Seminar 3priklad 1: Urtete symetrickou matici A, ktera je urcéena kvadratickou

formou.
a) 0= (x,y)—> x"2 +xy + y"2
(6, p)=x* +xy + 7

Hessian( Q(x,y), [x,y]) .

with ( VectorCalculus) : A =

b) 0= (x,y)>ax"2 +bxy +cy2
(x,y)—>ax2+bxy—|—cy2

4 oo Hessian(Q(x.v) . [x.v]) |
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C) Q= (x1,x2,x3)— 3xI"2 -2-x1x2 +3xI x3 + x2"2 + x3/2
(x1,x2,x3)—3 xI* + VectorCalculus :--*(2 x1 x2) + 3 xI x3 + x2?

+ x3?
A= %(Hessian( 3xI72 =2-x1 x2 + 3xI x3 + x2"2 + x372,
[x1,x2,x3]));
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Priklad 2: Pomoci Sylvestrova Kritéria rozhodnéte o definitnosti kvadratickéformy (s
vyuZzitim sw ovéite také dle znamének vlastnich ¢isel):
) 0= (x,y)> 2 x"2 -2xy +y"2

(x,y)—2 x> + VectorCalculus =-(2xy) + y2

(oo Hessian(0(xy). [v.v]) |
- : :

with(LinearAlgebra ) : Eigenvalues (A)
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b) 0= (x,y)—> -3 x"2 +8xy -6y"2
(x,y) — VectorCalculus :-‘—‘(3 x2) + 8 x y + VectorCalculus -
‘—‘(6)/2)

4 oo Hessian(0(x.y). [v.v]) |
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C) Q= (x1,x2,x3)— -xI"2 + 4-xI x2 + 10x2 x3 + 4x2°2

+ 6x372
(x1,x2,x3)— VectorCalculus:—‘—‘(xﬂ) +4xIx2 + 10x2 x3
+ 4x2% + 6x3°
A= %(Hessian( - xI™2 +4-x1 x2 +10x2 x3 +4x2"2 + 6x3



-120
245
056

A[ 1, 1], Determinant (A[1..2,1..2]), Determinant (A)

-1,-8,-23
Eigenvalues (A)
1
4+.39
4-39

Priklad 3: VypoCcitejte gradienty vSech nasledujicich funkci v zadanych bodech.a) f(x,y) v
bodé [2,1] f:== (x,y) = x> + x¥
(x,») —x? +x y

with ( Student| MultivariateCalculus |) : Gradient (f(x,y),
[x, »])
2x+y

Gradient (f(x,y), [x,y]=1[2,1])

b) g(x.y,2) v bodé [0,0,1]

g = (x,5,2) = xexp(xy) - 2
(x,v,z) —x & + VectorCalculus :--"(z*)

Gradient (x exp(xy) - 2, [x, v, z])
eV +xye”’
X2
-2z

Gradient (x exp(xy) - 2%, [x, ¥, 2] =10, 0, 1])

¢) h(x,y,z) v bodé¢ [0,0,0]



h = (x,y,z) = exp(x) + exp(2y) + exp(3 z)
(x,p,z) > + &2V + &7
Gradient (exp(x ) + exp(2y) + exp(3 z), [x, ¥, z])
&
2¢%

3e3z

Gradient (exp(x ) + exp(2y) + exp(3 z), [x, ¥, z] =0, 0,

0])

1

2
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¢) k(x,y,z) v bodé [0,0,0]
k= (x,y,z) = exp(x +2y + 3 z2)

(x’yﬂz)_>ex+ 2y+ 3z
Gradient (exp(x +2y +3 z) , [x, ¥, z])
ex+2y+32

26x+2y+3z

3ex+2y+3z

Gradient (exp(x +2y+3z) , [x,»,2z]=[0,0,0])
1
2
3

Priklad 4: Vypocitejte smérovou derivaci nasledujicich funkci v daném bodé av daném
sméru.

a) f(x,y) v bod¢ [2,1] asméru (1,1): f:== (x,y)—2x +y -1
(x,y)—=2x + y + VectorCalculus :-™- (1)

Diff (f (x, ), x) = diff (f (x,y),x); ,
< 2x+y—1)=2

0x

Diff (f (x,y),y) =diff (f(x,y),);



DirectionalDerivative (f(x,y), [x,y]=1[2, 1], [1,1])
37

b) g(x,y,z) v bodé [0,1,1] a sméru (1,1,1): g = (x,y,z) —xexp(xy) -xy - 22
(x,y,z)—>x &Y + VectorCalculus :--"(x y) + VectorCalculus :-

()

Gradient (x exp(xy ) -xy - 2°, [x,v,2])

eV +xyel—y

et —x

-2z

DirectionalDerivative (x exp(xy ) -xy - 2%, [x, y,z] =[O0,

L1, [1,1,1])
Error, (in Student:-MultivariateCalculus:-DirectionalDerivative)
include points for only the x and y coordinates

Priklad 5: Najdéte kvadratickou aproximaci (Taylortiv polynom druhého tadu)v bod¢ [0; 0] pro
funkce
a) f(x,y): = (x,y)—exp(x y)Taylordpproximation (f(x,y), [x,y]=[0,0],2);
2x+y—1
a =unapply (%, x,y)
(x,y)=2x+y—1

evalf (a(.1,.1))
-0.7

£(1,.1)
-0.7

b) f(X,Y)C f = (x,y)—>exp(x2 _y2)
(x,y)— exz + VectorCalculus-"-"(y?)
TaylorApproximation (exp(x* -y*), [x,y]1=0,0],2);
2 2
=y +1
a =unapply (%, x,y)
(6.y)=a® =y + 1



evalf (a(.1,.1))
£(.1,.1)
) fix,y): /= (x,y)—In(1 + )

(x,) =1 + 2% y)
TaylorApproximation (In(1 + x* ), [x,]=[0, 0],2);

0
a =unapply (%, x,y)
(x,y)—0
evalf (a(.1,.1))
0.
f(.1,.1)
0.000999500333

d) fix,y): 1= (x.y)=In(1 + x* +)?)
(x,y) —1In(1 + X2 +y2)
Taylordpproximation (In(1 + x* +1?), [x,»]1=1[0,0],2);
X2+ y2
a =unapply (%, x,y)
(r.y)=2® + )7

evalf (a(.1,.1))
0.02

f(1,.1)
0.0198026273



