Mathematical Programming
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Cellular Microcode



How to program a conformal computer?

Symmetries in Physics Global & Local

Variational EuIer—Lagrange




How to program a conformal computer?

Constraint Programming

Programs as a set of constraints between variables
Not good solvers
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How to program a conformal computer?

Constraint Programming

Programs as a set of constraints between variables
Not good solvers




Optimization Theory and Convexity

“...the great watershed in optimization isn’t between linearity
and nonlinearity, but convexity and nonconvexity.”

Lagrange Duality
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Convex Relaxations
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Optimization Theory and Convexity

“...the great watershed in optimization isn’t between linearity

and nonlinearity, but convexity and nonconvexity.”
R.Tyrrell Rockafellar (SIAM Review, 2003)

Lagrange Duality Convex Relaxations
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Optimization Theory and Convexity

Decomposition framework




High Level Language: Mathematical Programming

Formulation

v

Preprocessing -> Obijective function and constraints
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Sorting as a Mathematical Program

Given a list of numbers

Ly

find a permutation such that

Un(1) S Ur2) < -0 S Up(N)




Sorting as a Mathematical Program

Linear program fu(m) = luy1) + 2ur2) + - + Nug(n)
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Sorting as a Mathematical Program

Dual linear program
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Sorting as a Mathematical Program

Another approach

(Permutation as a product of standard transpositions)

Theorem:

Every permutation m € Sy can be written as the product

N/2

= AR 3+ ckg) - (V-1 N—l‘l‘CkN 1)
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Sorting as a Mathematical Program

Another approach

(Permutation as a product of standard transpositions)

fu(m) =1[1,2,..., N]En/20pn/2---E101 1




Sorting as a Mathematical Program

Another approach

(Permutation as a product of standard transpositions)

maximize fu(ﬂ') — [Z-,2,...,N]EN/QON/2---ElOlu
subject to (Ogcklg;,kzl,...,N/Q,lzl,...,N.)

Convex Relaxation
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Sorting as a Mathematical Program

Another approach
(Permutation as a product of standard transpositions)

maximize

subject to

Convex Relaxation
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General Optimization Solvers in the Boolean CA

Building blocks: Linear Algebra
Matrix multiplication, Cholesky, LU, QR, SVD....

ScaLAPACK (Scalable LAPACK)
PLASMA (Parallel LA for Scalable Multi-core Architectures)
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General Optimization Solvers in the Boolean CA

Building blocks: Linear Algebra
Matrix multiplication, Cholesky, LU, QR, SVD....

ScaLAPACK (Scalable LAPACK)
PLASMA (Parallel LA for Scalable Multi-core Architectures)
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General Optimization Solvers in the Boolean CA

“Rendering” Math

Linear time Matrix-Vector Multiplication
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Linear time Matrix-Vector Multiplication
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General Optimization Solvers in the Boolean CA

“Rendering” Math

Linear time Matrix-Vector Multiplication
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