
Sampling-based MPC and Diffusion-based Online Policy Distillation
for Agile Control of Hybrid Mobile Robots

Figure 1: LIMX Dynamics TRON1 robot—a bipedal
wheeled platform with 3 actuated joints and one wheel per
leg (4 DoFs per leg total)

Motivation:
Hybrid mobile robots that combine wheels and legs offer
powerful locomotion capabilities, merging the efficiency
of wheeled travel with the versatility of legged move-
ment. However, their control is particularly challenging
due to the complex interaction between balancing and
steering across different locomotion modes. Learning-
based methods provide a way to train task-specific con-
trol policies, but they still suffer from the sim-to-real
gap. Policies often degrade when deployed on hardware,
and adjusting parameters typically involves a back-and-
forth process of testing and retraining, which lacks real-
time adaptability. Model-based methods, such as trajec-
tory optimization and model predictive control (MPC),
can produce high-quality control actions. Yet, they often
accurate analytical dynamics models and state estima-
tion, which are difficult to obtain in real-world, contact-
rich environments.
This project focuses on state-of-the-art sampling-based
MPC and its deployment on hardware by exploiting fast, parallelized simulators to achieve real-time control action
optimization. Furthermore, to reduce computational demands for future tasks, we aim to distill the generated state-
action pairs into neural policies using diffusion models, preserving both the multi-modality and improve the efficiency
of the sampling-based approach.

Approach:
The project will explore a control-learning pipeline that integrates sampling-based model predictive control with
online policy distillation.
First, a sampling-based MPC controller, such as MPPI [1], CEM [2], or diffusion-based annealing [3, 4], will be
implemented to generate high-quality control actions. These methods are well-suited for fast, parallelized simulators
(e.g., MuJoCo Playground [5] or Brax [6]) and can handle the non-differentiable dynamics common in legged and
wheeled locomotion. Task-specific cost functions will be designed to support stable locomotion, agile maneuvering,
and robustness to disturbances.
While the MPC controller runs, its trajectories and actions will be logged in real time and used to train a neural
policy through diffusion-based distillation [7]. Unlike conventional supervised distillation, diffusion models can
better capture the multi-modality of the MPC-generated action distributions, leading to policies that are both efficient
at inference and diverse in behavior [8, 9, 10]. The training process will ensure that the distilled policy generalizes
across different tasks while remaining lightweight enough for real-time deployment on hardware.

General Details:
Applicants should have programming experience in both Python and C++, along with a basic understanding of robot
simulation and trajectory optimization. Familiarity with reinforcement learning is a plus but not strictly required. We
will be using LIMX Dynamics TRON1 robot as the main development platform Fig. 1.
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Interested?
The project will be supervised by Jin Cheng and Prof. Dr. Stelian Coros. Please reach out to Jin (jin.cheng@inf.ethz.ch)
with your CV and transcripts.
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