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[Bound on the suboptimality] Contents of this page:

3.3 A bound on the suboptimality bound

It’s interesting to ask the question, what sequence of step sizes minimizes the righthand side
..oy, so that

of (3)7 In other words, how do we choose positive a,, ..
—_—

R+ G*Th  a?
2

.

23,
(which is an upper bound on ffmit — f*}) is minimized? This is a convex and symmetric
function of oy, ..., o, s0 we conclude the optimal occurs when all o, are equal (to, say, «).
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This reduces our suboptimality bound to

R* + G*ka?
2heex

— eq:cnvgncSbgrdnt
which is minimized by o = (R/G)/VE.
In other words, the choice of ay, ... oy that minimizes the suboptimality bound (3) is

given by
: Y

;= (R/G)VE, =1, F

8

This choice of constant step size yields the suboptimality bound

9~ f < RGIVE. /]
Put another way, we can say that for any choice of step sizes, the suboptimality bound (3)
must be at least as large as RG /v k. I[f we use (3) as our stopping crilerion, then the number
of steps to achieve a guaranteed accuracy of ¢ will be at least (RG/e)?, no matter what step
sizes we use. (It will be this number if we use the step size o, = (R/G)/Vk).

Note that RG has a simple interpretation as an initial bound on f{z") — f* based on
[+ — ¥, < R and the Lipschitz_constant & for f. Thus (RG)/mafﬂal
uncertainty in f* to final uncertainty in f*. If we square this number, we get the minimum
number of steps it will take to achieve this reduction in uncertainty. This tells us that the
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Note Lhat M 1as a sInple terpretation as an initlal bound on ('] — -, based on
‘L:rin — a*||, < R and the Lipschitz constant G for f. Thus {RG),”m‘ufMal
uncertainty in f* to final uncertainty in f*. If we square this number, we get the minimum
number of steps it will take to achieve this reduction in uncertainty. This tells us that the
subgradienf method is going to be very slow. if we use (3} as our stopping l?L'lL{El‘]UI].—_'-m
reduce the initial uncertainty by a factor of 1000, say, it will require at least 10% iterations.
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