
Abstract

Artificial neural networks (ANNs) are typically highly nonlinear systems which
are finely tuned via the optimization of their associated, non-convex loss functions.
Typically, the gradient of any such loss function fails to be dissipative making the use of
widely-accepted (stochastic) gradient descent methods problematic. Adding a quadratic
regularization term cannot always remedy this, in which case one needs to replace it
with a higher order penalty term. However, the addition of such a term leads to the
violation of the global Lipschitz continuity for the regularized gradient, which in turn
makes gradient descent methods ineffective. This issue has been highlighted in the
case of Euler discretizations (of which SGLD is an example) in Hutzenthaler et al.
(2011), where it is proven that the difference of the exact solution of the corresponding
stochastic differential equation (SDE) and of the numerical approximation at even a
finite time point diverges to infinity in the strong mean square sense.
A natural way to address the above issue is to combine higher order regularization with
taming techniques to improve the stability of any resulting algorithm. We offer a new
learning algorithm based on an appropriately constructed variant of the popular stochas-
tic gradient Langevin dynamics (SGLD), which is called tamed unadjusted stochastic
Langevin algorithm (TUSLA). The roots of the TUSLA algorithm are based on the
taming technology for diffusion processes with superlinear coefficients as developed in
Sabanis (2013), Sabanis (2016) and used for MCMC algorithms in Sabanis and Zhang
(2019),Brosse et al. (2019).
By proposing this new algorithm, the current article is the first, up to the authors’
knowledge, to provide theoretical guarantees (for the discovery of approximate mini-
mizers of empirical and population risks) for the use of SGLD algorithms for the fine
tuning of neural networks. It also extends the current SGLD literature by dealing with
non-convex optimization problems for a wide class of objective functions ( locally
Lipschitz gradients). We also provide a nonasymptotic analysis of the new algorithm’s
convergence properties in the context of non-convex learning problems with the use of
ANNs. Thus, we provide finite-time guarantees for TUSLA to find approximate mini-
mizers of both empirical and population risks. Numerical experiments are presented
which confirm the theoretical findings and illustrate the need for the use of the new
algorithm in comparison to vanilla SGLD within the framework of ANNs.
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