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๏ ≈ 450 submissions, 135 accepted

๏ Electronic Proceedings?

๏ Next SODA:

• Manhattan, NYC

• Claire Mathieu, PC Chair

• Two submissions deadlines: Abstract + Paper

• Must include all your proofs





Finding one Tight Cycle
by S. Cabello, M. DeVos, J. Erickson, and B. Mohar
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by R. Dhandapani
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On Allocations that Maximize Fairness
by U. Feige
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by M. Paterson, Y. Peres, M. Thorup, P. Winkler, and U. Zwick
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๏ [Folk] If we use a stack then exactly ½ Hn

๏ [PZ] If we use a wall then overhang is Ω(n1/3)
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Maximum Overhang

๏ Think of blocks as operations that distribute forces

๏ Want move 1 unit of force to the right

๏ Overhang of 6 n1/3 requires more than n operations

   1) Small gap
   2) Friction





On Clustering to Minimize the Sum of Radii
by M. Gibson, G. Kanade, E. Krohn, I. Pirwami, and K. Varadarajan
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๏ Given a set of points in Euclidean space,
find k cluster to minimize sum of cluster radii

๏ NP-hard when minimizing powers of radii [A et. al]
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Matroid Intersection, Pointer Chasing and 
Young’s Seminormal Representation of Sn
by N. Harvey
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๏ Perfect matching in 2-almost-regular bipartite graphs

๏ Pointer chasing problem

๏ Communication complexity: Compute rank of 
communication matrix and apply [MS]
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1

3

2

4



Matroid Intersection Lowerbounds

๏ Perfect matching in 2-almost-regular bipartite graphs

๏ Pointer chasing problem

๏ Communication complexity: Compute rank of 
communication matrix and apply [MS]

๏ Diagonalize matrix via basis change

1

32

4



 1) more “complex”
     matroids
 2) avoid CC

Matroid Intersection Lowerbounds

๏ Perfect matching in 2-almost-regular bipartite graphs

๏ Pointer chasing problem

๏ Communication complexity: Compute rank of 
communication matrix and apply [MS]

๏ Diagonalize matrix via basis change

1

32

4





The Hiring Problem and Lake Wobegon Strategies
by Broder, Kirsch, Kumar, Mitzenmacher, Upfal, and Vassilvitskii
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