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  Outline 

 

 An artificial neural network is composed of many artificial neurons 
that are linked together according to a specific network 
architecture. 

 The objective of the neural network is to transform the inputs into 
meaningful outputs. 

 Multilayer neural networks are preferred most of time.  It consists 
of an input layer, an output layer and one or more hidden layer. 

 

 

  Introduction– Artificial Neural Networks   Introduction– McCullough-Pitts Model 

The McCullogh-Pitts model 
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Output 

 

 Desing: 
 Deciding how many input and output we need. 

 Deciding how many hidden layers will be used and how many neurons 
will be in each hidden layer. 

 Select a proper training method and transfer function. 

 

 Train: 
 Converge to an optimal solution in a reasonable time. 

 Avoid local minimum and find a global solution. 

 Avoid overfitting or poor training. 

 Try to reach an error goal. 

 

  Introduction– Design and training the network 

 

 Gradient Descent with Momentum Method: 
 Gradient descent is a first order optimization algorithm used to find 

local maximum or minimum points. 
 Usually have a ppor convergence rate. 
 Depends on user specified parameters (learning rate, momentum 

constant). 
 Momentum parameter scales the influence of the previous step on the 

current step. 

 Scaled Conjugate Gradient Method (SCG) (Martin Moller): 
 Based on optimization technique, gradient descent algorithm. 
 SCG uses second order information 
 Faster than standart back-propagation algorithm. 

 

  Introduction– Training methods 
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 Resilient Back-Propagation Method (Riedmiller & Braun): 
 Takes only the sign of the partial derivation. 

 If there is a sign change comparing to the last iteration the weight 
update value is multiplied by 0.5. 

 If the sign is the same with the previous step, the update value is 
multiplied by 1.2. 

 These values are fixed and chosen by the authors after experimenting 
the results of different values. 

 

  Introduction– Training methods 

 
 

 

 

 

 

 

 

 

  Introduction– Transfer functions 

 

 There are many different types of poker game. 

 

 For this study we assume a player has five cards in the hand. 
 

 The strength of a hand is increased by including multiple cards of 
the same rank or by all five cards being from the same suit or by 
the five cards forming a consecutive series.  

 

 The Ace is the highest ranked card. 

 

 However, the Ace can be the lowest card in the series if the series 
constructed by the cards A-2-3-4-5. 

 

  Poker Data– Basics of the poker game   Poker Data– Basics of the poker game 

 

  Poker Data– Preprocessing the data 

 The training data is a 25010x11 sized matrix. 

 The last column of the data consists our target values. The 

remaining 10 columns are input for five cards.  

 Each card has a rank value (1-13) and a suit value (1-4). 

 Similar to the training data, test data is 33745x11 sized 

matrix. 

 The target values are shown by numbers 0 to 9. 

 In order to use this datas with MATLAB, the target values are 

transformed to only zeros and ones. 

  Poker Data– Preprocessing the data 

Hand’s name Output number Occurance in data 

High Card 1 12493 

One pair 2 10599 

Two pair 3 1206 

Three of a kind 4 513 

Straight 5 93 

Flush 6 54 

Full house 7 36 

Four of a kind 8 6 

Straight flush 9 5 

Royal flush 10 5 
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  Poker Data– Preprocessing the data 

 We have 10 outputs, only one output will be 1 for a hand 

while all other outputs are 0. This is done by the codes below 

(same transform is also done to the test data); 

 

 in=pokertraindata(:,1:10); %input matrix 

s=pokertraindata(:,11);  %output vector 

z=zeros(length(in),10);  %matrix for binary 

output 

for i=1:length(in) 

    z(i,s(i)+1)=1;  %binary output 

end 

  Poker Data– Postprocessing the data 

 After the network is trained, we test the final weigths with 

the test data. Then with the small code given below, we 

compare the networks output with our targets of the test 

data; 

 

  Ouu=sim(net,t'); 

%yüzde hesap test icin 

[ri,ci]=max(Ouu); %network outputs 

[rt,ct]=max(Z'); %target outputs 

k=ct==ci; 

Y=sum(k)/length(k)*100 

  Neural Network Design– Parameters 

 Variable parameters for different network designs are;  

 Learning rate, 

 Neuron numbers, 

 Traning functions, 

 Transfer function, 

 Validation check limit, 

 Maximum iteration limit. 

 

 

  Neural Network Design– Training results 

Neuron 

number 

Learning 

rate 

Max. 

Epoch 

Transfer 

function 

Overall 

results 

MSE 

results 

10 0.02 1000 purelin %42.2 0.115 

30 0.02 1000 purelin %33.2 0.178 

50 0.02 1000 purelin %28.8 0.249 

Table 1: Training results for different neuron numbers 

 with gradient descent with momentum method. 

 

Neuron 

number 

Max. epoch Learning 

rate 

Transfer 

function 

Overall 

results 

MSE 

results 

10 1000 0.2 purelin %50.3 0.059 

30 1000 0.2 purelin %48.4 0.074 

50 1000 0.2 purelin %47.7 0.086 

Table 2: Effect of the change in learning rate value (traingdm). 

 

  Neural Network Design– Training results 

Neuron 

number 

Max. 

epoch 

Learning rate Overall results MSE results 

10 1000 0.2 %50.3 0.059 

10 2000 0.2 %51.3  0.057 

10 3000 0.2 %51.0 0.056 

Table 3: Effect of different epoch limits for 10 neurons (traingdm). 

Neuron 

number 

Max. 

epoch 

Learning 

rate 

Overall 

results 

MSE results 

30 1000 0.2 %48.4 0.074 

30 2000 0.2 %51.1 0.061 

30 3000 0.2 %51.1 0.060 

Table 4: Effect of different epoch limits for 30 neurons (traingdm). 

  Neural Network Design– Training results 

Neuron 

number 

Max. epoch Learning 

rate 

Overall results MSE results 

50 1000 0.2 %47.7 0.086 

50 2000 0.2 %50.7 0.067 

50 3000 0.2 %52.7 0.062 

Table 5: Effect of different epoch limits for 50 neurons (traingdm). 
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  Neural Network Design– Training results 

Neuron 

number 

Train func. Learning 

rate 

Max. epoch Overall 

results 

MSE 

results 

10 trainrp 0.02 1000 %57.3 0.053 

10 trainrp 0.2 1000 %55.1 0.054 

10 traingdm 0.2 1000 %50.3 0.059 

10 traingdm 0.02 1000 %42.2 0.115 

10 trainscg 0.2 1000 %56.5 0.055 

10 trainscg 0.02 1000 %58.9 0.052 

Table 6: Comparison of three methods for 10 neurons. 
 

 

  Neural Network Design– Training results 

Neuron 

number 

Transfer 

func. 

Max epoch Learning 

rate 

Overall 

results 

MSE 

results 

30 purelin 1000 0.02 %55.0 0.054 

30 tansig 1000 0.02 %76.3 0.036 

30 purelin 1000 0.2 %55.1 0.054 

30 tansig 1000 0.2 %65.5 0.047 

50 purelin 1000 0.02 %54.8 0.055 

50 tansig 1000 0.02 %85.0 0.028 

50 purelin 1000 0.2 %55.1 0.054 

50 tansig 1000 0.2 %78.6 0.037 

Table 7: Effect of transfer function for resilient back-propagation method for 1000 iteration. 

  Neural Network Design– Training results 

Neuron 

number 

Transfer 

func. 

Max 

epoch 

Learning 

rate 

Overall 

results 

MSE results 

10 purelin 2000 0.2 %55.0 0.055 

10 tansig 2000 0.2 %58.0 0.052 

30 purelin 2000 0.2 %57.9 0.052 

30 tansig 2000 0.2 %76.2 0.036 

50 purelin 2000 0.2 %57.4 0.053 

50 tansig 2000 0.2 %92.4 0.010 

Table 8: Effect of transfer function for resilient back-propagation method for 2000 iteration. 

  Neural Network Design– Training results 

Neuron 

number 

Transfer 

func. 

Learning 

rate 

Max epoch Overall 

results 

MSE 

results 

10 purelin 0.2 1000 %56.5 0.055 

10 purelin 0.02 1000 %58.9 0.052 

10 tansig 0.2 1000 %58.2 0.052 

10 tansig 0.02 1000 %50.0 0.073 

Table 9: Effect of transfer function for scaled conjugate gradient method. 

  Neural Network Design– Training results 

Neuron 

number 

Validation 

limit 

Learning 

rate 

Max 

epoch 

Overall 

results 

Train stop criteria 

50 100 0.2 1000 %56.3 Valid. Limit reached 

50 1000 0.2 1000 %73.1 Max. epoch reached 

50 1000 0.2 1000 %92.3 Max. epoch reached 

50 1000 0.02 1000 %92.4 Max. epoch reached 

Table 10: Effect of transfer function for scaled conjugate gradient method. 

When trained with 100 validation limit value, the networks training stops too early. 

One can see the superior results of the training without reaching the validation limit 

as the results get high as 92.4%. However, the validation limit value of 1000 is not 

even enough for our data  because in some cases the limit is reached and the results 

dropped down to 48.9% (for 0.2 learning rate) and 59.8% (for 0.02 learning rate).  

  Neural Network Design– Training results 

Neuron 

number 

Train 

method 

Learnin

g rate 

Max 

epoch 

Best train 

results 

Test results 

50 trainrp 0.02 2000 92.4% 91.85% 

50 trainscg 0.02 2000 88.7% 87.49% 

50 trainrp 0.2 2000 92.4% 91.89% 

50 trainscg 0.2 2000 68.3% 64.73% 

Table 11: Test results for various networks. 
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 In this study, five cards are classified by their strength levels according to the 

poker game. 

 Three methods are hired for training the network (traingdm, trainscg, 

trainrp). 

 Many parameters’ effect on the training are investigated. 

 For this dataset, traingdm method gives the worst results and trainrp gives 

the best results. 

  Two transfer functions are used and results showed that tansig function is 

much more suitable as expected. 

 The importance of validation limit value is also given by comparing the 

results of the trainings where the validation limit value is reached and 

where is not reached. 

 

  Results and Discussion 
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