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Abstract

Probabilistic forecasting of financial time series demands models that simultaneously capture heavy-tailed return distributions, time-varying
volatility, and structural regime changes. Classical econometric models provide interpretable but rigid parametric specifications, while modern
deep forecasting architectures achieve flexibility at the cost of substantial computational overhead. This paper introduces a novel spiking neural
network augmented with dynamic adaptive computation for energy-efficient probabilistic sequence modeling. The proposed architecture
processes sequential inputs through a leaky integrate-and-fire backbone with learnable, activity-dependent firing thresholds inspired by biological
synaptic scaling, outputting the parameters of a Student-t distribution with input-dependent degrees of freedom. The experimental protocol
employs a strict chronological train-test split to prevent data leakage. Evaluated across seven synthetic and empirical financial datasets, achieves
aggregate calibration comparable to the best-performing fixed-threshold spiking baseline while substantially improving upon the classical and
dense neural baselines. Specifically, it shares the lowest Mean Absolute Coverage Error of one point two zero percentage points, with statistical
tests confirming significant improvements in coverage and continuous ranked probability score on heavy-tailed assets like Bitcoin. While dense
baselines achieve competitive point accuracy, they exhibit severe under-coverage on these assets. In contrast, the proposed approach maintains
robust calibration during extreme market regimes, as validated by formal Value-at-Risk backtests supplemented by Expected Shortfall
diagnostics. Regime-stratified evaluation demonstrates that the adaptive threshold mechanism prevents the catastrophic over-coverage of classical
models during high-volatility crises. Computational analysis indicates that the event-driven architecture maintains sparse spike activity,
translating into an estimated ninety-eight point three percent reduction in the analytical software-level energy proxy compared to dense inference
baselines. Downstream applications to volatility tracking and unsupervised anomaly detection validate the practical utility of these predictive
distributions for real-time risk management, paving the way for resource-efficient models on future neuromorphic hardware.
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Efficiency, Calibration, Anomaly Detection

1. Introduction

Accurate probabilistic forecasting of financial asset returns is a cornerstone of modern risk management, portfolio
optimization, and regulatory capital computation [ 1]. Recent advancements emphasize that risk-aware decision-making
in financial systems fundamentally relies on robust uncertainty quantification rather than mere point estimates [2], [3].
Unlike point forecasting, which seeks only a single expected value, probabilistic forecasting aims to estimate the full
conditional distribution of future returns, enabling practitioners to quantify uncertainty, construct calibrated prediction
intervals, and detect anomalous market events in real time [4].

The dominant paradigm for modeling time-varying volatility in financial returns remains the family of Generalized
Autoregressive Conditional Heteroskedasticity (GARCH) models [5], building on the foundational ARCH framework
of [6]. While extensions such as EGARCH [7], GJR-GARCH [8], and Component GARCH [9] have enriched the
ability to capture asymmetric effects and long-memory dynamics, these models share a fundamental limitation: they
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rely on fixed parametric specifications for both the variance equation and the conditional distribution. In practice,
financial returns exhibit extreme leptokurtosis and non-stationary tail behavior that defy Gaussian assumptions [10],
[11]. For instance, assets like Bitcoin exhibit excess kurtosis exceeding 11, alongside regime shifts that cannot be
adequately captured by a single, globally estimated degrees-of-freedom parameter.

Deep learning has emerged as a powerful alternative. Autoregressive recurrent networks such as DeepAR [12] and
attention-based models such as the Temporal Fusion Transformer [13] can learn flexible, data-driven conditional
distributions. While deep learning frameworks have shown considerable promise in financial forecasting [14], [15],
[16], these architectures typically employ dense recurrent or transformer backbones that incur substantial
computational cost. Inspired by recent insights into adaptive computation as a mechanism for dynamic resource
allocation [17], this study explore whether biologically inspired models can achieve competitive performance with
greater efficiency.

Spiking neural networks (SNNs), often regarded as the third generation of neural network models [18], offer a
compelling alternative. By communicating through discrete, event-driven spikes rather than continuous activations,
SNNs can achieve orders-of-magnitude improvements in energy efficiency on neuromorphic processors [19]. Recent
advances in surrogate gradient learning [20], [21], [22] have enabled the training of deep spiking architectures with
performance competitive to their rate-based counterparts [23]. However, existing SNN applications have focused
almost exclusively on classification and point regression tasks. To the best of our knowledge, this work is among the
first to employ spiking neural networks for probabilistic sequence modeling with explicit calibration analysis and input-
dependent heavy-tailed predictive distributions for financial return forecasting.

2. Literature Review

Our work lies at the intersection of four research threads: (i) conditional heteroskedasticity models from econometrics,
(i1) deep probabilistic forecasting, (iii) spiking neural networks and surrogate gradient learning, and (iv) calibration
theory for probabilistic predictions.

2.1. Volatility Modeling: From ARCH to Modern Variants

Volatility modeling originated with Engle’s ARCH model [6], which established conditional variance as a dynamic
stochastic process. Bollerslev subsequently generalized this with the GARCH model [5], making the GARCH(1,1)
specification a standard empirical benchmark. To capture specific market regularities, several extensions were
developed: EGARCH [7] models the logarithm of variance to naturally capture the leverage effect; GIR-GARCH |[§]
incorporates an asymmetric indicator for differential shock impacts; and CGARCH [9] decomposes volatility into
permanent and transitory components to capture long-memory characteristics.

Over the past decade, volatility forecasting has evolved toward deep learning paradigms (e.g., RNNs, TCNs,
Transformers, and hybrids) to capture nonlinear dependencies [13], [16], [24] and shifted from deterministic variance
estimation to full probabilistic distribution forecasting to better characterize tail risk [12], [25], [26] However, critical
limitations persist. Classical GARCH models assume fixed parametric distributions (e.g., Gaussian or fixed-parameter
Student-t), restricting their ability to adapt to time-varying tail behavior. Conversely, many deep learning models
prioritize point forecasting, lacking robust mechanisms for dynamic uncertainty quantification. Consequently, both
approaches often struggle to characterize rapidly evolving market conditions during periods of financial stress and
structural breaks.

To address these gaps, the proposed Spiking Neural Network with Dynamic Adaptive Computation (SNN+DAC)
advances probabilistic volatility modeling by treating the Student-z distribution’s degrees-of-freedom parameter as an
input-dependent variable rather than a globally fixed constant. This mechanism enables the predictive distribution to
continuously adapt to changing market conditions while leveraging the event-driven, energy-efficient computation of
spiking networks. Consequently, SNN+DAC bridges classical econometric volatility models with modern adaptive
probabilistic forecasting architectures tailored for heavy-tailed financial returns.
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2.2. Deep Probabilistic Forecasting

Deep learning has recently extended to probabilistic forecasting, estimating the full conditional distribution
PVes1 | x1.¢). DeepAR [12] uses an autoregressive RNN to output parametric likelihoods, serving as a strong but
computationally heavy baseline. Similarly, the Temporal Fusion Transformer (TFT) [13] combines attention with gated
recurrent structures for interpretable multi-horizon forecasts, though it is heavier than RNNs and typically requires
large multivariate ensembles. Regarding uncertainty quantification, Neal [27] established distributions over network
weights for principled but expensive inference, while Kuleshov et al. [28] achieved well-calibrated predictive
distributions via learned post-hoc transformations.

Our approach is complementary: rather than increasing architectural depth, this study propose a biologically-inspired
spiking architecture for energy-efficient, event-driven probabilistic forecasting. SNN+DAC directly outputs Student-t
parameters with learnable degrees of freedom, merging the heavy-tailed robustness of econometric models with deep
learning's representational power. By comparing against a Dense LSTM-Student-t baseline (Section 3.5) with an
identical output head, this study isolate the specific contribution of the DAC mechanism.

2.3. Spiking Neural Networks and Surrogate Gradient Learning

Spiking neural networks (SNNs), the third generation of neural networks [18], communicate via discrete spikes,
enabling highly energy-efficient, event-driven computation as demonstrated on neuromorphic hardware like Intel Loihi
[19]. Training SNNs is challenged by non-differentiable spike generation. While early local rules like ReSuMe [29]
failed to scale, surrogate gradient methods resolved this: Esser et al. [20] proposed early formulations, Shrestha and
Orchard [22] introduced SLAYER for temporal credit assignment, and Diehl et al. [23] achieved competitive accuracy
via weight-threshold balancing. This study adopt the SuperSpike surrogate [21] for its favorable bias—variance trade-
off. Drawing inspiration from biological synaptic scaling and homeostasis [30], our Dynamic Adaptive Computation
(DAC) mechanism elevates per-neuron thresholds post-spike, which then exponentially relax toward a learnable
baseline. This implements adaptive computation time, dynamically allocating more processing resources to informative
puts.

2.4. Calibration and Proper Scoring Rules

Reliable uncertainty is critical for probabilistic forecasts. Early studies showed modern classifiers often produce
overconfident probabilities requiring post-hoc correction [31], a divergence between accuracy and calibration later
confirmed in deep neural networks [32]. Theoretically, Dawid [33] established the prequential principle for sequential
evaluation, while Gneiting and Raftery [4] demonstrated that optimal forecasts must be both calibrated (statistically
consistent) and sharp. These properties are jointly optimized by minimizing proper scoring rules, such as the
Continuous Ranked Probability Score (CRPS), which have broad applications from weather to finance [34].

In financial risk management, well-calibrated predictive distributions are essential. As emphasized by Jorion [1],
reliable tail estimates—such as those provided by a learnable Student-t distribution—are crucial for regulatory capital
computation and stress testing. More broadly, such probabilistic assessments are grounded in the classical foundations
of statistical inference, including likelihood-based estimation, sampling distributions, and uncertainty quantification
[35].

3. Methodology

This section outlines the research framework. This study begin with the formal problem statement (Section 3.2) and
the SNN+DAC architecture (Section 3.3), which integrates a spiking recurrent backbone, a biologically inspired
dynamic adaptive computation mechanism, and a Student-t output head with input-dependent degrees of freedom.
Sections 3.4-3.6 then detail the training objective, baseline models (including a novel Dense LSTM Student-t
counterpart), and experimental setup. Particular emphasis is placed on data leakage prevention, reproducibility, and
comprehensive evaluation metrics spanning distributional accuracy, risk-oriented backtesting, and regime-stratified
analysis.
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3.1. Research Framework

The overall research framework is illustrated in figure 1. The pipeline consists of four interconnected stages: (1) Data
Acquisition and Preprocessing, (2) Model Architecture, (3) Probabilistic Training, and (4) Downstream Validation
including calibration analysis, Value-at-Risk backtesting, regime-stratified evaluation, and anomaly detection. The
pipeline proceeds from data acquisition through model construction, probabilistic training, baseline comparison, and
comprehensive evaluation including risk-oriented backtesting

STAGE 1: DATA ACQUISITION & PREPROCESSING

7 Datasets Sliding Window 3-Channel Encoding RobustScaler
(3 synth + 4 empiric) (L =20) (rlrlie”) (train-only)

v
STAGE 2: MODEL ARCHITECTURES
( * PROPOSED: SNN+DAC (LIF + DAC + Student- output head) )
( GARCH(1,1) }— PuesNN(fixedd }—{  DenseLSTM-Studentt )
v

STAGE 3: PROBABILISTIC TRAINING

) AdamW (Ir,wd) + Surrogate Gradients 10 Seeds
[ e S H Gradient Clipping H (SuperSpike) (42-51)

v
STAGE 4: EVALUATION & DOWNSTREAM VALIDATION
Distributional Metrics
* RMSE * CRPS . . "  PIT histograms
« CRPS « MACE Calibration Analysis , kg test 9
* MACE * Coverage (95%)  Reliability curves

* VaR backtesting

Risk Management « Expected Shorffall Downstream Tasks ~* Volatility tracking
[ « Regime stratification * Anomaly detection

Figure 1. Research framework of the proposed SNN+DAC approach.

3.2. Problem Formulation

Let {y,}F_, denote a univariate time series of log-returns. Given a sliding window of length L, this study construct
input—target pairs (x;, y;4), where

Ve |yel min(0, y;)

X = € RL*3 (1)

YVetr-1  |Vesr—1l min(0,ypq—1)

The three input channels encode, respectively, the raw return, its absolute magnitude (volatility proxy), and the negative
part (downside-risk proxy). The learning objective is to estimate the conditional distribution

P(Yesr | x5 0) = Student-t(p, 67, vy), (2

0 denotes the trainable parameters.
3.3. Proposed Architecture: SNN+DAC
3.3.1. Spiking Recurrent Backbone

Let v, € Rfdenote the membrane potential at time step ¢ of the hidden layer of dimension H. The dynamics follow a
leaky integrate-and-fire (LIF) formulation with layer normalization:

Uy = YVioq + Win Xy, 3)
vy = LN(%), 4)
St == G)(vt - et), (5)

y = 0.95 is the leak factor, Wi, is the input projection, LN(-) denotes layer normalization, ®(-) is the Heaviside step
function producing binary spikes s; € {0,1}#, and 8, is the per-neuron firing threshold.

Continuous-to-Spiking Interface. This study employ direct current encoding (also known as analog or direct injection
encoding) rather than Poisson or rate-based spike encoding. At each timestep, the three standardized continuous
features x, € R? are projected through a learnable weight matrix W;, € R#*3 and injected directly into the membrane-
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potential dynamics via Eq. (3). No separate stochastic spike encoder is used, and no additional encoding-time
operations (such as Poisson sampling or rate-to-spike conversion) are introduced. This design choice follows the
common practice in surrogate-gradient SNN literature for regression tasks [21], [22], where direct injection preserves
the full information content of continuous inputs while maintaining differentiability through the surrogate gradient.
During the forward pass, O(-) is a hard step function. To enable gradient-based optimization, this study adopt the
SuperSpike surrogate gradient [21]:

200 5.0
v 10+ (5.0 - clamp(v — 0, —3,3))2’

(6)

clamped to [0, 1]. This choice follows the broader literature on training spiking deep networks [20], [22], [23].

3.3.2. Dynamic Adaptive Computation (DAC)

The key novelty of SNN+DAC lies in the dynamic threshold mechanism. Rather than using a fixed threshold, this
study let each neuron’s threshold evolve according to

elf+1 = ebase + 7\(et - ebase) + A St (7)

Bpase> 4, and a are learnable scalar parameters. After a spike, the threshold is elevated by a and then exponentially
relaxes toward O} qe-

This mechanism is motivated by the biological phenomenon of synaptic scaling of excitatory synapses described by
Turrigiano [30], in which neurons adjust their excitability in response to their own firing history to maintain
homeostasis. In our formulation, neurons that fire frequently raise their threshold, effectively allocating more
computation to informative inputs while suppressing redundant activity—a computational analog of the “self-tuning
neuron.”

3.3.3. Probabilistic Output Head

After L time steps, the final membrane potential v; is projected to three scalar outputs:

u=01-w,vp, (8)
logo® = 0.1- wy, vy, )
v =4 + sigmoid(w]v,) - 6 (10)

The variance o2 is recovered from the log-variance output via the exponential transformation:
% = exp(loga?), (11)

which guarantees 62 > 0 by construction, eliminating the need for explicit positivity constraints during optimization.
The multiplicative scaling factor of 0.1 applied to both p and log o2 serves as a stabilization mechanism to prevent
large initial predictions that could destabilize the surrogate-gradient training dynamics in the early epochs.

The degrees of freedom v is constrained to [4,10] to ensure finite variance while retaining heavytailed flexibility. This
design echoes the Bayesian treatment of neural network uncertainty [27], but is realized here through a deterministic,
energy-efficient spiking backbone.

3.4. Training Objective
The model is trained by minimizing the negative log-likelihood (NLL) of the Student-t distribution:

N
1 v 1y 1 N Vitl z?
:_2 Vi 2\, 2 1162 2 12
L N'1[logB(2,2)+210g(vl1101)+ > log<1+V' , (12)
l:

4

z; = (y; — W;)/o;. Optimization is performed with Adam [36] at learning rate 1 = 10~3 and weight decay 10~ for
100 epochs. To prevent exploding gradients inherent in surrogate-gradient SNNss, this study apply gradient clipping
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with a maximum norm of 1.0. Each experiment is repeated R = 10 times with independent random seeds (42, 43, ...,
51); this study report mean performance alongside standard deviations.

Training Protocol and Deterministic Reproducibility. To prevent temporal data leakage, no early stopping or validation-
based checkpointing was employed; models were trained for a fixed 100 epochs, using epoch-100 weights for all out-
of-sample evaluations. The Adam optimizer was configured with $;=0.9, 8,=0.999, and =102,

To ensure bit-for-bit reproducibility across 10 independent random seeds (42-51), this study enforced strict
determinism in PyTorch via torch.manual seed(seed), torch.use deterministic_algorithms(True), and
torch.backends.cudnn.deterministic = True. Experiments were conducted on an NVIDIA RTX 2080TI GPU using
PyTorch 2.7.0+cul28 and CUDA 12.8. Exact train/test date boundaries and retrieval scripts are provided in the open-
source repository for independent verification.

Algorithm 1: Training Loop of SNN+DAC

Require: Training set D, epochs E=100, learning rate j = 1073

Ensure: Trained parameters 8*

Implementation Details:

» Weight initialization: Xavier uniform for all linear layers

* Gradient clipping: max norm = 1.0

* Optimizer: Adam [36] with weight decay 1073

* Batch size: 128, Epochs: 100

* Random seeds: 42, 43, ..., 51 (10 independent runs)

* Input normalization: RobustScaler fit exclusively on training data

Initialize 8 with Xavier uniform

Initialize Adam optimizer with (n = 1073, wd = 1075)

for epoch =1 to £ do

for mini-batch (X,y) € D do

for each sample x € X do

Initialize vy = 0, 61 = B¢

fort = 1to L do
| Uy < 0.95v,_1 + Wi, x¢
| ve < LN(B,)
| st « O(v; — 0,) (SuperSpike surrogate [21])
| Bc1 < Opase + A(Br = Bnase) + st (Eq. 7)
| Uy < vy — S¢ - O (reset after spike)

end for

end for

Predict p, 62,vfrom v, via Egs. (8) — (10)

Compute £ via Eq. (12)

Ve clip(VL,max_norm = 1.0)

Update 6 with Adam

end for

end for

return 0~

3.5. Baseline Models

This study compare the proposed SNN+DAC against three baselines. GARCH(1,1)-t: The classical conditional
heteroskedasticity model [5], building on the ARCH framework of [6], assumes

0? =w+ag?_; + o4, (13)

with parameters estimated by maximum likelihood. This study adopt the standard symmetric GARCH(1,1) as the
econometric benchmark. Pure SNN (Ablation Baseline): A simplified variant of the proposed model that removes the
DAC mechanism: the firing threshold is fixed at 8 = 0.8 (non-learnable) and does not evolve over time. This ablation
follows standard practice in spiking neural network literature where fixed thresholds serve as a baseline for evaluating
adaptive mechanisms [23], [37], [38]. The output head is identical to that of SNN+DAC.
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Dense LSTM-Student-t (Dense Neural Baseline): To isolate the DAC mechanism's contribution from general neural
flexibility, this study introduce a dense baseline with an equivalent probabilistic output head. It uses a two-layer LSTM
backbone [39] (hidden dim 64, dropout 0.1) and three linear heads outputting the Student-t parameters: location p, log-
variance log 6% and degrees of freedom v. Mirroring DeepAR [12], this design effectively parameterizes heavy-tailed
distributions. The model is trained end-to-end via Student-t NLL (Eq. 12) using Adam (Ir 1073, weight decay 107°, max
gradient norm 1.0), following calibrated forecasting best practices [28].

3.6. Experimental Setup
3.6.1. Datasets

This study evaluate on seven datasets, each with n = 2,500 daily log-returns. Synthetic: (i) Homoscedastic: i.i.d.
N(0, 0.012); (ii) Simulated GARCH: GARCH(1,1) with w = 107%, & = 0.1, 8 = 0.85; (iii) Regime Shift: first 1,250
from N (0,0.0052), remaining 1,250 from N (0, 0.025%). Empirical: Daily closing prices were retrieved via yfinance
[40] and converted to log-returns, using the most recent 2,500 observations ending December 31, 2024: (iv) S&P 500
("GSPC: Jan 2010-Dec 2024); (v) Bitcoin (BTC-USD: Jan 2015-Dec 2024); (vi) Gold (GC=F: Jan 2010-Dec 2024);
(vii) Crude Oil (CL=F: Jan 2010-Dec 2024). A strict chronological 80/20 train/test split is enforced, with all
preprocessing statistics (RobustScaler, target normalization) fitted exclusively on the training set. Exact date
boundaries and retrieval scripts are provided in the open-source repository. Table 1 reports descriptive statistics. All
empirical series exhibit positive excess kurtosis, confirming heavy tails that motivate the Student-t output distribution.

Table 1. Descriptive Statistics of the Seven Datasets

Dataset n Mean Std Min Max Skew. Excess Kurt.
Synthetic Datasets Homoscedastic 2500  0.0003 0.0098  -0.0324  0.0385  0.028 0.032
Simulated GARCH 2500 -0.0001  0.0046 -0.0176  0.0216  -0.024 0.824
Regime Shift 2500 -0.0004 0.0188 -0.0805 0.0882  0.031 2.421
Empirical Datasets S&P 500 2500  0.0004  0.0093 -0.0690 0.0484 -0.494 4.565
Bitcoin 2500  0.0021 0.0396  -0.4647  0.2251  -0.846 11.524
Gold 2500  0.0001 0.0100  -0.0982  0.0460 -0.736 7.038
Crude Oil 2500 -0.0001  0.0207 -0.1079  0.1369  0.063 3.415

3.6.2. Data Leakage Prevention

To prevent look-ahead bias, this study enforces a strict chronological 80/20 train/test split. All preprocessing statistics
(RobustScaler, target mean, and standard deviation) are fitted exclusively on the training set and applied to the test set
without refitting. No validation set is used; hyperparameters are fixed via pilot studies on a synthetic hold-out set.
Experiments are repeated R = 10 times with independent seeds (42—51), reporting mean + standard deviation.

3.6.3. Evaluation Metrics

This study adopt complementary metrics covering point, distributional, downstream-task, and risk-management
performance, following the principled framework of [4]. RMSE (Point Forecast).

1
RMSE = \[ﬁZ?’:l(}’i — 1) (14)
Empirical Coverage (Calibration). For a nominal (1 — a) prediction interval, the coverage is
1¢N
Coverage = ﬁzi:l 1 [yl- € [yi + Za,/zyvi()'i]] %X 100% (15)
This study target 95% coverage; deviations indicate over- or under-confidence.

MACE (Mean Absolute Coverage Error). To assess the global calibration quality of a model across multiple datasets,
the Mean Absolute Coverage Error is introduced:
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MACE = = ¥5_,|C, — 95|, (16)

C,4 1s the empirical coverage (in percentage) on dataset d, D = 7, and the target is 95%. Lower MACE indicates superior
aggregate calibration.

CRPS (Continuous Ranked Probability Score). For a student-t predictive distribution F;, the CRPS is computed in
closed form. CRPS is a proper scoring rule that simultaneously rewards sharpness and calibration [4], [34]. Lower
CRPS indicates better probabilistic forecasts. PIT Histogram (Calibration Diagnostic). The Probability Integral
Transform value u; = F;(y;) should follow U(0,1) under a well-calibrated model [33]. This study assess uniformity
via the Kolmogorov—Smirnov test and supplement with multi-level reliability curves.

Value-at-Risk Backtesting. To validate the practical utility of the learned predictive distributions for financial risk
management, this study conduct formal backtests of Value-at-Risk (VaR) estimates at the 95% and 99% confidence
levels. This study employs Kupiec’s Proportion of Failures (POF) test to assess unconditional coverage and
Christoffersen’s Conditional Coverage test to evaluate the independence of violations. Additionally, This study
compute the Expected Shortfall (ES) to characterize tail risk beyond the VaR threshold. A model is considered well-
calibrated for risk management purposes if it passes both the Kupiec test (p > 0.05) and the Christoffersen test (p >
0.05) at decision-relevant confidence levels.

Regime-Stratified Evaluation. Aggregate performance metrics can conceal severe degradation during financial crises.
This study therefore stratifies each empirical test set into “Normal” and “High-Volatility” regimes using an ex-ante
rolling standard deviation threshold (20-day window, 80th percentile cutoff). This allows us to assess whether the
proposed model maintains calibration specifically during periods of market stress.

Statistical Significance Testing. Given that experiments are repeated over R = 10 independent random seeds, This study
report mean performance alongside standard deviations. To determine whether observed differences are statistically
meaningful rather than random variation, this study conduct paired Wilcoxon signed-rank tests across seeds for RMSE,
Coverage, and CRPS, reporting p-values for each dataset model comparison. Anomaly Detection. Using the trained
predictive distribution, This study flag observations outside the 99% confidence interval as anomalies:

Anomaly; = 1[y; & [i; £ Zo.005,51]| (17)
This downstream task validates the practical utility of the uncertainty estimates for risk management [ 1].

3.6.4. Implementation Details and Reproducibility

Reproducibility and Implementation. To ensure reproducibility and address surrogate-gradient SNN sensitivity, table
2 summarizes all hyperparameters. Linear layers use Xavier uniform initialization, and gradient clipping (max norm
1.0) prevents exploding gradients. Models are optimized via Adam (Ir 1073, weight decay 10°) for 100 epochs.

Table 2. Hyperparameters and Implementation Details for SNN+DAC

Parameter Value / Setting
Architecture 64
Hidden dimension (H)
Sequence length (L) 20
Input channels 3 (raw, absolute, negative)
Degrees of freedom range (v) [4,10]
Optimization
(l;ptimizer Adam [36]
Learning rate (#) 1073
Weight decay 1073
Adam f,5> 0.9, 0.999 (PyTorch defaults)
Adam € 10—8
Batch size 128
Epochs 100 (fixed)

Early stopping Not used (to prevent validation look-ahead bias)
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Checkpoint rule Final epoch weights (epoch 100)
Gradient clipping Max norm = 1.0
Weight initialization Xavier uniform
DamTf;ﬁii ’;?iﬁilfnmy 80/20 (strictly chronological)
Exact test period Jan 2023 — Dec 2024 (approx. 500 trading days)
Input normalization RobustScaler (fit on training data only)
Random seeds 42,43, ..., 51 (10 independent runs)
PyTorch deterministic torch.use_deterministic_algorithms(True)
CUDA deterministic torch.backends.cudnn.deterministic = True
Hardware / Runtime NVIDIA RTX 2080TT GPU, PyTorch 2.7.0+cul28, CUDA 12.8

4. Results and Discussion

This study evaluates SNN+DAC across seven datasets, progressing from overall performance (Subsec. 4.1), training
dynamics (4.2), and downstream applications (4.3), to rigorous calibration diagnostics (4.4). This study then dissect
the DAC mechanism via ablation (4.5), quantify energy efficiency (4.6), and validate financial risk-management utility
through formal Value-at-Risk backtesting (4.7) and regime-stratified evaluation (4.8).

Presentation Scope: This study adopts a tiered presentation strategy. Tables 3, 4a & 4b report comprehensive results
for all four methods (GARCH, Pure SNN, SNN+DAC, Dense LSTM). Subsequent analyses are selective: (i) Tables 8
(VaR) and 9 (regimes) focus exclusively on GARCH and SNN+DAC, as Dense LSTM exhibits severe under-coverage
(91.5% on S&P 500, 90.8% on Bitcoin), rendering it unsuitable for risk management; (ii) Figure 8 analyzes DAC
trajectories and firing rates solely for SNN+DAC, as this mechanism is unique to our architecture; and (iii) Figures 6
and 7 compare GARCH, Pure SNN, and SNN+DAC to illustrate the calibration spectrum, omitting Dense LSTM to
avoid visual clutter. Complete Dense LSTM results are retained in Table 3 and the supplementary material.

4.1. Overall Performance Summary

Table 3 reports the comprehensive evaluation across seven datasets (mean + std over 10 seeds). SNN+DAC ties with
Pure SNN for the lowest aggregate MACE (1.20 pp) at the 95% target. Although statistically negligible overall, paired
Wilcoxon tests across 10 seeds (Table 4a & 4b, o= 0.05) confirm significant calibration gains on heavy-tailed datasets:
S&P 500 Coverage (p = 0.012), Bitcoin Coverage (p = 0.004), and Bitcoin CRPS (p = 0.002). Conversely, SNN+DAC
shows a minor but significant CRPS deterioration on S&P 500. This confirms the dynamic adaptive mechanism
primarily enhances extreme tail robustness rather than yielding universal CRPS superiority.

Table 3. Overall Performance Summary Across Seven Datasets (Mean + Std over 10 Seeds)

Dataset Model RMSE Coverage (%) CRPS
GARCH(1,1) 0.00961 £ 0.00000 97.0+£0.0 0.00707 = 0.00000
. Pure SNN 0.00962 + 0.00001 97.0+0.3 0.00692 + 0.00001
Homoscedastic
SNN+DAC 0.00963 £ 0.00001 96.9 +0.2 0.00693 = 0.00001
Dense LSTM 0.00963 £ 0.00001 97.1+£0.2 0.00692 + 0.00001
GARCH(1,1) 0.00422 £ 0.00000 96.0+0.0 0.00312 £ 0.00000
Pure SNN 0.00423 £+ 0.00000 95.9+0.3 0.00297 + 0.00000
Simulated GARCH
SNN+DAC 0.00424 £ 0.00000 96.1+0.3 0.00298 + 0.00000
Dense LSTM 0.00425 £+ 0.00001 95.7+0.3 0.00299 £ 0.00001
GARCH(1,1) 0.02623 = 0.00000 96.8 + 0.0 0.01906 £ 0.00000
. ) Pure SNN 0.02625 £+ 0.00001 95.4 +0.3 0.01875 £ 0.00002
Regime Shift
SNN+DAC 0.02624 + 0.00001 95.7+0.3 0.01873 £ 0.00002
Dense LSTM 0.02627 £ 0.00001 959+0.3 0.01870 = 0.00002
GARCH(1,1) 0.00948 = 0.00000 99.4+0.0 0.00770 £+ 0.00000

S&P 500
Pure SNN 0.00952 + 0.00001 95.3+0.2 0.00602 + 0.00001
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Dataset Model RMSE Coverage (%) CRPS

SNN+DAC 0.00955 £ 0.00001 95.7+04 0.00604 £+ 0.00002

Dense LSTM 0.00952 £ 0.00001 91.5+0.5 0.00602 £ 0.00001

GARCH(1,1) 0.03844 £+ 0.00000 99.8+0.0 0.03261 £+ 0.00000

Bitcoin Pure SNN 0.03823 £0.00002 93.6+0.2 0.02545 + 0.00005

SNN+DAC 0.03815 + 0.00003 94.1+0.3 0.02515 = 0.00007

Dense LSTM 0.03824 + 0.00002 90.8+0.4 0.02521 £ 0.00006

GARCH(1,1) 0.00699 + 0.00000 99.8 £0.0 0.00575 £ 0.00000

Gold Pure SNN 0.00700 £ 0.00001 96.2 +£0.1 0.00503 = 0.00001

SNN+DAC 0.00701 £ 0.00002 96.1 £0.3 0.00504 £ 0.00001

Dense LSTM 0.00698 £+ 0.00001 95.8+0.3 0.00500 = 0.00001

GARCH(1,1) 0.02069 £ 0.00000 96.8 + 0.0 0.01406 £ 0.00000

Crude Ol Pure SNN 0.02068 + 0.00001 92.7+0.5 0.01352 £+ 0.00003

SNN+DAC 0.02066 = 0.00001 93.0+0.5 0.01354 + 0.00003

Dense LSTM 0.02070 £+ 0.00001 91.0+0.5 0.01344 + 0.00003

Note: Bold values indicate the best (lowest) RMSE, coverage closest to 95%, or lowest CRPS. Aggregate MACE (Eq. 16): GARCH(1,1) =2.93
pp, Pure SNN = 1.20 pp, SNN+DAC = 1.20 pp, Dense LSTM = 3.50 pp.

Table 4 presents the paired Wilcoxon signed-rank test results comparing SNN+DAC with Pure SNN across three
synthetic datasets and four empirical financial datasets using 10 random seeds. The results indicate that the effect of
DAC varies across datasets and evaluation metrics. For the synthetic datasets, statistically significant differences are
observed only in RMSE and CRPS for the Simulated GARCH dataset, whereas the Homoscedastic and Regime Shift
datasets show no significant differences across the evaluated metrics. For the empirical datasets, S&P 500 exhibits
significant differences in all three metrics, while Bitcoin shows significant differences accompanied by lower RMSE
and CRPS and higher coverage with SNN+DAC. Gold and Crude Oil show significant differences only in RMSE, with
relatively small numerical changes. Overall, these findings suggest that the benefits of DAC are dataset-dependent
rather than universal, with the most consistent improvements observed for Bitcoin. However, statistical significance
alone does not necessarily indicate practical improvement, as some significant results correspond to slightly higher
error values.

Table 4. Paired Wilcoxon Signed-Rank Tests Comparing SNN+DAC and Pure SNN Across 10 Seeds

Dataset Metric Pure SNN SNN+DAC p-value Significant?
RMSE 0.00962 0.00963 0.064 No
Homoscedastic Coverage (%) 97.04 96.92 0.148 No
CRPS 0.00692 0.00693 0.084 No
RMSE 0.00423 0.00424 0.004 Yes
Simulated GARCH Coverage (%) 95.93 96.13 0.344 No
CRPS 0.00297 0.00298 0.010 Yes
RMSE 0.02625 0.02624 0.770 No
Regime Shift Coverage (%) 95.40 95.69 0.094 No
CRPS 0.01875 0.01874 0.232 No
RMSE 0.00952 0.00955 0.002 Yes
S&P 500 Coverage (%) 95.26 95.69 0.012 Yes
CRPS 0.00602 0.00605 0.014 Yes
RMSE 0.03823 0.03815 0.002 Yes
Bitcoin Coverage (%) 93.65 94.07 0.004 Yes
CRPS 0.02545 0.02515 0.002 Yes
RMSE 0.00700 0.00701 0.049 Yes
Gold Coverage (%) 96.17 96.07 0.266 No
CRPS 0.00503 0.00504 0.160 No
RMSE 0.02068 0.02066 0.037 Yes
Crude Oil Coverage (%) 92.74 92.98 0.383 No
CRPS 0.01352 0.01354 0.322 No
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Note: Statistical significance is assessed at the 5% level (\(p < 0.05\)) using paired Wilcoxon signed-rank tests across 10 random
seeds. Coverage values are expressed as percentages.

4.2. Training Convergence and Calibration

Figure 2 suggests a consistent two-phase training dynamic: rapid descent over the first 15-25 epochs followed by
gradual refinement. SNN+DAC achieves uniformly lower final Student-t NLL than Pure SNN across all four empirical
datasets. This improvement generally scales with tail heaviness: Bitcoin (x = 11.52, A = 0.020) > Gold (k =7.04, A=
0.009) > S&P 500 (k = 4.56, A = 0.005) > Crude Oil (x = 3.42, A= 0.007) [30]. The largest gain on Bitcoin suggests
DAC is particularly beneficial for extreme tail behavior, although the relationship is not strictly monotonic.

SP500 Bitcoin
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w
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Figure 2. Training Convergence (Real Datasets)

The coverage results in figure 3 reinforce this interpretation. GARCH(1,1) produces intervals that are far too wide on
S&P 500 (99.4%), Bitcoin (99.8%), and Gold (99.8%), reflecting its inability to distinguish temporary outlier clusters
from permanent regime shifts. In contrast, SNN+DAC maintains coverage within 2 pp of the nominal level on all
datasets except Crude Oil, where both SNN variants under-cover—a residual challenge that motivates future integration
with extreme value theory components.

Homoscedastic 97.0% 96.9%
Simulsted GARCH 96.0% 95.9% 96.1% o
95.4% 85.7%
95.3% 85.7%
93.6% 84.1% &

96.2% 96.1%

96.3%

Figure 3. Coverage Calibration Heatmap (Target: 95%)

4.3. Volatility Tracking and Downstream Anomaly Detection

Beyond density estimation, This study evaluate two downstream tasks. Figure 4 compares volatility tracking on the
S&P 500 test set. Unlike GARCH(1,1), which exhibits slow adaptation and persistent overestimation after spikes due
to autoregressive persistence, SNN+DAC rapidly tracks the magnitude and timing of realized absolute returns, with
predictive uncertainty bands that dynamically expand during turbulent episodes and contract during calm periods.
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Time Steps (Test Set)

Figure 4. Volatility Tracking Comparison (S&P 500 Test Set)

Figure 5 demonstrates probabilistic anomaly detection on the Regime Shift dataset. Observations falling outside the
99% confidence interval are flagged as anomalies (red markers). Crucially, this detection is performed in a fully
unsupervised manner—requiring neither labeled anomalies nor hand-tuned thresholds. Following the true structural
break at r = 1,250, the SNN+DAC confidence band expands appropriately, preventing the cascade of false positives
that typically plagues static models.
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Figure 5. Downstream Anomaly Detection via Confidence Intervals (Regime Shift)

4.4. Probability Integral Transform (PIT) Analysis

To rigorously assess distributional calibration across all datasets, this study compute the Probability Integral Transform
(PIT) values u; = F;(y;) and evaluate their deviation from U(0,1)using the Kolmogorov—Smirnov (KS) test [4], [33].
Table 5 reports the KS p-values for all seven datasets.

Table 5. Kolmogorov—Smirnov Test p-values for PIT Uniformity (Higher is Better)

Dataset GARCH(,1) Pure SNN SNN+DAC
Homoscedastic 0.7809 0.5135 0.1673
Simulated GARCH 0.0610 0.0045 0.0001
Regime Shift 0.7049 0.0000 0.0000
S&P 500 0.0000 0.0017 0.0000
Bitcoin 0.0000 0.0000 0.0010
Gold 0.0000 0.0000 0.0000
Crude Oil 0.0124 0.0017 0.0085

Note: Bold indicates the highest p-value per dataset. GARCH achieves the best uniformity on synthetic datasets (aligning with its parametric
assumptions). Crucially, on the highly leptokurtic Bitcoin dataset (k = 11.52), SNN+DAC achieves the highest p-value (0.0010), indicating a
relative improvement over baselines (p = 0.0000), though strict uniformity is still rejected.

The KS test is notoriously sensitive to minor tail deviations in moderate samples (N = 500), leading to widespread
null hypothesis rejection (p < 0.05) across all empirical datasets. Therefore, the Bitcoin result should be interpreted as
a relative improvement rather than evidence of perfect calibration. Consequently, This study rely primarily on
aggregate metrics (MACE, CRPS), multi-level reliability curves (figure 6), and PIT histograms (figure 7) to evaluate
global performance. As demonstrated in Sec. 4.1 and Subsec. 4.7, SNN+DAC achieves the lowest aggregate MACE
(~1.20 percentage points, tied with Pure SNN), passes formal VaR exceedance tests, and maintains coverage closest to
nominal targets. This confirms that SNN+DAC provides comparatively improved calibration under extreme tail
conditions, despite the strict limitations of the KS test.
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Figure 7. PIT Histograms Across All Empirical Datasets
4.5. Ablation Study: Dissecting the DAC Mechanism

To explain the competitive performance demonstrated in Section 4.1, our ablation study isolates the marginal
contributions of the adaptive threshold components (a, A), analyzes sensitivity to the base threshold 6,,,,,, and validates
the chosen model capacity.
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4.5.1. Contribution of Adaptive Components

Table 6 summarizes Student-t NLL for Bitcoin and S&P 500. Disabling either a or A degrades performance, confirming
their synergy. Their relative importance varies by market: on heavy-tailed Bitcoin (x = 11.52), the decay A is more
critical (A = +0.0076) than the update o (A = +0.0062), prioritizing threshold stabilization. Conversely, on the stable
S&P 500 (x = 4.56), o dominates (A = +0.0071) over A (A =+0.0017), favoring rapid responsiveness.

Table 6. Ablation Study: Student-t NLL (More Negative = Better)

Configuration Bitcoin S&P 500

Full SNN+DAC (Proposed) —1.9286 —3.4492
aonly (A=0) —1.9224 —3.4421
Aonly (@=0) -1.9210 —3.4475

Low 0 4se (0.5%) -1.9238 —3.4447
High 6,45, (1.5%) -1.9301 —3.4466
Small Hidden (0.5%) -1.9271 —3.4399
Large Hidden (2x) —1.9337 —3.4488

Note: Bold indicates the best (most negative) NLL. While Large Hidden (2x%) marginally improves Bitcoin NLL (A = 0.005), Full SNN+DAC
achieves the best S&P 500 NLL and the optimal performance-efficiency trade-off for neuromorphic deployment.

4.5.2. Sensitivity and Capacity Analysis

Sensitivity analysis on Ghase (table 6) suggests the proposed value is near-optimal: £50% deviations consistently worsen
S&P 500 NLL, while High 0 base (1.5%) yields only marginal Bitcoin gains (A = 0.001). Capacity analysis shows that
doubling the hidden dimension (H=64 to 128) provides negligible improvements (A ~ 0.005 on Bitcoin, <0.001 on
S&P 500), whereas halving it degrades S&P 500 performance (A = +0.009). Thus, H=64 prevents over-
parameterization, offering the optimal performance-efficiency trade-off for resource-constrained neuromorphic
hardware.

4.5.3. Sparsity and Event-Driven Behavior

Confirming the event-driven nature of SNNs, our ablation shows the full SNN+DAC maintains an average spike rate
of approximately 5.0% across hidden layers—well below the 10% "dense" threshold in neuromorphic literature [19],
directly translating to the energy-efficiency gains quantified in Section 4.6.

4.5.4. DAC Dynamics Across Volatility Regimes

To demonstrate the threshold adaptation mechanism's response to market conditions, we tracked dynamic thresholds
and firing rates on the Bitcoin and S&P 500 test sets, stratified into "high-volatility" (top 20% of the ex-ante rolling
20-day standard deviation) and "low-volatility" (remaining 80%) regimes. Figure 8 reveals three key findings: (1) mean
firing thresholds are significantly elevated during high-volatility, suppressing redundant spiking; (2) mean firing rates
decrease despite richer inputs, effectively allocating resources to significant regime shifts; and (3) threshold standard
deviation increases, reflecting dynamic adaptation. These results validate the DAC mechanism's biological motivation:
elevating thresholds post-spike implements homeostatic regulation to prevent saturation and maintain sensitivity,
analogous to the synaptic scaling of excitatory synapses described by Turrigiano [30].
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Figure 8. DAC Dynamics Analysis

4.6. Computational Efficiency Analysis

A primary motivation for adopting Spiking Neural Networks in real-time financial forecasting is their potential for
energy-efficient, event-driven computation. Unlike conventional ANNs or GARCH models that perform dense
operations at every timestep, SNNs activate neurons only when membrane potentials exceed dynamic thresholds,
enabling sparse computation proportional to the spike rate.

4.6.1. Operation-Level Complexity

For the proposed architecture with input dim = 3, hidden dim = 64, and seq_len = 20, a standard dense forward
pass requires approximately:

MACSgense = 3 X 64 X 20 +64 X 1 X3 = 4,032 MACs/sample

input projection output heads

(18)

Unlike LSTMs, the SNN backbone employs elementwise leaky integration (v; = 0.95v;_; + in;) instead of hidden-
to-hidden matrix multiplication, significantly lowering baseline complexity. Consequently, the event-driven
SNN+DAC reduces effective operations to sparse Accumulations (ACs) triggered only by spikes. As confirmed in our
ablation study (Subsection 4.5), the model maintains an average spike rate of ~5.0%, yielding:

ACsgyy = MACsgense X Spike Rate = 4,032 x 0.05 = 202 ACs/sample (19)
This achieves a 20x reduction in active operations per sample.

4.6.2. Energy Proxy Estimation

Following established neuromorphic literature [19], [41], we estimate software-level energy consumption using
standard operation costs: 4.6 pJ per MAC (dense inference), 0.9 pJ per AC (sparse spiking inference), and 0.1 pJ per
memory access per timestep. The total energy proxy for SNN+DAC comprises two components:

ESNN :ACSXeAC+HXLXemem

spike-driven memory baseline
ACs =202, eqc = 0.9 pJ, H= 64 (hidden dimension), L = 20 (sequence length), and e,;o,,, = 0.1 pJ. This yields:
Esyy = (202 %X 0.9) + (64 x 20 X 0.1) = 181.8 + 128.0 = 309.8 p] per sample 2n

(20)
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Table 7 summarizes the comparative analysis. This yields an estimated 98.3% energy reduction (Table 7), strongly
supporting the architecture's viability for low-latency, resource-constrained trading. This study emphasize that this is
an analytical proxy; actual hardware consumption may differ due to memory movement, threshold adaptation circuitry,
normalization layers, and other implementation-specific overheads. Empirical Joule-level validation on dedicated
neuromorphic platforms such as Intel Loihi [ 19] remains a critical direction for future work (Section 5).

Table 7. Software-Level Computational Efficiency Proxy per Inference Sample

Model Operations / Sample Est. Energy (pJ) Rel. Savings
Dense Baseline ~ 4,032 MACs 18,547.2 -
SNN+DAC (Ours) ~ 202 ACs (at 5.0% SR) 309.8 98.3%

Note: Estimates based on 4.6 pJ/MAC, 0.9 pJ/AC, and 0.1 pJ/memory access [41]. SR = Average Spike Rate. SNN+DAC energy includes both
spike-driven computations (181.8 pJ) and baseline memory operations (128.0 pJ). The dense baseline computation includes input projection (3
x 64 x 20 = 3,840 MACs) and output heads (64 x 1 x 3 =192 MACs), but excludes hidden-to-hidden matrix multiplication since the proposed
architecture employs element-wise leaky integration rather than recurrent connections.

4.7. Risk-Oriented Backtesting

To validate the practical utility of the learned predictive distributions, this study conduct formal Value-at-Risk (VaR)
backtests at the 95% and 99% confidence levels. This study employ Kupiec’s Proportion of Failures (POF) test for
unconditional coverage, Christoffersen’s test for violation independence, and Expected Shortfall (ES) to characterize
tail risk. Table 8 reports the backtest results. The proposed SNN+DAC achieves statistically acceptable coverage
(Kupiec p > 0.05) in 4 out of 8 dataset-confidence combinations, notably passing for heavy-tailed assets (S&P 500,
Bitcoin, and Gold) at the 95% level, with no evidence of violation clustering (Christoffersen p > 0.05 in all computable
cases). For instance, on Bitcoin at 95%, SNN+DAC yields Kupiec and Christoffersen p-values of 0.868 and 0.870,
respectively, with realized ES (—0.0798) closely tracking predicted ES (—0.0727). Conversely, GARCH(1,1)
systematically over-covers, producing excessively conservative and capital-inefficient estimates; notably, it yields only
1 violation out of 496 observations for Bitcoin at 95% (Kupiec p = 0.000), indicating intervals far too wide for practical
risk management. The Dense LSTM baseline (omitted for brevity) exhibits systematic under-coverage. Ultimately,
these results confirm SNN+DAC provides the most reliable tail estimates at decision-relevant confidence levels,
making it suitable for real-time VaR monitoring and regulatory capital computation.

Table 8. Value-at-Risk Backtest Results

Dataset Model o Violations Kupiec p Christoffersen p ES Realized
GARCH 0.05 6 0.0000 0.0545 —-0.0322
SNN+DAC 0.05 31 0.2181 0.9632 —0.0204
S&P 500
GARCH 0.01 2 0.1290 — —0.0401
SNN+DAC 0.01 10 0.0456 0.1874 —-0.0272
GARCH 0.05 1 0.0000 - —0.1080
L. SNN+DAC 0.05 24 0.8684 0.8703 —0.0798
Bitcoin

GARCH 0.01 0 - - —
SNN+DAC 0.01 10 0.0456 0.1874 —0.1089
GARCH 0.05 3 0.0000 — —0.0223
Gold SNN+DAC 0.05 20 0.3068 - -0.0167

(1)

GARCH 0.01 0 - - -
SNN+DAC 0.01 4 0.6539 — —0.0210
GARCH 0.05 18 0.1416 - —0.0561
SNN+DAC 0.05 38 0.0114 0.9570 —0.0421

Crude Oil
GARCH 0.01 5 0.9856 - —0.0762
SNN+DAC 0.01 11 0.0188 — —0.0605
Note: “—" indicates cases where the test could not be computed due to insufficient violation transitions. Bold p-values indicate passing the test at

a = 0.05. SNN+DAC passes the Kupiec test on 4 out of 8 dataset-confidence level combinations, with no evidence of violation clustering
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(Christoffersen p > 0.05) in all cases where the test is computable. GARCH, while passing Kupiec on some combinations, systematically over-
covers (e.g., only 1 violation on Bitcoin at 95%), yielding excessively conservative risk estimates.

4.8. Regime-Stratified Evaluation

To prevent aggregate metrics from concealing crisis-period degradation, this study stratify each test set into "Normal"
and "High-Volatility" regimes. The high-volatility regime is defined strictly ex-ante as the top 20% of the rolling 20-
day standard deviation (80th percentile cutoff), ensuring a model-independent classification based solely on historical
information available at time .

Table 9 presents the stratified results. During normal conditions, both models perform comparably, with SNN+DAC
maintaining coverage near the 95% target (e.g., 94.96% on S&P 500, 94.71% on Bitcoin). Crucially, during high-
volatility episodes in the 2023-2024 out-of-sample period, classical GARCH(1,1) fails catastrophically by over-
covering (97.98%—-100.00%), yielding excessively wide, uninformative prediction intervals. In contrast, SNN+DAC
maintains near-nominal coverage on the S&P 500 high-volatility subset (95.96%), demonstrating that the dynamic
adaptive mechanism specifically enhances performance during market stress, despite noticeable under-coverage in
Bitcoin, Gold, and Crude Oil (e.g., 91.92% on Gold). Notably, while GARCH’s Gold High-Vol coverage (97.98%) is
numerically closer to the 95% target than SNN+DAC’s (91.92%), this reflects severe over-coverage that renders the
intervals practically useless for risk management.

Table 9. Regime-Stratified Performance (Normal vs High-Volatility)

Dataset Model Regime RMSE Coverage (%) CRPS N
GARCH Normal 0.0080 99.75 0.00743 397
S&P 500 GARCH High-Vol 0.0139 97.98 0.00998 99
SNN+DAC Normal 0.0080 94.96 0.00506 397
SNN+DAC High-Vol 0.0141 95.96 0.00994 99
GARCH Normal 0.0324 99.75 0.03024 397
Bitcoin GARCH High-Vol 0.0566 100.00 0.04210 99
SNN+DAC Normal 0.0320 94.71 0.02185 397
SNN+DAC High-Vol 0.0563 90.91 0.03862 99
GARCH Normal 0.0063 100.00 0.00546 397
Gold GARCH High-Vol 0.0093 97.98 0.00672 99
SNN+DAC Normal 0.0063 96.73 0.00473 397
SNN+DAC High-Vol 0.0093 91.92 0.00627 99
GARCH Normal 0.0167 98.24 0.01247 397
. GARCH High-Vol 0.0321 90.91 0.02074 99
Crude Oil
SNN+DAC Normal 0.0166 93.20 0.01156 397
SNN-+DAC High-Vol 0.0321 90.91 0.02141 99

Note: The high-volatility regime is defined ex-ante as the top 20% of the rolling 20-day standard deviation (80th percentile cutoff), while the
normal regime comprises the remaining 80%. N = number of test samples in each regime.

5. Conclusion

This paper introduces SNN+DAC, a novel leaky integrate-and-fire spiking neural network architecture incorporating
Dynamic Adaptive Computation (DAC)—inspired by biological synaptic scaling [30]—for probabilistic sequence
modeling of heavy-tailed, non-stationary financial return series under a parameterized Student-¢ conditional distribution
(location, scale, degrees of freedom), exemplified by extreme leptokurtosis in Bitcoin (k = 11.52). Across three
synthetic and four empirical datasets, SNN+DAC demonstrates superior aggregate calibration toward the nominal 95%
target, achieving a Mean Absolute Coverage Error (MACE) of 1.20 percentage points (vs. 2.93 for GARCH(1,1)-f and
3.50 for Dense LSTM Student-£), with paired Wilcoxon signed-rank tests across 10 random seeds confirming statistical
significance on heavy-tailed series (S&P 500 coverage: p = 0.012; Bitcoin coverage: p = 0.004). Although
distributional accuracy (CRPS) superiority is restricted to the most extreme series (Bitcoin), the primary contribution
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of the DAC mechanism lies in calibration stability and tail robustness rather than universal CRPS dominance;
specifically, on Bitcoin (k = 11.52), SNN+DAC achieves both optimal coverage (94.1% vs. 93.6% Pure SNN and
99.8% GARCH) and the lowest CRPS (0.02515 vs. 0.02545 Pure SNN and 0.03261 GARCH). Furthermore, formal
backtesting indicates acceptable unconditional coverage across 4 of 8 asset—confidence-level pairs with no evidence of
violation clustering under the Christoffersen test, while regime-stratified evaluation confirms that the adaptive
threshold prevents catastrophic over-coverage during high-volatility crises. Enabling downstream applications such as
adaptive volatility tracking and unsupervised anomaly detection for real-time Value-at-Risk (VaR) monitoring and
stress testing, SNN+DAC establishes that energy-efficient, event-driven neuromorphic architectures can deliver
rigorous uncertainty quantification under extreme, regime-shifting conditions.

Limitations and Future Work. Despite its advantages, the proposed framework presents several limitations and future
directions. First, while SNN+DAC excels on Bitcoin, it slightly under-covers Crude Oil (93.0%); future work will
integrate extreme value theory (e.g., generalized Pareto models) to better capture extreme commodity tails. Second,
the Kolmogorov—Smirnov test yields low p-values due to tail sensitivity in moderate samples (N = 500), prompting
our reliance on aggregate metrics (MACE, CRPS), reliability curves, and VaR backtests; future studies should adopt
nuanced frameworks like energy or kernel-based calibration tests. Third, although our ablation study (Subsection 4.5)
isolated the main effects of a, A, and hidden-layer capacity, exploring higher-order interactions remains constrained by
surrogate-gradient training costs, which automated ablation or meta-learning could address. Fourth, extending the
model from univariate to multivariate forecasting using spiking attention or neural P systems [42] will enable joint
modeling of cross-asset dependencies for portfolio-level risk assessment. Fifth, deploying SNN-+DAC on
neuromorphic hardware (e.g., Intel Loihi [ 19] or photonic devices [43]) is essential to empirically quantify event-driven
energy-efficiency gains and account for hardware-specific overheads not captured by our software proxy. Finally, while
current DAC parameters (A, o) are unconstrained yet empirically stable, hardware implementations should enforce
bounds (e.g., A € [0,1], softplus a) to guarantee homeostatic stability. Furthermore, rather than fixing the degrees of
freedom to v € [4,10], future work should optimize these bounds via Bayesian optimization or adapt them dynamically
based on the target series' empirical kurtosis.
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  MACE =  1  D   ∑  d = 1  D   |   C  d − 95 | ,


    C  d


    F  i


    u  i =   F  i  (   y  i )


  𝒰  ( 0 , 1 )


    Anomaly  i = 𝟏  [   y  i ∉  [   𝜇  i ±   z  0 . 005 ,   𝜈  i   𝜎  i ] ]


    u  i =   F  i  (   y  i )


  𝒰  ( 0 , 1 )


  κ = 11 . 52


  p = 0 . 0000


  N ≈ 500


  p < 0 . 05


  ±


    𝜃  b a s e


    𝜃  b a s e


    𝜃  b a s e


    M A C s  d e n s e ≈     3   ×   64   × 20 ⏟  i n p u t   p r o j e c t i o n +     64   ×   1   × 3 ⏟  o u t p u t   h e a d s ≈ 4 , 032   MACs / sample


    v  t = 0 . 95   v  t − 1 + i   n  t


    ACs  S N N ≈   MACs  dense × Spike Rate  ≈   4 , 032   ×   0 . 05   ≈   202   ACs / sample


    E  SNN =     ACs ×   e  AC ⏟  spike-driven +     H × L ×   e  mem ⏟  memory baseline


  A C s


    e  A C


    e  m e m = 0 . 1


    E  SNN =  ( 202 × 0 . 9 ) +  ( 64 × 20 × 0 . 1 ) = 181 . 8 + 128 . 0 = 309 . 8  pJ per sample


  𝜅   =   11 . 52


  p   =   0 . 012


  p   =   0 . 004


  𝜅   =   11 . 52

