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I. INTRODUCTION & MOTIVATION

With the rise of end-to-end learned architectures in em-
bodied robotics and autonomous driving, recent research has
increasingly focused on Vision-Language Models (VLMs)
and Vision-Language-Action (VLA) architectures. These ap-
proaches belong to the broader family of foundation models,
which aim to serve as embodiment-specific general-purpose
models. By conditioning primarily on image and text data,
such models achieve strong semantic understanding, instruc-
tion following, and generalization capabilities.

Despite these successes, current VLM and VLA architec-
tures are vision-dominant by design. In contrast, classical
and rule-based robotic and autonomous driving systems
explicitly rely on ego-states, system dynamics, and physical
constraints. This explicit conditioning enables such systems
to enforce safety and dynamic feasibility throughout the
decision-making process. While VLA architectures partially
address embodiment by coupling perception and action,
safety and physical plausibility are typically not enforced
at the level of semantic reasoning.

As a consequence, we observe an increasing semantic-
dynamic mismatch between what a model understands and
reasons about, and what a physical system can actually exe-
cute. This mismatch becomes particularly critical in safety-
critical domains such as autonomous driving and mobile
robotics. Motivated by this gap, we argue that the next gen-
eration of VLM and VLA architectures must move beyond
vision-centric representations and explicitly incorporate ego-
dynamics and physical state as aligned modalities within
their reasoning process.

II. LIMITATIONS OF VISION-CENTRIC FOUNDATION
MODELS

VLM and VLA architectures implicitly assume a direct
dependency between perception, reasoning, and action. How-
ever, this abstraction typically omits an explicit dependency
on the agent’s internal physical state. As a result, these
models rely on a simplified coupling that can break down,
particularly in out-of-distribution or safety-critical scenarios.

Vision-centric representations, largely derived from visual
encoder features, struggle to reason about dynamic fea-
sibility. This includes concepts such as braking distance,

I Technical University of Munich, Autonomous Vehicle Systems Lab,
Garching b. Miinchen, Germany finn.schaefer@tum.de

2Technical University of Munich, Autonomous Vehicle Systems Lab,
Garching b. Miinchen, Germany Johannes .betz@tum.de

Copyright ©2026 RIG - Robotics Institute Germany

inertia, stability, and motion-related attributes like aggressive,
comfortable, or risky behavior. Moreover, such models are
generally unable to account for actuation limits, as they are
often trained in an open-loop manner without direct feedback
from the system dynamics. While recent work—particularly
in general robotics—has begun to explore closed-loop op-
timization, this remains a non-established and fragmented
research direction.

These limitations can lead to actions that are semantically
plausible yet dynamically unsafe, as well as biased reasoning
that oscillates between overly cautious and overly aggressive
behavior depending on the unobserved physical state of the
agent. In contrast, classical rule-based systems explicitly
model kinematics and dynamics, enforce safety constraints
by design, and offer predictable and interpretable behavior.
Bridging this gap, by combining semantic reasoning with
explicit awareness of physical state and system dynamics,
represents a necessary step toward foundation models that
are deployable in real-world robotic and autonomous driving
applications.

ITII. MULTI-MODAL ALIGNMENT IN ROBOTICS: CURRENT
TRENDS

Recent research has begun to move toward multimodal
representations that extend beyond purely vision-centric
models, partially addressing the limitations discussed above.
In general robotics, several approaches incorporate additional
modalities directly into learned representations, enabling
more informed control and interaction with the environ-
ment [1]. While these methods do not explicitly model sys-
tem dynamics, they demonstrate the benefits of embedding
embodiment-specific information alongside perception.

In autonomous driving, related efforts integrate non-visual
sensing modalities into vision-language models. For exam-
ple, LiDAR information has been incorporated to improve
robustness and safety in low-light or visually degraded
conditions [2]. Other approaches leverage multi-modal pre-
processing pipelines to generate feasible trajectories [3], or
employ vision-based priors to localize the agent within a
known map [4]. Although differing in scope and application,
these works share a common shift away from classical sensor
fusion toward representation-level multi-modal alignment.

Together, these trends indicate an emerging consensus
that richer, aligned representations are essential for safe
and robust robotic behavior. However, ego-dynamics and
explicit physical state remain largely absent as first-class



modalities within current foundation models. This gap high-
lights the opportunity to extend existing multi-modal align-
ment paradigms toward dynamics-informed representations
that directly support feasibility-aware semantic reasoning in
robotics and autonomous driving.

IV. DYNAMICS-INFORMED VISION-LANGUAGE MODELS

Dynamics-informed VLM and VLA architectures should
explicitly condition semantic reasoning on ego-motion, the
agent’s dynamic state, and the physical feasibility of in-
tended actions. Achieving this requires incorporating dy-
namic modalities into a shared representation space aligned
with the language model, rather than treating dynamics as
a post-hoc filtering mechanism. In this formulation, ego-
dynamics act as a conditioning signal during autoregressive
reasoning, not as an external safety check applied after
inference.

We conceptualize this joint embedding space as

§ ={T,V, D}, (D

where T' denotes text embeddings, V' denotes vision embed-
dings projected into the language model’s embedding space,
and D denotes dynamic embeddings capturing ego-motion
and system state, likewise projected into the same space.
The resulting abstract space S represents a rich, vision-,
dynamics-, and prompt-informed representation on which the
model can condition its reasoning.

By grounding semantic reasoning in physical state and
system dynamics, such models are expected to produce
decisions that are not only semantically coherent but also
dynamically feasible. This can increase robustness under
distribution shift, reduce reliance on rule-based safety over-
rides, and improve the alignment between intended and exe-
cutable actions. Importantly, this approach does not replace
vision-centric reasoning, but augments it with embodiment-
aware context that is essential for real-world robotic and
autonomous driving applications.

V. IMPLICATIONS FOR SAFETY, CONTROL, AND SYSTEM
DESIGN

Integrating explicit dynamic information into vision-
language and vision-language-action models has significant
implications for safety, control, and overall system design.
By conditioning semantic reasoning on physical state and
system constraints, such models can better anticipate in-
feasible or unsafe actions before execution. This capability
emerges from a tighter alignment between intent, physical
state, and action execution.

For real-world deployment, this alignment can improve
the controllability of embodied agents and reduce reliance on
hard intervention layers or externally imposed safety checks.
Instead of correcting unsafe behavior post-hoc, safety-aware
reasoning becomes an intrinsic part of the decision-making
process. Moreover, the ability to explain actions in a phys-
ically grounded manner, based on both semantic intent and
dynamic state, enhances interpretability and trustworthiness.
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Finally, dynamics-informed reasoning can contribute to
more robust behavior under partial observability and in rare
or edge-case scenarios, where purely vision-centric represen-
tations often fail. Together, these implications highlight the
potential of dynamics-informed foundation models to bridge
the gap between semantic competence and physically reli-
able behavior in real-world robotic and autonomous driving
systems.

VI. OPEN CHALLENGES & FUTURE DIRECTIONS

The development of dynamics-aware VLM and VLA
architectures raises two fundamental open challenges: multi-
modal alignment and the availability of suitable training and
evaluation data.

First, effective multi-modal alignment remains a central
difficulty. Aligning vision, language, and dynamic modalities
within a shared representation space is non-trivial and prone
to shortcut learning or spurious correlations. Without careful
supervision and inductive biases, the integration of dynamic
information may fail to improve. This may even degrade
semantic reasoning. An open research question is how to
design alignment strategies that ensure the dynamic state
is meaningfully incorporated rather than implicitly ignored.
Closely related is the question of evaluation: how should
semantic reasoning be assessed under explicit dynamic and
physical constraints?

This challenge directly leads to the second issue, namely
the lack of appropriate training data and benchmarks. To the
best of our knowledge, there currently exist no standardized
datasets or benchmarks that explicitly support the training
and evaluation of dynamics-informed VLM or VLA archi-
tectures. Progress in this direction will require high-quality
datasets that jointly capture semantic intent, perception,
and ego-dynamic state, as well as evaluation protocols that
measure physical feasibility alongside semantic correctness.

Addressing these challenges is essential for advancing
foundation models toward reliable embodied intelligence. We
argue that dynamics-informed multi-modal representations
constitute a necessary step in bridging the gap between
semantic competence and physically grounded, deployable
robotic behavior.
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