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Abstract 

 
This paper introduces an efficient modification of the 

Rprop algorithm for training neural networks. The 
convergence of the new algorithm can be justified 
theoretically, and its performance is investigated 
empirically through simulation experiments using some 
pattern classification benchmarks. Numerical evidence 
shows that the algorithm exhibits improved learning 
speed in all cases, and compares favorably against the 
Rprop and a recently proposed modification, the iRprop. 
 
1. Introduction 
 

Gradient descent is the most widely used class of 
algorithms for supervised learning of neural networks. 
The most popular training algorithm of this category is 
the batch Back-Propagation (BP) [1]. It is a first order 
method that minimizes the error function by updating the 
weights w  using the steepest descent method [1]: 

( )ttt wEww ∇−=+ η1  (1) 
where E is the batch error measure defined as the Sum of 
Squared differences Error function (SSE) over the entire 
training set. The parameter η  is a heuristic, which is 
known as learning rate. Proper learning rate values help 
to avoid convergence to a saddle point or a maximum. In 
order to secure the convergence of the BP training 
algorithm and avoid oscillations in a steep direction of 
the error surface a small learning rate is chosen 
(0<η <1). However, it is well known that this approach 
tends to be inefficient.  

Adaptive gradient-based algorithms with individual 
step-sizes try to overcome the inherent difficulty of 
choosing the right learning rates. This is done by 
controlling the weight update for each weight in order to 
minimize oscillations and maximize the length of the 
step-size. One of the best algorithms of this class, in 
terms of convergence speed, accuracy and robustness 
with respect to its parameters, is the Resilient 

Backpropagation (Rprop) algorithm [2]. Recently a 
modification of the Rprop, the so-called Improved Rprop 
(iRprop) has been proposed [3]. Empirical evaluations of 
iRprop gave good results, showing that iRprop 
outperforms in several cases the Quickprop and 
Conjugate gradient algorithms [3].  

One problem inherent with gradient descent methods 
relates to convergence to local minima. These techniques 
use only gradient information, e.g. the partial derivative 
of the error with respect to the weights, to adapt weight-
specific parameters. While some local minima can 
provide acceptable solutions, they often result in poor 
performance. This problem can be overcome through the 
use of global optimization. Various algorithms of this 
category have been employed, including simulated 
annealing (SA) [4], evolutionary methods [5], random 
methods, and deterministic searches [6]. Global 
optimization, however, is considered computationally 
expensive, which could be a significant problem 
particularly for large networks [7].  

In this paper, we propose to combine a quick and 
computationally cheap gradient descent algorithm, 
Rprop, with more ‘global’ information like the 
magnitude of the network batch error, in order to 
improve the learning speed. This paper is organized as 
follows. First, we describe the Rprop algorithm and its 
parameters. Next, the new algorithm is described and a 
mathematical justification for its behavior is presented. 
Then the new algorithm is empirically evaluated and 
compared with the classic Rprop and iRprop. Finally our 
results are discussed and conclusions are drawn. 
 
2. The Resilient Propagation Algorithm  

 
The basic principle of Rprop is to eliminate the 

harmful influence of the size of the partial derivative on 
the weight step. As a consequence, only the sign of the 
derivative is considered to indicate the direction of the 
weight update. The size of the weight change is 



 

 

exclusively determined by a weight-specific, so called 
‘update-value’ 
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where ( ) ijwtE ϑϑ denotes the partial derivative with 
respect to each weight. The second step of Rprop 
learning is to determine the new update-values. 
















−∆

<
∂

∂⋅
∂

−∂∆⋅

>
∂

∂⋅
∂

−∂∆⋅

=∆ −

+

elset

w
tE

w
tEift

w
tE

w
tEift

ij

ijij
ij

ijij
ij

t
ij

),1( 

0)()1(),(

0)()1(),(

)( η

η

 
(3) 

 
where +− <<< ηη 10 . Thus every time the partial 
derivative of the corresponding weight ( )twij  changes its 
sign, which indicates that the last update was too big and 
the algorithm has jumped over the local minimum, the 
update-value ( )tij∆ is decreased by the factor −η . If the 
derivative retains its sign, the update value is slightly 
increased in order to accelerate convergence in shallow 
regions. Additionally, in case of a change in sign, there 
should be no adaptation in the succeeding learning step. 
In practice this can be achieved by setting ( ) 0=ijwtE ϑϑ  
in the adaptation rule. Finally the weight update and the 
adaptation are performed after the gradient information 
of the whole pattern set is computed. 

The Rprop algorithm requires setting the following 
parameters: (i) the increase factor is set to 2.1=+η ; (ii) 
the decrease factor is set to 5.0=−η ; (iii) the initial 
update-value is set to 1.00 =∆ ; (iv) the maximum 
weight step, which is used in order to prevent the 
weights from becoming too large, is 50max =∆ [2].  
 
3. Description of a new method 

 
Rprop is based on the assumption that a sign change 

of the partial derivative implies a jump over a local 
minimum along the coordinate direction ( )twij , but it 
does not take into account whether the weight update has 
caused an increase or decrease of the error. Also in 
Rprop, if the derivatives retain their signs, the update 
value is slightly increased in order to accelerate 
convergence in shallow regions. This strategy helps to 
speed up convergence when the derivative is negative 
but may be inefficient when the two derivatives are 
positive, as in this case the weight updates may lead the 
weight trajectory far away from the minimum or in 

regions with higher error function values. In an attempt 
to alleviate these situations Rprop employs a heuristic 
parameter max∆ , which constraints the size of the update 
step. 

The idea behind the new algorithm is to take into 
account the evolution of the error. We try to combine 
‘individual’ information about the error surface, i.e. the 
sign of the partial derivative of the error function with 
respect to a weight, with more ‘global’ information, i.e. 
the magnitude of the network learning error, in order to 
decide for each weight individually whether or not to 
revert/reduce a step. When the gradient of the error 
function is available at the endpoints of an interval of 
uncertainty, it is necessary to evaluate function 
information at an interior point in order to reduce this 
interval [8]. This is because it is possible to decide 
whether the corresponding interval brackets a local 
minimum simply by looking the function values between 
two successive epochs t and t-1 (i.e. E(t-1) and E(t), 
respectively), and the gradient values ( ) ijwtE ϑϑ 1− , 

( ) ijwtE ϑϑ  at the endpoints of the considered interval. 
The conditions that have to be satisfied are the 
following: 
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where, 1V  and 2V  determine the sets of weights for 
which the coordinate that corresponds to the weight ijw  
is replaced by ( ) ( ){ }twtwa ijij ,1min −= , and 

( ) ( ){ }twtwb ijij ,1max −=  correspondingly. Notice that, at 
this instance, between two successive epochs, t-1 and t, 
all the other coordinates remain the same. The above 
three conditions lead to the conclusion that the interval 
[ ]ba,  includes a local subminimizer along the direction, 

which corresponds to the weight ijw . A robust method of 
interval reduction called bisection can now be used. By 
computing the midpoint )(

2
1 bam +=  of the interval 

],[ ba  we take as the next interval whichever of ],[ ma  
and ],[ bm  is the one that still brackets a minimizer 
according to the criteria mentioned above.  

The bisection method always converges with 
certainty within the given interval ],[ ba  and it is a global 
convergence method. Moreover it has a great advantage 
since it is optimal, i.e. it possesses asymptotically the 
best possible rate of convergence [9]. Also, the number 
of iterations of the bisection method that are required for 
the attainment of an approximate minimizer within the 
interval ],[ ba  to a predetermined accuracy ε  is known 



 

 

beforehand and is given by   ])( [log 1
2

−− εab . Finally, 
it requires the algebraic signs of the values of the 
gradient to be computed, and proceeds solely by 
comparing the relative sizes of the functions values. 
Next, we give a theorem that ensures that the training 
method that updates the weights according to the criteria 
mentioned above converges to a local minimizer. The 
objective is to show that there is a neighborhood of a 
minimizer of the error function for which convergence to 
the local minimizer can be guaranteed. 
Theorem: Suppose that the error function is twice 
continuously differentiable in an open neighborhood 

DS ⊂0  of a local minimizer Dw ∈*  for which the 
Hessian is positive definite with property πΑ . Then 
there exists an open ball S , with center *w and radius r , 
in 0S  such that the sequence generated by the training 
method that updates the weights according to the criteria 
mentioned above converges to *w . 
Proof: It can be shown that the proof of the above 
theorem follows from the proof of Theorem 1 of [10] by 
observing that the training method forms a nonlinear  
 

 
Figure 1. Pseudocode of the modified Rprop 

 
Jacobi scheme, which fulfils the assumptions of 
Theorem 1 of [10]. A detailed description is outside the 
scope of this paper. 

Remark : The Property Aπ: Young [11] has discovered a 
class of matrices described as having property Aπ that 
can be partitioned into block tridiagonal form, possibly 
after a suitable permutation [12]. An algorithmic 
procedure for transforming a symmetric matrix to a 
tridiagonal form is presented in [13]. 

In case the initial points are far from the 
neighborhood of a local minimizer, then it is possible to 
equip algorithms with local learning rates (like the one 
proposed here) with a strategy for adapting the direction 
of search to a descent one. In this way, a decrease of the 
function value can be ensured at each iteration; and 
convergence to a local minimizer of the objective 
function from remote initial points can be achieved [14] 
(see the detailed description of [14] on how this can be 
applied to any adaptive gradient-based algorithms with 
individual step-sizes). 

Based on the above theoretical discussion we propose 
in Figure 1 a simplified version of the algorithm that 
only depends on )()1( tEtE <− ; q is a reduction factor 
that is used to update the midpoint of the considered 
interval. The choice of q has an influence on the number 
of error function evaluations required to obtain an 
acceptable weight vector [15]. In practice, one iteration 
of the bisection method along each weight direction is 
recommended, as exact subminimization to obtain 
accurate approximations of the subminimizer in each 
direction requires significant computational efforts [10]. 

 
4. Experimental study 
 

In this section, we evaluate the performance of the 
new method (ARPROP) on four pattern classification 
problems and compare it with the original Rprop [2] and 
the Improved Rprop (iRprop) proposed recently by Igel 
and Husken [3]. We have used well-studied problems 
from the UCI Repository of Machine Learning 
Databases [16], as well as problems studied extensively 
by other researchers in an attempt to reduce as much as 
possible biases introduced by the size of the weights 
space and the quality of the training data. We decided 
not to enhance the algorithms tested with add-on 
techniques for improving the classification success in the 
testing phase (i.e. the generalization ability of the trained 
neural network) as this would require introducing, and 
fine tuning or optimizing additional heuristics depending 
on the learning task. 
 
4.1. Problems description 
 

We have used four pattern classification problems 
from the UCI repository of machine learning database, 
namely cancer1, diabetes1, thyroid1, genes2, as 
described in the PROBEN1 benchmark collection [17]. 
In all experiments, we use the same parameters as 
suggested in [2], and feed-forward neural networks with 
sigmoid hidden and output nodes. The notation I-H-O is 
used to denote network architecture with I inputs, H 
hidden layer nodes and O outputs nodes. All results are 
based on 100 independent trials for each algorithm. 

Initialise: t=0; set the maximum number of epochs T, calculate E(0); set q=1; for all weights wij 

(i,j=1,…N) set min0)(:, ∆=∆=∆∀ tji ij , max∆ , 10 <<< +− ηη , 0)1( =
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Repeat for t = 1….T  
Compute the gradients )(tE∇  
if E(t) ≤  E(t-1) then 

for all weights and biases (i,j=1,…N) 

if 
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q = 1 
if E(t) >  E(t-1) then { 

)1(
2
1

)()1( −∆+=+ twtwtw ijqijij  

q=q+1 
} 

Terminate: Get the final weights and the corresponding error value E(w) 



 

 

Moreover, the 100 random weight initializations are the 
same for all the learning algorithms. In all cases, the 
training and testing sets were created according to the 
guidelines of PROBEN1 (see [17] for details).  

In order to analyze the statistical significance, we 
have implemented the Wilcoxon test as suggested in 
[18]. This is a nonparametric method that is considered 
an alternative to the paired t-test. This test assumes that 
there is information in the magnitudes of the differences 
between paired observations, as well as the signs. Firstly, 
we take the paired observations, we calculate the 
differences and then we rank them from smallest to 
largest by their absolute value. After adding all the ranks 
associated with positive and negative differences giving 

+T  and −T  statistic respectively. Finally, the probability 
value associated with this statistic is found from the 
appropriate table. In our experiments, all statements refer 
to a significance level of 5%, which corresponds to 

95.1>cZ  for the convergence speed and 95.1>crZ  for 
the classification success. 

 
4.1.1. The Cancer1 problem. This is a breast cancer 
diagnosis problem based on 9 inputs describing a tumour 
as a benign or malignant. The data set consists of 350 
patterns. We have used a feed-forward neural network 
with 9-4-2-2 nodes as suggested in the PROBEN1 
benchmark collection, [17], and in [3]. 
 
4.1.2. The Diabetes1 problem. The aim of this real-
world classification task is to decide whether a Pima 
Indian individual is diabetes positive or not. We have 8 
inputs representing personal data and results from a 
medical examination. The data set consists of 384 
patterns. The PROBEN1 collection proposes several 
architectures for this problem, including one with 8-2-2-
2 nodes. We decided to use this architecture as it was 
also suggested by others [3]. 
 
4.1.3. The Genes2 problem. It is a binary problem. The 
goal of this classification task is to decide, from a 
window of 60 DNA sequence elements (nucleotides), 
whether the middle is either an intron/exon boundary (a 
donor), or an exon/intron boundary (an acceptor), or 
none of these. Each nucleotide is encoded binary by two 
bipolar inputs (i.e -1 and +1). The data set consists of 
1588 patterns. This data set was created based on the 
‘splice junction’ problem dataset from the UCI 
repository of machine learning database. We have used a 
network with 120-4-2-3 nodes as suggested in the 
PROBEN1 benchmark collection. 
 
4.1.4. The Thyroid1 problem. This problem is based on 
patient query data and patient examination data. The task 
is to decide whether the patient’s thyroid has over 
function, normal function, or under function. The data 
set consists of 3600 patterns. We use the thyroid1, which 
is not a permutation of the original data, but retains the 
original order instead. We have used a network with 21-
4-3 nodes, as suggested by [7]. 
 

4.2. Presentation of results 
 

Convergence speed (learning speed) is a critical 
factor when we decide which algorithm to use. 
Classification success in testing (generalization 
performance) is another crucial factor. Below we present 
experimental results for both factors. 

 
4.2.1. Cancer1. The results for this pattern classification 
problem are summarized in Table 1. The new algorithm 
performs significantly better than the other two methods. 
The differences between iRprop and Rprop are not 
important. In Table 1, we represent the average time 
(“Time”, measured in secs spends to train a network), 
the classification success in testing (“Classification 
Success” or “Success”, measured by the percentage of 
testing patterns that were classified correctly), and the 
convergence success in the training phase 
(“Convergence”, measured by the percentage of 
simulation runs that converged to the error goal) for all 
algorithms. For each comparison we apply the Wilcoxon 
rank test to calculate the significance of the results; when 

95.1>cZ  or 95.1>crZ  then there is a remarkable 
improvement. 

Judging from Table 1, we can notice that all methods 
converge to the error goal and there is no significant 
difference in the generalization performance. 
Nevertheless, the new algorithm is faster than the other 
first order methods. The percentage of improvement that 
the new algorithm achieved over Rprop and iRprop in 
terms of learning speed is 38.2% and 37.8% 
respectively. The results show slightly less classification 
success but, as discussed above, this is not statistically 
significant. 

 
Cancer Average performace Wilcoxon Test 
Algorithm Time 

(sec) 
Classification 
Success (%) 

Converge 
(%) 

Time 
(Zc) 

Success 
(Zcr) 

Rprop 1.15 97.64 100 6.55 1.75 
iRprop 1.13 97.63 100 6.75 1.54 
ARPROP 0.70 97.60 100   

 
Table 1. Performance in the cancer1 problem 

 
4.2.2. Diabetes1. In the diabetes classification problem 
both Rprop and iRprop behave similarly. 
 
Cancer Average performace Wilcoxon Test 
Algorithm Time 

(sec) 
Classification 
Success (%) 

Converge 
(%) 

Time 
(Zc) 

Success 
(Zcr) 

Rprop 3.37 75.64 99 3.37 2.32 
iRprop 3.32 75.67 99 4.20 2.30 
ARPROP 1.09 75.78 100   

 
Table 2. Performance in the diabetes1 problem 

Table 2 gives the average convergence speed and 
success (%) of the algorithms. The table also includes 
the results of the Wilcoxon Rank test. The increased 
convergence speed does not seem to affect the 
classification success of the ARPROP in testing. 
ARPROP is 67.5% and 67% faster than Rprop and 
iRprop, respectively. 



 

 

 
4.2.3. Genes2. In Table 3, the performance of ARPROP 
is statistically significant when compared to Rprop and 
iRprop with respect to both learning time and 
classification success in testing. The overall 
improvement achieved by the ARPROP over Rprop and 
iRprop is 25% and 23.8% in terms of convergence 
speed. 
 

 
Table 3. Performance in the genes2 problem 

 
4.2.4. Thyroid1. The comparative results of the three 
algorithms using an architecture 21-4-3 with one hidden 
layer are given in Table 4. The table gives the average 
training time, classification success in testing, and 
converge success, as well as the result of the Wilcoxon 
Rank Test for each algorithm. The new algorithm 
outperforms to other two algorithms both in time and 
testing success (the average improvement in learning 
speed achieved by ARPROP over Rprop and iRprop is 
55.4% and 54.8% respectively). 
 

 
Table 4. Mean values for thyroid problem 

 
5. Concluding remarks 
 

It is widely accepted that the Rprop algorithm is one 
of the best performing first order learning algorithms for 
multilayer neural networks. In this paper we introduced 
an efficient improvement of the Rprop algorithm that is 
built on a firm theoretical basis. Furthermore we 
proposed three conditions that should be fulfilled by any 
algorithm that employs information of the sign of partial 
derivative to update the weights. The third condition (see 
Eq. 6) requires special treatment as it may lead the 
algorithm to converge to an undesired local minimum 
and was not considered in the algorithm model we 
presented in this paper. This issue will be addressed in a 
future work. We tested the new algorithm in four pattern 
classification problems from the PROBEN1 repository. 
It exhibits significantly better convergence speed than 
the Rprop and iRprop, a recently introduced 
modification of the Rprop algorithm. We currently test 
the performance of our method in other pattern 
recognition problems to fully explore its advantages and 
identify possible limitations.  
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Genes Average performance Wilcoxon Test 
Algorithm Time 

(sec) 
Classification 

Success (%) 
Converge 

(%) 
Time 
(Zc) 

Success 
(Zcr) 

Rprop 53.3 98.76 95 3.11 7.32 
iRprop 52.4 98.76 94 2.52 7.32 
ARPROP 39.9 100 100   

Thyroid Average Wilcoxon Test 
Algorithm Time 

(sec) 
Classification 

Success(%) 
Converge 

(%) 
Time 
(Zc) 

Success 
(Zcr) 

Rprop 26.2 98.12 100 7.18 3.5 
iRprop 25.8 98.12 100 6.84 3.5 
ARPROP 11.6 98.23 100   


