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Motivation & Model Structure
Resonate-and-Fire (RF) neurons can efficiently extract frequency compon-
ents from input signals and encode them into spatiotemporal spike trains, 
making them well-suited for long sequence modeling. However, RF neuro-
ns exhibit limited effective memory capacity and a trade-off between e
-nergy efficiency and training speed on complex temporal tasks.

Figure 1. Analysis of RF Neuron in Long-Sequence Modeling
Inspired by dendritic structure of biological neurons, we propose Dend
ritic Resonate-and-Fire (D-RF) models. The contributions are as follows:

n We conduct an analysis of the limitations of RF neurons in long sequen
ce modeling, highlighting their restricted memory capacity and inherent 
trade-off between energy efficiency and training speed.

n We propose the D-RF neuron. First, dendritic branches exploit RF dyna
-mics to achieve specialized frequency selectivity. Second, the adaptive 
threshold mechanism in the soma dynamically adjusts thresholds base-
d on history spiking activity, which balances computational cost and en
ergy efficiency while preserving training effectiveness.

n Extensive experiments demonstrate that D-RF achieves competitive pe
rformance across various long sequence tasks. Moreover, the method 
produces sparser spiking activity while maintaining training efficiency.

Methods
Ø High Performance in Complex Tasks
To better capture features across different frequency bands, we propose 
the D-RF neuron model. D-RF neuron comprises a soma and multiple d
endritic branches. Each dendritic branch extracts state responses corre
sponding to specific frequency preferences in the input signal I(t).
Its dynamics are defined as follows:

�� and �� represent the decay factor and membrane potential oscillation c
oefficient associated with the i-th dendritic branch, respectively. To enabl
e efficient inference, the Zero-Order Hold(ZOH) method is employed for d
iscretization. The membrane potential dynamics of all dendrites are:

where � denotes the discrete timestep and � = [�1, �2, . . . , ��]� represents 
the states of individual dendritic branches, with � = [�1, �2, . . . , ��]� denoti
ng their respective time constants. To further enhance the frequency char
acteristics across dendritic branches, each branch is assigned an indivi
dual importance weight. The dynamics of soma are defined as follows:

Ø Trade-off between Energy Efficiency and Training 
Speed

Figure 2. Structure of Dendrite Resonate-and-fire Neuron

C denotes the importance weights as signed to each dendritic branch. Θ(·)
represents the Heaviside function.When the presynaptic membrane poten
tial of the soma H[t] exceeds the threshold Vth,a spike S[t] is generated.

To balance training speed and energy efficiency, we propose an adaptivet
hresholding strategy that dynamically adjusts thethreshold based on the  s
piking activity from previous timesteps. Specifically, the threshold at timest
ep t is defined as follows:

where ���� denotes the origin threshold (set to1),and ��∈(0,1) represents 
the importance of preceding spikes. This process can be interpreted as a 
one-dimensional causal convolution with kernel size n, where the kernel is 
defined as A = [α1,...,αn]. The spiking process can be reformulated as:

Conv1d(·) present causal convolution along the temporal domain, enabling 
sparser spike activity while preserving the parallelizable nature of training. 

Ø Overall Architecture

Forward Propagation: the computational complexity of the D-RF neuron i
s determined by multi-dendritic input and an adaptive threshold mechanis
m. According to Eq.(2)~Eq.(3), the parallel training can be defined as:

We demonstrate the effectiveness of this strategy by analyzing both the for
ward and backward propagation processes of traning processes.

D characterizes the oscillatory resonators of individual dendritic branches 
and is defined as a diagonal matrix: D = Diag{−1 / �1 + �1, − 1 / �2 +
�2, . . . , − 1 / �� + ��}.  �(·) and �−1(·) denote the forward and inverse Fou-
rier transform operations. 
Backward Propagation:  In the backward propagation, the adaptive thre-
shold removes temporal dependencies between the gradient, enabling pa
rallelizable training. The gradient of the loss with respect to the weight w:

L(LogL)

L(LogL)

the gradient during backpropagation depends only on the current timestep.
Consequently, our method introduces no additional training complexity,whi
le encouraging sparse spike activity.

Experiments & Conclusion

We conduct experiments on multiple time-series datasets, including SHD 
dataset, S-CIFAR10 dataset, LRA Benchmark.

Table 1. Performance of Various Dataset Table 2. Comparison of Model on LRA.

Compared with other SOTA method, our method maintains competitive   
accuracy on various dataset.

Figure 3. (a) Comparison of Training Runti
me. (b) Sequentialvs. Paral. Training Cost

 Inspired by the dendritic structure of biological neurons, this study propo-
ses the D-RF model to further enhance the performance of SNNs on time
-series signals.The multi-dendritic structure consists of branches with dist
-inct decay factors, enabling the neuron to extract multi-frequency inform
ation from the input signal. The soma with an adaptive threshold that ens
ures sparse spiking while enabling parallelizable computation. These res
ults highlight the strong potential of D-RF method to enable effective and 
efficient long sequence modeling on edge-computing platforms.

Ø Conclusion

Compared with other SOTA method, our method substantially ensuring sp
arse spikes without compromising computational efficiency during training

Figure 4. Spiknig Behavior of 
our D-RF Model

Ø Experiments
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