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Biologically plausible learning unfolds over long timescales in large networks, requiring scalable and
efficient algorithms to enable meaningful comparisons with neurobiological data. NEST [1] is an
open-source simulator optimized for distributed large-scale spiking neural network simulations.
In our work [2], we port the supervised variant of eligibility propagation (e-prop) [3], a three-factor
learning algorithm for recurrent spiking neural networks, from TensorFlow [4] to NEST by convert-
ing the time-driven weight update scheme into an event-driven scheme. This approach faithfully
reproduces the original results on regression and classification tasks. In our implementation, the three
factors are stored until a spike occurs, while ineffective history is discarded to reduce computational
overhead. Additionally, memory usage is reduced by automatically triggered intermediate gradient
computations for infrequently firing presynaptic neurons.
We further improve the model’s biological realism in several respects. Removing fixed update in-
tervals eliminates globally synchronous updates and enables flexible processing of dynamic inputs.
Inspired by truncated algorithms [5], each spike triggers a weight update, while neuronal and synap-
tic dynamics evolve continuously without resets and learning windows remain decoupled from global
timing. Mean-squared error for classification [6] avoids communication in the output layer. The im-
plementation also supports smoother surrogate gradients [7] and enforces Dale’s law by constraining
synaptic weights. It maintains performance and efficiency on the neuromorphic MNIST dataset [8]
and scales to millions of neurons.
Many biologically plausible learning rules are developed in time-driven frameworks optimized for
continuous-valued communication. Our work provides a blueprint for translating such rules into
event-driven implementations, which are particularly efficient in biologically realistic settings with
sparse communication.
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