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Abstract

In this research, a new method is discovered (combined method) to
accelerate the backpropagation network by using the expected values of
source units for updating weights, we mean the expected value of unit by
the sum of the output of the unit and its error term multiplied by the factor
Beta to accelerate the algorithm and also adjust the value of learning
coefficient continuoudly if the value of energy function E decreases the
learning rate isincreased by afactor r , if the value of the energy function E

increases , the value of the learning rate is decreased by a factor s . To
obtain the optimal weight with minimum iteration and minimum time, we
applied a new method on many applications to prove the result of this
method (pattern compression, encoding and recognition on Arabic, English
digits and alphabetic.
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Net Structure and problem h Beta || Iteratio || Error
nNi—Ny-nNy n no.
[SBP  |[35 10-35 compression of English digits [[o9 |{o.0 ][2271 ]|0.099987 |
[cOM ][35 10-35 compression of English digits [[o9 |{16.0 |[31 |[0.097610 |
[SBP ]| 35- 5- 4 encoding of English digits [[o9 [{o0 |[51 |[0.099640 |
[CcOM ]| 35- 5- 4 encoding of English digits [[o.8 ][16.0 ||2 |[0.058707 |
[SBP ]| 35- 5- 10 recognition of English digits [[o.9 |{o.0 ][625 ][0.099992 |
[cOM ]| 35- 5- 10 recognition of English digits [[0.7 |{12.0 |[18 |[0.095378 |
[SBP || 35- 10- 35 compression of Arabic digits [[o9 |[o0 |[61311 ][0.01 |
[CcOM ]| 35- 10- 35 compression of Arabic digits [lo9 |[120 |[2 | 0.000007 |
[SBP || 35-5- 4 encoding of Arabic digits [[0.9 ][0.0 ][3796 ][0.009999 |
[COM ][35-5- 4 encoding of Arabic digits |[[o.9 |{28.0 |[33 |[0.000804 |
[SBP ]| 35- 5- 10 recognition of Arabic digits [[o.9 |[0.0 ][59545 ][0.01 |
[CcOM ]| 35- 5- 10 recognition of Arabic digits [lo9 |[300 |2 |[0.007585 |
[SBP ]| 56- 6- 56 compression of Arabic aphabet [[o9 |{o0 ][8228 ]|0.1 |
[CcOM || 56- 6- 56 compression of Arabic alphabet [[o.9 ][26.0 ||3 |[0.069963 |
[SBP || 56- 6- 5 encoding of Arabic dphabet [[o9 [{o.0 |[91 |[0.099886 |
[CcOM ]| 56- 6- 5 encoding of Arabic dphabet [[o9 |[12.0 ][2 |[0.005222 |
[SBP || 56-6-28 recognition of Arabic aphabet [[o9 |{o.0 ][357 ]|0.399824 |
[coM || 56-6-28 recognition of Arabic aphabet [[o.9 ][300 |2 |[0.027258 |
Net Structure and problems h Beta || Iteratio || Error
Ni—Nh-Ny n no.
[SBP ]| 35- 10- 35 compression of English alphabet ~ |[0.9 ][00 |[53 |[0.099140 |
[CcOM ]| 35- 10- 35 compression of English aphabet (0.8 |[80 ][3 |[0.085929 |
[SBP ]| 35- 5- 5 encoding of English aphabet [[o9 J[0.0 ][104 ][0.099627 |
[coM || 35- 5- 5 encoding of English alphabet [[0.9 ][10.0 |10 |[0.092748 |
[SBP || 35- 5- 26 recognition of English aphabet [[o9 |{0.0 ][5423 ][0.099991 |
[cOM || 35- 5- 26 recognition of English aphabet [[09 |[28.0 |[19  ][0.098239 |
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