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Abstract— In the literature, actor-critic model predictive
control (AC-MPC) integrates MPC with reinforcement learning
to enable high-performance control of complex dynamical
systems. However, its differentiable MPC layer requires re-
peatedly solving an optimization problem in both the forward
and backward passes, leading to substantial training and
inference latency. This paper tackles this bottleneck introducing
a CUDA-accelerated variant that significantly reduces end-to-
end execution time while preserving the control performance of
the baseline formulation. Simulation results on an agile drone
racing task show that our approach achieves state-of-the-art lap
times and near-limit dynamic behaviour with markedly reduced
training and inference time.

SUPPLEMENTARY MATERIAL

Code can be found at https://github.com/prisma-lab/CA-
AC-MPC.

LIST OF MOST USED ACRONYMS
Acronym Meaning
AC-MPC Actor–Critic Model Predictive Control
AC-MLP Actor–Critic Multilayer Perceptron
CA-AC-MPC CUDA-Accelerated Actor–Critic Model Pre-

dictive Control
CA-DiffMPC CUDA-Accelerated Differentiable Model Pre-

dictive Control
CUDA Compute Unified Device Architecture
DiffMPC Differentiable Model Predictive Control
MLP Multilayer Perceptron
MPC Model Predictive Control

I. INTRODUCTION

Control design is especially difficult in high-performance
robotic applications, where robots operate in dynamic condi-
tions with unmodelled effects, parameter uncertainties, and
rapid transients. The bottleneck of classical model-based
control strategies—including online optimization methods
such as MPC—is not the model-based paradigm per se,
but the mismatch between model fidelity and computational
tractability [1]. Pushing performance often requires dynam-
ical models that are either too inaccurate to capture the
relevant phenomena or too expensive to be used in real-
time [2].

This gap motivated growing interest in reinforcement
learning (RL) and other data-driven approaches, which can
optimize control policies directly from task performance
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without requiring an explicit high-fidelity model. While
RL still requires significant design choices (e.g., reward
shaping, curriculum design, hyperparameter tuning, etc.), it
provides a flexible framework in which feedback policies
are learned through interaction with the environment. In
particular, RL can handle non-differentiable and structured
objectives without relying on proxy references such as pre-
defined trajectories or paths. This has enabled state-of-the-
art results in highly dynamic robotic tasks where model-free
RL has been shown to outperform classical optimal control
in near-limit conditions [3], [4]. However, RL approaches
typically require massive amounts of data—often millions
of simulated interactions.

These challenges have led research to focus on hybrid
control frameworks that combine the structure and relia-
bility of model-based optimal control with the flexibility
and task-driven optimization of RL. Among these, AC-MPC
emerged as a promising paradigm, in which an MPC-based
actor provides short-horizon optimal control actions while
a learned critic captures long-term value information [5].
This integration yields policies that retain the interpretability
and constraint-handling capabilities of MPC while benefiting
from the adaptability and performance of RL [2]. Neverthe-
less, embedding an optimization-based control layer within a
neural policy introduces a computational burden, since each
policy evaluation requires solving a parameterized optimal
control problem (OCP) rather than executing a simple feed-
forward pass [6], [7]. Moreover, MPC typically assumes
access to an accurate differentiable dynamic model [2], [7].
In the AC-MPC, the OCP must be solved during the forward
pass to compute the control action, and an additional linear
system must be solved during the backward pass to prop-
agate gradients, increasing training time. During inference,
gradients are not required and only the forward MPC pass is
performed; however, the policy remains substantially slower
than a standard AC-MLP [5].

This paper addresses this limitation by introducing
a CUDA-accelerated actor-critic model predictive control
framework, referred to as CA-AC-MPC. Unlike the original
PyTorch-based implementation [2], [8], which relies on Py-
Torch’s GPU backend, our approach directly invokes CUDA
kernels for the most computationally intensive operations.
This provides finer-grained control over GPU parallelism,
reduces overhead, and accelerates both the forward and
backward passes of the differentiable MPC layer.

The specific contribution of this work is a fused-kernel
CUDA implementation of iterative linear quadratic regulator
(iLQR) for differentiable MPC. We present a C++/CUDA
PyTorch extension that restructures the iLQR computation




	Introduction
	Related Works
	Methodological Background
	Economic Model Predictive Control
	Actor–Critic Policy Architecture
	Actor-Critic Model Predictive Control

	Cuda-Accelerated Actor-Critic Model Predictive Control
	Rollout and linearization
	Backward pass with input bounds
	Forward pass with line-search


	Numerical Evaluation
	Solver latency comparison (M1)
	Training time comparison (M2)
	Policy Inference Times (M3)
	Policy Performance (M4)

	Discussion
	Conclusion
	References

