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As a hot topic in the financial engineering, the portfolio optimization aims to increase investors’ wealth.
In this paper, a portfolio management system based on deep-reinforcement learning is proposed. In con-
trast to inflexible traditional methods, the proposed system achieves a better trading strategy through
Reinforcement learning. The reward signal of Reinforcement learning is updated by action weights from
Deep learning networks. Low price, high price and close price constitute the inputs, but the importance
of these three features is quite different. Traditional methods and the classical CNN can’t deal with these
three features separately, but in our method, a designed depth convolution is proposed to deal with these
three features separately. In a virtual currency market, the price rise only occurs in a flash. Traditional
methods and CNN networks can’t accurately judge the critical time. In order to solve this problem, a
three-dimensional attention gating network is proposed and it gives higher weights on rising moments
and assets. Under different market conditions, the proposed system achieves more substantial returns and
greatly improves the Sharpe ratios. The short-term risk index of the proposed system is lower than those
of the traditional algorithms. Simulation results show that the traditional algorithms (including Best, CRP,

PAMR, CWMR and CNN) are unable to perform as well as our approach.

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

In financial engineering, portfolio optimization is a practical
task. As an effective approach to investment, it restrains an in-
vestor’s reckless investment behaviors to a certain extent. The
purpose of portfolio optimization is to allocate funds in a group
of assests in order to maximize returns. The research on portfo-
lio can be divided into two categories: Mean-Variance-based ap-
proaches and Capital-based approaches [1]. The original Mean-
Variance model which aimed to minimize the risk (variance) for
the desired return was a single-objective model [2]. When a port-
folio was constructed by the original Mean-Variance model, cal-
culating the mean and the covariance of assets was involved in
the process. If the sample size was too small, the mean and co-
variance of these samples would be highly uncertain. However,
if the sample size was too large, computing the mean and co-
variance would consume a lot of time. Another disadvantage of
the original Mean-Variance model was that when the final re-
turn was either too high or too low, the variance of the model
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would be increased, as a result, investors might abandon the strat-
egy with the highest return. This action was against the origi-
nal intention of portfolio optimization. Because of the difficulties
that the Mean-Variance portfolio optimization encountered in the
real world, multi-objective approaches were proposed. It may not
be possible to use multi-objective models to optimize all objec-
tive functions. Therefore, it is necessary to give priority to some
objectives over others by using methods such as weighted sum
method or Pareto-based approaches. The weighted sum approach
is the most popular approach for Mean-Variance portfolio opti-
mization. In the weighted sum methods, a set of objectives were
combined into a single objective. However, in spite of its simplic-
ity, there was difficulty in obtaining Pareto optimal solutions by
this approach because multi-objective optimization problems had
a non-convex Pareto-optimal front [3]. Therefore, the main disad-
vantage of weighted sum approach is that it is unable to gener-
ate all Pareto-optimal solutions with non-convex trade-off surfaces.
Pareto-based approaches are able to handle large search spaces and
multiple alternative trade-offs. However, there is no single criterion
to assess the quality of a trade-off front and the quality measure-
ments are difficult to define [3] The Capital-Growth-based meth-
ods paid more attention to solve multi-stage or sequential port-
folio problems. Its purpose was to maximize the expected growth
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rate or logarithmic return of the portfolio. Capital-Growth-based
methods still had some limitations, which made it difficult for
them to achieve good results in some special market situations.
Methods like Passive Aggressive Mean Reversion (PAMR) [4] and
Confidence weighted mean reversion (CWMR) [5] relied on the as-
sumption that mean reversion existed in a portfolio pool, that is,
buying worse performed stocks was profitable. Moreover, referring
to the PAMR, Li et al. only justified that the algorithm worked with
relatively low transaction costs, but the performance of the PAMR
may decline when transaction costs increase.

Digital currency has become an innovative investment option
and a credible investment vehicle. The remarkable features of digi-
tal currency are its decentralization and openness. Digital currency
is a decentralized, peer-to-peer network that allows for ownership
transferring without a central regulating party. Decentralization al-
lows the digital currency to have better security and faster set-
tlement. Compared to other financial markets, the digital currency
market is more conducive in learning the market’s own behaviors.
Openness means that this market is more accessible and that data
from this market is richer. Exchanges in digital currency market
are carried out on the Internet, and hence the market is open all
day long. These non-stop markets are ideal for our system to learn
in shorter time-frames. However, most existing algorithms to dig-
ital currency market were limited to the study of its prices using
Bayesian neural networks [6], long short-term memory neural net-
works [7] and so on. These studies just predicted the price of a
digital currency, but did not further implement portfolio manage-
ment. In addition, the above studies only focused on a single digi-
tal currency instead of multiple assets. Alessandretti et al. built in-
vestment portfolios based on the predictions [8]. However, authors
stressed that they did not consider any transaction fees which ap-
parently could affect the profits in real markets. Besides, the algo-
rithm proposed by Alessandretti first predicted the price of digi-
tal currencies and then built portfolios based on the predictions.
The goal of portfolio is to maximize the investment returns and
therefore it is different from prediction of asset prices. The perfor-
mance of this work highly depends on prediction accuracies, but it
is difficult for a network to predict prices in the digital currency
market.

The Deep-reinforcement learning (DRL) has gradually emerged
in applications of video games, chess games and traffic manage-
ment since 2015 [9]. This is mainly because the DRL can learn in-
dependently according to the rules provided. The application of re-
inforcement learning(RL) in portfolio management began in 2001,
Dirk presented a kernel-based reinforcement learning method to
overcome the disadvantage of instability in reinforcement learn-
ing. They focused on learning in an average-cost framework and
on a practical application to the optimal portfolio choice prob-
lem [10]. Jiang et al. conducted portfolio using a combination of
convolutional neural networks(CNN) and reinforcement learning
in [11]. Saud et al. proposed a recurrent reinforcement learning
method with an adjusted objective function [12]. In 2019, Saud
et al. extended their recurrent reinforcement portfolio with a com-
bination of the recurrent reinforcement learning and a particle
swarm algorithm with Calmar ratio [13]. In recent years, the Deep-
reinforcement learning(DRL) has paved another way for portfolio
management in the virtual currency market. The DRL is an algo-
rithm that integrates the powerful feature representation of Deep
learning [14,15] and the efficient strategy search of Reinforcement
learning [16,17]. The DRL is not a simple superposition of the Deep
learning and the Reinforcement learning, but a fusion of the two
algorithms. Jiang et al. tried to manage portfolio in the virtual cur-
rency market with deep-reinforcement learning [11]. However, the
virtual currency market is not stable and price is always volatile.
The deep networks proposed by Jiang were only a simple superpo-
sition of convolution kernels. Their proposed method could only

extract shallow data information but ignored potential relation-
ships between assets.

In order to further solve the above issues, this paper proposed
a network based on the DRL in the virtual currency market. The
main contributions of this paper were:

(i) Firstly, the XGBoost is applied to quantify the importance of
historical data features and then our system takes the three
most important features as inputs. The existing research on
virtual currency tended to use all historical data features as
inputs including open price, close price, high price, low price
and volume [6,8]. In [11] Jiang et al. directly used close price,
high price and low price as inputs without theoretical expla-
nation. Our paper use the XGBoost to prove the rationality of
choosing close price, high price and low price as inputs.

(ii) Secondly, a novel separable convolution and three-
dimensional attention gating networks are proposed to ex-
tract historical data features. The input is three-dimensional
and respectively represents the number of assets, the length
of time series and the corresponding features(features stand
for close price, high price and low price). The price changes
of the same asset in different periods have certain rules to
follow, and the growth rate of different assets at the same
time will have some potential relationships. Obviously, the
two relationships mentioned above are different concepts.
Classical Convolutional Neural Networks(CNN) are not able
to dependently deal with information from all channels and
the original depth convolutions Xception [18] only worked
on a single channel. Therefore, a novel separable convolution
is proposed in this paper to handle this issue. In addition,
our proposed three-dimensional attention gating networks
also act on all three dimensions, whereas other attention
networks usually act on one dimension only(like [19]).

(iii) Thirdly, our proposed system is an end-to-end model which
directly outputs the final trading action without predict-
ing asset prices. As shown in [8], they established invest-
ment portfolios based on the predictions of virtual currency
prices. It is clear that building portfolios after prediction is
not an efficient method. Moreover, many existing attempts
to create portfolios are based on limited assets [12,13,20]. In
this paper, we build portfolios using a pool of 20 assets.

2. Methods
2.1. Selection of features

The data used in this paper is from Poloniex Trading Platform.
Poloniex founded in 2014 is one of the world’s leading virtual cur-
rency exchanges. Virtual currency market has the advantages of
high transparency, low inflation and convenient trading. The ex-
istence of virtual currency market makes it easy for the public to
obtain historical data, even minute-level historical data.

The environment in Reinforcement learning is the virtual cur-
rency data, which is composed of close price, high price, low price,
open price and volume. The historical data obviously contains a lot
of redundant information. If we study this useless information, we
would waste a lot of computation, failing to meet the original in-
tention of this method. The first task of this paper is to pick out
the most important features from historical data.

This paper uses XGBoost to evaluate the importance of all fea-
tures [21]. The inputs are close price, high price, low price, open
price and volume and the outputs are importance scores of the
five features. Hence input data X consists of xq, x5, -+, X5 :

X:(X],X2,~~~,X5). (1)
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Table 1
Feature importance scores in each currency.

currency  close(%)  high(%) low(%) open(%) volume(%)
xmr 66.4 10.9 17.4 2.5 2.8
eth 66.1 9.5 12.6 5.9 5.9
zec 39.8 24.7 15.8 10.5 9.2
fct 63.9 9.5 18.9 7.7 0
rusdt 83.3 2.5 9.2 5.0 0
etc 66.6 123 19.3 1.8 0
rep 62.8 159 17.1 2.5 1.7
Xrp 100 0 0 0 0
dash 52.7 18.6 21.0 7.0 0.7
maid 86.7 2.5 10.0 0.8 0
ste 82.8 3.1 12.5 0 1.6
Isk 88.6 5.7 5.7 0 0
Itc 59.4 16.0 14.4 9.8 0.4
gam 100 0 0 0 0
xem 83.7 7.0 7.0 2.3 0
nav 100 0 0 0 0
bts 100 0 0 0 0
dog 42.7 223 20.9 9.7 4.4
sc 100 0 0 0 0
Xcp 76.3 23.7 0 0 0

The core of XGBoost is to add decision trees continuously. The
output score y is the sum of K trees.

K
7= flx). 2)
k=1

The objective function of XGBoost consists of a loss function
and a regularization term.

5 K
obj = Y loss(yi, 9 + 3 ACf), (3)
k=1

i=1
where 215:1 loss(y;, 7;) is the loss between output score j; and real

price y; and Zf:1 A(f) is regularization term used for alleviating
overfitting. Z’,le A(fy) is expressed as follows:

1) =T+ S|, (4)

where T is the number of leaf nodes and w is the score of a leaf
node. y and o are hyperparameters. For the k-th tree, the pre-
dicted price can be expressed as:

O =9 + fitx). (5)
So the objective function turns to:

5 K
obj =Y lossyi. 9V + fix) + Y A(fi)- (6)
i=1 k=1

The final selection is determined by each feature’s output score.
A higher score indicates a higher importance. Twenty kinds of vir-
tual currencies are chosen to compose the portfolio pool. As shown
in Table 1, we calculated the scores of each feature importance in
each virtual currency. The aim of feature selection is to pick out
three most important features to avoid redundant information, and
hence we also calculate the final scores of the portfolio pool shown
in Fig. 1. The final scores are the average of twenty assets.

In Fig. 1 the close price gets the highest score, and the high
price and the low price are respectively with the second and third
highest scores. Therefore, the input data in this paper is chosen as
close price, high price and low price.

2.2. Proposed method

2.2.1. Trade with reinforcement learning
The Reinforcement learning focuses on goal-directed learning
from interactions. Reinforcement learning is a process where the

1.335%
Mlclose 3.275%
high
low 10.090%
I open
Bvolume 9.210%
76.0909
Fig. 1. Final feature importance.
environment
action reward state

Fig. 2. Interactive process of Reinforcement learning.

system acts spontaneously to influence the environment [22]. Gen-
erally speaking, the Reinforcement learning builds models through
the Markov decision process(MDP), and hence the Reinforcement
learning could be represented by <S, A, T, R>, where S is the
state space, A is the action space, T is the state transition function,
and R is the reward function. As shown in Fig. 2, the Reinforce-
ment learning includes five elements: environment, agent, action,
reward and state. Upon receiving the agent’s action, the environ-
ment’s state will immediately change and a reward signal will be
sent to the agent as a feedback. Afterwards the agent will take ac-
tion according to the reward and the state signals, and the agent
is able to learn from experience without priori knowledge.

DRL updates parameters in each iteration by a policy gradient
algorithm which is optimized by gradient descent [9]. It calculates
the expectation of the strategy repeatedly and reports the noise
estimation of the gradient. The policy is updated according to the
gradient direction. The policy gradient algorithm is able to directly
optimize the expectation of a reward, thus it is more advanced
than other reinforcement learning methods. In the portfolio prob-
lem, the agent is the one who executes trading actions in the mar-
ket. The market includes all historical transaction data. In deep-
reinforcement learning, the transaction actions are outputs from a
deep network. The structure of the deep-reinforcement learning al-
gorithm of the portfolio is shown in Fig. 3.

For a market with continuous data, the closing price at time t
is also the opening price at time ¢t + 1. The relative price vector at
time t is defined as:

Ve = [1 (%W Vot N Um.t i| 7)

Vit-1 Va1 Um,t-1
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Fig. 3. Structure of deep-reinforcement learning.

where y; is the quotient of the closing and opening prices of all
assets at time t, then it can be used to calculate relative changes of
the total portfolio value in a period. Assuming P,_; is the portfolio
value at the beginning of time t, we have:

B =P 1yt - Wi, (8)

where w;_; is a weight vector of each asset at the beginning of
time t. The dimension of the vector is m + 1. The first dimension
stands for the remaining capital and m which is equaled to 20 rep-
resents the number of total assets. Therefore, the initial value of
the weight vector of each asset is set to wy =[1,0,0,---,0]" indi-
cating that no fund is allocated to any asset at the beginning.

Transactions in a practical market are not free, and hence each
transaction will cost a certain commission. At the beginning time t,
the portfolio’s action vector is w;_1. Because of the price changes,
the action vector transforms to w; after time t:

w, = Y Wit 9)
Ve - Weq
where x represents the elementwise production and the agent’s
task is to redistribute the weight vector w; by buying or selling
relevant assets. w; is composed of the asset weight and the cap-
ital weight. The capital weight represents the proportion of idle
funds to total funds. The asset weight represents the proportion of
each investment asset to total funds. Portfolio values with a factor
Ju¢ represent the practical values after deducting commission. The
practical portfolio values at time t is P/ = u.P;. The relative return
P at time ¢t is:
PF-F, K

A N

=1 =peye -wr 1 -1, (10)

where P/ , is the practical value at time t — 1. The corresponding
logarithmic return is expressed as:

/

re=In 5 = In(peye - wea). (11)
t-1
The final value of the portfolio is expressed as:
tr+1 tr+1
Pr=nexp| Y re | =P [ [ (eye - wen), (12)

t=1 t=1

where Py is the initial funds 1 BTC. The goal of deep-reinforcement
learning is to maximize Py.

The Reinforcement learning aims at conducting appropriate
transactions between the market and the agent. An action is taken

by Reinforcement learning networks and whether to sell or to buy
relevant assets is determined by their weights.

Specifically speaking, price data is sampled every 30 minutes
and hence 30 minutes is defined as a time step. At the end of each
time step, funds will be reallocated to all assets by Reinforcement
learning networks. We assume that the portfolio is composed of m
kinds of assets and that the number of total time steps is tr. Ve is
the close price vector composed of m elements, where ¢t means the
t-th time step. Particularly, V;, stands for the close price of the i-th
asset at the t-th time step. V; is defined as follows:

Vi= e Ump). (13)

Close price, high price and low price constitute input data X;.
Assuming the length of input is n, the relative price V/ is defined
as:

Vo Vio Vo
’_ t—n+1 Vt-n42 t—1
\4_[7‘/[ . ,1], (14)
where V/ is the relative change compared to V; and 1 stands for a
m-dimension vector [1,1,...,1]7. Similarly,hV/, IV/ are defined as:
hV_ hv;_ hV;_
’ _ t—n+1 t—n+2 t—1
hvt_[ R o ,1]. (15)
1% 1% 1%
w oo | Yt Wene e f 16
t[M,M,,M, (16)

So the practical input to Deep learning networks X; is:
X = [V, hv/, IV/]". (17)

The total volume of each virtual currency is high, but the in-
vestors usually purchase in the volume of 0.001. Therefore the
transactions are relatively small. In a virtual currency market, the
agent’s buying and selling behaviors will not affect the future
price. But the trading action made at time t will affect the reward
value at time t + 1. The reward is a feedback signal which will af-
fect the fund allocation in the following tradings. The agent’s ac-
tion a; at time ¢t can be expressed by portfolio vector wy:

ar = We. (18)

Previous action w;_ affects the following reward signal and X;
is considered as one part of the trading environment. Current state
st consists of two parts: the external state and the internal state.
The external state is a three-dimensional price matrix X; and the
internal state is the last portfolio action weight vector w;_;.Thus
the state at time t can be expressed as:

St = (X, wet). (19)

The agent’s objective is to maximize the final portfolio value of
Py. Because the agent is not able to control the initial investment
value and the time range of the whole portfolio process, the goal of
deep-reinforcement learning is just to maximize the average loga-
rithmic cumulative return R:

tr+1 tr+1

1 Pf 1
nf_——Eln W _——ET, 20
(PO) tf - (Ml'yt t 1) tf t=1 t ( )

R=—I
ty
where R is a cumulative reward and % ensures the fairness of

the reward function with different lengths. The strategy is imple-
mented by a mapping function from state space to action space,
namely A = 7, (S). Therefore, the reward function during [0, tf] is:

Jio.,1(70) = R(s1, 70 ($1), -+, St 7o (St ), Sep1)- (21)
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Fig. 5. Structure of Deep learning networks.

2.2.2. Reward optimization with deep learning

As shown in Fig. 4, the original inputs X are composed of x;,
X2, X3, X4 and x5 in formula (1). After feature selection, the three
most important features will be chosen as the practical inputs to
our networks. X; = [V/, hV/, IV/]T is the practical inputs to our net-
works. Our networks will output the trading actions W; and then
the relevant actions and historical data will be recorded. Next, our
system will deduct transaction costs. The stop signal is the end of
our transaction date. If the transaction date is not the deadline,
then our network will continue to run. Our network will adjust
parameters according to the objective function in formula (20). If
the transaction date is the deadline, our solution will exit and start
a new training cycle. The whole process will be repeated 300,000
times.

The agent is responsible for the purchase and sale of assets.
This progress can be depicted by a mapping function : S — A,
which maps state space to action space. In fact, the mapping func-
tion is just realized by Deep learning networks. In order to get the
best result, the gradient descent algorithm is used to adjust map-
ping function’s parameters 6. The cost function during [0, tf] is de-
fined as follows:

Go.ef)(Tg) = —R(S0. 7o (S1. - - ., Sef. To (St s Sefe1)))- (22)

Our goal is to minimize —R and it is equivalent to maximize R.
The parameters 6 are continuously updated with a learning rate «:

0 —>9—C(V9 C[Oqtf](ﬂ'g). (23)

Our proposed Deep learning networks are illustrated in Fig. 5.
The input X; composed of close price, high price and low price,
which will be processed independently. The original CNN is pro-
posed by LeCun et al. to solve handwritten digit recognition [23].
The algorithm of the CNN can be expressed as:

Convg(X) =X «W. (24)

In the above formula, X is the input of the CNN, and W rep-
resents weights. K represents the kernel size of the CNN. In this
paper, the above formula is used to express the CNN algorithm.

The 1 x 1 convolution will be activated by the ReLU [24] which
can be expressed as:

X, X > 0

0,x<0 (25)

RelU (x) = {

Then the features will be processed by the proposed depth con-
volution, which combines 1 x 5 and 5 x 1 kernels. In the following
three-dimensional attention gating module, the features are accu-
rately calibrated. w;_; will be concatenated afterwards. The sub-
sequent 1 x 1 convolution sorts out the channels and the net-
work outputs action w; after being regulated by a softmax function
which can be expressed as:

exi
Py = = o
J

On one hand, in feature selection it has been shown that the
importance of each channel is not identical. On the other hand,
the inputs are 20 assets in a time series, each importance is dif-
ferent both in time dimension and category dimension. Since the
emergence of convolution, many researchers have been continu-
ously improving and optimizing it. Xception proposed the idea of
depth separable convolutions [18]. Deep separable convolution is
an efficient and lightweight convolution structure, because it oper-
ates on the channels separately. Its characteristics motivated us to
propose an unique depth separable convolution.

As shown in Fig. 6(a), the six-channel feature map is obtained
after a 1 x 1 convolution. Each channel will be further processed
by a separate 5 x 5 convolution which helps distinguish channels
with different importances. The height of inputs represents asset
types and the width represents the length of time series. In this
paper, the depthwise convolution is further decomposed, namely a
combination of a1 x 5and a 5 x 1 convolutions is used to replace
a5 x 5 convolution. In Fig. 6(b), six groups of a1 x 5and a5 x 1
convolution are used to handle the feature map. The 1 x 5 con-
volution integrates different time information and the 5 x 1 con-
volution integrates information of different currencies. Finally, the
output is 12 channel feature maps. Features with the red chan-
nel capture time dimension correlation and features with the blue
channel capture different currency correlation.

Portfolio is committed to maximizing the final return. In the fi-
nancial market, asset prices soar quickly and rarely. If investors fail
to seize these opportunities, the final investment returns will prob-
ably be greatly discounted. However, it is difficult to seize the op-
portunity of price rise only with convolution networks. In dealing
with financial time series data, more attention needs to be paid to
stages of price rise. Introducing an attention mechanism into Deep
learning has become an effective means to improve the network
performance. Hu et al. proposed a SE module based on the gated
mechanism [19]. As shown in Fig. 7, the SE module assigns differ-
ent weights to each channel by squeeze and excitation operations
to recalibrate the features.

The SE module is a computing unit, which is able to further
deal with feature channels. Assuming input X transfers to U after
previous convolutions:

(26)

U = Fr(X), (27)
where U is composed of c-channel information. U =
(U1, Uz, -+, uc) and X e RA>WXC' [j ¢ RHxWxC

Squeeze operation is the aggregation of global spatial informa-
tion through global average pooling. In detail, it reduces the spatial
information of U to get the SE module z € RC. The c-th element of
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Z can be expressed as follows:

1 H w
Ze = Fyq(ue) = HxW Zzuc(i, i)}

(28)
i=1 j=1
Then the SE module performs the excitation operation:
s=Fx(ZW) =0 (@gZW)) =0 W6(W1,)). (29)
where s = (51,83, ---,5c), 6 represents a ReLu function and o

represents a sigmoid function. Besides, W; e R¥*C, W, e RO*F, in
which r is the reduction ratio equivalent to 16.
The final output of the SE module is:

U'=[U;.U;, - U], (30)

where U/ = Fqpe (Ue, S¢) = Sc - Uc and Fyqpe(tle, S¢) involves the mul-
tiplication of scalars and features.

The SE module calibrates the weights of feature channels,
which is effective in processing image information. But the SE
module only compresses spatial information roughly without ac-
curate calibration. The importance of financial information varies
from time to time, especially when dealing with portfolio prob-
lems, where the rise and fall of assets always occur suddenly. In
addition, the proportion of the total fund allocated to an asset
needs careful consideration. Obviously, the classical Convolution
Neural Networks(CNN) and ordinary gated mechanism are not able
to effectively solve portfolio problems.

To solve this dilemma, a three-dimensional attention gating
network is proposed. The structure of the three-dimensional at-
tention gating network is shown in Fig. 8. The size of the feature
graph is W x H x C. Firstly, the network respectively performs

Fig. 8. Three-dimensional attention gating network.

global average pooling on three dimensions and the correspond-
ing weight vectors are zy, zy and z¢. Formulas (31) to (33) are as
follows:

H
2w = F(tw) = = > Y w0k, (31)
i=1 k=1
1 Lw
zn = Fq(un) = = > unk, ), (32)
k=1 j=1
1 HwW
zc = Fyq(uc) = mzzuc(i,j)v (33)
i=1 j=1

wherezyy, € RY, zy € RH and zc € RC. These three vectors rep-
resent information in each corresponding dimension. The three-
dimensional attention gating network is similar to the gating
mechanism in the recurrent neural networks, which is composed
of two fully connected layers. In the proposed attention gating net-
work, the output number of the first fully connected layer is r
times the number of inputs,and it is activated by the ReLu. The sec-
ond fully connected layer restores features to their previous sizes
and assigns weights between (0,1) to them by a sigmoid activation
function as:

1
S®) = 1+e*
The specific process is shown in formula (35) to (37):

Sw = U(W28(W]Zw)), W1 € RrWXW, Wz € RWXTW,

(34)

(35)
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(a) Inputs (b) Weights (c) Outputs
Fig. 9. Visualization of feature maps.
sy = o (Wad (Wiazy)), Wy € RTXH W, e RH<H (36)
sc = 0 (Wed(Wszc)), Ws € RC, We € R, (37)

where § stands for a ReLU function and o stands for a sigmoid
function. r is the increasing ratio and the selection of r will be
given in the following section.

The last step of the three-dimensional attention gating net-
work is the fusion of three vectors. Assuming that the weights
of the three vectors are respectively [mg, mq,---,my_1], [, Ny,
-+, np_q] and [kg, kq, - -+, kc_1], the final weight vector will be:

Wopq = Mo + 1 + kq. (38)

where oe[0,w—1], pe[0,h—1] and qe[0,c—1]. Compared
with the SE module, our three-dimensional attention gating net-
work evaluates the importance of all three dimensions. The value
of Wopq ranges from 0 to 3. When Wpq belongs to (0,1), it sup-
presses corresponding features. And when the weight belongs to
(1,3), it enhances the features.

The original input, weight matrix Wyps and the recalibrated
features are visualized in Fig. 9. The input with 20 rows and 24
columns is shown in Fig. 9(a), and its features are not yet recal-
ibrated. For this messy input, we are not able to clearly identify
important features. After the proposed three-dimensional attention
gating network, the darker elements of the weight matrix indi-
cate that they have relatively larger values and the figure indicates
that six moments of historical data and nine assets are enhanced.
As shown in Fig. 9(c), the recalibrated figure directly shows those
more important features.

3. Experiments & results

Unlike traditional financial products, the virtual currency could
be influenced by a number of factors (including investors’ confi-
dence and relevant regulation policy). Based on this, this paper
chooses virtual currencies as the assets in a portfolio to demon-
strate the efficiency of our proposed method. The experimental
data is obtained from Poloniex Trading Platform and the data is
sampled every 30 minutes. The portfolio is composed of 20 digital
currencies, which are the most popular 20 digital currencies in the
market. As an effective way to judge trading strategies, back test
experiments will test the effectiveness of strategies with historical
data. Four back test experiments and two validation experiments
are performed in this paper. The time ranges of these experiments
are shown in Table 2. Virtual currencies soared sharply in the mar-
ket of Back testl. The markets in Back test2 and Back test3 were
relatively stable. While the market environment in Back test4 was
bad because most virtual currencies declined sharply. In order to
adjust network parameters in different market environments, we
totally set two validations, where validation1 is a stable market
and validation2 is a recession market. In all experiments, shorting
is not allowed and 0.25% of transaction cost will be deducted for
each transaction. The initial capital for all experiments is 1 BTC.

Table 2
Details of time.

Experiments  Training time Testing time
validation 1 14/02/01 to 15/12/04  15/12/05 to 16/02/01
validation 2 16/03/01 to 18/01/04  18/01/05 to 18/03/01

Back test 1
Back test 2
Back test 3
Back test 4

14/08/01 to 16/06/04
15/02/01 to 16/12/04
15/08/01 to 17/06/04
16/02/01 to 17/12/04

16/06/04 to 16/08/01
16/12/05 to 17/02/01
17/06/04 to 17/08/01
17/12/05 to 18/02/01

Markowtiz held the view that an effective portfolio manage-
ment method can maximize returns under certain risks or mini-
mize risks when returns are consistent. Therefore, this paper will
evaluate the portfolio from both perspectives of the return and the
risk.

Assuming that the value of assets in the t-th time interval of
the i-th currency is P;,, in order to evaluate the return of the port-
folio, we define the average return as:

m ty

Rave = Z Z %, (39)

i=1 t=1

where m is the number of assets(m equals to 20 in this paper). ¢
represents the total length of the time series and R;, represents the
return in the t-th time interval of the i-th asset.

The Sharpe ratio is one of the indicators used to assess the
portfolio risk, the index was created by Sharpe. It uses the stan-
dard deviation of returns as a measurement to evaluate the excess
earning per unit risk. The Sharp ratio is shown in the following
formula:

E(R:) — Ry

Sharperatio = —————,
P o (Ro)

(40)
where Rf is a risk-free return, E(R;) and o (R;) respectively represent
expectations and variances of returns.

Another risk assessment is the maximum drawdown. The max-
imum drawdown is used to assess the relative risk of two adjacent
periods, it measures the largest value decline rate in the portfo-
lio. The smaller the maximum drawdown is, the smaller the short-
term loss is. The definition of the maximum drawdown is defined
as follows:

R: — R

maxdrawdown = maxtTm, te(1.ty), (41)
t

where R; and R;,; represent the return in the t-th and the (¢t + 1)-

th periods respectively.

3.1. Experiments on structure of a three-dimensional attention gating
module

Inspired by the SE module, we proposed an attention gating
module. Although Hu et al. conducted a lot of experiments on the
SE module structure [19], the data used by Hu et al. is image infor-
mation only. To solve the portfolio problem, it needs to do further
experimental verifications with digital currency data. In this part,
we carried out a series of experiments on the three-dimensional
attention gating module. The purpose of these experiments is to
finetune the module’s structure. All experimental data belongs to
validation1 and validation2.

In the proposed attention gating network, the hyperparameter
r is used to construct the fully connected layer. The selection of r
determines the model size and memory consumption. In order to
balance the computational efficiency and the gating module size,
we perform relevant experiments on an increasing ratio r. The up-
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Table 3

Results of different increasing ratio.Squeeze oper-
ation is Average Pooling and the excitation opera-
tion is Sigmoid function. Kernel size is 1 x 5&5 x
1.

Ratio  Return(BTC) SR MDD(%)
4 5.828 x 10'©  0.2854  26.32
8 6.046 x 108 0.2257  25.77
16 2.136 x 10" 0.3001 2143
32 1336 x 10 0.2845  27.50
4 0.253 0.0437  37.47
8 0.487 0.0600  29.03
16 1.258 0.0784  31.57
32 0.105 0.0248  37.62
Table 4

Results of different squeeze operation with increas-
ing ratio=16. The excitation operation is Sigmoid
function and kernel size is 1 x 5&5 x 1.

Squeeze  Return(BTC) SR MDD(%)

Max 5.745 x 108 0.2242  24.83

Avg 2.136 x 10" 03001 2143

Max 0.246 4.40 32.59

Avg 1.258 0.0784 31.57
Table 5

Results of different excitations with increasing ratio
r=16. The squeeze operation is Average Pooling and
kernel size is 1 x 5&5 x 1.

Excitation Return(BTC) SR MDD(%)
RelLU 2.248 x 100 0.2887 21.76
Tanh 2.248 x 10'°  0.2813  26.24
Sigmoid 2.136 x 10" 0.3001 2143
ReLU 0.213 0.0432  37.62
Tanh 0.145 0.0322  39.13
Sigmoid 1.258 0.0784 31.57

Table 6

Results of different kernel sizes with increasing ratio
r=16. The squeeze operation is Average Pooling and ex-
citation operation is Sigmoid function.

Kernel size Return(BTC) SR MDD(%)
3x3 2.532 x 10'° 02925 27.25
1x3&x1 1.089 x 10" 02996  27.09
5x5 7.167 x 10° 0.2645  26.69
1x5&5x1 2136 x 10" 03001 2143
7 x7 1.327 x 10° 0.2661  22.69
1x7&7 x1 2064 x 10" 02764  26.71
3x3 0.429 0.0575  32.68
1x3&3x1 0398 0.0526  37.71
5x5 1.125 0.0756  34.75
1x5& x1  1.258 0.0784  31.57
7 x7 1.018 0.0734 32.72
1x7&7x1 0298 0.0463  37.07

per half of Table 3 ! shows the results of validation1, and the lower
half is the results of validation2. A portfolio generates the highest
return when r is equal to 16 in both validations. The Sharp ratio
is also the highest at this time, and it shows that under the same
risk, increasing ratio to 16 is the most reasonable choice. From the
perspective of short-term risk, r =16 reduces the short-term risks
as much as possible. In validation2 r =16 also effectively controls
the short-term risk. When the increasing ratio is 16, the goal of
maximizing benefits is achieved.

1 Table 3-6 are divided into two parts, the upper part is the result of validation1
and the lower part is the result of validation2.

In squeeze operation, we need to compress a feature map
into a real number. In squeeze operation, we actually have two
choices which are global average pooling and global max pooling.
As shown in Table 4, the effects of these two squeeze operations
are different. Average pooling is obviously superior to max pooling.
Although they are very close in max drawdown index, global aver-
age pooling is still better than global max pooling.Therefore, the
most suitable squeeze operation is global average pooling.

The excitation is realized by two fully connected layers. It is
more reasonable to choose a non-linear activation function in the
fully connected layers. Scholars generally believed that the RelLU
is better than other non-linear activation functions, which is veri-
fied in the first fully connected layer. However, in the second fully
connected layer, an unexpected situation occurres. As shown in
Table 5, the ReLU is almost the same as tanh, and even inferior to
tanh in max drawdown index. Surprisingly, the sigmoid function
not only greatly improves returns, but also significantly controls
the short-term risk. So the excitation in the second fully connected
layer is the sigmoid function.

3.2. Experiments on structure of separable convolution

Each channel of the feature maps will be calculated by separa-
ble convolutions, and hence the size of convolution kernel has a
great impact on the final return. Convolution kernels with the size
of 3 x 3,5 x 5and 7 x 7 are used. Smaller convolution kernels
are introduced in this paper: for example, a 3 x 3 convolution ker-
nel is replaced by a combination of a 1 x 3 and a 3 x 1 kernel.
The experimental results are shown in Table 6. In validation1, the
combination of small convolutions is obviously better than ordi-
nary convolutions, especially the 1 x 5&5 x 1 convolution achieves
the best results. In validation2, the effects of the two methods are
very close, but the results of the 1 x 5&5 x 1 are still the best.

3.3. Results of back test

Several algorithmic models and two benchmarks are introduced
to test our model. The Best Stock (Best) is a benchmark widely
used in portfolio selection, whose trading strategy is to invest in
assets that have the best returns in the past [25]. The Uniform
Constant Rebalanced Portfolio(CRP) is a more challenging bench-
mark, which distributed the investor’s funds equally to each as-
set in each round [26,27]. Inspired by the mean reversion prin-
ciple of financial algorithm and the confidence weighting tech-
niques in machine learning, the Confidence Weighted Mean Rever-
sion(CWMR) built a model on the basis of the Gauss distribution
and updated the model according to the mean reversion trading
principle [5]. Unlike traditional trend tracking methods, the Pas-
sive Aggressive Mean Reversion(PAMR) built models on the mean
regression relationship of financial markets [4]. In addition, we also
carried out relevant experiments on classical Convolutional Neu-
ral Networks(CNN) as comparisons. The structure of the classical
CNN is shown in the Fig. 10 where the input X; is processed by a
5 x 5 convolution separately. Without the proposed depth convo-
lution and three-dimensional attention networks, the model struc-
ture of the CNN is consistent with that of our proposed model.

Four sets of Back tests are conducted in this paper. Back testl
uses the historical data from 2014.08.01 to 2016.08.01. At that time,
many currencies showed upward trends, therefore it was the so-
called bull market. Markets in Back test2 and Back test3 were very
stable and the currency trends were relatively steady. Back test4 is
from 2016.02.01 to 2018.02.01, during which all currencies suffered
severe losses. The final experimental results of each algorithm are
shown in Fig. 11 and the specific evaluation indicators are also pre-
sented in Table 7-10. In Back test 1, both the PAMR and the CWMR
are profitable trading strategies. Their final returns are high, but
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Table 7
Back test 1.
Input 1 Algorithm  Return(BTC) SR MDD(%)
Xt I ~—* conv —>3> I < 1 Best 0.170 0.0308  39.07
CRP 0.078 0.0407  15.85
PAMR 14.497 0.1031  35.13
CWMR 13.397 0.1007  36.33
Wt-1 CNN 0.050 -0.0008  10.01
Ours 80.019 01369 2479
Table 8
1x1 Back test 2.
= concatenate -/ ReLU ,
conv Algorithm  Return(BTC) SR MDD(%)
Best 0.094 0.0208  56.33
capital 1 asset CRP 0.060 00197  17.96
. I softmax . PAMR 0.019 -0.0101  79.60
weight 1 weight CWMR 0.015 00142 81.39
CNN 0.490 00779  17.04
Ours 2.069 0.0946  18.83

Fig. 10. Classical CNN model.

their maximum drawdown indices are 35.13% and 36.33% respec-
tively, which indicates that even in a promising market their short-
term risks are quite high. In other three market conditions, the two
strategies suffer great loss. It seems that the PAMR and the CWMR
are not effective in stable or turbulent conditions. Traditional CNN
is profitable in Back test2 and Back test4. However, it suffers loss
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in Back test1 and Back test3 and it proves that the basic CNN is
not able to utilize deep features of historical data. The Best profits
in all four experiments and the CRP also profits in three experi-
ments. However, due to their inflexible investment strategies, these
two algorithms also have some limitations. On one hand, both of
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10" . . .
—Ours
— —Cnn
(@)
o
=400
E10
=
e
@
2
®10
(O]
>
<
2 .

12-25 01-04 01-14 01-24
Time

10° ‘
12-05 12-15 02-01

(b) Back test2

1
10 =—Ours
—Cnn
e
m 10°
€
=
Q-
o 10
[@)]
©
2
< 102 |

12-05 12-15 12-25 01-04 01-14 01-24
Time

(d) Back test4

Fig. 11. Results of backtests.
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Table 9

Back test 3.
Algorithm  Return(BTC) SR MDD(%)
Best 0.071 0.0184 36.89
CRP 0.042 -0.0078  44.67
PAMR 0.018 -0.0125  90.00
CWMR 0.015 -0.0166  91.68
CNN 0.041 -0.0001  46.21
Ours 5.102 0.0989 33.42

Table 10

Back test 4.
Algorithm  Return(BTC) SR MDD(%)
Best 0.323 0.0425 49.25
CRP 0.123 0.0405 37.81
PAMR 0.003 -0.0298  96.67
CWMR 0.002 -0.0327  97.01
CNN 0.122 0.0409 36.68
Ours 1.963 0.0696 50.81

Table 11

Extension 1.
Algorithm  Return(BTC) SR MDD(%)
Best 1.992 0.0208 28.33
CRP 0.984 0.0007 29.12
PAMR 0.112 -0.0169  89.98
CWMR 0.088 -0.0194  92.17
CNN 0.890 -0.0206  15.13
Ours 4944.069 0.1352 31.38

on the other hand, their extremely high maximum drawdown in-
dicators imply that investors may suddenly lose a huge amount of
wealth. Our proposed method makes profits in four experiments.
Compared with the Best and the CRP, the proposed system in this
paper earns the highest returns, especially in Back test 1. The ex-
perimental results show that our method profits in different mar-
ket environments. In the meanwhile, the maximum drawdown in-
dex of our method is quite low in the first three experiments. In
Back test4 with a bad market condition, its maximum drawdown
index is only 1.5% higher than that of the Best. This proves that
the short-term risk can be limited within a reasonable range by
the proposed system.

3.4. Robustness in a more complicate market

Digital currencies soared sharply in the market of Back testl.
The markets in Back test2 and Back test3 were relatively sta-
ble. The market environment in Back test4 was bad because most
digital currencies declined sharply. Although the four back tests
have different market conditions, they are in a single market en-
vironment and do not involve with more complex changes. Pro-
longing training time will complicate the situations of digital cur-
rency market. In order to verify the robustness of the model
in a more complex market environment, the time is extended
to three years(2014/02/01-2017/02/01) and four years(2014/02/01-
2018/02/01) respectively.

Extension 1 ranges from 2014/02/01 to 2017/02/01, during
which the initially stable market gradually became prosperous and
went to stable finally. The results of extension 1 are shown in
Table 11. Although all assets did not fall sharply during this pe-
riod, most of the algorithms still failed to achieve richprofits. Only
Best and our proposed system achieved profits. Obviously, com-
pared with the Best, the system in this paper achieved higher re-
turns. The main reason contributing to this result was that the pro-

Table 12
Extension 2.
Algorithm Return(BTC) SR MDD(%)
Best 10.401 0.0306 58.54
CRP 2.088 0.0209 51.62
PAMR 0.001 -0.0466  99.87
CWMR 0.001 -0.0495  99.91
CNN 1.987 0.0200 51.46
Ours 1445.633 0.0779 33.09
Table 13
Ablation study in validation 1.
Algorithm Return(BTC) SR MDD(%)
CNN 1.620 x 10° 02430 21.83

X

depth 1.329 x 10™ 0.2884 23.15

depth + three 2.136 x 10" 0.3001 21.43

/depth + three 1.604 x 10" 02401 33.15

Xception+three  1.045 x 10" 0.2693  25.31
X

depth+SE 2.114 x 10" 0.2778  21.40
Table 14
Ablation study in validation 2.
Algorithm Return(BTC) SR MDD(%)
CNN 0.875 -0.0056 25.53
depth 1.037 0.0387 53.72
depth + three 1.258 0.0784 31.57
/depth + three 1.721 0.0402 52.18
Xception+three  1.053 0.0434 36.78
depth+SE 1.121 0.059983  31.8364

posed system focused on the potential relationships between each
asset and its change rules in different time periods.

Extension 2 is a more complicate market. During four years, the
market gradually prospered after a stable period, and then went
through another stable period and finally entered the declining
situation. As shown in Table 12, algorithms of PAMR and CWMR
caused different degrees of loss and other algorithms achieved
profits. Unlike in Extension 1, both CRP and CNN were ultimately
profitable, but their five-year investment returns were very low.
After five years of investment management, their returns were im-
proved. Unfortunately, the MDD indexes of CRP and CNN were fur-
ther deteriorated, which indicated that the algorithm would suf-
fer a huge loss in the short term. Our proposed system achieved
the highest profits (though slightly lower than extension 2). The
MDD index of the proposed system was not deteriorated signifi-
cantly even in a bad market.

Two experiment groups with more complex market situations
were added, the proposed system still achieved stable returns. The
main reason is that the proposed model is not designed according
to a single investment strategy, instead,it studies the potential re-
lationship of each asset and its rules of price change at different
times.

4. Ablation study

The ablation studies were performed on validation 1 and val-
idation 2. As mentioned above, data of validation 1 came from
a bull market, and data of validation 2 came from a bear mar-
ket. The metrics are Sharpe ratio, maximum drawdown and fi-
nal return. The results are shown in Table 13 and 14, respec-
tively. The CNN stands for the classical convolutional networks
whose concrete structure is shown in Fig. 10. The depth and
three respectively represent our proposed depth convolutions
and three-dimensional attention networks. In addition, if feature
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selection is not conducted, we will add a | before the algorithm.
The depth-+three is our proposed model.

4.1. Feature selection

The three most important features were picked out through the
XGBoost. The model without feature selection was tested in both
validations. In validation 1, our proposed model achieved attractive
profits but the profit without feature selection was only one tenth
of that of the proposed model. Two risk indicators showed that
the model without feature selection was prone to make risky in-
vestment. Although the model without feature selection achieved
higher returns in validation 2, its extremely high MDD index indi-
cated that this model seemed to be very dangerous in a recession
market. It is effective to select important features to manage port-
folios in our model.

4.2. Depth convolutions

Our designed depth proposal is able to work on three dimen-
sions of data. Original depth convolutions only recalibrated weights
on the channel dimension (the third dimension of data), and the
CNN was unable to calibrate weights on data. When our proposed
depth convolution works alone, it beats CNN in both validation 1
and validation 2. When comparing the depth convolution with the
Xception, the depth model outperformed the Xception. Besides, the
indexes of Sharp ratio and MDD showed that the risk of our model
was lower than that of the Xception in both validations. The com-
parisons showed that the convolution acting on all three dimen-
sions is indeed effective in a virtual currency market.

4.3. Three-dimension attention networks

Three-dimension attention networks were dedicated to the
weight calibration of features emphasizing those moments when
prices rise. Results in both validations implied that the introduc-
tion of three-dimension attention networks increased the portfo-
lios profits (increased by 60% in validation 1 and 21% in valida-
tion 2). In terms of risk, the combination of depth convolution and
three-dimension attention networks was better than a single depth
convolutional model. The SE module in [19] was introduced as a
comparison. The SE module only affected the third dimension of
data and it actually improved profits over a single depth convo-
lutional model. Our proposed model made more profits than the
combination of the SE module and a depth convolution. One possi-
ble explanation was that the three-dimensional attention networks
were prone to control the risk. Observing the change of Sharp ra-
tio, we found that the model in this paper improved the index by
2% to 3%.

5. Conclusion & conclusion

Portfolio optimization is a hot topic in practical financial engi-
neering. Its purpose is to reasonably invest a group of assets to
maximize the investor’s return. In this paper, the XGBoost is used
to select the three most important features, which are close price,
high price and low price. Obviously, the importance of each feature
is not the same, and the classical convolutional neural networks
can’t distinguish them. Therefore a depth convolution is proposed
in this paper. It processes each channel individually with a com-
bination of a 1 x 5&5 x 1 kernel, and this approach not only accu-
rately calculates the channel information, but also integrates the
information of time and currency category. A three-dimensional
attention gating module is also proposed to seize opportunities
for asset growth. Finally, the Deep learning networks predict the
weights of all assets and then Reinforcement learning networks

buy and sell related assets according to the extracted features. The
experimental results show that compared with the traditional al-
gorithms, the proposed system in this paper can achieve higher
returns in different market conditions and also controls the short-
term risk within a reasonable range. In reality, the financial market
is a complex and volatile environment, thus it requires portfolio
management system to conduct real-time tranactions. In order to
improve the transaction speed, it is necessary to minimize param-
eters of the network without compromising the performance. Be-
sides, the traditional algorithms still show guiding significance in
portfolio. Therefore it is feasible to combine our method with the
traditional algorithms.
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