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Abstract: Exchange rate volatility prediction has long been the issue that most financial market researchers are con-

cerned with. This article applies a self-organizing-map-based method to the self-organizing-mixture model(SOMAR) for

predicting the non-stationary volatility of daily exchange rate. This extended SOMAR(ESOMAR) model is free from

the constraint of stationarity which is required by most of the traditional regressive models; it also replaces the global

modeling by the local modeling by splitting a non-stationary time series into piece-wise stationary time series episodes.

Meanwhile, ESOMAR is a non-parametric neural network regressive model; it combines the simplicity of the traditional

regressive model and the flexibility of neural networks, making it adaptive to the heterogeneous data. The prediction re-

sults of exchange rate volatility show that the ESOMAR outperforms many traditional regressive models as well as other

neural-network-based approaches.
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1(a)

Fig. 1(a) The various values of neighborhood function

due to the locations of different neurons

1(b)

Fig. 1(b) Illustration of a typical Gaussian

neighborhood function
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Fig. 3 Two layers’ network structure
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Fig. 4(a) The AR modeling errors of USD to GBP return

4(b) .

Fig. 4(b) The corresponding volatilities
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ESOMAR ,

1, 2, 3 MSE,

(varia-nce) .
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. NG

, MSE ×10−3, Var ×10−6.

1

Table 1 USD vs GBP

MSE Var MSE Var

ESOMAR 4.231 2.142 SOMAR 4.342 2.201

ARMA 4.823 2.793 MLP 4.710 2.534

GARCH 4.532 2.238 NG 4.602 2.348

2

Table 2 USD vs EURO

MSE Var MSE Var

ESOMAR 3.223 2.013 SOMAR 3.514 2.203

ARMA 4.037 2.672 MLP 4.001 2.641

GARCH 3.871 2.216 NG 3.724 2.41

3

Table 3 USD vs HKD

MSE Var MSE Var

ESOMAR 5.176 2.562 SOMAR 5.310 2.612

ARMA 5.993 2.982 MLP 5.815 2.986

GARCH 5.551 2.863 NG 5.761 2.699
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5 (Summary and conclusion)
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