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Abstract As a brain-inspired computational model, Spiking Neural Networks (SNNs) hold great
promise for processing data with temporal and spatial dimensions. Research has shown that
synaptic plasticity delays can improve the performance of SNNs in temporal tasks such as speech
recognition. However, time-series data are usually sparse and inhomogeneous across time steps.
This disparity in information distribution, coupled with noise dynamics in the signals, poses
challenges for existing plasticity delay methods, which struggle to capture critical temporal
information effectively, thereby limiting model performance. In this work, we apply a temporal-

wise attention mechanism to plasticity delays, enabling SNNs to evaluate the importance of each
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time step and optimize performance. Specifically, we use dilated convolution to learn the delay

parameters and weights, followed by a temporal attention mechanism that dynamically quantifies

the importance of different time steps, thereby enhancing the ability to capture critical temporal

information of SNNs. Experimental results show that the proposed method achieves 96.21%,
80.87% and 95.60% accuracy on the Spiking Heidelberg Digits, Spiking Speech Command and
Google Speech Commands datasets, respectively, which is a significant improvement over

traditional plasticity delay methods. These results highlight the potential of our approach for

handling speech recognition tasks and establish a strong foundation for further applications of

SNNs in dealing with complex time-series data.
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Background

Spiking Neural Networks (SNNs) have garnered significant
attention in recent years due to their low energy consumption,
event—driven characteristics and robustness to noise. Leveraging
their efficient processing of temporal information, SNNs have
shown promising applications in temporal tasks such as speech
recognition. It has been shown that the synaptic plasticity delays
mechanism plays a significant role in enhancing the temporal
modeling ability and performance of SNNs, but the existing
synaptic plasticity delays learning methods still have limitations
in dealing with the noise interference, data sparsity, and
inhomogeneity in the real-world environments, which makes
SNNs less effective for complex tasks. Therefore, optimizing
the existing synaptic plasticity delays learning methods to
enhance its ability to adapt to complex environments and capture
temporal features is one of the key directions to improve the
performance of SNNs.

To address this issue, we introduce the temporal attention
mechanism into the synaptic plasticity delays learning method.

This approach enhances the attention of SNNs to key timesteps

by introducing the attention mechanism to more accurately
capture essential information in the input signal. First, we
utilize the dilated convolution with learnable spacings to learn
and optimize delay parameters and their weights. Then we
introduce a squeezing operation to reduce the complexity of data
processing. Next, we further introduce a one-dimensional
convolution-based temporal attention mechanism that enables
SNNs to pay more attention to the timesteps in the data that
contain critical information. Experimental results show that this
method exhibits significant advantages in speech recognition
tasks. In addition, we systematically explore different ways of
combining the two mechanisms, and the results show that
placing the temporal attention mechanism between the synaptic
plasticity delays and the spiking layer can capture the key
features more effectively, which provides an experimental basis
for the design and optimization of network architectures.

This research was supported by the National Natural Science
Foundation of China (Grant Nos. 92370103, 62176179) and the

Xiaomi Young Scholar Program.



