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Contributions

• Paper published in AISTATS 2019

• Service (server) placement problems well studied in the batch (static) case

• We present a novel online framework based on online machine learning

• Framework is very general in that it has different problems as subcases

• We give an efficient algorithm, MaxHedge, with a performance guarantee
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Motivation

• The objective of distributed analytics is to support coalition operations in a wide range of services 
and applications 

• Available resources are severely limited due to 
o Tactical systems – limited storage, compute and transmission capabilities
o Dynamic and hostile operational environment – limited bandwidth and communications
o Existing policies – coalitions may restrict running analytics by entity or location

• Current approaches to analytics are based on centrally located 
central services for execution and then results are disseminated, 
using significant amounts of computing and networking resources.

• Distributed analytics can significantly enhance coalition operations 
at the tactical edge, providing situation awareness for a variety of 
applications (e.g., ISR, C2).
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Static Server Placement Problem

• Given 𝑁 users 

• We place 𝐾 servers

• 𝛿(𝑢, 𝑘) is the distance from user 𝑢 to site 𝑘

• 𝜌*(⋅) is the decreasing reward function

• Objective: place servers to maximize

sum of rewards: ,
*

𝜌*(min0 𝛿 𝑢, 𝑘 )
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Online Learning: On the move …

• Users are moving

• User requests come one at a time

• We now have 𝐾 mobile servers 

• We don’t know the location of the
next user request

• Given a user 𝑢 request we want

𝜌*(min0 𝛿 𝑢, 𝑘 )
to be large
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The online protocol

§ There is an online stream of user requests

1) Given sites. 2) We place 𝐾 servers (blue)

4) User connects to server

3) Next user (red) requests

5) Receive reward based on distance
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K-servers: a simple special case

• We have a set of 𝑁 sites

• Learning proceeds in 𝑇 trials. On trial 𝑡:

• The goal is to maximize the cumulative reward:

• For every site 𝑘 we have an unknown potential reward 𝑟04

• We choose a set 𝑋4 of 𝐾 sites on which to place servers

• The potential rewards 𝑟04 are revealed to us

• We receive a reward of max
0∈9:

𝑟04

,
4;<

=

max
0∈9:

𝑟04

𝑟04 = 𝜌*(𝛿 𝑢, 𝑘 )
for user 𝑢 at trial 𝑡
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Performance of MaxHedge on K-servers: best fixed set

• On any trial 𝑡 and any set 𝑆 of 𝐾 sites we define 𝜇4 𝑆 = max
0∈A

𝑟04

• 𝜇4 𝑆 is the reward we would obtain on trial 𝑡 if we selected 𝑋4 = 𝑆
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𝜇< 𝑆 = rC<, 𝜇C 𝑆 = rDC , 𝜇E 𝑆 = rCE, 𝜇D 𝑆 = rFD, 𝜇G 𝑆 = rHG

Sites in 𝑆: blue
Sites not in 𝑆: white
Users: red
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Performance of MaxHedge on K-servers

• The total static reward from choosing set 𝑆 for all trials:

,
4;<

=

𝜇4 𝑆

• For any set 𝑆 of 𝐾 sites the expected total reward of MaxHedge is at least: 

(1 − 𝑒L<),
4;<

=

𝜇4 𝑆 − 𝒪(𝑁 𝑇)

• Expected reward is >62% of the best possible static reward minus a small term
• MaxHedge takes a time of only 𝒪(𝑛 log 𝑛) per trial
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Generalising the framework!

§ Each site 𝑖 has additionally an “energy requirement” 𝑧T
§ Learning proceeds in trials 𝑡 = 1,2,3, … , 𝑇

§ On each trial 𝑡 and each site 𝑖 we have additionally an unknown “cost” 𝑐T4

§ On each trial 𝑡 and each site 𝑖 we have a unknown “potential reward” 𝑟T4

§ On each trial 𝑡:

§ We choose a set of sites 𝑋4 with ∑T∈9Z 𝑧T ≤ 1

§ For all sites 𝑖, 𝑐T4 and 𝑟T4 are revealed to us

§ We gain a profit of:    
𝜇4 𝑋4 = max

T∈9:
𝑟T4 − ,

T∈9:
𝑐T4
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How MaxHedge works

§ We define C = 𝑥 ∈ 0,1 _:∑T∈_ 𝑧T𝑥T ≤ 1

§ MaxHedge maintains a vector 𝜔 ∈ 𝐶. Let 𝜔4 be its value on trial 𝑡

§ 𝑋4 is generated from 𝜔4 with a randomized construction

§ At the end of trial 𝑡:

§ A concave function ℎ4: 𝐶 → ℝ is constructed (from 𝑟4 and 𝑐4)
§ We have that ℎ4(𝜔4) is a lower bound on the expected profit
§ 𝜔 is updated via projected gradient ascent with ℎ4
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Special cases

The general problem has various special cases which are online learning 
variants of classic computer science problems:

§ Facility location problem:           𝑧T = 0 𝑐T4 = ( ⁄1 𝑇)𝑐T 𝑟T4 ≥ 0

§ Knapsack median problem:       𝑧T ≥ 0 𝑐T4 = 0 𝑟T4 ≥ 0

§ 0/1 Knapsack problem: 𝑧T≥ 0 𝑐T4 ≤ 0 𝑟T4 = 0
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Conclusion

• Historically service (server) placement problems are well studied in the batch case

• Presented an online machine learning framework for placement problems 

• General framework models multiple combinatorial placement problems

• An efficient algorithm MaxHedge is given which has performance guarantees

• The time complexity of MaxHedge is only 𝒪(𝑛 log 𝑛) per trial
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