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ABSTRACT

It is known that the average retail investor finds the financial markets quite complex,
unpredictable and volatile, which can lead an investor to emotional mistakes and significant
financial losses. Buy and Hold investment strategy is known to be the best for retail
investors, but it is susceptible to severe drawdowns in the phases of declining market. To
address this issue, Buy and Hold can be enhanced by some risk management approach (e.g.
trend following strategy). Another way to control risk can be the application of Machine
Learning in Finance, namely Deep Reinforcement Learning, which proved to be successful in
multiple fields including e-commerce, energy sector, gaming etc. This thesis is dedicated to
researching the application of Reinforcement Learning in the form of an ensemble of Deep
Reinforcement Learning Agents to mitigate drawdown risks and prevent investors from
significant financial losses. The ensemble of agents is trained on past cryptocurrency market
data, namely Bitcoin market, while a part of that data is used to evaluate how well the
ensemble is generalized and to measure its performance. The findings of this study show the
ensemble of trading agents can succeed at risk control and reduction compared to Buy and
Hold passive investment strategy but still lacks the ability to achieve the same returns.

KEYWORDS

Reinforcement Learning; Q-Learning; Double Dueling Deep Q Network; Ensemble of DQN
Agents; Bitcoin; Trading; Risk management;
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1. INTRODUCTION

Financial markets have a complex, uncertain, and dynamic nature, making it challenging to
trade and predict their future development (Shavandi & Khedmati, 2022). However,
behavioral finance suggests that market participants may not be completely rational or fully
informed regarding their actions (Felizardo et al., 2022). The passive trading strategy “Buy
and Hold” is known for producing a great expected return in bull markets (Hilliard & Hilliard,
2018) and therefore is widely adopted as a simple basic strategy for retail investors and as a
baseline benchmark strategy (Théate & Ernst, 2021). Recently, Deep Learning methods and
Deep Q-Network Algorithm (Shavandi & Khedmati, 2022) demonstrated the effectiveness for
analysis and trading in stock and crypto markets.

Even though the “Buy and Hold” strategy performs well in growing markets, this strategy is
still at risk of severe drawdowns (Grudniewicz & Slepaczuk, 2023), because of the strong
linear correlation with prices of assets. Despite recent advancements in Machine Learning,
there is a large variety of studies on the integration of Deep Reinforcement Learning (DRL)
approaches for solving trading problems. By exploring Deep Q-Network algorithms in trading
strategies, it should be possible to teach agents to opt out of the market in times of
uncertainty and apply safer strategies with good returns and low risk (Carta et al., 2021).

To solve this trading problem an ensemble of Deep Reinforcement Learning (DRL) agents will
be trained and tested on the historical trading data. The DRL ensemble is supposed to learn
an actuation policy, where the correct action is the action that gives our autonomous agents
the maximum asset price return while minimizing drawdown risk.

Active trading strategies using Deep Q-Network algorithms are expected to adapt effectively
to changing market conditions, resulting in better mitigation of drawdown risks, while
demonstrating an equal or better performance compared to the benchmark strategy “Buy
and Hold.”



2. LITERATURE REVIEW

Managing risks in the markets has been a complex problem since the market's inception.
Multiple theories and approaches emerged intending to explain and forecast the market’s
behavior and to improve risk management.

One of the first attempts to analyze markets, Dow Theory, was developed by Charles Dow in
the 19th Century (Yamani, 2023). Dow Theory says the market is in an upward trend if one of
its averages (e.g., industrials or transportation) advances above a previous important high and
is accompanied or followed by a similar advance in another average.

Modern Portfolio Theory was developed by Harry Markowitz in his paper "Portfolio Selection"
1952, which introduced diversification as an instrument to maximize returns for a certain level
of risk (Shadabfar & Cheng, 2020), which can be viewed as an advancement in the risk control
approach. The diversification technique allows to combine higher risk assets with lower risk
assets therefore offering a mixed portfolio complied with certain risk appetite.

Another related concept is the Capital Asset Pricing Model, developed and published by
William Sharpe and John Lintner in 1964 (Boda & Kanderova, 2014). The Capital Asset Pricing
Model provides a framework for determining the expected return on an investment based on
its risk relative to the overall market. It incorporates concepts like the risk-free rate, market
risk premium, and beta.

The efficient market hypothesis (EMH) was introduced by Eugene Fama in his PhD work
“Random Walks in Stock Market Prices”. Later on, the EMH was enhanced with three different
forms of efficiency — weak, semi-strong, and strong. The strongly efficient market was defined
as “a market with a great number of rational, profit-maximizers actively competing, with each
trying to predict future market values of individual securities, and where current important
information is almost freely available to all participants.” (Titan, 2015)

A key component of the weak form of EMH is the Random Walk Theory (RWT), which was
popularized by Burton Malkiel in his book “Random Walk Down Wall Street” 1973, which
popularized the idea of prices moving randomly and thus the evolution of prices cannot be
predicted.

Benoit Mandelbrot, on his turn, criticized RWT and observed that stock prices exhibit long-
term dependence and are better modeled by fractal geometry, where investors should
consider the risks associated with extreme Black Swan events, which “can be defined as an
unexpected year-on-year drop in revenue between 30%-90%" (Christie et al., 2024). These
ideas were influential in developing chaos theory in finance.

On the contrary to RWT, the Behavioral Finance approach challenges statements of the EMH.
Behavioral finance has roots in the work of psychologists and economists in the 1970s and
1980s. The term itself gained widespread use in the 1990s. Amos Tversky and Daniel
Kahneman (Silva et al., 2023) made significant contributions with their prospect theory,
challenging the traditional assumptions of rational behavior in finance. Behavioral finance



incorporates psychological factors into market analysis and recognized investors are not
always rational and may be subject to cognitive biases and emotions.

Algorithmic trading emerged in the US equities market in the 1990s. There are studies arguing
that the speed advantage of algorithmic traders over humans — specifically, their ability to
react more quickly to public information — should have a positive effect on the
informativeness of prices (Chaboud et al., 2014).

Algorithmic trading can fall into two categories - rule-based and ML-based approaches. Rule-
based algorithmic trading allows computers to execute trades using predetermined policies
based on traditional trading methods, mathematical models, or strategies invented by
humans. On the contrary, Machine Learning (ML) algorithmic trading allows computers to be
trained on historical data and invent their policies (Shavandi & Khedmati, 2022).

Supervised ML algorithms became the first attempt to apply ML to financial markets and
allowed researchers to take advantage of human expert knowledge to build complex models
capable of trading. Deep learning techniques have been excessively used in the financial stock
trading market (AbdelKawy et al., 2021), however, due to the markets’ noise, uncertainty, and
volatility the accuracy of their predictive models might not be good enough for trading in the
unpredictable environment (Shavandi & Khedmati, 2022). Moreover, excellent predictive
accuracy is not enough to operate in an environment with unseen data, because trading
strategy should include facets like risk management and quick response to unexpected events.

Therefore, the next advance in algorithmic trading with Machine Learning was an application
of Reinforcement Learning (RL) algorithms not only for predicting the prices but also to
actively manage risks in the automated mode. In October 2015, AlphaGo first beat
professional Go player (Chao et al., 2018). This achievement sparked the interest in ways to
apply Reinforcement learning algorithms in finance (Ye & Schuller, 2023).

However, even before AlphaGo's success, there were important research attempts in the field
of Reinforcement learning applications to solve trading problems.
Recurrent Reinforcement Learning, an adaptive policy search algorithm that can learn an
investment strategy online, was proved to be a working solution by outperforming the Buy &
Hold baseline strategy in the SP500 market (Moody & Saffell, 2001). The study by Moody &
Lucar Saffell also highlighted the important advantage of policy learning approaches over
model-free off-policy RL algorithm called Q-learning (Chakole et al., 2021).

Another study proves Recurrent Reinforcement Learning can perform well in the foreign
currency exchange market (Forex) and earn constant gains while avoiding significant
drawdowns (Dempster & Leemans, 2006).

One of the novel trading models with reinforcement learning techniques was proposed by (Y.
Hu et al., 2015) — a hybrid long-term and short-term evolutionary trend-following algorithm
(eTrend) that combines trend-following investment strategies with the eXtended Classifier
Systems (XCS). XCS has Genetical Algorithms and Reinforcement Learning embedded, which
allows to invent automatic trading rules. Experimental results showed that this approach can
bring excessive returns with a high Sortino ratio, which “considers only the downside volatility



as the unpleasant part of price fluctuation” (Chen et al., 2014), which is considered to be a
good result.

Another study injected the Deep Learning approach into the Reinforcement Learning
framework to achieve trading signals generation without the usage of technical indicators
(Deng et al., 2017). This approach showed the effectiveness of cooperation between Deep
Learning and Reinforcement Learning concepts, where summarization of market conditions
was performed by the Deep Learning model and then the Reinforcement Learning module
analyzed market representations and performed trading actions.

Another study (Théate & Ernst, 2021) showed the advantages of Deep Reinforcement Learning
application to solve trading problems. The Trading Deep Q-Network algorithm utilized both
trend-following and mean-reversion techniques and showed performance slightly better than
benchmark strategies on different stock markets.

Another research implemented a Recurrent Reinforcement Learning agent by combining
online transfer learning and policy gradient reinforcement learning to achieve an impressive
350% ROI for perpetual futures contract trading on the Bitmex exchange (Borrageiro et al.,
2022). It is important to note that profit from funding was one of the rewards for the agent,
so the agent captured 71% ROI only by collecting funding.

A recent study (Felizardo et al., 2022) researched an application of Deep learning in the form
of ResNET-LSTM to solve financial trading problems. The research also compared the
performance of ResNET-LSTM to the performance of Deep Q-Network (DQN) (Jeong & Kim,
2019) on cryptocurrency markets including Bitcoin and Ethereum. The ResNET-LSTM actor had
an impressive performance overall, while DQN was significantly underperforming in
conditions without transaction costs. When transaction costs were present DQN started to be
competitive, which proves Reinforcement learning is a valid approach for solving financial
trading challenges.

Another advancement in this field is the Dual Action and Dual Environment Deep Q-Network
model (Huang et al., 2023) as an extension of the Deep Q-network approach. DADE-DQN
enhances the common trend-following strategy with an impressive cumulative return of
79.43% on Korea Composite Stock Price Index data, while maintaining the Sortino ratio at 2.21,
which proves this approach to be a good-performing model with good risk mitigation for
automated trading of indexes.

Another study introduced Multi-agent Double Deep Q Network (MADDQN) architecture,
which showed satisfactory results in the experiment on the mixed data of three major US
market indexes (Huang et al., 2024). MADDQN consists of several independent trading agents
trained using Double DQN and the final agent, which receives all decisions of individual trading
agents as input and combines them to perform trading decisions. MADDQN showed an
average cumulative return of 23.08% and performed better than baseline strategies.

Another step forward was taken through the development of a multi-agent trading system
(Shavandi & Khedmati, 2022). The idea was to create a multi-agent Deep Reinforcement
Learning framework, where every agent is an expert for a specific timeframe, and to verify if
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the ensemble of agents performs better than a single agent using the data of the EUR/USD
Forex market. The ensemble consisting of three trading agents, where each one specializes in
long-term, mid-term, and short-term timeframes and is trained via a value-based DQN
algorithm showed better performance compared to both single DQN agents specialized in the
specific timeframe and the common benchmark trading strategies. The ensemble showed an
average cumulative return of 56.4%, while the Buy and Hold baseline strategy only gained
5.4% over the same period from 2012 to 2021. Moreover, the ensemble managed to keep
risks low by achieving the maximum drawdown of only -11.89%, while the Buy and Hold
strategy had a loss of —21% during the same period.

Considering the above studies, we can assume Reinforcement Learning in the form of multi-
agent ensemble Deep Q-Network agents can be a good model to mitigate drawdown risks and
capture the upward trends in the cryptocurrency market. Another important detail is the
ability to train and test Reinforcement Learning agents on 2017-2023 market data because
the crypto market can be considered mature in this period.



3. METHODOLOGY

The end goal of the Methodology section is to describe the architecture of the ensemble of
DQN agents, so let’s explore the different RL algorithms to understand the interrelation
between Markov Decision Processes, policy-based Reinforcement Learning, Q-Learning, and
Deep Q-Network architecture.

3.1. Reinforcement Learning

The concept of Reinforcement learning (RL) was invented iteratively over decades by various
prominent scientists, where Harry Klopf (1994), Andrew Barto and Richard Sutton (1997) are
considered the most important contributors. Reinforcement learning is one of the three
Machine Learning paradigms alongside Supervised Learning and Unsupervised Learning.
Reinforcement Learning gathers multiple different algorithm variations under one term and
the classification of algorithms is illustrated in Fig. 3.1. The RL algorithms can be divided into
two categories — value-based and policy-based. In the value-based category, we are
interested in the Q-learning algorithm, which makes it possible to learn the action-value
function. In turn, the Deep Q-Network algorithm can be considered as an enhancement of Q-
learning and introduces a way to approximate the action-value function with Deep Neural
Networks (Qiu et al., 2023).

[ Model-free RL algorithms ]

Value-based Policy-based
Q-leaming [21] | SARSA[9) ‘ Actor-Critic PPO [24]
. X ~ "
Fitted Q-itcration [23) DON [22] DDPG [25] TD3 [26] SAC[27]

(with DNN)

Fig. 3.1 — Classifications of single-agent reinforcement learning

algorithms (Qiu et al., 2023)



3.1.1. Markov Decision Process

Reinforcement Learning problems (Fig. 3.2) are typically formulated as Markov Decision
Process (MDP), where MDP provides the mathematical framework to approach those

problems.

The key components of MDP are formally described as <S, A, T, P, R> tuple (Adawadkar &
Kulkarni, 2022), where:

= Srepresents a set of all possible states for an agent to be in

= Arepresents a set of possible actions an agent can take

= Trepresents the set of time steps, where a decision needs to be made

» P represents transition probabilities from state s to s’ with action a : P,(s, s') =
Pr(Sip1=5"|S: =5, A, = al)

» Rrepresents the reward R, (s, s') for a s ®is's’

state N PR / O e : AN
State § \ () ) W s2) %) "M s3) oo A \

- { . s Y 4
4 2 <
@ time step = % = ves = JI

Environment t=1 t=2 t=3 t=T-1 t

Fig. 3.2 — Agent—environment interaction and the Markov Decision Process (Qiu et al., 2023)

3.1.2. Reinforcement learning framework

The reinforcement learning framework enhances MDP by adding the following key
components to learn through experience how to achieve specific tasks (Domingo Colomer et
al., 2020):

=  Environment
=  Agent

The environment is everything the agent interacts with. It can be represented by the set of
time steps, where the decision should be made at each step.

In turn, the agent can consist of multiple components, each of which is a function:

= Policies
= Value functions, Q function
=  Models



= State update

The agent is a decision-maker, who follows specific policy T and transitions from state m to

selection is based on a policy 7, a learning agent aims to find the optimal policy m*, which
defines the probability of actions selection, so the sum of rewards is maximized.m in order to
maximize the reward r . Action selection is based on a policy &, thus the aim of learning
agent is to find the optimal policy m*, which defines the probability of actions selection, so
the sum of rewards is maximized.

The common example of model-free value-based policy learning algorithm is Q-learning (Fig.
3.3). In Q-learning, the Q function of the agent can be represented as a Q-table. Q-table is a
data structure storing the Q-value for every possible state-action pair. Q-Learning iteratively
updates the Q-table, whose goal is to approximate the Q-value function Q*(s, a). All elements
in the table are initialized as zeroes and then are updated one element at a time (Qiu et al,,
2023). In its turn, the Q-value represents the combination of instantaneous reward and
possible future reward of the next states resulting from current action, assuming probabilistic
system evolution with Markov Decision Processes (Zaparoli Cunha et al., 2023).

Q Table
State-Action Value
- 0

’ State |

Q-Value

| Action |

olo|o|o|e|e|o|e

Q Learning

Fig. 3.3 — Q-learning Framework’

1 https://becominghuman.ai/train-your-first-rl-agent-a-step-by-step-guide-353bced83722
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3.2. Deep reinforcement learning

Deep Reinforcement Learning (DRL) is the advancement of RL, which combines Reinforcement
Learning and Deep Learning approaches. DRL leverages Deep Neural Networks (Fig. 3.4) to
improve the handling of complex relationships between the state, actions, and rewards. DRL
agents proved to be good performers in various tasks including playing video games (Mnih et
al., 2015) and controlling robots.

D -learni

Q-value action 1
state

Q-value action 2

Q-value action 3

Fig. 3.4 — Deep Neural Network example?

An important advantage of the DQNs is Experience Replay, which helps to overcome the
correlation between consecutive samples in traditional Q-learning by storing past
experiences in the replay memory buffer. Additionally, the Deep Q-Network is optimized
towards a frozen target network that is periodically updated with the latest weights at every
step, which makes training more stable by preventing short-term oscillations from a moving
target (Mnih et al., 2015).

3.2.1. Design of the single DQN agent

In this case, the DQN Agent is a Sequential model with a plain stack of layers where each layer
has exactly one input tensor and one output tensor (Fig. 3.5). The DQN Agent will have the
following stack of layers (Carta et al., 2021):

= One flatten layer consisting of 68 neurons processing multiple timeframe data

= One fully-connected layer with 35 neurons and LeakyRelu activation

= One fully-connected layer with 3 neurons representing actions and Linear
activation

2https://towardsdatascience.com/techniques-to-improve-the-performance-of-a-dgn-agent-
29da8a7a0a7e
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Multi-timeframe

DQN Agent Actions
Candlestick data
Bu
68 neurons: y
- 40 4-hour candles HOId
- 20 1-Day candles
- 8 1-week candles Se”

Fig. 3.5 — DNN’s architecture of the DQN Agent for multi-timeframe trading®

Considering studies of Double DQN by (Van Hasselt et al., 2016) and Dueling DQN by (Wang
et al., 2016), Double Dueling DQN should be used to improve the performance of DQN agent.
The standard DQN struggles with overestimation issues, while Double DQN mitigates the
overestimation bias found in the original DQN approach and enhances learning stability and
policy performance. In addition, Dueling DQN introduces a novel network architecture that
more accurately estimates state values and 2 advantage values. By explicitly distinguishing
between state values and action advantages in the network structure, Dueling DQN provides
a more granular approach to Q-value estimation, proving more efficient and effective for
numerous decision-making tasks (G. Hu, 2023).

The final architecture of the Deep Reinforcement Learning framework can be seen in Fig. 3.6.

Actions
. Candlestick data Buy
Hold
‘ foas |08 sell
State Reward
s, r Action
al
]
L rt+1
bos, Environment —
¢
]
:

Fig. 3.6 — Deep Reinforcement Learning framework with DQN Agent

3https://towardsdatascience.com/techniques-to-improve-the-performance-of-a-dgn-agent-
29da8a7a0a7e
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3.3. The ensemble of DQN agents

The further improve decision-making and achieve better results in risk management, we
propose to aggregate multiple DQN agents into one ensemble. The resulting ensemble
will have agents trained at different epochs; therefore, we expect every agent to have
different experiences due to the randomness of the training process (Carta et al., 2021).
Every epoch contains all decisions taken by the agent during its training process and is stored
in a file (Fig. 3.7), which allows an application of the dynamic agreement threshold.

Action

For each epoch

ENV

| yood3 901
ZY20d3 907
u yood3 9017

Reward, Observation

\ 4 \ 4 A\ 4

Log file1 Log file 2 Log file n

Centwns #l the cecisions for wach day Contwns w1 the Secisions for sach day Contans i T dacinions for sach dary

Fig. 3.7 - A proposed ensemble of deep reinforcement learning agents (Carta et al., 2021)

Considering the exponential growth of the cryptocurrency market, we decided to train Only-
Long Agent, which is configured to either take Long actions or opt-out from any action. The
approach described allows us to control the percentage of agreement threshold and to
experiment with assembling ensembles with a different agreement threshold, while the
agents are trained only once and stay the same between differently assembled ensembles

(Fig. 3.8).

Log File Decisions
(Long Agent) ‘ (Long Agent)
Day |Epoch1|Epoch2]|... [Epoch n Threshold | Day |Decision
1 ong tong |..| Long > 1 ong
2 | optout | Long Long » 2 ong
3 t-out ' > 3 |
4 t-out pl-ou Lor > 4

Fig. 3.8 - The agreement threshold allows to control of the resulting decision of the whole
ensemble for a specific time step (Carta et al., 2021)
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3.4. Dataset

To get cryptocurrency trading data, the Binance APl was used to fetch cryptocurrency prices
for a specific period in the form of candlesticks. That data will be used to assess the
performance of our Deep Reinforcement Learning agent. Experiments will be conducted using
data from September 2017 to February 2024 for the major cryptocurrency — Bitcoin. The
dataset will be a list of candles, where each candle is represented by the following data:
[timestamp, open_price, high_price, low_price, close_price, volume]. In simple terms, every
candle is a list of numbers, representing the important trading metrics of the assets on a

specific timeframe.

The dataset will have three different timeframes to help trading agents navigate better in
complex trading environment — 1 Week, 1 Day, and 4 Hour candlesticks.

The sample of the weekly dataset can be visualized as the following weekly candlesticks chart
(Fig. 3.7)

" Bitcoin | TetherUS - W - BINANCE 0072 < o0 H71768.50 L66385.06 6016002 4225003 wa.3s% [ Fusor -
59460.02 | 0.01 | 69460.03 | 40000.00
=3 “ 32500.00

26500.00

20500.00

Tl
16500.00
H 13500.00
) o '
it 10500.00
e 3 X t
H U[| 0 P I u%.
It i” il s 1 t Y 8500.00
H U ] ! H ok
frol. 6900.00
ot b

J 5700.00

t 4700.00

# ‘ L J[ﬂ i 3900.00
[ 3200.00

2600.00

™

1 [» 562.214K

Sep 2018 May Sep 2019 May Sep 2020 May Sep 2021 [e]

Fig. 3.7 — Weekly candlesticks chart on TradingView, data from Binance*

4 https://www.tradingview.com/symbols/BTCUSDT/
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The most crucial dataset is the daily Bitcoin timeframe, and its structure can be seen in Table

3.1:
Date Time Open High Low Close
08/17/2017 | 00:00 4261.48 4485.39 4200.74 4285.08
08/18/2017 | 00:00 4285.08 4371.52 3938.77 4108.37
08/19/2017 | 00:00 4108.37 4184.69 3850 4139.98
08/20/2017 | 00:00 4120.98 4211.08 4032.62 4086.29
08/21/2017 | 00:00 4069.13 4119.62 3911.79 4016
08/22/2017 | 00:00 4016 4104.82 3400 4040

Table 3.1 — A sample of daily Bitcoin candlesticks dataset

3.5. Experimental procedure

The proposed approach is to apply Deep Reinforcement Learning framework with a Deep Q-
Network Agent available to process multiple timeframes of trading data to learn from trading
data and achieve two goals:

= Beat benchmark strategy (Buy and Hold)
=  Minimize risks of having significant drawdowns (measured by Sharpe ratio)

To train and validate the agent it’s needed to split the data and apply walk-forward validation
(Oyewola et al., 2022). The most common approach for Deep Learning training is cross-
validation and it is widely used for model assessment and selection. However, classic cross-
validation is not suitable for time-series data, because cross-validation expects every
observation to be independent and evenly distributed. In the case of cross-validation usage,
models can train on the future data, which is an incorrect approach. The walk-forward
validation allows to train and validate the agent on all data and does not expose future data
during the training and validation phases (Fig. 3.8). In walk-forward validation, instead of
splitting data randomly, it is divided into consecutive intervals. Then earlier intervals can be
used for model training, while the later intervals are used for testing (Beniwal et al., 2023).
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Fig. 3.8 - Forward validation (Chalkidis & Savani, n.d.)

Considering our dataset has 2400 days (about 6 and a half years), it is possible to dedicate
1300 days (about 3 years) for training, 130 days (about 4 months) for the validation dataset,
and 130 days (about 4 months) for the test dataset. The split with this proportion allows us to
have 4 walks for an agent to learn from the data (Table 3.2).

Walk 1 Walk 2 Walk 3 Walk 4 Walk 5 Walk 6 Walk 7
Train 0-1300 130-1430 260-1560 390-1690 520-1830 650-1960 780-2090
days days days days days days days

Validation | 1301-1430 | 1431-1560 | 1561-1690 | 1691-1830 | 1831-1960 | 1961-2090 | 2091-2220

days days days days days days days
Test 1431-1560 | 1561-1690 | 1691-1830 | 1831-1960 | 1961-2090 | 2091-2220 | 2221-2350
days days days days days days days

Table 3.2 — Forward validation example for daily Bitcoin dataset

3.5. Evaluation metrics

In this section, we describe the evaluation metrics measured to evaluate the performance of
DQN trading agent.

3.5.1. Accuracy

The accuracy metric gives information about the number of actions correctly classified
compared to the total number of them. Considering there are 2400+ trading days and the
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agent took 1200 decisions to open long positions, if only 600 decisions end up as a profitable
action, accuracy will be equal to 50%. The accuracy formula is:

Accuracy(X') = Pl (1)

x(H)

|
where |X '| is trading days when long or short actions were performed and XM stands for
the number of trading days with correctly classified price action. As a practical example,
consider the daily open at 60,000S per Bitcoin and the daily close at 630005, which results in
5% price growth over the day. If the trading agent opened the long position on that day, we
could consider the agent predicting the price action on that day correctly.

3.5.2. Coverage

The coverage metric is important to give us an insight into the agent's behavior because it
visualizes the tendency of the agent to be over- or under-trading. The coverage metric reports
the percentage of times the trading agent took an action (opened Long or Short position) in
the total number of days the agent was present in the market.

3.5.3. Cumulative reward

The reward metric shows the cumulative Return on investment percentage (ROl %) of the
opened positions in the market. It represents a sum of the reward, which can be negative or
positive, for every opened position divided by the sum of the capital involved.

3.5.4. Maximum Drawdown

A drawdown is a metric used to measure the risk of the trading strategies and is calculated
like the following:

MaxDrawdown , = 0mint( Z;tg=o Rewardp) (2)
<p<

Where Reward,, is the cumulative reward at the time p. Trading strategy can be considered
successful in case it manages to keep Maximum drawdown relatively small compared to its
returns. In other words, this metric shows the ability of the trading agent to avoid significant
downside risks.p. Trading strategy can be considered successful in case it manages to keep
Maximum drawdown relatively small compared to its returns. In other words, this metric
shows the ability of the trading agent to avoid significant downside risks.
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4. EMPIRICAL STUDY

The results were obtained by training the ensemble of agents for 100 epochs and then
evaluating the assembled ensemble on the test data with different agreement thresholds
applied. Every agent in the ensemble was trained to perform only long or opt-out actions.
The final training metrics for all walks executed on the Bitcoin dataset are presented in Fig.
4.1, and Fig. 4.2.

Esperiment BTC Day (Only long):
Target model update: 1e-1

Model: 3-layered Deep Neural Network
Memory-Window Length: 10000-1
Train length: 1300 Days

Validation length: 130 days

Test lenght: 130 Days

Starting period: 2017-10-26

Other changes: Does only Long actions

sl WAt L s AN | A ey S e o A A A g
e | w T s A . e e

A g

TRma—nrs
i

| R e A

Fig. 4.1 — The metrics for walks #1-3 executed during the training of the ensemble of DQN
agents

The accuracy metric chart shows that the model is converging well during the training period
but still has a low level of accuracy in the validation environment. The accuracy metric
improved rapidly during the first 15 training epochs and then finished in the range between
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80% and 90%. The validation accuracy oscillated around 50%, which proves the agent might
not be generalized and perform worse than expected in an unknown environment after
training. This should not be a huge problem, because the price action of the validation dataset
is usually significantly different from the training dataset because of market volatility.

R P s i RS R o s e e b [ oo e e A handa ot

Fig. 4.2 — The metrics for the walks #4-7 executed during the training of the ensemble of
DQN agents

The coverage metric on average between all walks went from 40% to 50% during the first 10
training epochs and then it oscillated around 50% for the rest of the training period. In turn,
the coverage metric for the validation dataset ranged between 40% and 70% depending on
the walk, which might indicate the ensemble behaves more actively in case the price action
of the validation dataset is more like the training dataset.
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The train reward metric rapidly increased during the first 15 epochs for all walks and then
stalled for the remaining epochs, which indicates ensemble learns well how to perform in
the training environment. On the opposite side, the validation reward metric was mostly
ranging for all walks, which indicates the ensemble did not generalize well and performed
suboptimal actions in that environment.

The metrics Long% and Hold% are mirroring each other, Long% metric increases during the
first 15 epochs and then stabilizes at 50%, while Opt out% metric slightly decreases. It
illustrates the ability of the agent to learn the proper actions in the environment and do
more appropriate actions.

Let’s consider two similar ensembles, where the only difference is the agreement threshold.
Full ensemble (E100), where threshold agreement is 100%, shows slightly better
performance in the test environment (Fig. 4.3).

FULL ENSEMBLE

Valid Test

Iteration | Reward% #Wins #Losses Dollars | Coverage | Accuracy Iteration | Reward% #Wins #Losses Dollars | Coverage | Accuracy
0 0.05 10 10 | 2437.33 0.15 0.5 0 0.11 4 3| 4522986 0.05 0.57

1 0.06 4 5| 2752.08 0.07 0.44 1 -0.17 5 7| -5079.13 0.09 0.42

2 0.01 3 2 644.21 0.04 0.6 2 -0.05 4 6| -1098.99 0.08 0.4

3 -0.25 2 8 | -4656.41 0.08 0.2 3 -0.06 10 7| -1358.47 0.13 0.59

4 0.11 7 5 2447.34 0.09 0.58 4 0.03 9 4 897.37 01 0.69

5 -0.08 7 7| -2249.43 0.11 0.5 5 0.06 11 5 1989.4 0.12 0.69

6 0.03 12 8 1096.75 0.15 0.6 6 0.05 9 12 282314 0.16 0.43

sum 0.01 45 45 2471.87 0.1 0.5 sum 0.01 52 44 2696.28 0.11 0.54

Fig. 4.3 — Full ensemble of only long agents' statistics for validation and test datasets

The ensemble, which has a 90% agreement threshold (E90), does surprisingly well in the
validation environment, however, performs even worse than E100 in the test environment
(Fig. 4.4).
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90% ENSEMBLE

Valid

Iteration | Reward% #Wins #Losses Dollars Coverage | Accuracy
0 0.19 23 21 9477.85 0.34 0.52

1 0.1 16 15 4181.69 0.24 0.52

2 0.07 16 12 1985.87 0.22 0.57

3 0.05 14 16 992,98 0.23 0.47

4 0.08 20 21 1861.66 0.32 0.49

5 -0.22 12 21| -5588.36 0.25 0.36

6 0.14 25 26 4638.82 0.39 0.49

sum 0.08 126 132 | 17550.51 0.28 0.49

Test

Iteration | Reward% #Wins #Losses Dollars Coverage | Accuracy
0 -0.1 14 15| -4483.28 0.22 0.48

1 -0.41 20 21 |-12007.77 0.32 0.49

2 0.09 17 17 1676.21 0.26 0.5

3 0.06 24 22 1378.63 0.35 0.52

4 -0.07 17 14 -18745 0.24 0.55

5 0.03 19 18 902.7 0.28 0.51

6 0.27 24 20 | 15683.26 0.34 0.55

sum 0.01 135 127 1275.25 0.29 0.52

Fig. 4.4 — 90% ensemble of only long agents' statistics for validation and test datasets

The ensemble, having an 80% threshold level, showed slightly better performance in the

validation environment, and even worse performance in the test environment, which resulted

in a negative reward summary (Fig. 4.5).

80% ENSEMBLE

Valid

Iteration | Reward% #Wins #Losses Dollars Coverage | Accuracy
0 0.19 25 24 9522.5 0.38 0.51

1 0.06 21 23 2680.28 0.34 0.48

2 0.12 22 18 3520.35 0.31 0.55

3 0.11 16 19 2097.73 0.27 0.46

a4 0.07 22 26 1721.08 0.37 0.46

5 -0.22 15 24 | -5566.21 0.3 0.38

6 0.12 30 30 4070.08 0.46 0.5

sum 0.08 151 164 | 18045.81 0.35 0.48

Fig

Test

Iteration Reward% #Wins #Losses Dollars Coverage | Accuracy
0 -0.16 17 21| -6833.22 0.29 0.45

1 -0.58 24 28 |-17564.04 0.4 0.46

2 0.13 19 21 2450.53 0.31 0.47

3 0.09 26 25 2069.58 0.39 0.51

4 -0.15 18 18 -3857.56 0.28 0.5

5 0.01 24 24 463.79 0.37 0.5

6 0.21 26 24 | 12820.86 0.38 0.52

sum -0.04 154 161 |-10450.06 0.35 0.49

. 4.5 -80% ensemble of only long agents' statistics for validation and test datasets
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5. RESULTS AND DISCUSSION

In the above experiment, we trained the Double Dueling Deep Q Network (DD-DQN) agents
and created various ensembles with different agreement thresholds. In general, all
ensembles showed better performance in the validation environment and significantly
worse performance in the test environment. Even though the reward summary in the
validation environment was positive, it was significantly worse compared to the Buy and
Hold baseline strategy.

One can notice the proposed DD-DQN ensemble is not learning properly to benefit from
massive Bitcoin market uptrends. At the same time, the DD-DQN ensemble managed to
avoid severe drawdowns, which can be considered a noteworthy achievement.

The possible things to improve in future work could be the enhancement of DD-DQN
architecture, like changing the number of layers in DQN, training every agent for every
timeframe separately, and increasing the number of candles the agent receives as input.
Another way to improve the results can be enhancements of the environment, like the
introduction of a stop-loss mechanism, which might improve cumulative reward and help to
beat the baseline Buy and Hold strategy.

Another possible improvement can be the analysis of the agent’s actions in specific
conditions and training the agent to classify different market phases (namely uptrend,

downtrend, and ranging markets) and adjust its actions accordingly.

One more improvement could be adding some synthetic trading data because 7 years of
trading data might not be enough to properly train the agent.
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6. CONCLUSIONS AND FUTURE WORKS

The thesis explored the design and training of the DDDQN agents’ ensemble, which
demonstrated good risk management skills but is not yet good at capturing and benefiting
from the uptrend periods of the markets.

The thesis presents the following opportunities for future work:

= DNN architecture: Deep Neural Network with 68 neurons input layer might not be the
optimal design to perform well in volatile market environments, one can experiment
by adding more input neurons, thus allowing a trading agent to have more information
about the environment before taking the next action

= Improvement of rewards: currently we only give the reward to an agent in the form of
profit or loss for a particular action, while the reward can also include feedback on
maximum drawdown and maximum profit during the training period

= Adding indicators data: in the current experiment we supplied only the raw data to
train the agent; one can try to improve the agent’s performance by calculating and
supplying indicator data like Relative Strength Index, Moving Averages, etc in addition
to raw candle data
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