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Abstract

The cryptocurrency market has been known to be volatile, which presents an opportunity
to profit from swings. Although buy-and-hold agent has shown to be the simplest yet powerful
trading strategy for a long-term period, yielding an outstanding ROI, there are efforts to automate
the trading process. The most traditional approach is using statistical indicators to signal trading
actions, sometimes assisted by a simple ML as a price predictor. Another new-age approach that
is the topic of interest of this research is trading using reinforcement learning (RL), an application
of ML which incorporates learning process by exploring states and searching the best action based
on the states. A good action is granted a positive reward, vice-versa. In this research, multiple
RL algorithms in continuous and discrete action spaces are used to perform backtrading in the
Bitcoin spot market. Trained on a hour-level crab market, the models’ performance are tested in
bull, crab, and bear markets in hour and minute levels. The results show that RL agents acting on
discrete spaces would give higher returns and relatively low MDD compared to continuous agents.
The fastest RL training is attained by Discrete A2C, yet, it yielded benchmark-like results. This
research contributes as the primary research in comparing different RL algorithms’ performance
in a backtrading environment based on algorithm and action space types. In future works, this
research can be expanded by incorporating dynamic hyperparameter tuning and more complete
RL design to enable the agent to act in a live trading environment.

Keywords: portfolio management, automated trading, reinforcement learning.
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Chapter 1

Introduction

1.1 Background

Cryptocurrency markets 1s often associated with price volatility. Its market cap has increased
tremendously over the years to almost USD 3 trillion in late 2021!. Average investors are at risk of
the fear of missing out (FOMO) and therefore prone to making investment decisions detrimental
to their finances. When it comes to cryptocurrency, the market’s popular action sentiment is to
buy and hold. This has proven to be the best strategy in the long term, generating an astronomical
return-of-investment (ROI), as can be seen with Bitcoin’s return in 10 years®>. Such tremendous
return-of-investment ROI is exciting, but the buy and hold sentiment encourages that one perpet-
ually holds yet without exit strategy; this makes investment returns to be suboptimal. Therefore,
there is a need to equip a strategy-building framework to maximize returns, preferably with the
assistance of automation.

Besides statistics and basic machine learning (ML) approaches, many switch to explore the
field of Reinforcement Learning (RL) for trading automation: a ML branch which learns from re-
wards and punishments over exploring actions. Reinforcement Learning algorithms have achieved
outstanding performances in various domains in recent history, with agents such as Alpha GO,
Alpha Zero beating a human at the complex game of Go and Chess respectively. State of the art

performance has also been achieved in Atari gameplays using Deep Q-Network (DQN) and in

Thttps://www.tradingview.com/symbols/CRYPTOCAP-TOTAL/
Zhttps://www.tradingview.com/chart/?symbol=BTCUSD



robotics. Various DL algorithms have also been applied to stock and cryptocurrency trading bots.

1.2 Problem Description

Deciding when to buy, sell or hold, for investors who would like to take advantage of the cryptocur-
rency market swings and make gains in the short term, can be very challenging. Due to the high
volatility and nonstationarity of cryptocurrency markets, sometimes traditional ML approaches do
not perform as efficiently as wished. RL improves ML by being able to take actions based on
real-time states and previous feedbacks, in automation. Despite RL’s similarity to unsupervised
ML in terms of learning supervision, RL is more efficient than ML due to the fact that the number
of action an RL agent can take is bounded and more exact. Since there are a vast selection of RL
algorithms to choose from, therefore, it is necessary to examine each algorithm’s advantages and

disadvantages by comparing their performances against another.

1.3 Research Objectives

This research aims to evaluate and compare several RL algorithms and action spaces (DQN, PPO,
SAC, A2C, and A3C) and traditional trading algorithms (HODL, MACD) in performing a Bitcoin
trading (sell, buy, hold). The comparison is based on the following key metrics: ROI, MDD, aver-
age ROI over benchmark’s ROI, and time to convergence. On top of that, this research compares

between continuous action space against discrete action space for the problem setting.

1.4 Research Scope

The scope of this research is as per the following:
e Trading decisions are done and calculated through backtesting.

* Trading data consists of training and testing data, comes from only one trading pair, which

is BTCUSD:

— Training data: 11,144 data points of a crab market in a hour-level timeframe.



— Testing data: 2,000 data points in minute and hour levels, both in bull/crab and bear

trends.

* The actions are limited to buying, holding, and selling Bitcoin in the spot market. No trading

fees.

* The performance are measured using the following metrics: portfolio return, maximum
drawdown (MDD), Sortino Ratio (deprecated), average ROI over benchmark’s ROI, time

to convergence, the number of trades taken, and the total trading value.

1.5 Contributions

This research serves as one of the first to scrutinize how different RL algorithms perform in the
application of cryptocurrency trading, according to the type of the algorithm (policy-based, value-
based, and combined) and the type of action space (discrete, continuous). From the results, this
work will summarize the advantages and disadvantages of each algorithm in the application of
trading in the spot market, and suggest future researchers on how to pick models based on specific

cases.



Chapter 2

Literature Review

2.1 Introduction

Before looking into several researches which compares between reinforcement learning (RL) al-
gorithms’ advantages and disadvantages, preliminary lectures regarding RL implementations in
trading are presented, to illustrate RL implementation in trading applications.

The first practical lecture [4] aims to design an RL agent to perform spot trading. Here, the
process starts with deciding how the data will be read and learned by an agent: either by reading
the whole dataset, per-trade data chunks, per-window candles, or per-instrument. The next step is
designing rewards. Reward and punishment design is deemed to be the core problem in trading
and can be measured by different factors, e.g., profit and loss (PnL) on exit, per-period PnL, trend
detection, and long hold prevention. It is also important to choose the features to extract from
the data, for example, technical indicators, sentiment data; using different time resolutions are
recommended. From there, the system is ready to be tested, using several possible instruments like
trend curves, random walks, autocorrelation, etc. Lastly, a deep learning algorithm (see section
3.3.1 is added to the system to improve learning capacity.

Results from this lecture show that RL may require huge amount of sample and is prone to
overfitting, therefore results can vary among agents despite using the same code. Moreover, de-
signing reward function is difficult: even with the assistance of trading indicators, it is difficult to
avoid sticking to local optima.

Another supporting lecture [5] performs cryptocurrencies trading with the following qualities



to measure: return-on-investment (ROI) and performance over market benchmarks. This research
compares RL training in stationary and non-stationary data. Stationary data means that value dis-
tribution (mean, variance) at any time point is constant: one time point corresponds to one sample.
Non-stationary data is the opposite: a series of data is considered as one individual sample. Since
asset prices are non-stationary, the work mentions that conventional statistics and machine learning
are not necessarily enough to tackle this problem. Therefore, the work uses REINFORCE, a policy
gradient RL method that estimates the optimal policy by adjusting the policy that maximizes total
reward. However, this algorithm is remarkably not sample efficient: old data are thrown away.
Moreover, network parameters are prone to violently change, that explains the huge variability in

training results.

2.2 Deployment of Deep Reinforcement Learning and Market
Sentiment Aware Strategies in Automated Stock Market

Prediction

Sagiraju and Mogalla [1] compare several RL algorithms in predicting stock market in an automatic
manner using both market price data and Twitter sentiment as the environment. The proposed
framework is as shown in Fig. 2.1.

Various algorithms are compared: Deep Q-Networks (DQN), Deep Deterministic Policy Gra-
dient (DDPG), Proximal Policy Optimization (PPO), Advantage Actor-Critic (A2C), and their pro-
posed AutoEncoder-LSTM network combined with Reinforcement Learning (AE-LSTM+RL).

The daily closing data of Dow Jones Industrial Average (DJIA) and S&P 500 data from 2006—
2016 are used as training data, and are tested against the real data from 2016-2021. These data are
combined with tweet sentiments in the range of [-1,1] calculated from engagement data. Yet, to
align with the focus of this thesis, sentiment in this research is not discussed here.

Three benchmarks are used in evaluating the algorithms’ performance:

1. Sharpe Ratio: RPG;P&*, where Rp = portfolio return, Rp = benchmark rate, and op = standard

deviation of portfolio. Penalizes any return below benchmark. Higher is better.
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Figure 2.1: Proposed framework by [1]

2. Sortino Ratio: RPG;D&”, where Rp and Rp are identical to above, and op = standard deviation

of downside. Punishes returns below benchmark within a specific threshold. Higher is better.

3. Maximum Drawdown (MDD): the maximum percentage of drawdown from the latest port-

folio all-time high (ATH). Measures downside risk. Values closer to zero is better.
4. Annual and cumulative portfolio return (ROI). Higher is better.

The results show that, from the two assets’ evaluation, AE-LSTM+RL returns the highest
Sharpe Ratio and almost the best Sortino Ratio, annual ROI, and cumulative ROI, yet it causes
the highest MDD. A2C performs slightly better or slightly worse to AE-LSTM+RL. PPO’s results
are often the worst in many benchmarks except it performs best at MDD. DQN and DDPG show
similar results to A2C. Results can differ depending on the tested asset or time period, for exam-
ple, PPO gives the highest annual DJIA return but by far the lowest cumulative return. Hence,
supporting [5]’s claim regarding the high variability between results given by RL tests, comparing

and deciding which conventional algorithm performs the best is not a simple task.



2.3 Deep Reinforcement Learning for Trading

Similar to [1] but excluding sentiments data and with different assets, Zhang et al. [6] compare
DQN, Policy Gradients (PG), A2C, with baseline algorithms Long Only, Sign(R), and Moving Av-
erage Convergence Divergence (MACD) using nine different metrics to maximize trading portfolio
of five asset categories: commodity, equity index, fixed income, foreign exchange, and combined.
From the results, DQN yields the best results in most metrics in every investment class except eq-
uity index. PG and A2C comparably perform worse than DQN but better than baseline algorithms,

with A2C performs better than PG more often.

2.4 A2C versus A3C

Espeholt et al. [7] presents one comparison between A2C and A3C as a part of a larger comparison
comprising of a proposed novel actor-critic algorithm, batched A2C, and A3C. The focus of the
research is not related to trading but to find the most efficient algorithm to learn to complete two
puzzles, measured by the training speed and learning outcome. The comparison between A2C and
A3C is only found in the single-machine, GPU-less experiment, where A3C with 32 workers and
64 CPUs can process puzzle 1 and puzzle 2 at 6.5K and 9K frames per second (FPS). Meanwhile,
batched A2C, 48 CPUs, with step synchronization, can reach 9K and SK FPS, and batched A2C
with trajectory synchronization yields 16K and 17.5K FPS. Again, this comparison is done using
different settings and not mentioned in other parts of the study, hence cannot be easily concluded
if A2C has any advantage over A3C.

Therefore, a qualitative comparison by Sewak [8] between A2C and A3C will be included here.
A3C is performed by distributing learning to multiple agents to be done in parallel. Each newly
created agent copies the parameters from a centralized network parameter server and trains its data
over the parameters. At one time, there will be a merge event where agents combine their own
parameters with the global parameter, then replaces each’s own parameters with the new global
parameter to retrain. However, A3C’s asynchronousness can be disadvantageous: agents may have
different knowledge of the global state since not every agent pull the global parameters at one time.

This is particularly bad if an agent fails or refuses to synchronize with the global parameters for



a long time, causing training instability and slower convergence. A2C improves A3C by forcing
agents to synchronize at specific times or conditions together at one time. Though, if an agent is

unreachable or not responsive, this may cause synchronization delay.

2.5 Verdict

An extensive search of research repositories show that there has not been many, if any, research
papers that explicitly compare between conventional algorithms, ML algorithms, and RL algo-
rithms or between A2C against Asynchronous Advantage Actor-Critic (A3C), especially in the
applications of trading and portfolio management. Moreover, the comparative results from differ-
ent existing, or even within the same research, may wildly vary. With similar experiment settings
and comparisons, the results can be different, see [ 1] which shows that A2C yields the better results

versus [6] which clearly signifies that DQN is superior.



Chapter 3

Background Knowledge

This chapter introduces concepts and algorithms that are used in this research.

3.1 Genetic Algorithm

Before discussing about genetic algorithms, we visit its hypernym: evolutionary algorithms.
Evolutionary algorithms mimic the biological evolution that living beings use to maintain the ex-
istence of their species [9]: how each generation’s lifetime starts and ends and how optimized it
performs its “tasks," compared to other individuals and its parents [10]. In evolutary algorithms,
“organisms” or a model would naturally survive if it has a stronger gene, for example, when it can
perform more optimal problem solving capability [11]. The keyword “gene" here introduces us to
the concept of “genetic algorithms."

Genetic algorithms train individual models in a generation to solve a problem: the outcome
being trained models and their respective properties (genes), forming a “gene pool." Each “geno-
type”, consists of a set of genes, is represented by a binary string. Only those with higher fitness
value can survive and can reproduce in the next training generation. For each iteration, genes from
different qualified individuals can recombine with each other or mutate, just like biological gene
crossover or mutation [11, 12]. The generational trainings come into when a stop condition has
been met.

A classic pseudocode of genetic algorithms is as follows.
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obtain initial population;
calculate each individual’s quality;
while not completed do // produce new generation
for population size/2 do // recombination cycle
choose two individuals to recombine, prioritizing higher quality candidates;
recombine the selected two to produce two offspring;
calculate each offspring’s quality;
append the produced individuals into the new generation/iteration;
end

if population count converges then
| completed < TRUE

end

end
Algorithm 1: A Classic Process of Genetic Algorithms [13]

3.2 Artificial Neural Networks (ANN)

Artificial Neural Networks (ANN), or in short neural nets (NN), is an interconnected layers of
"neurons"” that act as processing elements. Connection strength between neurons, which denotes
the processing ability of the network, is represented by "weights" [2]. ANN is based on the working
of living creatures’™ nervous systems, especially the brain. As concisely aforementioned, a simple
NN consists of layers, neurons, and weights, see Fig. 3.1. In its simplest form, an NN consists
of a single input layer and a single output layer. An input layer can have one or multiple neurons
with different values x; representing the inputted data to the neural network. A weight w; connects
an input neuron wy and an output neuron y and acts as a multiplier, i.e. the output neuron y will
receive the value wgx; from this connection. A neuron can be a source of multiple weights to the
next layer and also a destination of multiple weights from the previous layer. The value of a output
layer neuron in Fig. 3.1 is equal to y = f (Z?;OI wix; — 0), where f is an activation function, e.g.
Sigmoid, normalization, etc. and 0 an internal threshold or offset. Lastly, the output layer, after
receiving its final value, becomes the output of the NN. An output layer is useful for classification
problem: it shows which neurons have a value that lies within a specific classification threshold.

The correctness or quality of an ANN can be determined using a loss function, which indicates
the disparity between the expected output and the prediction produced by the ANN. Loss function

may also be used to adjust other hyperparameters, such as weights [14].
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Layerx + 1

Figure 3.1: Structure of an ANN [2]

3.2.1 Deep Learning

Deep learning improves ANN in a way that it is multi-layered: each layer processes different levels
of features. Deep learning algorithms have intermediary layers connecting input and output layers
which in a progression extract useful input patterns and pass them to the subsequent layer [15]. Ac-
cording to how inputs are presented or obtained, deep learning can be divided into multiple types,
most prominently (1) unsupervised learning, (2) supervised learning, (3) reinforcement learning
(RL), or (4) combination between any of (1), (2), or (3).

Supervised learning problems has the following characteristics. First, data is presented in the
form of X — Y, where X is a representation data labeled with a label Y. Next, the learning agent
will abstractly learn the relations between X and Y as a knowledge base to predict the label of
a new input. Unsupervised learning lacks ¥ part such that the learning agent needs to infer data
classification from the feature distribution of input data. Agents in reinforcement learning learns
independently, assisted from rewards and punishments from performing an action in one environ-

ment state.

3.3 Analytic Trading

Trading, in this sense, refers to an activity of buying, selling, or holding a commodity, stock,

currency, or other derivative assets in their corresponding finacial markets. The ultimate goal of
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trading is to gain profit from price difference and minimizing transactional cost. Analytic trading
optimizes profit-making decisions by predicting price actions based on fundamental analysis plus
chart features such as price trend, support and resistance levels, trading volume, trading indicators,
price patterns, etc. [16]. Fig. 3.2 shows Bitstamp’s Bitcoin-USD pair chart taken from Trad-
ingView on 5 August 2022, at 9:01 AM UTC. It contains different indicators: Volume (Vol), Mov-
ing average with window size equals 28 bars (MA(28)), MACD long/short strategy, and Bollinger
Bands with window size 20 and band deviation of 2 sigma (BB(20,2)).

Bitcoin / U.S. Dollar - {W - BITSTAMP - TradingView ®  023287.38 H23642.14 L22400.00 C23126.83 -195.70 (-0.84%)

(23117.97 ] 13.22 { 23131.19 | 70000.00

Vol 6.535K
MA 28 close 0 SMA 28 32933.29
MACD Strategy 12 26 9

60000.00

50000.00

BB 20 close 2 0 48102.84 12510.57
40000.00
l 30000.00
2 | BTCUSD | 23126.83
5 MacdSE 3 PHK 20000.00
. 5 ;
\LMacdSEMaCdSE v MacdsE 1
= L i T T 10000.00
11 ST ——— LN
MacdLE
U7 MaMacdLE 18 "5 Maff'-"— 0.00
4242 MacdLE’
1y 2019 Jun 2020 Jun 2021 Jun 2022 Jun fed

Figure 3.2: An example of trading chart with several indicators [3]

There are three important vocabularies that can describe the trend of an asset price: bear,
bull, and crab [17]. A ‘“’bear” market defines a downward price trend; a “bull market” defines
an upward price trend. Finally, the term “crab” market is used to describe a relatively stagnant,
trendless market, alternatively, a price movement with both major bull and bear markets contained

in it. Consult Figure 3.3.

2 2

’ ’ R
15 haid 15 M«\ 15 o — 15
I 1 1 1

2020 2021 2022 2023 2020 2021 2022 2023 2020 2021 2022 2023 1Jul 2Jul 3Jul 4Jul

Bull market Bear market Crab market Also crab market

Figure 3.3: Bear, bull, and crab markets

Typically, the input data of a price prediction problem is in a form of a time series data [18].

Values from a time window is then calculated and analyzed to obtain various indicators to assist
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trading decision. More recent approaches automate trading decisions in a form of algorithmic
(algo) trading, which can generate decisions in (near-)real time. Sometimes, algo trading is em-
powered by artificial intelligence and ANN to improve the prediction performance as well [19].

Many fund managers nowadays have shifted their interest to trade cryptocurrencies due to their
profit-inducing volatility [20] and rapid development [21]. Bitcoin, being the first invented and the
most mature cryptocurrency, has become the cryptocurrency standard in various researches and
studies [20].

There are three basic actions in spot trading: Buy(x) or Long, Sell(x) or Short, and Hold.
Buy(x) tells the trading bot to buy x units of asset at the specified time, Sell(x) works similarly
but for selling, and Hold is to neither buy nor sell the asset at the specified time point. Decision
to choose one of the three depends on indicators, or in ANN-enhanced decision, the output of the
ANN.

This research uses two popular indicators: exponential moving average (EMA) and Moving

Average Convergence/Divergence (MACD), a derivative of EMA. EMA(x) is defined as

EMA(x) = p-k+EMA,-(1 k), 3.1)

where n = ;_zﬁ, x is the number of time frames considered in the EMA, p is the asset price at
the current timeframe, and EMA, is the value of EMA of the previous day [22]. Since the function
is recursive, the base case of the formula, for the first datapoint, is [23]
-1 '
—opill—a)'
EMAo(x) = Z’jﬂf’ A
Zi:o (1 - (Z)l

; (3.2)

where « is the discounting factor of past values, typically is 0.18.

MACD, on the other hand, uses EMA in its calculation, and is defined as: MACD(f,s) =
EMA(f) — EMA(s). f stands for “fast" moving average, typically is fixed at 12. s is “slow"
moving average, typically is equal to 26. On top of that, EMA(l) of MACD is called the “signal
line", equals to EMA(l) — MACD( f,s) [23]. Signal line (hereafter notated by o) is useful to trigger
buy and sell signals. When MACD — ¢ turns from negative to positive, a buy signal is issued; when

it turns from positive to negative, a sell signal is issued. Otherwise, no trade is done.
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3.3.1 Deep Learning for Trading

Long-Short Term Memory (LSTM), a subset of Recurrent Neural Network (RNN), is a popular
supervised deep learning algorithm for trading bots since its nature fits with predicting future values
from past data. This class of RNN uses either sigmoid or hyperbolic tangent (tanh) activation
function and SoftMax. Back propagation in RNN, when seeing a non-optimal result, may redirect
the outputs of the network to the hidden, intermediary layer, in a hope to improve the prediction
result [24].

LSTM improved long-term forecasting by adding more memory into RNN. Each LSTM “cell’
(Fig. 3.4 [25]) has two states: hidden state (A, to process input and output and short-term memory)
and cell state (c, for data flow and long-term memory). There are several steps in building an
LSTM network [26]. First, forgetting unused information from previous step (%) and input X;
using a sigmoid function (o) through the forget gate (f;, a vector whose values are between 0 and
1). The next stage is remembering new information from X; through the memory gate (i; to accept
or discard new information multiplied by C; to give an importance level to the input). Finally, the

output of the cell 4, is obtained by multiplying o (%, ) and ¢;.

m — G

o
by i c Ot < h,

Figure 3.4: An LSTM cell

LSTM, in this regard, however, is used mostly for forecasting stock prices. Trading decisions
are generated using another deep learning algorithm named Convolutional Neural Network (CNN).
CNN, usually used for feature extraction in multidimensional spaces like images, learns stock
movement patterns (trend, trajectory) and thus can decide when to buy or sell an asset [27]. Not
many works indicate the ROI, but prediction accuracy. Yet, Chakole and Kurhekar’s work [27]
show that a plain CNN would return a lower ROI than other methods, not excluding the buy-and-
hold method.
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3.4 Markov Decision Process (MDP)

Markov Decision Process is central to the main concept of this research Reinforcement Learn-
ing (RL). MDP mimics the working of decisions in human life, focuses on choosing the better
impact from decisions. MDP can be modeled after a finite state machine like in Fig. 3.5. An
agent can choose to go from a state to another state (or back to its current state) via an action and
receive a reward for each state propagation. In a more general definition, an agent can act upon the

environment to move to another state and receive a reward as a consequence [28].

Environment @
C ) -

Figure 3.5: Markov Decision Process in two views.

The formulation of MDP is as follows [28]:

ri(s,a) =Y ri(s,a,8")pi(s']s,a), (3.3)

s'eS

where r denotes reward, ¢ is the current propagation instance, r;(x) is the reward of performing a
propagation x, s is the current state, a indicates the action taken, s’ is the next state after performing
aon s, and p(x) is the probability of propagation with condition x happening.

According to Feinberg and Schwartz [29], there are two kinds of impacts: (1) cost minimization
and profit maximalization and (2) impacts on future states after the decision. MDP looks for a
decision that is profitable in long-term period by choosing optimal policies. MDP is shown to be
useful in various implementations. In finance and investment, [30] uses MDP to decide when to
sell or hold a financial asset to get faster gain. Saario [31] tries to solve a house-selling problem,
that is, someone must decide to sell a house given an arbitrary offer or decline the offer and wait
longer for a better offer. An MDP-like dynamic programming (DP) solution is used to maximize

the accepted offer value.
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3.4.1 Bellman Equation and Optimality

Bellman equation plays an important role in dynamic programming: it expects the total reward
from the present state s to the end of the propagation horizon in an MDP. The equation [28] is as

follows:

v (s) = max {rt(s,a) +) Vp(s/lsaa)vtﬂ(S’)}y (3.4)

acA(s) s'eS
where v/ (s) is the expected present and future total rewards from the current state s. A dis-
counting factor ¥, 0 < y < 1 is sometimes added to diminish the effect of far-future rewards and
to put priority to near-future rewards.
The best and most optimal possible v/ (sg) is denoted by maxzv™(s) = v« (s). Bellman’s

Optimality Theorem states that [32] v*(s) must satisfy the Bellman Optimality Equation

vi(s) = max {r(s, a) + }/Zp(s’ls, a)vi(s") } (3.5)

for all s.

3.5 Reinforcement Learning (RL)

Reinforcement Learning (RL), a branch of deep learning, is analogous to how living things
learn to perceive and to interact with their environment: by doing something experimentally then
receiving a reward or a punishment as a consequence [33]. Like so, RL iteratively learns causes
and effects under little supervision to reach the goal of obtaining as much reward as possible, in a
computational way.

Based on finite MDP, RL can be illustrated using Fig. 3.5 [33]. Five elements of RL are :

1. Agent: the entity which learns about the environment by taking actions and receiving re-

wards,
2. Environment: every entity other than the agent whom the agent interacts with,

3. State S;: the current state or constellation of the environment,
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4. Action A;: a set of possible tasks or actions that are allowed to be taken by an agent at the
current state to change the state of the environment, and

5. Reward R;: the consequence that the agent receives upon completing an action.

3.5.1 Policy in RL

The output of RL is a policy m, for each time step, that is, m;(als), a probability of choosing an
action A; = a at the current state S; = 5. The objective is to produce a set of policies 7; for every

A;, S; which maximizes R; in the long run. In an equation [34],

Y P

n* = argmax E
x k=0

n] : (3.6)

where 7* is a deterministic optimal policy, E[-| 7] is expectation based on policy 7, ¥ is discount
factor, which determines agent’s consideration of possible future actions. 7 itself describes the

policy under a state-action trajectory so,ag, S1,a1, .-, Qg—1sSk-

3.5.2 RL Taxonomy

The following list adopted from [35] shows the taxonomy of RL algorithms. Some of the sub-

branches and algorithms will be discussed in the subsequent paragraphs.
1. Model-Based RL

(a) Model given, e.g., MCTS (Monte Carlo tree search)

(b) Model learned, e.g., I2A (Imagination-Augmented Agents), World Model
2. Model-Free RL

(a) Value-Based: focus on state-action value

i. On-Policy: policy determines learning
* Sarsa
ii. Off-Policy: learning is done randomly

* (J-Learning
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* DQN (Deep Q-Network), further classified into C51, Dueling DQN, Double
DQN, QT-0pt, and DDPG (Deep Deterministic Policy Gradient).

(b) Policy-Based: focus on overall policy value
i. Gradient-free
* Cross-Entropy Method: QT-0pt (intertwined with DQN)
* Evolution Strategy: SAMUEL
ii. Gradient-based

e Actor-Critic

DDPG (Deep Deterministic Policy Gradient)

DDPG combined with DQN

% SAC (Soft Actor Critic)

* TD3 (Twin Delayed DDPG)

A2C (Advantage Actor Critic)

A3C (Asynchronous Advantage Actor Critic)
* Policy Gradient
* ACKTR (Actor Critic using Kronecker-Factored Trust Region)

» TRPO/PPO (Trust Region Policy Optimization/Proximal Policy Optimization)

Model-based and Model-free Reinforcement Learning

A model in RL refers to any data or knowledge that contains the state-action-reward prediction
table for an agent to plan and follow. Model-based RL uses a model, learned or known, and ap-
proximates a policy function from learning [36]. Model-free RL, on the other hand, calculates the
environment spontaneously using trial-and-error, while retaining no transition probability distri-
bution arrays, hence learning how to act solely based on rewards [37]. Model-free algorithms are
viewed to be labor-intensive but can adapt to new environment fast, while model-based algorithms
are more lightweight but produce less optimal policies, hence are more suitable for deterministic

use cases.
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Actor-Critic Method

Konda and Tsitsiklis [38] observe that most RL algorithms are either actor-only or critic-only.
Actor-only methods focus on parametrization of policies and parameter improvisation without
learning process. An example of actor-only methods is REINFORCE. Critic-only methods use
solely value approximation in learning to comply with the Bellman equation, but produce less
optimal policy. An example of critic-only methods is Q-learning.

Thus, the actor-critic method is derived to fuse the advantages of actor-only and critic-only
algorithms. Actor-critic mathods typically use two separate neural networks: a neural network for
actor and a neural network for critic [39]. The critic part approximates and simulates learning to

improve the actor segment’s policy parameters.

Policy Gradient

The policy gradient theorem often plays a big role in Actor-critic algorithms [35]. However, Sutton
et al. [40] claim that sole function approximation is not effective enough in realizing a policy con-
vergence. One effort is to parametrize the policy instead of computing the policy from parametrized
action-value functions. This way, one can track and plan the gradient descent of the overall policy
parameter. Say that the policy parameter is denoted by 0, the gradient AG = aVel (6) can be
adjusted by setting «: step size and J(0): RL performance of the policy that follows the parameter

0, either calculated by total reward or reward per step.

Gradient Descent Gradient descent itself is a method that iteratively minimize a function value.
Imagine a function y = f(x1,xp,...,x,). Gradient descent starts with choosing a random or prede-
fined parameter vector xp,x2,...,X, as the initial position. Obtain the gradient vector by observing
the change of y when each of x, x>, ...,x, 1s changed by a little. Next, adjust some x using a prede-
fined step to get y with smaller value and repeat until a local minima for y is found. This process

can be illustrated by Fig. 3.6.
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Figure 3.6: Gradient descent

Q-learning

Q-learning, falls under the model-free RL algorithms family, explores the maximum reward of all
possible state-action propagations, updated for every propagation. The Q-function Q(s,a) is de-
fined as r(s,a) +*(8(s,a)) = r(s,a) + ymax, O(5(s,a),a’), where § is a state transition func-
tion. Therefore, in Q-learning notation, 7*(s) = argmax, O(s,a). The maximum current rewards
of state-action pairs are recorded in an n—dimensional array, and for each iteration, Q-learning will
choose the action with the highest reward, based on the current state. The algorithm is as follows

[33]:

O(s,a),Vs € S,a € A(s) < an arbitrary value;
Q(terminal state,-) = 0,
while S is not terminal state do
Sgets initial value;
for each propagation do
Based on 7 constructed in Q, select possible A for the current S;
Perform A, get R and S';
Q(S,A) + O(S,A) + alR+ ymax, Q(S,a) — Q(S,A)] S+ &
end

end
Algorithm 2: Q-learning Algorithm
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Q-learning with Deep Learning However, in a system with huge dimensions of A and S, calcu-
lating Q value for all S,A pairs consumes heavy resources which is unsustainable and inefficient.
Mnih et al. [41] apply Deep Learning into Q-learning, called a deep Q-network (DQN), to con-
vert high-dimensionality input into a quantized, pattern-matched inputs with lower dimensionality.
The work gives an example scenario: an RL agent needs to observe a video game with 84 x 84
x 4 consecutive images x 256 grayscale levels and to act upon the state by “clicking" on one of
many controller buttons. With a plain array-based Q-learning, each state change require the system
to recursively calculate 25684*84x4 » 18 = 105971 Q values, assuming that there are at most 18
different actions that the agent can take. That value exceeds the number of atoms in the universe,
which is ~ 1032, With DQN, state-action-reward mappings are approximated using convolutional
neural network on-the-go and per-request. This way, determining action would not require storing

or generating much, and sometimes unnecessary, prior knowledge.

3.5.3 This Research’s RL Algorithms in A Nutshell

Alongside with DQN which is introduced in Section 3.5.2, four RL algorithms are used: Proximal
Policy Optimization (PPO), Advantage Actor Critic (A2C), Asynchronous Advantage Actor Critic
(A3C), and Soft Actor-Critic (SAC).

Asynchronous Advantage Actor Critic (A3C) and Advantage Actor Critic (A2C)

A3C came from a research by Mnih et al. [42] that proposes an asynchronous deep RL framework
which adds asynchronous, parallel actor-learners over One-step Q-learning, n-step Q-learning,
Sarsa, and A2C. The framework is designed such that multiple RL actor-learners are run in differ-
ent CPU threads, updating a centralized parameter server. The work finds that parallel workers ex-
pand the exploration horizon, hence maximizes knowledge procurement and thus learning speed.
Among the asynchronized versions of the four base algorithms, asynchronous A2C (thus called
A3C) is the fastest agent that reaches the higher score when tested on Atari 2600 games.

A2C, derived in the same work, is a version of A3C with only one agent. In short, A2C is an
improvement of vanilla actor-critic method with an addition of advantage value: how advantageous

it is to perform an action a; compared to the average of all possible actions at the state s; [43].
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Proximal Policy Optimization (PPO)

OpenAI’s Schulman et al. [44] derived a set of related algorithms called the Proximal Policy
Optimization (PPO) algorithms, a subset of policy-based RL. PPO improves Trust Region Policy
Optimization (TRPO) in terms of implementation, sample complexity, and execution time. For
one eposide of policy update, PPO goes through multiple or batched small episodes of stochas-
tic gradient policy ascent. Moreover, PPO focuses on the area of policy gradient change with
high probability, to increase policy faster and more efficiently. Tested using benchmark RL tasks
(Hopper-v1, Walker2d-v1, HalfCheetah-v1, etc.), PPO is claimed and shown to perform better
than A2C, CEM, TRPO, A2C with Trust Region, and vanilla Policy Gradient method.

Soft Actor-Critic (SAC)

An example actor-critic algorithm that combines policy-based and value-based RL is Soft Actor-
Critic (SAC) [45]. SAC optimizes policy function using an off-policy way by mimicking Q-
Learning’s approach to accomplish a task: by acting balancedly random (maximizing entropy)
yet also enhancing expected reward. The original work [45] indicates that SAC performs better on
benchmark RL tasks (Hopper-v1, Walker2d-v1, Ant-v1, etc.) compared to prior works such as
TD3, DDPG, PPO, and Soft Q-Learning (SQL.).
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Chapter 4

Methodology

This research considers ten trading agent types to be compared:

Buy-and-hold (HODL) method, as the benchmark or reference agent,

MACD indicator method, as a representative of a traditional indicator-based agent,

DQN, a value-based off-policy method with a discrete action space,

PPO (discrete and continuous), a pure policy gradient-based method,

SAC, a policy gradient-based method fused with DQN, with a continuous action space,

A2C (discrete and continuous), another pure policy gradient-based method, and

A3C (discrete and continuous), to be compared with A2C.

4.1 Dataset

All training and testing data BTC data in term of USD. A sole training dataset Z;,;, is fetched from
CryptoDataDownload [46], containing 11,144 per-hour data points from to 14 October 2020 22:00
UTC to 22 January 2022 05:00 UTC. The price started at USD 11401.81 per BTC and ended at USD
35467.32 per BTC. This date range is selected because it is a crab market with two bull markets and
two bear markets. The graph is given in Fig. 4.1: the black line (left y-axis) shows the price and

the red line (right y-axis) shows the hourly return.
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Figure 4.1: Training data graph

Test datasets Z.y are provided by Cryptocompare! API, consists of two sets of timeframes.

There are four datasets in use:

* Each-hour bull data (HBu): 2,000 points of data from 9 November 2022 06:00 UTC to 31
January 2023 14:00 UTC inclusive (Fig. 4.2). The price started at USD 18292.63 per BTC and
ended at USD 23128.09 per BTC.

* Each-hour bear data (HBr): 2,000 points of data from 9 November 2021 06:00 UTC to 31
January 2022 14:00 UTC inclusive (Fig. 4.3). The price started at USD 68054.30 per BTC and
ended at USD 37537.04 per BTC.

* Each-minute crab data (MCr): 2,000 points of data from 16 February 2023 04:40 UTC to 17
February 2023 14:00 UTC inclusive (Fig. 4.4). The price started at USD 24689.73 per BTC
and ended at USD 23796.90 per BTC.

* Each-minute bull data (MBu): 2,000 points of data from 14 February 2023 04:40 UTC to 15
February 2023 14:00 UTC inclusive (Fig. 4.5). The price started at USD 21740.88 per BTC
and ended at USD 22699.29 per BTC.

In each graph, like in the training data, the black line (left y-axis) shows the BTC price and
the red line (right y-axis) shows the one-timeframe return. A small note for MCr: although the
graph visually looks like a bear market, the graph contains extended sideways movement, a bull

movement (around 16 February, 16:00), and a bear movement (around 17 February, 00:00).

Thttps://www.cryptocompare.com/
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Each data point contains five information:

* timeframe: the time point where the price movement occured,

high: the highest price logged in that timeframe,

low: the lowest price logged in that timeframe,

» open: the price logged at the start of that timeframe,

close: the price logged at the end of that timeframe.

The datasets go through a preprocessing step that adds three more custom columns to the

original data, namely:
* ewm: the value of EMA(28) of that timeframe,
* macd_histo: the values of MACD(26,12.9) — SignalLine of that timeframe,
* return: the price movement since the last data point’s close.
The reasons behind having completely independent train and test datasets are as follows:

* Avoids overfitting and introduces generalization. A market movement is not always chron-
ically random: a price action at a timeframe can still retain causality with previous n time-

frames.

* Trains the agent to see and examine what to do in all trends (bear, bull, and crab). The

training dataset contains all of these trends, forming a huge crab market.

* Examines how the all-trend trained agent performs in each individual market directions. This
is useful to know if it can perform well in which trends. An agent which generate profit in

all trends would be performing well no matter what future trend will happen.
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4.2 Problem Representation

Given a dataset Z and an initial portfolio (¢) value of USD 10,000. At each data point d; at
timeframe ¢, a trading agent must decide to perform an action: either BUY to buy an asset, SELL to
sell an asset, or HOLD to do no trade.

An example trading process is as follows. Suppose you have an initial capital ¢y of USD 10,000
and the price of BTC is USD 20,000 per unit. You can perform a BUY trade, for example, using the
entire portfolio, making your portfolio to be USD 0 and BTC 0.50000000, valued at USD O + BTC
0.50000000 x USD 20,000 per textttBTC = USD 10,000. Imagine that the price of BTC rose to USD
25,000 per BTC and you decided to SELL half of your BTC holdings (0.25000000 BTC), getting you
USD 6,250. Then, you would have a portfolio consisting of USD 6,250 and BTC 0.25000000, valued
at USD 6,250 + BTC 0.25000000 x USD 25,000 per BTC = USD 12,500, a 25% profit (= +0.25 return).
Lastly, on the next time period BTC price fell down to USD 15,000 per BTC and you decide to HOLD.
Your portfolio, still at USD 6,250 and BTC 0.25000000, is now worth USD 6,250 + BTC 0.25000000
x USD 15,000 per BTC = USD 10,000, back to @, giving the overall return of 0% (= +0 return).

Since the setting is a spot trading environment, the agent is not allowed to buy more asset than
its current unspent capital and is not allowed to sell more than the value of Bitcoin it holds. All
trades are executed without transaction fees, following Binance’s move?. Finally, all agents are

compared against another using the factors specified in Section 4.3.

4.3 Performance Metrics

Three performance metrics are used for final agent evaluation and also act as factors that determine

reward>:

* The average of agent’s portfolio return over benchmark’s, denoted by 6. Let ¢y(z) denote

the portfolio return of agent & and ¢ () portfolio return of the benchmark agent. § is

T

) (0a(r) — 95 (1))

1
T t=0

Zhttps://www.binance.com/en/support/announcement/binance-launches-zero-fee-bitcoin-trading-
10435147¢55d4a40b64fcbf43cb46329
3however, see 4.5.4
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, where T is the number of data points in the testing dataset, in this case, 2,000. Larger 9 is

better,

* Maximum drawdown at the final timeframe 7 (MDDr): ranges from O to 1, closer to zero is

better, and
* Non-annualized 100-timeframe Sortino ratio at the final timeframe 7', larger is better.
To compare between agents, in addition to the above factors, two extra factors are included:

* Training speed (s), calculates the approximate time it takes for the training reward to con-

verge in seconds, smaller is better. The number of episodes at the time point may follow.

e The number of trades taken (buy and sell). This factor is useful for future references, in

researches that include trading fees.

4.4 Non-RL Agents

4.4.1 Buy-and-Hold Agent

The buy-and-hold agent is the bare basic agent as a global control variable, usually called as the
“benchmark” in algo trading. The strategy is simple: buy at the first timeframe and sell at the
last timeframe. There is no learning or calculation involved. Directly using testing datasets, the
portfolio return (as a ratio) of this agent is equal to pi‘l’l%;—”", in other words, the price movement
relative to the initial price. An agent can be called a profitable agent if and only if it can perform

better than this benchmark.

4.4.2 MACD Strategy Agent

The MACD strategy agent follows the signal from macd_histo to decide when to buy, when to
hold, and when to sell. This agent acts as a second benchmark, representing simple statistical
trading agents. The agent can only buy or sell the asset using all its capital: no order splitting

is performed here. Therefore, directly using the four testing datasets, the portfolio return of the
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MACD strategy agent is %, where ¢, = ¢(USD), + rate; x ¢(BTC);: the total portfolio in both

USD and BTC.

4.5 RL Agents

This section describes the design of the trading agent: action space, state space, and the reward
function. There are eight types of agents that share the same RL agent class, namely: (Discrete)
DQN, Discrete A2C, Continuous A2C, Discrete PPO, Continuous PPO, (Continuous) SAC, Dis-
crete A3C, and Continuous A3C.

4.5.1 Agent Characteristics
Table 4.1 shows the characteristics and hyperparameters used for each algorithm.

Table 4.1: Agent Characteristics and Hyperparameters

DON PPO A2C SAC A3C
Discount factor (y) 0.95
Learning rate 0.0001 0.0003 0.0007 0.0003 0.0001
Network type 2-layer fully-connected CNN
Actor-Critic net - shared separate shared
Neurons per layer 64 64 64 256 64
Number of episodes 200 200 150 150 300
) discrete, discrete, ) discrete,
Action space discrete continuous
continuous continuous continuous
Library Stable-Baselines3 N/A
Exploration:
initial rate = 1, )
Other factors clip range = 0.2 2 threads
decay rate = 0.1,
final rate = 0.05

4.5.2 Action Space

There are two types of action state: continuous and discrete.
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Continuous Action Space Trading with continuous action space allows the bot to perform a
trade only using a certain amount of portfolio (in portion), e.g., buy BTC using 15% of available
balance, etc. The continuous action space is a two-dimensional array consisting of action_type
and action_percentage. The range of action_type is [0,3), where [0,1) triggers the BUY signal,
[1,2) for SELL signal, else HOLD. And action_percentage, ranging at [0,1], indicates the amount
of portfolio to trade (buy/sell) with. action_percentage has no effect on HOLD action.

There are some additional constraints to make: to reduce the number of buys and sells, the
agent can only perform a BUY when the amount to buy is more than 0.001 BTC and there is at least
USD 100 to spend. Moreover, the agent can only SELL when the trade size is over 0.001 BTC and
the amount held is more than 0.0001 BTC.

Discrete Action Space Trading with discrete action space allows the bot to perform a trade only
using the whole portfolio balance. The discrete action space is a scalar with three possible values:
0 for BUY, 1 for SELL, and 2 for HOLD. This mode also employs the exact same constraints like in

the continuous action space.

4.5.3 State Space

The observable state space is in the continuous space, consists of the past five values of return,
which is a stationarized data. An alternative case would be including the movement of macd_histo
and ewm, but after several observations, the final reward would perform randomly, poorly, or never

converge. Refer to Figs. 4.6 as a reference.

4.5.4 Reward Function

The reward function for both discrete and continuous action spaces is described using Algorithm
3.

There is no reward for buying. Multiplied by the holding amount, holding costs 0.0001 parts
of profit or loss added with a flat -0.0001 points of reward to avoid lazy trading: a condition
where the agent becomes hesitant to trade to avoid loss, plus a small amount of reduction when the

unrealized profit is in the negative zone. When selling, two kinds of rewards are added together.
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Figure 4.6: Rewards and returns (PPO) when using state space with three values. The declining
pink line in return_, corresponds to the upper pink line in reward, appeared when Sortino is
involved in reward calculation. The x-axis indicates the number of timesteps of learning.

Input: action type
Output: reward

if action = BUY then
| reward < O;

else
if action = SELL then
reward_profit <
sold_amount X (sell_price — average_held_price)/average_held_price ;
reward_mdd < (latest_mdd — current_mdd) x 0.5 ;
reward <— reward_pro fit + reward_mdd ;
else
reward_profit < hold_amount X (0.0001 * (net_worth—
initial_balance) /initial _balance) —0.0001 ;

end
end

return reward 4 i
Algorithm 3: Reward Calculation Algorithm

The first component is profit reward, which is the difference between the selling price and the
average holding price relative to the average holding price. The last component is how much
MDD increases after the selling action times 0.5 to give it less priority than profit reward. The two
components are multiplied by the selling amount.

Like determining state space and also mentioned in Fig. 4.6, Sortino was originally included

in the reward calculation, but was removed due to poor performance.



32

4.5.5 Training And Testing Process

Each agent is trained 10 times through the training dataset %,4i,. Since each training would likely
to return distinct results, one which visually produces the highest return would be handpicked to
be the representative of the algorithm. From each agent, a final model would be taken to be tested

with all test datasets (HBr, HBu, MCr, MBu).
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Chapter 5

Experimentation and Results

5.1 Development Environment

In the experiment, all cases share an identical set development environment:

* Programming environment: Python 3.9 (Google Colab)

Deep learning library: PyTorch 1.13.1 (CPU)

RL libraries: Stable-Baselines3 for DQN, PPO, SAC, and A2C, code from scratch for
A3C

* Processor: one single-core, double-threaded Xeon Processor @2.3 GHz (Google Colab

CPU)

5.2 Results

As arule of thumb, the term ‘portfolio,” denoted by the red lines in the graphs, shows the portfolio
value progression that is generated by the corresponding agent. The benchmark or BTC price

movement is shown in black.
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5.2.1 Buy-and-Hold Agent

The buy-and-hold agent’s performance exactly follows BTC’s price movement and is regarded as

the performance benchmark. The statistics are shown in Table 5.1.

Table 5.1: Buy-and-hold agent statistics

Return | MDD | Sortino | 6 | Figure
HBu | 0.2643 | 0.1174 | 0.7060 | O 5.1
HBr | -0.4484 | 0.5199 | -0.3982 | 0 5.2
MCr | -0.0361 | 0.0725 | -0.2276 | O 5.3
MBu | 0.0441 | 0.0164 1.0024 | O 5.4

Figures 5.1, 5.2, 5.3, and 5.4 show the full per-timeframe statistics of the recorded metrics.
The upper part of the graphs shows two lines: (1) Red line: BTC closing price of each timeframe
relative to the closing price of the first timeframe, (2) Blue line: maximum drawdown. The lower

part of the graphs indicates the 100-timeframe Sortino ratio of each timeframe.
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Figure 5.1: Buy-and-hold metrics for hourly bull data
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Since the buy-and-hold agent only buys at the first timestamp and sells at the last timestamp,

then for all cases, the number of BUY is 1 with an trade value and an average of initial_capital /dy.

That also applies to SELL. See Table 5.2.

Table 5.2: Trading actions statistics for buy-and-hold agent. Value and average trade values in

BTC.

BUY SELL
HOLD
trades value average trade | trades value average trade
HBu 1 | 0.54666824 0.54666824 1 | 0.54666824 0.54666824 | 1998
HBr 1 | 0.14694213 0.14694213 1 | 0.14694213 0.14694213 | 1998
MCr 1 | 0.40502670 0.40502670 1 | 0.40502670 0.40502670 | 1998
MBu 1 | 0.45996298 0.45996298 1 | 0.45996298 0.45996298 | 1998

5.2.2 MACD Strategy Agent

The MACD strategy agent’s performance statistics are shown in Table 5.3. Since this agent is not

a learning agent, the values of s, 7, and 1 remain undefined.



Table 5.3: MACD strategy agent statistics

Agent Benchmark
2 1) Fig.
Return | MDD | Sortino | Return | MDD | Sortino
HBu | 0.2161 | 0.1159 | 0.0421 | 0.2643 | 0.1174 | 0.7060 | 0.0620 | 5.5
HBr | -0.3389 | 0.3570 | 0.6351 | -0.4484 | 0.5199 | -0.3982 | 0.1363 | 5.6
MCr | -0.0148 | 0.0427 | 0.4893 | -0.0361 | 0.0725 | -0.2276 | 0.0118 | 5.7
MBu | 0.0364 | 0.0124 | -0.1592 | 0.0441 | 0.0164 | 1.0024 | -0.0008 | 5.8
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Observe that this agent dampens the drawdown and loss in downtrend markets (figs. 5.6, 5.7),

yet it also limits the profits for some cases and some periods in bull markets (figs. 5.5, 5.8). More-

over, MACD strategy shows that it can reduce MDD in all four cases. As for MACD strategy’s

Sortino ratio, it performs better than benchmark in bear markets, but never in bull or crab markets.

Figures 5.6, 5.5, 5.7, and 5.8 show the full per-timeframe statistics of the recorded metrics. The

upper part of the graphs shows three lines: (1) Black line: BTC closing price of each timeframe

relative to the closing price of the first timeframe, (2) Red line: portfolio value of each timeframe

relative to the initial investment, (3) Blue line: maximum drawdown of the portfolio. The lower

part of the graphs contains two information: (1) Green line: 100-timeframe Sortino ratio of each

timeframe, (2) Bar chart: shows the value of macd_histo at each timeframe.
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Figure 5.7: MACD strategy metrics for minute crab data
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Figure 5.8: MACD strategy metrics for minute bull data

Table 5.4 shows that for each run, the MACD agent does exactly the same amount of BUYs and
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SELLs, since it is set as a discrete agent. The MACD agent performs only a few trades, which is

quite ideal for cases where trading fee is not free.

Table 5.4: Trading actions statistics for MACD agent. Value and average trade values in BTC.

BUY SELL
HOLD
trades value average trade | trades value average trade
HBu 69 | 40.06502231 0.58065249 69 | 40.06502231 0.58065249 | 1868
HBr 80 | 14.08360883 0.17604511 80 | 14.08360883 0.17604511 | 1846
MCr 75 | 30.74781048 0.40997080 75 | 30.74781048 0.40997080 | 1856
MBu 74 | 34.00521997 0.45952999 74 | 34.00521997 0.45952999 | 1858

5.2.3 DQN Strategy Agent (Discrete)

The DQN agent is the first RL agent to be presented in this chapter, operating in the discrete
action space. Using training data (see Fig. 5.9), the agent performs best only at early timestamps
(between 100,000 to 500,000 timesteps ~ 9 to 45 episodes). After around s = 770,000 timestamps

or 69 episodes (~2,500 seconds of training), the rewards and return value flatten.
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Figure 5.9: DQN Training Results

DQN Agent’s test results are given in Table 5.5. By the average portfolio value over benchmark,
the DQN agent outperforms the benchmark in all cases, while it fails to give the highest final value
for HBu and MBu test datasets. The DQN agent, however, produces lower MDD which signifies that

this agent is more risk-averse than the buy-and-hold agent.
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Table 5.5: DQN Test Results

Agent Benchmark
Return | MDD | Sortino | Return | MDD | Sortino
HBu | 0.1540 | 0.1812 | -0.2212 | 0.2643 | 0.1174 | 0.7060 | 0.0204 | 5.10
HBr | -0.1184 | 0.1343 | 0.7485 | -0.4484 | 0.5199 | -0.3982 | 0.3015 | 5.11
MCr | 0.0296 | 0.0313 | [.1557 | -0.0361 | 0.0725 | -0.2276 | 0.0383 | 5.12
MBu | 0.0357 | 0.0061 | -0.3521 | 0.0441 | 0.0164 | 1.0024 | 0.0102 | 5.13
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Figure 5.10: DQN agent metrics for hourly bull data
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According to Table 5.6, the DQN agent performs only a few trades, yet the returns are powerful.

Minimizing the number of trades and trading volume is ideal for trading cases where trading fees

are present, to reduce fund loss from fees.

Table 5.6: Trading actions statistics for DQN agent. Value and average trade values in BTC.

BUY SELL
HOLD
trades value average trade | trades value average trade
HBu 15 | 8.35176500 0.16778655 15 | 8.35176500 0.16337112 | 1970
HBr 13 | 2.47752899 0.03583234 13 | 2.47752899 0.03368239 | 1974
MCr 22 | 9.28250000 0.11073448 22| 9.28250000 0.10682621 | 1956
MBu 24 | 11.16878800 0.14659106 24 | 11.16878800 0.14659086 | 1952

5.2.4 A2C Strategy Agent (Discrete)

This A2C agent is used with a discrete action space. Using training data (see Fig. 5.14), the

agent, by all factors, converges quickly at around ~45,000 timesteps (4 episodes, ~90 seconds of

training). After that, there is virtually no improvement nor deterioration of the model.
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Despite the quick stable model turnout, it is suspected that the model only performs a mini-

mal number of trades and just holds the one-time bought until the end, rendering it to be exactly

comparable with the buy-and-hold agent. Refer to Table 5.7’s 6 column which shows that the

average difference between the portfolio values of this agent and the benchmark agent is less than

0.5 percent in all cases.

Table 5.7: Discrete A2C Test Results

Agent Benchmark
9 o Fig.
Return | MDD | Sortino | Return | MDD | Sortino
HBu | 0.2568 | 0.1425 | -0.2843 | 0.2643 | 0.1174 | 0.7060 | 0.0035 | 5.15
HBr | -0.4543 | 0.5174 | -0.7186 | -0.4484 | 0.5199 | -0.3982 | -0.0009 | 5.16
MCr | -0.0368 | 0.0719 | 0.8994 | -0.0361 | 0.0725 | -0.2276 | 0.0000 | 5.17
MBu | 0.0462 | 0.0165 | -0.3752 | 0.0441 | 0.0164 | 1.0024 | 0.0000 | 5.18
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Figure 5.18: Discrete A2C agent metrics for minute bull data

The notion that Discrete A2C mimics the buy-and-hold algorithm’s strategy is shown by Table
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5.8: it generated only one BUY and one BUY, and the trading volumes are almost identical to that of

buy-and-hold agent’s.

Table 5.8: Trading actions statistics for Discrete A2C agent. Value and average trade values in

BTC.
BUY SELL
HOLD
trades value average trade | trades value average trade

HBu 1 | 0.54856700 0.54856700 1 | 0.54856700 0.54856700 | 1998
HBr 1 | 0.14680700 0.14680700 1 | 0.14680700 0.14680700 | 1998
MCr 1 | 0.40502700 0.40502700 1 | 0.40502700 0.40502700 | 1998
MBu 1 | 0.45996300 0.45996300 1 | 0.45996300 0.45996300 | 1998

5.2.5 A2C Strategy Agent (Continuous)

This A2C agent 1s used with a continuous action space. Using training data (see Fig. 5.14), the
agent never finds a stable ground even after more than 1,671,600 timestamps (150 episodes, 5,500
seconds): the total reward and return still fluctuates randomly, unlike its discrete counterpart. The
models with zero reward did not generate any trade, including the final model, hence the last non-

zero-reward model at timestamp 1,348,424 (121st episode) is taken as its representative model.
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Figure 5.19: Continuous A2C Training Results

Compared to the benchmark, the representative Continuous A2C model results in a slightly
more satisfiable performance in minute test datasets, at 1.68% (crab) and 0.23% (bull) average
portfolio differences, 40% less drawdown, and higher final return. Conversely, this model fails to

produce better performance than benchmark in all aspects. See Table 5.9.
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Table 5.9: Continuous A2C Test Results

2 Agent Benchmark 5 Fig.
Return | MDD | Sortino | Return | MDD | Sortino
HBu | 0.0060 | 0.1622 | -0.5541 | 0.2643 | 0.1174 | 0.7060 | -0.0602 | 5.20
HBr | -0.4824 | 0.5618 | -1.6495 | -0.4484 | 0.5199 | -0.3982 | -0.0320 | 5.21
MCr | -0.0137 | 0.0462 | 0.6625 | -0.0361 | 0.0725 | -0.2276 | 0.0168 | 5.22
MBu | 0.0480 | 0.0101 | -7.2651 | 0.0441 | 0.0164 | 1.0024 | 0.0023 | 5.23
./models/B3/azc-haurly_bull.pkl-test
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Figure 5.20: Continuous A2C agent metrics for hourly bull data
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Figure 5.21: Continuous A2C agent metrics for hourly bear data
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Figure 5.22: Continuous A2C agent metrics for minute crab data
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Figure 5.23: Continuous A2C agent metrics for minute bull data
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Table 5.10 shows the trading statistics of the Continuous A2¢ agent. This agent tries to balance

the number of BUYs and SELLs to be exactly the same, leaving zero HOLDs. This agent generates a

huge number of trade volume, despite being a continuous agent, which is not expected.

Table 5.10: Trading actions statistics for Continuous A2C agent. Value and average trade values

in BTC.
BUY SELL
HOLD
trades value average trade | trades value average trade

HBu 1000 | 512.25255299 0.51225255 1000 | 512.25255299 0.51225255 0
HBr 1000 | 141.79918599 0.14179918 1000 | 141.79918599 0.14179918 0
MCr 1000 | 410.58552300 0.41058552 1000 | 410.58552300 0.41058552 0
MBu 1000 | 459.64078799 0.45964078 1000 | 459.64078799 0.45964078 0

5.2.6 PPO Strategy Agent (Discrete)

This PPO agent is used with a discrete action space. The Discrete PPO agent performed weakly

at the first 2 million timestamps, then surged after. Among 10 training runs, similar peaks appear
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and vanish in a similar way at random episodes. The representative model is taken from the final

result of the training session shown in Fig. 5.24, at timestamp 2,228,800 (200th episode, ~5,000

seconds).
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Figure 5.24: Discrete PPO Training Results

The model, scoring 600 at training return value, i.e., 59,900% profit over the training data,
results in a significant profit in HBu and HBr test datasets, performing in average 59.88% and
153.96% better than benchmark, respectively. However, the Discrete PPO agent is not much better
than benchmark in minute test datasets. Overall, it performs better in all aspects (return, MDD)

compared to the benchmark. See Table 5.11.

Table 5.11: Discrete PPO Test Results

Agent Benchmark

Return | MDD | Sortino | Return | MDD | Sortino
HBu | 1.6982 | 0.0725 | -1.1362 | 0.2643 | 0.1174 | 0.7060 | 0.5988 | 5.25
HBr | 2.2585 | 0.1014 | -3.2534 | -0.4484 | 0.5199 | -0.3982 | 1.5396 | 5.26
MCr | 0.0090 | 0.0363 | 7.9876 | -0.0361 | 0.0725 | -0.2276 | 0.0287 | 5.27
MBu | 0.0475 | 0.0146 | -/.0178 | 0.0441 | 0.0164 | [1.0024 | 0.0006 | 5.28
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Figure 5.25: Discrete PPO agent metrics for hourly bull data
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Figure 5.26: Discrete PPO agent metrics for hourly bear data
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Figure 5.27: Discrete PPO agent metrics for minute crab data
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Figure 5.28: Discrete PPO agent metrics for minute bull data

Table 5.12 shows the trading statistics for the Discrete PPO agent. It generated 287-387 BUYs
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and SELLs with high total volumes (more than 100 BTC trading volume) and the average volume
of 0.4-0.86 BTC per trade. Like all discrete agents, the number of BUYs and SELLs as well as their

total volume are identical.

Table 5.12: Trading actions statistics for Discrete PPO agent. Value and average trade values in

BTC.

BUY SELL
HOLD
trades value average trade | trades value average trade
HBu 378 | 328.38829100 0.86875209 378 | 328.38829100 0.86875209 | 1244
HBr 287 | 117.00823000 0.40769418 287 | 117.00823000 0.40769418 | 1426
MCr 375 | 156.17253900 0.41646010 375 | 156.17253900 0.41646010 | 1250
MBu 387 | 178.13890799 0.46030725 387 | 178.13890799 0.46030725 | 1226

5.2.7 PPO Strategy Agent (Continuous)

This PPO agent is used with a continuous action space. The Continuous PPO agent results in

more stable metrics over Discrete PPO, converging at around 1,800,000 timesteps (~167 episodes,

~5,100 seconds) after having a peaking reward value at around 1,400,000 timesteps. Refer to Fig.

5.29.
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Figure 5.29: Continuous PPO Training Results
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Like Discrete PPO agent but less powerful, this Continuous PPO agent performs better than

benchmark in all aspects, particularly the hourly datasets. An exception is the final return value for

MBu dataset, where it performs 5.6% lower than benchmark. See Table 5.13.
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Table 5.13: Continuous PPO Test Results

—— BTC/benchmark

= Sortino

Agent Benchmark
2 1) Fig.
Return | MDD | Sortino | Return | MDD | Sortino
HBu | 0.6357 | 0.0718 | -1.2784 | 0.2643 | 0.1174 | 0.7060 | 0.1897 | 5.30
HBr | 0.2589 | 0.1766 | -1.6469 | -0.4484 | 0.5199 | -0.3982 | 0.5571 | 5.31
MCr | -0.0265 | 0.0551 | 2.0327 | -0.0361 | 0.0725 | -0.2276 | 0.0057 | 5.32
MBu | 0.0416 | 0.0118 | -0.0144 | 0.0441 | 0.0164 | 1.0024 | 0.0017 | 5.33
./models/B3/ppo-hourly_bull.pkl-test

Figure 5.30: Continuous PPO agent metrics for hourly bull data
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Figure 5.31: Continuous PPO agent metrics for hourly bear data
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Figure 5.32: Continuous PPO agent metrics for minute crab data
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Figure 5.33: Continuous PPO agent metrics for minute bull data

Table 5.14 shows that the agent tries hard to always trade and never hold: it buys little by

little and sell an accumulated amount that it has bought before. The case of minute-level test sets

illustrate the no-hold policy generated by Continuous PPO. It is also expected that this continuous

version of PPO generates lower trading volume than its discrete counterpart.

Table 5.14: Trading actions statistics for Continuous PPO agent. Value and average trade values

in BTC.
BUY SELL
HOLD
trades value average trade | trades value average trade

HBu 1505 | 219.31224699 0.14572242 469 | 219.31224600 0.46761672 26
HBr 1504 | 63.46043300 0.04219443 457 | 63.46040600 0.13886303 39
MCr 1593 | 120.81664300 0.07584221 407 | 120.81664500 0.29684679 0
MBu 1594 | 136.86520200 0.08586273 406 | 136.86520700 0.33710642 0




5.2.8 SAC Strategy Agent (Continuous)
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The SAC agent operates in the continuous action space. Unlike the other agents, the SAC agent

takes approximately 10 times more training duration to complete one episode. Using early stop-

ping, the representative model is taken from timestamp 1,080,968 (97th episode, ~25,800 sec-

onds). Refer to Fig. 5.34.
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Figure 5.34: SAC Training Results
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Despite the high reward and return values, on top of its longer training duration, the SAC agent

performs similarly to the Continuous PPO agent, yet less satisfying. The SAC agent averages

around 10-13% higher than benchmark in hourly data, but rather equal to benchmark in minute

data. Howeyver, this agent successfully dampens the maximum drawdown in all cases. See Table

5.15.

Table 5.15: SAC Test Results

Agent Benchmark
9 o Fig.
Return | MDD | Sortino | Return | MDD | Sortino
HBu | 0.3782 | 0.0879 | -1.1721 | 0.2643 | 0.1174 | 0.7060 | 0.1097 | 5.35
HBr | -0.1993 | 0.2915 | -0.6846 | -0.4484 | 0.5199 | -0.3982 | 0.1361 | 5.36
MCr | -0.0295 | 0.0439 | 1.5296 | -0.0361 | 0.0725 | -0.2276 | 0.0030 | 5.37
MBu | 0.0222 | 0.0105 | -0.6082 | 0.0441 | 0.0164 | 1.0024 | -0.0065 | 5.38
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Figure 5.35: SAC agent metrics for hourly bull data
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Figure 5.36: SAC agent metrics for hourly bear data
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Figure 5.37: SAC agent metrics for minute crab data
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Figure 5.38: SAC agent metrics for minute bull data
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The SAC agent performs more BUYs than SELLs, like Continuous PPO. However, it does not
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avoid to HOLD. Consult Table 5.16. Interestingly, the total trading value in every case is very small,

meaning that it performs many microtransactions instead of many big trades.

Table 5.16: Trading actions statistics for SAC agent. Value and average trade values in BTC.

BUY SELL
HOLD
trades value average trade | trades value average trade
HBu 774 | 18.62430900 0.02406241 111 | 18.62430900 0.16778655 | 1115
HBr 387 1.68412200 0.00435173 47 1.68412200 0.03583234 | 1566
MCr 661 9.08022700 0.01373710 82 | 9.08022700 0.11073448 | 1257
MBu 700 | 12.75342299 0.01821917 84 | 12.75342299 0.15182625 | 1216

5.2.9 A3C Agent (Discrete)

The discrete A3C agent consists of one global (shared) actor critic network and two sub-agents
working simultaneously in two separate CPU threads. Asynchronously, the two agents run an A2C
training process over the global model and merge their increment after having done an episode of
training. All agents are free to submit their increment at any time, hence the name “asynchronous.”
Training results show completely random reward, return, and MDD trajectories, no matter how
many episodes the training runs, as shown in Fig. 5.39. An anomaly can be seen from the results:
the last few episodes, typically 4 to 6 episodes, see a drop in MDD. This phenomenon happens
when the episode limit is around 300 and over, e.g., 500, 600, 700, but almost never below 300.
For this reason, for this agent, the episode limit is set to 300. This agent is trained over 300 episodes
(3,343,200 timestamps) with the duration of 7,250 seconds, choosing the model at the last episode,

after MDD drops.
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Figure 5.39: Discrete A3C Training Results
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The randomness outputs a rather unpredictable result, but over several test runs, the common

pattern shows that it dampens MDD and minimizes loss in bear and crab markets, but fails to catch

upward motions. See Table 5.17.
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Table 5.17: Discrete A3C Test Results

Agent Benchmark
2 o Fig.
Return | MDD | Sortino | Return | MDD | Sortino
HBu | 0.1737 | 0.1201 | -1.6328 | 0.2643 | 0.1174 | 0.7060 | 0.0181 | 5.40
HBr | -0.1182 | 0.2632 | -1.1074 | -0.4484 | 0.5199 | -0.3982 | 0.2026 | 5.41
MCr | -0.0227 | 0.0298 | 0.4944 | -0.0361 | 0.0725 | -0.2276 | 0.0058 | 5.42
MBu | -0.0044 | 0.0151 | 71.4773 | 0.0441 | 0.0164 | 1.0024 | -0.0209 | 5.43
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Figure 5.40: Discrete A3C agent metrics for hourly bull data
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Figure 5.41: Discrete A3C agent metrics for hourly bear data
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Figure 5.42: Discrete A3C agent metrics for minute crab data
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Figure 5.43: Discrete A3C agent metrics for minute bull data

Discrete A3C generates around 300 BUYs and the same amount of SELLs, and the remaining

~1,300 HOLDs. This result is very different from Discrete A2C which tries to mimic the buy-and-

hold agent. See Table 5.18 for Discrete A3C and compare it with Table 5.8.

Table 5.18: Trading actions statistics for Discrete A3C agent. Value and average trade values in

BTC.
BUY SELL
HOLD
trades value average trade | trades value average trade

HBu 339 | 187.91978900 0.55433566 339 | 187.91978900 0.55433566 | 1322
HBr 313 | 55.36334399 0.17687969 313 | 55.36334399 0.17687969 | 1374
MCr 330 | 134.39802299 0.40726673 330 | 134.39802299 0.40726673 | 1340
MBu 352 | 158.51804599 0.45033535 352 | 158.51804599 0.45033535 | 1296

5.2.10 A3C Agent (Continuous)

The continuous A3C agent has the same architecture and procedure as its discrete counterpart, yet

using a continuous environment. The happening where MDD drops at later episodes is also present
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in this agent. Like its discrete counterpart, this agent is trained over 300 episodes (3,343,200
timestamps) with the duration of 7,343 seconds, choosing the model at the last episode, after

MDD drops. Consult Fig. 5.44.
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Figure 5.44: Continuous A3C Training Results

The results of Continuous A3C is as unpredictable as Discrete A3C’s, yet overall, it performs
much better: larger returns and lower MDD. Its strength in bear and crab markets is also more
amplified than its discrete counterpart. The main difference is that Continuous A3C seems to catch

upward motions much better than Discrete A3C does. See Table 5.19.

Table 5.19: Continuous A3C Test Results

Agent Benchmark
9 1) Fig.
Return | MDD | Sortino | Return | MDD | Sortino
HBu | 0.2147 | 0.0895 | 0.7200 | 0.2643 | 0.1174 | 0.7060 | 0.0265 | 5.45
HBr | -0.0195 | 0.1872 | -0.6413 | -0.4484 | 0.5199 | -0.3982 | 0.4143 | 5.46
MCr | -0.0068 | 0.0296 | -0.8357 | -0.0361 | 0.0725 | -0.2276 | 0.0083 | 5.47

MBu | 0.0253 | 0.0142 | -0.3411 | 0.0441 | 0.0164 | 1.0024 | -0.0059 | 5.48
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Figure 5.45: Continuous A3C agent metrics for hourly bull data
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Figure 5.46: Continuous A3C agent metrics for hourly bear data
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Figure 5.47: Continuous A3C agent metrics for minute crab data
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Figure 5.48: Continuous A3C agent metrics for minute bull data
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Table 5.20: Trading actions statistics for Continuous A3C agent. Value and average trade values

in BTC.
BUY SELL
HOLD
trades value average trade | trades value average trade

HBu 602 | 123.39140500 0.20496911 597 | 123.17274499 0.20631950 802
HBr 602 | 43.83883900 0.07282199 628 | 43.58935399 0.06940979 771
MCr 621 81.93492100 0.13194029 579 81.71054400 0.14112356 801
MBu 620 | 96.17292300 0.15511761 606 | 96.34372900 0.15898305 775
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Chapter 6

Discussion

6.1 Results Interpretation

Excluding Sortino, six factors can be used to comparing the ten agents: final return for each test
dataset, MDD for each test dataset, average over benchmark for each test dataset, number of trade,
trading volume, and training time in timesteps, episode, and seconds. Agents with continuous

action space is marked by “-C” and discrete “-D."

6.1.1 Agent Return and Return Over Benchmark

Table 6.1 shows the testing results based on the final results from different test datasets. Discrete
PPO is by far leading in hourly data, while DQN leads when tested on MCr, and for MBu, the most
profitable agent is Continuous A2C. Discrete PPO and DQN’s lead is confirmed by looking at the
more general fact: average portfolio return over benchmark (Table 6.2). In fact, DQN replaces
Continuous A2C as the best agent for MBu, and the worst-performing agent is Continuous A2C,

especially in hour-level data.

Table 6.1: Agent Return Comparison

2 Return
Benchmark | MACD | DQN A2C-D | A2C-C | PPO-D | PPO-C SAC A3C-D | A3C-C
HBu 0.2643 | 0.2161 | 0.1540 | 0.2568 | 0.0060 | 1.6982 | 0.6357 | 0.3782 | 0.1737 | 0.2147

HBr -0.4484 | -0.3389 | -0.1184 | -0.4543 | -0.4824 | 2.2585 | 0.2589 | -0.1993 | -0.1182 | -0.0195
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MCr -0.0361 | -0.0148 | 0.0296 | -0.0368 | -0.0137 | 0.0090 | -0.0265 | -0.0295 | -0.0227 | -0.0068
MBu 0.0441 | 0.0364 | 0.0357 | 0.0462 | 0.0480 | 0.0475 | 0.0416 | 0.0222 | -0.0044 | 0.0253
Table 6.2: Return Over Benchmark Comparison
P 0

MACD | DQN | A2C-D | A2C-C | PPO-D | PPO-C SAC A3C-D | A3C-C

HBu | 0.0620 | 0.0204 | 0.0035 | -0.0602 | 0.5988 | 0.1897 | 0.1097 | 0.0181 | 0.0265

HBr | 0.1363 | 0.3015 | -0.0009 | -0.0320 | 1.5396 | 0.5571 | 0.1361 | 0.2026 | 0.4143

MCr | 0.0118 | 0.0383 | 0.0000 | 0.0168 | 0.0287 | 0.0057 | 0.0030 | 0.0058 | 0.0083

MBu | -0.0008 | 0.0102 | 0.0000 | 0.0023 | 0.0006 | 0.0017 | -0.0065 | -0.0209 | -0.0059

6.1.2 MDD

The data about MDD almost aligns with all other findings except for HBu and MCr: in HBu, Continu-

ous PPO produces 1% less drawdown than Discrete PPO while in MCr, Continuous A3C dampens

the loss by 0.17 percentage points. Overall, in most cases, RL agents tend to perform better in

reducing drawdown than the plain buy-and-hold algorithm in minute level.

Table 6.3: Agent MDD Comparison

MDD
7 Benchmark | MACD | DQN | A2C-D | A2C-C | PPO-D | PPO-C | SAC | A3C-D | A3C-C
HBu 0.1174 | 0.1159 | 0.1812 | 0.1425 | 0.1622 | 0.0725 | 0.0718 | 0.0879 | 0.1201 | 0.0895
HBr 0.5199 | 0.3570 | 0.1343 | 0.5174 | 0.5618 | 0.1014 | 0.1766 | 0.2915 | 0.2632 | 0.1872
MCr 0.0725 | 0.0427 | 0.0313 | 0.0719 | 0.0462 | 0.0363 | 0.0551 | 0.0439 | 0.0298 | 0.0296
MBu 0.0164 | 0.0124 | 0.0061 | 0.0165 | 0.0101 | 0.0146 | 0.0118 | 0.0105 | 0.0151 | 0.0142

6.1.3 Number of Trades and Trading Volume

Table 6.4 shows the number of trades generated from each test case by each agent. Numbers

preceded by an asterisk (*) indicate a large imbalance between the number of BUYs and SELLs;

those with a caret (") indicates a small imbalance; otherwise, the two numbers are identical. We
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can see that A2C-D indeed copies Benchmark’s strategy by buying only once and selling only
once. A2C-C and minute-level PPO-C, on the other hand, avoids holding at all costs.

Next, Table 6.5 shows the trading volume generated from each test case by each agent. Nor-
mally, BUY and SELL volumes should be identical, but that is not the case for A3C-C. Apart from
single-trading Benchmark and A2C-D, SAC and DQN generate the least trading volume. The

others would trade a total of hundreds of BTC — this is not very ideal for usage in a live trading

environment.
Table 6.4: Number of trades generated by each agent type.
2 Number of trades (BUYs + SELLS)

Benchmark | MACD | DQN | A2C-D | A2C-C | PPO-D | PPO-C | SAC | A3C-D | A3C-C
HBu 2 138 30 2 2000 756 *1978 | *885 678 “1199
HBr 2 160 26 2 2000 574 *1961 | *434 626 “1230
MCr 2 150 44 2 2000 750 #2000 | *743 660 "1200
MBu 2 148 48 2 2000 774 #2000 | *784 704 “1226

Table 6.5: Trading volume generated by each agent type, in the nearest 0.01 BTC.

Trade Volume (BUY + SELL)

7 Benchmark | MACD | DQN | A2C-D | A2C-C | PPO-D | PPO-C | SAC | A3C-D | A3C-C
HBu 0.55 80.12 | 16.70 0.55 | 1024.50 | 656.76 | 438.62 | 37.24 | 375.82 | "246.56
HBr 0.15 28.16 | 4.95 0.15 | 283.60 | 234.01 | 12692 | 336 | 110.72 | "87.41
MCr 0.41 61.48 | 18.57 0.41 831.07 | 312.34 | 241.62 | 18.16 | 268.78 | "163.64
MBu 0.46 68.01 | 22.33 0.46 | 919.28 | 356.27 | 273.72 | 2550 | 317.02 | "192.51

Theoretically, in a real-life automated trading with fees incurred, those which generate large
amount of trade would waste more fees, potentially wiping large profits. However, this thesis does
not cover such cases, since in early tests, an introduction of trading fees would lead to agents
hesitant to take any trade. Further more thorough research is needed to find a solution that avoids
such problem. Moreover, it should also be able to tell if training fee-enabled agents with different
fee structures will result in more unpredictable, less certain outcomes or not.

Combined with the knowledge about agents’ return, the most impressive one among all here

is DQN. Despite its low number of trading and despite being a discrete agent, it still makes the
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highest average return over benchmark in minute-level test sets. This agent, as-is, will definitely

perform better in fee-enabled environments compared to other agents.

6.1.4 Time Performance

It is undoubtably true that the buy-and-hold and MACD agents win the training time comparison,
since they do not require any training to operate. Among RL algorithms, Discrete A2C only takes
around 4,500 timesteps (4 episodes, 90 seconds) to find its ideal model, yet at the end it just mimics
the buy-and-hold agent’s performance. The second fastest model is DQN, with clear advantage
when tested with minute-level test datasets. Continuous PPO converges before the episode limit
(200 episodes), and results in a decent lead over benchmark. Discrete PPO and SAC failed to
converge before the training episode limit (150 and 100, respecively), while it is difficult to tell if

Continuous A2C and both A3Cs would ever converge, due to its unstable nature.

Table 6.6: Time Performance Comparison, timestamps in thousands

DQN | A2C-D | A2C-C | PPO-D | PPO-C SAC A3C-D | A3C-C
Timesteps (k) ~770 ~45 | > 1,671 | >2,228 | ~1,800 | >1,114 | >3,343 | >3,343
Episodes 69 4 > 150 > 200 ~167 > 100 > 300 > 300
Time (sec) | ~2,500 ~90 | >5,500 | >5,000 | ~5,100 | >25,800 | >7,250 | >7,343

Among all agents tested in this environment, according to results, MDD, and average portfolio
value above benchmark, DQN performs the best in minute-level (in this case, less volatile) data
while PPO-D fits hour-level data better (more volatile). Within expectation, discrete-space agents
gives higher return compared to continuous-space agents, since discrete-space agents have less
actions to consider and higher exposure to the market.

Overall, RL algorithms can outperform conventional trading strategies in profit maximization
and risk aversion, yet they take time to train the model. Despite that, it is apparent that since
RL models can be re-trained with novel data, then it can be improved by randomly searching and

training the model with various kinds of data.
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6.2 Comparison with Literature Review

Contrary to the findings in Sagiraju and Mogalla’s work [1] suggesting that PPO performs the
worse in cumulative return but best in MDD, PPO in this research performs the best in terms of
return, yet it is confirmed that it dampens MDD best only when tested in hourly data. Another
discrepancy can be seen by looking at the results of A2C and DQN. The aforementioned work
finds that the two performs similarly, while in this thesis, A2C performs rather ineffectively in all
cases and DQN is the most preferable in minute-data returns.

This part will discuss about the comparison between A2C and A3C as is performed by Espeholt
et al. [7] and Sewak [8]. Comparing the algorithms’ speed, Espeholt et al. [7] show that batched
A2C with 48 CPUs runs rather at par compared to A3C with 32 workers in 64 CPUs, yielding
different findings depending on which problem it solves. See Section 2.4. Experiments in this
thesis indicate that using a 2-thread single CPU, A2C-D runs at ~500 FPS, A2C-C at ~300 FPS,
and both A3Cs at ~450 FPS. Again, the results moderately differ, and there is no solid conclusion
that can be drawn from this comparison.

Sewak [8] points out that A3C’s dyssynchrony of knowledge can cause unstable training and
slow convergence. This explains the stagnation found in both cases of A3C training in this re-
search. Moreover, this might also explain the drop in MDD at the end of each training session:
agents finishing last would try to push their knowledge increment without influence of others’ up-
date. However, Sewak’s remarks that A2C improves A3C does not apply to non-time performance
results of this thesis: in most cases, A3C performs better in return, MDD, and 6 than A2C.

Overall, Ouellette’s claim [5] that results given by RL can be highly varied and unpredictable
between experiments becomes more convincing. Comparing algorithms is a tricky task: hyperpa-

rameter tuning might be essential in finding the actual potential of an algorithm.

6.3 RL Design Evaluation

State Model

The current RL agent sees the past five closing prices movement to make a trading decision. Five

is a rather ideal window size to capture just enough pattern variation: not too specific (when
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using a number larger than 5) and not too general (smaller than 5). Taking MACD and EMA into
calculation does not improve the outcome (Fig. 4.6), since the two lagging indicator helps more

when used in a long-term window [47].

Action Model

Since this research focuses on trading at the spot market with orders at the market price, agents’
actions (BUY, SELL, and HOLD) already cover all possible actions. Discrete-spaced agents buy
using the whole balance and sell the whole asset, while continuous agents can determine a good

percentage of balance or asset to spend.

Reward Model

The reward model is affected by three factors: (1) profit and additional MDD it bears when selling,
(2) penalty when holding too long, and (3) reward when holding is in profit. However, due to
the volatility of results fed by different training processes, it is difficult to determine the ideal
reward model, for example, the proportion of reward coming from profit and MDD, what other
factors should influence reward, etc. Sortino Ratio has also been excluded from reward calculation
because of the unpredictability of the meaning of Sortino Ratio relative to price action. Another
limitation of this reward model is not being fee-agnostic, meaning that it does not take trading fees

into trading loss.

6.4 Recommendations

6.4.1 Live Trading

A robust trading model should be compatible with live trading, however, there are many more vari-
ables to consider when designing a live trading agent on top of the commonly exhibited backtest-

based trading agents.
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Trading Fees

Incorporating trading fees in an RL model needs to be addressed in future researches, especially
how to tune an agent such that it will perform well with any level of trading fees (fee-agnostic),
while still encouraging agents to take a trade. One idea would be implementing a more condition-
based reward function, that is, if an agent will be punished when it wastes too much money for
fees or when it misses profitable trades due to hesitance. It might imply that the state space might

have to be modified to include these interdependent factors.

Market Impact

The most important difference between backtest agents and live agents is the market impact. A
real trade causes the market to adjust its demand and supply, which ultimately reflects in a price
movement. The higher the trading size relative to the overall trade volume, the higher the market
impact is, i.e., the more volatile the market will react. A good trading model should adjust its
trading size to minimize market impact. Some [48, 49] have attempted to construct a live trading
simulator, yet such implementation is still not seen in common paper trading simulators [50]. A
recommendation would be providing an open-source live trading simulator to test trading agents

in a more realistic environment.

Order Mechanism

Related to market impact, a live trading environment relies on order books and fulfillment mech-
anism to process trades, meaning that a market order might have to be decomposed into several
smaller orders, not necessarily at different prices, to match the current demand and supply. This
factor may alter the price and volume of an order instructed by the model. This requires a more

flexible RL agent with more complex, continuous action spaces.
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6.4.2 RL Design in Live Trading
State Space

The current agent design only incorporates past closing prices in its state space, but as previously

suggested, more factors might be needed to be taken into account, for example:
* Current order book prices and order volumes at each price demand or supply,
¢ Past order volumes,
* High, low, open, close prices if necessary.

A more far-fetched approach could include sentiment data [51], yet such idea is excluded from

this research’s interest.

More Actions

More actions are essential to support live trading, especially the ability to place an order, as opposed
to performing a market order. Some useful yet complex actions also cover taking profit (TP) and

stop loss (SL), but this might be confused with a regular SELL order.

6.4.3 Model Tuning and Maintenance

Common issues faced by RL developers are tuning hyperparameters and automatically selecting a
model from the best episode. Hyperparameters’ effectiveness might change when different data is
provided [52] and the final product of a training might not result in the best model (as presented in
Chapter 5). A meta-learning system [52, 53] might be helpful to tune hyperparameters, while one
can select the best model by iteratively saving the best episode’s model so far based on specific
metrics, like training rewards or training loss. Another idea is periodic training: a trading agent
model might have to update its knowledge periodically to keep up with new patterns and price

actions. Yet, this idea requires a proper, separate research to determine its usability.
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Chapter 7

Conclusion

In short, this research concerns about comparing different trading agent algorithms in terms of
return, MDD, and the time to get an optimal model. The agents, operating on discrete or continuous
action space, are trained against a hourly crab market data and tested on four different data with
different trends and different timeframes.

Comparing eight agent types (buy-and-hold, MACD, DQN, Discrete PPO, Continuous PPO,
Discrete A2C, Continuous A2C, SAC, A3C, and Continuous A3C), the best model generated by the
Discrete PPO agent returns 59.88% higher than benchmark on HBu dataset and 153.96% higher on
HBr dataset, which is the highest among all agents. The lead is taken by the DQN agent with 3.83%
and 1.02% higher return than benchmark in MCr and MBu datasets, respectively. As for MDD, the
Continuous PPO model gives the lowest MDD at only 7.18% on the HBu model, compared to
11.74% when following the benchmark. For HBr model, Discrete PPO reduces drawdown by
80.5% (at 10.14%) compared to benchmark (51.99%). The best agent for both MCr and MBu is also
DQN, which respectively results in 3.13% and 0.61% drawdown, compared to 7.25% and 1.64%
for benchmark.

As for the statistics regarding trading count and volume, when cross-checked with return, DQN
would come at the top, since it generates only a few trades and low volume and being profitable at
the same time. Continuous A2C would perform the worst from generating too much trades and at
the same time returning much lower than benchmark, especially in hour-level data.

Buy-and-hold and MACD are the best agents with respect to the time it takes to train an optimal

model, since no training is required for both agents. As for RL agents, Discrete A2C completes
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the convergence faster at around 45,000 steps (4 episodes, around 90 seconds), yet it performs
exactly as good as the Buy-and-hold agent. The best agent for minute-level data, DQN, requires in
average 770,000 timesteps (69 episodes, around 2,500 seconds) to converge. Continuous PPO, the
best agent in terms of MDD for HBu, requires more than 1.8 million timesteps (167 episodes, 5,100
seconds) of training to produce the best model. Meanwhile, the convergence time for Continuous
A2C, Discrete A3C, Discrete PPO, and SAC are unknown due to the high volatility of training
results.

The RL model used in this research is suitable for a backtrade-based spot market trading: it
only accepts past five-timeframe closing data as the observable space, the actions are limited to
BUY, SELL, and HOLD with a variable amount (continuous) or the whole portfolio value (discrete).
It is not sufficient to be deployed in a live trading environment, which requires a larger obser-
vation horizon to consider, such as market impact, order book, and possibly market sentiment.
This research’s reward model also needs an improvement in terms of balance between rewarding
profit versus MDD minimization and holding penalty. Moreover, another aspect to consider is a
trading cost-agnostic model, to accommodate environments where a trade costs a percentage or
fixed fee. Finally, a meta-training might be useful to support the quality of the training, by tuning

hyperparameters crafted to each training dataset or environment.



Appendix A

Symbols and Variables

Table A.1: List of Symbols

Symbol Scope Meaning

9 general dataset

d; general datapoint at timeframe ¢

Di general closing price at timeframe ¢

o general average return over benchmark

EMA(n) indicator exponential moving average with window size n

MACD(f,s,1) indicator movement average convergence/divergence of fast linie period
[, slow line period s, and signal line period /

-C agent RL algorithm/agent with a continuous action space

-D agent RL algorithm/agent with a discrete action space

s agent approximate time for an agent’s training reward value to con-
verge

a agent RL agent

agent buy-and-hold agent (benchmark)

O (1) portfolio portfolio size of agent o at timeframe ¢

[0S portfolio benchmark (buy-and-hold) portfolio return

MDD portfolio maximum drawdown at timeframe #
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Appendix B

Terminology

Table B.1: List of Terms, sorted by importance

Term Meaning

ROI Return on investment: the asset value after performing
trading.

Benchmark the investment or trading strategy that is used as a refer-
ence or baseline.

Agent A code or program that performs trading using a specific
algorithm.

Portfolio The total investment valuation of a trading agent.

ATH All-time high: the highest value that a portfolio has ever
attained.

MDD Maximum drawdown: the maximum portfolio loss in

Sortino ratio

Bull market
Bear market
Crab market

Buy

Sell

percent or ratio from portfolio’s ATH.

The ratio of portfolio return subtracted by benchmark
return, divided by the standard deviation of portfolio
return. Penalized return below benchmark.

An asset price trajectory whose trend is upwards.

An asset price trajectory whose trend is downwards.
An asset price trajectory whose trend is sideways.

An act of buying an asset using a reference asset. In the
case of BTCUSD, a “buy” action trades USD for BTC.

An act of selling an asset into a reference asset. In the

case of BTCUSD, a “sell” action trades BTC for USD.



HODL or hold

Continuous agent

Discrete agent

HBu

HBr

MCr
MBu

Table B.1: List of Terms (continued)

A commonly used typographical error of “hold," means to
perform no trading at a given timeframe.

a trading agent that can buy and sell assets using a part of
its portfolio

a trading agent that must buy and sell assets using its
whole portfolio

Hour-level bull test dataset. See Section 4.1 for details.
Hour-level bear test dataset. See Section 4.1 for details.

Minute-level crab test dataset. See Section 4.1 for details.

Minute-level bull test dataset. See Section 4.1 for details.
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Abstract—The cryptocurrency market is known for its
volatility; consequently, issues arise regarding when to buy and
what quantity to buy, to maximize return in the long term.
This paper aims to implement a deep reinforcement learning
and supervised learning; Long short-term memory (LSTM)
approach to cryptocurrency trading, specifically bitcoin.
Experimental results showed that deep reinforcement learning
outperformed the supervised learning approach.

Keywords— bitcoin; time series; deep reinforcement

learning; Supervised Learning, Predictive model

I. INTRODUCTION

The creation of Bitcoin [1] in 2008 and the subsequent
bloom in 2017 brought about massive interest in the
cryptocurrency market and the (initial coin offering) 1CO era,
this interest has peaked and ebbed in the following years.
Bitcoin was the largest and most popular cryptocurrency in
cryptocurrency market as shown by its market capitalization.
Over the years the price of bitcoin has had huge fluctuation.
As a currency, Bitcoin offers a novel opportunity for price
prediction due its relatively young age and resulting
volatility, which is far greater than that of fiat currencies [2].

The prediction of mature financial markets such as the
stock market has been well researched [3],[4] and these
approaches are now being applied to a much younger
cryptocurrency market [5],[6]. Some of the works applying
deep machine-learning to financial market trading, try to
predict the price movements or trends [7], [8] using historic
market data. However, to make use of the predicted price or
direction of a financial product, a different model would
have to be designed that converts the predictions to trading
actions which include what and how much to buy/sell in the
market. The market can be observed as an environment
which has states and actions such as buy, sell, hold, and such
action when taken, yield a reward. The problem then can be
solved using reinforcement learning. Reinforcement learning
[9] approach has been applied in the financial market. In this
work both a supervised learning approach and deep
reinforcement learning approach are implemented, the
former predicts the direction of bitcoin price using historic
price, along with selected features, the output is then
converted to trading actions.

The contents of this paper are as follows: Section 1l
defines the problem statement. Section Il introduces the data
accessing and processing steps. The deep Q learning
approach will be described in Section IV and the supervised
learning approach is described in Section V. Section VI will
evaluate both approaches and compare the performances

978-1-7281-6167-9/20/$31.00 ©2020 IEEE
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Faculty of Engineering
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Bangkok, Thailand
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against other trading strategies on the test dataset. Section
VII discusses the results. Finally, the conclusion of the can
be found in Section VIII.

Il. PROBLEM DEFINATION

First, Given a time series of cryptocurrency prices, the
return can be maximized by purchasing coins at the right
intervals. Making large investments when the price is low
can yield significant returns due to the volatile nature of
cryptocurrency prices. If P represents the prices of bitcoin
between two points in time, P = {pl, p2, p3, ..., pn}. Let pk
be the lowest price in P. Investing the entire capital at pk will
have the largest yield as compared with distributing it over
any other combination of prices. The problem this research
tries to address is that of deciding whether an investment
should be made at a given time interval or not based on the
trend in the price.

I1l. DATA

A. Data Source

Bitcoin Open, High, Low, Close, Volume (OHLCV) data
was obtained from Binance. The data is one year and ten
months in time span and the trading period is one min.
Additional 24 features are computed from the OHLCV
values based on Returns, Lagged Returns, Price Level,
Change In Price, Acceleration In Price, Volume Level,
Change In VVolume, Volatility Level, Change In Volatility.

In Table 1, the new features have been selected based on
a previous work [10] which showed outstanding results.
Return is denoted by r, p is price, and v is volume.

TABLE I. ADDITIONAL COMPUTATED FEATURES

Name Description Type

r Bitcoin return

ri Return from 1 period prior Lagged
Return

r2 Return from 2 periods prior Lagged
Return

rZ12 Zscore(r,12) Price Level

rZ96 Zscore(r,96) Price Level

pmal2 Zscore(p/avg(p,12)-1,96) Change in
Price

pma96 Zscore(p/avg(p,96)-1,96) Change in
Price

pma672 Zscore(plavg(p,672)-1,96) Change in
Price

ma4/36 Zscore(avg(p,4)/avg(p,36)-1,96) Change in
Price

mal2/96 | Zscore(avg(p,12)/avg(p,96)-1,96) Change in
Price

ac12/12 Zscore([p/avg(p,12)]/avg[p/avg(p,12), Acceleration

12],96) in price
vZ12 Zscore(v,12) Volume




level

vZ96 Zscore(v,96) Volume
level

vZ672 Zscore(v,672) Volume
level

vmal2 Zscore(v/avg(v,12)-1,96) Change in
volume

vma96 Zscore(v/avg(v,96)-1,96) Change in
volume

vma672 Zscore(v/avg(v,672)-1,96) Change in
volume

vol12 Zscore(std(r,12),96) Volatility
level

vol96 Zscore(std(r,96),96) Volatility
level

vol672 Zscore(std(r,672),96) Volatility
level

dv12/96 Zscore(std(r,12)/avg(std(r,12),96),96) Change in
Volatility

dv96/672 | Zscore(std(r,96)/avg(std(r,96),672),96) Change in
Volatility

Ac96/96 | Zscore([p/avg(p,96)]/avg[p/avg(p,96), Acceleration
12],96) in price

B. Data Preprocessing

For the deep Q learning approach the one-minute bitcoin
time series data is resampled by a frequency of 15 minutes
and then the features are calculated. The NaN values are
dropped. The dataset is split into training and test sets, with
ratio 70:30 respectively. In the supervised learning
approach, the one-minute bitcoin time series data is
resampled by a frequency of 3 minutes. This produced the
best accuracy over 1 minute and 15 minutes frequencies.
The additional features are then computed. The target is set
to 1 if the bitcoin in the next 5-time step (15 minutes) is
greater than the current time step else it is set to 0. All
features are normalized using a python library Scikit-learn
[11]. The dataset is then split into training and test sets, with
ratio 95:5 respectively.

IVV. DEEP Q LEARNING

To test the performance of deep Q learning in bitcoin
trading, an agent was trained using deep Q learning to predict
how much bitcoin to buy under a given condition. The agent
can choose to buy anywhere between 0 and 4 bitcains.

A. Q Value

The Q value for a state and action is calculated based on the
reward for the action and the q values for future actions. The
g value for the last action is the same as the reward for the
action. The q values for all actions preceding the last action
can be calculated as shown in equation 1. Where r refers to
the reward for an action, g_n refers to the q value for the next
action and d is the discount factor.

q = r+(d*q_n) 1)

B. Loss Function

The neural network [12] is trained to directly provide the
probabilities of possible actions for a state. A custom loss
function was made to train the neural network. If the highest
probability of an action predicted by the neural network is a,
and q is the q value corresponding to the state given to the
neural network, equation 2 can be used to calculate the loss
value.

loss = -g*log(a)

C. Reward Function

The reward of an action is determined based on the rise
and fall in prices. If the agent decides to buy and the price
goes up, a positive reward is given. Otherwise, a negative
reward is given. The reward of an action is based on the
following equation 3. In equation 3, a refers to the action
performed by the agent. The action specifies the quantity of
bitcoin to buy, while cls and opn refer to the closing and
opening prices.

R = a*(log(cls/opn))

Table 2 provides the specifications of the neural network
used in the Deep Q Learning approach. The neural network
has 3 layers, all fully connected. This is implemented using
pytorch [13]

TABLE 1. DQN MLP MODEL PARAMETER
Parameter Value
Optimizer Adam
Layers 3
Dropout rate 0.2
Neurons by layer 28,32,5
Learning Rate le-3
Discount Factor 0.9

V. SUPERRVISED LEARNING (LSTM)

Long short-term memory (LSTM) [14] networks

excel at learning dependencies in time series data; hence
they are well suited to predicting bitcoin prices based on the
trend in price. In the LSTM approach, an LSTM neural
network is used to predict whether the price of bitcoin is
going to go up or down in the next 15 minutes. A bitcoin is
purchased if the price is going up.
The LSTM network is trained on price data from the past
hour sampled every 3 minutes. The input consists of the
open, high, close and low values along with the features
defined in the data section for each of the past 20 time steps
(1 hour). This is implement using Keras [15] on TensorFlow
[16] backend.

Table 3 provides the specifications of the neural network
used in the LSTM approach. The neural network has 3
LSTM layers and 2 fully connected layers.

@
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TABLE IlI. SUPERVISED LEARNING LSTM MODEL

PARAMETERS

Parameter Value

Optimizer Adam

Loss Sparse categorical entropy

Layers 5

Dropout rate 0.2

Neurons by layer 128,128, 128, 32,2




Learning Rate le-3

Weight Decay le-6

VI. PERFORMANCE EVALUATION

A. Results

The training dataset for the supervised learning LSTM
network is of 2017-12-09 to 2019-07-28 and the test dataset
from 2019-08-29 to 2019-10-01 while training dataset for
the deep reinforcement learning approach is of time span
2017-12-09 to 2019-03-17 and the test dataset 2019-03-17
to 2019-10-01
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Fig. 1. Model accuracy for 20 epochs (LSTM).

Fig 1 shows the model accuracy for the LSTM model after
20 epochs of training, the test accuracy peaks at epoch 9,
though the training accuracy keeps rising, this points
towards overfitting. Early stopping is later implemented to
prevent such.
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Fig. 2. Model accuracy for 20 epochs (LSTM).

Fig 2 much like fig 1 shows that the LSTM model begins to
overfit after epoch 10 as observed by the declining training
loss and increasing test loss.

TABLE IV. CONFUSION MATRIX FOR SUPERVISED LEARNING(LSTM)
Predicted True | Predicted
False
Actual True 4779 2919
Actual False 4076 4125

Table 5 Shows metrics and their values.

TABLE V. SUPERVISED LEARNING LSTM MODEL METRICS
Metric Value
Accuracy 56.0%
Precision 53.95%
Recall 62.07%
—— Prediction
12 Upper-bound

=—— Buy and Haold
10 4
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Fig. 3. LSTM (green), buy and hold (blue) and best possible (yellow)
returns from 29 augst 2019 to 30 september 2019
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Fig. 4. Graph of 20 agents’ test performances between 17 March 2019 and
1 October 2019

The mean reward, standard deviation and mean max
draw down of the agents are normalized to fix the same
scale.

Buy and hold strategy (BnH): Buys 2 bitcoins at the start of
the test period and holds it for the duration.

Momentum strategy (MMT): momentum strategy that will
hold 4 bitcoins if the price is above the average price over
the previous 30 periods and 0 bitcoins otherwise

Deep Reinforcement Learning (RL): The algorithm choices
what amount of bitcoin to buy, this ranges from 0 to 4.

Max Drawdown (MDD): The drawdown is the measure of
the decline from a historical peak in returns.
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Fig. 5. Confusion Matrix for Supervised Learning(LSTM Aggregated
result of the 20 agents

VII. DISCUSSION

The 20 models trained using deep reinforcement
learning showed varying degrees of success due to the
stochastic nature of the training. Multiple models got stuck
in local optima, but those that did not, performed
significantly better. The LSTM model had a good prediction
accuracy of 56%, and did outperform buy and hold strategy,
however the return was poor and was not profitable as
bitcoin is on a downward trend. The “upper bound” curve
represents the returns possible when the future is known,
and coins are bought at the right time step.

VIII. CONCLUSION AND FURTURE WORK

This paper implements supervised learning
(LSTM) and deep reinforcement learning addressing the
issues of when to buy and what Bitcoin quantity to buy, to
maximize return in the long term. The deep learning
reinforcement (RL) approach showed the most outstanding
performance, though commission is not taken into account
in both approaches. That said this could be implemented in
the future along with hyperparameter tuning for both
approaches, this might help to improve the accuracy for the
supervised learning approach and lead to better returns.
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