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Sdp3(𝐺𝛾′)≤ 1 − 𝑐 𝛾/9 

Main subsampling 
theorem for  
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Certifying algorithm 
for Max-Cut  

Show that 
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Then, whp, 

𝜙 𝐺 − 𝜙 𝐺′ ≤ 𝜖 

Previous work: 
Graphs: Goldreich-Goldwasser-Ron’98 (degree Ω 𝑛 ) 
               Feige-Schechtman’00  (degree  Ω(log 𝑛)) 
CSPs:     Alon-de la Vega-Kannan-Karpinski’02 (“dense” CSPs) 
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𝑠𝑑𝑝𝐶 𝐺 − 𝜖 ≤ 𝑠𝑑𝑝𝐶 (𝐺3)′  (3) 
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Decode solution to (𝐺3)′ to a solution for 𝐺!  

Stat. 𝜖-close to random 
edge in 𝐺3 ′:  

1. Random edge 𝑒 in 𝐺 
2. Random nbrs 𝑢, 𝑣 in 𝑆 

𝑢 

𝑣 

𝐺 

𝑆 

𝑒 



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  
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 



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  
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 



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  
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 



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  
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 



Thank you 


