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1 Introduction

Scheduling problems typically consist of numerous constraints that are often
conflicting. This may prevent scheduling systems from generating feasible solu-
tions, resulting in scheduling infeasibility. Scheduling infeasibility in automated
scheduling systems refers to a situation in which the system cannot generate a
valid schedule that satisfies all specified constraints and requirements. Several
factors can contribute to scheduling infeasibility, including resource constraints,
temporal constraints, complexity of constraints, and incomplete or incorrect in-
put data

The lack of explanations for failures to generate feasible solutions undermines
the primary purpose of automated scheduling systems designed to support hu-
man users. In such cases, users are left with no solution and have to manually
check for reasons behind the infeasibility, which can be very time inefficient.
Therefore, a vital challenge of these systems is generating reasons that explain
why the system cannot find a feasible solution under certain specifications.

We investigate generating infeasibility explanations for a specific scheduling
problem, namely the Test Laboratory Scheduling Problem (TLSP), introduced
by [6]. The TLSP is an NP-complete scheduling problem, a real-world scheduling
problem inspired by the operational needs of industrial test laboratories. It ex-
tends the classical Resource-Constrained Project Scheduling Problem (RCPSP)
[2] by introducing additional complexity through task grouping, diverse resource
types, and real-world constraints like employee qualifications and equipment
availability. Solvers for the TLSP have already been successfully deployed in
real-world industrial labs. However, in practice, users encountered challenges
due to the lack of explainability when schedules turned out to be infeasible,
making it difficult to understand and resolve conflicts.

By adapting existing approaches from the literature [5, 4, 3], we developed
an infeasibility explainer for the TLSP, which to the best of our knowledge,
is the first explainer specifically designed for this problem. Our approach inte-
grates two distinct explainers, each supporting different types of explanations.
These explainers are designed to generate human-readable outputs that effec-
tively identify the constraints causing infeasibility while also providing valuable
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insights for restoring feasibility. The first explainer is based on conflict detection,
utilizing minimal unsatisfiable sets (MUS) of constraints and maximal satisfiable
sets (MSS) to describe the source of infeasibility. Restoring feasibility is achieved
through minimal correction sets (MCS). The second explainer supports counter-
factual explanations, suggesting minimal changes required to restore feasibility,
and, building on an existing approach, introduces novel weighting and blocking
techniques. The explanations were collaboratively constructed with a real-world
TLSP domain experts, incorporating their insights on common sources of con-
flicts.

Our approach was implemented using a tailored TLSP constraint program-
ming model in OR-Tools. Additionally, we developed a configurable interface
that improves usability by allowing users to configure the explainer’s settings
and run multiple configurations. This practical solution simplifies the diagno-
sis of infeasibility and provides suggestions for restoring feasibility, significantly
reducing the need for time-consuming trial-and-error methods.

We evaluated the explainer on real-world settings, assessing its efficacy in
identifying common sources of infeasibility and evaluating its utility in practi-
cal settings. The experiments conducted included both qualitative analysis and
efficiency assessments. We demonstrated various use cases, presenting the types
of explanations generated and evaluating their effectiveness and computational
performance. We refer the reader to [1] for extensive experimental evaluation
and details on the explanations.

The infeasibility explainer has been successfully deployed in an industrial
setting, where it effectively aids in resolving real-world scheduling infeasibilities.
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