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Parallel Spiking Neuron

The behaviors of vanilla spiking neurons can be described by three discrete-time equations:

𝐻 𝑡 = 𝑓 𝑉 𝑡 − 1 , 𝑋 𝑡 , (1)
𝑆 𝑡 = Θ 𝐻 𝑡 − 𝑉𝑡ℎ , 2

𝑉 𝑡 = ቊ
𝑆 𝑡 ⋅ 𝑉𝑟𝑒𝑠𝑒𝑡 + 1 − 𝑆 𝑡 ⋅ 𝐻 𝑡 , hard reset

𝐻 𝑡 − 𝑆 𝑡 ⋅ 𝑉𝑡ℎ, soft reset
, (3)

Fang et al [1] found that the neuronal dynamics could be expressed in a non-iterative form after removing the reset equation Eq.(3), and 

thus propose the Parallel Spiking Neuron (PSN) family. The simulation speed of PSN is much faster than the vanilla spiking neurons.

PSN’s Problem

1. PSN family introduces the dense floating-point matrix multiplication in the 

neuron layer, which relies on massive multiply-accumulate operations and 

is hardware-unfriendly.

2. PSN family uses the channel-share weights, which fails to capture the 

subtle disparity of features in channels.

3. Sliding PSN only achieves stable performance with a large neuron order k, 

which is proportional to the inference memory and energy.

[1] Fang et al. Parallel spiking neurons with high efficiency and ability to learn long-term dependencies. Advances in Neural Information Processing Systems, 36, 2023.



Our solution

We introduces the Multiplication-Free Channel-wise Parallel Spiking Neurons 

(mul-free channel-wise PSN). The model features several key innovations:

1. Channel-wise mechanism: enabling the efficient capture of spatial-

temporal dynamics without increasing FLOPs. 

2. Dilated convolution: allowing the temporal receptive field to expand 

rapidly with network depth. 

3. Power-of-2 quantization: converting the multiplication operation into a 

simple bit-shift (for integer inputs) or a low-bit integer addition to the 

exponent (for FP32/FP16 inputs). 

Neuronal Dynamic

Figure 2: The temporal receptive field increases with depths 

at a slow rate in the sliding PSN with (a) fixed dilations and a 

fast rate in the channel-wise PSN with (b) sawtooth dilations. 

Figure 3(a): The workflow of power-of-2 quantizer.
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𝑋 𝑡 − 𝑘 − 1 − 𝑖 ⋅ 𝑑 𝑐 ≪ log2 𝑊𝑞 𝑐 𝑖 , (17)



Training Acceleration

SNN data layouts

• Time-first layout: shaped as (𝑇,𝑁, 𝐶, … )

• Time-last layout: shaped as (𝑁, 𝐶, … , 𝑇)

Vanilla implementation of mul-free channel-wise PSN (Eq.(17))

 Vanilla implementation: PyTorch’s 1-D Convolution (Conv1d), which requires the shape of inputs as (𝑁, 𝐶, 𝑇). 

 Exiting unavoidable reshape operation 𝑇,𝑁, 𝐶, … ⇌ 𝑁 ∗, 𝐶, 𝑇 and 𝑁, 𝐶, … , 𝑇 ⇌(𝑁 ∗, 𝐶, 𝑇) before and after the Conv1d.

 Reshape operations of the nonadjacent dimensions require costly memory reading/writing operations.



Training Acceleration

Efficient Implementations

 Time-first layout

 Using a custom CUDA kernel to directly perform convolutions along the T dimension.

 Using PyTorch’s vectorising map function (Vmap) to parallelize computations over the C dimension, and the matrix multiplication 

(MM) to process other dimensions.

 Time-last layout

 Custom CUDA kernel or Vmap + MM, similar to time-first implementation.

 Using 2-D convolution to implement the 1-D convolution, with the weight and stride as 1 to handle the "… “ dimension.

 Using Vmap to vectorize the C dimension and conv1d to handle other dimensions.

Autoselect acceleration algorithm

 Automatic choose the fastest implementation.
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