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Convex Optimization

Linear Programming

Minimize c¢c'x

subjectto Ax< b
x>0
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Semidefinite Programming

Minimize
subject to

1C-X::

M=
M=

CiX;i

1
-

1)
2The images were taken from Wikipedia

c-X
Ai- X< b;
X0






m We will use sampling to solve convex programs
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m Decide a distance H and repeat k times

m Choose a direction and start moving
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Section 2

An Algorithm for Approximation
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Our implementation

relative error
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Linear Programming

T

Minimize c¢'x
subjectto Ax< b
x>0

Semidefinite Programming

Minimize C-X
subject to  A;- X < b;
X0
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Beyond Uniform Distribution
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mFori=12 .1

m set temperature T; = R(l — %)

m get a sample X; using H&R with density e=<*/T

m Return X;



With probability 1 — 4, / = O(y/nlog (Rn/ed)) get a X; s.t.

c- Xy <minc-x+e¢
xeK
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