5 sz
J tenj=1 i=1

WD O gy {/\wg) +Y 2l — P(YI =1 Xj’V$5]}
j

©Carlos Guestrin 2005-2014
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Please Stop!! Stopping criterion
" J——
{(w) = lnHP(yf"\xj,w)) — Alw]|3

‘IS 0,)4,4“[ Vc.‘l-d-d'v

m \When do we stop doing gradient descent? w¥

W) = f(wh) < .
il { 4 nvz(w)]ﬁ:?; (})%‘.\

m Because /(w) is strongly concave:
i.e., because of some technical condition/

fw) — ) < |IVEw)3 SE apmieischn )

m Thus, stop when:

1o ot < TAE



Digression: Logistic regression for

__more than 2 classes
B
m Logistic regression in more general case (C classes), where
Y in {0,...,C-1}

YH §\w\7,(/dw‘7 /V«ir\l,,,f



Digression: Logistic regression more

generally
"

m Logistic regression in more general case, where

Y in {0,...,C-1}
for c>0 .
P(Y — C‘X, W) _ eXp(ch + Zizl wcz-a;i)

C_
1+ Zc/:% eXp(wc’O + Zle wc’z'iliz')

for c=0 (normalization, so no weights for this class)
1

C— k
1 -+ Zc/:i eXp(wCIO + Z’iZl wc’ix’i)

P(Y =0|x,w) =

Learning procedure is basically the same
as what we derived!

©Carlos Guestrin 2005-2014 27



Stochastic Gradient

Descent

Machine Learning — CSEP546
Carlos Guestrin
University of Washington
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The Cost, The Cost!!l Think about
the cost... ™ k dim

m What's the cost of a gradient update step for LR?7??

Voo |
wz-(t_l_l) — w,i(t)—l—n {—)\wi(t) + Z:B;Z [y P(Y3 =1]xJ W))]}
71 J=1 '\/\/\ —
i &,\’\0( 3

thcl.\k ko Ply =] [, W4 [ O(NE) flv Davemt K ¥
wil ¥ :B
D(NE) ¢ B ’\> he N2

Il,M\r dab, $1 2L f(' VLSM




Learning Problems as Expectations
"

m  Minimizing loss in tralnlng data:
I N
Given dataset: )( \( N

m Sampled iid from some dlstrlbutlon p(x) on features:
Loss function, e.g., squared error, logistic loss,.

We often minimize loss in training data: Lrro 'F'-’ (“54- J%Mnj Y0 X155

" 9 lp(w ZE w,x’) & Zl“/,w) - ( 6()) /A,.{-Zlu{“)
::-’:or \

o Hov‘,\'/ever, we should really minimize expected loss on all data:
foL (fro-

0(w) = B [t(w,)] = [ plx)t(w,x)dx
e e
m S0, we are approximating the integral by the average on the training data

©Carlos Guestrin 2005-2014 30



SGD: Stochastic Gradient Ascent (or Descent)
"
m “True” gradient: VZ(W) = b [VK(W, X)]

m Sample based apprOX|mat|on

Vo £l z_ U A (w,¥)
N

m \What if we estimate gradient with just one sample???
Unbiased estimate of gradient i —
Very noisyl,
Called stochastic gradient ascent (or descent) ‘L le epediint
v
= Among many other names of‘*Qe.e SHp -l- J) A

VERY useful in practice!!! b{) V'vf(“" ’}(' Vw Q(b ) )

©Carlos Guestrin 2005-2014 31




Stochastic Gradient Ascent for ’(‘, f"d‘,:‘,o ek

] Logistic Reﬁression b imc }4,}

m Logistic loss as a stochastic function:

Ex [6(w,x)] = Ex [In P(y|x, w) — A|[wl[3]
fom ovtv all  painks
m Batch gradient ascent updates: /

(t—l—l) (t) +n { Zx(J) () _ _ 1|X(j),W(t))]}

@ )
m Stochastic gradlent ascent upda%,es,‘l it O ople Y 3 )

Online setnng
w{D e i+ {20 +20[y® — P(Y = 1jx, w®)]}

O( \ ‘nt \(-'-M’Mn \ (l,c- (onShnt or (%‘

s Guestrin 2005-2014 32




Stochastic Gradient Descent for LR:
Intuition  Wer o o deh oy o 92 Yondan
"

1. Until convergence: get a
T data point
—— Encode data as numbers
Young BR Low Bing Returning N For eaCh featu re
. Compute gradient for this data
point
i Update parameter
b BV
o | ‘ . wf™ o {2l 2O - Py = 1x0, W)}

o O
C
G

©Carlos Guestrin 2005-2014 33



Stochastic Gradient Ascent:

] general case

N
m Givena stoc.:hastic.function of parameters: Q(W) ’\,C( ? k(‘«/,%’)
Want to find maximum ﬁ h=!

0\\/‘3’;\\4]\& Z ((..,\

G
s Start from w©® & ¢4 W0

m Repeat until’convergencé:
Get a sample data point xt

Update parameters: a Z("V() ){b)

m Works on the online learning settlng!
m Complexity of each gradient step is constant in number of examples!

S~

m |n general, step size changes with iterations

©Carlos Guestrin 2005-2014 34



What you should know...
" A
m Classification: predict discrete classes rather than

real values

m Logistic regression model: Linear model
Logistic function maps real values to [0,1]

m Optimize conditional likelihood
m Gradient computation

m Overfitting

m Regularization

m Regularized optimization

m Cost of gradient step is high, use stochastic
gradient descent



What's the Perceptron

Optimizing?

Machine Learning — CSEP546
Carlos Guestrin

University of Washington

Januasr¥627, 2014
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Remember our friend the
Perceptron Algorithm

m At each time step:
Observe a data point:

t 1
Kyt 0t = ign ()
Update parameters if make a mistake:

e

W) Wl gty

L
‘ng w(l-“) = ¥



What is the Perceptron Doing???
" A
m \When we discussed logistic regression:
Started from maximizing conditional log-likelihood

o N ¢ {11
w J

m WWhen we discussed the Perceptron:
Started from description of an algorithm

m What is the Perceptron optimizing????



Perceptron Prediction: Margin of

w.Y<o

o ant Pick' W
fuch Lt Conkndine)
4. 4§ la-y 4§ P&:{Qk
/ Minivze w, )(<0 jj - {__l
Ww. X’ 20 J =~




Hinge Loss

"
m Perceptron prediction: Sij” (W'X)

m Makes a mistake when: O

33 WP <o —) Q(WIYJ)Z

4

33 “‘"\('J?‘\

’J‘) NX:) Y I JL

m Hinge loss (saer ai maximizing the margin used by SVMs)

Fe
L"'YJ

hia

M % net ’hES{*l"'

©Carlos Guestrin 2005-2014 40



Stochastic Gradient Descent for Hinge Loss

m SGD: observe data point x, update each parameter

00w, (1)

w§t+1) — wgt) — Tt E

= How do‘we comput%(:["hg,)gradient for hinge loss?

’ l'/.y.i a 0

I(j}

©Carlos Guestrin 2005-2014
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(Sub)gradient of Hinge
"

m Hinge loss:

(t) (1)
(t41) (t) oL(w'" x\"))
w, —w,;’ —
t ¢ "It 810@
m Subgradient of hinge loss:
roIf yo(w.x®)>0: ©
‘U( If z(t) (w.x®) < 0: .(J(‘\:) )[U) ﬂ(Sl“l«?

Qj(v:{.xw) =0: (- j“))(‘”/ 0) N —
n one line: * ) ) s ®
VQ(\‘VU),*U‘) — ﬂ((\j()k’fﬂ\(’))(‘fj {)



Stochastic Gradient Descent for Hinge Loss
" A
m SGD: observe data point x, update each parameter
t t
00(w®), (0
8?1]2'

w§t+1) A w@(t) — Mt

m How do we compute the gradient for hinge loss?

©Carlos Guestrin 2005-2014
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Perceptron Revisited (D b fineks

4
Misklet

WD w® 4 ﬁb} (yu) (w®) . x(®) < OJ NONG

m SGD for hinge loss:

m Perceptron update:

wlt D o w® g {yu) (w® . x(®) < o] D x®

‘)uu?\m\ = SED b \'\:’\7|0§$ with Z{_:j

m Difference?



What you need to know
"
m Perceptron is optimizing hinge loss

m Subgradients and hinge loss
m (Sub)gradient decent for hinge objective

©Carlos Guestrin 2005-2014
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Support Vector

Machines

Machine Learning — CSEP546
Carlos Guestrin
University of Washington

Januasr¥627, 2014
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Support Vector Machines

" A
m One of the most effective classifiers to date!
m Popularized kernels

m [here is a complicated derivation, but...

m Very simple based on what you've learned
thus far!



Linear classifiers — WhICh I|n qy?etter’?

oy, Wid m«r}{q




Pick the one with the largest margin!




Maximize the margin

s - D“"’(



faif
SVMs = Hinge Loss + L2 Regularization (4 (0:‘;‘

m Maximizing Margin same as regularized hinge loss

. | 9 WX
(f A A

| "‘JW.X ()"I\MES(
> (179 W)y

©Carlos Guestrin 2005-2014 51




L2 Regularized Hinge Loss|

" 3
= egmid (ﬂw\ﬁl)
N Fmal objective, adding regularization: W ;\-
QSMA V(jMI“‘/'?ﬂJ"V\

j 4 >\ | wily | =1

m But, again, in SVMs, convention sllghtly different (but equivalent)




SVMs for Non-Linearly Separable meet

my friend the Perceptron...
"

m Perceptron was minimizing the hinge loss: lils f’”"?}“"

i\f: (—y’ (w - x? —I—w()))Jr Nﬁ_

]:1 Vo .'Iq\)\&k/.'%kdv\

m SVMs minimizes the regularized hinge loss!!

N
Uﬂ“% +CZ (1 -9/ (w-x’ ‘|‘w0))+
1 j=1
(\ \\
/!5\«\4,0@%04 - JIQ_




m Perceptron minimization:

N

Z (= (w-x) + wo))Jr

J=1

m SGD for Perceptron:

wttD w® g [yu) (w® . x®) < 0] MONO

p——

I—

—
My ‘h“t

—

W (lt\) & \AA)

!

©Carlos Guestrin 2005-2014

\ m SVMs minimization:/,

N
HWH%-I—C’Z (1— ¢/ (w-x/ ‘|‘w0))+
T 4 =1

=

"

ﬂ“’zy“)
Stochastic Gradient Descent forz2 > Ms

' Y iyl

—

m SGD for SVMs: %' Wo, xo

/

Mishk

-]l U‘M

n'f ‘l"“*d‘
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What you need to know
" J
m Maximizing margin
m Derivation of SVM formulation

m Non-linearly separable case

Hinge loss
A.K.A. adding slack variables

m SVMs = Perceptron + L2 regularization
m Can also use kernels with SVMs
m Can optimize SVMs with SGD

Many other approaches possible



Boosting

Machine Learning — CSEP546
Carlos Guestrin
University of Washington

January 27, 2014
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Fighting the bias-variance tradeoff
" JE
m Simple (a.k.a. weak) learners are good

e.d., naive Bayes, logistic regression, decision stumps
(or shallow decision trees) Fhersholdi.,

Low variance, don’t usually overfit too badly

m Simple (a.k.a. weak) learners are bad ,
High bias, can’t solve hard learning problems

/

m Can we make weak learners always good???
No!!!
But often yes...

©Carlos Guestrin 2005-2014 57



The Simplest Weak Learner:
Thresholding, a.k.a. Decision Stumps

- quml gw((,..,

B Learn: h: X— Y

X — features ” )
Y — target classes +— T»{l‘"*'\ ot h

= Simplest case: Thresholding Yice >/;>£
) - {l\‘.m; 4 (P39 hl
\
Not Kk - sy
o ko ,&} A 3
J - - -—}{‘ — ){'




Voting (Ensemble Methods)
"

Instead of learning a single (weak) classifier, learn many weak classifiers that are
good at different parts of the input space |,\; N D ’ ¢ {-)I.q.”

m  Output class: (Weighted) vote of each classifier
Classifiers that are most “sure” will vote with more conviction

Classifiers will be most “sure” about a particular part of the spac l
) LWL cfj('

On average, do better than singl%classifier! F {, S ko
6 =2 o b)) e
=g

e'j. I,\(.({)-. GPA)'S-‘J? /4L&. wu7‘\'f' ol (‘[&SSi{)'(o

m But how do you ??7?
force classifiers to learn about different parts of the input space?

weigh the votes of different classifiers?
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