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Abstract: How to inherit the learned knowledge of 

existing neural networks without destroying their structure 

and functionality is a difficult problem. In this paper, we 

proposed an output coding approach for building such a 

system, which fully utilized the information gained from 

the component neural units. By coding the neural outputs, 

a neural network becomes a self-contained system. For a 

given pattern, such a neural network can correctly 

recognize or reject it or point out it is similar to patterns it 

had learned. Such Information is useful for further 

decision. Experiments demonstrate it a good approach for 

building KIANN system. This is meaningful for utilizing 

the learned knowledge of existing neural networks and for 

large scale parallel processing. 
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Ever since neural network method was proposed as 

an approach of machine intelligence, it has been applied to 

various fields and gained great success. However, the 

scale and complexity of existing neural network system 

are still very limited, especially when compared to that of 

human brains. This limits its application on problems of 

giant pattern set or large classes. Besides, the structure of 

existing neural network is inextensible, resulting in its 

limited knowledge capacity. What’s more, no effective 

incremental learning algorithm made things even worse. 

For such reasons, researchers worldwide have put great 

emphasis on this subject, as [1] has mentioned. Various 

models and methods were proposed to scale up the 

learning algorithm or improve the processing capability, 

including composite neural network [2] and hierarchical 

mixture of experts (HME)[3]. In contrary to incremental 

learning, such practice paved a novel way for large pattern 

set processing by combining existing neural network units. 

The key point of these methods lies in the combining 

strategy, which greatly affects the effectiveness of such 

system. Besides, the extensibility of these methods is also 

confined by the decomposing strategy of problems, which 

determined its unsuitability for processing giant pattern 

sets. 

In this paper, we present an output coding method for 

KIANN system. By coding the output of neural network, a 

neural network can not only output class labels, but also 

provide a measurable distance to its nearest class for a 

given input pattern, which can be employed for further 

decision. Based on such neural network unit, KIANN 

system can be built, which can inherit the learned 

knowledge of each component neural unit without 

destroying their structure and functionality.  

The paper is organized as follows. The first section 

introduces some practice based on “divide and conquer” 

strategy, and points out the limitations. With the following 

section give some coding theory with neural network. In 

the third part, KIANN system model based on the output 

coded neural network (OCNN) units is presented. The 

fourth section shows experiments and result, followed 

with out conclusion in the last part. 

1. PRACTICE OF MODULAR STRATEGY 

Although neural network can approximate any 

function of any complexity on theory, the samples needed 

and time requirements for training such a highly 

complicated network increase dramatically. That’s why 

modular strategy was adopted. By dividing a complex 

problem into smaller sub ones, the benefits gained are not 

only simplicity, but also efficiency. Besides, it also 

provides the potentiality for extension and for large scale 

parallel processing. The typical structure for such purpose 

is combining classifiers. In such models, modules usually 

have same functionality, with the aim of improving 

accuracy by ensemble method. The composite neural 

network model [2] is a typical one. It consists of M 

component modules together with a gating network, as 

shown in figure 1. The main drawback of such network 



lies in its inextensibility for the reason that the gating 

network is responsible for processing all the input patterns. 

Although as a whole the system can inherit the knowledge 

of each component, these are mainly used for improving 

accuracy rather than for processing large pattern sets. 

Each component only provides a class label. There is no 

gradation or confidence information on the output for 

further processing. Thus all post processing is solely based 

on the output itself. If each unit can give an annotation on 

its output, then much better conclusion can be made in the 

next decision procedure. 

2. CODING NEURAL NETWORK OUTPUTS 

As above-mentioned, the appraisal of a neural unit to 

its output may be of great help for further processing. If 

we code the neural network output with any pair of 

code words having a distance larger than a threshold, 

then the distance between actual output on recognition 

and standard code words may provide such 

measurement.  

Coding theory was originally proposed for solving 

communication problems. By coding the information 

with redundancy, message transmission error because of 

noise can be detected or corrected. Error-correcting 

codes are just for this purpose. The original motivation 

for encoding multiple classifiers using error-correcting 

codes is based on the idea of modeling the prediction 

task as a communication problem, in which class 

information is transmitted over a channel. Errors 

introduced into the process arise from various aspects 

of the learning algorithm, including features selected, 

distortion in the input data and finite training samples.  

For a given feed-forward neural network with more 

than one output nodes, conventional assignment methods 

for each class can be performed in the following ways. 

One is to have only one output node “ON” and all the 

remaining nodes “OFF”. The number of output nodes is 

equivalent to the number of classes. Another possible way 

is to assign a class number to each of the class and use its 

binary representation as the label of the class. Training is 

carried out with pairs of patterns and their associated code 

word. Because the minimum Hamming distance of such 

methods is only one or two, one class can be easily 

recognized as another for reason of distortion or noises. 

From error-correcting theory, we know that a matrix 

designed to have d bits error-correct capability implies 

that there is a minimum Hamming distance 2d+1 between 

any pair of code words. Suppose the minimum Hamming 

distance of any pair of code word is at least 2d+1, then it 

is possible to correct a received pattern having fewer than 

d bits in error by assigning the pattern to the code word 

closest in Hamming distance, given that each bit is 

transmitted independently. Practices [4,5] have proven the 

feasibility and effectiveness of such scheme. 

3.KIANN SYSTEM 

 By coding the output of neural network, the 

robustness and fault-tolerance of neural network can be 

improved. This has been proven in many practices, as 

shown in [6,7]. However, most of such methods are 

confined to improve robustness or accuracy of neural 

networks. In fact, the coded output can be utilized for 

serving other purpose. This is what we will address in this 

paper. 

From another point of view, the coded output of a 

neural network can provide extra information other than 

the output itself about the given pattern based on 

Hamming distance, such as whether the network can 

handle the input pattern properly or giving comments on 

the input based on the knowledge it has learned. This 

information is of great importance for system expansion. 

If the network can handle the input pattern, its output 

result may be taken as the final result, otherwise, some 

other network may be chosen for processing it. Thus 

scalable neural network system may be constructed with 

the whole system inherit the learned knowledge of each 
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component unit. 

3.1 CODING METHODS 

 Before constructing such a scalable neural network 

system, coding problem must be solved because it is the 

base of all. According to coding theory, many methods can 

be utilized for error correction or detection. However, 

considering the specialty and purpose of coding the 

outputs of neural network, the coding can be simplified. 

What we need is just minimum distance between each pair 

of code words. Therefore, we must firstly design the 

minimum distance between each pair of code word. Let’s 

denote the distance as 2d+1. Then for a given pattern, the 

distance of 0 to d between the network output and those 

code words represents the similarity degree. Considering 

the fact that minimum distance is the No. 1 issue and no 

correction is required, BCH coding method may be 

suitable for serving such propose. 

 Assuming that we have to send n bits digital data 

}1,0{,1 =∈ ZZX n , an extra k  bit of redundancy 

data is also needed for error-correction or detection. So the 

total data became knmZX m +=∈ , . By BCH 

coding theory, X  is determined as  

WXX ⊗= 1   (1) 

where W  is an mn ×  generator matrix and ⊗  is 

multiplication function in over Galois field (GF(2)). By 

BCH coding theory, generator matrix is expressed as  

][ 1WEW km−=   (2) 

where jE  is a j dimensional unit matrix, 1W  is part of 

W . The relation between the redundancy data length k  

and the original data length m  is described as follow 

tmk ∗= )(log 2   (3) 

where t is the error bits can be corrected. For detailed 

information, [8] can be referenced. 

3.2 KIANN SYSTEM MODEL 

By coding the neural outputs, a neural network 

becomes a self-contained system. For a given pattern, 

such a neural network can either correctly recognize or 

reject it. Besides, it can also point out similar patterns it 

has learned according to the Hamming distance between 

its output and standard class labels. Such Information can 

be utilized for building KIANN system of OCNN units. 

Figure 2 shows the structure of KIANN model. 

Because of coded output, each component neural 

network unit can have three behaviors for a given input 

pattern: (1) declare a recognition of it with confidence; (2) 

claim that it was unrecognizable but point out it  may 

belong to some class having been learned; (3) reject it as a 

unseen pattern. There may be two levels of rejections: ①

the output value is between α  and α−1 , where α  
is a small threshold value. ②  distance between the 

output and any standard code word is larger than a 

threshold value, which may be usually set to 1 or 2. If 

there is only one module in the system, the output of the 

network would be either accepted as the final result or 

rejected as unrecognizable for condition (1) and (3). For 

condition (2), we can either reject or accept the output of 

the network in accordance with the Hamming distance 

between the output label and the nearest code word. For 

example, we may identify the input pattern as belonging 

to the class that has a Hamming distance smaller than a 

threshold and reject it as unrecognizable for all others. 

However, things become complicated for a system 

consisting multiple OCNN units. Several conditions may 

appear. (1) All modules declare a rejection of the input 

pattern, then an absolutely rejection would be taken as the 

final decision. (2) Recognition claimed by only one unit 

with all others making a rejection declaration, then the 

output of the unit who claimed the recognition would be 

taken as the final result of the system. (3) Multiple 

component units make a claim of recognition, under such 

circumstance we can extract the training samples of those 

classes that the input pattern is claimed to belong to and 

make a dynamic classification. Since that the number of 

possible classed is greatly reduced, then fast training 

algorithm or non-neural network approaches can be 

utilized. In our experiments, we used Support Vector 

Machines.  

The decision module can make decisions as the 

following steps: 

(1) If multiple units claim recognition of the input 

pattern, extract the training samples of those 

classes that have a zero Hamming distance 



between the unit output label and the predefined 

code words and go to step (4), otherwise go to 

step (2). 

(2) If all but one unit declares a rejection of the input 

pattern, accept the output of the one that made 

the recognition declaration as the final result, 

otherwise go to step (3). 

(3) If all units reject the input pattern and none 

proposes a similar class that  has a Hamming 

distance of 1 between the output label and the 

predefined code words, reject the input as a not 

learned pattern. Otherwise extract the training 

samples of those similar classes and go to step 

(4). 

(4) Perform dynamic classification for the given 

input pattern over the extracted training samples 

and take its result as the final result. 

4. EMPIRICAL RESULTS 

 Based on the model mentioned above, we 

constructed a KIANN system with OCNN units for 

printed digits recognition. For simplicity, The 64x64 dot 

matrix of digit 0 to 9 were directly extracted from 

Windows and 16x16 binary graphs were gained after 

processing. These digits were then divided into three 

groups, 0-3 the first, 4-6 the second and 7-9 the third, each 

with different degree of random nois e. The dot matrixes 

were directly input to train the OCNNs. The minimum 

Hamming distance between each pair of code words was 

set to 5. 

   

Figure 3 Parts of training samples 

 The test set consists 100 samples, with 10 variations 

for each digit. The OCNNs are added to the KIANN 

sequentially. Before an OCNN unit is added to the system, 

the samples belonging to this neural unit are successfully 

rejected by the system. However, the system claims a 

successfully recognition to these samples after the 

insertion of the module, which reveals that the KIANN 

system has successfully inherited the learned knowledge 

of its component neural unit. 

5. CONCLUSION 

 The OCNN approach for KIANN proposed in this 

paper is proven to be a complete success, which makes the 

learned knowledge of each neural unit be successfully 

inherited by the KIANN system. Each neural unit plays 

active role in the final decision making procedure. 

Experiments demonstrate that such a scheme can be 

successfully utilized for system expansion. This is of great 

importance for knowledge increasable neural network 

system and can be used for giant pattern sets. 
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