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1 | INTRODUCTION

Building portfolios with multiple risk financial assets has received much attention from academics and investors; however, it is challenging due to
the complex and evolving nature of financial markets. Since Markowitz's initial work on portfolio selection (Markowitz, 1952), many ideas and
techniques for developing investment portfolios have emerged, mainly to address the difficulties of applying the model in practice. For example,
Perold and Sharpe (1988) showed the importance of proper dynamic asset allocation to increase the value of a portfolio and better deal with mar-
ket fluctuations, while Black and Litterman (1990) introduced a Bayesian technique to incorporate investors' subjective views. In the same way,
other techniques have helped to expand the literature, such as the incorporation of constraints in the portfolio weights to reduce the risk in large
portfolios (Jagannathan & Ma, 2003), robust optimization (Titlinci & Koenig, 2004), naive diversification (DeMiguel et al., 2009) and by adding
tail-risk measures (Harvey et al., 2010).

In recent years, the emergence of Machine Learning (ML) as a powerful and disruptive technology that enables computers to learn and predict
financial events using multiple data sources (Kamruzzaman et al., 2024) has gained popularity. As a result, different approaches have been used to
address the construction of portfolios to maximize the distribution of resources using ML, such as implementations built using Deep Learning
(DL) (Ma et al., 2021), Reinforcement Learning (RL) (Syu et al., 2020; Zhang et al., 2020) and different optimization techniques such as particle

Abbreviation: CAC-40, ‘Cotation Assistée en Continu’, representing the 40 largest firms on the Euronext Paris stock exchange.
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swarm optimization (Thakkar & Chaudhari, 2021), genetic algorithms (Cheong et al., 2017), hybrid techniques (Paiva et al., 2019) among others
(Ge et al., 2014 Lai et al., 2020; Li et al., 2017; Perrin & Roncalli, 2020).

Despite the popularity of ML, it is still not widely accepted among financial experts for different reasons. One is the difficulty of selecting a
suitable algorithm with a correct objective function that guarantees efficient and effective performance. Also, it is challenging to test a realistic
environment using back-testing to verify the success of a strategy because the implicit assumption is that the future will behave like the past. In
this way, algorithms will likely learn from high-dimensional datasets where the behaviour of some of the input variables will change or will not be
relevant in the upcoming periods.

Additionally, one of the most significant concerns is the lack of transparency of ML algorithms, which often exhibit black-box behaviour, and
it is difficult to determine which features are the most relevant during the learning process. Knowing the importance of variables can help deci-
sion-makers reform and audit their algorithms when necessary. However, this is not only a concern in the financial system but also in different
areas where making decisions based on results that are not justifiable or explanatory is dangerous, which has generated a growing demand for
transparent ML algorithms from different stakeholders (Barredo Arrieta et al., 2020).

This research intends to display a suitable solution to build an investment strategy using an explainable RL with an attention-layers approach
to creating an investment portfolio of shares listed in the French CAC-40. The primary purpose of this research is to implement a technique that
efficiently allocates financial assets through a continuous learning process showing the main variables considered by the model. The main contri-
bution of this study is the creation of an explainable RL application to be used in forming an investment portfolio. So far, the authors of this
research have not found another paper that covers explanations for RL applications in the creation of portfolios; therefore, our work provides sig-
nificant insights to academics and professionals on how to deal with transparent and explainable ML models.

The study presents a novel approach to integrating RL within the context of the CAC-40. It connects to the efficient and adaptive market
hypotheses by recognizing that financial markets can be unpredictable and change rapidly. Despite these challenges, the research aims to use
explainable RL to find patterns in the market's behaviour. Evidence suggests that stock returns might not be completely random and can show
some predictable trends (Bao et al., 2023; Lo & MacKinlay, 1988). Building on this foundation, we developed an explainable RL model that effi-
ciently explores and creates an optimal portfolio during different periods, and it is validated using an out-of-sample testing period. Specifically, we
build a model that: (i) learns an objective function to build a portfolio that maximizes the earnings, (ii) tests the performance in an out-of-sample
period, and (iii) provides an explainable tool to obtain the importance of each feature in the learning process. The rest of this paper is arranged as
follows: Section 2 presents a background on the construction of portfolios using ML and explainable models. Then, in Section 3, we present the
methodology followed to construct the RL application where the structure of the decision process is described, outlining the structure of
the agent, environment, and attention layer that will help to provide explainability. Next, in Section 4, we show details of the experimentation,
followed by Section 5, where we summarize the results and discuss them. Lastly, in Section 6, we complete the paper with conclusions and a dis-

cussion about future research directions and the limitations of RL agents in creating financial portfolios.

2 | LITERATURE REVIEW

This section reviews RL applied to finance in the first subsection and continues with the review of the concept of explainable artificial intelligence
in the following subsection.

21 | RLinfinance

Novel ML techniques bring significant advantages to analysing complex phenomena by providing new approaches to data modelling, clustering,
and forecasting. They have also been similarly used in finance, which has generated growing interest and literature (Goodell et al., 2021). A sub-
type of ML is DL, with widespread applications in the field of finance; this technique is an eminent portfolio management tool and can be sepa-
rated into two groups. The first approach deals with model-based methods which predict prices but do not deal directly with trading and thus
require another method to execute the trade, which may be based on a system of rules derived from human experience or meta-heuristics. Within
this group, many authors (Heaton et al., 2017; Kamalov, 2020; Ozbayoglu et al., 2020) rely heavily on using Artificial Neural Networks (ANN) to
predict prices. On the other hand, a model-free approach creates a trading strategy without the need for an explicit price prediction process,
where an ANN can create a portfolio vector by mapping variables from the assets (Betancourt & Chen, 2021) and typically uses the RL method to
train the network.

Different authors have used RL in finance to create portfolios and trading systems with widespread acceptance in the financial community
(Millea, 2021; Ozbayoglu et al., 2020). Early work (Moody et al., 1998) showed the feasibility of these techniques by presenting empirical results
in controlled experiments to demonstrate the effectiveness of optimization methods in creating portfolios focusing on a custom Sharpe ratio; also,
in the same manner, different attempts have been applied to automated trading systems using adaptive RL (Dempster & Leemans, 2006;
Dempster & Romahi, 2002).
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Various DL methods allowed researchers to train ANN techniques that enhance the use of RL and the use of popular algorithms such as Pol-
icy Gradients (PG), Advantage Actor-Critic (A2C), and Deep Q-Learning (DQL) (Mnih et al., 2015, 2016; Sutton et al., 1999; Watkins &
Dayan, 1992) have emerged as important advances in the discovery of investment policies in the stock and futures markets (Deng et al., 2017;
Dixon et al., 2020; Moody & Saffell, 2001; Pendharkar & Cusatis, 2018) as well as in the cryptocurrency market (Sattarov et al., 2020) Jeong and
Kim (2019) implemented a DQL RL model to improve financial trading decisions by adjusting the number of shares in the portfolio
and implementing transfer learning to deal with insufficient data and avoid overfitting. Likewise, Zarkias et al. (2019) executed a trading strategy
applying DQL to predict the Euro-Dollar exchange rates using a trailing stop strategy. Similarly, Li et al. (2019) used deep RL to design a trading
strategy by using a Long Short-Term Memory (LSTM) network and extending the use of DQL to Asynchronous Advantage Actor-Critic for better
adaptation to trading market conditions.

Zhang et al. (2020) designed an RL trading strategy testing A2C, DQL, and PG against traditional time-series momentum strategies using a
dataset from 2011 to 2019 on 50 liquid futures contracts, showing that the RL models beat the classical models. Similarly, Yang et al. (2020) cre-
ated an ensemble trading strategy using three based actor-critic algorithms. Brim (2020) utilized a model for trading pairs of cointegrated financial
assets using DQN and double DQN, creating a strategy with positive returns. Additionally, Fenggian and Chao (2020) introduced k-line theory
clustered learning features into the model to characterize candlesticks as a way to generalize price movements over time and then used DL to cre-
ate an online control of the parameters in the environment. In a similar way, Taghian et al. (2022) trained an RL model with candlestick data to
learn trading rules. Similarly, Hirchoua et al. (2021) developed an approach based on a rule-based policy for different agents trading against each
other in a virtual environment.

Recently, some modifications to the RL techniques have been proposed to create financial portfolios; for example, Aboussalah and Lee
(2020) incorporated portfolio constraints and continuous actions on numerous assets into the proposed trading RL framework. Wu et al. (2020)
proposed a trading strategy using PG and DQL methods and recurrent ANN that outperformed other popular strategies. Further research con-
ducted by Betancourt and Chen (2021) created a novel portfolio management solution using RL, with a dynamic number of multiple assets,
attempting to learn the optimal holding in order to minimize the transaction costs. Similarly, Lim et al. (2022) presented a dynamic rebalancing of
portfolios using RL and LSTM networks.

A novel approach was proposed by Théate and Ernst (2021) by training the RL agents on generated artificial trajectories from a partial set of
historical data from the stock market. Another original methodology in the construction of trading RL agents in the stock market is the utilization
of multi-agents to deal with collective intelligence. AbdelKawy et al. (2021) created a multi-stock model based on synchronous multi-agents to
deal with an extensive historical dataset. Meanwhile, Shavandi and Khedmati (2022) developed a multi-agent RL application that is tested on a
historical dataset from an important currency pair, outperforming single agents based on different return and risk performance measures in differ-

ent time frames.

2.2 | Explainable artificial intelligence

Even though ML and RL techniques are expanding in different sectors and disciplines and are gaining popularity in finance due to their strong per-
formance, stakeholders are concerned about the opacity of these methods (Langer et al., 2021). Therefore, to satisfy the need for transparent
models, eXplainable Artificial Intelligence (XAl) has emerged as a flourishing area of multidisciplinary research aimed at creating artificial systems
that humans can read and understand (Dikmen & Burns, 2022).

In previous publications, XAl has been used in finance with an increasing demand from banks and supervisory authorities to guarantee
accountability, fairness, and transparency (Kuiper et al., 2022). In recent work, different ML applications have been developed; for example, Ohana
et al. (2021) applied an ML to analyse stock market crashes, while Sachan et al. (2020) implemented a decision support system that explains the
procedure that determines the approval or rejection of a loan. Likewise, XAl has been applied to explain stock market trend prediction (Mandeep
et al., 2022), auditing (Zhang et al., 2022), credit scoring (El Qadi et al., 2022), money laundry detection (Kute et al., 2021) and other financial appli-
cations (Hoepner et al., 2021).

Despite recent advances in the development of explanatory models for intelligent models, RL has not yet been fully explored in this field
(Krajna et al., 2022), and research has begun to grow due to the current demand and rise of RL as an efficient technique. Heuillet et al. (2021) clas-
sify the latest eXplainable RL (XRL) studies according to the main ideas of Barredo Arrieta et al. (2020), which are presented in two primary
groups: transparent algorithms and post-hoc explainability. The initial group can subsequently be subdivided into three subgroups; hierarchical,
representation and simultaneous learning, while the second group is segmented into interaction data and saliency maps models. In Figure 1 it is
possible to observe the categorization of different XRLs.

Transparent algorithms can be explained by themselves by examining their architecture without applying an external model to understand
their behaviour. By examining the sub-groups, we can see that hierarchical learning involves a high-level agent learning an interpretable represen-
tation of the environment, while a low-level agent splits the main goal into a set of different subgoals and learns which one is optimal. An efficient

approach to filtering which sub-goals have been operated is the Hindsight Experience Replay developed by Andrychowicz et al. (2017), which
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FIGURE 1 The general scheme of the explainable RL is based on the categorization made by Heuillet et al. (2021).

allows RL algorithms to learn policies from sparse rewards efficiently (Fang et al., 2019). In a different way, representation learning uses the expla-
nation of a meaningful low-dimensional representation of the state (Lesort et al., 2018). In contrast, simultaneous learning is based on applying a
method that allows the learning of the policy and the development of explanatory models via casual models (Madumal et al., 2020) and reward
decomposition (Juozapaitis et al., 2019).

Additionally, attention mechanisms are gaining significance due to their ability to provide detailed understanding. Studies such as Amirshahi
and Lahmiri (2023) highlight the effectiveness of hybrid models incorporating attention layers for predicting cryptocurrency prices using an
ensemble of language models to analyse social media sentiment. Similarly, Zhang et al. (2023) proposed an attention-based CNN-BiLSTM hybrid
model for credit risk prediction in real estate enterprises, showing high accuracy. Meanwhile, Gradzki and Woéjcik (2023) has demonstrated that
Transformer neural networks featuring attention mechanisms exhibit predictive prowess in intraday Forex trading, surpassing even the ResNet-
LSTM benchmark models. These converging lines of evidence underscore the utility and versatility of attention mechanisms in financial modelling
and prediction in the financial markets.

Another way to explain a model that is not transparent is by using post-hoc methods and creating a different algorithm for explainability,
which is used after the training and testing of the main model. When investigating the sub-groups, we observe that interaction data allows the
agent to extract characteristics of interest by scrutinizing the history of interactions with the environment, capturing the key features in a given
task (Sequeira & Gervasio, 2020). In the same vein, saliency maps have been created to generate XRL, creating a visual interpretation using a topo-

graphically assembled map to display the importance of each pixel in a given image (Greydanus et al., 2018; Guo et al., 2021).

3 | METHODOLOGY

This work brings together the RL world of the XAl and applies it to the financial field to create an automated trading system. This section will
describe our steps to create our RL model and scrutinize its explanatory properties. First, we will start by presenting the setup, explaining the deci-
sion process by introducing the concept of state, action space, and reward function, followed by the presentation of the agent and its structure
and then continue with the exposition of the attention layers that will be added to the agent to obtain explainability.

3.1 | The decision process

Given that an investor seeks to maximize their profits, under the concept of modern portfolio theory we can see that the expected utility function
(Arrow, 1974; Pratt, 1964) is defined as,

EUWr)]=E

u(wwzn:awt)}, 1)

t=1

where over time T the utility function U has a final wealth function Wt. This framework proposes that an investor's satisfaction or utility from final
wealth is determined not solely by initial wealth W but also by the cumulative changes in wealth §W; across periods. The expectation E encapsu-
lates the probabilistic outcomes of different investment decisions, factoring in the likelihood and impact of potential gains or losses over time. This
approach, emphasizing the trade-off between risk and return, underlines the investor's objective to craft a portfolio that not only aims for the

highest possible returns but also aligns with their risk tolerance.
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In this research we assume that the investor is risk neutral and their utility function is linear since the objective is to maximize the expected

cumulative returns, as shown in Equation (2).

.
E=Y oW, 2)
t=1

Assuming a linear utility function for an investor, particularly under modern portfolio theory and in modern investment approaches (Zhang
et al., 2020), is a theoretical simplification that facilitates the mathematical modelling of investment strategies. Using a linear function means that
the investor is considered risk-neutral. This means that the investor values incremental gains in wealth equally. Risk-neutral investors are aware of
the risks involved, yet they choose not to factor them into their decision-making process at the portfolio construction stage, focusing instead on
maximizing expected returns irrespective of the variance in those returns.

Thus, the objective of the RL in this study is to maximize an investor's wealth by following a sequential or Markov Decision Process (MDP) in
which the agents learn by interacting with an environment at time steps to achieve a goal. At any point in time t, the agent obtains a representa-
tion of the environment denoted as a state s; in a state space S and then takes action a; from the action space A, following a policy z(a;|st).

Because the agent takes action a; in a certain state s, it receives a scalar reward r, and according to the dynamics of the environment, it also
receives the transition to the next state s;;1 for a state transition probability P(s:;1|st,a¢) and a reward function %(s,a). The constant interplay of
the agent with the environment yields a trajectory = ={so,d0,r0,51,01,r1,...,5n,an,I'7]. The goal of the agent is to maximize the expected return at

time t as denoted in the following equation,

n

Gi=>_ 7', 3)

j=t+1

where, y € (0,1] is the discount factor; in this way MDP, can be defined by a tuple (S,.A, P, %,y). Therefore, the RL agent focuses on developing a
maximization ry, thus optimizing the function E(G) is equivalent to optimizing Equation (2), where a given investor maximizes the expected cumu-
lative returns.

To create a reward function & that satisfies and relies on Equation (1), in this research, we calculate the returns by creating a vector g that
represents the shares of assets that an investor has, where its components are symbolized as g; where i € 0,1, ..,n in a specific market with n finan-
cial assets. Each component g; must receive a certain weight w;, representing the proportion of this element in a portfolio. In this way, the

expected returns and reward function can be represented as,
n
Z=Elq,] = Zw,-E[q,-]. (4)
i—1

The action space A is the set of all possible actions and determines how the agent reacts in a given environment, and in this research, we

define an action a; at a given time t as,

a=w:weR,0sw=<1, (5)

where,

ZW,‘Sl‘ (6)

i=1

In this way, the agent is trained to find an optimal w; for each g; component. Since, in the initial stage, the agent has no prior knowledge of
the optimal values of w, these are started randomly. Subsequently, these change according to the agent's training through RL. The modification
of the weights generates an adjustment in the number of shares held in our model, which must be translated into a purchase or sale of assets to
adjust the portfolio within our simulation environment.

Regarding the state space, S can be considered the set that holds all the possible variables in the agent's environment. It is impossible to know
which variables will influence the movement of a certain financial asset. However, in this work, we have created a state space with features other
authors have used in the literature.

3.2 | The agent

The goal of the RL agent is to find an optimal policy = to maximize the reward function &, to achieve this, an ANN can be a function approximator
that outputs a policy zy(at|s:) where the parameters of the function are represented by 6.
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The policy gradients method to update 9 based on rewards uses gradient ascent on the expected cumulative returns of the policy represented
as J(6):

T-1
VoJ(0) =E.|>_ Vologm(at|s:)Ge |- )

t=0

However, this process is not always efficient because the policy update is developed once the episode ends, so a proposed modification to
solve this is the A2C method, which is the synchronous version of the Asynchronous Advantage Actor-Critic algorithm proposed in Mnih et al.
(2016) to update the policy in real-time. This solution relies on two models, one is a network that plays the role of an actor creating a policy that
updates through the output of a critic that estimates the value function in a given state. The A2C method maximizes the objective function by
updating the policy 7y as defined in the following equation:

T-1
VHJ(H) = Er Z Vb‘ IOg”H(atlst)Aadvantage (SrA) . (8)
t=0

The improvement of A2C relies on the addition of an advantage function that is expressed as:

Aadvantage(strAt) =R+ VV(5t+1 ‘W) - V(St ‘W)’ (9)

where, V(s|w) represents a state function with parameters w from the critic network that can be updated by minimizing the temporal difference

error using gradient descent as:
J(0) = (Rt +yV(Sts1|w) — V(St|w))2. (10)

Since the agent must process the information contained in the state space, in this research, we have designed a multi-head LSTM neural net-
work structure to process the information of each asset in a parallel way; by doing this, the data of an asset is processed by a network LSTM inde-
pendent of that of another asset as shown in Figure 2.

The results of each network are concatenated to be then processed by another ANN that will finally give two outputs: the critic's values and
the actor's actions.

The actor's output determines the agent's actions and asset weights, which is why a vector with several elements equal to the number of
assets in the portfolio represents it. These elements comprise the action space expressed in Equation (5) and (6), which go directly to the environ-

ment to perform a buying or selling action.

State space from each asset

e o o

Input 1 Input 2 Input Input n
ST [ — - - - -] - -
v v v v
LSTM 1 LSTM 2 LSTM LSTM n
= = — .
Flatten

l

’» Dense multilayers

Agent Critic

FIGURE 2 General scheme of the agent's architecture.
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3.3 | The environment

After the agent has delivered a series of actions to be taken, these must be tested in an environment that allows financial conditions to be simu-
lated. To achieve a realistic scenario, we have created an environment that enable trading shares in the market by emulating the set of shares
available for transactions.

The environment starts once it receives the sets containing the current state s;, composed of ten elements with four lagging variables. In this
way, we develop S incorporating the different opening, high, low, and closing prices and volume at a given time t. Additionally, we include differ-
ent technical indicators commonly used to predict financial markets. In this paper, we include moving average convergence/divergence (MACD),
relative strength index (RSI), and 14, 21, and 100-day moving averages (MA).

The MA technical indicator can be described as:

Nkt
MA(k):N Z closingpricey, (11)
t=k

where, N stands for the number of data points and k is the lagging period.

RSI=100—100/(1—RS,), (12)

where, RS, is the relationship between the averages of up price movements with the average of down price change in period p.
For the MACD formula, it is first necessary to calculate the Exponential Moving Average (EMA) since it is the difference between the fast and

a slow formula, and it is defined as:
MACD(fast,slow) = EMA¢ast — EMAgon, (13)

EMA; = a”closingprice; + (1 — a) *xEMA;_4, (14)

and a stands for the degree of decrease, calculated as t%l where t is the day of EMA.

Additionally, the environment needs a set of action vectors from the agent a;; this information calculates how much capital should be posi-
tioned in each asset. The weights from this vector are divided over the initial cash amount® and then divided by a purchase price, with a rounded
down to the next lower integer. The simulation environment employs an adaptive pricing model to refine this process further and mitigate the
challenges of executing buy or sell orders within a given trading day. This model strategically selects execution prices within the day's observed
price range, embracing the market's inherent volatility and liquidity constraints. By incorporating a random selection mechanism within a trading
day, the simulation reflects a more realistic scenario where the exact price at which an order is filled cannot be predetermined, thus closely mim-
icking the unpredictability and fluctuations of market conditions. This refined approach tackles the uncertainty associated with trade execution
prices but also aids in preventing overfitted strategies.

Once there is a change in the weightings, the portfolio is readjusted and starts by selling shares if the agent's weight is less than that of the
portfolio, and buying is done if the weighting is increased and there is enough cash because, in this RL application, we do not consider leverage.
Once the simulation is finished, the environment produces the final balance with which the performance will be evaluated.

Once the simulation has started, the agent sends an updated set of portfolio weights, which will rebalance the portfolio if different from the
previous actions. This action implies the simulation of the sale or purchase of assets. If the new weight of a specific asset is greater than the old
one, a purchase must be made. In each step within the simulator, we first sell all the shares that must be readjusted and then buy those necessary
to balance the portfolio according to the agent's actions.

The environment is implemented utilizing the OpenAl Gym interface,? featuring a custom-designed simulation environment tailored explicitly
for the demands of algorithmic trading research. Detailed pseudo-code outlining the operational framework of the trading environment is delin-

eated within the structure of Algorithm 1, illustrating its comprehensive structure and functionality.

3.4 | The attention layer

Due to the great need to understand the variables involved in the decision-making process of different ML algorithms, especially neural networks,
different models have emerged that help show the importance of the different features that have become popular over the years. Within the tax-
onomy of the literature, two large groups of XAl can be identified: transparent algorithms and post-hoc explainability (Barredo Arrieta

et al., 2020). Since our paper intends to provide explainability, and as we opted for an RL which is not transparent by nature (Heuillet et al., 2021)

85UB01 7 SUOWILLIOD SAIIRID 3dedt[dde au Aq pauenob ae Il VO ‘8sN JO Sa|NI Joj AReiqiT 8UlUO /8|1 LD (SUONIPUOD-PUE-SWR)ALI0Y"AB 1M Ale.q U [Uo//:Sty) SUORIPUOD pue sWe L 8u) 89S *[6zZ02/c0/cT] Uo AriqiTauliuo AB|im ‘osned ad elelseAlun edslol(ald Ad 99€T ASXe/TTTT 0T/I0p/Woo A8 |1 Ake.q pul|uo//Sdny wouy pepeojumod ‘TT ‘¥20Z ‘Y6089 T



8 of 23 Wl LEY— Expert Systems ""‘3‘ ' L CORTES ET AL.

ALGORITHM 1 Algorithm of the trading agent in the simulated environment

Require: Actions from the agent
Require: State space
Ensure: Final Balance
1: N — number of assets
2: A — set of actions from the agent
3: Prices « set of actual prices from the assets
4: PW «— set of weights of the assets in the portfolio
5: Commission Rate « 0.005 [> Define the commission rate
6: Balance = S°N, PW; - Prices;
7: Cash = Cash — Balance
8: Total Commissions =0 > Initialize total commissions
9: while Balance >0 do
10: fori=1 to Episodes do

11: if Episode =0 then [> Initial Buy of stocks

12: forj=1to Ndo [> Iteration through the different assets
13: Buy n; shares

14: Commission = n; - Prices;- Commission Rate

15: Cash = Cash — (n; - Prices; + Commission)

16: Total Commissions -+ = Commission

17: Initial portfolio = PW;;" Prices;;

18: Balance = Portfolio + Cash

19: end for

20: else [> Rebalance the portfolio

21: forj=1toNdo [> Iteration through the different assets
22: n;j < number of shares different between A and PW

23: if Aj < PWj; then > Selling phase

24: SELL nj shares

25: Commission = nj; - Prices;; - Commission Rate

26: Cash = Cash + (n; - Prices;; — Commission)

27: Total Commissions + = Commission

28: PW;; =A;

29: else if A; > PWj; and Cash >0 then [> Buying phase
30: BUY n; shares

31 Commission = n; - Prices; - Commission Rate

32: Cash = Cash — (n; - Prices; + Commission)

33: Total Commissions + = Commission

34: PW;; =A; [> Update of the weights

35: else

36: Continue

37: end if

38: end for

39: end if

40: end for

41: end while

42: Final Balance = Z,’Ll PW,*Pricesy + Cash — Commissions [> This value used as Reward

and the implantation of a post-hoc algorithm is impractical due to the intricate configuration of the network, we decided to add an attention layer
to the agent architecture, between the inputs and the LSTM network, as shown in Figure 3.

An attention layer is a vector added to the policy network and helps elucidate each variable's weight and memorize long information concate-
nations. To compute attention att, for each variable k in different time steps, we use a softmax function:
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att, = softmax(FWixk), (15)

where the input feature has a learned weight FW, and x, represents a single variable over time. Afterward, the inputs from the state vector for

each individual share are weighted by the calculated attention vector and go to the LSTM as input y,, where:
Vie=ak (D)X (16)

Multiple studies have used attention layers, especially in computer-assisted decision support (Barredo Arrieta et al., 2020; Kaji et al., 2019).
Figure 3 shows the representation of the addition of an attention layer to the general scheme of the agent previously shown in Figure 2. By
adding this layer, it is possible to obtain the attention vector atty to determine the relevance of each feature before passing the inputs to the
LSTM. The details of the architecture of the ANN, marked as Model architecture | and Il in Figure 2, are shown in full detail in Appendix A in
Figures A1 and A2, respectively.

3.5 | Model overview
Integrating all components, the research we are addressing involves an RL agent whose objective is to maximize expected cumulative returns by

optimizing the action-selection policy within the constraints of the financial market, represented by an MDP. The optimization thus, revolves
around finding a policy z*(at|s;) that maximizes the expected cumulative return, given by:

7y =argmaxE
o

;
> yf@(st,at)|ng} , (17)

t=0

where, y € (0,1] is the discount factor, emphasizing the preference for immediate rewards over future rewards, and T represents the investment
horizon. This formulation starts with a state space S as a comprehensive set of market indicators hypothesized to impact the price and, hence, the
trading decisions, making S a multi-dimensional space.

Then, second, the action space A is formulated as a continuum of portfolio allocations across n assets, where each action a; € A at time t is a
vector of weights (w1,ws,,...,w,) subject to the constraint Z;‘zlw; <1 and 0 <w; =1 for each w;. This represents the proportion of the total portfo-

lio value allocated to each asset.

[ [ [ ’ A ip=m=mmmofomoeo e |
I [ : [ I [ : : Vo Model ;
I 1 | architecture | |
Input 1 Input 2 Input : Input n : SO '
S ey ey S s [ SIS N () ey SIS USSP
i | e i e N
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I
1 I
' T[]
\ . 1 !
| e P — P R p———— [ —— I__ (R e ——— _1 ______ | - '
1 I '
1 ! '
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FIGURE 3 General scheme of the agent's architecture with an attention layer.
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The reward function %(s;,a;) captures the immediate return from taking action a; in state s; and is directly related to the change in portfolio
value 6W; as a result of this action. With the probabilistic nature of moving from one state to another after taking an action of P(st;1[st,at).
Enhancing the model's explainability, attention mechanisms are integrated to identify which features within the state space S predominantly influ-
ence the selection of actions. This aligns with the goal of developing an automated trading system that not only maximizes returns but also
ensures transparency and interpretability, meeting the growing need for XAl in finance.

To summarize, our approach utilizes RL techniques to develop a strategy focused on maximizing expected returns, as detailed in Section 3.1.
This strategy is refined through the interactions between an agent, as outlined in Section 3.2, and a simulated environment, as presented in Sec-
tion 3.3. Furthermore, incorporating attention mechanisms, as described in Section 3.4, enhances the model's ability to discern significant market

features influencing trading decisions.

4 | EXPERIMENTATION

The research utilizes a comprehensive dataset spanning from 3 January 2005, to 31 December 2021, encompassing 4435 observations. The
dataset exhibits a 100% completeness rate, with no missing values across the observation period. The data source is from a global provider of
financial data called Bloomberg. The details of the dataset are shown in Table 1.

Once all the components were assembled and codified, a training process was carried out using 1000 episodes, each comprising a maximum
of 200 steps, and each step was equivalent to 1 day of negotiation. The starting day of each of these episodes was chosen randomly within the
training period. Since it is impossible to know the actual price at which the assets would be bought or sold in the market on a given day due to
uncertain market conditions, a random value between the lowest and highest price of the respective day was taken to calculate the opening and
closing price of the first and last day of the episode, for detailed configurations in this process, refer to Table 2.

Once a sample episode has been taken, it iterates through the trading days, where different states are given to the agent. Once received, the

agent processes them through a neural network where two values are obtained: the score of the actor and the critic. Although these values let

TABLE 1 Summary of the data set.

Stock symbol Mean close price SD (price) Min/max close price Lowest price Highest price

AIR 50.11 34.19 8.47/139.0 8.12 139.40

BNP 52.84 13.13 20.78/91.6 20.08 92.40

OR 143.66 84.34 46.96/429.8 46.00 433.65

TTE 44.42 6.41 21.8/63.05 21.12 63.40

EL 79.53 38.30 26.28/193.36 26.08 195.00

MC 179.36 152.75 35.32/734.7 34.34 741.60

KER 218.29 184.33 28.86/792.1 28.42 798.00

RMS 330.58 294.16 47.73/1675.5 47.03 1678.00

SAN 69.04 13.92 37.71/100.1 35.86 100.55

SuU 60.25 26.96 20.15/173.18 19.42 173.78
TABLE 2 Parameter specifications for the RL model.

Hyperparameter Value Hyperparameter Value

Number of LSTMs 10 Number of common layers 3

Node of LSTMs 32 Number of drop layers 3

Activation of LSTMs Sigmoid Nodes of common layers 250, 125, 250

Activation of common layers LeakyReLU, Sigmoid Values of drop layers 0.99,0.8,0.5

Final layer Softmax Optimizer RMSprop

Learning rate 0.01 Loss function Huber

Initial budget 1,000,000 Commission rate 0.5%

Number of inputs 10 Number of lagged variables 5

Input matrix size 10x 5 Technical analysis variables MACD, RSI

Price variables Open, high, low close, volume Moving averages periods 14, 21, 100
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calculate the agent's performance in creating a profitable portfolio, they also allow calculating the return of a simulated investment in the sampled
period, which will be used to calculate the agent's reward after the episode is finished. The episode's reward is divided by the initial investment,
and then it is added to a running reward, as seen in Equation (18), which will be used for further network backpropagation.

Once the training has finished, the explanatory part of the model is examined to obtain information relevant to the importance of the variable.
This begins by collecting the states of each asset, which are subsequently entered into the explanatory layer to perform a partial extraction of the
model, obtaining the att, values previously described above in Equation (15). Then, using these values from the explanatory layers, we obtain

the softmax activation of a single state, disregarding the lagged variables for this analysis.

running reward = 0.05 - episode reward + (1 —0.05) - running reward. (18)

The environment, agent structure, simulation, and graphs were coded using the Python programming language,® and each neural network
was coded using Keras* and Tensorflow.® The whole implementation was carried out in a Google cloud virtual machine instance and a general
scheme of the training process can be seen in Figure 4.

5 | RESULTS

After training with 1000 episodes, it is possible to see the running reward progressively increasing. In order to test and prove the trading agent's
efficiency, we took an out-of-sample period, where the agent is compared against a benchmark, which we defined as an equally weighted portfo-
lio. Additionally, to compare the performance of our proposed portfolio, we added two additional architectures: one without an attention layer
and another substituting an LSTM layer with a dense layer to assess their impact on the trading strategy's overall performance. Furthermore, to
compare the results for our proposed portfolio further, we incorporated two variants of the Markowitz model: one static version and another that
adjusts positions annually. The first model calculates the portfolio weights at the end of the training period, considering the past earnings and vol-
atility to create a portfolio that will not change until the end of the testing set. The second Markowitz model, however, recalculates the portfolio
weights at the end of each year during the out-of-sample period, using the most recent data to adjust its allocations. This dynamic approach
allows the portfolio to adapt to changes in the market environment and is more realistic in reflecting on how portfolio managers often operate,
continuously reassessing and adjusting their investment strategies to align with current market conditions and outlooks.

The RL agent, specifically the one we propose that utilizes LSTM and Attention mechanisms, displays the best performance as indicated by
its total cumulative return of 66.70%, the lowest standard deviation of 0.0114, the shallowest maximum drawdown of —31.15%, and the highest
Sharpe ratio of 0.98. which achieved a total return of 62.60%, a standard deviation of 0.0117, and a maximum drawdown of —34.72%, as shown
in Table 3. Our proposed RL model not only demonstrates superior risk-adjusted returns but also shows enhanced resilience in market downturns.

As shown in Figure 5, the variations of our RL model also outperform traditional and static portfolio management strategies, such as the Annual

Investment decision taken by
Multihead LSTM ANN with Attention Layer

Agent —
State ; Reward mo(at | s¢)
A A
ag
State 441 Reward ;1
Enviroment |<—
Prices
'Volume. Total Balance Adjust portfolio weights
Technical Indicators Obtain final balance

FIGURE 4 General scheme of the RL training process shown in this paper.
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TABLE 3 Table with the main results from the experimentation in the out-of-sample test.

Portfolio Total return Standard deviation Maximum drawdown Sharpe ratio
RL with LSTM & attention 0.6670 0.0114 —0.3115 0.98
RL with LSTM Only 0.5908 0.0147 —-0.3918 0.76
RL with dense & attention 0.6348 0.0144 —0.3848 0.77
CAC-40 0.3154 0.0129 —0.3855 0.60
Equally weighted 0.6260 0.0117 —0.3472 0.95
Annual rebalanced Markowitz —0.0960 0.0197 —0.5950 —-0.09
Static Markowitz —0.1086 0.0147 —0.4548 -0.12

Portfolio return between years 2018-2022

0.4

% Change

0.0

-0.4 \ VLAt

2019 2020 2021 2022

FIGURE 5 Performance of the agent in an out-of-sample period compared to the benchmark and the CAC-40 index.

Rebalanced Markowitz and Static Markowitz portfolios, which posted negative returns and higher volatility, highlighting the limitations of these
methods in adapting to market fluctuations.

The LSTM Only, without the attention layer, is better than our benchmark, yet it was not as effective as the model incorporating both LSTM
and Attention mechanisms. It secured a total return of 59.08%, slightly higher than the standard deviation of 0.0147, and encountered a deeper
maximum drawdown of —39.18%. Meanwhile, the RL with a dense layer instead of an LSTM performed with a total return of 63.48%, with a stan-
dard deviation of 0.0144, a maximum drawdown of —38.48%, and a Sharpe ratio of 0.77.

The RL models have demonstrated superior performance compared to techniques associated with the Markowitz portfolios. The performance
of the Annual Rebalanced Markowitz and Static Markowitz portfolios during the out-of-sample period reveals significant differences compared to
the other strategies outlined in Table 3. The Annual Rebalanced Markowitz portfolio experienced a negative return of 9.60%, with a standard
deviation of returns at 0.0197, the highest among all portfolios examined, indicating higher volatility and risk. Furthermore, its maximum draw-
down reached —59.50% and a Sharpe ratio of —0.09.

Similarly, the Static Markowitz portfolio also encountered negative performance, with a total return of —10.86%, the lowest among all portfo-
lios examined. Its standard deviation was 0.0147, suggesting a somewhat lower risk profile than the Annual Rebalanced Markowitz portfolio but

still higher than most strategies analysed. The maximum drawdown for the Static Markowitz was —45.48%, and a Sharpe ratio of —0.12.
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To explain the agent's most important variables, we obtain the data of our explanatory layer of attention located between each of the inputs
and each of the networks of LSTM, as shown in Figure 3. In order to obtain this descriptive data, a call was made to the agent's neural network,
where a partial extraction of each of the attention layers was performed using the data chosen as an out-of-sample. The main idea involves know-
ing which state values are the most important in the agent's decision-making process, and we can see that these vary according to the different
assets and time.

The main advantage of mixing a multi-head structure with independent explanatory layers, like the one we presented in this paper, is that it
allows us to extract relevant information from each LSTM independently and discover the critical variables for each asset. Additionally, it should
be noted that the structure of the states given to the agent is three-dimensional because, at each step, each LSTM network is fed with ten vari-
ables together with its lagged values for four episodes, as explained in Section 4. However, in this research, for the purpose of analysing the
explainable values coming from the attention vector atty, we will only consider those values at time t, which we will call Q values. In this way, we
will merely show the importance of the inputs without the lag variables; also, this facilitates the construction of flat two-dimensional schemes that
are easier to analyse visually.

If we analyse the Q values, we can see that not all variables have the same importance in every asset, nor is their importance constant over
time. For example, in the graphs for AIR and BNP in Figure 6, 14-day MA emerges as a significant indicator, reflecting short-term trends and
momentum in pricing; therefore, it is possible to assume that the model captures that this stock is more sensitive to short-term fluctuations
and uses this information to make more informed trading decisions. However, the BNP asset also appears to be affected by a broader spectrum
of moving averages and other technical indicators, suggesting a more complex interplay of factors influencing its price. This complexity indicates
that the RL model identifies simple trend-following strategies and integrates multiple indicators to assess the overall market context and asset-
specific behaviours.

Similarly, the SAN asset considers the 21-day MA more important, followed by the high and closing values, as shown in Figure 7. This sug-
gests a sensitivity to trends extending over 3 weeks. High and closing prices are also notable factors for SAN, indicating that the asset's price

movement within a given day can substantially impact investment decisions.
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FIGURE 6 Graphical representation of Q values and closing prices in the out-of-sample period for (a) AIR, (b) BNP.
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FIGURE 7 Graphical representation of Q values and closing prices in the out-of-sample period for (a) SAN, and (b) OR stock.

Also, we see that certain LSTMs in some assets consider the price and volume of the assets to be more important than the technical analysis
data. For example, in Figure B1, we see SU, MC, and EL, respectively, illustrating that the model gives considerable weight to raw price and vol-
ume data. For EL, by observing the Q values from the given figure, the attention given to the closing price indicates a high value placed on the
final price at which the asset settles at the end of the trading day. Following the closing price, the 21-day MA is also given significant importance,
suggesting that the model values the trends and momentum established over a longer period. This may imply that the asset is influenced by
medium-term trends, which could be representative of market cycles or recurring trading patterns.

In the case of MC, the results indicate an increasing significance of momentum, as measured by the RSI indicator, in the model's decision-
making process. This emphasis on the MSI indicator suggests that the model is progressively utilizing it to identify overbought or oversold condi-
tions as critical decision-making points. For SU, the prominence of volume in the Q values suggests a strong correlation between trading volume
and price movement, which might indicate that volume spikes precede significant price changes. This can be a sign that the model considers mar-
ket momentum and liquidity before making decisions, inferring that, in SU's case, volume is a leading indicator of market activity.

Analysis of Figure B2 further demonstrates the diversity in how the RL model assesses the value of different data types across various assets.
The observed variability in data significance indicates the model's ability to recognize and assign importance to different data points uniquely for
each asset. In the case of the remaining assets, indicators such as KER, RMS, and TTE exhibit distinct patterns of importance, further highlighting
the model's refined grasp of the unique market dynamics associated with each asset. The KER considers the closing price the most critical variable,
while RMS is the 21-period MA. This variation in indicator preference across KER and RMS underscores the RL model's capability to discern and
adapt to the specific market behaviours and trends relevant to each asset. For KER, prioritizing the closing price may indicate a focus on the final
market sentiment at the end of the trading day, which could be a key indicator of the asset's stability or volatility, as is for EL and SU.

On the other hand, RMS's emphasis on the 21-period MA as the most critical variable points to a strategic focus on medium-term trends. This
pattern mirrors observations in SAN, alongside AIR and BNP, which also underscore the importance of medium-term trend indicators, notably
identifying the 14-period MA as crucial. Finally, the TTE suggests a sophisticated combination of volume analysis, momentum tracking, and trend

following, with adaptability to prioritize different indicators as their relevance shifts over time.
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6 | CONCLUSIONS

The main goal of this research paper was to explore how an explainable RL application could create a profitable portfolio in the stock market. It is
appropriate and challenging to determine the most predominant variables considered by an RL agent to assist investors, traders, or stakeholders
in creating investment portfolios. Therefore, we have developed an explainable RL model in line with this goal that has proven to not only build a
stock portfolio effectively with better performance than an equally weighted portfolio but also to show the most relevant features for each asset.

The use of RL can significantly improve the creation of investment portfolios due to its ability to continuously learn and add or remove different
variables throughout its implementation, and it is not only influenced by a fixed set of variables. In addition, adding components that help explain
the RL agent allows for greater confidence and auditing of certain decisions it may have to make over time. With this research, we have filled a gap
in the financial literature by adding an explainable RL agent that can use DL to create portfolios and explain key features simultaneously.

Although our implementation and results propose critical and innovative insights into research and the financial markets, some limitations
remain, as with other impactful research. From a practitioner's perspective, implementing an RL model to predict the stock market is challenging
due to the market's complex nature. Key hurdles to implementing a trading strategy based on our model include handling vast amounts of data,
the computational resources needed for real-time processing, dealing with regulatory obligations, and due diligence processes.

Additionally, the market's unpredictability, driven by factors beyond historical data, can make outcomes uncertain. Despite these difficulties, the
potential benefits of optimized trading strategies make it a compelling venture for those in the field. However, we believe that the limitations that
emerge from this work may benefit future research lines. First, our research only focuses on ten stocks in a specific market, such as the CAC-40; how-
ever, this exploration can be extended to different markets and regions, further expanding the capacity to create and diversify investment portfolios.

Second, our research has a limited exploration of the input variables taken by the agent and does not conduct an exhaustive review with mul-
tiple inputs that could affect the creation of an investment portfolio. The main advantage of ML and RF models is that numerous variables and a
significant amount of data can be used. This flexibility also allows it to be extended to be used in Big Data applications, which utilize asset price
data and other variables, such as financial market, macroeconomic, or alternative data. Finally, future research can validate our work by applying it
to different markets in different periods; however, the application of attention-layered RL to explain the importance of variables in a financial RL
application also offers a promising direction in future research.

Third, the implementation shown in this paper is primarily tailored for the risk-neutral investor and does not consider other types of investors,
such as risk-averse investors. Therefore, future research can consider integrating various risk measures and preferences into the RL model to cater

to different investor profiles by adjusting the reward structure to account for the degree of risk aversion and incorporating risk metrics.
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This appendix shows the detailed structures for model architecture | and Il, shown in Figure 3. These images are part of the graphical representa-

tion of the ANN model created by in Python by the Keras library.

FIGURE A1
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General scheme of the agent's architecture with an attention layer.
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FIGURE A2 General scheme of the agent's architecture with an attention layer.
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APPENDIX B

This appendix shows the graphs that display Q values and closing prices in the out-of-sample period that are not shown in the previous Section 5.

The graphs are for the assets EL, MC, SU, KER, RMS, and TTE.
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FIGURE B1 Graphical representation of Q values and closing prices in the out-of-sample period for (a) EL (b) MC, and (c) SU stock.
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FIGURE B2 Graphical representation of Q values and closing prices in the out-of-sample period for (a) KER (b) RMS, and (c) TTE stock.
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