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Abstract

To enhance the generalization of neural network model, we proposed a novel
neural network, Minimum Risk Neural Networks (MRNN), whose principle is the
combination of minimizing the sum of squares of error and maximizing the
classification margin, based on the principle of structural risk minimization. Therefore,
the objective function of MRNN is the combination of the sum of squared error and
the sum of squares of the slopes of the classification function. Besides, we derived a
more sophisticated formula similar to the traditional weight decay technique from the
MRNN, establishing a more rigorous theoretical basis for the technique. This study
employed 15 real application examples to test the MRNN. The results led to the
following conclusions. (1) As long as the penalty coefficient was in the appropriate
range, MRNN performed better than pure MLP. (2) MRNN may perform better in
difficult classification problems than MLP using weight decay technique.

Key words: back propagation network, structural risk minimization, SVM, weight

decay.
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Table 3. Descriptions of the 15 UCI data sets

UCI data sets |Input variable|Classes| data
SPAMBASE 57 214601
Landsat Satellite 36 616435
Forest cover 14 714000
Iris 4 31 150
Insurance 7 2| 700
Glass 9 6| 214
Shuttle 9 315000
Vowel 10 11 990
Wine 13 3] 178
Letter 16 2612000
Image 18 7(2310
Vehicle 18 4| 846
German 19 2(1000
Heart 20 2] 270
Thyroid 21 317200
Table 4. Testing results of error rate of the 15 UCI data sets
Benchmark MRNN vs. Benchmark
MRNN t-test
UCI data sets| MLPWD SVM (Significance=5%)
Avg. | Std. Avg. | Std. | MLPWD SVM

SPAMBASE (0.0642(0.00270.0653]0.0631/0.0018| 0.037 *|<0.001 *
Landsat  |0.0981/0.0016| 0.098(0.0974]0.0013| 0.036 *| 0.008 *
Forest cover | 0.232 [0.002 | 0.215]0.208 | 0.003 | <0.001 *|<0.001 *

Iris 0.0270| 0 0.027(0.0270| O >0.5 >0.5
Insurance [0.3366(0.0131]0.3365(0.3363|0.0160| 0.468 0.473
Glass 0.2675|0.0036(0.26650.2667|0.0047| 0.248 >0.5

Shuttle  {0.0049]0.0001| 0.004(0.0040|0.0001 | <0.001 *| >0.5
Vowel 0.4123]0.0091 (0.4052]0.3983]0.0096| <0.001 *| <0.001 *
Wine 0.0116]0.0002{0.0115|0.0113]0.0002 | <0.001 *| <0.001 *
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Letter  [0.3474|0.0071(0.3418(0.3315]|0.0073| <0.001 *| <0.001 *
Image  |0.0422(0.0008{0.042210.0421{0.0009| 0.330 0.281
Vehicle ]0.1240(0.0020(0.1232(0.1230|0.0015| 0.025 *| 0.294
German |0.2393]0.0071]0.2365]0.2362|0.0052| 0.034 *| 0.397
Heart 0.1430(0.0019| 0.143]|0.1430(0.0019| >0.5 >0.5
Thyroid 0.0241(0.0002(0.0231]0.0198(0.0002| <0.001 *| <0.001 *
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