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# Note that if \del f is globally lipschitz, then finding one valid \lambda is sufficient, however when fis not so, we
have to modify it.

Now suppose \del f is not globally lipschitz, even then we can use the condition above locally. Assume \del f is locally
lipschitz now which implies the derivative is continuous in the relevant domain; this is a much more realistic
condition. So, no matter what we will have a local Lipschitz constant as we move from on iterate to the next, Beck line
search essentially does just that: finding an approximation of that local Lipshcitz constant by tuning \lambda at each
iterate. On the assumption that we have not moved too much from the previous iterate, that is why we apply previous
\lambda*{k-1} to see if we got lucky and that \lambda still produces a valid upper bound, if not the only possibility is
that we have to make \lambda smaller thus 1/2 \lambda bigger as we move to another point. From a majorization
minimization point of view we are tuning \lambda in such a manner that is making \hat{f}_{\lambda}(x,x"k) a
majorization

=urmin (500) 44 HaaCnd ¢ 4 ORVNTs N3 +4° w50 (1)
X

(ongiant wy.d ¥ .10
M QA Aramin shme U

1k k K (O S| LTS
owgv:m(,\ 3(1\4,\(§(x\+og(x\(L—x\+5K|\u\\,,\\

el KX %)

EE 364b Convex Optimization II Page 4

£00 6,10 +9501 (-9
~
£olx)

- =~ “amoont of
l"‘/\l L lIx ‘_\5"1 undg restimation
LU0 disgerent eraluation
Lo 8§ g poini
LV ek
SV V4, (91" () <
Y opprivmetion point
WL

{qordes (N
> L




I |\ | M|‘ X XN\ T _ k _|_ _ k2
!\i n ( By FOOVEOECY -V & AR WA \
¢ k
SA(L,l\ "
= \ f 3 K
= A (B0 £ by = Tamin (g, (1l

Lzts define S(X\TQ(M\: .,‘\[m) (leaty this is ® majorization bf A(R)E{(n) V‘jvx V%E(“'{]

b SMgE () el
VAG:[“_,IL] Y g \S,\ ! P\
qun . Hy ¥y St LT R U N BEE AR iﬁ«;ﬁﬂ some deim
T =4, %:9) 4, (8) |
kil k k “) - \ « # Where to get a valid majorization function at each update
L= P"ox ,\\S(l -A V&(’. \\ - ‘Mamm qr,\ll'l'l \ .\flar.l}':bliiaA{ki\]ieckl;igb\?ulJ(le p/ro]xirr;?ll graliiien; upd};tef(i"k, \lambda*{k-1}, \beta \in (0,1)) if L is not known, or
\/\’_J if L is known \lambda \in (0, 1/L] will work an
majarization of gleyE§lx)
.9, proximal olgorithm s & majorizoton Minimizotins  Wgprithm
[Forward-backward splitting]
* ﬁlﬁ& Polf\\' il(f (\t\‘of\ ', # This also works as a proof that proximal algorithm indeed finds the optimal solution of minimize f(x)+g(x)
#— .
R VTS IR Wwrew), 30 © vseroaph 30
= V6w 193 K §-difftrentiovie
wRfor SR
——
& #* LI ¥ /\/b*\
Vg ATOIAN0 o (=N (a1 30
_J
¥
AVSE A | o 3 ~=av K 120
—y— ¥
— Ve (1A8

~(1avppd) (1ras)h
—_——

¥
=(1-AY 1
or = (1A%

® 9
nelrad s (xh

o (1A (-avp )=t

R(YIYe Lerk')
(RS K5 6) k'
= Ler'

EE 364b Convex Optimization II Page 5




e (1ta2a)" (-aeg) (Y =(1*/I (10-AY5@1 (@) avector /]

NS E TR S CTERATS"

X §
= \&.‘)\ 1-\
prow , (K-AVSL )

but We koW fhob Tsoluenk 0 Subdigserential rjahion

fanclion
' .
(VatRY@)'A = Singletin)

is ne-to~ong, ¢, its 4 funchion, 0 X¥is The 001y qloment 0f (1+4a3\"'(1~Avg\({]
-

0 note NMMQL\: (1%)\?1‘5\—1(1\

x*= (lmg\"(y AV g\({‘\ # This is the key Heorgm sous that the oplima)l solution of
BB o0 @nbe found b4 solving the &iked point qumaion: m:(muag(m\"‘(m-mg(n\\ 806

=(1+>‘M\—l(l*')\vgkk¥\\ “ (H)\a%-l(ﬁ): Proxﬂm\

thm: proximal operator is the resolvent of subdifferential
operator

¥ : -
x. = (\T%"\l n ( & (x\ -l- g kk\\‘_‘ &)ﬁ - ?(01 A S (x‘*_ )\ VS (L* \\ = (1* /\ a g\ ! ( 1_ )‘ “ &\ (,l,f\ [ Forward-Backward Version of Proximal Gradient Method ] Forward-backward splitting
V3

dif§erentia big

# Arriving at the proximal gradient algorithm from this theorem x"*=(I+\lambda \partial{g})*{-1} (I+\lambda \nabla f)
x)

We know for any monotone operator f, if x**=f(x**), then x** can be found by following iteration:
xMk+1)=f(x k)

x*=(I+\lambda \partial{g})*{-1} (I+\lambda \nabla f) (x*) % Assuming the forward-backward operator is monotone
then the following iteration will converge to x**

xMk+1}=(I+\lambda \partial{g})*{-1} (I+\lambda \nabla f) (x*{k})
=\prox_{\lambda g}{(x*{k}+\lambda \nabla f(x*{k}))}

ﬁ- Acceleroled prowmal grodient method :

¥ Acderated Proximal Gvadient Method:

In a proximal gradient algorithm we do the following:

current iterate

nond; §§¢ rantiakole

o minimizes {48 o

= Siechpont (Fornord- backiard Opgratar

# A€(0,} 1= Sorword-backnad OPUAIIC 15 AVRINGEA S jieration onveraes 10 & Singd oind -

b

aLipstniiz
@nstant foc v

EE 364b Convex Optimization II Page 6



BT PCLUKITNIRA . TTIVRITIGT WY aieriy  isinva .

In a proximal gradient algorithm we do the following:

current iterate

// find the gradient descent schemed next iterate for the smooth function as if the non-smooth function does not exist and we are doing a unconstrained
optimization of that smooth function using gradient descent

// now we proximize that gradient descent iterate over the nonsmooth function scaled by the step size = next iterate

Accelerated proximal gradient algorithm is is similar to proximal gradient step, except it needs more memory and takes proximizes the gradient descent iterate
of an intermediate point (which is a linear combination of two previous iterates)
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// take a specific linear combination of them = pseudo current iterate ] B(c TQb u \LP‘ b m‘ ~g‘ ”\A‘ oy \»\(’1\0‘(‘ U ))‘ > (‘0’\\
// find the gradient descent schemed next iterate for the smooth function as if the non-smooth function does not exist and we are doing a unconstrained
optimization of that smooth function using gradient descent
// now we proximize that gradient descent iterate over the nonsmooth function scaled by the step size = next iterate
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