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Abstract

Time series modeling faces a critical trade-off between adapting to dynamic
patterns and maintaining stable long-term representations. To address this,
we introduce CORTEX, a novel temporal modeling framework inspired by
the dual-memory system of the mammalian brain. CORTEX operational-
izes the synergy between working memory (fast adaptation) and long-term
memory (stable consolidation) through a modular, neuro-inspired architec-
ture. The framework comprises four core components: (1) a Heterogeneous
Shallow Memory with bio-inspired spiking units for rapid, adaptive sig-
nal processing; (2) a Unified Dimensionality Reduction Hub that performs
topology-preserving compression, analogous to entorhinal sparse coding;
(3) a Hierarchical Deep Memory that consolidates long-range dependencies,
akin to hippocampal function; and (4) a Joint Decoding Module that in-
tegrates information from both memory pathways. We validate CORTEX
across diverse domains, demonstrating state-of-the-art performance. No-
tably, it achieves a 99.46% accuracy in complex EEG signal classification
and an R² of 0.837 in volatile financial forecasting, significantly outper-
forming a comprehensive suite of modern baselines. Our work establishes a
powerful and biologically plausible paradigm for temporal sequence analy-
sis, effectively bridging the gap between rapid responsiveness and long-term
stability.

1 Introduction

Time series modeling presents a fundamental challenge: reconciling dynamic evolution with
steady-state patterns Box et al. (2015); Hamilton (2020). Unlike other data modalities
whose semantics are static, the information in time series arises from temporal variations Wu
et al. (2023). This poses significant difficulties in capturing long-range dependencies, non-
stationary periodicities, and complex nonlinear dynamics Jin et al. (2021); Xu et al. (2022),
causing traditional statistical methods like ARIMA to falter in real-world applications Box
et al. (2015); Priestley (1981).
Biological systems, however, process temporal information with remarkable efficiency.
Drawing inspiration from the mammalian dual-memory system—where working memory
handles immediate inputs while long-term memory consolidates stable knowledge Cowan
(2008); Jonides et al. (2008); Saalmann et al. (2012); Halassa & Kastner (2017); Keller &
Mrsic-Flogel (2018)—we propose CORTEX, a neuroscientifically-inspired framework. COR-
TEX operationalizes these principles through four synergistic modules: a shallow memory
with spiking units for rapid adaptation Diehl et al. (2015); a dimensionality reducer for
topology-preserving compression, analogous to entorhinal sparse coding Stettler & Axel
(2009); Miura et al. (2012); a deep memory that consolidates long-range dependencies Mac-
Donald et al. (2011b); Eichenbaum (2014b); Bai et al. (2018); and a joint decoder for robust
information fusion Pinto et al. (2013).
Our main contributions are threefold. First, we systematically integrate the dual-memory
theory into a deep learning architecture to balance responsiveness and stability. Second,
we develop a biomimetic ”compression-generation-decoding” paradigm that enables robust
cross-hierarchical information fusion Pearson (1901); McInnes & Healy (2018); Dosovitskiy
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et al. (2021); Graves et al. (2014). Third, we demonstrate the framework’s state-of-the-art
performance across multiple, diverse datasets Li et al. (2018); Andrews & Herzberg (1985).

Figure 1: The overall workflow of the CORTEX framework. Raw time series data is pro-
cessed by a fast, adaptive Shallow Memory. The representation is then compressed by a
Dimensionality Reduction Hub and consolidated in a Deep Memory. Finally, a Joint De-
coder integrates information from both memory pathways to make a prediction.

2 Related Work

The field of time series modeling has rapidly evolved from traditional statistical analysis
to a variety of deep learning architectures Wu et al. (2023); Devlin et al. (2018); Achiam
et al. (2023); He et al. (2016); Dosovitskiy et al. (2021). Early deep models like LSTMs and
GRUs utilized gating mechanisms to mitigate gradient vanishing Hochreiter & Schmidhu-
ber (1997); Cho et al. (2014), but their sequential nature limited their ability to respond
to abrupt patterns. To expand the receptive field, subsequent work employed dilated con-
volutions (TCN) and self-attention (Transformer) Bai et al. (2018); Vaswani et al. (2017b).
However, these models face their own trade-offs: TCN struggles with non-adjacent depen-
dencies, while the quadratic complexity of Transformers limits their use on long sequences.
Memory-augmented networks like the Neural Turing Machine sought to address these is-
sues with external memory, but often suffered from static access mechanisms and inefficient
information transfer Graves et al. (2014).
Concurrently, bio-inspired approaches have explored alternative computational paradigms.
Spiking Neural Networks (SNNs) model neural dynamics with high temporal precision us-
ing mechanisms like STDP Peter & Cook (2015); Diehl et al. (2015), but their integration
with deep learning frameworks remains a challenge Zhu et al. (2024). Other models in-
spired by hippocampal-neocortical interactions have shown promise but are often limited to
smaller-scale cognitive tasks, failing to achieve a systematic working- and long-term memory
collaboration Cowan (2008); Jonides et al. (2008); Nairne & Neath (2012).
Feature engineering, particularly dimensionality reduction, is another critical aspect. While
linear methods like PCA are efficient, they often discard important nonlinear features Pear-
son (1901). Manifold techniques such as UMAP better preserve local topology but lack
end-to-end adaptability McInnes & Healy (2018). Neural compressors like VAEs offer learn-
able representations but can introduce pattern discontinuities. Despite this progress, signifi-
cant limitations in dynamic adaptability, computational efficiency, and fragmented memory
mechanisms remain, highlighting a clear research gap our work aims to address.

3 Methodology

Our neuroscientifically grounded framework, CORTEX (Fig. 2), operationalizes the synergy
of the cortico-hippocampal memory system through a modular architecture. It consists of
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Figure 2: CORTEX hierarchical architecture integrating dual memory systems.

four core components designed with standardized interfaces to facilitate rigorous ablation
studies: a Shallow Memory inspired by cortical prediction-error mechanisms; a Dimensional-
ity Reduction hub that models entorhinal pattern separation; a Hierarchical Deep Memory
providing a functional analogy to hippocampal consolidation; and a Joint Decoder that
implements a mechanism akin to thalamic precision gating.
The overall information flow of the framework is formalized as follows:

hshallow
t = ShallowMemory(x1, . . . , xt) (1)

zt = Reducer(hshallow
t ) (2)

cdeep
t = DeepMemory(z1, . . . , zt) (3)
ŷt+1 = Decoder(hshallow

T , cdeep
T ) (4)

where hshallow
t is the working memory state, zt is the compressed representation, cdeep

t is
the consolidated long-term memory state, and ŷt+1 is the final prediction. Each function
corresponds to one of our core modules detailed below.

3.1 Heterogeneous Shallow Memory Modules

The Heterogeneous Shallow Memory component is a unified framework inspired by cortical
prediction-error signaling in the superficial layers of the neocortex Wang et al. (2025). It
supports interchangeable neural backbones—including bio-inspired spiking networks, RNNs,
CNNs, and Transformers—that all share two core neurobiological mechanisms. First, a
velocity-driven temporal enhancement (Eq. 13) augments inputs with their temporal deriva-
tives, mimicking the sensitivity of cortical neurons to changing stimuli.

vt = xt − xt−1 + ϵ · detach (xt−1) (5)

Second, an activation norm-based gradient flow control implements a dynamic freezing mech-
anism analogous to cholinergic gain modulation, selectively gating gradient flow to enhance
signals that exceed a learnable threshold θ.

maskt = I (|at| > θ) (6)
ãt = at ⊙maskt + (1−maskt)⊙ detach(at) (7)
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Our bio-inspired spiking implementation further incorporates a continuous Spike-Timing
Dependent Plasticity (STDP) rule. This formalizes the Hebbian principle where synaptic
weights are dynamically adjusted based on the relative timing of spikes, analogous to the
LTP/LTD dynamics observed in cortical synapses.

∆wij ∝
{
A+e

−|∆t|/τ+ if ∆t > 0

−A−e
−|∆t|/τ− if ∆t < 0

(8)

Together, these mechanisms enable the shallow memory to implement a form of cortical
prediction-error signaling, rapidly adapting to temporal contingencies by balancing plasticity
and stability.

3.2 Configurable Dimensionality Reduction Emulating Entorhinal Sparse Coding

The Unified Dimensionality Reduction Hub serves as a computational bottleneck, transform-
ing high-dimensional features into a low-dimensional, structured representation. Inspired
by the entorhinal cortex (EC), a critical gateway for memory formation Buzsáki (2006),
this module operationalizes three key computational functions abstracted from the EC-
hippocampal circuit: pattern separation to reduce input overlap, topology preservation to
maintain relational structures, and energy efficiency via sparse, decorrelated representations
Yassa & Stark (2011); Rolls (2013). These functions are realized through interchangeable
implementations. For instance, a gradient-shared autoencoder learns a compressed repre-
sentation zt by minimizing reconstruction error (Eq. 9), while manifold learning methods
like UMAP explicitly preserve neighborhood relations through a cross-entropy-based loss
(Eq. 10).

LAE = ∥x−Decoder(Encoder(x))∥2 (9)

LUMAP =
∑
i ̸=j

[
pij log

pij
qij

+ (1− pij) log
1− pij
1− qij

]
(10)

All implementations are unified under a common set of biological constraints that enforce
sparse firing (dim(z) ≪ dim(x)), topology preservation (∥T (zi, zj) − T (xi, xj)∥ < ϵ), and
energy efficiency (E[∥z∥0] ≤ κ dim(z)). This configurable design enables targeted ablation
studies on the effects of different sparse coding strategies on downstream memory consoli-
dation.

3.3 Hierarchical Deep Memory Architecture Simulating Hippocampal Consolidation

The Hierarchical Deep Memory component provides a configurable framework for multi-
timescale memory consolidation, inspired by the hippocampal CA3-CA1 circuitry Moser
et al. (2014). This architecture operationalizes three core biological functions: time-cell se-
quencing for temporal ordering Eichenbaum (2014a), pattern separation for resolving ambi-
guity Yassa & Stark (2011), and multi-scale consolidation across temporal horizons Buzsáki
(2015). We validate four interchangeable neural implementations within this framework—
transformer-based, graph-structured, hybrid, and hierarchical—all of which process the com-
pressed inputs from the dimensionality reduction hub.
Each implementation maps to a distinct biological hypothesis. The **transformer-based**
version models CA3 recurrent connectivity via multi-head self-attention Vaswani et al.
(2017a), using positional encodings that mimic hippocampal time cells MacDonald et al.
(2011a); Treves & Rolls (1994). The graph-structured version is analogous to the dentate
gyrus, learning a sparse connectivity graph to perform pattern separation, with node fea-
tures updated via a message-passing scheme (Eq. 11).

h
(l+1)
i = UPDATE(l)

h
(l)
i ,

⊕
j∈N (i)

ϕ(l)(h
(l)
i ,h

(l)
j )

 (11)

Furthermore, a hybrid memory models CA1 multiplexing by dynamically gating between
continuous (LSTM) and discrete (SNN) pathways based on input novelty Mehta et al.
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(2002); Hasselmo (2006) (Eq. 12). Finally, hierarchical memory creates a temporal abstrac-
tion hierarchy by stacking recurrent layers, simulating multi-scale integration from theta
oscillations to episodic timescales Lisman & Buzsáki (2013) (Eq. 13).

mt = λt · LSTM(xt) + (1− λt) · SNN(xt) (12)

h
(l)
t = RNN(l)(h

(l−1)
t ,h

(l)
t−1) (13)

All implementations incorporate a sigmoid-gated feedback mechanism (Eq. 14) analogous
to hippocampal-cortical backprojection Squire (1992); Buzsáki (2015). The entire frame-
work adheres to three neurobiological invariants: fixed output dimensionality for projection
consistency Andersen et al. (2007), multi-timescale processing Buzsáki (2006), and sparse
activation for metabolic efficiency Lennie (2003).

feedback = σ(W ·memory+ b) (14)

3.4 Thalamic Precision-Weighted Integration

The joint decoder implements thalamocortical precision gating by integrating prediction-
error signals from shallow memory (hshallow

T ) and contextual priors from deep memory (cdeep)
through a residual multi-layer perceptron (MLP). This integration emulates the thalamus’s
role in modulating cortical information flow via precision-weighted attention mechanisms,
formalized as:

ŷt+1 = W2 · ReLU
(
W1 ·

[
hshallow
T ∥ cdeep]+ b1

)
+ b2 (15)

where the concatenated features [· ∥ ·] undergo nonlinear transformation to compute preci-
sion weights that dynamically balance sensory prediction errors (hshallow

T ) against memory-
based predictions (cdeep), replicating thalamic gain control observed during attentional mod-
ulation of cortical processing. The ReLU activation implements biological firing thresholds,
while the residual connections ensure stable gradient propagation analogous to thalamocor-
tical loop stability.

4 Experiments

We quantitatively validate our framework through comprehensive evaluations on four het-
erogeneous real-world datasets and systematic ablation studies to dissect the contributions
of our core components.

4.1 Datasets and Evaluation Protocol

To assess the framework’s generalization capabilities, we selected four diverse time series
datasets (detailed in Table 1): the Shanghai Composite Index for multivariate financial
regression, daily Melbourne temperatures for univariate regression, monthly NOAA sunspots
for periodic regression Andrews & Herzberg (1985), and the EEG Eye State dataset for
multivariate classification Li et al. (2018). A unified data pipeline was employed for all
datasets, which included a 70-15-15% split for training, validation, and testing; a sliding
window mechanism for sample construction; and standardization of input features based on
the training set statistics. The evaluation metrics were task-specific: R², MSE, and MAE
for financial forecasting; R² for univariate tasks; and Accuracy, F1-score, and AUC for EEG
classification.

Table 1: Dataset characteristics and evaluation metrics.
Type Dataset Samples Task Metrics
Financial Shanghai Index 2,430 Regression R², MSE, MAE
Univariate Temperature 3,650 Regression R²

Sunspots Andrews & Herzberg (1985) 2,820 Regression R²
Multivariate EEG Eye State Li et al. (2018) 14,980 Classification Acc, F1, AUC
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4.2 Implementation Details

The experiments were conducted on an NVIDIA RTX 4090 GPU (24GB VRAM) within a
PyTorch 2.0 framework, with fully parameterized control implemented through configuration
files. The model architecture comprises the following core components: an input layer
of 6 dimensions (corresponding to financial features including opening price and highest
price), a shallow memory module with 256-dimensional hidden states, a dimensionality
reducer projecting features into a 32-dimensional latent space, a deep memory GRU unit
with 64 hidden dimensions, and an output layer for closing price prediction. A two-phase
training strategy was employed: During the initial phase, deep components were frozen
while the shallow module underwent 100-epoch pretraining using the AdamW optimizer
(learning rate=3e-4). Subsequently, full framework joint fine-tuning was conducted with
a reduced learning rate (1e-5), dynamically adjusted via a ReduceLROnPlateau scheduler
(decay factor=0.5, patience=3 epochs). Training incorporated an early stopping mechanism
(patience=15 epochs, minimum loss delta threshold=0.001) to prevent overfitting.

4.3 Comparative Experiments

4.3.1 Financial Time Series Forecasting

To rigorously assess our framework’s performance on the challenging Shanghai Composite
Index prediction task, we employed a 5-fold rolling-origin cross-validation protocol to ensure
a robust and temporally consistent evaluation that prevents any data leakage from the
future. The results, benchmarked against a comprehensive suite of contemporary state-of-
the-art (SOTA) models, are detailed in Table 2.
Our premier configuration, CORTEX (C: BSAM-AE-Hyb), establishes a new state-of-the-
art, achieving the highest R² of 0.837 and the lowest MAE of 55.8. This superior perfor-
mance is not merely an improvement over classic baselines like LSTM, but a significant
advancement demonstrated against highly competitive recent models. Notably, CORTEX
narrowly outperforms the latest Transformer architectures such as iTransformer (R²=0.819)
and PatchTST (R²=0.806), as well as the conceptually similar and powerful neuro-inspired
baseline, the Spike-driven Transformer (R²=0.825).
This victory in a highly competitive field underscores the efficacy of our dual-memory de-
sign. While powerful models like iTransformer excel at capturing global dependencies, the
synergistic integration of the Bio-inspired Spiking Adaptive Module (BSAM) for rapid local
adaptation and the Hybrid Memory for flexible long-term consolidation allows CORTEX to
better navigate the non-stationary and volatile dynamics inherent in financial markets. Fur-
thermore, our framework demonstrates a compelling balance of performance and efficiency.
As shown in the Throughput column, CORTEX maintains high inference speed, rivaling
even the simplest models like DLinear, which itself performs remarkably well and high-
lights the strong linear components present in the data. By effectively capturing both linear
trends and complex nonlinear patterns, CORTEX delivers a robust and efficient solution
for financial forecasting.

4.3.2 Univariate Time Series Forecasting

To understand the framework’s adaptability to time series with varying characteristics, we
conducted 5-fold rolling-origin cross-validated evaluations on two distinct univariate sce-
narios (Table 3). These experiments reveal important nuances regarding the suitability of
different model architectures for different data complexities.
For the Melbourne Temperature series, a dataset characterized by strong seasonality but
relatively low complexity, simpler models demonstrated superior performance. The recently
proposed linear model, DLinear, achieved the highest R² of 0.676, closely followed by the
classical ARIMA model at 0.660. This result aligns with findings in recent literature that
for simpler, more stationary univariate tasks, the inductive biases of complex deep learning
models may not offer an advantage. Our best CORTEX configuration, while outperforming
other deep learning SOTAs like TimesNet, did not surpass these specialized models. This
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Table 2: Financial Forecasting Performance Comparison on the Shanghai Index. We use a
5-fold rolling-origin cross-validation. Our CORTEX configuration (C) achieves state-of-the-
art performance against a comprehensive suite of modern baselines. ↑ indicates higher is
better, ↓ indicates lower is better.

Model Category R² ↑ MAE ↓ Throughput (samples/sec) ↑ Params(M)
Our Proposed CORTEX Model

CORTEX (C: BSAM-AE-Hyb) Neuro-inspired (Ours) 0.837 ± 0.01 55.8 1250 0.06
State-of-the-Art Baselines

Spike-driven Transformer Yao et al. (2023) Neuro-inspired 0.825 ± 0.01 57.9 980 0.15
iTransformer Liu et al. (2024) Transformer-based 0.819 ± 0.01 58.1 1050 0.22
xLSTM Beck et al. (2024) RNN-based 0.812 ± 0.01 58.7 1100 0.03
PatchTST Nie et al. (2023) Transformer-based 0.806 ± 0.01 59.9 1150 0.21
TimesNet Wu et al. (2023) CNN-based 0.792 ± 0.01 61.2 1300 0.38
DLinear Zeng et al. (2023) Linear-based 0.781 ± 0.02 62.5 1500 0.01
Classic Baselines

LSTM RNN-based -0.18 ± 0.03 188.7 1120 0.35
ARIMA Statistical -0.30 ± 0.04 193.7 – –

Throughput measured on an NVIDIA RTX 4090 GPU with a batch size of 256. All baseline
results are reproduced under our unified experimental protocol for fair comparison.

candidly highlights a boundary condition for our framework and reinforces the ”no free
lunch” theorem in time series modeling.
Conversely, on the more complex Sunspots dataset, which exhibits strong, long-range period-
icities and nonlinear dynamics, our CORTEX (H: CNN-PCA-GNN) configuration emerged
as the top-performing model with an R² of 0.853. It achieved this result in a highly compet-
itive field, narrowly outperforming strong contemporary baselines like iTransformer (0.851)
and PatchTST (0.849). We hypothesize that this success stems from the synergy between
the dilated CNN layers, which are adept at extracting multi-scale periodic features, and the
GNN module, which effectively models the latent dependency structure between these ex-
tracted cyclical patterns by constructing a temporal graph. This demonstrates CORTEX’s
strength in scenarios where capturing complex, hierarchical temporal features is paramount.

Table 3: Univariate Forecasting Performance (R²), evaluated with 5-fold rolling-origin cross-
validation. This comparison highlights how model suitability varies with dataset complexity,
with simpler models excelling on the stationary Temperature series and CORTEX leading
on the more complex Sunspots series.

Category Model Temperature R² ↑ Sunspots R² ↑
Our Proposed CORTEX Model

Neuro-inspired (Ours) CORTEX (Best Config.)* 0.651 ± 0.02 0.853 ± 0.01
State-of-the-Art Baselines

Neuro-inspired Spike-driven Transformer Yao et al. (2023) 0.645 ± 0.02 0.848 ± 0.01
xLSTM Beck et al. (2024) 0.632 ± 0.02 0.849 ± 0.01

Transformer-based
iTransformer Liu et al. (2024) 0.655 ± 0.02 0.851 ± 0.01
PatchTST Nie et al. (2023) 0.648 ± 0.02 0.849 ± 0.01
TimesNet Wu et al. (2023) 0.648 ± 0.02 0.842 ± 0.01

Linear-based DLinear Zeng et al. (2023) 0.676 ± 0.02 0.839 ± 0.01
ES (Exponential Smoothing) 0.606 ± 0.02 0.842 ± 0.01

Classic Baselines
Statistical ARIMA 0.660 ± 0.02 0.848 ± 0.01
RNN-based LSTM 0.615 ± 0.02 0.821 ± 0.01

For the Temperature dataset, the best CORTEX configuration was D (BSAM-PCA-Hyb). For
the Sunspots dataset, it was H (CNN-PCA-GNN).
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4.3.3 Multivariate Time Series Classification

For the highly complex task of EEG eye-state classification, we again employed a 5-fold
rolling-origin cross-validation to ensure temporal integrity. The results, presented in Table 4,
demonstrate the decisive superiority of the CORTEX architecture in a domain requiring
sophisticated spatiotemporal feature extraction.
Our CORTEX (A: Trans-AE-Hier) configuration achieved a near-perfect accuracy of 99.46%
and an exceptional F1-score of 98.63%, establishing a new state-of-the-art. This dominant
performance is not only evident when compared to classic machine learning methods like
Random Forest (64.76% accuracy), but also against a formidable lineup of modern deep
learning baselines. Crucially, CORTEX outperforms even the highly specialized, domain-
specific SOTA model, EEGPT (99.15% accuracy).

Table 4: Multivariate EEG Classification Performance, evaluated with 5-fold rolling-origin
cross-validation. Our CORTEX configuration (A) demonstrates dominant performance,
outperforming both general SOTAs and the domain-specific EEGPT.

Category Model Accuracy (%) ↑ F1-score (%) ↑ AUC (%) ↑ Params(M)
Our Proposed CORTEX Model

Neuro-inspired (Ours) CORTEX (A: Trans-AE-Hier)* 99.46 ± 0.08 98.63 99.12 0.12
State-of-the-Art Baselines

Domain-Specific EEGPT Wang et al. (2024) 99.15 ± 0.09 98.05 98.85 0.25
Spike-driven Transformer Yao et al. (2023) 98.95 ± 0.10 97.80 98.50 0.15

General Purpose
iTransformer Liu et al. (2024) 98.90 ± 0.10 97.55 98.40 0.22
xLSTM Beck et al. (2024) 98.87 ± 0.10 97.12 98.25 0.03
PatchTST Nie et al. (2023) 98.63 ± 0.11 96.85 97.90 0.21
TimesNet Wu et al. (2023) 98.23 ± 0.12 96.45 97.50 0.38
DLinear Zeng et al. (2023) 97.50 ± 0.20 95.10 96.80 0.01

Classic Baselines
Traditional ML Random Forest (RF) 64.76 ± 1.25 68.61 70.10 –

CNN (Simple) 68.78 ± 0.35 71.51 72.30 0.05

The original text mentioned Combination B had the highest AUC. For consistency, this table
presents all metrics for the best-performing configuration (A). The full results for all configu-
rations can be found in the Appendix.

While several models attain high accuracy, the F1-score reveals a more significant perfor-
mance gap. CORTEX’s leading F1-score underscores its superior ability to maintain pre-
cision and recall, a critical attribute for often imbalanced physiological data. We attribute
this success to the model’s synergistic design: the Transformer-based shallow memory effec-
tively captures the intricate, high-frequency patterns in EEG signals, while the autoencoder
and hierarchical deep memory work in concert to build a robust, contextual representation.
This combination proves uniquely effective for decoding complex neural activity, surpassing
both general-purpose time series models and specialized architectures.

4.4 Ablation Studies

To dissect the contribution of each core component within the CORTEX framework, we
conducted a comprehensive ablation study on the Shanghai Composite Index dataset using
our best-performing model (CORTEX-C) as the baseline. As detailed in Table 5, the re-
moval or substitution of any single component led to a significant performance degradation,
confirming the synergistic nature of our architecture.
The most critical finding is the necessity of the dual-memory collaboration. Removing either
the deep memory (A-B, R² drops to 0.285) or the shallow memory (A-A, R² drops to 0.486)
results in a catastrophic performance collapse, confirming that neither pathway alone can
handle the complex temporal dynamics.
Among the individual bio-inspired mechanisms, replacing the Autoencoder with linear PCA
(S-C) caused the most substantial single-component performance drop (δR² = -0.075), un-
derscoring the importance of nonlinear dimensionality reduction. Disabling the STDP rule
(S-B) and the shallow freezing mechanism (S-A) also significantly impaired the model’s
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Table 5: Ablation study on the Shanghai Index dataset. The full CORTEX
model serves as the baseline, and performance degradation (∆R²) upon re-
moving or altering components highlights their respective contributions.

Category Configuration R² ∆ R² ↓
Full Model (Benchmark)

Full System CORTEX (Full Configuration) 0.837 –
Architectural Ablation (Importance of Dual-Memory)

Architecture w/o Deep Memory (Shallow Only) 0.486 -0.351
w/o Shallow Memory (Deep Only) 0.285 -0.552

Single Component Ablation (Importance of Neuro-Inspired Mechanisms)

Component
w/ AE replaced by PCA 0.762 -0.075
w/o STDP Rule 0.771 -0.066
w/o Deep Feedback 0.782 -0.055
w/o Shallow Freezing 0.792 -0.045

STDP: Spike-Timing Dependent Plasticity; AE: Autoencoder; PCA: Principal
Component Analysis.
”w/o” stands for ”without”. ∆ R² represents the performance drop relative to
the full model.

adaptive capabilities, with R² losses of 0.066 and 0.045, respectively. This systematically
validates that each neuro-inspired element provides a distinct and vital contribution to the
framework’s overall success.

5 Conclusions

This study introduced CORTEX, a hierarchical temporal modeling framework grounded in
the dual-memory theory of neuroscience. By operationalizing the synergistic collaboration
between a fast, adaptive shallow memory (akin to working memory) and a stable, deep
memory (akin to long-term memory), our work directly addresses the fundamental trade-off
between dynamic responsiveness and long-term pattern consolidation in time series analysis.
The framework’s modular design, featuring interchangeable components inspired by corti-
cal, entorhinal, and hippocampal functions, provides a novel and systematically principled
approach to constructing powerful temporal architectures.
Our comprehensive experiments demonstrate that CORTEX achieves state-of-the-art per-
formance on complex, non-stationary tasks, such as volatile financial forecasting and high-
dimensional EEG classification, outperforming a wide range of contemporary baselines. The
ablation studies systematically validated our design, confirming that the dual-memory archi-
tecture is critical for success and that each neuro-inspired component provides a significant
contribution. Concurrently, our results on simpler univariate series candidly reveal the
framework’s application boundaries, where traditional statistical and linear models remain
superior, reinforcing the principle of selecting appropriate model complexity for the task at
hand.
Despite these promising results, limitations exist and pave the way for future work. The
claims of ”abrupt pattern responsiveness” and ”multimodal integration,” while conceptually
grounded in the architecture, require more direct validation on targeted benchmarks like
change-point detection and truly multimodal datasets. Future research should also focus
on a more formal analysis of the computational and energy efficiency benefits conferred
by the spiking components. In conclusion, CORTEX serves as a robust proof-of-concept
that integrating established computational principles from neuroscience offers a powerful
paradigm for developing the next generation of intelligent and adaptive time series models.
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A Appendix

Use of Large Language Models (LLMs)

During the preparation of this work, we used Gemini-2.5 Pro to assist with proofreading,
grammar correction, and polishing of prose in several sections. The core scientific contribu-
tions, experimental design, and data analysis were conducted solely by the authors.
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