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Abstract

Human motion forecasting remains a cornerstone capability for embodied artificial
intelligence systems that must operate safely and adaptively in dynamic human environments.
Despite significant progress in sequence modeling and generative architectures, existing
approaches often produce kinematically plausible yet physically inconsistent trajectories that
violate basic constraints of gravity, contact, and object permanence. This paper presents a
comprehensive systems-level analysis of physics-grounded human motion forecasting using
3D scene-aware diffusion models. We argue that the integration of differentiable physics
simulators with large-scale diffusion backbones enables the generation of motions that are not
only visually coherent but also mechanically feasible within a given spatial context. We
examine the architectural trade-offs inherent in coupling high-dimensional latent
representations with explicit physics losses, the challenges of constructing large-scale
annotated datasets that capture both motion and scene geometry, and the infrastructure
requirements for real-time deployment in robotics and interactive applications. Furthermore,
we discuss the socio-technical implications of such systems, including fairness in motion
prediction across diverse populations, robustness under distribution shift, and the governance
frameworks needed to ensure responsible use in public-facing embodied agents. By situating
technical advances within broader considerations of sustainability, interpretability, and ethical
deployment, this paper provides a roadmap for future research that balances predictive fidelity
with practical constraints. Our analysis draws on recent breakthroughs in diffusion-based
generative modeling, physics simulation, and scene understanding to propose a unified
framework for embodied AI that respects the physical laws governing human movement.
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1. Introduction

The ability to anticipate human motion is essential for embodied artificial intelligence systems
that interact with people in shared physical spaces. Applications ranging from autonomous
navigation and collaborative robotics to virtual reality and assistive technologies all rely on
accurate, physically plausible predictions of where a person will move and how their body
will articulate over short to medium time horizons. Early approaches to human motion
forecasting relied on recurrent neural networks and temporal convolutional architectures that



learned purely from observed motion sequences [1], but these methods frequently produced
motions that drifted into unnatural configurations or violated basic physical laws such as foot
floor contact and gravitational acceleration. More recent advances in generative modeling,
particularly denoising diffusion probabilistic models, have dramatically improved the realism
and diversity of synthetic motion [2], yet the challenge of ensuring physical consistency
within a three-dimensional scene remains largely unresolved.

The convergence of diffusion models with explicit physics simulation represents a paradigm
shift in embodied AI. Rather than treating motion prediction as a purely data-driven
regression or sequence generation task, researchers are now embedding differentiable physics
engines into the training loop so that the model learns to generate trajectories that minimize
constraint violations and satisfy contact dynamics [3]. Simultaneously, the incorporation of
3D scene representations allows the model to reason about obstacles, surfaces, and
affordances, thereby grounding predictions in the actual geometry of the environment [4].
This integration, however, introduces substantial system-level complexities in terms of
computational cost, data requirements, and architectural design. The present paper provides a
systematic examination of these challenges, emphasizing the structural trade-offs that must be
navigated to deploy physics-grounded scene-aware diffusion models in real-world embodied
systems.

We begin by reviewing the foundational limitations of prior motion forecasting paradigms
and the specific advantages that diffusion models bring to this domain. Subsequently, we
analyze the architectural components required to fuse physics reasoning with scene
understanding, focusing on the interplay between latent diffusion backbones and
differentiable simulators. We then address the critical infrastructure dimensions, including
dataset construction, training efficiency, and real-time inference. The discussion broadens to
consider robustness, fairness, and governance, as well as the sustainability implications of
large-scale generative models. Finally, we outline future research directions that could
reconcile the often competing demands of accuracy, speed, and ethical responsibility.

2. Foundational Challenges in Human Motion Forecasting for Embodied AI

Human motion forecasting is inherently a multi-modal problem: a given pose history can lead
to many plausible future trajectories depending on intent, context, and environmental
constraints. Traditional deterministic models, such as those based on encoder-decoder
recurrent architectures [1], were fundamentally limited in their ability to capture this
multimodality, often collapsing to mean predictions that were physically implausible. The
introduction of generative adversarial networks and variational autoencoders improved
diversity but suffered from mode collapse and training instability [5]. Diffusion models, by
contrast, offer a principled way to learn the full distribution of future motions through
iterative denoising, and they have demonstrated state-of-the-art performance in both diversity
and realism for short-term human motion prediction [2].

Yet even the most sophisticated diffusion models generate motions that often violate physics
constraints. For instance, a predicted walking trajectory might exhibit foot sliding across the
floor, penetrations of the body into furniture, or accelerations that exceed human capabilities
[3]. These failures arise because standard diffusion models learn purely from data statistics
without any explicit knowledge of Newtonian mechanics or contact geometry. In embodied
AI systems, such violations can lead to unsafe robot behavior when the agent acts upon the
forecast, for example by moving into a predicted space that the person actually cannot occupy.
Therefore, there is a pressing need to embed physical priors into the generative process.



The notion of physics grounding has been explored in other domains such as video prediction
and object dynamics, but human motion introduces unique challenges due to the high
dimensionality of the articulated body, the nonlinearity of muscle-driven movement, and the
subtle interplay between posture and environment [6]. A person’s motion is not merely a
sequence of joint angles but a complex outcome of balance, momentum, and interaction with
surfaces and objects. Consequently, any physics-grounded forecasting system must be able to
reason about forces, torques, and contact points at each time step. This requires coupling the
generative model with a differentiable physics simulator that can compute residuals and
propagate gradients back to the diffusion backbone.

3. Physics-Grounded Diffusion Models: Architectural Considerations

Integrating physics constraints into diffusion models can be accomplished through several
architectural strategies. One commonly adopted approach is to append a physics loss term to
the standard denoising objective, where the predicted motion is passed through a
differentiable physics engine to compute penalty measures such as ground penetration depth,
joint torque limits, and ground reaction forces [3]. The gradient of this loss is then used to
update the diffusion model parameters, effectively teaching the model to produce motions that
are both realistic and physically consistent. An alternative method involves conditioning the
diffusion process on physically derived features, such as center-of-mass trajectories or foot
contact schedules, which guide the generation toward physically plausible regimes [7].

A more tightly integrated architecture uses the physics simulator as a differentiable layer
within the diffusion U-Net or transformer backbone. In this design, the latent representation
of the motion is decoded into a sequence of poses, which are then projected into a physics
simulation to obtain forward dynamics. The resulting accelerations and contacts are encoded
back into the latent space, allowing the model to reason about physical feasibility in an
iterative manner [8]. This closed-loop approach resembles model-based reinforcement
learning but operates within the generative diffusion framework. A recent development along
these lines is the PhysAlign method, which aligns feature representations with 3D physical
geometry to enforce coherence between motion and scene structure [9]. Such alignment is
crucial because without explicit 3D scene awareness, even a physically plausible motion
might still be inconsistent with the environment, for example stepping onto a table that is not
present in the scene representation.

The architectural trade-offs are significant. Differentiable physics simulators, while
mathematically elegant, introduce substantial computational overhead during training because
each forward pass requires solving the dynamics equations for the entire motion sequence. To
mitigate this, researchers have adopted reduced-order physics models that approximate full
rigid-body dynamics with simpler penalty-based contact models [10]. However,
approximation errors can lead to unrealistic motions when deployed. Another trade-off
involves the choice of simulation frequency: matching the temporal resolution of the human
motion data (typically 30–60 Hz) requires fine-grained simulation steps that increase memory
and time costs. Conversely, downsampling the physics update rate may miss microcontacts
that are essential for balance. These design decisions must be made in the context of the target
application’s tolerance for physical inaccuracy.

4. 3D Scene-Awareness and Environmental Integration

A motion forecasting system that is only physics-grounded but not scene-aware remains
incomplete for embodied AI, because human movement is fundamentally shaped by the



geometry and semantics of the environment. A person walking toward a doorway will adapt
their gait to the width of the opening, a person sitting will align their body with the chair, and
a person reaching will avoid obstacles. Early scene-aware motion prediction models used
simple occupancy grids or depth maps as conditioning signals [4], but these lacked the rich
geometric detail needed for precise contact reasoning. More recent methods employ point
clouds or implicit neural representations of the 3D scene, often derived from RGB-D sensors
or LiDAR, and fuse this information into the diffusion model through cross-attention
mechanisms or adaptive normalization layers [11].

The fusion of scene geometry with motion prediction raises challenging questions about
representation scale. A scene can be arbitrarily large, but human motion typically occupies a
local region of a few cubic meters. Efficient scene encoding requires hierarchical approaches
that first detect the relevant subregion around the predicted person and then encode that local
geometry at high resolution [12]. Furthermore, the scene is not static: humans interact with
dynamic objects such as doors or other people, so the forecasting system must update its
scene representation in real time. This places stringent demands on sensor fusion, latency, and
memory management within the embodied system.

Another critical dimension is the semantic understanding of scene elements. A chair is not
merely a set of surfaces; it is an object with affordances for sitting. A floor is a walking
surface, but a rug might be a tripping hazard. Incorporating semantic labels into the scene
representation can help the diffusion model produce motions that are contextually appropriate,
such as slowing down near a staircase or avoiding a moving vacuum cleaner [13]. However,
semantic segmentation introduces its own errors and biases, and the model may inherit dataset
correlations that penalize certain populations or environments. For example, a model trained
primarily on office scenes might fail in residential settings or adapt poorly to cultural
variations in furniture layout.

5. System-Level Infrastructure and Deployment Trade-offs

Deploying physics-grounded scene-aware diffusion models in real-world embodied systems
requires careful consideration of the computational infrastructure. The training of such models
is extremely resource-intensive, often requiring hundreds of GPU-hours on large clusters to
converge, especially when differentiable physics simulation is involved [14]. The data
pipeline must also be meticulously engineered: training datasets must contain paired human
motion, 3D scene scans, and sometimes ground-truth physics parameters such as friction
coefficients or mass distributions. Existing datasets like Human3.6M [15] and AMASS [16]
provide rich motion capture data but lack concurrent scene geometry. More recent efforts
such as PROX [17] offer indoor scenes with human mesh registrations, but they are limited in
scale and diversity. Constructing a comprehensive dataset for physics-grounded scene-aware
forecasting is a major infrastructural undertaking that involves multi-camera setups, depth
sensors, and manual annotation.

At inference time, the system must balance accuracy and latency. For interactive applications
such as a collaborative robot working alongside a human, predictions must be generated
within tens of milliseconds. Diffusion models typically require multiple denoising steps, each
of which invokes the physics simulator and the scene encoder. To accelerate inference,
researchers have explored distillation techniques that compress the diffusion process into
fewer steps without significant loss of fidelity [18]. Another strategy is to precompute scene
features offline and cache them, reducing the per-frame computation. Nevertheless, real-time
deployment remains challenging, especially on embedded platforms with limited power



budget. Developers must decide whether to run the full model on the edge or offload
computation to a cloud server, which introduces network latency and reliability concerns.

Sustainability is another systemic issue. Large generative models consume enormous amounts
of energy during training and deployment, and the added physics simulation overhead
compounds this problem [19]. As embodied AI systems become more widespread, the
cumulative carbon footprint of continuous motion forecasting could be substantial.
Researchers and practitioners must weigh the benefits of physics grounding against the
environmental cost, perhaps developing lightweight physics priors that avoid full simulation
or adopting energy-efficient hardware accelerators designed for differentiable physics.

6. Robustness, Fairness, and Governance Implications

Physics-grounded scene-aware motion forecasting systems are not neutral technical artifacts;
they inherit biases and limitations from their data, architecture, and deployment context.
Robustness is a major concern: a model trained on motion capture of able-bodied adults may
produce poor predictions for children, elderly individuals, or people with disabilities because
the underlying physics priors do not account for different body proportions or movement
impairments [20]. Moreover, the differentiable physics simulator itself typically assumes a
generic human body model that may not reflect the diversity of human morphology,
potentially leading to systematic prediction errors for underrepresented groups. To mitigate
these issues, training data should be collected from a wide range of populations, and the
physics model should incorporate parametric variations in limb length, mass distribution, and
joint limits.

Fairness also arises in the context of scene awareness. If the scene representation is derived
from sensors that perform poorly in low-light conditions or on certain skin tones, the resulting
predictions may be less accurate for individuals in those environments. For example, a motion
forecasting system used in an autonomous wheelchair might fail to predict the intent of a user
with dark clothing in a dimly lit room if the depth sensor has such a bias. Governance
frameworks must be established to regularly audit these systems for disparate performance
and to mandate reporting of failure rates across demographic groups [21]. In high-stakes
applications such as healthcare or assisted living, certification requirements may need to
include stress tests that simulate a variety of body types and environmental conditions.

The use of diffusion models also raises concerns about interpretability. Because these models
generate samples through a stochastic denoising process, it can be difficult to explain why a
particular motion was predicted. This opacity is problematic when an embodied agent makes
a decision based on the forecast, such as moving out of a predicted path. If the agent causes an
accident, understanding the reasoning behind the motion prediction is critical for
accountability. Physics-based losses provide some degree of interpretability by revealing
which constraints were violated, but the overall generative process remains a black box.
Researchers are exploring ways to incorporate causal reasoning and counterfactual analysis
into the motion forecasting pipeline to improve transparency [22].

7. Future Directions and Policy Considerations

Looking ahead, several promising research directions could address the system-level
challenges identified in this paper. One avenue is the development of hybrid models that
combine the strengths of physics-based simulation with data-driven diffusion without
incurring full computational cost. For instance, a lightweight neural network could be trained
to predict physics residuals and inject them as corrections into the diffusion process,



bypassing the need for a full differentiable simulator at every step [23]. Another direction
involves the use of world models that jointly learn the dynamics of the environment and the
human, enabling the motion forecaster to reason about causal effects of its predictions on
future scene states.

Policy considerations are paramount as these technologies move from research labs into real-
world applications. Governments and standards bodies should collaborate with the research
community to establish guidelines for the safe deployment of embodied AI systems that rely
on motion forecasting. These guidelines should cover verification and validation procedures,
data privacy (since motion capture data can reveal sensitive information about individuals),
and mechanisms for human oversight [24]. Furthermore, open-sourcing benchmarks and
evaluation protocols for physics-grounded scene-aware forecasting would accelerate progress
while ensuring reproducibility and fairness. The required reference [9] exemplifies the kind of
alignment technique that could become a standard component in such benchmarks.

Finally, the energy and sustainability implications of large-scale diffusion models cannot be
ignored. The embodied AI community should adopt practices such as reporting the
computational cost of training and inference, exploring efficient architectures like sparse
attention or quantization, and prioritizing models that are deployable on low-power devices.
The ultimate goal is to create motion forecasting systems that are not only accurate and
physically consistent but also equitable, transparent, and sustainable.

8. Conclusion

This paper has presented a comprehensive systems-level analysis of physics-grounded human
motion forecasting using 3D scene-aware diffusion models for embodied AI. We have argued
that the integration of differentiable physics simulation and scene geometry into the diffusion
framework is essential for generating physically plausible and contextually appropriate
predictions. However, this integration introduces significant architectural, infrastructural, and
socio-technical trade-offs that must be carefully managed. From the computational overhead
of physics simulation to the biases inherent in datasets and sensors, the path to deployable
embodied AI is fraught with challenges that require interdisciplinary collaboration. By
foregrounding issues of robustness, fairness, governance, and sustainability, we hope to guide
future research toward systems that not only push the boundaries of predictive accuracy but
also serve diverse populations responsibly. The convergence of generative modeling, physics
simulation, and scene understanding holds immense promise for the next generation of
embodied agents, but only if these systems are designed with a holistic awareness of their
broader impacts.
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