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ARTICLE INFO ABSTRACT
Received :29 - 09— 2022 One of the most interesting topics for research and also for making a profit
Revised  :20-11-2022 is stock trading. Artificial intelligence has had a great impact on this path.
Published :31-12 2022 A lot of research has been done to investigate the application of machine

learning, and deep learning methods in stock trading. Despite the large
amount of research done in the field of prediction and automation trading,
stock trading as a deep reinforcement-learning problem remains an open
research area. The progress of reinforcement learning as well as the
intrinsic properties of reinforcement learning make it a suitable method for
market trading in theory. In this paper, single stock trading models are
presented based on the fine-tuned state-of-the-art deep reinforcement
learning algorithms (Deep Deterministic Policy Gradient (DDPG) and

Keywords: Advantage Actor Critic (A2C)). These algorithms are able to interact with
Machine Learning the trading market and capture the financial market dynamics. The
Deep learning proposed models are compared, evaluated, and verified on historical stock
Reinforcement learning trading data. Annualized return and Sharpe ratio have been used to
Deep Deterministic Policy Gradient evaluate the performance of proposed models. The results show that the
Actor-Critic agent designed based on both algorithms is able to make intelligent
Stock trading decisions on historical data. The DDPG strategy performs better than the

A2C and achieves better results in terms of convergence, stability, and
evaluation criteria.
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. Introduction v

Several studies hav
prediction and tradin

en ted to uSing machine learning in the field of financial Market and stock

modern artifici xploring autonomous trading algorithms that are adaptable to the dynamic
trading mark@i ial Yieed for stock trading problems. The trading strategy is a kind of complex
sequential dec ing problem, and deep reinforcement learning has achieved remarkable success in
solvin | decision-making problems. Reinforcement learning (RL) can directly learn an
acting s iNthe process of interacting with the dynamic environment; therefore, it is a competitive
a eep reinforcement learning (DRL) for stock trading. DRL stock trading studies can be
consi der three categories: Value-based DRL (critic-only), Policy-based DRL (actor-only), and Actor-

Critic DRI®

In value-based DRL approaches (critic-only), Q-learning and deep Q-Learning are applied to build a stock
trading system. [2] Proposed to employ deep Q-learning to build a deep Q-trading system. Their research
explains that their proposed deep Q-trading system can have better results than both buy-and-hold strategies
and strategies learned by iterative reinforcement learning. These kinds of value-based DRL are always applied
to solve the optimization problems defined in discrete space [3], and there is not a good paradigm for the
trading problem, because the trading environment is too complex to be approximated in discrete space and also
they are not good for dynamic online trading [4]. In Policy based (actor-only) DRL approaches, they learn a
policy, which directly maps states to actions. These methods learn the policy directly from the continuous data,
and they are a better framework for trading than the Q-learning approaches [3]. [4] Found that direct
reinforcement learning (policy based) produces better trading strategies than systems utilizing Q-learning (a
value function method). In actor-critic DRL approaches, the reason Actor-Critic might work well for the Stock
market is that they consider the Value-based approach as well as the Policy-based approach and learns the best
from both worlds. [5] Proposed the extended value-based deep Q-network (DQN) and the asynchronous
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advantage actor-critic (A3C) for better adapting to the trading market and their results show that A3C-
extended outperforms other models and the interesting part of the result is about the simple A3C that has close
results to DQN-extended. It proves the best performance of actor-critic concerning value-based (DQN)
approaches.

The Deep Deterministic Policy Gradient (DDPG) algorithm learns the Q function and the policy
simultaneously. It can benefit from the use of off-policy data and the Bellman equation to learn the Q-function,
and also learn the policy by applying the Q-function [6][7]. [8] explored the potential of DDPG agent training
for learning stock trading strategies. Their Results show that the trained agent outperforms the Dow Jones
Industrial Average and the portfolio allocation method, with the least variance in cumulative returns.
Comparing the Sharpe ratios shows that the DDPG agent is more robust than the others in terms of balancing
risk and return.

According to the research background, in this work two of the best-mentioned reinforcement-learning
algorithms; Deep Deterministic Policy Gradient (DDPG) [6][7][8], and Advantage Actor Critic (A2C) [9]; are
used for stock trading that has better results in comparison to the other methods. An envir@ament is built and
action space, state space, and reward function are defined specifically for the problem.

research studied the application of deep reinforcement learning algorithms for Teh ran
stock market data is used for comparing, evaluating, and testing the proposed models
This paper is organized as follows. Section 2 covers preliminaries, b e required

definitions and algorithms. Section 3 contains the research methodology includi tion of the proposed
stock trading problem, defining environment, architecture of both DDP j
evaluation, and also explanation about the stock data in this research.
preprocessing and our experimental setup, and presents the perfor
Section 5 is conclusion.

escfibes the stock data
he proposed strategies.

The foremost critical highlight of recognizing reinforcem§ ther types of learning is that
itemploys required data by evaluating the action ad  of instructing them by
giving correct activities. It has the potential to crg ement fora dynamic investigation, and
an unequivocal trial-and-error exploration for good df€havidr. Re@lforcement learning can be considered an
intelligent system where an agent learns from it @

aapist policies by interacting with the unknown
environment. The unknown environment is<aii alized as Markov Decision Process (MDP) by a tuple

space, 1: S X A — R is the (immediat ion, P is the state transition model, and y € (0, 1) is the

Environment: This characte
is a portion of the envirg
reward function, the
maximizing the tot

Id programmatically. Everything the agent(s) interacts with
WAgent can take action/s. 4- A reward function: By specifying the
ined as a reinforcement-learning problem. An RL agent's ultimate goal is
s in the long run. 5- Policy: A policy determines the learning agent's
e. 6- Model: In general, in a model-based algorithm, the agent can potentially
ironment, because it has an estimate of the transition function (and reward

reinforcement-learning algorithms include estimating value functions that estimate how good it

is for the a in a given state.

Based on [11] Studies on reinforcement learning can be divided into three categories: value-based RL,
policy-based RL, and actor-critic RL approaches. They are also grouped into off-policy and on-policy
approaches.

Q-learning is a model-free, off-policy, and value-based algorithm since it updates the Q values without
making any assumptions about the current policy being followed. Rather, the Q-learning algorithm simply
states that the Q-value corresponding to a state S; and action a, is updated using the Q-value of the next state
S:+1and the action a; ., that maximizes the Q-value at that state S,,;. Deep Q-learning (DQN) uses a neural
network to estimate the Q-value function. In DQN the action space is still discrete but generally, Q-learning
(with function approximation) fails on many simple problems and is poorly understood.

g (s) Can be defined as a stochastic policy that assigns probabilities to actions.
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Policy Gradient (PG) methods compute the gradient of J(6) and then use gradient descent to update the
policy. [10]

J(8) = ]Es~pu [R (S :He(s))] (1)

The Q-value of an action is the expectation of the reward by choosing that action and for the continuous
situation; the gradient is equal to the gradient of the Q-values.

Q" (s,a) = Ex[R(s,a)] @
Vo J(0) = Es -, [Vo Q (5, @) |a=py ()] A3)
Vg J(6) = Es -, [Vouy (s) X Vg Q¥ (5, a)|g=puy (5] “4)
Silver et al. [12] Used a function approximation Q, (s, a) for estimating the Q-value actiggpand

computing its gradient by minimizing the quadratic error with the true Q-values.

Vg J(6) = E; ~ Py [Veug ()X V, Q(p (s, a)la:ug (s)] (%)

J(@) = Eg- 5, [Q% (5,19 (5)) = Qp (s, 1t (5)))?] (6)
that is an extension of
the Deterministic Policy Gradient approach to work with ngg-li approximators. In fact, they
combined ideas from DQN and DPG to create an algorith 0 ous, off-policy, and (DDPG)
algorithms. The benefits of DDPG are using experience repla y ore past transitions and learn off-
policy, and using target networks to stabilize learninggdi algorithm, the target network tracks the
trained network much more slowly than the DQ Meters states in (7) and T << 1), and as a
result, it creates more stability to learn the Q-val

0'=10+(1-1)0 ™)

J(@) =By, [(r(s5,0,5") +7Q Qp(5,0))?] ®)

For doing exploration, DDPG u na ve noise added to the deterministic action to explore the
environment.

as = ug(se) + )

In addition @ the DDR@ method, Also Advantage actor-critic methods could be better than DQN and
approximate e ntage o action.[14]

g [Vol0g g (s,2) Ay(s, a)] (10)

Mo dvantage estimate (11), Temporal Difference advantage estimate(12), and an n-step advantage

estimate [15]
Ay(s,a) = R(s,a) — V,(s) (11)
Ap(s,a) = 7(5,a,5") + TV, (s") = V,(s) (12)
Ap(s,a) = XRS5 Tepear + TV (Seansr) — Vp(s0) 13)

Advantage actor critic (A2C) has an actor-critic architecture and benefits from an n-step advantage
estimate. It creates a batch of transitions (s, a, r, s") by applying policy g and computing the discounted sum
of the next n rewards.

Re = TR0 T  Teppern + TV (St4n+1) (14)
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|
Vo J(6) = Xt Vg logmg (s, ar) (Re — V, (s))] (15)

L (@) = Ze(Re = Vy(s0))? (16)

Concerning the above-mentioned reinforcement learning algorithms and previous research background,
DDPG and actor-critic (especially A2C) have better performance in comparison to other reinforcement
learning techniques.

1. Methodology

A. Reinforcement learning formulation for stock trading

As mentioned before, each reinforcement-learning problem includes the elements [10] which are
specified as follows for the proposed stock trading problem:

market exchanges, which include open, close, high, low price, adjusted
shares.

2) Action A: a set of actions on all stocks. The available actions fi
buying, and holding, which result in decreasing, increasing,
respectively.

3) Reward r: taking action will produce an immediate effe

4) Policy: the trading strategy of stocks at state s. It is the pr iiNAdistribution of choosing action
at state s.

5) Action-value function Q (s, a): the expected rewa action an at state s by applying
the proposed policy.

The goal of the trading agent is to maximize

ck include selling,
he holdings stocks,

B. Architecture of Algorithms

In this research, both DDPG and A2C a ms tha
performance than the other algorithmg Rl
code for both algorithms are providg

, based on the background, have a better
our proposed model. The architecture and pseudo

*The deep deterministic policy gradient method does not have the problem of usina
discrete space and works well for continuous state space and action. Two networks
are used in its structure. Based on the Bellman equation, it calculates the Q values
and the Q function is used to obtain the applied strategy. In comparison to deep Q
learning, it is more stable and the learning process is also faster. )

A

« Actor-critic Methods use two networks of actor and critic. In fact, they benefit no?
only from the advantages of value-based methods, but also from policy-based.
Usually, the learning process is faster in them. The A2C method is also advantageous
because of less GPU and memory. It has been used, but it has sufficient speed and
scope, which is desirable. )

DDPG

A2C
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1) Architectures of Deep Deterministic Policy Gradient (DDPG)

VaQp(8,0)
ya
. Actor [19($) po(s) e= 1te(s) + &
VG}I-Q(S)V”Q;;(S._ ﬂ*) \rg .

Critic QQ,(s,a)

(5,0)

¥

A

r+79Qu (s, 19(8')) — Qp(s,0) | @

A r(s,a,s")

Figure 1. Deep Deterministic Policy Gradient (DDPG) ar@ect

Algorithm DDPG algorithm

Randomly initialize critic network Q(s. a|#%) and actor p(s/6*) with weights #% and #*.
Initialize target network Q' and y’ with weights #9" « 69, 6" « g»
Initialize replay buffer R
for episode = 1. M do
Initialize a random process A for action exploration
Receive initial observation state s,
fort=1,Tdo
Select action a; = pi(s¢|6#) + N, according to the current policy and exploration noise
Execute action a; and observe reward r; and observe new state s,
Store transition (s;. a1y, 8¢21) in R
Sample a random minibatch of NV transitions (s;. a;, 7y, ;41 ) from R
Set y; = ri +7Q'(si+1, 1’ (5:4164")|69")
Update critic by minimizing the loss: L = % Z‘(_u, — Q(s4,a;]109))?
Update the actor policy using the sampled policy gradient:

1 £y )
Vord % 5 3 VaQ(5: 618%) s=se.amuts) Vo (516"

Update the target networks:
99 — 769 + (1 — 7)o
0 — 70" + (1 —7)8"

end for
end for

v
Figure 2. Deep Deterministic Policy Gradient (DDPG) Algorithm

2) ctures of Advantage Actor Critic (A2C)

Actor mgl(s,a)

L a~my(s.a)

Vologmp(s,a) (R — V,(s))

R = n-steps return

A

Critic V,(s)

(R = V,(s))?

Figure 3. Advantage Actor Critic (A2C) architecture
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Algorithm A2C algorithm

« |Initialize the actor g and the critic VF with random weights.
« (Observe the initial state sp
s fort € [0, Thotal]:

o Initialize empty episode minibatch.
o for k € [0,n]: # Sample episode

= Select a action ay, using the actor y.
» Perform the action a;. and observe the next state $3.1 and the reward rp.4.

= Store (g, ag, 721 ) in the episode minibatch.
o if 8, is not terminal: set R = V,,(s,,) with the critic, else B = 0.
o Reset gradient d and dy to 0. /
o for k € [n — 1, 0] # Backwards iteration over the episode

« Update the discounted sum of rewards R =7 + 7R

= Accumulate the policy gradient using the critic:

df + df + Vglogmg(sk,ai) (R — V. (s1))
= Accumulate the critic gradient:
dp+—dp+V,(R— VﬁS(Sk))Q
o Update the actor and the critic with the accumulated gradients using gradient descent or similar:

0+ 0+ndd <+ p+ndp

he results of such methods will be in practice. The main goal of stock
m profit. Usually and the same here, criteria such as annualized return (AR) and
re and evaluate financial strategies and stock trading performance.

algorithms for sto
trading is to mag

)

Rp = Return of portfolio,
Rf = Risk free rate,
op = Standard deviation of the portfolio's excess return

D. Stock data

The dataset of three biggest companies of the Tehran stock market is used for evaluating and testing the
implementation; Iran Telecommunication Company (MKBT1), Isfahan's Mobarakeh Steel Company
(FOLD1), Isfahan Oil Refinery Company (PNESL).

Stock data of the New York Stock Exchange has been obtained from the Yahoo Finance? site, and the
data of the Tehran Stock Exchange is downloaded from the Tehran Securities Exchange Technology

1 https://finance.yahoo.com/
____________________________________________________________________________________________________________________|
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Management company?. All data is used on a daily basis, and it has six main columns: date, open price,
close price, the lowest stock price of the day, the highest stock price of the day, value, volume (the number
of shares traded per day), and adjusted close price. In addition, Moving Average Convergence Divergence
(MACD) has also been calculated and used. All data is considered from the first of 2009 up to April 2021.
The dataset is divided into training, test and trading. Data from 2009 up to 2019 is used for training, and
data from 2019 up to 2021 is used as test data.

The implementation has been done by using Python within the TensorFlow [17], OpenAl gym [18],
and by using stable baselines [19]. Stable baselines is free and open source and it contains a valuable
collection of improved implementations of reinforcement learning and has been used in many types of
research, including [8] and [20]. It also has an integrated structure for algorithms, which provides a better
comparison for the implementation of different algorithms and their results.

I11. Results and Discussion
In the first step, data preprocessing has been done on all datasets. Then, in the training

test/trading phase using data from 2019 up to 2021 to evaluate the performance of t
All those steps have been done for both the DDPG trading agent and the A2C trgding

As can be seen in Figure 5, the selected stocks are rapidly decreasing. In
reasons to choose these specific stocks is their decreasing procedure. Si
to increasing data stocks, both proposed models work well, but here

algorithms \

Close Price history for Iran Telecommunication Co. (MKBT1) Close Price history for Esfahan's Mobarakeh Steel co (FOLD1) Close Price history fosEsfahan Oil Refinery Company (PNES1)

50000

20000
25000 0000

20000 15000
15000

10000 J 20000
10000 J

0 500 1000 1500 2000 500 500 000 1500 2000 500 3000 0 500 1000 1500 2000

30000

pEPE history as per close price

First, the Deep Deter
algorithm is repeated a

adient (DDPG) algorithm is implemented on the stocks. This
es. The training, learning, convergence, and error for all the steps

veral ti

are examined and analyzed in Figure 6, Figure 7.
rS

Adam_mpi

actor_loss critic_loss
tag: Adam_mpi/actor_loss tag: Adam_mpifcritic_loss

1.6e+8

0
12e+8

-de+3
_8e+3 Be+7
12644 des7
-1.6e+4 0

0 20k 40k 60k 80k 100k 0 20k 40k 60k 80k 100k

Figure 6. DDPG loss during the learning process in various iterations

2 http://en.tsetmc.com/
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episode_reward

1.1e+6

1e+h - o]

9e+5

ge+h

Te+5

Ge+h

5e+5

4e+5

3e+5

2e+5

1e+5

10K 20k 30k 40k 50k 60k 70K S0k 90k 100K

Figure 7. Convergence of the DDPG trading agent in

It is clear from Figure 7 that convergence of the model is achie
similar and integrated process for all of them. In addition, all ig@agtions fina
the only difference is in the episode of the convergence.

| iterations, which is almost a
verged to a certain value and

By comparing two Figure 7, Figure 8, it is obviQus
iterations had the same behavior and all convergg .
different iterations lead to different results. In ag# )

lower than the DDPG trading agent.

the DDPG trading agent, almost all the
value, but about the A2C trading agent,
results from the A2C trading agent are

episode_reward

episode_reward

Se+5
Te+h
Ge+5
5e+5
4e+5
Je+h
2e+5

1e+5

10k 20k 30k 40k 50k 60k T0k B0k 90k 100k
Figure 8. Convergence of the A2C trading agent in various iterations
The results show that the DDPG trading agent outperforms the A2C, concerning the speed of convergence,

stability of convergence and also the value of profit. The annualized return and Sharpe ratio are calculated for
both proposed algorithms and all stocks, and are shown in Table 1.

|
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|
Table 1. Results by applying the test dataset (AR=Annualized Return and SR= Sharpe Ratio)

Esfahan Oil Refinery

Esfahan's Mobarakeh Steel Company Iran Telecommunication
(FOLD1) Company (MKBT1) Company (PNESL)
AR SR AR SR AR SR
DDPG 85.20 1.8 83.88 1.68 78.53 1.40
A2C 80.40 1.31 82.43 1.66 73.32 1.20

IV. Conclusion

In this research, in addition to theory, the application of deep reinforcement learning algorithms is
examined by using Deep Deterministic Policy Gradient (DDPG) agent and Advantage Actor-Critic (A2C)
agent for Tehran stock data. The results show that these algorithms can be applied to stock trading and also the
DDPG trading agent shows a better performance in regard to convergence, stability, return and also relatively
other metrics. These results prove the benefits of DDPG by using experience replay m
transitions and learn off-policy, and using target networks to stabilize learning.

In the future, it will be desirable to study a larger number of stocks and also mor
a stock among many other stocks
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