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Context

Recent Machine Learning models for Combinatorial Optimisation such as (Sun & Yang, 2023) leverage denoising
diffusion models with guidance (Ho & Salimans, 2021) to produce candidate solutions over combinatorial search
spaces that take into account feasibility (Li et al., 2025). These models have shown tremendous success, as they exhibit
state-of-the-art performance while enjoying short running times.

Diffusion models in the broad sense (including flows (Campbell et al., 2024) and flow matchings (Lipman et al.,
2024) for instance) are generative probabilistic models that learn to generate samples from complex distributions by
reversing a noising process that iteratively transforms data samples into uniformly distributed noise. They are used
in combinatorial optimisation to design heuristics that cast MILPs as energy-based models (LeCun et al., 2006). They
are useful to bypass traditional maximum likelihood estimation approaches where sampling is generally intractable.

Guidance is a generic term refering to methods designed to help the denoising process by incorporating knowledge
at inference time (as opposed to training). While the best known of guidance is the classifier-free guidance (Ho &
Salimans, 2021) where the diffusion process can be steered to generate samples conditioned on a specific class (i.e.
generate an image conditioned on a specific class such as dog, cat etc. . . ) recent diffusion models for Combinatorial
Optimisation such as (Li et al., 2025) use guidance to inject information about constraint violations and reinforce
objective optimisation.

Feasibility is modelled by a measure of the constraint violation. This measure is used in a similar fashion to
Lagrangian Relaxation (Beasley, 1993; Frangioni, 2005) in order to reweight parts of the objective in order to penalize
candidate solutions that violate constraints. Contrarily to Lagrangian Relaxation where reweighting is dynamic and
calibrated for each instance specifically throught an iterative algorithms, the current approaches of guidance by
violation treat penalty weights as hyper-parameters. This means that they must be carefully chosen, and that a value
cherry-picked for a specific instance might not work for another.

Proposition

We propose to leverage the abundant literature on Lagrangian Relaxation to define a model where penalisation
weights correspond to Lagrange multipliers and can be tuned to find the best compromise between objective optimi-
sation and feasibility guarantees. The strength of the steering must be calibrated to enforce feasibility, as is the case
for current approaches for guidance such as (Li et al., 2025), but also to reach a tight bound on the objective value.
Starting from our methods (Demelas et al., 2025; Demelas et al., 2024) and the recent (Sander et al., 2025; Wiseman &
Kim, 2019) we want to design a dynamic guidance that steer the prediction towards feasible solution when needed
and only when needed.

A possible approach is to train two diffusion models: one in charge of predicting solutions, the other one in charge
of predicting the penalty. The interplay between these two approaches will be the subject of this internship.
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Application

Candidates are expected to be graduating at Master level with a strong background in Machine Learning. Candi-
dates are not required to be knowledgeable in Combinatorial Optimization but a background in this topic will be
appreciated.

This is a 6 month internship, to apply please send email with a CV, a cover letter and a transcript stating clearly
your period of availability.
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