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Abstract—Brain-Machine Interfaces (BMIs) for motor function
restoration face a key challenge in decoding complex neural
signals. While Recurrent Spiking Neural Networks (RSNNs) are
promising for this task, they often suffer from limited temporal
representation, high computational loads, and training instability.
This research investigates three strategies to enhance RSNNs:
(1) learnable synaptic delays using a 1D Dilated Convolution
(DCLS1D) layer to enrich temporal modeling, (2) linear in-
terpolation to reduce synaptic operations, and (3) Temporal
Efficient Training (TET) to improve training stability. The models
were evaluated on the NeuroBench Non-Human Primate (NHP)
Motor Prediction task. Results indicate that learnable delays
did not improve performance. Linear interpolation reduced
computational cost but compromised accuracy on non-linear
data. In contrast, the TET approach consistently improved both
model accuracy (measured by R2 and RMSE) and training
stability, demonstrating its effectiveness in overcoming key RSNN
limitations.

I. INTRODUCTION

Brain-Machine Interfaces (BMIs) have become a rapidly
growing research focus, with primary applications in health-
care, prosthetics, and the control of external devices [1], [2].
A major challenge in BMI development is handling complex
neural signals, high power consumption, and the thermal
impact of devices, especially for implanted ones. Neural data
generated by a large number of electrodes require algorithms
for real-time processing without sacrificing power efficiency,
model accuracy, and the safety of the device for brain tissue.

To address challenges in BMIs, this research focuses on
optimizing the neuromorphic approach using Spiking Neural
Networks (SNNs). Inspired by the brain’s efficiency, SNNs
utilize spike-based processing for fast, low-power computation,
making them ideal for safely analyzing neural signals in
real-time [3], [4]. This study will optimize an SNN for the
Non-human Primate (NHP) Motor Prediction task from the
NeuroBench benchmark [5]. The goal is to accurately predict
the two-dimensional velocity of finger movements from neural
recordings of the sensorimotor cortex.

In BMI applications, decoding neural signals to predict mo-
tor activity is a significant challenge due to the complex, tem-
poral, and noisy nature of the signals. Traditional approaches

like the Artificial Neural Network (ANN) are less efficient for
spike-based data that mimics biological activity. As a solution,
[6] proposed a Recurrent Spiking Neural Network (RSNN)
model, which proved superior in accuracy and efficiency. Their
tinyRSNN design is a strong candidate for implementation in
implantable BMIs, yet there is still room for improvement in
terms of temporal representation, synaptic operation efficiency,
and training stability.

Temporal representation is a critical aspect because informa-
tion in the biological nervous system is encoded not only by
which neurons are active but also by the precise timing of their
spikes. This temporal precision is a key element in encoding
complex motor activities [7]. Spiking neurons fundamentally
act as coincidence detectors [8], responding more strongly to
input spikes that arrive simultaneously than to those that are
asynchronous [9]. Therefore, the model must recognize not
only spatial activation patterns but also their precise temporal
dynamics. Synaptic delay plays a vital role here, as delays in
spike transmission allow important information to be amplified
through the superposition of previous spikes. Furthermore,
heterogeneous delays enable neurons to detect more complex
spatiotemporal patterns beyond simple synchronization. [6]
also noted that while their RSNN performed exceptionally,
its ability to capture complex temporal dynamics could be
enhanced, with synaptic delay being a potential strategy to
address this.

Furthermore, synaptic operation efficiency is a fundamental
challenge in implementing RSNN models due to their ex-
tremely high computational load. This demands that neural
decoding algorithms be not only accurate but also resource-
efficient. In the model implemented by [6], the synaptic
operation metric within the NeuroBench benchmark is a key
component for assessing efficiency and is highly dependent on
the model’s synaptic activity rate. [10] also demonstrated that
processing each time step individually is often inefficient and
leads to excessive computational overhead. In reality, motor
movements can often be approximated by a linear expression
defined by a few key points, indicating that crucial information
is concentrated at specific moments, while neural activity
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between these moments can be interpolated.
Finally, training stability is a significant concern in RSNN

development. The standard training method for SNN models,
Standard Direct Training, used by [6], calculates the loss
based on the average output over the entire time duration.
As identified by [11], this approach can cause the training
process to get stuck in sharp local minima, which harms the
model’s ability to generalize to new data. Optimizing based
on the average output O(t) can also mask strong error signals
at specific moments with good performance at other time
steps, reducing the model’s ability to correct time-specific
errors. To improve training stability and efficiency, Temporal
Efficient Training (TET) can be applied. TET helps avoid
generalization issues (sharp local minima) common in training
long temporal models and enhances efficiency by calculating
the loss incrementally at each time step [11].

II. METHODOLOGY

A. Temporal Representation with Learnable Synaptic Delays

Neural information is encoded not just by which neurons
are active, but precisely when they fire. Spiking neurons
fundamentally act as coincidence detectors, responding more
strongly to synchronous inputs [9]. Incorporating heteroge-
neous synaptic delays allows a network to detect complex
spatiotemporal patterns beyond simple synchronicity. Recog-
nizing this, [6] suggested that adding synaptic delays was a
promising strategy to improve the temporal dynamics of their
RSNN model.

To implement this, we enrich the model’s temporal rep-
resentation by replacing the temporally static linear layer
of the baseline RSNN with a 1D Dilated Convolution with
Learnable Spacings (DCLS1D) layer, adapted from [9]. This
layer transforms the connections into dynamic temporal filters.

1) DCLS1D Mechanism and Implementation: The
DCLS1D layer models each synaptic connection as a
sparse 1D temporal convolution. To ensure the delays are
differentiable and can be learned via backpropagation, each
connection is modeled as a Gaussian kernel. The center of the
Gaussian represents the learnable delay (dij), while the area
under its curve represents the learnable synaptic weight (wij).

The input current Ii[t] for a neuron i is the sum of convo-
lutions between input spike trains Sj from each presynaptic
neuron j and their respective kernels kij :

Ii[t] =
∑

j

(kij ∗ Sj)[t] (1)

Prior to this operation, causal left padding is applied to the
input sequence to prevent acausal information flow. Optional
right padding is also used to enhance the model’s expressive
power, allowing it to learn dependencies that extend beyond
the observed sequence length [9].

To maintain recurrence efficiently, the final current Ifinal(t)
fed to the neuron’s membrane potential update is the sum of
the DCLS layer’s output at the current and previous timesteps:

Ifinal(t) = IDCLS(t) + IDCLS(t− 1) (2)

2) Parameter Initialization: For the DCLS1D layer, we use
Kaiming Uniform initialization [12], following the successful
implementation by [9]. Fluctuation-based initialization meth-
ods, while effective for standard convolutional SNNs [13],
are unsuitable here. This is because DCLS1D decouples the
layer’s parameters into distinct components (weight, delay,
and standard deviation of the Gaussian kernel), which cannot
be collectively optimized by a single initialization scheme
designed for standard convolutional kernels.

B. Computational Efficiency via Keypoint Interpolation
A fundamental challenge in implementing Recurrent Spik-

ing Neural Networks (RSNN) for BMI applications is their
significant computational load, driven primarily by the high
volume of synaptic operations [6]. This demands decoding
algorithms that are not only accurate but also highly resource-
efficient. Inspired by the observation that processing every
time step is often redundant and that motor trajectories can be
effectively approximated linearly between key moments [10],
we propose a solution to reduce this computational burden. The
validity of this approach is supported by findings that linear
interpolation results in negligible error while achieving high
accuracy (R2 = 0.988), making it a viable strategy for SNNs.

Our solutions, built upon the baseline RSNN model, restrict
full spike propagation to specific keypoints within a time
interval and use linear interpolation for the intermediate steps.
We explore two distinct approaches: input-oriented and output-
oriented interpolation.

Input-Oriented Interpolation: In this approach, we interpo-
late the presynaptic input to the neurons. Instead of performing
full spike propagation at every time step, the mechanism is as
follows:

1) At the start of an interval, a full propagation is executed
to establish an initial state, which serves as the lower
bound, vlow.

2) At the end of the interval, a second full propagation is
performed to determine the upper bound, vhigh.

3) For all time steps between these two keypoints, the
input to the LIF neurons is not computed via synaptic
operations. Instead, it is efficiently estimated using linear
interpolation between vlow and vhigh. This step ensures
that synapses are only activated at specific, critical
moments.

Output-Oriented Interpolation: This second approach inter-
polates the final output of the model rather than its internal
inputs. This is based on the finding that for motor movements,
only a few important time steps need to be fully processed,
while the rest can be predicted [10]. The mechanism is
simplified:

1) The full RSNN model is executed only at key-time steps
(e.g., at the start and end of an interval).

2) This yields predicted velocity outputs, vlow and vhigh, at
these keypoints.

3) The velocity predictions for all intermediate time steps
are then calculated by linearly interpolating between
these two output values.
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In cases where the total number of time steps is not perfectly
divisible by the keypoint interval, a final iteration is performed
on the remaining steps to ensure the entire sequence is pro-
cessed. The primary objective of this design is to prevent the
continuous activation of synaptic connections, thereby dras-
tically reducing the total number of synaptic operations and
significantly improving the model’s computational efficiency.

C. Training Stability with Temporal Efficient Training (TET)

A significant challenge in training Recurrent Spiking Neural
Networks (RSNN) is ensuring model stability and generaliza-
tion. Standard methods like Standard Direct Training (SDT),
utilized by [6], calculate a single loss value based on the
average network output over an entire time sequence, which
can be represented as [11]:

LSDT = L
(

1

T

T∑

t=1

O(t), y

)
(3)

where T is the total number of time steps.
To address the limitations of SDT, we implement the Tem-

poral Efficient Training (TET) approach [11]. The core concept
of TET is to shift from calculating a single loss on the averaged
output to calculating the loss at each individual time step and
then averaging these loss values.

LTET =
1

T

T∑

t=1

L(O(t), y) (4)

This method effectively re-weights the gradient contribution
from each moment in time. Since the error at each time step
is unlikely to be zero, the optimizer is forced to continuously
adjust the weights to improve accuracy across the entire
sequence, not just its average. This encourages the training
process to seek flat minima, which are theoretically proven
to offer better generalization. As proven by Deng et al. [11],
LTET is an upper bound for the standard loss, meaning that
minimizing TET loss also helps minimize SDT loss.

Furthermore, to enhance stability and mitigate the impact
of outlier outputs, a regularization penalty is added. The final
loss function is a weighted combination of the TET loss and
a Mean Squared Error (MSE) loss:

Ltotal = (1− α)LTET + αLMSE (5)

where α is a hyperparameter that controls the regularization
strength. It is important to note that this modified loss function
is applied only during the training phase. During inference,
the model’s standard evaluation rules are used to ensure a fair
comparison.

D. Training and Evaluation Methods

The training protocol replicates the pre-training procedure
established by [6]. In this phase, the models are trained on the
complete set of available ’Indy’ datasets [14], which consists
of multichannel electrophysiological recordings from the sen-
sorimotor cortex of a non-human primate reaching task. The
input to our model is a binned spike train (4ms) from cortical

electrodes, and the target output is corresponding 2D velocity
of primate’s finger movement. The process concludes after
this pre-training stage, where an early stopping mechanism
is employed to identify and save the best-performing model
checkpoint for evaluation.

To assess the proposed solutions, we employ a compre-
hensive suite of evaluation metrics. The primary metrics are
derived from the NeuroBench framework, which include mem-
ory footprint, the coefficient of determination (R2), activation
sparsity, and synaptic operations. In addition, the evaluation
is supplemented with standard statistical metrics to precisely
measure prediction accuracy against the ground truth values:
Root Mean Squared Error (RMSE) and the Pearson Correlation
Coefficient. The evaluation is conducted on a separate test
dataset comprising three neural recordings of varying durations
to assess the model’s generalization and ensure performance
reflects real-world scenarios.

III. RESULTS

In this section, the implemented models are
evaluated and compared using three distinct recordings:
indy_20170131_02.mat, indy_20160622_01.mat,
and indy_20160630_01.mat from [14]. The evaluation
utilizes metrics from the NeuroBench benchmark [5]
(footprint, R2, activation sparsity, and synaptic operations),
supplemented with Root Mean Squared Error (RMSE) and the
mean Pearson Correlation Coefficient (µCorr). The detailed
results are presented in Table I.

A. Experimental Setup and Baseline Model

All proposed solutions were developed and compared
against a baseline model [6]. The baseline architecture consists
of an input layer, a hidden layer of 64 Leaky Integrate-and-
Fire (LIF) neurons, and a readout layer of 2 non-spiking Leaky
Integrator (LI) neurons, corresponding to the X and Y velocity
outputs. The model was trained for a maximum of 200 epochs
with an early stopping patience of 10.

B. Experiment 1: Learnable Synaptic Delays

In this experiment, the static linear connections of the
baseline model were replaced with the DCLS1D layer. The
maximum delay was set to 100 and 50 ms (25 and 13
time steps), and the Kaiming Uniform initializer was used.
A key modification was the use of replicate padding (161
epoch) instead of zero-padding (38 epoch). Because the input
data is binary, zero-padding creates ambiguity between actual
non-spikes (value 0) and padded values. Replicate padding
resolves this by using the data’s edge values for padding,
leading to improved training performance (Figure 1). After
experimenting with various learning rates for the positional
delays, no significant performance difference was observed
(Figure 2), so a rate of 0.1 was chosen. For this experiment,
the hyperparameters for the synaptic delay model are listed in
Table II.

Compared to the baseline, the synaptic delay model ex-
hibited a rapid performance increase in the first 20 epochs
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TABLE I
AVERAGE ACCURACY AND EFFICIENCY METRICS ON THE TESTED RECORDING.

Model
Accuracy Metrics Efficiency Metrics

R2 RMSE µCorr Footprint Act. Spars. Eff. AC Dense

Baseline 0.6117 0.1569 0.7801 21,000 0.9842 419.17 10,368.0
Baseline + TET 0.6167 0.1561 0.7830 21,000 0.9844 418.33 10,368.0
Baseline + Delay 0.1s (replicate) + TET 0.5969 0.1597 0.7671 61,960 0.9864 64,669.45 3,328,607.65
Baseline + Delay 0.1s (replicate) 0.5903 0.1608 0.7626 61,960 0.9865 64,664.36 3,328,607.65
Baseline + Delay 0.05s (replicate) 0.5900 0.1611 0.7611 61,960 0.9860 29,799.84 932,035.15
Baseline + Delay 0.1 (zeros) 0.5239 0.1737 0.7222 61,960 0.9834 5,307.75 3,328,607.65
Baseline + Output-Oriented Linear Interpolation (2 keys) 0.4859 0.1812 0.6883 21,000 0.9710 237.71 5,184.01
Baseline + Input-Oriented Linear Interpolation (2 keys) 0.4176 0.1946 0.6360 21,000 0.9857 205.98 5,184.11
Baseline + Output-Oriented Linear Interpolation (8 keys) 0.1788 0.2307 0.3988 21,000 0.8835 105.43 1,296.17
Baseline + Input-Oriented Linear Interpolation (8 keys) 0.1194 0.2408 0.3352 21,000 0.9891 50.04 1,296.17

TABLE II
EXPERIMENT HYPERPARAMETER FOR LEARNABLE SYNAPTIC DELAYS

APPROACH.

Hyperparameter Value

Position Delay Learning Rate 0.1, 0.01, 0.002
Maximum Delay 0.1, 0.005 second
Weight Initialization Kaiming Uniform
Padding Mode Replicate and Zeros
Kaiming Uniform (-maxdelay // 2, maxdelay // 2)
Left Padding maxdelay - 1
Right Padding maxdelay // 2
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Fig. 1. Comparison of training performance using replicate padding vs. zero
padding.

but stagnated thereafter, while the baseline showed slower
but more consistent improvement, converging more efficiently
(Figure 3). Despite the increased architectural complexity, the
synaptic delay models’ accuracy was inconsistent and often
inferior to the baseline. As shown in Table I, they also had
a substantially larger memory footprint (∼3x) and orders of
magnitude more synaptic operations, indicating significantly
lower computational efficiency. These results suggest that
enriching temporal dynamics through learnable delays does not
guarantee better performance and may require more advanced
optimization to justify the added computational cost.

C. Experiment 2: Linear Interpolation

This experiment tested two variants of linear interpolation,
input-oriented and output-oriented, with keypoint distances of
2 and 8. Although the output-oriented approach consistently
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Fig. 2. Training results with varying learning rates for positional delay.
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Fig. 3. Training performance comparison: Baseline vs. Synaptic Delay model.

performed better than the input-oriented one (Figure 4), both
methods ultimately underperformed the baseline model (Fig-
ure 5). This failure can be attributed to a fundamental mismatch
between the linear assumption of interpolation and the non-
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Fig. 4. Training performance comparison: (a) 8 keys and (b) 2 keys Input-
Oriented vs Output-Oriented Linear Interpolation models.

linear nature of the problem, albeit at different stages for each
approach.

For the input-oriented method, the failure occurred at the
neuron level. The model’s internal post-synaptic dynamics are
highly non-linear, as shown in Figure 6. By assuming a pre-
dictable, straight-line behavior for neuron inputs, this approach
effectively ignores critical non-linear events occurring between
keypoints.

For the output-oriented method, the failure occurred at
the final prediction stage. While the model could follow the
general velocity patterns of the labels, the interpolation process
overly smoothed the final output, as shown in Figure 7. This
caused the model to lose the sharp, detailed changes in velocity
that are characteristic of the actual finger movements.

The unsuitability of this approach is confirmed by the
low R2 scores and high RMSE values across all recordings
(Table I). The performance degradation was most severe for
the 8-keypoint models, whose low R2 scores indicate they
captured very little of the meaningful relationship in the data.

D. Experiment 3: Temporal Efficient Training (TET)

To address training stability, we applied the TET loss func-
tion to both the baseline and synaptic delay models. The results
consistently demonstrated superior performance. The baseline
model with TET achieved a lower loss and a higher R2 score
than the standard training (Figure 8). Similarly, the synaptic
delay model’s performance was significantly enhanced by
TET (Figure 9). This confirms that TET effectively guides
the optimization towards flatter minima, avoiding sharp local
optima. While this extended the training duration slightly (e.g.,
from 110 to 133 epochs for the baseline), it led to a more stable
process and a more accurate final model.

Across all recordings, the baseline model, particularly when
combined with TET, demonstrated the best overall perfor-
mance in terms of accuracy (R2, RMSE, µCorr) and memory
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Fig. 5. Training performance comparison: Baseline vs. Output-Oriented
Linear Interpolation models.
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Fig. 6. Illustration of the highly non-linear behavior of presynaptic input
within an interpolation interval.
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Fig. 7. Comparison of the predicted velocity from the output-oriented model
against the ground truth labels.

footprint. As detailed in Table I, the baseline with TET
achieved a top R2 score of 0.6167 and a µCorr of 0.7830.
This confirms that the enhanced training stability from TET
translates into a more robust and slightly more accurate final
model, establishing this configuration as the most effective.

IV. CONCLUSIONS

This study evaluated three enhancements to a baseline
RSNN for motor decoding: learnable synaptic delays, linear
interpolation, and Temporal Efficient Training (TET). The
results show that architectural modifications aimed at im-
proving temporal complexity or efficiency were ineffective.
Learnable delays significantly increased computational cost

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 1710



0 20 40 60 80 100 120
Epoch

0.18

0.20

0.22

0.24

0.26

Lo
ss

Training and Validation Loss
Train Loss (With TET)
Validation Loss (With TET)
Train Loss (Without TET)
Validation Loss (Without TET)

0 20 40 60 80 100 120
Epoch

0.2

0.3

0.4

0.5

0.6

R2
 S

co
re

Training and Validation R2 Score

Train R2 (With TET)
Validation R2 (With TET)
Train R2 (Without TET)
Validation R2 (Without TET)

Fig. 8. Baseline model training with and without TET.
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Fig. 9. Synaptic Delay model training with and without TET.

without providing an accuracy benefit, while linear interpo-
lation failed due to its unsuitability for capturing the patterns
within the data. In contrast, Temporal Efficient Training (TET)
successfully improved training stability, making it the most
reliable approach tested. While this only yielded a marginal
accuracy increase (a 0.05 gain in the R2 score), it shows
that optimizing the training process is more practical than
increasing architectural complexity for a minimal return.
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