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Abstract

The research environment for Spiking Neural Networks (SNNs) is fragmented across various
incompatible simulators, such as snnTorch, SpikingJelly, and BindsNET. This fragmentation
necessitates the redundant reimplementation of the same model for each environment, which not
only causes significant inconvenience but also undermines reproducibility and reliability. This paper
proposes an automated code generation framework utilizing a simulator-independent, JSON-based
metamodel and the Jinja2 template engine. From a single JSON specification, the framework
automatically generates executable Python code for snnTorch, Spiking]Jelly, and BindsNET.
Furthermore, it applies hardware-aware optimizations during the code generation phase—such as
switching between LIF and IF neurons, converting to FP16 precision, and reducing timesteps —
based on predefined power mode settings. While this study is limited to Fully Connected (FC) layer
structures and does not cover expansion to convolutional layers, we verify the accuracy of the
generated code and the effectiveness of the optimizations through experiments across six different
configurations (comprising three simulators and two power modes).
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SnnTorchStandardModel SpikingJellyStandardModel
{ {

"model_name": "model_name":
"SnnTorchStandardModel", "SpikingJellyStandardModel",

"target_simulator":
"SpikingJelly",

"time_steps": 100,

"power_mode": "normal",

"target_simulator": "snnTorch",
"time_steps": 100,
"power_mode": "normal",
"hardware_constraints": {

"device_type": "hardware_constraints": {
"high_performance_gpu" "device_type":
3, "high_performance_gpu"
"layers": [ }
{ "layers": [
"type": "linear", {
"in_features": 784, "type": "linear",
"out_features": 256 "in_features": 784,
3 "out_features": 256
{ I
"type": "LIFNode", {
"surrogate_function": "atan", "type": "LIFNode",
"beta": 0.95, "tau™ 2.0,
"note": "High precision with "v_threshold": 1.0,
ArcTan surrogate” "v_reset": 0.0,
I "surrogate_function":
{ "ATan",
"type": "linear", "note": "Standard Leaky
"in_features": 256, Integrate—and—Fire with ATan"
"out_features": 10 b
I3 {
{ "type": "linear",

"type": "LIFNode",
"surrogate_function": "atan",

"in_features": 256,
"out_features": 10

"beta": 0.95 1,
} {
1, "type": "LIFNode",
"connections": [ "tau": 2.0,
{ "source": "input", "target": "v_threshold": 1.0,
"layer_1" }, "surrogate_function": "ATan"
{ "source": "layer_1", "target": }
"layer 2" } 1,
1, "connections": [

"backend": "torch",

{ "source" "input", "target":
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"step_mode": "multi_step" "layer_1" },
} { "source": "layer_1", "target":
"layer_2" }

1,

"backend": "torch",

"step_mode": "m"

}
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