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The idea of using a new form of Euler’s polygonal approximations, one which allows
coefficients to depend directly on the step size, was highlighted in [1] and [2]. It was used to
simplify proofs and extend results on existence of SDEs with monotone coefficients. Since
then, it has been applied in several other directions, which include solvability questions for
stochastic delay differential equations (SDDEs), see [3], new explicit numerical schemes
for SDEs with superlinear coefficients, see e.g. [4], [5] and references therein, as well as in
the construction of MCMC algorithms, see e.g. [6] and [7]. More recently, this new form
of Euler’s polygonal approximations has been used to create new, stochastic (adaptive)
optimization algorithms with superior performance, in many cases, than other leading
optimization algorithms within the context of fine tuning of artificial neural networks, see
[8] and [9]. We will review some key developments of this new methodology, in particular
with regards to data science and ML.
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