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Abstract—Spiking Neural Networks (SNNs) have emerged as
an energy-efficient alternative to conventional artificial neural
networks (ANNs), offering event-driven computation and tem-
poral sparsity. However, most existing studies evaluate SNNs
on regression-based forecasting tasks that require precise value
prediction, which may not fully exploit their discrete computation
nature. In this paper, we reformulate time-series forecasting
as a binary directional prediction problem—predicting whether
future values will rise or fall—and systematically evaluate three
representative SNN architectures: iSpikformer, Spike-TCN, and
Spike-GRU. Experiments on four benchmark datasets show that
Spike-TCN achieves the most stable and accurate performance
across both periodic and irregular data, while iSpikformer
performs well on structured signals and Spike-GRU remains
less effective. Interestingly, longer forecasting horizons sometimes
yield higher accuracy, reflecting the deterministic nature of
coarse-grained binary trends. Moreover, since the model archi-
tectures remain unchanged, all methods preserve the energy
efficiency benefits demonstrated in the prior work. This study
provides a new perspective for evaluating and designing SNNs for
event-driven temporal reasoning and energy-efficient forecasting
applications.

Index Terms—Spiking Neural Networks, Binary Trend Fore-
casting, Event-Driven Learning, Time-Series Analysis

I. INTRODUCTION

Recent advances in time-series forecasting have been largely
driven by artificial neural networks (ANNs), including re-
current, convolutional, and Transformer-based architectures.
These models have achieved impressive performance in pre-
dicting continuous-valued signals such as electricity consump-
tion, solar energy production, and traffic flow. However, they
rely on dense, real-valued activations and high-precision com-
putations, which limit their energy efficiency and biological
plausibility.

Spiking Neural Networks (SNNs) provide a more energy-
efficient and event-driven alternative. By processing discrete
spikes instead of continuous signals, SNNs can model tem-
poral dynamics using biologically inspired mechanisms such
as membrane potentials and firing thresholds. Recent frame-
works, such as SeqSNN [1], have demonstrated that SNNs can
approach the forecasting accuracy of ANNs while significantly
reducing computational cost. Nevertheless, most existing SNN
studies focus on regression-based forecasting, where the goal
is to predict precise continuous future values—a setting that
may neither fully exploit the event-driven nature of SNNs nor
align with the way biological systems, including the human
brain, naturally operate.
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In contrast, humans rarely predict precise numerical val-
ues in everyday reasoning. When anticipating future events,
people tend to make trend-level judgments—such as whether
temperature will rise, traffic will worsen, or demand will
drop—rather than exact quantitative forecasts. This cognitive
tendency suggests that event-driven binary trend prediction
may not only be computationally efficient but also more
consistent with biological intelligence. Such a formulation
naturally matches the discrete and event-based processing of
SNNs, making them ideal candidates for this class of tasks.

In this work, we systematically investigate SNNs in the
context of binary trend forecasting. We reformulate four
benchmark time-series datasets—Electricity, Solar, METR-
LA, and PEMS-Bay—into binary classification tasks that
indicate whether the next time step represents an increase or
a decrease relative to the current state. Using the SeqSNN
framework, we evaluate three representative SNN architec-
tures—iSpikformer, Spike-GRU, and Spike-TCN—under a
unified experimental setting. Each model is evaluated across
multiple forecasting horizons to assess both short-term and
long-term trend prediction capability. Our results show that
SNNs can effectively capture temporal dependencies and
maintain stable accuracy across datasets and horizons, while
preserving the inherent energy efficiency of event-driven com-
putation.

The main contributions of this work are as follows:

• Event-driven reformulation: We introduce a unified
framework that transforms traditional real-valued time-
series forecasting into a binary directional trend predic-
tion task, aligning the objective of forecasting with the
event-driven computation of SNNs.

• Binary dataset construction: We generate and release
binary directional versions of four widely used bench-
mark datasets—Electricity, Solar, METR-LA, and PEMS-
Bay—facilitating systematic evaluation of event-based
prediction models.

• Comprehensive SNN evaluation: We conduct extensive
experiments with three representative architectures, in-
cluding iSpikformer, Spike-GRU, and Spike-TCN, under
a consistent SeqSNN setting, and across multiple fore-
casting horizons.

• Insights into event-driven forecasting: Our study provides
quantitative evidence that SNNs can achieve effective
temporal inference when the forecasting task is reformu-
lated into a trend-based, event-driven paradigm.
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II. RELATED WORK

A. Time-Series Forecasting with ANNs

Traditional time-series forecasting has been dominated by
artificial neural networks (ANNs) such as convolutional neural
networks (CNNs) [2], [3], [4], recurrent neural networks
(RNNs) [5], [6], and graph neural networks (GNNs) [7],
[8]. Recently, Transformer-based architectures have achieved
state-of-the-art results in a variety of forecasting tasks [9],
[10]. These models predict continuous-valued signals by op-
timizing regression objectives, typically requiring dense real-
valued computation at each time step. While effective, such
approaches are energy intensive and less aligned with the
sparse, event-driven nature of biological computation.

B. Time-Series Forecasting with SNNs

Spiking Neural Networks (SNNs) represent an emerging
paradigm that processes information using discrete spikes
rather than continuous activations [11], [12]. Through tem-
poral integration of membrane potentials and threshold-based
firing, SNNs can capture temporal dynamics with low power
consumption, offering a biologically inspired alternative to
ANNs. Recent work has demonstrated that SNNs can perform
competitively on sequential event-based learning tasks such
as speech recognition [13], gesture classification [14], tactile
recognition [15], and event-based vision [16].

While SNNs have shown strong performance in event-
driven perception tasks, their potential for modeling continu-
ous temporal dynamics remains comparatively underexplored.
Unlike static classification or short-duration event recognition,
time-series forecasting requires capturing long-range temporal
dependencies and producing temporally consistent predictions.
This challenge has motivated several early efforts to apply
SNNs to forecasting tasks across specific domains, such as
financial data [17], wind power data [18], and electricity
demand [19]. However, these studies either focused primarily
on deploying SNNs to neuromorphic hardware for proof-of-
concept demonstrations or achieved limited forecasting accu-
racy due to the simplicity of their network architectures.

More recently, the SeqSNN framework [1] has introduced
a unified method for adapting modern sequence models such
as GRU, TCN, and Transformer to spiking computation. By
incorporating temporal alignment, hierarchical spike encoding,
and surrogate-gradient learning, SeqSNN enabled SNNs to
perform regression-based long-term forecasting on continuous-
valued datasets with performance close to their ANN counter-
parts. Despite these advances, existing SNN forecasting studies
remain limited to precise real-value prediction tasks. Such
regression objectives may not fully leverage the event-driven
processing capability of SNNs or reflect how biological sys-
tems reason about temporal information. Our work differs by
reformulating time-series forecasting into a binary directional
event prediction problem, thereby aligning the forecasting task
more closely with both the computational characteristics of
SNNs and the qualitative trend prediction observed in human
cognition.

III. METHODS

A. Event-Driven Binary Trend Reformulation

Traditional time-series forecasting tasks aim to predict
continuous future values given a historical input window. In
this work, we reformulate forecasting as a binary directional
prediction problem, where the model predicts whether the next
observation will increase or decrease relative to the current
state. Given an input sequence {xt}Tt=1, the binary label yt is
defined as:

yt =

{
1, if xt+1 − xt > 0,

0, otherwise.
(1)

This reformulation emphasizes qualitative temporal trends
rather than exact magnitudes, aligning the task with the event-
driven processing nature of SNNs and with how humans
naturally perceive and predict future changes.

B. Dataset Transformation

We apply this binary conversion to four commonly used
benchmark datasets: Electricity [20], Solar [20], Metr-
la [21], and Pems-Bay [21]. Each dataset contains multivariate
continuous-valued sequences originally used for regression-
based forecasting. After transformation based on Section III-A,
each sample is represented by a fixed-length binary input
window X ∈ RW×D and its corresponding binary target
y ∈ {0, 1}H , where W denotes the input length, D the number
of variables, and H the forecasting horizon. We generate direc-
tional labels for multiple horizons H ∈ {1, 2, 4, 6, 24, 48, 96}
to analyze both short-term and long-term prediction perfor-
mance.

C. Model Architectures

We evaluate three representative spiking models imple-
mented within the SeqSNN framework [1]:

• iSpikformer: a spiking adaptation of the iTransformer
architecture [10] with spike-based self-attention and feed-
forward modules;

• Spike-GRU: a recurrent SNN variant derived from gated
recurrent units [22];

• Spike-TCN: a temporal convolutional SNN that captures
local dependencies via spiking convolutions, inspired by
Temporal Convolutional Network (TCN) [2].

All models share the same encoder–decoder backbone as
SeqSNN, using a temporal alignment factor of Ts = 4 for
each original time step. The membrane potentials are updated
within each sub-step and reset at time-step boundaries to
ensure training stability. The output layer aggregates spike re-
sponses and produces a probability distribution via a Sigmoid
activation [23] for binary classification.

IV. EXPERIMENTS

A. Experimental Setup

We evaluate our proposed event-driven binary trend fore-
casting task on four benchmark datasets widely used in time-
series research:Electricity [20], Solar [20], Metr-la [21], and
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TABLE I
RESULTS ON THE ELECTRICITY DATASET. BEST VALUES PER HORIZON ARE HIGHLIGHTED IN BOLD.

Model Metric 1 2 4 6 24 48 96

iSpikformer
ACC 0.798 0.820 0.844 0.863 0.874 0.869 0.862
AUC 0.886 0.908 0.931 0.946 0.955 0.952 0.947
AP 0.873 0.899 0.928 0.945 0.955 0.952 0.948

Spike-TCN
ACC 0.750 0.765 0.798 0.820 0.839 0.840 0.838
AUC 0.838 0.854 0.890 0.911 0.930 0.931 0.929
AP 0.814 0.835 0.882 0.909 0.929 0.929 0.928

Spike-GRU
ACC 0.577 0.543 0.527 0.532 0.638 0.638 0.625
AUC 0.600 0.517 0.526 0.546 0.693 0.693 0.678
AP 0.543 0.474 0.493 0.519 0.670 0.680 0.674

TABLE II
RESULTS ON THE METR-LA DATASET. BEST VALUES PER HORIZON ARE HIGHLIGHTED IN BOLD.

Model Metric 1 2 4 6 24 48 96

iSpikformer
ACC 0.583 0.583 0.712 0.582 0.575 0.572 0.548
AUC 0.500 0.505 0.789 0.501 0.505 0.503 0.503
AP 0.417 0.419 0.702 0.419 0.426 0.430 0.441

Spike-TCN
ACC 0.723 0.704 0.707 0.705 0.686 0.693 0.712
AUC 0.806 0.781 0.782 0.779 0.742 0.755 0.783
AP 0.716 0.690 0.691 0.688 0.647 0.695 0.730

Spike-GRU
ACC 0.706 0.705 0.704 0.700 0.683 0.674 0.648
AUC 0.785 0.783 0.781 0.775 0.743 0.728 0.702
AP 0.689 0.686 0.686 0.677 0.650 0.650 0.642

TABLE III
RESULTS ON THE PEMS-BAY DATASET. BEST VALUES PER HORIZON ARE HIGHLIGHTED IN BOLD.

Model Metric 1 2 4 6 24 48 96

iSpikformer
ACC 0.529 0.620 0.621 0.623 0.610 0.671 0.672
AUC 0.523 0.669 0.670 0.675 0.653 0.742 0.742
AP 0.493 0.644 0.647 0.652 0.650 0.738 0.751

Spike-TCN
ACC 0.632 0.636 0.642 0.650 0.669 0.681 0.743
AUC 0.680 0.686 0.694 0.704 0.734 0.761 0.832
AP 0.651 0.656 0.669 0.677 0.713 0.759 0.838

Spike-GRU
ACC 0.590 0.591 0.598 0.597 0.603 0.615 0.645
AUC 0.624 0.629 0.634 0.635 0.645 0.664 0.705
AP 0.589 0.593 0.597 0.596 0.620 0.663 0.719

Pems-Bay [21]. Each dataset is reformulated into a binary
directional prediction problem, indicating whether the next
observation increases or decreases relative to the current
value. Forecasting horizons are set to {1, 2, 4, 6, 24, 48, 96}
to explore both short-term and long-term dynamics.

All models share the same SeqSNN backbone. We train
all models using the Adam optimizer by setting different
learning rates and mini-batch sizes for different datasets.
Binary cross-entropy loss is employed as the training objective.
Each model is trained for a maximum of 1000 epochs with
early stopping based on validation loss. To assess performance
across horizons, we compute classification metrics including
Accuracy, AUC, and AP.

B. Results and Analysis

Tables I–IV present detailed results of the three spiking
models—iSpikformer, Spike-TCN, and Spike-GRU—on all

four datasets across multiple horizons. The best performance
for each horizon and metric is highlighted in bold.

Across all datasets, Spike-TCN consistently yields the
strongest and most stable results, maintaining high perfor-
mance on periodic datasets such as Electricity and Solar and
showing clear advantages on irregular datasets like Metr-
la and Pems-Bay. This confirms that convolutional temporal
processing synergizes effectively with binary event-driven
dynamics, allowing Spike-TCN to capture both short-term and
long-term dependencies with robustness. iSpikformer demon-
strates competitive results on structured and periodic signals
but remains less stable for noisy, nonperiodic traffic data,
while Spike-GRU performs the weakest across all datasets
and horizons, reflecting the limitations of simple recurrent
integration under sparse spike activation.

Although the dataset reformulation converts the task from
real-valued forecasting to binary directional prediction, the
intrinsic challenge remains nontrivial. The models must still
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TABLE IV
RESULTS ON THE SOLAR DATASET. BEST VALUES PER HORIZON ARE HIGHLIGHTED IN BOLD.

Model Metric 1 2 4 6 24 48 96

iSpikformer
ACC 0.816 0.813 0.809 0.805 0.774 0.731 0.677
AUC 0.793 0.807 0.808 0.803 0.784 0.776 0.770
AP 0.434 0.469 0.485 0.481 0.522 0.581 0.634

Spike-TCN
ACC 0.929 0.924 0.920 0.920 0.933 0.946 0.952
AUC 0.976 0.974 0.972 0.973 0.982 0.989 0.991
AP 0.891 0.883 0.878 0.887 0.938 0.970 0.982

Spike-GRU
ACC 0.825 0.820 0.815 0.810 0.773 0.730 0.678
AUC 0.805 0.785 0.767 0.764 0.702 0.675 0.687
AP 0.574 0.545 0.528 0.520 0.484 0.477 0.512

learn to discriminate subtle variations and noise-driven sign
changes, especially in nonstationary environments. Further
fine-tuning of models such as iSpikformer and Spike-GRU
could help them better adapt to the event-driven binary formu-
lation. Interestingly, there is no clear monotonic relationship
between forecasting horizon and performance: in some cases,
longer horizons even yield higher accuracy and AUC. This
behavior is likely a consequence of the binary nature of the
prediction task, where binary longer-horizon trends become
smoother and more deterministic, while binary short-horizon
fluctuations remain dominated by stochastic noise.

It is also important to note that since we do not modify
the underlying network architectures, the energy efficiency
advantages of SNNs remain preserved. As demonstrated
in SeqSNN [1], spiking operations (ACs) are substantially
more energy-efficient than the multiply-accumulate (MAC)
operations of ANNs. Therefore, even under the proposed
binary reformulation, all three models maintain the same
computational and energy benefits reported in prior work.

V. CONCLUSION

This work presents a systematic study of spiking neural
networks for time-series forecasting under a binary event-
driven reformulation. Instead of predicting precise future val-
ues, we focus on directional trend prediction, which aligns
more closely with the discrete and energy-efficient nature of
SNNs as well as with human perceptual reasoning. Through
experiments on four benchmark datasets, we show that spiking
models can effectively capture temporal dependencies in both
periodic and irregular data. Among the tested architectures,
Spike-TCN demonstrates the best overall performance and
stability, while iSpikformer and Spike-GRU require further
tuning to handle noisy and nonstationary dynamics. The results
also reveal that the binary formulation remains a nontrivial
challenge, with no consistent improvement across horizons.
Since the model architectures are preserved, all methods main-
tain the energy efficiency advantages previously established
in SeqSNN. Overall, this study provides a new perspective
on evaluating SNNs for practical forecasting tasks and lays
the groundwork for future exploration of event-driven learning
frameworks for trend analysis.
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