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1 Summary

In the previous lecture we covered the notions of convexity as well as Lipschitsz continuity. After introducing these
concepts, a bound on the convergence rate of gradient descent of a convex and L-Lipschitz function was demonstrated
to scale with the /7.

Building on some of the previous’ lecture notions, we will introduce guarantees on the convergence rate of gradient de-
scent for a stronger family of functions (using stronger assumptions), namely 3-smooth and a-strong convex functions.

2 Gradient Descent for smooth functions

Definition 1 (5-smoothness). We say that a continuously differentiable function f is B-smooth if its gradient V f is
B-Lipschitz, that is

IVf(x) = Vi)l < Bllz -yl
If we recall Lipschitz continuity from Lecture 2, simply speaking, an L-Lipschitz function is limited by how quickly
its output can change. By imposing this same constraint on the gradients of a function, S-smoothness implies they

cannot change abruptly and must be bounded by some value as defined above.

In other other words, S-smoothness is putting a bound on the curvature of the function. This is equivalent to the eigen-
values of the Hessian being less than 3. Note that there can be S-smooth functions which are not twice differentiable.

2.1 Convex and smooth functions

Here we introduce a bound on the convergence rate of a convex and S-smooth function.

Lemma 2 (Quadratic bounds). Let f be 5-smooth on R™. Then for any x,y € R"”, one has

1(@) ~ F@) = V@) (@~ )| < S e~y

See [1|] Lemma 3.4 for proof.
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Lemma 3. Let f be such that 0 < f(x) — f(y) = Vf(y)T(z —y) < gHCE — y||2. Then for any x,y € R", one has

£@) - 1) £ VH @)@ -1) - 55V (@) - VEQ) P
See [U|] Lemma 3.5 for proof.

Theorem 4. Let f be convex and 3-smooth on R™. Then the gradient descent with step size -y = 1/ satisfies

< 2Bz — z*||?

flaw) - fla) < T

Proof. See [1l] page 268 O

In comparison to the convergence analysis for a convex and L-Lipschitz function, the following points of improvement
are observed in Theorem [f] over the previous result:

e No averaging of terms
e 1 is a good solution, i.e. no reference to previous iterations
e Convergence scales linearly with number of steps, convergence rate of order O(1/7") compared to O(1/v/T)

e Ideal step size -y is constant and does not depend on T (number of steps taken).

As an observation of ||x1 — z*||?, the bound will be tighter if z; will be closer to x* (minima), and looser if z; will
be farther. Bounds that don’t depend on the initial value of x will be discussed later in this lecture.

3 Strong convexity
Definition 5 (Strong convexity). A function f(x) is a-strongly convex, if for a > 0, V& € dom(f),
f(z) — %HxHQis convex.

Strong convexity provides a lower bound for the function’s curvature. The function must have strictly positive curva-
ture. In other words, all eigenvalues of the Hessian of a a-strongly convex function are lower bounded by «. We can
write this in terms of positive-semi definiteness as

V2f(z) = al <= V2f(z)—al >0

For example, f : R — R, f(z) = %xQ is h-strongly convex, but not (h + ¢)-strongly convex for € > 0. Figure

illustrates examples of two convex functions, of which only one is strongly convex.

(@) = gllell3

(a) (b)

Figure 1: (a) A convex function which is also strongly convex. (b) A convex function which is not strongly convex.
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Figure 2: exp(-x) is Strongly Convex only within finite domain. As lim 2 — oo and the curve flattens, its curvature
becomes less than quadratic. When a quadratic function is therefore subtracted for higher values of x, the resulting
function is not convex. Hence it is called Strictly Convex.

3.1 Strongly convex and Lipschitz functions

Theorem 6. Let f be a-strongly convex and L-Lipschitz. Then the projected subgradient descent after T' steps with

Y = satisfies

2
a(k+1)

T ok . 212
(Sren) o0 e

k=1
Proof. See [l] page 277 O

With Theorem [] we can notice how moving from convexity to strong convexity may affect the convergence rate of
gradient descent. We previously tackled convexity paired with Lipschitz continuity in Lecture 2 and the similarity with
the new convergence guarantees is pretty noticeable. By moving to strong-convexity, we can notice a few things:

o Still have averaging of terms

Where i 2k
=TT+ 1)

e Current xj, solution is not appropriate, i.e. ideally only evaluate at xj,

T, is a non uniform averaging scheme with more recent iterates having more weight

e Convergence now scales linearly with number of steps

e Although not constant, the step size 7y, is diminishing at every step
Unlike previous results, the right hand side does not have any terms dependent on distance from x* here. Intuitively
this is a consequence of two conditions which have to be met for a Strong Convex function:

e Norm of Gradient increases as we go further away from minima.

e Gradient for a L-Lipschitz function is bounded, and can not keep increasing.

Thus to have a finite bound, no distance term on the right hand side of the bound.

One could hope that by combining strong convexity along with smoothness, gradient descent may present stronger
convergence guarantees. We will see how smoothness removes dependency from the averaging scheme.
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3.2 Strongly convex and smooth functions

Recalling Lemma [2] (Quadratic bounds), it tells us that a S-smooth function f is sandwiched between 2 quadratics
because of the following inequality:

B B
F) + VW)@ —y) = Sllz —yl* < f@) < fly) + V)T (@ —y) + 5z — ] (1)
Now we introduce another lemma which allows us to lower bound an a-strong convex function.

Lemma 7. Let f be A-strongly convex. Then Vx,y, we have:

A
F) = f@) < VW) —2) - Sllz -yl
The strong convexity parameter X is a measure of the curvature of f.

By rearranging terms, this tells us that a A-strong convex function can be lower bounded by the following inequality:

£@) 2 £~ VI (v~ 2) + 5l — ol @

The Figure [3| showcases the resulting bounds from both the smoothness and the strong convexity constraints. The
shaded area in each sub-figure is showing the area validated by the respective bound(s).

;
4
\ smooth-bound

Figure 3: (Left) Upper and lower bounds from equation [T] for smoothness constraint (Middle) Lower bound from
equation [2| for strong convexity constraint (Right) Combination of upper bound from smoothness and lower bound
from strong convexity

Lemma 8 (Coercivity of the gradient). Let f be 3-smooth and \-strongly convex. Then for all x and y, we have:

(V1) = VS = 1) 2 Tslle — ylP +

1

5 V@) - Vi)

See [1|] Lemma 3.11 for proof.

Theorem 9. For f a A-strongly convex and (B-smooth function, gradient descent with v = ﬁ satisfies:

flaper) = f(a7) < 2 exp (ﬁ) 21 — 2*||?

A . 0.0
where Kk = § is the condition number.

Proof. (Theorem[9) First, let’s define the distance between the coordinate at the iteration & and the optimal point as:

Dy, & |lzy, — ™|
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Figure 4: For an L -Lipschitz continuous function, the green region shows where the function would exist . We
can imagine that without smoothness and only L-Lipschitz in equation |1} the accepted region would be having linear
boundaries

Then,
D4y = apss — 2|

By replacing xj1 by its definition 2, — vV f(z1), we get:
Diyy = llew =V f(xr) — |2
By expanding the square, we get:
Diyy = low — ™ |* = 29(Vf (xr), 2 — 2*) + 7|V f (@)

By doing a slight modification to the second term, we can apply the lemma of coercivity of the gradient. Since
V f(z*) = 0 this equality holds:

(Vf(zk),xp —a*) = (Vf(zr) = Vf(z"),zx — ")
And by applying the lemma of coercivity of the gradient, we get an upper bound:
1
> iDi 4+
A+ A+ 8
By replacing the second term by the upper bound we just found, we get:

AB
A+

(Vf(xr) = V@), zr — %) IV£(@r) = V@)

1
A+

D§+1<Di—27< D2+ ||Vf<xk>||2)+v2|Vf<xk>||2

We can rearrange the terms and add —V f(z*) again inside the norm terms:

A —
D2, < (1 - m) D+ (Aj”ﬁ n 72) 195 (ex) — V()2

The term (1 — %) is useful, because we can show that it is less than 1 and has geometric convergence. Further

steps will try to simplify the remaining terms.
We can change the norm term by using the fact that f is S-smooth:

295 2y
o= (1-355) Pi+ (55 ) 7

Lety = ﬁ then:

405
Dier < (1 - <A+ﬁ>2) Di
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2
By unrolling the recursion and since (’“‘—’1) = (1 — %) we get:

rk+1
k—1 2k
D?, . < D?
k+1_(/§+1> 1

Since exp(—x) > 1 — x for every x, we get:

4k
Di1 < exp (—M>D%

By -smoothness we finally have:

Theorem [9] observations
e 1} solution is a good solution, i.e. no reference to previous iterations

e Convergence rate of order O(exp(—T))

e x measures how far apart the upper and lower bounds are (see Figure [3). It can be interpreted as the ratio of

largest to smallest curvature of the function.

e The smaller the condition number & is, the less iterations are required to converge. Intuitively, the accepted

region between the bounds will be smaller.

e Consequently, the greater 3 is the more iterations will be required to converge. This is logical since a constant
step size on a function with a steep gradient will cause the a greater change in the function value.
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