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Abstract

Given a set of observed decisions, the goal of inverse optimization (I0) is to infer the unknown
parameters of a “forward” optimization problem. These parameters usually represent the decision-
maker’s preferences and can be used to solve the forward optimization problem and find optimal
solutions close to the observed decisions. Among different types of 10 models, inverse linear
programming (LP) has received increasing attention due to its potential to infer efficient optimization
formulations that can closely replicate or predict the behavior of a complex decision-making system.
In this thesis, we integrate data-driven IO techniques with ideas from statistical machine learning to
improve the stability and applicability of 1O in settings that involve imperfect data and observations
from decision makers with different preferences.

First, we discuss the sensitivity of the inversely inferred parameters and corresponding forward
solutions from the existing inverse LP methods to noise, errors, and uncertainty in the input data. We
then introduce the notion of inverse and forward stability in inverse LP and borrow ideas from
quantile regression to propose a novel inverse LP method that is more stable under data imperfection.
We formulate the inverse model as a tractable large-scale mixed-integer program (MIP) and apply it
to diet survey data to recommend diets that are consistent with the individual's food preferences.
Second, we analyze the complexity of the quantile-based MIP formulation and elucidate its connection
to biclique problems, which we exploit to develop an exact algorithm and heuristics that solve much
smaller MIPs instead to construct a solution to the original problem. Finally, we integrate inverse
optimization and clustering and propose a new clustering approach, called optimality-based clustering,
which clusters the data points based on their encoded decision preferences. We assume that each data
point is a decision made by a rational decision maker (i.e., by approximately solving an optimization
problem), and cluster the data points by identifying a common objective function of the optimization
problems for each cluster such that the worst-case optimality gap for the data points within each
cluster is minimized.
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