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Abstract: This paper proposes the mean-dynamic VaR multi-period portfolio selection model with the transaction costs
and the constraints on trade volumes. The Bat algorithm is applied to solve the multi-period mean-dynamic VaR model.
Numerical results show that the Bat algorithm is effective and feasible to solve multi-period portfolio selection problems.
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1. INTRODUCTION

The effective way to allocate capital among various as-
sets is portfolio selection. In 1952, Markowitz proposed the
famous mean-variance model for single-period portfolio se-
lection [1], which set up a fundamental basis for modern
finance. However, Markowitz’s model confronts some chal-
lenges of assuming single period and complete market with
no transaction costs. As we known, the actual investment
process is a through multiple stage, and at every stage, inves-
tors may adjust the strategy, according to practical condi-
tions, such as his budget or market conditions. Furthermore,
the actual financial market always contains factors of trans-
action cost and transaction amount limit. It is natural to ex-
tend Markowitz’s single period model to multi-period port-
folio selection. Gulpinar [2] extended the multi-period
mean-variance optimization framework to worst-case design
with multiple rival return and risk scenarios. Giuseppe [3]
was concerned with multi-period sequential decision prob-
lems for financial asset allocation. A model was proposed in
which periodic optimal portfolio adjustments were deter-
mined with the objective of minimizing a cumulative risk
measure over the investment horizon, while satisfying port-
folio diversity constraints at each period and achieving or
exceeding a desired terminal expected wealth target. Wei [4]
solved the multi-period mean-dynamic semi variance portfo-
lio model with genetic algorithm and formic group of algo-
rithm. Cui [5] considered the mean-variance formulation in
multi-period portfolio selection under no-shorting constraint,
and derived the semi-analytical expression of the piecewise
quadratic value function. Yan [6] proposed a class of multi-
period semi-variance model of multi-period portfolio selec-
tion and used hybrid genetic algorithm to solve the model.
The reult shows that the hybrid genetic algorithm with Parti-
cle Swarm Optimization (PSO) is effective and feasible.
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Multi-period portfolio optimization is typically with
complex con-straints, and the solution of such complex prob-
lems requires efficient optimization algorithms.To cope with
this issue, studies employ neural networks and genetic algo-
rithms. In the recent years, several novel metaheuristic algo-
rithms have been proposed for global search. Such algo-
rithms can increase the computational efficiency, solve larg-
er problems, and implement robust optimization codes. Xin-
She Yang [7] proposed a bat-inspired algorithm for solving
nonlinear, global optimization problems. Preliminary studies
suggest that the bat algorithm can have superior performance
over genetic algorithms and particle swarm optimization. As
we know, it is difficult to solve the optimal problem because
it contains very complex programing such as nonlinear pro-
gramming. Bat algorithm optimization of the process isa
process of dynamic evolvement, unordered random popula-
tion to update the current optimal solution continuously
search process from beginning (local optimal solution) and
the gradual and orderly in order to find the global optimal
solution of dynamic process, the solution accuracy and the
efficiency are very high. In this paper, we adopt bat algo-
rithm to solve multi-period mean-dynamic variance (VaR)
portfolio selection model.

The central problem considered in this paper is to deter-
mine multi-period discrete-time optimal portfolio strategies
over a given finite investment horizon with bat algorithm.
The organization of the rest of the paper is as follows. In
Section 2 we describe the multi-period mean-dynamic VaR
portfolio model. Section 3 is devoted to introduce the bat
algorithm. In Section 4 a numerical example is presented to
test the efficacy and feasibility of bat algorithm in solving
multi-period portfolio selection problems. Finally, Section 5
concludes the paper.

2. MULTI-PERIOD MEAN-DYNAMIC VAR PORT-
FOLIO MODEL

In this section, a general multi-period mean-dynamic
VaR portfolio model is formulated. There are N risk assets
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traded in finance market. The aim of an investor is to allo-
cate wealth in every beginning of T periods, respectively.
Suppose that rit,(i=1,2~--n,t=1,2--~T) is the expected
return of asset i at stage t. In this paper, it is obtained from
history data. X, is the amount of asset i at the beginning of
stage t. At the end of stage t, buying amount is represented
as b, and selling amount as, S, respectively, because there

are transaction cost when buying or selling asset, and it is not
wise to sell and buy asset at the same time. Therefore we

should constraintb, -s, =0. From the symbol assumption,
X, = X (1+1,)(1+b, —s,)—c,» Where C; is the transaction

’
Xt:(xlt’XZt"'Xnt) ’

z, :(Gij(t))nxn’cij(t):COV(rit’rjt)' VaR for the portfolio at

cost. For simply, let

stage t is ft. Refer to normal suppose,

f= d)’l(oc)\lxt'ztxt -r'x,

where q)() is the distribution function of standard normal
distribution. (I)’l(oc) is its quantile under the confidence

degree o. |, is the net portfolio return, whose expression
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The multi-period mean-dynamic VaR portfolio is as fol-
lows:
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where S is the minimal expectation. In actual case, we can

suppose that Cit = X (1+ rh)

(b, +s,)x8%.c, =0
This is a multi-period decision of nonlinear optimization
problems. It is time wasting if we use the general algorithm.

Hence, the bat algorithm is adopted, which has higher com-
putational efficiency in this paper.
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3. BAT ALGORITHM

Bat Algorithm (BA) is a heuristic intelligent optimiza-
tion algorithm proposed by Yang ias a pioneer. The principle
of this algorithm is to solve swarm optimization problem by
imitating bat echolocation, with which the advantages of
simple model, quick convergence speeds and parallel pro-
cessing.

In order to adopt the bat algorithm for our optimization
problems, let us briefly review the basics of the bat algo-
rithm. In the basic bat algorithm developed by Xin-She Yang
(2011) [8], the following approximate or idealized rules are
used:

1. All bats use echolocation to sense distance, and they
also ‘know’ the difference between food/prey and back-
ground barriers in some magical way; and

2. Bats fly randomly with velocity V; at position X,

with a frequency f . (or A), varying wavelength A (or f)

min
and loudness A, to search for prey. They can automatically
adjust the wavelength (or frequency) of their emitted pulses
and adjust the rate of pulse emission r e (0,1), depending on
the proximity of their target.

It is assumed that the loudness varies from a
large(positive) A, to a minimum constant value A . .

In general, the frequency f in a range [fmin, fmax]corre-

sponds to a range of wavelengths [7» xmax]. For example,

if the frequency range is [ 20kHz,50kHz |, then the wave-
lengths range is [0.7mm,17mm]- Obviously, we can choose

the ranges freely to suit different applications. It can be as-
sumed that fe[0,f ], the higher the frequency, the

shorter the wavelength, the shorter the flight distance flight,
which is usually in the range of a few meters. Pulse frequen-
cy usually ranges from 0 to 1, where 0 means no pulse and 1
means the maximum frequency.

Based on the above analysis, the main steps of the bat
algorithm can be described as follows:

Step 1. Initialization of parameters, objective function
f(X) + X=(x%L Xd)/' The initial bat populations

X, (i=1,2L n) and v, pulse frequency is f, at X;. Initialize
the pulse rate I; and sound loudness A .

Step 2. To generate a new solution by adjusting the fre-
quency and change the speed and position.

Step 3. If rand >r,, to choose a solution from the best
solutions, in the vicinity of which format a local solution.
Step 4. To produce a new solution through random flight.
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Step 5. If rand < A & f(Xi) < f(Xi*) then to accept the

above solution, and increasing I; reducing A .

Step 6. Arrange bats and find the best X"

Step 7. If it does not meet the end condition, return to
step 2.

Step 8. Output the global optimal position.

For the bats in simulations, we have to define the rules
how their positions X, and velocities v, in a d— dimen-
sional search space are updated. The new solutions X.' and
velocities \v'at time step 1 are given as:

fi:fmm+( - mm)BB [01]

V=V (X XO) T,

X t+1 X +Vt

where X ™ is the current global best solution which is located
after comparing all the solutions among all the n bats at each

iteration t. We can use fi (or,) to adjust the velocity

change while fixing the other factor A, (or fi ), depending
on the type of the problem of interest.

For the local search part, once a solution is selected
among the current best solutions, a new solution for each bat
is generated locally using random walk as fellows:

Xow = Xyg €A £ €[ -11]

where A' is the average loudness of all the bats at this time
step.
Emission of loudness A and pulse rate I; should be up-

dated with the iterative process. Once the bat finds prey,
loudness will be gradually reduced, and the pulse rate will
gradually improve. Loudness can choose any convenient

value. For example, we can use A =100,A . =1 or
A, =0,A,, =100. We assume that A

bat just found prey, then temporarily stop the sound. Pulsed

emission loudness A and rate I; updating formula are as

=0, which means a

follows:

Alt — aﬁt—l’rit — rio[l_efyt:l

where o, and y are constants.For any 0<o <1 and y>0,
we have

A'=0r' >r’ast— e

Loudness emitted by each bat and pulse rate were ran-
domly given at initialization. In general, we define the initial
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loudness A° is usually between [1,2] the initial emission

rate ri° which is near 0. The loudness and emission rate will

vary with the search process of constantly updated, and
gradually to the optimal solution.

4. EMPIRICAL ANALYSIS

In this part, it focuses on an empirical research of an op-
timal portfolio model with five risk assets in Chinese market
who show a good momentum in 2013. We choose the day
data of five stocks NO 002583, 600694, 600089, 601166 and
600276 from 2013-01-04 09:01:00 to 2014-4-1 15:00:00,
which is from CSMAR database in China. But for simply,
we construct the optimal portfolio model only suppose a
stage conclude 5 moths. That is, there is 5 stages. From solv-
ing the model, the dynamic portfolio is

At stage 1,
=0,b, =0 and s, =s, =5,

161

b, =0,b, =0.1183,b, =0.158L,

131 141
=0, s, =s,=0.

At stage 2, b,=0,b,=0.577,b, =0.0856,b

12 1722 132 142

=0,h, =0 and s, =0.34235 =0, s, =05, =045L.

! 22 ! S42
At stage 3,
=0,s,=0.31s,,=0,s

1732 1733 ’34

b, =b,=b,=hb,=b,=0 and
=0.

At stage 4 not do any tradings.

At stage 5, b, =0,b,=0,b,=0.318,h, =0,b,, =0.032
and s, =0,s,,=0, s, =0,s,, =0.1264,s,,=0.
CONCLUSION

Since practical portfolio selection problems involve inter-
temporal decisions, the single static portfolio model is neces-
sary to be extended to multiperiod case. This paper con-
structs the dynamic portfolio model, in which it focus on
minimax the cumulate risk under the constraints. It also con-
siders the wealth budget and transaction costs, which is very
important in dynamic investing. Because bats algorithm has
advantages in solving optimization problems, with higher
efficiency and precision, this paper adopts bats algorithm to
solve the problem. At last, an empirical study choosing five
stocks from Chinese market to test validity of the models,
giving the strategies. In order to contrast study for proposed
the Bat algorithmd, the results compared between the general
stochastic dynamic programming approach and our approach.
It shows that the results are robust under different structure
parameters.
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