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Previous work

For general {,-norm objectives:

» 5-approximation algorithm; NP-hard (even for p = oo!)
[Puleo, Milenkovic ICML16], [Charikar, Gupta, Schwartz IPCO17], [Kalhan, Makarychev, Zhou ICML19]

> All previous techniques round solution to a convex program
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Does there exist a “pretty good” (say, O(1)-apx)
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Today:
® Does there exist an all-norms solution for CC?

® Can it be found through a fast, combinatorial algorithm?

Yes!

“Fast Combinatorial (1 ) 0(1)'3 pX for min'max CC (p = OO)

Algorithms for
Min Max Correlation < completely combinatorial (first for p = o)
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Past approaches

Step 1: Solve convex program Convex Prograim relaxation

Step 2: "Round” fractional

Can be solved “efficiently”

solution to integral one

“probability” u, v separated
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Correlation metric

Correlation metric=d,, = 1

Works as is for - norm

objective
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Rounding algorithm
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1f >> @ D : round all edges out of 1 to
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u's perspective, but what about v's?

A1: reduce to regular case when d,, < 1/4, say
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A2: non-local charging arguments

pay |N' |’ for u



Adjusted correlation metric

uy

INi N [+ N, N

[ NF UN{|




Adjusted correlation metric

NS AN 1+ IN, AN

dl/tV
[ NF UN{|

Rounding algorithm
by Kalhan,

Makarychev, Zhou

Adjusted
correlation metric




Adjusted correlation metric

_ INEAN T[N AN
" | Ni UNY |
All steps independent of p

Rounding algorithm
by Kalhan,

Makarychev, Zhou

Adjusted
correlation metric




Adjusted correlation metric

o _INION T+ IN AN
" [N} UN;|

All steps independent of p

Adjusted
correlation metric

Rounding algorithm
by Kalhan, »

Makarychev, Zhou

All-norms
clustering!



+ weakirgcorretratroRr+ne = RO+

+Summary and open questions

24



25



Summary

{,-norm correlation clustering algs solve a convex program

Solving metric
constrained LPs on
large networks is slow!

Not very amenable to Solution specific to one
online, streaming fixed {,-norm
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Combinatorial techniques can
resolve these issues
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A = max (+) degree of any vertex
«w = matrix multiplication exponent

First combinatorial alg for
p>1

Result 1: O(1)-apx alg with run-time O(min{ n-A2-log n, nv}). Near-linear for sparse graphs.

Result 2: 3 an alg producing a clustering that is O(1)-apx for all {,-norms, simultaneously.

Sometimes called universality property

Correlation clustering has interesting
combinatorial structure that can be exploited

20
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Thank you!
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Thank you!

hanewman@andrew.cmu.edu
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