
Hybrid Methods for Hierarchical Combinatorial
Optimization under Uncertain Decisions
Background and motivation
Modern large‑scale engineering systems are increasingly organized in a hierarchical way: strategicdecisions (high‑level) define the context for operational combinatorial problems (low‑level), while theoutcomes of these lower‑level problems provide feedback on feasibility and performance to the uppertier. In many real‑world settings, such a system can face several types of uncertainty with variousknowledge status and that all need to be taken into account. Firstly, some environment uncertaintymight be represented through stochastic models that are both known to the high-level and the low-level. Moreover, both levels have to cope with some unpredictable uncertainty (e.g. resourceunavailability), for which the knowledge is somehow limited. Secondly, some parameters might beknown at the low-level but not at the high-level, e.g. for confidentiality reasons, resulting in anuncertainty of the low-level from the point of view of the high level. Finally, the low-level might rely onsome time-consuming modules, such as simulators, to ensure that some constraints are satisfied.
Such problems can occur in aerospace industry. In the context of Earth observation, constellations ofsatellites can be addressed through a federation layer that does not know the actual charge of eachconstellation and where each satellite scheduling must be validated with regards to time-dependentmaneuvers. In the case of aircraft manufacturing planning, the high-level planning considers factoriesassignment without a precise knowledge of resource availabilities and calendars and actual tasksduration.
Solving both levels simultaneously is usually prohibitive in terms of computational cost, resulting in theuse of decomposition strategies. In another direction, classical bi‑level formulations force the lowerlevel to react to fixed high‑level decisions, which can lead to globally sub‑optimal or even infeasiblesolutions.
This project proposes to develop a holistic decision‑making framework combining symbolic optimizationand machine learning techniques, and that respects the combinatorial nature of each level andpropagates uncertainty from the low level to the high level.
Objectives
The aim is to design a generic hybrid decision framework capable of addressing hierarchical optimizationproblems in which (i) the upper level solves a strategic combinatorial problem while anticipating theresponse of the lower level, and (ii) the lower level solves operational combinatorial problemsconditioned by upper‑level decisions and subject to uncertainties that can be unknown to the uppertier, and (iii) the lower level might require calling realistic time-consuming simulators to ensure thatsome constraints are satisfied. To achieve this, the research will consist in:

 formalizing the several uncertainty sources that reside in the whole system, and specificallyaddress those on the low-level and their representation on the high-level, defining algorithms that can handle this uncertain knowledge on both levels, ensuring that the approach scales to large‑size, real‑world instances.



The framework will be validated on two use‑cases. The first concerns Earth‑observation satelliteconstellations: a federation layer must dispatch observation requests to constellations that also receivedirect client requests, creating a load that is unknown to the federation [1]. The second use‑caseinvolves aeronautical manufacturing, where the strategic level decides how multiple aircraft are routedthrough a network of factories and in which order they will be processed, while the operational levelmust cope with disturbances such as local resource unavailability, late component deliveries, andvariable task duration that are not known in advance [2].
On the technical side, the project will hybridize symbolic approaches—well known for their efficiency indeterministic settings but limited in handling uncertainty—with learning‑based methods, which excel atmodeling stochastic behaviour but require careful integration to respect complex combinatorialconstraints. A candidate methodology involves learning surrogate models to approximate the responseof the lower-level operational problems. This could be achieved by training neural networks, potentiallyGraph Neural Networks given the relational nature of satellite constellations or manufacturing networks[3,4]. Beyond simple approximation, it is also possible to investigate decision-focused learningstrategies, for instance Smart Predict-then-Optimize methods [5] to ensure that the model prioritizesaccuracy in the parameters that most significantly influence the strategic decision. Finally, neuro-symbolic approaches could also be studied, where a high-level symbolic AI guides a learning-based low-level strategy [6].
Post-doc context
The research will be carried out within the ANITI industrial chair HEROIC (Hybridizing Learning, Searchand Combinatorial Optimization for Industrial Decision‑making), that focuses on scalability androbustness for decision‑making problems in aerospace manufacturing, healthcare and agriculture.Supervision will be provided by researchers from Airbus and ONERA, who bring deep expertise inspace‑system and manufacturing challenges.
The industrial partnership will grant access to complex, large‑scale datasets and enable extensiveexperimentation on realistic scenarios, ensuring that the developed methods are directly applicable tothe most demanding real‑world problems.
Candidate profile
We are looking for a postdoctoral researcher holding a PhD in Operations Research, ArtificialIntelligence, or a closely related field. A strong background combining Operations Research and ArtificialIntelligence would be highly desirable. Candidates with a strong background in either OR or AI and ademonstrated interest in the interaction between the two fields are also very encouraged to apply.
Application
To apply, please send your CV and cover letter to:

 Stéphanie Roussel, stephanie.roussel@onera.fr Florent Teichteil-Köenigsbuch, florent.teichteil-koenigsbuch@airbus.com Jonathan Guerra, jonathan.guerra@airbus.com
The application deadline is September 25, 2026.
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