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BAB VI 

PENUTUP 

 

A. Kesimpulan 

Berdasarkan hasil penelitian dan diskusi, dapat disimpulkan bahwa: 

1. ANN untuk menghitung PDEs telah berhasil dikembangkan beserta FDM dan 

jawaban eksak sebagai metode pembanding. 

2. ANN mampu menghasilkan hasil kompetitif dibandingkan FDM, yakni 

hingga 1.5 kali lebih akurat, sehingga benar bahwa ANN dapat menjadi 

metode alternatif untuk menyelesaikan PDEs. Namun, waktu eksekusi 

menjadi kelemahan utama ANN. 

 

B. Saran 

Dengan mempertimbangkan hasil dari penelitian sekarang, penelitian 

kedepan disarankan untuk: 

1. Melakukan eksplorasi hyperparameter lebih jauh pada kasus dua dimensi 

untuk mendapatkan hasil ANN yang lebih optimal. 

2. Mendalami cara kerja loop agar dapat menghasilkan program yang lebih 

cepat dan hasil yang lebih akurat. 

3. Mempertimbangkan penggunaan GPU untuk mempercepat proses 

perhitungan ANN agar eksplorasi hyperparameter dapat dilakukan lebih jauh. 
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LAMPIRAN 

 

1. Kode program ANN untuk kasus satu dimensi 

1. %{ 
2. A MATLAB program to calculate 1D Heat Transfer problem. Neural 

Network 
3. is assigned to solve the Partial Differential Equations in problem. 
4. 1D Heat Transfer problem is described as "dy/dt = alpha*(d2y/dx2)". 
5.  
6. Created by: 
7. Theodoret Putra Agatho 
8. University of Atma Jaya Yogyakarta 
9. Department of Informatics 
10. 09/05/2023 
11.  
12. Disclaimer: 
13. This program writing is influenced heavily by following code: 
14. Andreas Almqvist (2023). Physics-informed neural network solution of 

2nd order ODE:s  
15. (https://www.mathworks.com/matlabcentral/fileexchange/96852-physics-

informed-neural-network-solution-of-2nd-order-ode-s), 
16. MATLAB Central File Exchange. Retrieved May 11, 2023. 
17. %} 
18.  
19. clear all; clc; close all; 
20. %% Initialization 
21.  
22. % Hyperparameters 
23. alpha = 1.0; 
24.  
25. % Time 
26. dt = 0.01; 
27. time = 0.1; % time max 
28. epoch_time = floor(time/dt); 
29. time_step = 2; % graph changing every mod(i,time_step)==0 
30.  
31. % Grid 1D 
32. Nx = 41; % N-many elements in x vector 
33. xmin = 0; xmax = 1; % boundary x vector 
34. x = linspace(xmin,xmax,Nx); % Grid 
35. dx = x(2) - x(1); 
36.  
37. % Neural Network 
38. learning_rate = 0.001; 
39. epoch_learning = 1000; 
40. batch = 100; 
41. Nn = 40; % N-many neuron 
42. % weightes and biases 
43. min = -2; max = 2; % boundary weights and biases 
44. w0 = min + rand(Nn,1)*(abs(min)+abs(max)); 
45. b0 = min + rand(Nn,1)*(abs(min)+abs(max)); 
46. w1 = min + rand(Nn,1)*(abs(min)+abs(max)); 
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47. b1 = min + rand(1)*(abs(min)+abs(max)); 
48. params = [w0;b0;w1;b1]; 
49. % initial_params = params; 
50.  
51. % Initial values 
52. U = sin(pi*x); % consider "U" as current y and "y" as next y 
53.  
54.  
55.  
56. %% Other solutions 
57. % Numerical solution - Finite Difference Method 
58. Ufd = U; 
59. s = alpha*dt/dx^2; 
60.  
61. A = eye([Nx,Nx]); 
62. for i = 2:Nx-1 
63.     for j = 2:Nx-1 
64.         if A(i,j) == 1 
65.             A(i,j) = 1 + 2*s; 
66.             A(i,j-1) = -s; 
67.             A(i,j+1) = -s; 
68.         end 
69.     end 
70. end 
71.  
72. t0fd = tic; % stopwatch start 
73. for i = 1:epoch_time 
74.     Ufd = Ufd/A; 
75.     Ufd(1) = 0; Ufd(end) = 0; % boundary conditions 
76. end 
77. tfd = toc(t0fd); % stopwatch end 
78.  
79. % Exact solution 
80. Ue = sin(pi.*x).*exp(1).^(-pi^2.*time); 
81.  
82.  
83.  
84. %% Neural Network training 
85. t0nn = tic; % stopwatch start 
86. for i = 1:epoch_time 
87.     disp(i) 
88.     for j = 1:epoch_learning 
89.         params = 

training(params,U,x,Nn,alpha,dt,batch,learning_rate); 
90.     end 
91.     [y,~,~] = predict(params,x,Nn); 
92.     U = y; 
93.     if mod(i,time_step)==0 
94.         figure(gcf);plot(x,U);ylim([0 1]); 
95.     end 
96. end 
97. tnn = toc(t0nn); % stopwatch end 
98.  
99.  
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100.  
101. %% Results and Visualisations 
102. % Visualisations 
103. figure(2); clf; 
104. plot(x,U,'r--o'); % Neural Network prediction 
105. hold on; 
106. plot(x,Ufd,'g--'); % Finite Difference solution 
107. plot(x,Ue,'k'); % Exact solution 
108. lh = legend('PINN prediction','Finite Difference solution','Exact 

solution');  
109. set(lh,'interpreter','latex','fontsize',16,'location','northwest'

); 
110. set(gca,'fontsize',16) 
111. hold off; 
112.  
113. % Error 
114. error_nn = mean((U-Ue).^2); 
115. error_fd = mean((Ufd-Ue).^2); 
116.  
117.  
118.  
119. %% Functions (Neural Network) 
120. function y = mySigmoid(x) 
121.     y = 1./(1 + exp(-x)); 
122. end 
123.  
124. function params = 

training(params,U,x,Nn,alpha,dt,batch,learning_rate) 
125.     w0 = params(1:Nn); 
126.     b0 = params(Nn+1:Nn*2); 
127.     w1 = params(Nn*2+1:end-1); 
128.     b1 = params(end); 
129.      
130.     for j = 1:batch 
131.         % Pick a random data point for current batch 
132.         i = randi(length(x)); 
133.         xi = x(i); 
134.         Ui = U(i); 
135.  
136.         % Sigmoid function derivatives with w0, b0, and xi inputs 
137.         s = mySigmoid(w0*xi + b0); 
138.         dsdx = s.*(1 - s); 
139.         d2sdx2 = dsdx.*(1 - 2*s); 
140.         d3sdx3 = d2sdx2.*(1 - 2*s) - 2*dsdx.^2; 
141.         % at boundary 
142.         s0 = mySigmoid(w0*x(1) + b0); 
143.         s1 = mySigmoid(w0*x(end) + b0); 
144.      
145.         % Prediction current batch 
146.         y = sum(w1.*s) + b1; 
147.         % dydx = sum(w0.*w1.*dsdx); % unused 
148.         d2ydx2 = sum(w0.^2.*w1.*d2sdx2); 
149.         % at boundary 
150.         y0 = sum(w1.*s0) + b1;  
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151.         y1 = sum(w1.*s1) + b1; 
152.  
153.         % y derivatives to weights and biases 
154.         dydw0 = w1.*dsdx.*xi; 
155.         dydb0 = w1.*dsdx; 
156.         dydw1 = s; 
157.         dydb1 = 1; 
158.  
159.         % dydx derivatives to weights and biases - unused 
160.         % dypdw0 = w1.*dsdx + w0.*w1.*d2sdx2.*xi; % yp = dydx 
161.         % dypdb0 = w0.*w1.*d2sdx2; 
162.         % dypdw1 = w0.*dsdx; 
163.         % dypdb1 = 0; 
164.  
165.         % d2ydx2 derivatives to weights and biases 
166.         dyppdw0 = 2*w0.*w1.*d2sdx2 + w0.^2.*w1.*d3sdx3.*xi; % ypp 

= d2ydx2 
167.         dyppdb0 = w0.^2.*w1.*d3sdx3; 
168.         dyppdw1 = w0.^2.*d2sdx2; 
169.         dyppdb1 = 0; 
170.  
171.         ds0dx = s0.*(1 - s0); 
172.         % y0 derivatives to weights and biases 
173.         dy0dw0 = w1.*ds0dx.*x(1); 
174.         dy0db0 = w1.*ds0dx; 
175.         dy0dw1 = s0; 
176.         dy0db1 = 1; 
177.  
178.         ds1dx = s1.*(1 - s1); 
179.         % y1 derivatives to weights and biases 
180.         dy1dw0 = w1.*ds1dx.*x(end); 
181.         dy1db0 = w1.*ds1dx; 
182.         dy1dw1 = s1; 
183.         dy1db1 = 1; 
184.  
185.         % Weights and biases update 
186.         % l = mean((y - dt*alpha*d2ydx2 - Ui).^2) + (y0)^2 + 

(y1)^2; % loss function 
187.         w0 = w0 - learning_rate*(2*(y - dt*alpha*d2ydx2 - Ui)* 

... 
188.             (dydw0 - dt*alpha*dyppdw0) + 2*y0*dy0dw0 + 

2*y1*dy1dw0); 
189.         b0 = b0 - learning_rate*(2*(y - dt*alpha*d2ydx2 - Ui)* 

... 
190.             (dydb0 - dt*alpha*dyppdb0) + 2*y0*dy0db0 + 

2*y1*dy1db0); 
191.         w1 = w1 - learning_rate*(2*(y - dt*alpha*d2ydx2 - Ui)* 

... 
192.             (dydw1 - dt*alpha*dyppdw1) + 2*y0*dy0dw1 + 

2*y1*dy1dw1); 
193.         b1 = b1 - learning_rate*(2*(y - dt*alpha*d2ydx2 - Ui)* 

... 
194.             (dydb1 - dt*alpha*dyppdb1) + 2*y0*dy0db1 + 

2*y1*dy1db1); 
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195.     end 
196.     params = [w0;b0;w1;b1]; 
197. end 
198.  
199. function [y,dydx,d2ydx2] = predict(params,x,Nn) 
200.     w0 = params(1:Nn); 
201.     b0 = params(Nn+1:Nn*2); 
202.     w1 = params(Nn*2+1:end-1); 
203.     b1 = params(end); 
204.  
205.     Nx = length(x); 
206.     w0 = repmat(w0,1,Nx); 
207.     b0 = repmat(b0,1,Nx); 
208.     w1 = repmat(w1,1,Nx); 
209.     x = repmat(x,Nn,1); 
210.  
211.     % Sigmoid function derivative with w0, b0, and x inputs 
212.     s = mySigmoid(w0.*x + b0); 
213.     dsdx = s.*(1 - s); 
214.     d2sdx2 = dsdx.*(1 - 2*s); 
215.  
216.     % Prediction 
217.     y = sum(w1.*s) + b1; 
218.     dydx = sum(w0.*w1.*dsdx); 
219.     d2ydx2 = sum(w0.^2.*w1.*d2sdx2); 
220. end 

221.  
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2. Kode program ANN untuk kasus dua dimensi 

1. %{ 
2. A MATLAB program to calculate 2D Heat Transfer problem. Neural 

Network 
3. is assigned to solve the Partial Differential Equations in problem. 
4. 2D Heat Transfer problem is described as "du/dt = alpha*(d2u/dx2 + 

d2u/dy2)". 
5.  
6. Created by: 
7. Theodoret Putra Agatho 
8. University of Atma Jaya Yogyakarta 
9. Department of Informatics 
10. 27/07/2023 
11.  
12. Disclaimer: 
13. This program writing is influenced heavily by following code: 
14. Andreas Almqvist (2023). Physics-informed neural network solution of 

2nd order ODE:s  
15. (https://www.mathworks.com/matlabcentral/fileexchange/96852-physics-

informed-neural-network-solution-of-2nd-order-ode-s), 
16. MATLAB Central File Exchange. Retrieved May 11, 2023. 
17. %} 
18.  
19. clear all; clc; close all; 
20. %% Initialization 
21.  
22. % Hyperparameters 
23. alpha = 0.1; 
24.  
25. % Time 
26. dt = 0.1; 
27. time = 1.0; % time max 
28. epoch_time = floor(time/dt); 
29. time_step = 2; % graph changing every mod(i,time_step)==0 
30.  
31. % Grid 2D 
32. Nx = 21; % N-many elements in x vector 
33. Ny = 11; % N-many elements in x vector 
34. % x-vector 
35. xmin = 0; xmax = 4; % boundary x vector 
36. xline = linspace(xmin,xmax,Nx); % Grid 
37. x = zeros(Ny,Nx); 
38. for i = 1:Ny 
39.     x(i,:) = xline; 
40. end 
41. dx = xline(2) - xline(1); 
42.  
43. % y-vector 
44. ymin = 0; ymax = 2; % boundary x vector 
45. yline = linspace(ymin,ymax,Ny); % Grid 
46. y = zeros(Ny,Nx); 
47. for i = 1:Nx 
48.     y(:,i) = yline; 
49. end 
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50. dy = yline(2) - yline(1); 
51.  
52. % Neural Network 
53. learning_rate = 0.001; 
54. epoch_learning = 512; 
55. batch = 128; 
56. Nn = 32; % N-many neuron 
57. % weightes and biases 
58. min = -2; max = 2; % boundary weights and biases 
59. w0x = min + rand(Nn,1)*(abs(min)+abs(max)); 
60. w0y = min + rand(Nn,1)*(abs(min)+abs(max)); 
61. b0 = min + rand(Nn,1)*(abs(min)+abs(max)); 
62. w1 = (min + rand(Nn,1)*(abs(min)+abs(max))); 
63. b1 = (min + rand(1)*(abs(min)+abs(max))); 
64. params = [w0x;w0y;b0;w1;b1]; 
65. % initial_params = params; 
66.  
67. % Initial values 
68. U = 100.*ones(Ny,Nx)./300; % consider "U" as current y and "y" as 

next y 
69. U(1,:) = 300.*ones(1,Nx)./300; 
70. U(end,:) = 300.*ones(1,Nx)./300; 
71.  
72.  
73. %% Other solutions 
74. % Analytical (/exact) Solution 
75. L = ymax; 
76. Uetemp = zeros(Ny,Nx); 
77.  
78. mmax = 201; 
79. for m = 1:mmax 
80.     Uetemp = Uetemp + exp(-(m*pi/L).^2.*alpha.*time).*((1-(-

1).^m)./(m.*pi)).*sin(m*pi*y/L); 
81. end 
82. Ue = (300 + 2*(100-300).*Uetemp)./300; 
83.  
84. % Numerical solution - Finite Difference Method 
85. Ufd = U(2:Ny-1,2:Nx-1); 
86. sx = alpha*dt/dx^2; 
87. sy = alpha*dt/dy^2; 
88.  
89. Ni = (Ny-2)*(Nx-2); 
90. A = eye(Ni,Ni); 
91. for i = 1:Ni 
92.     for j = 1:Ni 
93.         if A(i,j) == 1 
94.             A(i,j) = 1 + 2*sx + 2*sy; 
95.             if j > 1 && mod(j,(Ny-2)) ~= 1 
96.                 A(i,j-1) = -sx; 
97.             end 
98.             if j < Ni && mod(j,(Ny-2)) ~= 0 
99.                 A(i,j+1) = -sx; 
100.             end 
101.             if j > (Ny-2) 
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102.                 A(i,j-(Ny-2)) = -sy; 
103.             end 
104.             if j <= Ni-(Ny-2) 
105.                 A(i,j+(Ny-2)) = -sy; 
106.             end 
107.         end 
108.     end 
109. end 
110.  
111. % Boundary 
112. By = zeros(Ny-2,Nx-2); 
113. Bx = zeros(Ny-2,Nx-2); 
114. Bx(end,:) = 300.*ones(1,Nx-2)./300; 
115. Bx(1,:) = 300.*ones(1,Nx-2)./300; 
116. By(1,:) = 300.*ones(1,Nx-2)./300; 
117. By(end,:) = 300.*ones(1,Nx-2)./300; 
118. By = reshape(By,[],Ni); 
119. Bx = reshape(Bx,[],Ni); 
120. Ufd = reshape(Ufd,[],Ni); 
121.  
122. t0fd = tic; % stopwatch start 
123. for i = 1:epoch_time 
124.     Bx = Ufd; 
125.     Bx = reshape(Bx,[Ny-2,Nx-2]); 
126.     Bx(:,2:end-1) = zeros(Ny-2,Nx-4); 
127.     Bx = reshape(Bx,[],Ni); 
128.     Ufd = (Ufd + Bx*sx + By*sy)/A; 
129. end 
130. tfd = toc(t0fd); % stopwatch end 
131.  
132. Ufd = reshape(Ufd,[Ny-2,Nx-2]); 
133. Utemp = 100.*ones(Ny,Nx)./300; 
134. Utemp(2:Ny-1,2:Nx-1) = Ufd; 
135. Utemp(end,:) = 300.*ones(1,Nx)./300; 
136. Utemp(1,:) = 300.*ones(1,Nx)./300; 
137. Utemp(:,1) = Utemp(:,2); 
138. Utemp(:,end) = Utemp(:,end-1); 
139. Ufd = Utemp; 
140.  
141.  
142.  
143. %% Neural Network training 
144. t0nn = tic; % stopwatch start 
145. for i = 1:epoch_time 
146.     disp(i) 
147.     for j = 1:epoch_learning 
148.         params = 

training(params,U,x,y,Nn,alpha,dt,batch,learning_rate); 
149.     end 
150.     [u,~,~] = predict(params,x,y,Nn); 
151.     U = u; 
152.     if mod(i,time_step)==0 
153.         figure(gcf);surf(x,y,U);%ylim([0 1]); 
154.     end 
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155. end 
156. tnn = toc(t0nn); % stopwatch end 
157. % U = U.*300; 
158. surf(x,y,U);title('Neural Network'); 
159.  
160.  
161. %% Results and Visualisations 
162. % Visualisations 
163. figure(2);surf(x,y,Ufd);title('Finite Difference'); 
164.  
165. % Error 
166. error_nn = mean((U-Ue).^2,'all'); 
167. error_fd = mean((Ufd-Ue).^2,'all'); 
168. figure(3);surf(x,y,U-Ue);title('Neural Network Error'); 
169. figure(4);surf(x,y,Ufd-Ue);title('Finite Difference Error'); 
170.  
171. % mean((U(end,:)-1).^2+(U(1,:)-1).^2+(U(:,1)-

U(:,2)).^2+(U(:,end)-U(:,end-1)).^2,'all') 
172.  
173.  
174.  
175. %% Functions (Neural Network) 
176. function y = mySigmoid(x) 
177.     y = 1./(1 + exp(-x)); 
178. end 
179.  
180. function params = 

training(params,U,x,y,Nn,alpha,dt,batch,learning_rate) 
181.     w0x = params(1:Nn); 
182.     w0y = params(Nn+1:Nn*2); 
183.     b0 = params(Nn*2+1:Nn*3); 
184.     w1 = params(Nn*3+1:end-1); 
185.     b1 = params(end); 
186.  
187.     Ny = size(y,1); 
188.     Nx = size(x,2); 
189.     btop = 300.*ones(1,Nx)./300; 
190.     bbottom = 300.*ones(1,Nx)./300; 
191.  
192.     % Boundary weights and biases 
193.     w0xbx = repmat(w0x,1,Ny); w0ybx = repmat(w0y,1,Ny); 
194.     w0xby = repmat(w0x,1,Nx); w0yby = repmat(w0y,1,Nx); 
195.  
196.     xleft = repmat(x(:,1).',Nn,1) ; xright  = 

repmat(x(:,end).',Nn,1); 
197.     xnleft = repmat(x(:,2).',Nn,1) ; xnright  = repmat(x(:,end-

1).',Nn,1); 
198.     xtop  = repmat(x(1,:),Nn,1)   ; xbottom = 

repmat(x(end,:),Nn,1); 
199.  
200.     yleft = repmat(y(:,1).',Nn,1) ; yright  = 

repmat(y(:,end).',Nn,1); 
201.     ynleft = repmat(y(:,2).',Nn,1) ; ynright  = repmat(y(:,end-

1).',Nn,1); 
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202.     ytop  = repmat(y(1,:),Nn,1)   ; ybottom = 
repmat(y(end,:),Nn,1); 

203.     for k = 1:batch 
204. %         disp(k) 
205.         % Pick a random data point for current batch 
206.         j = randi(Nx); 
207.         i = randi(Ny); 
208.         xi = x(i,j); 
209.         yi = y(i,j); 
210.         Ui = U(i,j); 
211.  
212.         % Sigmoid function derivatives with w0, b0, and xi inputs 
213.         s = mySigmoid(w0x*xi + w0y*yi + b0); 
214.         sp = s.*(1 - s); 
215.         spp = sp.*(1 - 2*s); 
216.         sppp = spp.*(1 - 2*s) - 2*sp.^2; 
217.  
218.         % at boundary 
219.         sleft = mySigmoid(w0xbx.*xleft + w0ybx.*yleft + b0); % 

[Nn,Ny] 
220.         sright = mySigmoid(w0xbx.*xright + w0ybx.*yright + b0); 
221.         stop = mySigmoid(w0xby.*xtop + w0yby.*ytop + b0); % 

[Nn,Nx] 
222.         sbottom = mySigmoid(w0xby.*xbottom + w0yby.*ybottom + 

b0); 
223.  
224.         snleft = mySigmoid(w0xbx.*xnleft + w0ybx.*ynleft + b0); % 

[Nn,Ny] 
225.         snright = mySigmoid(w0xbx.*xnright + w0ybx.*ynright + 

b0); 
226.  
227.         % Prediction current batch 
228.         v = sum(w1.*s) + b1; 
229.         % dvdx = sum(w0x.*w1.*sp); % unused 
230.         d2vdx2 = sum(w0x.^2.*w1.*spp); 
231.         % dvdy = sum(w0y.*w1.*sp); % unused 
232.         d2vdy2 = sum(w0y.^2.*w1.*spp); 
233.         % at boundary 
234.         vleft = sum(w1.*sleft) + b1; % [1,Ny] 
235.         vright = sum(w1.*sright) + b1; 
236.         vtop = sum(w1.*stop) + b1; % [1,Nx] 
237.         vbottom = sum(w1.*sbottom) + b1; 
238.  
239.         bleft = sum(w1.*snleft) + b1; % [1,Ny] 
240.         bright = sum(w1.*snright) + b1; 
241.  
242.  
243.         % y derivatives to weights and biases 
244.         dvdw0x = w1.*sp.*xi; 
245.         dvdw0y = w1.*sp.*yi; 
246.         dvdb0 = w1.*sp; 
247.         dvdw1 = s; 
248.         dvdb1 = 1; 
249.  
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250.         % dvdx derivatives to weights and biases - unused 
251.         % dvpdw0x = w1.*sp + w0x.*w1.*spp.*xi; 
252.         % dvpdw0y = w0x.*w1.*spp.*yi; 
253.         % dvpdb0 = w0x.*w1.*spp; 
254.         % dvpdw1 = w0x.*sp; 
255.         % dvpdb1 = 0; 
256.  
257.         % d2vdx2 derivatives to weights and biases 
258.         dvxppdw0x = 2*w0x.*w1.*spp + w0x.^2.*w1.*sppp.*xi; % ypp 

= d2ydx2 
259.         dvxppdw0y = w0x.^2.*w1.*sppp.*yi; 
260.         dvxppdb0 = w0x.^2.*w1.*sppp; 
261.         dvxppdw1 = w0x.^2.*spp; 
262.         dvxppdb1 = 0; 
263.  
264.         % d2vdy2 derivatives to weights and biases 
265.         dvyppdw0x = w0y.^2.*w1.*sppp.*xi; % ypp = d2ydx2 
266.         dvyppdw0y = 2*w0y.*w1.*spp + w0y.^2.*w1.*sppp.*yi; 
267.         dvyppdb0 = w0y.^2.*w1.*sppp; 
268.         dvyppdw1 = w0y.^2.*spp; 
269.         dvyppdb1 = 0; 
270.  
271.         dsldx = sleft.*(1 - sleft); % [Nn,Ny] 
272.         % vleft derivatives to weights and biases 
273.         dvldw0x = dsldx.*w1.*xleft; % [Nn,Ny] 
274.         dvldw0y = dsldx.*w1.*yleft; 
275.         dvldb0 = w1.*dsldx; 
276.         dvldw1 = sleft; 
277.         dvldb1 = 1; 
278.  
279.         dsrdx = sright.*(1 - sright); 
280.         % vright derivatives to weights and biases 
281.         dvrdw0x = dsrdx.*w1.*xright; 
282.         dvrdw0y = dsrdx.*w1.*yright; 
283.         dvrdb0 = w1.*dsrdx; 
284.         dvrdw1 = sright; 
285.         dvrdb1 = 1; 
286.  
287.         dstdx = stop.*(1 - stop); % [Nn,Nx] 
288.         % vleft derivatives to weights and biases 
289.         dvtdw0x = dstdx.*w1.*xtop; % [Nn,Nx] 
290.         dvtdw0y = dstdx.*w1.*ytop;  
291.         dvtdb0 = w1.*dstdx; 
292.         dvtdw1 = stop; 
293.         dvtdb1 = 1; 
294.  
295.         dsbdx = sbottom.*(1 - sbottom); 
296.         % vleft derivatives to weights and biases 
297.         dvbdw0x = dsbdx.*w1.*xbottom; 
298.         dvbdw0y = dsbdx.*w1.*ybottom; 
299.         dvbdb0 = w1.*dsbdx; 
300.         dvbdw1 = sbottom; 
301.         dvbdb1 = 1; 
302.  
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303.  
304.         dslndx = snleft.*(1 - snleft); % [Nn,Ny] 
305.         % vleft derivatives to weights and biases 
306.         dvlndw0x = dslndx.*w1.*xnleft; % [Nn,Ny] 
307.         dvlndw0y = dslndx.*w1.*ynleft; 
308.         dvlndb0 = w1.*dslndx; 
309.         dvlndw1 = snleft; 
310.         dvlndb1 = 1; 
311.  
312.         dsrndx = snright.*(1 - snright); 
313.         % vright derivatives to weights and biases 
314.         dvrndw0x = dsrndx.*w1.*xnright; 
315.         dvrndw0y = dsrndx.*w1.*ynright; 
316.         dvrndb0 = w1.*dsrndx; 
317.         dvrndw1 = snright; 
318.         dvrndb1 = 1; 
319.          
320.  
321.         % Weights and biases update 
322.         % l = mean((y - dt*alpha*d2udx2*d2udy2 - Ui).^2) + (y0)^2 

+ (y1)^2; % loss function 
323.         b1 = b1 - learning_rate*(2*(v - dt*alpha*(d2vdx2+d2vdy2) 

- Ui)* ... 
324.             (dvdb1 - dt*alpha*(dvxppdb1+dvyppdb1)) + 

sum(2*(vleft-bleft).*(dvldb1-dvlndb1)) + ... 
325.             sum(2*(vright-bright).*(dvrdb1-dvrndb1)) + 

sum(2*(vtop-btop).*dvtdb1) + sum(2*(vbottom-bbottom).*dvbdb1)); 
326.         vleft = repmat(vleft,Nn,1); vright = repmat(vright,Nn,1); 
327.         vtop = repmat(vtop,Nn,1); vbottom = repmat(vbottom,Nn,1); 
328.         w0x = w0x - learning_rate*(2*(v - 

dt*alpha*(d2vdx2+d2vdy2) - Ui)* ... 
329.             (dvdw0x - dt*alpha*(dvxppdw0x+dvyppdw0x)) + 

sum(2*(vleft-bleft).*(dvldw0x-dvlndw0x),2) + ... 
330.             sum(2*(vright-bright).*(dvrdw0x-dvrndw0x),2) + 

sum(2*(vtop-btop).*dvtdw0x,2) + sum(2*(vbottom-
bbottom).*dvbdw0x,2)); 

331.         w0y = w0y - learning_rate*(2*(v - 
dt*alpha*(d2vdx2+d2vdy2) - Ui)* ... 

332.             (dvdw0y - dt*alpha*(dvxppdw0y+dvyppdw0y)) + 
sum(2*(vleft-bleft).*(dvldw0y-dvlndw0y),2) + ... 

333.             sum(2*(vright-bright).*(dvrdw0y-dvrndw0y),2) + 
sum(2*(vtop-btop).*dvtdw0y,2) + sum(2*(vbottom-
bbottom).*dvbdw0y,2)); 

334.         b0 = b0 - learning_rate*(2*(v - dt*alpha*(d2vdx2+d2vdy2) 
- Ui)* ... 

335.             (dvdb0 - dt*alpha*(dvxppdb0+dvyppdb0)) + 
sum(2*(vleft-bleft).*(dvldb0-dvlndb0),2) + ... 

336.             sum(2*(vright-bright).*(dvrdb0-dvrndb0),2) + 
sum(2*(vtop-btop).*dvtdb0,2) + sum(2*(vbottom-bbottom).*dvbdb0,2)); 

337.         w1 = w1 - learning_rate*(2*(v - dt*alpha*(d2vdx2+d2vdy2) 
- Ui)* ... 

338.             (dvdw1 - dt*alpha*(dvxppdw1+dvyppdw1)) + 
sum(2*(vleft-bleft).*(dvldw1-dvlndw1),2) + ... 

339.             sum(2*(vright-bright).*(dvrdw1-dvrndw1),2) + 
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sum(2*(vtop-btop).*dvtdw1,2) + sum(2*(vbottom-bbottom).*dvbdw1,2)); 
340.     end 
341.     params = [w0x;w0y;b0;w1;b1]; 
342. end 
343.  
344. function [y,dydx,d2ydx2] = predict(params,x,y,Nn) 
345.     w0x = params(1:Nn); 
346.     w0y = params(Nn+1:Nn*2); 
347.     b0 = params(Nn*2+1:Nn*3); 
348.     w1 = params(Nn*3+1:end-1); 
349.     b1 = params(end); 
350.  
351.     Nx = size(x,2); 
352.     Ny = size(y,1); 
353.     Ni = Nx*Ny; 
354.     w0x = repmat(w0x,1,Ni); 
355.     w0y = repmat(w0y,1,Ni); 
356.     b0 = repmat(b0,1,Ni); 
357.     w1 = repmat(w1,1,Ni); 
358.     x = repmat(reshape(x,[1,Ni]),Nn,1); 
359.     y = repmat(reshape(y,[1,Ni]),Nn,1); 
360.  
361.     % Sigmoid function derivative with w0, b0, and x inputs 
362.     s = mySigmoid(w0x.*x + w0y.*y + b0); 
363.     dsdx = s.*(1 - s); 
364.     d2sdx2 = dsdx.*(1 - 2*s); 
365.  
366.     % Prediction 
367.     y = sum(w1.*s) + b1; 
368.     dydx = sum(w0x.*w1.*dsdx); 
369.     d2ydx2 = sum(w0x.^2.*w1.*d2sdx2); 
370.     y = reshape(y,[Ny,Nx]); 
371. end 

372.  
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3. Naskah konferensi InCASST 2023 
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4. Naskah konferensi ICTS 2023 
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