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A Fast BP Learning Algorithm via A Hybrid Approach①
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　　Abstract　A hybrid approach based on changing the activ ation function and using a robust error esti-
mator for improving the learning speed of BP network is suggested in this paper.The activ ation function
used in this paper is a non-differentiable piecewise linear function and its deriv ative function is re-defined
as a new continuous one.The network learning is proceeding under new erro r function.Significant im-
provement is observed in the simulations of the XOR and encoder/ decode examples.
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　　Based on a continuous and differentiabe activation function and an LMS error estimator , a standard
BP algorithm is used to reduce the learning speed.To enhance its learning speed , a series of modifica-
tions have been made:in Ref.[ 1] , an adaptive learning rate is used;in Ref.[ 2] , a nondifferentiable ac-
tivat ion function is suggested;in Ref.[ 3] , a new error estimator is proposed;in Ref.[ 4] and Ref.[ 5] ,
robust erro r estimators are used.To improve the prog ress made in these literatures furtherly ,we sug-
gest a hybrid approach in this paper.

1　Cauchy Estimator
It is well-known that the main performance of a robust error estimator is the ability of suppressing

the g ross erro rs such as outliers in the learning process.The Cauchy estimator , one of the robust error
estimators , is described by an error function

[ 5]
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Fig.1　The influence function

where r i=t i-y i is the residual of pattern i with target

ti.Hence the inf luence function of the estimator is given
by [ 4]
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which is plot ted as curve ① in Fig.1 , in which the influ-
ence function of an LM S estimator is also plot ted as

curve ②.
It is obvious from Fig .1 that the LMS estimato r is

ex tremely sensitive to gross errors since its influence

function increases proportionally with the residual , and
therefore even a single large residual f rom an out lier

w ould outw eight the remaining small residuals thus pre-
vent the algorithm from converging to it s target func-
tion.On the other hand , the impact of gross erro rs including out liers on the Cauchy estimator w ill be
limited since even for very large residuals , the outliers have no effects at all due to
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　　The int roduce of Cauchy error estimator is proved to be helpful for improving the convergence
perfo rmance of our modified BP alg orithm.

2　Alternatively Employing Different Activation Functions
The introducing of non-differentiable activation functions into the BP algo rithm has been proved

to be very efficient in enhancing its learning speed.However , in serveral benchmark-liked problems ,
such as XOR , encoder/decoder problem , oscilliations are occurred in most of the iteration process[ 2] .In
our algo rithm design , continuous dif ferentiable activation function and non-differentiable activation fun-
cation are alternat ively employed for hidden layer and output layer to overcome the oscillation pheome-
na.

3　The Modified BP Algorithm Design
A p-q-n neuron three layered(LA , LB , LC)MLP is used to implement our algorithm.The vector

pattern for the three layers is denoted as A , B , C respectively ,where A ={a1 , a2 , … , ap}, B ={b1 ,
b2 , … , bq}, C={c1 , c2 , …, cn}.The connection w eights betw een LA -LB , LB -LC are denoted as

W ih , Whj respectively ,where i=1 , 2 , … , p;h =1 ,2 , … , q;j=1 ,2 , … , n .

The activation function of neruon j in the output layer LC is assumed to be a non-differentiable
function
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then the input fed into neuron j of hidden layer LB will be

netcj =∑
q

h=1
Whjbk (5)

and its output is given as

cj = f j(netcj) (6)

　　For hidden layer LB , the act ivation function is chosen as a continuous dif ferentiable sigmoid func-

tion

f h(x)=
1

1+exp(-x)
(7)

　　The input fed into neuron h in layer LB is given as

netbh =∑
p

i=1
W iha i (8)

thus it s output can be expressed as

bh = f h(netbh) (9)

　　Since the piecew ise linear function given by Eq.(4)is no t dif ferent iable , i ts derivative can be de-

f ined as

f j(x)=1 -λx
2
　　λ∈(0 , 1) (10)

　　Thus by the use of Eqs.(2)、(5)and(9),we obtain the general error of neuron i in the output
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where E j is the cost function.

Analogously , the general error of neuron h in LB is

eh =
 Eh

 (netbh)
=bh(1 -bh)∑

n

j=1
d jWhj (12)

　　By applying delta rule to adjust the connection weights and threshold values ,we have

ΔW ih(n)=αa ieh(n)+βΔW ih(n -1) (13)

ΔWhj(n)=ηbjd j(n)+βΔWhj(n -1) (14)

Δγj(n)=ηd j(n)+βΔγj(n -1) (15)

Δθh(n)=αeh(n)+βΔθh(n -1) (16)

respectively ,where parameters α, η, β ∈(0 , 1), β is the momemtum.

Based upon the above equations , the modified BP algorithm can be described as below :

1)Initialize{Wih},{Whj},{θh}, and{γj}by radomly assigned values between ±1.0.

2)Randomly select an I/O pat tern(Ak , Ck)fo r the MLP netwo rk.

3)Compute the input and output of neuron h in the hidden layer by Eq.(8)and

bh = f h(∑
p

i=1
W iha i +θh) (17)

where f h(·)is given by Eq.(7).

Fig.2　The iteration process of solving

the XOR Problem

4)Compute the input and output of neuron j in the

output layer by Eq.(5)and

cj = f j(∑
q

h=1
Whjbh +γj) (18)

where f j(·)is given by Eq.(4).

5)Adjust{Wih},{Whj}{θh}and{γj}by the use

of Eq.(13)～ Eq.(16).

6)Repeat 1)～ 5)until the error between{Cj}and

i ts target pattern being suf ficiently small.

4　Simulation
In this paper , we demonstrated the performance of

the hybrid approach by applying the algorithm to bo th

the XO R and the encoder/decoder problems w ith a three-layered M LP network.The first experiment

is to solve the XOR problems.To do this , the algorithm dipicted above is used to t rain a 2-2-1 MLP

netwo rk.The numerical simulation results are given in Fig.2 , in which curve ① corresponds to β=0 ,

and curve ② corresponds to β =0.8.Both curves use the parameter values α=η=0.4 , λ=0.01.No

oscillat ion phenomenon is observed in the iteration process.The I/O pat tern af ter the t raining can be

seen in Tab.1.

The encoder/decoder problem is a more difficult problem than the XOR.The convergence results
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are given in Tab.2 , in which the t raining parameter values α=η=0.4 , λ=0.01 and β =0.8.The

convergence criterion E =10-3.Obviously the results in Tab.1 and Tab.2 show that the hybrid ap-

proach is bet ter than the conventional BP algorithm.
Tab.1　I/O pattern of the trained MLP

Input
Output

β=0.8 β =0

0　0 0.002 741 0.002 999

1　1 0.001 391 0.001 299

0　1 0.997 794 0.007 484

1　0 0.997 920 0.008 385

Tab.2　Simulations on encoder/ decoder problems

Size T rials
Average I terations

LMS hybrid

4-2-4 20 5 792 56

6-3-6 20 7 219 113

5　Conclusion
The algorithm based on a hybrid approach has been proved via tw o examples to be ef ficient in en-

hancing the learning speed of a BP netw ork and other of it s performances w ill be furtherly studied.
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一种快速 BP算法的研究
①
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(电子科技大学光电子技术系　成都　610054)

邱玉辉
(西南师范大学　重庆　400715)

【摘要】　提出了一种新的 BP 算法 ,其实质是将传统的激活函数(Sigmoid 函数)改为分段线性函数 ,

将均方误差估计器改为具有稳健特性的柯西误差估计器 ,大大加快了收敛速度。以 XOR 问题和编/解

码问题为例的计算机模拟实验证实了算法的有效性。
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