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Why Gradient-Based MPC?

* Model Predictive Control (MPC) allows for planning with learned world

models
« Gradient-free, sampling-based MPC methods suffer from the curse of

dimensionality
« But gradient-based methods perform empirically worse

Oy Can we successfully perform gradient-based MPC with
{\“ world models?
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How Well Does It Work?

Evaluation of 24 tasks from DM Control, Meta-World & HumanoidBench
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What About Other World Models?

Acrobot Swingup Cheetah Run Hopper Hop Walker Run
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PlaNet SAC+AE = Dreamer Dream-MPC (Dreamer)
Acrobot Cheetah Hopper Walker

Method Swingup Run Hop Run
SAC+AE 7419 495+ 100 86+75 453 + 69
PlaNet 7+18 535 £ 70 1+4 228 + 149
Dreamer 134 + 91 751 £ 111 182 +43 575433
Grad-MPC 7+18 438 + 81 345 382 £35
Policy+Grad-MPC 144 +7 591 £ 131 158 £47 556 + 33
CEM:-+policy 124 26 674 £20 43 +42 638 + 21
Dream-MPC (Dreamer) 147 + 101 836 49 298 +86 632+ 52
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Thank You for Watching!
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Website: https://dream-mpc.qgithub.io/

Code: https://github.com/jspieler/dream-mpc
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Abstract

f-th del-based

Learning (RL) approaches either use gradient-
free, population-based methods for planning,
leamed policy networks, or a combination of
policy networks and planning. Hybrid approaches
that combine Model Predictive Control (MPC)
with a learned model and a policy prior to
leverage the advantages of both paradigms
have shown promising results. However, these
approaches typically rely on gradient-free opti-
mization methods, which can be computationally
expensive for high-dimensional control tasks.
While gradient-based methods are a promising
alternative, recent works have empirically shown
that gradient-based methods often perform worse
than their gradient-free counterparts. We propose
Dream-MPC, a novel approach that generates few
candidate trajectories from a rolled-out policy and
optimizes each trajectory by gradient ascent using
a learned world model, uncertainty regularization
and amortization of of n iterations over
time by reusing previously optimized actions.
Our results on 24 continuous control tasks show
that Dream-MPC can significantly improve the
performance of the underlying policy and can
outperform gradient-free MPC and state-of-the-
art baselines. Code and videos are available at
https://dream-mpc.github. io}

1. Introduction

Reinforcement Learning has achieved promising results
in recent years and demonstrated its potential for robotics

(Vuetal] 03] Seo ral] 2025)
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Figure /. Aggregate performance metrics. Optimality gap, in-
terquartile median (IQM), mean and median normalized scores
with 95% confidence intervals of different methods. Notably,
Dream-MPC with a strong policy achieves the best results

Ho\vcvcr, ‘model-free methods often struggle with sample ef-
cy and generalization, especially in complex and high-

(Byravan et al 2023). Model-
based RL, on the other hand, can be more sample-efficient
and can generalize better, but requires an accurate model of
the environment (Xiao et al [2019). There has been growing

interest in world models that are learned from data and can

model for planning through imaginary rollouts with MPC

(Richalet et al| 1978} Cutler & Ramaker][1979) and rely on
gradient-free, sampling-based methods such as the Cross
Entropy Method (CEM) (Rubinstein, r Model Predic-
tive Path Integral (Mrpgﬁmmpnm for
trajectory optimization. Although sampling-based MPC
methods can be parallelized using Graphics Processing

can be challenging due o the limited computational re-
sources. In addition, planning with sampling-based methods
is highly inefficient or even intractable in high-dimensional
paces, which might limit their applicability to real-world
oboties asks (Xie et al 2021)
In contrast, fully amortized methods such as Dreamer
(Hafner et al ][2020) learn a purely reactive policy via imag-
inary rollouts. Inference for the leaned policy is com-
putationally less expensive than the search procedure us-
ing CEM, bu\ amortized p often lack generalization

ol
(Byrivan oL a1 022). Since the learned world models are

dlﬂcrcn(mblc itis natural to propose gradient-based meth-
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