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> Linear - fractional programming
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folks = "¥f domfo-fxleixtf.is
- a quasiconvex optimization problem ; can be solved by bisection
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- Generalized linear - fractional programming
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a quasi convex problem ; can be solved by bisection

• Quadratic programming
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minimizing a convex quadratic function
over a polyhedron



g. least square
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- inequalities are called second -order one constraints :
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- Robust linear programming
min .

CTX

sit . a.MX Eb; ( Uncertain c. a; , b;)
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.
deterministic approach via soup
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second - order one programmy
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. Stochastic approach via soap
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- Geometric programming
monomial function :

fuk C - Xia ' - Ha . .
- Xna" domf = Rn# Cso Ai is any real number

posy Nomial function ;
Isum of monomial ,
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geometric program :

Min . folk
sit. filk El
hill =/

f : polynomial
hi monomial

geometric program in convex form :

change variables to yi
-
- toga . and take logarithm of cost and constraints
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posy normal ⇒ log- sum - exp ( affine ) is ax in y
3. geometric programming transforms to Connex problem
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g . Minimizing spectral radius of nonnegative matrix

Perron - Frobenius eigenvalues Npf HH
- exists for element wise ) positive A ER

""

- a real . positive eigenvalue of A , equal to spectral radius maxi INDI
- determines asymptotic growth ( decay ) rate of Hk : Kk re dpf IN

"

as k → too
- alternative characterization : Rpf LA) = Inf Edl Au edu for some Uso )

A is a square , element -wise positive Matrix ; it's not symmetric , so it can have complex eigenvalues .
The complex eigenvalue of largest magnitude ( that's a spectral radius) is positive , and the associated

eigenvectors can be chosen to be positive .

equivalent geometric programming :

min . A
sit . Ei Italy - Vg laws 4

Variables X. V. X


