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Online Learning Problem
* JEE
m At each time step t:

Observe features of data point'

= Note: many as! e possible, eg, d l d data is adversarially chosen... details beyond scope of course
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Make a pred|ct|on ﬁ\ "’D x«) ol 1 )

= Note: many models are possible, we
= For simplicity, use ecto notatiol | a_) 1]
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= Note: other observation models are possible, e.g., wed n't observe the label directly, but only a . Details
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The Perceptron Algorithm wess e
" JEE

m Classification setting: y in {-1,+1}

m Linear model

1 Prediction: \\') = Sio‘)r\ (W - X)

m Training:
[ Initialize weight vector:

w =0
1 At each time step: M T2 . Atl A‘*‘”’
= Observe features: X( & » PV

= Make prediction: (3 ~ S‘j“ (WM 3 )(({\)

s Observe true class:
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Updat del: . .
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o If predictian is not equal to truth )
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Use features of features
of features of features....
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Feature space can get really large really quickly!,




Higher order polynomials

* JEE——

num. terms = ( d+7zz_ 1 )
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o 2 3 4 5 6 7 8 3 0 grows fast!
number of input dimensions d=6, m=100
—= about 1.6 billion terms

Perceptron Revisited
" JEE

= Given weight vector w®, predict point x by:
A

)
4 = Sin (w*x)
m  Mistake at time t: wit*D) = w(®) + y() x()

m  Thus, write weight vector in terms of mistaken data points only:
O Let M® be time steps up to t when mistakes were made:
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= Prediction rule now: Ay, - 6) )[“ X
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) Wi b ay)
Dot-product of polynomials v-w, v
" JEE—
d(u) - d(v) = polynomials of degree exactly d
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Finally the Kernel Trick!!!
(Kernelized Perceptron

m Every time you make a mistake, remember (x®,y®)

L/Q \‘\UP ki H( of st les »\F-]a{
2 )((ﬂ Dhv Fase migh
m Kernelized Perceptron predlctlon for x:
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Polynomial kernels
" JEE

m All monomials of degree d in O(d) operations:
P(u)d(v) = (u-v)d = polynomials of degree exactlyd

m How about all monomials,of degree up to d? , .
v d
Solution 0: ¢)(V\) @(V) z % (f}) (u ’\,)\ — about O( )

=l

Better solutionz / _ vt 1
(wW)'+ (v 4 (Uv) V-ul = (Wt )

Kaonls  for wll mowmials  >f hjm. ur‘b nd \.’Ic‘w(,vo\
K(“\:") e (()(k)‘ é(") = (QV-H)A e— adond D(A)
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Common kernels
" JEE
m Polynomials of degree exactly d '/
K(u,v) = (u-v)*
m Polynomials of degree uptod
K(u,v) = (u-v+ 1)4
m Gaussian (squared exponential) kernel I/M,a( S«s,'s A'\dﬂ«s,‘
_ [u —v| .
| K.(u,v) = exp (— 202 R
m Sigmoid "IG'\H( |
K(u,v) =tanh(nu-v +v)
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Fundamental Practical Problem for All Online
Learning Methods: Which weight vector to report?
" JEEE
m Suppose you run online learning method and want to sell
your learned weight vector... Which one do you sell???
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Choice can make a huge difference!!
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What you need to know
* JEE
m Notion of online learning
m Perceptron algorithm
m Mistake bounds and proofs
m The kernel trick
m Kernelized Perceptron
m Derive polynomial kernel
m Common kernels

m In online learning, report averaged weights at the end
M v e SlHi‘jj ) ot  up. ?"L,mw ‘[\An o YV Frv
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Case Study 1: Estimating Click Probabilities

Stochastic Gradient
Descent
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What is the Perceptron Doing???
" JEE
m WWhen we discussed logistic regression:
Started from maximizing conditional log-likelihood

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

m What is the Perceptron optimizing????

Percgptron Prediction: Margin of,_ obid
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Hinge Loss
* JEEE—

m Perceptron prediction: ~ §igh (W~Y)

m Makes a mistake when: \m° $ 420
(3 (wx) <0 S by O B T

2 (=Y o)y

m Hinge loss (same as f rrllzmg the margin used by SVMs)

I:\::"A Corred ¢ {c\sg
Mo loss
. zo
\V\l CFLSS on mistaiees / [ (W'X\ —_)
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Minimizing hinge loss in Batch Setting

[
= Given a dataset: Im m) ) ( 1"‘" b(vu))
= Minimize average’r};ge IE&M
i ’\/_ 7 (- j(\l (W ’(m))Jr
w '\) sl 7
= How do we compute the géadlent’? Vo ’Q(w')(\ '
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Subgradients of Convex Functions
" S

m  Gradients lower bound convex functions:

) 2 40+ (y)

m Gradients are‘uniq "lt x if function differentiable at x

m Subgradients: Generalize gradients to non-differentiable points:

O ?ny plane that lower bounds function: Ve (Df(j) S“\Ly"t”"(

{ly i
{7, {6 + v (4-X)

Subgradient of Hinge

= Hinge loss: ( lo.x)
\Jf‘v&]

0 93(‘4/.;()
m Subgradient of hinge loss: .
O F YO (w.x®) > 0; %g(‘i,,*m) =0
0 I y® (w.x®) < 0: WQ(w,x¥) = "37(
I YO (wx®) = 0: D U, g) <T-4x,01 | ¢.q., Chook ~§X

1 In one line:
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Announcements
" JE—
m No recitation this week
m Comments on readings:
Material in readings are superset of what you need
Read foundations, e.g., from Kevinﬂj_rphy’s book, before class
Fill in details after class

——
m HomeworKlout today

Start early, start early, start early, start early, start early, start early, start early,
start early, start early, start early, startearly, start early, start early...

Warm-up part of programming due on 1/22
Full homework due on 1/29, beginning of class
p—
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Subgradient Descent for Hinge Minimization
" JEE—
= Givendata: (! l-l) (D{”) fN))

m  Want to mipjmize: By
\ \—ZEJ Z(W,Xuv - Z '( (j(l)(w )((O)Jt
_,,p— cel ﬁ) izl

m Subgradient descent works the same as gradient descent:
But if there are multiple subgradients at a point, just pick (any) one:

f P! Q(“"/)(N)

\«)H“)&- ® _ {L/N, AN
ﬂ(j ) [ Yl-l)f()) [_ jcd K(:)E
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Perceptron Revisited
" S ke sl o mede

m Perceptron update: Ve —
Wt L w® 11 [yu) (w® . x®) < 0] yOx®

Sy =]

m Batch hinge minimization update:

N
1 ‘ ‘ N
wttD  w® v 3 {]1 [y@)(W(t) x@) < 0] ymxm}

=1 SN

Chy  aem Pghe  apdee
b‘lfﬂ ovty Poin’s

m Difference?
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Learning Problems as Expectations
" J

m  Minimizing loss in training dat?;’)
i . » 0
Given dataset: Y ... X )(G) /.\\:\ ?()()

= Sampled iid from some distribution p(x) on features:
Loss function, e.g., hinge loss, logistic loss,...
We often minimize loss in training data:
—_—

N
Min {KD(W) = %Zz(w,x(i)) % Mmorle Carlo
W ' 3'\&3\45»\

= However, we should_@y minimize expected loss on all
e {e(w) = B letw, )] = | o)t x)ax

W= VW\«W(J@

m  So, we are approximating the integral by the average on the training data
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Gradient descent in Terms of Expectations
" S

m “True” objective function:

o[ H0w) = B 6w, ) = [ plx)t(ow, x)ax |
m Taking the gradient:
W ) = VwLE (¢ w}& [0 (]}
m “True” gradient descent rule:

w@&‘\ — ¥ _ yL EX[:VUQ(wA(B

m How do we estimate expected gradient? 2&*’“4’}(. (7(')@]-«{
L LN (1
-|a] Solv& 'L/v"v

eS8

SGD: Stochastic Gradient Descent (or Ascent)
" JE

= “True” gradient: V.,E(W) = F, [VK(W,X)]

m Sample based approximation' Bl A Sampls 'L(o

- o)
) = (VL) % D26 = Al) ; VQ(wb:t) e o
e 'ﬂ/ 1§ ‘ID‘VZ
m What if we estimate gradient with 5ust %ne sample’??’? Wwof'\
" Unbiased estimate of gradient ol {w)= VI(‘*"I

1 Very noisy! 6[V((““1 Q)
[ Called.stechastic gradient descent

= Among many other names
1 VERY useful in practice!l!
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Perceptron & Stochastic Gradient descent
in 'I‘('-V\j BEN O(\\

Ceptron update:

WD) o w® 1 [yu) (w® . x®) < 0] yOx®

—
1 samdy €stmak 6 ECURL)
O(N) 5"'&6‘\%"" Grad. o ASUJ‘\']'.I!
m Batch hinge minimization update: vy ’[ 1 -

1 ‘ . N
wttl)  w® o " ; {11 [ym(W(t) x®) < 0} ymxm}

-

R
Tdsa»‘\ eshmate b E[VQ(W)]
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Stochastic Grad|§ Pﬁ???s[‘tqt (i by

ﬁeneral case °“iii vopr.” s, wpe B
[ |

m Given a stochastic function of parameters: { "") - x Lwc("":\(‘]

1 Want to find minimum
T Lodac )

= Startfromw® . €., v o ﬁsfrmj r e
m Repeat until convergence: ‘\)”7 hewd ..
Geﬁ a samﬁle ata x(®
E')Update paramgéte E?_'}t At al ( ]) E ‘IL:AIHLO’:” ks
t T fiong '
\/J““)r[«/(“ a ,244: Uﬁ N X "llm; of uau:. okl
ConshaS !
m  Works on the online Ie[gq’nlng setting! 9 ',\’,“ he ) e ldetin 8
RV
m  Complexity of gradient computation is constant in number of
_—\
examples! fov K2p
m |n general, step size changes with iterations,Q'j-l V{? N ‘/_\
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Stochastic Gradient Ascent for

_ Loaistic Reﬁression

m Logistic loss as a stochastic function:

By [((w,x)] = Ex [In P(y|x, w) — Al|wl|3]
[ Bamient ascent updates:

N
1 Ve (i :
w™ w4 {—Awﬁ“ ty o P = 1|x<f>,w<“>1}

. . b utm OFvs N dedh e
m Stochastic gradient ascent updates: /- o Pets
Online setting:

w§t+1) — wﬁt) + 1 {—)\wgt) + .rgt) " — Py =1x, W(t))]}

A 1 fo'r\')' ot o dpmg
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