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6.4. Learning of multilayer neural network 

 
 The adapted perceptron units are arranged in layers, and so the new 

model is naturally enough termed the multilayer perceptron. The basic details 

are shown in fig.(12). Our new model has three layers; an input layer, an 

output layer, and a layer in between, not connected directly to the input or the 

output, and so hidden layer. Each unit in the hidden layer and the output layer 

is like a perceptron unit. The units in the input layer serve to distribute the 

values they receive to the next layer, and so do not perform a weighted sum 

or threshold. Because we have modified the single-layer perceptron by 

changing the non-linearity form into sigmoid function, and added a hidden 

layer, we are forced to alter our learning rule as well. We now have a network 

that should be able to learn to recognize more complex things; let us examine 

the learning rule in more details. 
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Fig.(12) Multi-Layer Neural Network 

 
6.5. Backpropagation learning rule 

 
 The learning rule for multilayer network is called the “Generalized Delta 

rule”, or the “Backpropagation rule”, and was suggested in 1986 by 

Rumelhart, McClelland, and Williams. It  signaled the renaissance of the hole 

subject. It was later found that Parker had published similar result in 1982, 

and then Werbos was shown to have done the work in 1974. such is the 

nature of science , however; groups working in diverse fields cannot keep up 
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with all the advances in other areas, and so there is often duplication of effort. 

However, Rumelhart and McClelland are credited with reviving the perceptron 

since they not only developed the rule independently to earlier claims, but 

used it to produce multilayer networks that they investigate and characterized. 

The operation of the network is similar to that of the single-layer perceptron, in 

that we show the net a pattern and calculate its response. Comparison with 

the desired response enables the weights to be altered so that the network 

can produce a more accurate output next time. The learning rule provides the 

method for adjusting the weights in the network, and,  as we saw earlier in the 

chapter, the simple rule used in the single-layer perceptron will not work for 

multilayer networks. However, the use of the sigmoid function means that 

enough information about the output is available to units in earlier layers, so 

that these units can have their weights adjusted so as to decrease the error 

next time. 

 

 The learning rule is a little more complex than  the previous one, 

however, and we can best understand it by considering how the net behaves 

as patterns are taught to it. When we show the untrained network an input 

pattern, it will produce any random output. We need to define an error function 

that represents the difference between the network’s current output  and the 

correct output that we want  to produce it. because we need to know the 

“correct” pattern, this type of learning is known as supervised learning. In 

order to learn successfully we want to make the output of the net approach 

the desired output, that is, we want to continually reduce the value of this error 

function. This is achieved by adjusting the weights on the links between the 

units, and the generalized delta rule does this by calculating the value of the 

error function for that error from one layer to the previous one. Each unit in the 

net has its weights adjusted so that it reduces the value of the error function; 

for units actually on the output, their output and the desired output is known, 

so adjusting the weights is relatively simple, but for units in the middle layer, 

the adjustment is not so obvious. Intuitively, we might guess that the hidden 

units that are connected to outputs with a large error should have their 

weights adjusted a lot, while units that feed almost correct outputs should not 

be altered much. In fact, the mathematics shows that the weights for a 
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particular node should be adjusted in direct proportion to the error in the units 

to which it is connected; that is why back-propagation these error through the 

net allows the weights between all the layers to be correctly adjusted. In this 

way the error function is reduced and the network learns. 

 6.6. Error BACK-PROPAGATION 

 
 Fig.(13) illustrates the flowchart of  the error back-propagation training 

algorithm for a basic two layer network as in fig.(12) the learning begins with 

the feedforward recall phase. 
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fig.(13)  EBPT ALGORITHM 

  
 After a single pattern vector z is submitted at the input, the layers’ 

responses y and o are computed in this phase. Then, the error signal 

computation phase  follows. Note that the error signal vector must be determined  

in the output layer first, and then it is propagated toward the network  input 

nodes. The K x J weights are subsequently adjusted within the matrix  w in step 
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(5). Finally, J x I weights are adjusted within the matrix V  in step (6). Note that 

cumulative cycle error of input to output mapping is computed in step 3 as a sum 

over all continuous output errors in the entire training set. The final error value for 

the entire training cycle is calculated after each completed pass  through the 

training set . the learning  procedure stops when the final 

error value below the upper bound,  is obtained as shown in step 8.  

 {z , z , z ,.......z }1 2 3 p

Emax

 

6.7. Error Back-Propagation Training Algorithm (EBPTA). 

 Given are P training pairs { where   is (i x 1), 

 is (K x 1), and i = 1, 2, 3, .................., I. note that the I’th component   of each 

  is of value -1 since input  vectors have been augmented. Size j-1 of the 

hidden  layer having output y is selected. note that the J’th component  of y is of 

the value -1, since hidden layer outputs have also been augmented, y is (J x 1) 

and o is (Kx1). 

, , , ,............., , }z d z d z dp p1 1 2 2 zi

di
zi

 
 Step 1 :   c > 0,  chosen.  Weights W and V are initialized at a small  Emax

                random values,  W is (KxJ) and V is (JxI). 

 
Step 2 : Training step starts here. Input is presented and the layer’s         

               output computed. 

      y zj = f(v ,   fo r   j = 1 ,2 ,3 , . . . . , Jj
t )

           .............(33) o yk  =  f ( w   f o r  k = 1 , 2 , 3 , . . . . . . . . . . , Kk
t ) ,

 
Step 3 : Error Value is computed; 

E k o k
k( ) ) =   (d E (k - 1 )1

2 k − + .........................................(34)    

 

Step 4 : Error signal vectors δ δo  and y  of both output and hidden    

              layer are  computed vector δ o   is (Kx1) and δ y  is (Jx1). 

    The error signal term of output layer are 

K, 1,2,......=kfor      ),o-)(1o-(d5.0 2
kkkok =δ     ..........(35) 

    The error signal term  of the hidden layer in this step are 

       ...............(36) δ δy j o k=  (1 - y ) W ,     fo r j = 1 ,2 , . . . , Jj
k = 1

K

k j∑
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Step 5: Output layer weights are adjusted: 

   
w   w + c y      fo r k = 1 ,2 , . . . . . , K  an d
                                                 j = 1 ,2 , . . . . . ,  J      

k j k j j← δ ok ,
  ...(37) 

 
Step 6: Hidden layer weights are adjusted: 

   
v   v + c z ,        fo r  j = 1 ,2 , . . . . , J   a n d
                                             i = 1 ,2 , . . . . . , I

ji ji i← δ y j    .....(38) 

 
Step 7: If  p < P then  p ← p+1  and go to step 2;   

             otherwise, go to step 8. 

 
Step 8: The training cycle is completed. For  terminate the  E <  Emax

             training session. Output  weights W,V, and E.                

             If  , then E ← 0, p ← 1, and initiate the new training      E <  E max

             cycle by going to step 2. 

 
6.8. Initializing neural network weights 

 
 The weights of the network to be trained are typically initialized at a small 

random values. The initialization strongly affects the ultimate solution. If all 

weights start out with equal weight values, and if the solution requires that 

unequal weights be developed, the network may not train properly. Unless the 

network is disturbed by random factors or the random character of input patterns 

during training, the initial representation may continuously result in symmetric 

weights. Also, the network may fail to learn the set of training examples with the 

error stabilizing or even increasing as the learning continues. In fact, many 

empirical studies of the algorithm point out that continuing training beyond a 

certain low-error  results in the undesirable drift of weights. This causes the error 

to increase and the quality of mapping implemented by the network decreases. 

To counteract the drift problem, network learning should be restarted with other 

random weights. The choice of initial weights is, however, only one of several 

factors affecting the training of the network toward an acceptable error minimum. 
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6.9. Necessary number of hidden neurons  
 
 The size of a hidden layer is one of the most important considerations 

when solving actual problems using multilayer feedforward networks. The 

problem of the size choice is under intensive study with no conclusive answers 

available thus far for many tasks. The exact analysis of the issue is rather difficult 

because of the complexity of the network mapping and due to the 

nondeterministic nature of many successfully completed training procedures.  

 
6.10. Momentum method 

 
 The purpose of the momentum method is to accelerate the convergence 

of the error back-propagation learning algorithm. The method involves 

supplementing the current weight adjustments with a fraction of the most recent 

weight adjustment. This is usually done according to the formula: 

 ∆ ∆w ( t )  =  - c   E ( t )  +   w ( t - 1 )∇ α ...............(39) 

Where the arguments t and t-1 are used to indicate the current and the most 

recent training step, respectively, and α is a used selected positive momentum 

constant. The second term, indicating a scaled most recent adjustment of 

weights, is called the momentum term. For the total of N steps using the 

momentum method, the current weight change can be expressed as: 

 ....................(40) ∆  w ( t )  =  - c   E ( t - n )n

n = 0

N

α∑ ∇

Typical value of α constant chosen less than unity [25]. 

 6



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /OK
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile true
  /CreateJobTicket true
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings true
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue true
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


