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Nonconvex optimization
Ex: Max-Cut Ex: Principal Component Ex: Max-3SAT
Analysis (z1V ~x3 V 4)
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1. Spectral theory for hypergraphs
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Spectral bound for random hypergraphs
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x Flattenings

x no tensor analog! « Union bounds/Chaining
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Open: given a satisfiable 3SAT formula, what fraction of clauses can we
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\/ [Hsieh-Kothari-P.-Trevisan'24]

[Hastad'01] & -+ € is NP-hard. ~
X §+0(3s)
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Decoupling:

« degree-3: maxy ) Cjjk XiXjXk X MaXx,yz ) CijkX;YjZk

x degree-2: p(x) = — ¥ xiX;
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The Fourier tree basis
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[Jones-P."24+]
1. Q) consists of asympotically independent Gaussian vectors.

2. Q) asymptotically spans all iterates of nonlinear iterative algorithms.

V Simple analysis of algorithms for maximizing random polynomials
[state evolution]
V New expression for the value that they achieve

[extended Parisi formula]
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Conclusion

1. Beyond trace method & flattenings = spectral theory for hypergraphs.
2. Maximizing non-homogeneous polynomials?

3. Full power of the Fourier tree basis?
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Thank you, Luca.
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