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Abstract

This study proposes a Rule-based Recurrent Reinforcement Learning (RbRRL) strategy for financial
trading to bridge the power of data-driven machine intelligence and the insight from human inter-
pretable industry practice. Technical trading rules from different classes are combined with regularized
weighting approximated by counterfactual returns and neuron activation. Although the conventional
recurrent reinforcement learning outperforms RbRRL in terms of cumulative capital gain, the latter
shows lower volatility as well as higher interpretability.

Introduction

Technical indicators have been used in the capital market to identify trading opportunities for more
than a century. Nevertheless, a single trading rule may not be sufficient to predict the stock price trend
accurately. Dr. Philip Yu and his team|[I] proposed a Performance-Based Reward strategy (PRS) that
combines the two most popular classes of technical trading rules: moving average (MA) and trading
range break-out (TRB). Each component rule is assigned a starting weight, and a reward/penalty
mechanism based on its recent profit is proposed to update the weighting over time.

However, this closely resembles the rationale of reinforcement learning: through trial and error to max-
imize cumulative rewards. Recurrent reinforcement learning (RRL) was first introduced by Moody,
Wu, Liao, and Saffell [2] where a trading system was developed focusing on a single asset. Most
recently, Almahdi and Yang [3] introduced a more generalized recurrent reinforcement learning ap-
proach on portfolio management. This study intends to reframe the PRS by RRL, which we later
model as Rule-based Recurrent Reinforcement Learning (RbRRL), in the hope of capturing both the
power of data-driven trading automation and the insight from human-designed industry practice.

Methodology

Component trading rules

MA is the mean of stock prices over a moving window of n days p = %,Zg:t—n 11 Dp; where t is the

current trading day and p; is the close stock price on day ¢. In MA rules, there are two averages
(long-period and short-period averages) over two moving windows of m days and n days, respectively,
where m > n. Consider a trading day ¢, a MA rule initiates buy (sell) signal if the short-period
moving average is above (below) the long-period moving average.

TRB calculates the highest close price H = max(pt_1,pt—2,--.,pt—n) and the lowest close price
L = min(pi_1,pt—9,...,pt—n) over a fixed n days interval. The highest and lowest price form a
running channel (trading range) for each day’s stock price and the trading signals are invoked by the
stock price’s breakout from the channel. Suppose the close price of trading day ¢ is p¢, a buy signal
is generated when py > H and a sell signal is generated when ps < L.

Figure [1] and [2| demonstrate the two technical indicators of stock Amazon (NASDAQ: AMZN) over
4000 trading days. We can see that SMA (5-day vs 150-day) signals much less frequently compared
to TRB (20-day), representing different decision making rationales which we aim to combine.
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Figure 2: Trading Range Break-out

Figure 1: Simple Moving Average

Combined signal generation

Counterfactual rule returns

We measure the capital gain r; ; on each trading day t compared to the day before if we executed the
trading order following exactly the signals from each individual rule z.

rei = [St—14 - (0t — pe—1) — 0|Spi — Si—1.4]]
where p is the maximum possible number of shares per transaction, ¢ denotes the transaction cost
rate and Sy ; € {long, neutral, short} = {1,0, —1} is the trader function of rule 4.

Signal weighting approximation
The trader function in RRL resembles a neuron activated with the hyperbolic tangent function yield-

ing outputs between -1 and 1. In connection to integrating multiple indicator signals, RbRRL assigns
each component rule 7 a weight wy ; at time ¢.

wt i = softmaxr[(v,x¢ ;) + b+ uwp_1 4]

(-, -) is the inner product, Xy ; = [Tt—p 4, ..., 7¢—1i] € R™ defines the feature vector of the current
market condition at time ¢ for rule i, and (v, b) are the feature regression coefficients. We adopt the
recent m rule returns as the feature vector, so as to extract information of each rule by quantifying
the countertactual capital gains in the case that individual rules were used for trading. In addition
to the features, another term uw;_1 ;, where wy_1 ; stands for the rule weighting at time ¢ — 1, is
also added into the regression to take the latest weighting into consideration. This term is supposed
to discourage the agent from frequently changing the trading positions and, hence, to avoid heavy
transaction costs.

Regularization

Simple linear combination of component signals ©; wy ;5S¢ ; like the one in PRS might allow many
under-performing rules dominate the few truly useful rules due to adding many yet small weights. To
address the possible noise, we only select the best rule (that is assigned the highest weighting) each
time within each rule class and combine them across different classes.

1 ifaspecwfSF4+(1—a)Si_1 > 1

St =1—1 ifaspeowlSF+(1—a)Si—1 < s (1)

0 otherwise
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where wf and Sf represents the weight and signal of the best rule within class k£ at time ¢, respectively.

In particular, wf has to be re-balanced through softmax of the original w; ;. A new decay parameter
a € |0, 1] is introduced to incorporate the previous trading decision for cost-reducing purpose. Two
threshold parameters [ € [0,1) and s € (—1,0] are utilized to discretize the signal and filter out
possible noises.

Optimization
e Parameters: {0, a,l, s}, where © = {v,b, u}

e Objective (reward) function: Sharpe ratio, where Ry = - [St—1 - (pr — pr—1) — 0|St — St_1]]
is the actual stock return traded based on the RbRRL combined signal. It essentially identifies
investment strategies with less volatile profit.

Average(Ry)
Standard deviation(Ry)

Sharper = fort € {1,2,...,T}

e Algorithms experimented: particle swarm optimization, gradient descent with automatic differen-
tiation, random optimization (direct search) with clipped boundaries.

Results

Comparing the automated trading decisions and returns side by side shows that overall RRL still
outperforms RbRRL and the buy-and-hold strategy. The discretized action policy by RbRRL in [§
could miss out on plausible trading opportunities of different lot sizes. The reasonable performance
in the training set considering transaction costs turns out to be overfitting as suggested by the poor
testing set outcome [§. However, figure |3 and 4 display that despite its higher overall gain, RRL brings
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Figure 3: RRL Daily Return Figure 4: RbRRL Daily Return
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Figure 5: RRL Trading Policy Figure 6: RbRRL Trading Policy
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Figure 7: RRL Cumulative Gain Figure 8: RbRRL Cumulative Gain

Discussion and future work

It is not a full-fledged implementation because the model was only run on a single stock AMZN over
a fixed period and parameters together with optimization could be better tuned. Financial markets
are not necessarily stationary and thus the selected training period may not correctly reflect the value
of both models.

If the RbRRL is to be extended to a portfolio, we could first try the following trading logic: each
stock is traded independently with equal initial portfolio weights and no mutual funding is allowed
as that in [I]. Furthermore, stock selection (e.g. by low correlation), risk diversification and trading
frequency control could be considered.

Since RRL is in fact a one-layer neural network [4], deep learning techniques specifically recurrent
neural network could be worth exploring. Nonetheless, one caveat is that efforts to increase the model
interpretability such as this study trying to bridge machine intelligence and human insight should not
be underestimated in practice.

Acknowledgement
Special thanks to Dr. Philip L.H. Yu who provided insightful ideas and patient guidance.

GitHub Link to Code

https://github.com/AndyYFTao/RbRRL-strategy-for-financial-trading/blob/master/
RbRRL . 1pynb
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