Skill learning and modeling sensorimotor circuits

Join us in Geneval!

We develop normative theories of neural systems that are trained o o
to perform sensorimotor behaviors as well as task-driven models. j‘,,.f:;;_,r«'~:;ﬂ1;r
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RESEARCH QUESTIONS

What are the principles of proprioception? What are the neural mechanisms underlying robust motor control?

How does the brain integrate sensory inputs to execute movements? How does expert behavior emerge?

Motion imitation learning for physiologically plausible motor control Modeling muscle spindles with Physics-
Informed Neural Networks (PINNs)
KINESIS is a model-free motion imitation framework to advance the understanding of muscle-based motor control. Using a musculoskeletal model of the lower body with 80

muscle actuators, we demonstrate that KINESIS achieves strong imitation performance, is controllable by natural language, and can be fine-tuned to carry out high-level tasks. Muscle spindles convey information about the
KINESIS generates muscle activity patterns that correlate well with human EMG activity. body position and movement to the central

nervous system.

By leveraging the power of PINNs we propose a
model of muscle spindles that merges structural
fidelity with computational efficiency.

A model that integrates principles of biomechanics and neural dynamics
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musculoskeletal motor control.” ICRA, 2026.
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Comparison to other models
MuscleMimic scales-up motion imitation to full-body musculoskeletal control.
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e A retargeting pipeline that maps SMPL-format motion capture data
onto musculoskeletal structures while preserving kinematic and
dynamic consistency.
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Perez Rotondo, A., Marin Vargas, A., Dimitriou, M., Mathis, A. “Modeling Sensorimotor Processing with

e Massively parallel GPU simulation enabling order-of-magnitude Physics-Informed Neural Networks.* BioRxiv. 2024

training speed-up over prior CPU-based approaches.

e Biomechanical validation against experimental locomotion data.

Acquiring musculoskeletal
skills with curriculum-based
reinforcement learning

Li* C., Wang* C., Ziliotto, B., Simos, M., Durandau, G., Mathis, A.
Check out “Towards Embodied Al with MuscleMimic: Unlocking
MuscleMimic blog! full-body musculoskeletal motor learning at scale.” (In preparation).

Combining reinforcement and curriculum learning, we managed to win the NeurlPS
MyoChallenge both in 2022 and 2023. Curriculum learning, similarly to coaching
techniques used to train athletes, introduces progressively more complex task which
facilitate the acquisition of sophisticated skills.

Modeling Proprioception with neural
network models

We trained neural network models to solve proprioceptive computational tasks and we
use the learned representation to predict neural activity to gain insights about how the
brain perceives our body pose and movements.
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