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Abstract—Traditional robotic control systems rely on modular
sense-plan-act architectures or end-to-end deep learning, both
of which struggle with seamless task transfer, real-time adap-
tation, and computational efficiency. In this work, we propose
World Model Predictive Control (WMPC), a novel framework
that integrates World Models with Model Predictive Control
(MPC) principles. By leveraging pre-trained differentiable world
models to predict system dynamics and optimize control actions,
WMPC eliminates the need for extensive policy training, unlike
reinforcement learning (RL)-based world models. Our approach
unifies multimodal state representations, task-specific cost learn-
ing, and constraint-aware optimization within a receding horizon
framework. Inspired by human motor control and learning,
it integrates general scene understanding and basic dynamics
estimation while fine-tuning actions through rapid interaction
with the environment. Furthermore, elastic model updating
balances short-term corrections—instantaneous reactive adjust-
ments to new dynamics—with long-term knowledge retention,
enabling memory-augmented fine-tuning and improved general
skill proficiency.

I. INTRODUCTION

Human motor control exhibits remarkable adaptability,
seamlessly integrating sensory feedback to estimate physical
properties (e.g., mass, friction) and adjust forces in real
time [1]. Human sensorimotor control [2] exhibits three key
properties current robots lack:

1) Cross-Modal Fusion: Seamless integration of visual,
tactile, and inertial cues

2) Temporal Hierarchy: Short-term adjustments (100-
500ms) nested within long-term skill refinement

3) Physics-Guided Learning: Priors from biomechanical
constraints and Newtonian dynamics

Robotic control has traditionally relied on two main
paradigms: modular sense-plan-act architectures and end-to-
end learning approaches. While the former ensures trans-
parency and stability, it suffers from high development
costs, limited scalability, and computational inefficiencies [3].
Conversely, end-to-end learning methods, such as Vision-
Language-Action (VLA) models [4], world model-based rein-
forcement learning [5], and deep latent feature-based control
[6], demonstrate strong task acquisition but remain data-
hungry and struggle with generalization [7] and real-time
adaptability [8], [9].
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Model-based control methods, particularly Model Predictive
Control (MPC), have been instrumental in bridging these gaps.
Traditional MPC relies on handcrafted dynamics models [10],
but recent advances incorporate learned dynamics, as seen
in latent-space planning approaches such as PlaNet [11] and
DeepMPC [6]. However, these methods often require task-
specific training and suffer from loss of physical interpretabil-
ity [12].

Fig. 1. World Model Predictive Control with Multimodal Adaptation.

Foundation models have recently emerged as a promising
direction for robotic control, with architectures like CLIP [4],
DINO [13], and OpenVLA [14] enabling multimodal state
estimation. Despite their advantages [15], these models remain
constrained by static representations, a lack of continuous
adaptation mechanisms, and a disconnect between semantic
understanding and physical constraints [16].

Recent work has sought to address these limitations through
gradient-based planning [17], diffusion-based world modeling
[18], [19], and hybrid approaches combining policy learning
with gradient-based MPC [17]. Notably, DIAMOND [18]
introduces diffusion models for world modeling, mitigating
the limitations of discrete latent representations by preserving
critical visual details. Additionally, methods such as RoboGen
[20] leverage large-scale synthetic data generation for training
generalist robotic policies, though they remain dependent on
task-specific policy learning.



Our proposed framework, World Model Predictive Control
(WMPC), advances beyond existing approaches by integrating
pre-trained Large Multimodal Foundation Models (LMFMs)
into a receding horizon optimization structure. Unlike PETS
[21], which requires full model retraining, WMPC employs
elastic model updating to selectively adapt task-relevant pa-
rameters while retaining foundational knowledge. Further-
more, it incorporates constraint-aware optimization [22] and
multimodal state propagation [23], enabling scalable, sample-
efficient, and dynamically adaptable robotic control.

By synthesizing insights from foundation models, model
predictive control, and learned world models, WMPRC rep-
resents a paradigm shift towards generalizable, interpretable,
and real-time adaptable robotic autonomy.

II. PROPOSED METHODOLOGY

Our framework integrates multimodal state representations,
world model predictions, and receding horizon optimization
to solve an Optimal Robot Control Problem. The core idea is
to leverage pre-trained foundation models for world prediction
and fine-tune them dynamically for task-specific requirements.

A. System Architecture

WMPC integrates three key components (Fig.1):
1) A pre-trained world model for state prediction
2) An optimal control framework for action selection
3) Adaptive memory systems for short-term and long-term

learning

B. Mathematical Formulation

The core optimization problem is formulated as:

min
u0:N−1

N−1∑
k=0

Ltask (xk, uk) + Lterminal(xN )

subject to — Initial Multimodal State

x0 = xcurrent,

— World Dynamics with Multimodal Input

xk+1 = fWM (xk, uk) , ∀k ∈ {0, . . . , N − 1}
— Constraints

g(xk, uk) ≤ 0, ∀k ∈ {0, . . . , N − 1}
h(xk, uk) = 0, ∀k ∈ {0, . . . , N − 1}

(1)
where xk is the multimodal state vector defined as:

xk =

 xvisual
k

xdynamics
k

xother
k

 (2)

Here, fWM represents the world model dynamics, Ltask is
the task-specific loss, and g, h define constraints. The ob-
jective is to minimize the cumulative task-specific loss L
while adhering to physical and operational constraints. This
framework employs a receding horizon implementation, where
the optimal control problem is solved iteratively at each time
step using updated multimodal sensor data of the robot and of

the environment.
Pre-trained LMFMs, such as DINO [13], [24] or CLIP [4],
provide a strong foundation for multimodal understanding.
These models are fine-tuned dynamically using short-term
memory to adapt to task-specific requirements.

C. Cost Function and Task Handling

The framework supports both analytic and learned cost
formulations:

• Analytic Formulation: For well-defined tasks, Ltask com-
bines classical objectives:

Ltask(xk, uk) =

M∑
i=1

wiLi(xk, uk) (3)

where wi are task-specific weights and Li represents
individual objective terms such as:

– Task achievement error: ∥xk − xdesired∥Q
– Control effort: ∥uk∥R
– Safety margins: Lsafety(xk)
– Task-Specific Terms: ϕ(xk, uk)

• Learned Formulation: For complex tasks, we parameter-
ize the loss using a neural network Nθ with latent task
variables z:

Ltask(x, u) = Nθ

 [x;u]︸ ︷︷ ︸
Current State-Action

, z︸︷︷︸
Latent Task Rep.

 (4)

D. Memory-Augmented Adaptive Fine-Tuning

To balance immediate adaptation with long-term stability,
we employ a dual-time scale learning strategy that leverages
structured memory and fine-tuning. The adaptation process is
driven by two key components:

• Online Adaptation: A short-term memory buffer (τSTM)
captures recent trajectory segments, enabling rapid up-
dates via context-aware gradient descent. This ensures
responsiveness to instantaneous changes in system dy-
namics.

• Offline Enhancement: A long-term memory (τLTM) ac-
cumulates historical knowledge, facilitating periodic fine-
tuning for improved generalization and robustness over
time.

To integrate both adaptation scales, we apply a dual-rate
optimization scheme:

θt+1 = θt − η1∇Lshort − η2∇Llong (5)

where η1 governs rapid corrections based on short-term mem-
ory that optimizes immediate predictions, while η2 ensures
gradual refinement from accumulated experience.

III. CHALLENGES

Our approach faces several challenges, including the com-
plexity of integrating multimodal data into a unified state
representation, ensuring real-time adaptability in dynamic
environments, and fine-tuning pre-trained models for task-
specific requirements. Extracting meaningful latent variables



from high-dimensional sensory inputs can be computationally
demanding.
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