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Sampling idea as before

Result: 8m/(m-1)—competitive/optimal [V, Thangaraj’ 13]
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Lot of users get associated to just one BS

Still better than natural algorithm of connecting to the 
strongest BS
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bid
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when is a reverse auction truthful ?

Monotonicity - if an agent is selected with bid b, then  
                          he is always selected if he bids below b

Critical Price - there exists a threshold price such that  
                                  if an agent bids above it, he is never selected
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Result: 144—competitive/optimal and truthful [V, Coupechoux]
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Secretary Problem  
1. Why arbit doesn't work 
2.  Randomized Model 
3. Simple Algo 1/2 

Sec. Prob as Matching with only one left vertex 
Bipartite matching problem 

Greedy 1/2 algo 
Philosophy from Sec problem Hide the first half Set the price 

and select above the threshold 

Wireless Problem -BS assoc 
Equal weight case- Offline is to keep one per good BS 
Use the same philosophy show that OFF < Max Weight 

Designate one BS as garbage and do Online Matching on the 
rest Guarantee (M-1)/8M 

Wireless Problem - Truthful Relaying 


