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We introduce a new second-order inertial method for machine learning called INDIAN [1],
exploiting the geometry of the loss function while requiring only stochastic approximations
function values and generalized gradients. This makes the method fully implementable and
adapted to large scale optimization problems such as the training of a deep neural network.
The algorithm combines both gradient-descent and Newton features as well as inertia. It is
a discretized and split version of a dynamical system introduced in [2]. We provide a strong
meaning to each hyperparameter of the model by making a connection to Newton’s second law.
We prove the convergence of INDIAN to critical points for almost any classical deep learning
problems. To do so, we provide a well suited framework to analyze deep learning losses, involving
tame optimization and Clarke subdifferential [3, 4]. In this framework we provide a step by step
proof recipe combining continuous dynamical system analysis together with discrete stochastic
approximations in the lines of [5].
From an empirical point of view the algorithm shows promising results on popular benchmark
problems, as well as some appealing generalization properties.
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