Machine Learning-Supported Decomposition Algorithms for a
Large Scale Hub Location Problem

Alexander Helber, Marco Liubbecke

helber@or.rwth-aachen.de, luebbecke@or.rwth-aachen.de

Chair of Operations Research @ RWTH Aachen

www.or.rwth—-aachen.de
¥ Qor_rwth @ orrwth

ELLIIT Focus Period - October 21st, 2022

Deutsche Post DHL R\WNTH
Group N, e



helber@or.rwth-aachen.de
luebbecke@or.rwth-aachen.de
www.or.rwth-aachen.de

What we'll discuss

a very decomposable problem
column generation approach
ML to learn good heuristics

benders decomposition approach

I vl v

replacing subproblem with a learned representation?



What we'll discuss

a very decomposable problem

column generation approach

>

>

— ML to learn good heuristics

P benders decomposition approach
N

replacing subproblem with a learned representation?

A Disclaimer: Rough ideas - i bring questions, not answers



Goal: Support Strategic Location Planning in Freight Networks

@ € KC // customers
€ H // potential hubs




Goal: Support Strategic Location Planning in Freight Networks

@ € KC // customers
€ ‘H // potential hubs




Goal: Support Strategic Location Planning in Freight Networks

@ € KC // customers
€ ‘H // potential hubs




What's in a Problem?

Hub (Facility) Location
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Decisions in Hub Location and Service Network Design

Decisions

» facilities to open

» assignments
» paths for goods

» truck services
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Speeding Up Column Generation with Learned Heuristics

Master Problem
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CG generally: Liibbecke et al. 2005,
for hub location with services: Rothenbacher et al. 2016
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Master Problem
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A Bit More Out There: Approximate Benders Cuts?
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What we've seen and where to go

» ML can support decomposition methods

» CG: learn better heuristics - still an exact method

» Benders: could replace subproblem - now a heuristic
» (partially) open questions:

» appropriate ML models

» generating sufficient training data
» for benders: can models scale well?
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