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Abstract

High-frequency trading in the foreign exchange market presents unique challenges,

requiring sophisticated techniques to address its complexities. This thesis investi-

gates the application of deep reinforcement learning to algorithmically trade high-

frequency currency data. Traditional trading algorithms typically use fixed interval

sampling in both manual and automated trading strategies. While effective for less

noisy price movements and longer trade durations, this approach can miss signif-

icant price shifts in high-frequency scenarios which limits profitability. To over-

come these limitations, this thesis employs the directional change (DC) sampling

paradigm, which captures significant price movements more effectively. By com-

bining DC sampled data and deep reinforcement learning to train trading agents,

the research explores whether this approach outperforms traditional fixed interval

methods when trading at high frequencies. The initial investigation develops the

Filtered Deep Reinforcement Learning (FDRL) trading framework, using deep re-

inforcement learning to create semi-autonomous trading agents. Results show that

FDRL is effective at fixed transaction costs but requires rule-based interventions to

manage trades. To enhance autonomy, the Positionally Aware Deep Reinforcement

Learning (PADRL) framework is introduced, incorporating real-time positional

awareness to eliminate the need for rule-based filters, further improving perfor-

mance. The final contribution of the Spread Aware Deep Reinforcement Learning

(SADRL) framework, refines the PADRL approach by using the bid-ask spread as

opposed to fixed transaction costs, making the strategy more realistic and applica-

ble to real trading environments. Each algorithm iteration demonstrates improved
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performance over traditional benchmarks like buy-and-hold and technical analysis.

Financial metrics including Total Return, Maximum Drawdown and Calmar Ra-

tio validate the superior performance of these deep reinforcement learning-based

strategies, demonstrating their potential for advancing high-frequency trading in

the foreign exchange market.
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Chapter 1

Introduction

The foreign exchange (FX) market operates as a decentralised and continuously

active global marketplace for the exchange of currencies. The market opens at

10pm GMT on Sunday at the start of the Australian session and closes at 10pm

GMT on Friday at the end of the US session. In 2019 it was estimated that the

currency market hit a total value of 2.4 quadrillion and had a daily trading volume

of 6.6 trillion USD [1]. As well as the general necessity to exchange currencies to

purchase goods and services in native currencies, the potential for financial gain

is an attraction for many traders and has catalysed the development of various

different trading strategies, designed to capitalise on the fluctuations in the value

of one currency against another, commonly referred to as a currency pair. The

strategies developed by traders rely on an understanding of the price behaviour

and market mechanics to anticipate future changes in price [2]. The ability to

accurately predict price changes is a fundamental component of profitable trad-

ing, but an accompanying strategy that makes use of price predictions is just as

important to translate accurate financial forecasting into actual returns.

Financial forecasting consists of two crucial elements: data curation and data

modelling. The curation process involves the extraction and computation of fi-

nancial indicators that numerically represent the movements of currency prices.

Effective forecasting models rely heavily on the quality of the data they are trained

on, so the effective curation of the data provides many benefits downstream. Once

1



Chapter 1. Introduction 2

a trader is in possession of a reliable forecasting model, they then have the choice

of developing a trading strategy. Trading strategies are employed to make trading

decisions based on the outputs of financial models that have been trained by the

curated data [3], they are often considered as a rule-based wrapper around the

forecasting model. The deep reinforcement learning techniques used in this thesis

take this a step further by integrating both the financial forecasting and trading

strategy into a single decision making agent. A financial forecasting model and an

algorithmic trading strategy, whether separate or together, form the foundations

of algorithmic trading frameworks. Algorithmic trading frameworks offer oppor-

tunities to refine both processes through advanced techniques, particularly when

working with high-frequency FX data.

High-frequency trading (HFT) is especially attractive due to the increased gran-

ularity of price movements observed over shorter time frames. This concept is of-

ten described through the metaphor of a “larger coastline”, where more frequent,

smaller changes in price create a longer and more detailed price curve, offering

traders a greater number of opportunities to capitalise on price changes. As a re-

sult, HFT presents significant profit potential. The increase in trading opportunity

does not come without added challenges though, noisier price signals necessitate

the use of sophisticated techniques to mitigate uncertainty and improve the accu-

racy of the trading decisions.

FX data, at its most fundamental level is composed of tick prices, these are

records of executed bid and ask prices over time for a specific currency pair. These

data points are irregularly spaced in time, which typically requires sampling before

any meaningful financial indicators can be extracted. Fixed interval sampling, the

most common approach, captures prices at regular time intervals, such as every

10 minutes for intra-day analysis. Non-linear and non-stationary characteristics of

FX data mean that fixed interval sampling can miss significant price movements

that occur between intervals [4]. To address these limitations, event-driven sam-

pling methods, such as directional changes (DC) sampling, offer a more dynamic
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alternative. DC sampling focuses on identifying key price movements by setting

a threshold (θ), representing a significant percentage change in the market price.

When price movements exceed this threshold, they are recorded as alternating up-

ward or downward changes, followed by an “overshoot” event, capturing the extent

to which the price continues in this direction after triggering a new sample [5].

The application of directional change sampling complements machine learning

(ML) techniques by enhancing the clarity and relevance of price movements, focus-

ing on events of meaningful magnitude rather than arbitrary time-based intervals.

In the context of ML-driven trading, clean and information-rich data is vital for the

successful application of these algorithms. Reinforcement learning (RL), a branch

of ML, frames the trading problem as one in which an agent interacts with an

environment, making decisions that impact future states while receiving rewards

based on the outcomes of its actions. Deep reinforcement learning (DRL), which

uses deep neural networks, extends this approach by enabling the agent to learn

more complex policies for navigating an environment [6, 7]. Through the integra-

tion of DC sampling and ML techniques, particularly RL and DRL, this work

aims to develop advanced high-frequency trading strategies capable of exploiting

the intricate dynamics of the FX market.

1.1 Motivation

The ability to accurately predict price movements in financial markets offers a

compelling financial incentive. This financial incentive attracts many participants

and as a result builds a complex dynamic system that often demonstrates pat-

terns that academic researchers and hedge funds alike have been trying to decode

for decades. A key challenge in algorithmic trading is finding effective strategies

that maximise profit while simultaneously keeping risk to a minimum. As advance-

ments in machine learning (ML) and, more specifically, deep learning continue at a

rapid pace, these techniques are being increasingly applied to a variety of domains,

including high-frequency trading (HFT). Recent breakthroughs in deep learning,
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particularly in the fields of natural language processing (NLP) and image genera-

tion, have demonstrated the ability of these methods to handle complex, sequential

data. Many parallels can be drawn between these datasets and the sequential and

interdependent nature of financial price data. Deep reinforcement learning has

therefore emerged as a powerful tool for training agents to take actions within an

environment that represented a market of buyers and sellers. Despite its growing

success in other fields, the application of DRL to HFT remains relatively under-

explored, with a limited body of literature addressing its potential in this space.

A key principle in machine learning is that the quality of a model’s output is

directly influenced by the quality of its input data. This principle is particularly

relevant in the context of high-frequency trading, where the data is inherently

noisy and often obscures the underlying trends. The noisy nature of HFT data

presents a unique challenge, and addressing this challenge is a central motivation

for this thesis. By applying the event-based sampling algorithm of directional

changes (DC) sampling, this work aims to investigate how these methods enhance

the performance of trading agents in HFT environments by bringing greater clarity

to the movements of price data. Unlike more conventional time-based sampling

methods, DC sampling focuses on significant price movements, which can pro-

vide machine learning models with cleaner and more meaningful data, ultimately

improving model performance.

This thesis explores the intersection of machine learning, specifically deep re-

inforcement learning and event-based sampling, using the directional change (DC)

approach to develop profitable trading systems on high frequency FX data. The

work seeks to demonstrate that deep reinforcement learning algorithms, when com-

bined with data prepared to maximise clarity, can be successfully applied to high-

frequency financial data. In doing so, this research contributes to the growing

understanding of how advanced machine learning techniques can be extended to

the fast-paced and volatile environment of high-frequency trading.
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1.2 Thesis Overview

This thesis is structured into seven chapters. This first chapter provides an intro-

duction to the thesis, laying the foundation for the topics and themes explored in

the subsequent chapters. Chapter 2 provides the fundamentals of financial fore-

casting, outlining the essential concepts and techniques upon which this research

was formulated. Chapter 3 outlines the essential background knowledge of the

machine learning techniques used in this thesis as well as reviewing the literature

relevant to this work. Chapters 4, 5 and 6 provide the contributions of this thesis to

the literature, detailing the development of the FDRL, PADRL and SADRL high-

frequency trading algorithms. Chapter 7 is the final chapter, in which the main

findings are summarised, conclusions are drawn and directions of future research

to further advance the work presented in this thesis are suggested.

1.3 Publications

The following publications listed below contain the peer reviewed content from

which this thesis was written:

• Preliminary work for the following thesis was conducted in [8].

• Chapter 4 is based on the content from [9] which includes the FDRL frame-

work.

• Chapter 5 is based on the content from [10] which includes the PADRL

framework.

• Chapter 6 forms the foundation for a journal paper currently under devel-

opment.



Chapter 2

Financial Forecasting

Fundamentals

This chapter establishes the theoretical framework that underpins the remainder of

this thesis by providing context for the research conducted. A ground up approach

is taken by first investigating the fundamental concepts of financial forecasting,

before moving onto the details of sampling paradigms. The sampling paradigms

discussed are centred around fixed interval and DC sampling, with other paradigms

also being referenced to give further context to both. Once the fundamentals of

financial forecasting and price sampling have been covered, the topic of technical

analysis is covered, providing the equations used to calculate both the fixed interval

and DC based indicators.

2.1 Financial Forecasting Concepts

Financial forecasting refers to the concept of predicting future financial outcomes

for a financial instrument using historical data [11]. The scope of this definition is

broad and could refer to anything from inflation rates [12,13] to stock prices [14,15]

to monthly personal spending [16,17]. In any case, the concept of using all available

and relevant information at a given moment in time to inform future predictions

about a financial variable remains the same. The particular variety of financial

6
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forecasting used in this thesis is specific to the financial markets and therefore

refers to the prediction of currency prices in relation to another currency over a

period of time.

Predicting currency prices is not a trivial task and often the first question raised

by academics is if it is even possible. This has always been quite a prominent

question within the literature, so much so that it has given rise to the concept of

the Efficient Market Hypothesis (EMH), introduced by Fama in 1970 [18]. The

Efficient Market Hypothesis states that ‘A market in which prices always “fully

reflect” available information is called “efficient”’. This hypothesis therefore claims

that, assuming symmetric information across all interested parties, the price would

always be a perfect representation of an asset at that point in time and any profit

made from the market would be short-lived and the result of guesswork. It has been

debated however how theoretical this hypothesis is as many have provided reasons

against it, namely imperfect information efficiency [19] and imperfect competition

[20], with other work suggesting the EMH is subject to certain conditions such as

specific time frames [21]. [22] investigates the history of the EMH and concludes

that it exists in many forms and to make such a definitive statement goes against

the very nature of economics, a social science full of nuance and edge cases. The

conclusion therefore gives rise to the existence of different gradings of the EMH,

commonly referred to in three denominations of the EMH [23]. The ‘Weak form

EMH’ [24] suggests that the price today reflects all past data and technical analysis

is therefore unhelpful to investors. The ‘Semi-strong form EMH’ [25] claims that

public information is already accounted for in the price of an asset, and therefore

technical and fundamental analysis of an asset provides no edge to the investor and

only insider information is effective for forecasting price movements. The ‘Strong

form EMH’ [26] states that all information is represented by the price of an asset

and no information would give an investor an advantage.

The random walk theory is a consequence of the EMH that claims that if

markets are always efficient then all price movements should follow a random
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walk [27]. If this theory were to be true, it would again render techniques like

technical analysis ineffective for building reliable trading strategies. However, as

investigated later in this chapter, several studies have demonstrated the value

of technical analysis in predicting market movements. Lo and MacKinlay [28]

for instance, provided compelling evidence that historical prices could be used to

forecast future profits, challenging the long-held belief in the random walk theory.

The goal therefore when building a trading strategy is to interpret information

in a way that an advantage over other traders can be obtained, this advantage

can then be translated into long term positive returns. One technique for gaining

this advantage is the use of machine learning, which has provided a means to

identify patterns in data considered invisible to humans. Before discussing the use

of machine learning in Section 3.3, sampling techniques and technical analysis are

first discussed in order to investigate how financial information is prepared before

it is used to identify patterns.

2.2 Sampling Algorithms

The following section outlines the differences between fixed interval sampling and

event-based sampling methods. Directional change sampling is the event-based

sampling method used in this thesis and is therefore analysed in more depth than

other available event-based methods. The purpose of this section is to demonstrate

the differences between fixed interval sampling and DC sampling with the intention

of providing the required background knowledge for all references to DC sampling

within the remainder of this thesis. The literature review of the applications of

DC sampling will be covered in Section 3.3 along with applications of machine

learning to trading.

Tick Data Before developing an understanding of price sampling, it must first

be understood that the raw data that is being sampled. Each transaction is rep-

resented as a set of an ask price, a bid price and a timestamp. The bid price
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Figure 2.1: Diagram of Bid and Ask Spread changing over time

is the highest price at which someone is willing to buy a financial asset and the

ask price is the lowest price at which someone is willing to sell a financial asset.

When a transaction occurs, the bid and ask prices are both recorded and the time

at which this transaction occurs is recorded. The recorded timestamp is usually

accurate down to a thousandth of a second, this gives an idea of how quickly these

transactions occur. The difference between the ask and the bid price is referred

to as the spread (see Figure 2.1). The spread represents the value gained by the

market maker for facilitating a trade, spread is a necessary requirement to the

trading process as it acts as a profit incentive for market makers. Market makers

hold the primary responsibility of sustaining liquidity within the market, as well

as providing traders with up-to-date prices and other information about the price.

Market makers are able to offer lower spreads in more liquid markets [29]. The

spread varies over time but is often a fraction of a price move, therefore traders

often average out the ask and bid price to give them a ‘mid-price’. The mid-price

(see Equation 2.1) is a useful abstraction of the bid and ask price as it creates a

univariate sequence of prices that represent the change in price over time.

Mid-Price =
(Ask Price + Bid Price)

2
(2.1)
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Each transaction is recorded and generates a tick, a set of ticks that have been

recorded over time produces an irregularly spaced and noisy set of prices. This

presents the requirement for sampling the data in order to create a more distinct

representation of past price movements, with the intention of gaining a clearer

understanding of the latent price behaviour. The ability to understand the price

behaviour of a particular financial instrument is key to successful price prediction.

The more successfully the price can be predicted, the more financial reward can

be obtained from trading activity within the market.

Fixed Interval Sampling When using fixed interval techniques to sample price

data, traders like to pick a certain fixed interval to trade at. Fixed interval sampling

periods can range from one second to one year and in some cases even longer.

This sampling algorithm works by identifying a sampling interval and a starting

timestamp, the algorithm then keeps track of the most recent tick price to be

posted until it is one interval away from the starting timestamp. The most recent

tick before the new interval is recorded as the price at that point in time, this

process then repeats as new prices are posted.

Fixed interval sampling is the most popular choice of sampling method as it

is simple and can be very effective. With the simplicity of this method however,

there are some drawbacks. Due to the nature of the fixed interval sampling method,

various significant price moves can go undetected. Since the algorithm is naively

sampling at a regular interval, if the price were to change drastically and then

return to a similar price level between two sampling points, that price move is

missed by the algorithm and not reflected in the resultant series of sampled prices.

This missed price movement constitutes a loss in potential profit for a trader using

fixed interval sampling as they are unaware of any price movement outside of the

sampled set of prices. Techniques used to counteract this issue will be covered in

the following Event-Based Sampling section.
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Event-Based Sampling The limitations of fixed interval sampling become es-

pecially evident in high-frequency trading (HFT) scenarios, where its rigid sam-

pling intervals can lead to substantial information loss. In such cases, the method’s

inability to capture the finer price dynamics can result in a distorted view of mar-

ket movements. Significant price changes that occur between the fixed sampling

points may go unnoticed, causing traders to miss critical opportunities. This can

be particularly detrimental in markets where price action is volatile, such as the

foreign exchange market, and split-second decisions can be the difference between

a profit and a loss. To address this issue, alternative sampling methods that focus

on event-driven sampling have gained traction. Techniques such as “Important

Points” [30], “Turning Points” [31], “Perceptually Important Points” [32] and the

“Zigzag” [33] model have been introduced to mitigate the issues inherent in fixed

interval sampling. These methods focus on capturing data only when meaningful

price events occur, thus retaining more relevant and actionable market informa-

tion.

One event-based approach that has attracted considerable academic interest is

the directional changes (DC) framework, first introduced by Guillaume et al. in

1997 [5]. This method differs fundamentally from fixed interval sampling by focus-

ing on the significant directional shifts in price, rather than arbitrary time-based

intervals. The DC framework has proven particularly effective in capturing mean-

ingful price movements, especially in high-frequency environments where market

behaviour is fast-paced and complex. Recent studies, such as [34–36], have further

validated the effectiveness of the DC approach in both predicting market regime

changes and enhancing trading strategies. By concentrating on price movements

that exceed a certain threshold, the DC method filters out noise and allows traders

to focus on the most significant changes in price. As a result, it has become a

valuable tool when preparing data for training machine learning models, offering

a more nuanced and information-rich approach to price data analysis compared to

the traditional fixed interval paradigms.
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Directional Change (DC) Sampling relies on identifying significant changes

in the market and using the occurrence of these changes to trigger a sampling

mechanism. This whole DC sampling process yields a contiguous set of ‘trends’.

Each trend consists of a directional change (DC) event and an overshoot (OS)

event. These two events can be defined by three points: the DC start point, DC

confirmation point (DCC), and the DC extreme point (DCE) as shown in Figure

2.2. The DC start point of one trend is the DCE point of the previous trend, hence

the contiguous nature of the set of trends. Each trend is classified as either an

upturn or a downturn. Upturns and downturns alternate throughout the course of

the data, and the sampling algorithm is initialised at the DCC point of an upturn

trend.

Once the DC sampling algorithm has been initialised at the DCC point of an

upturn trend, the OS phase of the first upturn event has been triggered. From

this point, any price data that is observed is in this OS phase unless the price

changes significantly enough to trigger the retroactive classification of a trend in

the opposite direction (i.e. a downturn). The significance of this price change

is determined by the DC threshold (θ). The DC threshold is the percentage by

which the price has to change in order to trigger an opposite trend and is selected

prior to sampling by the trader. The DC threshold is therefore often considered a

parameter of the trading algorithm that can be manipulated during optimisation.

Once the significant price change is observed, the highest price since the DCC

point of the previous trend is considered the DCE point of the previous trend and

the DC start point of this new downturn trend. Any price data observed since

that DC start point and the current triggering point is then considered price data

during the DC event of the downturn event. Since the DCC point of the opposite

trend has now been identified and noted, the current state now corresponds to the

OS portion of a downturn. This process then propagates forwards through the

data until there are no more new prices to sample. The pseudo-code for this DC

sampling process is defined in Algorithm 1.
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Algorithm 1 DC Sampling Algorithm

Initialisation: Initialise variables: event is Upturn event, ph = pl = p(t0), θ ≥
0, tdc0 = tdc1 = tos0 = tos1 = t0

1: if event is Upturn Event then
2: if p(t) ≤ ph × (1− θ) then
3: event ← Downturn Event
4: pl ← p(t) // Price at end time for a Downturn Event
5: tdc1 ← t // End time for a Downturn Event
6: tos0 ← t+ 1 // Start time for a Downward Overshoot Event
7: else if ph < p(t) then
8: ph ← p(t) // Price at start of a Downturn Event
9: tdc0 ← t // Start time for a Downturn Event

10: tos1 ← t− 1 // End time for an Upturn Overshoot Event
11: end if
12: else
13: if p(t) ≥ pl × (1 + θ) then
14: event ← Upturn Event
15: ph ← p(t) // Price at end time for an Upturn Event
16: tdc1 ← t // End time for an Upturn Event
17: tos0 ← t+ 1 // Start time for an Upturn Overshoot Event
18: else if pl > p(t) then
19: pl ← p(t) // Price at start of an Upturn Event
20: tdc0 ← t // Start time for an Upturn Event
21: tos1 ← t− 1 // End time for a Downturn Overshoot Event
22: end if
23: end if
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Figure 2.2: Directional Change Sampling Diagram of AUDUSD
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Figure 2.3: Fixed Sampling vs DC Sampling

The benefits of DC sampling are most apparent in the scenario shown in Figure

2.3. There are a number of occasions where there has been a significant move in

the underlying tick price that has been missed by the fixed interval sampling

approach. Of the six segments in both diagrams, the clearest example of the

benefit of DC sampling is at the end of the first segment, where there is a spike in

the price that is missed by fixed interval sampling but picked up by DC sampling

and registered as the extreme point of of the first upturn. By taking a step back

and observing the way the sample line follows the underlying price data as well, it

is clear how much more closely the DC sampling algorithm follows the data, with

all unsampled prices simply forming noise. The same however, cannot be said for

the fixed interval sampling.

Within the paradigm of directional changes (DC) sampling, numerous prop-

erties emerge that are often obscured under traditional fixed interval sampling

methodologies. These properties, referred to as “Scaling Laws” in the literature,

represent empirically derived relationships that capture consistent patterns in price

movements across a wide range of financial assets. The identification and formali-

sation of these scaling laws have played a crucial role in advancing the understand-

ing of financial market dynamics under the DC framework. By revealing patterns

that are otherwise hidden in time-based approaches, these scaling laws provide a

more nuanced and informative methodology through which price behaviour can
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be analysed and predicted.

The concept of scaling laws in the DC context was first empirically formalised

by [5], who used high-frequency data from thirteen major foreign exchange markets

to lay the foundations for the discovery of 12 distinct DC-based scaling laws in

[37]. These laws describe a variety of regularities in market behaviour, including

the proportional relationships between price movements in the OS move and the

DC move, as well as the frequency and magnitude of these movements. Of the

12 scaling laws formalised by [37] the scaling law stating that 2DC ≈ OS is

perhaps the most well recognised. After [37], [38] and [39] identified four and

five further scaling laws within the FX and stock markets respectively and more

recently [35] and [36] identified five more scaling laws. By systematically observing

these patterns, the authors have helped develop a foundational framework that has

since been extensively used in the development of DC-based trading strategies such

as in [40].

Directional Change (DC) sampling has also emerged as a promising approach

for developing effective trading strategies without relying on traditional machine

learning techniques. [41] uses the DC framework to categorise price fluctuations

into significant market events. This work introduces the Scale of Market Quakes

(SMQ) concept and offers a novel means of evaluating trading volatility and mar-

ket behaviour. [42] also implements as DC based trading strategy that achieves

promising profitability by leveraging the DC sampling framework. Their findings

further support the effectiveness of DC-based methodologies by introducing three

DC based strategies, each of which provides positive return on investment.

[43] demonstrated the potential of rule-based DC strategies, achieving fore-

casting accuracy greater than 80%. This concept was further developed through

various implementations, including the Dynamic Backlash Agent (DBA) strat-

egy [44], which showed high profitability potential with Alpha values over 10 in

FX markets, though bid-ask spreads significantly impacted returns under certain

conditions. [45] advanced the field by introducing a dynamic threshold method
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that adapts to market conditions based on previous price movements, proving

more effective at detecting significant market events compared to static thresh-

olds. [46] also develops a DC based approach, their evaluation of FX market data

demonstrates that strategies based on directional changes integrated with technical

analysis improve both efficiency and sustainability in high-frequency trading.

Further research introduced the TSFDC strategy in [47] which incorporated

a forecasting model to predict trend direction changes, demonstrating improved

performance compared to existing DC-based strategies across multiple currency

pairs. The Intelligent DBA (IDBA) strategy [48], which addressed the limitations

of the original DBA by incorporating order size and risk management compo-

nents, achieved approximately 30% annualised returns after accounting for bid-ask

spreads. The evolution of DC-based trading culminated in [49]’s comprehensive

approach, which combined intrinsic event-based time redefinition with agent-based

modelling principles, resulting in a scalable trading model that generates signifi-

cant profits.

2.3 Technical Analysis

Technical analysis is the application of statistical and visual patterns to historical

price data in order to gain insight on the future movement of the price of an asset

[50]. It is offered as an alternative or complementary approach to fundamental

analysis, a topic that is out of scope for this thesis. A key component of technical

analysis is the ability to visualise how price changes over time and using this to

identify patterns. The invention of the candlestick for representing price changes

(shown in figure 2.4) can be traced back to rice traders in 17th century Japan

but was introduced to the western world by Nison [51]. The candlestick patterns

outlined by Morris in [52] are examples of the structures multiple candlesticks

can take and how certain configurations can be used to signify the change in

direction of the market. The candlestick concept is applied in Chapter 6 on top

of the DC sampling mechanism to help the machine learning algorithm learn.
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Figure 2.4: Candlesticks Diagram

Candlesticks are particularly useful for human traders who prefer trading based

on visual patterns, but when making trading decisions it is useful to have statistical

metrics that also support trading decisions, technical indicators are used to do this.

Technical Indicators Technical indicators have shown to be an effective way

of improving the ability to predict the future movement of a price [53]. A series of

sampled prices provide the information from which more insight can be extracted

using technical indicators. Technical indicators are the result of statistical calcu-

lations based on the price of a financial instrument over a specific period of time.

They take different forms depending on which feature of the price change they are

trying to represent. The taxonomy applied in this thesis splits technical indicators

into the four categories of trend-following, momentum, volatility and oscillators.

Trend-following indicators are used to measure the strength and direction of a

trend, momentum indicators are used to identify the strength and speed of various

price moves, volatility indicators measure how erratic the price movements are

within a given market and finally, oscillators are used to suggest trend reversals

by identifying when a financial instrument is overbought or oversold.

Some of the most common technical indicators used include: Simple and Ex-

ponential Moving Averages, MACD (Moving Average Convergence Divergence),
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RSI (Relative Strength Index), Bollinger Bands and Stochastic Oscillators. These

can be calculated using the following equations.

Simple Moving Average The Simple Moving Average (SMA) calculates the

average price over a specific period of time but summing up the series of prices over

the specified period of time and dividing by the number of periods. By doing this

iteratively for every new price it gives traders a clearer view of market direction

and helps to filter out short-term noise.

SMA =
1

N

N∑
t=1

Xt (2.2)

where:

• N : period (the number of previous prices).

• Xt: price at time step t.

Exponential Moving Average The Exponential Moving Average (EMA), sim-

ilarly to the simple moving average, calculates the average price over a specific

period of time. The exponential moving average differs by giving more weight to

more recent prices. This helps traders view clearer market direction as well as

reacting more quickly to sharp changes in price, a limitation of the simple moving

average.

EMAt = α ·Xt + (1− α) · EMAt−1 (2.3)

where:

• α: smoothing factor, calculated as 2
1+N

whereN is the period of the indicator.

• Xt: price at time step t.

• EMAt−1: EMA value at the previous time step.
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Moving Average Convergence/Divergence The Moving Average Conver-

gence/Divergence (MACD) indicator is a momentum indicator that calculates the

difference between a short-term and a long-term EMA, with an mid-term EMA

used as a signal line to identify buy or sell opportunities. It is often used by

traders to spot trend direction, trend strength and potential reversals by analysing

crossovers and histogram momentum.

MACDt = EMAshort(Xt)− EMAlong(Xt) (2.4)

MACD Signal Linet = EMAsignal(MACDt) (2.5)

where:

• EMAshort(Xt): short-term Exponential Moving Average of the price Xt.

• EMAlong(Xt): long-term Exponential Moving Average of the price Xt.

• EMAsignal(MACDt): Exponential Moving Average of the MACD line, used

as the signal line.

Relative Strength Index The Relative Strength Index (RSI) is a momentum

oscillator that measures the speed and change of price movements on a scale of

0 to 100 over a given period to identify overbought or oversold conditions typ-

ically above 70 and below 30 respectively. It is often used by traders to assess

potential trend reversals, identify bullish or bearish divergences and confirm price

momentum strength.

RS =
Average Gain

Average Loss
(2.6)

RSI = 100− 100

1 +RS
(2.7)

where:
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• Average Gain: average of all the upward price movements (up closes) over

n periods.

• Average Loss: average of all the downward price movements (down closes)

over n periods.

Bollinger Bands Bollinger Bands consist of a middle band and two outer bands

set at two standard deviations above and below the middle band and are dynam-

ically adjusted based on market volatility. They are often used by traders to

identify overbought and oversold conditions, detect volatility contractions that

signal potential breakouts and confirm trends based on price movement relative to

the bands.

Upper Band = SMA+ (2× SD) (2.8)

Lower Band = SMA− (2× SD) (2.9)

where:

• SMA: Simple Moving Average of the price.

• SD: standard deviation of the price over the same period as the SMA.

Stochastic Oscillator The Stochastic Oscillator is a momentum indicator that

compares a price to the price range over a set period to identify overbought and

oversold conditions, typically greater than 80 and less than 20 respectively. This

is used by traders to detect potential trend reversals, measure price momentum

and confirm divergences between price action and the oscillator, which can signal

weakening trends.
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%K =
Closing Price− Lowest Low

Highest High− Lowest Low
× 100 (2.10)

%D = 3-day SMA of %K (2.11)

where:

• Closing Price: most recent closing price.

• Lowest Low: lowest price over the look-back period.

• Highest High: highest price over the look-back period.

• %D: 3-day Simple Moving Average (SMA) of %K.

Directional Change Indicators Technical indicators are most closely aligned

with fixed time interval sampling methods but the same concept can be applied

to data sampled under the DC paradigm. These indicators can also be tailored

to represent the clearer signals provided under this sampling method. The DC

specific indicators tend to use information gleaned from the scaling laws as this

can demonstrate the state of the market within the framework defined by the

scaling laws. The following includes the DC indicators used within this thesis.

TMV

TMV is the ratio of the whole price move to the DC threshold. The calculation

for this indicator is defined in Equation 2.12.

TMV =
|∆price|

θ
(2.12)

where:

• |∆price|: absolute price change

• θ: DC threshold
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OSV

OSV represents the percentage change between the current DCC price and the

previous DCC price, normalized by the DC threshold, as shown in Equation 2.13.

OSV =

(
DCCt−DCCt−1

DCCt−1

)
θ

(2.13)

where:

• DCCt: current DCC price

• DCCt−1: previous DCC price

• θ: DC threshold

RDC

RDC is the number of ticks observed over the course of a trend, adjusted by the

return of the trend, as shown in Equation 2.14.

RDC =
(TMV ∗ θ)
∆Trendt

(2.14)

where:

• TMV : Total Move Value

• θ: DC threshold

• ∆Trendt: change in the trend at time t

TDC

TDC is the number of ticks over the course of the trend, as shown in Equation 2.15.

TDC = ∆Trendno.ticks (2.15)

where:
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• ∆Trendno.ticks: change in the number of ticks during the trend

NDC

NDC is the number of ticks over the course of multiple trends, as shown in Equation

2.16.

NDC =
n∑

i=0

Trendno.ticksi (2.16)

where:

• Trendno.ticksi : number of ticks in trend i

• n: total number of trends considered

CDC

CDC is the sum of |TMV | over a certain number of trends, as shown in Equation

2.17.

CDC =
n∑

i=0

|TMV |i (2.17)

where:

• |TMV |i: absolute Total Move Value of trend i

• n: total number of trends considered

AT

AT is the difference between the number of ticks spent on an uptrend and a down-

trend over a certain number of trends, as shown in Equation 2.18.

AT =
n∑

i=0

UpTrendno.ticksi −
n∑

i=0

DownTrendno.ticksi (2.18)

where:

• UpTrendno.ticksi : number of ticks in the uptrend of trend i

• DownTrendno.ticksi : number of ticks in the downtrend of trend i
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• n: total number of trends considered

2.4 Summary

In this chapter the concepts of financial forecasting have been explored from the

ground up, beginning with the efficient market hypothesis and the random walk

theory, claiming that in order to gain an edge in the market a trader needs to

have some form of informational edge that they can then use to predict future

price movement. Following this, the approaches to sampling raw financial data

were discussed, along with the differences between the more traditional approach

of fixed interval sampling and the more modern event-based approaches with a

focus on directional change sampling. Once the background information around

the sampling algorithms had been established, details on how to apply technical

analysis to both fixed interval sampling and DC sampling were given. In the next

chapter the inner workings of the Machine learning and Reinforcement learning

algorithms applied in this thesis are discussed and context is gathered for the

research in this thesis by reviewing the relevant literature.
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Machine Learning Algorithms

Machine learning (ML) is a broad topic that refers to the use of mathematical

algorithms to develop models that encode real world relationships between a set

of inputs and outputs. Machine learning is typically split into three main sub-

categories: supervised learning, unsupervised learning and reinforcement learning.

Supervised learning is the most common application of machine learning that aims

to simply map inputs to outputs using a set of observed features and target values.

Unsupervised learning identifies similarities in data without explicitly being given

target values, enabling patterns to be recognised from the input data alone. Rein-

forcement learning involves the training of an agent that is capable of interacting

with an environment in a way that achieves a maximum amount of reward for the

agent. The information in the following Section 3.1 focuses on supervised learning

methods. Reinforcement learning algorithms are then covered later in Section 3.2.

Unsupervised learning methods are not covered in any more detail as they are

outside the scope of this thesis.

Before examining specific machine learning techniques, it is useful to distinguish

ML-based forecasting from traditional econometric approaches. Econometric mod-

els, such as ARIMA, GARCH, and VAR, rely on explicit statistical assumptions

about the data-generating process, typically requiring stationarity, linearity, and

pre-specified functional forms, which prioritise parameter interpretability and al-

low hypothesis testing through established statistical frameworks. ML algorithms

26



Chapter 3. Machine Learning Algorithms 27

however, learn relationships directly from data in a largely non-parametric way,

capturing complex, non-linear patterns without imposing predefined structures,

though often at the cost of reduced interpretability. For the high-frequency FX

trading problem examined in this thesis, ML approaches are more appropriate than

econometric methods because the non-linear and non-stationary nature of tick level

price dynamics violates many econometric assumptions, the large data volumes

align well with deep learning requirements, and the sequential decision-making

nature of trading is particularly suited to reinforcement learning frameworks that

can learn adaptive policies responding to evolving market conditions.

3.1 Supervised Learning Techniques

Supervised learning is the most popular sub-category of machine learning, mainly

due to its adaptability to different problems. Supervised learning itself can be split

further into shallow and deep learning methods. The terminology of ‘shallow’ is

used in this thesis to distinguish between the machine learning methods that do not

use deep learning and those that do. This section is divided into two subsections,

Subsection 3.1.1 first discusses the shallow supervised learning methods that are

referred to in the literature review of the application of ML to DC sampling, this

is then followed by Subsection 3.1.2 which discusses the deep supervised learning

methods used in this thesis.

3.1.1 Shallow Supervised Learning Methods

The following content explains supervised learning from the outlook of a regression

problem, where inputs are mapped to continuous outputs. If inputs are mapped

to a discrete set of values then this is referred to as a classification problem.

Both regression and classification approaches are common in the field of financial

forecasting but for simplicity, the following subsection will look exclusively at

regression applications of the algorithms covered. In many cases, the classification
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approach is very similar to the regression approach, just with a few tweaks to

the optimisation function to enable discrete outputs of the models. The following

subsection is by no means a comprehensive overview of all shallow supervised

learning methods, but aims to give an overview of the fundamentals of those

referred to in the literature review in Section 3.3.

Linear Regression Linear regression [54], or more specifically the Ordinary

Least Squares method (OLS) [55], is a fundamental statistical method that models

the linear relationship between a dependent variable and independent variables by

minimising squared differences using the least squares approach (see Equation 3.1).

The model assumes that this relationship is linear, meaning that changes in the

independent variables result in proportional changes in the dependent variable.

Despite being a relatively simple method of modelling relationships in data, it has

proven to be particularly effective as it is both explainable and unlikely to overfit

the data.

Y = β0 + β1X1 + β2X2 + . . .+ βnXn + ϵ (3.1)

where:

• Y : dependent variable.

• X1, X2, . . . , Xn: independent variables.

• β0: y-intercept.

• β1, β2, . . . , βn: slope of each independent variable.

• ϵ: error or unobserved factors influencing Y .

Bayesian Ridge Regression Bayesian Ridge Regression is an alternative linear

regression approach where the coefficients of the model are assumed to be random

variables, as opposed to fixed as in the previously described OLS method. Using
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Bayesian principles to estimate model parameters [56], it allows for the incorpora-

tion of prior information. This makes it effective in situations where other machine

learning methods might struggle due to a scarcity of data. The Bayesian Ridge

Regression model assumes a Gaussian prior distribution on the regression coeffi-

cients, and it employs Bayes’ theorem to update the prior distribution based on

the observed data. The goal is to find the posterior distribution of the coefficients,

taking into account both the prior information and the likelihood of the observed

data given the model.

Elastic Net Regression Elastic Net Regression [57] is another variant of linear

regression that uses a combination of L1 [58] and L2 [59] regularisation techniques

to improve on each technique individually. Elastic Net regression is considered

useful for high dimensional data due to the combined effect of both the L1 and L2

regularisation techniques employed.

Stochastic Gradient Descent Regression Stochastic Gradient Descent Re-

gression [60] uses Stochastic Gradient Descent (SGD) [61] to solve linear regression

by minimising the Ordinary Least Squares (OLS) objective function. Unlike tra-

ditional linear regression, which computes an exact solution by minimising the

residual sum of squares using all data at once, SGD regression updates the model

parameters iteratively based on small, randomly selected batches of data, making

it highly efficient for larger datasets where processing all data at once is impracti-

cal. SGD regression also allows for regularisation to prevent overfitting, providing

more flexibility compared to standard OLS.

Kernel Ridge Regression Kernel Ridge Regression [62] is a regression algo-

rithm that combines linear regression with kernel methods. Kernel Ridge Re-

gression uses the kernel trick [63], which allows the algorithm to operate in a

higher-dimensional space without explicitly transforming the input features. Ker-

nel Ridge Regression minimises the sum of squared differences between observed
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and predicted values while penalising the magnitude of the coefficients using a

regularisation term. The choice of kernel function, such as the Gaussian or poly-

nomial kernel can also tweak the learning algorithm to make it more appropriate

for different types of problems.

Support Vector Machine Support Vector Machines (SVMs) [64] are designed

to find a hyperplane that best separates different classes in the feature space with

the goal of maximising the space between them. SVMs can handle linear and

non-linear relationships in the data and are considered very effective in high-

dimensional spaces, as well as handling outliers efficiently. The algorithm as-

signs data points to different classes based on their position relative to the hyper-

plane. SVMs can be extended to regression tasks using Support Vector Regression

(SVR) [65], which applies the principles of Support Vector Machines (SVMs) to

predict continuous values rather than class labels.

Decision Trees Decision trees [66] are constructed through a recursive process

where a series of decisions are made to split data into subsets with the intention

of maximising information gain or reduce variance for classification and regression

tasks respectively. This process can be modelled with a tree like structure, consist-

ing of nodes and branches. The tree is developed until a stopping criterion is met,

such as a certain depth or a minimum number of samples per leaf. Decision trees

are particularly popular for their explainability in decision-making, as the paths

from the root to the leaves explicitly show the exact criteria used for generating

the output.

Random Forests Random Forests [67] are an ensemble learning technique built

upon the foundation of decision trees. This algorithm constructs a number of

decision trees during training, each on a random subset of the training data and

using a random subset of the features. The predictions of the individual trees are

then aggregated through voting for classification tasks, or averaging for regression
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tasks. The randomness used in both data and feature selection helps mitigate

overfitting and improves the model’s robustness and generalisation performance.

Random Forests are often used for their ability to produce reliable predictions

when dealing with noisy or incomplete data.

Gradient Boosting Regression Gradient Boosting Regression [68] is an en-

semble learning method that builds a predictive model by sequentially combining

the outputs of multiple weak learners, most commonly decision trees. The algo-

rithm begins by fitting a simple model to the data and subsequent models are

constructed to correct the errors of the previous ones. The key idea is to opti-

mise a loss function, such as mean squared error for regression tasks, by adjusting

the weights of individual learners. Gradient Boosting focuses on minimising the

residuals or errors in predictions, gradually improving the model’s accuracy.

In recent years, deep learning has emerged as a powerful extension of tradi-

tional machine learning techniques, demonstrating the ability to learn complex

representations of data. Unlike classical machine learning methods, which are of-

ten limited by their ability to capture intricate relationships, deep learning models

can automatically learn these relationships from raw data through multiple lay-

ers of abstraction. This capacity has allowed deep learning to outperform older

methods across a wide range of tasks, including computer vision, natural lan-

guage processing and control systems. The key advantage of deep learning lies

in its scalability and flexibility. With large datasets and increased computational

power, these models have consistently achieved state-of-the-art results, surpassing

conventional algorithms in both accuracy and generalisation. This paradigm shift

has not only improved performance in well established domains but has also un-

locked new possibilities in areas previously considered too complex for machine

learning models.
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3.1.2 Deep Supervised Learning Methods

Both regression and classification implementations of deep neural networks are

components of deep reinforcement learning, further details on this will be pro-

vided in Section 3.2. The following subsection therefore takes a conceptual ap-

proach to explaining deep supervised learning to provide the relevant background

information for when deep reinforcement learning is covered. The deep learning ar-

chitecture used in this thesis is focussed on the Multi-Layer Perceptron (MLP) [69]

neural network architecture due to its versatility. The fundamentals of deep learn-

ing architectures such as Recurrent Neural Netorks (RNNs) [70] and Long-Short

Term Memory (LSTM) [71] are covered to provide the required background infor-

mation for when these algorithms are mentioned in related works. Convolutional

Neural Networks (CNNs) [72] and Transformers [73] are considered out of scope

for this thesis, but could form the basis of future work.

MLPs Mulilayer Perceptrons (MLPs) are a type of artificial neural network that

consists of a single input layer, one or more hidden layers and then a single output

layer. Each layer is composed of nodes that are connected by weights. The input

layer consists of as many nodes as there are features in the data. The hidden layers

take information from the previous layer, whether this is an input layer or previous

hidden layer, and sum up the values before passing this information through an

activation function to scale the result. The scaled result is then passed to the next

layer until the final layer, which will sum the input as before and produce a final

logit value. In a regression setup the logits represent the predicted value, in a

classification setup the logits are fed into a softmax function which calculates the

confidence levels of each discrete output from which an argmax function can be

applied to identify the recommended output class.

RNNs Recurrent neural networks (RNNs) [70] are an architecture of neural net-

work built to handle sequential data. The recurrence relation in an RNN at time

step t is mathematically expressed as shown in Equations 3.2 and 3.3.
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Figure 3.1: MLP Node

Figure 3.2: MLP Network
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ht = tanh(Whhht−1 +Wxhxt + bh) (3.2)

yt = Whyht + by (3.3)

where xt ∈ Rdx is the input vector at time t, ht ∈ Rdh is the hidden state at

time t, yt ∈ Rdy is the output at time t, Wxh ∈ Rdh×dx is the input-to-hidden

weight matrix, Whh ∈ Rdh×dh is the hidden-to-hidden (recurrent) weight matrix,

Why ∈ Rdy×dh is the hidden-to-output weight matrix, bh and by are bias vectors, and

tanh is the hyperbolic tangent activation function. The critical feature of RNNs

is the recurrent connection Whhht−1, which allows information from previous time

steps to influence the current computation.

Figure 3.3 shows a recurrent neural node unfolded through time, demonstrat-

ing how the hidden state ht (Equation 3.2) propagates through sequential time

steps. These recurrent nodes can be stacked horizontally and vertically to create

a full network that is able to learn patterns in time series data when trained using

the same techniques as the MLP. The nature of an RNN however gives rise to the

exploding and vanishing gradient problem, this issue is a result of the recursive

application of the chain rule during back-propagation (discussed in detail later in

this section) which causes gradients to grow or diminish exponentially with each

iteration [74]. The effects of this exploding or vanishing gradient problem can be

tackled in a number of ways including limiting the size of the gradients with a

threshold (gradient clipping) [75], penalising large weight values with regularisa-

tion [76], smaller weight initialisation [77] and adding residual connections [78]. An

alternative to these approaches involve alterations to the internal network mecha-

nism in itself in the form of LSTM networks.

LSTMs Long Short-Term Memory (LSTM) networks [71] are an improvement

on the original recurrent neural network (RNN) architecture, designed to address

the exploding/vanishing gradient problem. To address the gradient problems the

LSTM introduces three gates: input, forget and output gate with the purpose of
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Figure 3.3: RNN Unfolded

Figure 3.4: RNN Cell
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controlling the flow of information.

The mathematical operations at each time step t are defined as follows.

The input gate determines which new information to store:

it = σ(Wi[ht−1, xt] + bi) (3.4)

The forget gate determines which information to discard from the cell state:

ft = σ(Wf [ht−1, xt] + bf ) (3.5)

The output gate determines what information to output:

ot = σ(Wo[ht−1, xt] + bo) (3.6)

The cell state update is computed as:

C̃t = tanh(WC [ht−1, xt] + bC) (3.7)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t (3.8)

The hidden state output is:

ht = ot ⊙ tanh(Ct) (3.9)

where σ denotes the sigmoid activation function σ(z) = 1
1+e−z , tanh denotes the

hyperbolic tangent activation function, ⊙ represents element-wise multiplication,

Wi,Wf ,Wo,WC are weight matrices for each gate, bi, bf , bo, bC are bias vectors for

each gate, [ht−1, xt] denotes the concatenation of the previous hidden state and

current input, Ct is the cell state at time t, and ht is the hidden state (output) at

time t.

The forget gate ft (Equation 3.5) multiplies the previous cell state Ct−1, al-

lowing the network to selectively discard irrelevant information. The input gate
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Figure 3.5: LSTM Cell

it (Equation 3.4) controls how much of the candidate cell state C̃t is added to

the current cell state (Equation 3.8). Finally, the output gate ot (Equation 3.6)

determines which parts of the cell state are exposed in the hidden state output

(Equation 3.9). This also allows LSTM networks to generate long-term relation-

ships within the data, something RNNs are not well adapted to doing. The ability

to identify these long-term relationships over time makes LSTMs particularly ap-

propriate for time series data among other applications. This gating mechanism

addresses the vanishing gradient problem by providing paths through which gradi-

ents can flow unchanged during backpropagation through time, as the additive cell

state update in Equation 3.8 prevents gradient decay that occurs with repeated

matrix multiplications in standard RNNs.

Back-propagation Now the architectures of deep neural networks have been

established, the fundamental training algorithm of deep neural networks known as

back-propagation can be reviewed. The algorithm was introduced in its modern

form in 1970 in a masters thesis by Seppo Linnainmaa [79], however it was not
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practically applied to deep learning until the work of Yann LeCun was published

in 1989 [80].

Back-propagation works by calculating the gradient of a loss function with

respect to the weights of a neural network. By finding the gradient of a loss function

with respect to the weights, it can be identified whether individual weights need

to be increased or decreased to minimise the error of the output given a target

value. The mechanics of back-propagation are rooted in calculus, by using the

chain rule to calculate the partial derivative of the loss function with respect to

each weight, it can be deduced how much each weight contributes to the total error

of the network.

In order to conduct back-propagation, the input values first need to be passed

through the network to judge the current accuracy of the network, this is the

‘forward pass’ and is demonstrated in Equation 3.10.

ali = f(zli) = f

(∑
j

wl
ija

l−1
j + bli

)
(3.10)

where:

• wl
ij is the weight between neuron j in layer l − 1 and neuron i in layer l.

• al−1
j is the activation of the neuron in the previous layer.

• bli is the bias for neuron i in layer l.

• f is the activation function (e.g. ReLU function).

• zli is the weighted sum before applying the activation function.

Once the forward pass is complete, an output prediction is provided for the

given variables with the current state of the network. Using this predicted value

and the target value, the error of the network can be calculated with the loss

function. The loss function is interchangeable, but the most common approach is

to use Mean Square Error (MSE) (see Equation 3.11) for regression problems and

Cross-entropy Loss (see Equation 3.12) for classification problems.
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L =
1

2

∑
k

(ŷk − yk)
2 (3.11)

where:

• ŷk is the predicted output for the k-th output node.

• yk is the target value for the k-th output node.

• The factor 1
2
is included for convenience during differentiation.

L = −
∑
k

yk log(ŷk) (3.12)

where:

• yk is a binary value denoting if class label k is the correct.

• ŷk is the predicted probability for class k.

Once the error has been calculated the extent to which the network is uncali-

brated is known and so, in order to adjust the weights as required to reduce this

error, the gradient of the loss with respect to the weights is calculated as defined

in Equation 3.13.

∂L

∂wl
ij

= δlia
l−1
j (3.13)

where:

• δli =
∂L
∂zli

is the error term for neuron i in layer l.

• al−1
j is the activation of the neuron in the previous layer l − 1.

Each layer applies Equation 3.13 but relies on the gradient calculated by the

subsequent layer (first layer relies on calculated gradient of layer two etc.) and

therefore after calculating the gradient of each node in the output layer using

Equation 3.14, each successive layer back uses Equation 3.15.
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δLi = (ŷi − yi)f
′(zLi ) (3.14)

δli =

(∑
j

δl+1
j wl+1

ij

)
f ′(zli) (3.15)

Once the gradients have been calculated, the weights can be updated using

gradient descent, as demonstrated in Equation 3.16.

wl
ij ← wl

ij − η
∂L

∂wl
ij

(3.16)

where:

• η is the learning rate, a small positive number that controls the size of the

weight adjustments.

• ∂L
∂wl

ij
is the gradient of the loss function with respect to the weight wl

ij.

The training behaviour of a neural network can be influenced by a number of

different techniques. The activation function of the nodes can be altered to control

the output signal of each node which in turn can control the flow of gradient values

through the network. Activation functions can vary but the most popular include

ReLU, sigmoid and tanh [81]. Different optimisation techniques like Stochastic

Gradient Descent (SGD), Adam [82] and RMSProp [83] can be applied to alter

how the weights of the network are updated during training to prioritise factors

like speed and stability. Network architecture can also play a factor when training

a model and by increasing or decreasing the number of layers and nodes, the ability

of the model to generalise to new data can be improved.

3.2 Reinforcement Learning Techniques

Reinforcement learning [84] is a subset of machine learning that aims to train an

agent to interact optimally with an environment to achieve the maximum amount
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of reward. A reinforcement learning problem consists of the interaction between

two entities, an agent and an environment. The agent executes an action at each

time step based on the observed state of the environment, which in turn causes a

change in the state of the environment. With each new state comes a reward and

the goal of the agent is to maximise reward over a given number of steps within

the environment, the full number of steps taken by the agent before resetting an

environment is known as an episode. The concept of training a reinforcement

learning agent is analogous to training a pet dog to sit, when the dog (agent)

performs the correct action of sitting, you provide them with a dog treat (reward).

From this treat the dog associates the decision to conduct the action of sitting

with a dog treat and are therefore more likely to do this action in the future as

it will likely result in the same reward, therefore reinforcing this behaviour. This

process can then be expanded to include multiple time steps, forming a sequence

of interactions between the agent and environment with rewards being provided at

irregular intervals. A sequence of interactions between the agent and environment

can be modelled as a Markov Decision Process (MDP) [85] and can be represented

as shown in Figure 3.6.

Figure 3.6: Markov Decision Process with RL Agent

A Markov Decision Process (MDP) is a mathematical framework used to de-

scribe agent decision making in environments where transitions between states is

partially stochastic with an element of agent control. Agents navigate an environ-

ment by employing a policy, a policy refers to a function that maps a set of states
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to a set of actions, therefore encoding the decision making process of the agent.

The role of a reinforcement learning agent is to learn a policy that navigates an

MDP to maximise cumulative reward over the length of an episode.

It is important to note that the application of the MDP framework to financial

trading involves a departure from its classical assumptions. In a standard MDP,

agent actions directly influence state transitions through the probability function

P (s′ | s, a). In liquid foreign exchange markets however, individual trading agents

operate at scales far smaller than the market as a whole, meaning their actions

are extremely unlikely to alter the underlying market dynamics. The market state

(prices, indicators and trends) evolves exogenously, driven by aggregate market

forces beyond any single agent’s control. Agent actions only affect the agent’s

own internal state, such as position and balance, rather than the market itself.

The problem therefore cannot be strictly framed as a Markovian Control Process

in the traditional sense. Despite this limitation, the MDP framework remains a

valuable and widely used formalism for financial trading problems, as it provides

a structured approach to sequential decision making and enables the application

of reinforcement learning algorithms.

3.2.1 The Bellman Equation

The Bellman equation [86] forms the foundation of reinforcement learning, as it

expresses the value of a current state based on the expected cumulative reward

from that state. The objective of the reinforcement learning agent can be math-

ematically described as the optimisation of the Bellman equation. This Bellman

optimality equation is presented in Equation 3.17.

V (s) = max
a

[
R(s, a) + γ

∑
s′

P (s′ | s, a)V (s′)

]
(3.17)

where:

• V (s) is the value of state s, which represents the expected cumulative reward
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that can be obtained from that state.

• R(s, a) is the immediate reward obtained after taking action a in state s.

• γ is a discount factor that determines the importance of future rewards

relative to immediate rewards.

• P (s′ | s, a) is the probability of transitioning to state s′ from state s when

taking action a.

•
∑

s′ P (s′ | s, a)V (s′) is the expected value of the future states that can be

reached from state s when taking action a. The sum is taken over all possible

future states s′.

3.2.2 Solution Methods for the Bellman Equation

Classical approaches to solving the Bellman optimality equation rely on dynamic

programming techniques that guarantee convergence to optimal solutions in finite

state and action spaces. Value iteration [87] is one such method that iteratively

applies the Bellman optimality operator until the value function converges, updat-

ing the value of each state based on the maximum expected return over all possible

actions. Policy iteration [88] is an alternative approach that alternates between

two phases: policy evaluation, where the value function for the current policy is

computed, and policy improvement, where a new policy is derived by selecting

actions that maximise expected returns. While policy iteration often converges in

fewer iterations than value iteration, each iteration is computationally more ex-

pensive as it requires solving a system of linear equations. Both methods require

complete knowledge of the environment dynamics, specifically the state transition

probabilities P (s′ | s, a) and reward function R(s, a), making them model-based

approaches.

Despite their optimality guarantees, these classical dynamic programming meth-

ods face significant practical limitations when applied to real-world problems. As

the state and action spaces grow large or become continuous, the computational
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requirements for storing and updating value functions across all states become

prohibitive, a challenge known as the “curse of dimensionality” [89]. These limita-

tions have driven the development of modern reinforcement learning algorithms,

which are generally classified into two broad categories: model-based and model-

free. Model-based algorithms incorporate a learned or approximated model of the

environment, which enables the simulation of interactions during the learning pro-

cess and facilitates greater sample efficiency, as the agent can generate trajectories

starting from individual states without constant real-world interaction. Model-free

algorithms however, rely on direct interaction with the environment over multi-

ple time steps, enabling the agent to learn an optimal policy without explicitly

modelling the environment itself [90]. In many practical applications, including

financial trading, accurate models of environment dynamics are either unavailable

or too complex to construct reliably. The methods employed in this research there-

fore focus on model-free techniques due to the inherent complexities of the foreign

exchange market, where building a policy based on a learned environment model

would carry a significantly higher risk of inaccuracies. Q-learning, discussed in the

following subsection, represents one such model-free approach that approximates

the solution to the Bellman equation without requiring knowledge of transition

probabilities.

3.2.3 Q-Learning

Q-learning [91] is one of the original model-free reinforcement learning algorithms

introduced in 1992 and relies on a value-based method. A value-based method

means that the agent attempts to learn the inherent value of state-action pairs,

known as the ‘Q-value’, and stores these in a table referred to as the ‘Q-table’. The

Q-table is updated after each step using the Q-learning update rule (see Equation

3.18), which uses principles from the Bellman Equation defined in Equation 3.17.

The ultimate goal of this approach enables the agent to find the optimal policy

to navigate an environment to maximise the resultant cumulative returns. One
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limitation of Q-learning however is that it does not handle continuous or high-

dimensional state spaces very well as it is designed to learn an explicit one-to-

one mapping of state-action pairs to Q-values that can be stored in the Q-table.

Taking this approach works well for discrete state spaces with a small number

of possibilities, but as the number of potential states begins to grow, creating a

mapping for every state-action pair becomes infeasible. The integration of the

deep learning methods described in Section 3.1.2 offers a solution to this problem.

Q(st, at)← Q(st, at) + α
[
rt + γmax

a
Q(st+1, a)−Q(st, at)

]
(3.18)

where:

• Q(st, at): The Q-value for taking action at in state st.

• α: The learning rate, controlling how much new information overrides old

information.

• rt: The reward received after taking action at in state st.

• γ: The discount factor, determining the importance of future rewards (0 to

1).

• maxa Q(st+1, a): The maximum estimated Q-value for the next state st+1,

across all possible actions.

3.2.4 Deep Reinforcement Learning

By extending standard Q-learning techniques, deep reinforcement learning (DRL)

leverages deep learning models to overcome limitations in handling continuous or

high-dimensional state spaces. The shift makes DRL more scalable and adaptable

to various problems compared to the conventional use of Q-tables. A popular

implementation arising from this adaptation is Deep Q-learning, where a neural

network is employed to map states to Q-values for each possible action instead of a
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Q-table, effectively learning the ‘Q-function’, in a similar way to how deep neural

networks would learn input to output mappings in a supervised learning problem.

Deep Q Networks

The DQN algorithm was introduced by [6] in 2015 and was trained to play Atari

games while receiving only the pixels as inputs. With this information, the agent

was able to achieve a similar score to professional human players across all 49

games tested. As well as employing a deep neural network to learn the mapping

of state and action pairs to a Q-value, a few other techniques are used in DQNs

to perform well on a task. Experience replay [92] is one of these techniques, which

stores agent experiences in a buffer and samples random mini-batches to break

the correlations between consecutive experiences during training. This prevents

the network from overfitting to recent trajectories. DQNs can also use a target

network [93], which is a copy of the Q-network that is periodically updated to

provide stable target values for the weight updates. The deep Q-network is trained

to minimise the difference between the predicted Q-values and the target values

generated using the target network. This is done by iteratively updating the Q-

network’s parameters via gradient descent. The pseudocode of the DQN algorithm

is presented in Algorithm 2.
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Algorithm 2 DQN Algorithm

1: Initialise experience replay memory D to capacity N

2: Initialise action-value function (Value network) Q with random parameters θ

3: Initialise target action-value function (Target network) Q̂ with parameters

θ− = θ

4: Initialise learning rate α ∈ (0, 1), discount factor γ ∈ [0, 1], batch size B, target

update frequency C (typically 103 to 104)

5: for each episode do

6: Initialise state s

7: for each step in the episode do

8: Select action a from s using ϵ-greedy policy based on Q(s, a; θ)

9: Take action a, observe reward r and next state s′

10: Store transition (s, a, r, s′) in memory D

11: Sample random mini-batch of transitions (sj, aj, rj, s
′
j) from D

12: For each mini-batch sample (sj, aj, rj, s
′
j), set target:

yj =


rj if episode terminates at s′j

rj + γmaxa′ Q̂(s′j, a
′; θ−) otherwise

13: Perform a gradient descent step on loss function:

L(θ) =
1

B

B∑
j=1

(yj −Q(sj, aj; θ))
2

14: Set s← s′

15: Every C steps, update target network: θ− ← θ

16: end for

17: end for

18: return Q

To balance exploration and exploitation during training, DQNs employ an
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epsilon-greedy policy. With probability ϵ, the agent selects a random action to

explore the environment, while with probability 1−ϵ, it exploits its current knowl-

edge by selecting the action with the highest Q-value. ϵ typically starts at a high

value (e.g. 1.0) and is gradually reduced to a lower value (e.g. 0.01) throughout

training, encouraging exploration in early episodes and exploitation as the agent

learns. This ϵ-greedy approach is a common exploration strategy used across many

DRL algorithms, particularly in value-based methods, though policy-based meth-

ods often employ alternative exploration techniques.

Deep Q Networks are used to represent the value of taking an action in a state

and are hence referred to as a value-based method. This is effectively a regression

problem with a single output node in the DQN representing the Q-value. When

using the trained model, a wrapper around this network is required to exploit the

best strategy learned by the model which will then act as the agent’s decision

to take an action. The confidence levels of each action in a given state require

an argmax function to be applied in order to get the associated index of the

action to be taken. Not all DRL algorithms learn the value of a state and instead

opt for learning the policy directly and are therefore referred to as policy-based

methods. Policy-based methods learn in a similar way to value-based methods, by

using experiences in an environment to update a deep neural network, however the

setup of the neural network is slightly different. Policy-based methods have the

flexibility to setup as a classification network if the action space itself is discrete.

This means that the output layer of the neural network has a node per output

action and a softmax function is applied to the final layer to provide confidence

levels of each action. Value-based and policy-based methods can be combined in

Actor-Critic methods to improve performance.

Actor-Critic Methods

Actor-Critic methods [94] represent a family of algorithms in reinforcement learn-

ing (RL) that combine the strengths of both policy-based and value-based ap-
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Figure 3.7: Actor Critic Diagram

proaches. In older DRL algorithms, value-based methods like Deep Q Networks

focus on learning a value function that estimates the quality of any given state

or state-action pair. Policy-based methods offer a slightly different approach by

directly learning a policy that maps states to actions [95]. Actor-Critic methods

unite these two paradigms by maintaining two separate components: an actor,

which learns the policy, and a critic, which estimates the value function to crit-

icise the actions chosen by the actor. The critic guides the actor by evaluating

its actions and providing feedback in the form of a value estimate, which can be

a state-value function or an action-value function as shown in Figure 3. This

feedback mechanism allows for more efficient updates to the policy, resulting in

smoother and more stable learning.

Actor-Critic algorithms use gradient ascent to adjust the weights of the actor

network to maximise reward and gradient descent to adjust the weights of the

critic network to minimise the error in the value estimation. The actor updates

its policy parameters by following the policy gradient, using the feedback from the

critic to determine how to improve. Meanwhile, the critic is trained to minimise the

temporal difference (TD) error, which is the difference between the estimated value

and the observed return. The pseudocode for a standard Actor-Critic algorithm

is presented in Algorithm 3.
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Algorithm 3 Actor-Critic Algorithm

1: Initialise actor network π(s; θπ) with random parameters θπ

2: Initialise critic network V (s; θv) with random parameters θv

3: Initialise learning rates απ and αv for actor and critic respectively

4: Initialise discount factor γ ∈ [0, 1]

5: for each episode do

6: Initialise state s

7: for each step in the episode do

8: Select action a from policy π(s; θπ)

9: Take action a, observe reward r and next state s′

10: Compute TD error:

δ = r + γV (s′; θv)− V (s; θv)

11: Update critic network by minimising:

θv ← θv + αvδ∇θvV (s; θv)

12: Update actor network using policy gradient:

θπ ← θπ + απδ∇θπ log π(a|s; θπ)

13: Set s← s′

14: end for

15: end for

16: return Actor network π(s; θπ)

A simple implementation of an actor-critic algorithm can suffer from instability

due to large or overly frequent policy updates which leads to inefficient learning.

The Trust Region Policy Optimisation (TRPO) algorithm was developed to ad-

dress these issues by introducing the idea of limiting policy updates to ensure new
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policies are a more gradual improvement of the previous. Without the introduc-

tion of the ‘trust region’ to constrain the policy updates, the set of weights used

by the actor network can jump into a new policy space, often resulting in worse

performance.

Trust Region Policy Optimisation

Trust Region Policy Optimisation (TRPO) [96] is a policy optimisation algorithm

designed to ensure stable and reliable policy updates of the actor network in an

actor-critic DRL architecture. The core idea behind TRPO is to maximise the

expected reward while ensuring that the policy update does not deviate too far

from the previous policy, as measured by the Kullback-Leibler (KL) divergence [97]

between the old and new policies. The KL divergence is a statistical measure that

quantifies how much one probability distribution differs from another, serving as a

distance metric between policy distributions. Instead of directly optimising the ob-

jective function with respect to the policy parameters, TRPO solves a constrained

optimisation problem. The algorithm updates the policy iteratively by maximis-

ing the surrogate objective subject to a constraint on the KL divergence, ensuring

that the policy changes are both significant and safe. By using trust regions,

the algorithm is able to balance exploration and exploitation effectively, avoiding

the erratic behaviour that can affect other DRL techniques. The pseudocode for

TRPO is provided in Algorithm 4.
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Algorithm 4 Trust Region Policy Optimisation (TRPO)

1: Initialise policy network π(s; θ) with random parameters θ

2: Initialise value function network V (s;ϕ) with random parameters ϕ

3: Initialise learning rates απ and αv, and discount factor γ, and KL divergence

constraint δ

4: for each iteration do

5: Collect a set of trajectories {τi} by running the current policy π(s; θ) in the

environment

6: Estimate cumulative rewards Rt =
∑T

t′=t γ
t′−trt′ for each time step in each

trajectory

7: Estimate the advantage function for each time step:

At = Rt − V (st;ϕ)

8: Update value function by minimising:

ϕ← ϕ− αv∇ϕ

∑
t

(V (st;ϕ)−Rt)
2

9: Compute the policy gradient:

∇θL(θ) = Et [∇θ log π(at|st; θ)At]

10: Use conjugate gradient algorithm to compute the step direction p that solves:

∇2
θL(θ)p = −∇θL(θ)

11: Compute step size α via a line search that ensures the KL-divergence con-

straint is satisfied:

Et [DKL [πθnew(s)∥πθ(s)]] ≤ δ

12: Update policy parameters:

θ ← θ + αp

13: end for

14: return Policy network π(s; θ)
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TRPO addresses most of the issues faced by the DRL algorithms that came

before it, but in doing so the computational complexity associated with training

the agent increases significantly due to the the calculations involved with con-

straining the policy weight updates. Proximal Policy Optimisation (PPO) refined

this approach by using a simpler method that clips policy updates to ensure they

still remain within a safe range but also offering a balance between stability and

computational efficiency.

Proximal Policy Optimisation

Proximal Policy Optimisation (PPO) [98] is a widely used policy optimisation

algorithm in reinforcement learning (RL) that addresses some of the limitations of

earlier methods, such as Trust Region Policy Optimisation (TRPO). PPO achieves

this by introducing a clipped surrogate objective function, which allows for more

flexible updates while still preventing excessively large policy changes. The key

innovation in PPO is the clipping mechanism applied to the probability ratio

between the new policy and the old policy. This clipping mechanism modifies the

objective function so that, if the probability ratio deviates significantly from 1.0

(indicating a large policy update), the update is clipped. This prevents harmful

updates that could destabilise learning, similar to how TRPO uses a trust region,

but in a simpler and more computationally efficient way. The pseudocode of the

PPO algorithm is presented in Algorithm 5.
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Algorithm 5 Proximal Policy Optimisation (PPO)

1: Initialise policy network π(s; θ) and value function network V (s;ϕ) with ran-

dom parameters

2: Initialise learning rates απ and αv, and discount factor γ

3: Set clipping parameter ϵ and number of epochs K

4: for each iteration do

5: Collect a set of trajectories {τi} by running the current policy π(s; θ)

6: Estimate rewards-to-go Rt =
∑T

t′=t γ
t′−trt′ for each time step in each trajec-

tory

7: Estimate the advantage function for each time step:

At = Rt − V (st;ϕ)

8: Update value function by minimising:

ϕ← ϕ− αv∇ϕ

∑
t

(V (st;ϕ)−Rt)
2

9: for each epoch k = 1, . . . , K do

10: Compute the probability ratio:

rt(θ) =
π(at|st; θ)
π(at|st; θold)

11: Compute the clipped objective:

L(θ) = Et [min (rt(θ)At, clip(rt(θ), 1− ϵ, 1 + ϵ)At)]

12: Update policy network by maximising the objective:

θ ← θ + απ∇θL(θ)

13: end for

14: end for

15: return Policy network π(s; θ)
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The deep reinforcement learning algorithms described in this section are all

used in the following contribution chapters in varying quantities. PPO has demon-

strated impressive levels of performance across a variety of tasks for a relatively

inexpensive computational cost, so is the algorithm of choice for both FDRL and

PADRL contributions. For the SADRL contribution, a more holistic approach

is taken to investigate the difference in performance between Deep Q Networks,

Actor-Critic Methods, Proximal Policy Optimisation and Trust Region Policy Op-

timisation.

3.3 Applications of Machine Learning to Trading

Machine learning has evolved significantly since its discovery as a powerful tool

for identifying patterns in data. Its potential for predicting financial markets,

including the Foreign Exchange market has piqued the interest of researchers,

who are keen to uncover hidden relationships between various market variables

and future price movements. The primary goal of such efforts is to enhance the

profitability of trading strategies through the accurate forecasting of currency price

trends. The following section is organised into four separate parts, with each

part considering the application of a different style of machine learning to trading:

shallow supervised learning, evolutionary algorithms, deep supervised learning and

reinforcement learning. To gain a more complete understanding of the existing

literature, each part will discuss the application of the machine learning algorithm

to price data, sampled both with and without the DC sampling algorithm across a

number of different asset classes. By including work using non-DC approaches and

non-FX asset classes, existing successful techniques can be uncovered that could

potentially experience enhanced success under the DC paradigm.

Shallow Supervised Learning Shallow supervised learning refers to the subset

of machine learning methods that do not use deep neural networks to predict a

single or set of target variables from historical training data. This includes but
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is not limited to methods such as Linear Regression, Support Vector Machines

(SVMs) and Decision Trees. These models, while less computationally complex

than modern deep learning architectures, have been extensively studied for their

predictive capabilities in financial markets.

Several studies have explored various linear regression models for predicting

price movements of a number of different assets. [99] introduced a LASSO lin-

ear regression model to predict stock market behaviour, emphasising the model’s

ability to handle sparse solutions efficiently. Their experiments with Goldman

Sachs stock demonstrated the LASSO model’s superiority over ridge regression in

forecasting stock prices. [100] developed a linear regression model for predicting

commodity prices, specifically focusing on China’s cotton market. They improved

accuracy over the China Cotton Association’s price table by using a multiple lin-

ear regression model but acknowledged challenges with quality-price mismatches

in their predictions. [101] applied both linear regression and decision tree regres-

sion to stock market analysis. They evaluated the models’ accuracy in forecasting

stock prices using different dataset sizes, concluding that linear regression is the

superior approach in this case. Together these works showcase the importance of

linear regression techniques in financial prediction and decision-making but given

the existence of other more advanced ML regression there is plenty of scope for

improvement.

The integration of support vector regression (SVR) with novel optimisation

techniques has shown promising results in the application of machine learning to

trading. In [102], a correlation-aided support vector regression (cSVR) method

is proposed to enhance the prediction of Forex exchange rates. By leveraging

graphical channel correlation analysis along with parametrised Pearson’s correla-

tion to filter noise, the model successfully improves the accuracy of time series

predictions for various currency pairs over the period of 2007-2008. This method

demonstrates the benefits of capturing correlation patterns in financial data to

improve SVR’s predictive capabilities. [103] introduce the Krill Herd - Support
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Vector Regression (KH-vSVR) model, which employs the Krill Herd algorithm to

optimise SVR parameters by navigating between local and global optima. Applied

to commodity Exchange Traded Funds (ETFs), the KH-vSVR demonstrates supe-

rior performance in terms of both statistical accuracy and trading efficiency when

compared to conventional SVR models.

The application of decision tree based approaches to trading have focused on

improving both short-term and long-term forecasting through various machine

learning techniques. [104] explores the use of decision trees for stock trend pre-

diction, highlighting the benefits of technical indicators such as MACD, RSI,

Stochastic Oscillator and Bollinger Bands for short-term forecasts. The study

reveals that short-term trends rely heavily on technical indicators, but long-term

stock movement prediction requires a combination of technical factors and fun-

damental data. [105] examine the application of the Extreme Gradient Boosting

(XGBoost) algorithm to forecast the exchange rate of the US dollar against the

Indonesian rupiah. The authors developed a model that effectively reduces fore-

casting errors, claiming that with hyperparameter tuning the model achieved low

RMSE and MAPE scores, demonstrating the effectiveness of XGBoost in time

series forecasting.

[106] conducted a comparative analysis of classic regression methods, SVMs

and neural networks to predict directional price movements. Their findings re-

vealed that ridge regression, a type of linear regression, outperformed both SVMs

and neural networks in certain market conditions, particularly when predicting

upward or downward price movements. This aligns with earlier studies which sug-

gested that while machine learning models can outperform traditional econometric

models, their performance is highly dependent on the specific characteristics of the

data being analysed.

Other work such as [107], [108] and [109] analysed how well machine learning

can predict price changes in the FX market, focusing primarily on currency pairs

involving the US Dollar and the Euro. All papers found that machine learning
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methods provide significant market edge, citing support vector regression and en-

semble methods as the most effective for the regression tasks undertaken. [110]

came to a similar conclusion when analysing a similar prediction problem on US

stock market data. [111] and [112] put more of a focus on feature engineering as

they cite Moving Averages, Relative Strength Index and Bollinger Bands as partic-

ularly helpful technical indicators when predicting price movements on numerous

asset classes.

[113] explores the use of ML to trade financial markets using dynamic threshold

breakout labelling, a technique somewhat tangential to DC sampling due to it’s

ability to focus on significant price moves as a way of strengthening trading signals.

The results show that machine learning has a positive impact on identifying price

breakouts in the US stock market, commodities market and the cryptocurrency

market. [114] tackles intraday trading using ML with a focus on India’s Nifty

50 stocks. This work cites the shallow ML methods as playing a pivotal role in

predicting the stock prices of the component companies of the Nifty 50, therefore

helping to optimise trading decisions.

The application of shallow supervised learning methods to trading have demon-

strated the ability of machine learning algorithms to recognise patterns from fi-

nancial data and be used as a component of a trading algorithm. These methods

have also been shown to be effective over numerous different asset classes. By

identifying algorithms that work across multiple asset classes a hypothesis can

begin to be formed around whether these algorithms are effective specifically for

foreign exchange data, the asset class used in this thesis. As well as considering

the asset class it is also possible to begin to speculate on the efficacy of the algo-

rithms on DC sampled data. The remainder of this section reviews related works

investigating more advanced machine learning algorithms, including evolutionary

algorithms, deep learning algorithms and reinforcement learning algorithms.

Evolutionary Algorithms A large part of the existing literature that uses

DC sampling to prepare the data upon which trades are executed consists of the
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application of an evolutionary algorithm, hence this segment is solely focussed

on the applications of evolutionary algorithms to DC sampled data. Although

this thesis seeks to apply different machine learning methods to DC sampled FX

data, by reviewing the application of the evolutionary methods, the intention is to

uncover the techniques used to prepare the data for training that support related

research using alternative learning algorithms.

Directional Changes (DC) is a powerful event-based sampling method that has

gained attention for improving trading strategies by shifting away from traditional

physical time scales. Some early works that combine DC sampling and genetic

programming techniques include [115] which uses genetic programming to gen-

erate DC based trading strategies and [116] which uses genetic programming to

develop a regression approach to predict the end of DC trends in the FX market,

with both approaches demonstrating promising levels of success. [117] introduced

an innovative approach that leverages DC, combined with a genetic algorithm, to

evolve profitable trading strategies. This work focused on summarising market

data through DC events, allowing for the identification of significant market ac-

tivities. Experiments on foreign exchange market data demonstrated that their

method outperformed traditional trading strategies such as technical analysis and

buy-and-hold approaches.

[118] and [119] used genetic programming to predict trend reversals of DC

trends, with the latter of the two using classification techniques to enhance prof-

itability. [120] advanced this concept by integrating the classification and regres-

sion techniques into multiple DC-based strategies. This work tested the algorithm

across 20 foreign exchange markets, showing a significant performance boost in

terms of return and risk over several benchmarks, including both single DC-based

strategies and traditional trading strategies. These studies both provide evidence

for the effectiveness of DC as a basis for constructing robust trading strategies in

algorithmic trading.

[121] proposed the optimisation of DC-based trading strategies using genetic
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algorithms (GA). This approach, which introduced four novel DC-based strategies

and optimised them using GA, outperformed individual DC strategies as well as

traditional buy-and-hold benchmarks in experiments across 44 stocks. This ap-

proach was developed further in [122] by introducing a multi-threshold DC model,

further refining trading strategies by using weighted thresholds. This method

demonstrated superior performance against single-threshold strategies and tradi-

tional technical indicators such as MACD and RSI.

Works such as [123] and [124] also use genetic programming to develop effective

strategies for trading under the DC sampling paradigm. These studies demonstrate

the effectiveness of incorporating DC and evolutionary algorithms into trading

strategies, consistently performing well across different market conditions. [125]

and [126] expanded this work by integrating multi-objective optimisation with ge-

netic programming (GP), combining both DC and traditional technical indicators.

This research found that a multi-objective GP significantly improved cumulative

returns compared to a single-objective GP, with a substantial increase in return

performance, while also outperforming the buy-and-hold strategy.

Other work that applies evolutionary algorithms to trading but without the di-

rectional changes sampling algorithm includes [127] which takes a unique approach

by ensembling ML methods with genetic algorithms, also producing an effective

trading system on FX data. [128] also uses genetic algorithms along with technical

analysis to effectively trade stock data.

The body of literature applying evolutionary algorithms to trading DC sampled

data demonstrates that DC sampling is an effective sampling algorithm upon which

to build automated trading strategies. This would suggest that the replacement

of these evolutionary algorithms with a different machine learning algorithm could

also yield favourable results, this theory forms the basis of Chapters 4, 5 and 6.

Deep Supervised Learning The recent advancements in the field of deep learn-

ing has revolutionised the field of financial forecasting, with many studies exploring

the use of deep neural networks (DNNs), recurrent neural networks (RNNs) and
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long short-term memory (LSTM) networks to capture the non-linear and temporal

dynamics of financial markets. The purpose of this section is to build up an idea

of the most useful deep learning methods for trading. Once an internal taxonomy

of the most effective methods used in the literature has been developed, a deeper

understanding of the specifics of each method can be gained in Chapter 3.

[129] addresses the complexities of intra-day market forecasting, proposing

a decision-making framework that integrates deep neural networks with genetic

algorithms. Their findings, which demonstrate a prediction accuracy of 72.5%

and an annualised net return of 23.3%, underscore the effectiveness of machine

learning techniques in enhancing HFT performance. [130] developed a deep learn-

ing framework called FLF-LSTM for predicting Forex price trends. Their model

introduced a Forex Loss Function (FLF), specifically designed to optimise perfor-

mance in the highly volatile currency market. By incorporating this loss function,

the FLF-LSTM model achieved superior predictive accuracy compared to tradi-

tional loss functions. [131] made significant strides in applying deep learning to

emerging market currencies. Their research demonstrated that deep neural net-

works outperformed traditional models in forecasting the highly volatile and less

liquid currencies of emerging markets. Another critical study [132] introduced a

hybrid model combining gated recurrent units (GRU) and LSTMs to tackle the

challenges of forecasting complex and volatile time series data. Their hybrid net-

work architecture used the strengths of both GRU and LSTM cell architectures,

leading to more accurate predictions of exchange rate movements than models

using either GRU or LSTM in isolation.

[133] conducted a comprehensive comparison of various RNN architectures,

including LSTM networks, gated recurrent units (GRU) and traditional RNNs, to

evaluate their performance in predicting FX rates. The study found that while

deep networks can offer strong predictive capabilities, simpler neural network mod-

els can often perform equally well, especially in terms of trading profitability. [134]

also explored the effectiveness of the LSTM architecture in FX trading, com-
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paring it against ARIMA and Support Vector Regression models for USD/ZAR

exchange rate forecasting. Their findings indicated that LSTM outperformed SVR

and ARIMA in terms of Mean Squared Error (MSE), although ARIMA performed

better on Mean Absolute Error (MAE). Expanding on LSTM applications, [135]

introduced a two-layer stacked LSTM (TLS-LSTM) model to enhance forecasting

accuracy, particularly for AUD/USD exchange rates. Their model showed supe-

rior performance over single-layer LSTM, multilayer perceptron (MLP) and other

advanced techniques like CEEMDAN-IFALSTM. Their correlation analysis also

revealed significant relationships between AUD/USD and other currency pairs,

such as EUR/AUD and AUD/JPY, showing the connected nature of FX currency

pairs.

[136], [137] and [138] investigate the use of deep supervised learning for high

frequency trading on a variety of cryptocurrency and traditional currency markets.

All three propose deep learning frameworks that produce high levels of accuracy

when predicting changes in price of the respective asset classes, further supporting

the use of deep learning on market data. [139] and [140] investigate the use of

sequence based neural network architectures, proposing that there are benefits to

using LSTM, GRU and transformer based architectures on high frequency trading

data. [141] takes the unique approach of predicting bid-ask spread, using XGBoost

for feature selection and deep learning methods for prediction. This work found

that this collaboration between the two methods produces some favourable results

when tested on high frequency data from the Taiwan stock exchange.

Deep learning methods are most commonly cited for their application to fields

like natural language processing and image classification. By analysing the litera-

ture involving the application of these same deep learning methods to trading, an

understanding can be built on how to apply these deep learning methods that have

achieved success in other applications to the trading task addressed in this the-

sis. Deep learning offers significantly greater potential than the shallow machine

learning methods discussed, making the supporting evidence of its effectiveness
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particularly valuable.

Reinforcement Learning Reinforcement learning (RL) can be particularly ef-

fective in the FX market, as the agent’s objective is to develop trading strategies

that maximise rewards (or more specifically returns) over time. The field of RL

however is a relatively underdeveloped subset of machine learning compared to

other areas such as supervised and unsupervised learning, but stands to offer

some of the most promising qualities for real world applications. A 2019 anal-

ysis [142] of the literature involving the application of RL in the financial markets

and states that, although results look promising, there are still some holes within

the literature that do not bridge the gap between theory and practicality. Lack of

transaction costs and slippage assumptions are the root cause of this gap.

Early work in 1998 [143] laid the groundwork for RL in financial trading, estab-

lishing the importance of careful design of the environment, including the action

space, state space and reward function. The design of the reward function, in

particular, is critical in RL, as it directly influences the agent’s trading decisions.

This foundational approach has remained consistent in RL research, with more

recent studies, such as [144] in 2019, continuing to emphasise the importance of

environment design to achieve promising results in FX trading. The integration

of deep reinforcement learning has further advanced the field, allowing for more

complex and nuanced decision-making. [145] for example, developed an RL-based

FX trading model that learned optimal strategies by interacting with the market

environment over time. This model’s ability to dynamically adapt its strategy in

response to changing market conditions demonstrates the potential of RL in FX

trading, particularly in environments where market conditions are constantly shift-

ing. A 2019 study [146] incorporated deep LSTM networks into a reinforcement

learning framework, specifically designed for high-frequency trading. This model

enabled the RL agent to make real-time decisions based on the market’s historical

data, effectively learning to adjust its strategies on the fly. The combination of

RL and deep learning allowed the system to handle the fast-paced, highly volatile
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nature of foreign exchange markets with notable success.

[147] further explored the potential of RL by comparing Deep Q Networks

(DQN) and Proximal Policy Optimisation (PPO). By encoding price data using

Gramian Angular Fields (GAF), they demonstrated the feasibility of RL in han-

dling complex currency pairs and achieving favourable returns. [148] extended RL’s

application to stock market trading, formulating the problem as a Markov Deci-

sion Process (MDP) and testing on-policy RL algorithms such as Vanilla Policy

Gradient (VPG), TRPO and PPO on stocks like Apple and Nike. Their results

demonstrated the ability of RL to maximise profits through adaptive learning

based on rewards from trading actions. [149] proposed a Q-learning-based agent

for dynamic equity trading, focusing on representing the environment’s state and

outperforming traditional Buy-and-Hold strategies in both Indian and American

markets. [150] introduced an end-to-end trade execution framework using PPO,

leveraging limit order book (LOB) data and LSTM networks to optimise trade

execution without manually designed attributes. Their model surpassed industry-

standard strategies like TWAP and VWAP, showcasing the strength of RL in trade

execution.

Although limited, there exist some studies into the application of RL to DC

sampled data. [151] proposed a dynamic algorithmic trading strategy known as the

DCRL trading strategy, which leverages the DC sampling approach combined with

RL. This approach dynamically adjusts to the price time-series patterns by using

Q-learning to optimise trading decisions, resulting in robust performance when

evaluated on stock market indices such as the S&P500, NASDAQ and Dow Jones.

Their results indicate improved trading returns and Sharpe Ratios, particularly in

volatile markets. In a related study [152] introduced an adaptive pattern recog-

nition model also based on the DC event approach and RL. This model departs

from traditional fixed-interval analytical methods by employing an event-based

time interval to better capture market behaviours. Through reinforcement learn-

ing, the DCRL model effectively identifies directional price changes, with strong
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performance demonstrated using Saudi stock market data. Both studies highlight

the potential of RL combined with DC in enhancing both trading and pattern

recognition in financial time-series data.

[153], [154] and [155] all employ Deep Q Networks for trading different asset

classes in different ways, ranging from statistical arbitrage to commodity futures,

with the first two works demonstrating effective strategies in high frequency envi-

ronments and all three demonstrating positive results. [156] and [157] implement

PPO with [156] combining this with a convolutional neural network and short-

term memory networks to enable the processing of time-series data. [157] uses

LSTM networks in a multi-agent system to produce a profitable strategy on the

EUR/USD currency pair. [156] produces similarly positive results for it’s approach

on high frequency NASDAQ data.

[158] and [159] both use a system of hierarchical DRL agents that have been

trained to trade in high frequency environments, with both methods yielding im-

pressive results in the cryptocurrency market. [160] focusses more on the internal

neural network structure as opposed to the architecture of the agents and opts for

implementing a transformer based model. This approach also yields impressive

results but on the US stock market as opposed to the cryptocurrency market.

[161] and [162] both employ actor critic methods that investigate the ability

of these deep reinforcement learning algorithms to trade the stock market and

cryptocurrencies respectively, with the latter focusing on high frequency data.

These works both demonstrate how useful DRL can be for trading but highlight

the sticking points of training stability when considering DRL methods, proposing

that future work should be steered more towards this area. The development

of the platform in [163] demonstrates the interest in growing the area of deep

reinforcement learning. The developed platform standardises the approach taken

to train the required agents and the necessity to define state and action spaces as

well as reward functions when training these agents which will likely lead to much

more future progress in this space.
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Reinforcement learning has a significant body of work exposing its application

to trading in general, but only two of these approaches seem to consider the appli-

cation of RL to DC sampled data. These two works [151,152] do not consider deep

reinforcement learning, as is used in many of the other successful approaches. By

investigating the use of deep reinforcement learning with FX data sampled under

the DC sampling paradigm, a significant gap in the literature would be filled as it

is a logical continuation of the research space.

3.4 Summary

This chapter provided the background information and literature for the applica-

tion of machine learning techniques to financial data used in this thesis. In Section

3.1 supervised learning techniques that form the basis of deep supervised learning

were discussed. These supervised learning techniques also included the deep learn-

ing methods that are a key component of the deep reinforcement learning methods

discussed in Section 3.2, which themselves detail the techniques used in Chapters

4, 5 and 6. Finally, Section 3.3 discuses how machine learning algorithms are used

to train financial models in related works.

The literature review in Section 3.3 analysed how increasingly more complex

machine learning methods have been used for trading financial assets, with a bias

towards FX data as that is the focus of this thesis. It was found that shallow

supervised learning methods are effective for predicting price movement but can

be enhanced with deep learning methods. The literature also reveals that evolu-

tionary algorithms are very effective when dealing with directional change sampled

data, which would lead us to believe other more advanced machine learning algo-

rithms could also perform well using DC sampled data. Finally, the application of

reinforcement learning to trading was analysed and it was discovered that there

are a number of studies that have used RL to trade, but often face issues with

making the results realistic. A gap in the literature was also identified where deep

reinforcement learning and DC sampled data intersect as there are currently only
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two works outside of this thesis that apply RL to DC sampled data and they

are both on stock data and do not use deep learning methods with RL. The fol-

lowing three chapters consist of the thesis contributions, over the course of these

three chapters increasingly more complex and realistic trading algorithms using

DC sampling and machine learning are developed with the intention of profitably

trading in high frequency trading FX markets.



Chapter 4

Positionally-Naive Deep

Reinforcement Learning Trading

4.1 Motivation

In this chapter, a novel trading agent framework FDRL (Filtered Deep Reinforce-

ment Learning) is introduced, which uses the deep reinforcement learning (DRL)

technique of PPO described in Section 3.2.4 to optimise the trading decisions of a

set of trading agents in high-frequency FX environments. Unlike traditional ML-

based methods that rely on adding trading rules to price move predictions made by

supervised learning models, FDRL takes an agentic approach. This allows agents

to learn and adapt their actions based on the evolving state of the market and

receive rewards directly related to the outcomes of their actions.

The FDRL framework leverages the Proximal Policy Optimisation (PPO) al-

gorithm, due to its inherent stability and training efficiency, to train the agents

in a simulated market environment. This environment was designed to provide

signals based on data sampled using the directional changes (DC) framework.

By attempting to learn the optimal trading policy within this environment, the

agents can make decisions directly related to trading performance by focusing on

the steps required to maximise returns rather than predicting precise price points

68
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which would indirectly influence trading behaviour through a rule-based wrapper.

By comparing FDRL results to technical analysis and directional change bench-

marks, it is shown that the combination of DRL and DC sampling offers a more

robust and adaptive trading solution at a fixed transaction cost of 0.025% of the

position size. The ability of the resultant FDRL agents to extract valuable infor-

mation from the DC framework allows it to outperform strategies that do not use

deep reinforcement learning or DC-based sampling.

The rest of this chapter is organised as follows. Section 4.2 explains the method-

ology used to conduct the experiments, Section 4.3 then discusses the experimental

setup. The results are then presented in Section 4.4 and interpreted in Section 4.5.

Section 4.6 then summarises the findings of the study.

4.2 Methodology

An overview of the FDRL methodology is presented in Figure 4.1 that shows the

flow of data through the methodology pipeline. The first step shows the splitting

of FX tick data for a given currency pair into windows which was then sampled and

enriched using the DC sampling algorithm, before each window was split further

into the required training, validation and test sets. The training and validation

sets of each window were then ready to be used to train and optimise the agents

before being retrained using the concatenated training and validation sets, the

output of which was assessed and reported using the test set.

In the first methodology section, the data preparation required for training a

DRL agent per window is discussed. This involved manipulating the tick data

to provide cleaner trading signals and designing the environment, action space,

state space and reward function in such a way that the DRL agents were able to

learn an effective trading policy. The training and hyperparameter optimisation

process is then discussed, before outlining the trade filtering alteration made after

discovering trading characteristics on the validation set that had to be made in

order to limit losses on loss-making windows.
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Figure 4.1: Experiment Methodology (see Section 4.3.2 for real network architec-
ture)

4.2.1 Training Preparation

Data Preparation The raw tick data went through a number of data prepara-

tion steps before it was ready to be used for training. The first of these steps was

to split the tick data into weekly segments to create a contiguous array of weeks

over the duration of a year (see Section 4.3 for more details). A rolling window

was then applied to the array of weeks to create 4-week windows that consist of

a 2-week training period, a 1-week validation period and a 1-week testing period

of raw ticks. Each window of raw ticks was then sampled using the DC sampling

algorithm and the DC based indicators listed in Table 4.1 were calculated to gen-

erate the features for the training, validation and test sets. The prepared data was

then used to simulate historical market behaviour and therefore created a training

environment for the DRL agents to learn in.

Environment Development Once the data had been prepared, each individ-

ual agent underwent the same training process per window, involving the same

environment definition, so the only difference in setup from one agent to another

was the training data. The experiment was set up like this with the prior under-

standing that the market experiences different regimes that cause price behaviour
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Indicator Description Equation Period

TMV Ratio of whole price
move to threshold

|∆price|
θ

1

OSV Percentage change
between current
DCC and previous
DCC normalised by
threshold

(
DCCt−DCCt−1

DCCt−1

)
θ

(3, 5, 10)*

RDC Number of ticks ad-
justed by the return of
the event

(TMV ∗θ)
∆Eventt

(3, 5, 10)*

TDC Number of ticks over
the course of the event

∆Eventno.ticks (3, 5, 10)*

NDC Number of ticks over
a certain number of
events

∑n
i=0 Eventno.ticksi (1, 10, 20, 30, 40, 50)

CDC Sum of |TMV | over
a certain number of
events

∑n
i=0 |TMV |i (1, 10, 20, 30, 40, 50)

AT Difference between
the number of ticks
spent on an up and
down trend over n
events

∑n
i=0 UpEventno.ticksi−∑n
i=0 DownEventno.ticksi

(1, 10, 20, 30, 40, 50)

Table 4.1: DC Indicators
Where: θ is DC threshold and DCC is DC confirmation point (Periods marked
with a * use a moving average of the indicator)
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to change over a period of time [36]. By allowing different agents to learn based on

the recent window of preceding data, the price dynamics (regime) of their training

data was more likely to reflect the regime of the price data they were tested on.

The environment was defined as a custom environment in the Gym [164] Python

library so that it was compatible with the appropriate reinforcement learning and

deep learning libraries.

Action Space The action space of the agent refers to the set of possible actions

the agent was able to take at each time step. The action space chosen for this

experiment was discrete, as the agent was only allowed to either buy or sell. This

action space was selected after preliminary testing on a smaller subset of validation

data, which consisted of providing the agent with three possible actions of buy, sell

and hold. This resulted in the agent learning policies that consisted of little to no

trading activity as the agent learned that buy or sell actions would result in losses

due to the immediate transaction costs and therefore would fall into a policy space

of just holding its first position and never executing any further trades. To counter

this behaviour the option to hold a trade was removed, forcing the agent to make

a decision between buy and sell. The agent was still able to hold its position by

suggesting the same action as the current position, but reducing the option to two

actions instead of three provoked much more active trading while still allowing for

transaction costs and coaxed the agent into learning a more profitable strategy.

State Space The state space refers to the representation of the environment

the agent observed at each time step. The state space was generated from the

data that was prepared to represent the real FX market at a given point in time,

therefore the agent received the DC data as a representation of market state and

used this to make decisions. A fine balance between information rich data and lack

of noise in the environment representation had to be struck as the agent needed

to be provided with as much data as possible so it was able to learn an effective

policy, but also to not have confused the agent with misleading signals as a result of
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noise. The state at each time step was represented by a preceding window of price

data and relevant features. The selection of the appropriate size for the previous

window of time steps (also known as the state space lag) that was provided as

input to the agent represents another hyperparameter that required tuning (see

Section 4.3.2 for details).

More formally, the state space S represents the set of all possible observations

the agent can receive from the environment. In the context of this trading system,

each state st ∈ S is a tensor consisting of market features over a temporal window.

Specifically, the state at time t is constructed as:

st = [ft−ℓ, ft−ℓ+1, . . . , ft−1, ft] ∈ Rd×ℓ (4.1)

where ft ∈ Rd represents the feature vector at time step t with dimensionality

d = 30 (comprising the DC-based indicators defined in Table 4.1), and ℓ = 5 is the

state space lag (the lookback window size). The complete state representation is

therefore a 150-dimensional vector that is flattened before being passed as input

to the policy and value networks.

Each feature vector ft contains 30 elements calculated from the DC-sampled

data: 1 TMV value, 3 OSV values (one for each period: 3, 5, 10), 3 RDC values,

3 TDC values, 6 NDC values (one for each period: 1, 10, 20, 30, 40, 50), 6 CDC

values, 6 AT values, plus the DC event start and end prices (2 values). This results

in d = 1 + 3 + 3 + 3 + 6 + 6 + 6 + 2 = 30 features per time step. When combined

with a temporal lag of ℓ = 5 time steps, the resulting state space dimensionality

is d× ℓ = 30× 5 = 150.

The dimensionality of the state space is crucial for the agent’s learning capabil-

ity. A state space that is too small may lack sufficient information for the agent to

distinguish between different market conditions, whilst an excessively large state

space can suffer from the curse of dimensionality, making it difficult for the neu-

ral network to generalise effectively. The choice of features and temporal window

length directly determines the state space dimensionality, which in turn affects
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both the computational requirements and the agent’s ability to learn an effective

policy. The use of deep neural networks in this framework allows the agent to

handle this relatively high-dimensional continuous state space, which would be

intractable for traditional tabular RL methods like Q-learning.

Reward Function A reward function was used to provide feedback to the agent

at each time step to help guide its training and was crafted to elicit the correct

behaviour from the final trained agent. Each agent was provided with a fixed

starting balance of 100 units of the base currency for each pair and was rewarded

with the profit of a trade once the position was closed. If the trade was not

closed then the agent received a reward of zero for each time step. This reward

function then created a balance between the incentive to trade frequently in order

to realise a larger number of positive returns but also to identify effective trading

opportunities that did not result in losses.

4.2.2 Agent Training

Once the environment and all its components had been designed, the agent was

ready to be trained. The training process involved iterating over each step of the

environment to generate an action from the agent, the new environment state of

this action and the reward was then fed back into the agent and the cycle continued

until a terminal condition was met. The duration of this training process was

defined by the number of time steps, a hyperparameter that was passed to the

training algorithm. The strategy applied to the tuning of the hyperparameter is

defined in Section 4.3.2. The number of time steps defined how many times the

algorithm iterated through each time step of the data. The implementation of

the deep reinforcement learning algorithm was largely abstracted by the Stable

Baselines 3 (SB3) library [165] with a PyTorch 1 backend. The SB3 library

integrates well with the Gym library which was used to design the environment

and was able to automatically step through this process and apply the required

1https://pytorch.org/
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Figure 4.2: Consolidation Period when sampled at 0.015% but not when sampled
at 0.029% showing how different DC thresholds provide different outlooks on the
data.

updates to the weights of the deep neural networks representing the value and

policy network of the DRL agent. This whole process returned a trained model

per window, the trained model then used the validation set to identify the correct

set of hyperparameters.

4.2.3 Trade Filtering

Analysis of the trading strategies learned by the DRL agents on validation sets

across a subset of currency pairs and windows revealed the consistent pattern that

agents predominantly learned to execute trades during periods of low volatility,

termed ‘consolidation periods’ in this thesis. These consolidation periods are char-

acterised by successive DC trends exhibiting minimal or absent overshoot move-

ments, as illustrated by the solid lines representing 0.015% DC moves in Figure

4.2.

The identification of consolidation periods is threshold dependent. This can

be observed in Figure 4.2, where the dotted 0.029% threshold lines do not cap-

ture a consolidation period for the same underlying tick data, demonstrating how

different DC thresholds provide distinct perspectives on market behaviour. This

threshold sensitivity arises because larger thresholds require greater price move-

ments to trigger DC events, potentially filtering out the smaller oscillations that

define consolidation periods at lower thresholds.
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Preliminary testing indicated that whilst agents occasionally identified these

periods autonomously, their performance was inconsistent. When successful iden-

tification occurred, agents exhibited distinctive trading behaviour. This involved

rapid opening and closing of positions across successive DC trends, with this pat-

tern repeating until the consolidation period concluded. However, the agents strug-

gled to reliably distinguish consolidation periods from other market conditions

without additional structure. This limitation meant that agents would sometimes

attempt similar rapid trading strategies during non-consolidation periods, leading

to poor performance.

To address this challenge, a filtering mechanism was introduced in the testing

environment to explicitly identify and restrict trading to consolidation periods.

The filter operates by monitoring DC trends for the absence of overshoot events,

permitting trading only after a specified number of consecutive no-overshoot trends

have been observed. This approach effectively acts as a gating function, enabling

the agent to trade when market conditions match the consolidation pattern it has

learned to exploit, whilst preventing trading during unsuitable market regimes.

The threshold parameter for this filter (specifically the number of preced-

ing consecutive no-overshoot trends required to activate trading) was determined

through systematic hyperparameter optimisation. A grid search was conducted on

the validation sets, testing values of 2, 5, 10, and 20 successive no-overshoot trends

(as detailed in Section 4.3.2). This search identified 5 consecutive no-overshoot

trends as the optimal trigger value, yielding the highest total return across the

subset of validation sets evaluated. This value represents a balance where fewer

required trends (e.g. 2) resulted in premature trading activation during brief peri-

ods resembling consolidation, whilst more conservative thresholds (e.g. 20) delayed

trading activation and reduced the number of exploitable consolidation periods.

The resultant trading behaviour emerging from this filtered approach is examined

in greater detail in Section 4.5, where the final results and their implications are

interpreted.
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4.2.4 Performance Metrics

Once the agents were trained on the concatenated training and validation sets,

their performance was tested using a number of metrics. Marginal return (see

Equation 4.2) was used to measure each individual trade made by the agent in a

specific window. The successive accumulation of the marginal returns results in

the total return (see Equation 4.3) which was used to measure the overall success

of the system of agents. Maximum Drawdown (see Equation 4.4) was used as a

measure of risk as this represents the largest loss that had to be incurred in order

to produce the final total return result. Total return and maximum drawdown give

a breakdown of the realised upside and downside associated with this performance,

the Calmar ratio was then used to represent both these performance metrics in a

single aggregated value and therefore provided a measure of risk adjusted return.

MR = ±%∆p ∗ Psize (4.2)

where: MR is marginal return, p is price, sign is changed to reflect profit and

loss, and Psize is the position size, this represents the quantity of the currency pair

being traded for a specific position.

R =
no.trades∑

i=0

MRi (4.3)

where: R is total return, and MRi is the marginal return defined in Equation 4.2

for trade i.

MDD =
ρ− τ

ρ
(4.4)

where: MDD is maximum drawdown, ρ is the peak balance before largest drop,

this refers to the largest balance observed at the peak of the largest drop in the

balance, and τ is next lowest balance before a new high, this refers to the lowest

balance observed after the peak balance before the balance rises above the peak

value.
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CalmarRatio =
R

MDD
(4.5)

4.3 Experimental Setup

4.3.1 Data

The tick data for fourteen currency pairs was downloaded from TrueFX.com2.

Data for currency pairs AUD/JPY, CAD/JPY, CHF/JPY, EUR/CHF, EUR/GBP,

EUR/JPY, GBP/JPY were taken from the period 01/05/2022 to 30/04/2023, the

remaining seven currency pairs all include USD (AUD/USD, EUR/USD, GBP/USD,

NZD/USD, USD/CAD, USD/CHF and USD/JPY) and were sampled from the pe-

riod of 01/01/2022 to 31/12/20223. The size of each rolling window was 4 weeks of

physical time with a shift of 1 week from one window to the next. These size and

shift values were selected based on the number of resultant DC trends that could

be obtained based on the threshold since the larger the threshold, the fewer DC

trends there are. It was ensured that a number of DC trends were present in each

set of the data to not only account for the leading values of the indicators but also

to provide the DRL agent with enough data to learn from and generalise correctly.

The DC sampling method was applied to the midpoint of the bid and ask prices

obtained from the raw data. This sampling method was applied independently

to the training, validation and testing set per window, resulting in three sets of

events under the DC framework per window. This process was repeated for the set

of windows for each pair using an array of eight DC thresholds (θ), ranging from

0.015% to 0.029% with gaps of 0.002% between each threshold totalling 5488 (14

pairs × 8 thresholds × 49 windows) datasets. Each threshold produced a different

summary of the data, therefore requiring the FDRL agent to be tested on mul-

tiple thresholds to identify how effective it is at trading under the DC sampling

2https://www.truefx.com/truefx-historical-downloads/
3Limitations inherent to the data source meant these periods for the two sets of currency

pairs were collected separately, hence the difference in date ranges.
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framework.

4.3.2 Hyperparameter Optimisation

Training models using Deep Reinforcement Learning algorithms is a computation-

ally expensive process so a grid search was run over a subset of validation sets

to identify the most effective array of different model architectures and activation

functions. From a subset of the total number of validation sets, it was determined

that both the policy and the value networks produced the best results with two

hidden layers of 64 units each and the ReLU activation function. This means that

the full architecture of the policy network was (150, 64, 64, 2). The number of

input neurons was defined by the 30 input values per time step as shown in Table

4.1 (no. indicators × no. periods + DC start and DC end price = 30 features

per time step) multiplied by the lag of 5 time steps. The final two neurons of the

policy network were then for buy and sell actions.

The hyperparameters batch size and n epochs were also identified through

a grid search on a subset of validation sets. It was observed that a batch size of

65,536 and an n epochs value of 10 produced the most favourable results without

introducing impractical computational overhead.

State space lag and training time steps were also optimised using a heuristic

approach. By performing a grid search over the same subset of validation sets on

lag values of 5, 10 and 20, it was clear that no lag value offered any significant

benefit over another but the computational expense increase associated with larger

lag values made 5 trends the most appropriate value. The same optimisation

process was used for identifying the number of training time steps. Training the

subset of models for 1 million time steps showed that after 200,000 time steps the

models experienced no significant performance increases in the validation sets and

in some cases began to over fit the training data.

From preliminary testing it was discovered that the agents cannot trade prof-

itably outside of consolidation periods, so in order to avoid making trades outside
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of the consolidation periods, the filtering approach was developed to identify when

the market was entering these periods. This approach involved identifying, under

the DC framework, when the market had a certain number of successive trends

with no overshoot event. The number of preceding successive trends that would

trigger trading was a hyperparameter that was determined by testing the trading

algorithm with values of 2, 5, 10 and 20 successive trends. Setting this hyperpa-

rameter at 5 produced the highest total return on the subset of validation sets and

was determined the optimal value, so was used to produce the final results.

4.3.3 Benchmarks

The FDRL trading benchmarks consist of Buy and Hold (B&H), BLV (Blind Low

Volatility), RSI (Relative Strength Index) and MAC (Moving Average Crossover)

with each benchmark strategy defined below.

Buy and Hold (B&H) The B&H benchmark strategy enters a long position

on the first DC event and then exits that position on the final DC event, making

a single trade over the duration of the data. The B&H strategy is a common

financial benchmark, as it is a passive strategy (not active trading) so is a useful

comparison to strategies that perform active trading.

Algorithm 6 Buy and Hold Trading Strategy

Require: Initial balance

1: Initialise agent with initial trading balance

2: Buy at the opening price of the first trading period

3: Hold for duration of data

4: Sell at the closing price of the last trading period

Ensure: Output final return

Moving Average Crossover (MAC) The Moving Average Crossover (MAC)

strategy is technical analysis strategy that uses data sampled at a fixed interval

and two moving averages to identify trading opportunities. This strategy calculates
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two moving averages (MAs), namely a fast and a slow MA, derived from the fixed

interval sampling of the tick mid-prices for two separate periods. The period for

the fast MA is based on a smaller number of periods than the slow MA and as

a result is more sensitive to price changes. When the fast MA crosses above the

slow MA, a buy signal is given and conversely, when it crosses below, a sell signal

is given.

In order to identify a best case scenario metric for this strategy, a grid search

was run over four different fixed sample interval (1 second, 15 minute, 1 hour and

4 hour intervals), three different short moving average periods (5, 7 and 10) and

three different long moving average periods (10, 14 and 20) and the best result

from these is reported in the results in Section 4.4. This strategy represents the

more classic form of technical analysis without the use of the DC framework and

is used to compare how the performance of an ML and DC based strategy differs

from that of a traditional technical analysis strategy.

Relative Strength Index (RSI) The Relative Strength Index (RSI) strategy

is based on the RSI technical analysis indicator and uses data sampled at a fixed

interval to identify trading opportunities. The RSI strategy calculates the RSI

indicator over a given period and defines an oversold and overbought level at 30

and 70 respectively. Whenever the RSI value crosses below the oversold level,

a buy trade is executed and the opposite when the RSI value crosses above the

overbought level. The intention being that the price will reverse as the market

moves back to an equilibrium. When this corrective move is made and reaches

the overbought or oversold level, the trade is exited and any profits or losses are

taken.

As with MAC, to identify a best case scenario metric for this strategy, the RSI

strategy was run over four different fixed sample interval (1 second, 15 minute,

1 hour and 4 hour intervals) and three different RSI periods (10, 14 and 20),

the best result from these is reported in the results in Section 4.4. This strategy

represents an alternative technical analysis strategy to the MAC strategy described
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Algorithm 7 Three Moving Averages Trading Strategy

1: Input: Define short period, medium period, long period, and data
2: Calculate:
3: short MA← Moving average over short period
4: medium MA← Moving average over medium period
5: long MA← Moving average over long period (filter)
6: Initialise:
7: position← None
8: entry price← None
9: for each time step t in data do

10: if short MA[t] crosses above medium MA[t] and both are > long MA[t]
then

11: if position = None then
12: Enter Buy Trade:
13: position← buy
14: entry price← price[t]
15: end if
16: end if
17: if medium MA[t] crosses below short MA[t] and both are < long MA[t]

then
18: if position = buy then
19: Exit Trade:
20: position← None
21: Record profit or loss (exit price− entry price)
22: end if
23: end if
24: end for
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previously and again is used to compare how the performance of an ML and DC

based strategy differs from that of a traditional technical analysis strategy.

Algorithm 8 RSI Trading Strategy

1: Input: Define RSI period = 140, overbought = 75, oversold = 25, and data
2: Calculate:
3: RSI ← Relative Strength Index over RSI period
4: Initialise:
5: position← None
6: entry price← None
7: for each time step t in data do
8: if RSI[t] crosses below oversold level then
9: if position = None then

10: Enter Buy Trade:
11: position← buy
12: entry price← price[t]
13: end if
14: end if
15: if RSI[t] crosses above overbought level then
16: if position = buy then
17: Exit Trade:
18: position← None
19: Record profit or loss (exit price− entry price)
20: end if
21: end if
22: end for
23: Optimisation (Grid Search):
24: Define range of possible values for overbought and oversold levels
25: for each pair of overbought and oversold levels do
26: Apply the strategy
27: Evaluate performance (e.g., profit, drawdown)
28: end for
29: Output: Best pair of overbought and oversold levels and trade performance

Blind Low Volatility (BLV) The filter used in the FDRL trading strategy

ensures that the agent can only trade once there has been a consolidation period,

a set of events characterised by a lack of overshoot move as described in section

4.2.3. In order to compare the marginal benefit of employing DRL, a simple DC-

based strategy that tests the trading results of just the filter can be used. This

strategy is referred to as the Blind Low Volatility strategy and tells the agent

to buy at the DCC of a downtrend and sell at the DCC of an uptrend when
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the filter allows trading. When the filter no longer allows trading, the rule-based

system will exit the market and not trade until permission from the filter is granted

again. Given the agent’s propensity to trade in consolidation periods, by testing a

strategy that is not selective of the type of consolidation period it trades, it can be

determined if the agent is inferring both the significance of the oscillating trends

as well as the behaviour of the future trends.

Algorithm 9 Blind Low Volatility Trading Strategy

Require: Historical price data, Threshold for trend detection, Number of no-

overshoot trends (N)

1: Initialise agent state and position status (flat, long, short) as flat

2: Set trade permission to false

3: for each trading period t do

4: Calculate DC move for period t

5: Update no-overshoot trend counter based on DC move and overshoot

6: Set trade permission to true if counter ≥ N , otherwise false

7: if trade permission is false and holding a position then

8: Exit market

9: end if

10: if trade permission is true then

11: if position status is flat then

12: Buy at DCC of downtrend or sell at DCC of uptrend, update position

status

13: else if long position and uptrend or short position and downtrend then

14: Exit market, set position status to flat

15: end if

16: end if

17: end for

Ensure: Output trading strategy based on trades made during low volatility pe-

riods
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4.4 Results

This section presents the results of total return, maximum drawdown and Cal-

mar ratio between the FDRL trading strategy and the benchmarks outlined in

Section 4.3.3. Total return, maximum drawdown, and Calmar ratio metrics are

evaluated across all strategies under a fixed transaction cost of 0.025%. The

FDRL and Blind Low Volatility (BLV) strategies were tested across DC thresholds

(0.015%–0.029%), all other benchmarks used fixed-interval sampling and therefore

produce a single result per currency pair.

The FDRL agents demonstrate exceptional returns that exceed conventional

expectations for FX strategies operating under comparable cost constraints. These

returns exhibit patterns suggesting learned strategic exploitation by the agent of

the fixed transaction cost structure and other common assumptions made when

backtesting such as a lack of slippage constraints, resulting in the agent making

frequent micro-transactions that capitalise on the fixed transaction cost and lack

of slippage (both of which are addressed in Chapter 6). Section 4.5 investigates

the learned behaviour of the agents to understand how they managed to produce

such extreme returns and suggests ways in which this information could be used

to make future efforts more realistic while still maintaining profitability.

Total Return The total returns for each strategy, as presented in Table 4.2a, re-

veal differences in performance across the 14 currency pairs. The extreme returns

achieved by the EUR/CHF, EUR/GBP, and EUR/JPY currency pairs stand out,

with peaks reaching 27971.37%, 11881.4%, and 154275.3% respectively. These

three pairs significantly outperformed the other 11 currency pairs, demonstrat-

ing that they learned a unique trading strategy under the FDRL framework (see

Section 4.5 for further investigation into trading behaviour). The results show sub-

stantial returns across most currency pairs during the testing period. Exceptions

to this trend include 7 pair-threshold combinations that resulted in negative re-

turns. These exceptions include AUD/JPY at DC thresholds of 0.015%, 0.017%,
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Figure 4.3: FDRL Total Return Correlation Coefficients

and 0.019%, CAD/JPY at thresholds of 0.015% and 0.017% and CHF/JPY at

0.015% and 0.019%. This outcome suggests that while the strategy was effective

overall, its performance varied depending on the currency pair and DC threshold

under which the data was sampled.

When the variation in FDRL performance across different DC thresholds is

analysed, it can be observed that higher DC thresholds are generally associated

with increased total returns. Figure 4.3 presents the correlation coefficients be-

tween the total returns of each currency pair and the 8 DC thresholds ranging

from 0.015% to 0.29%. Most currency pairs show a correlation coefficient exceed-

ing 0.6, with pairs such as AUD/JPY, CHF/JPY, EUR/GBP, and GBP/JPY

showing correlations above 0.8. Notably, the majority of these correlations are

statistically significant (p < 0.05), with several pairs including AUD/JPY (p <

0.001), CHF/JPY (p = 0.001), EUR/GBP (p = 0.002), and GBP/JPY (p = 0.004)

demonstrating highly significant relationships. Exceptions to this trend include

AUD/USD (p = 0.19), GBP/USD (p = 0.69), and USD/CAD (p = 0.35), which

display correlation coefficients below 0.6 and non-significant p-values greater than

0.05. These findings align with the hypothesis derived from Table 4.2a, supporting

the conclusion that performance improves with higher DC sampling thresholds.

When comparing FDRL to the BLV trading strategy that blindly implements

the no OS filter, it can be seen that FDRL is by far the superior trading strategy.
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The BLV strategy consistently produces negative returns across all currency pairs

and DC thresholds demonstrating how ineffective it is relative to FDRL. This clear

difference in performance is down the FDRL’s ability to adapt to the magnitude of

the range of the consolidation period which can exceed the DC threshold provided

when successive ticks change by a percentage greater than the provided threshold.

This behaviour emphasises the efficacy of the reinforcement learning component

in the FDRL framework, which adapts and learns an optimal policy on top of the

filtering mechanism that is applied. Without this dynamic learning provided by the

DRL component of the trading framework, the strategy’s performance would be

similar to that of the BLV approach. These findings demonstrate the critical role of

reinforcement learning in enhancing trading strategies and achieving consistently

high returns.

The buy and hold strategy generated positive returns for 9 out of the 14 cur-

rency pairs, demonstrating that over half of the pairs generated positive returns

without requiring active trading. The scale of the passive buy and hold returns

however, is significantly overshadowed by the results of FDRL. This difference in

these two results shows clearly that FDRL is the more effective trading strategy

and active trading is required in order to generate more returns than the buy and

hold strategy over this period in time. These results support the argument that,

while the buy and hold approach may generate some positive results, it does not

capitalise on the dynamic market opportunities that active strategies like FDRL

can exploit.

The fixed interval technical analysis benchmarks, represented by the Moving

Average Crossover (MAC) and Relative Strength Index (RSI) strategies, outper-

form the buy and hold strategy for the majority of currency pairs (10 of 14). Even

among the pairs where active technical analysis trading does not exceed buy and

hold returns, positive returns can still be achieved in all cases except USD/CAD.

FDRL consistently outperforms both the passive buy and hold approach and the

active technical analysis benchmarks, demonstrating that active DC and DRL-
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based trading can generate considerably more returns than both the passive buy

and hold strategy and the fixed interval, technical analysis trading strategies.

The null hypothesis, stating that there is no statistically significant difference

in performance across the trading strategies, was tested using the non-parametric

Friedman test and Conover’s post hoc test. Table 4.2b reports the results of these

tests, including the average rankings for each strategy.

The results demonstrate that the FDRL strategy, which uses both deep re-

inforcement learning (DRL) with directional change (DC) sampling, significantly

outperforms all benchmark strategies. It achieves the highest average ranking

(1.28), outperforming the passive buy-and-hold strategy (1.53), fixed-interval tech-

nical analysis methods (e.g. MAC and RSI, which perform similarly to buy-and-

hold), and the Blind Low Volatility (BLV) strategy. While BLV employs DC

sampling, its reliance on rigid rule-based trading as opposed to more dynamic

DRL decision making, leads to consistently poor performance across all datasets.

These results highlight the advantage of combining reinforcement learning with DC

sampling to optimise trading outcomes, emphasising the limitations of traditional

time-based sampling and rule-based trading approaches.

Maximum Drawdown The potential of the FDRL strategy is undoubtedly

promising, yet assessing its associated risks is essential to gauge the true value of

the strategy. One critical measure for evaluating risk is the maximum drawdown

metric, which indicates the largest peak-to-trough decline in the strategy’s value.

Table 4.3a provides the maximum drawdowns for each strategy, revealing that

while FDRL demonstrates strong performance for some currency pairs, it also en-

counters significant drawdowns for others. For instance, in the cases of AUD/USD

and NZD/USD, the strategy experiences substantial drawdowns for most direc-

tional change (DC) thresholds, reaching peaks of 77.33% and 69.98% respectively

at a DC threshold of 0.015%. Such severe drawdowns, particularly at the start

of trading, can adversely impact the total return results by reducing the available

capital for subsequent trades, potentially diminishing profitability.
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Despite the poor performance of FDRL on AUD/USD and NZD/USD, certain

currency pairs exhibit minimal drawdowns under the FDRL framework. Pairs

such as AUD/JPY, CAD/JPY, CHF/JPY, EUR/JPY, GBP/JPY, and USD/JPY

demonstrate very low maximum drawdowns, with values as low as 0.18%, 0.15%,

0.09%, 0.07%, 0.03%, and 0.16% respectively. This pattern suggests that the

FDRL strategy is particularly effective at mitigating drawdown risks when applied

to JPY currency pairs. The consistent performance across these pairs demonstrates

the strategy’s robustness in managing risk within this specific subset of currency

pairs, suggesting potential opportunities for strategic application in JPY-focused

trading scenarios.

When comparing FDRL to the technical analysis benchmarks, it becomes clear

that while technical analysis strategies may show relatively weak performance in

terms of total return, they provide stronger competition when considering maxi-

mum drawdown and therefore trading risk. FDRL achieved the most favourable

maximum drawdown in six of the fourteen currency pairs, all of which involve JPY,

while the RSI benchmark strategy outperforms FDRL in seven pairs, and MAC

outperforms FDRL in one pair (EUR/GBP). For the six currency pairs where

FDRL achieves the lowest drawdown, it tends to provide the best maximum draw-

down by a substantial amount. FDRL’s best maximum drawdown values for these

pairs range between 0.03% and 0.18%, significantly outperforming the benchmarks,

whose best maximum drawdown values on the remaining eight pairs range from

1.38% to 6.66%. The BLV strategy demonstrates particularly poor performance

regarding maximum drawdown. In many cases, its maximum drawdown equals its

total return, indicating a steady decline in returns from the start of trading.

An analysis of the correlation between DC threshold and maximum drawdown

reveals a pattern similar to that observed with total return where maximum draw-

down performance generally improves as DC thresholds increase. Since lower

maximum drawdowns are preferable, supporting evidence of this pattern would

be shown by a negative correlation coefficient between maximum drawdown and
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Figure 4.4: FDRL Maximum Drawdown Correlation Coefficients

the 8 DC thresholds. Figure 4.4 illustrates this relationship, with correlation coef-

ficients below -0.7 observed for currency pairs AUD/JPY, AUD/USD, EUR/GBP,

NZD/USD, and USD/CHF. Among these, AUD/JPY (p = 0.008), AUD/USD (p

= 0.03), EUR/GBP (p = 0.04), NZD/USD (p = 0.03), and USD/CHF (p = 0.01)

demonstrate statistically significant negative correlations, suggesting that higher

DC thresholds significantly reduce maximum drawdowns for these pairs, enhancing

the risk profile of the strategy. For the remaining currency pairs, the relationship is

slightly weaker but still notable. Most show correlation coefficients of -0.5 or less,

indicating moderate improvements in drawdown performance with increasing DC

thresholds, though these relationships are generally not statistically significant (p

≥ 0.05). Exceptions such as EUR/USD (p = 0.83) and GBP/JPY (p = 0.72) dis-

play only very weak negative correlations with non-significant p-values, suggesting

that DC threshold adjustments have minimal impact on drawdown performance

for these pairs.

The results of the non-parametric Friedman test and the post hoc Conover

test for maximum drawdown, along with the rankings of each trading strategy,

are presented in Table 4.3b. The Friedman test indicates statistically significant

differences among the four trading strategies, as shown by a p-value of 1.381e-33

that does not exceed the significance threshold of 0.05 set prior to testing. From

the rankings, the RSI strategy is the best performing algorithm for maximum
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drawdown, achieving an average rank of 1.56. RSI outperforms the FDRL strat-

egy which has a similar average ranking to MAC, with values of 2.37 and 2.38

respectively. The statistical significance of RSI’s performance is further supported

by the Conover post hoc test, which reveals a p-value of 3.552e-09 when comparing

RSI with FDRL. The BLV strategy ranks as the worst performing strategy, with

an average ranking of 3.69. FDRL significantly outperforms BLV, demonstrating

BLV’s limitations in managing maximum drawdown effectively.

Calmar Ratio To assess the risk-return trade-off of a trading strategy, the Cal-

mar ratio is used as a risk-adjusted return metric. This ratio measures trading

performance by comparing the total return to the maximum drawdown of the

strategy. Table 4.4a reports the Calmar ratios for the FDRL, BLV, RSI and MAC

strategies. As with the total return results presented in Table 4.2a, the FDRL

strategy shows significantly higher Calmar ratios compared to the other three

strategies. For the EUR/JPY currency pair, the combination of extreme total

returns and very low maximum drawdown levels results in exceptionally high Cal-

mar ratios, with the largest value reaching 999,582.79 at a DC threshold of 0.029%.

The underlying reasons for these extreme returns are explored in Section 4.5.

While all EUR/JPY values generate substantial Calmar ratios, it is clear that

the nature of the Calmar ratio calculation will result in these values when such large

total returns are observed. These findings suggest that, when simulating trading

on the observed data for EUR/JPY across all thresholds under the defined con-

straints, FDRL is a particularly effective approach to trading due to outperforming

other currency pairs by a considerable margin. The specific characteristics of this

currency pair and their implications for the FDRL strategy are further analysed

in Section 4.5.

The negative Calmar ratios observed in the FDRL strategy align with com-

binations of currency pairs and DC thresholds where negative total returns were

reported, as shown in Table 4.2a. All negative Calmar ratios are observed for

currency pairs AUD/JPY, CAD/JPY, and CHF/JPY, each producing a Calmar
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ratio of -1.0 at a DC threshold of 0.015%. While JPY pairs are characterised by

lower maximum drawdowns, the Calmar ratio results reveal that these reduced

drawdowns are associated with negative returns. This indicates that the strategy

learned for these pairs results in small losses, which translate into small negative

returns and consequently a Calmar ratio of -1.0. AUD/JPY and CAD/JPY also

produce a -1.0 Calmar ratio at a DC threshold of 0.017%, while AUD/JPY and

CHF/JPY display the same Calmar ratio at 0.019%. These findings suggest that

for these currency pairs, the FDRL strategy fails to make use of favourable market

conditions identified at large DC thresholds, instead resulting in consistent small

losses.

Analysis of how Calmar ratios change with the DC threshold indicates that a

DC threshold of 0.029% produces the highest Calmar ratio for seven of the fourteen

currency pairs. DC thresholds of 0.027%, 0.025%, and 0.023% produce the best

Calmar ratios for four, two, and one currency pair respectively. Figure 4.5 displays

the correlation coefficients of the Calmar ratio with the DC threshold. Seven of the

fourteen currency pairs demonstrate strong positive correlations with correlation

coefficients exceeding 0.8, with CHF/JPY (p = 0.006), EUR/GBP (p = 0.002),

EUR/JPY (p = 0.003), and USD/JPY (p = 0.004) showing highly significant

relationships (p < 0.01), while AUD/JPY (p = 0.01), CAD/JPY (p = 0.02),

and EUR/CHF (p = 0.02) also demonstrate statistically significant correlations

(p < 0.05). The remaining seven pairs show moderate positive correlations with

coefficients near or above 0.5, though only NZD/USD (p = 0.01) and USD/CHF

(p = 0.03) achieve statistical significance among this group, while AUD/USD (p

= 0.10), EUR/USD (p = 0.13), GBP/JPY (p = 0.21), GBP/USD (p = 0.23),

and USD/CAD (p = 0.09) show non-significant relationships. This overall trend

indicates that the Calmar ratios for all currency pairs positively correlate with the

DC sampling threshold, with ten of fourteen pairs showing statistical significance

(p ¡ 0.05), thereby providing robust statistical support for the hypothesis that

higher thresholds enhance the effectiveness of the FDRL trading strategy in terms
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Figure 4.5: FDRL Calmar Ratio Correlation Coefficients

of risk-adjusted performance.

Only four of the fourteen currency pairs achieve Calmar ratios above 1.04 under

the MAC benchmark, while the RSI benchmark produces a Calmar ratio above

1.0 only for NZD/USD. Overall the benchmarks perform worse than FDRL, this

is even more evident when noting that the best performing pairs under the FDRL

strategy (EUR/JPY, EUR/GBP, and EUR/CHF) report only mediocre returns

when evaluated using the MAC and RSI benchmarks. This contrast shows sig-

nificant differences in the trading behaviour employed by FDRL compared to tra-

ditional technical analysis approaches. These results highlight the efficacy of the

FDRL strategy in leveraging the data of specific currency pairs along with the

use of the DC sampling algorithm and deep reinforcement learning. These results

also show that the market patterns that have been used to generate these extreme

Calmar ratios that are not effectively captured by fixed time interval sampled

technical analysis strategies such as MAC and RSI.

The null hypothesis states that there is no statistically significant difference in

performance across the trading strategies, this is tested using the non-parametric

Friedman test and Conover’s post hoc test. The results of the non-parametric

Friedman test for the Calmar ratios, presented in Table 4.4b, reveal a p-value

of 2.273e-55, indicating that the four strategies are significantly different and the

4A Calmar Ratio above 1.0 is considered favourable as total return is greater than maximum
drawdown.
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null hypothesis can be rejected. Further analysis of the average rankings of each

strategy shows that FDRL achieves an average Calmar ratio rank of 1.23, outper-

forming RSI, MAC, and BLV, which have ranks of 2.38, 2.43, and 3.97, respectively.

These findings demonstrate the superior performance of FDRL under the trading

conditions outlined in this experiment compared to both technical analysis and

BLV benchmarks. To further asses the performance of FDRL, the Conover post

hoc test was applied to test the significance of each strategy relative to FDRL.

The results confirm that FDRL significantly outperforms all benchmark strate-

gies. This outcome suggests that the combination of deep reinforcement learning

and DC sampling offers a substantial advantage over fixed interval sampling and

traditional technical analysis approaches.

Results Summary The analysis of results presented in Tables 4.2a, 4.3a and

4.4a, along with the corresponding significance Tables 4.2b, 4.3b, and 4.4b, in-

dicates that the proposed FDRL algorithm demonstrates superior performance

compared to fixed-interval and technical analysis-based trading strategies. This

superiority is evident in both total returns and risk-adjusted returns, as measured

by the Calmar ratio. When assessing risk, FDRL shows comparable performance

to the MAC strategy but is outperformed by RSI. FDRL however, achieves signif-

icantly higher returns for a similar level of risk in currency pairs where RSI also

performs well, suggesting that FDRL is the overall best-performing strategy. Ta-

ble 4.4a reveals that instances where FDRL was outperformed by RSI or MAC are

generally marginal, whereas its outperformance over these strategies is more evi-

dent. This difference showcases an important aspect not captured by significance

testing alone. Given the extreme returns and therefore extreme Calmar ratios ob-

served for FDRL, the next section analyses the trading behaviour of FDRL with

the goal of identifying the root cause of these unconventionally extreme results.
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4.5 Interpretation

In this section the trading behaviour of the FDRL algorithm is analysed to un-

derstand what is causing the large returns that are observed. From the results

in Section 4.4 it is clear that the FDRL trading agents were consistently imple-

menting a strategy that can generate considerable returns. To investigate this the

profiles of the most extreme currency pairs and the behaviours of the FDRL agents

during these highly profitable periods are analysed.

OS Proportion The EUR/CHF, EUR/GBP, EUR/JPY currency pairs tend to

produce the most striking results across all eight DC thresholds so the analysis

begins with an examination of the profile of these currency pairs. Figure 4.6 shows

the mean OS proportion of the total move for each pair at each DC threshold. This

is therefore telling us which pairs tend to have total DC sampled moves that are

closer to the thresholds used to sample each pair as opposed to moves with much

larger OS portions. From this graph it is clear that EUR/CHF, EUR/GBP and

EUR/JPY have OS moves that range between 5-10% of total move, however all

other pairs tend to have OS moves that range between 20-30% with the exception

of USD/CHF which sits between the smaller group of the three and the remaining

pairs. The graph also shows that increasing DC thresholds tends to result in a

smaller proportion of OS move, an attribute that seems to be a determinant of

successful trading using FDRL and is aligned with what would be expected from

the improved results for larger thresholds in Tables 4.2a and 4.4a.

To further strengthen the understanding of why certain currency pairs gener-

ate substantially higher returns, Figure 4.7 presents the density distribution of OS

proportions across all currency pairs. This distribution analysis reveals the funda-

mental mechanism underlying the superior performance of EUR/CHF, EUR/GBP,

and EUR/JPY. The density curves show that these three pairs exhibit different

overshoot behaviour compared to other pairs, with their distributions heavily con-

centrated near zero OS proportion values. This concentration indicates a high
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Figure 4.6: Mean OS Proportion of Total Move

frequency of events where price reversals occur immediately or shortly after reach-

ing the DC threshold, creating optimal conditions for the FDRL trading strategy.

This is in contrast with pairs such as USD/JPY, AUD/JPY, and CHF/JPY which

display much flatter distributions with substantial density extending toward higher

OS proportions, indicating that their price movements more frequently overshoot

considerably beyond the initial DC threshold before reversing. This overshoot

behaviour reduces trading opportunities and profitability as prices move further

away from optimal entry points before reversal confirmation.

Figure 4.8 complements Figure 4.6 by presenting the number of events per cur-

rency pair with no overshoot. In this figure it is clear that EUR/CHF, EUR/GBP

and EUR/JPY all have much larger numbers of events that have no overshoot

move in the (i.e. as soon as the DC threshold is achieved by a change in price,

the price then reverses). If a currency were to experience prolonged periods of no

overshoot then it is clear that with the filter that has been applied to FDRL that

the DRL agents are much more likely to trade these periods and in turn generate

substantially more profit.

Having identified the key difference in the distribution of overshoot proportions
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Figure 4.7: OS Proportion Distribution for all Currency Pairs

Figure 4.8: Number of No Overshoot Events per Currency-Theta Combination
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Figure 4.9: FDRL EUR/JPY (θ = 0.029%) Equity Curve

and the resulting number of no-overshoot events between the three currency pairs

that generate the highest total returns and those with lower returns, the next

step is to focus on the periods within the dataset that contribute to these larger

returns. By isolating these periods, it becomes possible to analyse the specific

trading behaviour that occurs.

Equity Curves The equity curves are used to identify the periods where the

DRL agent is making the most return. When analysing the spikes in the equity

curve in Figure 4.9 it can be seen that there is virtually no deviation from the

initial 100 currency unit balance until there are sharp spikes in balance. The fact

sharp spikes are observed as opposed to more gradual increases in equity over time

suggests that there are periods that the FDRL agent is making significant profits

over short periods of time. Spikes in equity at numerous other points in the year

were observed, all of which are situated towards the later end of trading. These

spikes suggest that this is when the data fits the optimal conditions for the FDRL

agents to thrive.

Trading Behaviour From Figure 4.9 the period between 22:30 and 23:00 on

8th January 2023 is identified as the period over which the first initial spike in
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the equity curve occurs. Figure 4.10 shows the mid-price over this period. The

most notable characteristic of this graph is the densely packed periods of price

change around the middle and end sections of the time range. These dense periods

represent rapid oscillations in price that tend to be quite uniform. These uniform

oscillations are common phenomena observed in high frequency FX data and can

occur due to a number of reasons but are often attributed to the small and frequent

changes in the limit order book.

Figure 4.11 overlays the DC Sampled data on the raw tick data. From this

figure it can be identified where these rapid price oscillations were equal to or

greater than the 0.029% threshold at which they are sampled. The dense period

in the middle of this time period does not trigger any new DC events as the range

over which the price oscillates is not large enough. The dense periods towards the

end of this range however triggers the sampling of numerous events, a characteristic

that would be missed by fixed interval sampling.

The DC sampled data in Figure 4.11 show us that there are plenty of trading

opportunities for the FDRL agent to take action on, these trading actions are

shown in Figure 4.12. The dense periods of price changes are identified by FDRL

and short positions are executed on alternate DC moves as shown by the red

downward arrows. Every trade is exited on the following DC confirmation point

and then the next trade entry is shown by the red arrow on the following DC event.

The high number of DC events in a short space of time is what leads to these large

returns in Table 4.2a. Figure 4.13 shows a close up of the 10 second period between

22:49:00 and 22:49:10 on 2023-01-08 for EUR/JPY, where the alternate trading

activity from the agent can be seen in more detail. Not every tick is represented

by a DC event over this period and as in some cases there are intermediate ticks

between events.

This trading pattern is the main source of profit for all pairs, EUR/JPY and

EUR/CHF and EUR/GBP have the highest number of no OS events across all

data sets. This therefore means the DRL models have more exposure to this type
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Figure 4.10: EUR/JPY Tick Raw Tick Data between 22:35 and 22:50 on 2023-01-
08

Figure 4.11: EUR/JPY DC Data Sampled at θ = 0.029% between 22:35 and 22:50
on 2023-01-08
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Figure 4.12: FDRL EUR/JPY Trades at θ = 0.029% between 22:35 and 22:50 on
2023-01-08

Figure 4.13: FDRL EUR/JPY Trades at θ = 0.029% between 22:49:00 and 22:49:10
on 2023-01-08



Chapter 4. Positionally-Naive Deep Reinforcement Learning Trading 105

of data to learn from in the training data, as well as an increased number of these

events in the test sets meaning the FDRL agents for these currency pairs are not

only better at trading these environments, but also has more opportunity to trade

them and therefore more potential profit, as shown by the results.

4.6 Summary

This chapter introduces the Filtered Deep Reinforcement (FDRL) trading algo-

rithm, a deep reinforcement learning based methodology for training agents to

trade FX assets using data sampled with the DC sampling algorithm. Each agent

is trained per window across 14 different currency pairs and suggests either a buy

or sell action at each DC event which is then executed in a simulated market envi-

ronment. Transaction costs are modelled as a fixed cost of 0.025% of the position

size, which encompasses both commission fees and the bid-ask spread typically

encountered in foreign exchange markets. Slippage, which refers to the difference

between the expected execution price and the actual execution price due to market

movements during order processing, is assumed to be negligible in this simulation

due to the high liquidity of the major currency pairs traded and is therefore not

explicitly modelled.

The FDRL strategy shows extremely positive returns across almost all 14 cur-

rency pairs. These high returns easily outperform the passive Buy and Hold and

active technical analysis benchmarks that are subject to the same fixed transac-

tion costs as FDRL, suggesting that the FDRL strategy is a much more efficient

algorithm for trading while carrying similar levels of risk, therefore producing

favourable Calmar ratio thresholds across all DC thresholds and all currency pairs.

Analysis of the trading behaviour of FDRL exposes the strategy that is em-

ployed across all pairs and all thresholds, demonstrating that the agents have learnt

to identify small oscillations in the price that have been made more apparent by

the DC sampling algorithm. The agents can then use these periods of small oscil-

lations to quickly enter and exit trades in one direction, alternating buy and sell
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actions to yield profits equal to the DC threshold. The agent then learns to main-

tain its position when these periods of small oscillations come to an end and only

employ the same strategy once the market re-enters this same period. The agent

however relies on a filter to execute the appropriate trades as without this filter it

applies a similar trading strategy to a market regime within which the price is not

oscillating the way it requires for successful trading, resulting in significant losses.

The application of a filter makes FDRL only partially autonomous, meaning

that the strategy employed by the model is not fully learnt. The next chapter

aims to move towards a fully autonomous agent by the introduction of positional

awareness. Positional awareness, along with more advanced training methods, are

used to provide the agent with a greater understanding of its position within the

market. One limitation of FDRL is its lack of positional awareness, effectively

making the strategy stateless as it would not have access to the current position

and would only learn to take actions from the current point in the market without

consideration for if this is the best decision based on the future profit potential of

the current position.



Chapter 5

Positionally-Aware Deep

Reinforcement Learning Trading

5.1 Motivation

The previous chapter presented evidence supporting the hypothesis that a trading

strategy that has been developed using DC sampling and deep reinforcement learn-

ing can outperform passive strategies and strategies developed using fixed interval

sampling. The resultant FDRL strategy showed that the trained FDRL agents

implement a strategy that exceed conventional expectations of FX strategies. The

exceptional returns observed for FDRL can be attributed to the fixed transaction

cost level of 0.025% and the rule-based filter, which helped identify periods where

these fixed costs worked in the agent’s favour.

In the broader pursuit of achieving more realistic trading performance, this

chapter first focuses on maximising returns under the existing fixed transaction

costs approach, using the Positionally Aware Deep Reinforcement Learning (PADRL)

framework. The research undertaken in this chapter aims to develop a system that

is as profitable as possible, albeit not entirely realistic. This chapter builds on the

findings of the previous chapter by re-evaluating the approach that was taken for

FDRL to make the algorithm more autonomous with the introduction of a posi-

107
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tionally aware agent and higher transaction costs of 0.035%. The main limitation

of the FDRL strategy in the previous chapter was the filter that was used in order

to suppress trading actions that would lead to unsuccessful trading. This chapter

highlights the benefits of training a model with positional awareness to afford the

agents a level of autonomy when trading, with the intention of removing the re-

quirement for a hard-coded trading filter. To investigate this claim, this chapter

explores an enhanced approach to model preparation by adding positional vari-

ables to the feature set and extending the time-frame upon which the models are

trained.

The rest of this chapter is organised as follows: Section 5.2 explains the method-

ology used to conduct the experiments, Section 5.3 discusses the experimental

setup and the results are then presented in Section 5.4. The results are inter-

preted in Section 5.5 and finally Section 5.6 summarises the conclusions of the

study.

5.2 Methodology

The following methodology takes the same fundamental approach to that of FDRL,

so the following section focuses on the notable differences. First, in Section 5.2.1

the changes to the data preparation phase are discussed. Next, in Section 5.2.2

the changes to the state representation are discussed, followed by the changes to

the action space and reward functions in Section 5.2.3. Finally in Section 5.2.4,

the performance metrics used to evaluate the framework are discussed.

5.2.1 Data Preparation

The same sliding window mechanism was used for PADRL with an adaption to

the size of the windows as shown by the diagram of the first two windows in Figure

5.1. Each window consists of a training, validation and test set of duration 16, 4

and 4 weeks respectively, further details will be provided in Section 5.3. As with
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Figure 5.1: Diagram of first 2 sampling windows

FDRL, each window is used to train a separate agent which is optimised on the

validation set and tested on the test set.

Prior to being fed into the neural network within the agent, the data itself

undergoes normalisation to enhance the convergence and stability of the training

process. Z-score normalisation (standardisation) was applied to guarantee that

each feature possesses a mean value of 0 and a standard deviation of 1. Equation

5.1 was employed to compute the number of standard deviations by which a value

(x) deviates from the mean (µ). The µ and σ values used in Equation 5.1 were

derived from the training set of each window.

z =
x− µ

σ
(5.1)

where:

• z: number of standard deviations from the mean.

• x: the real value of the variable to be normalised.

• µ: mean.

• σ: standard deviation.

5.2.2 State Representation

As with the FDRL system, the state represents the market environment observed

by the agent at each time step, represented as an array of numeric values. The

market features employed in this study are represented using the same DC-based
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indicators in FDRL. Alongside information on market behaviour, and as one of

the key differences from the FDRL trading strategy, the agent was given awareness

of its current position in the market. To address the lack of positional awareness,

the agent was supplied with a set of four extra positional values to enhance the

insights into the direct implications of its actions on market position.

The state features contain the following elements. Firstly a position value to

signify whether the agent is in no position, a long position, or a short position

(denoted by the discrete values 0, 1, and -1, respectively). Secondly, the initial

balance of 100 base currency units minus the current balance to represent the

current profit of the agent. Thirdly, the potential return if the agent were to exit

the current trade at the current time step. Finally, the spread was also added to

the input feature space to provide a dynamic measure of market volatility, a factor

that often correlates with the low volatility periods that FDRL made use of. For

PADRL spread was just used as an indicator and not a constraint, all trades for

PADRL in this chapter are still subject to the 0.035% fixed transaction cost.

To comply with the requirements of the reinforcement learning algorithm, the

feature set was bounded between the two values of -2 and 2. This constraint aided

in the convergence and stability of training the neural network within the agent

as all values were kept within a manageable scale to ensure faster and more sta-

ble network convergence. Since Z-score normalisation was applied to normalise

market features, this ensured that a significant proportion of the data falls within

the ±2 bounds, minimising information loss for values outside these bounds while

maintaining the crucial tight bounds for network training. The state features,

including current position, balance, potential return and spread, were similarly

bound by these values. While current position and potential return were min-

imally affected by these bounds, the balance, due to its subtraction for profit

representation, experiences compression into -2 or 2, resulting in some information

loss.

The formal structure of the state space S in PADRL differs from FDRL through
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the explicit inclusion of positional information and lack of lag value. Each state

st ∈ S is constructed as:

st = [ft, pt] ∈ Rd+k (5.2)

where ft ∈ Rd represents the market feature vector at the current time step t with

dimensionality d = 30 (comprising the same DC-based indicators as FDRL), and

pt ∈ Rk represents the positional feature vector with dimensionality k = 4. The

positional vector is defined as pt = [post, balt, rett, spreadt], where post ∈ {−1, 0, 1}

encodes the current position, balt ∈ [−2, 2] represents the balance deviation from

initial capital, rett ∈ [−2, 2] represents the potential return from the current trade,

and spreadt ∈ [−2, 2] captures the current spread value. The complete state

representation therefore has dimensionality d+k = 30+4 = 34. Note that this does

not have the same state space lag as FDRL which resulted in the multiplication by

5. It is assumed that the information required to trade successfully is held within

the inherently period-based DC indicators.

The inclusion of positional features fundamentally alters the nature of the state

space by making it explicitly dependent on the agent’s trading history, not just

market conditions. In FDRL, the agent lacked direct awareness of its current

position and had to infer this information implicitly from the sequence of its past

actions and their effects on subsequent states. By contrast, PADRL provides this

information directly as part of the state observation, enabling the agent to make

position-aware decisions. For example, the agent can now explicitly condition its

policy on whether it is currently long, short, or in no position, and can directly

observe the profitability of its current position through rett. This addresses a key

limitation of FDRL where the positional unawareness sometimes led to suboptimal

repeated actions. The bounded nature of the state features (constrained to [−2, 2])

ensures numerical stability during neural network training, though this introduces

some information compression, particularly for balance values that exceed these

bounds during periods of substantial profit or loss.
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5.2.3 Action and Reward Definition

A discrete action space was employed, limiting the agent’s choices to either buying

or selling (represented by 1 and 0, respectively). This choice was made to prevent

the agent from holding no position throughout an episode, a behaviour observed in

preliminary testing of FDRL. Holding no position for the entire episode resulted in

inactive systems that refrained from trading to avoid immediate negative positions

due to transaction costs. To address this, if the agent wishes to maintain its current

position, it returns the action corresponding to that position (e.g. returning 1 to

hold a buy position). This resulted in a slightly different dynamic from FDRL as

the PADRL system was aware of its current position, so it had the tools required

to hold positions by producing the same action consecutively if it determined this

was required by the current state information.

The reward function adopted in this study was the profit realised by the agent

upon exiting a position. This specific reward function was chosen to incentivise

both active and profitable trading, as in FDRL. By tying the reward to realised

profit, the system encouraged the agent to engage in trades more actively, reinforc-

ing a learning strategy that aligns with the goal of achieving profitable outcomes.

Other reward functions were tested on the validation sets, such as Calmar ratio

and final balance, but these were unable to produce the results observed for the

profit reward function. This was likely due to the increased sparsity of the other

reward signals during training, which made it more difficult for the agent to learn

consistent behaviour.

5.2.4 Trading Performance Metrics

In order to fairly compare PADRL with FDRL and the technical analysis bench-

marks, the same performance metrics were used as in FDRL. The Total Return

(see Equation 4.3) served as a measure to quantify the ultimate return generated

by the strategies. The evaluation of risk was measured through the examination of

the Maximum Drawdown (see Equation 4.4). The Calmar ratio (see Equation 4.5)
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was employed to aggregate both total return and maximum drawdown, providing

a risk-adjusted return metric.

5.3 Experimental Setup

5.3.1 Data

The raw tick data for the fourteen currency pairs used in the results section is the

same as the data used for FDRL in order to keep the comparison of the two method-

ologies fair. To reiterate the details, the data was sourced from TrueFX.com1 and

data for currency pairs involving USD spans from 1st January 2022, to 31st De-

cember 2022 with all other pairs ranging from 1st May 2022, to 30th April 2023.

The raw tick data underwent sampling across eight DC sampling thresholds,

ranging from 0.015% to 0.029%. The duration of each window was extended by

20 weeks from the prior FDRL approach to 24 weeks with 16 training weeks, 4

validation weeks and 4 testing weeks. The window size was increased to increase

the number of samples per window and therefore the amount of experience the

agents could gain before trading the test set, resulting in the creation of 7 windows

per threshold per currency pair. This new approach created a different view on the

same tick data used in FDRL and therefore a total of 784 datasets are generated

from 14 currency pairs, 8 DC thresholds and 7 windows.

5.3.2 Hyperparameter Tuning

Each model was trained for a duration of 3,000,000 time steps, 15 times as many

as in FDRL. Performance tracking of training models was implemented using the

validation set to assess trading performance every 50,000 timestamps. The choice

of training over a larger number of time steps was motivated by the objective to

identify the best policy by spending more time searching the policy space. The

value of 3,000,000 time steps emerged from testing on a reduced sample size with

1https://www.truefx.com/truefx-historical-downloads/
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the goal of identifying the optimal maximum number of timestamps while still

maintaining a realistic training time (see Section 5.3.3 for more details).

The hyperparameters batch size and n epochs were also identified through

a grid search on a subset of validation sets. It was observed that a batch size of

65,536 and an n epochs value of 10 produced the most favourable results without

introducing impractical computational overhead.

Position size was another variable that was optimised and 10% of the total bal-

ance was found to produce the most effective trading behaviour on the validation

set without incurring significant losses. This recognises that a larger balance could

lead to a compounding effect detrimental to the negatively performing strategies.

5.3.3 Model Optimisation

Given the inherent instability associated with training using deep reinforcement

learning, where performance may fluctuate while the algorithm explores different

policy spaces, a strategy was implemented to address this behaviour. To mitigate

the impact of this training volatility, a second validation environment was inte-

grated into the training process, using an evaluation callback2 within the Stable

Baselines 3 (SB3) reinforcement learning library [165] in Python.

This callback mechanism was activated every 50,000 time steps and used the

model at that stage of the training process to simulate trading within the vali-

dation set. The final profit gained over the simulation of the validation set was

recorded. When the validation simulation outperformed the highest validation bal-

ance achieved in prior runs, the new model was noted as the current best model.

The model noted as the best performing model at the end of the training pro-

cess was subsequently employed on the test set. This approach helps to navigate

the inherent instability of DRL training and ensured the best model was used for

testing

2A callback refers to a function that enables the interruption of the standard training process
to conduct custom calculations.
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5.3.4 Benchmarks

To keep the benchmarks consistent, PADRL is benchmarked against the same Buy

and Hold (B&H), Moving Average Crossover (MAC), and Relative Strength Index

(RSI) strategies as in FDRL, with the only difference being that it is now tested

using a 0.035% fixed transaction cost level to ensure transaction costs match those

applied to PADRL.

The FDRL system described in the previous chapter is also used to benchmark

the PADRL strategy and involves training a DRL agent using data sampled under

the DC framework as described in 4.1. FDRL is the earlier iteration of PADRL

and therefore does not include the positional awareness variables that have been

described for PADRL. By employing the FDRL system as a benchmark, an evalua-

tion of the performance of a successful DC-based DRL system without the specific

elements introduced in the PADRL system is facilitated, thereby illustrating the

advantages of these novel elements. In order to make the comparison between

FDRL and PADRL a fair one, FDRL was trained and tested using the 0.035%

fixed transaction cost level. This is the same fixed transaction cost level used by

PADRL during testing.

5.4 Results

The following results compare the performance of the novel PADRL trading system

to the benchmarks detailed in Section 5.3.4. These benchmarks include the passive

buy and hold strategy, fixed-interval technical analysis approaches such as MAC

and RSI, and the FDRL, the first DC-based deep reinforcement learning strategy

introduced in this thesis. Performance metrics, including total return, maximum

drawdown, and the Calmar ratio, are used to evaluate and compare the efficacy of

the PADRL strategy and benchmarks across fourteen currency pairs sampled at

eight different DC thresholds. A key aspect of the comparison is the robustness of

each strategy, as indicated by the maximum transaction costs that can be sustained
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while maintaining positive returns. The higher the transactions costs that can

be handled while still producing positive results, the more effective the trading

strategy is as it is considered more robust. The transaction costs have therefore

been increased by 0.01% to 0.035% from the previous FDRL results. The 0.035%

transaction cost level has been applied across all benchmarks and PADRL to ensure

consistency in testing conditions.

The testing period has an extended lead time of 16 weeks for the initial training

set to accommodate changes in window sizes from the previous chapter, ensuring

a fair and consistent comparison among PADRL and the benchmarks. The sig-

nificance of each trading strategy was tested using the Friedman test and the

Conover post hoc test. The null hypothesis states that there is no statistically

significant difference in performance across the trading strategies and results of

this significance test are provided in Tables 5.1a, 5.2a and 5.3a.

Total Return Table 5.1 presents the total return achieved for each currency

pair across various DC thresholds for both PADRL (denoted as PA) and FDRL

(denoted as F). The table also includes comparative results for the buy and hold

strategy, MAC, and RSI benchmarks. While PADRL delivers considerable re-

turns, the magnitude of these returns is generally lower than those observed in

the previous FDRL results displayed in Table 4.2a. The highest return among

all strategies is 3291.23%, achieved by PADRL on the EUR/JPY currency pair

at a DC threshold of 0.027%. Among the currency pairs, EUR/JPY, EUR/GBP,

and EUR/CHF demonstrate the largest returns for PADRL. This behaviour is

consistent with the trends observed for FDRL at both the 0.025% and 0.035%

transaction cost levels. PADRL reports only one negative total return across all

pair-threshold combinations for EUR/USD at 0.015%. All remaining currency

pairs produce positive returns across all other DC thresholds with all pairs apart

from CHF/JPY, EUR/USD, USD/CAD and USD/JPY generating total returns

exceeding 20% on every DC threshold.

Table 5.1 reveals that PADRL and FDRL show similar performance patterns,
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with the EUR/JPY, EUR/GBP, and EUR/CHF currency pairs generating the

largest total returns among all pairs. Among the 24 combinations of these three

currency pairs across eight DC thresholds, FDRL outperforms PADRL in 17 in-

stances. None of these instances represent the highest return for the respective cur-

rency pair, as shown by the bold values in the table. These three currency pairs are

characterised by low-volatility oscillations, which is a market environment FDRL

is known to thrive in. The fact that PADRL performs competitively on these three

currency pairs indicates that it is capable of learning a similar approach to trading

as FDRL. For the remaining 11 currency pairs, FDRL outperforms PADRL in only

six out of 88 pair-threshold combinations and does not produce the highest return

for any currency pair across all eight DC thresholds. These findings demonstrate

PADRL’s greater consistency compared to FDRL. This advantage suggests that

the inclusion of positional variables in PADRL enables it to identify profitable

trading opportunities outside the periods filtered by FDRL’s rule-based approach.

As exposed by Figure 5.2, PADRL shows a weaker correlation between total

return and DC threshold compared to FDRL. While the maximum total return

for each currency pair occur within the DC threshold range of 0.021% to 0.029%,

the overall correlation of total return with DC threshold is generally weak. On

average, only three currency pairs (AUD/JPY, EUR/USD and USD/CHF) achieve

a correlation coefficient of 0.7 or higher for PADRL with statistical significance

observed for AUD/JPY (p = 0.01), EUR/USD (p = 0.03), and USD/CHF (p =

0.02). However, others such as AUD/USD (p = 0.71), GBP/JPY (p = 0.73),

and USD/JPY (p = 0.67) demonstrate minimal correlation with coefficients below

0.2 and non-significant p-values. This contrasts with the FDRL results, where

most currency pairs exhibit strong correlations with DC thresholds. For FDRL,

all fourteen pairs show significant relationships (p < 0.05), typically achieving

coefficients of 0.7 or higher. These differences suggest that PADRL’s performance

is less sensitive to variations in DC thresholds and is therefore a more robust

trading framework.
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Figure 5.2: FDRL vs PADRL Total Return Correlation Coefficients

A comparison of PADRL and FDRL with the benchmark strategies shows the

better performance of the DC and DRL-based approaches. Both PADRL and

FDRL consistently outperform the passive buy-and-hold strategy as well as the

active technical analysis strategies that rely on fixed-interval sampling. Across all

14 currency pairs and 8 DC thresholds, the MAC strategy outperforms PADRL

on only three occasions, all involving CHF/JPY. RSI and the buy and hold strat-

egy both outperform PADRL just once, on EUR/USD at the DC threshold of

0.015%. Out of 112 pair-threshold combinations, instances where PADRL is out-

performed by a benchmark strategy are rare. These results further demonstrate

the robustness of PADRL when compared to both active and passive benchmark

strategies.

The significance of total returns and the ranking of each trading strategy are

detailed in Table 5.1a. This analysis demonstrates that PADRL significantly out-

performs all benchmarks, including its predecessor FDRL. PADRL achieves an

average ranking of 1.28, significantly better than the average rankings of 2.13 for

FDRL, 3.69 for MAC, 3.85 for RSI and 4.05 for the buy and hold strategy. These

results show the efficacy of the PADRL framework, demonstrating that the integra-

tion of deep reinforcement learning (DRL) with directional change (DC) sampling
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outperforms traditional technical analysis and the passive buy-and-hold strategy.

The results also show that the introduction of positional variables enhances the

autonomous DRL system, leading to more favourable returns. The non-parametric

Friedman test produces a value of 1.222e-67, indicating highly significant results.

All p-values from the post hoc Conover test comparing PADRL to the benchmarks

are also below the 0.05 significance threshold, confirming PADRL’s superior per-

formance across all benchmarks.

Maximum Drawdown The potential benefits of PADRL, much like those of

FDRL, are highly promising, however it is essential to evaluate these benefits

in conjunction with the associated risks. Table 5.2 illustrates the risk profiles

of various benchmark strategies tested in comparison to PADRL. The maximum

drawdown results for PADRL, calculated across all currency pairs and DC thresh-

olds, reveal that the largest observed drawdown was 23.04%. Only 21 out of 112

pair-threshold combinations report a maximum drawdown exceeding 5%, and just

11 are greater than 10%. The distribution of maximum drawdown values exhibits

no clear pattern across currency pairs. Many currency pairs display sporadic in-

creases in maximum drawdown at specific DC thresholds, but these deviations

often revert back to the mean for the majority of thresholds.

PADRL demonstrates comparable maximum drawdown levels to FDRL but

with greater stability. As discussed in the previous chapter, FDRL often gener-

ates either very small or significantly large maximum drawdowns. This variability

means FDRL is less robust to different currency pairs and DC thresholds. This

behaviour was observed when FDRL was trained and tested under a fixed transac-

tion cost threshold of 0.035%. While FDRL outperforms PADRL in 50 out of the

112 pair-threshold combinations, these instances are predominantly characterised

by very small maximum drawdowns, suggesting that FDRL is efficiently trading

the small oscillations in price it tends to generate most of its profit from. This be-

haviour allows FDRL to perform well in those scenarios while avoiding substantial

drawdowns. FDRL’s performance is inconsistent, as it also experiences significant
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drawdowns in certain cases. For example, with EUR/GBP at a 0.015% DC thresh-

old, FDRL records a maximum drawdown of 79.48%. Large drawdowns are also

observed with EUR/CHF at 0.015% (41.83%), EUR/GBP at 0.017% (42.82%),

and EUR/CHF at 0.019% (37.59%). These instances highlight the susceptibility

of FDRL to extreme drawdowns under specific conditions, demonstrating the value

of adding positional awareness to the trading framework as in PADRL.

An analysis of the correlation between maximum drawdown and the DC thresh-

old for PADRL and FDRL, as shown in Figure 5.3, reveals significant variability in

correlation coefficients for PADRL across different currency pairs. For pairs such as

AUD/USD (p = 0.04), EUR/GBP (p = 0.01), EUR/USD (p = 0.02), USD/CHF

(p = 0.006), and USD/JPY (p = 0.01), statistically significant strong negative

correlations were observed. This indicates that increasing the DC threshold for

these pairs tends to reduce maximum drawdowns, which in turn lowers trading

risk. In contrast, certain currency pairs such as AUD/JPY (p = 0.81), CAD/JPY

(p = 0.78), CHF/JPY (p = 0.91), EUR/JPY (p = 0.98), and USD/CAD (p =

0.81), show negligible correlation in either direction with non-significant p-values

(p ≥ 0.05). This suggests that the application of PADRL to these pairs is not

particularly sensitive to changes in DC sampling thresholds. GBP/JPY demon-

strates a strong positive correlation, implying that higher DC thresholds lead to

worse maximum drawdowns for this currency pair. The results for FDRL mostly

align with patterns observed in the previous chapter under the 0.025% transac-

tion cost level. For most currency pairs an increase in DC threshold results in a

decrease in maximum drawdown. Exceptions to this rule exist however, with cur-

rency pairs such as CHF/JPY and USD/CAD deviating from this trend, reflecting

inconsistencies in FDRL’s sensitivity to DC sampling thresholds across different

pairs.

A comparison of PADRL with technical analysis benchmarks reveals that PADRL

outperforms both MAC and RSI in the majority of cases. RSI demonstrates signif-

icantly better performance than MAC, with a mean drawdown of 4.10% across all
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Figure 5.3: FDRL vs PADRL Maximum Drawdown Correlation Coefficients

currency pairs, compared to 9.42% for MAC. While RSI’s relatively low maximum

drawdowns position it as a competitive strategy, particularly against PADRL and

FDRL, its performance is not enough to outperform them. As shown in Table

5.2a, RSI achieves an average rank of 2.33, this is a worse performance than both

PADRL and FDRL which record average ranks of 1.84 and 2.26 respectively. MAC

is the poorest performer in terms of maximum drawdown, with an average rank

of 3.57. The results suggest that both PADRL and FDRL are more effective for

managing risk than the technical analysis strategies.

The significance of the maximum drawdown results are summarised in Table

5.1a. The average rankings show that the inclusion of positional variables enhances

the performance of the DRL algorithm on the testing data. The non-parametric

Friedman test confirms the significance of these results, producing a p-value of

3.479e-24. By applying the post hoc Conover test with PADRL as the control

algorithm, it was observed that PADRL significantly outperforms both RSI and

MAC strategies at the 5% significance level, demonstrating the superior effective-

ness of PADRL in managing drawdowns compared to these benchmarks. Despite

the fact that PADRL achieves a better average ranking than FDRL, the Conover

post hoc test resulted in a p-value of 0.1767, indicating that PADRL does not
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significantly outperform FDRL at the predetermined 5% significance level. This

suggests that while PADRL’s performance is less risky, its advantage over FDRL

in terms of maximum drawdown is not statistically conclusive.

Calmar Ratio The Calmar ratio is used to evaluate the risk-return trade-off

of each trading strategy. Table 5.3 presents the Calmar ratio for each of the

four strategies. EUR/JPY, EUR/CHF, and EUR/GBP are shown as the best-

performing pairs when applying the PADRL strategy. This performance is largely

due to the high returns demonstrated by these pairs, as shown in Table 5.1, com-

bined with the moderate maximum drawdown levels reported in Table 5.2. EU-

R/JPY achieves the highest Calmar ratio values for PADRL across DC thresholds

of 0.015%, 0.017%, 0.019%, and 0.027%, with corresponding values of 108.71,

123.79, 164.12, and 1359.31. EUR/CHF records the highest ratios at thresholds

of 0.021% and 0.029%, with values of 311.39 and 550.54 respectively, while EU-

R/GBP performs best at thresholds of 0.023% and 0.025% with values of 451.84

and 1430.57. Among these thresholds, 0.025% stands out as producing the best

Calmar ratio for PADRL across four separate currency pairs. Thresholds of 0.023%

and 0.027% generate the highest ratios for one pair each, and 0.029% does so for

two.

When comparing PADRL to FDRL, it becomes evident that FDRL can pro-

duce highly variable outcomes, as mentioned in the previous chapter. One striking

example is an extreme Calmar ratio of 58,529.73 observed at the 0.029% DC thresh-

old where the agent implemented a similar unrealistic strategy to that interpreted

for FDRL, but with extreme success, demonstrating that the high returns gener-

ated coupled with very small drawdowns can result in enormous Calmar ratios.

These exceptionally high Calmar ratios are not consistent across all currency pairs

and thresholds when FDRL is trained and evaluated at the 0.035% transaction

cost level. Negative Calmar ratios are reported for AUD/JPY, CAD/JPY, and

CHF/JPY at thresholds of 0.015%, 0.017%, and 0.019% respectively. PADRL

however, demonstrates more stability, generating only a single negative Calmar
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ratio of -0.09 for EUR/USD at the 0.015% DC threshold across all 14 currency

pairs and 8 DC thresholds.

The negative Calmar ratios for FDRL are all observed to be -1.0, indicating

that the total return of FDRL on these pair-threshold combinations equals the

maximum drawdown. This scenario typically arises when the agent engages in

minimal trading activity, resulting in marginal losses due to its reluctance to ex-

ecute trades. When assessing Table 5.3 in the context of Table 5.1, it is evident

that in all instances where the Calmar ratio is -1.0, the corresponding total return

remains below 2%. This pattern supports the limited effectiveness of FDRL in

these specific cases.

An analysis of the correlation between currency pairs and DC thresholds for

the Calmar ratio, as shown in Figure 5.4, reveals different patterns for PADRL

and FDRL. For PADRL, there is a weak to moderate correlation between the

Calmar ratio and DC thresholds across all currency pairs except GBP/JPY. Sta-

tistically significant positive correlations are observed for AUD/USD (p = 0.006),

EUR/CHF (p = 0.03), NZD/USD (p = 0.05) and USD/CHF (p = 0.02), indicating

that for some pairs, an increase in the DC threshold is generally associated with an

improvement in the Calmar ratio. However, several pairs including AUD/JPY (p

= 0.65), CAD/JPY (p = 0.70), CHF/JPY (p = 0.47), and EUR/JPY (p = 0.19)

show non-significant relationships. GBP/JPY demonstrates a relatively strong

negative correlation (p = 0.17), though this relationship does not reach statistical

significance, suggesting that higher DC thresholds tend to negatively impact the

Calmar ratio for this pair. FDRL demonstrates a different pattern, with most

currency pairs demonstrating a strong correlation (correlation coefficient of 0.8 or

higher) between the Calmar ratio and DC thresholds. Specifically, ten of four-

teen pairs show highly significant relationships (p ¡ 0.01), including AUD/JPY (p

= 0.003), AUD/USD (p ¡ 0.001), EUR/GBP (p ¡ 0.001), EUR/JPY (p = 0.003),

EUR/USD (p = 0.007), GBP/JPY (p = 0.002), GBP/USD (p = 0.01), USD/CHF

(p = 0.006), EUR/CHF (p = 0.01), and USD/JPY (p = 0.007), while CAD/JPY
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Figure 5.4: FDRL vs PADRL Calmar Ratio Correlation Coefficients

(p = 0.02), CHF/JPY (p = 0.02), and NZD/USD (p = 0.02) also demonstrate

significant correlations. The only exception is USD/CAD (p = 0.25), which shows

a moderate correlation. These findings suggest that PADRL shows variability and

weaker correlations in its relationship between the Calmar ratio and DC thresh-

olds but FDRL Calmar ratios have a consistently stronger correlation with the DC

threshold across all currency pairs.

A comparison of PADRL results to the technical analysis benchmarks MAC and

RSI reveals that the benchmarks produce a Calmar ratio greater than 1.0 in only

three instances, MAC on USD/JPY and RSI on GBP/JPY and NZD/USD. In all

other cases, PADRL consistently outperforms these technical analysis benchmarks,

except for the single instance where PADRL produces a negative Calmar ratio

(EUR/USD at 0.015%). Table 5.3a reports average ranks of 1.37 for PADRL and

1.80 for FDRL, compared to the significantly lower average ranks of 3.35 for RSI

and 3.48 for MAC. This ranking supports the superior performance of PADRL

over traditional technical analysis strategies across the tested scenarios.

Table 5.3a presents the results of the non-parametric Friedman test which

results in a p-value of 4.700e-50, confirming the statistical significance of the find-

ings. When comparing the performance of each strategy to PADRL, the Conover
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post hoc test demonstrates that PADRL significantly outperforms all three bench-

marks. The corresponding p-values are 4.139e-3 for FDRL, 2.038e-65 for RSI, and

3.234e-68 for MAC. These results clearly show the effectiveness of using positional

variables in the development of the PADRL trading system. PADRL is a system

which is fully autonomous and can significantly outperform both technical analysis

benchmarks as well as its predecessor FDRL when comparing risk adjusted return

performance using Calmar ratio.

Results Summary The analysis of results presented in Tables 5.1, 5.2, and 5.3,

along with the corresponding significance tables 5.1a, 5.2a, and 5.3a, indicates

that the proposed PADRL algorithm demonstrates superior performance com-

pared to fixed-interval and technical analysis-based trading strategies. PADRL

demonstrates that it is the best performing trading strategy on all three metrics

by significantly outperforming B&H, FDRL, MAC and RSI on every metric apart

from FDRL for maximum drawdown. In this one exception however PADRL still

achieves a better average rank than FDRL, demonstrating that the introduction

of positional variables and more advanced training methods to the FDRL result

in the more effective trading framework of PADRL.

There are still some clear patterns in the PADRL results that were observed in

FDRL, suggesting that PADRL learns a similar strategy to FDRL. Unlike FDRL,

which depends on a rule-based filter, PADRL appears to have internalised this be-

haviour. This suggests it has developed an implicit representation that enables it

to identify profitable trading opportunities independently. The next section inves-

tigates the trading strategies implemented by the PADRL across the 14 currency

pairs and 8 DC thresholds.

5.5 Interpretation

One drawback of DRL methods is the fact that the resultant model is a blackbox,

meaning the decision making process is not interpretable. To combat this issue
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the decision made by the agent can be analysed to gain a form of intuition on the

decision making process to deduce characteristics of the model’s behaviour and

hypothesise about why certain trades are entered.

Trade Win Rate Figure 5.5 visualises the win percentages across all the 14

currency pairs under all 8 DC thresholds as a heatmap. A notable trend is the

strong and consistent performance of EUR-based pairs, such as EUR/CHF, EU-

R/GBP, and EUR/JPY, which maintain high win percentages across most thresh-

olds. These pairs exhibit resilience to varying thresholds, suggesting that euro-

based pairs may be more predictable or stable, making them strong candidates for

approaches that prioritise more consistent returns.

On the other hand, certain pairs like CAD/JPY and CHF/JPY show weaker

performance, with win percentages frequently below 50%, particularly at lower

thresholds (θ = 0.019%). This indicates that these pairs may struggle in more

volatile or less stable market conditions. USD/CHF and AUD/JPY perform bet-

ter at higher thresholds (θ = 0.027% and θ = 0.029%), which could imply that

these pairs thrive in more stable conditions, where larger directional changes are

more predictable. The change in performance as thresholds increase has also been

analysed, where it can be seen that GBP/JPY demonstrates strong performance

at θ = 0.021% but sees a sharp decline at higher thresholds, indicating that it

may be highly reactive to specific market shifts. In contrast, pairs like AUD/USD

and AUD/JPY maintain relatively stable performance across different thresholds,

reflecting a smoother trading profile and lower sensitivity to volatility.

Average Return Figure 5.6 compares the mean return per trade for the 14 dif-

ferent currency pairs across varying directional change thresholds. The EUR/JPY

and EUR/GBP currency pairs consistently deliver relatively high average returns

across most thresholds, particularly at the lower and mid-threshold ranges (0.015%

to 0.025%). This suggests that these pairs tend to respond more favourably to

smaller directional shifts, which could indicate greater sensitivity to short-term
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Figure 5.5: Trade Win Rate (%)
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market movements. In contrast, pairs like EUR/USD and GBP/JPY show lower

and more variable returns, suggesting they might be more stable or less volatile,

requiring larger directional changes to generate significant returns.

Sensitivity to the DC threshold is more evident in pairs such as NZD/USD

and USD/CHF, which exhibit moderate to high returns, particularly at higher

thresholds (0.023% and 0.025%). This suggests that these currency pairs may

require more pronounced market movements to yield higher returns. On the other

hand, CHF/JPY shows a unique behaviour where returns hover near zero or even

dip into negative values at 0.017% and 0.019% thresholds, indicating a potential

change in market regime from the training data to the test set. This could point to

underlying structural factors in the CHF/JPY pairing that make it less responsive

to certain market changes or possibly more influenced by external macroeconomic

factors.

A key takeaway from the chart is the wide variability in returns across currency

pairs at different thresholds, implying that a one-size-fits-all trading strategy may

not be optimal. Currency pairs such as EUR/CHF and AUD/JPY demonstrate

sharp fluctuations in returns across thresholds, making them potentially profitable

under specific market conditions but risky when the market is less volatile. In

contrast, USD/JPY and CAD/JPY show more stable, consistent returns, which

might appeal to more conservative trading strategies focused on minimising risk.

Trading Pattern PADRL agents follow the same trading pattern as the FDRL

agents, meaning they rely on the short oscillations observed in the data to generate

numerous trading opportunities in quick succession and then capitalise on these by

quickly entering and exiting the positions. The introduction of positional variables

and removal of the trading filter applied to FDRL means that the PADRL agents

have much more trading freedom. This trading freedom however comes with draw-

backs, as the PADRL agent must now identify these high profit potential periods

itself, rather than assuming it is in one as with FDRL. The result of this setup

mean that PADRL learns a similar strategy as FDRL for the periods of high profit
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Figure 5.6: PADRL Mean Return per Trade

potential.

There is no clear goal with the trading of PADRL between periods of fast price

oscillations, PADRL does however outperform FDRL at the 0.035% transaction

cost level, therefore demonstrating that it is able to efficiently identify these periods

of fast oscillations and make greater use of them and protect its balance enough

during the other trading periods to produce these favourable results.

5.6 Summary

This chapter introduces the Positionally Aware Deep Reinforcement (PADRL)

trading algorithm, a deep reinforcement learning based methodology for training

agents to trade FX assets using data sampled with the DC sampling algorithm. It is

the second model in a succession of DRL models that have been designed to trade

high frequency currency pairs under a directional changes sampling paradigm.

Each agent is trained per window across 14 different currency pairs and suggests

either a buy or sell action at each DC event which is then executed in a simulated

market environment. As before, transaction costs are modelled as a fixed cost of
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0.035% of the position size, representing a combined approximation of commission

fees and the bid-ask spread typically encountered in foreign exchange markets.

As in the previous chapter, slippage is assumed to be negligible due to the high

liquidity of the major currency pairs traded and is not explicitly modelled in this

framework.

The predecessor to PADRL, the FDRL trading algorithm, demonstrated great

performance as it generated extreme profit levels for most pairs across all DC

thresholds. One drawback of the FDRL algorithm however was its trading filter,

which only allowed the trained agents to trade when certain market conditions

were met. The goal with PADRL was to take the basic framework of FDRL and

improve it by making it more autonomous and more effective at a larger fixed

transaction cost level.

Like FDRL, the PADRL strategy shows extremely positive returns across al-

most all 14 currency pairs. These high returns easily outperform all the bench-

marks, including the passive Buy and Hold and active technical analysis bench-

marks that are subject to the same fixed transaction costs, as well as the FDRL

trading algorithm trained and tested on the new 0.035% fixed transaction cost

level. These results suggest that the PADRL strategy is a much more efficient

algorithm for trading, and provides evidence for the successful application of DC

sampling and deep reinforcement learning to high frequency FX data. PADRL also

exposes the fact that the introduction of positional variables negates the require-

ment for a trading filter, as used in FDRL, demonstrating that a fully autonomous

set of agents can successfully trade in the FX market under the conditions de-

scribed.

PADRL has demonstrated that the combination of DC sampling and DRL

provides the tools needed in order to successfully trade in the high frequency foreign

exchange environment. The conditions of these results however are not realistic

enough to implement in a real trading scenario without significant adjustment

due to the fixed transaction costs and market entry and exit frequency during
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consolidation periods. The following chapter therefore focusses on the next model

in this series of models, the Spread Aware Deep Reinforcement Learning (SADRL)

trading algorithm. SADRL builds on the learnings of both PADRL and FDRL

to build a trading framework under which to train DRL agents to trade using

the bid-ask spread as opposed to fixed transaction costs to move closer to a more

realistic and implementable trading strategy.



Chapter 6

Spread-Based Deep

Reinforcement Learning Trading

6.1 Motivation

In this chapter, a novel high-frequency trading framework called Spread Aware

Deep Reinforcement Learning (SADRL) is introduced. SADRL is the next iter-

ation in the FDRL and PADRL succession of trading frameworks that uses the

deep reinforcement learning techniques described in Section 3.2.4 and the direc-

tional change sampling algorithm to optimise trading decisions in high-frequency

FX environments. The FDRL trading methodology demonstrated that a trad-

ing strategy that has been developed using DC sampling and deep reinforcement

learning, can outperform passive strategies and strategies developed using fixed

interval sampling. The next iteration of this strategy, PADRL, demonstrated that

the FDRL method can be improved by adding positional variables to the feature

set, allowing the agents to become fully autonomous and execute more profitable

policies at a fixed transaction cost level of 0.035%.

The filter limitations of FDRL were addressed by PADRL, however the results

of PADRL were still subject to a fixed transaction cost which is not realistic as

transaction costs are dynamic and therefore change over time. The strategies im-

135
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plemented by both FDRL and PADRL involve using the low volatility oscillations

of the price at certain points in the data to rapidly enter and exit positions and

in turn generate considerable profit. This strategy however is not effective when

subject to the bid-ask spread of the market as the spread tends to widen when the

price goes through these low volatility periods.

The SADRL framework addresses the fixed transaction cost limitation of FDRL

and PADRL by using ideas from both and implementing a system that generates

profit using the bid-ask spread. SADRL uses Trust Region Policy Optimisation

(TRPO) to learn trading policies. TRPO is an alternative to the PPO algorithm

used in FDRL and PADRL that is more computationally expensive but can often

lead to better results. As well as an updated algorithm, SADRL also has access to a

number of different indicators that have been derived from fixed interval sampling

but applied to the DCC point of DC trends. A novel candlestick sampling approach

has also been implemented to provide a more efficient view of the market as shown

in Figure 6.1.

The candlestick construction methodology is inspired by traditional fixed-interval

candlestick formation and builds on this by leveraging the event-driven nature of

DC sampling. Each candlestick in this framework is constructed across two consec-

utive DC trends, capturing the market’s directional movements in a manner that

aligns with the underlying price dynamics rather than arbitrary time intervals.

For a given candlestick, the opening price is defined as the DCC point of trend t

marking the confirmation of the directional change. The closing price is set at the

DCC point of trend t+1 representing the subsequent trend confirmation. The high

and low values of each candlestick are determined by the the DCE points of the

two trends that bound the candlestick. This construction ensures that the high

corresponds to the maximum extreme points reached during the period, whilst the

low reflects the minimum extreme points. As illustrated in Figure 6.1, green can-

dlesticks indicate net upward price movements across the two-trend span, whilst

red candlesticks represent net downward movements. This approach effectively
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Figure 6.1: Candlestick Reframing. Blue lines represent the DC move and green
lines represent the OS move of the DC trend. Green candlesticks represent an
upward move across two DC trends and red candlesticks represent a downward
move over two DC trends. Each candlestick opens at the DC confirmation point
of the first move and closes at the DC point of the next move, the lows and highs
of each candlestick are the start point of the previous trend and the start point of
the current trend.

captures the magnitude and direction of price action between consecutive trend

confirmations, providing the SADRL agents with a compact yet information rich

representation of market behaviour that encodes both the volatility (through the

high-low range) and the net directional bias (through the open-close relationship)

of recent price action.

The implementation of these new features and a more advanced DRL algorithm

allows the SADRL agents to learn policies to efficiently trade the high frequency

FX market. SADRL therefore outperforms FDRL, PADRL and all previous bench-

marks when subject to the more realistic bid-ask spread, as opposed to the fixed

transactions costs. SADRL does this by implementing a trading strategy that dif-

fers from the alternate entries and exits observed in FDRL and PADRL trading

behaviour.

The remainder of this chapter is structured as follows, Section 6.2 explains the

methodology used to conduct the experiments, with Section 6.3 then discussing

the experimental setup. The results are presented in Section 6.4 and interpreted

in Section 6.5. Section 6.6 then summarises the findings of the study.
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6.2 Methodology

The methodology begins with a discussion of the data preparation process for

training the SADRL agents, as outlined in Section 6.2.1. The design of the action

space, state space and reward function are then discussed in Sections 6.2.2, 6.2.3

and 6.2.3 respectively, to detail how each agent’s environment is simulated.

6.2.1 Data Preparation

To transform the raw tick data into the required form before splitting into the ap-

propriate train, validation and test sets, the data was passed through the pipeline

of preparation steps shown in Figure 6.2. The first step of this pipeline was sam-

pling the raw tick data using the DC sampling algorithm shown in Algorithm 1.

This sampling process produced a set of DC trends over the sampling period which

can the be used to create the candlesticks in the next step of the pipeline, using

the methodology displayed in Figure 6.1. Once the candlesticks were created, in-

dicators were generated based on the DCC prices of each trend. SADRL differs

from FDRL and PADRL by removing all DC indicators and replacing them with

the traditionally fixed interval based indicators defined in Table 6.1 which act on

the DC sampled data, using the DCC point as the equivalent of the close of the

period in the same way it would be applied to data sampled at a fixed interval.

The motivation for switching to the more traditional fixed interval based indica-

tors but applying them to the DC sampled data was based on preliminary testing

which involved both DC and traditional indicators. When removing the DC-based

indicators the models performed just as well as when both types of indicators

were used, demonstrating no clear benefit of having DC indicators in the SADRL

framework.

The non-stationary nature of time-series data can complicate the learning pro-

cess for many DRL algorithms, so differencing was applied to all features in order

to make the dataset stationary. The data was then split into rolling windows which

were then split further into training, validation and test sets.
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To verify the effectiveness of the differencing transformation, comprehensive

stationarity testing was conducted on the differenced DCC price series across all

currency pairs and DC thresholds using both the Augmented Dickey-Fuller (ADF)

test and the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test. The ADF test eval-

uates the null hypothesis of non-stationarity (presence of a unit root), whilst the

KPSS test evaluates the null hypothesis of stationarity, providing complementary

perspectives on the time series properties.

The stationarity analysis covered 112 test cases (14 currency pairs × 8 DC

thresholds) and demonstrated overwhelmingly positive results. The ADF test

conclusively rejected the null hypothesis of non-stationarity for all 112 cases (p <

0.001), with test statistics ranging from -104.4 to -327.4, substantially more neg-

ative than the critical values at all significance levels. The KPSS test confirmed

stationarity for 104 of 112 cases (92.9%), with only EUR/USD and USD/JPY

showing conflicting results across all theta values. For these two pairs, the KPSS

test suggested the presence of deterministic trends (p < 0.05), whilst the ADF test

remained strongly significant. This pattern is characteristic of trend-stationary

processes, where the series exhibits stationarity around a deterministic trend rather

than pure difference-stationarity. Given that the ADF test is specifically designed

for detecting unit roots and all test statistics were highly significant, the differenc-

ing transformation was deemed effective for rendering the data suitable for DRL

training. The consistent stationarity across different DC thresholds (theta val-

ues ranging from 0.015% to 0.029%) further validated the robustness of the DC

sampling approach, demonstrating that the fundamental statistical properties of

the differenced series remain stable regardless of the sampling granularity. This

stationarity verification provides theoretical justification for the subsequent appli-

cation of technical indicators and ensures that the feature space presented to the

DRL agents exhibits the stable statistical properties necessary for effective policy

learning.

Once the data had been made stationary and split into the correct windows
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Figure 6.2: Diagram of data preparation pipeline
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Table 6.1: Indicators

Indicator Description Equation Period

MA Moving Average of DCC
price

∑n
i=1 Pi

n
10, 20, 30, 40, 50

RSI Relative Strength Index of
DCC price

100− 100
1+RS

14, 21, 30

MACD Moving Average Conver-
gence Divergence of DCC
price

MACD (12, 26, 9), (9,
21, 7), (6, 13, 5)

BB Bollinger Bands of DCC
price

MA± 2× SD 14

and sets, the next task was to make time series data normally distributed using

standardisation. This was done to improve model performance by ensuring sta-

tionarity in the data and therefore enhance learning efficiency and stability during

training. The mean and standard deviation values required for standardisation

were calculated using the training set and then applied to the validation and test

sets of the corresponding window. The DRL algorithm implementation applied

automatic clipping to the features so the data was scaled using normalisation to

fit within these bounds. The clipping range was set to [-2, 2] to include the first

two standard deviations of data and the scaling value was calculated from the

training set and applied to the validation and test data in order to compress the

data into the suitable bounds before training to further improve model training

stability and meet the constraints of the training algorithm.

6.2.2 Action Space

The discrete action space used in the SADRL trading strategy was defined by

actions of 0, 1 or 2, action 0 executes a buy trade (or exits a short position),

action 1 executes a sell trade (or exits a long position) and action 2 denotes a

hold (either do not make a trade and stay out the market or hold the current

position in the market). This is different from the action spaces used in FDRL

and PADRL as the SADRL setup did not suffer from the same inactivity problems

and the ability to hold must be allowed to ensure the same rapid trading observed



Chapter 6. Spread-Based Deep Reinforcement Learning Trading 142

in FDRL and PADRL that caused the results to not work using spread does

not occur for SADRL. An important part of training the SADRL agents was to

ensure the correct exploration and exploitation trade off, this was controlled by

the sampling of actions during training. A custom action sampling policy was

defined in order to provide a stochastic element to the action sampling, increasing

exploration of the policy space. Using this policy, the epsilon value, defining the

probability of selecting a random action, was tested (see Section 6.3 for further

details).

6.2.3 State Space

The state space was the tensor representation of the environment at a given time

step to the agent. There were two key components of the state space, the mar-

ket state and the positional state. A combination of these two key components

was used in the SADRL system to represent the whole state. The market state

consisted of the indicators defined in Table 6.1 and candlestick information. The

candlestick information consisted of two variables, the difference between the high

and low of the candlestick and the difference between the open and close of the

candlestick. These two variables were included to give the agent information on

how extreme DC trends are. Given the scale of these values, the differences were

multiplied by a factor of 1000 for all non-JPY pairs to adjust the scale of these val-

ues to match the scale of the other features and therefore help the neural networks

under the hood of the SADRL agents learn. The spread value was also provided to

the agent to help the agent enter at a good price and predict the cost of entering

a trade based on the what the price may be when it was time to exit the trade.

The agent has no internal memory and therefore cannot track variables like

its current position, market exposure or potential return. This information was

provided to the agent by using 3 features: current trade direction (-1 for a short

position, 0 for no position and 1 for a long position), current profit (multiplied by

10 to rescale the value to match that of other input variables) and potential return
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(potential profit if the agent were to exit on the current time step multiplied by

1000 to scale correctly for non-JPY pairs). The concatenation of these positional

variables with market variables to create a single vector at each time step captured

the information required for the DRL agent to make informed trading decisions at

each time step.

The state space S in SADRL maintains the dual-component structure intro-

duced in PADRL but with modified market features adapted for spread-based

trading. Each state st ∈ S is formally defined as:

st = [mt, pt] ∈ Rdm+k (6.1)

where mt ∈ Rdm represents the market state vector at the current time step t,

and pt ∈ Rk represents the positional state vector with dimensionality k = 4.

The market state vector mt has dimensionality dm comprising: 5 moving av-

erages (MA) with periods 10, 20, 30, 40, 50; 3 relative strength index (RSI)

values with periods 14, 21, 30; 9 MACD components (3 MACD configurations

each yielding 3 values: MACD line, signal line, and histogram); 3 Bollinger

Band values (upper, middle, lower) with period 14 and 2 candlestick features

(high-low difference and open-close difference); and 1 spread value. This yields

dm = 5 + 3 + 9 + 3 + 2 + 1 = 23 market features per time step. The positional

vector is defined as pt = [dirt, proft, rett, spreadt], where dirt ∈ {−1, 0, 1} encodes

the current trade direction, proft represents the current profit (scaled by a factor of

10), rett represents the potential return if exiting at the current time step (scaled

by 1000 for non-JPY pairs), and spreadt captures the current spread value. The

complete state representation therefore has dimensionality dm + k = 23 + 4 = 27.

The SADRL state space differs from PADRL in several important ways. First,

the market state mt uses traditional technical indicators (moving averages, RSI,

MACD, Bollinger Bands) rather than the DC-specific features employed in PADRL,

reflecting a different feature engineering approach that prioritises conventional

technical analysis. Second, the candlestick features provide additional granular-
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ity about price movement patterns within each DC event, enabling the agent to

distinguish between different types of consolidation periods and trend behaviours

based on intrabar volatility. The scaling factors applied to positional features

(10 for current profit, 1000 for potential return on non-JPY pairs) are critical for

ensuring that positional information remains numerically comparable to market

features during neural network training, preventing any single feature type from

dominating the gradient updates. This adapted state representation provides the

agent with the necessary information to develop sophisticated, spread-aware trad-

ing strategies suitable for realistic trading conditions.

Reward Function The reward function was defined as the profit of each trade.

Extensive preliminary testing revealed that risk-adjusted reward functions did not

consistently outperform a profit-based approach, which encouraged a more dy-

namic and opportunistic trading strategy. By focusing on profit maximisation, the

agent was incentivised to execute short but lucrative trades, aligning with the ul-

timate objective of maximising returns over a given episode. While the FDRL and

PADRL strategies demonstrated that fixed transaction costs could be exploited

under this framework, incorporating the bid-ask spread introduced a natural con-

straint. This forced the agent to adopt more sophisticated trading behaviours, as

the cost of rapid trade execution often exceeded potential profits. This approach

ultimately ensured that the agent not only pursued profit but also developed an

inherent sensitivity to bid-ask spread, leading to more efficient trading decisions.

6.3 Experimental Setup

6.3.1 Data

Following the approach in the previous chapter, raw tick data is sourced from

TrueFX.com, covering USD and non-USD currency pairs within their respective

available periods. The data is sampled using eight DC thresholds (0.015%–0.029%)
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to balance DC event frequency and price movement significance. Each sampled

series is segmented using a sliding window approach, generating 784 windows across

all pairs and thresholds. Training, validation, and test sets are structured within

a 24-week span (16 weeks for training, 4 for validation, and 4 for testing). This

framework allows for evaluating the trading algorithm’s performance across varying

DC thresholds, ensuring robustness under different market conditions.

6.3.2 Hyperparameter Tuning

Hyperparameter tuning in this chapter follows the same structured approach as

previously described for PADRL, using a grid search over a subset of validation

sets. The key hyperparameters of batch size and n epochs were again optimised

using this method, with the same values of 65,536 and 10 found to yield the best

balance between performance and computational efficiency. As with PADRL a

validation environment was integrated for SADRL using an evaluation callback

within Stable Baselines 3 (SB3). This callback, triggered every 50,000 time

steps, assessed the model’s performance on the validation set and retained the best

performing model based on balance outcomes. If a validation simulation surpasses

the highest validation balance attained in prior runs, the new model supersedes the

previously identified best performing model. Following the completion of training,

the remaining model, deemed the best performing one, is used for evaluation on

the test set.

6.3.3 Performance Testing

As with FDRL and PADRL, trading strategies are evaluated using three perfor-

mance metrics: total return which measures overall profitability, maximum draw-

down which assesses risk by quantifying potential losses and Calmar ratio which

balances return and risk. These three performance metrics are used for both com-

paring SADRL to benchmark algorithms and for DRL algorithm testing. Since

FDRL and PADRL only used the PPO deep reinforcement learning algorithm,
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SADRL took a much more rigorous approach and was trained with an extra three

DRL algorithms to test if other DRL algorithms provided more fruitful results or

exhibited different trading behaviour. The four DRL algorithms tested were DQN,

A2C, PPO and TRPO. The SADRL system was trained using each algorithm and

performance was measured using total return, maximum drawdown and Calmar

ratio.

6.3.4 Benchmarks

The following benchmarks offer more advanced benchmarks that involve trad-

ing strategies such as Mean Reversion, MACD+RSI and Bollinger Bands. These

strategies build on those defined in Section 5.3.4 by introducing clear trading rules

that use multiple indicators. TADRL is also introduced to develop a benchmark

that uses the SADRL framework but with fixed interval sampling to investigate

the effects of adding DC-based sampling to the methodology.

Mean Reversion The Mean Reversion (MeanRev.) strategy is a technical anal-

ysis based strategy that uses data sampled at a fixed interval to build a strategy

based on the assumption that the price will always revert back to the mean. In

the case of price data the data is non-stationary so the mean is represented by a

rolling mean.

MACDRSI The MACDRSI strategy is a technical analysis based strategy that

combines the momentum indicators of Moving Average Convergence Divergence

(MACD) and the Relative Strength Index (RSI). The strategy uses data sampled

at a fixed interval to identify trading opportunities where both indicators align

to signal potential trend reversals or continuations. MACD helps detect shifts in

trend direction and momentum, while RSI provides information about overbought

or oversold market conditions. By using these indicators together, the strategy

aims to reduce false signals and improve entry and exit timing.
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Bollinger Bands The Bollinger Bands (Boll.Bands) strategy is a technical anal-

ysis based strategy that uses Bollinger Bands to identify price volatility and poten-

tial reversal points. The strategy uses data sampled at a fixed interval and defines

upper and lower bands around a moving average set two standard deviations away.

When the price moves close to or beyond these bands, it may indicate that the

asset is overbought or oversold, triggering potential buy or sell signals. The width

of the bands also helps to gauge market volatility, allowing the strategy to adjust

to changing market conditions.

TADRL The TADRL benchmark is the Technical Analysis Deep Reinforcement

Learning strategy. This strategy is an exact match to the process used in SADRL

with the same technical analysis indicators, however the indicators are calculated

from data sampled at a fixed interval (a grid search on a restricted data set demon-

strated that a fixed interval of a minute produced the best results). These results

allow us to compare how the addition of Directional Changes sampling helps build

a more profitable trading strategy.

6.4 Results

The following section examines how the performance of the four DRL algorithms,

DQN, A2C, PPO, and TRPO, differs when trained using the SADRL training

methodology. After identifying the best performing algorithm on the validation

set, the best performing algorithm was used to retrained the model on the training

and validation set and these results were compared to the previous strategies dis-

cussed in this thesis, namely FDRL and PADRL, using the test set. The SADRL

results were then compared with two sets of strategy benchmarks. The first set

in Section 6.4.2 includes the same passive and technical indicator based bench-

marks in previous chapters to determine the effects of using DC sampled data

when compared to other strategies that use fixed interval sampling without the

DRL component. The second set of benchmarks in Section 6.4.3 looks at more ad-
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vanced benchmarks that use technical analysis with DRL and established technical

analysis strategies to help identify the improvements in performance provided by

the DRL and DC sampling.

6.4.1 DRL Algorithm Performance

This section analyses the performance of DQN, A2C, PPO and TRPO in the

SADRL trading system per performance metric. Every algorithm trading simu-

lation is subject to the bid-ask spread during both training and testing on the

validation set. The results for each algorithm are a direct substitution of the DRL

trading algorithm in the SADRL framework, described by the methodology in

Section 6.2.

Total Return TRPO and PPO are the strongest performing DRL algorithms for

total return in the SADRL system, as shown by Table 6.2. Both PPO and TRPO

consistently outperform DQN and A2C across all pairs and thresholds, with 73%

(82/112) of all pair-threshold combinations showing PPO or TRPO as the best-

performing DRL algorithm for training SADRL. The DQN algorithm produces

the most return on only 20 pair-threshold combinations, and A2C achieves this on

just 10 occasions. All remaining pair-threshold combinations are best achieved by

either PPO or TRPO.

DQN produces losses of the entire balance on EUR/JPY at every DC threshold,

with other pairs such as GBP/JPY and USD/JPY showing similar patterns of

reliably negative returns. DQN performs well on AUD/USD, generating a positive

return across all DC thresholds. Across all thresholds, DQN performs consistently

well on currency pairs involving USD (apart from USD/JPY) and performs poorly

on most pairs that involve JPY, suggesting that the behaviour of the US dollar

and Japanese yen is the main determining factor in DQN’s performance.

A2C shows much less fluctuation than DQN but still includes a few poorly

performing pair-threshold combinations, most consistently with CHF/JPY, where
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Table 6.2: Comparison of Total Return (%) by DC threshold for DQN, A2C, PPO
and TRPO. The best value per currency pair at each DC threshold is denoted in
boldface and the best value per threshold is underlined.

θ Pair DQN A2C PPO TRPO

0
.0
1
5
%

AUD/JPY -62.65 5.92 1.98 3.9
AUD/USD 9.7 40.73 9.69 31.12
CAD/JPY -2.28 1.94 9.85 2.33
CHF/JPY -35.56 0.0 1.44 0.3
EUR/CHF 1.41 1.51 1.48 0.71
EUR/GBP 6.72 0.66 1.7 1.5
EUR/JPY -100.0 3.49 24.26 40.42
EUR/USD 36.91 12.27 11.26 11.45
GBP/JPY -98.4 0.0 5.98 0.48
GBP/USD 2.04 13.16 9.22 13.67
NZD/USD 6.67 5.21 2.48 10.19
USD/CAD 9.86 16.85 24.02 5.18
USD/CHF 4.19 9.72 5.2 11.49
USD/JPY -34.68 1.62 11.39 11.52

0
.0
1
7
%

AUD/JPY -69.1 -3.97 7.87 6.68
AUD/USD 8.01 3.69 24.54 8.36
CAD/JPY -97.61 4.0 -6.74 6.13
CHF/JPY -44.88 -45.49 3.38 2.2
EUR/CHF 1.17 1.64 0.16 1.11
EUR/GBP 4.07 2.35 0.36 3.49
EUR/JPY -100.0 -48.9 -29.99 141.95
EUR/USD 0.45 3.15 13.27 13.19
GBP/JPY -97.69 -39.47 7.86 4.51
GBP/USD 8.72 0.51 30.06 10.91
NZD/USD 7.62 2.34 -4.77 9.84
USD/CAD 9.4 1.91 24.62 10.83
USD/CHF 7.25 0.63 6.86 5.22
USD/JPY -51.5 -64.29 12.14 12.14

0
.0
1
9
%

AUD/JPY -80.56 -12.02 -51.12 4.49
AUD/USD 7.42 3.04 12.81 23.21
CAD/JPY -99.99 0.6 5.25 4.91
CHF/JPY -83.94 -84.14 3.76 2.95
EUR/CHF 1.67 1.13 -9.76 2.38
EUR/GBP 10.04 0.23 1.36 2.09
EUR/JPY -100.0 -2.24 -4.82 3.47
EUR/USD -1.89 3.83 23.8 11.28
GBP/JPY -100.0 0.0 4.94 9.13
GBP/USD 14.79 2.04 8.61 4.35
NZD/USD 6.94 -5.66 18.3 3.36
USD/CAD 8.35 4.1 19.49 12.17
USD/CHF 7.04 0.85 7.19 7.59
USD/JPY -88.9 -9.6 13.91 -0.27

0
.0
2
1
%

AUD/JPY -90.04 1.96 2.16 7.1
AUD/USD 16.77 32.35 54.13 18.14
CAD/JPY -98.0 0.15 10.8 9.96
CHF/JPY -98.91 -86.73 1.15 5.19
EUR/CHF 1.13 -0.16 1.89 2.53
EUR/GBP 5.07 1.31 0.75 1.38
EUR/JPY -96.53 -66.8 1.07 8.09
EUR/USD 2.61 76.81 14.96 13.43
GBP/JPY -99.99 -2.56 7.93 3.73
GBP/USD 9.56 3.31 29.36 13.73
NZD/USD 10.14 2.99 -18.91 13.93
USD/CAD 5.04 17.22 3.42 2.71
USD/CHF 6.36 1.65 3.36 5.9
USD/JPY -99.22 -15.9 8.33 -3.91

θ Pair DQN A2C PPO TRPO

0
.0
2
3
%

AUD/JPY -100.0 0.64 4.23 4.42
AUD/USD 2.49 1.55 21.83 19.95
CAD/JPY -100.0 -6.54 3.91 7.11
CHF/JPY -84.95 0.0 5.31 1.39
EUR/CHF 2.37 1.58 -0.03 1.46
EUR/GBP 8.14 1.25 0.5 4.16
EUR/JPY -100.0 -64.69 -6.3 127.57
EUR/USD 10.7 9.07 38.75 27.07
GBP/JPY -95.97 4.87 3.57 14.37
GBP/USD 17.54 3.93 27.52 20.84
NZD/USD 18.33 2.47 4.83 9.33
USD/CAD 8.6 2.04 6.1 6.26
USD/CHF 4.75 1.01 12.95 4.26
USD/JPY -22.43 -15.11 1.37 -7.42

0
.0
2
5
%

AUD/JPY -94.47 -3.98 7.99 9.49
AUD/USD 13.27 30.89 21.95 28.33
CAD/JPY -99.06 1.02 -2.32 5.28
CHF/JPY -85.69 -21.65 4.89 7.11
EUR/CHF 1.0 0.64 1.05 20.56
EUR/GBP 3.4 1.32 0.25 1.32
EUR/JPY -99.36 -46.34 17.18 121.69
EUR/USD 5.43 13.3 29.4 13.86
GBP/JPY -100.0 -13.13 5.7 10.98
GBP/USD 13.98 2.8 26.48 4.01
NZD/USD 14.82 4.39 11.05 7.23
USD/CAD 18.68 11.95 14.82 12.79
USD/CHF 9.41 1.28 6.16 1.11
USD/JPY -89.26 -65.35 7.64 9.16

0
.0
2
7
%

AUD/JPY -61.44 -2.64 -0.83 5.11
AUD/USD 17.21 13.84 20.76 26.12
CAD/JPY -97.01 5.39 4.6 6.06
CHF/JPY -36.45 -80.39 -0.6 4.96
EUR/CHF 0.73 1.33 6.83 1.98
EUR/GBP 8.68 0.61 2.07 2.77
EUR/JPY -100.0 -8.11 202.9 180.62
EUR/USD 11.79 26.71 13.55 5.97
GBP/JPY -50.19 11.53 2.83 17.23
GBP/USD 5.97 1.77 -61.82 15.48
NZD/USD 14.17 2.26 8.26 9.05
USD/CAD 9.22 10.85 11.34 7.04
USD/CHF 9.49 3.34 4.41 7.27
USD/JPY -79.37 4.26 3.46 -55.2

0
.0
2
9
%

AUD/JPY -0.49 -9.56 7.87 6.37
AUD/USD 5.53 50.9 12.13 13.18
CAD/JPY -100.0 1.5 9.05 5.7
CHF/JPY -18.74 -51.13 1.47 5.4
EUR/CHF 2.98 0.57 2.43 0.78
EUR/GBP 1.01 -1.75 3.08 2.43
EUR/JPY -100.0 -52.81 1.48 3.22
EUR/USD 10.36 34.81 43.72 17.95
GBP/JPY -99.66 -3.89 8.12 7.92
GBP/USD 10.05 4.04 16.68 17.01
NZD/USD -5.78 3.0 -3.0 7.03
USD/CAD 7.16 10.74 11.79 5.25
USD/CHF 11.83 2.02 4.72 11.6
USD/JPY -98.94 -9.58 9.8 -34.17

the algorithm does not trade at all at 0.015%. For the remaining thresholds, it

generates losses ranging from -86.73% to 1.58%. EUR/JPY also shows consistently

poor results across most DC thresholds apart from 0.015%. A2C exhibits lower

return volatility than DQN; however, this stability comes at the cost of generating



Chapter 6. Spread-Based Deep Reinforcement Learning Trading 150

Table 6.3: Statistical test results for total return, according to the non-parametric
Friedman test with the Conover post hoc test. Significantly improved performance
over the TRPO strategy at the α = 0.05 level is shown in boldface.

Friedman test p-value 3.649e-15
Ave. Rank pCon

TRPO (c) 1.92 -
PPO 2.06 0.5379
A2C 3.00 8.524e-10
DQN 3.02 2.437e-10

fewer considerable gains compared to PPO or TRPO.

PPO is far more resilient to the data than DQN and A2C, as it produces consis-

tently positive returns across all 14 currency pairs for nearly every DC threshold.

A few anomalous large losses do occur, such as EUR/JPY at 0.017%, AUD/JPY at

0.019%, NZD/USD at 0.021%, and GBP/USD at 0.027%, with values of -29.99%,

-51.12%, -18.91%, and -61.82% respectively. Aside from these anomalies, only 10

other losses are reported, totalling 14 loss-making pair-threshold combinations out

of 112 (88% generate positive returns). PPO achieves some very high returns, the

highest being 202.9% for EUR/JPY at a DC threshold of 0.027%. The overarch-

ing theme of PPO is that it delivers very favourable returns, and in some cases,

extreme returns. The trade-off, however, is the presence of occasional anomalies

with significant losses.

TRPO performs well across most pairs and thresholds, with only 5 of the 112

pair-threshold combinations resulting in negative returns (96% of combinations

generate positive returns). As with PPO, a few anomalies occur, such as USD/JPY

at 0.027% and 0.029%, which produce losses of -55.2% and -34.17% respectively.

Despite these, TRPO produces the most favourable results overall, as shown in

Table 6.3, with an average rank of 1.92 compared to 2.06, 3.00, and 3.02 for PPO,

A2C, and DQN respectively.

Table 6.3 presents the results of a non-parametric Friedman test and post hoc

Conover test, where the null hypothesis, stating that there is no statistically sig-

nificant difference in performance across the trading strategies, is tested. The

Friedman test produces a p-value of 3.649e-15, indicating that the null hypothesis
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can be rejected. Conover’s post hoc test shows that TRPO significantly outper-

forms A2C and DQN, with p-values of 8.524e-10 and 2.437e-10 respectively, but

does not significantly outperform PPO at the 5% significance level (p-value =

0.5379), suggesting that there is insufficient evidence to conclude a statistically

significant performance difference between TRPO and PPO.

Maximum Drawdown In Table 6.4, the maximum drawdown results are shown

for each DRL algorithm. From this table, it can be observed that A2C, TRPO,

and PPO often produce similar results, with DQN clearly demonstrating the worst

performance of the four DRL algorithms. All pair-threshold combinations that

have a total return of 100% in Table 6.2 therefore show a drawdown of 100%

in Table 6.4, as demonstrated by EUR/JPY at DC thresholds 0.015%, 0.017%,

0.019%, 0.023%, and 0.029%, GBP/JPY at 0.019% and 0.025%, and CAD/JPY

at 0.023% for DQN. DQN produces the lowest maximum drawdown on just 7/112

(6%) pair-threshold combinations, highlighting that it is the worst DRL algorithm

for managing drawdown.

A2C shows relatively low maximum drawdown results across all thresholds

and pairs, with 46/112 (41%) combinations producing a drawdown of less than

1%. However, some pairs still produce significant drawdowns, with EUR/JPY

showing values above 40% on all thresholds apart from 0.015%. A number of pair-

threshold combinations show 0% drawdown but no associated return, indicating

that no trades were entered,this is investigated in more detail during the Calmar

ratio analysis.

PPO produces several very low maximum drawdown values across thresholds,

with a few anomalies where drawdown exceeds 20%. These occur for USD/JPY at

0.015%, 0.023%, 0.025%, 0.027%, and 0.029%, EUR/JPY at 0.017%, 0.023%, and

0.027%, AUD/JPY at 0.019%, and NZD/USD at 0.021%. PPO generates the best

drawdown result for 22/112 (20%) pair-threshold combinations. Table 6.5 shows

the average rank for each DRL algorithm, with very little difference between A2C

and PPO, which have average ranks of 2.09 and 2.44 respectively. DQN remains
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Table 6.4: Comparison of Maximum Drawdown (%) by DC threshold for DQN,
A2C, PPO and TRPO. Best value per currency pair at each DC threshold is
denoted in boldface and the best value per threshold is underlined.

θ Pair DQN A2C PPO TRPO

0
.0
1
5
%

AUD/JPY 61.93 1.71 0.83 0.25
AUD/USD 1.27 0.71 1.75 8.47
CAD/JPY 11.54 0.0 0.27 1.51
CHF/JPY 36.09 0.0 2.79 0.0
EUR/CHF 0.76 0.28 1.13 1.0
EUR/GBP 3.0 1.0 4.05 1.61
EUR/JPY 100.0 0.0 8.83 1.25
EUR/USD 6.1 1.72 0.69 3.66
GBP/JPY 98.43 0.0 0.31 0.02
GBP/USD 0.31 0.45 1.41 1.55
NZD/USD 6.47 4.31 5.13 5.04
USD/CAD 3.67 0.22 11.73 5.68
USD/CHF 3.42 18.24 0.67 2.15
USD/JPY 35.7 0.42 23.34 8.26

0
.0
1
7
%

AUD/JPY 69.16 6.2 2.29 0.66
AUD/USD 1.57 1.93 2.66 0.52
CAD/JPY 97.63 0.06 11.42 0.54
CHF/JPY 47.41 42.91 1.43 1.36
EUR/CHF 0.78 0.66 2.19 0.75
EUR/GBP 2.15 0.74 2.46 4.15
EUR/JPY 100.0 51.63 42.29 2.88
EUR/USD 4.6 4.35 0.45 2.03
GBP/JPY 97.69 40.16 2.36 2.59
GBP/USD 2.68 0.51 0.45 1.8
NZD/USD 7.95 0.49 16.3 3.63
USD/CAD 3.26 0.34 14.13 0.41
USD/CHF 3.6 2.12 0.98 0.95
USD/JPY 51.11 65.2 1.63 16.1

0
.0
1
9
%

AUD/JPY 80.82 15.68 52.44 2.26
AUD/USD 2.47 0.33 8.08 6.86
CAD/JPY 99.99 0.0 1.19 1.77
CHF/JPY 84.04 84.14 1.17 0.71
EUR/CHF 1.62 1.33 12.36 1.16
EUR/GBP 1.97 2.04 3.12 5.33
EUR/JPY 100.0 44.44 14.11 1.13
EUR/USD 4.43 3.41 2.64 1.55
GBP/JPY 100.0 0.0 1.41 1.21
GBP/USD 3.07 0.23 1.58 0.78
NZD/USD 11.88 7.55 5.06 7.96
USD/CAD 2.64 1.09 14.49 2.81
USD/CHF 3.66 1.06 8.77 1.62
USD/JPY 89.22 11.06 1.63 19.65

0
.0
2
1
%

AUD/JPY 90.06 3.46 0.66 0.37
AUD/USD 0.58 0.33 0.53 3.95
CAD/JPY 98.03 0.88 0.78 0.76
CHF/JPY 98.91 87.06 3.34 0.65
EUR/CHF 6.32 1.1 0.73 1.42
EUR/GBP 0.64 1.95 3.28 17.65
EUR/JPY 96.51 66.83 4.16 3.25
EUR/USD 3.88 11.48 1.51 3.54
GBP/JPY 99.99 5.88 1.23 2.22
GBP/USD 1.42 0.44 0.3 1.2
NZD/USD 1.39 2.5 29.29 7.11
USD/CAD 1.21 7.25 4.98 3.93
USD/CHF 2.39 0.33 0.97 3.19
USD/JPY 99.22 20.18 0.72 11.54

θ Pair DQN A2C PPO TRPO

0
.0
2
3
%

AUD/JPY 100.0 0.56 0.77 0.43
AUD/USD 4.09 0.31 2.91 2.58
CAD/JPY 100.0 10.25 0.47 0.35
CHF/JPY 85.06 0.0 0.98 1.39
EUR/CHF 0.69 0.64 2.47 0.73
EUR/GBP 2.5 0.77 7.48 1.66
EUR/JPY 100.0 65.88 33.81 5.51
EUR/USD 0.4 6.58 6.66 3.69
GBP/JPY 96.01 2.16 4.14 0.75
GBP/USD 3.48 0.8 0.73 4.58
NZD/USD 24.79 1.49 11.16 10.72
USD/CAD 6.29 0.82 2.52 7.45
USD/CHF 3.08 1.06 18.6 3.95
USD/JPY 23.53 17.16 21.23 24.95

0
.0
2
5
%

AUD/JPY 94.57 4.92 0.75 1.59
AUD/USD 0.4 11.67 9.5 7.42
CAD/JPY 99.1 2.34 6.54 2.22
CHF/JPY 86.01 22.92 0.5 1.5
EUR/CHF 2.74 0.59 1.16 2.96
EUR/GBP 2.46 1.48 2.72 2.32
EUR/JPY 99.36 70.19 17.18 2.89
EUR/USD 3.98 7.53 7.99 6.3
GBP/JPY 100.0 20.07 1.86 1.51
GBP/USD 1.32 0.81 2.51 1.2
NZD/USD 2.35 2.1 7.74 5.16
USD/CAD 5.25 0.79 1.38 8.35
USD/CHF 3.05 3.7 11.2 3.51
USD/JPY 89.41 66.5 41.83 47.9

0
.0
2
7
%

AUD/JPY 62.05 4.35 8.11 0.39
AUD/USD 9.99 0.79 2.18 0.48
CAD/JPY 97.08 1.78 0.51 1.13
CHF/JPY 37.65 80.39 4.85 0.68
EUR/CHF 2.75 0.38 1.75 9.45
EUR/GBP 0.55 0.64 2.26 2.57
EUR/JPY 100.0 60.68 34.29 1.98
EUR/USD 1.33 0.46 1.29 3.02
GBP/JPY 51.42 1.02 0.45 1.04
GBP/USD 2.84 0.72 67.52 1.01
NZD/USD 10.23 0.42 4.81 85.71
USD/CAD 3.53 8.39 0.98 5.93
USD/CHF 4.83 0.47 2.89 14.75
USD/JPY 79.61 3.84 34.39 58.56

0
.0
2
9
%

AUD/JPY 5.67 10.19 0.25 1.41
AUD/USD 5.82 29.06 3.76 2.5
CAD/JPY 100.0 2.48 0.58 0.3
CHF/JPY 23.34 51.08 4.65 1.59
EUR/CHF 14.16 0.82 0.76 0.99
EUR/GBP 2.7 2.82 2.49 0.96
EUR/JPY 100.0 68.19 4.39 53.16
EUR/USD 4.16 0.66 2.86 4.76
GBP/JPY 99.66 13.72 1.81 1.52
GBP/USD 0.78 0.5 2.57 3.22
NZD/USD 21.59 2.41 19.72 2.56
USD/CAD 4.29 0.9 7.5 11.48
USD/CHF 0.44 0.61 4.9 1.63
USD/JPY 98.96 37.97 33.66 37.5

the worst-performing algorithm with an average rank of 3.20. This similarity in

ranking suggests that there is no statistically significant difference between A2C

and PPO.

TRPO ranks as the second-best performing algorithm for maximum drawdown
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Table 6.5: Statistical test results for maximum drawdown, according to the non-
parametric Friedman test with the Conover post hoc test. Significantly improved
performance over the TRPO strategy at the α = 0.05 level is shown in boldface.

Friedman test p-value 2.758e-10
Ave. Rank pCon

A2C 2.09 0.5851
TRPO (c) 2.27 -
PPO 2.44 0.5851
DQN 3.20 5.8057e-09

with an average rank of 2.27. Although it produces the lowest drawdown in just

28% of cases, TRPO maintains low drawdowns across nearly every pair and thresh-

old, with only 11 cases exceeding 10%. Table 6.5 again presents the results of a

non-parametric Friedman test and post hoc Conover test, where the null hypothe-

sis, stating that there is no statistically significant difference in performance across

the strategies, is tested. The Friedman test produces a p-value of 2.758e-10, indi-

cating statistical significance. When Conover’s post hoc test is applied, it shows

that TRPO significantly outperforms DQN at the 5% significance level. However,

both A2C and PPO return p-values of 0.5851, suggesting there is not sufficient ev-

idence to conclude a statistically significant outperformance of TRPO over either

A2C or PPO.

Calmar Ratio Table 6.6 shows the Calmar ratio of the four different DRL al-

gorithms tested in the SADRL trading system. Calmar ratio measures the risk

adjusted return of each trading simulation, so the algorithms that may produce

larger profits but incur a large risk in order to do so will be outperformed by algo-

rithms that can provide slightly less returns but for considerably less risk. From

Table 6.6 it is clear that DQN struggles to compete with the other DRL algo-

rithms as it produces the best Calmar ratio in only 16/112 (14%) pair-threshold

combinations. DQN also produces a number of negative Calmar ratios as would

be expected from the negative returns seen in 6.2. The highest Calmar ratio pro-

duced by DQN is 32.82, there appears to be a theme of DQN producing either

large Calmar ratios or barely being able to produce a positive result, supporting
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Table 6.6: Comparison of Calmar Ratio by DC threshold for DQN, A2C, PPO and
TRPO. Best value per currency pair at each DC threshold is denoted in boldface
and the best value per threshold is underlined.

θ Pair DQN A2C PPO TRPO

0
.0
1
5
%

AUD/JPY -1.01 3.47 2.4 15.76
AUD/USD 7.63 57.71 5.54 3.67
CAD/JPY -0.2 inf 36.71 1.55
CHF/JPY -0.99 inf 0.51 inf
EUR/CHF 1.86 5.29 1.3 0.71
EUR/GBP 2.24 0.67 0.42 0.93
EUR/JPY -1.0 inf 2.75 32.29
EUR/USD 6.05 7.12 16.32 3.13
GBP/JPY -1.0 inf 19.3 25.52
GBP/USD 6.5 29.15 6.55 8.8
NZD/USD 1.03 1.21 0.48 2.02
USD/CAD 2.69 75.1 2.05 0.91
USD/CHF 1.22 0.53 7.79 5.34
USD/JPY -0.97 3.85 0.49 1.39

0
.0
1
7
%

AUD/JPY -1.0 -0.64 3.44 10.13
AUD/USD 5.12 1.92 9.24 16.18
CAD/JPY -1.0 65.53 -0.59 11.34
CHF/JPY -0.95 -1.06 2.35 1.62
EUR/CHF 1.49 2.48 0.07 1.49
EUR/GBP 1.89 3.18 0.15 0.84
EUR/JPY -1.0 -0.95 -0.71 49.3
EUR/USD 0.1 0.72 29.3 6.51
GBP/JPY -1.0 -0.98 3.33 1.74
GBP/USD 3.26 1.0 67.14 6.06
NZD/USD 0.96 4.73 -0.29 2.71
USD/CAD 2.89 5.63 1.74 26.48
USD/CHF 2.01 0.3 7.03 5.53
USD/JPY -1.01 -0.99 7.46 0.75

0
.0
1
9
%

AUD/JPY -1.0 -0.77 -0.97 1.98
AUD/USD 3.0 9.2 1.58 3.39
CAD/JPY -1.0 inf 4.4 2.77
CHF/JPY -1.0 -1.0 3.23 4.16
EUR/CHF 1.04 0.85 -0.79 2.06
EUR/GBP 5.1 0.11 0.44 0.39
EUR/JPY -1.0 -0.05 -0.34 3.08
EUR/USD -0.43 1.12 9.0 7.3
GBP/JPY -1.0 inf 3.51 7.53
GBP/USD 4.82 8.89 5.45 5.56
NZD/USD 0.58 -0.75 3.62 0.42
USD/CAD 3.16 3.76 1.35 4.33
USD/CHF 1.92 0.81 0.82 4.68
USD/JPY -1.0 -0.87 8.52 -0.01

0
.0
2
1
%

AUD/JPY -1.0 0.57 3.28 19.19
AUD/USD 28.86 97.72 102.7 4.6
CAD/JPY -1.0 0.17 13.83 13.06
CHF/JPY -1.0 -1.0 0.34 8.04
EUR/CHF 0.18 -0.14 2.59 1.78
EUR/GBP 7.89 0.67 0.23 0.08
EUR/JPY -1.0 -1.0 0.26 2.49
EUR/USD 0.67 6.69 9.93 3.8
GBP/JPY -1.0 -0.43 6.44 1.68
GBP/USD 6.75 7.61 99.35 11.4
NZD/USD 7.29 1.19 -0.65 1.96
USD/CAD 4.15 2.38 0.69 0.69
USD/CHF 2.66 5.02 3.46 1.85
USD/JPY -1.0 -0.79 11.57 -0.34

θ Pair DQN A2C PPO TRPO

0
.0
2
3
%

AUD/JPY -1.0 1.15 5.5 10.4
AUD/USD 0.61 4.93 7.49 7.72
CAD/JPY -1.0 -0.64 8.4 20.21
CHF/JPY -1.0 inf 5.43 1.0
EUR/CHF 3.41 2.49 -0.01 2.01
EUR/GBP 3.25 1.63 0.07 2.51
EUR/JPY -1.0 -0.98 -0.19 23.17
EUR/USD 26.96 1.38 5.82 7.34
GBP/JPY -1.0 2.25 0.86 19.21
GBP/USD 5.04 4.89 37.54 4.55
NZD/USD 0.74 1.66 0.43 0.87
USD/CAD 1.37 2.5 2.42 0.84
USD/CHF 1.54 0.95 0.7 1.08
USD/JPY -0.95 -0.88 0.06 -0.3

0
.0
2
5
%

AUD/JPY -1.0 -0.81 10.6 5.98
AUD/USD 32.82 2.65 2.31 3.82
CAD/JPY -1.0 0.43 -0.36 2.38
CHF/JPY -1.0 -0.94 9.84 4.73
EUR/CHF 0.36 1.08 0.91 6.94
EUR/GBP 1.38 0.89 0.09 0.57
EUR/JPY -1.0 -0.66 1.0 42.09
EUR/USD 1.37 1.77 3.68 2.2
GBP/JPY -1.0 -0.65 3.06 7.28
GBP/USD 10.6 3.45 10.54 3.33
NZD/USD 6.31 2.09 1.43 1.4
USD/CAD 3.56 15.09 10.75 1.53
USD/CHF 3.08 0.35 0.55 0.32
USD/JPY -1.0 -0.98 0.18 0.19

0
.0
2
7
%

AUD/JPY -0.99 -0.61 -0.1 13.2
AUD/USD 1.72 17.55 9.52 54.98
CAD/JPY -1.0 3.02 9.01 5.38
CHF/JPY -0.97 -1.0 -0.12 7.28
EUR/CHF 0.26 3.46 3.9 0.21
EUR/GBP 15.83 0.94 0.91 1.08
EUR/JPY -1.0 -0.13 5.92 91.03
EUR/USD 8.89 57.72 10.48 1.98
GBP/JPY -0.98 11.35 6.27 16.53
GBP/USD 2.1 2.46 -0.92 15.34
NZD/USD 1.39 5.37 1.71 0.11
USD/CAD 2.62 1.29 11.53 1.19
USD/CHF 1.97 7.1 1.52 0.49
USD/JPY -1.0 1.11 0.1 -0.94

0
.0
2
9
%

AUD/JPY -0.09 -0.94 31.32 4.5
AUD/USD 0.95 1.75 3.23 5.27
CAD/JPY -1.0 0.61 15.74 18.82
CHF/JPY -0.8 -1.0 0.31 3.4
EUR/CHF 0.21 0.69 3.22 0.79
EUR/GBP 0.37 -0.62 1.24 2.54
EUR/JPY -1.0 -0.77 0.34 0.06
EUR/USD 2.49 53.04 15.29 3.77
GBP/JPY -1.0 -0.28 4.49 5.19
GBP/USD 12.84 8.07 6.5 5.29
NZD/USD -0.27 1.24 -0.15 2.75
USD/CAD 1.67 11.97 1.57 0.46
USD/CHF 27.01 3.3 0.96 7.13
USD/JPY -1.0 -0.25 0.29 -0.91
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Table 6.7: Statistical test results for Calmar ratio, according to the non-parametric
Friedman test with the Conover post hoc test. Significantly improved performance
over the TRPO strategy at the α = 0.05 level is shown in boldface.

Friedman test p-value 7.8179e-08
Ave. Rank pCon

TRPO (c) 2.14 -
PPO 2.33 0.1147
A2C 2.42 1.595e-03
DQN 3.11 3.578e-11

the suggestion that DQN can be effective but struggles with stability across dif-

ferent datasets and can fall into bad policy spaces and therefore produce the -1.0

values observed across a number of pair-threshold combinations.

A2C appears much more stable than DQN and produces the best result in

28/112 (25%) pair-threshold combinations. A2C also produces a number of results

with no drawdown such as CAD/JPY, CHF/JPY, EUR/JPY and GBP/JPY at

0.015% and CAD/JPY and GBP/JPY at 0.019%, resulting in an infinite Calmar

ratio. The comparatively low returns observed in Table 6.2 are the main driving

force behind the relatively low Calmar ratios observed for A2C as the maximum

drawdown results for A2C have an average rank of 2.09, compared to the average

rank of 3.00 for total returns. As shown in Table 6.7, the average rank of A2C for

Calmar ratio is 2.42, placing it as the second worst performing DRL algorithm on

Calmar ratio.

PPO performs well on Calmar ratio, producing the best result on 30/112 (27%)

of all pair-threshold combinations. PPO also generates some large Calmar ratios

with a high of 102.7 for AUD/USD at 0.021%. The success shown by the PPO

algorithm places it at an average rank of 2.33 across all four algorithms, 0.78

better than DQN and 0.09 better than A2C. The results for PPO are comparable

to those for TRPO which produces the best performing Calmar ratio on 38/112

(34%) of the pair-threshold combinations, meaning PPO and TRPO produce the

most favourable results in 61% of cases, often ranking second to one another, hence

a difference in average rank of 0.19.

Table 6.7 shows the results of the non-parametric Friedman test and Conover’s
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post hoc test on the Calmar ratio results where the null hypothesis is tested, stating

that the results across DQN, A2C, PPO and TRPO are not significant. The p-

value of 7.8179e-08 from the Friedman test shows that the results are significant

meaning this null hypothesis for the Friedman test can be rejected. Conover’s post

hoc test looks deeper into the pairwise significance results and exposes that fact

that TRPO outperforms DQN and A2C with p-values of 3.578e-11 and 1.595e-03

respectively, therefore showing that these results are significant at a significance

threshold of 5%. With regards to TRPO and PPO, the post hoc Conover test

gives a value of 0.1147, showing that TRPO significantly outperforms PPO at a

significance level of 15% but not 5%.

Summary Tables 6.2, 6.4 and 6.6 show that TRPO and PPO outperform DQN

and A2C on the majority of occasions but this is mostly due to the total return per-

formance. The maximum drawdown results in Table 6.4 paint a slightly different

picture to the total return results in Table 6.2 as A2C is much more competitive,

often outperforming both PPO and TRPO. The Calmar ratio results observed in

Table 6.6 demonstrate the influence of the considerably higher observed returns

for PPO and TRPO in comparison to the relatively similar maximum drawdown

results to A2C, explaining why PPO and TRPO offer more return for similar levels

of risk, as represented by the Calmar ratio results.

Tables 6.3, 6.5 and 6.7 demonstrate the average ranking and significance of

these results, showing clearly that TRPO is the best performing algorithm across

all metrics. From Conover’s post hoc test it can be observed that TRPO signif-

icantly outperforms A2C and DQN on both total return and Calmar ratio with

less significant results for maximum drawdown. These results suggest that TRPO

is the best DRL algorithm for the SADRL system for risk adjusted return.
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6.4.2 Technical Indicator Systems

The following analyses the performance of the SADRL, PADRL and FDRL trading

systems per performance metric. The SADRL reports results for the TRPO DRL

algorithm as it has been observed to be the most effective algorithm for trading

in the SADRL system. SADRL, PADRL and FDRL are all subject to the bid-ask

spread during both training and testing, PADRL and FDRL have therefore been

retrained with the spread instead of applying the same models from the previous

sections to make the results a fair comparison.

Total Return Table 6.8 shows the total return results for FDRL, PADRL and

SADRL when trained using the bid-ask spread for all pairs and DC thresholds. The

most apparent features of these results given the context of the previous chapters

on FDRL and PADRL is their poor performance when subjected to a dynamic

transaction cost. FDRL produces the best performing strategy in only 7% of

cases, when FDRL does produce positive results these results tend to outperform

both SADRL and PADRL. In the cases when FDRL produces returns above 50%

as in EUR/USD at DC thresholds of 0.019%, 0.023% and 0.025% and AUD/USD

at a DC threshold of 0.027%, it can be deduced that the data must lend itself to

the FDRL style of trading, the short entry and exit positions that are much less

frequent when subjected to the bid-ask spread. When FDRL does not produce

positive results it tends to perform particularly badly, in some cases making losses

of greater than 99% of the starting balance.

PADRL appears slightly more stable than FDRL with fewer significant losses

but still a large number of losses across all 112 pair-threshold combinations. PADRL

outperforms SADRL and FDRL in 9% of cases with 4 of these cases also generat-

ing the most return of all datasets in that DC threshold. Figure 6.3 confirms that

FDRL and PADRL tend to perform well on the same pair-threshold combinations

with a correlation coefficient of 0.72. This is perhaps unsurprising given they have

both been optimised under an environment that uses fixed transaction costs and
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a related methodology. The addition of positional variables is still evident here by

the improved performance of PADRL over FDRL.

Table 6.8: Comparison of Total Return (%) by DC threshold for SADRL, PADRL
and FDRL. Best value per currency pair at each DC threshold is denoted in bold-
face and the best value per DC threshold is underlined.

θ Pair SADRL PADRL FDRL

0
.0
1
5
%

AUD/JPY 5.14 -18.44 -25.41
AUD/USD 5.36 20.21 -49.36
CAD/JPY 3.11 -17.27 -11.68
CHF/JPY 0.06 -13.49 -59.81
EUR/CHF 1.99 -21.11 -99.06
EUR/GBP 3.26 -28.77 -99.82
EUR/JPY -0.02 -32.55 -99.99
EUR/USD 9.2 -18.62 31.56
GBP/JPY 0.72 -11.85 -61.26
GBP/USD 17.24 -28.42 -92.22
NZD/USD 12.28 -42.69 -70.87
USD/CAD 5.88 -2.61 -15.67
USD/CHF 6.24 -14.75 -99.13
USD/JPY 9.72 -19.14 -3.57

0
.0
1
7
%

AUD/JPY 5.99 -13.53 -32.04
AUD/USD 14.02 55.58 -35.21
CAD/JPY 8.28 -21.64 -26.15
CHF/JPY -1.73 -14.84 -30.28
EUR/CHF 3.31 -27.06 -99.97
EUR/GBP 3.16 -16.97 -99.97
EUR/JPY 0.91 -51.12 -100.0
EUR/USD 8.53 15.53 -8.78
GBP/JPY 6.38 -12.79 -34.77
GBP/USD 25.1 -43.25 -99.05
NZD/USD 9.4 -44.95 -85.65
USD/CAD 6.9 -15.28 -11.17
USD/CHF 3.4 -9.93 -88.97
USD/JPY 4.33 -26.41 -52.95

0
.0
1
9
%

AUD/JPY 7.63 -19.68 -37.64
AUD/USD 6.83 61.63 37.23
CAD/JPY 6.66 -16.57 -24.71
CHF/JPY 8.04 -11.51 -60.43
EUR/CHF 3.35 -19.05 -100.0
EUR/GBP 0.31 -21.47 -99.7
EUR/JPY 3.99 -17.73 -100.0
EUR/USD 4.8 22.72 68.67
GBP/JPY 8.59 -10.75 -71.69
GBP/USD 6.13 -47.77 -91.05
NZD/USD 3.88 -10.27 -86.34
USD/CAD 4.05 -27.25 -1.29
USD/CHF 10.04 -18.1 -97.13
USD/JPY -3.32 -17.84 -66.97

0
.0
2
1
%

AUD/JPY 8.6 -11.29 -44.57
AUD/USD 16.68 -48.96 -74.67
CAD/JPY 12.63 -20.58 -42.07
CHF/JPY 7.46 -12.98 -31.7
EUR/CHF 2.67 -11.02 -100.0
EUR/GBP -0.51 -8.68 -99.98
EUR/JPY 2.51 -19.93 -99.99
EUR/USD 15.52 55.7 27.79
GBP/JPY 6.56 -15.61 -96.82
GBP/USD 13.56 -27.14 -58.36
NZD/USD 5.89 -42.72 -92.5
USD/CAD 4.27 -2.77 -11.81
USD/CHF 4.63 -14.76 -92.11
USD/JPY 14.38 -37.69 -35.6

θ Pair SADRL PADRL FDRL

0
.0
2
3
%

AUD/JPY -17.04 -16.64 -51.58
AUD/USD 17.77 36.4 26.3
CAD/JPY 7.99 -19.16 -62.25
CHF/JPY 4.74 -14.7 -76.04
EUR/CHF 0.87 -23.06 -100.0
EUR/GBP 3.05 -24.78 -100.0
EUR/JPY 6.2 -12.62 -100.0
EUR/USD 17.41 42.44 55.3
GBP/JPY -24.43 -13.24 -88.51
GBP/USD 12.59 -24.03 -86.82
NZD/USD 7.58 -43.49 -75.02
USD/CAD 4.55 -22.95 -13.79
USD/CHF 13.33 -12.42 -96.78
USD/JPY -0.01 -38.55 -32.2

0
.0
2
5
%

AUD/JPY 9.49 -11.5 -86.92
AUD/USD 10.71 36.87 5.36
CAD/JPY 3.79 -19.09 -40.76
CHF/JPY 5.89 -11.22 -51.9
EUR/CHF 1.89 -10.84 -100.0
EUR/GBP 0.79 -9.48 -99.97
EUR/JPY 2.05 -10.86 -100.0
EUR/USD 10.97 24.08 76.6
GBP/JPY 11.73 -13.44 -78.37
GBP/USD 11.38 -62.22 -86.17
NZD/USD 13.43 -36.95 -87.07
USD/CAD 5.46 -8.21 -12.37
USD/CHF 5.02 -14.54 -96.72
USD/JPY 12.62 -5.73 -47.49

0
.0
2
7
%

AUD/JPY 6.08 -15.82 -66.81
AUD/USD 13.17 -55.28 66.17
CAD/JPY 7.52 -13.51 -80.59
CHF/JPY 9.55 -12.15 -72.61
EUR/CHF 2.22 -19.41 -100.0
EUR/GBP 3.13 -12.36 -99.98
EUR/JPY 12.42 -14.93 -100.0
EUR/USD 13.68 12.73 38.93
GBP/JPY 14.01 -77.62 -97.49
GBP/USD 7.19 -24.73 -94.99
NZD/USD 5.24 -39.69 -96.16
USD/CAD 5.38 7.93 16.2
USD/CHF 2.18 -22.79 -97.87
USD/JPY -37.52 -12.0 -68.74

0
.0
2
9
%

AUD/JPY 15.48 -14.04 -86.05
AUD/USD 10.54 26.53 -36.39
CAD/JPY 6.05 -19.47 -37.47
CHF/JPY 12.91 -12.3 -86.67
EUR/CHF 1.94 -68.91 -100.0
EUR/GBP 2.44 -14.25 -99.95
EUR/JPY 3.99 -7.62 -100.0
EUR/USD 12.53 28.14 44.13
GBP/JPY 8.33 -8.06 -97.22
GBP/USD 17.34 -36.11 -66.77
NZD/USD 12.13 -51.49 -93.35
USD/CAD 5.76 -4.06 8.31
USD/CHF 10.1 -44.27 -97.18
USD/JPY -22.8 -7.62 -30.75

SADRL consistently outperforms PADRL and FDRL when looking at total

return with the best performing results in 84% of cases. SADRL total returns
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Table 6.9: Comparison of Total Return
(%) for B&H, MAC and RSI. Best value
per currency pair is shown in boldface.

Pair B&H MAC RSI
AUD/JPY -6.8 -1.12 0.67
AUD/USD -4.73 -8.66 1.49
CAD/JPY -8.17 -2.1 3.84
CHF/JPY 1.71 5.85 -3.85
EUR/CHF 1.76 -4.49 2.62
EUR/GBP 0.96 2.36 0.89
EUR/JPY 3.04 1.83 2.8
EUR/USD 0.56 6.53 -0.1
GBP/JPY 2.3 6.69 4.84
GBP/USD -3.18 1.22 -2.39
NZD/USD -1.59 -11.46 -0.53
USD/CAD 5.95 -2.55 0.79
USD/CHF -3.99 7.67 -3.81
USD/JPY 4.06 15.25 -3.48

Table 6.10: Statistical test results for
total return, according to the non-
parametric Friedman test with the
Conover post hoc test. Significant dif-
ferences at the α = 0.05 level are shown
in boldface.

Friedman test p-value 3.743e-54
Ave. Rank pCon

SADRL(c) 1.88 -
MAC 2.88 1.072e-08
RSI 3.00 7.631e-14
B&H 3.24 8.525e-16
PADRL 4.61 2.817e-51
FDRL 5.39 1.866e-72

Figure 6.3: Total Return Strategy Correlation

appear to be much more stable than PADRL and FDRL as well with a standard

deviation of 11.47 compared to 23.48 for PADRL and 46.20 for FDRL. Given the
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mean return of SADRL is 5.45% across all pair-thresholds compared to -15.39% for

PADRL and -57.90 for FDRL it is clear that SADRL generates much more return

than PADRL and FDRL. Table 6.9 shows that RSI and MAC often outperform

B&H with B&H, MAC and RSI producing the best total return on 2, 7 and 5

of the pairs respectively. Of these three benchmarks however, results very rarely

exceed those of SADRL. This in mostly due to SADRL producing reliably positive

results across most pairs on all thresholds while all benchmarks produce negative

returns on 6 of the 14 pairs, clearly favouring SADRL.

Table 6.10 presents the results of the non-parametric Friedman test and the

Conover post hoc test, which assesses and compares the average rankings between

SADRL and all benchmark models for total return. SADRL achieves the best

average rank with a value of 1.88, the resultant p-value from the Friedman test also

show this as being statistically significant with a value of 3.743e-54, comfortably

surpassing the 0.05 significance level meaning the null hypothesis stating that the

results are statistically insignificant can be rejected. The p-values from the post

hoc Conover test confirm that the SADRL total return results are statistically

significant with SADRL producing a p-value of less than 0.05 when compared to

every other trading strategy.

Maximum Drawdown Similarly to total return, the maximum drawdown re-

sults in Table 6.11 demonstrate how poorly PADRL and FDRL perform with only

11% of FDRL simulations outperforming PADRL and only one PADRL simula-

tion outperforming FDRL and SADRL. FDRL has a number of cases where the

whole initial balance is lost and therefore presents a rounded maximum draw-

down of 100%, this is particularly clear for AUD/USD, EUR/CHF, EUR/GBP,

GBP/USD, NZD/USD and USD/CHF. Of the pairs that do not result in an al-

most bust account, EUR/JPY, EUR/USD and USD/CAD consistently produce

drawdowns that are close to or greater than 50% across all thresholds. The re-

maining pairs of AUD/JPY, CAD/JPY, CHF/JPY, GBP/JPY and USD/JPY

produce maximum drawdowns competitive with SADRL and PADRL. Table 6.12
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presents the maximum drawdown results for both the MAC and RSI strategies,

showing that RSI outperforms MAC across all currency pairs except USD/JPY. In

comparison, SADRL proves to be the more robust approach, consistently achieving

maximum drawdowns below 1% a level of risk control neither benchmark strategy

is able to match.

PADRL has much less variance in maximum drawdown than FDRL with a

standard deviation of 15.13% compared to the 41.48% of FDRL. Although this re-

sults in a favourable average rank, PADRL only outperforms FDRL and SADRL

on EUR/USD at 0.025% with a maximum drawdown of 1.41%. The mean maxi-

mum drawdown of PADRL is 23.57% with a median of 18.88%, compared to FDRL

which has a mean of 59.19% and median of 71.54%, these results however do not

provide the full picture as Table 6.13 shows that both FDRL and PADRL have a

very similar average rank of 4.14 and 4.19 respectively, indicating that the mean

and median of FDRL is skewed by the extreme values that are observed for certain

pairs, ultimately resulting in a similar aggregated performance to PADRL.

Figure 6.4: Maximum Drawdown Strategy Correlation

Both PADRL and FDRL are convincingly outperformed by SADRL as is clear
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Table 6.11: Comparison of Maximum Drawdown (%) by DC threshold for SADRL,
PADRL and FDRL. Best value per currency pair at each DC threshold is denoted
in boldface and the best value per DC threshold is underlined.

θ Pair SADRL PADRL FDRL

0
.0
1
5
%

AUD/JPY 0.48 18.52 25.41
AUD/USD 1.74 11.89 99.99
CAD/JPY 0.55 17.27 11.68
CHF/JPY 0.64 13.54 59.81
EUR/CHF 1.31 21.19 99.99
EUR/GBP 1.8 38.59 99.99
EUR/JPY 2.67 42.93 99.99
EUR/USD 0.24 18.68 58.3
GBP/JPY 0.45 12.06 61.26
GBP/USD 0.35 29.25 99.99
NZD/USD 1.74 43.18 99.99
USD/CAD 1.75 10.68 91.19
USD/CHF 0.79 15.08 99.99
USD/JPY 0.72 19.18 3.57

0
.0
1
7
%

AUD/JPY 1.38 13.65 32.04
AUD/USD 1.31 7.82 99.93
CAD/JPY 0.42 21.69 26.15
CHF/JPY 6.43 14.84 30.28
EUR/CHF 0.84 27.06 99.99
EUR/GBP 1.45 17.08 99.99
EUR/JPY 1.99 57.9 99.99
EUR/USD 1.14 5.2 63.45
GBP/JPY 1.12 12.79 34.77
GBP/USD 1.8 43.38 99.99
NZD/USD 2.9 44.95 99.99
USD/CAD 1.58 15.42 76.97
USD/CHF 1.32 10.17 99.99
USD/JPY 0.49 26.81 52.95

0
.0
1
9
%

AUD/JPY 0.78 19.7 37.64
AUD/USD 1.51 10.74 84.5
CAD/JPY 0.2 16.6 24.71
CHF/JPY 1.31 11.63 60.43
EUR/CHF 1.07 29.83 100.0
EUR/GBP 2.01 21.56 99.99
EUR/JPY 4.89 31.35 100.0
EUR/USD 0.55 9.09 47.75
GBP/JPY 1.83 10.97 71.69
GBP/USD 1.24 47.87 99.99
NZD/USD 4.22 22.99 99.99
USD/CAD 2.11 27.36 66.46
USD/CHF 0.97 18.15 99.99
USD/JPY 8.11 18.48 66.97

0
.0
2
1
%

AUD/JPY 0.48 11.29 44.57
AUD/USD 1.07 60.76 99.99
CAD/JPY 0.55 20.58 42.07
CHF/JPY 1.0 13.1 31.7
EUR/CHF 1.54 27.51 100.0
EUR/GBP 3.12 14.1 99.99
EUR/JPY 1.78 30.39 99.99
EUR/USD 0.79 5.89 40.49
GBP/JPY 1.65 15.85 96.82
GBP/USD 1.43 27.93 99.94
NZD/USD 0.7 42.72 99.99
USD/CAD 1.07 18.54 74.48
USD/CHF 0.07 14.76 99.99
USD/JPY 1.3 38.69 35.6

θ Pair SADRL PADRL FDRL

0
.0
2
3
%

AUD/JPY 22.44 16.88 51.58
AUD/USD 1.24 13.03 99.33
CAD/JPY 0.48 19.23 62.25
CHF/JPY 1.11 14.7 76.04
EUR/CHF 1.26 33.43 100.0
EUR/GBP 2.65 29.64 100.0
EUR/JPY 1.36 23.8 100.0
EUR/USD 0.2 5.73 68.59
GBP/JPY 29.85 13.56 88.51
GBP/USD 1.54 24.57 99.99
NZD/USD 3.48 43.59 99.99
USD/CAD 0.91 34.25 84.66
USD/CHF 0.19 12.42 99.99
USD/JPY 10.97 39.04 32.2

0
.0
2
5
%

AUD/JPY 1.18 11.53 86.92
AUD/USD 2.45 10.36 94.07
CAD/JPY 1.08 19.09 40.76
CHF/JPY 0.58 11.22 51.9
EUR/CHF 0.67 10.84 100.0
EUR/GBP 2.32 26.88 99.99
EUR/JPY 2.08 30.09 100.0
EUR/USD 0.43 1.41 47.76
GBP/JPY 2.03 13.53 78.37
GBP/USD 0.54 62.24 99.99
NZD/USD 3.65 37.03 99.99
USD/CAD 1.76 16.85 81.6
USD/CHF 0.75 14.54 99.99
USD/JPY 1.21 5.83 47.49

0
.0
2
7
%

AUD/JPY 0.58 16.17 66.81
AUD/USD 0.55 64.86 91.58
CAD/JPY 1.42 13.52 80.59
CHF/JPY 0.57 12.33 72.61
EUR/CHF 0.68 19.41 100.0
EUR/GBP 1.42 24.08 99.99
EUR/JPY 24.31 31.1 100.0
EUR/USD 0.62 22.09 80.4
GBP/JPY 0.76 77.68 97.49
GBP/USD 0.69 24.78 99.99
NZD/USD 7.87 39.74 99.99
USD/CAD 2.28 7.77 40.61
USD/CHF 1.23 22.92 99.99
USD/JPY 40.96 12.0 68.74

0
.0
2
9
%

AUD/JPY 0.83 14.04 86.05
AUD/USD 1.64 30.29 99.99
CAD/JPY 0.5 19.47 37.47
CHF/JPY 0.09 12.41 86.67
EUR/CHF 0.66 73.46 100.0
EUR/GBP 1.99 25.68 99.99
EUR/JPY 1.31 40.5 100.0
EUR/USD 0.68 10.99 88.64
GBP/JPY 2.76 8.23 97.22
GBP/USD 1.94 36.17 99.99
NZD/USD 2.96 51.49 99.99
USD/CAD 3.02 11.92 76.1
USD/CHF 1.47 44.27 99.99
USD/JPY 30.67 8.1 30.75

from both the results in Table 6.11 and Table 6.13. SADRL produces the lowest

maximum drawdown in 88% of cases and in the cases when SADRL does not out-

perform FDRL or PADRL it is always the second best trading strategy at that

pair-threshold combination. SADRL also produces the lowest maximum draw-
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Table 6.12: Comparison of Maximum
Drawdown (%) for MAC and RSI. Best
value per currency pair is shown in
boldface.

Pair MAC RSI
AUD/JPY 10.21 3.97
AUD/USD 17.08 4.55
CAD/JPY 13.93 5.02
CHF/JPY 10.00 7.79
EUR/CHF 7.74 1.79
EUR/GBP 4.59 3.15
EUR/JPY 12.24 3.68
EUR/USD 5.78 3.70
GBP/JPY 6.40 5.48
GBP/USD 12.41 8.97
NZD/USD 12.60 2.51
USD/CAD 5.52 2.61
USD/CHF 6.39 5.29
USD/JPY 8.03 8.26

Table 6.13: Statistical test results for
maximum drawdown, according to the
non-parametric Friedman test with the
Conover post hoc test. Significant dif-
ferences at the α = 0.05 level are shown
in boldface.

Friedman test p-value 2.379e-83
Ave. Rank pCon

SADRL(c) 1.22 -
RSI 1.98 1.055e-21
MAC 2.97 1.033e-73
PADRL 3.88 4.336e-128
FDRL 4.94 3.508e-187

down at every DC threshold with maximum drawdowns of 1.12%, 1.15%, 1.39%,

1.38%, 1.07%, 2.27%, 1.41% and 1.94% for DC thresholds 0.015% up to 0.029%

respectively. The mean of SADRL maximum drawdowns is 4.17% and the median

is 3.11%, a considerable improvement on the previously stated mean and median

values of FDRL and PADRL.

Table 6.13 shows the results of the non-parametric Friedman test and the

Conover post hoc test between SADRL and all benchmarks for maximum draw-

down, the average rankings for each strategy are also shown. SADRL achieves the

highest average rank with a value of 1.57, an improvement on its next closest rival

of RSI by 0.33. MAC, FDRL and PADRL achieve average ranks of 3.20, 4.14 and

4.19 accordingly. The results of the non-parametric Friedman test show that the

results are statistically significant as all p-values do not exceed the significance

threshold of 5%. From these results it can be deduced that SADRL significantly

outperforms both the previously created DRL benchmarks of FDRL and PADRL,

as well as the technical analysis benchmarks of MAC and RSI with respect to

maximum drawdown. The null hypothesis stating that the results are statistically

insignificant is therefore rejected.
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Table 6.14: Comparison of Calmar Ratio by DC threshold for SADRL, PADRL and
FDRL. Best value per currency pair at each DC threshold is denoted in boldface
and the best value per threshold is underlined.

θ Pair SADRL PADRL FDRL

0
.0
1
5
%

AUD/JPY 10.8 -1.0 -1.0
AUD/USD 3.08 1.7 -0.49
CAD/JPY 5.61 -1.0 -1.0
CHF/JPY 0.09 -1.0 -1.0
EUR/CHF 1.52 -1.0 -0.99
EUR/GBP 1.81 -0.75 -1.0
EUR/JPY -0.01 -0.76 -1.0
EUR/USD 38.84 -1.0 0.54
GBP/JPY 1.58 -0.98 -1.0
GBP/USD 48.94 -0.97 -0.92
NZD/USD 7.06 -0.99 -0.71
USD/CAD 3.36 -0.24 -0.17
USD/CHF 7.88 -0.98 -0.99
USD/JPY 13.56 -1.0 -1.0

0
.0
1
7
%

AUD/JPY 4.34 -0.99 -1.0
AUD/USD 10.7 7.11 -0.35
CAD/JPY 19.74 -1.0 -1.0
CHF/JPY -0.27 -1.0 -1.0
EUR/CHF 3.93 -1.0 -1.0
EUR/GBP 2.17 -0.99 -1.0
EUR/JPY 0.46 -0.88 -1.0
EUR/USD 7.49 2.98 -0.14
GBP/JPY 5.69 -1.0 -1.0
GBP/USD 13.97 -1.0 -0.99
NZD/USD 3.24 -1.0 -0.86
USD/CAD 4.36 -0.99 -0.15
USD/CHF 2.57 -0.98 -0.89
USD/JPY 8.89 -0.99 -1.0

0
.0
1
9
%

AUD/JPY 9.75 -1.0 -1.0
AUD/USD 4.51 5.74 0.44
CAD/JPY 32.56 -1.0 -1.0
CHF/JPY 6.16 -0.99 -1.0
EUR/CHF 3.14 -0.64 -1.0
EUR/GBP 0.15 -1.0 -1.0
EUR/JPY 0.82 -0.57 -1.0
EUR/USD 8.79 2.5 1.44
GBP/JPY 4.69 -0.98 -1.0
GBP/USD 4.93 -1.0 -0.91
NZD/USD 0.92 -0.45 -0.86
USD/CAD 1.92 -1.0 -0.02
USD/CHF 10.35 -1.0 -0.97
USD/JPY -0.41 -0.97 -1.0

0
.0
2
1
%

AUD/JPY 17.97 -1.0 -1.0
AUD/USD 15.52 -0.81 -0.75
CAD/JPY 23.05 -1.0 -1.0
CHF/JPY 7.44 -0.99 -1.0
EUR/CHF 1.74 -0.4 -1.0
EUR/GBP -0.16 -0.62 -1.0
EUR/JPY 1.41 -0.66 -1.0
EUR/USD 19.58 9.46 0.69
GBP/JPY 3.97 -0.98 -1.0
GBP/USD 9.46 -0.97 -0.58
NZD/USD 8.43 -1.0 -0.92
USD/CAD 4.0 -0.15 -0.16
USD/CHF 66.53 -1.0 -0.92
USD/JPY 11.09 -0.97 -1.0

θ Pair SADRL PADRL FDRL

0
.0
2
3
%

AUD/JPY -0.76 -0.99 -1.0
AUD/USD 14.3 2.79 0.26
CAD/JPY 16.57 -1.0 -1.0
CHF/JPY 4.26 -1.0 -1.0
EUR/CHF 0.69 -0.69 -1.0
EUR/GBP 1.15 -0.84 -1.0
EUR/JPY 4.55 -0.53 -1.0
EUR/USD 86.91 7.4 0.81
GBP/JPY -0.82 -0.98 -1.0
GBP/USD 8.18 -0.98 -0.87
NZD/USD 2.18 -1.0 -0.75
USD/CAD 5.0 -0.67 -0.16
USD/CHF 71.86 -1.0 -0.97
USD/JPY 0.0 -0.99 -1.0

0
.0
2
5
%

AUD/JPY 8.04 -1.0 -1.0
AUD/USD 4.37 3.56 0.06
CAD/JPY 3.52 -1.0 -1.0
CHF/JPY 10.15 -1.0 -1.0
EUR/CHF 2.84 -1.0 -1.0
EUR/GBP 0.34 -0.35 -1.0
EUR/JPY 0.99 -0.36 -1.0
EUR/USD 25.48 17.1 1.6
GBP/JPY 5.79 -0.99 -1.0
GBP/USD 21.1 -1.0 -0.86
NZD/USD 3.68 -1.0 -0.87
USD/CAD 3.1 -0.49 -0.15
USD/CHF 6.72 -1.0 -0.97
USD/JPY 10.46 -0.98 -1.0

0
.0
2
7
%

AUD/JPY 10.57 -0.98 -1.0
AUD/USD 23.86 -0.85 0.72
CAD/JPY 5.29 -1.0 -1.0
CHF/JPY 16.61 -0.99 -1.0
EUR/CHF 3.26 -1.0 -1.0
EUR/GBP 2.2 -0.51 -1.0
EUR/JPY 0.51 -0.48 -1.0
EUR/USD 22.11 0.58 0.48
GBP/JPY 18.54 -1.0 -1.0
GBP/USD 10.37 -1.0 -0.95
NZD/USD 0.67 -1.0 -0.96
USD/CAD 2.36 1.02 0.4
USD/CHF 1.77 -0.99 -0.98
USD/JPY -0.92 -1.0 -1.0

0
.0
2
9
%

AUD/JPY 18.61 -1.0 -1.0
AUD/USD 6.41 0.88 -0.36
CAD/JPY 12.03 -1.0 -1.0
CHF/JPY 137.23 -0.99 -1.0
EUR/CHF 2.96 -0.94 -1.0
EUR/GBP 1.23 -0.55 -1.0
EUR/JPY 3.04 -0.19 -1.0
EUR/USD 18.47 2.56 0.5
GBP/JPY 3.02 -0.98 -1.0
GBP/USD 8.96 -1.0 -0.67
NZD/USD 4.1 -1.0 -0.93
USD/CAD 1.9 -0.34 0.11
USD/CHF 6.88 -1.0 -0.97
USD/JPY -0.74 -0.94 -1.0

Calmar Ratio Table 6.14 shows the Calmar Ratio results of SADRL, PADRL

and FDRL across all currency pairs at each DC threshold from 0.015% to 0.029%

in steps of 0.002%. Given the nature of the total returns and maximum drawdown

results it is no surprise to see FDRL is the worst performing trading strategy with
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Table 6.15: Comparison of Calmar Ra-
tio for MAC and RSI. Best value per
currency pair is shown in boldface.

Pair MAC RSI
AUD/JPY -0.11 0.17
AUD/USD -0.51 0.33
CAD/JPY -0.15 0.77
CHF/JPY 0.59 -0.49
EUR/CHF -0.58 1.46
EUR/GBP 0.51 0.28
EUR/JPY 0.15 0.76
EUR/USD 1.13 -0.03
GBP/JPY 1.04 0.88
GBP/USD 0.10 -0.27
NZD/USD -0.91 -0.21
USD/CAD -0.46 0.30
USD/CHF 1.20 -0.72
USD/JPY 1.90 -0.42

Table 6.16: Statistical test results for
Calmar ratio, according to the non-
parametric Friedman test with the
Conover post hoc test. Significant dif-
ferences at the α = 0.05 level are shown
in boldface.

Friedman test p-value 4.719e-61
Ave. Rank pCon

SADRL(c) 1.21 -
RSI 2.63 5.531e-26
MAC 2.75 1.312e-25
PADRL 4.07 1.959e-77
FDRL 4.35 8.355e-93

Figure 6.5: Calmar Ratio Strategy Correlation

only one combination generating the best result when compared to all other strate-

gies. Only 13 of the FDRL results produce a positive value of which two are above
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the 1.0 threshold where total return is at least equivalent to maximum drawdown.

Table 6.16 shows that FDRL achieves an average rank of 4.35, indicating weaker

performance compared to the technical analysis benchmarks, as well as SADRL

and PADRL, when evaluated under the bid-ask spread.

PADRL yields the best Calmar Ratio on 10% of pair-threshold combinations

with 12 of the 112 cases generating a Calmar ratio greater than the 1.0 value.

Table 6.16 shows that PADRL has an average rank of 3.93, significantly worse

than the 1.69 average ranking of SADRL. PADRL tends to produce mostly poor

results apart from a few anomalies on AUD/USD at 0.017%, EUR/USD at 0.021%,

EUR/USD at 0.023% and EUR/USD at 0.025% where PADRL achieved Calmar

ratios of 7.11, 9.46, 7.40 and 17.10 respectively. PADRL is also consistently outper-

formed by the technical analysis benchmarks in Table 6.15, shown most clearly by

the average rankings in Table 6.16 of 2.47 and 2.57 for RSI and MAC respectively.

SADRL produces the highest Calmar ratio in 90% of cases with some Calmar

ratios even achieving values as high as 21.84 and 20.09. The mean Calmar ratio

produced by SADRL is 2.47 and the median result is 1.50, both of which are above

the 1.0 level used to represent an effective trading strategy. 57% of SADRLs Cal-

mar ratios are above the 1.0 making this a consistent pattern over numerous data

sets with only 16% producing a negative Calmar ratio. SADRL also produces an

average rank of 1.69, considerably outperforming RSI, MAC, PADRL and FDRL

each with an average rank of 2.47, 2.57, 3.93 and 4.35 respectively. SADRL tends

to produce healthy Calmar ratios across all thresholds as well, with the highest

Calmar ratio at every DC threshold apart from 0.025% where it gets beaten by

one of the PADRL anomalies.

Table 6.16 shows the average rankings and results of the non-parametric Fried-

man test and the Conover post hoc test between SADRL and all benchmarks for

Calmar ratio. The p-value of 3.15e-46 from the non-parametric Friedman test

demonstrates that the results are statistically significant and the null hypothesis

stating that the results are not statistically significant is therefore rejected. The
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results of the post hoc Conover test show that SADRL significantly outperforms

every benchmark, producing p-values of 2.15e-08, 5.56e-08, 1.42e-44 and 9.05e-60

for RSI, MAC, PADRL and FDRL respectively.

Summary Tables 6.8, 6.11, 6.14 display the results of the trading simulations

for three DRL trading strategies, with two technical analysis benchmarks and the

passive buy and hold strategy for total return displayed in Tables 6.9, 6.12 and 6.15

for total return, maximum drawdown and Calmar ratio respectively. For SADRL,

PADRL and FDRL the results shown are across 14 different currency pairs and

8 different DC thresholds. The benchmarks rely on fixed interval sampling and

have been optimised to show the best periods possible. What is immediately clear

from the results is the level of performance achieved by SADRL across all three

metrics. SADRL tends to outperform all benchmarks across most pairs and every

DC threshold with few exceptions. The introduction of spread based transaction

costs has impacted the results of PADRL and FDRL significantly as they can very

rarely implement that same strategy as before due to the added complexity of a

dynamic transaction cost and tendency for the spread to exceed the magnitude

of the DC move. SADRL is therefore much more competitive with the technical

analysis benchmarks and the buy and hold strategy as they make fewer trades and

therefore incur much lower costs. SADRL still manages to outperform the technical

analysis benchmarks with the buy and hold strategy being the only strategy to

come close to the SADRL performance on total return but still not achieving a

better average rank.

Tables 6.10, 6.13 and 6.16 show the average rank and significance of the total

return, maximum drawdown and Calmar ratio results. SADRL is the best per-

forming trading strategy in all three tables with average ranks of 2.33, 1.57 and

1.69 on total return, maximum drawdown and Calmar ratio respectively. SADRLs

performance is also statistically significant as shown by the bold results of the non-

parametric Friedman tests and the bold p-values for the post hoc Conover tests

in every case, the null hypothesis stating that there is no significance between the
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tested trading strategies is therefore rejected. From this it can be deduced that,

under the trading circumstances defined in the methodology that apply a dynamic

transaction cost of the bid-ask spread, SADRL significantly outperforms both its

predecessors of FDRL and PADRL as well as the technical analysis benchmarks

of RSI and MAC along with the passive buy and hold strategy.

6.4.3 Strategy Benchmarking

The following section compares the performance of SADRL to TA+NoDRL strate-

gies and a TA+DRL strategy defined in Section 6.3.4 to further test whether

DC+DRL is the winning combination when setup as the SADRL framework. The

SADRL strategy reports results for the TRPO DRL algorithm as it has been ob-

served to be the most effective algorithm for trading in the SADRL system. All

strategies are subject to the bid-ask spread during both training and testing. This

approach makes results much more realistic as it uses the real prices that the cur-

rency pairs were bought and sold at in real time. All non-DRL, fixed interval

strategies present results for the frequency of fixed interval sampling which pro-

duces the highest return out of 1 minute, 15 minute, hour and 4 hour intervals

in order to provide the greatest competition for SADRL as possible. The re-

sults displayed in Tables 6.17, 6.19 and 6.21 show the averaged results for SADRL

across all DC thresholds to match the number of results for the other fixed interval

strategies. When ranking and calculating significance, the results for each pair are

expanded out to match the number of SADRL datasets across all DC thresholds.

Total Return Table 6.17 displays the total return results of the SADRL, TADRL,

MeanReversion, MACDRSI and BollingerBands strategies. The BollingerBands

strategy clearly produced the most impressive results with positive returns for

12/14 currency pairs, with the other two being -0.17% for GBP/USD and -12.12%

for USD/JPY. SADRL Produced a positive average total return across all thresh-

olds for 13/14 pairs, with -2.83% for USD/JPY being the one pair that produced
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a negative result. Of the remaining strategies, MACDRSI and MeanReversion

perform similarly with varying positive and negative results across all 14 currency

pairs with MeanReversion producing the highest return of 17.70% on AUD/USD.

The TADRL strategy performed poorly across most of the currency pairs, produc-

ing mostly negative results with 11/14 currency pairs producing negative returns.

This result demonstrates that DRL is a tool that can produce effective results

when used with DC sampling as in SADRL but may struggle when applied to

currency data sampled at a fixed interval, hence the difference in performance

between SADRL and TADRL.

Table 6.17: Total Return (%) across all 14 currency pairs for numerous bench-
mark strategies testing the effects of removing DRL and DC components. All DC
strategies are reported as averages across all DC thresholds (0.015% to 0.029% in
steps of 0.02%). The best value per currency pair is denoted in boldface.

Currency Pair SADRL TADRL MACDRSI MeanRev. BollingerBands

AUD/JPY 5.17 -14.62 7.02 -5.12 11.24
AUD/USD 11.89 6.65 5.57 17.70 16.76
CAD/JPY 7.00 -5.73 0.79 8.98 7.16
CHF/JPY 5.86 -2.95 0.21 -1.97 6.76
EUR/CHF 2.28 -6.78 1.37 1.34 10.09
EUR/GBP 1.95 -5.48 2.45 -0.88 7.65
EUR/JPY 4.01 -2.00 1.98 5.10 8.16
EUR/USD 11.58 1.39 9.27 13.32 11.45
GBP/JPY 3.99 -2.47 0.23 -9.89 3.99
GBP/USD 13.82 -1.59 -0.31 -6.84 -0.17
NZD/USD 8.73 -4.59 5.37 4.08 9.56
USD/CAD 5.28 -0.86 -0.64 14.00 9.90
USD/CHF 6.87 -2.54 3.07 -1.05 10.10
USD/JPY -2.83 1.96 -3.55 -12.57 -12.12

Table 6.18: Statistical test results for total return, according to the non-parametric
Friedman test with the Conover post hoc test. Significant differences at the α =
0.05 level are shown in boldface.

Friedman test p-value 3.568e-40
Ave. Rank pCon

Boll.Bands 1.85 0.221
SADRL(c) 2.20 -
MACDRSI 3.24 1.213e-08
MeanRev. 3.24 1.803e-10
TADRL 4.47 1.879e-33
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Table 6.18 displays the significance results of SADRL when compared to the

described benchmarks. The null hypothesis of the Friedman significance test states

that there is not a significant enough difference in the distribution of the results for

each strategy to assume outperformance by any one strategy. Given the p-value

of 3.568e-40, the null hypothesis can be safely rejected. Table 6.18 also presents

the rankings of each trading strategy along with their p-values in relation to the

SADRL strategy. These results show that although the BollingerBands strategy

produced a higher average rank of 1.85 than SADRL with an average rank of 2.20,

this was not statistically significant as this produced a p-value of 0.221, failing to

provided a low enough p-value to reject the null hypothesis.

Maximum Drawdown Table 6.19 displays the results of the total return when

backtesting all benchmark strategies. SADRL produces the lowest maximum draw-

down for 7/14 currency pairs, and the second lowest for 5 of the remaining 7 cur-

rency pairs. The worst average maximum drawdown for SADRL is 11.80% for

USD/JPY and the best is 0.58% for EUR/USD, a value which is not beaten by

any of the other strategies. The MACDRSI Strategy appears the most consistent

strategy producing a maximum drawdown of between 0.18% and 5.23% across all

14 currency pairs. The same however is not the case for TADRL, MeanReversion

and BollingerBands which have much more variation in their maximum drawdown

results with each strategy producing highs of 14.62%, 20.81% and 14.81% respec-

tively.

Table 6.20 presents the significance results of SADRL when compared to the de-

scribed benchmarks. A p-value of 4.831e-54 from the Friedman test indicates that

the null hypothesis, stating that there is no significant difference in the distribu-

tion of results across strategies, can be rejected. The average ranking and poshoc

Conover p-values shown in Table 6.20 show that SADRL ranks the best across

all strategies with an average rank of 1.65. SADRL statistically outperforms the

TADRL, BollingerBands and MeanReversion strategies which all produce p-values

below the 5% significance threshold required in order to be considered statistically
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Table 6.19: Maximum Drawdown (%) across all 14 currency pairs for numerous
benchmark strategies testing the effects of removing DRL and DC components. All
DC strategies are reported as averages across all DC thresholds (0.015% to 0.029%
in steps of 0.02%). The best value per currency pair is denoted in boldface.

Currency Pair SADRL TADRL MACDRSI MeanRev. BollingerBands

AUD/JPY 3.52 14.62 1.72 9.48 7.49
AUD/USD 1.44 1.61 2.82 6.15 3.88
CAD/JPY 0.65 5.79 1.11 9.69 5.09
CHF/JPY 1.47 3.59 2.66 15.71 4.59
EUR/CHF 1.00 7.09 0.18 5.05 4.05
EUR/GBP 2.09 6.99 1.76 5.16 5.25
EUR/JPY 5.05 4.10 1.36 15.69 5.61
EUR/USD 0.58 3.59 0.80 5.77 6.38
GBP/JPY 5.06 6.51 0.86 18.00 5.85
GBP/USD 1.19 5.65 2.37 15.05 11.82
NZD/USD 3.44 4.83 2.42 8.84 5.37
USD/CAD 1.81 2.17 2.86 4.96 2.64
USD/CHF 0.85 4.21 4.21 10.32 7.41
USD/JPY 11.80 3.89 5.23 20.81 14.81

Table 6.20: Statistical test results for maximum drawdown, according to the non-
parametric Friedman test with the Conover post hoc test. Significant differences
at the α = 0.05 level are shown in boldface.

Friedman test p-value 4.831e-54
Ave. Rank pCon

SADRL(c) 1.65 -
MACDRSI 2.01 0.058
TADRL 3.14 3.875e-35
Boll.Bands 3.62 4.083e-52
MeanRev. 4.58 3.067e-84

significant. The MACDRSI strategy however produced a p-value of 0.058, meaning

this can only be accepted as significant at a p-value slightly higher than 5%.

Calmar Ratio Table 6.21 displays the results of the total return when back-

testing all benchmark strategies. SADRL is clearly the best performing algorithm

with the highest average Calmar Ratio for 11/14 currency pairs. TADRL is the

worst performing algorithm with 5/14 currency pairs producing a Calmar Ratio

worse than -0.8. The remaining three strategies produce some good results with

11/14 BollingerBands Calmar Ratios producing values above 1.0, with MACDRSI

and MeanReversion producing 3 and 11 instances of the same respectively.
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Table 6.21: Calmar Ratio across all 14 currency pairs for numerous benchmark
strategies testing the effects of removing DRL and DC components. All DC strate-
gies are reported as averages across all DC thresholds (0.015% to 0.029% in steps
of 0.02%). The best value per currency pair is denoted in boldface.

Currency Pair SADRL TADRL MACDRSI MeanRev. BollingerBands

AUD/JPY 9.91 -1.00 4.08 -0.54 1.50
AUD/USD 10.34 4.13 1.97 2.88 4.32
CAD/JPY 14.80 -0.99 0.71 0.93 1.41
CHF/JPY 22.71 -0.82 0.08 -0.13 1.47
EUR/CHF 2.51 -0.96 7.58 0.27 2.50
EUR/GBP 1.11 -0.78 1.39 -0.17 1.46
EUR/JPY 1.47 -0.49 1.46 0.32 1.45
EUR/USD 28.46 0.39 11.58 2.31 1.79
GBP/JPY 5.31 -0.38 0.27 -0.55 0.68
GBP/USD 15.74 -0.28 -0.13 -0.45 -0.01
NZD/USD 3.78 -0.95 2.22 0.46 1.78
USD/CAD 3.25 -0.39 -0.22 2.82 3.75
USD/CHF 21.82 -0.60 0.73 -0.10 1.36
USD/JPY 5.24 0.50 -0.68 -0.60 -0.82

Table 6.22: Statistical test results for Calmar ratio, according to the non-
parametric Friedman test with the Conover post hoc test. Significant differences
at the α = 0.05 level are shown in boldface.

Friedman test p-value 1.181e-45
Ave. Rank pCon

SADRL(c) 1.65 -
Boll.Bands 2.40 6.613e-10
MACDRSI 2.78 2.110e-13
MeanRev. 3.73 4.865e-32
TADRL 4.44 3.937e-61

Table 6.22 presents the significance results of SADRL when compared to the

described benchmarks. Given a p-value of 1.181e-45 the null hypothesis, stating

that all results are from the same distribution, can be rejected, implying that

no trading strategy outperforms another. The average rank results show that

SADRL outperforms all other benchmark strategies with an average rank of 1.65,

0.75 greater than that of it’s closest rival BollingerBands, at 2.40. Comparison

of the post hoc p-values for each strategy reveals that all results are statistically

significant, with p-values ranging from 6.613e-10 to 3.937e-61.

These results suggest that SADRL is the significantly the best performing
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algorithm when considering the risk-reward trade-off of each trading strategy. Al-

though SADRL is outperformed by BollingerBands for total return, these results

were not significant, BollingerBands also produces significantly worse maximum

drawdown result. This demonstrates that the combination of DC sampling and

DRL can outperform common technical analysis benchmark strategies as well as a

technical analysis benchmark that is trained using the same indicators and method-

ology on the same data sampled at a fixed interval.

6.5 Interpretation

The following interpretation section focusses on the trading behaviour of the

SADRL trading algorithm to gain a better understanding of some of the deci-

sions made by the SADRL agents. The opaque nature of neural networks often

masks the reasons behind the decisions made by these DRL trading agents so

analysing their trades in more detail will uncover some of the market conditions

that influence certain trades.

6.5.1 Trading Behaviour

Figure 6.6 shows the trades made by SADRL over February of 2023, this is a

good example of the type of market the agents thrive in. All agents tend to learn

a profit taking strategy, meaning they hold on to trades for extended periods of

time when the price is trending and will take profit once they reach a desired profit

thresholds. Figure 6.6 illustrates that the agent tends to hold trades for shorter

durations during sharp price movements, often taking profit following a rebound

to a level above the entry point.

This trading behaviour is a stark contrast from the trading behaviour exhibited

by the FDRL and PADRL models where the sharp and frequent changes in price

are used as the main source of profit. The bid-ask spread limitations prevent

this behaviour for SADRL which instead learns to focus on a longer term holding
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Figure 6.6: Trading behaviour of a CHF/JPY at θ = 0.029% over February 2023.
The blue line represents the series of DCC prices at each event. The green dashed
lines represent profitable trades over the period they are plotted and are mapped
from the entry and and exit prices (buy at ask price and sell at bid price) which
deviate slightly from the DCC price, which is mapped to the mid price of the
bid. The extended period of the flat prices are when the market is closed for the
weekend between Friday 10pm GMT and Sunday 10pm GMT.

strategy.

SADRL performs particularly well in trending environments but not so well

when the trend reverses. Figure 6.7 provides an example of how SADRL performs

when markets trend in the opposite direction. At the bottom of the first zoomed-in

image, the final movement of the downward trend is visible, followed by a reversal

into an uptrend before stabilising into a sideways trend. SADRL makes significant

gains on the preceding downtrend but this uptrend causes a losing trade to be

taken before exiting with a loss and re-entering another downward position. This

pattern is also evident in the final trade within the window, where a significant loss

occurs following a sharp price increase, contrary to the agent’s apparent trading
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preference.

SADRL also has the tendency to hold trades for a prolonged periods of time

when the market moves both with it and struggles to identify the correct time

to take profit. Figure 6.8 demonstrates this concept well as it shows the first

prolonged period where the agent takes a long position and fails to take profit in

time and eventually loses money. The agent had numerous opportunities to take

profit but avoided them all and eventually settled for when the price returned back

to its original price and dropped slightly below and it made a loss. The second long

period trade that lasts until the end of the figure demonstrates the same behaviour

but in reverse and shows when this behaviour actually helps the agent. A long

position is taken before the market drops significantly, the agent then holds the

trade for a prolonged period of time before the price rises back to the entry price

and the agent manages to exit with only a small loss compared to what could’ve

been if the trade would’ve carries on falling.

6.6 Summary

This chapter introduces the Spread Aware Deep Reinforcement (SADRL) trading

algorithm, a deep reinforcement learning based methodology for training agents

to trade FX assets using data sampled with the DC sampling algorithm. It is

the third model in a succession of DRL models that have been designed to trade

high frequency currency pairs under a directional changes sampling paradigm.

Each agent is trained per window across 14 different currency pairs and suggests

either a buy or sell action at each DC event which is then executed in a simulated

market environment. Unlike previous models that used fixed transaction costs,

SADRL explicitly uses historical bid-ask spread data to replicate the buy and sell

prices of the asset as close to a realistic market as possible. The bid-ask spread

represents the primary transaction cost in foreign exchange markets, with broker

commissions either being incorporated into the spread or assumed to be minimal

for high volume institutional traders. Slippage remains assumed to be negligible for
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Figure 6.7: Trading behaviour of AUD/JPY at θ = 0.029% between 19th Septem-
ber to 15th October 2022. The blue line represents the series of DCC prices at
each event. The green dashed lines represent profitable trades over the period they
are plotted and are mapped from the entry and and exit prices (buy at ask price
and sell at bid price) which deviate slightly from the DCC price, which is mapped
to the mid price of the bid. The extended period of the flat prices are when the
market is closed for the weekend between Friday 10pm GMT and Sunday 10pm
GMT.
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Figure 6.8: Trading behaviour of a AUD/USD at θ = 0.029% between 23rd May
to 17th June 2023. The blue line represents the series of DCC prices at each event.
The green dashed lines represent profitable trades over the period they are plotted
and are mapped from the entry and and exit prices (buy at ask price and sell at
bid price) which deviate slightly from the DCC price, which is mapped to the mid
price of the bid. The extended period of the flat prices are when the market is
closed for the weekend between Friday 10pm GMT and Sunday 10pm GMT.

the liquid currency pairs traded, though it is acknowledged that this assumption

may not hold during periods of extreme market volatility or for less liquid pairs.

The FDRL and PADRL trading algorithms were the two predecessors to the

SADRL trading algorithm and both demonstrated great performance as they gen-

erated extreme profit levels for most pairs across all DC thresholds. The main

drawback of FDRL not being fully autonomous was handled in the development

of PADRL and was carried through into the design of the SADRL trading algo-

rithm. PADRL however also contained drawbacks, the most problematic of which

was its fixed transaction cost threshold of 0.035%. Although this would be consid-

ered high in many works, the conditions under which PADRL made a significant

amount of its profit were when the bid-ask spread widened, meaning the trades

that PADRL was able to make were mostly infeasible in the real market. SADRL

addressed this problem by enhancing the PADRL with improved training and data

preparation methods. This allowed the SADRL to produce positive results that

beat all benchmarks when using the bid-ask spread, making this trading algorithm

much more realistic.

The SADRL trading algorithm has demonstrated that, with the novel method-
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ology described in Section 6.2 a deep reinforcement learning trading system that

uses the directional changes sampling method can be built to profitably trade the

foreign exchange market at high frequency with realistic transaction costs based

on historical spread data. The SADRL extends the current state of the art models

in this space by applying these DRL methods using realistic transaction costs, an

approach which is rarely taken in the literature at high frequencies due to the

resultant reduction in profit.



Chapter 7

Conclusion

This chapter presents a summary of the thesis, highlighting the progressive findings

detailed in each contribution chapter. Sections 7.1, 7.2, and 7.3 outline the novelty,

contributions and limitations associated with the FDRL, PADRL, and SADRL

frameworks respectively. Following the summary of each contribution, Section 7.5

explores potential directions for future research stemming from the findings of this

thesis.

7.1 Summary of FDRL

The first contribution chapter of this thesis (Chapter 4), details the development of

the Filtered Deep Reinforcement Learning (FDRL) strategy. FDRL is a framework

for training a set of deep reinforcement learning agents that are capable of trading

the foreign exchange markets at high frequencies. Transaction costs are modelled

as a fixed cost of 0.025% representing a combined approximation of commission

fees and the bid-ask spread. The novel framework defined by FDRL involves

both the preparation of the foreign exchange currency pair price data as well

as the training methodology of deep reinforcement learning agents. The data

preparation relies on the DC sampling algorithm to sample the raw tick data

whenever there is a significant change in price, therefore providing the agent with

much cleaner signals to learn from in an effort to aid its ability to learn. The

179
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FDRL framework demonstrates that, using the DC sampling algorithm in tandem

with deep reinforcement learning, it is able to train DRL agents to profitably trade

under a fixed transaction cost level of 0.025% and outperform the passive buy and

hold benchmark as well as the two RSI and MAC technical analysis benchmarks.

The novelty of the FDRL trading strategies lies in the amalgamation of the DC

sampling algorithm and a deep reinforcement learning approach to trading. From

the literature review in Section 3.3, a number of previous works were identified

that use DC sampling effectively on an array of asset classes, including stocks

and foreign exchange markets. Many of these applications however used very

different types of machine learning algorithms, such as evolutionary algorithms or

supervised machine learning algorithms, all of which work at much lower trading

frequencies. Section 3.3 did identify two works that apply more traditional table-

based reinforcement learning methods to DC sampled data. The application of

deep reinforcement learning to DC sampled high frequency foreign exchange data

however is the novel application pursued in this thesis.

FDRL uniquely contributes to the research space by creating a framework un-

der which a system of agents can trade profitably across 14 different currency pairs

and 8 different DC thresholds. These results provided preliminary evidence that

DRL can be used in a real market environment. The extreme returns observed in

the testing of the FDRL algorithm were subject to some limitations that would

need to be addressed if the strategy were to be transitioned from theory to practice.

The results of the algorithm are subject to a 0.025% fixed transaction cost approx-

imating commission and bid-ask spread, which in most cases would be considered

quite high however, due to the widening of the actual bid-ask spread at the periods

FDRL has learnt to trade, these fixed transaction costs are an underestimate of the

dynamic costs that would be faced in real market conditions, making the results

somewhat unattainable in a real market environment. Slippage is also assumed

to be negligible throughout the analysis, which may not hold during periods of

extreme volatility.



Chapter 7. Conclusion 181

Another limitation of FDRL is the integration of a trading filter, by using a

trading filter some autonomy was removed from what would be an underperforming

model. The trading filter forces the agents to only trade in periods that suited

their trading style and suppresses any trading outside of these bounds. Autonomy

is important for these agents as it allows them to set strategies and plans that are

uninterrupted in execution, by introducing a filter the execution of the strategy is

interrupted which in turn disrupts any implicit planning that the agent might be

undertaking. The lack of positional awareness for the FDRL agents played a role in

hindering the agents learning, which may have caused the need for the rule-based

interjection to generate profit. These shortcomings are therefore addressed in the

design of the PADRL trading strategy.

7.2 Summary of PADRL

The second contribution of this thesis (Chapter 5) provides the techniques used to

develop and test the Positionally Aware Deep Reinforcement Learning (PADRL)

framework. PADRL was designed to address the lack of positional awareness of

FDRL and ultimately create a fully autonomous trading system that outperforms

its predecessor. Previous applications of machine learning in the space of DC-

based trading algorithms often rely on a stateless approach to trading, the agents

that are used to trade often have no metric to measure their current position in

the market. Most of the literature includes strategies that are based on observing

data in the market and then generating trading signals, irrespective of the current

position, which a rule-based agent then decides whether to act on or not based

on incoming variables regarding the agents position, this process is rarely learned

and much more often hardcoded. PADRL uniquely contributes to this space by

creating a system of agents that can devise trading strategies to account for the

agents position in a market as well as the external market variables and then make

an informed trading decision.

By employing significant enhancements to the FDRL algorithm, both in terms
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of the training algorithm and the environment design centred around the introduc-

tion of positional awareness, a more profitable trading strategy can be developed

that outperforms FDRL in a more realistic trading environment. This strategy in-

corporates the positional awareness of PADRL with a concept of spread, allowing

the agent to learn a policy that can profitably trade the market while still being

subject to the bid-ask spread costs. The concept of self-awareness of the agent is

key to the topic of DRL, so by providing positional variables in the state space

to allow the agent to understand its current position in the market, the results

of PADRL can be profitable at a fixed transaction cost of 0.035%. Despite being

much more realistic, the policy learnt by the DRL agents effectively gets round

some of the limitations set out by a real market and therefore still suffers from

some limitations to application.

The most significant limitation of FDRL and PADRL is the use of a fixed

transaction cost. One of the main findings of the research was the difficulty of

solving this problem at high frequencies. High frequency data often means small

price movements and with small price movements the challenge is not just about

capitalising on accurate predictions of price movement, which FDRL and PADRL

do very well, but also about identifying when these price movements are large

enough to absorb the cost of the bid-ask spread. The next iteration in this series

of high frequency trading strategy frameworks is the SADRL framework which

addresses the shortcomings of the PADRL framework.

7.3 Summary of SADRL

The third and final contribution of this thesis, in Chapter 6 enhances the PADRL

trading strategy by developing the Spread Aware Deep Reinforcement Learning

(SADRL) strategy. This strategy incorporates the positional awareness of PADRL

with explicit modelling of dynamic bid-ask spreads using historical data, allowing

the agent to learn a policy that can profitably trade the market while being sub-

ject to realistic transaction costs. Unlike fixed cost models, SADRL accounts for
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the time-varying nature of spreads, with commission either incorporated into the

spread or assumed minimal for institutional traders, and slippage remaining as-

sumed negligible for liquid pairs. SADRL outperforms both the FDRL and PADRL

strategies at a realistic dynamic transaction cost and does so by learning to trade

less and focus on longer term trades within the market despite still often trading at

a high frequency. SADRL uniquely contributes to this space by building a model

training framework that trades profitably when subjected to realistic transactions

costs by way of the bid-ask spread.

The SADRL framework incorporates a number of novel features to enhance

performance, some of which are novel to this family of directional change and deep

reinforcement learning frameworks and others which are novel to the space itself.

The introduction of traditional technical analysis indicators is a novel feature that

was inspired by the successful use of technical indicators in the literature. The

reframing of the DC sampled data using candlesticks is another innovation of

SADRL that was inspired by existing techniques but modified slightly by applying

to DC sampled data. The introduction of both the technical indicators and the

candlestick reframing along with the positional awareness introduced in the earlier

PADRL framework help the agents learn longer term dependencies and therefore

implement strategies with much more foresight.

The SADRL framework handles the main limitations of both FDRL and PADRL

by training agents to implement longer term strategies in order to generate prof-

itable returns under the bid-ask spread transaction costs. SADRL itself also has

some limitations however, firstly, most of the strategies implemented by SADRL

agents are trend following, meaning they catch onto a trend and perform well in

that trend, but when the trend reverses they often struggle to make the correct

decisions. Another limitation of SADRL is its ability to optimise trading over

prolonged periods. When analysing the behaviour of the SADRL trading agents

it was found on a number of occasions that the agent would hold trades while in

profit and often wait too long and exit at a small loss instead of taking profit.
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These two limitations could form the basis of future work to extend the family of

models described in this thesis that executes trades with improved efficiency.

7.4 Comparison of Frameworks

Having outlined the individual contributions and limitations of each framework,

this section provides a direct comparison to establish which framework performs

best according to specific metrics and under what conditions.

Under fixed transaction costs at 0.035%, PADRL demonstrates clear superi-

ority over FDRL, achieving an average rank of 1.37 for Calmar ratio compared

to FDRL’s 1.80 (p = 4.139e-3). However, both frameworks deteriorate dramati-

cally when subjected to dynamic bid-ask spreads. FDRL shows particularly poor

performance, with losses exceeding 99% in numerous pair-threshold combinations,

whilst PADRL produces the best performance in only 9% of pair-threshold combi-

nations. Both frameworks exhibit strong correlations between DC threshold and

performance under fixed costs, with FDRL showing particularly strong correlations

(correlation coefficients above 0.8 for most pairs), suggesting threshold-dependent

strategies that fail to generalise to realistic trading conditions.

When all three frameworks are retrained and tested with bid-ask spreads,

SADRL achieves substantial performance advantages across all metrics, producing

an average rank of 1.69 for Calmar ratio compared to 3.93 for PADRL and 4.35

for FDRL, with highly significant differences (p-values of 1.42e-44 and 9.05e-60 re-

spectively). SADRL maintains healthy returns across 11 of 14 currency pairs with

average Calmar ratios above 1.0, whilst FDRL and PADRL struggle to achieve

profitability. For maximum drawdown, SADRL achieves an average rank of 1.57

compared to 3.57 for PADRL and 4.43 for FDRL. SADRL also significantly out-

performs traditional technical analysis benchmarks under spread conditions, in-

cluding Mean Reversion, MACD+RSI, and Bollinger Bands strategies (p-values

ranging from 6.613e-10 to 3.937e-61). The fixed-interval DRL benchmark TADRL

performs particularly poorly with an average rank of 4.44, confirming that the
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combination of DC sampling and deep reinforcement learning provides advantages

that neither approach achieves independently.

The choice of reinforcement learning model emerges as critical in the SADRL

framework. Whilst FDRL and PADRL employ only PPO, SADRL was evaluated

with four different models: DQN, A2C, PPO, and TRPO. TRPO substantially

outperforms alternatives across all metrics, with its constrained optimisation ap-

proach particularly well-suited to the complex state spaces and sparse reward

structures characteristic of spread-aware trading. DQN performs poorly in com-

parison to policy-based models, whilst A2C demonstrates competitive maximum

drawdown performance but falls short on total return and Calmar ratio.

Each framework demonstrates optimal performance under specific conditions.

FDRL performs best at higher DC thresholds (0.025%-0.029%) on pairs exhibit-

ing clear directional trends and low volatility oscillations, particularly EUR/CHF,

EUR/GBP, and EUR/JPY, generating Calmar ratios exceeding 1,000 for certain

pair-threshold combinations. However, these conditions represent a narrow oper-

ating envelope that rarely materialises in actual trading environments. PADRL

extends FDRL’s operating conditions by demonstrating greater consistency across

DC thresholds, achieving optimal performance on EUR-based pairs where win rates

consistently exceed 55%. PADRL shows weaker correlation between DC threshold

and performance compared to FDRL (moderate correlations of 0.3-0.6 rather than

strong correlations above 0.8), indicating greater robustness to threshold selection.

SADRL demonstrates the broadest operating envelope, performing well across di-

verse market conditions and achieving particularly strong results on pairs previ-

ously problematic for FDRL and PADRL, including CAD/JPY, CHF/JPY, and

USD/CHF, with Calmar ratios of 14.80, 22.71, and 21.82 respectively. EUR/USD

shows exceptional SADRL performance with a Calmar ratio of 28.46, compared

to marginal or negative results for FDRL and PADRL under spread conditions.

The computational requirements differ substantially across frameworks. FDRL

represents the most efficient approach, training agents over 200,000 timesteps,
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whilst PADRL increases demands through its significant expansion in training

duration to 3,000,000 timesteps. SADRL represents the most computationally

intensive framework due to TRPO’s constrained optimisation and expanded state

spaces. The performance advantages under realistic trading conditions justify these

computational costs. From a practical deployment perspective, SADRL emerges

as the only framework suitable for live trading due to its proven performance under

dynamic spread conditions.

In conclusion, SADRL emerges as unequivocally superior when evaluated ac-

cording to the Calmar ratio under realistic transaction cost conditions, significantly

outperforming both its predecessors and traditional benchmarks. FDRL performs

best under narrow, rarely materialised conditions at fixed costs. PADRL improves

upon FDRL’s consistency but remains unsuited to realistic trading. SADRL es-

tablishes the benchmark against which future developments in this domain should

be measured.

7.5 Future Research

The FDRL, PADRL and SADRL family of frameworks progressively improve with

each new model both in terms of performance and how realistic their simulations

are however, due to how unexplored the space of DRL applications to DC sampling

is, there exists plenty of directions future research could head. Future research can

include work on both the practical and theoretical aspect of these frameworks.

The simulations in this thesis are accurate according to the historical data,

however one aspect of a real market that is difficult to replicate retrospectively is

slippage. Slippage refers to the difference in the price at which a buy or sell order

is made and the price it is executed. When trading at high frequencies this can

become a problem because a trade order could be posted but slippage could cause

an unexpected change in entry price, by entering a trade the agent itself can affect

the liquidity of the market, impacting the price level. The simulations run in this

thesis assume no slippage and no effect of the agent in the market, so developing
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a system that is tested in real time would provide more insight into the real word

profitability of the agents.

These frameworks have been developed specifically for foreign exchange data

but could be applicable to many other asset classes. Commodities and cryptocur-

rencies have similarities in their price movements to currency pairs, especially in

the case of cryptocurrencies where there are fewer fundamental factors at play.

Fundamentals were not factored into the design of FDRL, PADRL and SADRL

due to the high frequencies at which they trade but with the discovery that SADRL

prefers to trade over longer periods, fundamentals could skew the performance of

the agents. For asset classes like cryptocurrencies where these fundamentals are

much less important the SADRL framework could perform particularly well.

The reinforcement learning approach itself has plenty of room for future re-

search. The action space, environment and reward function were all the result

of chasing the highest yielding setups on a subset of the data pool on which the

final models were tested. This means that there is plenty of opportunity to test

out different action spaces, perhaps involving a continuous action space that con-

trol position size as well as the direction of the trade. The environment could be

altered by introducing more technical indicators or positional variables and the

reward function could be modified to reflect risk adjusted return to limit risk of

the model as the current approach is designed to incentivise frequent trading, a

feature that may not be required with alterations to the environment or action

space.

Eight different DC thresholds were used in this work to provide a range of high

frequency samples that would produce different outlooks on the same data. Since

these DC thresholds are applied to the same data, it is possible to get two different

outlooks on the the same data at any given point. This opens up the possibility

of using features from the same underlying data sampled at multiple thresholds to

train the agents to provide a longer and shorter term outlook, with a larger and

smaller DC threshold value. Ensembling is also an effective approach to enhancing
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existing algorithms as mentioned in the literature review. By introducing a voting

mechanism it is possible to implement a number of different models that vote on

trading actions at each time step, this has been shown to be an effective approach

in the past.

As well as ensembling, a hierarchical approach could also be implemented

that trains a root DRL agent to implement different DRL agents during differ-

ent regimes. It was observed with SADRL that agents trained in up trending

environments tend to perform well in uptrends in the test set, but applying this

same agent to a downtrend did not experience the same success. If multiple agents

were to be trained for a number of different environments and then controlled by a

separate agent, model or technical indicator that determines the appropriate trend

or agent to apply to the current market then this could build a powerful system

of agents, each of which is a specialist in a given market trend.

While this thesis demonstrates the effectiveness of combining DC sampling

with deep reinforcement learning, the inherent scale-invariant properties of di-

rectional change, the scaling laws extensively documented in the literature, re-

main largely unexploited by the learning algorithms themselves. The scaling

laws identified in [5] and subsequent research, including the well established re-

lationship 2DC ≈ OS, represent additional structural information about market

behaviour that could enhance strategy performance beyond what reinforcement

learning alone achieves. The current frameworks treat DC sampling primarily

as a data preparation mechanism, with RL agents learning policies without ex-

plicit awareness of underlying scale-invariant relationships. Future research could

integrate this knowledge through several approaches: hybrid architectures com-

bining RL with multi-objective learning that optimises both profit and adherence

to scaling relationships, extending the state space to include features derived from

scaling law deviations, such as the ratio of observed OS magnitude to expected

value and exploiting scale-invariance for transfer learning across thresholds and

currency pairs, potentially reducing the need to train separate models for each
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configuration. Such enhancements might address limitations identified in SADRL,

particularly if scaling law deviations could signal trend exhaustion or reversals.

The findings in Section 4.5, showing that currency pairs with lower OS propor-

tions generate substantially higher returns, suggest that when markets conform

more closely to idealised scale-invariant patterns, strategies perform more reliably.

Future work could systematically investigate how the strength of various scaling

laws correlates with trading performance, enabling dynamic threshold selection

where agents adapt based on real-time conformity to scaling relationships. How-

ever, implementing these approaches requires careful design to use scale-invariant

properties as soft constraints rather than rigid rules, allowing agents to learn when

deviations represent noise versus profitable opportunities. Empirical validation of

how well scaling laws hold across the specific datasets used in this thesis would

be essential, as results suggest these relationships vary in strength across market

regimes. By integrating scale-invariant DC properties with deep reinforcement

learning, future research could achieve strategies that are more profitable, theo-

retically grounded, and better able to generalise, moving from demonstrating that

DC sampling and DRL combine effectively, to exploiting the deeper mathematical

structure underlying DC sampling.
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