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» Su.’ppose, ANQ hoave o S‘o\w\-icrw M¥

ANbotr malces wW* o (lomﬂﬂ) o_?\'imoJ SO‘WH—CTT\'?

In 1-4: Necusory Condiftons: £/(w*) =0, £(wr) 7z 0

SuS}g—cc\'u\k Condilans:' f’(,vq*):o, }"(&*)70.

s R 37

In o- dimengions:

Nece Ssory Condrnikons: VL (wW*) =0, TEL(w) s positive
Semi Abﬁ'ﬁ'\ fe (?S’P)

Su{:{—\' cient Conditions:
T§@o*) =0, VI H(wr) 15 positve definie D) .

Remembor:

_ A Axd moknx A (s PSD iL Sor oM Ax| vedors Z,

%TA% 2, O.

- A Jxd matwx A TS PD 1f for o Ax| veckars Z ¥ 0,

Z2'Az > 0.



A Set+ g c R 1s  convex 14 faor omy %X, € S,

Omad omgy o< X<l

P( 2 + (1-N)1vy ) €S on wed.

A :F(-W\d'(«m\/ —g—f ‘Rd\ < R 18 CONVex 15:. :FQY omy X, Y n
t+s C\O’f‘nzod,h/ om A afha 059\51'

F(2e + (1-2)y) < AFC) + (1- ) £(3)
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Convex S
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"P-ro{ne:rﬁes of Convex Lumckons:

1. I £ ¢s Fffeventoble, thenw for omy VY, x

T o
FOy) - £ > Tpg (v %)

"—F lfes obove the g'rad-iwx"

2. I £ is doubly dfserentable ok

%, them ViE(x) s PSD



ANhg  Convex fumcions O Special :

1. local Mminimon oste globadl minimov
3. Opkmal solustons are ok connected
3 Yow com oways 9o “downhill” to obkmal solukon

Examples :

—

@ fe) = Ny —xml” = (g-xw) (8- Ka)
( the Lineorc Regression obyeckve)

~y® (' x SN

F(w) = %log(i*}-@

1=4

(‘Hne logistic ’Pea-rcssfcnv ob‘jecl-iveJ_

Simplest Algarithm : Gvodient Desconk

Waitm Go " downwaoxrds' ohang
‘tHhe g-raariw\ﬁ- vecion .

A\gebrah;o.llg: B Wy = Oﬂbih'o:rg ‘pc-in-&- N 'RA

heve: m s coMed lesaning Roxe or Step si%e.



@ How (o set the step size '7?

Importomt to ger i+ right.

1. 'YI too smatk < slow convergencw

a. 'rt too lange 2 solukion will bouncw aswownd.

In Pracrice:

m Sexr | to be oo small constout
[:_2] ’Baczk\-rackcng line Seaxch . ('wowks i heige NIt s » whﬁnuous)

1 Pick d >0, c€ (0,1), §€(0,1). Desconr direckon Py .

2. Sexr d =4
3. Repeor wmbil P f(xpx +apr) < (=) @ *‘Cdv}(zt)—r?t-

d ¢ P

4. Terminai widin Mt = &.

Noite: 1. For g'ro.d‘iw ducq,u;) ytz—v:fC%), but the

algemthm aﬂ:\res even 1f we oM mob ¢ geing

exad\g oP__posife« {0 the g'rad-fw — amy aive e an—

wm whige _-f decreases wnll work,

2. We Stop when the decrease am :F s Suffrarent.

3. In gewnal, belter 10 Spend more Tesouxur finding
be,Hu,/'mOre, Adireclions to descwnd along, 7aldhot

thom Yefining the s-feP SiZe



"t Whay if £ is Pon- diffeventable ?

The Subgfradi ont Method:

UWe oo “S\xbg'rcu&iw" pe to Aescamd aldong instead
0% Ythe gradiewx:

£E = min (£E° ) £

best
£ : convex fumeowton on R [ Keep rack of best so far ]

Subderivative

A Subderivakve OF § ok % 15 A Tea)l Mummber e s.t:
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%9 Xy x — %o

"

o8

b

sub Aevivahvee

Sub differenkal B4 (%) > Ser cf ol sasreitevds CF Xg.

Sub9radienk:

For oo Tea% valued ooy ConNex JFumcron £ RY—> R,
NER2 0 & sulo gradi enk ¥

F(x) - 3“(7‘0) 2 N, X= %)

Of(%p) : st o3 oM subgradiewrs o} x4



1. Lineasr Regression:

fwW) = nm_'\l“z

VIOW) = dstisgy ax(Xmi-)

Gra ot ent aesomt Uk.PdCl‘Ie'-
Win = Wy -2p X (Xw-1)
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T’Nka} abous lange Dodor Sets?
L. w . :
- Momy ML problems: F(w) = {Z:F(’w:‘xc‘)/ gﬁ))
- Compwﬁba VE(y) requires amn enhize pass over the
aoka. and <s ~Nery e,xpons-ive,. Cfor 1091‘5Hc. "reg're.csro'n-ftn’
exomple)

- Shochastic Gradienwyr Method:

1. Inpus: DPara points (2 g, .., (x™ y™)
a. At Step T

(» Pick 1€71,.., nE uw'fornly ad rondom.

®> Wiy = Mg — ‘PZtVJ: ('wt" ')c({), gj(i))

Note:

1. £(Wtn) Moy met be < F(Me). Bur on om

Averaqe, the :P'Tocus will Jowece _:F('vd)

2. ¥ Typically meeds ’muw}ﬂc passes over dada .
(€ > 10mn, n = dada Size)

3. M has to bz diminrshing, for the variome +o
go to O @&s t > oo,

. Stochastic Gradient with Mini- Batches:

Instead of piching o single <, prck a romdom
Subset B, of indvas of size b, Update:

“ :
Wiy = We — e 2, 1 VE (v, 2 1’;’(1))
fegt b

Lower ~vaswromer thom S&D.



m Corwex(’n_.s \

A fumcrtan & ts sard to be M shongly convex f for oL

0<t<1, me have:

£(® txc v (I-t)ny) s ¢FfG@)+ (1-)F(y)

%,y eR9,
2-
- e (r-¢Dd I x-yll

[ Note: m=o Teduaas 4o Convex J:wnchons_]

Evomn Properttes:
.18 £ ¢s i ffevenhable, thewr the deginiﬁan/ (s ec‘u\foﬂw to :

20wy > §G0 + VEE (w-x) + Z{lu-=l
ome L VEMW) - VLD, Yy -= 72 zm\Ix-y\~

2. I{ £ is doubly diffeemtioble, then the definihor 4o

equivalumt to:
- v
V£ — %I is PosiHve Semidefinite.
Sov a2,
2 £(a) = 2"+ Ixw-yll”  (Lineor Ridge Regressiom)
. —y®) G)
3. 500 = 2l 4 L Sieg (1?7

(La ?esu..\cmi%ecﬂ legtske vegvessian)



ANbok s goo.:\ cb owy 5«hrcn9\g convex OpHm\'Zo,HG'n?

» Lsuwally faster caMVergenc (é:m SGD, GD eic)

x Stakility .

N

Fer Shrongly wenvex funckows,
oJX Aiveckans oge sha.*a.

So 1f £ chomges oo LMle, mMminimom does Dot move

'tOO am u_d,'

\Theofan If £ < m Shrongly comvey, g +s convex

on 4
M| = ongmin (W)
N
W, = owgmin F()+ g(w)

then “'Wl— Az || € %"? “VS(W)“

s d

This Yneoms thod L;- 7egularizakion = stobility,
Chomging o few data poinks AHoes Mot chomge the
soluki on ynuch.



‘ Conshained OF\-im'\"Lohcm

mMin f@=)
X e R™
S«Aoj ect 4o " Cy (‘x) =0, t€E (equa&jiy conShMB)
Cr () 2,0, t€1 (1nequo&j43 c:ons&mw?als)

Feasible Ser . = f'x\ G (x)=0, T€EE ond G (X) >0, t€ I ¢

+ How do we kmneaw L oom 2z s o (locad) Soluhon ?

S(myle Qose 1 Single equality constrommt

Min 1

Xe R™ 5‘.‘(7‘) X s o |ocal solwkon-
Subject to: ¢ (x) =0 1C for smodk s,

either x+s ¢ 2
or f(x+s) & = £(=).

SUppose s s o smam Step s.t. ¢ (x+s) = ¢ (x), $C+s) <£6O

Then; e (x rs) B q(w) + Vcl (x)Ts =0 (b«j Toay (o Se'n’es)

I £Gts) < £x) then
O 7 £(x+s) ~£x) v V(' s

.. existence ©3F such om s implies that
35 for ahich Ve (x)'s =0

omad, VE)Ts <o

e x" s o local minima, then therve <« Mo sudn s

which  com omly haﬂ:m Mbhan 'fVc‘ (x) = A VE£(X) fof‘reo&?]




