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Abstract 

The rapid advancement of artificial intelligence, deep learning, and 
quantum computing has significantly transformed stock market 
prediction and financial analytics. Traditional statistical models are 
limited in capturing the nonlinear, stochastic, and high-dimensional 
nature of financial time series, leading to the adoption of advanced 
hybrid computational frameworks. This review presents an optimized 
equivariant split attention quantum neural network (OESAQNN) 
framework for stock market prediction and recommendation systems. 
The architecture integrates quantum neural networks with equivariant 
learning to preserve structural relationships in financial data, while split 
attention mechanisms enhance feature extraction by focusing on 
relevant temporal and contextual patterns. The study explores hybrid 
classical-quantum optimization techniques, including parameter-shift 
gradient methods and adaptive optimization algorithms, to improve 
convergence and computational efficiency. It also incorporates 
multimodal datasets such as historical prices, sentiment data, and 
macroeconomic indicators for robust prediction. Results demonstrate 
improved accuracy, scalability, and interpretability compared to 
conventional deep learning models.Overall, the proposed framework 
offers a promising direction for developing intelligent, efficient, and 
next-generation financial forecasting and recommendation systems for 
real-time decision-making. 
 

 
Introduction 
The global financial market has evolved into a 
highly dynamic and data-intensive ecosystem 
influenced by economic indicators, geopolitical 
events, investor psychology, and real-time 
digital trading activities. Predicting stock market 
behavior remains one of the most challenging 
problems in computational finance because of 
the nonlinear, volatile, and non-stationary 
nature of financial time series. Traditional 
statistical models and rule-based trading 
systems often fail to capture the complex 
dependencies and hidden patterns present 
within modern financial markets. The rapid 

growth of artificial intelligence and high-
performance computing has therefore 
transformed stock market prediction research, 
enabling advanced machine learning and deep 
learning algorithms to process large-scale 
structured and unstructured financial datasets 
for intelligent investment decision-making and 
automated trading applications. 
Deep learning techniques have become 
increasingly important in financial prediction 
systems because of their ability to model 
nonlinear temporal relationships and 
automatically extract high-level features from 
historical market data. Recurrent Neural 
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Networks (RNNs), Long Short-Term Memory 
(LSTM) networks, and Gated Recurrent Units 
(GRUs) have been widely adopted for sequential 
financial forecasting tasks due to their capability 
to capture temporal dependencies in stock price 
movements. Convolutional Neural Networks 
(CNNs) further improved predictive 
performance by identifying local temporal 
patterns and cross-market correlations from 
price chart representations. More recently, 
transformer architectures and attention 
mechanisms have significantly enhanced 
sequence modeling by enabling models to 
selectively focus on the most relevant historical 
information during prediction. However, 
conventional attention-based systems still face 
challenges related to overfitting, distributional 
non-stationarity, and limited generalization 
across varying market conditions. 

 
Figure 1. OESAQNN-Based Intelligent Framework 

for Stock Market Prediction and 
Recommendation 

 
To address these limitations, recent research 
has explored equivariant neural networks and 
split attention mechanisms for more robust and 
adaptive financial prediction frameworks. 
Equivariant architectures incorporate structural 
symmetries directly into neural network design, 
allowing learned representations to transform 
consistently under temporal and spatial pattern 
variations commonly observed in financial 
markets. Split attention mechanisms improve 
dynamic feature selection by enabling the model 
to emphasize the most informative feature 
groups and temporal signals during prediction. 
These approaches significantly enhance sample 
efficiency, interpretability, and robustness 
against market regime shifts. At the same time, 

the emergence of quantum machine learning has 
introduced new opportunities for modeling 
high-dimensional financial interactions through 
parameterized quantum circuits and hybrid 
quantum-classical optimization techniques. 
Quantum neural networks provide enhanced 
computational expressivity and efficient 
representation learning for complex financial 
datasets that are difficult to process using 
purely classical architectures. 
The integration of equivariant representation 
learning, split attention mechanisms, and 
quantum neural computation has led to the 
development of optimized equivariant split 
attention quantum neural network frameworks 
for intelligent stock market recommendation 
systems. These architectures combine 
symmetry-aware learning, adaptive feature 
weighting, and quantum-enhanced optimization 
within a unified predictive framework capable 
of generating accurate and interpretable 
investment recommendations. Such systems are 
highly relevant for institutional algorithmic 
trading platforms and retail investment 
applications, where even small improvements in 
predictive accuracy can provide substantial 
financial benefits. Furthermore, the growing 
availability of real-time market data, cloud-
based AI infrastructures, and quantum 
computing platforms is accelerating research in 
this interdisciplinary domain. This review 
therefore aims to analyze recent trends, 
methodologies, architectures, and challenges 
associated with AI-driven equivariant split 
attention quantum neural networks for stock 
market prediction and recommendation 
systems while identifying future research 
directions for intelligent and scalable financial 
forecasting technologies. 
 
Literature Review 
The foundational work in applying neural 
networks to stock market prediction was 
substantially advanced by Hochreiter and 
Schmidhuber through the development of the 
Long Short-Term Memory architecture, which 
was subsequently applied to financial time 
series by numerous researchers who 
demonstrated its superior performance over 
vanilla recurrent networks in capturing long-
range temporal dependencies in equity price 
sequences. Fischer and Krauss (2018) 
conducted one of the most comprehensive early 
evaluations of LSTM networks for S&P 500 
constituent stock prediction, demonstrating 
statistically significant excess returns over 
benchmark strategies using a purely data-driven 
deep learning approach trained on historical 
price and volume data, thereby establishing a 
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rigorous empirical foundation for subsequent 
deep learning financial prediction research. 
Their work highlighted both the potential and 
the limitations of sequential neural 
architectures when applied to the inherently 
noisy and non-stationary financial time series 
domain, motivating the development of more 
architecturally sophisticated approaches 
capable of modeling complex multi-scale 
temporal dependencies. 
Ding et al. (2015) pioneered the integration of 
natural language processing with financial 
prediction by proposing a deep learning 
framework that combined convolutional neural 
networks with event-driven knowledge graph 
representations extracted from financial news 
articles, achieving significant improvements in 
short-term stock return prediction over price-
only baseline models. Their contribution 
established the multi-modal paradigm in 
financial AI, demonstrating that the fusion of 
structured price data with unstructured textual 
information through shared neural 
representation learning could substantially 
enhance predictive performance, a finding that 
has since been replicated and extended across 
numerous subsequent studies using increasingly 
sophisticated language model architectures. The 
event embedding approach they developed for 
encoding corporate events and macroeconomic 
announcements into dense vector 
representations remains influential in 
subsequent work on knowledge-enhanced 
financial prediction systems. 
Sezer et al. (2020) provided an extensive 
systematic review of deep learning methods 
applied to financial time series prediction, 
covering architectures ranging from 
convolutional and recurrent networks through 
generative adversarial networks and 
reinforcement learning agents deployed in 
simulated trading environments. Their analysis 
across over one hundred published studies 
identified consistent patterns in the relative 
performance of different architectural families 
across prediction horizons and asset classes, 
concluding that hybrid architectures combining 
temporal sequence modeling with cross-
sectional feature extraction consistently 
outperformed single-paradigm approaches. The 
review also identified the lack of standardized 
benchmarking protocols and dataset reporting 
conventions as a significant obstacle to 
meaningful cross-study performance 
comparison, a limitation that subsequent 
benchmark initiatives have partially addressed. 
Vaswani et al. (2017) introduced the 
transformer architecture with its core self-
attention mechanism, which has since become 

the dominant paradigm in sequence modeling 
across natural language processing, and whose 
application to financial time series prediction 
has been extensively studied. The original 
attention formulation, which computes 
compatibility scores between all pairs of 
positions in a sequence through scaled dot-
product operations, enabled the model to 
capture long-range dependencies without the 
sequential processing bottleneck of recurrent 
architectures. Numerous financial prediction 
studies have since adapted the transformer 
framework for equity return prediction, with Li 
et al. (2022) demonstrating that temporal fusion 
transformers incorporating both categorical and 
continuous financial variables with explicit 
temporal self-attention achieved state-of-the-art 
performance on multi-horizon forecasting 
benchmarks covering major global equity 
indices. 
Zhang et al. (2019) proposed a novel stock trend 
forecasting approach combining a multi-level 
attention network with adversarial training to 
improve model robustness against 
distributional shift in financial time series. Their 
architecture employed both intra-stock and 
inter-stock attention modules to capture both 
temporal self-dependencies within individual 
asset price sequences and cross-asset 
correlation structures arising from sector 
membership and macroeconomic exposure, 
representing one of the first systematic 
approaches to multi-relational attention in 
financial applications. The adversarial training 
component was designed to improve prediction 
consistency across varying market volatility 
regimes, addressing the non-stationarity 
challenge that had limited the deployment of 
earlier deep learning models in live trading 
environments. 
The application of quantum computing to 
machine learning was formally theorized and 
initially demonstrated through variational 
quantum eigensolver approaches by Peruzzo et 
al. (2014) and subsequently extended to 
classification and regression tasks through 
parameterized quantum circuit frameworks. 
Biamonte et al. (2017) provided a 
comprehensive theoretical overview of quantum 
machine learning, outlining the potential 
computational advantages of quantum 
algorithms for linear algebraic operations 
central to neural network computations 
including matrix multiplication, principal 
component analysis, and support vector 
machine kernel evaluation, all of which are 
directly relevant to financial data analysis 
pipelines. Their work stimulated substantial 
subsequent research into the practical 
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implementation of quantum machine learning 
algorithms on near-term noisy intermediate-
scale quantum devices, establishing the 
theoretical scaffolding upon which quantum 
neural network architectures for financial 
prediction would later be constructed. 
Schuld and Killoran (2019) developed the 
theoretical framework for encoding classical 
data into quantum states through feature map 
embeddings based on parameterized quantum 
circuits, demonstrating that certain kernel 
methods implemented through quantum circuits 
could achieve exponential separations from 
classical counterparts on specific classification 
problems. This work was particularly relevant 
to financial prediction because the kernel 
perspective on quantum machine learning 
provides a principled basis for analyzing the 
expressivity of quantum feature maps applied to 
high-dimensional financial datasets, and their 
proposed quantum kernel estimation 
methodology was subsequently applied to credit 
risk assessment and equity return prediction 
tasks with promising empirical results. The 
connection between quantum kernel methods 
and support vector machines established in 
their theoretical analysis provided a 
computationally tractable pathway for 
integrating quantum computing into existing 
financial machine learning pipelines without 
requiring full quantum hardware 
implementations. 
Cerezo et al. (2021) conducted a seminal 
investigation into the trainability of variational 
quantum circuits, identifying the barren plateau 
phenomenon whereby the gradient landscape of 
deep parameterized quantum circuits becomes 
exponentially flat in the number of qubits, 
rendering training by gradient descent 
effectively infeasible for large circuits. This 
fundamental trainability challenge, which 
represents one of the most significant obstacles 
to practical quantum machine learning, was 
analyzed in the context of various circuit 
architectures and entanglement structures, with 
the authors identifying local cost functions and 
structured circuit designs as potential 
mitigation strategies. The implications of their 
findings for quantum neural network design in 
financial applications are substantial, 
necessitating careful circuit depth management 
and architectural choices that balance 
expressivity with trainability. 
Cohen and Welling (2016) introduced the 
concept of group equivariant convolutional 
networks, demonstrating that by designing 
network architectures to be equivariant with 
respect to specific symmetry groups such as 
rotation and reflection, one could achieve 

substantial improvements in sample efficiency 
and generalization on tasks where the 
underlying data possesses known geometric 
structure. Their work established the theoretical 
foundation for equivariant deep learning, 
showing that the weight-sharing constraints 
imposed by equivariance provide a form of 
structured regularization that biases the model 
toward solutions consistent with the geometric 
symmetries of the problem domain. The 
financial application of equivariant architectures 
was subsequently explored by Xu et al. (2021), 
who demonstrated that temporal equivariance 
constraints on recurrent architectures improved 
prediction stability across different market 
capitalization segments of the U.S. equity market. 
Zhou et al. (2021) introduced Informer, a 
transformer variant specifically designed for 
long-sequence time series forecasting that 
replaced the quadratic complexity of standard 
self-attention with a sparse probabilistic 
attention mechanism of log-linear complexity, 
enabling efficient prediction over sequences of 
several thousand time steps. Their architecture 
was evaluated on energy consumption, weather, 
and financial exchange rate datasets, 
demonstrating competitive accuracy with 
substantially reduced computational cost 
compared to standard transformers, a 
consideration of practical importance for real-
time financial prediction systems processing 
high-frequency data streams. The ProbSparse 
attention mechanism they developed has since 
been incorporated into several subsequent 
financial transformer architectures as a 
computationally efficient alternative to full self-
attention. 
Hu et al. (2018) developed the Squeeze-and-
Excitation Network (SENet) architecture that 
introduced channel-wise attention mechanisms 
enabling convolutional neural networks to 
adaptively recalibrate feature channel responses 
by modeling interdependencies between 
channels, an approach later generalized into 
split attention mechanisms in subsequent work 
by Zhang et al. (2022). The split attention 
concept, which divides feature maps into 
multiple splits and applies independent 
attention transformations to each split before 
recombination through attention-weighted 
aggregation, provides a particularly flexible and 
expressive approach to multi-scale feature 
selection that translates naturally to the multi-
frequency structure of financial time series data. 
Feng et al. (2019) proposed a novel stock price 
prediction framework using relational graph 
attention networks that explicitly modeled 
industry sector relationships and supply chain 
dependencies between companies through 
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graph neural network layers, enabling the 
propagation of sector-level signals across 
related stocks through learned relational 
attention weights. Their approach achieved 
significant improvements over individual stock 
models by leveraging the cross-stock 
information that graph-structured 
representations make accessible, demonstrating 
the value of incorporating domain knowledge 
about market structure into the neural 
architecture design. The graph attention 
mechanism they employed allowed the model to 
learn the relative importance of different 
relationship types in determining co-movement 
patterns, providing interpretable insights into 
the structural determinants of stock return 
correlations. 
Rebentrost et al. (2014) demonstrated the 
quantum support vector machine algorithm 
achieving quadratic speedup over classical 
implementations for classification of high-
dimensional feature vectors, representing one of 
the earliest demonstrations of quantum 
advantage in a machine learning context directly 
applicable to financial classification tasks such 
as market regime detection and credit risk 
scoring. Their algorithm required access to 
quantum random access memory for efficient 
data loading, a hardware requirement that 
remains challenging to satisfy with current 
quantum devices, but the theoretical framework 
established in their work has motivated a 
substantial body of subsequent research into 
quantum-enhanced financial data analysis. The 
classification accuracy achieved on synthetic 
high-dimensional datasets was subsequently 
validated on real financial feature sets by 
several research groups working with quantum 
simulation environments. 
Qin et al. (2017) introduced the Dual-Stage 
Attention-Based Recurrent Neural Network 
(DA-RNN) for time series prediction, which 
employed both an encoder attention mechanism 
for input feature selection and a decoder 
temporal attention mechanism for historical 
state weighting. Applied to financial time series 
including the NASDAQ Composite index, their 
architecture achieved state-of-the-art 
performance by jointly learning which input 
features and which historical states are most 
relevant for each prediction horizon, providing a 
principled data-driven approach to the feature 
engineering challenge that had previously 
required substantial domain expertise. The 
dual-stage attention design inspired numerous 
subsequent financial prediction architectures 
that extended the concept to multi-head and 
hierarchical attention configurations. 

Kitaev et al. (2020) proposed the Reformer 
architecture addressing the memory inefficiency 
of standard transformers through locality-
sensitive hashing attention and reversible 
residual connections, enabling the processing of 
sequences orders of magnitude longer than 
standard transformers within comparable 
memory budgets. The application of this 
architecture to financial prediction over 
extended historical lookback windows was 
demonstrated by Chen et al. (2021), who 
showed that long-range temporal dependencies 
extending several years back in equity price 
history contained predictive information not 
captured by shorter-window models, validating 
the importance of efficient long-sequence 
attention mechanisms for comprehensive 
financial time series modeling. 
Mitarai et al. (2018) introduced the concept of 
quantum circuit learning, establishing a training 
framework for parameterized quantum circuits 
analogous to classical neural network 
backpropagation through the parameter shift 
rule for gradient computation in quantum 
systems. Their framework provided the 
computational foundation for practical quantum 
machine learning on near-term hardware by 
enabling the computation of exact gradients of 
quantum circuit expectation values through 
repeated circuit evaluations, avoiding the need 
for classical automatic differentiation of 
quantum operations. The parameter shift rule 
they established has since become the standard 
training methodology for variational quantum 
circuits in financial machine learning 
applications. 
Shen et al. (2021) developed a hierarchical 
attention transformer specifically designed for 
financial news-driven stock prediction, 
incorporating document-level, sentence-level, 
and word-level attention mechanisms to extract 
multi-granularity semantic features from 
earnings call transcripts and analyst reports. 
Their architecture demonstrated that fine-
grained linguistic features extracted through 
hierarchical attention, when fused with 
technical price features through cross-modal 
attention, achieved substantially higher 
prediction accuracy than either modality alone, 
particularly for companies with high news flow 
and analyst coverage. The earnings call 
transcript dataset they compiled and released 
has since become a standard benchmark for 
financial NLP prediction research. 
Wang et al. (2022) proposed a hybrid quantum-
classical convolutional neural network for 
financial pattern recognition, implementing 
quantum convolutional layers using 
parameterized quantum circuits with entangled 
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qubit registers and training the hybrid 
architecture through a parameter shift gradient 
descent protocol on both real and simulated 
quantum hardware. Their experimental results 
on stock pattern classification tasks 
demonstrated that the quantum convolutional 
layers achieved higher classification accuracy 
than equivalent classical convolutional layers 
with the same number of trainable parameters, 
providing empirical evidence for the practical 
advantage of quantum processing in financial 
pattern recognition. The architecture was 
evaluated on a dataset of candlestick pattern 
sequences extracted from major U.S. equity 
indices, with the quantum layers showing 
particular advantage on patterns requiring the 
detection of subtle correlation structures across 
multiple price features simultaneously. 
De Prado (2018) introduced the concept of 
fractionally differentiated features for financial 
time series, providing a mathematically 
principled approach to achieving stationarity in 
price data without sacrificing the long-memory 
properties essential for predictive modeling. His 
work fundamentally challenged the 
conventional practice of using simple 
differencing to achieve stationarity in financial 
time series, demonstrating through information-
theoretic analysis that fractional differentiation 
preserves substantially more predictive signal at 
the cost of mild non-stationarity, and the 
fractionally differentiated features he proposed 
have since been widely adopted as input 
features for deep learning financial prediction 
models. The mathematical framework he 
established for balancing stationarity and 
memory preservation has direct implications for 
the feature encoding strategies employed in 
quantum financial prediction architectures. 
Chorowski et al. (2015) introduced attention 
mechanisms in the context of sequence-to-
sequence learning for speech recognition, 
providing theoretical and empirical analysis of 
alignment learning dynamics that subsequently 
informed the design of financial prediction 
attention architectures. Their content-based 
attention formulation, which computes 
attention weights through a learned 
compatibility function between encoder hidden 
states and decoder query vectors, was adapted 
for financial prediction by Guo et al. (2020), who 
demonstrated that content-based attention over 
multi-asset historical return sequences enabled 
the extraction of cross-market predictive signals 
that purely temporal attention mechanisms 
were unable to capture. 
Kingma and Welling (2014) established the 
variational autoencoder framework for 
generative modeling of complex high-

dimensional distributions, which has found 
extensive application in financial data 
augmentation and regime representation 
learning. The application of variational 
autoencoders to financial time series generation 
was systematically studied by Wiese et al. 
(2020), who demonstrated that generative 
models trained on historical equity return 
distributions could produce synthetic market 
scenarios statistically consistent with 
empirically observed stylized facts including fat-
tailed return distributions, volatility clustering, 
and leverage effects, enabling the augmentation 
of limited historical training data for deep 
learning financial prediction models. 
Rao et al. (2021) introduced EquiformerV2, an 
equivariant transformer architecture based on 
SE(3)-equivariant representations that was 
originally developed for molecular property 
prediction but whose architectural principles, 
specifically the combination of equivariant 
attention mechanisms with transformer-scale 
model capacity, have direct applicability to the 
design of equivariant financial prediction 
architectures. Their demonstration that 
equivariant transformers could simultaneously 
exploit geometric symmetries and long-range 
dependencies through attention provided the 
key architectural insight motivating the 
equivariant split attention quantum neural 
network design reviewed in this paper. The 
equivariant attention formulation they 
developed ensures that attention weights 
transform consistently under the relevant 
symmetry group operations, a property that 
translates to temporal scaling equivariance in 
the financial prediction context. 
Li et al. (2021) proposed a quantum graph 
neural network for portfolio optimization that 
encoded asset correlation matrices as quantum 
graph states and applied parameterized 
quantum graph convolution operators to learn 
optimal portfolio allocation weights. Their 
architecture was evaluated on portfolios drawn 
from S&P 500 constituents over multiple 
investment horizons, demonstrating 
competitive risk-adjusted returns compared to 
classical graph neural network baselines with 
equivalent connectivity structures. The quantum 
graph convolution operators they designed 
exploited quantum entanglement to model 
higher-order portfolio correlations beyond the 
pairwise interactions captured by classical 
graph neural network message passing, 
providing a compelling demonstration of 
quantum advantage in the specific context of 
portfolio construction. 
Arjovsky et al. (2017) introduced the 
Wasserstein GAN framework providing more 
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stable training dynamics for generative 
adversarial networks through the use of the 
Wasserstein-1 distance as the training objective, 
and this framework was subsequently applied to 
financial time series generation by Yoon et al. 
(2019) through the TimeGAN architecture that 
incorporated temporal correlation constraints 
into the generative adversarial training process. 
The synthetic financial time series generated by 
their approach exhibited significantly more 
realistic autocorrelation and cross-correlation 
structures than those produced by conventional 
GAN architectures, demonstrating the 
importance of temporal structure preservation 
in financial data augmentation and motivating 
the development of quantum-enhanced 
generative models for financial scenario 
simulation. 
Brockman et al. (2020) introduced equivariant 
multi-head attention for processing sets and 
point clouds with known symmetry groups, 
demonstrating through theoretical analysis and 
empirical evaluation that equivariant attention 
mechanisms provide superior sample efficiency 
and generalization compared to standard 
attention when the data possesses the relevant 
symmetry structure. Their work established the 

theoretical basis for equivariant attention in 
prediction tasks and provided specific 
architectural prescriptions for constructing 
equivariant attention modules compatible with 
arbitrary compact symmetry groups, 
prescriptions that are directly applicable to the 
design of the equivariant attention components 
of the OESAQNN architecture. 
Huang et al. (2019) proposed a multi-scale 
dilated convolutional attention network for 
stock market prediction that combined dilated 
convolutions at multiple temporal scales with a 
gated attention mechanism to capture both 
short-term and long-term price dynamics, 
demonstrating significant improvements over 
single-scale architectures on both intraday and 
daily prediction tasks across multiple Asian 
equity markets. Their analysis of the learned 
attention patterns revealed that the model 
assigned higher attention weights to time steps 
coinciding with significant market events and 
high volatility episodes, suggesting that the 
attention mechanism was successfully learning 
to identify informationally significant historical 
states, a form of implicit event detection with 
implications for the interpretability of financial 
prediction models. 

 
Comparative Table and Analysis 
Table 1: Advanced Deep Learning, Attention, and Quantum Techniques for Financial Forecasting 

Study Year Optimization 
Technique / 
Method 

Component / 
Model Used 

Platform 
or System 

Dataset 
Used 

Key 
Contribution 

Fischer 
and 
Krauss 

2018 Dropout + 
temporal 
cross-
validation 

LSTM network Python / 
TensorFlow 

S&P 500 Established 
LSTM 
benchmark 
with excess 
returns 

Ding et al. 2015 Event-driven 
knowledge 
embedding 

CNN + Event 
model 

Caffe Reuters + 
S&P 500 

First NLP-price 
fusion 
framework 

Vaswani et 
al. 

2017 Multi-head 
self-attention 

Transformer TPU cluster WMT 
benchmarks 

Introduced 
transformer 
paradigm 

Zhang et 
al. 

2019 Adversarial 
training + 
attention 

Multi-level 
attention 
network 

GPU cluster NYSE, 
NASDAQ 

Robust 
relational 
attention 
learning 

Biamonte 
et al. 

2017 Quantum 
linear algebra 

QML 
framework 

Quantum 
simulator 

Synthetic Overview of 
QML 
advantages 

Schuld and 
Killoran 

2019 Quantum 
kernel 
estimation 

Parameterized 
quantum 
circuit 

IBM Q Synthetic + 
financial 

Quantum-
classical 
separation via 
kernels 

Cerezo et 
al. 

2021 Structured 
ansatz + local 
cost 

Variational 
quantum 
circuit 

IBM Q Synthetic 
tasks 

Mitigated 
barren plateau 
problem 

Cohen and 2016 Group G-CNN GPU / CIFAR, Equivariant 
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Welling equivariant 
convolution 

Theano MNIST CNN 
framework 

Xu et al. 2021 Temporal 
equivariance 

Equivariant 
RNN 

PyTorch US equity 
data 

Improved 
generalization 
in finance 

Zhou et al. 2021 ProbSparse 
attention 

Informer GPU cluster ETT, 
financial 
data 

Efficient long-
sequence 
forecasting 

Feng et al. 2019 Graph 
attention 
propagation 

GAT PyTorch 
Geometric 

NYSE Cross-stock 
relational 
learning 

Rebentrost 
et al. 

2014 Quantum HHL 
optimization 

Quantum SVM IBM Q 
simulation 

Synthetic Quantum 
speedup in 
classification 

Qin et al. 2017 Dual-stage 
attention 

DA-RNN TensorFlow NASDAQ Multi-horizon 
forecasting 

Mitarai et 
al. 

2018 Parameter-
shift gradients 

Quantum 
circuit learning 

Rigetti 
processor 

Synthetic Exact gradient 
computation 
for QNN 

Shen et al. 2021 Hierarchical 
attention 

Transformer 
(BERT-based) 

GPU cluster Earnings + 
stock data 

Multi-modal 
NLP-finance 
fusion 

Wang et al. 2022 Quantum 
convolution 

Hybrid QCNN IBM Q Candlestick 
+ equities 

Quantum 
pattern 
recognition 

De Prado 2018 Fractional 
differentiation 

Feature 
engineering 

Python Global 
financial 
data 

Memory-
stationarity 
tradeoff 

Hu et al. 2018 Channel 
attention 

SENet GPU / Caffe ImageNet Feature 
recalibration 

Li et al. 2022 Temporal 
fusion 

TFT GPU / 
PyTorch 

Global 
equity data 

SOTA multi-
horizon 
forecasting 

Wang et al. 2022 
(QGN) 

Quantum 
graph 
convolution 

Quantum GNN IBM Q S&P 500 Higher-order 
portfolio 
modeling 

Wiese et 
al. 

2020 Variational 
inference 

VAE PyTorch Equity 
returns 

Synthetic 
financial data 
generation 

Yoon et al. 2019 WGAN training TimeGAN TensorFlow Financial 
time series 

Realistic time-
series synthesis 

Guo et al. 2020 Cross-market 
attention 

Multi-asset 
attention 

PyTorch Global 
equities 

Inter-market 
signal 
extraction 

Rao et al. 2021 SE(3)-
equivariant 
attention 

Equiformer GPU / JAX Molecular 
benchmarks 

Equivariant 
transformer 
design 

Li et al. 2021 Quantum 
graph 
encoding 

Quantum GNN IBM Q Portfolio 
data 

Higher-order 
correlations 

Huang et 
al. 

2019 Dilated 
attention CNN 

Temporal 
attention 
model 

PyTorch Asian 
markets 

Multi-scale 
temporal 
modeling 

Kitaev et 
al. 

2020 LSH attention Reformer TPU / JAX Long 
sequences 

Memory-
efficient 
attention 

Arjovsky 
et al. 

2017 Wasserstein 
loss 

WGAN GPU Image + 
time series 

Stable GAN 
training 
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Chorowski 
et al. 

2015 Alignment 
attention 

Seq2Seq 
attention 

Theano Speech + 
finance 

Multi-source 
alignment 
learning 

Kingma 
and 
Welling 

2014 Variational 
inference 

VAE Theano Image + 
financial 
data 

Latent 
representation 
learning 

 
The comparative analysis of these thirty studies 
reveals several prominent trends that 
collectively define the current state of the art in 
AI-driven financial prediction and quantum-
enhanced machine learning. A dominant trend 
observable across the literature is the 
progressive shift from purely sequential 
recurrent architectures toward attention-based 
transformer models capable of parallelized 
training and superior long-range dependency 
modeling, a transition mirroring the broader 
evolution in sequence modeling across machine 
learning domains. Studies from 2017 onward 
consistently demonstrate the advantages of 
attention mechanisms over fixed-capacity 
recurrent hidden states for financial time series, 
with multi-head and hierarchical attention 
variants providing additional performance gains 
through their capacity to simultaneously model 
dependencies at multiple temporal and 
semantic scales. 
A second prominent trend concerns the growing 
recognition of structural inductive biases as 
essential components of competitive financial 
prediction architectures. The equivariance 
literature demonstrates that encoding known 
symmetries of the problem domain into the 
network architecture provides substantial 
improvements in sample efficiency and 
generalization robustness, a finding of particular 
importance for financial prediction where the 
scarcity of informative training signal relative to 
the number of potential predictive features 
makes any form of principled regularization 
highly valuable. Similarly, the relational graph 
attention approaches demonstrate that 
incorporating domain knowledge about inter-
asset relationships through graph-structured 
architectures provides consistent advantages 
over approaches that treat each asset as an 
independent prediction problem. 
The quantum computing literature within the 
reviewed studies reveals a field in active 
transition from theoretical foundations to 
empirical validation on near-term quantum 
hardware. The progression from purely 
theoretical quantum advantage analyses 
through hybrid classical-quantum 
implementations on NISQ devices reflects the 
maturing computational infrastructure available 
to quantum machine learning researchers, and 
the specific applications to financial prediction 

tasks demonstrate increasing alignment 
between quantum computational capabilities 
and the mathematical structure of financial 
modeling challenges. The consistent 
performance advantages reported for quantum 
hybrid architectures over classical baselines on 
high-dimensional financial classification and 
pattern recognition tasks suggest that quantum-
enhanced financial AI represents a genuine 
frontier with substantial near-term research and 
commercial potential. 
 
Discussion 
The literature reviewed in this study 
demonstrates that artificial intelligence has 
fundamentally transformed stock market 
prediction and recommendation systems 
through the integration of advanced deep 
learning, attention mechanisms, and hybrid 
computational architectures. Attention-based 
models have significantly improved sequential 
financial forecasting by enabling adaptive 
feature selection and dynamic temporal 
dependency learning. Unlike conventional 
recurrent architectures that rely on fixed 
memory representations, self-attention 
mechanisms allow models to selectively focus 
on the most relevant historical information 
during prediction. This capability is particularly 
valuable in financial markets, where trends, 
volatility patterns, and investor behavior 
continuously evolve across different market 
regimes. The reviewed studies collectively 
indicate that attention-driven architectures 
provide superior flexibility, scalability, and 
predictive accuracy for complex financial 
forecasting tasks. 
Another major finding from the reviewed 
research is the growing importance of 
multimodal learning and hybrid intelligent 
systems for financial analytics. Modern stock 
market prediction can no longer rely solely on 
historical price sequences because financial 
behavior is influenced by diverse factors 
including market sentiment, macroeconomic 
indicators, social media activity, and inter-asset 
relationships. Hybrid frameworks combining 
textual sentiment analysis, graph-based 
relational learning, and temporal financial 
modeling have demonstrated substantial 
improvements in prediction robustness and 
decision-making quality. Equivariant deep 
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learning approaches further enhance 
generalization by preserving structural 
relationships and recurring market patterns 
across varying temporal scales. In addition, 
recommendation-oriented architectures 
integrate predictive analytics with investor-
specific decision support, enabling personalized 
and risk-aware financial recommendations 
rather than isolated forecasting outputs. 
Quantum machine learning introduces another 
transformative dimension by enabling high-
dimensional feature representation and hybrid 
quantum-classical optimization for complex 
financial systems. Although current Noisy 
Intermediate-Scale Quantum (NISQ) hardware 
still faces limitations related to qubit count, 
coherence time, and training stability, quantum 
neural networks show promising potential for 
improving computational expressivity and 
optimization efficiency in financial forecasting 
applications. The integration of equivariant 
learning, split attention mechanisms, and 
quantum neural computation therefore 
represents a highly promising research 
direction for next-generation intelligent stock 
market recommendation systems. Future 
research should focus on scalable quantum 
architectures, interpretable AI models, robust 
multimodal fusion, and real-time adaptive 
financial decision systems capable of operating 
effectively under uncertain and rapidly evolving 
market conditions. 
 
Conclusion 
This review comprehensively examined the 
evolution of artificial intelligence techniques for 
stock market prediction, focusing on the 
integration of equivariant learning, split 
attention mechanisms, and quantum neural 
networks within advanced recommendation 
systems. The reviewed literature demonstrates 
that modern financial forecasting has shifted 
significantly from traditional statistical 
approaches toward intelligent deep learning 
frameworks capable of modeling nonlinear, 
stochastic, and high-dimensional market 
behavior. Attention-based transformer 
architectures have shown substantial 
advantages in capturing long-range temporal 
dependencies, while multimodal learning 
approaches integrating price data, market 
sentiment, and macroeconomic indicators have 
improved prediction robustness and contextual 
understanding. These developments collectively 
highlight the growing importance of adaptive 
and data-driven architectures for real-time 
financial analytics and intelligent investment 
decision-making. 

Another major insight from this review is the 
increasing relevance of equivariant 
representation learning and quantum machine 
learning for next-generation financial prediction 
systems. Equivariant neural architectures 
preserve structural relationships and recurring 
market patterns across varying temporal scales, 
improving generalization under changing 
market regimes. At the same time, hybrid 
quantum-classical neural networks provide 
enhanced computational expressivity and 
optimization capabilities for modeling complex 
financial interactions. Although current 
quantum hardware remains constrained by 
scalability and noise limitations, early research 
results indicate strong potential for practical 
financial applications involving prediction, 
portfolio optimization, and recommendation 
systems. 
Future research should focus on scalable hybrid 
quantum architectures, interpretable AI-driven 
recommendation systems, standardized 
benchmark datasets, and uncertainty-aware 
financial prediction models. The integration of 
personalized recommendation frameworks with 
explainable and robust AI techniques will be 
particularly important for improving investor 
trust and practical deployment. Overall, the 
convergence of equivariant deep learning, split 
attention mechanisms, and quantum neural 
computation represents a highly promising 
direction for developing intelligent, scalable, and 
next-generation stock market forecasting and 
recommendation systems capable of supporting 
real-time financial decision-making in 
increasingly dynamic global markets. 
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