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This study, within the framework of the Quantum Deep Learning (QDL)
approach and utilizing the Quantum Long Short Term Memory (QLSTM)
model, forecasts the future price of West Texas Intermediate (WTI) crude
oil. Given the strategic role of oil in the global economy and the impact of
its fluctuations on macroeconomic indicators, developing accurate
forecasting models is of great importance for policymakers, investors, and
market participants. Daily WTI crude oil futures price data from January
2003 to June 2025 are used. The QLSTM model, which combines deep
learning capabilities with quantum computing, is compared with six
alternative models: classical time series models (AR, MA), machine learning
algorithms (SVR), and traditional deep learning models (LSTM, GRU,
MLP). Results show that QLSTM achieves the lowest forecast errors (MSE,
RMSE, and Theil’s U) compared to the other models, and the Diebold
Mariano test statistically confirms its superiority. The findings indicate that
QLSTM, by exploiting unique features of quantum computing such as
superposition and entanglement, has a high ability to identify complex
patterns and extreme volatility in the oil market. These results have
important implications for Iranian policymakers in risk management,
budgeting, and energy policy design, and also open new avenues for future
research.
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1. Introduction

Crude oil remains one of the most strategic commodities in the global economy. Its
price fluctuations affect inflation, production costs, household expenditure,
corporate profitability, government revenues, exchange-rate dynamics, and the
broader stability of energy-importing and energy-exporting economies. Among the
main international oil benchmarks, West Texas Intermediate (WT]I) has a central role
because it is widely traded through futures and options contracts and is closely linked
to expectations in global energy markets. The WTI futures market is therefore not
only a commodity market but also a forward-looking financial market in which
information about demand, supply, geopolitical tensions, macroeconomic
conditions, inventory constraints, and speculative behavior is rapidly incorporated
into prices. The complex, nonlinear, and volatile nature of this market makes
accurate forecasting a persistent challenge for economists, policymakers, investors,
and risk managers. The objective of this study is to evaluate whether a Quantum
Deep Learning (QDL) framework, implemented through a Quantum Long Short-
Term Memory (QLSTM) architecture, can improve the forecasting accuracy of WTI
crude oil futures prices relative to classical time-series models, machine-learning
methods, and conventional deep-learning models.

The literature on crude oil price forecasting has evolved from traditional econometric
and statistical models toward increasingly flexible artificial-intelligence methods.
Earlier studies relied heavily on ARIMA, ARMA, GARCH-type specifications,
fuzzy models, stochastic differential models, and hybrid time-series approaches.
These models offer interpretability and are useful for capturing linear dependence,
persistence, and volatility clustering, yet they are less effective when the price series
contains strong nonlinearities, structural breaks, extreme movements, and complex
temporal dependence. More recent studies have used machine-learning and deep-
learning techniques such as support vector regression, multilayer perceptrons,
recurrent neural networks, LSTM, GRU, CNN-LSTM, temporal convolutional
networks, and ensemble or decomposition-based frameworks. These methods
generally improve predictive performance because they can learn nonlinear patterns
and long-memory structures from data. Nevertheless, parameter optimization, noise
sensitivity, and the search for globally efficient representations remain important
challenges. Quantum machine learning and quantum deep learning offer a new
direction by combining neural-network architectures with quantum computational
principles such as superposition, entanglement, and variational quantum circuits.
The main contribution of the present study is the application of QLSTM to the WTI
crude oil futures market and its systematic comparison with six competing models:
AR, MA, SVR, LSTM, GRU, and MLP. This provides evidence on whether
guantum-enhanced learning can add forecasting value in an important energy-
finance application.
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2. Methodology

The empirical analysis uses daily closing prices of WTI crude oil futures obtained
through the yfinance library. The sample covers January 2003 to June 2025. To avoid
information leakage, the data are divided chronologically before preprocessing:
observations from 2003 to the end of 2022 are used for training, while observations
from January 2023 to June 2025 are used for out-of-sample testing. The full sample
contains 5,652 observations, including 5,027 observations in the training period and
625 observations in the testing period. Prices are normalized using the
MinMaxScaler, which is fitted only on the training set and then applied to both the
training and testing sets. The time series is converted into a supervised-learning
problem through a rolling-window procedure with a 20-day window. Thus, the
model predicts the price at day t using the previous 20 daily observations as inputs.
The benchmark models include AR(1), MA(1), SVR with the RBF kernel, MLP,
LSTM, and GRU. The deep-learning models are trained with the MSE loss function
and the Adam optimizer. The batch size is 32 and the learning rate is 0.005. The
MLP includes a 20-neuron input layer, a 32-neuron hidden layer with RelLU
activation, and a single output neuron. LSTM and GRU each contain one recurrent
layer with eight hidden units followed by a linear output layer. The QLSTM model
combines a classical LSTM layer with a parameterized quantum circuit implemented
using PennyLane and PyTorch. Because real quantum hardware is not used, the
guantum component is simulated by the default.qubit state-vector simulator. The
guantum circuit contains six qubits and two quantum layers. The output vector from
the LSTM component is normalized, clipped, scaled by pi, and encoded through
angle embedding. Each quantum layer contains parameterized single-qubit rotation
gates followed by CNOT gates to generate entanglement. The expectation value of
the Pauli-Z operator is measured for each qubit, producing a six-dimensional
guantum output vector, which is then passed through a final fully connected layer to
generate the normalized price forecast. Model performance is evaluated using MSE,
RMSE, and Theil’s U. The Diebold-Mariano test is used to assess whether the
forecast-error differences between QDL and the competing models are statistically
significant.

3. Results and Discussion

The empirical results show that QLSTM provides the most accurate forecasts among
all models considered. In the out-of-sample testing period, QLSTM records an
RMSE of 2.2086, an MSE of 4.8778, and a Theil’s U of 0.0155. These values are
lower than those obtained from AR(1), MA(1), LSTM, GRU, MLP, and SVR.
Among the competing models, SVR is the closest alternative, with an RMSE of
4.4872 and an MSE of 20.1351, while LSTM records an RMSE of 5.4571 and an
MSE of 29.7797. The classical time-series models perform less accurately than the
best machine-learning and deep-learning models, and GRU performs relatively
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poorly in this application with an RMSE of 14.2130 and an MSE of 202.0088. The
comparison indicates that the QLSTM model reduces forecast error substantially
relative to the conventional LSTM model. In economic terms, the RMSE reduction
from 5.4571 dollars in LSTM to 2.2086 dollars in QLSTM corresponds to an
improvement of about 59.5 percent. For a standard WTI futures contract of 1,000
barrels, this reduction in prediction error implies a more accurate forecast equivalent
to approximately 3,250 dollars per contract relative to LSTM. The Diebold-Mariano
test reinforces these findings. The null hypothesis of equal predictive accuracy
between QDL and each competing model is rejected at the 1 percent significance
level, with reported p-values equal to 0.00 for all pairwise comparisons. Therefore,
the forecasting advantage of QLSTM is not merely numerical; it is statistically
significant.

The findings are consistent with the recent view that combining quantum
computational structures with deep-learning architectures can enhance forecasting in
complex financial and energy markets. The superior performance of QLSTM can be
interpreted through its hybrid structure. The LSTM component captures temporal
dependence and sequential information in WTI futures prices, while the quantum
circuit adds a nonlinear representation layer based on quantum rotations and
entanglement. This hybrid representation appears to improve the model’s ability to
identify patterns that are difficult for classical recurrent networks and traditional
econometric models to capture. The results also show that stronger forecasting
performance is not guaranteed simply by using a deep-learning model; model
architecture and representation matter. In this study, conventional LSTM and GRU
models do not match the predictive accuracy of the quantum-enhanced architecture,
while SVR performs better than some deep-learning alternatives but still remains
behind QLSTM. This suggests that QDL may be particularly valuable in markets
characterized by abrupt shocks, nonlinear dynamics, and high uncertainty, such as
crude oil futures. The robustness analysis, in which the training period is shortened
to 2013-2022 while the testing period remains 2023-2025, confirms the main
conclusion: QLSTM continues to outperform the competing models. This
strengthens confidence in the stability of the findings.

4. Conclusion and Policy Implications

This study demonstrates that a Quantum Long Short-Term Memory model can
provide highly accurate forecasts of WTI crude oil futures prices. Compared with
classical time-series models, SVR, and conventional deep-learning models, QLSTM
achieves the lowest MSE, RMSE, and Theil’s U, and its superiority is statistically
confirmed by the Diebold-Mariano test. The results have important policy and
practical implications. For oil-dependent economies, including Iran, more accurate
forecasts of oil futures prices can reduce uncertainty in macroeconomic planning,
annual budgeting, exchange-rate management, and foreign-reserve decisions.
Improved price forecasts can also support hedging strategies, risk-management
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systems, and better timing of energy-sector decisions. For investors and market
participants, QLSTM-based forecasts can improve the evaluation of price risk in
futures markets. From a research perspective, this study opens several paths for
future work. First, QDL can be combined with time-series decomposition methods
such as wavelet transforms to reduce noise and extract more informative features.
Second, future models can incorporate multivariate inputs, including exchange rates,
global macroeconomic indicators, inventories, transportation data, geopolitical-risk
measures, and financial-market uncertainty indices. Third, the approach can be
extended to other energy commodities such as Brent crude oil, natural gas, and
refined petroleum products. Finally, future research can compare simulated quantum
models with implementations on real quantum hardware as such technology
becomes more accessible.
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. Deep Learning
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. LSTM-based Encoder-Decoder Model

. Zhang and Zhou.

. Support Vector Regression
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. Foroutan and Lahmiri.

. Recurrent Neural

. Bi-directional Deep Learning Model
. Temporal Convolutional Networks
. Random Forest

. Light Gradient Boosting

. K-Nearest Neighbors

. Non-Neural.

. Unidirectional

10, Zheng

11, Empirical Wavelet Transform
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1. Echo State Network
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3, Reinforcement Learning Agent
4, Error Correction Module
5. Benchmark Models
6, Abdulrahim

7. Multilayer Perceptron.
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. Chaos Theory

. Group Method of Data Handling - Genetic Algorithm
. Embedding Dimension

. Lyapunov Exponent
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8. Gated Recurrent Units.
4. Reset gate
5. Update gate
6, Candidate states

7. Mienye

8, Multi-Layer Perceptron
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