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Resumo

Esta dissertagao investiga se um sistema de reinforcement learning (RL) baseado em in-
formacao visual pode negociar de forma lucrativa num mercado sem drift. A pipeline
proposta converte janelas de precos EUR/USD em graficos, extrai varidveis com uma
convolutional neural network (CNN) e fornece-as a um agente soft actor-critic que gera
alocagoes de portefélio num espago de agoes continuo. O modelo de RL ¢é treinado com
cerca de 20 anos de dados. Comparam-se diferentes variagoes do sistema proposto: pré-
treino da CNN, congelamento do extrator de variaveis durante o treino do RL e equilibrio
de classes no conjunto de treino do RL. Os resultados demonstram que o transfer learn-
ing facilita a convergéncia do RL. A maioria dos agentes aprende politicas com valor
esperado positivo durante o treino. A variante com o extrator de variaveis congelado ap-
resenta fraco desempenho em teste, enquanto o agente com equilibrio de classes terminou
o periodo de teste com um ganho de 4%, evidenciando o potencial deste sistema. Con-
tudo, este agente revela limitagoes no aproveitamento do espaco de acoes continuo, com
alocacoes negativas de maior dimensao a apresentarem melhor desempenho nas caudas
da distribuicao dos retornos, mas sem estender este padrao a alocagoes positivas de maior
dimensao. Este trabalho contribui para a literatura ao demonstrar como a representacao
visual, os espacos de agoes continuos e o transfer learning influenciam o desempenho de

sistemas de negociacao baseados em RL em ambientes de recompensas simétricas.

Palavras-chaves: aprendizagem de reforco, redes neuronais convolucionais, apren-

dizagem por tranferéncia, ambiente de recompensas simétricas
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Abstract

This dissertation investigates whether a vision-driven reinforcement learning (RL) system
can trade a non-drift market profitably. The proposed pipeline converts EUR/USD price
windows into chart images, extracts features with a convolutional neural network (CNN),
and feeds them to a soft actor-critic agent that outputs portfolio allocations in a contin-
uous action space. The RL model is trained on roughly 20 years of data. We compare
different variations of the proposed system: pre-training the CNN, freezing the feature ex-
tractor during RL training and class-balancing the RL training set. Results demonstrate
that transfer learning aids RL convergence. Most agents learn positive expected value
policies during training. The frozen encoder variant performs poorly in testing, while the
class-balanced agent ended the test period with a 4% gain, showing the system’s poten-
tial. However, this agent demonstrates limited upside from its continuous action space,
with larger negative bets performing better in the returns’ distribution tails, but not ex-
tending this pattern to large positive bets. This work contributes to the literature by
demonstrating how visual representation, continuous actions spaces and transfer learning

impact RL-based trading systems performance in symmetric reward environments.

Keywords: reinforcement learning, convolutional neural networks, transfer learning,

symmetric reward environment
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CHAPTER 1

Introduction

1.1. Problem Description

The problem of trading in any market, where decisions revolve around buying and selling a
given asset, is equivalent to a complex, high-stakes decision-making game. In this game,
each choice influences the potential for future gains or losses, creating a dynamic and
sequential challenge that is well-suited to the principles of Reinforcement Learning (RL).
RL frameworks are specifically designed for learning optimal decision-making strategies
through interaction with an environment. An agent improves over time by receiving
feedback in the form of rewards or penalties for each action, gradually refining its strategy
to maximize a cumulative reward [1]. This work extends the current body of research
applying RL techniques to financial markets environments.

The FX market, the global marketplace for trading national currencies, is a highly
dynamic and non-stationary environment [2]. Its inherent unpredictability makes it diffi-
cult for any agent to generalize effectively. Patterns and strategies learned in one set of
conditions may not apply in others, requiring continuous adaptation. Furthermore, the
noisy nature of financial data [3] makes price movements reflect both meaningful trends
and random fluctuations, which can mislead agents into finding patterns where none exist.
By contrast, many RL settings deal with relatively stable dynamics which make credit as-
signment and evaluation more straightforward [4]. This presents a challenge for applying
RL to financial markets.

Applying Computer Vision (CV) techniques to financial charts makes it possible to
extract features from visual representations used by many practitioners [5]. Processing
such charts with CV can systematize feature extraction from graphical representations of
prices.

RL’s feedback mechanism directs agents to develop strategies that maximize long-
term rewards, therefore it is intrinsically suited to sequential decision-making. Trading is
a chain of interdependent actions whose effects accumulate, so optimizing for the long-run
is essential for performance.

Successfully automating decisions in the FX market promises clear benefits. Automat-
ing pattern recognition can provide a consistent, data-driven tool that reduces reliance
on subjective human interpretation. Once effectively trained, an RL agent can operate
continuously and objectively without the cognitive biases, fatigue or emotional responses
that affect humans, offering the prospect of more stable and scalable profitability over

time.



The recent expansion of RL research in finance has shown that automated profitable
trading agents are feasible. Cui et al. [6] work processes price-chart images, extracts
features and passes them to an RL agent that issues discrete buy or sell actions. This
research relies on value-based RL methods, which are suited to discrete action spaces,
and it is evaluated in the equity market, as most of ML research is, which provides an
accessible but narrow test basis.

Important gaps remain in the current literature. First, most studies restrict the agent’s
action space to a binary buy/sell decision, whereas a realistic scenario should reflect prin-
ciples of bankroll management and position sizing, essential to reflect the complete action
space of a trader. This omission blurs the difference between choosing a direction and
choosing how much risk to take. Second, current research on similar systems is restricted
to value-based RL methods, which are suited to discrete action spaces, leaving gaps in
the exploration of different approaches and algorithms. Third, applications are concen-
trated in the stock market, which has a persistent positive drift. Meaning that staying
long (buying stocks) often yields frequent positive rewards. This can inflate perceived
performance and encourage one-sided policies. In a more neutral market, such feedback
is weaker or misleading, raising difficulties for reward signaling in RL setups, with gains
possibly not reflecting genuine learning.

In this work, we propose a system that addresses the three gaps identified in current
research. The system couples feature extraction from price-chart images with a RL agent
that controls continuous position sizes. Our work extends the current literature with
the use of an Actor-Critic RL method, applying the Soft Actor-Critic (SAC) algorithm.
Finally, we base our evaluation of the developed system on the Foreign Exchange (FX)
market, which does not present a long-term drift, and therefore, presents a more chal-
lenging environment for consistent reward feedback. Furthermore, this work explores the

use of transfer learning in the initialization of feature extractors for RL.

1.2. Contributions

This work designs, implements and evaluates a system that combines the decision-making
capabilities of RL with the pattern-recognition strengths of CV and applies it to financial
markets. The objective is to move current research beyond the limitations found in
the current body of knowledge. By integrating these techniques, the research aims to
contribute to academic understanding and to practical advances in trading technology,
extending the boundaries of ML in finance.

Integrating CV with RL in trading addresses gaps in both academic research and
industry practice. The broader impact reaches beyond finance: demonstrating how ML
supports adaptive behavior in non-stationary settings is relevant to other fields such as
robotics, autonomous systems and healthcare, where adaptability is crucial.
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1.3. Research Questions

This section outlines the core questions that this dissertation seeks to answer, situating

them within the broader context of the research objectives. By articulating these questions

explicitly, the section serves as a roadmap for the subsequent analysis and discussion.

(1)

Can a CV-RL combined system unlock positive performance in a non-drift mar-
ket?

Existing financial research predominantly focuses on stock markets. These mar-
kets have a positive drift [7], attributable to factors such as inflation, corporate
earnings growth and efficiency improvements. Models applied to stock markets
often reflect this positive drift by frequently generating buy signals, as stocks
generally tend to appreciate over time. In contrast, FX markets inherently dif-
fer, as currency pairs consist of two active currencies without either exhibiting a
systematic positive drift. Consequently, model outcomes in FX markets necessi-
tate more balanced, two-sided trading strategies. This research aims to explore
whether CV-RL models can still deliver positive performance within such a sym-
metric, non-trending market context.

Can the developed agent learn about the quality of its own actions?

This study implements an RL model with a continuous action space. The agent
is trained to output an allocation of its current bankroll, forcing it to predict
not only where price is going to move but also, how much should be allocated
to capture this movement. This naturally forces the agent to learn about the
quality of its own actions, allocating a smaller part of its bankroll when it is
less confident of its own decision. This research aims to understand whether the
agent developed can learn about the quality of its own actions, and if so, how it
affects its performance.

Is transfer learning an effective strategy in improving the CV-RL system?

The approach employed in this research explores the combination of a Convolu-
tional Neural Network (CNN) as a feature extractor, with an RL model. The
model uses the outputs from the CNN as its states. We compare the performance
of the model when the feature extractor is pre-trained and when it is not. This
serves the purpose of evaluating whether transfer learning is an effective strategy

in improving the CV-RL system.

By focusing on these specific questions, the dissertation aims to provide a comprehen-

sive and structured investigation into the use of RL and CV in trading. These questions

ensure that the research remains targeted and relevant and also provide a framework for

evaluating the success of the proposed system and identifying areas for further exploration.






CHAPTER 2

State of the Art

The application of RL and CV techniques in financial trading has gained increasing
attention from researchers [8], leading to a proliferation of studies that attempt to optimize
decision-making processes in trading environments. However, most studies focus on either
RL or CV in isolation, rather than combining both approaches.

Considering only the studies that focus on CV, Sezer et al. [9] generates images from
a variety of technical indicators’ time series (not price time series data), and demonstrate
the efficacy of signal construction based on the images generated. Jiang et al. [10] turn
stock price/volume time series into images and use CNNs to autonomously learn visual
patterns that are able to forecast future returns, instead of testing pre-specified rules like
momentum or reversal. They show that the learned patterns are distinct from standard
technical signals, deliver higher out-of-sample accuracy and strong portfolio performance.
Finally, they demonstrate that the patterns learned in the US stock market transfer well
across international stock markets.

On the other hand, studies focused on RL tend to emphasize the development of op-
timal trading policies without necessarily leveraging the power of visual representations.
Jiang et al. [11] developed a deep RL framework for portfolio management in the cryp-
tocurrency market, leveraging an Ensemble of Identical Independent Evaluators (EIIE)
along with deterministic policy gradient methods. Their approach integrates CNNs, RNNs
and LSTMs to extract features from historical price and volume data (data is fed as nu-
merical, and not images), outperforming traditional strategies in back-tests. Similarly,
Deng et al. [12] introduced a deep recurrent neural network (DRNN) for financial trad-
ing, combining RL and deep learning for real-time trading optimization. Their framework
used actor-based direct RL optimized via Backpropagation Through Time (BPTT), suc-
cessfully extracting features and optimizing performance. These studies highlight the
adaptability of RL models in responding to different markets and optimizing strategies.
However, they rely on numerical inputs and lack the ability to process the spatial rela-
tionships inherent to data visualization.

Additionally, Mortaji et al. [13] conducted a comprehensive review of RL applications
in portfolio optimization, analyzing various RL algorithms and their performance across
different environments. The study identified several key RL methods frequently used in
financial markets. Q-learning, as a model-free value-based approach, has been widely
applied to optimize portfolio allocation. SARSA, an on-policy RL method, allows for
continuous state updates during training. Deep Q-Networks (DQN) have been employed

to handle large action spaces by integrating deep learning techniques. Deep Deterministic
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Policy Gradient (DDPG) combines Q-learning and policy gradient methods for continuous
control, making it particularly useful in portfolio optimization. Finally, Proximal Policy
Optimization (PPO) has demonstrated advantages in policy stability and convergence
speed.

A smaller subset of studies attempts to integrate RL and CV, aiming to leverage
the strengths of both methodologies. For example, Polamuri et al. [14] experimented
with Generative Adversarial Networks (GANs) in combination with RL to optimize hy-
perparameters for price prediction. Similarly, Vullam et al. [15] introduced a hybrid
deep learning approach for stock market prediction, named Stock-GAN, which combines
GANs with RL techniques. Their work improves upon traditional deep learning methods
by integrating Bayesian optimization for hyperparameter tuning and leveraging a hybrid
prediction algorithm (MMGAN-HPA) that combines multiple models for better accuracy.

The study by Kai Cui et al. [6] stands out as the closest to this dissertation’s objectives.
It introduces a Multi-Scale Convolutional Neural Network (MS-CNN) combined with
Double Deep Q-Networks (DDQN) for stock trading. The MS-DDQN framework uses
feature extraction from financial time-series data, outperforming traditional methods in
terms of profit and risk-adjusted returns. The model employs historical price data from
the U.S. stock market, using daily OHLC (open, high, low, close) prices and trading
volume over a fifteen-year period (2007-2020). The study’s experimental setup includes
a training phase from 2007 to 2017, followed by a testing period from 2018 to 2020,
and evaluates performance using the short-term Sharpe ratio [16] as a reward function.
Benchmark comparisons were made against baseline models such as Buy and Hold, Sell
and Hold and other RL models like DQN-vanilla and DQN-pattern.

The MS-CNN in Cui et al.’s [6] work is designed to extract stock trend features at
different time scales, mimicking the way human traders analyze various moving averages
(days, weeks, months). The network treats historical stock prices and trading volume
as a two-dimensional image, applying convolutional layers with different kernel sizes to
extract local and general patterns. These extracted features are then fed into the DDQN
agent, which refines trading strategies by reducing Q-value overestimation, leading to
more stable decision-making. A visual representation of the developed system can be
observed in Figure 2.1.

While Cui et al.’s [6] work presents a well-structured RL-CV integration, this disserta-
tion aims to extend the approach and fill in gaps left by the current literature. The discrete
action space in the presented model, limited to buy, hold and sell, restricts the agent’s
flexibility. Our study will implement a continuous action space, allowing for dynamic
position sizing. Additionally, the absence of bankroll management assumes an unlimited
trading capacity, which does not reflect real-world constraints. Our approach will include
a limited bankroll that the agent must manage, ensuring that decisions are constrained

by available capital, leading to more realistic simulations of real-world conditions.
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To further extend on the current body of knowledge, we choose as an environment the
FX market, instead of positive drift markets such as the stock and cryptocurrency markets
used in the mentioned research. This work also explores the use of transfer learning in
the initialization of feature extractors for RL, taking inspiration from the Jiang et al. [10]
study.

Furthermore, while Cui et al.’s [6] system relies on DDQN;, this dissertation will ex-
plore the use of SAC. This algorithm provides tools for improved policy stability, sample

efficiency, and the ability to handle continuous action spaces.






CHAPTER 3

Context

3.1. Financial Markets, Foreign Exchange and the Trading Game Setting

Financial markets are platforms where individuals, institutions and governments trade
financial instruments. These markets play a vital role in the global economy by facilitating
capital allocation, enabling risk management and providing liquidity (ease to buy and sell)

to participants [17]. Broadly, financial markets can be divided into [18]:

e Stock markets: where companies list their shares.

e Over-the-Counter (OTC) markets: where participants trade directly with each
other (without a broker).

e Bond markets: where companies and governments issue debt instruments.

e Money markets: for products with short-term maturities (e.g. certificates of
deposit).

e Derivatives markets: for products whose value is based on an underlying asset.

e Foreign Exchange (FX) Markets: for currencies.

e Commodities markets: for physical goods (e.g. gold, oil, corn).

e Cryptocurrency markets: for digital currencies.

Participants in financial markets include retail investors, institutional investors (such
as hedge funds, mutual funds and pension funds), corporations and governments. Each
group has distinct motivations for participating, ranging from investment and speculation
to hedging against financial risks and financing operations [17]. These participants col-
lectively contribute to the valuations of assets, market efficiency and capital flows across

global economies.

3.1.1. Foreign Exchange Market
The FX market is the largest and most liquid financial market globally [19], with a daily

trading volume exceeding $7 trillion [20]. It is a decentralized market where currencies
are bought and sold, enabling international trade and investment. Unlike centralized
exchanges for stocks, the FX market operates over-the-counter (bilaterally between two
counterparties) through a network of financial institutions, brokers and electronic trading
platforms [19].

In the FX market, the primary products traded are currency pairs, representing the
exchange rate between two currencies (e.g., EUR/USD or USD/JPY). These pairs are clas-
sified into: Major Pairs, the most widely traded pairs, such as EUR/USD and USD/JPY;
Cross Pairs, currency pairs that do not involve the US dollar, such as EUR/GBP; Exotic

Pairs, which involve emerging market currencies, such as USD/ZAR [21].



A diverse range of actors participate in this market, including [22]:

e Central banks: manage monetary policy and stabilize currency values.

e Commercial banks: facilitate currency trading for clients and speculate on cur-
rency values.

e Corporations: hedge against currency risks associated with international opera-
tions.

e Institutional investors: speculate or hedge using large-scale trades.

e Retail traders: individual investors trading smaller volumes.

e Market makers and brokers: provide liquidity and match buy/sell orders.

The FX market is known for its high liquidity (in major pairs) [20] ensuring tight bid-
ask spreads (the difference between buy and sell prices at a given point in time) and the
ability to execute large trades without significant price impact. Its decentralized structure
allows for continuous trading 24 hours a day, five days a week, starting in the Asia-Pacific
region on Monday morning and closing in New York on Friday evening [22].

Despite its high liquidity, the FX market carries some associated inherent risks:

e Gap risk [23]: arises during weekends or holidays when unexpected geopolitical or
economic events can cause significant price movements before the market reopens.

e Liquidity shortages [24]: occur around major economic announcements or geopo-
litical events, when market participants exit the market (refuse to take risk), and
the lack of participants makes it hard to execute trades at desired prices (bid-ask
spread increases).

e Leverage risks [25]: leverage (borrowing money to invest) commonly used in FX

trading amplifies both potential gains and losses, increasing overall risk exposure.

As mentioned in Section 1.3, stock markets have a positive drift. In contrast, FX
markets differ, as currency pairs do not tend to exhibit any systematic drift. This can
be observed in Figure 3.1 and Figure 3.2, which compare the EUR/USD price since the
introduction of the Euro in 1999 and the S&P 500 (an index composed by the largest
500 companies in the United States) price in the same time period. This representation
clearly demonstrates the difference between the two, with the EUR/USD, after a 25 year
period, being close to its initial value, whereas the S&P 500 grew about four times in

value.

3.1.2. Trading Game Setting

This section examines the historical evolution of the “trading game”, providing essential
context for understanding the current market landscape and the factors that have shaped
its development.

Before the integration of computer systems, financial trading was a highly human-
centric activity, conducted on physical trading floors or via telephones. Traders relied
on personal expertise, intuition and direct communication to execute trades. The most
10
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common market participants were commercial banks, investment banks and individual
speculators, who engaged in face-to-face negotiations or placed orders through brokers.

Human traders often used technical analysis, fundamental analysis and market senti-
ment to inform their decisions. Information flow was slower and traders with faster access
to news or deeper social networks often held a competitive edge.

The advent of computers and electronic trading platforms transformed the trading
game, automating many of the processes that were once manual. Algorithms and high-
frequency trading systems now dominate the market, capable of analyzing vast amounts
of data and executing trades within milliseconds. This shift has leveled the playing field
for many participants while also increasing competition.

Market participants, from retail traders to institutional investors, now aim to ”beat”
the market using advanced strategies. These include algorithmic trading, quantitative
analysis and machine learning techniques that exploit inefficiencies in pricing or identify
patterns that human traders may overlook. Trading systems are designed to process

11



market data in real-time, enabling participants to react to news and events faster than
ever before.

The integration of Al and ML into trading has further elevated the complexity of the
market. RL and predictive analytics are increasingly used to develop adaptive systems
that evolve with market conditions. The “game” has become a competition not only be-
tween human traders but also between increasingly sophisticated algorithms, each seeking
to beat the other.

3.2. Transfer Learning

Transfer learning [26] is a machine learning approach in which knowledge gained from
solving one task is leveraged to enhance a model’s performance on a different, but related,
task. This is valuable when the new task suffers from either limited data or limited
computational resources. Unlike traditional models, which are built and trained from
scratch for each separate problem, transfer learning reuses parts or all of a previously
trained model, reducing the required data and training time.

In practice, transfer learning is commonly applied in deep learning, where models
are first trained on large benchmark datasets (e.g., ImageNet [27]) and later fine-tuned
for more specialized applications. For example, a model initially built for general image
recognition can be adapted to medical imaging by retraining with new data. Pre-trained
CNNs like VGG [28] and ResNet [29] models are often repurposed to address new prob-
lems. Initializing from a pre-trained CNN lets practitioners build high-performing models

in scenarios where labeled training data is scarce.

3.3. Computer Vision and Reinforcement Learning
3.3.1. Machine Learning and Artificial Intelligence

Machine Learning (ML) and Artificial Intelligence (AI) have revolutionized numerous
domains by enabling systems to learn from data, adapt to changing conditions and make
informed decisions. Tasks that traditionally require human intelligence, such as problem-
solving, reasoning and perception, are now being performed by intelligent systems, what
we call AI. Within AI, ML focuses on developing algorithms that allow machines to learn
patterns and relationships from data without being explicitly programmed.

ML is typically categorized into three main paradigms: supervised learning, where
models learn from labelled data; unsupervised learning, which involves discovering hid-
den patterns in unlabelled data; and RL, where an agent learns to make decisions by
interacting with an environment and receiving feedback [30]. These paradigms form the
foundation for many applications across industries, including healthcare [31], robotics [32]
and finance [33].

As Al and ML continue to evolve, new subfields, such as CV and RL, have branched
from it and created powerful tools for solving complex problems. This chapter explores
these fields individually and then examines their interplay, highlighting how they comple-
ment each other to create intelligent systems capable of addressing real-world challenges.
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3.3.2. Computer Vision and Convolutional Neural Networks

CV is a branch of Al focused on enabling machines to interpret and process visual data
in a manner similar to human vision. CV systems extract information from images or
videos, such as identifying objects, detecting patterns and recognizing scenes [34]. This
capability allows CV to power a wide range of applications, including facial recognition
[35], medical imaging [36], autonomous vehicles [37] and augmented reality [38].

The underlying process of CV involves several stages: preprocessing raw visual data,
extracting features and interpreting these features to draw conclusions or make decisions.
Techniques such as edge detection, object segmentation and feature matching are com-
monly employed when analyzing visual data. Recent advancements in deep learning,
particularly CNNs, have improved the accuracy and efficiency of CV systems. CNNs are
particularly effective at learning hierarchical patterns in visual data, making them a cor-
nerstone of modern CV and a common tool for tasks such as image classification, object
detection [39] and image segmentation [40].

CNNs are composed by multiple layers [41], each serving a distinct purpose in feature

extraction and transformation. The primary layers include:

(1) Convolutional layer: the convolutional layer applies a set of learnable filters (ker-
nels) to the input image. Each filter slides over the input, computing dot products
to produce feature maps which detect patterns such as edges and shapes. The
output feature map is computed as: Feature Map = Input * Kernel + Bias.

(2) Pooling layer: pooling reduces spatial dimensions, decreasing complexity and
controlling overfitting, whilst retaining the most important information. The two
most common types are Max Pooling (selects the maximum value in a window)
and Average Pooling (computes the average of values in a window).

(3) Activation function: non-linearity is introduced using activation functions, en-
abling the network to model complex relationships.

(4) Fully Connected (FC) layer: after convolutional and pooling layers, high-level
features are flattened and fed into fully connected layers for classification or

regression.

CNNs are trained using supervised learning and labeled data. The weights of ker-
nels/filters and fully connected layers are optimized by minimizing a loss function through
backpropagation. Backpropagation [42] consists of two main phases. It starts with a For-
ward Pass, where the input data is passed through the network. In this phase, each layer
of the network computes an output, and the final output is compared to the true label us-
ing the loss function. This is followed by a Backward Pass, where the error is propagated
backward from the output layer to the input layer. The gradient of the loss with respect
to each weight is computed, and weights are updated using an optimizer (e.g. Adam).
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3.3.3. Reinforcement Learning

RL is a subfield of ML in which an agent learns to make decisions by interacting with
its own environment [1]. The agent’s goal is to maximize cumulative rewards over time
by selecting actions that lead to favourable outcomes. Unlike supervised learning, RL
does not rely on labelled data, instead, it uses feedback signals in the form of rewards or
penalties to guide learning.

The RL process is typically modelled as a Markov Decision Process (MDP), which
consists of the following components:

e State (S5): the representation of the environment at a given time.

e Action (A): the set of possible decisions the agent can take.

e Reward (R): the feedback signal received after performing an action.

e Policy (7): a mapping from states to actions that guides the agent’s behaviour.

e Value Function (V): a measure of the expected cumulative rewards for a given
state or action.

An MDP is defined by the tuple: (S, A, P, R, ), where:

e 5: set of possible states.

e A: set of possible actions.

e P(s'|s,a): transition probability from state s to s’ given action a.
e R(s,a): expected reward from taking action a in state s.

e 7: discount factor that balances immediate and future rewards.

RL algorithms are categorized into model-free and model-based approaches [43]. Model-
free methods (such as Q-learning and Deep Q-Networks), rely solely on interactions with
the environment. One example of this, is their use in building agents to play video games,
where the agent learns how to maximize game score through direct trial and error [44]. On
the other hand, model-based methods attempt to use an explicit model of the environment
to improve learning efficiency. A common example of this is the training of factory robots
to do common tasks such as stacking objects, where the enviroment is known /predictable
and can be modeled to guide learning [45]. Most common approaches in modern RL are
Model-free methods due to their flexibility.

Besides the model-free and model-based distinction, RL algorithms can also be cate-
gorized into Value-Based, Policy-Based and Actor-Critic methods [46]:

e Value-Based methods [47] learn a value function (most commonly the action-
value function Q(s,a)) that estimates future rewards for taking action a in state
s. The optimal policy is implicit and derived by selecting actions that maximize
the estimated values. These models are efficient in discrete action spaces where
enumeration of all possible actions for a given state is feasible. Exploration is
typically handled through strategies such as e-greedy, ensuring balance between
exploiting high-value actions and discovering potentially better ones.
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e Policy-Based methods [48] directly learn a policy (7) that maps states to actions,
without estimating value functions. These methods optimize policy parameters to
maximize expected cumulative rewards (often done using gradient ascent). They
are effective in environments with high dimensionality and/or continuous actions
spaces and are mostly model-free since policy is optimized based on interaction
with environment, without modelling its dynamics.

e Actor-Critic methods are an hybrid approach that combines Value-Based and
Policy-Based learning, where the Actor learns the policy (7) and the Critic eval-
uates actions using a value function. In these methods, the Actor chooses actions
while the Critic provides feedback on the actions chosen to guide policy im-
provement. This hybrid approach reduces the high variance associated with the
gradient estimation of Policy-Based methods while mantaining the flexibility it

offers.

3.3.4. Soft Actor-Critic Algorithm
Soft Actor-Critic (SAC) is a model-free and actor-critic RL algorithm designed for con-

tinuous action spaces [49]. While in conventional RL, the goal is to find a policy ()
that maximises the expected cumulative discounted return, the SAC algorithm extends
this objective and encourages exploration through an entropy term (H (7 (- | s¢))). SAC’s

objective function (J (7)) is expressed mathematically as:

J(r) =E. | ) A'r(si, at)] (3.1)

Where:

e 7(s;,a) is the reward at time ¢,

e v € [0,1] is the discount factor.

J(m) =E,

D4 (s ) + a M (- | st>>>] (32)
=0
Where:

o H(m(:|st)) = —Eq,~r [log m(as|st)] is the entropy of the policy as state sy,

e o > ( is the temperature parameter, that controls the trade-off between reward

maximisation and exploration.

By maximizing both rewards and policy entropy, SAC achieves more robust explo-
ration and prevents premature convergence to suboptimal policies.

The SAC architecture consists of three neural networks: one Actor and two Critics.
The Actor m4(a | s) policy network produces a probability distribution over possible
actions for each state. For continuous actions, as in this work, it is often parameterized
as a Gaussian distribution. The two Critics, Qq, (s, a), Qa,(s,a), estimate the expected
return for state-action pairs. SAC uses two Q-value critics to reduce overestimation bias
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(a common issue where Q-values are systematically higher than true expected returns),
by using the minimum of the two estimated Q-values for target updates.

In on-policy algorithms, each training batch must be collected using the current policy,
and experiences are discarded after one update to keep policy consistency. In SAC (an
off-policy algorithm), experience replay allows it to store and sample past environment
interactions from a buffer, even if they were generated by older policy versions. This
improves sample efficiency and training stability.

The SAC algorithm consists of the following steps:

ALGORITHM 3.1.

1. Initialize Actor and Critics networks with random weights.

2. Interact with the environment and store transitions (state, action, reward and next
state) in a replay buffer.

3. Sample random batches from the buffer for parameter updates.

4. Update Critic networks. Minimize the Bellman residual for the soft Q)-function,
taking into account both rewards and policy entropy.

5. Update Actor network. Adjust policy to maximize expected @QQ-value plus entropy,
balancing exploitation and exploratory diversity.

6. Optionally update the entropy temperature o to automatically tune the exploration-
exploitation balance.

7. Repeat steps 2-6 until convergence.

SAC represents a major advancement in RL by combining maximum entropy RL,

actor-critic methods and off-policy learning.

3.3.5. Integration of Computer Vision and Reinforcement Learning

While RL focuses on decision-making through interactions with an environment, CV can
enhance this process by providing high-dimensional visual data that informs the agent’s
understanding of its environment. The CV module serves as a perception system that
extracts features from visual data, which are then fed into the RL agent, which in turn
uses them to make decisions.

Several real-world applications illustrate the power of integrating CV and RL:

e Autonomous vehicles: CV systems process camera feeds to identify objects such
as pedestrians, vehicles and road signs. RL agents use this visual information to
make driving decisions, such as accelerating, braking, or turning [50].

e Robotics: in robotic manipulation, CV systems recognize objects and their spa-
tial orientation, enabling robots to interact with their environment. RL then
determines the optimal sequence of actions to complete tasks such as assem-
bling components or picking and placing objects. Figure Al’s different robots are
examples of this integration [51] [52] [53].
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e Gaming and simulations: CV is used to interpret complex game environments
[54], while RL agents develop strategies to achieve high scores or complete ob-

jectives [55].
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CHAPTER 4

Methodology

The following chapter presents the methodology used to design and implement a trading
game system. This methodology is inspired by the one presented in Cui et al. [6], as laid
out in Chapter 2.

4.1. Game Setup

The objective of the trading game is to maximize long-term profit through a series of
consecutive investments (actions). Unlike traditional supervised learning models, which
focus on predicting immediate outcomes from labelled data, this setup employs RL with
an agent to make a sequence of decisions over time, each influenced by past outcomes (a
continuously changing bankroll). The agent must learn to optimize cumulative returns,
making the problem well-suited to the RL framework due to its inherently sequential and
feedback-driven nature [1].

The agent begins with an initial bankroll, representing the capital available for trading.
At each time step, defined as a one-hour interval, the agent must allocate a portion of
this bankroll toward a position on the EUR/USD pair, either long (buying Euro) or
short (selling Euro). The goal is to grow this bankroll through successive decisions and
quantifying success as the compounded return over the course of the trading episode.
Profitability is thus directly measurable: the agent’s final bankroll reflects its performance
in achieving the game’s objective.

The setup for this work was built with the EUR/USD exchange rate, as it is the most
traded pair of currencies on the planet [20], and therefore, also the most liquid market.
Data was gathered from the introduction of the Euro in 1999 (although the set used only
includes data from 2003 onwards, as explained in Section 4.4), until the 28 of July 2025,

the last day when data was collected.

4.2. Game Mechanics

The game unfolds in a discrete-time simulation, where each step corresponds to one hour.
At every time step, the agent is presented with a chart image representing the previous
nine hours of asset price movement. For reference, major global financial centers operate
within comparable time frames. As mentioned in Section 3.1, the FX market operates 24
hours a day, but is often divided into major overlapping “sessions” based on regional ac-
tivity: Tokyo (Asian session): 00:00-09:00 GMT, London (European session): 07:00-16:00
GMT and New York (North American session): 12:00-21:00 GMT. The overlaps between
sessions create the most active periods (e.g., London-New York overlap). Therefore, the
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nine-hour period was selected as it aligns with the standard duration of a typical day

trading session.

4.2.1. Action Space (A)

Using the provided visual input, the agent selects an action, which is the proportion of its
bankroll to allocate to a long or short position. The environment then transitions to the
next time step, revealing the actual price movement over the next hour and calculating
the reward based on the accuracy and magnitude of the position taken.

The agent’s action space is continuous, ranging from -1.0 to +1.0, where:

e +1.0 denotes a fully long position (buying the asset and therefore 100% of the
bankroll invested in expectation of price increase),

e -1.0 denotes a fully short position (buying the asset and therefore 100% of the
bankroll invested in expectation of price decrease),

e 0.0 denotes a neutral stance (no capital allocated to a position).

4.2.2. State Space (S)

Each state presented to the agent is a grayscale image representing the asset’s price
chart over the last nine hours. The image is the sole input for decision-making, making
the learning task one of visual interpretation. To extract meaningful features from these
images, the agent is equipped with a CV module, in this case, a CNN, which translates raw

pixels into latent representations. These representations inform the RL policy’s decisions.

4.2.3. Reward Function (R)

The reward r; at step t is computed as:
re = a; X return, (4.1)

where:

e a; € [—1,1] is the action taken (proportion of bankroll allocated),

. . . Pi1—P
e return, is the asset’s return over the next time interval, defined as %tt.

This structure ensures that the reward is proportional to the agent’s exposure: large,
correct bets yield high rewards, while incorrect bets result in negative rewards. No reward

is given for staying out of the market (i.e., a; = 0).

4.3. System Setup
This chapter presents the design and structure of the full system developed to address

the trading game described earlier. The objective of the system is to construct an end-to-
end pipeline that learns to make decisions based solely on historical chart images of the
EUR/USD exchange rate.

The system begins by transforming raw price data at a minute frequency into a large
set of rolling 9-hour price chart images, each labelled with the return in the subsequent
hour. These image-return pairs form the basis for two core learning tasks:
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(1) Pre-training a CNN to predict the direction (up/down) of the next-hour return
based on the past 9-hour chart.

(2) Training a RL agent that uses the previous CNN to guide dynamic capital allo-
cation decisions with the objective of maximizing long-term profit.

The system’s ultimate goal is to simulate a self-adaptive, vision-driven agent that can
operate under realistic conditions and continually improve its performance over time.

The system is composed of three interconnected and interdependent modules. The
Data Preparation subsection is responsible for the collection, transformation, and format-
ting of financial time series into visual and structured datasets. The CV module contains
the CNN model, which is pre-trained to interpret images and recognize whether a price
increase or decrease is likely in the hour ahead. Finally, the RL module houses the agent,
which integrates visual inputs from the CNN and outputs actions.

Each of the three subsections is tightly coupled with the others in a modular but
sequential pipeline. The data preparation module outputs the essential inputs (images
and returns) that feed both the CNN and RL training stages. The CV module produces
a CNN pre-trained for feature extraction, speeding up RL training, as the model does not
need to be trained from scratch [26]. The RL module uses both the data and the CNN. It
continues training the CNN end-to-end to align feature extraction more closely with the
agent’s goals.

In this setup, represented in Figure 4.1, the CNN acts as a bridge between perception
(chart interpretation) and action (capital allocation), learning features that are optimized

not just for classification but ultimately for a long-term goal.

1. Data Preparation 2. Computer Vision Module 3. Reinforcement Learning Module

Raw Price Data
(Minute Frequency)

____________________________________________________

RL Agent
(Policy Learning)

P——

CNN Pre-Training
(Binary
Classification)

Action: Bankroll
_— Allocati
ocation
Chart Image Metadata CNN as Feature
Generation (Return Labels) Extractor Reward Feedback
\. _/ (+ CNN

Fine-Tuning)

FIGURE 4.1. System setup diagram.

The first step in assembling the system involves the acquisition and preprocessing of

historical price data. The following operations define the Data Preparation module:

e Data collection: minute-level price data for the EUR/USD currency pair is col-
lected, covering a period of approximately 25 years, starting from the year 2000.

e Image generation: from this time series, a rolling window of 9 hours is applied to
generate a set of line chart images (e.g. we collect prices from 00:00 to 09:00, with
this data we generate an image, after this we advance one hour and collect prices
between 01:00 and 10:00. The process is repeated until the dataset is exhausted).
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e Metadata and labelling: alongside image generation, a metadata dataset is col-
lected, where each entry corresponds to one image and includes timestamp infor-
mation, the return of the next hour, the number of observations within both the
9-hour window and the following hour window. The return serves as the label

for supervised learning and the reward signal for RL.

This dataset forms the foundation for both the pre-training of the CNN and the
training of the RL agent.

The Computer Vision component of the system focuses on equipping the agent with the
ability to extract features from chart images. This is achieved through a CNN. The CNN
is trained in a binary classification task where it predicts whether the return following
a given image is positive or negative. It passes images through convolutional and fully
connected layers that extract features and generate predictions. The training uses the
binary cross-entropy loss with logits, adjusted for class imbalance, and updates model
parameters with the Adam optimizer through backpropagation. Performance is tracked
with accuracy and F1 score on training and validation sets, and the best model is saved
when validation results improve. The primary goal of this module is not to produce a
final decision-making model, but rather to pre-train a CNN that can serve as a feature
extractor for RL.

The Reinforcement Learning module implements the full decision-making agent that

learns to allocate a bankroll over time. Its structure includes:

e Image processing: each time step provides the agent with an image of the last
9 hours of trading. This image is passed through the pre-trained CNN, which
transforms it into a lower-dimensional feature vector.

e Policy learning: the extracted features are fed into an RL agent, which maps
these inputs to an action: a real-valued allocation a; € [—1, 1], indicating what
percentage of its bankroll to go short (-1.0) or long (+1.0) on the asset.

e Reward signal: the agent receives a reward proportional to the return of the asset
in the next hour, scaled by its investment allocation. Over time, the agent learns
to maximize its total cumulative return.

e CNN fine-tuning: during the training of the RL agent, the CNN is further trained
(fine-tuned) through backpropagation. This allows the system to refine the visual

features it extracts in a way that directly supports RL performance.

4.4. Data Collection and Preparation

This section outlines the methodology for collecting and preparing the data required to

train and evaluate the trading agent.

4.4.1. Data Requirements

The primary objective of this stage was to obtain a 1-minute frequency historical time
series for the EUR/USD FX pair. Data was gathered from two distinct sources. The
first, Histdata.com [56], is a publicly available dataset that contains long historical series
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of FX price data, including open, high, low, and close prices at 1-minute intervals. It
was chosen as the main training data source because it offers over 20 years of continuous
data, enabling the construction of large datasets necessary for training deep RL agents.
The second, is the Bloomberg Terminal. Bloomberg [57] is a widely renowned source of
financial data. It is considered more reliable, with rigorous quality controls and consistent
data handling. However, Bloomberg imposes constraints that limit the extraction of 1-
minute frequency data to less than a year at a time, making it impractical for constructing
large training datasets. Therefore, Bloomberg data was used for testing and validation,

ensuring that model evaluation is carried out on a high-quality dataset.

4.4.2. Reliability Considerations

The free data from Histdata does come with potential limitations. In some rare cases, gaps
in data (e.g., missing minutes) are observed, due to data collection limitations. However,
the dataset is still realistic and does not contain fabricated or anomalous price data.
These small and rare imperfections are acceptable for training purposes because the sheer
volume of data mitigates the impact of occasional gaps.

The test data, sourced from Bloomberg, provides the reliability needed for robust
evaluation. Testing exclusively on high-quality data ensures that final performance metrics

accurately reflect the agent’s ability to operate under real conditions.

4.4.3. Data Transformation Process

The raw 1-minute EUR/USD time series data was transformed into a dataset usable by
both the CV module and the RL agent. This transformation consisted of the following
steps:

(1) Construction of rolling 9-hour windows
The input to the agent was defined as rolling windows of 9 hours, corresponding to
540 consecutive 1-minute observations. These windows were designed to give the
model sufficient context about recent market dynamics, as they represent what
is usually considered a "trading session” as explained in 4.2. The window then
advances by one hour, creating overlapping sequences and significantly increasing
the number of samples available for training.

(2) Criteria for inclusion and exclusion
Not all 9-hour windows were retained. To be considered valid, a window must
contain at least 8 and a half hours of data, which corresponds to 510 observations.
Windows spanning market closures (e.g., weekends or holidays) were discarded.
This avoids exposing the agent to gap risk (3.1), where prices jump sharply
between the close and re-opening of markets. Finally, any window that did not
have the full subsequent hour of data available was excluded because the next-
hour return could not be computed.

(3) Metadata file generation
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A metadata file was generated as the central catalogue linking the chart images
generated to their labels and associated timestamps. This metadata file contained
the following main features (among others):

e 1mage_path: Path to the chart image generated for the 9-hour window.

e start_time: Timestamp at the beginning of the 9-hour period.

e end_time: Timestamp marking the end of the 9-hour period.

e return_next_hour: The price return of the EUR/USD pair in the hour im-

mediately following the 9-hour window.

This metadata file ensures traceability and allows the same dataset to be used
consistently across the different stages of the pipeline.
Image generation
Each 9-hour window was visualized as a chart image (Figure 4.2), closely resem-
bling the types of charts human traders typically use for technical analysis. These
images capture the temporal evolution of price movements in a high-dimensional
visual format. Each image is uniquely named and stored in a designated folder,
with its location indexed in the metadata file.
Collection of the following hour return
For each 9-hour window, the return of the following hour was computed. This
value serves two purposes: as the label for supervised training of the CNN, which
predicts whether the next-hour return will be positive or negative; as the reward
signal for the RL agent, which is rewarded proportionally to the return generated
by its actions. The final dataset consists of a large set of chart images representing
rolling 9-hour periods and a metadata file linking each image to its timestamps

and the next-hour return label.

FiGURE 4.2. Example chart image generated.



It is relevant to mention that despite data being collected from 1999, the lack of
liquidity in the early years of the pair, led to gaps in the data, which made us exclude the
first four years from the dataset, keeping only data from 2003 onwards.

The structured dataset described forms the basis for the CV Module and RL. Module
that follow.

4.5. Computer Vision Module

The CV module leverages a CNN to extract features from chart images, which serve as
inputs to the RL agent. CNNs are particularly effective at identifying hierarchical patterns
in images and can autonomously learn the most relevant features, including in financial
data charts [10]. By integrating CV into the pipeline, we allow the agent to provide a
compact, high-dimensional feature representation for RL.

The CNN is pre-trained before being integrated into the RL agent for two principal
reasons. First, pre-training enhances learning efficiency. Training the CNN from scratch
in parallel with the RL agent requires simultaneous optimisation of both the perception
component and the decision-making component, which can slow convergence. Second, it
provides a strong foundation for the RL process. By initiating with a CNN that already
possesses an understanding of chart structures, the RL agent is initiated with a bias
towards correct actions, avoiding the need to learn from scratch and possibly avoiding
local optima.

Once integrated, the CNN is further fine-tuned during RL training, enabling the model
to adapt its feature extraction in a way that maximizes performance.

The architecture implemented is referred to as the Nature CNN [58], and is used as
the base feature extractor by the Stable Baselines library [59]. We chose this network for
three main reasons. First, due to its proven effectiveness in RL, as it has been shown to
perform well in various applications. Second, using a recognized architecture facilitates
reproductibility and allows for an easier comparison with other systems. Finally, as it is
used as the base implementation of the Stable Baselines library, it facilitates integration.

The network’s architecture is represented in Figure 4.3. The following is a high-level

overview of the architecture:

e Input: grayscale chart image of fixed dimensions corresponding to 9-hour window.

e Encoder: consists of three convolutional layers. The first convolutional layer uses
32 filters with 8 x 8 kernel size and stride 4, followed by ReLU activation. The
second convolutional layer uses 64 filters with 4 x 4 kernel size and stride 2,
followed by ReL.U activation. The third convolutional layer uses 64 filters with 3
x 3 kernel size and stride 1, followed by ReLU activation. The output from the
last convolution is flattened and then passed through a fully connected layer to
yield a final feature vector.

e (Classification head: during pre-training, a separate classifier head processes the
encoder’s output. The encoder’s feature vector is passed through a single linear
output layer (feature dimension — 1), producing the logit for binary classification.
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FIGURE 4.3. CNN architecture.

The head is discarded during RL, leaving the encoder as a standalone feature extractor.
The architecture is intentionally modular, allowing the feature extractor portion (up to
the final dense layers) to be reused within the RL agent.

A classification problem was chosen as the basis for pre-training the CNN. Classi-
fication tasks represent the main training paradigm for CNNs, providing a clear and
interpretable loss function that supports stable optimisation. In this context, the task
will involve predicting whether the next-hour return will be positive or negative, effec-
tively allowing the CNN to learn features associated with upward and downward price
movements (similar to Jiang et al. [10]). These learned features are directly relevant
to the objectives of the RL module. By contrast, applying an alternative pre-training
objective (for example, predicting the volatility of the price depicted in the input image),
could still yield meaningful features, but these would not be explicitly aligned with the
RL module’s goal.

An important design choice was whether to train the CNN using only information
already available in the images (e.g. identifying if the price goes up or down within the
image window itself) or to use a predictive challenge (predicting the next-hour return).
The second approach was selected because it directly aligns the CNN’s learning objec-
tive with the ultimate aim of the entire setup, producing features more relevant to RL
decision-making. It encourages the extraction of forward-looking features and increases
the utility of the pre-training stage by embedding a predictive element from the start.
This approach is inherently more challenging, since it requires the CNN to generalise be-
yond the information available in the input window. Additionally, it may introduce noise
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when next-hour returns are influenced by factors not visible in the image (which they will
most likely be). Nevertheless, the advantages of directly aligning both modules outweigh
the limitations associated with increasing task complexity.

After pre-training, the CNN integrates into the RL framework as follows:

e Feature extraction: for each time step, the CNN processes the current 9-hour
chart image and outputs a feature vector representing the image/state.

e Policy learning: these features are fed into the RL agent, which maps them to
an action.

e Fine-tuning: during RL training, the CNN’s parameters continue to be updated,
aligning the extracted features more closely with those that maximize cumulative

rewards.

This dual-phase training strategy ensures the CNN is both generalized through pre-
training and specialized through RL fine-tuning.

4.6. Convolutional Neural Network Training

To train the CNN described in Section 4.5, we employ the PyTorch library [60], a widely
used deep learning framework. As there is the possibility of encountering class imbalance
(e.g. training set contains a long EUR/USD up/down trend), we mitigate majority-class
bias by making use of a weighted binary cross-entropy loss function [61]. This function
re-weights positive and negative instances to equalize their effective contribution to the
loss. Optimization proceeds by minimizing the defined loss function. Model selection is
performed on a held-out validation set using the macro Fl-score [62] [63] metric. This
ensures that both classes contribute equally to the overall metric.

The model is trained for 50 epochs. The evolution of performance can be seen in
Figure 4.4.

Throughout the 50 epochs, training performance increases steadily whilst validation
performance displays noisy improvement. Training accuracy increases consistently from
49.70% in epoch 1 to 83.89% in epoch 50. Validation accuracy varies in a range between
46.32% and 53.44%. The validation F1-Score starts at a minimum of 0.3177 and achieves a
maximum of 0.5131, at epoch 45. The checkpoint retained as the final model corresponds
to epoch 45, since it achieved the highest F1-Score. This epoch has a training accuracy of
78.99% and a validation accuracy of 51.58%. The evolution of training metrics point to
the model overfitting to the training data, which is normal given the small subset of data
employed (around 5.000 images). This was disregarded as a minor concern, since model
achieves the objective of pre-training for RL, and will be subsequently fine-tuned.

These results indicate a modest predictive signal in the chart images for subsequent
returns, in line with the results found by Jiang et al. [10], in our case, for the FX market.
Consistent with the competitive and stochastic nature of financial markets, the objective
is not a high absolute accuracy, but rather a reliable edge over a 50-50 baseline.
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FIGURE 4.4. CNN training metrics over 50 epochs.

4.7. Reinforcement Learning Agent

RL reframes training as an agent interacting with an environment rather than fitting a
static input-target mapping. In supervised learning we minimize a loss against ground-
truth labels that are assumed i.i.d., and by contrast, our agent receives observations
sequentially, chooses actions, and is judged only through returns routed back as rewards.
Credit assignment is therefore temporal, not instantaneous, and the data distribution is
non-stationary because it depends on the current policy [1].

To train an RL agent, we must first have an environment with which it can interact.
There are classic environments built to "plug and play” with RL models. In our case,
since we are implementing the algorithm within our ”own game”, we must build a custom
environment with which the agent can interact. This environment was built using the
Stable Baselines library [64].

In our environment, each episode corresponds to a trading week, defined as four 24-
hour days plus one 21-hour session, starting at midnight in Tokyo and ending at 21:00
in New York, as explained in Section 4.2. This results in a total of 117 timesteps per
episode. Observations are single-channel 128 x 128 images normalized to [0, 1]. Actions
live in a continuous one-dimensional interval, with action (a;) space within [—1, 1], which
we interpret as proportional exposure from fully short (-1) to fully long (4+1). At each
step we read the dataset’s realized percentage return r;; the reward is then calculated as
a; x 1y, and the portfolio value is compounded via V; + 1 = V;(1+a,r;). Episodes reset the
bankroll to 100 ”points”, which makes episode returns directly comparable across runs.

We chose to use the SAC algorithm [65], as it handles continuous actions naturally and
includes entropy regularization, which encourages exploration without manual schedules,
facilitating the task at hand. SAC’s loss function is described in Section 3.3.
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Despite scheduling auto-sufficiency, SAC requires other hyperparameters. Gamma ()
is the reward discount factor, and higher gamma values are associated with less discounts
for further out timesteps. The lower the gamma value, the greedier the agent becomes,
becoming "myopic”. In our case, this would mean a maximisation of shorter term rewards,
with less consideration for long-run Profit and Loss (PnL), this can make the model too
greedy and cause large drawdowns (declines in value) due to excessive risk exposure (very
high portfolio allocations). On the other hand, for the model to be able to learn good
actions, we must guide it using short-term rewards, meaning there is a balance to be found
between exploration and exploitation. We set v (gamma) = 0.995, which discounts slowly
within a 117-step episode: ''7 = 0.556. This preserves a strong incentive to optimize
later-in-week outcomes while still attempting to guide the model with nearer rewards.

Target entropy sets the desired randomness of the policy. SAC’s temperature («)
is tuned to hit the desired target, therefore this hyperparameter directly controls the
exploration-exploitation trade-off. Higher (less negative) target entropy raises «, result-
ing in broader exploration but potentially slower and noisier convergence. Lower (more
negative) target entropy lowers «, producing greedier actions that can speed up learn-
ing but risk premature convergence. The target entropy was set to -0.5 (default is -1),
encouraging a slightly higher exploration.

The learning rate controls how big each parameter update is. Higher values speed
up learning but risk unstable critics/actors, especially with noisy returns, as in our case.
Lower values make training steadier and reduce overshooting, but can slow convergence or

4 which is a conservative

get stuck in suboptimal policies. We chose a learning rate of le™
choice but necessary due to the highly random nature of our rewards, as observed in the
CNN training (slightly above 50% accuracy).

The batch size is the number of samples (state-action-reward transitions) used in
a single gradient update during training. Larger batches reduce gradient noise (better
signal), while smaller batches add noise that can act as regularization. We chose a batch
size of 64, typically considered small, which is paired with a conservative learning rate.

Rewards are normalized and clipped (limited to [—5,5]), and this helps reduce the
impact of outliers and makes training more stable. This is particularly important for our
environment since financial market returns are known for their Student-t distributions [66],
which are often largely heavy-tailed. Clipping prevents extreme returns from dominating
critic targets and destabilizing the policy. Observations are left unnormalized since images
are already scaled [0, 1].

Reproducibility is addressed on multiple levels. We fix a global seed, seed NumPy
[67], define Python’s random [68], PyTorch [69] and Stable Baselines’ [64] utilities, and
configure cuDNN [70] for determinism. We also seed the environment creation so that
episode start indices are replicable under identical conditions.

The total training runs are constrained by how many full weeks of training we can

extract from the data and by computational restraints. With 97.556 (image, return) pairs
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in the training dataset and episodes formed as strictly consecutive sequences of length
117, the number of possible starting points is 97.439. If we were to advance the start by
a single observation each time, the entire training would take 97.439 % 117 = 11.400.363
timesteps, which is infeasible. To reduce this, while keeping the coverage across the
dataset, we divide the possible starting indexes by a fifth: 117/5 = 23.4. Advancing one
episode every 23 observations reduces the total number of timesteps by a factor of 23,
leaving us with 11.400.363/23 =~ 495.668 timesteps. We round to a clean target of 500.000
timesteps for training.

Checkpointing and normalization statistics are saved alongside the model so that eval-

uation uses the same normalization state as training.
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CHAPTER 5

Results

The following chapter presents the training logs and evaluation of the proposed system.
The discussion of the results presented can be found in Chapter 6. The system described
in Chapter 4 is tested under four different setups to compare how their differences affect

performance. The four setups are:

(1) CNN Pre-training + RL Fine-Tuning (Baseline): this setup matches the system
described so far, where the CNN is pre-trained before being integrated with the
RL model and fine-tuned as a feature extractor. From this point onwards it is
considered as the baseline for comparison with other setups.

(2) RL Training (no Pre-training): the second setup does not apply the pre-trained
CNN weights and instead aims to train the feature extractor alongside the RL
networks from the start. This corresponds to the original SAC implementation
in the Stable Baselines library [65]. It serves as a comparison to measure the
impact of pre-training.

(3) CNN Pre-training + RL with Frozen Encoder: this setup employs the pre-trained
CNN weights, however it freezes the feature extractor and only updates the SAC
networks during training (does not backpropagate loss to the CNN). It measures
the impact of fine-tuning the CNN within the RL model.

(4) CNN Pre-training + RL Fine-Tuning with balanced training dataset: in the final
setup, the training dataset is balanced through undersampling, with the number
of positive and negative return samples being equal (similar categories to the
CNN training). Since a bias might arise from the training set, balancing it might

help the model output a more even performance across the action space.

5.1. Reinforcement Learning Training Metrics

As mentioned in Section 4.7, the model is trained for a total of 500.000 timesteps.
Throughout training, we collect metrics to assess model convergence. The collected met-
rics include: mean reward per episode, critic loss, actor loss, entropy coefficient and
entropy coefficient loss.

The mean reward per episode represents the average cumulative reward obtained per
episode. The value is computed internally by the Stable Baselines package, using a rolling
window that aggregates returns for the last 100 episodes, thereby providing a direct
indicator of learning progress.

The critic loss reflects the difference between the predicted state-action values pro-
duced by the critic network and the target values estimated from bootstrapped returns.
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A lower loss indicates that the value function is accurately approximating the expected
returns, while higher/diverging values suggest instability in training or poor estimates. A
healthy training progress will converge toward lower losses, with occasional small spikes
reflecting network updates.

The actor loss indicates how well the policy network is optimizing its action selection
to maximize expected rewards. A converging loss generally indicates that the network is
producing good actions, aligning with the gradients of the objective, while instability in
this loss points to difficulties in balancing exploration, reward scaling, or value estimation
during training.

The entropy coefficient regulates the trade-off between reward maximization and policy
entropy, encouraging exploration by preventing the policy from collapsing too quickly
to deterministic actions. The associated loss value reflects how the coefficient is being
adapted during training. Higher absolute losses indicate stronger updates to maintain
the target entropy and lower values suggest that the coefficient has stabilized as the

policy approaches the desired balance between exploration and exploitation.

5.1.1. CNN Pre-training + RL Fine-Tuning (Baseline)
Figures 5.1 to 5.5 represent the evolution of each collected metric throughout the 500.000

timestep training of the baseline model.

Figure 5.1 demonstrates that the agent’s performance stabilizes with positive cumula-
tive rewards from the 100.000 step onwards. Performance converges to rewards between
+0.01 and 40.02.
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FiGUuRE 5.1. Episode reward mean evolution in training - CNN Pre-
training + RL Fine-Tuning (Baseline).

Figure 5.2 shows the agent’s critic loss stabilizing over time. The loss policy takes
about 5.000 timesteps to converge towards values close to zero. After this, it shows small
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spikes in the loss, which is positive, as it means that the model is still learning and has
not stalled.

critic_loss
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F1GURE 5.2. Critic loss evolution in training - CNN Pre-training + RL
Fine-Tuning (Baseline).

Figure 5.3 displays unstable losses in the actor network for the first 100.000 timesteps,

but stabilizes onwards.
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FIGURE 5.3. Actor loss evolution in training - CNN Pre-training + RL
Fine-Tuning (Baseline).

Figure 5.4 and Figure 5.5 demonstrate that the entropy coefficient converges to values

close to zero and losses stabilize within a short range [—2, 2].

5.1.2. RL Training (no Pre-training)

In

the second setup the agent is initialized without the pre-trained weights. Figure 5.6

demonstrates that the rewards for this setup fail to stabilize. Rewards range between

-0.001 and +0.001 throughout most of the training period. This is the only setup where

the agent’s performance does not converge towards positive rewards.
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FIGURE 5.5. Entropy coefficient loss evolution in training - CNN Pre-
training + RL Fine-Tuning (Baseline).

5.1.3. CNN Pre-training + RL with Frozen Encoder

For the third setup, Figure 5.7 shows the agent’s performance improving throughout
training, terminating at the +0.015 reward mark. This setup takes longer to converge
towards the +0.01 reward mark than the baseline. Figure 5.1 demonstrates the first setup
achieving this level from the 100.000 timestep onwards, whereas this setup only achieves
it at the 400.000 timestep.

5.1.4. CNN Pre-training + RL with Balanced Training Dataset

Finally, for the last setup, Figure 5.8 demonstrates the agent’s performance improving
throughout training, consistently within the range +0.015 to +0.02 from the 300.000
timestep onwards. This setup converges before the first 100.000 timesteps, being the
fastest to do so. It also maintains a range between +0.015 and +0.02 from the 350.000
timestep onwards, being the only one that is able to achieve this level. Therefore, this
model becomes the most promising one for evaluation.
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FIGURE 5.6. Episode reward mean evolution in training - RL Training (no
Pre-training).
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FIiGURE 5.7. Episode reward mean evolution in training - CNN Pre-
training + RL with Frozen Encoder.

5.2. System Performance

From the training logs gathered in Section 5.1, we can move on to the evaluation of the
models developed on the test set, and assess their real-world performance.

Our test set contains data from 16 July 2024 until 28 July 2025, with a total of
6.415 image-return pairs. The model and normalization statistics saved after training
(as mentioned in Section 5.2) are employed to generate predictions. These are generated
in a sequential order to maintain the correct timeline and sequence of events. During
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FIGURE 5.8. Episode reward mean evolution in training - CNN Pre-
training + RL with Balanced Training Dataset.

this process, we collect the actions taken by each agent, the rewards associated and the
cumulative value of the portfolio, considering a start at 100 ”points”.

The price evolution of the EUR/USD pair in the test set is displayed in Figure 5.9.
The pair presents three main trends within the test period. The first, observed between
July 2024 and October 2024, sees the pair rise from 1.09 to 1.12, a modest 2.7% gain.
Following this period, the pair enters a downtrend from 1.12 to a bottom of 1.02 in January
2025. This corresponds to a 9% loss. The third trend, is observed from February 2025 to
July 2025, when the pair rises from 1.02 to a peak of 1.18, a 15.5% gain.
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Ficure 5.9. EUR/USD price evolution in test set.
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5.2.1. RL Training (no Pre-training)

Starting with the only model that does not converge towards a positive expected reward.
The model’s actions collapse towards a fixed value, corresponding to a constant -20%
allocation. This is a common occorrence for RL models that do not converge towards a
positive reward. Since the model is deterministic, as it fails to find a policy that generates
a positive expected reward, it collapses towards a constant action. Due to this occurrance,

we consider the test invalid for evaluation since policy is not realistic.

5.2.2. CNN Pre-training + RL with Frozen Encoder

For the setup with the frozen encoder, the one that takes longer to converge towards
positive reward values (Figure 5.7), we find that the agent adopts large actions on both
sides of the sprectrum (Figure 5.10). We can also see that the model takes more extreme
negative actions than positive ones.

As for performance, it can be seen in Figure 5.11 that the evaluation presents a negative
final return in the test set, corresponding to about 92% of the initial portfolio value. The
model presents a positive performance up until April 2025, this period coincides with the
EUR/USD down trend seen in Figure 5.9.
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F1GURE 5.10. Distribution of actions taken - CNN Pre-training + RL with
Frozen Encoder.

5.2.3. CNN Pre-training + RL Fine-Tuning (Baseline)

For the baseline model, Figure 5.12 demonstrates a more even distribution of actions, with
a slight tilt towards negative allocations (the average action is -9%). Similarly to the setup
with the frozen encoder, the model’s performance is negative in the test set (Figure 5.13),
with the final portfolio value being approximately 97% of the initial value. The model
also displays a positive performance up until April 2025 and deteriorates afterwards.
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FIGURE 5.11. Cumulative portfolio return - CNN Pre-training + RL with
Frozen Encoder.

Distribution of Actions Taken

400

300

Frequency

(3]

[=]

(=]
1

100 4

—1.00 -0.75 —-0.50 —-0.25 0.00 0.25 0.30 0.75 1.00
Action Value

FIGURE 5.12. Distribution of actions taken - CNN Pre-training + RL Fine-
Tuning (Baseline).

Examining further the association between the actions taken and the return at each
timestep, we construct the confusion matrix presented in Figure 5.14. We find that the
model mostly outputs negative actions (58%), whilst most test set returns are actually
positive (54%). This makes the precision high (55%), whilst recall remains low (43%),
using the positive class as target.
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F1GUuRrE 5.13. Cumulative portfolio return - CNN Pre-training + RL Fine-
Tuning (Baseline).
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F1GURE 5.14. Confusion Matrix of actions and returns - CNN Pre-training
+ RL Fine-Tuning (Baseline). The label ">0’ represents the positive class
and '<0’ the negative class.

5.2.4. CNN Pre-training + RL with Balanced Training Dataset

Lastly, we analyse the performance of the model that is trained on a balanced dataset.
This model is the one that converges faster and to the highest reward range in the training
set.
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Although the model is trained on a balanced set, the distribution of actions taken
(presented in Figure 5.15) in the test set is slightly more biased than the one found for

the basline model, with the average allocation standing at -12%.
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F1cURE 5.15. Distribution of actions taken - CNN Pre-training + RL with
Balanced Training Dataset.

Test set performance is the only positive one (shown in Figure 5.16) among the four
agents developed. It presents a constant positive drift with the only large drawdown
appearing in April 2025. The final portfolio value represents a 4% gain in the space of

nearly one year.
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FI1GURE 5.16. Cumulative portfolio return - CNN Pre-training + RL with
Balanced Training Dataset. The label ">0" represents the positive class and
<0’ the negative class.
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Constructing a similar confusion matrix as for the baseline model (Figure 5.17), we
can observe the agent’s bias to output negative actions (61%) in a set where most returns
are positive (54%). Despite predicting the smaller class more often than the larger class,
the agent’s predictions are good enough to have an accuracy that sits just slightly above
50%, at 50.09%.
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F1GURE 5.17. Confusion Matrix of actions and returns - CNN Pre-training
+ RL with Balanced Training Dataset.

Since the model is able to achieve a positive performance despite having a strong bias
towards the least represented class, it is possible to hypothesize that it is effective in
learning about the quality of its own predictions, outputting smaller allocations in lower
conviction states.

To dive deeper into the model’s performance, we construct a detailed confusion matrix,
presented in Figure 5.18. This confusion matrix now separates actions and returns into
four categories. Actions are separated into: under -50%, between -50% and 0%, between
0% and 50%, and over 50%. Returns are separated into: under -0.1%, between -0.1% and
0%, between 0% and 0.1%, and over 0.1%.

Table 1 and Table 2 demonstrate the distributions of actions and returns, according
to our newly constructed categories. Starting with the returns in Table 1, positive returns
have a greater presence of large (over 0.1%) returns (43%), than negative returns (34%).
This implies that positive returns should have a larger impact on the final portfolio value.
For actions in Table 2, the agent tends to ouput larger allocations for negative actions
(43% are over -50% allocations) than for positive ones (31% are over +50% allocations).
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TABLE 1. Detailed distribution of returns - CNN Pre-training + RL with
Balanced Training Dataset.

Returns | Count | % of Class | % of Total
<-0.1% 1015 34.3% 15.8%
<0% 1941 65.7% 30.3%
>0% 1959 56.6% 30.5%
>+0.1% 1500 43.4% 23.4%
<0% 2956 - 46.1%
>0% 3459 - 53.9%
] Total \ 6415 \

TABLE 2. Detailed distribution of actions - CNN Pre-training + RL with
Balanced Training Dataset.

Actions | Count | % of Class | % of Total
<-50% 1679 43.3% 26.2%
<0% 2203 56.7% 34.3%
>0% 1751 69.1% 27.3%
>+50% 782 30.9% 12.2%
<0% 3882 - 60.5%
>0% 2533 - 39.5%
| Total | 6415 |

This suggests that the agent is often more confident in negative allocations than in positive
ones.

To dissect the detailed confusion matrix (presented in Figure 5.18), we will go through
each action category separately. The objective of the continuous action space is to al-
low the agent to discern high expected value states, allocating higher proportions of its
bankroll to these states. To verify whether the agent is learning this, we should identify
better comparative performance for larger allocations in the results.

Starting with negative allocation actions. As mentioned before, these actions represent
roughly 60% of the actions taken. Computing the precision (using negative actions as the
target category), the rate of true positives within the total of positive predictions, we get
a value of 47% (Figure 5.17), which demonstrates that performance is below target for
negative allocations.

Negative allocation buckets and their corresponding return distributions are displayed
in Figure 5.19. Larger negative allocations (dark red) correspond to a higher percentage
of large negative returns and a smaller percentage of large positive returns (represented
in the tail buckets). The distribution of returns for these allocations are balanced in
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FIGURE 5.18. Detailed Confusion Matrix of actions and returns - CNN
Pre-training + RL with Balanced Training Dataset.

the central buckets presented on the bar chart (whilst smaller allocations, in light red,
have a slight negative tilt). The outperformance in positive return territory can also be
visualized on the Kernel Density Estimate (KDE) plot, particularly when returns are
between +0.001 and +0.003. We can see a smaller density for large allocations, in dark
red, compared to smaller allocations in light red.

As for positive allocation actions, they represent 40% of the total actions. Precision,
for this class, is 55%, showing that the performance is positive when the model predicts
this class (Figure 5.17). Positive allocation buckets and their corresponding return distri-
butions are displayed in Figure 5.20. On the bar chart, we find no significant difference in
the tails, with both allocation buckets presenting similar performance. As for the central
buckets, there is a slight outperformance by the smaller allocations bucket (in light green).
This can also be visualized in the KDE plot, where the distribution of smaller allocations

is slightly more skewed to the right.
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CHAPTER 6

Discussion

This chapter contains a detailed discussion of the results found in Chapter 5. By discussing
these results, we seek to answer the research questions posed in Section 1.3.

Regarding the metrics obtained from tracking model convergence in the training set,
we find that three out of the four setups presented converge towards positive rewards.
This is a positive indicator for the capability of this system in finding positive expected
value policies in financial markets, and more specifically the FX market.

The only setup that fails to converge towards a positive reward, is setup number 2.
This is the only setup that does not make use of transfer learning. Therefore, it is the
only one where the CNN is initiated at the same time as the SAC networks. It presents
the challenge of jointly learning perception (feature extraction) and control from scratch,
the difficulty of which is elevated by the nature of the environment, since rewards are
noisy. The CNN'’s features drift as the policy explores, which makes both the critic’s
targets and the actor’s gradient unreliable, increasing sample inneficiency and difficulting
convergence. As a result, the model is unable to find a policy that maximizes the expected
reward, and instead, collapses towards a constant allocation.

This serves as a basis to answer research question number 3: 7Is transfer learning
an effective strategy in improving the RL+CV system?”. Given the gathered evidence, it
becomes clear that transfer learning accelerated the convergence of the system. In our
case, comparing with the baseline model that converged after 100.000 timesteps, transfer
learning accelerated the system’s convergence by at least 5 times. There is, however,
a drawback that must be taken into consideration. The fact that the system is pre-
trained inserts an initial bias into the weights of the CNN that would not be present
in a model that does not use transfer learning. There is evidence of this bias in the
action distribution of setup number 3 (Figure 5.10), where the feature extractor is not
fine-tuned during RL training. The action space presents a bias to more extreme actions,
which can be associated with the pre-training supervised learning problem, where the
model is challenged to learn a binary label classification.

Overall, the use of transfer learning in this system is a positive indicator in terms of
speeding up convergence. However, it should be used carefully, so as to minimize the
introduction of bias into the RL model.

All three other setups converge towards positive rewards. There are two main aspects
that can be taken into consideration when analysing this convergence: the speeed at
which the model converges and the expected reward towards where the model converges.

Setup number 3 (CNN Pre-training + RL with Frozen Encoder), presents the slowest
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convergence, 400.000 steps to the range [+0.01, 40.015]. The second fastest convergence
belongs to setup 1 (baseline), converging after 100.000 steps to the same range. Finally, the
fastest convergence belongs to setup 4 (Baseline with Balanced Training Set), converging
before the 100.000 steps and finishing in the range [+0.015, +0.02].

These metrics point to the importance of fine-tuning the feature extractor alongside
the SAC networks, leading to faster convergence for the two models that do so. This also
serves as positive evidence towards the effectiveness of balancing the training set, since it
allowed the model to converge faster and to higher rewards.

Moving to the evaluation of the models in the test set. Unsurprisingly, we find that the
agent that did not converge in training, failling to find a positive expected value policy,
collapses towards a constant action.

The worst test set performance belongs to agent 3 (CNNPre-training + RL with
Frozen Encoder), which is the one that converged the slowest. This agent attains a final
portfolio value of nearly 92 ”points”, corresponding to an 8% loss. This occurs despite the
average action being a +1.5% allocation (test set has more positive returns than negative
returns), and the accuracy of the model being 50,4%. There are two main reasons that
can justify this performance. First, allocations are more aggressive on the negative actions
side (clearly visible in Figure 5.10), which is the side with the worst performance (it has
a precision of 46%, compared to a precision of 54% when using positives as the target
class). Second, which is related to the first, the effect of large drawdowns when taking
on too much exposure. As the model constantly takes on actions closer to the maximum
exposure (100% of portfolio value), drops in value become larger, impairing the ability to
recover from them (if we lose 1% and then gain 1%, we lose part of the initial value, this
effect is non-linear and is exacerbated by larger exposures [71]). This excessive risk-taking
is reflected in the difference between the maximum and minimum portfolio values in test
set: 106% — 92% = 14% (Figure 5.11). This difference is 6% for the baseline model and
8% for agent 4.

The second best performance in the test set is achieved by the baseline setup. The
agent loses nearly 3% of the initial portfolio value. This can be mostly attributed to the
bias towards negative actions. The agent performs well in the EUR/USD down trend,
but performs poorly in the EUR/USD up trend (Figure 5.9).

Finally, the best performance is found for the agent trained in the balanced dataset.
The agent earns a 4% return in the space of one year, having achieved a test set high at 8%
in March 2025. It presents a large drawdown (-5/6%) in March/April 2025, but a strong
performance in all other time periods. This large drawdown is a common occurance, also
observable in the other two agents’ performance. It can be justified with what came to
be known as ”Liberation Day” [72], when the United States (USD) unveiled very high
tariff rates on all trade partners, including the EU (EUR). This caused a devaluation of
the USD [73], with the EUR/USD pair going from 1.08 to 1.15 in the space of one month

(Figure 5.9). This is an exogenous shock to what the model is able to capture (charts do
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not capture economic news), and reveals the limitations of an approach solely based on
image data.

Despite being trained on a balanced dataset, the agent still presents a bias towards
negative actions. However, it displays a higher comparative quality. Using negative as
the target class, the agent slightly improves the precision metric (46.83% vs. 46.76%).
As for positive class precision, a small edge is also visible (55.07 % vs. 54.87%). These
improvements/slight edges are extremelly important in an environment where a near
50/50 outcome is expected, allowing the agent to consistently ”beat the game” by a small
edge. This outperformance helps answer question 1: “Can a CV-RL combined system
unlock positive performance in a non-drift market?”, as the developed agent is able to
achieve a positive return in the test set.

Examining further the model performance, we compare the quality of the agents’
actions between smaller and larger allocations. The objective of differenciating between
the two types of allocations is understanding whether the continuous action space allows
the agent to learn about the quality of its own predictions, allocating higher shares of
its portfolio to predictions where it has more confidence. An agent that learns about the
quality of its own actions would have a comparatively better performance in large actions
than in small actions. Figure 5.19 demomstrates that this is the case for negative actions,
where there is an outperformance in the tails of the returns, for the larger allocation
actions. However, for positive allocations, in Figure 5.20 there is no visible outperformance
in the tails for the large allocation class. There is even a slight underperformance in the
distributions’ central buckets.

This is in line with the precision values found for negative/positive classes, where the
agent clearly finds an advantage in negative actions. This outperformance is reflected
in the tails, whereas the underperformance for positive actions is found in the centre of
the return’s distribution, having a slighter impact on bankroll growth. This allows us to
answer question 2: "Can the developed agent learn about the quality of its own actions?”.
The results found are inconclusive, as the outperformance found for the negative class is
not visible in the positive class. Therefore, the outperformance of large allocations is not

consistent across the action space.
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CHAPTER 7

Conclusions

This dissertation set out to link visual pattern recognition (CNN) with sequential decision-
making (RL) in a symetric reward environment. The game developed emulates a trader’s
decision-making process in the FX market, known for its noisy and non-stationary price
dynamics. By transforming price windows into images, extracting features from them
with a CNN, and passing those features to a SAC agent that outputs continuous position
sizes, this work tested whether a vision-driven RL agent can allocate a bankroll profitably
without relying on the positive drift found in stock markets. The constructed pipeline
was trained on a nearly 20-year set and assessed out-of-sample, so that conclusions reflect
behavior in realistic conditions.

We compare four configurations of the system: pre-train the CNN and fine-tune all
layers end-to-end, train both CNN and RL jointly from scratch, use a pre-trained CNN
frozen as a fixed feature extractor while training RL and fine-tune both components end-
to-end on a class-balanced dataset.

Across setups, the results were clear on two fronts. First, transfer learning mattered:
training the encoder and then fine-tuning it inside the RL loop sped convergence and raised
reward levels, whereas learning the features from scratch failed to stabilize and collapsed
toward a fixed policy. Second, the approach with the balanced dataset generalized best: it
converged fastest during training and delivered a steady gain of roughly 4% over the one
year test window. This occurred despite a pronounced drawdown in April 2025 during a
tariff-driven dollar move.

Freezing the encoder produced over-aggressive exposures and negative performance,
raising questions regarding possible bias induced by pre-training. The baseline setup
ended slightly down, with a persistent tilt toward negative allocations, whereas the test
set is mostly composed by positive returns.

Taken together, the findings address the research questions posed, although not com-
pletely. A combined CV-RL system can indeed produce positive performance in a non-
drift market, when trained on a balanced set and with a visual encoder both pre-trained
and adapted with the policy. The agent showed partial signs of benefitting from a contin-
uous action space: larger negative allocations aligned with better outcomes in the tails,
but that pattern did not extend to the positive side. Finally, transfer learning was un-
ambiguously helpful in this setting, accelerating learning and improving stability when
compared to training the feature extractor from scratch.

The work’s contributions address the gaps found in the current literature with the use

of continuous action spaces and an application in a symetric reward environment, whilst
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also exploring the use of transfer learning. It extends both academic understanding and
practical advances in automated trading systems.

Important limitations also emerge from the research presented. First, relying on ima-
ges alone leaves the agent blind to macroeconomic events and policy shocks, which ex-
plains part of the drawdown during the April 2025 tariff episode. Second, exposure was
sometimes excessive, underscoring the need for risk-aware learning objectives. Third,
hyperparameterization was not tested, leaving room for further optimizing models and
producing better agents. In line with the lack of hyperparameterization, the use of gamma
scheduling could have been particularly important for optimizing the setup where both
the CNN and the RL model are trained from scratch. Using higher discount rates early in
training would incentivize short-term rewards, leaning the model towards learning states
that lead to positive/negative returns, similarly to what happens in the CNN pre-training.
Later, reducing discount rates would direct the agent towards a more global vision of final
portfolio value optimization.

Future work can expand the state with non-visual signals, reducing blindness to ex-
ogenous events. Optimizing directly for a risk-adjusted reward or adding penalties could
also help improve policy. The use of hyperparameter optimization and gamma scheduling
can help improve agent performance. Broader validation is also needed, therefore testing
across currency pairs and markets would separate idiosyncratic EUR/USD behavior from
a generalizable signal.

Ultimately, this dissertation shows that a vision-driven RL agent can find a small,
persistent edge in a symmetric reward environment. The approach is promising but not
complete: its full potential lies in moving beyond images toward richer, multi-modal

perception and in making risk dynamics explicit in the learning targets.
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