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In this lecture we will wrap up the study of optimization techniques with stochastic
optimization. The tools that we are going to develop will turn out to be very efficient in
minimizing the ¢-risk when we can bound the noise on the gradient.

3. STOCHASTIC OPTIMIZATION

3.1 Stochastic convex optimization

We are considering random functions x +— £(x, Z) where x is the optimization parameter and
Z arandom variable. Let Pz be the distribution of Z and let us assume that x — ¢(x, Z) is
convex Py a.s. In particular, IE[¢(z, Z)] will also be convex. The goal of stochastic convex
optimization is to approach mingec IE[¢(z, Z)] when C is convex. For our purposes, C will
be a deterministic convex set. However, stochastic convex optimization can be defined more
broadly. The constraint can be itself stochastic :

C ={x,Elg(z,Z)] <0}, g convex Py a.s.

C={x,Plg(x,Z) <0] >1—¢}, “chance constraint”

The second constraint is not convex a priori but remedies are possible (see [NS06, Nem12]).
In the following, we will stick to the case where X is deterministic. A few optimization
problems we tackled can be interpreted in this new framework.

3.1.1 Examples

Boosting. Recall that the goal in Boosting is to minimize the -risk:

min E[p(-Y fo(X))],

a€A

where A is the simplex of R?. Define Z = (X,Y) and the random function ¢(«, Z) =
o(=Y fo(X)), convex Py a.s.

Linear regression. Here the goal is the minimize the /5 risk:

min E(Y — £a(X))?).

Define Z = (X,Y) and the random function £(a, Z) = (Y — fa(X))?, convex Py a.s.

Maximum likelihood. We consider samples Zy, ..., Z, iid with density pg, 8 € ©. For
instance, Z.N(6,1). The likelihood functions associated to this set of samples is 6 —
[T, po(Z;). Let p*(Z) denote the true density of Z (it does not have to be of the form py
for some 6 € ©. Then
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where C' is a constant in . Hence maximizing the expected log-likelihood is equivalent to
minimizing the expected Kullback-Leibler divergence:

méixIE[logil:Ilpe(Zi)] <= KL(p", py)

External randomization. Assume that we want to minimize a function of the form
1 n
1=

where the functions fi,..., f, are convex. As we have seen, this arises a lot in empirical
risk minimization. In this case, we treat this problem as deterministic problem but inject
artificial randomness as follows. Let I be a random variable uniformly distributed on
[n] =: {1,...,n}. We have the representation f(x) = IE[f;(x)], which falls into the context
of stochastic convex optimization with Z = I and ¢(x,I) = fr(x).

Important Remark: There is a key difference between the case where we assume that
we are given independent random variables and the case where we generate artificial ran-
domness. Let us illustrate this difference for Boosting. We are given (X1, Y1), ..., (X, Yy,)
i.i.d from some unknown distribution. In the first example, our aim is to minimize
E[p(—Y fo(X))] based on these n observations and we will that the stochastic gradient
allows to do that by take one pair (X;,Y;) in each iteration. In particular, we can use
each pair at most once. We say that we do one pass on the data.

We could also leverage our statistical analysis of the empirical risk minimizer from
previous lectures and try to minimize the empirical ¢-risk

Boplfa) =+ 3 @(~Yila(X)
=1

by generating k independent random variables Iy, ..., I} uniform over [n] and run the
stochastic gradient descent to us one random variable I; in each iteration. The difference
here is that k can be arbitrary large, regardless of the number n of observations (we make
multiple passes on the data). However, minimizing IE;[p(=Y7 fo (X1))| X1, Y1, ..., X0, Y2
will perform no better than the empirical risk minimizer whose statistical performance
is limited by the number n of observations.

3.2 Stochastic gradient descent

If the distribution of Z was known, then the function = — IE[{(z, Z)] would be known and
we could apply gradient descent, projected gradient descent or any other optimization tool
seen before in the deterministic setup. However this is not the case in reality where the
true distribution Pz is unknown and we are only given the samples Z1,..., 7, and the
random function ¢(z, Z). In what follows, we denote by 0¢(x, Z) the set of subgradients of
the function y — £(y, Z) at point x.



Algorithm 1 Stochastic Gradient Descent algorithm

Input: z; € C, positive sequence {ns}s>1, independent random variables Z1,..., Zj
with distribution Py.
fors=1tok—1do

Ys+1 = Ts — NsGs, Js € 86(1'87 Zs)

Tst1 = e (Ys+1)

end for
k
> s
s=1

return 7 =

e

Note the difference here with the deterministic gradient descent which returns either

Zj or x; = argmin f(x). In the stochastic framework, the function f(z) = IE[{(z,§)] is
TlseesTm
typically unknown and zj, cannot be computed.

Theorem: Let C be a closed convex subset of IR? such that diam(C) < R. Assume that
he convex function f(z) = IE[{(z, Z)] attains its minimum on C at z* € IRY. Assume
that £(x, Z) is convex Pz a.s. and that IE||g||> < L? for all § € 9¢(x, Z) for all z. Then

if Ns =1nN= %7
E[f(zk)] — f(2") <

S

Proof.
f(xs) — f(z¥) < gsT(ws —z7)
= E[j; (5 — z7)|xs]

N %E[(ys-l-l — ) (s — 2|

1 X .
= g Elllzs = Ysiil® + llzs — 2|7 = llys1 — 27||]

1 ~ * *
< %(nzlE[llgs|!2!ws] +E[||zs — o |*as] — Blllzs —2*[[as]

Taking expectations and summing over s we get

k
. T]L2 R2
;f($s)_f(x)§7+2qy—k'

| =

Using Jensen’s inequality and chosing n = LL\;E’ we get

Elf(z2)] - f(27) <

515



3.3 Stochastic Mirror Descent

We can also extend the Mirror Descent to a stochastic version as follows.

Algorithm 2 Mirror Descent algorithm
Input: z; € argmingqp ®(z), ¢ : RY — R? such that ((r) = V®(x), independent
random variables 71, ..., Z;, with distribution P.
for s=1,--- ,k do
C(ys-i-l) = C(xs) —ngs for gs € ae(‘r& ZS)
Top1 = 1IE (Ys41)
end for
return T = ¢ Zgzl T

Theorem: Assume that ® is a-strongly convex on CN D w.r.t. || - || and

R2 = &(x) — min &
238, ) i, B0

take x1 = argmin,coqp ®(x) (assume that it exists). Then, Stochastic Mirror Descent

with n = %w / %0‘ outputs Ty, such that

B (a0 - 1) < BLy 2

Proof. We essentially reproduce the proof for the Mirror Descent algorithm.
Take zf € C N'D. We have

flas) = f@) < g (@ — o)
E[g] (s —a*)|z]

= LBI(C) = Cyern)T (s — 2z

n
N %Euvqm) — VO(ys1)) | (s — 2 ]
= %IE [D¢($s,ys+1) + Do (af, z5) — D¢($ﬁyys+1)|xs:|
< %IE [Dcp(ws, Ys+1) + Do(a?, 25) — Do (2%, $s+1)|$s]
< ol e + T [Doe?, ) — Dl i)



where the last inequality comes from

D@(xsays+1) = (I)($s) - (I)(ys—l—l) - vq)(ys+1)—r($s - ys—l—l)
(6%
< [VO(zs) - V(I)(yS-i-l)]T (Ts — Ysg1) — §Hys+1 - stz

~ (&%
< 0l = yosall = Slvsss = o)

_ Plas?
- 2«

Summing and taking expectations, we get

k
1 L?  Dg(a* x)
L . iy < 1 e\T", X1 1
(o) = Flo] < B+ S (3.1)
We conclude as in the previous lecture.
O

3.4 Stochastic coordinate descent

Let f be a convex L-Lipschitz and differentiable function on IR?. Let us denote by V;f the
partial derivative of f in the direction e;. One drawback of the Gradient Descent Algorithm
is that at each step one has to update every coordinate V;f of the gradient. The idea of
the stochastic coordinate descent is to pick at each step a direction e; uniformly and to
choose that e; to be the direction of the descent at that step. More precisely, of I is drawn
uniformly on [d], then IE[dVf(x)es] = Vf(z). Therefore, the vector dVf(x)es that has
only one nonzero coordinate is an unbiased estimate of the gradient V f(x). We can use
this estimate to perform stochastic gradient descent.

Algorithm 3 Stochastic Coordinate Descent algorithm

Input: z; € C, positive sequence {ns}s>1, independent random variables I, ..., I}
uniform over [d].
fors=1tok—1do

Ys+1 = Ts — nsdvlf(x)ely Js € aé(:ﬂs, Zs)

Tst1 = 7"'C(ys-i-l)

end for
1 k
return I, = % Zws
s=1
If we apply Stochastic Gradient Descent to this problem for n = % %, we directly
obtain

B (@) - fa*) < RLy 22

We are in a trade-off situation where the updates are much easier to implement but where
we need more steps to reach the same precision as the gradient descent alogrithm.
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