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Sparsity

" JEE
m Vector w is sparse, if many entries are zero: 0
N;(O/D,O,'Z, o,0-., 17,0, 0/-3,
m Very useful for many tasks, e.g.,
Efficiency: If size(w) = 100B, each prediction is expensive: h(¥)* Wo* Z“’&"‘(‘J

= If part of an online system, too slow [(Dg M“H"'
= If wis sparse, prediction computation only depends on number of non-zeros
Interpretability: What are the (e 7N 100K
relevant dimension to make a
prediction? Participant

P1

= E.g., what are the parts of the
brain associated with particular
words?
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Regularization in Linear Regression
" JEEE———

m Overfitting usually leads to very large parameter choices, e.g.:
22+3.1X-030 X2 &2@% —8,585,638.4 X2 + ...
» {ipp=r
[ oV {#
pml‘b f/\ / Pe D
L")‘ |

m | Regularized or penalized rengssmn aims to impose a
“‘complexity” penalty by penalizing large weights
“Shrinkage” method
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LASSO Regression A>o
" J—

m LASSO: least absolute shrinkage and selection operator
7
m New objective:

min ZN(%&,)—(MrzwA xj)) +/\f Lwi]

v /\j}

Aon"l- equlaso, 1w
Jwll, — Jwl i
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Coordinate Descent for LASSO

(aka Shootin% Alﬁorithm)

m Repeat until convergence _
: o foand. w0bin o,
Pick a coordinate j at (random or sequentially)

. Seti (ce+N)/ae o <=A ws 77
v by = 0 ce € [FANAL | A zaten
ot (ce=A)/ar o> A ) Z:
\l‘° = Where: N ot D/M
\\ ap = 2;(}74("3))2 :)
Y - RAULRILY

3 W
= 22 h(x;) (t(xg) = (wo + Zw,h,(x,))) LR
= i N

For convergence rates, see Shalev-Shwartz and Tewari 2009

m Other common technique = LARS
Least angle regression and shrinkage, Efron et al. 200
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Recall: Ridge-Coefricient Path ...
"
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m Typical approach: select A using cross validation
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Now: LASSO Coefficient Path
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From
Kevin Murphy
textbook

LASSO Example

Ve

Wi

gy383d

29¢°0

€ET°0

uosesTd

dot

1¢0°0—

0¥0°0
000°0

88¢'0—

'_l
5
® O
[ ]
] o o 0B <
< '8, 8@ B O
H B 0 [
|
i e e e
W N R DD
S = k= O @
|2 S e B S U
|
e e o e 9
N = O N s
NS B W
N NN O 0o O
i
e 2 oL
o O = Ot
© O D W
=~ o W

©Carlos Guestrin 2005-2013

adeoxsqur

1tid

897°¢C

f?swe@ 9'3\)1}1

4siad
VaN

-

SS.I'BI{g\S JseoT  WIdJ,

Vo

From
Rob
Tibshirani
slides




What you need to know
“
m Variable Selection: find a sparse solution to learning
problem

m |, regularization is one way to do variable selection
Applies beyond regressions
Hundreds of other approaches out there

m LASSO objective non-differentiable, but convex 2 Use
subgradient

m No closed-form solution for minimization = Use
coordinate descent

m Shooting algorithm is very simple approach for solving
LASSO
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Classification
Logistic Regression
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THUS FAR, REGRESSION:
PREDICT A CONTINUOUS
VALUE GIVEN SOME INPUTS
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Weather prediction revisted
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Reading Your Brain, Simple Example

m [Mitchell et al.]

Pairwise classification accuracy: 85%

Person o Animal

X2 (67, ML grade)

Classification
. ',i frs : \I: SA(M-Y ((on’(- VA’«:J
m Learn: h: XY Nnow: \/ s discrete
1 X — features <
1Y — target classes ¢4 \'/iib\'-fﬂ&;a?m i
S des!

m Conditional probability: P(Y|X) )
PLy: Wicel | GPR=34, ML grade” 31
m Suppose you know P(Y|X) exactly, how should

you classify? — ? Lered 134,31
1 Bayes optimal classifier: 0.8 )
N

= '. . \%‘/%
Y = argmex w—)% R(ne* “':%,1
| l\lfﬂ-
= How do we estimate P(Y|X)? 3 geebic
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Link Functions
" JEE
m Estimating P(Y|X): Why not use standard linear
regression?  p(y|y): w,+ I hilx) 7

X — Y
Reca|| P06y ¢ To ) vonge (-, %) 8=

IS

m Combing regression and probability?
1 Need a mapping from real values to [0,1]

=1 A link function! ‘R s io \3
\/\M\\, ov’dom , b hoes & Simple dheice
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Logistic 1
function

Logistic Regression  (ersigmoia;: ¥ +e#(-)

1

" JE— o0 N
m Learn P(Y|X) directly o N
01 Assume a particular functional form for link g | s
function v Fos
1 Sigmoid applied to a linear function of the inpu ‘”
features: -
1 01
P(Y =0|X,W) =
2 14 exp(wg + X w; X;) % :
\/\l\/
Chaice 1: W hear ~— —~—
just Like in req: R
A loa; 53 -
g ZWA v /waju[ Fer logistic Sen,
coutd be bukpwt i n (0,1
ned-

Features can be dlscrete or continuous!
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Understanding the sigmoid
" JEE

1
wo + w;x;) =
g( 0 ; 7 z) 1-|-e_"éf)+zi"_‘_’_i$i
. ks\
c‘\,\\"<S(
WO=0’ W1='1
20
5 .
PR
-2 ! 2 4
?‘0’0*”"’

Logistic Regression—

a Linear classifier T+ eop(—2) :

| o
p(Y=le,w§- L
g(wo-l-;wimi) BEE R S e
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: PEAUE S I T I Y PRI T
Very convenient! * " v

N el
\a ) =0 :\- I* 2% ) :
] 1 l“‘e)([’(]

P(Y =0 |X =< X1,..Xn >) =
( | ! n>) 1+ exp(wo + X2 w; X;)

implies
exp(wo + X; wi X;)

P(lY =1 X =< X1,..Xn>) =
| " 1+ exp(wo + X wi X;)

. . : £
implies ~ r#<io o prob  AnsS (A
P(Y =1|X) c\nss
s T P —eap(uwg+ > wiX;) 7 l \Se
PY =0lX) XZ: o Iear
classification
implies ( 10 rule!
P(Y =1|X g
\o n— = = X; Ness | o
s My =0 x) @;Z&, 70 2 Pt
0 _ l réea’”
i PN iy monotone

Loss functlon Conditional Likelihood
"
= Have a bunch of iid data of the form: XJ \_/) N D-— ij )‘f>

X Y
L ) l|
(6‘?h 30 e
Discj gt ¢ (logistl Gt ) loss functi
[ | iscrimina Ig OgIS IC reg leSSIOﬂ 0SS Ttuncton: M

Conqmo a Daya efith

o Tl 1)
od'cﬁma_)l (p(\)‘l\bxj ),MﬁMX ﬂ ‘f
« sy " max n _JY ?(VJWJ/W) z “qw\y Z\n? J[Y"‘f)
{ Jl
In P(Dy | Dx,w) = 3 In P(y/ | x/,w)

=1
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" .q\m*"w e TS
I(w) Z In P(y7|x7, w) exp(wg + ¥ wiX;)

Expressing Conditional Log Likelihood

P(X =1X,w) =

1+ exp(wo + X wiX;)

{?(Y Vg, w) e gl
R0 Lol ¥ 0
W):ZyjlnP(Y:HXJ,

S5 AT N

[ 4 &xp (w -fiw‘(,\) I*CX‘?{w,—r_Zuq\lg)

— ) In P(Y = 0[x’, w)

)

= Ty (wer oy )= 10 “““”‘*’“;Z“’*X*»

J
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Maximizing Conditional Log leellhood

P(Y =0|X, W) =

1+emp(wo+2 w; X;)
. PO = 1)x, W) = 2P0+ X wiXi)
I(w) = In H P(y|x7, w) 1+ ezp(wo + X wiX;)

— Zy]@ 2“@15) —In(1+ exp wo—}-Z@r )

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

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

Good news: concave functions easy to optimize
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