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What’s The PSD Matrix?
TIME TO TAKE THE PILL
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What’s a Matrix?

A matrix A is a linear operator

in out
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What does “positive” mean?

positive = on the same side
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Positive Semi-Definite Matrix

positive definite
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Positive Semi-Definite Matrix
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Positive Semi-Definite Matrix
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Positive Semi-Definite Matrix
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What else then?
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What else then?

Positive nums have square root

Matrices with a square root are positive
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Positive Semi-Definite Matrix
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SemiDefinite Prog.
THE TRAINING
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A geometric example
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A geometric example

Elliptope
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A geometric example

Elliptope
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A geometric example

polynomial time complexity,
for accuracy fixed to ε: 
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Max-Cut
THE REAL WORLD
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The real problem
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The real problem

∞
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The real problem
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The real problem
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The real problem
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The real problem
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Max-Cut
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Max-Cut: Complexity

“Given a graph G and an integer k,
determine whether there is a cut
of size at least k in G.“
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Max-Cut: Approximation

What can we do in polynomial time?

using a fair coin,
independent ∀i
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Max-Cut: Approximation
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Max-Cut: Approximation

Page 32 of 53
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Max-Cut: Approximation

This QP is NP-Hard to solve:
search space is non-convex.
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Max-Cut: Approximation

“All LPs are 0.5-approx (or lower) for Max-Cut,
provided polynomial size and constant arity.”
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Goemans-Williamson
THE ONE
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Max-Cut: SDP
Relaxation: 

use unitary norm vectors instead of scalar variables.

Vector Program
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Max-Cut: SDP
Relaxation: 

use unitary norm vectors instead of scalar variables.
Then, exploit SDP.
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Max-Cut: SDP

1

-1
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Max-Cut: SDP Analysis
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Max-Cut: SDP Analysis
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Max-Cut: SDP Analysis

vs
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Max-Cut: SDP Analysis

vs



Kristjan Tarantelli The Matrix: A Revolution on Max-Cut Page 45 of 53

Max-Cut: SDP Analysis

vs
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Unique Game Conjecture
THE END, MAYBE
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What can we do in poly time?

0 1

≥ 0.878
G&W, 1995

≤ 0.941
Håstad, 2001
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Constraint Satisfaction Problem
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Unique Games
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Unique Games Conjecture

Khot, 2002 : UGC

It’s NP-HARD to distinguish between:
highly satisfiable UG
poorly satisfiable UG

Raghavendra, 2008

If UGC is true, 
SDP algos provide the best approx ratio for any CSP 
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What can we do in poly time?

0 1

≥ 0.878
G&W, 1995

≤ 0.941
Håstad, 2001

= 0.878.. ?
Raghavendra, 2008
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Thanks for the Attention
QUESTIONS?



Kristjan Tarantelli The Matrix: A Revolution on Max-Cut Page 53 of 53

References
Vazirani, V.V., 2001. Approximation algorithms (Vol. 1, Chapt. 26). Berlin: springer.

 
Goemans, Michel X., and David P. Williamson. "Improved approximation
algorithms for maximum cut and satisfiability problems using semidefinite
programming." Journal of the ACM (JACM) 42.6 (1995): 1115-1145.

Khot, Subhash. "On the power of unique 2-prover 1-round games." Proceedings
of the thiry-fourth annual ACM symposium on Theory of computing. 2002.

Raghavendra, Prasad. "Optimal algorithms and inapproximability results for
every CSP?." Proceedings of the fortieth annual ACM symposium on Theory of
computing. 2008.

Håstad, Johan. "Some optimal inapproximability results." Journal of the ACM
(JACM) 48.4 (2001): 798-859.


	The World as we know it
	Linear Programming
	Integer Programming
	Quadratic Programming

	The World as we know it
	Linear Programming
	Integer Programming
	Quadratic Programming

	What’s The PSD Matrix?
	What’s a Matrix?
	A matrix A is a linear operator

	What does “positive” mean?
	Positive Semi-Definite Matrix
	Positive Semi-Definite Matrix
	Positive Semi-Definite Matrix
	Positive Semi-Definite Matrix
	What else then?
	What else then?
	Positive nums have square root

	Positive Semi-Definite Matrix
	SemiDefinite Prog.
	A geometric example
	A geometric example
	A geometric example
	A geometric example
	A geometric example
	A geometric example
	polynomial time complexity, for accuracy fixed to ε:

	Max-Cut
	The real problem
	The real problem
	The real problem
	The real problem
	The real problem
	-1
	-1
	-1
	-1

	The real problem
	-1
	-1

	Max-Cut
	-1
	-1

	Max-Cut: Complexity
	“Given a graph G and an integer k, determine whether there is a cut of size at least k in G.“

	Max-Cut: Approximation
	What can we do in polynomial time?

	Max-Cut: Approximation
	-1
	-1

	Max-Cut: Approximation
	Max-Cut: Approximation
	This QP is NP-Hard to solve: search space is non-convex.

	Max-Cut: Approximation
	“All LPs are 0.5-approx (or lower) for Max-Cut, provided polynomial size and constant arity.”

	Goemans-Williamson
	Max-Cut: SDP
	Relaxation:  use unitary norm vectors instead of scalar variables.
	Vector Program

	Max-Cut: SDP
	Relaxation:  use unitary norm vectors instead of scalar variables. Then, exploit SDP.

	Max-Cut: SDP
	Relaxation:  use unitary norm vectors instead of scalar variables. Then, exploit SDP.

	Max-Cut: SDP
	Relaxation:  use unitary norm vectors instead of scalar variables. Then, exploit SDP.

	Max-Cut: SDP
	Max-Cut: SDP Analysis
	Max-Cut: SDP Analysis
	Max-Cut: SDP Analysis
	vs

	Max-Cut: SDP Analysis
	vs

	Max-Cut: SDP Analysis
	vs

	Unique Game Conjecture
	≤ 0.941
	≥ 0.878

	Constraint Satisfaction Problem
	Unique Games
	Unique Games Conjecture
	Khot, 2002 : UGC
	It’s NP-HARD to distinguish between:
	highly satisfiable UG
	poorly satisfiable UG
	Raghavendra, 2008
	If UGC is true,  SDP algos provide the best approx ratio for any CSP
	= 0.878.. ?
	≤ 0.941
	≥ 0.878


	Thanks for the Attention
	References
	Vazirani, V.V., 2001. Approximation algorithms (Vol. 1, Chapt. 26). Berlin: springer.
	Goemans, Michel X., and David P. Williamson. "Improved approximation algorithms for maximum cut and satisfiability problems using semidefinite programming." Journal of the ACM (JACM) 42.6 (1995): 1115-1145.
	Khot, Subhash. "On the power of unique 2-prover 1-round games." Proceedings of the thiry-fourth annual ACM symposium on Theory of computing. 2002.
	Raghavendra, Prasad. "Optimal algorithms and inapproximability results for every CSP?." Proceedings of the fortieth annual ACM symposium on Theory of computing. 2008.
	Håstad, Johan. "Some optimal inapproximability results." Journal of the ACM (JACM) 48.4 (2001): 798-859.


