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Abstract

We train models to Predict Ego-centric Video from human Actions (PEVA), given
the past video and an action represented by the relative 3D body pose. By condi-
tioning on kinematic pose trajectories, structured by the joint hierarchy of the body,
our model learns to simulate how physical human actions shape the environment
from a first-person point of view. We train an auto-regressive conditional diffusion
transformer on Nymeria, a large-scale dataset of real-world egocentric video and
body pose capture. We further design a hierarchical evaluation protocol with in-
creasingly challenging tasks, enabling a comprehensive analysis of the model’s
embodied prediction and control abilities. Our work represents an initial attempt to
tackle the challenges of modeling complex real-world environments and embodied
agent behaviors with video prediction from the perspective of a human.1

1 Introduction

Human movement is rich, continuous, and physically grounded (Rosenhahn et al., 2008; Aggarwal
and Cai, 1999). The way we walk, lean, turn, or reach—often subtle and coordinated—directly shapes
what we see from a first-person perspective. For embodied agents to simulate and plan like humans,
they must not only predict future observations (Von Helmholtz, 1925), but also understand how visual
input arises from whole-body action (Craik, 1943). This understanding is essential because many
aspects of the environment are not immediately visible–we need to move our bodies to reveal new
information and achieve our goals.

Vision serves as a natural signal for long-term planning (LeCun, 2022; Hafner et al., 2023; Ebert
et al., 2018; Ma et al., 2022). We look at our environment to plan and act, using our egocentric view
as a predictive goal (Sridhar et al., 2024; Bar et al., 2025). When we consider our body movements,
we should consider both actions of the feet (locomotion and navigation) and the actions of the hand
(manipulation), or more generally, whole-body control (Nvidia et al., 2025; Cheng et al., 2024; He
et al., 2024b; Radosavovic et al., 2024; He et al., 2024a; Hansen et al., 2024). For example, when
reaching for an object, we must anticipate how our arm movement will affect what we see, even
before the object comes into view. This ability to plan based on partial visual information is crucial
for embodied agents to operate effectively in real-world environments.

Building a model that can effectively learn from and predict based on whole-body motion presents
several fundamental challenges. First, representing human actions requires capturing both global
body dynamics and fine-grained joint articulations, which involves high-dimensional, structured
data with complex temporal dependencies. Second, the relationship between body movements and
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Figure 1: Predicting Ego-centric Video from human Actions (PEVA). Given past video frames
and an action specifying a desired change in 3D pose, PEVA predicts the next video frame. Our
results show that, given the first frame and a sequence of actions, our model can generate videos of
atomic actions (a), simulate counterfactuals (b), and support long video generation (c).

visual perception is highly nonlinear and context-dependent—the same arm movement can result in
different visual outcomes depending on the environment and the agent’s current state. Third, learning
these relationships from real-world data is particularly challenging due to the inherent variability in
human motion and the subtle, often delayed visual consequences of actions.

To address these challenges, we develop a novel approach PEVA that combines several key innova-
tions. First, we design a structured action representation that preserves both global body dynamics
and local joint movements, using a hierarchical encoding that captures the kinematic tree structure of
human motion. This representation enables the model to understand both the overall body movement
and the fine-grained control of individual joints. Second, we develop a novel architecture based on
conditional diffusion transformers that can effectively model the complex, nonlinear relationship
between body movements and visual outcomes. The architecture incorporates temporal attention
mechanisms to capture long-range dependencies and a specialized action embedding component that
maintains the structured nature of human motion. Third, we leverage a large-scale dataset of syn-
chronized egocentric video and motion capture data (Ma et al., 2024), which provides the necessary
training signal to learn these complex relationships. Our training strategy includes random timeskips
to handle the delayed visual consequences of actions and sequence-level training to maintain temporal
coherence.

For evaluation, we design a hierarchical evaluation protocol to understand PEVA’s capabilities across
different levels of complexity. First, we assess its ability to predict immediate visual consequences
through single-step predictions. Second, we decompose complex human movements into atomic
actions to test the model’s understanding of how specific joint-level movements affect the egocentric
view. Third, we examine the model’s capability to predict long-term visual consequences by evaluating
on extended time horizons, where the effects of actions may be delayed or not immediately visible.
Finally, we explore the model’s ability to serve as a world model for planning by using it to simulate
actions and choose the ones that lead to a predefined goal. This layered approach allows us to
systematically analyze the strengths and limitations of our model, revealing both its capacity to
simulate embodied perception and the open challenges that remain in bridging the gap between
physical action and visual experience.

To conclude, we introduce PEVA, a diffusion-based model that predicts future egocentric video
conditioned on whole-body motion. By grounding prediction in 3D whole-body movement, our model
captures the intricate relationship between movement and visual perception. Our comprehensive
evaluation framework demonstrates that whole-body control significantly improves video quality,
semantic consistency, and simulating counterfactuals.
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2 Related Works

World Models. The concept of a “world model”, an internal representation of the world used for
prediction and planning, has a rich history across multiple disciplines. The idea was first proposed in
psychology by Craik (1943), who hypothesized that the brain uses “small-scale models” of reality to
anticipate events. This principle found parallel development in control theory, where methods like the
Kalman Filter and Linear Quadratic Regulator (LQR) rely on an explicit model of the system to be
controlled (Kalman, 1960). The idea of internal models became central to computational neuroscience
for explaining motor control, with researchers proposing that the brain plans and executes movements
by simulating them first (Jordan, 1996; Kawato et al., 1987; Kawato, 1999).

With the rise of deep learning, the focus shifted to learning these predictive models directly from
data. Early work in computer vision demonstrated that models could learn intuitive physics from
visual data to solve simple control tasks like playing billiards or poking objects (Fragkiadaki et al.,
2015; Agrawal et al., 2016). This paved the way for modern, large-scale world models that predict
future video frames conditioned on actions, enabling planning by “imagining” future outcomes (Ha
and Schmidhuber, 2018; Hafner et al.; Liu et al., 2024; Li et al., 2022; Zhou et al., 2024; Yang et al.,
2023, 2024; Assran et al., 2025). In reinforcement learning, models like Dreamer have shown that
learning a world model improves sample efficiency (Hafner et al., 2023). Recent approaches have
used diffusion models for more expressive generation; for example, DIAMOND generates multi-step
rollouts via autoregressive diffusion (Alonso et al., 2024). In the egocentric domain, Navigation
World Models (NWM) used conditional diffusion transformers (CDiT) to predict future frames from
a planned trajectory (Bar et al., 2025). However, these models use low-dimensional controls and
neglect the agent’s own body dynamics. We build on this extensive line of work by conditioning
video prediction on whole-body pose, enabling a more physically-grounded simulation.

Human Motion Generation and Controllable Prediction. Human motion modeling has advanced
from recurrent and VAE-based methods (Rempe et al., 2021; Petrovich et al., 2021; Ye et al., 2023) to
powerful diffusion-based generators (Tevet et al., 2022; Zhang et al., 2024). These models generate
diverse, realistic 3D pose sequences conditioned on text (Hong et al., 2024; Guo et al., 2022; Dabral
et al., 2023), audio (Ng et al., 2024; Dabral et al., 2023; Ao et al., 2023), and head pose (Li et al.,
2023; Castillo et al., 2023; Yi et al., 2025). Recent works like Animate Anyone (Hu et al., 2023) and
MagicAnimate (Xu et al., 2023) generate high-fidelity human animations from a reference image and
pose sequence. Physically-aware extensions like PhysDiff (Yuan et al., 2023) incorporate contact
into the denoising loop. While prior works treat pose as the target, our model uses it as input for
egocentric video prediction, reversing the typical motion generation setup. This enables fine-grained
visual control, bridging pose-conditioned video generation (Wu et al., 2023; Zhang et al., 2023) with
embodied simulation. Unlike Make-a-Video (Singer et al., 2022) or Tune-A-Video (Wu et al., 2023),
which focus on text/image prompts, we condition directly on physically realizable body motion.

Egocentric Perception and Embodied Forecasting. Egocentric video datasets such as Ego4D (Grau-
man et al., 2022), Ego-Exo4D (Grauman et al., 2024) and EPIC-KITCHENS (Damen et al., 2018)
were used to study human action recognition, object anticipation (Furnari and Farinella, 2020), future
video prediction (Girdhar and Grauman, 2021), and even animal behavior (Bar et al., 2024). To study
pose estimation, EgoBody (Zhang et al., 2022) and Nymeria (Ma et al., 2024) provide synchronized
egocentric video and 3D pose. Unlike these works, we treat future body motion as a control signal,
enabling visually grounded rollout. Prior works in egocentric pose forecasting (Yuan and Kitani,
2019) and visual foresight (Finn and Levine, 2017) show that predicting future perception supports
downstream planning. Our model unifies these lines by predicting future egocentric video from
detailed whole-body control, enabling first-person planning with physical and visual realism.

3 PEVA

In this section we describe our whole-body-conditioned ego-centric video prediction model. We start
by describing how to represent human actions (Section 3.1), then move on to describe the model and
the training objective (Section 3.2). Finally, we describe the model architecture in Section 3.3.
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Figure 25: Generation Over Long-Horizons. We include 16-second video generation examples.
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