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Abstract: Methods where the objective function or a noisy proxy are not evaluated such as Adagrad
[3] or Adam [4] have become very popular in the context of finite-sum minimization, where noise in the
evaluation arises from sampling among a very large number of terms. That such methods can be provably
convergent to first-order stationary points is quite remarkable. Moreover, several authors have been able
to prove global convergence rates, including the recent contribution by [2], where an improved (compared
to earlier analysis) such rate was proved for the Adagrad algorithm. We build on the results of [2] and
propose two classes of algorithms for optimization in the presence of noise that do not require the
evaluation of the objective function. We achieve several goals:

1. The global rate of convergence result of [2] is extended to a parametric class of methods comprising
the Adagrad algorithm. These rates give the best complexity to the Adagrad among all algorithms
in the class.

2. An improved asymptotic rate is also derived for these methods under an additional conditional
variance condition, indicating that the results of [2] cannot be sharp if this condition holds. In
this case, the parameter choice yielding the best bounds no longer corresponds to Adagrad and the
improvement is asymptotic and implicit. This new complexity bound is independent from gradient
“sparsity” and allows an essentially arbitrary choice of the learning rate. It therefore provides an
alternative to that of [5].

3. A new class of methods is proposed in a stochastic and non-convex settings. This new class is
reminiscent of the “divergent stepsize” subgradient method for non-smooth convex optimization
(see [1] and references therein). Under the additional conditional variance condition, its global rate
of convergence is shown to be very close to that of methods using (exact) function evaluations.

Numerical illustrations of the discussed methods on simple examples in the Deep Learning setting
indicate that methods of the second class have some merits, but also that, at least in our examples, there
remains some distance from the above theory to real behaviour.
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