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Abstract—Nowadays the widespread adoption of cryptocurrencies (also referred to as Altcoins) has universalized the access
of the society to trading opportunities in alternative markets,
thereby laying a rich substrate for the development of new
applications and services aimed at easing the management of
personal investment portfolios. When selecting how much to
invest and in which asset it is often the case that multiple
criteria conflict with each other within a single decision making
process, which calls for efficient means to optimally balance such
contradicting objectives. In this paper we report initial findings
around the combination of Deep Learning (DL) models and
Multi-Objective Evolutionary Algorithms (MOEAs) for allocating
cryptocurrency portfolios. Technical rationale and details are
given on the design of a stacked DL recurrent neural network,
and how its predictive power can be exploited for yielding
accurate ex ante estimates of the return and risk of the portfolio.
These two objectives are complemented by a measure of the
diversity of the investment. Results are presented and discussed
with real cryptocurrency data, showcasing the potential of our
technical approach to produce near-optimal portfolios by balancing the aforementioned objectives. Our study stimulates further
research towards incorporating other relevant decision factors in
the design of predictive portfolios, such as the confidence of the
output of the DL model.

I. I NTRODUCTION
Since the advent of Bitcoin in 2008, the last decade has
witnessed a growing proliferation of new digital cryptocurrencies. As a consequence of the universal, unregulated access to
these trading assets, an unprecedented outbreak of applications
and services has allowed individuals to invest in these new
markets in a personalized, agile and autonomous fashion [1].
Indeed, this democratization of trading has been a catalyst
for the adoption of new technologies to optimize investment
portfolios; data models for time series forecasting and multicriteria optimization techniques are arguably among the most
prominent technological breakthroughs in this field.
From a general perspective, portfolio optimization refers to
the allocation of investments over a collection of financial
assets under optimality criteria set beforehand [2]. Different
theories have been developed so far in order to define under
which objectives a portfolio can be declared to be optimal,

such as a desired balance between the return of the portfolio
over a time period and the risk associated to the investment.
This example of optimality criterion lies at the core of the socalled Modern Portfolio Theory (MPT [3]). However, other
objectives have been proposed ever since in the literature to
characterize the investment universe, such as the diversification
of the portfolio, risk parity and other metrics alike.
When several portfolio quality metrics collide into a single optimization problem, their eventually conflicting nature
makes it more interesting to discover a set of portfolio solutions (a Pareto front) meeting differently yet optimally the
trade-off between such metrics. From an algorithmic point
of view many solvers have been applied to infer Pareto
front approximations in multi-objective portfolio optimization problems [4], with Multi-Objective Evolutionary Algorithms (MOEAs) arguably among the most widely resorted
approaches. In fact, single- and multi-objective optimizers
propelled by Evolutionary Algorithms (EAs) and Swarm Intelligence (SI) methods have been at the core of manifold
contributions in the last years, always dealing with traditional
investing assets from general trading markets [5]-[12]. Indeed,
this literature trend has been analyzed in a number of comprehensive surveys along the years, which have stressed on the
suitability of these bio-inspired optimization algorithms to efficiently undertake complex portfolio selection problems [13][15]. As a result, many other areas in finance and economics
have embraced the use of these heuristic solvers [16]-[18].
On another note, the prevalence of the return of investment
as an optimization objective in portfolio management has
given rise to the need for accurately predicting the selling
price of assets over the considered time period. Although
this has been traditionally a research arena for autoregressive
statistical models, the community has lately embraced the use
of machine learning to undertake this problem [19], [20], [21].
Surprisingly, scarce attention has been paid to Deep Learning
(DL), even though recurrent DL neural networks are renowned
for their capability to model long-term relationship within data.
This work takes a step further over the state of the art

reviewer above by proposing a novel predictive portfolio
optimization scheme for cryptocurrency markets based on
recurrent DL models and MOEAs. Specifically, the selection
of portfolios is driven by their economical return, the risk
entailed by the investment and its diversity. Our formulated
problem differs from the usual trend to consider the diversity
of the portfolio as a constraint imposed to the problem underneath. Our work instead advocates for including diversity as a
third objective to optimize by the solver at hand. To validate
the design of the proposed scheme we perform extensive
simulations over real cryptocurrency data with a benchmark of
different predictive models and MOEAs. The obtained results
1) shed light on the superior performance of the developed
DL model with respect to other machine learning models, and
2) evince which MOEAs provide better portfolios in terms of
their quantified Pareto optimality.
The rest of the paper is structured as follows: Section II
first formulates mathematically the multi-objective portfolio
optimization problem tackled in this work, whereas Section III
and subsections therein describe the proposed scheme, placing
emphasis on the design of the DL model and the benchmark
of MOEAs considered to address the aforementioned portfolio optimization problem. Sections IV and V respectively
describes the experimental setup and discusses the obtained
simulation results. Finally, Section VI concludes the paper and
sketches future research paths departing from this work.
II. P ROBLEM F ORMULATION
We consider N cryptocurrencies C = {c1 , . . . , cN }, where
cn may refer to Bitcoin, Ethereum or any other coin alike. We
consider that such currencies have historical closing purchase
and selling prices Pn = {ptn } and Sn = {stn }, where for the
sake of simplicity we consider daily prices, e.g., t is measured
in days, with t ∈ N and |Pn | and |Sn | equal to each other and
to a value depending on the lifetime of currency n. In this
context, a predictive portfolio Wt+∆ = {w1t+∆ , . . . , wnt+∆ }
can be defined as the vector of asset weights of each cryptocurrency that drives an investment made at time t on the
assumption that a sell command of the entire portfolio will
be issued at time t + ∆. As
usually assumed in portfolio
PN
management we enforce that n=1 wnt+∆ = 1, i.e. we require
that the weights sum to one to keep the investment equal to
the available budget.
Intuitively, the main issue in portfolio management is to
establish proper criteria for the selection of the values of
{wnt,∆ }N
n=1 . The most straightforward goal could be thought
of having the highest expected rate of return of the invested
quantity at time t + ∆, defined as:

 t+∆
N
X
ŝn − ptn
t+∆
b
,
(1)
R(W
)=
wn
ptn
n=1
where ŝt+∆
denotes the predicted selling price for crypn
tocurrency n. This prediction can be produced for every
cryptocurrency in the portfolio by means of a predictive model
Mθn learned from their historical selling price records, as

done recently in [22], [23] with different machine learning
algorithms. Here, θ stands for the hyper-parameters of the
model.
However, volatility of the cryptocurrencies and their historical correlation through time should be also accounted when
designing an optimal portfolio. As assumed in the renowned
Modern Portfolio Theory by Markowitz [3], investors prefer
to avoid taking any risk when investing their funds, so that
risk and expected return describe a clear Pareto relationship
that should be balanced optimally. In this regard, many metrics
have been proposed in the literature for the quantification of
the portfolio risk. In this work we embrace the use of the
Sharpe ratio [24], which measures the average return earned
per unit of volatility or total risk. When framed within the
aforementioned notation, the Sharpe ratio is given by:
t+∆
b
Γ(W
)=

t+∆
b
R(W
)
N
fσ (Wt+δ , {Pn }N
n=1 , {Sn }n=1 )

,

(2)

where fσ (W, {P}N
n=1 ) is an estimation of the volatility of
the expected return of the portfolio. This estimation can be
provided by several means, but arguably the most widely
adopted one is the variance of the rate of return of the portfolio
W computed over the historical record of purchase and selling
prices of its currencies. Specifically:
1/2
N
>
fσ (Wt+δ , {Pn }N
, (3)
n=1 , {Sn }n=1 ) = W ΣW
with Wt+δ arranged as a [N × 1] vector, and Σ denoting the
N ×N covariance matrix of the random variables representing
− ptn )/ptn
the historical evolution of the rates of return (st+∆
n
of cryptocurrencies {c1 , . . . , cN } along time.
Several strategies can be devised in order to keep the risk of
the portfolio at its minimum. Specifically, portfolio diversification can be thought of as the implementation of the popular
proverb ‘eggs should be always carried in different nests’:
this strategy seeks portfolios that achieve a certain level of
variability, thus avoiding too much concentration on a reduced
number of subsets. Such a variability is usually formulated as a
set of constraints included in the definition of the underlying
optimization problem, e.g., ωlow ≤ wn ≤ ωhigh , with ωlow
and ωhigh denoting thresholds tailored for the investment
scenario at hand. However, this variability can be instead
quantified by a function and regarded as a third objective for
the portfolio design. The entropy defined by Shannon in the
context of Information Theory can help us in this regard [25]:
H(Wt+∆ ) = −

N
X

wnt+∆ logN wnt+∆ ,

(4)

n=1

which equals 1 if wnt+∆ = 1/N ∀n (i.e. uniformly distributed
investment) and 0 if wnt+∆
= 1 and wnt+∆ = 0 for any
0
0
n 6= n . This being said, it should be made clear that maximizing a measure of portfolio diversity does not necessarily
aligns with the strategy needed to maintain a low risk, as
diversity does not account for the joint volatility of assets in
the portfolio. Furthermore, decoupling them in two isolated
objectives makes practical sense in cryptocurrency markets

N
X

subject to

(5)
wnt+∆ = 1,

n=1

which formally poses the predictive multi-objective portfolio
optimization problem that will be tackled by using DL models
and MOEAs. We next describe such an approach.
III. P ROPOSED A PPROACH
As has been anticipated in the introduction, our designed
scheme resorts to DL models for the prediction of the selling
price ŝt+∆
required to compute the rate of return and risk
n
of the portfolio as per (1) and (3). Following the schematic
diagram in Figure 1, a model Mθn per currency in the portfolio
is trained and updated every day. Predictions are fed to the
portfolio optimization module, which uses them to compute
the objective values of portfolios produced by a multi-objective
solver during its search process. Finally, the user is offered
a set of different portfolios differently trading among return,
risk and diversification, based on which he/she makes an
investment decision. We now delve into the details of every
compounding block of our proposed scheme.

ht = (1 − zt ) ⊗ ht−1 + zt ⊗ ct ,
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where ⊗ denotes Hadamard product, Ψ() is a non-linear
activation function (e.g. sigmoid), Q = |ht | is the number of
features output by the network (i.e. the length of the GRU state
vector ht ), and (Uz , Vz , Ur , Vr , Uh , Vh ) and (bz , br ) are
weight matrices and bias vectors learned during the training
process, respectively. The second layer is set to be identical to
the first one, the difference being that it processes the output
ht of the first layer after a ReLU activation layer in between.

Dense Neural Network

Wt+∆ ∈RN

Specifically, the input of the first layer in our stacked GRU
architecture is the historical selling price record Pn of the
considered asset, which is processed through a rolling window
t−ρ+1
to yield examples (xtn , ynt ) = ([st−ρ
, . . . , stn ], st+∆
),
n , sn
n
with ρ denoting the number of past values fed to the network.
In connection with Figure 2, the first GRU layer operates on
the input examples as:

zt = Ψ Uz xtn + Vz hnt−1 + bz ,
(6)

t
r t
r t−1
r
r = Ψ U xn + V hn + b ,
(7)

t
h t
h
t−1
t
c = tanh U xn + V (h
⊗r ) ,
(8)

Serial to parallel

for the better understandability of diversification by a nonspecialized, domestic cryptocurrency investor.
This being stated, the optimization problem addressed in
this work focuses on obtaining a set of different portfolios
{Wt+∆ } that optimally balance the Pareto relationship between the rate of return, risk and diversity level. Specifically:
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Fig. 1. Diagram of the multi-criteria predictive portfolio optimization scheme

A. Deep Recurrent Networks for Selling Prices Prediction
It has not been until recently when DL models have been
used for predicting the value of cryptocurrencies [19], [21],
[20] and other general stocks [26], yet none of these recent
contributions have still gone beyond predictive modeling towards portfolio management. This is indeed one of the main
novel aspects of the scheme proposed in this paper, which
utilizes a stacked dual-layer GRU (Gated Recurrent Unit [27])
neural network architecture. This DL model allows capturing
longer temporal relationships within input observations.

Fig. 2. Proposed stacked GRU architecture for cryptocurrency selling price
prediction. For the sake of visual understanding weight vectors bz and br
have not been depicted in the internals of the exemplified GRU cell.

The model proceeds by flattening the output of the second
GRU layer and processing the serialized vector of deep features through a fully connected neural layer with Q0 neurons.
Finally, the output of this third neuron layer is connected
to a single linearly activated perceptron, whose output, after
inversing the normalization, will render the sought predicted
value ŝt+∆
for any t. This predicted value will be fed to the
n
portfolio optimization module for computing return and risk
of every produced portfolio. To efficiently explore the space of
possible portfolios we will opt for assessing the performance
of different MOEAs, as detailed in the next subsection.
B. Multi-Objective Evolutionary Algorithms
The solver at the core of the portfolio optimization module
must undertake a search over RN so as to infer the set
of Pareto-optimal portfolios balancing the three objectives
formulated in Expressions (1) (return), (3) (risk) and (4) (diversification). To this end, MOEAs have proven to undertake this
search efficiently in many application domains [28]. Among

them, portfolio optimization for traditional stock markets have
been also prospected with this family of search algorithms. A
comprehensive overview is provided in [29], [13], and more
recently in [15]. However, to the best of our knowledge no
results have been reported so far with cryptocurrency markets,
nor such studies have considered DL models for predicting the
evolution of portfolio assets.
This being said, we herein consider a benchmark of 6
different multi-objective solvers:
• Non-dominated Genetic Algorithm II (NSGA-II [30]),
which retains potentially good solutions along the search
process based on their front rank and crowding distance.
• Non-dominated Genetic Algorithm III (NSGA-III [31]),
which substitutes the crowding distance criterion in NSGAII with a clustering operator aided by a set of distributed
reference points.
• Speed-constrained Multi-objective Particle Swarm Optimization (SMPSO [32]), which falls rather on the family
of swarm heuristics. SMPSO utilizes a velocity constraint
procedure to avoid particles (solutions) to go beyond the
limits of the search space. SMPSO also resorts to an external archive of finite size to store non-dominated solutions
improvised during the search, from which the leader of the
swarm is also selected.
• Multi-objective Evolutionary Algorithm based on Decomposition (MOEAD [33]), which decomposes the multiobjective problem in a number of single-objective subproblems, all solved simultaneously by considering neighborhood information of the produced solutions.
• Generalized Differential Evolution (particularly its GDE3
variant [34]), which extends the original DE/rand/1/bin
method to problems with multiple objectives.
• Steady-state Epsilon-dominance Multi-objective Evolutionary Algorithm (-MOEA [35]), which maintains a subset
of hardly dominated solutions and resorts to steady-state
replacement rather than the usual Pareto ranking.
When deployed at the core of the portfolio optimization
module in Figure 1, each of the algorithms described above
provide a set of possible portfolios for the investor to select one
of them depending on his/her preferences in terms of return,
risk and diversification. It is important at this point to remark
that this specific application opens up interesting extensions
towards incorporating multi-objective solvers sensitive to decision making, in which the search is guided by a preference
interactively instructed by the user along the run [36]. We will
elaborate on this identified research path in Section VI.
IV. E XPERIMENTAL S ETUP
In order to assess the performance of our proposed predictive portfolio optimization scheme, two set of experiments
were devised towards fulfilling two different albeit related
goals: 1) to verify that the selected DL model (which we
hereafter refer to as GRUx2) performs better than other predictive models from the state of the art; and 2) to discriminate
which MOEAs among the 6 considered options described
in Subsection III-B yield best results in terms of Pareto

dominance and spread. In thse setup real data corresponding
to N = 7 different cryptocurrencies were utilized: Bitcoin
(BTC), Ethereum (ETH), Litecoin (LTC), Ripple (XRP), Dash
(DSH), Starcoin (STR) and Monero (XMR). Historical daily
purchase and selling prices were retrieved from the release
date of every cryptocurrency to December 30th, 2018.
Regarding the first objective, for every currency we divide
its data in 10 equal-sized parts (without shuffling), using
the first 9 for training and the last one as a test holdout
for score reporting. Architectural parameters of the proposed
GRUx2 model are set to Q = 256 (size of the state vector
of every GRU unit), Q0 = 30 (number of neurons of the
fully connected neural layer) and sigmoid activation Ψ(·) in
Expressions (6) and (7). The model is trained for 20 epochs
using a batch size of 256 examples, RMSProp [37] with
learning rate equal to 0.001 and Mean Square Error (MSE)
as the loss function to minimize by backpropagation through
time. Examples (xtn , ynt ) for all models in this first benchmark
are composed by the past ρ = 20 values of the selling price
at time t (features in xtn ), and the value of this price in t + 5
as the target ynt (i.e. a prediction horizon of ∆ = 5 days).
The comparison analysis will be done on the basis of two
well-known regression scores:
PTn t+∆ t+∆ 2 h
− ŝn,m ) coefficient of i
t=1 (sn
2
, (10)
Rn,m = 1− P
Tn
t+∆
determination
− s̄n )2
t=1 (sn
symmetric mean
Tn
2|st+∆
− ŝt+∆
100 X
n
n,m |
absolute percen- , (11)
SMAPEn,m =
Tn t=1 |st+∆
|+|ŝt+∆
tage error
n,m |
n
where Tn is the length of the test subset of cryptocurrency n,
produced by model m at time t,
st+∆
ŝt+∆
n
n,m the estimate
PTof
n
and s̄n = 1/Tn t=1 st+∆
,
i.e. the average of test samples.
n
In order to undertake the second objective pursued in our
experimental study, we perform 20 independent runs of each
of the considered MOEAs on a fixed test date t0 common to
all test sets of the cryptocurrencies. For the sake of fairness
all of them are configured with the same maximum number
of allowed fitness evaluations (20, 000). Inner parameters
controlling the search behavior of every algorithm were tuned
off-line towards finding their best performing configuration,
thereby yielding the results discussed in this section. Solvers
in this second benchmark will be compared to each other
in terms of two widely utilized indicators for Pareto quality:
hypervolume and Inverted Generational Distance (IGD) in its
IGD+ variant [38]. For the latter we use the aggregated Pareto
front approximation (computed over all algorithms and runs)
as the reference front.
V. R ESULTS AND D ISCUSSION
We begin our analysis with the results obtained to shed
light on the first objective of the experiments. Such results are
2
summarized in Table I, where values of Rn,m
and SMAPEn,m
measured over the test set of every cryptocurrency are listed
for the proposed GRUx2 model and other regression algorithms: three ensemble models, namely, a Random Forest Regressor (RFR), an AdaBoost regressor (ABR) and a

Gradient Boosting Regression (GBR), all composed by 100
fully-grown trees; and a -Support Vector Regression (-SVR)
with Gaussian kernel. Hyperparameters of these models were
optimized by 10-fold cross-validation over the training set
looking for the model configuration with maximum average
2
Rn,m
score. As can be observed from this table, GRUx2
outperforms the rest of models in the benchmark, specially
for XRP and DSH cryptocurrencies.
2
Rn,m
( TOP ) AND SMAPEn,m

0.62

STR
XMR

After verifying that the designed model excels at predicting
selling prices over the test set, we proceed by inspecting
the relative performance of the MOEAs to find a set of
Pareto-optimal investment portfolios. This second phase of
our experimental study departs from Figure 3, where we
illustrate the statistics of the multi-objective quality indicators
computed over the 20 executed runs of every algorithm in
the form of boxplots. It can be noted that two multi-objective
solvers perform better than the rest in the benchmark (SMPSO
and MOEAD) in terms of hypervolume, yielding statistically
significant gaps as confirmed by a non-parametric Wilcoxon
rank sum test with a confidence level of 0.95. As for the
results of the IGD+ indicator, differences are reduced as
evinced by the overlapping distributions of the IGD+ values
corresponding to GDE3, NSGAII, SMPSO and MOEAD.
Nevertheless, Wilcoxon rank sum tests between the IGD+
results of SMPSO and those of the rest of the multi-objective
supported the statistical significance of the gaps attained by
this solver. NSGAIII and -MOEA remain notably worse than
the rest of their counterparts in the benchmark.
We end up our study by assessing the Pareto front approximations produced by the two winning MOEAs of the above
benchmark (MOEAD and SMPSO). To this end, we isolate
the output front of the portfolio optimization module for one
single run of both solvers. As depicted in Figure 4, the shape
of the Pareto front produced by MOEAD seems to be more
spread than that of SMPSO, specially for the volume slice
corresponding to mid values of the entropy objective (which
we recall reflects the diversity of the investment). On the
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Fig. 3. Boxplot of the values of the hypervolume (left) and IGD+ (right)
indicators achieved by every MOEA over 20 independent runs.

From a practical standpoint, the generally higher density
of portfolios provided by SMPSO can be helpful for tracing investing strategies of finer granularity. This is specially
appealing when dealing with cryptocurrencies, for which investments are executed in a more dynamic fashion than in
traditional trading markets.
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2
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contrary, SMPSO renders a more enriched group of portfolios
in the region of low and high entropy values. We have checked
that this interesting effect, with practical consequences on
which we discuss later in this section, also holds for other
runs of the algorithms.
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Fig. 4. Example of the Pareto front estimated by MOEAD (left) and SMPSO
(right) in one isolated run.

VI. C ONCLUSIONS AND F UTURE R ESEARCH L INES
This manuscript has elaborated on the interplay between
return, risk and diversity in portfolio optimization. Specifically,
our work builds upon the renowned Pareto trade-off between
the earnings provided by a portfolio and the risk assumed when
performing the investment, giving rise to a Pareto relationship
that lies at the core of Markowitz’s theory of modern portfolio
management. We have augmented this twofold criterion by
including a third objective that quantifies explicitly and exclusively the diversity of the investment, which we advocate to
serve as an intuitive metric for the average user of the system.
Furthermore, our proposed framework leverages the use of

multi-layered deep recurrent neural network regression models
to provide more accurate predictive estimates of the selling
price of every asset in the portfolio. Results obtained for a
set of experiments carried out with real cryptocurrency data
have verified the superior performance of our designed deep
learning model with respect to other regression techniques. A
second experimental phase has elaborated on the selection of
the solver to balance among the aforementioned objectives, for
which a benchmark of 6 different multi-objective evolutionary
algorithms has been considered. MOEAD and SMPSO have
been found to perform better than their counterparts, yet
providing Pareto fronts with different characteristics in terms
of distance (spacing) among the produced portfolios.
Different research paths root on the results reported in
this paper. To begin with, the investing flexibility of this
particular trading market allows managing portfolios whose
invested amount in each of their assets can be sold at different
instants in time. Bearing this observation in mind, efforts
will be invested towards incorporating this functionality in
the proposed scheme so as to intelligently decide not only
how much to invest in every cryptocurrency, but also when to
recover the investment. Another extension deserving further
investigation in the future is to explore the confidence of the
prediction provided by the deep learning model, so that the
quantified measure of model uncertainty is also accounted
in the risk assumed by the investor. Finally, the more recent
flavor of decision-making MOEAs is another promising line
to prospect for portfolio management, particularly for very
short-term predictive trading (i.e. small values of ∆) in which
automated and agile interaction between the investor and the
portfolio management scheme must be ensured.
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