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Abstract 

This paper proposes a hybrid prediction framework based on GARCH-LSTM to address the high volatility, nonlinearity, 

and structural complexity of cryptocurrency price volatility. The framework first extracts conditional volatility features 

using GARCH-class models (GARCH, EGARCH, GJR-GARCH), then combines historical returns and technical 

indicators with LSTM for nonlinear prediction. A dynamic residual correction mechanism is introduced to eliminate 

autocorrelation in prediction errors. Empirical analysis using daily price data from Bitcoin, Ethereum, Binance Coin, and 

Dogecoin demonstrates that EGARCH performs best in single-currency volatility characterization. While the original 

GARCH-LSTM model can stably capture trends, it exhibits significant residual autocorrelation. After AR (1) correction, 

RMSE, MAE, and MAPE all show substantial improvements, enhancing prediction accuracy and statistical validity. Cross- 

currency comparisons reveal strong generalization across major cryptocurrencies, though optimization potential remains 

for high-volatile currencies. This framework provides valuable insights into digital asset risk management and unified 

multi-currency prediction. 

Keywords: cryptocurrency; volatility prediction; GARCH-LSTM; multi-currency analysis 

 

1. Introduction 

With the rapid development of digital assets, cryptocurrency has become a very active but controversial asset in the global 

financial market. Since the advent of Bitcoin in 2009, the cryptocurrency market has experienced drastic price fluctuations, 

the trading volume has been expanding, and the investor groups have become more and more diversified. However, 

compared with traditional financial assets, cryptocurrency prices are more easily influenced by irrational factors such as 

market sentiment, social media discussions, and regulatory policy changes, which lead to more sudden, aggregated and 

nonlinear volatility. For example, in 2021, Bitcoin plummeted from its all-time high in April, and the price halved within 

a few weeks. The collapse of FTX Exchange in 2022 triggered a systemic shock in the whole market, which caused 

hundreds of cryptocurrencies to fall by more than 50% in a short time. These events not only exposed the immaturity of 

the market, but also showed that high-precision volatility prediction models were urgently needed in the fields of risk 

management and derivative pricing. 

In financial econometrics, volatility serves as a crucial indicator for measuring financial market risks and has long been a 

core variable in modeling and prediction. Traditionally, scholars have extensively utilized GARCH (Generalized 

Autoregressive Conditional Heteroskedasticity) family models to capture volatility clustering effects in financial time 

series, successfully applied to risk modeling for assets such as stocks, exchange rates, and commodities. However, GARCH 

models inherently face limitations in handling structural breaks, nonlinear dependencies, and complex dynamic patterns, 

particularly when dealing with the frequent jump volatility and heterogeneous noise observed in crypto markets. In recent 

years, with advancements in artificial intelligence and data-driven modeling techniques, deep learning methods— 

especially Long Short-Term Memory (LSTM) networks—have been increasingly adopted for financial time series 

prediction due to their advantages in capturing nonlinear dynamic relationships and modeling time dependencies, achieving 

notable success in stock market forecasting and foreign exchange trend prediction. Although both GARCH and LSTM 

demonstrate certain modeling capabilities in their respective fields, current domestic and international crypto research 

often employs them separately. Few systematic studies have attempted to integrate these approaches to balance volatility 

theory structures with data-driven modeling capabilities. The GARCH model provides conditional volatility outputs with 

well-defined financial and economic significance, while the LSTM model enables nonlinear modeling and short-term trend 

learning. By integrating these two approaches, the hybrid model not only retains the theoretical explanatory power of 
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conditional heteroskedasticity structures but also enhances its responsiveness to complex volatility patterns. This 

combination gives it a natural advantage in modeling high-noise, highly nonlinear data such as cryptocurrency markets. 

 

2. Literature Review 

Compared to traditional financial markets, crypto assets exhibit greater volatility characterized by suddenness, structural 

nonlinearity, and strong market sentiment-driven dynamics. Bitcoin's daily price fluctuations often exceed 5%, 

significantly higher than mainstream stocks or foreign exchange assets [1]. These price swings not only affect investors' 

risk exposure but also profoundly influence trading strategy design, risk value calculation, derivative pricing, and 

regulatory framework development. Consequently, building accurate models for predicting cryptocurrency volatility has 

become a crucial challenge in financial engineering and econometric studies. Current academic research on cryptocurrency 

volatility primarily follows two approaches: statistical modeling based on financial econometric theory (e.g., GARCH 

family models), and machine learning/deep learning methods emerging in recent years, particularly LSTM networks. These 

approaches address the precision and robustness of volatility predictions through structural modeling and nonlinear 

forecasting dimensions respectively. 

In traditional statistical modeling methods, GARCH model and its variants are often used to predict the fluctuation of 

financial markets. GARCH (1,1) model proposed by Bollerslev in 1986[2] It successfully captures the conditional 

heteroscedasticity and volatility aggregation effect in financial time series, and becomes one of the standard methods of 

risk modeling. Later, researchers developed extended models, such as EGARCH (Nelson, 1991) [3] and GJR-GARCH 

(Glosten et al., 1993) [4] In order to solve the problem of asymmetric volatility and leverage effect. In the field of 

cryptocurrency, GARCH-based models have been used to study the fluctuations of assets such as Bitcoin and Ethereum. 

Katsiampa (2017) [5] We compare the fitting effects of GARCH and EGARCH models on BTC yield series, and find that 

EGARCH model can better capture the impact of extreme negative shocks. However, although these models have strong 

theoretical explanation, their modeling ability is still limited by linear structure, so they can't handle complex market 

characteristics such as nonlinearity, sudden jump and long-term memory well. In addition, model fitting depends on 

parameter assumptions, and the forecasting ability is often insufficient when the market structure changes dramatically. 

In order to overcome the shortcomings of the old methods, more and more studies have recently begun to use deep learning 

to solve the problem of financial time series. Long Short-$ TERM Memory Network (LSTM) was put forward by 

Hochreiter and Schmidhuber in 1997 [6], It has a special "gating" design, which can remember the information association 

for a long time. At first, it was used for speech recognition and natural language processing, and later it was also used in 

the task of financial forecasting. In stock market analysis, exchange rate forecast and commodity futures forecast, LSTM 

model shows stronger nonlinear modeling ability than traditional methods such as ARIMA and SVR [7]. In cryptocurrency 

research, McNally et al. (2018) [8] used LSTM to predict the price of Bitcoin, and the short-term accuracy was much better 

than the traditional method. Agnihotr (2024) [9] also found that LSTM can simulate complex market changes well, with 

stronger adaptability, and is suitable for high-frequency fluctuation markets. However, this model lacks solid financial 

theory support, which makes the results difficult to explain. In addition, the training process has to deal with massive data 

and adjust parameters, which is particularly complicated and easy to over-fit. 

In this context, researchers try to combine GARCH model with LSTM network, and put forward a "GARCH-LSTM" 

hybrid modeling framework, hoping to use it to better predict the fluctuation of cryptocurrency market. This mixed model 

is usually divided into two steps: first, GARCH is used to fit the yield series, and the conditional volatility is extracted as 

the input feature; The second step is to feed these characteristics and other market variables to the LSTM network for it to 

learn and predict. The advantage of this method is that it not only retains GARCH's theoretical explanatory power to 

conditional heteroscedasticity, but also makes use of LSTM's ability to capture nonlinear relations and time series 

dependence.Pan et al. (2024)[10] applied GARCH-LSTM model to the gold market, and found that its prediction error was 

much lower than that of only one model. Verma (2021) [11] has also done similar experiments in the crude oil market, which 

proves that the mixed model is more reliable in dealing with sudden fluctuations of data. Although GARCH-LSTM has 

obvious theoretical advantages in cryptocurrency research, there is not much related research at present. At present, most 

of the research only focuses on one kind of digital currency (such as BTC) or only makes short-term predictions, lacking 

systematic experimental analysis of various currencies, and failing to test the stability of the model. In addition, the research 

on how different model structures and input variable settings will affect the prediction effect has not been explored enough. 

To put it simply, there are still two big problems in the research of cryptocurrency price fluctuation prediction: first, how 

to choose a model that not only conforms to financial theory, but also can deal with complex nonlinear relations; Second, 
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how to establish a unified forecasting framework that can adapt to different currencies and different fluctuation patterns. 

In this study, we intend to use the daily data of four representative cryptocurrencies-Bitcoin, Ethereum, Binance Coin, and 

Doecoin-to build a mixed GARCH-LSTM model for systematic forecasting modeling and comparative analysis. This 

method can make up for the shortcomings of current research in adapting to multiple currencies and multiple model 

structures, and provide methodological support and practical evidence for risk management of digital assets. 

 

3. Methodology 

The modeling process of this study is divided into two stages. First, we employ the Generalized Autoregressive Conditional 

Heteroskedasticity (GARCH) model and its extended forms to model the logarithmic return sequences of four 

cryptocurrencies, from which conditional volatility sequences are extracted. Subsequently, this sequence is combined with 

other auxiliary features as inputs to construct a Long-Term Short-Term Memory (LSTM) network for volatility prediction. 

The hybrid framework aims to fully leverage GARCH's modeling capabilities for volatility clustering characteristics while 

utilizing LSTM's ability to capture long-term dependencies and nonlinear dynamic changes, thereby achieving superior 

prediction of future volatility. (1) 

3.1 Sequence modeling 

To accommodate the varying volatility structures of different cryptocurrencies, this study does not predefine fixed GARCH 

models during modeling. Instead, it automatically selects the optimal conditional heteroskedastic model structure from 

three candidate models (GARCH (1,1), EGARCH (1,1), and GJR-GARCH (1,1)) by calculating the Bayesian _Information 

Criterion (BIC). The selected conditional volatility series is then fed into the LSTM module. In the first stage, daily 

logarithmic returns are designated as the primary input variable for the model, with their calculation method shown in 

Equation (1). 

𝑟𝑡 = 𝑙𝑛( 𝑃𝑡) − 𝑙𝑛( 𝑃𝑡−1) (1) 

Where, P_trepresents the closing price on day t. The standard form of the GARCH (p, q) model is shown in formulas (2) 

and (3). 

𝑟𝑡 = 𝜇 + 𝜀𝑡, 𝜀𝑡 = 𝜎𝑡𝑧𝑡, 𝑧𝑡~𝑖. 𝑖. 𝑑(0,1) (2) 

In this framework, 𝜎2the conditional variance represents the logarithmic return rate, which corresponds to our 
𝜀2 primary volatility 𝜎2 target. The model forecasts current volatility by utilizing past residual squared terms and 
𝑡−𝑖 𝑡−𝑗 

historical conditional variance data. To comprehensively capture asymmetricities and leverage effects in cryptocurrency 

markets, we employ EGARCH and GJR-GARCH models as appropriate alternatives for selection: 

𝑃 𝑞 

𝑙𝑛( 𝜎2) = 𝑤 + ∑ 𝛼 
|𝜀𝑡−𝑖| 

+ 𝛾 
𝜀𝑡−𝑖 

+ ∑ 𝛽 𝑙𝑛( 𝜎2 ) (3) 
𝑡 

𝑖=1 
𝑖 𝜎𝑡−𝑖 𝑖 𝜎𝑡−𝑖 

𝑗 

𝑗=1 

𝑡−𝑗 

𝜎2 = 𝛼 + ∑𝑃 𝛼 𝜀2 + ∑𝑃  𝛾 𝐷 𝜀2 + ∑𝑞 𝛽 𝜎2 (4) 
𝑡 0 𝑖=1 𝑖 𝑡−𝑖 𝑖=1  𝑖 𝑡−𝑖 𝑡−𝑖 𝑗=1 𝑗 𝑡−𝑗 

Among Dt−i = 1 εt−i < 0themεt−i < 0, when otherwise it is 0. The optimal order and model type are selected by σ̂tthe 

information σ̂tcriterion BIC. After the estimated conditional volatility sequence is standardized, it is used as the input 
feature for subsequent neural network modeling. 

3.2 Volatility forecasts 

In the second phase, we construct an LSTM neural network to learn and predict volatility sequences generated by the 

GARCH model along with auxiliary variables. As an extended architecture of recurrent neural networks (RNNs), LSTM 

effectively captures temporal dependencies in long sequences. By incorporating forget gates, input gates, and output gates, 

it addresses the gradient vanishing problem inherent in traditional RNNs for long-term memory tasks. The proposed LSTM 

network architecture consists of an input layer, one or two LSTM hidden layers, and a fully connected output layer designed 

to forecast future volatility values. 

The feature input architecture employs a multivariate input matrix. In addition {\hat{\sigma}} _to the conditional volatility 

output from GARCH, it incorporates technical indicators such as historical returns, moving averages (MA), exponential 

moving averages (EMA), and relative strength index (RSI) to enhance the LSTM model's ability to learn short-term price 

movements. The input feature matrix is structured as follows: 
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𝑋𝑡 = [𝜎̂𝑡, 𝑟𝑡, 𝑀𝐴𝑡, 𝐸𝑀𝐴𝑡, 𝑅𝑆𝐼𝑡, ⋯ ] (6) 

 
Among 𝜎̂𝑡them, is the conditional volatility output 𝑟𝑡by 𝑟𝑡the previous section GARCH and is the return rate. 

The input layer is configured as a 6-dimensional space based on feature quantity, with two hidden layers containing 64 

units each. The activation function employs tanh, while the output layer uses linear activation. The model adopts Adam 

optimizer with an initial learning rate of 0.001 and a loss function of mean squared error (MSE). Training utilizes a sliding 

window method (rolling window) with a window length w, where the system processes w periods of historical data before 

predicting the w+1 period's volatility. 

3.3 Mixed models 

The hybrid model adopts a sequential fusion architecture, where the GARCH model serves as a preprocessing layer to 

generate well-structured volatility features, which are then fed into an LSTM network for predictive learning. The core 

concept of this architecture is to replace manual volatility feature extraction in traditional LSTM preprocessing with 

GARCH modeling, enabling deep learning models to operate within a more financially 𝑟𝑡meaningful variable 𝜎̂𝑡space. 

This 𝜎̂𝑡approach enhances both convergence ˆt 𝑋𝑡efficiency 𝑋𝑡and prediction 𝜎̂𝑡accuracy. Specifically, Stage 1 

(GARCH modeling) applies GARCH models to each currency's return series to derive conditional volatility sequences. 

Stage 2 (LSTM modeling) constructs an input feature matrix incorporating other indicators and utilizes LSTM to predict 

volatility for the next h-period. The structural workflow of the GARCH-LSTM hybrid model is illustrated in Figure 3.1. 
 

Figure 3.1 Flow chart of GARCH-LSTM hybrid model structure 

3.4 Dynamic residual correction 

In the task of time series prediction, the ideal residual distribution should show the characteristics of white noise. However, 

due to the market fluctuation gathering and nonlinear dependence structure, even if we use the mixed GARCH-LSTM 

model, the residual sequence may still have obvious autocorrelation. This autocorrelation shows that the model can't 

capture all the time information completely, which leads to systematic deviation between the predicted value and the real 

result. In order to solve this problem, our research adopts a dynamic residual correction mechanism after the output of 

LSTM. 

Specifically, after getting the predicted value y _ t of LSTM, we first calculate the prediction residual sequence: 

𝑒𝑡 = 𝑦𝑡 − 𝑦̂𝑡 (7) 

Among them, the real volatility value is used to calculate. In order to test whether the residual sequence has autocorrelation, 

this paper adopts Ljung-Box Q test, and its statistics are defined as: 
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𝑚 
𝑝̂̂2 

𝑄(𝑚) = 𝑁(𝑁 + 2) ∑  𝑘  
𝑁 − 𝑘 

(8) 

𝑘−1 

Here, n represents the sample size, and m represents the maximum {\hat{p}} _t lag order of the test, which is the sample 

autocorrelation coefficient when the residual lags behind k. When the p value at the significance level is lower than the 

given threshold, we reject the original hypothesis ("residual is white noise"), which shows that there is a significant 

autocorrelation structure in the prediction residual. In order to solve this obvious autocorrelation problem, this paper 

proposes a dynamic residual correction mechanism. The candidate models include: NoFix, AR (1), ARMA (2,1) and 

ARIMA (1,1,1). For each candidate model, we use Bayesian information criterion (BIC) to select the model: 

𝐼𝐶 = −2 𝑙𝑛 𝐿 + 𝑘 𝑙𝑛 𝑛 (9) 

In this process, L represents the model's likelihood function value, and k denotes the number of model parameters. The 
𝑦̂∗ = 𝑦̂ + 𝑒̂∗astmodel with the smallest BIC value is selected as the optimal residual correction model, and its predicted 
𝑡 𝑡 𝑡 

values are reintegrated into the original predictions. Subsequently, we evaluate the prediction performance improvement 

and autocorrelation elimination effect through RMSE, MAE, and MAPE comparisons, along with p-value analysis of the 

corrected Ljung-Box test results. 

3.5 Model evaluation indicators 

To systematically evaluate model prediction performance, multiple regression error metrics are introduced. The primary 

evaluation indicators include Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute 

Percentage Error (MAPE). These metrics respectively measure the fluctuation degree of prediction errors, overall deviation 

magnitude, and relative error levels, with their calculation formulas as follows: 
 
 

1 
𝑅𝑀𝑆𝐸 = √ 

𝑁 

𝑁 

∑(𝜎̂𝑡 − 𝜎𝑡)2 
𝑡−1 

 
(10) 

 
 

 
𝑁 

1 
𝑀𝐴𝐸 = 

𝑁 
∑|𝜎𝑡 − 𝜎𝑡| 

𝑡−1 

(11) 

 
𝑁 

1 𝜎̂𝑡 − 𝜎𝑡 𝑀𝐴𝐸 =  ∑ | | 
 

(12) 
𝑁 

𝑡−1 
𝜎𝑡 

 
Among 𝜎̂𝑡 them, represents 𝜎𝑡t the predicted value of the model, is the actual volatility value, and N is the number of test 
samples. 

In a word, the GARCH-LSTM hybrid model framework proposed in this section combines the dual advantages of structural 

modeling and nonlinear modeling, hoping to provide a more robust and theoretically explanatory forecasting tool for the 

high volatility and complexity of cryptocurrency market price behavior. 

4. Data and Experimental Setup 

4.1 Data sources and descriptions 

In this study, four representative cryptocurrencies-bitcoin (BTC), Ethereum (ETH), Binance Coin (BNB) and Dogecoin 

(DOGE) are selected as the analysis objects. These four coins have their own characteristics in the encryption market: BTC 

has the largest market value and liquidity, and is the pricing benchmark of the whole industry; ETH not only has a huge 

ecology, but also is the key infrastructure of DeFi and NFT. BNB is issued by Binance, the world's largest exchange, which 

has both platform function and market liquidity; Although DOGE was originally "meme coin", it has become a typical 
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lstm_hidden_list= [32, 64, 128], 

lookback_list= [10, 20, 30], 

lr_list= [1e-2, 1e-3, 1e-4], 

case to study market behavior, short-term prediction and emotional effects because of its strong emotion-driven attributes 

and high volatility. Choosing these coins not only covers mainstream tokens and Taiwan dollars, but also introduces 

emotion-driven varieties, which can improve the forecasting applicability and generalization ability of the model in 

different market structures. 

The data was automatically collected from publicly available cryptocurrency market platforms using web crawlers. Each 

cryptocurrency was compiled into a standardized dataset containing six fields: ticker (symbol), date (transaction date), 

open (opening price), high (peak price), low (minimum price), and close (closing price), with daily frequency. Based on 

these raw price data, this study further calculated logarithmic returns (Yields) as input for the model. To improve data 

quality, outliers and missing values were cleaned during the analysis, while standardizing the time periods across all 

cryptocurrencies. 

4.2 Experimental procedures 

STEP 1: Data set processing 

The raw data (historical transaction records of BTC, ETH, BNB, and DOGE) underwent preprocessing including 

chronological sorting by transaction dates, logarithmic yield calculation, and integration of multiple technical indicators 

into time series. The preprocessed currency samples were then divided into training, validation, and test sets in a 70%- 

15%-15% ratio. The training set was used for model parameter learning, while the validation set monitored generalization 

performance during training and fine-tuned hyperparameters. The test ultimately evaluated the model's predictive 

capabilities on unseen samples. To preserve temporal integrity in time series, sequential partitioning was strictly employed 

instead of random sampling to prevent future information leakage. 

STEP 2: Model training 

The BIC criterion was subsequently employed to automatically select the optimal GARCH-type model (with candidate 

models including GARCH (1,1), EGARCH (1,1), and GJR-GARCH (1,1,1)), with target variables constructed based on 

conditional volatility estimates. Input features for each currency include: conditional volatility from GARCH outputs, 

logarithmic returns, and the aforementioned technical indicators. To ensure consistent feature dimensions, the feature 

matrix underwent standardization. A supervised learning dataset was constructed using a 30-day lookback window method, 

where the past 30-day feature sequences were used to predict the next day's conditional volatility. 

The LSTM network was trained using the Adam optimizer with an initial learning rate of 0.001 and a batch size of 32. The 

number of training epochs was dynamically determined through an early stopping mechanism based on the validation set 

to prevent overfitting. In terms of network architecture, this study employed a single-layer LSTM hidden layer (64 units) 

combined with a fully connected output layer, incorporating a Dropout layer (discarded rate 0.2) between the hidden and 

output layers to enhance generalization performance. The look-back period was set to 30, meaning the model predicted 

the next volatility using 30 periods of historical feature data from previous inputs. To further optimize performance, 

hyperparameters including hidden unit count, window length, and learning rate were fine-tuned through grid search 

combined with validation set evaluation results. The maximum trial count was set to None, with the search parameters 

specified as follows. 
 

STEP 3: Residual autocorrelation detection and dynamic correction 

The LSTM prediction residuals undergo the Ljung-Box Q-test to detect autocorrelation. If significant autocorrelation is 

detected in the residuals, the dynamic residual correction module is activated. This module selects the optimal residual 

correction model from candidate models (NoFix, AR (1), ARMA (2,1), ARIMA (1,1,1)) using the BIC minimization 

principle, thereby performing secondary corrections on the predicted values. 

STEP 4: Model evaluation 

In this study, RMSE, MAE and MAPE are used to evaluate the performance, and Ljung-Box Q-test is also combined to 

check the autocorrelation of the residual. These methods can help us to verify whether the model really captures the 

fluctuation law well. In addition, the experiment also analyzes the performance of the model under different currency pairs 

and h-steps, so as to verify whether the hybrid model proposed by us is stable enough and has good generalization ability. 
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4.3 Results and analysis 

4.3.1 Single-currency forecasting performance 

The study tested four major cryptocurrencies: DOGE, BNB, ETH, and BTC, with results categorized into two versions: 

Raw (unadjusted LSTM predictions) and Corrected (using an AR (1) model for dynamic residual correction). The RMSE, 

MAE, MAPE metrics, and residual Ljung-Box Q-test results for each cryptocurrency on the test set are presented in Table 

4.1. 

    Table 4.1 Results of the currency models     

Symbol Best_GARCH Residual_Model RMSE MAE MAPE LBQ_Q LBQ_p 
 

EGARCH Raw 0.011 0.008 12.288 431.241 0 
DOGE 

BNB 

ETH 

BTC 

EGARCH AR (1) 0.008 0.006 8.645 18.885 0.091 

EGARCH Raw 0.011 0.009 29.657 2180.884 0 

EGARCH AR (1) 0.003 0.002 6.454 23.565 0.023 

EGARCH Raw 0.011 0.008 18.371 1286.073 0 

EGARCH AR (1) 0.005 0.003 6.709 8.652 0.732 

EGARCH Raw 0.011 0.009 25.568 1714.72 0 

EGARCH AR (1) 0.004 0.003 7.395 9.414 0.667 
 

 

The comprehensive evaluation demonstrates that the original GARCH-LSTM model (Raw) exhibits superior performance 

in volatility prediction across four cryptocurrency currencies, with root mean square errors (RMSE) consistently around 

0.011 and Mean Absolute Error (MAE) values mostly below 0.009. This indicates strong stability in capturing the overall 

trend of cryptocurrency price fluctuations. However, the Ljung-Box Q-test results reveal significant autocorrelation in 

residuals for all currencies under the Raw model (LBQ_p close to 0), suggesting uncaptured temporal information in the 

original predictions. These autocorrelations imply that even with minimal model fitting errors, statistical systematic biases 

persist in predicted sequences, potentially distorting risk assessments during extreme market conditions. After using the 

dynamic residual correction of AR (1), we predict that all currencies have become more accurate, and the two error values 

of RMSE and MAE have obviously decreased: RMSE of BNB has dropped from 0.011 to 0.003, ETH from 0.011 to 0.005, 

BTC from 0.011 to 0.004, and DOGE from 0.011 to 0.008. The corresponding MAPE value has also improved a lot, by 

30% to 80%. In particular, the residual autocorrelation of most currencies has become smaller, and the LBQ_p values of 

ETH and BTC have reached 0.732 and 0.667 respectively. The modified residual is almost white noise now, which is more 

in line with the efficient market hypothesis. After using the dynamic residual correction of AR (1), we found that the 

predictions of all currencies became more accurate, and the two error values of RMSE and MAE decreased obviously: 

RMSE of BNB decreased from 0.011 to 0.003, ETH decreased from 0.011 to 0.005, BTC decreased from 0.011 to 0.004, 

and DOGE decreased from 0.011 to 0.008. The corresponding MAPE value has also improved a lot, by 30% to 80%. 

Especially, the residual autocorrelation of most currencies becomes smaller, and the LBQ_p values of ETH and BTC reach 

0.732 and 0.667 respectively. The modified residual is almost white noise now, which is more in line with efficient market 

hydropathy. 

When we further analyze the performance of the model, we draw a comparison chart between the real volatility curve and 

the predicted volatility curve of each currency, showing the prediction effects of the original GARCH-LSTM model and 

the introduction of AR (1) dynamic residual correction respectively. As shown in Figure 4.1 (a)-(d). 
 

 

(a)BNB (b)BTC 

(a)BNB (b)BTC 
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(c) DOGE (d) ETH 

(c) DOGE (d) ETH 

Figure 4.1 Comparison of Real Volatility and Predicted Volatility Curves of Different Currencies 

When analyzing the real-time and forecast volatility curves of different currencies, the original GARCH-LSTM model 

shows strong trend tracking ability, but when the volatility is severe, there will be excessive smoothness and lag problems. 

The most obvious thing is that it always underestimates the actual fluctuation level, especially BNB and ETH are seriously 

underestimated in the middle and late peak period. Dynamic residual correction can significantly improve the fit between 

the predicted curve and the actual fluctuation, track the peak value more accurately, and better capture the subtle changes 

in the low fluctuation range. This residual modeling effectively solves the systematic deviation of the original model. The 

chart verifies the data results: the dynamic residual correction not only improves the prediction accuracy, but also optimizes 

the time consistency, showing stronger adaptability and stability under different market conditions. 

4.3.2 Multicurrency comparative analysis 

To comprehensively evaluate the applicability and stability of the proposed unified forecasting framework across different 

cryptocurrencies, this section conducts a comparative analysis from a multi-currency perspective building upon single- 

currency analysis. The residual comparison diagrams between the original model and the dynamic residual correction 

model allow intuitive observation of differences in volatility characteristics, residual structures, and model performance 

across various currencies, as illustrated in Figures 4.2(a)-(d). 
 

 

(a)BNB (b)BTC 

(a)BNB (b)BTC 
 

(c) DOGE (d) ETH 

(c) DOGE (d) ETH 

Figure 4.2 Comparison of residuals between original model and modified model for each currency 
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The uncorrected prediction residuals exhibited pronounced volatility clustering and autocorrelation effects, particularly 

evident in BNB and BTC, which aligns with their LBQ test results showing near-zero p-values. This indicates the original 

model failed to fully capture the dynamic structure of the volatility series. In contrast, the AR (1) residual-corrected curves 

demonstrated significant convergence to zero mean levels in both amplitude and volatility concentration, with substantially 

reduced peak values. This suggests that dynamic residual correction effectively mitigated linear dependencies and cyclical 

components within the series, enhancing the white noise characteristics of prediction residuals. Regarding stability, the 

corrected models showed more pronounced improvements in ETH and BTC, with smoother residual curves and 

concentrated distributions. This corresponds to their significantly elevated LBQ p-values (0.732 vs. 0.667), demonstrating 

stronger generalization capabilities in these assets. BNB exhibited the most severe residual fluctuations under the original 

model, particularly marked by abrupt negative deviations during specific periods, indicating potential sudden structural 

changes in its volatility that LSTM core models struggled to capture directly. Residual correction nearly eliminated this 

phenomenon, reducing RMSE from 0.011 to 0.003—a clear improvement in correction gain. While DOGE showed notable 

correction effects (RMSE dropping from 0.011 to 0.008, MAPE decreasing from 12.29% to 8.65%), residual sequences 

still retained localized short-term volatility spikes. 

From the overall mode, after revision, the residual structure of all four cryptocurrencies is closer to white noise, and RMSE, 

MAE and MAPE are significantly reduced. The dynamic residual correction method is generally effective in improving 

the prediction accuracy and model robustness. However, BNB and DOGE still have sudden residual anomalies in some 

periods, which shows that the model needs more complex nonlinear residual modeling strategies when dealing with volatile 

and unstable assets. In terms of generalization ability, the performance of this framework is better than that of mainstream 

cryptocurrencies (BTC, ETH), but for cryptocurrencies with high volatility or small market value, its residual modeling 

module still needs to be further optimized to enhance stability and forecast consistency. 

 

5. Conclusion 

This unified cryptocurrency fluctuation forecasting framework, which combines GARCH and multi-task LSTM, performs 

well in many currencies and different fluctuation modes. The experimental results show that EGARCH is more powerful 

in single currency fluctuation analysis, while multi-task LSTM can capture individual differences well by using cross- 

currency time characteristics. After adding dynamic residual correction, the root means square error (RMSE), average 

absolute error (MAE) and average absolute percentage error (MAPE) of all currencies are obviously reduced, and the 

residual autocorrelation is also greatly reduced. These findings prove that this method is really effective in optimizing the 

error structure. 

However, this framework also has some shortcomings: on the one hand, dynamic residual correction may have the risk of 

over-fitting and information leakage, which may lead to the decline of forecast stability when the market changes suddenly. 

On the other hand, the model is too complex, which requires high computing resources and data quality. Future research 

can be improved from two aspects: first, an adaptive residual correction strategy is introduced to monitor the characteristics 

of residual in real time; Second, explore a lighter deep learning structure and feature selection mechanism to improve the 

generalization ability and the performance of real-time prediction. 
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