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Mean square error 107-6 \

tanh(x) =

X1

X2

X1

sin(x1+x2)

eX — o /

X2
et +e™

y_hat = r(1:3)*tanh(a*tanh(a0*x(1,:)'+b0)+b)+r(4) e




def mySin(x):

a0 = np.array([[-0.3918, -0.3918], [-0.0975, -0.0975]7],
[-0.3304, -0.3303], [-0.2186, -0.21857,
[-0.3472, -0.347211])
b0 = np.array(
[[-3.5903], [0.1043], [1.9609], [1.1944], [-1.0927]11])
a = np.array([[-0.6988, -0.1312, 0.5554, -2.1678, -0.1380],
[-0.2736, -4.3798, 0.7643, 5.0048, -2.2072],
[0.4992, -3.2731, -0.8272, 2.2502, 0.5677]1])
b = np.array([[0.6347], [-0.3891], [-0.1289]1])
r = np.array([-16.7872, 7.2905, 36.4077, 7.40481])
z = a0 @ x[0, :]
h0 = np.reshape(z, np.shape(b0)) + b0
v = np.tanh(h0)
hl = a @ v + Db
v2 = np.tanh(hl)
y hat = r[0:3] @ v2 + r[3]

return y hat






# Make

X = np
Y = np
X, Y =
Z = np
# Plot
surf =

Figured

.sin(X+Y)

data.

.arange(-5, 5, 0.25)
.arange(-5, 5, 0.25)

np.meshgrid( *xi: X, Y) Shape of X+Y
(40,40)

the surface.
ax.plot_surface(X, Y, Z, cmap=cm.coolwarm,
linewidth=0, antialiased=False)

X = np.random.rand(1l, 2) * 4 *x np.pi - 2 * np.pi
y = np.sin(x[0, 0] + x[0, 1])

® y_hat = mySin(x) Shape of x
print((y - y_hat[0]) *x 2) (1/ 2)



28 X = np.arange(-5, 5, 0.25)

29 Y = np.arange(-5, 5, 0.25)

30 X, Y = np.meshgrid( *xi: X, Y)
31 shapeX = np.shape(X)

32 Z = np.zeros((shapeX[0],shapeX[1]))
33 v = np.random.rand(1,2)

34 for 1 in range(shapeX[0]):

35 for j in range(shapeX[1]):
36 v[0,0] = X[i,]]

37 vi0,1]= Y[i,]]

38 Z[i,3]1 = mysin(v)
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SER - FEA import numpy as np
= from numpy.linalg import inv

—

A = np.matrix([[2,1],[1,1],[3,1],[0,1]])
BB — - Yz |y b = np.matrix([[5.5],[0.5],[8.5],[-3]])
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Import numpy as np
from numpy.linalg import inv




Matrix

A = np.matrix([range(1,5)])

| TT— P

matrix([[1, 2, 3, 411)
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Matrix g

A = np.matrix([range(1,5)])
np.matrix.transpose(A)

>>> np.matrix.transpose(A)
matrix([[1]
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A = np.matrix([[2,11,[1,11,[3,11,[0,1]])
b = np.matrix([[5.5],[0.5],[8.5],[-3]])
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(5.5

0.5

8.5

>>> A

matrix([[

S WKk N

R .

hd - -

>>> b

matrix([[
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A = np.matrix([[2,1],[1,1],[3,1],[0,1]])
b = np.matrix([[5.5],[0.5],[8.5],[-3]])
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A = np.matrix([[2,1],[1,1],[3,1],[0,1]])
b = np.matrix([[5.5],[0.5],[8.5],[-3]])
AT = np.transpose(A)

AT @ A

>>> print (AT@A)
[[14 6]
[ 6 4]]

>>> AT @ b
matrix([[37.




2 1 5.5
210 3|1 1|[e_[2 1 0 3]]05
1 1 1 1110 1] ld 1 1 1 1] |-3
3 1 8.5
>>> print (AT@A) >>> AT @ b
[[14 6] matrix([[37. ],
[ 6 4]] [11.5]1])

14 6 [Cl] _ | 37
6 4| ld 11.5




14 6 [Cl] 37
11.5
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>>> A
matrix([[14, 6],
[ 6, 41])

B = np.matrix([[14,6],[6,4]])

invB = inv(B) >>> invA

ans = invB @ np.matrix([[37],[11.5]]) matrix([[ 0.2, -0.
[-0.3

>>> dNnsS

[-3.05]])

14 6])[ 37 ] matrix([[ 3.95],




A = np.matrix([[2,1],[1,1],[3,1],[0,1]])
b = np.matrix([[5.5],[0.5],[8.5],[-3]])
AT = np.transpose(A)

B=AT @A
iInvB = inv(B)
ans =invB @ AT @ b

 — —




ax+d=y

a=3.95 d=-3.05

>>> dNS

matrix([[ 3.95],

[-3.05]])
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ax+d=y

T — —

a=3.95 d=-3.05

T — B




(3,3.5)

(3,8.8)

ax+d=y

(2,4.85) a=395 d=-3.05

T — ——

(0,-3)
np.matrix([[2,1],[1,1],[0,1],[3,1]]) @ ans

matrix([[ 4.85]
0.9 |
-3.05]
8.8 |

—_— - -
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B=AT @A
invB = inv(B)
ans=invB @ AT @ b

T— —



SER - FEA import numpy as np
= from numpy.linalg import inv

A= np.matr.ix([[2,1],[1 ,11,[3,11,[0,11])
BB — - Yzmay )y b = np.matrix([[5.5],[0.5],[8.5],[-3]])
FEfEAR EbRT

AT = np.transpose(A)
Sha—= 1 SKEFEB[E

B=AT @ A
: " invB = inv(B)
SHEBPY - SKER{ESE ans =invB @ AT @ b
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a=395 d=-305 g




a=395 d=-305 o

—

ax+d=y

a=3.95

d=-3.05

n = np.random.rand(1,50)-0.5
y=a*x+d+0.1*n

I [—2.7.r.,27z] I
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ex2022_ex1 |~ demo_noiseData.py
i Proj.. € = — & —
§ = demo_grading.py
- = demo_grading2.py

= demo_hanoi.py

= demo_hanoi2.py

= demo_hanoi3.py

= demo_hanoi4.py

= demo_hanoi_2023.py
= demo_inv.py

= demo_line_fitting.py
= demo_markov.py

= demo_markov2.py

= demo_markov_wet_dry.p
= demo_myfib.py

= demo_mysin_2024New.p
~ demo_noiseData.py

= demo_perm_2023.py
= demo_stack.py

= demo_stack2.py

= demo_stack_op.py

= demo_stack_prefix.py
= demo_surface_mysin202
~ dice.py

= exl.py

= ex1_new.py

=~ exland2_new.py

- ex2.py

= ex4A.py

= ex4B.py

= ex4C.py

= ex5A.py

= ex5B.py

= ex5C.py

= ex5D.py

= ex5E.py

= ex5F.py

= exBA.py

= ex7.py

= avlA nu

» choose_new.py

» demo_3dSurface_mysin.py

» demo_3dSurface.py = demo_3dSurface_sin.py

import numpy as np

import matplotlib.pyplot as plt

a
d
X

3.95
-3.05

np.linspace(-2*np.pi,2*np.pi)

print(np.shape(x))

n
y

np.random.rand(1,50)-0.5
a * X+d+ n

plt.figure()

plt.scatter(x, y, marker =

'O')

plt.show()

= demo_surface_mysin2024.py

= demo_mysin_2024New.py

2~ . demo_noiseData

= demo_noiseData.py » demo_8tanh_for_sin.py

o Figure 1
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AT = np.transpose(A)
B = AT @ A

invB = inv(B)

ans = invB @ (AT @ b)



A plane with seven parameters
Sampling data

o y=ax; +bx,+cxy+dx,+exs+ fxg+ g

import numpy as np

from numpy.linalg import inv
a 3.95

1.2

-2.5

(O
-
=

dataSize = 500

X = np.random.rand(6,500)
print(x.shape)

y = np.array([[a,b,c,d,e,f]]) @ x + g
print(y.shape)
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Solve by matrix inversion

Yyl xnlll il 1l xs[1] 1
A= | 1l2l 21 w21 [l xs[2] 1

x[éb.O] % [500] x5[500] x,[500] x5[500] 1

A = np.hstack((np.transpose(x),np.ones((dataSize,1l))*qg))
print (A.shape)
AT = np.transpose(A)

ans = inv(AT @ A) @ ( AT @ np.transpose(y))
print(ans)

(A" A1 AT Y




A = np.hstack((np.transpose(x),np.ones((dataSize,1))*qg))
print(A.shape)

AT = np.transpose(A)

ans = inv(AT @ A) @ ( AT @ np.transpose(y))

print(ans)

S[[ 3.95]
1.2 ]
-2.5 ]
-3.05]

g dn I¢ YI
=

©




Solve by conjugate gradient method

import numpy as np
def conjgrad(A, b, x0, tol):

r=>b-Aa@ x0 conjgrad.py
p =r
rsold = np.transpose(r) @ r
x = x0
count = 0
while np.sqrt(rsold) > tol:
Ap = A @Q@Pp
alpha = rsold /(np.transpose(p) @ Ap)
X = xXx + alpha * p
r = r - alpha * Ap
rsnew = np.transpose(r) @ r
p =r + (rsnew/rsold) * p
rsold = rsnew

count += 1

if count % 2000 ==
print('loop ', count)
break

return x



Conjugate gradient method

Article Talk

From Wikipedia, the free encyclopedia

In mathematics, the conjugate gradient method is an
algorithm for the numerical solution of particular systems of
linear equations, namely those whose matrix is positive-
semidefinite. The conjugate gradient method is often
implemented as an iterative algorithm, applicable to sparse
systems that are too large to be handled by a direct
implementation or other direct methods such as the Cholesky
decomposition. Large sparse systems often arise when
numerically solving partial differential equations or
optimization problems.

/

A comparison of the convergence of =
gradient descent with optimal step size
(in green) and conjugate vector (in red)
for minimizing a quadratic function
associated with a given linear system.
Conjugate gradient, assuming exact
arithmetic, converges in at most n
steps, where nis the size of the matrix
of the system (here n = 2).


https://en.wikipedia.org/wiki/Conjugate_gradient_method

from conjgrad import *

b = np.transpose(y)

ans = conjgrad(AT @ A,AT @ np.transpose(y), np.zeros((7,1)), 10**-8)
print(ans)

[[ 3.95]




from conjgrad import *
import time A Is symmetric
n = 10000 A : 10000x10000
m = 30

AA = np.random.randn(n,m)
= AA @ np.transpose(AA) + np.eye(n)
= np.random.rand(n, 1)
= A@X

= time.time()

ans = conjgrad(A,b,np.zeros((n,1)),10**=-8)

tt = t = time.time() - t

print( 'mean abs error : ', np.mean(abs(A @ ans - b)))
print( 'execution time :', tt)

conjgrad is accurate and

t O X »

fast

mean abs error : 1.5202749636955558e-11
execution time : 0.7015669345855713




from conjgrad import *

import time A Is symmetric
n = 10000 A : 10000x10000
m = 30

AA = np.random.randn(n,m)

A = AA @ np.transpose(AA) + np.eye(n)

X = np.random.rand(n,l)

b = A@x

t = time.time()

ans = 1nv(A)*b

tt = t = time.time() - t

print( 'mean abs error ', np.mean(abs(A @ ans - b)))
print( 'execution time :', tt)

execution time : 26.375881195008306



