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 Forecasting gold prices is challenging due to their volatility 

and nonlinear behavior. This paper introduces a hybrid deep 

learning model combining CNN, LSTM, and the Informer at-

tention mechanism, enhanced by multiscale temporal de-

composition and seasonal data splitting. Our approach lever-

ages multiple timeframes—1-hour (1H), 4-hour (4H), and 

daily (1D) and incorporates technical indicators such as RSI, 

MACD, Bollinger Bands, and ADX for improved feature repre-

sentation. On temporally separated test sets from Meta-

Trader 5 (MT5), the model achieves high R² scores of 0.9988 

(1H), 0.9955 (4H), and 0.9853 (1D), outperforming existing 

methods. To mitigate overfitting, we apply early stopping, 

temporal validation splits, and strictly prevent future data 

leakage. While results are promising, further evaluation on 

unseen markets and longer periods is needed to confirm gen-

eralizability. This study sets a robust benchmark for accurate 

and interpretable gold price forecasting in volatile financial 

markets. 
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1. Introduction  

Investors often utilize gold as a major indicator because it is generally considered 

among the most important financial assets. Its value usually shows how investors feel 

about the state of the world economy as a whole. Therefore, reasonable invest-

ment choices and lower financial risk depend on the correct prediction of gold 

prices. Governments also use gold as a way to control how much money is in the 

economy. Its part in reducing inflation volatility emphasizes the need of accu-

rate price forecasting. Gold has always shown itself to be a reliable economic indica-

tor in many countries, frequently outperforming other measures of statistical signifi-

cance connected with inflation.(Bunnag, 2024).  

Gold's price has fluctuated significantly in recent years due to the continuous 

changes in the global scene, which have put it in an ever more complex market envi-

ronment. Gold prices vary a lot in both directions, which shows that they are very un-

predictable and nonlinear. As a result, achieving accurate forecasts for gold prices re-

mains a considerable challenge (T. Qiu et al., 2022). Statistical models, technical anal-

ysis approaches, and basic economic analysis have all been researched to enhance 

gold price prediction accuracy across a wide spectrum of methods.(Bunnag, 2024). 

The Autoregressive Integrated Moving Average (ARIMA) model is most often used 

among statistical forecasting methods for gold price prediction. As a well-established 

time series method, ARIMA leverages historical data to identify underlying patterns 

and trends for future value prediction. Numerous studies have demonstrated the ef-

fectiveness of ARIMA in modeling and forecasting gold price movements. Building on 

this, the ARIMA–Generalized Autoregressive Conditional Heteroskedasticity (ARIMA–

GARCH) model integrates volatility dynamics by accounting for the conditional vari-

ance in gold prices. This hybrid approach enhances forecasting accuracy by capturing 

both the directional trends and the volatility structure inherent in financial time series 

(Bunnag, 2024).  

Machine learning is a data-driven analytical approach that enables the development 

of automated predictive models. In recent years, it has emerged as the prevailing 

methodology for forecasting gold prices, owing to its capacity to capture complex 

patterns and relationships within large datasets (Pan, 2024) Models such as Long 



 

1496 

 

QALAAI ZANISTSCIENTIFIC JOURNAL 
A Scientific Quarterly Refereed Journal Issued by Lebanese French University – Erbil,   Kurdistan, Iraq 

Vol. (11), No (4), Autumn 2026 

ISSN 2518-6566 (Online) - ISSN 2518-6558 (Print) 
 

Short-Term Memory (LSTM) networks and Random Forest algorithms have been em-

ployed for forecasting gold prices (Pan, 2024)  Hybrid models offer a more effective 

solution for modeling the nonlinear behavior, non-stationary trends, and complex dy-

namics embedded in gold price time series. Although single machine learning models 

outperform traditional statistical methods in many forecasting tasks, they still en-

counter limitations—particularly when handling high-dimensional inputs or small da-

tasets. often result in overfitting and poor generalization. (C. Qiu et al., 2024)  These 

financial drivers constantly interplay to drive the volatility of gold (and pricing), calling 

for models, which are both robust and flexible.  

To address the challenges of nonlinearity, volatility, and multiscale patterns in gold 

price behavior, this study proposes a novel hybrid deep learning framework that in-

tegrates Convolutional Neural Networks (CNN), Long Short-Term Memory (LSTM) 

networks, and the Informer attention mechanism. The architecture is designed to 

capture local price fluctuations, sequential dependencies, and long-range temporal 

dynamics by leveraging multivariate input sequences enriched with key technical in-

dicators such as RSI, MACD, Bollinger Bands, ADX, and EMA. This approach offers a 

robust and intelligent forecasting solution, enhancing prediction accuracy across dif-

ferent timeframes and contributing valuable insights for financial risk management 

and strategic investment planning.      This research presents a unique hybrid deep 

learning framework that combines the Informer attention mechanism, Convolutional 

Neural Networks (CNN), and Long Short-Term Memory (LSTM) networks in order to 

overcome the difficulties posed by nonlinearity, volatility, and multiscale patterns in 

gold price behavior. This particular combination is supported by the complemen-

tary advantages of these designs. CNNs are particularly helpful for detecting quick 

market movements because they are good at filtering out noisy time series data and 

identifying transient local patterns (Vidal & Kristjanpoller, 2020). In financial 

data, LSTM networks, which are known for their memory gating mechanisms, are ex-

cellent at modeling long-term dependencies and sequential correlations (Botunac et 

al., 2024). This capacity is expanded by the Informer component, which uses a sparse 

attention mechanism to effectively model long-range temporal dependencies at 

a lower computational cost than traditional Transformer architectures. This is espe-

cially helpful in multivariate and long-horizon prediction problems (Zhou et al., 2020). 
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In contrast to Temporal Convolutional Networks (TCNs), which cannot effectively cap-

ture very long-term dependencies without deep stacking, the Informer offers supe-

rior temporal expressivity and scalability. Additionally, the Informer's architecture 

enables faster inference and retains excellent accuracy, unlike traditional Trans-

former models, which have quadratic complexity. The model is able to capture fine-

grained short-term volatility (through CNN), learn sequential trends (through LSTM), 

and pay attention to long-range contextual cues (through Informer) because of this 

hybrid architecture. Recent research utilizing similar hybrid or attention-based archi-

tectures in financial forecasting has demonstrated that such a multi-perspective ap-

proach is particularly useful for modelling the intricate and nonlinear dynamics of 

gold price movements (Feng et al., 2025). Using multivariate input sequences that are 

rich in essential technical indicators such as RSI, MACD, Bollinger Bands, ADX, and 

EMA improves the architecture even more. This integrative approach enhances pre-

diction accuracy across different timeframes and provides helpful insights for strate-

gic investment planning and financial risk management, resulting in a power-

ful and intelligent forecasting solution. 

 

2. Related work 

Due to the metal's sensitivity to investor mood, market fluctuations, and macroeco-

nomic changes (all of which contribute to its high price), gold price projection remains 

one of the main challenges in financial forecasting. Deep learning (DL), hybrid archi-

tectures meant to enhance prediction performance, and progressions from classical 

statistical models to sophisticated machine learning (ML) are revealed in the litera-

ture. 

For this research the dataset consists of historical gold futures prices obtained from 

the Investing.com platform, a thorough source of financial and foreign currency mar-

ket information. Spanning a daily period from June 1, 2021, through June 30, 2023, 

the data produces a total of 546 records. Every record has seven things: Date, Last, 

Opening, Highest, Lowest, Volume, and Percentage Change.. Initially provided in CSV  

format for storing tabular data—the dataset was converted into a Pandas Data Frame 

to facilitate processing within a Python-based Jupiter Notebook environment. This 

transformation enabled efficient manipulation, visualization, and preparation of the 
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data for predictive modeling Data was split into training and testing subsets to assess 

the accuracy of prediction models. Support Vector Regression (SVR) and Random For-

est Regression (RFR) were two machine learning techniques employed. The aim was 

to determine which model yields superior predictive accuracy based on performance 

metrics. The SVR model achieved an R² score of 0.83, with a Mean Squared Error 

(MSE) of 1214.32 and a Mean Absolute Error (MAE) of 25.93. In contrast, the RFR 

model produced an R² score of 0.76, with a significantly lower MSE of 270.85 and MAE 

of 12.53. These results suggest that while SVR demonstrated better overall accuracy, 

RFR achieved more favorable error performance (Hutagalung et al., 2023). 

 The contributions of the study are two-fold: (1) a right-skewed flat kurtosis normality 

distribution, and significant ARCH and leverage effects are observed from the time 

series analysis of the AU9999 dataset. These characteristics justify the use of the 

EGARCH-t model; since the parameter sum (α + β) is near 1, a frequent change of 

volatility is indicated. After a "dissolution-reconstruction", the high-frequency part is 

much sharper, tails are much heavier, but the low-frequency part and the residual 

preserve the distribution properties as the original series. Thus, the GARCH-GET 

framework is in general the most appropriate to specify short-term components but 

the EGARCH-t model is still a good choice for long-term components. (2) The pro-

posed CEMDAN-SVR-GARCH model with decomposition can provide better one-step-

ahead out-of-sample prediction accuracy than the GARCH and SVR without decom-

position models with about 8.54% and 25.16% prediction error reduction, respec-

tively; In addition, it beats the EGARCH model by 1.52% and 21.35% which substan-

tiates the better predictiveness of adopting the hybrid methodology (Chen, 2023). 

(Yanto et al., 2021) combined Multiple Linear Regression (MLR) with Artificial Neural 

Networks (ANN) to enhance gold price predictions. Their model showed a 62% corre-

lation using MLR and yielded a low Mean Squared Error (MSE) of 0.004264% with 

ANN, reflecting improved accuracy through hybridization. Nevertheless, the linearity 

assumption in MLR and the shallow architecture of ANN limit adaptability to highly 

non-linear market conditions. 

(Apergis et al., 2019) examined macroeconomic influences on gold price through a 

Bayesian Markov-Switching Vector Error Correction Model (MS-VECM) across G7 na-

tions. Their findings showed that, especially during times of recession, there was a 
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statistically significant and positive link between real interest rates and gold val-

ues. This research emphasizes the need of including macro data into forecast-

ing models. 

(Gong, 2024) evaluated the individual and combined effectiveness of LSTM and Linear 

Regression models for daily gold price forecasting. The study found modest predictive 

accuracy (50.67% for LSTM, 53.02% for Linear Regression), suggesting that while both 

models have predictive potential, their standalone application may be insufficient for 

high-precision forecasting tasks involving noisy financial time series . 

 Another  Study examines the stretching to the breaking point relations between gold 

price volatilities and economic risk, as symbolized by the Bank Indonesia (BI) 7-day 

Repo Rate, in the last five years, through the analysis based on VAR. Importantly, the 

present study fills in a gap of the literature by explicitly investigating the effect of the 

BI rate (one of the instruments of monetary policy) on the fluctuations of gold price 

in Indonesia, using the VAR-based method. Stationarity tests were done before esti-

mation of the model, in order to verify that the time series data satisfied the required 

assumptions; a first order differencing (d = 1) was applied to ensure the stationary 

condition. The VAR (1) model was chosen as the best model for the dynamics inter-

dependence structure of the variables. The model was cross-validated with Granger 

Causality and Impulse Response Function analyses. The results showed that the BI 7-

day Repo Rate is influenced not only by its own volatility, but also by the fluctuations 

in the world gold (as a regime change is present and in terms of the model, confirms 

that the their variable is an endogenous). In addition, the forecast accuracy of 12-

month ahead forecasts of the VAR(1) model also showed excellent results with low  

value for RMSE, MAE, and MAPE (high forecast accuracy) (Andriani et al., 2023).  

To the best of our knowledge, no existing study has addressed the joint use of sea-

sonal splitting, multi-timeframe modeling, and a hybrid CNN–LSTM–Informer archi-

tecture within a unified framework for gold price prediction. 

 

3.Proposed Method  

The proposed method includes data collection, data pre-processing, normalization, 

feature engineering, and the training of a hybrid deep learning architecture consisting 

of Convolutional Neural Networks (CNN), Long Short-Term Memory (LSTM) layers, 
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and Informer encoder blocks. The details of each component are described in the fol-

lowing subsections. 

 

3.1 Data Collection 

The dataset for this experiment was gathered from MetaTrader 5 (MT5), a popular 

electronic trading platform which enables its users to access the real-time and histor-

ical data of the financial markets. MT5 was selected because it offered the most flex-

ibility in exporting high-resolution time-series data and these high-resolution in-sam-

ple real-time data are necessary for accurate model-building. To investigate perfor-

mance across various levels of granularity, We collected the price of gold on three 

time intervals: 

• Daily (1D) from 1-1-2015 to 1-1-2025 

• 4-hour (4H) from 1-1-2020 to 1-1-2025 

• 1H from 1-1-2020 to 1-1-2025  

OHLC price and the trading volume are included in each dataset. The 1D data have 

been applied to capture longer-term behavior, the 4H and 1H the medium- and high-

frequency patterns under the current market. Raw data was exported in CSV format 

MT5 data and processed with a preliminary pre-processing pipeline including missing 

values treatment with the dropna() function as well as computation of different tech-

nical indicators for feature engineering. 

 

3.2 Feature Engineering 

Turning unprocessed financial data into useful input sequences so that deep learn-

ing models may properly learn market behavior depends critically on feature engi-

neering. This study chose a range of technical indicators to catch various mar-

ket events, including momentum (e.g., RSI, Stochastic Oscillator), trend (e.g., Simple 

and Exponential Moving Averages), and volatility (e.g., Bollinger Bands). These indi-

cators were calculated from gold price data in OHLCV (Open, High, Low, Close, Vol-

ume) format across three-time resolutions: 1D, 4H, and 1H. They were chosen be-

cause they have shown they can reflect short-term price movements, long-term 

trends, and changes in market uncertainty, which are all important for making good 

forecasts.  
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Table 1 lists the indicators used together with short explanations of how they might 

be useful in research. 

Min-Max normalization was used to scale all features, including both raw price com-

ponents and technical indicators, into the [0, 1] range before feeding the data into 

the CNN–Informer model. To prevent data leakage, this normalization was done us-

ing only the minimum and maximum values found from the training set, and the 

same scaling parameters were consistently used on the validation and test sets. 

This makes sure that all the features contribute equally to the learning process, 

which enhances the stability of the training. 

 

Table 1 Technical indicators 

Indicator Name Purpose/Description Formula 

Relative Strength Index 

(RSI) 

Measures momentum by compar-

ing recent gains and losses to iden-

tify overbought or oversold condi-

tions. RS is the ratio of the average 

gain to the average loss over a 

specified period (typically 14 peri-

ods). 

 

 

RSI = 100 −
100

1 +
Average Gain

Average Loss

 

 

Moving Average Con-

vergence Divergence 

(MACD) 

Captures trend and momentum by 

subtracting a long-term EMA from a 

short-term EMA 

 

MACD  =  EMAshort  −  EMAlong 

 

 

Exponential Moving Av-

erage (EMA) 

Smooths data by weighting recent 

prices more heavily. 

 

EMA𝑡 = α ⋅ Price𝑡 + (1 − α) ⋅ EMA𝑡−1 

Stochastic Oscillator 

(%K %D) 

Compares current close to high-low 

range to detect reversals 

 

%𝐾 =
Current Close − Lowest Low

Highest High − Lowest Low
× 100 

Bollinger Bands (BB) Measures volatility using standard 

deviation above/below SMA 

Upper Band = SMA𝑁 + 𝑘 

Lower Band = SMA𝑁 − 𝑘 ⋅ 

Commodity Channel In-

dex (CCI) 
Identifies cyclical patterns by com-

paring current price to its mean 
CCI =

𝑇𝑃 − SMA(𝑇𝑃)

0.015 × Mean Deviation
 

Rate of Change (ROC) Measures momentum as % change 

from price n periods ago 
ROC =

Close𝑡 − Close𝑡−𝑛

Close𝑡−𝑛

× 100 
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3.3 Normalization 

We used the Min-Max Normalization as standard method for rescaling numerical 

features before feeding them into the hybrid deep learning model. This normalization 

approach scales all feature values in to the same scale (for example, 0) and (1). The 

purpose of Min-Max Normalization is to ensure that the impact of all your features in 

your model are normalized so that one feature doesn't overweigh the other just be-

cause it has larger magnitude. It is important to note that the same normalization 

process will be essential for handling the wide variety of technical indicators including 

(RSI, MACD, EMA, Bollinger Bands, Stochastic Oscillator, Volume, etc) since these 

technical indicators are generally defined on different scales. Min-Max Normalization 

can be written as: 

                                  𝑋norm =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
  

is the original value, 𝑋𝑚𝑖𝑛 and 𝑋𝑚𝑎𝑥 is the minimum and the maxmum of the original 

value and x' is the new value after normalization. With this transformation, the model 

enjoys the advantage of better training stability, faster convergence and more bal-

anced gradient updates. These benefits are important to enable efficient operation 

of deep learning models like CNN, LSTM and Informer. Although Standardization (z-

score normalization) is widely used in deep learning due to its robustness to outliers 

and its support for gradient stability, it was not adopted here because the gold price 

data used in this work exhibits relatively smooth trends with fewer extreme outliers. 

Min-Max normalization was more appropriate for capturing proportional changes 

and ensuring a consistent scale across all indicators, particularly when several tech-

nical indicators (such as RSI and MACD) are combined. The suitability of Min-Max 

scaling for this dataset was confirmed by a comparative experiment utilizing stand-

ardization, which yielded somewhat higher validation errors and slower conver-

gence. However, the possible drawbacks of min-max scaling are recognized, particu-

larly its susceptibility to unusual price increases. Future studies may investi-

gate adaptive or robust normalization strategies for datasets with greater volatility or 

structural shifts. 
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3.4 Data Splitting 

To guarantee the integrity and thorough evaluation of the gold price predic-

tion model, a constant input window of 20 time periods was used throughout all 

temporal resolutions (1H, 4H, and 1D).. For data segregation, a temporal consistency-

preserving, seasonally-aware chronological split was used to stop data leak-

age. More particularly, training was done using January to August data, validation (in-

cluding early stopping) using September data, and testing using October to Decem-

ber data for every year in the dataset. This method of dividing the seasons helps to 

guarantee that the model is always assessed on future, unknown data as com-

pared to its training and validation times. The system ensures a realistic and leakage-

free prediction situation by carefully keeping the flow of time forward and separating 

every assessment period. Figure 1 graphically shows this partitioning approach. 

 

 
         

Figure 1: Seasonal splitting of gold price data for 1D timeframe 

 

3.5 Proposed Model 

A hybrid design is proposed that incorporates convolutional layers, long short-term 

memory (LSTM) networks, and self-attention systems to accurately capture the 

temporal dynamics of  gold price time series. Starting with a dual-layer 1D 

convolutional backbone—with two Conv1D layers having 64 filters each and a kernel 

size of 3 using ReLU activation—to extract local price-movement patterns and short-

term technical signals like momentum shifts and volatility breakouts. These features 

are then fed into two parallel branches: a bi-layer LSTM module (with 100 and 50 
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units, respectively) that uses gated memory cells to model sequential dependencies 

and long-term temporal context, and an Informer encoder branch with two encoder 

layers, a model dimension of 128, 4 attention heads, and a feedforward dimension of 

256. This branch uses multi-head self-attention with probabilistic sampling to capture 

long-range dependencies across the whole sequence. 

To create a small feature vector, the results from the LSTM and Informer branches 

are combined and then sent via a global average pooling layer. Before producing the 

ultimate one-step-ahead price prediction, a dense module refines this fused 

representation. To avoid overfitting, dropout (0.1 to 0.2) and L2 regularization 

(1×10⁻⁴) are used. On the validation set, grid search was used to adjust 

hyperparameters. The AdamW optimizer with cosine learning rate scheduling is used 

in the final model configuration. The model combines CNN for localized feature 

detection, LSTM for temporal pattern learning, and Informer for long-range attention 

to strike a balance between short- and long-term information, therefore 

outperforming single-model strategies. Figure 2 shows the general design. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2 Hybrid CNN–LSTM–Informer model architecture for gold price prediction. 
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𝟏𝑫𝑪𝒐𝒏𝒗𝒐𝒍𝒖𝒕𝒊𝒐𝒏(𝑪𝒐𝒏𝒗𝟏𝑫) 

𝑻𝒉𝒆 𝟏𝑫 𝒄𝒐𝒏𝒗𝒐𝒍𝒖𝒕𝒊𝒐𝒏 𝒍𝒂𝒚𝒆𝒓 𝒊𝒔 𝒅𝒆𝒇𝒊𝒏𝒆𝒅 𝒂𝒔: 

𝑪𝒐𝒏𝒗𝟏𝑫(𝒙)ᵢʲ =  𝒇 ( ∑ₖ₌₋ᴷ^ᴷ ∑ₘ₌₁^𝑭₍ᵢₙ₎ 𝒘ₖ, ₘ, ⱼ ×  𝒙ᵢ₊ₖ^ₘ +  𝒃ⱼ ), 𝒘𝒉𝒆𝒓𝒆 𝒇 

=  𝑹𝒆𝑳𝑼 

• 𝑲𝒆𝒓𝒏𝒆𝒍 𝒔𝒊𝒛𝒆: 𝟐𝑲 +  𝟏 =  𝟑 

• 𝑭𝒊𝒏: 𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝒊𝒏𝒑𝒖𝒕 𝒄𝒉𝒂𝒏𝒏𝒆𝒍𝒔 

• 𝑶𝒖𝒕𝒑𝒖𝒕: 𝟔𝟒 𝒇𝒊𝒍𝒕𝒆𝒓𝒔 

 

𝑳𝑺𝑻𝑴 𝑳𝒂𝒚𝒆𝒓𝒔 

𝑭𝒐𝒓 𝒆𝒂𝒄𝒉 𝒕𝒊𝒎𝒆𝒔𝒕𝒆𝒑 𝒕, 𝒕𝒉𝒆 𝒐𝒑𝒆𝒓𝒂𝒕𝒊𝒐𝒏𝒔 𝒂𝒓𝒆: 

𝑓𝑡 = σ(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (Forget gate) 

𝑖𝑡 = σ(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (Input gate) 

𝑜𝑡 = σ(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (Output gate) 

𝑐𝑡̃ = tanh(𝑊𝑐[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐)  (Cell candidate) 

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ 𝑐𝑡̃ (Cell state update) 

ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝑐𝑡)  (Hidden state) 

𝑯𝒆𝒓𝒆,⊙  𝒅𝒆𝒏𝒐𝒕𝒆𝒔 𝒆𝒍𝒆𝒎𝒆𝒏𝒕 − 𝒘𝒊𝒔𝒆 𝒎𝒖𝒍𝒕𝒊𝒑𝒍𝒊𝒄𝒂𝒕𝒊𝒐𝒏. 

Dimensions: 

𝑥𝑡 ∈ 𝑅𝑛𝑥 ,  ℎ𝑡−1 ∈ 𝑅𝑛ℎ 

𝑊𝑓 , 𝑊𝑖, 𝑊𝑜 , 𝑊𝑐 ∈ 𝑅𝑛ℎ×(𝑛𝑥+𝑛ℎ) 

𝑏𝑓 , 𝑏𝑖, 𝑏𝑜 , 𝑏𝑐 ∈ 𝑅𝑛ℎ  

Weights initialized 

Biases: 𝑏𝑓 = 1.0,  𝑏𝑖 = 𝑏𝑜 = 𝑏𝑐 = 0 

Hidden size: 𝑛ℎ = 64,  Input dim: 𝑛𝑥 = 1 

Sequence length: 𝑇 = 20,  Dropout: 0.2 

 

𝑰𝒏𝒇𝒐𝒓𝒎𝒆𝒓 (𝑺𝒆𝒍𝒇 − 𝑨𝒕𝒕𝒆𝒏𝒕𝒊𝒐𝒏 𝑬𝒏𝒄𝒐𝒅𝒆𝒓 𝑳𝒂𝒚𝒆𝒓) 

• 𝑺𝒄𝒂𝒍𝒆𝒅 𝑫𝒐𝒕 − 𝑷𝒓𝒐𝒅𝒖𝒄𝒕 𝑨𝒕𝒕𝒆𝒏𝒕𝒊𝒐𝒏: 

𝑨𝒕𝒕𝒆𝒏𝒕𝒊𝒐𝒏(𝑸, 𝑲, 𝑽)  =  𝒔𝒐𝒇𝒕𝒎𝒂𝒙(𝑸 ×  𝑲ᵀ / √𝒅ₖ)  ×  𝑽 

• 𝑴𝒖𝒍𝒕𝒊 − 𝑯𝒆𝒂𝒅 𝑨𝒕𝒕𝒆𝒏𝒕𝒊𝒐𝒏: 
𝑰𝒏𝒑𝒖𝒕 𝒊𝒔 𝒑𝒓𝒐𝒋𝒆𝒄𝒕𝒆𝒅 𝒊𝒏𝒕𝒐 𝒉 𝒉𝒆𝒂𝒅𝒔, 𝒆𝒂𝒄𝒉 𝒘𝒊𝒕𝒉 𝒊𝒕𝒔 𝒐𝒘𝒏 (𝑸, 𝑲, 𝑽), 𝒂𝒏𝒅 𝒐𝒖𝒕𝒑𝒖𝒕𝒔 𝒂𝒓𝒆 𝒄𝒐𝒏𝒄𝒂𝒕𝒆𝒏𝒂𝒕𝒆𝒅. 
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• 𝑭𝒆𝒆𝒅 − 𝑭𝒐𝒓𝒘𝒂𝒓𝒅 𝑵𝒆𝒕𝒘𝒐𝒓𝒌: 

𝑻𝒘𝒐 𝒅𝒆𝒏𝒔𝒆 𝒍𝒂𝒚𝒆𝒓𝒔 𝒘𝒊𝒕𝒉 𝑹𝒆𝑳𝑼 𝒊𝒏 𝒃𝒆𝒕𝒘𝒆𝒆𝒏. 

• 𝑹𝒆𝒔𝒊𝒅𝒖𝒂𝒍 𝑪𝒐𝒏𝒏𝒆𝒄𝒕𝒊𝒐𝒏𝒔 +  𝑳𝒂𝒚𝒆𝒓 𝑵𝒐𝒓𝒎𝒂𝒍𝒊𝒛𝒂𝒕𝒊𝒐𝒏: 

𝑨𝒑𝒑𝒍𝒊𝒆𝒅 𝒂𝒓𝒐𝒖𝒏𝒅 𝒃𝒐𝒕𝒉 𝒂𝒕𝒕𝒆𝒏𝒕𝒊𝒐𝒏 𝒂𝒏𝒅 𝒇𝒆𝒆𝒅 − 𝒇𝒐𝒓𝒘𝒂𝒓𝒅 𝒔𝒖𝒃

− 𝒍𝒂𝒚𝒆𝒓𝒔. 

 

𝑪𝒐𝒏𝒄𝒂𝒕𝒆𝒏𝒂𝒕𝒊𝒐𝒏 & 𝑮𝒍𝒐𝒃𝒂𝒍 𝑨𝒗𝒆𝒓𝒂𝒈𝒆 𝑷𝒐𝒐𝒍𝒊𝒏𝒈 (𝑮𝑨𝑷) 

 

• 𝑪𝒐𝒏𝒄𝒂𝒕𝒆𝒏𝒂𝒕𝒆𝒅 𝒓𝒆𝒑𝒓𝒆𝒔𝒆𝒏𝒕𝒂𝒕𝒊𝒐𝒏: 

𝒁 =  [𝑳𝑺𝑻𝑴₁: ₜ ∥  𝑰𝒏𝒇𝒐𝒓𝒎𝒆𝒓₁: ₜ] 

(∥  𝒎𝒆𝒂𝒏𝒔 𝒄𝒐𝒏𝒄𝒂𝒕𝒆𝒏𝒂𝒕𝒊𝒐𝒏) 

• 𝑮𝒍𝒐𝒃𝒂𝒍 𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒑𝒐𝒐𝒍𝒊𝒏𝒈: 

𝒛ⱼ =  (𝟏/𝑻)  × ∑ᵢ₌₁^ᵀ 𝒁ᵢⱼ 

𝑫𝒆𝒏𝒔𝒆 →  𝑶𝒖𝒕𝒑𝒖𝒕 

• 𝑯𝒊𝒅𝒅𝒆𝒏 𝒅𝒆𝒏𝒔𝒆 𝒍𝒂𝒚𝒆𝒓: 

𝒉_𝒅𝒆𝒏𝒔𝒆 =  𝑹𝒆𝑳𝑼(𝑾𝒅 ×  𝒛 +  𝒃𝒅) 

• 𝑭𝒊𝒏𝒂𝒍 𝒐𝒖𝒕𝒑𝒖𝒕: 

ŷ =  𝑾𝒐 ×  𝒉_𝒅𝒆𝒏𝒔𝒆 +  𝒃𝒐 

 

𝑳𝒐𝒔𝒔, 𝑶𝒑𝒕𝒊𝒎𝒊𝒛𝒂𝒕𝒊𝒐𝒏 & 𝑻𝒓𝒂𝒊𝒏𝒊𝒏𝒈 

• 𝑳𝒐𝒔𝒔 𝒇𝒖𝒏𝒄𝒕𝒊𝒐𝒏: 𝑴𝒆𝒂𝒏 𝑺𝒒𝒖𝒂𝒓𝒆𝒅 𝑬𝒓𝒓𝒐𝒓 (𝑴𝑺𝑬) 

𝓛 =  (𝟏/𝑵) ×  ∑ᵢ₌₁^ᴺ (𝒚ᵢ −  ŷᵢ)² 

• 𝑶𝒑𝒕𝒊𝒎𝒊𝒛𝒆𝒓: 𝑨𝒅𝒂𝒎 

• 𝑻𝒓𝒂𝒊𝒏𝒊𝒏𝒈: 𝑬𝒏𝒅 − 𝒕𝒐 −

𝒆𝒏𝒅 𝒖𝒔𝒊𝒏𝒈 𝒃𝒂𝒄𝒌𝒑𝒓𝒐𝒑𝒂𝒈𝒂𝒕𝒊𝒐𝒏 𝒐𝒏 𝒕𝒉𝒆 𝒉𝒚𝒃𝒓𝒊𝒅 𝑪𝑵𝑵 − 𝑳𝑺𝑻𝑴 −

𝑰𝒏𝒇𝒐𝒓𝒎𝒆𝒓 𝒎𝒐𝒅𝒆𝒍. 

 

3.6 Model Training and Evaluation 

To manage model complexity and prevent overfitting, the hybrid CNN–Informer 

model was trained using the AdamW optimizer, incorporating weight decay (L2 regu-

larization with a coefficient of 1×10⁻⁴) across all temporal resolutions (1D, 4H, and 

1H). The initial learning rate was set to 5×10⁻⁴ and scheduled using cosine decay to 

enable smooth convergence. Training was conducted for up to 50 epochs with a batch 
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size of 32. Dropout layers with rates between 0.1 and 0.2 were inserted between key 

network layers to improve generalization by randomly deactivating neurons during 

training. 

To prevent overtraining, early stopping was applied based on the September valida-

tion split, with a patience threshold of 10 epochs. This value was selected based on 

preliminary experiments that revealed fluctuations in the validation loss curve (see 

Figure 3). Shorter patience values (e.g., 3–5) were tested but led to premature termi-

nation and underfitting. The use of 10 epochs allowed the model to recover from 

temporary increases in validation loss, which is particularly important when working 

with volatile financial data like gold prices. Hyperparameters—including dropout rate, 

learning rate, and Informer architecture—were tuned according to performance on 

the validation set. The model was finally evaluated on the October–December test 

set using MSE, MAE, and R² metrics to ensure strong one-step-ahead predictive accu-

racy across all timeframes. 

 

4. Experimental Results and Evaluation 

In this section, experimental results of the proposed hybrid deep learning model for 

gold price prediction are provided on three time frames, such as 1-hour (1H), 4-hour 

(4H), and 1-day (1D). CNN, LSTM and Informer modules are combined in the model 

for multiscale feature extraction and short term and long term dependence modeling. 

We evaluate the model performance using popular evaluation measures like Mean 

Squared Error (MSE), Mean Absolute Error (MAE) and Coefficient of Determination 

(R² score). 

 

4.1 Experimental Setup 

All of our experiments are implemented in Python and TensorFlow. Data were ob-

tained from MetaTrader 5 (MT5) across three different time granularities according 

to Section 3. The hyperparameters in our final model are shown in Table 2. Training 

was executed over 50 epochs with a batch size of 32, with the Adam optimizer and 

MSE loss function. An early stopping was performed on the validation loss to avoid 

the overfitting. o further validate training stability Figure 3  presents the training and 

validation loss curves over 50 epochs. The graph shows that both losses decreased 
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rapidly in the early stages and then stabilized with minimal fluctuation. This indicates 

that the model converged efficiently and that the early stopping mechanism func-

tioned effectively, halting training once the validation loss plateaued. The close align-

ment between training and validation loss also confirms the absence of overfitting and 

highlights the generalization capability of the proposed model. 

 

Table 2  Final model hyperparameters and training settings. 

 

 

   

 

 

 

 

  

 

 

 

 

 

 

 

 

Parameter Value Purpose 

Sequence Length 20 Input time steps 

Batch Size 32 Size of each training batch 

Epochs 50 Maximum training iterations 

Optimizer Adam With cosine decay 

CNN Filters 64 Used in Conv1D layers 

LSTM Units 100,50 Two stacked LSTM layers 

Informer layers 2 Self-attention encoder layers 

Dropout Rate 0.1 Regularization to prevent overfitting 

Learning Rate 0.001 Tuned for best performance 

Figure 3 Training and validation loss curves over 50 epochs, showing rapid convergence, no 
overfitting, and strong generalization. 
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4.2 Performance Metrics 

We measure model performance using the following metrics: 

MSE: It calculates an average of differences-squared between predicted and actual 

values.              

MSE =
1

𝑛
∑(𝑦𝑖 − 𝑦𝑖̂)

2

𝑛

𝑖=1

 

Mean Absolute Error (MAE): It represents the average value of the magnitudes of 

the errors. 

MAE =
1

𝑛
∑|𝑦𝑖 − 𝑦𝑖̂|

𝑛

𝑖=1

 

R² Score : Ratio of the explained variance to the total variance is known as R² Score. 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑛
𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖=1

 

 

 

4.3 Results and Experiments 

With a learning rate of 1×10⁻³, batch size = 64, dropout = 0.2, and an Informer encoder 

(d_model = 64, 2 heads, d_ff = 128), Experiment 1 had two Conv1D layers (32 filters 

each, kernel = 3) feeding into a single-layer LSTM (50 units, return_sequences=True). 

This setup produced test-set R² scores of 0.60 (1H), 0.62 (4H), and 0.64 (1D). In Exper-

iment 2, we maintained two Conv1D layers but increased their filters to 64 each (ker-

nel = 3), extended the LSTM branch to two layers (100 → 50 units, both return_se-

quences=True), and adjusted the learning rate to 5×10⁻⁴, batch size to 32, and drop-

out to 0.1; the Informer was scaled to d_model = 128, 4 heads, d_ff = 256, yielding R² 

= 0.78 (1H), 0.80 (4H), and 0.82 (1D). The design in Experiment 3 was two Conv1D lay-

ers (64 filters) and two LSTM layers (100 → 50 units), but dropout was raised to 0.15, 

L2 weight decay (1×10⁻⁴) was used on all kernels, the input window 

was stretched from 20 to 40 time steps, and early stopping (patience = 5) 

was added (with Informer settings unaltered), therefore improving R² to 0.82 (1H), 

0.85 (4H), and 0.88 (1D). 
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At last in Experiment 4, the model once again utilized two Conv1D layers (64 fil-

ters), two  

LSTM layers (100 50 units), and two Informer encoder layers (d_model = 128, heads 

= 4, d_ff = 256) but the optimizer was changed to AdamW (weight decay = 2210-4) 

with a cosine learning-rate decay schedule. Near-perfect R² values of 0.9988 (1H), 

0.9855 (4H), and 0.9950 (1D) were attained with this completely integrated setup. Be-

yond high R² values, as shown in Table 3, the fourth experiment also produced excep-

tionally low mean squared error (MSE) and mean absolute error (MAE) read-

ings across all time periods. 

 

Table 3 . Performance metrics across all time periods, with the fourth experiment 

achieving notably low errors and high predictive accuracy. 

 

To ensure these high scores do not result from overfitting, we compared training 

and test metrics directly. As shown in Figure 4, the R² scores for training (0.984) and 

testing (0.983) in the 1D timeframe are nearly identical, indicating excellent general-

ization. Similarly, Figure 5 and Figure 6 shows that MSE and MAE values across the 

train and test sets are very close, further supporting the model's robustness. These 

results confirm that the model does not memorize patterns but generalizes well to 

unseen market data from October to December. 

Timeframe MSE MAE R2 Score 

1H 0.00007480 0.0075 0.9988 

4H 0.000961 0.0188 0.9855 

1D 0.000506 0.0177 0.983 
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Figure 4 R² scores in the 1D timeframe indicate excellent generalization 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5 . MSE values in the 1D timeframe show minimal difference between training and testing 
sets 
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5. Future work and discussion 

The proposed hybrid CNN–LSTM–Informer model demonstrated exceptional perfor-

mance across multiple timeframes in forecasting gold prices, significantly outper-

forming traditional and state-of-the-art deep learning models. Despite these promis-

ing results, several areas remain open for further exploration and improvement to 

enhance the model’s adaptability, interpretability, and scalability in real-world finan-

cial applications.  

 

 

Figure 6  MAE results in the 1D timeframe are closely matched for 
training and testing 
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5.1 Future work 

Building on the strengths of the proposed hybrid CNN–LSTM–Informer framework, 

future research can enhance the model's contextual awareness by incorporating het-

erogeneous data sources such as macroeconomic indicators (e.g., interest rates, un-

employment rates, inflation, central bank announcements) and sentiment signals de-

rived from financial news or social media. To integrate these diverse data types into 

the current architecture, one promising approach is to expand the input feature space 

by feeding the macroeconomic variables as additional time-aligned inputs to the CNN 

layer, allowing the convolutional filters to jointly extract localized temporal patterns 

from both technical and macroeconomic features. 

In parallel, textual sentiment data—processed through pre-trained NLP models such 

as BERT or FinBERT—can be transformed into fixed-length embeddings. These em-

beddings can then be fused into the model either via concatenation at the LSTM input 

stage (for sequence modeling alongside price features) or as auxiliary contextual vec-

tors injected into the Informer encoder’s attention mechanism, where they can guide 

the attention distribution based on real-time market sentiment. 

However, integrating such heterogeneous sources presents key challenges. Chief 

among them is the frequency mismatch between high-resolution gold price data (e.g., 

1-hour intervals) and lower-frequency macroeconomic indicators (e.g., monthly or 

quarterly releases). To mitigate this, forward-filling or interpolation techniques can 

be used, though care must be taken to avoid information leakage. Alternatively, 

multi-scale architectures or attention-based temporal alignment (e.g., time-aware at-

tention) may help harmonize feature representations across differing time granulari-

ties. 

Beyond data enrichment, future work can explore explainability methods such as 

SHAP and LIME to enhance transparency and user trust. Online or continual learning 

variants of the model could enable dynamic adaptation to new data without retrain-

ing from scratch, improving real-time performance in volatile markets. Ensemble 

learning approaches and multi-resolution temporal modeling (e.g., jointly analyzing 

1H, 4H, and 1D streams) are also promising directions to capture hierarchical tem-

poral dependencies and improve generalization. 
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Lastly, while this study focused on gold price forecasting, the proposed architecture 

is extendable to other commodities (e.g., oil, silver) and digital assets (e.g., Bitcoin), 

where macroeconomic drivers and investor sentiment similarly influence price dy-

namics. Cross-asset experimentation would help validate the generalizability and 

scalability of the hybrid approach. 

 

5.2 Discussion 

The findings imply that gold price prediction may be improved by combining CNN for 

local trend patterns, LSTM for sequential relationships, and the Informer mechanism 

for long-term worldwide attention. On high-frequency (1H) data, where volatility and 

noise frequently compromise performance, the model was particularly successful. 

We used a seasonal data-splitting technique that divides data by different years and 

months to make sure that it is robust under all types of market conditions. This strat-

egy considers changes in market phases including structural changes, volatility clus-

ters, and trend shifts, hence it resembles actual-world forecasting situations. Alt-

hough conventional k-fold cross-validation is inappropriate for time series because of 

temporal dependencies, our temporal split validation provides a more realistic and 

thorough assessment of generalization ability. Performance held steady across all the 

examined timeframes 1H, 4H, and 1D showing the model's robustness in diverse mar-

ket circumstances. Mostly underutilized in earlier research, the seasonal partitioning 

approach developed as a major innovation to help to prevent overfitting and improve 

generalizability. 

Regarding computational efficiency, training the model on each timeframe (1H, 4H, 

and 1D) took between 40 and 60 minutes on a single NVIDIA RTX 3080 GPU. The in-

ference time per prediction was consistently less than 80 milliseconds, which means 

the model is good for real-time use in trading or decision-support systems. The 

memory footprint of the model was less than 12 GB, which made it compatible with 

mid-range GPU hardware and improved its practical use in resource-limited settings 

despite its multi-branch hybrid design consisting of two Conv1D layers, a stacked 

LSTM, and two Informer encoder layers. 
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Including a variety of technical indicators including RSI, MACD, and Bollinger Bands 

also improved the model's capacity to capture several market signals linked to mo-

mentum, volatility, and overbought/oversold conditions. Nevertheless, it's crucial to 

understand that the performance of a model might still depend on the quality and 

representativeness of the past data. Ongoing challenges to predictive stability are 

market dynamics affected by regime changes, black swan occurrences, or macroeco-

nomic shocks. 
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–CNN–LSTM پێشبینی نرخی زێر بە بەکارهێنانی مۆدێلی هاوبەشی
Informer  ی چەند ئاستی بە داتا 

 
 پـوخـتـە:

زێر بەشێێێێەکی ەەر بەوار و ک ویک  ەەەێگ نە ررن سر م یێێێێەواێی کە   و  کەەێیک    ینرێێ  ب  ە  ە  
تکێژ نەوی ە ەیو نەیێێێەو بەنێێێدکنکنر نر نر ر زێر  یەیم دەە ا  ێاەنر ییوبەشێێێر اەربکونر  ک   

ب  ویوررتنر    LSTMو شێکنر نەوی  شێەک زی نیو   کەەیک     CNNبەبەەیویەنینر  ەن  و ثمەەینر   
و زنرکر کەەێێیک     3نە      .ب  ویوررتنر بە کینێێی کە  وێژ  ێێینە ەەێێیک   Informer  بە کینێێی کە 

تێی مرری مر یکێیو ز   د ەە   تێیەێیک نە بۆێمتر وار اەسێیترێێییو ە ەر ونەتەویدەە تکێی ێی  نکنێێێێینێییوی  
شێێکنیو کە تی دەتمەنی کەەیک بەەیوییتکوکد وی و چەندانی تر وەکو  RSI,MACD,BB  تەەنکنکەەینر  

یەووییێی یێێێێسر تکرر   بەشێێێێنر نر ویوز  ب    تێییێێێێەسەەە بەەێیویێیتکوی ب  ز ێی ەر نر رنێێێێس کر  
. ئەنجامەکان نیشاان ەەەەن کە مدەڵەە ێششاایارکراوەکە شەواشوەیەکی  Overfitting  ەەانر نەوی 

شد    0.9855، رڵ ە  1Hشد تایمفرەیمی    0.9988شەرچاو ساااەرکەوتووە. شە شەەەسااای شاانی  رڵ ە  
. لە روو  کرەارییەوە ەەکرڵت وەکو   1Dشد تایمفرەیمی    0.9950رڵ ە  یەووییی    4Hتایمفرەیمی  

ئاامراێڵیی کااریرەر شد چااوەڵر  راساااایەواد  شااێار و ەارواااایای ساااایراتیجییە  وەشەر شاەرییەکاان  
 شەکارن شرڵت شە تایبەتی لە شاروەۆاە ئالدێەکان کە ورە  ێششبیای گرنرە.
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مع مدخلات   CNN–LSTM–Informer تنبؤ بسعر الذهب باستخدام نموذج هجين من

 متعددة المستويات 

 

   :الملخص

يعُتبر الذهب من أكثر الأصول الاستثمارية قيمة وأهمية، ولذلك فإن هذا البحث يركّز على التنبؤ بأسعاره باستخدام  
لاستخلاص الأنماط المكانية،    CNNنموذج هجين من تقنيات التعلم العميق. يعتمد النموذج على دمج خوارزميات  

لالتقاط الترابطات طويلة المدى. تم تنفيذ النموذج على    Informerلاستخلاص العلاقات التسلسلية، و  LSTMو
، مع استخدام مؤشرات فنية متعددة  MetaTraderثلاث أطُر زمنية مختلفة، حيث تم جمع البيانات من منصة  

، بالإضافة إلى خصائص تقنية أخرى.كما تم تطبيق استراتيجية Bollinger Bands، وMACD، وRSIمثل  
( التعلُّم  في  الإفراط  تقليل مشكلة  بهدف  للبيانات  الموسمي  تشير Overfittingالتقسيم  التعميم.  قدرة  ( وزيادة 

  1للإطار الزمني    0.9988قيمة    R²النتائج إلى أن النموذج المقترح حقق أداءً ممتازاً، حيث بلغ معامل التحديد  
للإطار الزمني اليومي.من الناحية التطبيقية، يمكن   0.9950ساعات، و  4للإطار الزمني    0.9855ساعة، و

اعتبار هذا النموذج أداة فعالة لمراقبة السوق بشكل مباشر، وصياغة استراتيجيات استثمارية دقيقة، خاصة في  
 التقلبات، حيث تكون دقة التنبؤ ذات أهمية كبيرة الأوقات التي تتسم بعدم الاستقرار و

 

 

 

 

 

 



  RSI = 100 −  100  1 +   Average Gain  Average Loss


  MACD   =     EMA  short   −     EMA  long


    EMA  t = α ⋅   Price  t +  ( 1 − α ) ⋅   EMA  t − 1


  % K =   Current Close − Lowest Low  Highest High − Lowest Low × 100


  Upper Band =   SMA  N + k


  Lower Band =   SMA  N − k ⋅


  Lower Band =   SMA  N − k ⋅


  CCI =   T P − SMA  ( T P )  0 . 015 × Mean Deviation


  ROC =     Close  t −   Close  t − n    Close  t − n × 100


                                                                        X  norm =   X −   X  m i n    X  m a x −   X  m i n


    X  m i n


    X  m a x


  𝟏 𝑫 𝑪 𝒐 𝒏 𝒗 𝒐 𝒍 𝒖 𝒕 𝒊 𝒐 𝒏  ( 𝑪 𝒐 𝒏 𝒗 𝟏 𝑫 )


  𝑻 𝒉 𝒆   𝟏 𝑫   𝒄 𝒐 𝒏 𝒗 𝒐 𝒍 𝒖 𝒕 𝒊 𝒐 𝒏   𝒍 𝒂 𝒚 𝒆 𝒓   𝒊 𝒔   𝒅 𝒆 𝒇 𝒊 𝒏 𝒆 𝒅   𝒂 𝒔 :


  


  


  


  


  


  


  


    f  t = σ  (   W  f  [  h  t − 1 ,   x  t ] +   b  f )   (Forget gate)


    f  t = σ  (   W  f  [  h  t − 1 ,   x  t ] +   b  f )   (Forget gate)


    i  t = σ  (   W  i  [  h  t − 1 ,   x  t ] +   b  i )   (Input gate)


    i  t = σ  (   W  i  [  h  t − 1 ,   x  t ] +   b  i )   (Input gate)


    o  t = σ  (   W  o  [  h  t − 1 ,   x  t ] +   b  o )   (Output gate)


    o  t = σ  (   W  o  [  h  t − 1 ,   x  t ] +   b  o )   (Output gate)


      c  t ~ =  tanh ⁡   (   W  c  [  h  t − 1 ,   x  t ] +   b  c )   (Cell candidate)


      c  t ~ =  tanh ⁡   (   W  c  [  h  t − 1 ,   x  t ] +   b  c )   (Cell candidate)


    c  t =   f  t ⊙   c  t − 1 +   i  t ⊙     c  t ~   (Cell state update)


    c  t =   f  t ⊙   c  t − 1 +   i  t ⊙     c  t ~   (Cell state update)


   h  t =   o  t ⊙  tanh ⁡   (   c  t )   (Hidden state)


   h  t =   o  t ⊙  tanh ⁡   (   c  t )   (Hidden state)


  𝑯 𝒆 𝒓 𝒆 ,   ⊙   𝒅 𝒆 𝒏 𝒐 𝒕 𝒆 𝒔   𝒆 𝒍 𝒆 𝒎 𝒆 𝒏 𝒕 − 𝒘 𝒊 𝒔 𝒆   𝒎 𝒖 𝒍 𝒕 𝒊 𝒑 𝒍 𝒊 𝒄 𝒂 𝒕 𝒊 𝒐 𝒏 .


  𝑯 𝒆 𝒓 𝒆 ,   ⊙   𝒅 𝒆 𝒏 𝒐 𝒕 𝒆 𝒔   𝒆 𝒍 𝒆 𝒎 𝒆 𝒏 𝒕 − 𝒘 𝒊 𝒔 𝒆   𝒎 𝒖 𝒍 𝒕 𝒊 𝒑 𝒍 𝒊 𝒄 𝒂 𝒕 𝒊 𝒐 𝒏 .


  Dimensions:


  Dimensions:


    x  t ∈   R    n  x ,    h  t − 1 ∈   R    n h


    x  t ∈   R    n  x ,    h  t − 1 ∈   R    n h


    W  f ,   W  i ,   W  o ,   W  c ∈   R    n h ×  (   n  x +   n h )


    W  f ,   W  i ,   W  o ,   W  c ∈   R    n h ×  (   n  x +   n h )


    b  f ,   b  i ,   b  o ,   b  c ∈   R    n h


    b  f ,   b  i ,   b  o ,   b  c ∈   R    n h


  Weights initialized


  Weights initialized


  Biases:    b  f = 1 . 0 ,     b  i =   b  o =   b  c = 0


  Biases:    b  f = 1 . 0 ,     b  i =   b  o =   b  c = 0


  Hidden size:    n h = 64 ,   Input dim:    n  x = 1


  Hidden size:    n h = 64 ,   Input dim:    n  x = 1


  Sequence length:  T = 20 ,   Dropout:  0 . 2


  Sequence length:  T = 20 ,   Dropout:  0 . 2


 


  


  


  


  


  


  


  


  


  


  


  


  


  


 


  


  


  


  


  


  


  


  


  


  


  


  


  


  


  


  MSE =  1  n   ∑  i = 1  n     (   y  i −     y  i ^ ) 2


  MAE =  1  n   ∑  i = 1  n   |   y  i −     y  i ^ |


    R 2 = 1 −     ∑  i = 1  n     (   y  i −     y  i ^ ) 2    ∑  i = 1  n     (   y  i −   y - ) 2

