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* Fundamental algorithmic problem
e Testbed for algorithms & hardness

[GW’94] Semidefinite program sdp(G) certifying that
Max-Cut(G) < 1 — y whenever MaxCut(G) < 1 — ¢4y

[KKMO’04, MOQO’05] Optimal assuming UGC

[FS’02] Analysis tight for sphere graph
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Theorem [Feige-Schechtman’02]:
Max-Cut(Gy) < 1 — ¢y

Question:
Is there a polynomial time algorithm

certifying Max-Cut(G,) < 1 —c\fy ?
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Let G be a d-regular graph, n vertices

¢(G) € [0,1] some parameter G' = G[S]
E.g., d(G) =1 - sdp(G) forrandom S €V
4 4 True for [S| =n N
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but perhaps Question: We con5|dner
N ARSI Whenis p(G) = ¢p(G')? |~ St=¢a

More general case: G constraint satisfaction problem (CSP)
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Connecting the two questions

Main subsampling
theorem for

strong SDPs
Show that Sdo(C. 1)< 1 5
Sdps (G, )< 1 — ¥ P3Gy )= 1 = cvy/
N

Certifying algorithm

sdp with £5-triangle for Max-Cut

inequalities
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Theorem: Let ¢ be an n-vertex d-regular graph,
constraints f,: 22 — [0,1] where £ € RO and f, is Lipschitz.

Let (]5(6) = min E(u,v)EEf(u,v) (xw xv)
X1y ) Xpy EX

Then, whp,
[p(G) —p(G)] <€

where G' = G[S], random S of size |S| = poly e) -g

Previous work:

Graphs: Goldreich-Goldwasser-Ron’98 (degree Q(n))
Feige-Schechtman’00 (degree ()(logn))

CSPs: Alon-de la Vega-Kannan-Karpinski’02 (“dense” CSPs)
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Tricky part Easy part
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(3) sdp-(G) — e < sdp-(H")
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1. Random edgee in G
2. Randomnbrsu,vin$
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Conclusion

* Studied subsampling for relaxations
— Answer is more subtle than for integral value

* General recipe for average-case algorithms:

— Show that relaxation works on a dense graph =2
algorithm on random subsamples

* Tight subsampling theorem for unique games?
Our guess: No.

* Unique/non-unique difference may be related to
elusiveness of hard instances for unique games
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