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Abstract

In this study, we propose a new learning algorithm,
Adaptive Propagation (APROP), for multilayer feedfor-
ward neural networks, which is more stable, converges
faster and achieves a better prediction accuracy than
the conventional backpropagation learning algorithms.
APROP accelerates and stabilizes the training process in
a way that not only dynamically change learning rate
according to the differences between the computed and
the desired outputs, but also consider the behavior of
the partial derivative of weights. We used APROP in
the test cases selection for regression.

The APROP neural network will resemble a human
judgement via correlating knowledge from customer
profile, analysis of past test results, system failure rate
analysis, and dynamic behavior of executable software
object to identify potentially critical test cases for re-
gression testing. We tested APROP mneural network
model with a sample dataset for a large telecommu-
nications systems and compared the result with pure
gradient-descent, and adaptive learning rate. The com-
parison results indicate that APROP neural network, af-
ter enough training, can better resemble a human judge-
ment in identifying the critical test cases than pure
gradient-descent, and adaptive learning rate.
Keywords: Neural network, learning algorithm, back-
propagation, feedforward networks

1. Introduction

In this study, we propose a new learning algorithm,
Adaptive Propagation (APROP), for multilayer feedfor-
ward neural networks, which is more stable, converges
faster and achieves a better prediction accuracy than
the conventional backpropagation learning algorithms.
There are various conventional backpropagation learn-
ing algorithms for neural network [2, 4, 7, 9, 10]. How-
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ever, the training speed, memory usage, potential di-
verge training problems, and local minimum, are inher-
ent disadvantages of these algorithms. To overcome the
inherent disadvantages, We designed APROP based on
the resilient propagation [10], adaptive learning rate
[9], and momentum [9]. We used APROP in the test
cases selection for regression.

The existing regression test selection techniques are
based on information about the code of the program
and the modified version [1, 3, 6, 8]. However, in some
institutions, the software developers and system testers
are scattered, and due to the security reasons, the in-
formation on the source codes can’t be provided to the
system testers. The unavailability of source code at
system (black-box) level testing is true for any orga-
nization that implements known test practice recom-
mended by independent verification and validation pro-
cesses. Under this circumstance, Samaan [11] reported
on the need to correlate the user profile together with
the change in architecture and analysis of past test re-
sults using simple logic in an attempt to optimize test
cases selection for regression. Samaan also states the
limitation of using simple logic particularly when the
number of nominated test cases for regression is far
more than what can be accepted for industry standard
as cost effective in order to markedly reduce cycle time.
Samaan suggested the use of fuzzy logic or neural net-
work (or combination of) to address the said limita-
tions.

The APROP neural network will resemble a human
judgement via correlating knowledge that represents
one or more of the following: customer profile, anal-
ysis of past test results, system failure rate [13], and
dynamic behavior of executable software object [12],
to identify potentially critical test cases for regression
testing. We tested APROP neural network model with
a sample dataset for a large telecommunications sys-
tems. We also applied other well-known learning al-
gorithms, such as pure gradient-descent, and adaptive
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Figure 1. A feedforward neural network

learning rate, to the same application. The compari-
son results indicate that APROP neural network, after
enough training, can better resemble a human judge-
ment in identifying the critical test cases than pure
gradient-descent, and adaptive learning rate.

2. Adaptive Resilient Propagation Net-
work

The multilayer neural networks have been very
popular for various applicattion since the error-
backpropagation algorithm was publicized in 1986 [5].

A typical neural network has the input layer, a
numbers of hidden layers, and the output layer. Fig-
ure 1 shows a feedforward multilayer neural network.
The traditional backpropagation algorithm adjusts the
weights and basis by application of gradient to com-
pute the influence of each weight in the network with
respect to a cost function E.

p
Z (k) ng) (net(k)) (k) (1)

k=1

3w”

where f'(-) means the derivative of function f(-). Re-
call that net{® = FOo, wijng)) is the net input to
the activation function of the ith neuron when the kth
input pattern is presented. Since minimizing the out-
put error requires that the weight changes be in the
negative gradient direction, we have:
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However, it becomes clear that training multilayer
networks is usually a time-consuming process, and is
not easy to achieve the global optimal solution. Many

algorithms have been proposed to speed up the learn-
ing process and achieve better solutions. APROP differs
from traditional steepest gradient backpropagation in
a way that not only adapt learning rate but the partial
derivative. The advantage of adaptive is to make the
learning process faster and more stable.

In summary, the APROP learning algorithm can be
expressed as following.
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where f; and f, are two adaptive functions.

3. Case Study

We studied a sample data from a GSM system test
data base. The sample data contains 69 test cases. We
extract seven matrix from the database as the input to
the neural network. The desired output is the score of
priority of the test case. The seven inputs comes from
past test case analysis, customer profiles, and reliability
analysis.

The seven input matrix was normalized to a scale of
[0 10], and the desired output was a numerical number
of [0 1]. Our neural network model is based on this
normalized data. We randomly partitioned this data
into two subset, two thirds of the observations for a fit
data set, the remainng third for a test data set.

We built a APROP neural network and other
three neural networks using other learning tech-
niques. They are traditional steepest descent train-
ing algorithm(ASDA), adaptive learning rate algo-
rithm(ALRA). Table 1 specifies the structure of the
neural networks used in our case study.

We evaluated the accuracy of the model using the
test data set. The simulation result showed that APROP



Table 1. Summary of

Neural Networks for

CCCs
Architecture
Class Perceptron
Connections Feedforward
Layers 3
Input nodes 7
Hidden nodes 10
Output nodes 1

Node details
Activation function
Temperature (\)

Unipolar Sigmoid
1

Training

Mode Supervised
Algorithm Backpropagation
Weight updates Each epoch
Learning rate 0.01

Momentum rate 0.95

increased the accuracy 65% than other two algorithms,
and the training process is more stable and converges
faster.

4. Conclusions

In this paper, we report a new learning algorithm,
APROP. We also demonstrate, through analysis and
simulation, how APROP can help better identify critical
test case in regression test.
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