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Ο Αιγόξηζκνο Batch Perceptron 
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Batch Perceptron 

function [w,iter,mis_clas]=perce_with_plot(X,y,w_ini,rho) 
%from  function [w,iter,mis_clas]=perce(X,y,w_ini,rho) 
[l,N]=size(X); 
max_iter=20000; % Maximum allowable number of iterations 
  
w=w_ini;        % Initilaization of the parameter vector 
iter=0;            % Iteration counter 
  
mis_clas=N;     % Number of misclassfied vectors 
  
while(mis_clas>0)&&(iter<max_iter) 
    iter=iter+1; 
    mis_clas=0; 
     
    gradi=zeros(l,1); % Computation of the "gradient" term 
    err=0;     % evaluates the error CC 
    for i=1:N 
        if((X(:,i)'*w)*y(i)<0) 
            mis_clas=mis_clas+1; 
            gradi=gradi+rho*(-y(i)*X(:,i)); 
            err=err+w'*(y(i)*X(:,i));    

 %CC 
        end 
    end 
    err   %prints the values of error CC 
    if(iter==1) 
        fprintf('\n First Iteration: # Misclassified points = %g 

\n',mis_clas);         
    end 
    %plots the line CC 
    XL=[0 -w(3)/w(1)] ; YL=[-w(3)/w(2) 0]; plot(XL,YL);    
    w=w-rho*gradi; % Updating the parameter vector 
end 
 

  
FUNCTION 
[w,iter,mis_clas]=perce(X,y,w_ini,rho) 
Separates the vectors of two classes contained in a data 
set X with a hyperplane, which is iteratively adjusted via the perceptron 
learning rule. Note that the updating of the parameter vector at the t-th 
iteration is carried out after all the data vectors have been processed by 
the algorithm.  
NOTE: In this implementation, the learning rate is chosen to be constant. 
 
INPUT ARGUMENTS: 
X:       lxN matrix whose columns are the data vectors to 
          be classfied. 
y:       N-dimensional vector whose i-th  component contains the 
         label of the class where the i-th data vector belongs (+1 or -1). 
w_ini:   l-dimensional vector, which is the initial estimate of the 
          parameter vector that corresponds to the separating hyperplane. 
rho:     the learning rate parameter for the perceptron algorithm. 
OUTPUT ARGUMENTS: 
w:       the final estimate of the parameter vector. 
iter:    the number of iterations required for the convergence of the 
          algorithm. 
mis_clas: number of misclassified data vectors. 
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Fixed Increment Single-Sample Perceptron 

y3 
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Single step perceptron 

FUNCTION 
[w,iter,mis_clas]=perce_online(X,y,w_ini,rho) 
Separates the vectors of two classes contained in a data 
set X with a hyperplane, which is iteratively adjusted via the online  
perceptron learning rule. Note that the parameter vector is updated 

after 
the presentation of each data vector. 
NOTE: In this implementation, the learning rate is chosen to be 

constant. 
 
INPUT ARGUMENTS: 
X:       lxN dimensional matrix whose columns are the data vectors 

to 
          be classfied. 
y:       N-dimensional vector whose i-th  component contains the 

label 
          of the class where the i-th data vector belongs (+1 or -1). 
w_ini:   l-dimensional vector which is the initial estimate of the 
           parameter vector that corresponds to the separating 

hyperplane. 
rho:     the learning rate parameter for the perceptron algorithm. 
 
OUTPUT ARGUMENTS: 
w:       the final estimate of the parameter vector. 
iter:    the number of iterations required for the convergence of the 

algorithm. 
mis_clas: number of misclassified data vectors. 

 

[w,iter,mis_clas]=perce_online(X,y,w_ini,rho) 
 
[l,N]=size(X); 
max_iter=10000000; % Maximum allowable number of iterations 
  
w=w_ini;        % Initilaization of the parameter vector 
iter=0;         % Iteration counter 
  
mis_clas=N;     % Number of misclassfied vectors 
  
while(mis_clas>0)&&(iter<max_iter) 
    mis_clas=0; 
     
    for i=1:N 
        if((X(:,i)'*w)*y(i)<0) 
            mis_clas=mis_clas+1; 
            w=w+rho*y(i)*X(:,i);  % Updating the parameter vector 
        end 
        iter=iter+1; 
    end 
     
    if(iter==1) 
        mis_clas 
    end 
end 
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Variable-Increment Perceptron with Margin 



ΓΗΜΟΚΡΙΣΔΙΟ ΠΑΝΔΠΙΣΗΜΙΟ ΘΡΑΚΗ 

Σκήκα Ηιεθηξνιόγσλ Μεραληθώλ & Μεραληθώλ Τπνινγηζηώλ 7 

Μέζνδνη Υαιάξσζεο (Relaxation Procedures) 
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Batch Relaxation with Margin 
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Duda Matlab Software 

ην ινγηζκηθό ησλ Stork and Yom-Tov πνπ αληηζηνηρεί ζην βηβιίν ηνπ Duda ρξεζηκνπνηείηαη ε 
νλνκαζία 

patterns: Δίλαη έλα d by n πηλαθαο πνπ πεξηέρεη ηα δεδνκέλα, όπνπ d είλαη ε δηάζηαζε ησλ 
δεδνκέλσλ θαη n ν ζπλνιηθόο αξηζκόο ηνπο 

targets:  είλαη έλα 1 by n δηάλπζκα πνπ πεξηέρεη ηηο θαηεγνξίεο ζηηο νπνίεο αλήθνπλ ηα 
δεδνκέλα πνπ είλαη ζηνλ πίλαθα pattern 

 

Παξάδεηγκα: patterns=[ 0.1 0.2 2.1 3.2 -0.0; 2.1 3.2 1.2 5.1 3.1; 0.2 0.4 0.5 1.3 2.2] 

                   targets=[ 1 1 0 1  1 0] 

                   είλαη 5 δεδνκέλα κε 3 ζπληζηώζεο θαη ηα νπνία θαηεγνξηνπνηνύληαη ζε 2 θιάζεηο 

 

ην ινγηζκηθό ηνπ Stork and Yom-Tov ηα δεδνκέλα απμάλνληαη θαηά κία δηάζηαζε κέζα ζηελ 
ζπλάξηεζε, θαζώο θαη ην αξρηθό δηάλπζκα βαξώλ ιακβάλεηαη ν κέζνο όξνο ησλ 
δεδνκέλσλ ελώ νη θιάζεηο είλαη νη 0 θαη 1 (Πηθξάθεο -1 θαη 1) 

Ο Πηθξάθεο όηαλ δεκηνπξγεί ην Τ δελ αιιάδεη πξόζεκα αιιά βάδεη ζε -1 ην label ηεο θιάζεο. 

Δπίζεο  Πηθξάθεο ΤΣ=Τ Duda. 
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Batch Relaxation with Margin 

function [test_targets, a] = Relaxation_BM(train_patterns, 
train_targets, test_patterns, params) 
  
% From DUDA, Hart, Stork 
%Classify using the batch relaxation with margin algorithm 
% Inputs: 
%   train_patterns  - Train patterns 
%   train_targets   - Train targets 
%   test_patterns   - Test  patterns 
%   params           - [Max iter, Margin, Convergence rate] 
% 
% Outputs 
%   test_targets    - Predicted targets 
%   a               - Classifier weights 
% 
% NOTE: Works for only two classes. 
  
[c, n]              = size(train_patterns); 
[Max_iter, b, eta]  = process_params(params); 
% generate Y data by aygmenting the X data (patterns) by 1 /CC 
y               = [train_patterns ; ones(1,n)]; 
train_zero      = find(train_targets == 0); 
  
%Preprocessing 
processed_patterns = y; 
processed_patterns(:,train_zero) = -processed_patterns(:,train_zero); 
  
%Initial weights 
a               = sum(processed_patterns')'; 
iter            = 0; 
Yk              = [1]; 
  

while (~isempty(Yk) & (iter < Max_iter)) 
   iter = iter + 1; 
    
   %If a'y_j <= b then append y_j to Yk 
   Yk = []; 
   for k = 1:n, 
    if (a'*processed_patterns(:,k) <= b), 
         Yk = [Yk k]; 
      end 
   end 
    
   if isempty(Yk), 
      break 
   end 
    
   % a <- a + eta*sum((b-w'*Yk)/||Yk||*Yk) 
   grad         = (b-a'*y(:,Yk))./sum(y(:,Yk).^2); 
   update       = sum(((ones(c+1,1)*grad).*y(:,Yk))')'; 
   a            = a + eta * update; 
end 
  
if (iter == Max_iter), 
   disp(['Maximum iteration (' num2str(Max_iter) ') reached']); 
end 
  
%Classify test patterns 
  
test_targets = a'*[test_patterns; ones(1, size(test_patterns,2))] > 0; 
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Παξάδεηγκα Batch Perceptron 
% Example 2.2.1 "Introduction to Pattern Recognition: A MATLAB Approach“  S. Theodoridis, A. Pikrakis, K. Koutroumbas, D. Cavouras 
  
close('all'); 
clear 
  
rand('seed',1); 
  
% Generate the dataset X1 as well as the vector containing the class labels of 
% the points in X1  
N=[100 100]; % 100 vectors per class 
l=2; % Dimensionality of the input space 
  
x=[3 3]'; 
% x=[2 2]'; for X2 
% x=[0 2]'; for X3 
% x=[1 1]'; for X4 
  
X1=[2*rand(l,N(1)) 2*rand(l,N(2))+x*ones(1,N(2))]; 
X1=[X1; ones(1,sum(N))]; 
y1=[-ones(1,N(1)) ones(1,N(2))]; 
  
% 1. Plot X1, where points of different classes are denoted by different colors, 
figure(1), plot(X1(1,y1==1),X1(2,y1==1),'bo',... 
X1(1,y1==-1),X1(2,y1==-1),'r.') 
figure(1), axis equal 
hold on; axis(axis);     %CC 
% 2. Run the perceptron algorithm for X1 with learning parameter 0.01 
rho=0.02; % Learning rate 
w_ini=[1 1 -.5]'; 
[w,iter,mis_clas]=perce(X1,y1,w_ini,rho)        % this is the basic routine 
%  [w,iter,mis_clas]=perce_with_plot(X1,y1,w_ini,rho)  %to see all lines 
 XL=[0 -w(3)/w(1)] ; YL=[-w(3)/w(2) 0]; plot(XL,YL, 'r'); hold off ;  %plot the final line CC 
 
% Ξεθηλήζηε από δηαθνξεηηθό αξρηθό ζεκείν, κε δηαθνξεηηθά δεδνκέλα, κε δηαθνξεηηθέο παξακέηξνπο θαη ζρνιηάζηε ηα απνηειέζκαηα 
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Single step perceptron 
% …………………………………… 
% 1. Plot X1, where points of different classes are denoted by different colors, 
figure(1), plot(X1(1,y1==1),X1(2,y1==1),'bo',... 
X1(1,y1==-1),X1(2,y1==-1),'r.') 
figure(1), axis equal 
hold on; axis(axis);    %CC 
% 2. Run the perceptron algorithm for X1 with learning parameter 0.02 
rho=0.02; % Learning rate 
w_ini=[1 1 -.5]'; 
[w,iter,mis_clas]=perce_online(X1,y1,w_ini,rho) 
 XL=[0 -w(3)/w(1)] ; YL=[-w(3)/w(2) 0]; plot(XL,YL, 'r'); hold off ; %CC 

 

% We load data from Duda 

load clouds; [c n]=size(patterns); 
X1=[patterns; ones(1, n)];  % converts to 3d by adding 1  
y1=2*targets-1;     % set the classes to 1 and -1 from 1 and 0 
 
figure(1), plot(X1(1,y1==1),X1(2,y1==1),'bo',... 
X1(1,y1==-1),X1(2,y1==-1),'r.') 
figure(1), axis equal 
hold on; axis(axis);    %CC 
% 2. Run the perceptron algorithm for X1 with learning parameter 0.01 
rho=0.01; % Learning rate 
w_ini=[1 1 -.5]'; 
[w,iter,mis_clas]=perce_online(X1,y1,w_ini,rho) 
 XL=[0 -w(3)/w(1)] ; YL=[-w(3)/w(2) 0]; plot(XL,YL, 'r'); hold off ; %CC 
perror=mis_clas/n 
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W  = [0.2733    0.3275   -1.1200]T 

Iter=400, err=0 
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W  = [-0.0113    -0.0092   0.010]T 

Iter=107, no converge, perr=0.35 
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Batch relaxation with margin 
% Example 2.2.1a 
% Simulates the Duda Batch relaxation with margin  &5.6.3 
 close('all');  clear 
 rand('seed',1); 
% Generate the dataset X1 as well as the vector containing the class labels of the points in X1  
N=[100 100]; % 100 vectors per class 
l=2; % Dimensionality of the input space 
 x=[3 3]'; 
% x=[2 2]'; for X2  % x=[0 2]'; for X3  % x=[1 1]'; for X4 
  
X1=[2*rand(l,N(1)) 2*rand(l,N(2))+x*ones(1,N(2))]; 
y1=[zeros(1,N(1)) ones(1,N(2))];  %assigns 0 and 1 for the classes  
  
% or read CLOUDS 
% load clouds; X1=patterns; y1=targets; 
  
% 1. Plot X1, where points of different classes are denoted by different colors, 
figure(1), plot(X1(1,y1==1),X1(2,y1==1),'bo',... 
X1(1,y1==0),X1(2,y1==0),'r.') 
figure(1), axis equal 
hold on; axis(axis); 
% 2. Run the perceptron algorithm for X1 with learning parameter 0.01 
params=[5 0.1 0.001]; %   params=[Max iter, Margin, Convergence rate] 
  
[test_targets, w] = Relaxation_BM(X1, y1, X1, params); w  
  
XL=[0 -w(3)/w(1)] ; YL=[-w(3)/w(2) 0]; plot(XL,YL, 'y'); hold off ; 
[c n]=size(test_targets); perror=sum(abs(test_targets-y1))/n 
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Single-Sample Relaxation with Margin 
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Με Γηαρσξίζηκεο Καηεγνξίεο 

 Οη πξνεγνύκελνη αιγόξηζκνη βαζίδνληαη ζηελ ππόζεζε όηη νη 
θαηεγνξίεο είλαη γξακκηθά δηαρσξίζηκεο.  

 Αιιά αθόκα θαη εάλ ην δείγκα εθπαίδεπζεο είλαη γξακκηθά 
δηαρσξίζηκν απηό δελ εγγπάηαη θαιή ζπκπεξηθνξά ζηελ 
πξαγκαηηθόηεηα  

 

ΠΩ ΘΑ ΤΜΠΔΡΙΦΔΡΟΝΣΑΙ Δ ΜΗ ΓΡΑΜΜΙΚΑ ΓΙΑΥΩΡΙΙΜΔ 
ΚΑΣΗΓΟΡΙΔ 

Αο βάιινπκε όια ηα δεδνκέλα κε έλα margin aTyi-bi > 0 

θαη αο πξνζπαζήζνπκε λα ειαρηζηνπνηήζνπκε κηα ζπλάξηεζε θξηηεξίνπ 
πνπ βαζίδεηαη ζηα ειάρηζηα ηεηξάγσλα -> 

Μέζνδν Διαρίζησλ Σεηξαγώλσλ 
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Μέζνδνη Διαρίζησλ Σεηξαγώλσλ  
(Minimum Square Error – MSE) 
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Μέζνδνη Διαρίζησλ Σεηξαγώλσλ  
(Minimum Square Error – MSE) 

Εάν ο ΥΤΥ δεν είναι ομαλός, δηλ. ‖ΥΤΥ ‖=0, ηόηε προζθέηοσμε μία 
μικρή ζηαθερά e ζηην διαγώνιο και έτοσμε 
 

 e
-1

T T
a = Y Y + I Y b

%MATLAB 
[M,N]=size(Y); 
a=inv(Y’*Y+e*eye(M))*(Τ’*b); 
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Υξεζηκνπνίεζε ηα πξνεγνύκελα δεδνκέλα θαη δηαρώξηζέ ηα κε MSE 

% Example 2.3.1cc By C. Chamzas for LSE 
…………… 
N1=100; N2=100; N=N1+N2; % N1 vectors from class 1 and N2 vectors from class 2 
l=2; % Dimensionality of the input space 
x=[3 3]'; 
 
X1=[2*rand(l,N1) 2*rand(l,N2)+x*ones(1,N2)]; 
y1=[-ones(1,N1) ones(1,N2)]; 
 
% OR We load data from Duda (uncomment the 3 next lines 
% load clouds; [c N]=size(patterns); 
% X1=patterns;         
% y1=2*targets-1;         % set the classes to 1 and -1 from 1 and 0 
  
% 1. Plot X1, where points of different classes are denoted by different colors, 
figure(1), plot(X1(1,y1==1),X1(2,y1==1),'bo',... 
X1(1,y1==-1),X1(2,y1==-1),'r.') 
figure(1), axis equal 
hold on; axis(axis); 
   
% 2. Augment the data vectors of X1 by adding 1 at the END 
Y=[X1; ones(1,N)]; 
% instead of negating the Y data of class 1, we negate the constants b  
b=y1; 
  
% Compute the classification error of the LS classifier based on Y 
[w]=SSErr(Y,b,0); 
SSE_out=2*(w'*Y>0)-1; 
err_SSE=sum(SSE_out.*y1<0)/N 
%Plot the line 
XL=[0 -w(3)/w(1)] ; YL=[-w(3)/w(2) 0]; plot(XL,YL, 'r'); hold off ; 
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Widrow-Hoff (Least Mean Squares - LMS) 



ΓΗΜΟΚΡΙΣΔΙΟ ΠΑΝΔΠΙΣΗΜΙΟ ΘΡΑΚΗ 

Σκήκα Ηιεθηξνιόγσλ Μεραληθώλ & Μεραληθώλ Τπνινγηζηώλ 20 

Μέζνδνο Ho-Kashyap 
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Αιγόξηζκνο Ho-Kashyap 

Βαζηθά βξίζθνπκε πξώηα ην gradient descent σο πξνο b θαη κεηά εθαξκόδνπκε ειάρηζηα ηεηξάγσλα 
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Αιγόξηζκνο Ho-Kashyap ζε Matlab 
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function [a, b] = Ho_Kashyap_cc(train_features, train_targets, type, 
Max_iter, b_min, eta)  
  
% Classify using the using the Ho-Kashyap algorithm  
% Inputs:  
%   features    - Train features  
%   targets     - Train targets  
%   Type(0 Basic/1 Modified), Maximum iteration, Convergence criterion, 
Convergence rate  
%  
% Outputs  
%   a           - Classifier weights  
%   b           - Margin  
  
[c, n]         = size(train_features);  
train_class2   = find(train_targets == -1);  
  
%Preprocessing (Needed so that b>0 for all features)  
Y = train_features;  
Y(:,train_class2) = -Y(:,train_class2);  
  
b                  = ones(1,n);  
a                  = pinv(Y')*b';  
k                  = 0;  
e                  = 1e3;  
found              = 0;  
  

while ((sum(abs(e) > b_min)>0) & (k < Max_iter) &(~found))  
    k = k+1;  
    e  = (Y' * a)' - b;  
    e_plus  = 0.5*(e + abs(e));  
    b = b + 2*eta*e_plus;  
      
    if (type==0),  
        a = pinv(Y')*b';  
    else  
        a = a + eta*pinv(Y')*e_plus';  
    end          
end  
  
if (k == Max_iter),  
   disp(['No solution found']);  
else  
   disp(['Did ' num2str(k) ' iterations'])  
end  
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Παξάδεηγκα 
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% Example ìå Ho-Kashyap  modified By C. Chamzas from Duda Software.  
clear all; 
N1=100; N2=100; N=N1+N2; % N1 vectors from class 1 and N2 vectors from class 2 
l=2; % Dimensionality of the input space 
x=[3 3]'; 
  
X1=[2*rand(l,N1) 2*rand(l,N2)+x*ones(1,N2)]; 
y1=[-ones(1,N1) ones(1,N2)];  
  
% OR We load data from Duda (uncomment the 3 next lines 
%---------------------- 
load clouds; [c N]=size(patterns);      
X1=patterns; y1=2*targets-1;         % the classes are set also to 1 and -1 
%----------------------  
% 1. Plot X1, where points of different classes are denoted by different colors, 
figure(1), plot(X1(1,y1==1),X1(2,y1==1),'bo',X1(1,y1==-1),X1(2,y1==-1),'r.') 
figure(1), axis equal; hold on; XA=axis; 
  
X1=[X1;ones(1,N)]; %increases the dimentionality of the training data by 1 
[w,b]=Ho_Kashyap_cc(X1,y1, 0, 1000, 0.1, 0.01); 
  
% Plots the discrimination line 
XL=[ XA(1) XA(2) -(w(3)+w(2)*XA(3))/w(1) -(w(3)+w(2)*XA(4))/w(1)]; 
    YL=[-(w(3)+w(1)*XA(1))/w(2) -(w(3)+w(1)*XA(2))/w(2) XA(3) XA(4)]; 
    plot(XL,YL, 'k'); hold off 
     
%prints the classification error  
KH_out=2*(w'*X1>0)-1; 
err_KH=sum(KH_out.*y1<0)/N 

W  = [-0.21 -0.20 1.00]T 

perr=0. 

W  = [-0.97 -1.00 1.00]T 

perr=0.25 
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 Έσο ηώξα είδακε ην πξόβιεκα κόλν γηα 2 
θαηεγνξίεο. Ση κπνξνύκε λα θάλνπκε εάλ 
έρνπκε πνιιέο θαηεγνξίεο πξνηύπσλ? 
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Σαμηλόκεζε Πνιιαπιώλ Κιάζεσλ κε MSE 

Έζησ y1, …, yn, πξόηππα από c>2 θιάζεηο. Θέινπκε λα βξνύκε έλα ηαμηλνκεηή πνπ 
λα απνηειείηαη από γξακκηθέο ζπλαξηήζεηο δηάθξηζεο                        (κία γηα θάζε 
θιάζε), νύησο ώζηε εάλ x αλήθεη ζηελ i θιάζε ηόηε                             . πλεπώο ζηνλ 
επαπμεκέλν ρώξν ςάρλνπκε γηα ηα βάξε ai ώζηε εάλ yk αλήθεη ζηελ i θιάζε  ηόηε  
 
 
 
 Γηα ηελ επίιπζε ηνπ πξνβιήκαηνο ζπλεπώο ππνινγίδνπκε ην βέιηηζην ai  ώζηε  λα 
δηαρσξίδεη ηελ θιάζε i από όιεο ηηο ππόινηπεο θιάζεηο j≠i . 
 
 
 

Τ= [y1, …, yn] θαη bi = [bjk ]  k=1,…,n θαη bjk =1 εάλ yj αλήθεη ζηελ θιάζε ση   θαη bjk 
=-1 εάλ yj δεν αλήθεη ζηελ θιάζε ση   
 
 εκεηώλεηαη όηη εάλ δελ ζέινπκε λα αιιάμνπκε ην πξόζεκν ζηα yj, κπνξνύκε λα ην 
αιιάμνπκε ζηα αληίζηνηρα bi  

0( )i i ig w w x x

( ) ( )   j ii jg g  x x
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Παξάδεηγκα. Έζησ πξόβιεκα ηαμηλόκεζεο ζε ηέζζεξεηο ηζνπίζαλεο θιάζεηο σ1,σ2,σ3,σ4 . Η θάζε θιάζε 
κνληεινπνηείηαη κε Gaussian θαηαλνκέο κέζσλ ηηκώλ m1=[1,1]T, m2=[5,10]T, m3=[10,4]T , 
m4=[10,10]T.  Σα κεηξώα ζπλδηαζπνξάο είλαη 

  S1=[0.8 0.2;0.2 0.1], S2=[0.8 0.2;0.2 0.8], S3=[0.1 0.25;0.2 5,0.8], S3=[0.2 0.3;0.3 0.8],  

Έρνπκε Ν=10000 δεδνκέλα θαη ζέινπκε λα βξνύκε ηηο ζπλαξηήζεηο δηάθξηζεο 
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Σαμηλόκεζε Πνιιαπιώλ Κιάζεσλ κε MSE 

% Example 2.3.3 CC 
close('all'); 
clear; 
  
m=[1 1 ; 5 10 ; 10 4; 10 10]'; 
[l,c]=size(m); 
S1=[0.8 0.2; 0.2 0.1]; S2=[0.8 0.2; 0.2 0.8]; 
S3=[0.1 0.25; 0.25 0.8]; S4=[0.2 0.3; 0.3 0.8]; 
S(:,:,1)=S1; S(:,:,2)=S2; S(:,:,3)=S3; S(:,:,4)=S4; 
P=[1/4 1/4 1/4 1/4]; 
  
% 1. Generate X the training set 
N1=10000; 
randn('seed',0) 
[X,y1]=generate_gauss_classes(m,S,P,N1); 
[l,N1]=size(X); 
X1=[X; ones(1,N1)]; 
  
% Plot X1 using different colors for points of different classes, 
figure(1), plot(X1(1,y1==1),X1(2,y1==1),'r.',... 
    X1(1,y1==2),X1(2,y1==2),'g.',... 
    X1(1,y1==3),X1(2,y1==3),'b.',... 
    X1(1,y1==4),X1(2,y1==4),'k.') 
axis equal; hold on; axis(axis); A=axis; 

% Next, we define matrix z1, each column of which 
% corresponds to a training point. 
z1=zeros(c,N1);  z1=z1-1;  % set 1 to class i and -1 to all other classes 
for i=1:N1 
    z1(y1(i),i)=1; 
end 
  
% Estimate the parameter vectors of the c discriminant functions 
w_all=[]; 
for i=1:c 
    w=SSErr(X1,z1(i,:),0); 
    w_all=[w_all w]; 
end 
% Note: in w_all, the i-th column corresponds to the parameter vector 
% of the i-th discriminant function. 
% Now plots the gi(x) 
for i=1:c 
    w(:)=w_all(:,i); 
    XL=[ A(1) A(2) -(w(3)+w(2)*A(3))/w(1) -(w(3)+w(2)*A(4))/w(1)]; 
    YL=[-(w(3)+w(1)*A(1))/w(2) -(w(3)+w(1)*A(2))/w(2) A(3) A(4)]; 
    plot(XL,YL, 'k'); 
end 
% Compute the classification error using the training set X1 
[vali,class_est]=max(w_all'*X1); 
err=sum(class_est~=y1)/N1 

26 
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MLS ηαμηλόκεζε 
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% plots segmended plane and gi(x)-gj(x) 
% Generate XP as a set of points covering all the plane (NPxNP grid) 
NP=250; 
DX=(A(2)-A(1))/(NP-1); DY=(A(4)-A(3))/(NP-1); 
XP1=[A(1):DX:A(2)];XP2=[A(3):DY:A(4)]; 
XP=[ones(1,NP*NP);ones(1,NP*NP)]; 
for i=1:NP 
    for j=1:NP 
        XP(:,(i-1)*NP+j)=[XP1(i);XP2(j)]; 
    end 
end 
XP=[XP;ones(1,NP*NP)]; 
[vali,class_est]=max(w_all'*XP); 
% plots the segmented plane 
figure(2), plot(XP(1,class_est==1),XP(2,class_est==1),'y.',... 
    XP(1,class_est==2),XP(2,class_est==2),'m.',... 
    XP(1,class_est==3),XP(2,class_est==3),'c.',... 
    XP(1,class_est==4),XP(2,class_est==4),'w.'); axis(A);hold on; 
% Now plots the gi(x)-gj(x)  i<j 
for i=1:c 
    for j=i+1:c 
    w(:)=w_all(:,i)-w_all(:,j); 
    XL=[ A(1) A(2) -(w(3)+w(2)*A(3))/w(1) -(w(3)+w(2)*A(4))/w(1)]; 
    YL=[-(w(3)+w(1)*A(1))/w(2) -(w(3)+w(1)*A(2))/w(2) A(3) A(4)]; 
    plot(XL,YL, 'k'); 
    end 
end 
plot(X1(1,y1==1),X1(2,y1==1),'r.',... 
    X1(1,y1==2),X1(2,y1==2),'g.',... 
    X1(1,y1==3),X1(2,y1==3),'b.',... 
    X1(1,y1==4),X1(2,y1==4),'k.') 
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Πνιιαπιέο Κιάζεηο: Γνκή ηνπ Kesler 
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Σαμηλόκεζε Πνιιαπιώλ Κιάζεσλ Perceptron 
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Παξάδεηγκα κε δνκή Kesler 
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% Example Kesler CC 
% It uses the Statistical Toolbox for Matlab  
% http://cmp.felk.cvut.cz/cmp/software/stprtool/ 
% modified by chamzas  
close('all'); clear; 
  
m=[1 1 ; 5 10 ; 10 4; 10 10]'; 
[l,c]=size(m); 
S1=[0.8 0.2; 0.2 0.1]; S2=[0.8 0.2; 0.2 0.8]; 
S3=[1.0 0.25; 0.25 1.8]; S4=[0.8 0.3; 0.3 1.8]; 
S(:,:,1)=S1; S(:,:,2)=S2; S(:,:,3)=S3; S(:,:,4)=S4; 
P=[1/4 1/4 1/4 1/4]; 
  
% 1. Generate X1 the training set 
N1=10000; 
randn('seed',0) 
[X,y1]=generate_gauss_classes(m,S,P,N1); 
[l,N1]=size(X); 
X1=[X; ones(1,N1)]; 
 
%--------- Multi class perceptron with KESLER structure ----------- 
data.X=X;  data.y=y1;  %puts data in format for STPRtool 
options.tmax=100000; % max number of iterations 
modelKESLER = mperceptron( data, options ); 
figure; ppatterns( data ); pboundary( modelKESLER ); 
% calculates the error on the trainning set 
for i=1:l 
    w_allKESLER(i,:)=modelKESLER.W(i,:); 
end 
w_allKESLER(l+1,:)=modelKESLER.b'; 
[vali,class_est]=max(w_allKESLER'*X1); 
errKESLER=sum(class_est~=y1)/N1 

Έλα ρξήζηκν toolbook κε πινπνηήζεηο 
πξνγξακκάησλ ηαηηζηηθήο θαη Αλαγλώξηζεο 
Πξνηύπσλ είλαη θαη ην 
http://cmp.felk.cvut.cz/cmp/software/stprtool/ 
 
Σα δεδνκέλα δίλνληαη κε ηελ δνκή data ε 
νπνία έρεη ην data.X  κε ηα πξόηππα (patterns) 
θαη ην data.y κε ηηο θιάζεηο (targets) 
 
 
ην eclass έρνπλ πξνζηεζεί ζην software ηνπ 
Πηθξάθε-Θενδσξίδε θαη ηα απαηηνύκελα 
αξρεία  από ην παξαπάλσ toolbook  θαζώο θαη 
ηα παξαδείγκαηα ησλ δηαθαλεηώλ ηνπ 
καζήκαηνο. 

http://cmp.felk.cvut.cz/cmp/software/stprtool/
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Linear Discriminants for multi class problems 
MSE versus Perceptron (Kesler) 
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err= 0.2500 for the training set 
err= 0.2520 for a testing set 

err= 0.0300 for the training set 
err= 0.0250 for a testing set 
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err= 0        for the training set 
err= 0.0007 for a testing set 

err= 0.003 for the training set 
err= 0.0013 for a testing set 

MSE                                 KESLER 
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Γξακκηθά 
δηαρσξίζηκεο 

θιάζεηο 

ΜΗ Γξακκηθά 
δηαρσξίζηκεο 

θιάζεηο 

Ο αιγόξηζκνο ηύπνπ Perceptron  
κε δνκή Kelser ρξεηάδεηαη ηα 
δεδνκέλα λα είλαη γξακκηθά 
δηαρσξίζηκα. Δάλ δελ είλαη ηόηε ν 
αιγόξηζκνο δελ ζπγθιίλεη θαη ε 
ιύζε πνπ βξίζθεη δελ είλαη 
ηθαλνπνηεηηθή. 
 
Οη αιγόξηζκνη MSE βξίζθνπλ ιύζε 
ζε θάζε πεξίπησζε, αιιά αθόκα 
θαη εάλ νη θιάζεηο είλαη 
δηαρσξίζηκεο  ε  ιύζε πνπ 
βξίζθνπλ δελ είλαη απαξαίηεηα 
βέιηηζηε 
 
Η πξνζέγγηζε Ho-Kashyap 
πξνζπαζεί λα ζπλδπάζεη ιύζεηο 
Perceptron  κε MSE 


