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|r BP algorithm has been used for wide range of applications. One of the most important |

| limitations of this algorithm, is the low rate of convergence. The important reason behind

| this, is the saturation porperty of its activation Junctions. Once the output of a unit lies in the

| Saturation area, the corresponding decent gradient would take a very small value. This will

I result in very little progress in the weight adjustment, if one takes a fixed small learning rate
parameter. To avoid this undesired phenomenon, one may consider a relative large learning
rate. Unfortunately this would be dangerous, because it may take the algorithm diverges,
especially when the weight adjustment happens to Jall into the surface regions with a large I

steepness. So, we require algorithms capable of

tunning dynamically learning rate according I

I

! to changes of gradient values. In this paper, different methos o dynamic changing of learning

I I
I rate has been considered. Variable Learning Rate (VLR ) algorithm and learning automata

’ based learning rate adaptation algorithms are considered and compared with each other. |
Because the VLR parameters have important influence in its per ormance, so we use learnin
p p p 8
I automata for adjusting them. In the proposed algorithm called Adaptive Variable Learning
IRate (AVLR) algorithm, VLR parameters are adapted dynamically by learning automata
8 p p y oy 8
according to error changes. Simulation results on various problems highlight better the merit

: of the proposed AVLR.

I Keyword

Multilayer Neural Metwork, Backpropagation, Variable Learning Rate, Learning Automata,

| Adaptive Variable Learning Rate
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Initialize weights and biases
Set training parameters
for i=1:me
if SSE <eg, i=i-1; break, end
Feedforward;
Backward;
Compute New Weights and Biases;
Compute new_SSE ;
if new_ SSE > SSE* max_ perf _inc
Ir=Ir*Lr_dec
MC=0;
else
if new_SSE < SSE
Ir=Ir*Lr _inc ;
end
wl =new_wl; bl =new_bl;
al =new_al;
w2 = new_w2; b2 =new_b2;
a2 =new_a2;
e =new_e; SSE = new_SSE;
end
end
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Initialize network weights and biases
Set training parameters
Initialize automata parameters
for i=1:NO_OF ITERATION
Select a learning rate from
learning rate set.
For I=1:N
Call BP
End
find minimum of training error
in N iteration.
if MinOfSSE_new >
MinOfSSE¥*MAX_ERR_RATIO
EnvirntRespc = 1 % penalty
else
EnvirntRespc = 0 % reward
wl=wl_new;
w2=w2_new;
bl=bl new;
b2=b2 new;
MinOfSSE= MinOfSSE new;
tr =tr_new;
end
Call UpdateActionProbability;
end
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Initialize network weights and biases
Initialize training parameters
Initialize automata parameters
for LoopCnt=1:NO_OF_ITERATION
selecta LEARNING RATE from
LEARNING_RATE set.
For I=1:N
Call BP
end
find minimum of training error in
STEP_SIZE iteration.
if minOfSSE_new >
minOfSSE*MAX_ERR_RATIO
EnvntRspnc=1 % penalty
else
EnvntRspnc=0 % reward
end
call updates automata state
end
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Epochs versus Lr_Dec
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Initialize automata parameters
Initialize Network Weights and Biases
Set Training Parameters
for i=1:me
Select VLR Parameters
for j=1:STEP_SIZE
if SSE < eg, i=i-1; break, end
Feedforward;
Backward;
Compute New Weights and Biases;
Compute new_SSE;
if new_SSE >SSE* max_ perf _inc
Ir=1Ir*Lr_dec ;
MC=0;,
else
if new SSE < SSE
lr=Y*Lr_inc;
end
wl=new_wl; bl = new_bl;
al =new_al;
w2 =new_w2; b2 = new_b2;
a2 =new_azl;
¢ =new_e; SSE = new_SSE;
end
end
if new_MinOfSSE >=
MinOfSSE*COEFF.
EnvntRespc=1 %penalize
else
EnvntRespc=0 % reward
end
UpdateActiveState_Tsetline
end
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Epochs versus Maximum Error Ratio
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FLR 12.57 2563
VLR 5.08 1042
VSLA 6.05 1156
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F Kri nisky(5,3) 5.28 1002
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L yused s

1- Variable Learning Rate

2- Multi Layer Perceptron

3- Back Propagation

4- Adaptive Varible Learning Rate

5- Batch-style

6- Descent-type

7- Learning Automata

8- Stochastic

9- Variable Structure Learning Automata

10- Fixed Structure Learning Automata

11- Hierarchical Structure Stochastic Automata
12- Linear Reward-Penalty

13- Linear Reward-Inaction

14- Maximum-Performance-increase

15- Learning rate-decrease

16- Learning rate-increase

17- Odd - Parity

18- Time Delay Neural Network

19- Million Floating Point Operation Per Second
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