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Abstract Nonlinear time series prediction is studied by using an improved least squares support vector machine (LS-
SVM) regression based on chaotic mutation evolutionary programming (CMEP) approach for parameter optimization.
We analyze how the prediction error varies with different parameters (σ, γ) in LS-SVM. In order to select appropriate
parameters for the prediction model, we employ CMEP algorithm. Finally, Nasdaq stock data are predicted by using
this LS-SVM regression based on CMEP, and satisfactory results are obtained.
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1 Introduction

Nonlinear time series almost appear in all the fields
of natural science and social science such as physics, me-
teorology, economics, national defense, and so on. Pre-
viously, various neural network prediction models, which
are based on phase space reconstruction theory, have been
used to predict these significant series.[1,2] Support vector
machine (SVM) on the basis of statistical learning theory
and the principle of structural risk minimization, was first
proposed by Vapnik et al., which has been successfully ap-
plied to classification and regression tasks for its excellent
learning ability with fewer training data.[3,4] Later, many
modified SVM methods by optimization techniques have
been brought forward. LS-SVM is an efficient version of
these improved ones. Instead of a quadratic programming
(QP) problem in standard SVM, a set of linear equations
based on KKT optimization condition[5] are solved in LS-
SVM, which can reduce the computational complexity and
time for training to a certain extent. LS-SVM with empir-
ical parameters (σ = 1.7, γ = 107) has successfully been
used to predict non-noisy nonlinear time series produced
by typical nonlinear dynamic equation.[6] However, its ca-
pability of filtering noise needs to be advanced further. To
pursue smaller errors with less predicting time, the effects
of parameters in LS-SVM were studied detailedly.

In the present work, we first investigate the predic-
tion errors with different parameters of LS-SVM. Then the
methods to select appropriate parameters of network are
discussed, and CMEP algorithm is introduced in LS-SVM
to select parameters of network. At last the improved
LS-SVM regression, namely LS-SVM based on CMEP ap-
proach, is utilized to predict Nasdaq stock data to test its
prediction capability in actual work.

2 Prediction Model

Suppose a training set {xi, yi}N
i=1 with input pattern

xi ∈ Rn for the i-th example and yi ∈ R for the corre-
sponding desired output pattern, which is produced by an
unknown nonlinear dynamic equation, and in the feature
space the assumption of LS-SVM can be described as

y(x) = wTφ(x) + b , (1)

where the nonlinear mapping φ(x) can map the input data
into a higher-dimensional feature space. Moreover, the
coefficients (w and b) should satisfy the minimization of
objection function (2) and an equality constraint (3):

min
w,e

J(w, e) =
1
2
wTw +

1
2
γ

N∑
i=1

e2
i , (2)

S.T.

yi = wTφ(xi) + b + ei for i = 1, . . . , N , (3)

where ei is the error. Formulas (2) and (3) can be trans-
formed to a set of linear equations (4) based on KKT
optimization condition:(
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γ
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α

]
=
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]
, (4)

where y = [y1; . . . ; yN ], 1ν = [1; . . . ; 1], α = [α1; . . . ;αN ],
Ωij = φ(xi)Tφ(xj) = K(xi, xj) for i, j = 1, 2, . . . , N , and
K(xi, xj) is the kernel function that satisfies the case of
Mercer’s condition. Thus we can obtain LS-SVM predic-
tion model:

y(x) =
N∑

i=1

αiK(x, xi) + b , (5)
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where x, xi denote training point and support vector re-
spectively, y is the output of network, αi and b are the
solutions to Eq. (4). In all the simulations, the kernel is
taken as the radial-basis function:

K(xi, xj) = exp
(
−|xi − xj |2

2σ2

)
. (6)

There exist two parameters (γ and σ) selected by the user
in advance. γ is viewed as a regularization parameter,
which controls the tradeoff between complexity of the ma-
chine and the number of non-separable points.[7] The ker-
nel parameter σ denotes the width of Gauss function.

The prediction with different parameters can be ana-
lyzed via predicting noisy nonlinear time series produced
by Mackey–Glass equation, which is a time-delayed differ-
ential equation first proposed as a model of white blood
cell production,[8]

xt =
αxt−s

1 + (xt−s)10
+ (1− η)xt−s , (7)

where α = 0.2, η = 0.1, and s is an adjustable parame-
ter. When s ≥ 17, equation (7) exhibits chaotic behavior
with a fractal dimension. The parameter s is taken as
17 in present calculation. The prediction based on non-
linear time series produced by Mackey–Glass equation is
regarded as a criterion for comparing the ability of differ-
ent predicting methods. In addition, the noisy time series
can be expressed as[9]

z′t = zt + υt , (8)

where υt = βkµ, β denotes an adjustable parameter that
controls the degree of noise, µ is uniformly distributed
in region [−1, 1], k stands for the signal-to-noise ratio,
namely the standard deviation of the Mackey–Glass time
series divided by that of noise component.

3 Analysis of Parameters and Prediction Ca-
pability of LS-SVM

We first study how the parameters (γ and σ) affect the
results of predicting noisy data with β = 0.4 produced by
Mackey–Glass equation. The computation is performed
in the two following ranges of parameter values:

(i) σ ∈ (0.1, 10), γ ∈ (105, 108);
(ii) σ ∈ (0.1, 10), γ ∈ (103, 105).

It should be noted that the empirical parameters (σ = 1.7,
γ = 107) are included in range (i). The root-mean-square
error (RMSE) and coincidence probability p are taken to
evaluate the performance of the LS-SVM regression. The
first criterion (RMSE) is calculated by

RMSE =

√√√√ 1
N

N∑
i=1

(x′i − xi)2 , (9)

where x′i and xi stand for the predicted and desired values
respectively, and N denotes the total number for predic-
tion. The second one (p), which shows the coincidence
degree between the predicted and desired values, is eval-
uated as

p =
Nc

N
, (10)

where Nc represents the number of points whose errors
are less than certain value E.

In this case, we take the initial 20 data for training to
construct the model, and then the following 30 (N) data
are used to test the prediction capability of the model,
and the embedded dimension is set to 7. The simulation
results are shown in Figs. 1 ∼ 3.

Fig. 1 RMSE in different parameter ranges. (a) For range (i); (b) For range (ii).

It can clearly be seen in Fig. 1 that RMSE significantly varies with γ and σ using LS-SVM. In addition, RMSE in
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Fig. 1(b) is less than that in Fig. 1 (a) generally. Therefore, in the two parameter ranges we prefer choosing the proper
parameters for LS-SVM in range (ii) when these noisy data are considered.

Fig. 2 Sections of Fig. 1(b).

Fig. 3 The variation of p in the range (ii).
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Then, we take four sections in Fig. 1(b) to analyze the
effects of γ and σ. It is indicated in Fig. 2 that RMSE
monotonously decreases with increasing 1/γ, while varies
with σ more complicatedly. The difference mainly at-
tributes to the different effects of parameters to LS-SVM
regression, namely γ only influences the training step in
the whole process, while σ affects both the training step
and the predicting one.

In the next simulation, we explore the coincidence
probability of single point in range (ii) with E = 0.05. By
contrast to the variations of RMSE in Fig. 2, the larger
coincidence probability is obtained where the less RMSE
exists, as shown in Fig. 3. It further illustrates that the
better prediction results can be obtained by selecting pa-
rameters for LS-SVM regression in range (ii).

4 Chaotic Mutation Evolutionary Program-
ming Approach for Parameter Optimiza-
tion

Obviously, it plays an important role to select appro-
priate parameters in the whole process of prediction using
LS-SVM. Motivated by pursuing smaller error, we have
discussed the methods of selecting parameters. There have
existed several effective optimization approaches for LS-
SVM, including the method based on genetic algorithm
(GA)[10] and multi-layer adaptive parameters optimiza-
tion (MAPO) approach,[11] etc. However, they have some
disadvantages, such as costing longer training time, eas-
ily destroying the searched results for crossover operator
existing in GA, and easily trapping into those parameters
with local minimization using MAPO. Therefore, we em-
ploy chaotic mutation evolutionary programming (CMEP)
optimization algorithm[12,13] to select the LS-SVM’s pa-
rameters, which mainly contains 4 steps:

(i) Initialization: take m sets of (σi, λσ(j), γi, λγ(j)),
i = 1, 2, . . . ,m, as the initial parents, where m is the scale
of the population. The initial evolution generation j is set
to 1. σi and γi are selected randomly in range (ii), and
λσ(j), λγ(j) represent the mutation step-sizes of σi and
γi in the j-th generation, respectively. Then compute the
fitness value of each parent: f = 1/RMSE.

(ii) Mutation: m individuals of parents can be trans-
formed into m individuals of children by using chaotic
mutation operator, which is defined as

σ′i(j) = σi(j) + λσi(j)Qσj ,

γ′i(j) = γi(j) + λγi(j)Qγj ,

i = 1, 2, . . . ,m; j = 1, 2, . . . , Nmax − 1 . (11)

Nmax is the maximum of evolution generation. The ran-
dom number Qj can be computed by Qj = a + bg(qj),
where g serves as Logistic equation:

un+1 = g(un) = µun(1− un) un ∈ (0, 1) (12)

with µ = 4.0. For different parameters, Qj is restricted
within a given range because of the coefficients a and b.
The evolution steps λσ and λγ are very crucial factors
to dominate the scope of evolution efficiently, which are
calculated by

λσ(j) = λσ(1)
[
ν exp

(
− j

Nmax

)
+ θ
]
,

λγ(j) = λγ(1)
[
ν exp

(
− j

Nmax

)
+ θ
]
,

j = 2, 3, . . . , Nmax , (13)

where ν and θ control the variety degrees of λσ and λγ

with increasing j. For example, in all the simulations we
take ν = 1.54 and θ = 0.52 for both σ and γ, which can
keep λ(j) decreasing within the range from 95% to 5% of
λ(1) with increasing j. In addition, we empirically choose
λσ(1) = 3 and λγ(1) = 180. Finally, recalculate the fitness
values of the children.

(iii) Selection: generate a new group G by integrat-
ing these children into the parents, and produce a q-
dimensional group via randomly taking q elements from
group G. Then compute the success number Sk, namely
the number of some q-dimensional group elements whose
fitness values are smaller than the fitness value of the k-
th element in group G, k = 1, 2 . . . , 2m. Sort the 2 m

elements of group G from large to small by the success
number Sk, and m individuals with larger success num-
bers are taken as the new parents of the next generation.

(iv) Estimate the evolution object. If satisfied, quit.
Otherwise, set j = j + 1, then skip to step (ii).

We compare the evolution outputs of CMEP with
those of MAPO by predicting the noisy data of Mackey–
Glass equation with β = 0.4. The basic conditions of
the simulation are similar to those in Fig. 1. Moreover, in
CMEP the initial parents are selected in range (ii), and the
random numbers are restricted within |Qσj | ≤ 1.0× 10−1

and |Qγj | ≤ 1.0× 10−5, and q is set to 60. In MAPO, we
respectively choose 100 and 2500 as the net grid number
in two simulations, and Nmax is taken as 20. The results
are shown in Table 1 and Fig. 4, and in Fig. 4, the RMSE
of CMPE approach is the average result of 10 times sim-
ulations.

Table 1 Optimization time of two approaches for 20 generation steps.

Model 100 individuals in CMEP 100 net grids in MAPO 2500 net grids in MAPO

Time (s) 1200 700 10667
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Fig. 4 Parameter optimization results with different
approaches.

The results indicate that CMEP selects the appropri-
ate parameters of LS-SVM more efficiently than MAPO
does. Firstly, as shown in Table 1 and Fig. 4, MAPO
method with 2500 net grids searches smaller RMSE than
the same method with 100 net grids does, however, the
time with 2500 net grids is longer than that with 100
ones by a factor of 15, which is not suit for actual pre-
diction task. By adjusting the parameters λσ and λγ ,
CMEP method can obtain such good results as MAPO
approach with 2500 net grids does using the time simi-
lar to what MAPO approach with 100 net grids needs,
thus saves training time significantly. Furthermore, the
RMSE of MAPO fluctuates distinctly over the whole step
range, especially to the method with 100 net grids, while
the one of CMEP monotonously decreases with the in-
creasing step. It is mainly because MAPO always focuses
on one of the parameter pairs whose RMSE is not near
the smallest one, which easily induces algorithm to local
minimization. In addition, MAPO cannot preserve the
best result of each generation. As for CMEP algorithm,
better parameters can be searched accurately and rapidly
for the excellent performance of EP in global optimization
and the ergodicity and randomicity in chaos respectively.
Moreover, CMEP can preserve the best results of each
generation, so its RMSE varies monotonously and more
steadily. Therefore, CMEP approach is preferred to opti-
mize the parameters in LS-SVM for prediction.

5 Stock Data Prediction

Many studies have shown that stock time series, which
contain much noise, behave chaotically in a reconstructed
phase space,[14] and it is a trend to analyze the fluctua-
tion of stock data in nonlinear way. What is the most
difficulty to predict in stock market are the data that
fluctuate greatly. In this paper we investigate the higher-
noisy part of Nasdaq stock data (1984.10.11 — 2003.3.18

http://finance.yahoo.com), in a chaotic way by using the
improved LS-SVM regression based on CMEP.

We take the data from the 3000th to the 4000th time
steps for training to construct the model, and choose ini-
tial 50 and 100 ones as the support vectors respectively,
and select the proper parameters using CMEP approach
with the remaining data. The initial parents are selected
in σ ∈ (0.1, 10), γ ∈ (103, 105), and the embedded dimen-
sion is set to 7. Then we test the prediction capability of
this model by predicting the data from the 4000th to the
4500th time steps. E is taken as 0.02. The results are
shown in Table 2 and Fig. 5.

Table 2 Stock data prediction with different numbers
of support vectors.

N RMSE p

50 0.0243 67%

100 0.0170 82.6%

Fig. 5 Stock prediction with 50 support vectors.

It can clearly be seen that the predicted values with
50 support vectors are in good agreement with the de-
sired ones in the whole range of time step covering at
several sharp peaks, although the predicted results with
100 support vectors are better than those with 50 support
vectors. Therefore, we can conclude that the improved
LS-SVM regression exhibits excellent learning ability with
fewer training data, and filters noise more efficiently. The
generalization capability of LS-SVM is greatly improved.

6 Summary and Conclusion

We explore the influences of different parameters in
LS-SVM used to predict the nonlinear time series. Con-
sidering the excellent performance of CMEP in searching
global optimum, we apply CMEP approach to optimiz-
ing the parameters of LS-SVM regression. The simulation
results indicate that CMEP can optimize the parameters
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rapidly and accurately, and reduce the training time, and
advance the capability of filtering noise simultaneously.
Thus the improved LS-SVM regression based on CMEP
can be applied generally. As an example, a set of Nasdaq
data are successfully predicted by using this regression
model.

In order to search the global optimum more efficiently,

planned further work is to improve the mutation operator
in CMEP and investigate how to choose the evolutions
steps λσ and λγ to deal with different issues. CMEP can
be applied to not only LS-SVM but also other modified
versions of SVM. Its development will stimulate the ap-
plication of SVM to more general fields.
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