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Abstract

Forecasting cryptocurrency prices remains difficult because market dynamics are highly
volatile, non-stationary, and regime-dependent. This study investigates whether combin-
ing a spiking-inspired recurrent architecture with the Grey Wolf Optimizer (GWO) can
improve one-step-ahead Bitcoin forecasting within a controlled model family. We com-
pare four configurations, LSTM, SLSTM, GWO-LSTM, and GWO-SLSTM, on 4039 daily
BTC–USD closing prices from 17 September 2014 to 9 October 2025 using Min–Max normal-
ization, strict chronological splitting, windowed regime-based robustness analysis across
three distinct market regimes, and repeated-run testing. The proposed SLSTM replaces
the conventional hidden-state recurrence with leaky integrate-and-fire-inspired synaptic,
membrane, and adaptive-threshold dynamics, functioning as a spiking-inspired recurrent
model with thresholded event gating (reset = ‘none’, learnable threshold). On the pri-
mary hold-out split, GWO-SLSTM achieved a test RMSE of 1840.97 and a test MAPE of
1.76%, compared with 2217.24 and 2.46% for GWO-LSTM, 3501.48 and 3.86% for SLSTM,
and 4030.10 and 4.40% for LSTM. Both GWO-optimized models exhibited substantial
improvements over their non-optimized counterparts, while the SLSTM baseline also out-
performed the plain LSTM, indicating gains from both spiking-inspired recurrence and
evolutionary hyperparameter optimization. Both optimized models exhibited near-zero
bias (PBIAS 0.11% for GWO-LSTM and 0.36% for GWO-SLSTM). Within the present im-
plementation, GWO-SLSTM also trained faster than GWO-LSTM (39.71 s vs. 137.28 s),
although this runtime difference should be interpreted as setup-specific because the model
families were implemented in different frameworks and stopped after different numbers
of epochs. Overall, within the expanded univariate BTC–USD setting, the results support
GWO-SLSTM as a strong within-family candidate for one-step-ahead forecasting under
non-stationary conditions.

Keywords: bitcoin; time-series forecasting; spiking neural networks; LSTM; grey wolf
optimizer; surrogate gradient; evolutionary algorithms

1. Introduction
Forecasting cryptocurrency prices remains a challenging task due to extreme volatility,

non-stationarity, and abrupt regime shifts that limit the robustness and generalization
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ability of conventional forecasting models. Traditional time series approaches, including
ARIMA, GARCH, and support vector regression, rely on assumptions of linearity and
stationarity that are frequently violated in cryptocurrency markets, resulting in limited
predictive performance under rapidly changing conditions [1,2].

Recurrent neural networks, and, in particular, Long Short-Term Memory (LSTM)
architectures, have become a standard choice for financial time-series forecasting due to
their ability to model nonlinear temporal dependencies and long-range dynamics. LSTMs
have demonstrated strong performance across a range of financial prediction tasks, includ-
ing stock indices and cryptocurrency prices [3,4]. However, their effectiveness is highly
sensitive to hyperparameter selection, and they are prone to overfitting and unstable con-
vergence when exposed to noisy or non-stationary data [5,6]. To mitigate these issues,
metaheuristic optimization techniques such as the Grey Wolf Optimizer (GWO) have been
introduced to automate hyperparameter tuning and improve convergence reliability [3].

Spiking-inspired recurrent architectures, based on leaky integrate-and-fire (LIF) mech-
anisms, represent a biologically motivated computational paradigm that processes infor-
mation through discrete spike events governed by membrane dynamics. By incorporating
leaky integrate-and-fire mechanisms and event-driven computation, SNNs offer high tem-
poral resolution, sparse activation, and potential energy efficiency, making them well suited
for non-stationary and resource-constrained settings [7,8]. Despite these advantages, train-
ing SNNs remains challenging due to the non-differentiability of spike functions. Surrogate
gradient methods have been proposed to enable gradient-based learning, but stability and
scalability issues persist, particularly for long temporal sequences [9,10]. Moreover, the in-
tegration of spiking dynamics into recurrent architectures suitable for financial forecasting
remains largely unexplored.

Motivated by these observations, this paper investigates whether spiking, leaky
integrate-and-fire-inspired state dynamics can improve one-step-ahead Bitcoin forecasting
under non-stationary conditions when compared with a matched LSTM baseline under
identical optimization budgets. The contribution is methodological rather than scale-driven:
we evaluate a hybrid recurrent design in which the conventional hidden-state update is
replaced by spiking-inspired membrane dynamics, while the learning rate and weight
decay are selected by the Grey Wolf Optimizer (GWO) for both models under the same
search budget. This framing helps separate architectural and optimization effects and
supports a reproducible comparison under strict chronological validation.

The main contributions of this work are summarized as follows:

• A spiking-inspired recurrent model (SLSTM) that embeds LIF-inspired synap-
tic, membrane, and adaptive-threshold dynamics with thresholded event gating
(reset = ‘none’, learnable threshold) into an LSTM-like update for one-step-ahead
univariate BTC–USD forecasting, together with Grey Wolf Optimizer (GWO)-based
tuning of learning rate and weight decay. The overall contribution is framed as a
controlled within-family comparison.

• A four-configuration comparative design comprising LSTM, SLSTM, GWO-LSTM,
and GWO-SLSTM. This design enables us to separate the architectural effect of spiking
recurrence, the optimization effect of GWO within each architecture, and the combined
effect under matched data splits, search budgets, and evaluation metrics.

• A reproducible evaluation protocol for regime-shifting financial data based on chrono-
logical splitting, windowed regime-based robustness analysis, and repeated-run sta-
tistical testing.

The empirical scope is therefore a controlled within-family comparison rather than an
exhaustive benchmark against all contemporary forecasting models.
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The remainder of the paper is organized as follows. Section 2 reviews the relevant
literature and positions the proposed approach within prior work, while Section 3 describes
the data, preprocessing steps, model formulations, optimization procedure, and evaluation
protocol. Section 4 presents the experimental setup; Section 5 reports the empirical results,
including hold-out, windowed regime-based robustness, statistical, and computational
analyses; and Section 6 discusses the findings, their practical implications, and the main
limitations of the study. Finally, Section 7 concludes the paper. Additional descriptive
diagnostics are provided in Appendix A, while the nomenclature and core pseudocode are
provided in Appendix B

2. Literature Review
This section reviews the three research streams most directly relevant to the present

study: deep recurrent forecasting models, evolutionary hyperparameter optimization, and
Spiking Neural Networks. It then identifies the specific methodological gap addressed
by the proposed approach and summarizes representative prior studies in a structured
comparative table.

2.1. Deep Learning Architectures in Financial Forecasting

Neural approaches to financial forecasting evolved from shallow models to recurrent
architectures that better capture nonlinear temporal dependencies. Vanilla RNNs are lim-
ited by vanishing/exploding gradients on long sequences, and LSTM architectures became
a standard solution for modeling longer temporal dependencies in financial series [11].
LSTMs have since been widely adopted for market prediction, with evidence of improved
performance across equities and commodity-related forecasting settings [12,13], as well as
in cryptocurrency prediction tasks, where LSTM-based methods can outperform classical
baselines such as ARIMA [14]. However, practical performance remains sensitive to hyper-
parameter choices and may degrade under noisy, non-stationary market dynamics, where
overfitting and unstable convergence are common [5,6].

Recent work further supports deep sequential models in complex regimes, includ-
ing multivariate financial forecasting and high-frequency, non-stationary trading scenar-
ios [15,16]. In parallel, automated tuning has become increasingly common; for example,
optimization-driven designs such as PSO-tuned deep ConvLSTM variants have been re-
ported to improve convergence reliability and predictive accuracy relative to manual
selection [17]. Collectively, these studies motivate robust temporal architectures paired
with adaptive hyperparameter selection.

Transformer-based forecasting models have also become an important reference point
in recent time-series prediction research. In the general forecasting literature, models such as
Informer were developed to improve long-range dependency modeling and computational
efficiency, especially in long-context settings [18]. In financial forecasting, transformer-style
models have likewise been applied to stock movement prediction, where they provide an
alternative inductive bias to conventional recurrent architectures and can capture broader
temporal interactions [19]. At the same time, these models often involve higher architectural
complexity and are commonly evaluated in richer multivariate settings than the controlled
univariate design used here. Expanding on these studies, the present study positions
GWO-SLSTM as a more compact recurrent alternative with stronger temporal locality,
intended for a controlled univariate and regime-shifting forecasting setup rather than as a
direct empirical replacement for transformer-based forecasters.
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2.2. Evolutionary and Swarm-Based Optimization in Time Series

Hyperparameter selection is a key bottleneck in deep time-series forecasting because
search spaces are non-convex and parameter interactions can be strong. As alternatives to
grid and random search, evolutionary and swarm-based methods provide population-level
exploration and are frequently used to tune neural forecasting pipelines. Particle Swarm
Optimization (PSO) and Genetic Algorithms (GAs), including hybrid formulations for
multi-asset settings [20], PSO-based optimization of deep models [21], and modified PSO
variants for LSTM hyperparameter tuning in financial series [22], have been applied to
financial modeling and deep-learning parameter tuning.

The Grey Wolf Optimizer (GWO) [23] is appealing due to its simple update rules
and empirically stable convergence behavior; it has been used in domains such as energy
demand forecasting [24] and stock prediction [25], and is often competitive with other
metaheuristics. Broader metaheuristic comparisons for LSTM tuning further confirm the
value of such approaches [26]. Recent BDCC-oriented studies likewise emphasize swarm
intelligence and hybrid evolutionary strategies for improving generalization and robustness
in volatile environments [27,28]. These results support using low-budget metaheuristic
search to reduce manual tuning and improve training reliability under distribution shifts.

2.3. Spiking Neural Networks and Surrogate Gradients

Spiking Neural Networks (SNNs) model computation via discrete spike events gov-
erned by membrane dynamics, offering temporally precise, and potentially sparse, event-
driven processing. Classical perspectives characterize SNNs as a biologically grounded
neural computation paradigm [29]. However, training is challenging because spike genera-
tion is non-differentiable. Surrogate gradient learning addresses this by using differentiable
approximations for the spike derivative during backpropagation [30]. Prior work shows
that recurrent SNN formulations with gating mechanisms can perform effectively when
tackling temporal learning problems [31], and broader surveys highlight event-driven effi-
ciency and the practical role of surrogate gradients in deep SNN training [32]. Nevertheless,
most empirical validation is targeted at neuromorphic benchmarks (e.g., vision or speech),
and financial time-series forecasting remains comparatively underexplored.

Emerging work has begun connecting event-driven neural computation to data-
intensive decision systems [33], while recent studies and reviews highlight the relevance of
bio-inspired and cognitive computing approaches for scalable analytics [34,35]. Comple-
mentary evidence from deployed AI systems further underlines the importance of rigorous
evaluation and robustness under distribution shifts [36]. In this broader context, integrating
big-data analytics with cognitive computing paradigms in cloud/IoT environments has
been highlighted as a pathway to scalable real-world adoption [37]. These directions moti-
vate investigations of spiking recurrent dynamics for non-stationary financial forecasting,
especially when paired with controlled optimization and validation protocols.

2.4. Research Gaps and Motivation

Despite progress in deep forecasting, swarm-based optimization, and spiking compu-
tation, their combined use for volatile financial time series remains limited. Three gaps are
particularly relevant:

1. Spiking neuron dynamics have been only minimally investigated within LSTM-style
architectures for financial forecasting.

2. Joint treatment of conventional training hyperparameters and spiking-specific dynam-
ics within a unified optimization-and-learning pipeline remains largely unexplored.

3. Controlled, chronologically rigorous evaluations of spiking-inspired LSTM-style re-
current models under non-stationary cryptocurrency market regimes remain limited.
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Existing studies typically emphasize either hyperparameter tuning of conventional
recurrent or transformer-based forecasters, or spiking/event-driven dynamics outside
controlled financial forecasting settings; evidence on their combination under a matched,
chronologically evaluated financial design remains limited.

2.5. Comparative Summary of Prior Models

Table 1 provides a structured overview of representative studies cited in Sections 2.1–2.3,
highlighting their architectures, optimization methods, data regimes, forecasting settings,
strengths, and limitations. The table enables a direct visual comparison and suggests that,
within the representative literature reviewed here, directly comparable evaluations combin-
ing spiking-inspired LSTM-style recurrence, evolutionary hyperparameter optimization,
and rigorous chronological validation for volatile financial time series remain limited. This
is the specific controlled setting evaluated in the present study.

Table 1. Comparison of prior models relevant to financial time-series forecasting, organized by
architecture and optimization strategy. The proposed GWO-SLSTM is included in the last row to
indicate the specific controlled comparison evaluated in this study.

Study/Model Architecture Optimization
Method Data Regime Forecasting

Setting Strengths and Shortcomings

Hochreiter and
Schmidhuber
(1997) [11]

LSTM Gradient
descent (BPTT)

Various sequential
benchmarks

General time
series

Strengths: Solves vanishing gradient.
Shortcomings: Manual tuning; no spiking.

Cryptocurrency
LSTM studies
[14]

LSTM Adam/SGD Bitcoin, altcoin
price data

Price
prediction

Strengths: Outperforms ARIMA. Shortcomings:
Sensitive to non-stationarity; no auto-tuning.

PSO-tuned
ConvLSTM [17] ConvLSTM

Particle Swarm
Optimization
(PSO)

Multivariate
financial series

Volatility/price
forecasting

Strengths: Improves convergence.
Shortcomings: No spiking; PSO may be costly.

PSO/GA for
financial deep
learning [20,21]

Generic deep
nets
(MLP/RNN)

PSO, Genetic
Algorithms

Stock indices,
equities

Return
prediction

Strengths: Population exploration.
Shortcomings: No LSTM gating; small data.

Modified
PSO-LSTM [22] LSTM Modified PSO Energy/financial

time series
Load/price
forecasting

Strengths: Tailored PSO. No event-driven
computation.

GWO for
energy/stock
[24,25]

LSTM/ELM Grey Wolf
Optimizer

Electricity
demand, stock
indices

Demand/price
prediction

Strengths: Simple, stable convergence.
Shortcomings: Conventional RNN; no spiking.

Metaheuristic
tuning survey
[26]

LSTM
Various (GA,
PSO, GWO,
etc.)

Multiple
benchmarks

General time
series

Strengths: Comprehensive comparison.
Shortcomings: No new model; no spiking.

SNN surrogate
gradient [30–32]

Spiking Neural
Networks
(feedforward or
recurrent)

Surrogate
gradient + BPTT

Neuromorphic
(vision, speech)

event
recognition

Strengths: Event-driven efficiency.
Shortcomings: Rarely financial; no evolutionary
tuning.

Transformer-
based
forecasting
studies [18,19]

attention-based
models

Gradient-based
training

Typically
multivariate,
longer-context
financial series

Price/return
forecasting

Strengths: Long-range dependency modeling;
multivariate interaction learning. Shortcomings:
Often data- and compute-intensive.

GWO-SLSTM
(proposed)

Spiking-
inspired
LSTM-style
recurrent model
with learnable
threshold and
reset = ‘none’

Grey Wolf
Optimizer +
early stopping

Bitcoin USD
(2014–2025),
chronological
80/20 split plus
windowed
regime-based
robustness
analysis

Price
(regression)

Strengths: Combines spiking-inspired
recurrence with GWO-based hyperparameter
tuning in a controlled forecasting setup.
Evaluated only on a univariate BTC–USD series;
no stronger external forecasting baseline is
included in the present study.
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As summarized in Table 1, existing works either apply swarm/evolutionary optimiza-
tion to conventional recurrent models, develop transformer-based forecasters with different
inductive biases and computational trade-offs, or explore spiking neural networks mainly
on non-financial benchmarks without evolutionary hyperparameter tuning. Within the
representative literature reviewed here, we did not identify a directly comparable study
that evaluates a spiking-inspired LSTM-style recurrent model with learnable thresholds
and a deliberate reset = ‘none’ configuration together with matched GWO-based tun-
ing for volatile cryptocurrency forecasting. Accordingly, the contribution of the present
work is best understood as a controlled within-family comparison under a fixed univariate
BTC–USD setup, matched GWO budgets, chronological hold-out testing, and windowed
regime-based robustness analysis, rather than as a general claim of superiority over all
contemporary forecasting models.

3. Materials and Methods
This section describes the empirical design of the study. It first presents the data

collection and preprocessing procedure, then explains the reproducibility controls, model
architectures, optimization method, and evaluation protocol used to ensure a fair compari-
son across the four forecasting configurations.

3.1. Data Collection and Preprocessing

Daily Bitcoin closing prices (BTC–USD) were obtained from Yahoo Finance (https:
//finance.yahoo.com/quote/BTC-USD/history/?p=BTC-USD) (accessed on 18 January
2026) for the period 17 September 2014 to 9 October 2025 and downloaded via the yfinance
API (ticker = “BTC-USD”).The access date format is ISO 8601 (also known as "YYYY-MM-
DD" or "dash-separated year-month-day"). The resulting dataset contains 4039 consecu-
tive daily observations and spans materially different market phases, including the early
market-formation period, the 2017 bull run, the 2018–2019 bear market, the 2020–2021
expansion phase, and the more recent high-volatility correction periods. This broader
horizon was selected to move beyond the narrower 2014–2017 proof-of-concept segment
used only during preliminary development and not in the final reported experiments,
providing a more credible basis for evaluating forecasting robustness under regime shifts
and non-stationarity.

Because Bitcoin trades continuously, the series contained no structural weekend or
holiday gaps. Prices were scaled to [0, 1] using Min–Max normalization, with scaling
parameters fitted on the training portion only and then applied, unchanged, to validation
and test segments. A strict chronological split was applied to avoid look-ahead bias: the first
3231 observations (80%) were used for training/validation, and the last 808 observations
(20%) were held out for testing. The small fraction of missing values (<0.001%) was handled
using linear interpolation.

To assess robustness beyond a single hold-out split, we additionally defined a win-
dowed regime-based robustness analysis in which pre-specified forward-test periods were
compared against the available prediction horizon while preserving strict chronology.
Three rolling-origin windows were selected to represent materially different market condi-
tions, namely a high-volatility correction/bear-transition segment, a recovery and early
expansion segment, and a sustained expansion segment. This design allows the relative
model ranking to be examined across temporally distinct regimes rather than relying only
on the primary hold-out split. The exact window boundaries and their dominant market
characteristics are reported in Table 2 in the main text.
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Table 2. Rolling-origin windows and dominant market characteristics used in the robustness analysis.
Each window contains a sequential training period followed by a forward-test period to evaluate
model generalization under changing Bitcoin market conditions.

Window Training Period Forward-Test Period Dominant Market Character

R1 17 September 2014–6 May 2021 7 May 2021–23 July 2023 High-volatility correction/bear transition
R2 26 October 2015–14 June 2022 15 June 2022–30 August 2024 Recovery and early expansion phase
R3 15 May 2016–2 January 2023 3 January 2023–20 March 2025 Sustained expansion (bull market)

Daily returns Rt were computed to characterize market regimes as bull (Rt > 1%), bear
(Rt < −1%), or neutral. Descriptive statistics and stationarity/dependence diagnostics
(ADF and Ljung–Box) for the train and test splits are reported in Appendix A (Table A1),
together with the regime distribution (Figure A1).

3.2. Rolling-Origin Evaluation

The rolling-origin robustness analysis was designed to assess whether the model
ranking observed in the primary chronological hold-out split remains stable across tempo-
rally distinct Bitcoin market regimes. Three forward-test windows were pre-specified, as
reported in Table 2: R1 represents a high-volatility correction/bear-transition phase, R2
represents a recovery and early expansion phase, and R3 represents a sustained expansion
phase. Because the stored prediction series from the final experiment covers the primary
20% hold-out period, quantitative scores are available only for the portions of R2 and R3
that overlap with this prediction horizon. R1 is retained in the window definition table
for transparency, but it is not scored in the current quantitative comparison. The reported
analysis should be interpreted as a windowed hold-out robustness check over the available
prediction horizon, rather than as a complete rolling-origin retraining benchmark across all
three windows.

3.3. Rolling-Origin Timeline Visualization

Figure 1 presents a Gantt-style timeline of the training and forward-test periods for the
three representative rolling-origin windows (R1, R2, R3). The blue bars indicate the training
period (approximately 60% of historical data), while the salmon bars show the forward-test
period (the subsequent 20%). The dominant market character for each test window is
annotated alongside the bar. This visualization complements Table 2 by illustrating the
temporal placement and relative lengths of the windows used in the robustness analysis.

Figure 1. Timeline of training and forward-test periods for the three representative rolling-origin
windows (R1, R2, R3). Blue bars represent training periods; salmon bars represent test periods. The
dominant market character of each test window is shown on the right.

https://doi.org/10.3390/bdcc10070200
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3.4. Rolling-Origin Trend Visualization

Figure 2 shows the temporal evolution of test-window mean and standard devia-
tion during rolling-origin evaluation, illustrating the model’s performance and stability
across time.

Figure 2. Rolling-origin evaluation of test-window mean and standard deviation across time
(4040-day period, September 2014–October 2025; all images and figures were created by the au-
thors of this paper).

3.5. Reproducibility and Methodological Justification

To ensure reproducibility and a fair comparison between the baseline and spik-
ing models, all stochastic sources and evaluation conditions were explicitly controlled.
The representative single-run results and diagnostic figures reported in the manuscript
use a fixed random seed (SEED = 25), applied consistently across Python’s random,
NumPy, and the deep learning frameworks used in this study. For framework-level
determinism, we set tf.random.set_seed(SEED) for the TensorFlow/Keras pipeline and
torch.manual_seed(SEED) for the PyTorch pipeline; when using CUDA, deterministic
execution settings were enabled (e.g., disabling cuDNN benchmarking) to reduce nonde-
terministic kernel selection. In addition, the statistical validation reported in Section 5.3
was conducted over 10 independent runs with different random seeds in order to assess
performance stability beyond a single initialization.

Both models were trained and evaluated on the same expanded BTC–USD dataset de-
scribed in Section 3.1, comprising 4039 daily closing-price observations from 17 September
2014 to 9 October 2025. An identical preprocessing pipeline was applied to both archi-
tectures, together with the same 30-day lookback window, the same strict chronological
80/20 hold-out split, and the same windowed regime-based robustness analysis, in order
to prevent look-ahead bias and preserve comparability. Min–Max scaling to [0, 1] was fitted
on the training portion only and then applied to validation and test segments. The 30-day
input window was retained after preliminary screening of candidate lookback lengths from
5 to 120 days, where performance stabilized around 30–35 days, while longer windows
tended to increase overfitting under high volatility.

https://doi.org/10.3390/bdcc10070200
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To match the optimization effort, in the hyperparameter search for both models, the
same Grey Wolf Optimizer (GWO) budget (5 wolves × 5 iterations; 25 function evaluations)
and the same two-stage training protocol were used. In Stage 1, each candidate config-
uration was trained for 5 epochs to obtain a fast and comparable validation-loss fitness
estimate. In Stage 2, the best configuration was retrained up to 50 epochs with identical
early stopping (patience = 5) and best-weight restoration. Across both models, AdamW
was used with batch size 32 and 32 hidden units. The GWO was tuned only for the learning
rate and weight decay; spiking-specific dynamics in GWO-SLSTM were learned during
training via surrogate gradients.

Finally, all evaluation metrics (MSE, RMSE, MAPE, PBIAS) were computed on inverse-
transformed USD prices using identical prediction–target pairs, and runtime was recorded
under the same reporting protocol. Despite different implementation frameworks (Tensor-
Flow/Keras for GWO-LSTM and PyTorch for GWO-SLSTM), using the controlled seeding
strategy, identical data partitions, and matched training/evaluation procedures ensures
reproducible experiments and a fair comparative analysis.

3.6. GWO-Optimized LSTM and SLSTM Architectures

We evaluate four forecasting configurations with matched recurrent capacity: a plain
LSTM, a plain SLSTM, a Grey Wolf-Optimized LSTM (GWO-LSTM), and a Grey Wolf-
Optimized Spiking LSTM (GWO-SLSTM). The plain models isolate architectural behavior
without metaheuristic tuning, whereas the GWO variants isolate the contribution of hyper-
parameter optimization within each architecture. All four models use a single recurrent layer
followed by a linear output head; the key architectural difference is that in SLSTM/GWO-
SLSTM, the conventional hidden-state recurrence is replaced with LIF-inspired synaptic,
membrane, and threshold dynamics, yielding a spiking-inspired recurrent mechanism based
on thresholded event gating rather than hard-reset spike propagation.

3.6.1. Baseline LSTM

Given the input xt, the LSTM updates gates, cell state, and hidden state as:

it = σ(Wiixt + bii + Whiht−1 + bhi), (1)

ft = σ(Wi f xt + bi f + Wh f ht−1 + bh f ), (2)

gt = tanh(Wigxt + big + Whght−1 + bhg), (3)

ot = σ(Wioxt + bio + Whoht−1 + bho), (4)

ct = ft ⊙ ct−1 + it ⊙ gt, (5)

ht = ot ⊙ tanh(ct). (6)

3.6.2. Spiking LSTM (SLSTM)

The SLSTM preserves the LSTM gating structure but uses a synaptic state synt and
membrane potential memt in place of (ct, ht):

it = σ(Wiixt + bii + Whimemt−1 + bhi), (7)

ft = σ(Wi f xt + bi f + Wh f memt−1 + bh f ), (8)

gt = tanh(Wigxt + big + Whgmemt−1 + bhg), (9)

ot = σ(Wioxt + bio + Whomemt−1 + bho), (10)

synt = ft ⊙ synt−1 + it ⊙ gt, (11)

memt = ot ⊙ tanh(synt). (12)

A spike event is generated by thresholding the membrane potential:
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St = I(memt ≥ Vth).

In a general spiking formulation, threshold crossing may optionally be followed by a
hard reset, a subtractive reset, or no reset. In the reported experiments, the reset mechanism
was fixed to reset = ‘none’, meaning that when the membrane potential crosses the
threshold, no hard or subtractive reset occurs. The membrane potential continues to evolve,
allowing subthreshold information to accumulate across time steps. This design better
preserves temporal dependencies in non-stationary financial series. The threshold Vth was
learned during training (learn_threshold = True), allowing the effective firing condition
to adapt to the data. Accordingly, in the present SLSTM, spiking is not a classical hard-reset
event-driven mechanism; rather, the forecasting behavior is shaped by the interaction
of thresholded event generation, synaptic and membrane-state dynamics, and adaptive
threshold learning. Because St is non-differentiable, surrogate gradients are used in training
to enable backpropagation through the spike-generation operation. The GWO is used to
tune the conventional continuous training hyperparameters only (learning rate and weight
decay) under a fixed evaluation budget.

3.6.3. Input Scenario and Fairness Controls

The main experiment features a strictly univariate input setting based on BTC–USD
closing prices only, in order to isolate architectural effects and reduce feature-induced
leakage risk. The plain LSTM and plain SLSTM have the same recurrent architectures as
their GWO-optimized counterparts; the only difference is that the baseline variants are
trained without GWO, using fixed training hyperparameters. This yields four directly
comparable configurations: LSTM, SLSTM, GWO-LSTM, and GWO-SLSTM. The resulting
pairwise comparisons isolate (i) the effect of spiking recurrence without metaheuristic
tuning (LSTM vs. SLSTM), (ii) the effect of GWO within the conventional architecture
(LSTM vs. GWO-LSTM), (iii) the effect of GWO within the spiking architecture (SLSTM
vs. GWO-SLSTM), and (iv) the architecture effect under matched GWO budgets (GWO-
LSTM vs. GWO-SLSTM). Figure 3 summarizes the executed pipeline only: univariate input,
GWO tuning of learning rate and weight decay, and evaluation using MSE, RMSE, MAPE,
and PBIAS.

For full transparency, Appendix B provides the language-agnostic pseudocode for the
SLSTM forward pass, the GWO search loop, and the fitness evaluation routine, consistent
with the hyperparameters in Table 3. In terms of asymptotic complexity, both LSTM and
SLSTM forward passes scale linearly with sequence length and hidden dimension, while the
overall training cost additionally scales with the fixed GWO evaluation budget, ensuring
controlled and comparable computational overhead.

3.7. Grey Wolf Optimizer

The Grey Wolf Optimizer (GWO) is a population-based metaheuristic that emulates
the leadership hierarchy and hunting strategies of grey wolves [23]. Solutions are ranked
as α (best), β, δ, and ω, with searches guided by the top three to balance exploration
and exploitation.

Search space and objective: The GWO tunes continuous hyperparameters for both
models under identical budgets. Each wolf encodes Xi = [ηi, WDi] (learning rate η, weight
decay WD), with fitness as the validation MSE after 5 epochs (Stage 1, as per Section 3.5).
Bounds are model-specific:

η ∈ [10−4, 10−1], WD ∈ [10−4, 9 × 10−1] (GWO-LSTM),

η ∈ [10−4, 10−1], WD ∈ [0, 10−3] (GWO-SLSTM).
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                    GREY WOLF OPTIMIZER (GWO) 
   • Hierarchical population: α, β, δ, ω wolves 
                                                                    
Parameter targets per model:   
     GWO–LSTM                                 GWO–SLSTM  
  • Learning rate (η)                         • Learning rate (η) 
  • Weight decay (λ)                        • Weight decay (λ) 
   
                                                            
     
Each model periodically re-optimized by GWO during training. 
 

     DATA PREPROCESSING                            
   • Normalization (Min–
Max scaling)                                 
   • Chronological 80–20 
split (no look-ahead bias)                  
   • Missing value 
interpolation                                     

          WINDOWING                                 
  • Sequence slicing & 
target alignment                             
   • Rolling/expanding 
training windows                              
  • Lagged feature 
construction             

TRAINING AND VALIDATION 
• Forward/backward propagation 

• Rolling-origin cross-validation 

      MODEL ARCHITECTURE BRANCHES                      
                                                                 
              GWO–LSTM                                GWO–SLSTM        
       - Standard LSTM units                   - Spiking LSTM units   
       - Cell state updates (cₜ)                 - Membrane dynamics    
       - Gradient descent learning         - Surrogate gradients                                                  
 
Optimized by GWO → η, λ           Optimized by GWO→ η, λ 
                                                                                     

EVALUATION 
• Metrics: MSE, MAPE, PBIAS   
• Comparative performance: 
GWO–LSTM vs. GWO–SLSTM 

vs. LSTM vs. SLSTM 
 

RESULTS & INSIGHTS 
• Optimal hyperparameters discovered 

by GWO 
• Improved robustness and temporal 

generalization (SLSTM) 
• Computational cost trade-off analysis 

 

◎ GWO → Meta-parameter optimizer for η, λ,  

◎ Gradient Descent → Learns network weights & biases   

◎ α–β–δ–ω hierarchy → Controls exploration–exploitation trade-off 

Figure 3. Corrected executed univariate forecasting pipeline used in the main experiments. BTC–USD
closing prices are Min–Max normalized using training-set parameters, transformed into 30-day
input windows, and evaluated under strict chronological hold-out testing. Four configurations are
compared: LSTM, SLSTM, GWO-LSTM, and GWO-SLSTM. The GWO is applied only during the
hyperparameter-search stage to tune the learning rate and weight decay under a fixed 25-evaluation
budget; it is not periodically re-applied during final training. Model outputs are evaluated using MSE,
RMSE, MAPE, and PBIAS. The SLSTM branch differs from LSTM through LIF-inspired synaptic,
membrane, and adaptive-threshold dynamics.
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Table 3. Hyperparameters for LSTM, GWO-LSTM, SLSTM, and GWO-SLSTM, including search bounds, fixed settings, and the final selected values used in the
reported experiments.

Parameter Type Bounds/Choices Final Value Notes

Common (Both Models)
Learning rate (η) Continuous [10−4, 10−1] 0.0052/0.0018 Optimized by GWO; AdamW
Weight decay (WD) Continuous [10−4, 9!×!10−1] (LSTM)/[0, 10−3] (SLSTM) 0.00012 (GWO-LSTM); 0.00079 (GWO-SLSTM) Optimized by GWO; SLSTM upper bound 0.001
Batch size Fixed 32 32 Held constant
Input window Fixed 30 time steps 30 Held constant
Max training epochs Fixed 50 (both) 50 Stage 2 only
Early stopping patience Fixed 5 (both) 5 Stage 2 only

Architectural Differences

Hidden units Fixed 32 (LSTM), 32 (SLSTM) 32/32 Held constant; SLSTM uses hidden_size = 32 in
BitcoinPredictor

Dropout Fixed 0.0 (both) 0.0/N/A No dropout used in either model

SLSTM-Specific (Spiking Dynamics)
Spike threshold (Vth) Learned Adaptive during training Learned learn_threshold = True

Reset mechanism Fixed ‘none’ ‘none’
No hard or subtractive reset applied after threshold
crossing; membrane state continues across time steps

Surrogate gradient Fixed surrogate.atan() atan Arctan surrogate for spike function

LSTM-Specific
Activation function Fixed tanh (recurrent), sigmoid (gates) Standard LSTM Default TensorFlow/Keras
Recurrent dropout Fixed 0.0 0.0 No recurrent dropout

GWO Configuration (LSTM)
Population size Fixed 5 5 25 evaluations total
Iterations Fixed 5 5

GWO Configuration (SLSTM)
Population size Fixed 5 5 25 evaluations total (as per source code)
Iterations Fixed 5 5

GWO Common Settings
Fitness epochs Fixed 5 5 Stage 1 only
Search dimension Fixed 2 (η, WD) 2 Continuous variables
Random seed Fixed 25 25 Reproducibility
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The best configurations are used in full training (Stage 2). Recent variants like attention-
based GWO (AtGWO) [38] and hybrid GWO-based neural optimization frameworks [39,40]
further improve convergence and hyperparameter tuning robustness for neural networks,
motivating our adoption.

Position update: The convergence factor decreases linearly:

a(t) = 2 − 2
t

Tmax
. (13)

For leaders ℓ ∈ {α, β, δ}, with r1, r2 ∼ U (0, 1)D:

Aℓ = a(2r1 − 1), Cℓ = 2r2, (14)

Dℓ = |Cℓ ⊙ Xℓ − Xi|, (15)

X′
ℓ = Xℓ − Aℓ ⊙ Dℓ, (16)

Xnew
i =

1
3
(X′

α + X′
β + X′

δ). (17)

Positions are clipped to bounds; loop runs for Tmax = 5 iterations with five wolves
(25 evaluations).

Integration with gradient-based learning: GWO optimizes only η and WD (low-
dimensional, per Table 3); the spiking parameters in GWO-SLSTM use surrogate gradients.
This hybridization enables robust generalization in volatile series, as demonstrated in
GWO-based neural network optimization frameworks [39].

The GWO configuration implemented in this study is the standard low-budget setup
described above, and was used consistently across all evaluated models.

3.8. Training and Evaluation Protocol

The GWO-optimized models were trained using the AdamW optimizer with early
stopping based on the validation MSE. A patience of five epochs was used to reduce
overfitting during final training. After the best hyperparameter configuration was iden-
tified in Stage 1 from the validation results, that configuration was retrained in Stage 2
on the combined training and validation data for up to 50 epochs, again with early stop-
ping (patience = 5) and best-weight restoration. The baseline LSTM and SLSTM models
were trained under the same data splits and stopping logic, but without a GWO-based
hyperparameter search.

The predictive performance was assessed using mean squared error (MSE), root
mean squared error (RMSE), mean absolute percentage error (MAPE), and percent bias
(PBIAS). All metrics were computed on inverse-transformed BTC–USD prices using identi-
cal prediction–target pairs, enabling direct comparison across the four forecasting configu-
rations. In addition, training and testing times were recorded to evaluate computational
efficiency alongside predictive accuracy.

4. Experimental Setup
All experiments were executed on a high-performance server equipped with an

NVIDIA Tesla V100 GPU, an Intel Xeon Platinum CPU, and 64 GB of RAM. the soft-
wars used in this experiment are numpy: 1.24.3, torch: 2.2.2, tensorflow: 2.16.2, pandas:
2.3.1, matplotlib: 3.10.0, sklearn: 1.2.2, snntorch: 0.9.4, tqdm: 4.67.1, statsmodels: 0.14.5,
seaborn: 0.13.2, yfinance: 0.2.66,

Implementation frameworks:

• LSTM/GWO-LSTM: Implemented in TensorFlow/Keras, leveraging highly optimized
LSTM primitives. The plain LSTM serves as the non-optimized conventional baseline,
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whereas GWO-LSTM has the same architecture with the learning rate and weight
decay selected by the GWO.

• SLSTM/GWO-SLSTM: Implemented in PyTorch 2.2.2 with snnTorch, enabling ex-
plicit implementation of spiking neuron dynamics and surrogate-gradient training.
The plain SLSTM serves as the non-optimized spiking baseline, whereas GWO-SLSTM
uses the same architecture with learning rate and weight decay selected by GWO.

The framework choice reflects implementation requirements rather than differences in
experimental conditions: TensorFlow/Keras provides stable, production-grade recurrent
layers, while PyTorch offers the flexibility needed to define custom spiking-state updates.
To preserve comparability, both pipelines used the same data partitions and preprocessing,
identical random seeds, and matched training/evaluation procedures. All runs were
conducted in a Python 3.9 environment with deterministic settings where supported, and
the hardware/software configuration was kept constant across experiments to ensure a fair
comparison between conventional and spiking architectures.

4.1. Hyperparameter Search Configuration

Hyperparameter optimization for both GWO-LSTM and GWO-SLSTM was performed
using the Grey Wolf Optimizer. The search was restricted to two continuous hyperparame-
ters only: the learning rate and the weight decay. All remaining parameters were held fixed
across optimization runs to preserve comparability between architectures. In particular,
spiking-specific settings such as the surrogate gradient, reset mode, and threshold-learning
mechanism were not optimized by GWO; they were fixed by design or learned through
gradient-based training within the SLSTM model. The optimization followed a two-
stage procedure. In Stage 1 (fast evaluation), each candidate configuration was trained for
5 epochs, and the resulting validation MSE was used as the fitness score. In Stage 2 (final
training), the best configuration from Stage 1 was retrained using the full training protocol
with early stopping and best-weight restoration.

The learning-rate search range was the same for both architectures,

η ∈ [10−4, 10−1],

while the weight-decay range was architecture-specific:

WD ∈ [10−4, 9 × 10−1] for GWO-LSTM,

WD ∈ [0, 10−3] for GWO-SLSTM.

The GWO search budget was matched across both architectures at 25 candidate
evaluations, corresponding to five wolves and five iterations for each model. This matched-
budget design is important because it ensures that differences between GWO-LSTM and
GWO-SLSTM are not attributable to unequal optimization effort. The complete set of fixed
settings, search bounds, and final selected values is summarized in Table 3.

Both model families used the same number of fitness-evaluation epochs (five epochs
per candidate) and the same early-stopping patience (5). For the SLSTM variants, the reset
mode was fixed to ‘none’ and the firing threshold was learned during training. Thus,
threshold crossings generated spike events but did not trigger either a hard reset to zero
or a subtractive reset of the membrane potential. This choice was deliberate: for financial
forecasting, retaining subthreshold information across time steps may be more useful than
enforcing temporally sparse resets. The adaptive threshold helped stabilize membrane
dynamics under this no-reset configuration. We therefore describe the reported SLSTM as
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a spiking-inspired recurrent model with thresholded event gating, rather than as a classical
hard-reset spiking network.

4.2. Evaluation Metrics and Statistical Testing

Model accuracy was assessed using four standard regression measures: mean squared
error (MSE), which emphasizes larger absolute errors; root mean squared error (RMSE),
which reports the error magnitude for the original price units; mean absolute percentage
error (MAPE), which reflects relative error; and percent bias (PBIAS), which captures
systematic directional error. Metrics were computed on inverse-transformed prices (USD)
using identical prediction–target pairs for both the training and test splits.

PBIAS captures systematic directional error:

PBIAS = 100 × ∑N
t=1(yt − ŷt)

∑N
t=1 yt

.

A positive PBIAS indicates underestimation (ŷt < yt on average), while negative
values indicate overestimation. Unlike MAPE, which reflects error magnitude, PBIAS
highlights directional drift and therefore complements magnitude-based metrics in volatile,
non-stationary series [41–46].

To compare models, we performed paired t-tests over 10 independent runs with differ-
ent random seeds. In addition to p-values, relative percentage improvements are reported
to provide an interpretable measure of practical effect size beyond statistical significance.

5. Results and Analysis
This section reports the empirical findings of the study. It first examines forecast behavior

and rolling-error patterns, then presents training dynamics, comparative benchmark results,
and computational-efficiency observations for the four evaluated model configurations.

5.1. Target Prediction Analysis

Figures 4 and 5 compare the actual BTC–USD test trajectory with the LSTM
and GWO-LSTM predictions, showing that GWO-LSTM tracks the series more closely
(correlation = 0.998) than LSTM (correlation = 0.990), although both follow the over-
all trend.

Figure 4. Actual vs. predicted BTC prices using standard LSTM. The model captures the overall
trend (correlation = 0.990) but shows a slight systematic bias (mean actual $72,108.64 vs. pre-
dicted $72,083.94).
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Figure 5. Actual vs. predicted BTC prices using GWO-LSTM. The model achieves stronger agreement
(correlation = 0.998) with a mean predicted price of $72,030.90.

Figures 6 and 7 show the prediction performance of SLSTM and GWO-SLSTM, respec-
tively. The SLSTM model (Figure 6) yields a correlation coefficient of 0.993 with an average
predicted value of $71,290.94, while the GWO-optimized SLSTM (Figure 7) achieves the
highest correlation (0.998) and a mean predicted price of $71,852.06, which is closer to the
actual average of $72,108.64 compared to the non-optimized SLSTM.

Figure 6. Actual vs. predicted BTC prices using SLSTM. The model shows good agreement (correla-
tion = 0.993) with a mean predicted price of $71,290.94.

The above performance graphs are complemented with Seven-day rolling RMSE and
MAPE for all models. See Appendix B for the seven-day rolling analysis. In the main
text below we are only showing below the Seven-day rolling RMSE and MAPE for GWO-
SLSTM in Figure 8 because it achieves the lowest rolling RMSE and MAPE among the
evaluated configurations.

5.2. Training Dynamics

Figures 9–12 depict the convergence pattern when the same early stopping rule
is employed (patience = 5). While LSTM (Figure 9) reached a validation plateau very
quickly and stopped training after only 5 epochs, ending with a large final validation MSE
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(32, 543, 626.22), GWO-LSTM (Figure 10) continues converging for 26 epochs, achieving a
much smaller validation MSE (6, 278, 161.21).

Figure 7. Actual vs. predicted BTC prices using GWO-SLSTM. The model achieves the strongest
agreement (correlation = 0.998) with a mean predicted price of $71,852.06, bringing it closer to the
actual mean of $72,108.64 than the standard SLSTM.

Figure 8. Seven-day rolling RMSE and MAPE for GWO-SLSTM. This model achieves the low-
est rolling RMSE and MAPE among the evaluated configurations (average RMSE = 1624.47,
max = 4715.67; average MAPE = 1.76%, max = 5.13%), indicating comparatively lower rolling
errors under the evaluated regime-shifting conditions.

Unlike LSTM, SLSTM (Figure 11) converges after 6 epochs, producing a validation
MSE of 29, 990, 066. However, GWO-SLSTM exhibits the most notable optimization process
(Figure 12), converging rapidly and stopping after 20 epochs with the best validation MSE
(4, 928, 175) and the lowest validation loss among all models.

5.3. Benchmarking Results

Table 4 reports the representative single-run chronological hold-out experiment using
SEED = 25. A repeated-run statistical comparison over 10 independent runs is then used to
assess the stability of these findings beyond seed-specific behavior. In the representative
hold-out experiment, GWO-SLSTM reduced the test RMSE from 3501.48 to 1840.97 relative
to the baseline SLSTM, reduced the test MAPE from 3.86% to 1.76%, and maintained a
near-zero PBIAS of 0.36%.
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Figure 9. Training and validation curves for standard LSTM. Early stopping triggers at epoch 5 with
high validation error, indicating rapid overfitting or convergence to a suboptimal minimum.

Figure 10. Training and validation curves for GWO-LSTM. The model continues to improve for
26 epochs, achieving a significantly lower validation error than standard LSTM.

https://doi.org/10.3390/bdcc10070200

https://doi.org/10.3390/bdcc10070200


Big Data Cogn. Comput. 2026, 10, 200 19 of 32

Figure 11. Training and validation curves for standard SLSTM. Early stopping triggers at epoch 6,
showing improved but not optimal stability.

Figure 12. Training and validation curves for GWO-SLSTM. The model achieves the best validation
loss and stable convergence, suggesting that the combination of spiking-inspired recurrence and GWO
optimization was associated with improved convergence behavior under the evaluated conditions.
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The quantitative window-specific robustness results are reported directly in Table 5 .
Because the final stored predictions cover the primary hold-out prediction horizon, R1 lies
outside the available scored prediction period and is therefore reported as not evaluated.
R2 is partially covered and R3 is largely covered. Across the two evaluable windows,
GWO-SLSTM achieved the lowest RMSE and MAPE, followed by GWO-LSTM, SLSTM,
and LSTM. This provides quantitative evidence that the main hold-out ranking is preserved
within the available windowed robustness analysis, while avoiding the overstatement that
all three rolling-origin windows were fully retrained and scored.

The four-model comparison was designed to determine where the observed gains
originate. The LSTM–SLSTM comparison isolates the architectural contribution of the
spiking-inspired recurrence without metaheuristic tuning, while the LSTM–GWO-LSTM
and SLSTM–GWO-SLSTM comparisons isolate the contribution of GWO within each
architecture. Lastly, the GWO-LSTM–GWO-SLSTM comparison evaluates the architecture
effect under matched search budgets and evaluation conditions. These four configurations are
summarized in Table 4 under the same preprocessing, data partitions, and evaluation metrics.

Table 4. Performance comparison across LSTM variants. Values are in USD, except MAPE and
PBIAS (%). GWO-LSTM and GWO-SLSTM results are from optimized configurations; baseline LSTM
and SLSTM use the fixed Adam optimizer (lr = 0.001, weight decay = 0).

Metric
Baseline (Adam) GWO-Optimized

LSTM SLSTM GWO-LSTM GWO-SLSTM

Training

RMSE 2103.08 1656.66 996.15 839.49
MSE 4,422,931.52 2,744,508.00 992,312.79 704,744.13
MAPE (%) 77.79 43.35 22.46 28.18
PBIAS (%) −2.64 1.37 −3.50 1.32

Test

RMSE 4030.10 3501.48 2217.24 1840.97
MSE 16,241,684.70 12,260,338.00 4,916,169.91 3,389,182.50
MAPE (%) 4.40 3.86 2.46 1.76
PBIAS (%) 0.03 1.13 0.11 0.36

Training Configuration

Early stopping Epoch 5 Epoch 6 Epoch 26 Epoch 20
Best val. loss 0.001047 — 0.000317 —

The high training MAPE values relative to testing are due to the extreme non-
stationarity and low absolute prices in the early years of the Bitcoin dataset. MAPE
is sensitive to low-magnitude values, which inflate percentage errors in the training period.
Therefore, MAPE should be interpreted cautiously and is less informative than RMSE for
non-stationary cryptocurrency forecasting.

5.3.1. Windowed Robustness Analysis Setup

To present the regime-specific evidence more quantitatively in the main manuscript,
Table 5 reports the window-specific model performance for the portions of the pre-specified
forward-test windows that overlap with the available prediction horizon. Metrics were com-
puted on inverse-transformed BTC–USD prices. Models are ranked within each evaluable
window by RMSE, where a lower rank indicates better predictive performance.
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Table 5. Window-specific robustness results across the pre-specified forward-test regimes. R1 is
shown for transparency but is not scored because it does not overlap with the stored prediction
horizon. Quantitative model comparisons are therefore based on the evaluable portions of R2 and R3.

Window Forward-Test Period Evaluated Sub-Period Model RMSE MAPE (%) PBIAS (%) Rank

R1 7 May 2021–23 July 2023 Not covered by stored predictions LSTM – – – –
SLSTM – – – –
GWO-LSTM – – – –
GWO-SLSTM – – – –

R2 15 June 2022–30 August 2024 24 July 2023–30 August 2024 LSTM 3456.57 4.93 −0.72 4
SLSTM 2790.86 4.36 0.33 3
GWO-LSTM 1711.39 2.78 −1.86 2
GWO-SLSTM 1438.62 1.80 −0.13 1

R3 3 January 2023–20 March 2025 24 July 2023–20 March 2025 LSTM 4008.73 4.84 −0.73 4
SLSTM 3148.13 4.07 0.25 3
GWO-LSTM 1936.34 2.56 −0.92 2
GWO-SLSTM 1760.52 1.86 0.08 1

5.3.2. Window-Specific Interpretation

The window-specific results in Table 5 show a consistent ranking across the two evalu-
able windows. In R2, GWO-SLSTM achieved the lowest RMSE (1438.62) and MAPE (1.80%),
followed by GWO-LSTM (RMSE = 1711.39; MAPE = 2.78%), SLSTM (RMSE = 2790.86;
MAPE = 4.36%), and LSTM (RMSE = 3456.57; MAPE = 4.93%). In R3, the same order-
ing was observed: GWO-SLSTM again ranked first (RMSE = 1760.52; MAPE = 1.86%),
followed by GWO-LSTM (RMSE = 1936.34; MAPE = 2.56%), SLSTM (RMSE = 3148.13;
MAPE = 4.07%), and LSTM (RMSE = 4008.73; MAPE = 4.84%).

Averaged across R2 and R3, GWO-SLSTM reduced RMSE by approximately 57.1%
relative to LSTM, 46.1% relative to SLSTM, and 12.3% relative to GWO-LSTM. These results
provide direct quantitative support in the main text for the claim that the optimized spiking-
inspired recurrent configuration was the strongest-performing model within the evaluated
windowed robustness analysis. At the same time, because R1 was not scored and the
models were not fully retrained independently for every rolling origin, these results should
be interpreted as a regime-window robustness check over the available prediction horizon
rather than as a complete rolling-origin re-estimation benchmark.

To investigate whether the improvement holds across multiple independent runs, we
performed paired t-tests across 10 independent runs with different random seeds. The
difference between GWO-LSTM and conventional LSTM and between GWO-SLSTM and
SLSTM was found to be statistically significant, with a reduction in RMSE of p < 0.001.
The repeated-run evaluation further supports the stability of the observed improvement.
Representative point estimates from the SEED = 25 trial are:

• Test RMSE: 1840.97 (GWO-SLSTM) vs. 3501.48 (baseline SLSTM);
• Test RMSE: 2217.24 (GWO-LSTM) vs. 4030.10 (baseline LSTM);
• Test MAPE: 1.76% (GWO-SLSTM) vs. 3.86% (baseline SLSTM);
• Test MAPE: 2.46% (GWO-LSTM) vs. 4.40% (baseline LSTM);
• Test PBIAS: 0.36% (GWO-SLSTM) vs. 1.13% (baseline SLSTM).

GWO-based optimization significantly improved both LSTM and SLSTM architec-
tures. LSTM exhibited a large difference between training and testing errors (RMSE:
2103 vs. 4030), suggesting overfitting or problems related to non-stationary dynamics. The
proposed GWO-LSTM successfully reduced the difference in errors while also providing
better results in terms of absolute test errors (RMSE: 2217). In addition, the spiking-inspired
architecture exhibited lower test errors than the conventional LSTM baseline. The baseline
SLSTM exhibited a better test RMSE compared to LSTM, with values of 3501 and 4030,
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respectively. The optimized GWO-SLSTM further improved the test RMSE, achieving the
best results among all methods (1841). Additionally, GWO-SLSTM exhibits the lowest test
PBIAS value (0.36%), approaching zero. Notably, while GWO-LSTM achieves a slightly
higher test MAPE (2.46%) than GWO-SLSTM (1.76%), the latter demonstrates superior
RMSE and bias characteristics, indicating a more balanced error distribution across the
test set.

5.3.3. Visual Representations

Additional diagnostic visualizations (radar charts, Taylor diagrams, and APE boxplots)
were generated to cross-check agreement, variance matching, and error dispersion. These
plots and their descriptions are provided in the Supplementary Material and are available
at the repository link reported in the Data Availability Statement.

5.3.4. Computational Efficiency

To complement the accuracy results, we evaluated computational efficiency by record-
ing end-to-end wall-clock time for training and testing under the same hardware and
reporting protocol. Table 6 summarizes the timing metrics for all four model variants.

Table 6. Computational efficiency comparison across LSTM variants. All measurements are wall-clock
seconds under identical hardware conditions.

Metric LSTM GWO-LSTM SLSTM GWO-SLSTM

Training time (s) 7.75 137.28 8.42 39.71
Testing time (s) 0.37 0.38 0.02 0.02
Total time (s) 8.13 137.66 8.44 39.73
Train/test time ratio 20.89 363.65 453.09 1610.66
Number of epochs 5 26 6 20
Train time per sample per epoch (s) 0.00048 0.00165 0.00044 0.00062
Test time per sample (s) 0.00046 0.00047 0.00002 0.00003
Early stopping Epoch 5 Epoch 27 Epoch 6 Epoch 20
Best validation loss 0.001047 0.000317 — 0.000292

Several key observations emerge from the timing analysis. First, the baseline LSTM
(Adam optimizer, no GWO) is the fastest model overall, completing training in just 7.75 s
over five epochs before early stopping triggers. However, this speed comes at the cost of
a poor predictive accuracy (test RMSE = 4030.10) and indicates rapid convergence to a
suboptimal minimum.

The GWO-LSTM model requires substantially more computational resources (137.28 s
training time, 26 epochs) due to the hyperparameter optimization search and the com-
putational overhead of conventional LSTM layers. Its train time per sample per epoch
(0.00165 s) is approximately 3.4× higher than the baseline LSTM.

The SLSTM architecture demonstrates excellent efficiency, requiring only 8.42 s of
training time—slightly less than even the baseline LSTM—while achieving significantly
better test accuracy (test RMSE = 3501.48). The spiking design yields a very low per-epoch
cost (0.00044 s per sample per epoch), which is actually lower than that of the baseline
LSTM (0.00048 s). Within the present implementation, the SLSTM exhibited a comparatively
low per-epoch computational cost.

In the present implementation, the GWO-SLSTM model achieved the best predictive
accuracy (test RMSE = 1840.97, test MAPE = 1.76%) while incurring a moderate training
time of 39.71 s over 20 epochs; this runtime should be interpreted as setup-specific rather
than as evidence of intrinsic architectural efficiency. Its train time per sample per epoch
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(0.00062 s) is about 1.4× higher than the non-optimized SLSTM, but still far lower than the
GWO-LSTM’s per-epoch cost.

Important caveats and interpretation. The reported runtime differences should be
interpreted in light of several important limitations. First, the two model families were
implemented in different deep learning frameworks: TensorFlow/Keras for the LSTM vari-
ants (LSTM and GWO-LSTM) and PyTorch/snnTorch for the SLSTM variants (SLSTM and
GWO-SLSTM). Framework-level differences in computational graph optimization, memory
management, and operator execution can substantially influence wall-clock measurements
independent of architectural efficiency. Second, the models stopped after different num-
bers of epochs due to early stopping (5, 26, 6, and 20 epochs, respectively), meaning
that the GWO-LSTM’s longer training time partly reflects its longer optimization path
rather than solely its per-step computational cost. Third, the GWO search budgets were
matched in terms of candidate evaluations (5 × 5), but the internal cost per candidate
differs between frameworks.

Given these confounding factors, the observed speed advantage of GWO-SLSTM over
GWO-LSTM (39.71 s vs. 137.28 s) should not be interpreted as evidence that the spiking
architecture is intrinsically more computationally efficient than conventional LSTM. Rather,
these measurements reflect the specific implementation choices, framework characteristics,
and optimization trajectories used in this study. The key practical finding is that, within our
implemented environment, GWO-SLSTM achieved the lowest RMSE and MAPE among
the four evaluated configurations while incurring a moderate and practically acceptable
training cost (under 40 s).

For real-time inference, however, the testing time per sample for both SLSTM
(0.00002 s) and GWO-SLSTM (0.00003 s) is an order of magnitude smaller than the LSTM-
based models. The observed inference-time advantage in this implementation is practically
relevant, but it should still be interpreted cautiously because framework-level effects were
not fully controlled. Thus, while training-time comparisons must be made cautiously,
the inference efficiency of spiking architectures remains a practically relevant benefit for
deployment scenarios requiring rapid, low-latency predictions.

In summary, within the reported software/hardware setup, the baseline LSTM is
fastest but least accurate, while GWO-SLSTM achieves the best accuracy at a moderate
training cost—a reasonable trade-off for offline training. However, the runtime differences
should be understood as empirical measurements specific to this implementation, not as
generalizable claims of architectural superiority.

6. Discussion
In this section, the empirical results are interpreted in relation to the study objectives

and the broader literature. The main findings are summarized, the relative roles of spiking
recurrence and GWO-based optimization are discussed, and then the principal limitations
and directions for future work are outlined.

6.1. Summary of Key Findings

This study compared a Grey Wolf-Optimized Spiking LSTM (GWO-SLSTM) with
three controlled counterparts—plain LSTM, plain SLSTM, and GWO-LSTM—to isolate
the contributions of spiking recurrence and GWO-based hyperparameter optimization.
For daily BTC–USD prices (17 September 2014–9 October 2025), GWO-SLSTM achieved a
test RMSE of 1840.97 versus 2217.24 for GWO-LSTM (a 17.0% reduction) and a near-zero
bias (PBIAS = 0.36% vs. 0.11% for GWO-LSTM). The test MAPE of GWO-SLSTM was
1.76%, which is also lower than the 2.46% for GWO-LSTM. This indicates that, within
the present study, the optimized spiking architecture achieved both better absolute error
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control and better proportional accuracy than the optimized conventional baseline. The
total training time for GWO-SLSTM was 39.71 s, compared to 137.28 s for GWO-LSTM;
however, this runtime difference should be interpreted as setup-specific rather than as
evidence of intrinsic architectural efficiency.

In interpreting these gains, we note that the reported SLSTM uses thresholded event
generation with reset = ‘none’, so the architectural distinction from conventional LSTM
arises from spiking-inspired recurrent dynamics and adaptive thresholding rather than
from hard-reset spike events alone.

6.2. Complementary Error Characteristics and Architectural Incomparability

A central purpose of the revised comparative design is attribution. The plain LSTM–
SLSTM comparison indicates the architectural contribution of the spiking recurrence before
metaheuristic tuning: the baseline SLSTM improves the test RMSE from 4030.10 to 3501.48
relative to the baseline LSTM. The within-architecture comparisons then quantify the
optimization effect of GWO: the test RMSE decreases from 4030.10 to 2217.24 for the con-
ventional architecture (LSTM vs. GWO-LSTM) and from 3501.48 to 1840.97 for the spiking
architecture (SLSTM vs. GWO-SLSTM). Finally, the GWO-LSTM vs. GWO-SLSTM compar-
ison shows that, under matched GWO budgets and identical evaluation conditions, the
optimized spiking-inspired architecture yielded the lowest error among the four evaluated
configurations in this study.

Due to fundamental structural differences (continuous vs. discrete dynamics, surro-
gate gradients vs. standard BPTT, and different implementation frameworks), we do not
claim general cross-architectural superiority. Rather, we interpret the observed gains as
arising from both sources in this experimental setting: the spiking-inspired recurrence was
associated with lower test error than the plain LSTM baseline, and GWO further improved
both architecture families.

6.3. Interpretation and Practical Implications

The observed performance gains of GWO-SLSTM in this study are consistent with a
beneficial interaction between spiking-inspired recurrence and evolutionary hyperparame-
ter selection under the present evaluation protocol. In the present experiments, the spiking-
inspired recurrence was associated with lower RMSE and MAPE under regime-shifting
conditions. The GWO provides a low-budget, population-based search that improves
convergence reliability without manual tuning, and it proved equally effective for the
spiking architecture. Notably, the training time of GWO-SLSTM (39.71 s) was less than
one-third of that of GWO-LSTM (137.28 s), while testing times were similarly negligible
(≈0.02 s total). Within the present implementation and evaluation protocol, this result
suggests that the spiking variant need not be more computationally demanding, although
the comparison remains setup-specific.

Practical guidance:

• GWO-LSTM: Suitable when the user is already invested in the TensorFlow/Keras
ecosystem and requires a simple, drop-in optimization. Its training cost is higher than
GWO-SLSTM, so it is not recommended unless framework constraints apply.

• GWO-SLSTM: The best-performing configuration within the present four-model
comparison: it achieved the lowest RMSE and MAPE, maintained near-zero bias,
trained in under 40 s in the present setup, and tested in milliseconds. It appears
promising for volatile financial time series, while deployment on neuromorphic or
edge hardware remains a direction for future validation rather than a demonstrated
result of this study.
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6.4. Limitations and Future Work

The following key limitations motivate further research:

• Generality: Single BTC–USD dataset; validation on additional assets (e.g., equities,
commodities) and higher-frequency data is needed.

• External benchmark scope: The present study emphasizes a controlled within-family
comparison (LSTM/SLSTM with and without GWO) rather than an exhaustive
benchmark against stronger contemporary alternatives such as Transformer-based,
decomposition-based, or hybrid attention models. Including such baselines is an
important direction for future work.

• Framework differences: LSTM models were implemented in TensorFlow/Keras;
SLSTM models were implemented in PyTorch/snnTorch. A unified framework would
allow fairer cross-architecture comparison.

• Energy and hardware: Energy consumption and inference latency on neuromorphic
chips were not measured; future work should benchmark on platforms like Intel Loihi
or SpiNNaker.

• Surrogate gradient sensitivity: The choice of surrogate function (atan) and reset mech-
anism (‘none’) may affect the results; a systematic ablation study is recommended.

• Ethical risk: Financial forecasting models carry operational risk; any deployment in
automated trading must include out-of-sample monitoring, fallbacks, and governance.

It should also be noted that the contribution of this study is primarily empirical and
methodological: a controlled comparison of spiking-inspired recurrent dynamics and
GWO-based optimization under a unified forecasting protocol, rather than the introduction
of a fundamentally new theoretical forecasting framework.

7. Conclusions
This work evaluated four related configurations (LSTM, SLSTM, GWO-LSTM, and

GWO-SLSTM) to determine the individual effects of spiking recurrence and Grey Wolf
Optimizer-based hyperparameter tuning in non-stationary Bitcoin forecasting. On daily
BTC–USD data (17 September 2014 to 9 October 2025), the key findings are as follows:

• GWO-LSTM achieved a test RMSE of 2217.24, test MAPE of 2.46%, and PBIAS of
0.11%, representing reductions of 45.0% in RMSE and 44.1% in MAPE relative to the
baseline LSTM (RMSE 4030.10, MAPE 4.40%).

• GWO-SLSTM achieved a test RMSE of 1840.97, test MAPE of 1.76%, and PBIAS of
0.36%, representing reductions of 47.4% in RMSE and 54.4% in MAPE relative to the
baseline SLSTM (RMSE 3501.48, MAPE 3.86%). In the present implementation, its
training time was 39.71 s, lower than the 137.28 s observed for GWO-LSTM.

Within the present implementation, the spiking variant trained faster and achieved
a better overall predictive accuracy, with a lower RMSE and MAPE than GWO-LSTM,
although its PBIAS was slightly higher. However, this runtime difference should be
interpreted cautiously because the LSTM and SLSTM model families were implemented in
different frameworks and stopped after different numbers of epochs. The more defensible
conclusion is therefore setup-specific: under the software and hardware conditions used in
this study, GWO-SLSTM combined stronger predictive performance with a moderate and
practically acceptable training cost.

Future work should extend evaluation to multiple assets, include stronger external
baselines such as transformer-based or other contemporary forecasting models, unify the
implementation framework, quantify energy consumption on neuromorphic hardware,
and perform sensitivity analyses on surrogate gradient parameters. More broadly, this con-
trolled experiment suggests that evolutionary search can be usefully paired with alternative
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recurrent dynamics in non-stationary sequential forecasting, while broader claims about
scalability, cross-asset generalization, and deployment efficiency require further validation.
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Appendix A. Descriptive Statistics, Rolling-Origin Evaluation, and
Regime Distribution
Appendix A.1. Descriptive Statistics and Diagnostics

Table A1 shows the descriptive statistics and diagnostic test results (Augmented
Dickey–Fuller (ADF) and Ljung–Box) for the training and testing subsets of daily Bitcoin
closing prices (BTC–USD) spanning from September 2014 to October 2025. The results
indicate strong non-stationarity and significant serial dependence, which justifies the use
of adaptive temporal models.

Table A1. Descriptive statistics, ADF and Ljung–Box tests for daily BTC–USD closing prices (Septem-
ber 2014–October 2025).

Statistic Train (80%) Test (20%)

Mean 13,692.55 72,108.64
Std 16,015.91 28,526.86
Min 178.10 25,162.65
Max 67,566.83 124,752.53
Skew 1.38 0.02
Kurtosis 0.94 −1.17
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Table A1. Cont.

Statistic Train (80%) Test (20%)

ADF statistic −1.54 −0.53
ADF p-value 0.51 0.89
Ljung–Box stat 31,867.38 7711.74
Ljung–Box p-value 0.00 0.00

Appendix A.2. Market Regime Distribution

Figure A1 displays the distribution of market regimes (bull, bear, and neutral) based
on daily returns, which categorize market states as bull (Rt > 1%), bear (Rt < −1%), or
neutral. This distribution demonstrates balanced coverage of market conditions with 1345
bull days (33.3%), 1577 neutral days (39.0%), and 1118 bear days (27.7%).

Figure A1. Bitcoin market regime distribution (bull, bear, neutral) based on daily returns (4040-day
period, September 2014–October 2025). The distribution shows balanced representation across market
conditions with 1345 bull days (33.3%), 1577 neutral days (39.0%), and 1118 bear days (27.7%).

Appendix B. Seven-Day Rolling
The rolling 7-day diagnostics in Figures A2–A4 and 8 further highlight robustness

under regime shifts. Standard LSTM (Figure A2) shows a high average rolling RMSE
(3365.55) and MAPE (4.40%), with a maximum RMSE of 11882.01. GWO-LSTM (Figure A3)
significantly reduces these metrics (average RMSE 2003.80, average MAPE 2.45%; max
RMSE 5241.01).

The SLSTM (Figure A4) exhibits moderate improvements over standard LSTM but
remains less stable than GWO-LSTM (average RMSE 2975.79, average MAPE 3.86%; max
RMSE 9781.52). In contrast, the GWO-SLSTM (Figure 8) exhibited the lowest rolling
errors among the evaluated configurations, with the lowest average rolling RMSE (1624.47)
and MAPE (1.76%), and a maximum RMSE of 4715.67—the smallest among all models,
indicating lower rolling errors under the evaluated non-stationary conditions.
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Figure A2. Seven-day rolling RMSE and MAPE for standard LSTM. Errors are substantial and
variable (average RMSE = 3365.55, max = 11882.01; average MAPE = 4.40%, max = 15.00%),
indicating high sensitivity to volatility.

Figure A3. Seven-day rolling RMSE and MAPE for GWO-LSTM. The model shows significant im-
provement over standard LSTM (average RMSE = 2003.80, max = 5241.01; average MAPE = 2.45%,
max = 5.77%).

Figure A4. Seven-day rolling RMSE and MAPE for standard SLSTM. The spiking architecture
provides moderate improvements (average RMSE = 2975.79, max = 9781.52; average MAPE = 3.86%,
max = 12.86%).
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Appendix C. Pseudocode of GWO-SLSTM
Nomenclature

Indices and Data:
t Discrete time index.
xt Normalized input price at time t.
yt True Bitcoin closing price at time t (USD).
ŷt Model-predicted Bitcoin closing price at time t (USD).
Rt Daily return (percentage change) at time t.
Dtrain Training subset of the BTC–USD time series.
Dtest Testing (hold-out) subset of the BTC–USD time series.
R1, R2, R3 Rolling-origin evaluation windows.

LSTM/SLSTM States:
ct LSTM cell state at time t.
ht LSTM hidden state at time t.
synt SLSTM synaptic current at time t.
memt SLSTM membrane potential at time t.
St Binary spike output (0/1) at time t.

Spiking Parameters:
Vth Membrane firing threshold.
Vreset Reset membrane potential after a spike.
λ Membrane decay factor for leaky integrate-and-fire dynamics.
σt Noise gain in stochastic membrane dynamics.

Optimization and Hyperparameters:
η Learning rate.
WD Weight decay coefficient.
α, β, δ, ω Grey Wolf Optimizer leadership hierarchy levels.
Tmax Maximum number of GWO iterations.
N Number of observations in an evaluation set.

Evaluation Metrics:
MSE Mean Squared Error.
RMSE Root mean squared error.
MAPE Mean absolute percentage error.
PBIAS Percent bias.

Detailed explanations of the algorithms for SLSTM Cell Forward Pass with LIF Dy-
namics and Grey Wolf Optimizer for SLSTM Hyperparameter Search and Fitness Eval-
uation for GWO-SLSTM are provided as additional material via the following link only
and are not part of the executed experimental pipeline reported in the main manuscript:
https://zenodo.org/records/18983179 (accessed on 18 March 2026).

Appendix D. Future Methodological Extensions and Proposed
Ablation Protocol

The following future methodological extensions and proposed ablation protocol are
provided as supplementary material via the following link only and are not part of the
executed experimental pipeline reported in the main manuscript: https://zenodo.org/
records/18983179 (accessed on 18 March 2026).
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Appendix E. Visualization Details
Additional diagnostic visualizations (radar charts, Taylor diagrams, and APE box-

plots) were generated to cross-check agreement, variance matching, and error dispersion.
These plots and their descriptions are provided as supplementary materials and can be
downloaded via the following link: https://zenodo.org/records/18983179 (accessed on 18
March 2026).
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