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Abstract

Abstract: Aiming at the problem that the existing learning algorithms of Gaussian processes mixture
(GPM) model, such as Markov Chain Monte Carlo (MCMC), variation or leave one out, have high
computational complexity, a hidden variables posterior hard-cut iterative training algorithm is proposed,
which simplifies the training process of the model. The GPM model based on the proposed algorithm is
applied to chaotic time series prediction. The effects of embedding dimension, time delay, learning
sample number, and testing sample numbers on predictive ability are discussed. It is demonstrated by the
experimental results that the prediction of the GPM model is more accurate than SVM, GP and RBF
network, and the training speed of GPM model falls in between RBF network, GP model, and SVM.
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Abstract: Aiming at the problem that the existing learning algorithms of Gaussian processes mixture
(GPM) model, such as Markov Chain Monte Carlo (MCMC), variation or leave one out, have high
computational complexity, a hidden variables posterior hard-cut iterative training algorithm is proposed,
which simplifies the training process of the model. The GPM model based on the proposed algorithm is
applied to chaotic time series prediction. The effects of embedding dimension, time delay, learning
sample number, and testing sample numbers on predictive ability are discussed. It is demonstrated by the
experimental results that the prediction of the GPM model is more accurate than SVM, GP and RBF
network, and the training speed of GPM model falls in between RBF network, GP model, and SVM.
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d=4,=5 0.001 1, 18.244 0 (C=9) 0.0012, 9.9950 0.0012, 179.004 4 0.0305, 4.9024
d=4,7=6 0.002 1, 8.869 4 (C=7) 0.004 8, 6.760 4 0.002 0, 138.759 5 0.028 1, 4.7502
d=6,7=4 0.000 4, 3.542 3 (C=5) 0.000 6, 2.366 5 0.000 4, 242.9310 0.040 3, 4.9049
d=6,=5 0.000 7, 10.732 1 (C=3) 0.0013, 6.4935 0.0012, 211.624 5 0.0449, 4.756 4
a=7,=3 0.000 4, 8.203 1 (C=7) 0.000 4, 4.2929 0.000 3, 208.133 3 0.049 4, 3.1521

T AR 14110 RMSE fH, 45 2 H1 g R 2% 3] 1 ]
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Tab. 2 Influence of embedding dimension and delay parameters in predicting Rossler sequence on the predictive
performance of four models

ZHHUE GPM %! GP f%! SVM RBF %44
d=1,=2 45590, 9.144 9 (C=2) 45601, 8.6216 45603, 58.0426 2.1344, 02145
d=2,=7 14515, 51.507 3 (C=2) 1.496 4, 15.923 4 1.5372, 29.907 8 12297, 0.2909
d=3,=1 0.0124, 31.3293 (C=3) 0.0325, 353985 0.018 6, 29.3690 0.1445, 0.4142
d=3,=3 0.198 1, 39.744 1 (C=4) 03124, 42.1008 03425, 282772 0.543 8, 2.0029
d=4,1=2 0.020 0, 74.8802 (C=3) 0.034 3, 30.8172 0.027 6, 25.4955 02391, 0.8664
d=4,=4 0.036 0, 22.720 6 (C=7) 0.049 1, 29.9149 0.076 5, 22.7579 0.326 6, 2.7270
d=4,=7 0.402 5, 19.681 0 (C=6) 0.367 4, 29.4927 02129, 269223 0.5269, 0.994 4
d=5,1=2 0.0142, 18.149 4 (C=6) 0.0232, 42.773 6 0.0232, 25.5813 0.265 6, 0.639 8
d=5,=4 0.046 0, 94.5903 (C=2) 0.044 6, 36.5975 0.0727, 29.4238 03356, 1.649 1
d=7,=6 0.928 0, 14.644 3 (C=4) 1.4004, 41.9596 0.9542, 149.891 9 1.0315, 0.308 1

e FAPREPY 1714 RMSE {8, 55 2 51 B8 2 5] I A)

3 TR Rossler JFF1I 4 FHEEL ) RMSE {8 K8 2% > FE AR A KR 1k
Tab. 3 RMSE values of four models varying with the number of learning samples and test samples when
predicting Rossler sequence

==V NSHERY VN W GPM H#d GP #5784 SVM RBF M %%
NL=100, NT=100 601 0.034 7 (C=2) 0.194 7 0.101 2 0.1811
NL=100, NT=100 701 0.116 0 (C=5) 0.084 6 0.2570 0.3377
NL=100, NT=100 801 0.110 6 (C=2) 0.056 7 0.067 3 0.1757
NL=200, NT=100 301 0.006 7 (C=4) 0.009 2 0.018 1 0.0451
NL=200, NT=100 601 0.016 9 (C=3) 0.030 1 0.047 7 0.092 6
NL=200, NT=200 201 0.035 5 (C=4) 0.048 6 0.042 1 0.104 6
NL=200, NT=200 401 0.047 9 (C=3) 0.024 1 0.044 1 0.124 1
NL=200, NT=300 201 0.035 3 (C=4) 0.053 2 0.046 5 0.1125
NL=200, NT=300 601 0.025 9 (C=4) 0.016 1 0.046 7 0.1151
NL=300, NT=200 1 0.013 0 (C=7) 0.030 1 0.026 9 0.057 1
4 5w B 12 T IRIN JRLEF T .t T GPM

TR [F R A0 501 1 JEE L N ) e 470 AN ] I B ) ) 40

ASCHR T GPM AT — B AR B B
~ " 5, WS AR R 141 A S I

IEREE X Fk, IELL Mackey-Glass Fil Rossler J7
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