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We have previously described trading systems based on unsupervised learning approaches such
as reinforcement learning and genetic algorithms which take as input a collection of commonly
used technical indicators and generate profitable trading decisions from them. These contrast with
traditional supervised learning approaches which use labeled trading data directly.

In general, there are two distinct approaches to solving the reinforcement learning problem which
search in either value function space or policy space. Temporal difference reinforcement learning
methods and evolutionary algorithms are well known examples of these approaches and both were
explored in our previous work. This article demonstrates the advantages of applying evolutionary
algorithms to the reinforcement learning problem using a hybrid credit assignment approach. In
earlier work, the temporal difference reinforcement learning suffered from problems with overfitting
the in-sample data. This motivated the present research which attempts to introduce generalisation
by creating a hybrid evolutionary based RL system.

Technical analysis has been shown previously to have predictive value regarding future move-
ments of foreign exchange prices and this article presents methods for automated high-frequency
FX trading based on evolutionary reinforcement learning about signals from a variety of technical
indicators. These methods are applied to GBPUSD, USDCHF and USDJPY exchange rates at
various frequencies. We find that the evolutionary reinforcement learning approach is indeed able
to consistently outperform the standard RL approach. Statistically significant profits are made
consistently at transaction costs of up to 2bp for the hybrid system while the standard RL is only
able to trade profitably up to about 1bp slippage per trade. It is also shown that for non-zero
slippage a system that also allows a neutral out-of-market position consistently outperforms one
which is always in the market.

1 Introduction

Kaelbling et al. [11] illustrate the challenges facing reinforcement learning in scaling up to realistic
tasks. Of relevance to building a financial trading system is the issue of rarely occurring states.
Previous work by the authors [8] examined the issue of searching value function space (through
an RL based approach) vs searching the policy space (using an evolutionary algorithm). The two
approaches were shown to provide complementary strengths though the RL showed classic signs of
overfitting as a result of the rarely occurring states. This led to the currently proposed system that
combines a genetic algorithm (GA) with a reinforcement learning (RL) framework to bring about
a hybrid credit assignment approach. This paper examines the hybrid approach and contrasts it
with standard RL.

In Section 2 we give a brief literature review of relevant earlier work. The stochastic optimiza-
tion problem to be solved by all the compared methods is defined in Section 3, while the following
sections, 4 and 5, briefly describe how each approach can be applied to solve this optimization
problem approximately. In Section 6, computational experiments are outlined and their results
given. Section 7 concludes with a discussion of these results and some potential further avenues
of research.

Reinforcement learning has to date received limited attention in the financial literature and this
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paper demonstrates that RL methods show significant promise. The results for the hybrid approach
developed indicate that generalization and incorporation of constraints limiting the ability of
computational learning algorithms to overfit improves out-of-sample performance.

2 Literature Review

Despite a century long history amongst investment professionals the technical analysis methods
introduced by Dow at the turn of the last century initially met a high degree of academic scepticism
culminating in a belief in the efficient markets or random walk hypothesis. As evidence has
increased that markets are less efficient than was originally believed academics have only recently
begun to make serious attempts to study the assumptions behind technical analysis [13, 14]. Lo and
McKinley [13] state that financial markets are predictable but rather than this being a symptom
of inefficiency as is commonly believed they see predictability as the “oil that lubricates the gears
of capitalism”.

A number of researchers have examined net returns due to various trading rules in the foreign
exchange markets [12, 22, 17, 19, 5, 4, 7, 18]. The general conclusion is that trading rules are
able to earn significant returns net of transaction costs and that this cannot be easily explained
as compensation for bearing risk.

The application of computational learning techniques to technical trading and finance has
experienced significant growth in recent years. Neural networks have received the most attention
in the past and have shown varying degrees of success. However recently there has been a shift
in favour of user-transparent, non-black box evolutionary methods like genetic algorithms and
genetic programming. An increasing amount of attention in the last several years has been spent
on these genetic approaches which have found financial applications in option pricing [2, 3] and as
an optimization tool in technical trading applications [19, 10, 6].

Pictet et al. [23] employ a GA to optimize a class of exponentially weighted moving average
rules, but run into serious overfitting and poor out-of-sample performance. They report 3.6%
to 9.6% annual returns net of transaction costs. Neely and Weller [17] report that for their
GA approach, although strong evidence of predictability in the data is measured out-of-sample
when transaction costs are set to zero, no evidence of profitable trading opportunities arise when
transaction costs are applied and trading is restricted to times of high market activity.

Reinforcement learning has to date received only limited attention in financial applications.
The reinforcement learning technique is strongly influenced by the theory of Markov decision
processes (MDPs) which evolved from attempts to understand the problem of making sequences
of decisions under uncertainty when each decision can depend on the previous decisions and their
outcomes.

As fundamental research in reinforcement learning advances, applications to finance have
started to emerge. Neuneier [21, 20] has demonstrated Q-Learning in an asset allocation framework
applying it to the German DAX stock index. Moody et al. [16] examine a recurrent reinforcement
learning algorithm that seeks to optimize an online estimate of the Sharpe ratio. They also
compare the recurrent RL approach to that of Q-learning. Dempster et al. [7] similarly explore
GAs and RLs, as well as the exact solution of an appropriate Markov decision problem and a
simple heuristic, in an asset allocation framework.

The main shortcoming of this previous work however is that most technical analysts active in
the foreign exchange market are traders and also operate at the high frequency level. In fact even
technical traders who look for patterns in daily data alone often use tick data for confirmatory
entry signals. In subsequent work [8] the authors contrast evolutionary methods with reinforcement
learning within such a trading framework [6] and this framework will also be used in the sequel.
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3 The Problem Defined

3.1 Modelling trading

This paper considers agents that trade fixed position sizes in a single exchange rate. This setting
can be generalized to more sophisticated agents that trade varying quantities of a currency, several
currencies or indeed manage multiple portfolios.

Traditionally, trading strategies have been evaluated as asset allocation strategies in the aca-
demic literature (eg. in [19]). The agent has a current lump sum of money and must choose at each
timestep whether to allocate this money to be held in the home currency or the foreign currency
(possibly earning the overnight interest rate in the chosen currency). Any profit or loss made is
added to or subtracted from the lump sum to be allocated in the next timestep, i.e. reinvested.

High frequency traders, however, typically are able to draw on a fixed credit line from which
they may borrow in either the home or the foreign currency. The money borrowed is then converted
to the other currency at the current market rate to hold cash in one currency and a debt in the
other. When the trader wishes to close his position he converts his cash at the new (hopefully
advantageous) exchange rate and pays any profit into or shortfall from his account. Thus he places
a series of fix-sized bets.

More formally, a trade with proportional transaction cost ¢, exchange rates (expressed per
unit of home currency) of F; at trade entry and Fy at trade exit, drawing on a credit line of C
units of home currency and taking a long position in the foreign currency (and a corresponding
short position in the home currency) will yield a profit of

F; 9
1-— —1f. 1
c|pa-or-1] 0
If a short position is taken in the foreign currency (and correspondingly long in the home) then
C/ Fy units of foreign currency are drawn from the credit line and the profit is
F, 1
Cll-¢) - X —x 2
[( )" (1—c)] ®

The asymmetry of these equations is apparent and results from the profit or loss on a short position
in the foreign currency being credited in the home currency. Both formulae involve transaction
costs being paid per unit on two currency conversions (see [6] for a discussion of the slippage c).

In this paper, we examine two approaches. The first system is continuously forced to be in
the market while the second system is able to maintain a neutral out-of-market position. These
are termed the 2 state and 3 state systems respectively.

3.2 Technical indicators

We consider a set of technical indicators, to be used as input for our trading strategies and
employ eight commonly used indicators with parameters suggested by [1] as in [6, 7]. These
are Price Channel Breakout, Adaptive Moving Average, Relative Strength Index, Stochastics,
Moving Average Convergence/Divergence, Moving Average Crossover, Momentum Oscillator and
Commodity Channel Index. Each indicator produces two signals: buy (long) or not buy, and sell
(short) or not sell. These sixteen binary signals together define the market state s, € S = {0,1}*°.

3.3 Trading strategies

We can consider the market state s represented by the indicator signals to be a stochastic process
driven by the ezchange rate process F and make the required trading decisions by solving the
stochastic optimization problem defined by the maximization of expected return over the trading
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horizon T net of transactions costs, viz.

Nt
EY ri(Fy,Fr), (3)
i=1

where Nt denotes the random number of trades to the horizon each with return r(F;, Fy) in the
home currency.

The systems we consider attempt to find approximate solutions to this problem. They attempt
to discover a trading strategy ¢ : S x {l,s} — {l, s} that maps the current market state s; and
current position (long, short or neutral) to a new position (long, short or neutral). It should be
noted that although our trading strategies ¢ are formally Markovian (feedback rules), the technical
indicators require a number of periods of previous values of F to compute the corresponding 0 — 1
entries in s;.

The objective of the trading strategies developed in this paper is thus to maximize the expected
home currency (dollar) return (after transaction costs) using the model of § 3.1.

3.4 FEwvaluation

Since we do not have an explicit probabilistic model of how exchange rates evolve, we adopt the
familiar approach of dividing our data series into an in-sample region, over which we optimize the
performance of a candidate trading strategy, and an out-of-sample region, where the strategy is
ultimately tested.

4 Applying RL to the Technical Trading Problem

The ultimate goal of reinforcement learning based trading systems is to optimize some relevant
measure of trading system performance such as profit, economic utility or risk-adjusted return.
This paper follows the approach of [7] which is summarised here.

Reinforcement learning systems consist of an agent interacting with an environment. At each
time step t the agent perceives the state of the environment s; € S and chooses an action a; € A
from the set of available actions in state s;. As a consequence of this action the agent observes
the new state of the environment s;41 and receives a reward ry. This can be defined as a dynamic
programming problem where the objective is to find the policy m (state to action mapping) that
maximises the optimal value function V* given by

V*(s) = maxE{ri11 +9V"(st41)|8¢ = s}, (4)

where 7y is the discount factor representing the preference given to immediate over future rewards.

The value of state s can be considered in terms of the values of each action a that can be
taken from that state assuming that policy 7 is followed subsequently. This value Q* is referred
to as the Q-value and is given by

Q"(s,a) = E{r i1 + ymax Q*(se11,a')[s¢ = 5,a; = a}- (5)
The optimal value function expresses the obvious fact that the value of a state under an optimal
policy must equal the expected return for the best action from that state, i.e.
V*(s) = max Q*(s, a).
a
The functions @* and V* provide the basis for learning algorithms expressed as solutions of Markov
decision problems.

We use Watkins’s Q-learning algorithm [25] that estimates the Q-value function using data
from the previous learning episode. The @)-learning update is the backward recursion

Q(st,ar) = Q515 a1.) + afrer +ymax Q(se41,a) = Qs ar,)], (6)
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where the current state-action pair (s¢,a¢) := (S¢.,a¢,), that from the previous learning episode.
At each iteration (episode) of the learning algorithm, the action-value pairs associated with all the
states are updated and over a large number of iterations their values converge to those optimal
for (5) [24].

For our trader the state s; is the market state as defined by the technical indicators and the
set of actions 4 in the 2-state system is whether to take a long or short position in the foreign
currency (and is not state dependent). In the 3-state system a neutral position is also a possible
action in all states. Following Maes and Brookes’ [15] suggestion that immediate rewards are most
effective the reward function r;;, is the differential change in value of the agent’s portfolio from
time t to t 4 1.

5 Evolutionary Reinforcement Learning Approach

In [8], it was demonstrated that a Q-Learning based system suffers from overfitting the in-sample
dataset. Its in-sample performance was significantly superior to that of the genetic algorithm
while its performance out-of-sample tended to be inferior. It was therefore clear that the inputs
to the RL system needed to be constrained and the notion of a hybrid evolutionary reinforcement
learning system was thus introduced. The role of the GA here is to choose some optimal subset
of the underlying indicators that the RL system will then use.

The form of GA utilised is the binary string form due to Holland [9]. Each bit in the bitstring
represents whether or not the corresponding indicator is being fed into the RL. An initial popula-
tion of 50 was used and the GA was allowed to evolve for 100 generations. Selection is based on
the roulette wheel approach. However across every generation we also introduce elitism. Thus a
number of the top individuals in each population are allowed to survive into the next generation.

With regards to fitness evaluation, the in-sample period was broken down into 8 months
of true in-sample data with a further 4 months of data in the evaluation period which is used
to evaluate individuals within the GA’s population of potential solutions. The return over this
second period is used as the fitness function of the GA. Once the optimal bitstring is found, the
subset of indicators that the bitstring represents is fed into the RL system described earlier (see
Figure 1).

GA Module
GA passes individual
GA population to RL Evaluator RL Evaluator on In-Sample period
[o[aTolTol4] [a[a] ol -Tol4] (@ monthg) (@ month)
' —~< . > ‘ Training Period ‘ Validation ‘
: RL returns fitness
for individual (used to generate
RARERR fitnesdValue)
i GA generates optimal bitstring
RL Module
‘ In-Sample Period (One Y ear) ‘ ‘
(Generates a mapping between [ﬁ
states and actions) Out of Sample
(One Month)

Figure 1: Hybrid System
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6 Numerical experiments

The results reported here were obtained by applying the approaches described above to GBPUSD,
USDCHF and USDJPY midpoint exchange rate data of 1 minute frequency from January 1994
to January 1998 using a moving window of 1 year for training (fitting) followed by 1 month
out-of-sample testing (cf. [7]).

There are several issues that we wish to highlight in these results. Primarily, we try to answer
the question as to whether or not using evolutionary learning as part of the credit assignment
approach in the reinforcement learning framework improves performance of the system. The
resolution of this question is important both in shedding light on the development of successful
trading systems and in highlighting basic research issues of interest to the RL community.

Previous work by the authors [8] showed that although the RL consistently outperformed the
GA at no slippage; once slippage was introduced the RL system showed classic signs of overfitting.
We therefore felt that we could improve upon the original results by constraining the inputs fed
into the RL system and this led to the introduction of the hybrid approach discussed above.

At no slippage all four systems tested are able to trade profitably consistently at a 15 minute
trading frequency (as shown in Figure 2). However it can be seen that the hybrid approach
consistently did as well or better than the basic RL. It is important to note that typical transactions
costs in the foreign exchange markets faced by traders for market makers are of the order of 2bp.
Considering Figure 2 the performance of the two methods start to diverge at 2bp. It is immediately
clear that once we introduce slippage the ability of the system to take neutral positions becomes
important. Figure 3 also demonstrates that at lower frequencies this is also a desirable property.

Across Currencies at 15 minute with Obp slippage Across Currencies at 15 minute with 2bp slippage

Percent Annual Returm
Percent Annual Return

GBEPUSD GEPUSD
7 USDUPY -10 USDJPY

REL 2way USDCHF RL Zway USDCHF

Hytrid L 33 7
2Ziray ¥ Hybrid vy Heylarid

i 3y Furay

Figure 2: 15 minute trading frequency at Obp & 2bp across methods and currencies

More importantly however we consider the performance of the hybrid systems compared to
their respective standard RL systems. At 2bp slippage at both the 15 minute frequency (Figure
2) and the 1 hour frequency (Figure 3) it is clear that the hybrid systems consistently outperform
the standard RL. Furthermore at lower frequency trading (consider Figure 4) performance of these
systems is attenuated. Qur previous results [8] demonstrated that frequency selection is best left
to the learning algorithm which adapts the trading frequency to the slippage rather than forcing
a user-constrained choice. The algorithms studied in [8] in fact adapt remarkably well as slippage
increases. In general, the results hold across all three currency pairs examined.

The Sharpe ratio is a measure commonly used to evaluate portfolio models given by

/:LRmonth (7)

O Rumonth
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Across Currencies at 1 hour with Obp slippage Across Currencies at 1 hour with 2bp slippage
70 15
£ 60 10
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Figure 3: 1 hour trading frequency at Obp & 2bp across methods and currencies
Across frequencies for GBPUSD at Obp slippage Across frequencies for GBPUSD at 4bp slippage
£
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Figure 4: Across frequencies: GBPUSD at Obp & 4bp
where (g, .., and 6g, ... denote the mean and standard deviation of monthly out-of-sample

returns over the test period of 36 months. The Sharpe ratios shown in Table 1 demonstrate that
on the dataset used we are able to gain substantial risk-adjusted returns up to and including a
slippage value of 2bp. At 4bp the results were mixed and by 10bp a trend was no longer visible -
although there remained pockets of profitability.

Having motivated the hybrid (evolutionary RL) approach and demonstrated that it is indeed
able to outperform the RL, we now examine the statistical significance of these results. To this end
we utilize the following simple non-parametric binomial test [6]. We take as the null hypothesis that
out-of-sample cumulative trading profits and losses are periodically sampled from a continuous time
stationary ergodic process with state distribution having median zero. Under this null hypothesis,
profits and losses are equally likely with probability 1/2. Tt follows that over n monthly out-of-
sample periods the number of profitable months n is binomially distributed with parameters
n and % We therefore test the two-tailed alternative hypothesis that median profit and loss is
non-zero with the statistic n,.

The significance of our results is given in Table 2. (Note that significance levels were not
included for the 10bp case as these results were uniformly not significant.) To illustrate how these
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Table 1: Out-of-sample annualized Sharpe ratios - 15 minute trading

GBPUSD | USDCHF | USDJPY |

RL 2 state - Obp 2.82 1.28 0.82
RL 3 state - Obp 1.62 2.08 1.36
Hybrid 2 state - Obp 2.26 1.32 1.24
Hybrid 3 state - Obp 2.21 2.22 1.82
RL 2 state - 2bp -0.04 0.24 0

RL 3 state - 2bp 0.76 0.07 -0.07
Hybrid 2 state - 2bp 0.45 0.15 0.12
Hybrid 3 state - 2bp 0.7 0.25 0.13
RL 2 state - 4bp -0.21 -0.22 -0.01
RL 3 state - 4bp 0.05 0.18 0.09
Hybrid 2 state - 4bp 0.2 0.11 0

Hybrid 3 state - 4bp -0.04 0.16 0.12
RL 2 state - 10bp 0 -0.17 -0.17
RL 3 state - 10bp 0.06 0.07 0.08
Hybrid 2 state - 10bp -0.02 -0.39 -0.07
Hybrid 3 state - 10bp -0.01 0.23 0

numbers were calculated, consider the monthly out-of-sample returns shown in Figure 5. We find
that with n=36, n, =22, the p-value is 90.88%, giving us significance at the 10% level. Considering
the significance levels given for the 15 minute trading frequency in Table 2, we can see that the
hybrid approach shows significant promise. When we consider lower frequencies we find returns
are more volatile and the results are no longer as consistently significant. These values have not
been included for lack of space. The significant profitability of the hybrid 3 state system at 4 basis
points in spite of a negative (cumulative) return shows the importance of risk management to stop
a small number of large drawdowns. (It also suggests the use of more powerful nonparametric tests
for profitability which we are currently developing that take account of signed return magnitudes.)

Table 2: Significance level of the 15 minute trading results (N/S=Not Significant)

| | GBPUSD | USDCHF | USDJPY |
RL 2 state - Obp 0.01% 0.01% 0.01%
Hybrid 2 state - Obp 0.01% 0.01% 0.01%
RL 3 state - Obp 0.01% 0.01% 0.01%
Hybrid 3 state - Obp 0.01% 0.01% 0.01%
RL 2 state - 2bp N/S N/S N/S
Hybrid 2 state - 2bp 5% N/S 25%
RL 3 state - 2bp 0.1% 10% 25%
Hybrid 3 state - 2bp 0.01% 1% 5%
RL 2 state - 4bp N/S N/S N/S
Hybrid 2 state - 4bp N/S N/S 25%
RL 3 state - 4bp N/S 20% 15%
Hybrid 3 state - 4bp 10% 10% 5%
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% Profit

Curmulative Profit

a5

Cumulative (bLt not reinvestad) Profit per $1m (000$)

Figure 5: Evolutionary RL at 15 minute trading with 2bp slippage

7 Discussion and Future Work

We have shown that the use of computational learning techniques in high frequency foreign ex-
change trading shows significant promise. The fact that the techniques investigated here return
positive results both in-sample and out-of-sample implies that there is useful information in the
technical indicators that can be exploited. This is consistent with the tenets of technical anal-
ysis and contradictory to the Efficient Market Hypothesis. Furthermore, the evolutionary RL’s
relatively good out-of-sample performance demonstrates that using a combination of technical
indicators leads to better performance than using the individual indicators themselves. In fact,
Dempster and Jones [6, 10] demonstrate that these indicators are largely unprofitable on a dif-
ferent data set when considered in isolation. At low slippage values, annual returns of 10-20%
are not uncommon. However, these slippage values are only typically available to market makers.
Investment managers for example, who more typically face slippage of up to 10bp, would be unable
to utilize the methods outlined here in the manner described. In general, we have shown that by
constraining the inputs to the RL system using a GA, we have improved the performance of the
underlying system. Results were furthermore statistically significant and similar across currencies.
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The next step is to consider different optimization functions, in particular, exploring risk
adjusted rather than raw return and overlaying the system with cash management such as stop
losses. Another current avenue of research is the use of alternative reinforcement learning ap-
proaches such as the recurrent reinforcement learning approach described by Moody [16]. We are
also exploring the incorporation of trade volume data into the learning algorithms. Generalizing
the work to more sophisticated agents that trade several currencies simultaneously is currently
being considered as well.
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