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Basic Concepts

<« What are Optimization Problems?

= Finding the value of x such that the functional value at x
IS either minimum or maximum.

= Minimization problem
e (x)

= Maximization problem
MaxX f(X)

xeR 4



Basic Concepts

+ Relationship Between Maximization Problems and
Minimization Problems

max f (x) < min f(x)

xR xeR?




Basic Concepts

<« Constrained and Unconstrained Optimization
Problems
=z Unconstrained optimization problem
e f(x)
«= Constrained optimization problem
e f(x)
subject to gi(X)ﬁo for 1=12,---,M (inequality constraints)
h(x)=0 for i=12,---,N (equality constraints)
pi(x,a))gofor 1=12,---, K and YoeQ
(functional inequality
constraints) :



Basic Concepts

<« Convex and Nonconvex Optimization Problems

= Convex sets
Vx,,x, €S andvie[01], Ax, +(1-A)x, €S

Z

(a) Convex set (b) Nonconvex set



Basic Concepts

<« Convex and Nonconvex Optimization Problems
«= Convex functions

Letf:S—> R, where Sis a nonempty convex set. The
function f Is said to be convex on S if

Vx,,x, e SandVAa e 01], f (Ax, +(1-2)x, )< Af (x )+ (1-2)f(x,)

X, }VX1+(1' 7\,)X2 X, Xi 7\.X1+(l- 7\.)X2 X, X1 X,

convex function concave function neither convex nor
concave



Basic Concepts

<« Convex and Nonconvex Optimization Problems
= Feasible set

x:9,(x)<0fori=12,---,M, 7
¥={ h(x)=0fori=12,---,N, >
p;(x,@)<0fori=12,---,Kand Vo e Q

= Convex optimization problem
« Feasible set is convex and f is convex.

«=Nonconvex optimization problem
< Feasible set is not convex, or T is not convex, or neither.



Basic Concepts

<« Convex and Nonconvex Optimization Problems

R If the optimization problem is convex, then any local
minimum is a global minimum.

Local minimum = Global minimum
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Basic Concepts

<« Smooth and Nonsmooth Optimization Problems

= Smooth optimization problems
+ T is differentiable.

= Nonsmooth optimization problems
% T is not differentiable.

x 10




Basic Concepts

<« Smooth and Nonsmooth Optimization Problems

R

For smooth optimization problems, if x"is a local minimum
of f and x* e ¥, then x” is a stationary point. If X" is a
stationary point, x € ¥ and the Hessian matrix evaluated
at x* is positive definite, then x™ is a local minimum.
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Basic Concepts

<« Smooth and Nonsmooth Optimization Problems

Local minimum = stationary point
A stationary point and convex = local minimum

Local maximum = stationary point
A stationary point and concave = local maximum

X

A
v

Point of reflection = stationary point
A stationary point with twice differentiable, but
neither convex nor concave = point of reflection

A
v
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Basic Concepts

« Smooth and Nonsmooth Optimization Problems

= Local optimal solution of smooth problems could be found
by Newton’s method, steepest decent method, etc.
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Examples of Smooth Functional Inequality
Constrained Optimization Problems

<+ FIR Linear Phase Anti-symmetric Filter Design
Problems

«=For N is odd, | h(k)=—h(N -1-k), k:o,1,2,.-.,NT_:'3
<
h(Mj:o
L 2 N

«=For N is even,h(k):_h(N _1_k) fork=012,---,——1

hin| hin] ]
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Oll\ﬂij oqwsw

center of center of 15
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Examples of Smooth Functional Inequality

Constrained Optimization Problems

+ FIR Linear Phase Anti-symmetric Filter Design
Problems

f T
= Denote {ai’ a,, - aNl} ~ Nisodd
X ="+ 2 1
{ai, a,, -, aN} ,  Niseven
| 2
where Zh[M—nj, N isodd and n =1,2,-~,M
a = 2 2
Zh(%—n), N isevenand n =1,2,---,%

16



Examples of Smooth Functional Inequality
Constrained Optimization Problems

<+ FIR Linear Phase Anti-symmetric Filter Design
Problems
«=Denote

3
{sina), sin2w, ---, sm[(%jwﬂ N 1s odd
T
. W . 3w : N -1 .
sin—, sSIh—, ---, SInj||—— |w ||, NIseven
s 0% sn((%5)e)

Ho() = (n(a))' x

(@) =

17



Examples of Smooth Functional Inequality
Constrained Optimization Problems

<+ FIR Linear Phase Anti-symmetric Filter

Problems

Design

= Objective: Minimize the weighted total ripple energy
subject to the weighted peak constraint.

CCE
1+3,

)|

4 passband >

IHa(e' )]

“— stoppand —*

DA NN N\ AR TG,

®

p

BN

| ®
(O} T
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Examples of Smooth Functional Inequality
Constrained Optimization Problems

<+ FIR Linear Phase Anti-symmetric Filter Design
Problems

J x)s jW(w)‘Ho(w)— D(a))‘zda):%xTQ Xx+b'x+p

Where @ =2 [w (o m(e)n(@)) do
b ——5‘] W (@)D (@)n(@)o
p= jW(w) D(w)) dew
W()>OVweB

19



Examples of Smooth Functional Inequality
Constrained Optimization Problems

<+ FIR Linear Phase Anti-symmetric Filter Design
Problems
W(a))‘Ho(a))—D(a))‘Sé Ve B,
A(w)x<c(w)  V@EB,

where A(w) =W (o)n(w), —n(o)f Ve B,
c(w)=|D(@W (w)+5, 6-D(oW(w)]' VweB,

Problem (P) mxin J(X)Z%XTQX-F[)TX-I—D
Subjectto  g(x,0)=A(w)x-c(®w)<0 Vweb,

20



Examples of Smooth Functional Inequality
Constrained Optimization Problems

<+ PAM Signal Design Problems

x® Suppose there areNtransmitters and the transmitted signals
are denoted asX,(w)fori =0,,---,N —1 Suppose that there are

Mreceivers and the received signals are denoted asY, (@) for
1=01---,M-1

DenoteX(w)=[X,(®w) - X, ,(@)] and

Y(@)=[Yo(@) - Yy(o)

Assume that the fading characteristics of the channel is
governed by H(w). Denote n(w)as an AWGN noise. Then

Y(@)=H(o)X(w)+n(e)

21



Examples of Smooth Functional Inequality
Constrained Optimization Problems

<+ PAM Signal Design Problems

x® Suppose these transmitted signals are generated by a set of
symbols s; fori=0,1,---, L —1via a kernel function&(w). That is

X(w)=&(w)s wheres=[s, --- s,,[.Then
Y(o)=H(ok(@)s +n(o)

= By using ML detection, the objective is to minimize
j HY H(w)( a))sH dw

subject to ‘g ok -X,(0)<8(e) YoeB,UB,

22



Examples of Smooth Functional Inequality

Constrained Optimization Problems

<+ PAM Signal Design Problems

= This Is equivalent to

min J(s)zlsTQs+st+ D

Subject 10 g(s, )= A(w) x—e(w) <0 Vo B, UB,

23



Challenges and Some Solutions for
Solving Smooth Functional Inequality
Constrained Optimization Problems

+ Challenges of Functional Inequality Constrained
Optimization Problems
«= The domain of functional inequalities is R° x Q.
= =Infinite number of constraints.

«=How to guarantee that these infinite number of constraints
are satisfied?

«=How to solve these problems efficiently?

«=For the FIR linear phase anti-symmetric filter design
problem, the specifications contain the maximum
passband ripple magnitude and the maximum stopband

ripple magnitude. How to determine these specifications?
24



Challenges and Some Solutions for
Solving Smooth Functional Inequality
Constrained Optimization Problems

«+ Some Solutions for Solving Functional Inequality
Constrained Optimization Problems

«= Dual parameterization approach

<+|For smooth and convex optimization problems, by discretizing the
index set €2 with finite number of elements, denoted as @, for
1=12,---,K, and introducing parametersA for i =1,2,---,k , then the
following two optimization problems are equivalent:

k
min f (x) s F(x)+ 2 40(x o)
Xe i=1

subject to p(x, a))g 0 VoeQ subject to,1i >Qfori=12 ... k

W, %Qfori =12 .-k
v, (x)+ 3 AV, 0(x ) =0




Challenges and Some Solutions for
Solving Smooth Functional Inequality
Constrained Optimization Problems

« Some Solutions for Solving Functional Inequality
Constrained Optimization Problems

« Dual parameterization approach

< guarantees that the obtained global minimum solution satisfies the
required functional inequality constraint if the feasible set is non-
empty.

< The maximum number of discretization points is less than or equal
tod + 2. Hence, this optimization problem can be solved efficiently.

26



Challenges and Some Solutions for
Solving Smooth Functional Inequality
Constrained Optimization Problems

« Some Solutions for Solving Functional Inequality
Constrained Optimization Problems

«= Conventional discretization approach
< The discretization points are uniformly disturbed in the index set.

< It Is not guaranteed that the original functional inequality constraint
IS satisfied.

< The number of discretization points are usually more than d +2 .
Hence, it is not efficient.

27



Challenges and Some Solutions for
Solving Smooth Functional Inequality
Constrained Optimization Problems

<+ FIR Linear Phase Anti-symmetric Fifth Order
Differentiator Design Problem

———————————————————————————————————————————————————————

o(@)-D(w)]

|H
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Challenges and Some Solutions for
Solving Smooth Functional Inequality
Constrained Optimization Problems

<+ FIR Linear Phase Near Allpass Complementary
Nonuniform Filter Bank Design Problem
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Challenges and Some Solutions for
Solving Smooth Functional Inequality
Constrained Optimization Problems

<+ FIR Linear Phase Near Allpass Complementary

Nonunifo([)m Filter Bank Design Problem
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< FIR Linear

[Hy(w)l (dB)

Challenges and Some Solutions for

Solving Smooth Functional Inequality

Constrained Optimization Problems
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Challenges and Some Solutions for
Solving Smooth Functional Inequality
Constrained Optimization Problems

« FIR Linear Phase Near Perfect Reconstruction
Nonuniform Filter Bank Design Problem

—— Our design

Aliasing distortion (clB)

Aliasing distortion (dB)
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Challenges and Some Solutions for
Solving Smooth Functional Inequality
Constrained Optimization Problems

<+ FIR Linear
Nonuniform Transmultiplexer Design Problem
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I twl (dB)

Challenges and Some Solutions for
Solving Smooth Functional Inequality
Constrained Optimization Problems

< FIR Linear

Phase Near

Perfect Reconstruction

Nonuniform Transmultiplexer Design Problem
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— Specifications
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Real part of amplitude distortion (dB)

Real part of aliasing distartion (dB)

Challenges and Some Solutions for
Solving Smooth Functional Inequality
Constrained Optimization Problems

<+ FIR Linear
Nonuniform Transmultiplexer Design Problem
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Challenges and Some Solutions for
Solving Smooth Functional Inequality
Constrained Optimization Problems

« Specification Design for Functional Inequality
Constrained Optimization Problems

= Specifications for designing FIR linear phase anti-
symmetric filters include:
< Filter length
< Transition band bandwidth
< Centre frequency
< Maximum passband ripple magnitude
< Maximum stopband ripple magnitude

« The performance of FIR linear phase anti-symmetric filters
IS measured by the total ripple energy.

36



Challenges and Some Solutions for
Solving Smooth Functional Inequality
Constrained Optimization Problems

« Specification Desigh for Functional Inequality
Constrained Optimization Problems

= Effect of filter length on total ripple enerc);y

10log,, J(5,.6., f,,AB,N)=a,,(f,,AB,5,,5, N +a,,(f,,AB,5 ,5,)

otal ripple energy (dB)

38 39 40
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Challenges and Some Solutions for
Solving Smooth Functional Inequality

Constrained Optimization Problems
« Specification Design for Functional Inequality

Constrained Optimization Problems

= Effect of transition band bandwidth on total ripple energy
10log,, 3(5,,5,, f.,AB,N )=a,,(f,,N,5,,8,)AB +a,,(f.,N,5,,5,)

rgy (dB)

otal ripple ene

38
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Challenges and Some Solutions for
Solving Smooth Functional Inequality

Constrained Optimization Problems |
« Specification Design for Functional Inequality

Constrained Optimization Problems

= Effect of maximum passband ripple magnitude on total ripple
energy M,
10l0g,, J(5,,5,, f.,AB,N )= "a,,(f.,AB,N,5,)(20l0g,, 5, |
k=0

p1“s1 ¢

rgy (dB;

39




Challenges and Some Solutions for
Solving Smooth Functional Inequality

Inequality
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Challenges and Some Solutions for
Solving Smooth Functional Inequality

Constrained Optimization Problems |
<« Specification Design for Functional Inequality

Constrained Optimization Problems

« Effect of maximum stopband ripple magnitude on total ripple
energy M.
10log,, 3(5,.5,, f.,AB,N )= a,,(f.,AB,N, 5, )(20l0g,, 5, )
k=0

SRR

41




Challenges and Some Solutions for
Solving Smooth Functional Inequality

Inequality
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Challenges and Some Solutions for
Solving Smooth Functional Inequality

Constrained Optimization Problems
« Specification Design for Functional

Inequality
Constrained Optimization Problems

= Effect of centre frequency on total ripple energy
10log,, 3(5,,5,, f,,AB,N)=A,(AB,N, 5,5, )(sin(a, (AB,N, 5,8, )f, + ¢, (AB,N,5.,8,)))+c, (AB,N, 5,6, )
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Challenges and Some Solutions for
Solving Smooth Functional Inequality

Constrained Optimization Problems
« Specification Design for Functional Inequality

Constrained Optimization Problems

= Effect of centre frequency on total ripple energy
E, (f.)=(A (AB,N,5,,5,)(sin(@, (AB,N,5,,5.)f, + ¢, (AB,N,5,,5,))+c, (AB,N,5,,5,)-10log,, I(5,,5., f.,AB,N )}
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Challenges and Some Solutions for
Solving Smooth Functional Inequality

Constrained Optimization Problems
« Specification Design for Functional Inequality

Constrained Optimization Problems

«=Empirical formulae for designing FIR linear phase anti-
symmetric filters

Mp M
10l0g,, 3(5,.5,, f,,AB,N )= (A sin(a, f, + ¢, )+1)> 3 (a% ,NAB+a2 N +a% AB+a’ [20log, &, J"(20l0g,, 5, )"
n=0

m=0
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Challenges and Some Solutions for
Solving Smooth Functional Inequality
Constrained Optimization Problems

« Specification Design for Functional Inequality

—>N =28

/()] (@B)

Constrained Optimization Problems

oz Estimation of minimum filter length with 6, = 0.01,5, = 0.01,

AB =0.087, f. = %anda <—40dB

N:26 l l 20 \ \ N:28

| 46



20loglO|H(m)| (dB)

Challenges and Some Solutions for
Solving Smooth Functional Inequality

Constrained Optimization Problems |
<« Specification Design for Functional Inequality

Constrained Optimization Problems
= Estimation of minimum transition band bandwidth with
5, =0.006,5, =0.006,N =32, f, =7 and J <4508
— AB =0.087
AB=007x .,  AB=008z

g,./H()] (dB)




Examples of Nonsmooth Optimization
Problems

+ Integer-pixel, Half-pixel, Quarter-pixel, Fractional
Pixel and Irrational Pixel Search In Motion
Estimations
«=ODbjective: Find a motion vector such that the mean

absolute difference between a block of an image in the

current shifted frame and that In the next frame is
minimized.

48



Examples of Nonsmooth Optimization

Problems
< Integer-pixel, Half-pixel, Quarter-pixel,

Pixel and Irrational Pixel Search
Estimations

O-=-=-- {55__@-_03

! NN

[ X A X; A >|k3

| A A A

N N A

4 7 5 Yo u

| |

% X

: :

O _____

Fig. 3: Conventional fractional-pixel search.

Fractional
In  Motion
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Examples of Nonsmooth Optimization
Problems

+ Integer-pixel, Half-pixel, Quarter-pixel, Fractional
Pixel and Irrational Pixel Search In Motion
Estimations

1
X, =Z(o2 +0,+0, +0,)

A, :1(x1+x2 + X, +0,)

I
X, :E(Oz "‘03)
1
X3 25(03 +06)
i 9 1 3

50
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Examples‘of Nonsmooth Optimization
Problems

+ Integer-pixel, Half-pixel, Quarter-pixel, Fractional
Pixel and Irrational Pixel Search In Motion
Estimations  _3 , _9 ,_1,_3

27167 16" ° 16’ ° 16

d.’(
(0.0) | x
h, h, h,
o - 00— -0
| o (wowy)
d h"lrk hjr\ /‘\hé
.1’" vy \ S A\ - u
' |
|
h?O— _hso - _6h9
v
Y y by

Fig. |: Proposed 2D FIR filter structure.



Examples-of Nonsmooth-Optimization
Problems

+ Integer-pixel, Half-pixel, Quarter-pixel, Fractional
Pixel and Irrational Pixel Search In Motion

Estimations
N-1N-1

MAD_— Z‘Bk+1 X,y)— (x+dx+wx,y+dy+wy)
x=0 y=0

Bk(x+dX +W,,y+d, +Wy)=aNX+yX

wherexz[hl h, - h(2|_+1)2]r

52



Examples of Nonsmooth Optimization

< Integer-pixel,

Pixel and
Estimations
aNx+y >

Problems

Half-pixel, Quarter-pixel,
rrational Pixel Search
" B(x+d,-Ly+d, —L)

de+d{+Ly+dy—L)

de+d{—Ly+dy—L+ﬂ

de+d{+L&+dy—L+ﬂ

de+d{—Ly+dy+L)

BJx+d{+Ly+dy+L)

Fractional

N

Motion
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Examples of Nonsmooth Optimization
Problems

+ Integer-pixel, Half-pixel, Quarter-pixel, Fractional
Pixel and Irrational Pixel Search In Motion
Estimations

N-1N-1
Problem (R) min sAD=3"%"|B, ,(x,y)- .,

x=0y

Z

Il
o

subjectto 0<x <1 fori=212,---,(2L +1)
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« Challenge of Nonsmooth Optimization Problems
«=How to solve nhonsmooth optimization problems?

55



« Some Solution for Solving Nonsmooth Optimization
Problems
;

<+ Denote ZNp+q = Bk+1(p1q)_aNp+qX

SNp+q = Sgn(zll\lpm) >0
< o
where sgn(sz+q)— 1 g, <0
N-1N-1 ; N-1N-1 N-1N-1
SAD = ZZ‘Bkﬂ(p, q)_aNp+qX‘ = ZZ‘ZNM = Sy,
p=0 g=0 p=0 g=0 p=0 g=0
<+ Denote z = [ZO Zn_1 L\ (N-1) ZNz_l]T
S = [SO SN-1 Sn(N-1) SNZ—l]T

bk 56



0 I
A =
I3 5

then SADZEy Ay
% DenoteB=[1 0]
p=|B.,(00) --- B ,(ON-1) --- B_,(N-10) --- B (N-LN-1)
a=le, - ay, - Oy - “Nz_l]
then «'x=p-By and x=(aa") ' (ap —aBy)
% Denote C,=[0 1 0] such that Ciy=sfori=02,---,N2-1
D =[0 1 0]suchthatD;y=zfori=04,--,N>-1
andE;=[0 1 0]such thatEx=x fori=12,---,(2L+1)

-



s2=1fori=02,---,N2-1impliesy'C/C;y =1fori=0,,---
s,z,>20fori=01---,N*-1impliesyC'D,y >0 fori=071,---

0<x <ifori=12,---,(2L+1)implies
0< Ei((mT )_l(a[i —aBy)<1fori=12,---,(2L+1)

min
y

SAD = %yT Ay

subjecttoy'C/C,y=1fori=01---,N°-1

yCiDiy20 fori=04,.--,N2-1
0< Ei((mT )_1(a|3—aBy)£1for =12

-, (2L +1)

NZ -1
N? -1
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Challenges and Some Solutions for Solving
Nonsmooth Optimization Problems

< Motion Vector of “Container”
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< |IR Filter Design Problems

= Objective: Minimize the weighted total ripple energy
subject to the weighted peak constraint.

o M o
e—jDa)mee—jma)
H(w) = =

1+Za g Ine

e jDa)Zb e —jmaw

1+Za g Ine

M

—jDw - Mo
e 2> b.e
m=0

E(w) =

65
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* IR Fllter Design Problems

X, —[b01 ., e, by, ]T

E[ai’ a,, -, aN]T
(@)=l e, . eMef
(@) =leie, eize, . gie]

E() =|(n, (@) x,| ~(H

Jxxd

JW(@)E()do

Bp UB;

where W(w) >0 YoeB, UB;

o) L+ (g @) x|
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< IIR Filter Design Problems
Re(1+(1]d(a)))Txd)>O Voel|-z, 7]

VV(a))‘E(a))( <6(w) YoeB, UBg

where W(w)>0 YoeB,UB;
VV(a))E(a))Sg(a)) Vo e B, UB;

and - (o) <W (0)E(w) Yo <B, UB;

Problem (Q)MN J(x,.x,)= !W(w)\ (@)de

subjectto  §,(x, x4, @) =W (0)E(0)-5(0)<0 VaeeB,UB;
gZ(Xde )——W(G))E( ) 5( )<0 Ve B, UBy

0s(xy,0)= Re(1+(ﬂd (@) Xd)> 0 Voel|-z7x]




Challenges and Some- Solutions for Solving
Nonsmooth Functional Inequality Constrained
Optimization Problems

<+ Challenge of Nonsmooth Functional Inequality
Constrained Optimization Problems

«=How to solve nonsmooth functional inequality constrained
optimization problems?
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Challenges and Some Solutions for Solving
Nonsmooth Functional Inequality Constrained

Optimization Problems & B
<« Some Solution for Solving Nonsmooth Optimization

Problems
oz Consider the following IIR filter design prgblem with the error

: 2 _ 2 _
function E(a)) % ( mee—Jma) 14+ Z ane—lna)
m=0 n=1
where

b, = 2.816335701763035x10°

b =1877557134508662x10° .
S v T




Challenges and Some Solutions for Solving
Nonsmooth Functional Inequality Constrained

Optimization Problems A W
«+ Some Solution for Solving Nonsmooth Optimization

Prolplems i 0 5,(x..x,,) <0
xR SlInce max{gl(xn,xd,a)),O}: y -

-} positive value  §,(x,,x,,®)>0
= By defining ..

d,(x,,X4) = J-(max{gl(xn X, )0}) dw

B UBs

«=\We have { 0 VweB, UB,,0,(x,,x,,0)<0

0, (X, X4) = positive value 3w e B, UBq, ,(x,,x,,®)>0
gl(xn1xd1w)go Va)EBPUBS@ Ql(xn’xd):O
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Challenges and Some Solutions for Solving

Nonsmooth Functional Inequality Constrained

Optimization Problems A W
«+ Some Solution for Solving Nonsmooth Optimization

Problems 0 5. 1<0
~ 0,(X,, X4, ®)<
max,g,(x,,x,,®)0 2:{ X ~
(maxG,(x,,%,.)0) (0,(x,, %, @) Fi(x,,x4,0)>0
0 ﬁl(xn,xd,a))<0

~ 2
V(anxd)(maX{gl(Xn ' Xa CO),O}) - {2@1()(” y X 1 C())V(Xn,xd)§1(xn » X s C()) gl(xn r X a)) >0

=As29,(x, X, ,a))V(Xn,Xd)ﬁl(xn,xd .®)=0when g,(x,,x,,®)=0.

Vi ., (max{g,(x,,x,,®)0})is continuous atg,(x,,x4,®)=0.

= As 2max{g,(x,,x,, a)),O}V(Xn’Xd)ﬁl(xn X,,0)= owheng,(x,, x4, ®)<0
and 2max{g,(x,,x, ,a)),O}V(Xn,Xd)gl(xn X, 0)=28,(x,,X,, a))V(Xn,Xd)ﬁl(xn X, 0)
when g, (x,,x,,®)>0

We haveiv(xn,xd)(max{gl(xn ! Xd J a))’o})z = 2 max{gl(xn J Xd ! a))’o}v(xn,xd)gl(xn J Xd7’1a))



Challenges and Some Solutions for Solving
Nonsmooth Functional Inequality Constrained

Optimization Problems A W
«+ Some Solution for Solving Nonsmooth Optimization

Problems
«= Consequently, we have

Ve 91 (X0, Xg) =2 jmax{gl(xn Xy ’a))’o}v(xn,xd)gl(xn Xg, 0)de

Bp UB

= Similarly, define §,(x,,x,) = j(max{ﬁz(xn,xd,a)),o})zda)
Gu(x,)= [ (max(d,(x, )0} do

«=We have o

Vi x92 (X Xg) =2 Imax{gz(xn,xd , a)),O}V(Xn,Xd)ﬁz(xn,xd,a))da)

V.. 0,0 =2 [max(g, (s, )0}V, §i(x, oMo

[-7.7]
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Challenges and Some Solutions for Solving
Nonsmooth Functional Inequality Constrained

Optimization Problems A W
«+ Some Solution for Solving Nonsmooth Optimization

Problems

= Now the problem become the following equality constrained
optimization_ problem

e I T [W (@)[E(w
BPUBS
subject to gl(xn’xd)
gz(xnixd) =0 i <
G, (x,) =0 El@)  [El)23
Vwe B, UBgand Ve >0, define E, () =+ (E(0))
4 +% \E(a)){<§
L &

andJ (x,,x,)= jW(a))Eg(a))dco

Bp UB;
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Challenges and Some Solutions for Solving
Nonsmooth Functional Inequality Constrained

Optimization Problems A W
«+ Some Solution for Solving Nonsmooth Optimization

Problems

«=Now we approximate the problem as the following smooth
optimization problem:
M, (x, %)= IW(CO)ES(O))C’CO

.n’Xd X BPUBS
subject to g,(x,,x,) =0

QZ(Xn’Xd) :O
J5(x4)=0

74



Challenges and Some Solutions for Solving
Nonsmooth Functional Inequality Constrained
Optimization Problems

< |IR Filter Design

log, o B
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Challenges and Some Solutions for Solving
Nonsmooth Functional Inequality Constrained
Optimization Problems

« Strictly Stable Minimal Phase Near Allpass IIR Filter

. Our design IIR filter
DeS|gn PrObIem ****** Non-minimal phase IIR filter

—  FIR filter
—  Constaints

el (b)

g 1

2 05

2 o

= (d)

< 0.4

O |

E 0.2+

o

Frequency o (rad/s) Frequency o (rad/s)



Challenges and Some Solutions for Solving
Nonsmooth Functional Inequality Constrained
Optimization Problems

« Strictly Stable Minimal Phase Near Allpass IIR Filter
Design Problem

(a) (b) ©) o Zeros
o 1 - Poles

Imaginary part
Imaginary part

270
&

Real part Real part Real part
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Challenges and Some Solutions for Solving
Nonsmooth Functional Inequality Constrained

Optimization Problems

+ Pulse Design Problem for Ultra-wideband Systems
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— - -~ Magnitude response of modulated Gaussian pulse
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Challenges and Some Solutions for Solving
Nonsmooth Functional Inequality Constrained
Optimization Problems

« Pulse Design Problem for Ultra-wideband Systems

— Time response of our designed pulse
— - —Time response of modulated Gaussian pulse

— — Constraints
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Many practical problems In signal processing and
communications systems can be formulated as optimization
problems.

A solution has been proposed to guarantee the obtained
solution satisfying the functional inequality constraint.

Efficient approach has been proposed to solve a functional
Inequality constrained optimization problem.

Empirical formulae has been proposed for specification design
of FIR linear phase anti-symmetric peak constrained least
squares filter.

A nonsmooth optimization problem is transformed to a smooth
optimization problem.

A nonsmooth functional inequality constrained optimization
problem is approximated by a smooth equality constrained

optimization problem.
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Questions and Answers

Thank you!

’ Let me think...
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