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Abstract

We present a new framework for spiking neural
networks --- Spark --- built upon the idea of modular
design, from simple components to entire models. The
aim of this framework is to provide an efficient and
streamlined pipeline for spiking neural networks.

We hope that a framework compatible with traditional
ML pipelines may accelerate research Iin the area,
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Currently, Spark is the early version of an open source research
framework, not a complete end-to-end solution for SNN, developed by a
single PhD student out of frustration with the hardships of reproducibility
around SNNs.

If you are interested try it and if you like the idea of what it can become do
not be afraid to contribute: emails and pull requests are welcome!. What
makes any open source project great is the community behind it!.

Cartpole ™: A simple study case

We showcase Spark by addressing and solving the
classic "hello world” control problem: the Cartpole.

Our approach to the Cartpole problem consists of a
reasonable architecture bias, a three-factor modulated
plasticity rule and letting the network do what it wants to
do (self-organize) with some sporadic feedback.

Figure 2. (up) Training trajectories of a single agent, with episode end
annotations. (bottom) Average of the exponential moving average (1 = 0.8) of
performance of 25 agents. Agents under the filtered category (16/25) were
capable of solving the Cartpole problem within ~40-80 episodes. Excluded
shows the performance of the agents that failed to stabilize quickly (9/25).

Swift execution is critical to success!

When considering an iterative learning paradigm,
performance becomes critical;, how much one can
compute directly links to how much one can learn.

In order to showcase the capabilities of Spark, we use
Brian2 as a reference; Brian2 has comparable or better
performance than other similar frameworks. Although
Brian2 was designed for accurate simulations, Brian2's
C++ compiled models are extremely performant.
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Figure 1. Performance benchmark for a network with 7 neuron pools of 1024
neurons with biased connectivity among pools. Speeds are averaged from
25 different networks and 5 runs per network. Speeds are normalized with
respect to an end-to-end Brian2 execution. Execution timesteps indicate how
many timesteps each model computes before a new input signal is
presented to the network and a new output signal is registered from the
network. Dashed lines denote the best-case scenario, i.e., when the network
Is not interrupted, for Brian2 with the C++ and CUDA backends.
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