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Abstract  A general uncertainty relation between the change of weighted value which represents 
learning ability and the discrimination error of unlearning sample sets which represents generalization 
ability is revealed in the modeling of back propagation (BP) neural network. Tests of numerical 
simulation for multitype of complicated functions are carried out to determine the value distribution 
(1×10−5~5×10−4) of overfitting parameter in the uncertainty relation. Based on the uncertainty relation, 
the overfitting in the training process of given sample sets using BP neural network can be judged.  
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Researches have been done on the overfitting of 
BP neural network[1~7]. The uncertain relation between 
learning and generation suited to overfitting of BP 
neural network modeling is given in Ref.[8]. By 
numerical test, the range of overfitting parameter in 
uncertain relation is determined as 10−6~10−3. Further, 
it is pointed out that parameter selection relates to the 
complexity of certain problems (approximate 
functions), which, can be described by multicorrelative 
coefficients. But for multitype of complicated 
functions, there aren’t strict distinctions among the 
multi-correlative coefficients. As a result, during the 
training processes of BP neural network modeling for 
practical problems, the range of overfitting parameter 
in established uncertain relation will not be easily 
determined. The uncertainty could limit the function of 
uncertain relation. In the process of BP neural network 
modeling, some improvements for the uncertain 
relation in Ref.[8] are put forward: 1) replacing the 
number of input unit n in the network with that of 
hidden unit h, 2) introducing a multi-correlative 
coefficient R to manifest the complexity of the 
functions. By simulated numerical tests of many kinds 

of functions with different complexity, we have 
determined the range of overfitting parameter p. Based 
on the work above, we offered the judging method for 
preventing overfitting during the training processes of 
BP neural network modeling for practical problems, so 
as to improve the generating of BP neural network. 

1  Uncertain Relation between Learning 
and Generation Suited to Overfitting 
of BP Neural Network 

In Ref.[8], by the analogue of general uncertain 
relation in information-transmitting processes[9], the 
following relation is put forward aiming at the 
overfitting during BP neural network modeling 

|Δ W||Δ y|≥(np)/(2log2(1+M/N))       (1) 

where Δ W reflects the variation of learning weight; 
Δ y (generalization) manifests the error occurred when 
neural network identifies untrained samples, n 
represents the number of input unit in the network 
(sample factors), M, N indicate that after t times of 
network training, the output average unitary and output 
variance of the network consisted of trained samples, 
respectively; p stands for the overfitting parameter 
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suited to Eq.(1), which is ranged from 10−6 ~10−3. 
The learning and generation of BP neural network 

relate to network structure (mainly the number of 
hidden unit h), problem dimensions (given sample 
number m and sample factor n) and complexity of the 
problem (type of the function)[5]. And the complexity 
can be portrayed by means of multi-correlative 
coefficients. In fact, besides the type of the function, 
the complexity relates to m and n However, in Eq.(1),  
n expresses only the complexity of the problem, 
without including the complexity connected with m 
and the type of the function. Also, the construction 
parameter h, which reflects the learning and 
generalization, didn’t appear in Eq.(1). So, the 
selection of p in Eq.(1) will inevitably change in a 
larger scale of range with the change of type of 
function, m and h. In order to weaken the effect of the 
factors above on parameter p as much as possible, and 
to limit the range of p in a smaller scale, some 
improvements should be done to Eq.(1): 1) replacing 
the number of input unit n on the right lf Eq.(1)with 
that of hidden unit h; 2) introducing a multi-correlative 
coefficient R to the right of Eq.(1) to manifest the 
dimension of the problem and the complexity of 
function type at the same time. Consequently, Eq.(1) is 
improved as 

      |Δ W|| y|≥(Rhp)/2logΔ 2(1+M/N)      (2) 

which is called overfitting uncertainty relation. On the 
right of the relation: R is multi-correlative coefficient 
of corresponding approximating function; h represents 
the number of hidden unit in constructed BP neural 
network; the meaning of M, N are the same with those 
of Eq.(1). And on the left side of the relation: Δ W 
reflects the change of relative weight after the samples 
have been trained twice, on the presentation of 
overfitting during the process of network training. 

W can be calculated from following relation Δ

                     (3) 1 /W W WΔ = Δ Δ 2
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where Wij represents connecting weight from input unit 
i to hidden unit j; Vj represents connecting weight from 
hidden unit j to output unit k; t is training time; n and h 
represents the number of input unit and that of hidden 
unit in network, respectively. y (generalization) 
manifests the error occurred when neural network 
identifies untrained samples, and can be computed by 
the following equation 

Δ
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′
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           (4) 

where m′ means the number of untrained new samples; 
Oki′  and Tki′  represent network output and expecting 
output at output unit k, respectively. 

2 Simulated Test for the 
Determinatation of Overfitting 
Parameter  

The commonly used 3-layer BP neural network 
construction algorithm is adopted. For simplification, 
the number of network output unit k is selected as 1. In 
the process of numerical test, the ranges of the number 
of input unit and that of output unit are respectively 
selected as n=3~8 and h =3~15 at random; the ranges 
of the number of trained samples and that of untrained 
samples (for detecting generalization) are respectively 
selected as m=8~128 and m′ =4~64, also at random. 
Sample factors are often adopted in the modeling 
aiming at practical problems by means of BP neural 
network. As a result, in numerical test, the factors in 
the definition of simulated functions are selected at 
random, then the factors are unitized as input factors. 
Accordingly, the expecting output of training samples 
was achieved vy unitization of calculating results of 
simulated functions. Altogether 4 multitype of 
complicated functions have been simulated in this 
paper:  1) linear function: 2) logarithmic  i i

i
y a= ∑ ,

function: log( )i i
i

y a x i= +∑ , 3) exponential function, 
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4) power function: .The 

coefficient a

i
i i

i
y a lx= ∑ i

i i
i

y a= ∑ x

i is given at random in the range 
[−100,100]. Several hundred groups of different 
numerical tests are done with all of the above functions. 
The consistent result is: when the overfitting of BP 
neural network modeling occurs, the overfitting 
parameter p suited to Eq.(2) generally ranges as 1×
10−5~5×10−4, with only a few exceptions. Part of the 
results are shown in Tab.1(f*=(Rhp)/2log2(1+M/N)). 
Thus, Eq.(2) can be identified as general uncertainty 
relation suited to the learning and generalization at the 

occurrence of overfitting. p ranges as 1×10−5~5×10−4. 
Eq.(2) indicates that: on certain stage of training for 
given samples by 3-layer BP neural network with 
certain structure (the number of hidden unit is h) 
overfitting may occur. If the training continues, Δ W 
decreases furthermore, and learning ability will be 
improved. However, the right side of Eq.(2) remains 
constant, for the reason that R.h.p have been fixed as 
well as the factor log2(1+M/N) have been changed very 
little. To remain the relationship of Eq.(2), | Δ y| 
should be increased, which means a weakened 
generalization. That is so-called overfitting.

 Tab.1  The results of the overfitting numerical simulation for multitype of complicated functions

W yΔ Δ  Δ W M N 

3 The Application of Uncertain 
Relations in Modeling of Practical 
Problems  

The overfitting of BP neural network can be 
distinguished by Eq.(2). Many numerical tests show 
that: on the training stage far from overfitting, N 
generally has an equal numerical power with Δ y, 
N~ y(of  course in many situations N<|Δ Δ y|). 
Although overfitting didn’t occur on this stage, the 

large amount of N and Δ y necessities the replacement 
of Δ y (or N) with Δ y on the left of Eq.(2) to keep 
such relation. With the closure or beginning of 
overfitting in the training, N and y gradually reach 
the same. Eq.(2) still remains if replacing 

Δ
Δ y in it 

with N. And then 

 2( ) /(2log (1 / )W N Rhp M NΔ +≥ )      (5) 

For the modeling of a specific problem, the 
overfitting parameter p0∈ [p1,p2]=[10−5,5×10−4]. Let 

Function n h m m′ R Δ y (×10−5) (×10−1) (×10−1)
P 

(×10−5) (×10−5
） 

f* 
(×10−5)

W NΔ

(×10−5)
4 6 93 25 1.000 0.123 161.00 4.810 0.437 23.60 19.803 19.743 7.036 

3 14 116 18 1.000 0.108 18.80 5.120 0.314  1.19 2.030 2.025 0.590 

3 8 97 21 1.000 0.125 14.80 4.550 0.459  1.59 1.850 1.844 0.679 
Linear 

function 

4 13 46 33 1.000 0.085 22.70 5.110 0.438  1.09 1.939 1.934 0.994 

3 14 98 57 0.875 0.152 12.50 7.130 0.348  1.35 1.900 1.868 0.435 

4 9 32 19 0.891 0.181 158.00 5.210 1.220  17.00 28.598 28.422 19.276

4 4 44 22 0.803 0.073  9.08 6.280 0.474  1.40 0.662 0.660 0.430 

Logarith
mic 

function 

5 14 125 12 0.872 0.102 18.30 5.660 0.442  1.15 1.867 1.853 0.809 

6 7 106 16 0.356 0.245 233.00 0.282 1.060 15.50 57.085 56.745 24.698 

6 14 86 50 0.275 0.173 191.00 0.246 1.090 5.00 33.043 32.780 20.819

6 12 53 21 0.536 0.213  71.60 0.499 2.020 1.50 15.251 15.145 14.463

Exponent
-ial 

function 

7 8 66 15 0.360 0.251 176.00 0.445 1.540 11.20 44.176 44.036 27.104

7 3 127 24 0.781 0.278   6.47 1.270 2.100 1.00 1.799 1.717 1.359 

7 8 40 46 0.808 0.338  35.00 1.170 2.390 2.10 11.830 11.805 8.365 

7 9 60 35 0.785 0.121  24.00 2.730 1.040 1.50 2.904 2.852 2.496 
Power 

function 

6 3 80 2 0.837 0.604   5.96 1.620 2.480 2.00 3.600 3.462 1.478 
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p=p1=10−5 in Eq.(5), we get 

5
2( ) /(2log (1 /10W N Rh M N−Δ ≥ ))+  

5
2( (2log (1 / ))) / 10W N M N Rh −Δ + ≥      (6) 

let p=p2=5×10−4 in Eq.(5), we get 

4
2( (2 log (1 / ))) / 5 1W N M N Rh 0−Δ + ≤ ×   (7) 

After synthesizing Eqs.(6) and (7), we get the 
limitation range of overfitting parameter 

54
2( (2log (1 / ))) / 105 10 W N M N Rh −− Δ +× ≥ ≥  (8) 

which indicates that, with the procession of network 
training, 2( (2log (1 / ))) /W N M N RhΔ +  will 
gradually decline. When it is less than 5×10−4, the 
training may reach the overfitting stage. If the training 
continues until the computing value surpasses 1×10−5, 
inevitable overfitting will urge the stop of training. 

The judging operation for overfitting in practice is 
listed as follows: 

1) For given m modeling samples, calculating 
multi-correlative coefficient R according to factor 
valued and corresponding function values. 

Tab.2  The results of the overfitting of BP neural network in modeling of practical problems 

2) Training the m samples by BP neural network. 
In this process, repeating the detection of 
p= 2( (2log (1 / ))) /W N M N RhΔ +  if the training 
stops before it reaches required precision and always 
p>5× 10−4, overfitting surely won’t appear, so it 

should not be taken into consideration. If at the same 

period, the relation 10−4≤p<5×10−4 has appeared, 
overfitting may have occurred or may have 
incompletely occurred. In such situation, the 
overfitting parameter can be selected as p0 at the point 
when the training stops. In the situation that 10−5≤

p<10−4  has occurred before the training stops, or even 
p<10−5, it can be considered that overfitting may have 
taken place. Consequently, p0 can be selected as 1×
10−4, or 5×10−5, also or 1×10−5.  

Although the model may have not reached 
required precision, the training should stop. The 
judgement for p0  and related calculation is shown in 
Tab.2. 

4  Conclusions 

1) By the analogic analysis with information- 
transmitting processes, we discovered the uncertaint 
relation between learning and generalization suited to 
overfitting of BP neural network. Furthermore, we 
determined that the overfitting parameter p in such 
relation generally ranges as 1×10−5~5×10−4. 

2) Multi-correlative coefficient R cannot 
completely demonstrates the complexity of a problem, 
such as the complexity connected with sample quality. 
As a result, different problems with the same T may 
not share the same complexity. Consequently, the value 
of p still varies from problem to problem. Thus it is 
difficult to determine the value of p in practical 

WΔ  W NΔ  
n h m R 

(×10−5) 
M N P0

(×10−5) 

0 2/ 2log (1 / )Rhp M N+

 (×10−5) 

3 6 80 0.8870 43.100 0.6930 0.0735 1×10−4   3.1679  7.8663 

3 8 42 0.3859 252.763 0.0466 0.1554 1×10−4 39.2794 40.7928 

4 12 79 0.9280 104.000 0.2820 0.0711 5×10−5   7.3944 12.0395 

4 8 48 0.9217 200.216 0.3112 0.0797 1×10−4  15.9572 16.0687 

5 4 79 0.8968 60.234 0.6336 0.1018 1×10−4   6.1318  6.2865 

5 11 56 0.3460 86.300 0.0327 0.1420 2×10−5  12.2546 12.7290 

6 12 30 0.8280 25.500 0.1490 0.0440 1×10−5   1.1220  2.3288 

6 5 63 0.8320 59.900 0.3620 0.1490 1×10−4   8.9251 11.6972 

7 3 78 0.7770 58.500 0.1180 0.2080 1×10−4 12.1680 17.9764 

7 11 82 0.9089 95.107 0.5443 0.0930 5×10−5   8.8449  9.0008 
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problems. Generally, p can be selected in the range 1×
10−5~5×10−4. However, with the introduction of T to 
Eq.(2), the range of p reduces from 10−6~10−3 in Eq.(1) 

to 1 × 10−5~5 × 10−4 in Eq.(2), which means 2 
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neural network, best learning ability is required. At that 
time, N is required as small as possible. From Eq.(5), 
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On the contrary, if learning and generalization are both 
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in the middle of the changing range of overfitting 
parameter. 
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multitypes of complicated functions in this article, we 
may keep the idea that the complexity of other function 
shares similar connections to multi-correlation 
coefficient R. So, the range 1×10−5~5×10−4 of p led 
by above 4 types of function also fits other functions. 
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explored deeply. 

REN Jiping (任继平) was born in 1974. He is now 

pursuing M.S. degree in School of Computer Science and 

Engineering, UESTC. His research interests include: artificial 

neural network, operating system, etc. E-mail: rjp@163.com  
References LI Zuoyong (李祚泳) was born in 1944. He is now a 

Professor, Doctoral Advisor in Sichuan university and an 

academic header in Sichuan. His research interests include:  

artificial neural network, genetic algorithm, etc. 

[1] Levin E. Statistical approach to learning and 

generalization in layered neural networks[J]. Proc. IEEE, 

1990,78:1 568-1574 

[2] Wolpert D H. A mathematical theory of generalization[J]. 

Part Ι, Part ΙΙ, Complex Systems, 1990, 4:151-200, 

201-249 

JIANG Chunhua (江春华) was born in 1962. He is now 

an Associate professor in School of Computer Science and 

Engineering, UESTC. His research interests include: E- 

business, network information technology, distributed 

technology, etc.

[3] Moody J O. The dependence identification neural network 

construction algorithm[J]. IEEE Trans. on NN, 1996,7 

(1):3-15 

 

 


	Uncertain Relation Suited to Overfitting 
	of BP Neural Network*
	1  Uncertain Relation between Learning and Generation Suited to Overfitting of BP Neural Network
	2 Simulated Test for the Determinatation of Overfitting Parameter 

	M
	N
	3 The Application of Uncertain Relations in Modeling of Practical Problems 

	M
	N
	4  Conclusions


