[CS3958: Lecture 7] Convex Optimization
Instructor: Chihao Zhang, Scribed by Yulin Wang
November 25, 2022

1 Convex Optimization

In the following, we will review some background of convex optimization
and examine the classic gradient descent algorithm. In convex optimization,

one is asked to solve the following problem
min f(x) st.x e VCR"

where f : R? — R is a convex function and V is a convex set.

Recall that we say V C R" is convex if Vx,y € V and A € [0, 1], it holds
that Ax + (1 — A)y € V. A function f : R” — R is convex if its epigraph,
namely the set epi(f) = {(x,y) € R""! | y > f(x)}, is a convex set.

We will make use of the following useful properties of a convex function

f.
« (The Jensen’s inequality) For any x,y € dom(f) and A € [0, 1], f(Ax +
(1-Dy) < Af(x)+ (1 - A1) f(y). In particular f(E[X]) < E [f(X)].

« (Taylor expansion with Lagrange remainder) If f € C?, then
F§) = F)+ V) (=) + 5 (5 =0 VA @ - ),

for some ¢ on the line connecting x and y. Moreover, f is convex is
equivalent to the fact that V?f(z) > 0 for any z € domf.

« (The first order optimality condition)
x"=argmin f(x) & Vf(x") =0;

x* = argmin f(x) & VyeV,Vf(x") (y-x*) > 0.

xeV

1.1 The Gradient Descent Algorithm

We first assume the optimization problem is unconstrained, namely V = R".

We also assume the existence of a first order oracle for the function f, that
is, given any x € R", we can get the value of Vf(x). Then the gradient
descent algorithm is simply the following updating rule:

Xep1 = X — nVf(xp),

where 1 > 0 is the step size.
Let x* = argmin, f(x). Why -V f(x;) is a good direction towards x*. It
follows from the convexity of f that

“Vf(x) (" —x) 2 fxe) = f(x7) 20

epi(f)

Af () + (1 =) f(y)

X Jx+(1-Ay Y
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as long as x; is not at x*. Therefore, moving along —V f(x;) should make
progress.
We now quantitatively calculate the progress. Let ¢(x) = %Hx — x*||? be

a potential function to measure the distance between x and x*. Then

Blxren) = §x) = 7 (i = %, T = x°) = (1 = x, 3 =)

= 2 (G = Vf () =X xe =gV (x) =37 = G = 3 =)
= —p(Vf G =2 + P IV G

< n(f(x") = fxe)) + %r]2||Vf(xt)||2,

where the last inequality follows from the convexity of f.
Summing up above for t = 0,1,...,T — 1, we obtain

T-1 T-1
Ber) =) < 5° SIS0 =0 30 ) = )

Rearranging yields

T-1 T-
() - fy) < I N LTS "
t=0 t=0

The bound (1) is important and informative. We further explain and
discuss some of its extension below.

Averaging
If we divide T on both sides of (1), it becomes to

T-
o) S0 LS el
t=0

T-1
E () = ) <
=0
The LHS of above is the average gap between the function value on
points found so far and the minimum function value, which goes to 0 when
T tends to infinity (assuming other quantities is bounded). This indeed
provides us a point whose function value is close to the minimum, since by
the convexity of f:

1 T-1 1 T-1
f (; > xt) ~f) S 5 ) f () = fx).
t=0

t=0

One may expect that ||x; — x*|| is decreasing in t. However, this is not true
in general.

Lipschitzness of f

The gradient descent may not converge if the derivative of f is unbounded.

Therefore, we usually assume f is L-Lipschitz, meaning ||Vf|| < L. Then (1)

Xt+1 N

x
— Vf(x,Mxt

Xt
0 <

ol

2
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becomes to

T-1

T-
D) fray < FEORZEET g; I Gl
< M L
2n 2
< o 'l LVE,

LZ

Xo—x"||

by choosing 1 = lxo=x7ll o

Constrained Case

The above analysis is for unconstrained optimization. If we require x € V
for some closed convex set V, then we need to modify the updating rule of
the gradient descent algorithm to

xpe1 = Oy (x: = nVf(x2)).

where Iy () is the projection operator satisfying ITy (y) = argmin, .. [|x —
y||. The algorithm is therefore called projected gradient descent (PGD).

The bound (1) still holds for PGD. To see this, we only needs to verify y
that
¢ (Iy G = 7V () < 6 (v =09 (), @ ‘\
then every step in the analysis of GD still holds. \

As illustrated above, (2) is equivalent to ||x;; — x*||? < |ly — x*||%
Note that by the definition of the projection, x;+; = argmin__ g(x) for
g(x) = ||x — y||%. Therefore, by the first order optimality condition, we have
(x* = %441, Vg(x441)) > 0, which is equivalent to (y — x;41, x* — x441) < 0.

On the other hand, we have

lly = x*11* = lly = xp41 + Xp01 — 57|
= (Y = Xpp1 + X1 — XY — Xpp1 + Xpaq —X7)
=ly - X l|? + [l — x*||° — 2€Y = Xp41, X" = Xp41)
> lxear — x*)|%
1.2 Online Gradient Descent

Recall the setting of online learning. Let V. C R? be the action space. The
game lasts for T rounds, for eachs =0,1,...,T -1,

+ The player picks some x5 € V;
« The adversary picks some #; : V — R;

« Pay the cost £ (xs).
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And our goal is to minimize 3/ ! 6 (x;) — 15! 4 (x*).
The online projected gradient descent (OPGD) algorithm is the following
rule to pick x;:

Xs+1 = Xs — Uszt(xs)-

We can easily apply our previous analysis for gradient descent to this
online version and obtain a similar regret bound. However, here we use a
continuous approach to study it, and hopefully, get more intuition on why
the bound is of that form.

To analyze the algorithm, we define a continuous version of it. We first fix
some notations.

« Foreverys=0,1,...,T, 7 := f;ol ni;

« Forevery0 < t < 7r, we lets; be the unique integer s satisfying
Ts <t < Ts41-

« Forevery 0 <t < 7r, let g, = V&, (xs,) and 7j; = &,.
A continuous version of the algorithm is
° Yo = Xo;

dy: _
o =9

It is not hard to verify that:
Proposition 1 x; = y;
Consider the function ¢(y) = %Ily — x*||2. We can compute
d . d *
a¢(yt) =(yr—x ,ayﬁ =Y —x",=g).

For every s =0,1,...,T — 1, integrate from 7 to 7s;:

Ts+1
yr.) — $yr) = [r (e - x°,—g1)dt.

Summing up above for s = 0,1,...T — 1 and noting that 7; = 0, we have

Ir
A G yr — x")dt = (o) — ¢ (y77)-

Remember that we aim at analyzing the discrete process, and so we
will compare ZST:_Ol ns{V¥s(xs), xs) with foﬁ (gs, y;)dt. For every fixed s =
0,1,...,T — 1, noting that for all t € [75, T541], it holds g; = V#(xs).
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Therefore we have

To+1 To+1
s (Vs (), %5) — / (g yo)dt = / (Ve (), s — yo)dt
Ts Ts

s

7;+1
:/ (Ve (x5), (t = T5) Vs (x5))dt

Ts

Ts+1
= 1V (xo)1I? (t = T5)de
TIs

Ll

This is equivalent to

_ (]5()(5) - ¢(xs+1) + ’73||V[s(xs)”2.

(VEs(xs), x5 — X*>
s 2

The regret bound follows from the convexity of

£ (x5) — b5 (x*) < (VEs(x5), x5 — x*) < Plxs) = Pxens) USHWS(XS)HZ.

Ns 2
If we take all 75 to be , and assume ¢ is L-Lipschitz, the regret bound turns
into ,
-1
s) S s st s 2
§96) 6s) IV _ ) v
s

which is much worse than the performance of FTL algorithm when applied

to the number guessing game.

Strongly Convex Function

In the above, we obtain the regret bound via the inequality
s (xs) = Ls(x™) < (Ves(x5), x5 — x™)

which follows from the convexity of £. The above inequality is tight when
£s is linear. If the function is more convex than the linear function, we can
obtain stronger bounds.

We say a function f : R" — R" is y-strongly convex if for every
x,y € R", it holds that

@) 2 )+ VF()T(y =) + Ly = I
If ¢, is p-strongly convex, then it holds that
65 = 6(x) < (Vs (x)x =x) = Sl = x|

< d(xs) = P (xs41) + ’75”V[s(xs)”2 _H
s 2 2

llxcs = x*|°

1 H * (12 1 * (12 Ns 2
=|=— == llxs = x"||* = =—|lxsr1 = x7||" + = || V& (x
(2,73 2)“3 1P = gl =1+ V6 )|

5
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Summing over s =0,1,...,T — 1 yields

T-1 1 i 1
D) - 6(x") < (2— - —) llxo = x7I1° = o——llxr = x"|*
Mo 2

s=0 ZUT_I

+ -—— 24 \Y7 2
Z(ZUS o )uxs x| Z Ve (o) I

Therefore, in order for the RHS to cancel out, we can set % =s-p+ u. Then
if all £ are L-Lipschitz, then

~

[s(xs) - fs(x*) < HT~
2

»
i}
o

Applying the bound to the number guessing game with quadratic loss
we met last week, we can match the performace of the follow-the-leader
algorithm.

6
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