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Stochastic resetting of velocities in Heavy Ball minimisation methods

This internship aims to bridge the gap between methods from statistical physics and optimisation
for machine learning. Consider a function F : R? — R?, and the inertial gradient flow, defined by the
following set of continuous or discrete equations.
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This scheme, or variants of it, is often called the Heavy Ball method due to its similarity with inertial
equations of motion. This method is known to converge on convex functions, with accelerated rates
on quadratic functions F'. However, the inertial component of this method makes iterates overshoot
the minimum (see Figure).

On quadratic functions, with deterministic gradients, this overshooting phenomenon can be cor-
rected by periodically resetting the inertial component v; to zero [1], while preserving the accelerated
convergence. Later, Ref. [2] showed empirically that resetting can also benefit when gradients are
stochastic, although without formal proof of their claims.

In the context of statistical physics, resetting schemes have been shown to accelerate search algo-
rithms [3] and create nonequilibrium currents [4] due to their effectiveness at biasing dynamics against
unrewarding directions of motion. In the context of the optimisation of functions with multiple min-
ima, this method may thus help bias the dynamics towards deeper regions of F' and uncover deeper
minima.

This internship aims at computing analytically the rate of convergence of the Heavy Ball method for
quadratic and convex functions in the presence of stochastic resetting and possibly stochastic gradients.
This analysis will show whether an optimal resetting rate may be chosen with minimal to no prior
knowledge of the minimized function F'. Lastly the dynamics of the Heavy Ball method with stochastic
resetting will be characterised for functions F' with rugged landscapes inspired by the potential energy
of dense and disordered systems [5].
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Expected skills: We expect prospective students to be comfortable with linear algebra and be profi-
cient with at least one multipurpose programming language (e.g. Python). Candidates with knowledge
of stochastic calculus, statistical physics, and/or optimisation are most welcome.
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