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We built on the existent cerebllar function theory set up by
Sanger et al. by introducing an asymmetric learning rule and

spiking neural network simulations.

Unlike in the original model, the new learning rule additions
cause the models to converge wth a certain residual error.

While initially overlooked, the error encoding plays a crucial
part in the performance of the models. One can observe the
case where nonlinear error can cause stronger performance.

The Spiking Neural Network behaves completely differently
from the analogue neural networks, suggesting a need for

further study.
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In the graph above, we notice that all models converge with a certain residual error. However, it is clearly
observed that the SNN produces a positive residual error, as opposed to the rest of the models that

produce a negative residual error, despite the similar architectures. This suggests that there are
considerable effects given by the Spiking Neural Network architecture which warrant further study.

When comparing the model output and target function, we find two interesting behaviours: The Nonlinear
Error Sandcastle model has a better performance than the Analogue Asymmetric Sandcastle model. We
believe this is due to the fact that thresholding effects in the error signal make the model disregard both

extremely small and overly large errors that might be a source of instability. Additionally, the SNN seems to
overestimate the target function more often and more strongly than the other models. 
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