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Abstract: The present study offers a new approach for identifying trading signals in the
financial market using machine learning techniques. It employs graphical and correlational
research methods, utilizing support learning techniques in MATLAB to test hypotheses.
The study proposes an automated trading system combining reinforcement learning and
deep learning to determine trade signals and position sizes. The framework combines an
LSTM network with Q-learning, an out-of-policy reinforcement learning algorithm. Q-
learning aims to maximize overall reward by learning from actions deviating from the
existing policy. Our study introduces a new framework that utilizes the collective
intelligence of multiple expert traders to learn across different time frames. It shows that
using Fundamental and technical indicators independently or in combination to train
LSTMs for predicting currency movements in Forex significantly improves prediction
accuracy. The study introduces a third class to represent small changes in currency pair
prices between two consecutive days, improving prediction accuracy. It also describes a
new method for determining the most suitable threshold value to define the unchanged
class. Additionally, the study trains LSTMs to predict values k days into the future, and
searches for the influence of varying training iterations on accuracy values.
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1 INTRODUCTION

Stock prices fluctuate daily due to various factors,
including politics. This unpredictability complicates
trading strategies for buying or selling stocks. Stock
market analysis focuses on optimizing portfolios [1],
identifying investment strategies [2], and assessing risks
[3]. Forecasting stock price trends has attracted interest
from various fields, including economics, finance,
statistics, and machine learning [4-6].

Financial trading has been extensively studied, leading
to the development of various methods. These
approaches are classified into two classes: modern and
traditional. Traditional ones are technical [2] and
fundamental analysis [3]. Modern trading methods
include algorithmic trading [4] and machine learning
(ML) [3]. Abundant data, limitations of traditional
methods, and the complicated nature of financial
markets emphasize the need for strategies like
algorithmic trading.

Studies have proposed algorithms for anticipating stock
movements using machine learning (ML) techniques
like support vector machines (SVM) and artificial neural
networks (ANN) [5-8]. Researchers are using deep
learning approaches like LSTM and RNN [9-10] for
predicting stock prices. They also use trading algorithms
to maximize profits [3]. Algorithmic trading can use
rule-based strategies or ML approaches. Rule-based
strategies are derived from traditional or mathematical
models, while ML-based trading involves training
computers on historical data to operate autonomously.
This method offers several advantages over traditional
trading.

Algorithmic trading, which utilises machine learning,
offers advantages over rule-based trading. ML-based
algorithms have the capability of extracting information
and patterns from historical data without predefined
rules. Additionally, ML-based trading can generate
insights and support decision-making through
algorithms like reinforcement learning and Q-learning
[11].

In a study [12], researchers used reinforcement learning
to optimize securities and stock exchanges. DeepMind
mastered seven Atari video games, reaching human
expert level in three, and eventually achieved expert-
level performance in more than 20 different Atari games
[13].

Machine learning (ML) has attracted considerable
interest from scholars, which has led to the development
of various algorithms for extracting information from
different types of data. Initially, most ML algorithms
were confined to prediction.

Machine learning algorithms, like deep reinforcement
learning (DRL), are able to provide optimal decisions
independently in complicated settings, such as financial
markets. It has made ML a captivating study area in
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finance. DRL has shown significant achievement in
solving complicated sequential decision-making
problems. Research in Reinforcement Learning (RL)
focuses on multi-agent frameworks, which are used in
various fields. Fewer studies have examined multi-agent
RL [14], especially in financial trading [15].

The Fractal Market Hypothesis (FMH), introduced by
Peters, offers a substitute for the generally recognized
efficient market theory. FMH suggests that market price
behaviour is not random, as assumed in EMH, but
instead exhibits a fractal characteristic with a
comparable framework across various time intervals. It
describes market behaviour with chaos, fractals,
breakdowns, and crises. The Elliott wave theory [13]
suggests that price has repetitive behavior across
different time frames, with markets following repetitive
cycles based on collective trading behavior.

Several studies suggest that the market’s fractal nature
may be attributed to traders' intuition, which involves
varying data interpretations and investment horizons
[15]. Financial markets exhibit unique characteristics
within specific time frames. According to the Fractal
Market  Hypothesis (FMH), there may be
interrelationships between different periods due to
varying interpretations of information. The system is
made using an LSTM network integrated with Q-
learning, an RL algorithm that operates outside the
policy to identify the optimal action based on the present
conditions.

The Q-learning algorithm operates outside the current
policy and seeks to maximize total reward. Our
framework is built upon a deep Q network. Analysts
have used various machine learning methods for stock
showcase determination [15-19]. Deep learning models
are gaining popularity in financial trading [20-22]. Ding
et al. [23] presented a deep convolutional neural network
for predicting stock prices.

In RL, the agent learns to link states with actions in order
to maximize rewards [29]. The agent tracks state
information from its environment and autonomously
learns to choose actions based on the reward it receives
and the current state [14].

The use of DRL strategies has obtained popularity in
various trading methods [36-37] and has been assessed
for their effectiveness in stock markets [38]. A suggested
three-layer multi-group strategy outperformed a
traditional buy-and-hold approach [39]. Our work
employs this approach as a benchmark.

2 BACKGROUND OF THE RESEARCH

Touché and Safel [12] presented Repetitive
Reinforcement Learning (RRL), a coordinated
reinforcement method with a better performance
compared to Q-learning. This RRL agent employs a
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single-layer neural network for maximizing a risk-
adjusted return function based on previous returns and
yield. Dorson et al. [31] employed RRL and Q-learning
strategies to optimise investment strategies, integrating
reinforcement learning with a trading system. They
demonstrated a solid execution of the Q-learning.

In a specific data setup, the results outperformed the
buy-and-hold strategy by a factor of two. Nomiwaka et
al. [32] conducted an extensive experimental use of RL
to solve the optimal execution problem by large-scale
NASDAQ market microstructure data bases. These
authors utilized historical records from INET and
performed tests on three stocks - Qualcomm (QCOM),
NVIDIA (NVDA), and Amazon (AMZN). The results
demonstrated that RL outperformed the send-and-leave
(S&L) strategy previously used in a basic market.
Additionally, [33] applied adaptive reinforcement
learning (ARL) in the financial market. They integrated
a dynamic hyperparameter optimization layer and a risk
management layer and examined the framework using
two years of real EUR/USD data (January 2000 -
January 2002), with 1-minute granularity, and achieved
an average annualized return of 26%. Li et al. [34]
presented a novel stock trading framework according to
RL. The proposed system, MQ-trader, comprises four
collaborative Q-learning agents.

Cumming et al. [35] used an LSTD-based RL algorithm
(Reinforcement Learning Algorithm based on Least
Squares Temporal Difference) to achieve an annual
profit of 1.64% in the EUR/USD market. Akita et al.
[24] found that combining textual and numerical data is
more effective for predicting stock prices. [25]
suggested an LSTM-based model by the use of technical
indicators and historical price measures for anticipating
stock price movements. [26] developed the ATT-ERNN
model for anticipating stock price movements based on
global events, using a two-stage attention-based
recurrent neural network. Zhao et al. [28] used a market-
aware framework to predict stock returns by combining
fundamental and technical indicators. Caesar and
Ozbayoglou [41] used technical analysis indicators and
stock price data to label images for a CNN model.

In their research, Wen and Yuan [42] used a hybrid
LSTM-CNN model to analyze data, incorporating
various inputs such as Sunspot data, technical analysis
indicators, fundamental analysis information, and
economic indicators. According to their findings, the
hybrid model showed better performance compared to
individual CNN and LSTM models, particularly in terms
of parameters such as Score-F1. Kim and Kim [43] also
employed a combined CNN-LSTM model to predict
S&P 500 share prices, outperforming individual LSTM
and CNN methods. Additionally, Caesar et al. [44]
utilized a different approach to predict buy, sell, and
hold signals, concluding that their method showed
higher effectiveness compared to the buy-and-hold

approach. In their study, Ghorbani et al. [45] used a
combined colored Petri nets strategy and genetic
algorithm for simulating and forecasting buy/sell signals
of stock exchanges. They found this method to be more
effective in generating correct signals in comparison
with other techniques, like neural networks, decision
trees, and linear regression. Melki et al. [46] focused on
efficiently summarizing and visualizing stock market
information due to the large amount of data generated in
the Tehran stock market. They used the incremental
clustering method along with the k-means algorithm to
identify stock movement signals. Chen et al. [47]
concentrated on predicting stock trading signals,
emphasizing the unstable and complex nature of stock
market impacted by various interconnected variables.

In another study, Li et al. [48] discuss the challenges of
algorithmic trading, proposing the TFJ-DRL model,
which combines RL and deep learning for financial
decision-making improvement.

Singh et al. (2022) discuss how the accessibility of
information has transformed financial frameworks.
They highlight how modern reinforcement learning can
improve decision-making in complex financial
scenarios. Gororge et al. [47] compared linear regression
and SVM for stock price forecasting, aiming to
demonstrate the advantages of SVM over linear
regression.

3 RESEARCH METHODOLOGY

The descriptive and correlational research strategy aims
to illustrate and understand existing conditions and
relationships between factors using historical data. It
examines cause and effect, identifies dependent and
independent variables, and utilizes tools such as surveys,
interviews, observations, tests, vouchers, and analysis
for data collection.

This study uses a library strategy to collect specific data
on the forex market from 2018 to 2021. Machine
learning techniques in Python or MATLAB are applied
for data analysis focusing on reinforcement learning
(RL) to generate trading signals that maximize overall
profit using the Q-learning algorithm in the stock
market.

4 RESEARCH FRAMEWORK

An RL system comprises four major constituents: a
value function, a reward signal, a policy, and, optionally,
an environment model. The agent has interaction with
the environment in discrete time steps, t = 0, 1, 2, 3,
receiving information about the environment state at t
time steps.



st € S, where S denotes a set of possible states, and
therefore an action is chosen.

An action, denoted as '€ A(st)', belongs to the set of
actions present in state 'st'.

After taking a step, the agent obtains a numerical reward,
rt+l € R, entering a new state, st+1.

The agent maps states to the probabilities of selecting
different activities, known as the agent's approach (mut).
The likelihood of choosing action a (at) when in state s
(st) is represented by mt(s, a). An LSTM cell can retain
and recall past data for an extended period. It includes
an output gate, an input gate, and a forget gate, each of
which holds values between 0 and 1. A value of 1 means
to retain the data, and 0 means to discard it. The input
gate determines which portions of the input data are
added to the cell's content and to what degree. The forget
gate makes a decision on which parts of the cell's content
are removed. The output gate regulates which portions
of the cell's content are included in the hidden state.

5 DISCOVERIES

The current work aims at predicting a specific exchange
rate's medium-term trend by analyzing relationships
among various exchange rates. We focused on cross-
currency trades that reveal arbitrage opportunities in the
forex market, exploiting short-term price differences
between a currency and its associated currencies.
Triangular arbitrage involves three currencies, where
one is derived from the exchange rates of the other two.
This study focuses on the cross rates of GBP/USD,
EUR/GBP, and EUR/USD, using EUR/USD as the base
currency. In the foreign exchange market, the EUR/USD
cross rate should be calculated based on the EUR/GBP
and GBP/USD pairs. “Eq. (1)

Er=reur/usd=reue/gbp.rgbp/usd @

In connection (1), we mentioned the exchange rate as Er.
To prevent arbitrage in regulated financial markets, a
precise timing ratio for currency transactions is
necessary. Short-term discrepancies in forex markets
create trading opportunities for financial advisors.
Analyzing features on a forex time series chart can
reveal early differences in currency prices.

We analyze related currencies using triangular arbitrage
to assess the medium-term direction of a currency. By
using EUR/USD as the base currency alongside
EUR/GBP and GBP/USD, we identify potential
arbitrage opportunities. It is possible to apply this
approach to other currencies with comparable monetary
properties.

Profit function: To calculate efficiency and profit, if the
price at time "t" is denoted as "pt", then the profit
function is as follows, “Eq. (2)”:
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Rit=log(pit/pit-1)*100 2

Function (2) is positive when the logarithm of the upper
face of the number is 100.
Loss function, “Eq. (3):

CE = —¥S22T, LOG(S,) = —t1log(s1) — (1 —
t1)log(1l —s1) 3)

In this scenario, there are two targets, labeled as 1C and
2C. The values (t0, t1) and S1 represent the actual label
and output score of the network for target 1C,
respectively.

Furthermore, 1 - t1 = 2t and 1 - S1 = 2S represent the
actual label and output of the network for target 2C,
respectively.

Inputs:

The dataset comprises values for the 2018-2021 period,
with 1,325 data points during market hours. The
EUR/USD ratio saw an increase of 680 and a decrease
of 645 over this span.

Entry and exit signal:

The initial trading strategy involves using the stochastic
oscillator.

This strategy involves using a version of stochastic
volatility to generate buy and sell signals to enter and
close trades.

Second trading strategy (mean reversion):

The average reversion strategy, which includes
Bollinger Bands and directional averages, uses the
directional average to identify the trend and Bollinger
Bands to determine potential reversal points for entering
transactions.

The implementation of the first strategy with the most
optimal parameter values in each time step is carried out
in the following sequence:

When there are no open transactions and the random
oscillator exceeds 85, we enter a short position. The
closing price is set at the last support level of the
Donchian channels. To prevent losses, we use two stop
loss levels: one based on the maximum allowed pips and
the other on the Donchian channel position.

If there’s no open trade and the random oscillator is
below 15, we will enter a long position. The trade will
close at the latest resistance level in the 14-period
Donchian channels. We will set two stop-loss values:
one based on our maximum pip loss and the other on the
Donchian channel position.

If the trade is open and its position is long, the trade will
be closed if the value of the random oscillator is greater
than 70. If the trade is open and its position is short, the
trade will be closed if the value of the random oscillator
is less than 30.

In the implementation of the second strategy, the
following order is followed in each tick, using optimal
parameters.
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If no trade is open and the directional average exceeds
40 for the 14-day time frame, it indicates a strong trend.
In that case, we will enter a short position if the closing
price is beyond the upper Bollinger Band and the current
price is less than or equal to that upper band for a longer
time frame. A stop-loss will be set based on the
maximum pips we are willing to risk.

If a trade is open with a long position and the current
price value is lower than the middle band value of the
Bollinger bands, the trade is closed.

If a trade is open with a short position and the current
price value is above the middle band value of the
Bollinger bands, the trade is closed.

We employed a deep learning algorithm to dynamically
choose the values of four parameters for trading
thresholds, loss limits, trading windows, and estimation
windows. The values utilized as input for the deep
learning algorithm are as follows:

Trading thresholds are set at a distance of 2.5 standard
deviations on both sides of the average price difference,
with an accuracy of 0.5 standard deviations.

The loss limit thresholds are set at a distance of four
standard deviations on both sides of the average price
difference, with an accuracy of 0.5 standard deviations.
The trading window is 15 minutes with a 10-minute
accuracy.

The estimation window is 60 minutes with a 10-minute
accuracy. The estimation window is 240 minutes with a
10-minute accuracy.

Turnover:

Here, data description, cleaning approaches, and feature
extraction are discussed. The data includes the first trade
price, the highest and lowest traded prices, the last trade
price, and the trade volume, represented as candlestick
charts (“Table” 1).

Table 1 This data is shown in the form of candlesticks

Date Time Open Price | High Price Low Price | Close Price Volume
0 2000.01.02 23:15 1.0078 1.0087 1.0076 1.0086 41
1 2000.01.02 23:30 1.0087 1.0089 1.0079 1.0079 68
2 2000.01.02 23:45 1.0078 1.0132 1.0078 1.0129 66
3 2000.01.03 00:00 1.0129 1.0133 1.0120 1.0122 37
4 2000.01.03 00:15 1.0123 1.0125 1.0120 1.0124 37

The following sections explain each component
depicted in the diagram of the presented model (“Fig.
1”).
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Fig.1  Presented currency trend forecast model.

Data Preprocessing Block:

The text below explains the purpose of this part, which
is to send financial period data. In this Block, the time
series data is normalized within the range of 0 to 1,
(“Table 27).

To prepare the proposed model, the creator compiled a
comprehensive database of financial data. They
collected 99.9% accurate historical data for EUR/USD,
GBP/USD, and EUR/GBP from 2018 to 2021. This
included open, close, high, and low prices for each
currency pair, excluding timestamps (CET time), to
support the algorithm

The dataset has been classified into two sets: for training
and for testing and validation. Training and validation
simulations were conducted annually, as follows:

75% of the dataset was employed by training the model,
whereas twenty-five percent was set aside for validation
and testing. Both sets were analyzed to ensure equal
representation of patterns (LONG, SHORT, INVALID)
to prevent overfitting in the deep learning system.
Organized financial data is used as input for the
preprocessing framework described in this section, and
its output is processed by the subsequent deep learning
component.

Table 2 Data pre-processing
AUDUSD N/A N/A 0.00345 0.53%
EURUSD N/A N/A 0.01184 1.10%
GBPUSD N/A N/A 0.01384 1.10%
NZDUSD N/A N/A -0.0024 -0.39%
USDCAD N/A N/A 0.00768 0.57%
USDCHF N/A N/A 0.00251 0.29%
USDJPY N/A N/A -0.853 -0.57%
EURCHF N/A N/A 0.01313 1.39%
EURGBP N/A N/A -0.00148 -0.17%

EURJPY N/A N/A 0.823 0.51%
GBPJPY N/A N/A 0.951 0.50%
GBPCAD N/A N/A 0.02861 1.69%

CHFJPY N/A N/A -1.796 -1.05%
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CADCHF N/A N/A -0.00081 -0.12%
NZDCAD N/A N/A 0.00021 0.03%
CADJPY N/A N/A -1.227 -1.10%
AUDJPY N/A N/A -0.058 -0.06%
EURCAD N/A N/A 0.02466 1.70%
EURAUD N/A N/A 0.00755 0.46%
EURNZD N/A N/A 0.02615 1.48%
GBPCHF N/A N/A 0.01611 1.45%
GBPAUD N/A N/A 0.00925 0.48%
GBPNZD N/A N/A 0.0299 1.45%
NZDCHF N/A N/A 5.0E-5 0.01%
NZDJPY N/A N/A -0.953 -1.04%
AUDCAD N/A N/A 0.01047 1.19%
AUDCHF N/A N/A 0.0065 1.13%
AUDNZD N/A N/A 0.00993 0.93%
USDSGD N/A N/A -0.00889 -0.66%
USDCNH N/A N/A -0.01173 -0.16%
USDHKD N/A N/A 0.00352 0.05%
USDDKK N/A N/A -0.0716 -1.03%
USDNOK N/A N/A 0.08572 0.81%
USDSEK N/A N/A -0.0922 -0.88%
USDPLN N/A N/A -0.0922 -2.29%
EURPLN N/A N/A -0.05193 -1.20%
USDCZK N/A N/A -0.4416 -1.88%
USDTRY N/A N/A 1.31109 4.27%
USDHUF N/A N/A -0.5 -0.14%
USDZAR N/A N/A -0.2017 -1.06%
USDMXN N/A N/A -0.3342 -1.96%
EURZAR N/A N/A 0.0169 0.08%
USDRUB N/A N/A 0.0967 0.10%
EURRUB N/A N/A N/A N/A
USDILS N/A N/A 0.0504 1.39%
GBPTRY N/A N/A 2.04867 5.28%
EURSGD N/A N/A 0.00789 0.54%
EURHKD N/A N/A 0.08636 1.03%
EURTRY N/A N/A 1.74432 5.25%
GBPNOK N/A N/A 0.25732 1.94%
GBPDKK N/A N/A -0.00761 -0.09%
NZDSGD N/A N/A -0.0084 -1.02%
GBPSGD N/A N/A 0.00716 0.42%

GBPSEK N/A N/A 0.0205 0.16%
GBPZAR N/A N/A 0.012 0.05%
EURMXN N/A N/A -0.1662 -0.91%

USDKRW N/A N/A 244 1.89%

Deep Learning Block:

This section provides forecasts for the short- and
medium-term performance of the EUR/USD currency
pair, focusing on Long Short-Term Memory (LSTM)
networks. These networks are a kind of Recurrent
Neural Network (RNN) that efficiently seize long-term
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dependencies. Each LSTM cell has three data ports—
input, memory, and output—with a sigmoid activation
function (o) for processing. A tanh activation transforms
the cell state and input. The cell retains values over time,
while gates manage the flow of data in and out.

The mathematical model that describes the dynamics of
asingle LSTM cell is “Eq. (4)™:

fe = O'(Wf[ht—l.xt] + bf)- ir = oc(Wi[he—y x¢] + by).
Ct = tanh(We[he—1x¢] + bo). Cp = fr* Cpoq + i * C}
y 0 = o(W,[he—y x] + bo). hy = 0p * tanh(Cy), (4)

Wi, Wi, W¢, Wo present the LSTM weights

b, bi, bc, bo denote the biases used for cells

] Ct denotes the state of the cell

In the LSTM network's data processing stage, input data
from selected currencies is processed using specific
equations to calculate the triangular spread. The network
retains relevant information  while discarding
unnecessary data through a forget gate.

We used the LSTM architecture to classify input signals
and aggregated data. Our deep learning model includes
LSTM, fully linked layers, a classifier, and a SoftMax
layer. The classifier assigns outputs to classes based on
SoftMax probabilities and calculates loss and
performance metrics.

Our model uses LSTM cells to process financial time
series data, effectively classifying features via the
classifier and SoftMax layer. It excels at feature
extraction from LSTM, convolutional neural networks,
and autoencoders, demonstrating strong detection
capabilities.

The deep architecture that is proposed includes these
components:

Input Layer:

LSTM layer (HiddenCelINumber);

LSTM layer (HiddenCelINumber);

Fully connected layer (NumberClasses)

Soft Max Layer:

Classification Layer:

In the developed model, the HiddenCelINumber variable
representing the number of cells for each LSTM layer is
368, whereas NumberClasses is 3, i.e. (0): indicates a
short process. (1) Shows the long trend. (2) No trend,
because the currency is in a trading range, which is
usually stated in financial terms to illustrate that a
financial instrument does not present a clear trend.

In our model, each currency pair's input time series is
segmented using a specific length as the input sequence
for the deep learning model. Subsequent quotes form an
input sequence to identify the economic trend of the
target currency. In this case, we use 100 candles per
input currency, representing one segment of the financial
time series.

We are focusing on high-frequency trading (HFT)
algorithms with 15-minute, 1-hour, and 4-hour time
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https://www.litefinance.org/fa/trading/trading-instruments/currency/usdnok/
https://www.litefinance.org/fa/trading/trading-instruments/currency/usdsek/
https://www.litefinance.org/fa/trading/trading-instruments/currency/usdpln/
https://www.litefinance.org/fa/trading/trading-instruments/currency/eurpln/
https://www.litefinance.org/fa/trading/trading-instruments/currency/usdczk/
https://www.litefinance.org/fa/trading/trading-instruments/currency/usdtry/
https://www.litefinance.org/fa/trading/trading-instruments/currency/usdhuf/
https://www.litefinance.org/fa/trading/trading-instruments/currency/usdzar/
https://www.litefinance.org/fa/trading/trading-instruments/currency/usdmxn/
https://www.litefinance.org/fa/trading/trading-instruments/currency/eurzar/
https://www.litefinance.org/fa/trading/trading-instruments/currency/usdrub/
https://www.litefinance.org/fa/trading/trading-instruments/currency/eurrub/
https://www.litefinance.org/fa/trading/trading-instruments/currency/usdils/
https://www.litefinance.org/fa/trading/trading-instruments/currency/gbptry/
https://www.litefinance.org/fa/trading/trading-instruments/currency/eursgd/
https://www.litefinance.org/fa/trading/trading-instruments/currency/eurhkd/
https://www.litefinance.org/fa/trading/trading-instruments/currency/eurtry/
https://www.litefinance.org/fa/trading/trading-instruments/currency/gbpnok/
https://www.litefinance.org/fa/trading/trading-instruments/currency/gbpdkk/
https://www.litefinance.org/fa/trading/trading-instruments/currency/nzdsgd/
https://www.litefinance.org/fa/trading/trading-instruments/currency/gbpsgd/
https://www.litefinance.org/fa/trading/trading-instruments/currency/gbpsek/
https://www.litefinance.org/fa/trading/trading-instruments/currency/gbpzar/
https://www.litefinance.org/fa/trading/trading-instruments/currency/eurmxn/
https://www.litefinance.org/fa/trading/trading-instruments/currency/usdkrw/
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frames. Our analysis will use the closing prices for the
EUR/USD currency pair, along with triangle arbitrage
involving EUR/GBP, GBP/USD, and EUR/USD.

To make predictions, our deep learning system processes
100 closing price quotes for the mentioned currencies
and generates an estimate for the trend of the next 100
quotes against the selected currency. This predictive
estimate is used for trading, for instance, in the case of
EUR/USD.

RL Correction Block:

This block aims to correct and verify the currency trends
identified in the previous deep learning block. As shown
by tests, the prior block's performance is consistent. For
instance, when analyzing 2 million data points from
2021, its accuracy in predicting the EUR/USD trend
averages 75%. The validation curve is in “Fig. 2”.

Fig.2  Learning accuracy/VaIidity of previous deep
learning Block.

In this section, we aim to verify and correct the currency
trends from the previous deep learning block, which has
shown consistent performance. An analysis of 2 million
instances from 2021 indicates that the block predicts the
EUR/USD trend with an average accuracy of 75%
during training, as shown in “Fig.2”. To enhance this

process, the algorithm now includes an excessive
learning layer utilizing unsupervised deep learning and
RL methods.

This section outlines the RL (Reinforcement Learning)
algorithm in “Fig. 3”, which uses two matrices: WKkin (X,
y) for input synaptic weights and Wout (x, y) for output
weights. Our study suggests a 900-cell RL motor map in
a 30x30 grid, with initially randomly populated rows.
Input weights might have real values, while output
weights, Wout (xk, yk), can only be 0, 1, or 2,
representing a short trend, long trend, and trading range,
respectively.

RL Motor Map Neural Network

Cross Currency Time-serles

Trond RL Predicted Trend

Processing
Wout(x,y) update process Block
Win{y,y) update process
DeepLearning
ok Predicted Trend
FOREX Market Actual Trend Reward Block

Fig.3  Developed RL Block for correcting the expected
trend made by the deep learning Block.

The learning process analyzes time series data for three
currencies: GBP/USD, EUR/GBP, and EUR/USD. The
normalized closing prices serve as input for the
reinforcement learning (RL) engine. Each neuron in the
input layer computes the distance between synaptic
weights based on the EUR/USD forecast, resulting in a
30 x 30 distance matrix for the RL engine map: “Eq (5):

EUR

GBP

dix.y) = |X¥_, (Wi’;(x. y) — pé’SD(TK)> + YN, (Wi’,‘l(x.y) - pé’”(tk)) +Vvx.y =1..30; N = 100 +

o (w" (x.y) — pS®? (m))

By using Equation (4) to obtain the distance matrix \(
K(x, y) V), we identify the neuron that is closest to the
input point. This selection is based on the Euclidean
distance of the synaptic weights. In Poole's time series,
we show the correlation between the neuron with the
minimum distance \( K(x, y) \) and the coordinates
\((xmin, ymin)\).

Let’s look at the position (xmin, ymin) in the RL motor
map's output layer. This position produces a specific
syntactic weight value that reflects the expected trend for

(®)

the next 100 closing price quotes of the EUR/USD
currency, allowing us to achieve practical results.

0 SHORT Trend
1LONG Trend (6)
2TRADING range

Wout KXmin- Ymin) =

At this stage, the RL system evaluates the system state,
including  Ytmin, Xtmin, DT(Xtmin, Ytmin),
Wtin(xtmin, ytmin), pEUR/USDc(tk), wtout(xtmin,



ytmin), pEURIpEURIUS GBPc(tk), and pGBP/currency
D.

The weights of the winning neuron at \((xtmin, ytmin)\)
are adjusted to align the given currency with patterns of
transition time segments. This training of the
reinforcement learning engine helps it identify financial
dynamics and corrects predictions from the previous
deep learning block based on input data, (“Table 3”).

Table 3 Calculation of profit-loss
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Our tests also covered 15-minute, 1-hour, and 4-hour
forecasts of the directional movement of the EUR/USD
currency pair.

We provide the total number of transactions for each
test, along with accuracy results based on executed
trades. The enhanced forecasting system integrates a
deep learning module and a reinforcement learning (RL)
framework, achieving an average trend forecasting
accuracy of about 85%. “Table 5” displays validation
results for the trend prediction line in “Fig. 37,

Pred Pred (dec) Pred (inc) comparing outcomes with and without the RL-based
(no_act) trend corrections.
True i False_dec_noa | False_inc_noa
(no_act) ct ct Table 5 Accuracy of trend forecasting performance for \\
True (dec) - True_dec False_inc_dec EUR / USD currencies
True (inc) - False_dec_inc True_inc Deep learning Deep learning
Fiscal year prediction prediction Block + RL
First 15 ] - Block trend correction
S~ First 1 hour first 4 hours 2018 79.17 % 86.15 %
True 2019 67.12 % 85.29 %
(no_act) 39 68.31 79.42 2020 7416 % 88.10 %
True (dec) 64.24 63.91 68.58 2021 75.41 % 85.65 %

By application of the labeling algorithm, a balanced
distribution of three classes was achieved in the dataset.
Labeling algorithm computes threshold values for time
periods, leading to varying class distributions. “Table 4”
shows the thresholds and the equivalent data points for
each class in both the training and test sets.

Our models predict whether there will be an "increase"
or "decrease" in the next 15 minutes, 1 hour, or 4 hours.
When a prediction is made, a transaction occurs at the
end of the test day for that time frame. If there’s no
prediction, no transaction happens. A successful trade
results in a profit if the prediction is accurate.

Table 4 Statistics of data sets (training and test sets)

Threshold #Of. # of . f# of
no_action | decrease | increase
412 400
e | 002 | b | G2 | %,
78) 73)
413 414
atl 385
, 0.0040 (317- (357-
o'clock 96) 57) (295-90)
400 422 388
4 hours 0.0055 (311- (370- (287-
89) 52) 101)

Test on real data:

When analyzing time series data, the main objective is
to predict the upcoming value. It's also feasible to
forecast multiple future points by specifying the desired
number of forecasts. However, during testing, the
model's accuracy often diminishes with longer intervals.
In 2017, Zhang et al. utilized a comparable model for
predicting stock prices.

It's evident from testing the proposed EUR/USD
forecasting channel over several years that the trend
prediction system built upon deep learning has lower
accuracy compared to the modified RL line system.

Forex Trend Forecasting Program: HFT Network
Trading System:

In previous chapters, we discussed predicting medium-
term currency trends using triangular arbitrage and
integrating deep learning and reinforcement learning.
Now, it's crucial to develop a trading strategy based on
these predictions. The system buys during forecasted
LONG trends and sells during SHORT trends. An
algorithm prevents opening positions too close together
during portfolio fluctuations and aims to close existing
positions during declines. The system does not enter
trades when forecasts indicate a trading range. This trend
prediction method has proven effective, especially for
trading the EUR/USD crossover.

We tested our trading strategy using multi-currency data
for GBP/USD, EUR/GBP, and EUR/USD from 2018 to
2021, achieving 99.9% accuracy. The simulations were
conducted on an AMD Ryzen 16-core server with an
Nvidia RTX 2080 Ti GPU and the full MATLAB
toolbox. Our trading account started with USD, using a
bid/ask size of 2 pips, a capital ratio of 1:400, and a
specific LOT size for each FX trade.

The proposed method has been validated from 2018 to
2021 through experiments involving different daily
market average windows. “Table 6” compares our
method with similar ones in the literature, using the same
forex currency for each comparison.
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Table 6 Commercial performance analysis of the presented

line
FX
Method Currency ?O/?)I '(\L;)[))
Cross

Grid trading system EUR/USD | 95.18 12.25

Trading system EUR/USD | 62.79 23

Threshold (0.025%) — | £ )p/y5p | 96542 | 52.14

Strategy

Threshold (0.075%) — | ¢ yp/ysp | 65.145 | 8.90
Strategy
Proposed EUR/USD | 98.23 15.97

The proposed High-Frequency Trading (HFT) method
outperforms previous approaches by generating better
returns and reducing loss-making operations. It operates
on a 3-minute timeframe, executing 50 to 100 trades
daily on the EUR/USD pair under favourable conditions.
Analysis of “Table 6” reveals significant advantages in
Return on Investment (ROI) compared to earlier
versions and other methods. This HFT strategy has been
effectively implemented in the currency market, offering
valuable insights into performance when combined with
average maximum drawdown (MD) data.

The ROI increased despite a slight decrease in
comparison to the previous channel, justifying the small
loss. The proposed algorithm's ROI is significantly
lower than the suggested method, even with the same
rate of return on invested capital. The method in the
literature requires substantial capital investment under
various conditions. Therefore, the decrease in Table 6
indicates that the designed profit return method
outperforms the previously reported results by the
authors in the EUR/USD crossover in the United States.
“Table 7 also presents information about the changes in
ROI and MD values over the test period of the proposed
line.

Table 7 Planned line Business Performance Analysis Fan:

versions, the method remains strong in forecasting
trends, enabling better financial assessments and the
development of trading strategies for a diverse portfolio
to maximize gains and minimize losses.

We're adapting LSTM architectures and reinforcement
learning frameworks for the STM32 architecture with
integrated Cortex cores. Our goal is to create a portable
financial platform, enabling users to monitor stocks,
forecast financial trends, and conduct transactions using
their mobile phones anytime and anywhere.

Time results of three forms: 15 minutes, 1 hour and 4
hours

Forecast for the next 15 minutes (“Table 8”):

Table 8 ME model: summary of the results of the next 15

minutes
Iterations=50 4753 248/248
Iterations=100 56.00 45/248
Iterations=150 49.36 248/248
Iterations=200 65.25 59/248
Average 51.72 150.50/248

Technical model results (“Table 97):

Table 9 TI model: summary of the results of the next 15

minutes
Iterations=50 52.28 190/248
Iterations=100 51.93 162/248
Iterations=150 54.11 179/248
Iterations=200 54.48 89/248
Average 52.19 158.24/248

Technical and fundamental results, (“Table 107):

Table 10 ME_TI model: summary of the results of a future

Dynamic ROI / MD day
FX'| ROI MD | ROI MD Iterations=50 48.62 235/248
Year(s) Currency Min Min | Max | Max -
Cross (%) (%) (%) (%) Iterations=100 56.40 142/248
2018.2022 | EUR/USD | 62.79 8.90 | 98.23 | 52.14 Iterations=150 47.65 189/248
Iterations=200 63.54 65/248
In “Table 77, it is evident that the ROI remains almost A 412 158.12/248
unchanged within the validation sessions, while the verage : :

capital utilization undergoes significant changes. It
reaches maximum values to compensate for short-term
losses caused by incorrect forecasting trends (e.g., MD
index).

The data in “Table 6” confirms the effectiveness of the
presented technique in anticipating medium-term trends
using high-frequency trading (HFT) algorithms. Despite
a slight decrease in performance compared to earlier

Hybrid Model Results:

“Table 11” presents the number of transactions for each
case and profit accuracy values in the model. In certain
experiments with 200 iterations, our model produced
very few transactions for both upward and downward
predictions, with an average of 64.75 total predictions.
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Iterations=200 85.71 10/248
Hybrid model- Hybrid model- Average 53.84 158.50/248
Iterations modification based modification based
Profitfn ME—# of Profit_(;: T T of Results of hybrid model, (“Table 15”):
ME | Tl a;:/c(lé/:)a;c tranrs;zctlo C‘gﬂf;;y tr?gzict Table 15 The combined model: forecasts for the next 1 hour
50 | 50 | 70.80 | 137/248 | 7080 | 137/248 profi_ | #0of | ooit ace | #Of
ME TI accura | transacti = transacti
50 | 100 | 7350 | 117/248 | 7436 | 117/248 oy ) | ons | WY ) | o

50 | 150 | 69.60 | 125/248 77.60 | 125/248 50 | 50 | 58.39 | 137/248 57.66 137/248
50 | 200 81.63 52/248 82.35 52/248 50 100 | 58.71 | 155/248 56.13 155/248
100 | 50 78.13 32/248 65.63 32/248 50 150 | 61.60 | 125/248 61.60 125/248

100 | 100 69.23 26/248 65.38 26/248 50 | 200 | 94.74 21/248 95.00 21/248

100 | 150 70.59 34/248 70.59 34/248 100 | 50 76.06 71/248 71.83 71/248

100 | 200 73.17 46/248 75.00 46/248 100 | 100 | 69.41 85/248 70.59 85/248

150 | 50 76.56 128/248 78.13 128/248 100 | 150 | 79.37 63/248 80.95 63/248

150 | 100 72.64 106/248 78.30 106/248 100 | 200 | 100.00 2/248 100.00 2/248

150 | 150 73.17 123/248 80.49 123/248 150 | 50 67.44 86/248 70.93 86/248
150 | 200 | 100.00 8/248 100.00 8/248 150 | 100 | 70.80 | 113/248 74.34 113/248

200 | 50 80.00 20/248 76.47 20/248 150 | 150 | 69.79 96/248 73.96 96/248

200 | 100 80.77 28/248 80.77 28/248 150 | 200 | 95.00 43/248 95.00 43/248

200 | 150 84.00 26/248 82.61 26/248 200 | 50 77.78 9/248 75.00 9/248

200 | 200 83.33 28/248 85.71 28/248 200 | 100 | 84.62 13/248 84.62 13/248

Average 77.32 64.785/24 77.76 64;1785/2 200 | 150 | 100.00 9/248 100.00 9/248

200 | 200 | 100.00 | 14/248 100.00 14/248

Forecast for the next 1 hour: Average 78.98 65':83/ 2 79.23 654183/2

Results of fundamental model (“Table 12”):

Table 12 ME model: summary of the results of the next 1

hour
Iterations=50 57.44 242/248
Iterations=100 54.40 182/248
Iterations=150 39.83 236/248
Iterations=200 53.57 38/248
Average 51.31 174.50/248

Results of the technical model, (“Table 13”):

Table 13 TI model: Summary of the results of the next 1 hour

Iterations=50 43.31 157/248
Iterations=100 47.78 180/248
Iterations=150 51.37 146/248
Iterations=200 51.85 103/248

Average 48.58 146.50/248

Technical and macroeconomic model results, (“Table

14”):
Table 14 ME_TI model: summary of the results for the next
1 hour
Iterations=50 43.16 234/248
Iterations=100 43.81 226/248
Iterations=150 42.68 164/248

Forecast for the next 4 hours:
Results of macroeconomic model, (“Table 16):

Table 16 ME model: summary of the results of the next 4

hours
| Iterations=50 43.40 235/242 |
Iterations=100 47.11 242/242
Iterations=150 44,74 228/242
Iterations=200 54.00 120/242
Average 47.31 206.25/242

Technical model results, (“Table 177):

Table 17 Tl model: summary of the results of the next 4

hours
Iterations=50 48.13 187/242
Iterations=100 41.48 176/242
Iterations=150 45.73 164/242
Iterations=200 64.18 79/242
Average 49.88 151.50/242

Technical and macroeconomic model results, (“Table

187):
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Table 18 ME_TI model: summary of the results for the next Table 20 Statistics of extensive datasets (training and testing

4 hours sets)
lterations=50 44.44 81/242 # of # of # of
._ Threshold . increa
Iterations=100 42.72 206/242 no_action | decrease s
Iterations=150 46.51 172/242 - 515 507
—— 15 minutes 0.0022 497 (438- (464 (465
Iterations=200 61.25 96/242 ahead 59) 51) 42)
Average 48.73 138.75/242 527 483
An hour 0.0040 507 (451- (476 (438
ahead 56) 51) 45)
Hybrid model results, (“Table 197): 530 80
4 hours 503 (448-
_ 0.0054 (483 | (432-
Table 19 The combined model: forecasts for the next 4 hours ahead 55) 49) 48)
Hybrid model- Hybrid model-
Iterations modification based modification The dataset was split into 10% for testing and 90% for
on ME_ based on Tl . -
: : training. The prediction results for all three forms of the
Profit f Profit f . -
accu #of accu #of proposed hybrid model, according to the developed data,
ME Tl _racy transaction _raCy transactio are reported beIOW
(%) S (%) ns Forecast 15 minutes, (“Table 217):
77.14 105/242 | 77.14 105/242 . .
50 50 05/ 05/ Table 21 Combined model (on extended data set): 15 min
50 100 | 82.98 94/242 | 76.60 94/242 forecasts
Hybrid model- Hybrid model-
50 150 | 78.49 93242 | 80.65 931242 Iterations modification based | modification based
50 200 | 88.57 36/242 87.88 36/242 on ME_ onTl_
Profit_ # of Profit_ # of
100 | 50 | 7946 | 112242 | 8214 | 112/242 ME T accurac | transactio | accurac | transacti
100 | 100 | 80.81 99/242 | 79.80 99/242 y (%) ns y (%) ons
100 | 150 | 77.66 |  94/242 | 81.91 | 94242 50| 50| 5542| 83152 5301 83152
50 100 59.38 96/152 61.46 96/152
100 | 200 | 1000 o242 | 1000 942
0 0 50 150 74.63 67/152 76.12 67/152
150 50 | 78.30 106/242 | 77.36 106/242 50 200 81.82 52/152 81.82 52/152
150 100 | 82.98 94/242 | 75.53 94/242 100 50 64.18 67/152 67.16 67/152
150 150 | 79.78 89/242 | 80.90 89/242 100 100 59.49 79/152 65.82 79/152
150 200 | Nan 0/242 Nan 0/242 100 150 66.04 53/152 73.58 | 53/152
200 | 100 | 8636 |  44/242 | 86.05 | 44242 15| 50| 6047| 86/152| S581 ) B86/152
150 100 57.73 97/152 61.86 97/152
200 150 | 90.00 40/242 | 87.88 40/242
150 150 69.12 68/152 75.00 68/152
200 200 | 86.00 51/242 | 85.11 51/242
03174 150 200 84.13 75/152 84.38 75/152
Average | 84.08 | 69.31/242 | 83.44 T 200 50 83.08 71/152 81.36 | 71/152
200 100 79.31 67/152 79.66 67/152
Validation: 200 | 150 | 7931 | 64/152 | 7818 | 64/152
To validate our findings, we expanded our dataset to 200 200 85.45 62/152 85.19 | 62/152
include a recent case, resulting in 1,687 data points with 73.19/15 73.19/1
785 increases and 845 decreases. We used a labeling Average 7093 2 7219 52

algorithm to ensure a balanced distribution across three

classes. The dataset statistics are given in “Table 20”. Forecast 1 hour, (“Table 22”) and 4 hours forecast,

(“Table 23):



Table 22 Combined model (on extended dataset): 1-hour

forecasts
Hybrid model- Hybrid model-
Iterations modification based modification based on
on ME_ Tl
Profit_ # of Profit_ # of
ME | TI accuracy | transactio | accurac transactions
(%) ns y (%)

50 50 60.71 56/152 57.14 56/152

50 | 100 71.43 42/152 66.67 42/152

50 | 150 51.79 56/152 58.93 56/152

50 | 200 100.00 2/152 100.00 2/152

100 | 50 63.86 83/152 53.01 83/152

100 | 100 73.02 63/152 61.90 63/152

100 | 150 58.11 74/152 58.11 74/152

100 | 200 86.67 55/152 88.68 55/152

150 | 50 82.00 50/152 74.00 50/152

150 | 100 65.00 40/152 67.50 40/152

150 | 150 62.50 48/152 64.58 48/152

150 | 200 81.25 37/152 82.35 37/152

200 | 50 88.89 10/152 88.89 10/152

200 | 100 83.33 6/152 83.33 6/152

200 | 150 57.14 8/152 62.50 8/152

200 | 200 62.50 8/152 57.14 8/152
Average 71.76 39'828/15 70.30 39.88/152

Table 23 Combined model (on the extended dataset): 4-hour
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6 CONCLUSIONS

The proposed hybrid model underwent testing with
recent datasets. The test results were consistent with
previous findings, presenting just a slight decline in
accuracy gains. This work shows that it is possible to use
technical and macroeconomic indexes separately or
together for training LSTM models for predicting
currency pair movements in Forex. Processing these
indicators with separate LSTMs and integrating the
results through intelligent decision logic enhances
prediction accuracy. A third category was added to
capture small price changes between consecutive days,
improving accuracy in direction prediction. The study
introduces a method for defining the unchanged class
threshold. LSTM networks were trained for predicting
the next day's value and values of k days onward,
although they slightly decreased accuracy when
predicting three periods. The research also shows that
increasing training iterations boosts accuracy, along
with reducing the transaction numbers, which
consequently lowers potential profit and risk. Future
research will extend this approach to include additional
currency pairs like EUR/GBP, GBP/USD, and others.
We propose developing a trading simulator to validate
the model and observe its real-time behaviour, while
addressing key trading issues such as account
management and leverage ratios. Additionally, we plan
to explore the use of deep learning methods for

forecasts structuring financial portfolios with diverse instruments,
Hybrid model- Hybrid model- allowing a reinforcement learning agent to optimize
Iterations modification based modification based allocations to minimize risk and maximize profits.
on ME_ onTIl_
Profit_ # of Profit_ # of
ME | TI | accuracy | transactio | accurac | transaction
(%) ns v (%) s REFERENCES

50 50 79.66 59/152 71.19 59/152

50 | 100 67.21 61/152 67.21 61/152

50 | 150 68.85 61/152 60.66 61/152

50 | 200 75.34 84/152 72.73 84/152

100 | 50 77.61 67/152 73.13 67/152

100 | 100 62.86 70/152 61.43 70/152

100 | 150 67.14 70/152 62.86 70/152

100 | 200 75.00 77/152 71.88 77/152

150 | 50 79.69 64/152 75.00 64/152

150 | 100 69.12 68/152 67.65 68/152

150 | 150 63.77 69/152 59.42 69/152

150 | 200 75.68 84/152 72.73 84/152

200 | 50 71.64 71/152 72.46 71/152

200 | 100 66.67 84/152 66.22 84/152

200 | 150 67.61 81/152 68.06 81/152

200 | 200 72.06 75/152 69.35 75/152

Average 71.24 71.56/15 68.25 71.56/152
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