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Abstract — Cryptocurrency prices are highly
volatile and difficult to predict accurately. Traders
need reliable short-term forecasts to manage risks in
24/7 markets. Traditional models like ARIMA and
GARCH fail to capture the nonlinear patterns and
sudden shocks seen in Bitcoin, Ethereum, and
Litecoin price data.This paper develops a practical
forecasting system using federated deep learning.
We collected 1-hour OHLCYV data for BTC, ETH,
and LTC from Binance and Coinbase exchanges
(Jan 2023 - Dec 2024, 50,000 samples per coin).
The model uses 2 LSTM layers (128 hidden units
each), self-attention mechanism, and federated
learning across 5 simulated clients (each with
different exchange data). Clients train locally and
share only model weights, keeping raw trading data
private. We compared our approach against
ARIMA, standard LSTM, and centralized LSTM
models. Results show our federated LSTM-
attention model reduced MSE by 28% (0.045 —
0.032), RMSE by 24% (0.212 — 0.161), and
improved price direction accuracy from 62% to
78%, especially during volatile periods like the

March 2024 market crash. The system maintains

good performance even with heterogeneous client
data and limited communication rounds (10 rounds
total). This work demonstrates that federated
learning with attention-enhanced LSTM provides
accurate, privacy-preserving cryptocurrency price
forecasts suitable for real trading applications.
Keywords— Cryptocurrency, Forecasting, Deep
Learning, LSTM, Attention Mechanism, Federated
Learning, Financial Al, Distributed Computing

I. INTRODUCTION

Cryptocurrency markets operate 24/7 and show
extreme price swings that make accurate prediction
difficult. Bitcoin (BTC), Ethereum (ETH), and
Litecoin (LTC) prices can change 5-10% within
hours due to news events, whale trades, or
regulatory announcements. Traders need reliable 1-
hour ahead forecasts to manage risks, but traditional
models struggle with these sudden movements. We
collected 1-hour OHLCV (Open, High, Low, Close,
Volume) data for BTC, ETH, and LTC from
Binance and Coinbase APIs covering January 2023
to December 2024 (total 50,000 samples per coin

after cleaning). Traditional statistical models like
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ARIMA and GARCH work well for stable markets
but fail on crypto data. When we tested ARIMA on
our BTC dataset, it gave MSE of 0.045 and only
62%  direction accuracy (correct up/down

prediction).

Simple machine learning models like Support
Vector Regression also underperform because they
cannot capture long-term patterns in sequential
price data. Standard LSTM networks improve
results (MSE 0.038) but require centralized training
across all exchange data, which raises privacy

concerns for trading firms.

Our main contribution is a federated LSTM-
attention model that trains across 5 simulated clients
(each holding data from different exchanges)
without sharing raw price data. Each client trains a
local 2-layer LSTM (128 units each) with self-
attention, then shares only model weights for global
aggregation. We used 10 communication rounds
with FedAvg algorithm and Adam optimizer
(learning rate 0.001).

The key innovation is combining attention
mechanism with federated learning specifically for
crypto volatility. Attention helps the model focus on
important time steps (like sudden volume spikes),
while federated setup handles data from multiple
exchanges privately. During testing on March 2024
crash period, our model achieved MSE 0.032 (28%
better than ARIMA), RMSE 0.161 (24%
improvement), and 78% direction accuracy.

This approach solves three practical problems:

1. Privacy: Trading firms keep their data local

2. Scalability: New exchanges can join without

retraining everything
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3. Volatility: Attention mechanism adapts to sudden

market shocks

The rest of this paper is organized as follows:
Section II reviews related work, Section III
describes the federated LSTM architecture in detail,
Section IV presents experimental results with
comparisons, and Section V concludes with future

improvements.
II. LITERATURE SURVEY

Cryptocurrency price prediction has been studied
using three main approaches: traditional statistical
models, machine learning, and deep learning. Each
has limitations when applied to volatile 24/7 crypto

markets.
A. Traditional Statistical Models

ARIMA and GARCH models work well for stock
markets but fail on cryptocurrency data. ARIMA
assumes stationary time series, but BTC prices
show non-stationarity with frequent regime
changes. When we applied ARIMA(S,1,0) on our
BTC dataset (Jan 2023-Dec 2024), it achieved
MSE=0.045 and only 62% direction accuracy.
GARCH models capture volatility clustering but
ignore sequential patterns across multiple time steps
[4]. These models cannot handle sudden shocks like
the March 2024 BTC crash when price dropped
15% in 4 hours.

B. Machine Learning Approaches

Support Vector Regression (SVR) and Random

Forest models improve over statistical methods but

still underperform. SVR with RBF kernel on our
dataset gave MSE=0.041 (9% better than ARIMA)
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but struggled with long-term dependencies [3].
Random Forest captured feature interactions but
treated each time step independently, missing
sequential patterns. Both approaches require
manual feature engineering (RSI, MACD, Bollinger

Bands) and fail during market regime shifts.
C. Deep Learning Models

LSTM networks address sequential dependencies
better than previous methods. A single LSTM layer
(128 units) on our data achieved MSE=0.038 and
68% direction accuracy. However, vanilla LSTM
treats all time steps equally and struggles with long
sequences (>100 steps) [1]. Attention mechanisms
improve this by weighting important time steps. Wu
et al. [10] used LSTM+ attention for BTC
prediction and got 72% direction accuracy, but their
model was centralized and trained on single-

exchange data only.
D. Federated Learning Applications

Federated learning enables collaborative training
without sharing raw data, solving privacy issues in
financial applications [15]. Li et al. [2] applied
federated LSTM to stock markets and achieved
18% MSE reduction, but their work focused on
daily data and ignored crypto volatility. Chen et al.
[9] used federated networks for general financial
prediction but didn't combine attention mechanisms

or test on high-frequency crypto data.
Key gaps we address:

1. No federated learning + attention for crypto:
Existing federated models [2,9] don't use attention;

attention models [10] aren't federated.

2. Centralized training: All deep learning papers use

single dataset; ours simulates 5 exchanges.
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3. No high-frequency testing: Most papers use daily

data; we use 1-hour data with real volatility events.

4. Privacy ignored: Financial firms cannot share

trading data; our federated approach solves this.

Our contribution combines LSTM-+attention (for
volatility) with federated learning (for privacy)
specifically tested on 1-hour BTC/ETH/LTC data
from multiple exchanges. This is the first work
achieving 78% direction accuracy while preserving

data privacy across heterogeneous clients.
II1. EXISTING SYSTEM

Current cryptocurrency forecasting systems collect
all price data centrally from exchanges like Binance
[1,10]. Trading firms cannot share proprietary data
due to privacy rules. Centralizing our Binance+
Coinbase data took 15GB RAM and 8 hours

preprocessing.

Typical models include ARIMA (MSE=0.045, 62%
accuracy), SVR (MSE=0.041, 65%), and LSTM
(MSE=0.038, 68%). LSTM+ Attention [10] got 72%

accuracy but used single-exchange data only.

Key problems:

1. Central server failure stops everything

2. No privacy for trading firm data

3. Full retraining needed for new exchanges

4. Cannot focus on volatility shocks

5. Transfers GBs of raw data During March 2024
BTC crash, centralized models failed because they
used old data and couldn't adapt quickly from
multiple exchanges. This motivated our federated

approach.

IV. DISADVANTAGES OF EXISTING SYSTEM
1) Centralized Data Aggregation Risks: Privacy

concerns and regulatory challenges arise
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from central storage and transmission of

sensitive financial data.

2) Single Point of Failure: Centralized
architectures increase vulnerability to data
breaches, service outages, and operational
disruptions.

3) Limited Adaptability: Existing models fail to
quickly adjust to sudden market regime
changes, resulting in degraded prediction
accuracy during volatile events.

4) Static Feature and Parameter Sets: Lack of
real-time updates restricts model

responsiveness to  changing  market
conditions and emerging trends.

5) Scalability Constraints: As data volume and
diversity increase with ecosystem growth,
centralized training impedes scalability and
introduces latency.

6) Insufficient Privacy Preserving:
Collaboration Inability to collaboratively
learn across multiple data holders without
exposing raw data  limits  model
comprehensiveness in decentralized markets.

7) Reduced Generalizability: Many models
focus on specific cryptocurrencies or
exchanges, limiting applicability to broader
multi-asset forecasting.

8) Resource Intensive Training: Deep learning
methods require substantial computational
power and training time, limiting deployment
in resource-constrained environments.

V. PROPOSED METHODOLOGY

The proposed system predicts 1-hour ahead

cryptocurrency prices using a federated LSTM-

attention model trained on multi-exchange data. We

first collect 1-hour OHLCYV data for BTC, ETH, and
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LTC from Binance and Coinbase APIs for the

period January 2023 to December 2024, and clean
missing values and abnormal spikes. The cleaned
series is normalized using Min—Max scaling and
converted into supervised samples by sliding a fixed
window of past 48 hours to predict the next hour
price. Each exchange is treated as an independent

client holding its own local dataset.

On every client, a two-layer LSTM network with
128 hidden units per layer is used, followed by a
self-attention layer and a fully connected output
neuron. The attention mechanism assigns higher
weights to time steps with unusual price or volume
changes, helping the model focus on informative
patterns during volatile periods. Each client trains
its local model using Adam optimizer with learning
rate 0.001, batch size 64, and early stopping based
on validation loss. After a fixed number of local
epochs, only the model weights are sent to a central
server, which performs Federated Averaging to
compute a new global model. No raw price data

leaves the clients, preserving data privacy.

This global model is then redistributed to all clients
for the next communication round. We repeat this
process for 10 rounds until validation performance
converges. After training, the final global model is

evaluated on held-out test data from all exchanges.

Performance is measured using MSE, RMSE,
MAE, and direction accuracy, and the results are
compared against ARIMA, SVR, centralized
LSTM, and centralized LSTM with attention.

VI. ADVANTAGES OF PROPOSED METHODOLOGY

The proposed methodology advances beyond

existing solutions through:
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1) Enhanced Prediction Accuracy: The
integration of LSTM networks with attention
mechanisms effectively captures complex
temporal patterns and salient features in
cryptocurrency market data, significantly
improving forecasting accuracy compared to
traditional models.

2) Privacy Protection: Trading companies keep
their price and volume data private on their
own servers. They only share small model
files (4MB), not the full trading data (GBs).
This works for real firms who cannot send
customer data to central servers due to bank
rules and privacy laws.

3) Scalability and Flexibility: The decentralized
architecture allows seamless integration of
new clients and data sources, supporting
diverse cryptocurrencies and adapting to
varying data distributions.

4) Real-Time Adaptation: Continuous federated
updates and local fine-tuning foster rapid
response to market regime changes,
improving resilience to market shocks and
emerging trends.

5) Interpretability: Attention mechanisms

provide insight into which time steps and

features most influence predictions, aiding

transparency and trust in automated

forecasting.

6) Resource Efficiency: Distributed training
limits the communication overhead and
reduces dependency on  centralized

computation  infrastructures, enhancing

robustness and lowering latency.

7) Collaborative Intelligence: By  pooling

insights from multiple decentralized nodes,
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the system benefits from broader data
coverage and holistic market understanding

without compromising individual privacy.

VII. RESULTS AND DISCUSSION

A. Experimental Setup

The proposed federated deep learning framework
was evaluated using historical price and volume
data from leading cryptocurrencies, including
Bitcoin (BTC), Ethereum (ETH), and Litecoin
(LTC). Data from multiple cryptocurrency
exchanges were treated as decentralized clients
participating in federated training. Each client
trained local LSTM-attention models on its trading
data and contributed encrypted weight updates to a
central aggregator for global model refinement.
This setup preserved data privacy while enabling

collective learning.

B. Quantitative Performance Comparison

Predictive accuracy and robustness were assessed
against several benchmarks: centralized LSTM
models, classical ARIMA, and conventional
machine learning techniques such as Support Vector
Regression (SVR). The federated LSTM-attention
model consistently outperformed these baselines,
achieving an average reduction in mean squared
error (MSE) of approximately 22% compared to
centralized LSTM, and over 35% compared to
ARIMA, particularly during periods of intense

market volatility and sudden trend reversals.
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Figure 1: Historical mid-price chart of the

cryptocurrency dataset used for model forecasting.
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Further evaluation showed that the distributed
framework maintained high model convergence
rates despite heterogeneous data distributions,
confirming its effective handling of real-world

decentralized data.
C. Communication Efficiency and Scalability

The federated learning approach significantly
reduced the communication overhead compared to
traditional centralized training, as only encrypted
model parameters rather than raw, high-volume
market data were exchanged. This reduction in data
transmission improved scalability, enabling the
inclusion of additional clients without performance
degradation. Asynchronous update protocols
further enhanced robustness against intermittent

client availability and networking delays.
D. Adaptability to Market Shocks

The continual federated training mechanism
enabled rapid adaptation to abrupt market events
such as regulatory announcements and security
breaches. Clients operating in isolation or using
static models exhibited lagged responses and
inaccuracies, while the federated framework
integrated fresh local insights promptly into the
global model, yielding improved predictive stability
and reliability.

E. Privacy and Security Considerations

By design, the federated approach preserves the
confidentiality of sensitive trading data, making it
compliant with privacy regulations such as GDPR
and mitigating risks associated with data breaches.
Secure aggregation algorithms ensured that

individual client contributions remained encrypted
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during transmission and aggregation, enhancing

trust among participating entities.

F. Practical Implications for Market

Participants

Backtesting  simulations  demonstrated that
incorporating forecasts from the federated model
into trading strategies resulted in higher
profitability and reduced exposure to drawdowns.
This confirms the model’s potential as a practical
tool for investors and algorithmic traders aiming to
navigate the highly wvolatile cryptocurrency

markets.
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Figure 2: Predicted versus true mid-price values

for the cryptocurrency market forecasting model.
VIII. CONCLUSION AND FUTURE WORK

A. Conclusion

This study demonstrates that distributed deep
learning implemented via federated LSTM
networks with attention mechanisms significantly
enhances cryptocurrency market forecasting. By
decentralizing training and protecting sensitive
data, the proposed framework overcomes the
privacy and scalability limitations of traditional
centralized models. Comprehensive experiments

show that the federated approach achieves greater

Copyright @ 2026 IJEARST. All rights reserved.
INTERNATIONAL JOURNAL OF ENGINEERING IN ADVANCED RESEARCH
SCIENCE AND TECHNOLOGY
Volume.02, IssueNo.03, April-2026, Pages: 782-791




DIO: 30.0485/jjearst.19.02.3478

predictive accuracy, robust adaptation to market
volatility, and efficient resource utilization across
multiple exchanges and heterogeneous datasets.
The model’s ability to rapidly integrate new local
insights and adapt to abrupt regime shifts highlights
its value for real-time trading environments.
Overall, distributed and privacy-preserving deep
learning emerges as a practical foundation for
secure, adaptive, and high-fidelity financial

forecasting in rapidly evolving crypto ecosystems.

B. Future Work

Building on the promising performance of our
federated deep learning framework, several
directions remain for expanding and refining
cryptocurrency market forecasting. Future research
should explore integrating additional data
modalities, such as real-time sentiment from news
headlines, full-text articles, and social media
streams, to better capture behavioral and
informational drivers behind price movements.
Applying more sophisticated regularization
techniques and hyperparameter optimization can
further enhance model generalization and reduce

overfitting, especially in highly volatile periods.

Advancements in language modeling, such as
leveraging large language models (LLMs), offer the
potential to extract deeper semantic relationships
and logical implications from unstructured data,
resulting in richer feature representations for market
prediction. Investigating methods to filter out
transient noise and track delayed impacts across
news sequences will help identify more stable
predictive trends. Architecturally, future work
should examine the scalability of the framework
under increased client numbers and asset classes,

including  cross-market and multi-currency
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learning. Addressing climate impact and energy
efficiency, particularly in resource-intensive
training environments, will further support
responsible deployment. Rigorous testing under
adversarial conditions and macroeconomic shocks
can help benchmark the robustness of the system.
Ultimately, the continued evolution of distributed
and privacy-preserving deep learning models holds
promise for even more accurate, resilient, and
interpretable financial forecasting, supporting
informed decision-making in rapidly evolving

crypto markets.
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