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A New Modular Neural Network Training Algorithm
for Step-like Discontinuous Function Approximation
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ABSTRACT

Theoretically, a multi-layered feedforward network has been known to be able to approximate a continuous
function to an arbitrary degree of accuracy. However, these networks fail to approximate discontinuous functions
when they are trained by well-known training algorithms. This paper presents a training algorithm which doesn’t
only train the network, but it also constructs the network incrementally while the training proceeds. The final net-
work consists of one or more modules, which are trained in a sequential order within subspaces of the input space,
and is trained very rapidly once all modules are trained and merged. The experimental results of applying this

method indicates the proposed training algorithm is superior to traditional ones such as backpropagation.
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(B) WINDOW EXPANDED AGAIN AND THE FIRST MODULE FAILS
TO APPROXIMATE

! '
—~+ wl +
]
I

| )
T |
i
|

|
casvacecnanad |
i |

(C) REINITIALIZE WINDOW FOR THE SECOND MODULE TO THE
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Fig. 3 Explanation of how windows are maintained : Only the
solid line portion of function is visible for the given
window
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/% Initialize the first window to be of zero
size. */

/* Initialize the first module. */

N\_modules <~ 0:

Do
Do

/+ Expand the window and train the
current module. +/
Expand_window():
flag <- BP_train();
Until flag = fail OR
window_size = training_set_size
if flag = fail
/* Freeze the current module and
activate a new module. */
N_modules <- N_modules + 1:
end_if
Until N_modules = max. no. of modules OR
current window covers the entire
training set
/* Merge all modules & train entire network. */

12 4. Attentive =8 533 Fd ¢328 %
Fig. 4 Attentive Modular Construction and Training Algor-
ithm
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Fig. 5 Construction of Network from Modules:Large arrows
represent the connection weights copied in the merge
process and the filled circles represent threshold units
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Fig. 7 Approximation of regular 10 steps by standard BP

and change in MSE during training

E 1. AMCTS} BP9 139§ 1049 g5 2AFSHell A

o dE M

Table 1. Comparison between AMCT and BP for regular
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Learning Rules AMCT Back-prop  {Improvement
MSE k 0.000364 ‘ 0.000537] 47.52%
No. of Weight Changes| 139,147,516/ 186,000,000 33.67%77
No. of Iterations 24,339,379 4 6,000,000
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Fig. 8 Approximation of irregular 6 steps by AMCT and

6 steps
Learning Rules AMCT Back-prop Imprf)vem&nl
7MSE 0.002242 0.003229| 44.23%
No. of Weight Changes| 55,056,520 88,000,000 B 59.83‘%}7
No. of lterations 10,794,130 4,000,000
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Fig. 9 Approximation of irregular 6 steps by standard BP
and change in MSE during training
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Fig. 10 Approximation of 2D regular 10 steps by AMCT
and BP
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Lcaming Rules AMCT Back-prop [mprovement
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No. of Iterations 179,242,400 600,000,000
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Table 4. Comparison between AMCT and BP for 2D regular
pyramid

Learning Rules PoAMCT Back-prop lmprovcmenl
MSL | ’)Uul)l

0 0()0642 642 )“/n

No of Wetgh[ C hanch 2, 086 619,296 6() 50() 0()0 000 7899 4%

No. of Iterations } 219,843,488 1,000,000.600
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Fig. 11 Approximation of 2D regular pyramid by AMCT
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