Learning to learn dynamical
associations with reward-gated

local plasticity

Introduction

Task-trained recurrent networks optimized with standard
methods (BPTT, FORCE) often converge onto similar solutions,
although multiple alternatives could perform equally well. Yet,
this "simplicity bias" may be a property of the learning rule
rather than the task itself. We therefore ask here: how does the
plasticity rule variant shape the resulting solution space,
and do different biologically plausible rules converge to
different solution classes? We first introduce a framework
that discovers local three-factor plasticity rules to identify
rules that reliably support task acquisition. We then probe
the dynamical landscape and emerging representations to
characterize systemtic learning rule-solution biases.
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