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3.2 Quadratic Opt. Problems (SOCP)

SOCP : (Second-Order Cone Program) -
min f7x
St ||Ax+b || < clxtdi= 15
Fx =g
SOCP: (Ax + b,c"x + d) lies in the second order cone
(&, Ol|Iyl], < t,y € R¥)

SOCP viewed as a Semidefinite Program Problem |
SOCP constraint: ||Ax ar b|| <clx+d

can be expressed as a Semidefinite Program constraint:

(cTx+d)I Ax+Db @Y*d)l O
(Ax + b)* ch+d] g2 T b’r
. L o Oxtd —twtb).

F
et a0 T
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3.3 Geometric Programming

K

f(x) = Z ckxf“‘xgz" ...x,f”", ¢, > 0,a;, €R,x €ERY,

k=

Eaclh term is called monomial

f(x) is called posynomial 2 A st 8

X X

Geometric Program: ObJ ’F(X) X\ t 2 X ¥t 2
min f, (x) §t ' ‘ [
fix)<14i=1,... m
h(x)=1i=1,..,p ; -
x>0 - /} 4 U K

f;s are posynomials h,( X) = Xo K3 \

h;s are monomial R
Vet oo x=>e‘°3x*Mé’i




3.3 Geometric programing in convex form

monomial. f(x) = cxfL IR e R ’X e e‘ &
Xé% glogf(ey% ..,eyn)=a’y+b, b=logc Y, S X

X > el o+ a, Y Foa, 9
polynomial f(x) = Yi= (B e S i el:ﬂ 'd' 1’ “‘jh

log f(e”1 ...e¥n) = log Yj— | ek by, = logcy
s ‘&' +az -~ Tl
Geometric program transform 5 \NJ E ‘\3‘ \‘11 j’
minlog(Xr2, e @okY +bok) j
subject to logzl,f"'=1 kY *tPik < 0, i = 1,..,m
LGy di= (Olee

NES

3.4 Generalized Inequality Constraints .

£ j;%((?) <K, 0 . (X)Z 'Fz(ﬂ

it Kz | oo
écx;{i/ -y —x € K) ,;/h/k ‘Sz LO—(-) 5 ﬁ(’[) = K,z

Semldeﬁmte Programming (SDP)
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Duality

Primal Problem (Solution x is feasible)

min f,(x) x € R" |

S 000NN =R mies dontatnil) _
oE)=0) =t i = dom fo N; dom f; N; dom h;

Notation: Opt: x*, p* = fp(x*) |

Lagrangian: L: R X R™ X RP -> R

L(x, 4, v) = fo(x) + X% Aifi (x) + Xi_, vihi(%)
Ai, vi: Lagrange multiplier, A;, € R,,v; € R.

Lagrange dual function (Solution x may not be feasible)

sA,) = Inf LG 2,v) = winf0) + Sy () +S yh. (0

Dual Problem
maxy, g(A,v) s.t.1 € R™, v € RP

At e

MalX’

Shademr Aice=. X e
. = WX —TA-T®RYZY ~To (X
Duality A~ [i) T hyt) o6

——tmmry

Dual Problem (Solution x may not be"feaéible) ghes (A?/ V) )

maxy o g v siti) =0 WWOV,M)
]' g(ﬂy v) iS concave : { ¢

2. g(4,v) < p* anoptimal value where 1 = 0

Proof 1: By definition of g(A, v) and the convexity of pointwise
max operation on convex functions. |

Proof 2: For any feasible ¥ and 1 > 0
fo(X) 2 L(%,A,v) (Because Y. A;f;(%) + ¥ vih;(%X) < 0)
L(%,A,v) = g(A,v) by definition of g4, v)

Thus p* = fo(x*) = g(4,v)




