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Automatic network design approaches 
 
- genetic algorithms 
- pruning techniques 
- growing techniques (constructive algorithms) 
- growing + pruning e.g. (DBP) 
- Neural Tree Nets (NTN) 
- Chaos + Fractals (Edge Fitting)  
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Problem 
 
- Too few units: 
        - no choice of synapses will produce correct mapping 
        - thus net may not learn 
 
- Too many units: 
        - too many solutions exist 
        - most will not allow generalisation 
        - net learns mapping rather than salient features 
 
In general there are two approaches to finding optimal net: 
        Prunning or Growing  
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Growing (eg T Ash 89) 
 
- Start with a small net 
- Grow additional neurons until solution found  
    (optimal net usually found if there is only one hidden layer) 
 
Advantages include: 
- less computation, less likely to tune to noise 
- etc 
 
Most obvious shortcoming is: 
- need to retrain after addition of each new node (in order to guarantee solution) 
NB if only new elements trained and old ones frozen, net may not converge 
 
New elements generally added when rate of error reduction has slowed makedly 
before convergence  
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Network growing methods 
 

 
 

(a) conventional network growing. (b) Hidden nodes are selected with an ordered 
importance: the left nodes have more dominant roles than the nodes on the right. 
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Pruning/Skeletization (Sietsma & Dow 88 and Karin 90) 
 
- Start with a larger than necessary net 
- train net to produce desired mapping 
- eliminate un-necessary synapses and neurons (may use weight decay) 
 
Hence should result in an optimal net 
 
Most obvious shortcomings include: 
        - training time larger than necessary (extra nodes etc) 
        - may get stuck in non-optimal solution  
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The network pruning method. 
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Binary classification tree for a three-class problem. 
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Two level NTN with neural nets in internal nodes. Leaf 
nodes shaded according to appropriate class. 

 

 
 

Feature space regions: first number refers to first level 
split of feature space, and second number to a second 
level split. First level region boundaries are shown by 

thick lines. 
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Genetic Algorithms 
 
- First Proposed by John Holland in 1975. 
- Set of rules adapt to suit their environment. 
- Based on "survival of fittest" evolution of life. 
- Strong suvive and breed. 
- Children have features of their parents.  
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Genetic Algorithms 
 
Motivation 
 
- Large search-space of possible solutions to a problem. 
- Hill-climbing not possible with local maxima & minima. 
- Heuristics only possible if clear understanding of what are good intermediate steps 
(strategies).  
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Genetic Algorithms 
 
- Use bit-maps to represent trial values. 
- Constantly evolving pool. 
- Confidence based on value achieved. 
- Chance of breeding based on confidence. 
- Values gradually evolve to the optimum solution.  
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Genetic Algorithms 
 
Application to Optimisation 
 
- Function with many local maxima and minima. 
- Impractical to assess all possible solutions. 
- Difficult to solve using traditional techniques.  
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Genetic Algorithms 
 
Adjust Confidence 
 
- in the rule accoding to how successfully it was applied. 
- Furthermore, in some cases ... 
        - Hierarchical credit association for parent rules. 
        - "Bucket Brigade" credit association for stage-setting.  
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Flow Diagram of the Genetic Algorithm Process 
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Genetic Algorithms 
 
Genetic Operators 
 
- Mutation 
- Inversion 
- Crossover  
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Genetic Algorithms 
 
Mutation 
 
Invert one digit of the rule bit-map 
e.g. 
        10101001 
might become 
        10101101  
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Genetic Algorithms 
 
Inversion 
 
Invert all the bits in a substring of the rule bit-map 
e.g. for bit 2 to 5 of 
        101011010 
we get 
        110101010  
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Genetic Algorithms 
 
Crossover 
 
The heads of 2 existing rules are swapped to generate 2 new rules. 
e.g. if a crossover is performed at position 4 on 
        1010 11101 and 
        0111 00100 
the resulting rules are 
        1010 00100 and 
        0111 11101  
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Genetic Algorithm - An Example 
 
Use GA to maximise 
        f(x) = x2 

 
 
- Assume x varies 0 to 31 
- Use binary unsigned integers length 5 digits 

we have 0 00000 to 31 11111 
 
- Start by selecting a random initial population of say size 4. 
- This could be achieved in a number of ways 
        eq toss a fair coin 20 times 
- Evaluate performance of this population in terms of fitness  
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A Genetic Algorithm by Hand 
 

String 
No. 

Initial 
Population 
(Randomly 
Generated) 

x Value 
(Unsigned 
Integer) 

f(x) 
x2 

pselecti 
fi/ f 

Expected 
count 

ft/f 

Actual 
Count 
(From 

Roulette 
Wheel) 

1 
2 
3 
4 

0 1 1 0 1 
1 1 0 0 0 
0 1 0 0 0 
1 0 0 1 1 

13 
24 
8 

19 

169 
576 
64 
361 

0.14 
0.49 
0.06 
0.31 

0.58 
1.97 
0.22 
1.23 

1 
2 
0 
1 

Sum 
Average 
Max 

  
1170 
293 
576 

1.00 
0.25 
0.49 

4.00 
1.00 
1.97 

4.0 
1.0 
2.0 

       

 
 
A new generation begins with reproduction. Select mating pool for next generation 
(by eg Spinning a weighted roulette wheel 4 times or by tossing a coin 4 times). 

 
 
 
Result (see table above) 
        strings 1 and 4 - one copy 
        string 2 - two copies 
        string 3 - no copies 

 
 

the best get more copies 
the average stay even 
the worst die off 

  

 
crossover performed in two stages:- 
- strings mate randomly using coin tosses to select the pairs 



- mated pairs crossover randomly using coin toss to decide where 
 
mutation - assume a probability of 1/1000. So for our 20 bit moves we would expect 
20*0.001 = 0.02 to be mutated in each generation. Assume no mutation in this 
generation. 
 
And no inversion!!  
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we have completed one stage of 

        Reproduction 
        Crossover 
        Mutation 
 
so we can now test this new population by decoding the strings. 
 
The table below shows that in one generation 
- average improved from 293 to 439 
- maximum improved from 576 to 729 

Mating Pool 
after 

Reproduction 
(Cross Site 

Shown) 

Mate 
(Randomly 

selected) 

Crossover 
Site 

(Randomly 
Selected) 

New 
Population 

x 
value 

f(x) 
x2 

0 1 1 0 | 1 
1 1 0 0 | 0 
1 1 | 0 0 0 
1 0 | 0 1 1 

2 
1 
4 
3 

4 
4 
2 
2 

0 1 1 0 0 
1 1 0 0 1 
1 1 0 1 1 
1 0 0 0 0 

12 
25 
27 
16 

144 
625 
729 
256 

     
1754 
439 
729 

      

 
 
NOTES 
1. Initial population chosen by four repetitions of five coins tosses where heads = 1, 
tails = 0. 
2. Reproduction performed through 1 part in 8 simulation of roulette wheel selection 
(three coin tosses). 
3. Crossover performed through binary decoding of 2 coin tosses (TT = 002 = 0 = 
cross site 1, HH = 112 = 3 = cross site 4). 
4. Crossover probability assumed to be unity pc = 1.0. 
5. Mutation probability assumed to be 0.001, pm = 0.001, Expected mutations = 
5*4*0.001 = 0.002. No mutations expected during a single generation. None 
simulated.  
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In this case it is obvious what is happening as we can see from the bit positions. 
 
Think about more complex/longer strings. 
 
Essentially what we are doing is looking for 
- Similiarities between strings 
- Causal relationship between similarities and high fitness. 
 
Typically some n3 similarity templates (schemata) are processed in each generation. 

idea of implicit parallelism.  
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Genetic Algorithms 
 
Some Advantages 
 
- Randomised operators => robustness 
- Blindness to auxillary information 
- Search from a population 
- Direct coding  
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Genetic Algorithms 
 
Applications 
 
Key issues:- 
        - appropriate choice of fitness function 
        - appropriate mapping onto binary strings 
 
Typical applications include: 
- moves on board games (eg chess) 
- function evaluation (eg y = x2) 
- selecting If ... Then ... Rules in ES, FLS etc 
- selecting Fuzzy membership Function parameters 
- response surface of nonlinear control systems 
- path planning for robots etc 
- parameter/structure determination for NN 
- etc  
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Connectivity constraints for XOR MLP 
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A population of "blueprints" 
 
 
A population of "blueprints" - designs for different neural networks - is cyclically 
updated by the genetic algorithm based on their fitness. Fitness is estimated by 
instantiating each blueprint into an actual neural network, training, and then testing 
the network.  
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Architecture solutions for the XOR problem found by 
GA 

 

 
 



 


