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Abstract

Egocentric world models present a promising direction for enabling agents to
predict and plan, but their performance is constrained by the limited availability of
egocentric training data and its inherent partial observability of humans’ physical
actions. In contrast, exocentric video is abundant and reveals body poses well,
but lacks direct alignment with an agent’s action space—and is not egocentric.
We propose a method to bridge this gap by extracting structured body pose from
exocentric video as a representation of action and transforming the exocentric video
to egocentric video, informed by a human kinematics prior. This process unlocks
the integration of in-the-wild exocentric data for egocentric world model training.
We show that training whole-body action-conditioned egocentric world models with
our converted data significantly improves both prediction quality and downstream
planning performance, where we infer the sequence of body poses needed to
achieve a visual goal state. Our approach paves the way to enlist arbitrary in-the-
wild videos for building powerful egocentric world models, furthering applications
in robot planning and augmented-reality guidance. E]

1 Introduction

Humans can learn about the world not only through direct experience, but also by observing others [[7}
70]. We may learn to knead dough from a cooking video, study a friend’s brushstrokes while
painting, or watch a parent guide thread through the loops of a knitting pattern. From these exocentric
observations, we can mentally imagine how the same interactions would unfold through our own
eyes: where our hands would move, how objects would shift, resist, or deform under contact, and how
each action would reshape the visual scene before us. This ability to transform observed behavior
into anticipated first-person experience allows us to learn predictive structure about the world without
directly performing every action ourselves [69].

Egocentric world models aim to provide agents with this first-person predictive understanding by
modeling how future states evolve under embodied action. Such models could serve as a foundation
for future systems that must anticipate the consequences of human motion, including robots [25} 4,
55, 127]], wearable augmented reality agents that reason from a user’s viewpoint [13]], and assistive
technologies that predict and support everyday interactions [[19]. In human-centered egocentric
settings, the relevant action space is naturally 3D human motion: egocentric observations change
with the actor’s movement and through interactions with the physical space, shaping egocentric
observations.
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Figure 1: Overview. Egocentric video provides an embodied view but often hides the body and
occludes the hands, while exocentric video often reveals full-body motion (a). EgoExo-WM
uses recovered 3D human motion as a bridge for learning an egocentric world-model with
exocentric video: it defines the action sequence and guides exo-to-ego synthesis into action-
aligned egocentric observations (b). The learned world model enables goal-conditioned planning
for applications such as robotics and augmented reality by selecting actions that best reach a
target state (c).

Current egocentric world model training processes remain limited by existing egocentric datasets [6,
[56| [71, 23]]. However, learning such models from existing egocentric datasets alone creates a dual
bottleneck. First, egocentric video is difficult to collect at scale because it requires people to wear
cameras while performing diverse activities across many environments—today’s largest egocentric
captures [28] [18},[50]] are still dwarfed by (largely exocentric) internet-scale video resources [52} 43|
[T}, [64]. Second, the 3D human motion needed to define the action space and condition the world
model is difficult to obtain at scale: egocentric video alone provides only a very partial view of the
body, and hands are frequently occluded during interaction. More fundamentally, an embodied agent
should not be limited to learning only from experiences recorded through its own viewpoint. To
build scalable world models, we need mechanisms that can convert arbitrary observations of human
behavior into useful first-person predictive supervision.

Taking inspiration from human observational learning, we introduce EgoExo-World Model (WM), a
framework for leveraging exocentric videos to train egocentric world models. See Fig.[I] Exocentric
video offers a complementary source of supervision: it exists at internet scale, captures diverse
activities and environments, and often reveals the 3D human motion hidden in egocentric views. Our
key insight is that 3D human motion can unify exocentric observation, world model learning, and
egocentric video synthesis. We extract 3D human motion from exocentric video and use it as the
action space for world model training and to guide exo-to-ego synthesis. Building on EgoX [41]], our
viewpoint conversion module incorporates body motion priors so that synthesized egocentric videos
are not only visually plausible, but also aligned with the underlying human action.

Using this approach, we convert diverse exocentric videos from internet sources such as
HowTol00M [52], CrossTask [81]], and 100 Days of Hands [64] into paired egocentric visual
observations with 3D human motion sequences. We then inject this converted data into training a
human action-conditioned egocentric world model, together with existing egocentric data. Given a
history of egocentric observations and a 3D human motion, our world model predicts the resulting
future egocentric visual state. Together, these components form EgoExo-WM, a framework that
demonstrates how egocentric WMs can move beyond purely egocentric training by incorporating
heterogeneous exocentric observations as diverse visual experience and human-action supervision.

Evaluating on three diverse egocentric datasets (Home Action Genome [62]], LEMMA [39], and
Ego-Exo4D [29]]), we demonstrate that EgoExo-WM consistently outperforms SOTA egocentric
world-model baselines in future rollout predictions. Beyond prediction, EgoExo-WM also enables
stronger downstream planning: given contextual egocentric observations and a target visual goal
state, the learned world model can select the sequence of 3D human motions that best drives the
agent toward the desired visual outcome—e.g., how the person would need to move within the scene



and/or manipulate objects in order to achieve a target state (Fig. [T[c)). Together, these results show
how EgoExo-WM can unlock exocentric video as a scalable source of visual experience and action
supervision for egocentric world modeling.

2 Related Work

World Models. World Models are predictive models that enable agents to predict future obser-
vations and reason about the consequences of actions, making them a promising paradigm for
embodied intelligence. They have been used for generating synthetic training data [38| 2]], improving
policies [61} 211, 32], and learning action-conditioned world representations for planning and con-
trol [25, 14} 18] 33} 131 130]. A growing line of work explores egocentric video due to its alignment with
the first-person perceptual inputs and onboard sensors used for control [28 180, |42]]. Building on this
motivation, recent egocentric world models learn predictive dynamics from wearable camera videos,
often conditioning on explicit body, hand, or head motion to capture interaction dynamics relevant to
humanoid control and dexterous manipulation [[71} 16} 56} 27, [24]. However, these approaches remain
limited by the scarcity of egocentric data with accurate, low-level action annotations—and body pose
visibility is inherently restricted in egocentric views. Some works avoid explicit actions by learning
latent actions [25] or conditioning on text descriptions [76], but such action representations are
difficult to interpret or too coarse to capture the fine-grained kinematics needed for precise embodied
control. Thus, a central challenge remains: how to scale egocentric world modeling?

To address this challenge, we scale egocentric world modeling with abundant exocentric video while
preserving physically grounded supervision. Our model extracts action signals from 3D human
pose, providing a richer and more interpretable representation of agent dynamics than latent or
low-dimensional actions, and it introduces an auxiliary wrist-position consistency loss to keep the
learned dynamics grounded in the agent’s pose rather than only future visual appearance. Most
importantly, we show that transforming exo data to ego unlocks an existing resource for WM training,
translating third-person observations into first-person experience.

Exo-to-Ego Generation. Exocentric-to-egocentric view translation synthesizes egocentric observa-
tions from exocentric videos, but remains challenging due to large viewpoint gaps, occlusions, and
ambiguity in human motion. Prior work addresses this with stronger supervision, such as the first
egocentric frame [[73]] or synchronized multi-view exocentric videos [47]], and with geometric repre-
sentations that improve cross-view consistency [[17,141}19,[10}153, 114,160} [15]. However, these methods
largely emphasize scene-level alignment; methods that transfer human information typically rely on
egocentric hand priors [49, [73]] rather than full-body dynamics. EgoX [41] is a strong framework
combining 4D reconstruction [36], video generation priors [72], and VLM-based conditioning [[1], but
its lack of an explicit human prior can lead to action misalignment, including incorrect hand-object
interactions, swapped hands, or hallucinated arm motion, as shown in Figure 3] EgoExo-WM builds
on EgoX by adding full-body human priors, which provide kinematic cues for projecting hands into
the egocentric view consistently with the estimated body pose. We use this conversion step to unlock
exocentric videos as training data for egocentric world models. While we observe it to have good
precision advantages in practice, exo-to-ego conversion itself is not our technical focus, and other
conversion methods could also be incorporated into our framework [[17, 41} |49].

Human Pose Estimation. Human pose estimation aims to recover 2D or 3D human structure from
monocular images or videos, including body and hand motion [20} 26} 166, 7874, |59]]. These methods
either estimate skeletons directly [46] or fit parametric models such as SMPL [48] 58], MANO [63],
and MHR [22]. Recent work has made substantial progress in improving the accuracy, robustness,
and temporal consistency of these predictions across diverse scenes and motions [23} 75,112, [79]. By
converting raw visual observations into compact, semantically meaningful structure, pose provides a
useful human prior for downstream tasks such as motion prediction [3} 57} [16] and robot learning [45]
S5, 168]. We leverage the human pose present in exocentric videos as a prior in two ways: to guide ego
conversion and to serve as the action space for our world model.

3 EgoExo-WM

In this section we introduce our EgoExo-WM. We start by presenting our world model (Section [3.1)),
followed by our method for converting exocentric videos to egocentric videos (Section[3.2)). Finally,
we describe how we can plan with EgoExo-WM by ranking action sequences (Section 3.3).
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Figure 2: World Model Training. EgoExo-WM unlocks exocentric video for egocentric world
model training. Given an exocentric video, we recover 3D human motion which we use alongside
the original video to ground our exo-to-ego conversion. The 3D human motion becomes our actions
and the converted exocentric video becomes the egocentric observation. We then train EgoExo-WM
autoregressively with teacher forcing. We apply a lightweight wrist keypoint predictor on predicted
latents and use a wrist keypoint consistency loss to preserve relevant pose cues.

3.1 World Model Training

We formulate EgoExo-WM as a human motion conditioned egocentric world model. Given a history
of egocentric states and a 3D human motion, the model learns to predict how the egocentric state
evolves after executing that action.

Let x; denote the egocentric observation at time ¢, and let a; denote the 3D human motion action
that moves the agent from time ¢ to ¢ + 1. We represent a; as a structured vector that captures both
global body motion and local joint articulation. Specifically, a; € R consists of the change in root
translation and the relative rotations of 22 body joints, with each joint rotation parameterized by Euler
angles, and thus N = 3 + 22 x 3 = 69.

We train the world model in a visual latent space. Pixel-level prediction is expensive and can
overemphasize low-level appearance details, whereas latent prediction provides a more compact
target that preserves semantic and geometric information relevant for future egocentric observations.
Specifically, we use a pretrained DINOv3-L [67] encoder E to map each observation x; to a visual
latent z; = E(x;). Given a fixed-length context window of H past visual latents z;_ 1., and the
next 3D human motion action a;, the world model fy predicts the next visual latent,

Zir1 = fo(Ze—Hy1:4,a1)
We supervise this prediction by encoding the future egocentric observation x;; with the same visual

encoder and regressing to its latent representation z; 1 = F(X;41) using Liyent = ||Z¢41 — Ze41]/3-

Because human pose is central to grounding egocentric dynamics, we encourage the predicted future
state to preserve relevant pose cues by adding an auxiliary wrist-position consistency objective,
inspired by prior work (73]]. In our implementation, a lightweight head h, predicts a wrist

heatmap Vt+1 = hy(841) from the predicted latent state, which is supervised using wrist pseudo-
labels V., extracted from the corresponding training frame. The full training objective is thus

L= |z1 — ze1 |3 AN Vi — Ve ll3 -

ﬁ]atem L:wrisl

where ) is used to scale the wrist position consistency loss; we find A = 1 works well.

This formulation enables joint training on real egocentric and converted exocentric videos in a
shared observation-action format. Real egocentric datasets require external sensing for full-body
motion, such as the motion-capture suit used in Nymeria [50]. For converted exocentric videos, we
instead estimate 3D human motion directly from the exocentric view and pair it with synthesized



egocentric observations. Critically, the synthesized egocentric videos complement the real egocentric
videos with a broader range of activities, scenes, and interactions. Concretely, this means we can
take a specialized dataset like Nymeria and join it with more in-the-wild, broadly available internet
video like HowTo100M [52]] or 100 Days of Hands [64]. Figure |Z| overviews how we incorporate
synthesized egocentric videos.

3.2 Exo-to-Ego Data Generation

Synthesizing egocentric video from an exocentric viewpoint is inherently underdetermined, since the
exocentric camera cannot always observe the objects or fine-grained interactions that appear in the
actor’s egocentric view. To address this, we develop EgoX-Body, a method designed to bridge this
gap by grounding the generation process in explicit human kinematic structure.

Building on Ego-X [41], EgoX-Body incorporates the kinematics at two complementary levels.
On the exocentric side, while the input video contains rich motion data, it is often entangled with
viewpoint and background. We introduce kinematic conditioning by overlaying human skeletons
(SAM 3D Body representation [23| [75]) onto the conditioning frames. This provides a structured,
canonical representation of behavior that grounds the synthesis in the actor’s physical movement.

. . . . (a) Exocentric Video (Input)
On the egocentric side, we introduce an egocentric g -

hand kinematics conditioning to directly reflect the in-
teractions that define egocentric video. We condition
the model with a drawn hand-skeleton overlay that
exposes hand kinematics, helping generate consistent
hand motion and interaction-relevant cues.

During training, we instantiate hand kinematics using
ground-truth poses extracted with HaMeR [59]]. At
inference time, we reconstruct the hand kinematics
directly from the exocentric input by projecting the
3D hand positions from the estimated body pose into
this rendered view, creating a conditioning signal
that aligns the generated egocentric video with the
observed human motion. This dual-prior approach
ensures that EgoX-Body generates videos that are
not only visually plausible but faithfully represent
the underlying human action. The overall inference
pipeline can be seen in Figure[] A qualitative sample
comparing EgoX and EgoX-Body can be seen in
Figure 3] More qualitative samples can be seen in the
Supplementary Video.

Figure 3: EgoX-Body Qualitative Compar-
ison. EgoX-Body better grounds generated
egocentric video in human motion and inter-
action structure.

3.3 Planning with EgoExo-WM

Having introduced our world model and the viewpoint conversion model, we now explain how it can
be used for planning. A key advantage of an action-conditioned egocentric world model is that it can
be used not only to predict future observations, but also to choose actions that make progress toward
a desired future state. For example, a robot could given the textual goal ’load my laundry’ along
with a visual goal image of the laundry in the washing machine and subsequently plan a sequence of
actions that reach that goal [21} 4, 18, 134} [77]. Similarly, in an augmented reality coaching setting,
a visual goal could depict a soccer ball reaching the top corner of the soccer goal net. Given the
user’s current observation, the planner could determine a human motion sequence that is predicted to
achieve this outcome, and then provide guidance on how to position the support foot, align the body,
strike the ball, and follow through from the user’s current position.

We instantiate this idea with a motion predictive control (MPC)-style planning procedure over
candidate human motion sequences. Given the current egocentric observation and a visual goal, we
sample candidate action sequences, rollout each sequence forward with our learned world model,
and select the sequence whose predicted future state is closest to the goal. To obtain realistic and
physically plausible action candidates, we use UniEgoMotion [57]] as an action proposal model. While
other methods could be used [65) 40], UniEgoMotion provides temporally consistent sequences of
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Figure 4: EgoX-Body Inference Overview. From exocentric videos, we extract body pose and lift the
scene into a 3D point cloud. The body skeleton is overlaid onto the exocentric video, while the same
pose and geometry are used to render an egocentric prior with predicted hand locations. We form
two latent inputs: (1) the clean exocentric latent concatenated with noise, and (2) the body-overlaid
exocentric latent concatenated with the egocentric hand prior. These are combined channel-wise with
a mask and fed into a video diffusion model to generate the egocentric video. Incorporating these
human kinematic priors produces outputs that are better grounded in human actions (Fig. EI)

whole-body actions grounded on a current egocentric observation, bounding the sampling space to
human-like motions for our EgoExo-WM-based MPC method to evaluate and select the most likely
to achieve the desired egocentric outcome.

At each planning step, we sample IV candidate action sequences {aglt) i 1Y, over a horizon H. For
each candidate, we simulate its future outcome by autoregressively rolling out our learned world
model in latent space:

(@) _ (4)
Zigrrn = Jo(2e, a0, ),
where z, is the current latent observation. We assume access to a desired goal image, which in practice
would be provided by a user-captured image, selected from a demonstration video, or generated from

a high-level language instruction describing the desired outcome. We encode the goal image as a
target latent z, and score each candidate sequence by its closest predicted rollout state to the goal,

Cc = ||z£2 1 — Zgl|3. We then select the candidate action sequence with the lowest predicted cost:
5 . ) * _ @
i=arg min CY, Ay = Qyy g

This procedure performs MPC-style planning by evaluating multiple horizon-length action proposals
through the world model and choosing the sequence whose predicted latent trajectory best matches
the desired goal. Note that ultimately the success or failure of the plan will rest on how accurately
EgoExo-WM predicts its rollouts.

4 Experiments and Results
4.1 Experimental Setup

Training Data. Our training data consists of (1) real egocentric video and (2) synthetic egocentric
data generated from exocentric sources. As egocentric training data, we use Nymeria [50], an
existing egocentric dataset with paired 3D human motion trajectories. Nymeria provides egocentric
video synchronized with full-body motion capture, recorded in real-world environments such as
homes and outdoor parking lots using an Xsens system [54]. We follow the preprocessing steps of
PEVA [6], resulting in approximately ~200 hours of training data.

Our approach further injects converted exocentric training data from multiple large-scale video
datasets. We first preprocess them into clips where the head and body are visible and an action is being
performed; details are provided in Supp.[A.3] We then convert these clips into egocentric data using
the pipeline in Section [3.2]and Figure ] Our exocentric sources are: (1) HowTol00M [52], a large-
scale instructional video dataset, from which we sample ~5 hours from the Food and Entertainment



HOMAGE LEMMA

Model L2} PCK@20 1 Model L2} PCK@20 1
2s Avg 2s Avg 2s Avg 2s Avg
PEVA-L 0.115 0.108 0.326  0.402 PEVA-L 0.115 0.107 0.439 0.448
PEVA-XL 0.112 0.107 0.308 0.357 PEVA-XL 0.110 0.106 0.324 0.265
PEVA-XXL 0.109 0.103 0.321  0.365 PEVA-XXL 0.109 0.101  0.363 0.420
EgoControl* 0.099 0.087 0.352 0.458 EgoControl* 0.091 0.077 0.343  0.470
Ego-WM 0.069 0.058 0.313 0.396 Ego-WM 0.068 0.055 0.433 0.527
Naive EgoExo-WM  0.065 0.053  0.347  0.447 Naive EgoExo-WM  0.064 0.049 0.439 0.561
EgoExo-WM 0.057 0.047 0404 0.531 EgoExo-WM 0.058 0.045 0515 0.618
Ego-Exo04D-Bike Ego-Exo04D-Cooking
Model L2} PCK@20 1 Model L2} PCK@20 1
2s Avg 2s Avg 2s Avg 2s Avg
PEVA-L 0.108 0.099 0.340 0.427 PEVA-L 0.105 0.097 0.210 0.298
PEVA-XL 0.106 0.096 0.319 0.397 PEVA-XL 0.105 0.097 0.210 0.301
PEVA-XXL 0.103 0.093 0.255 0.420 PEVA-XXL 0.102 0.095 0.197 0.303
EgoControl* 0.085 0.073 0.414 0.537 EgoControl* 0.090 0.078 0.223  0.378
Ego-WM 0.050 0.042 0.468 0.561 Ego-WM 0.063 0.053 0.460 0.459
Naive EgoExo-WM  0.048  0.040 0.382 0.525 Naive EgoExo-WM  0.062  0.052 0.368 0.443
EgoExo-WM 0.049 0.040 0.489 0.603 EgoExo-WM 0.062 0.052 0460 0.515

Table 1: Open-loop world model evaluation across four datasets. We report final 2s error and average
error over the rollout using DINOv3-L latent L distance, along with wrist PCK@20. EgoExo-WM
achieves the best overall performance, showing that converted exocentric data improves egocentric
future prediction beyond egocentric-only training and naive use of raw exocentric video. We find that
standard deviation < 0.005 and PCK < 0.03 for PEVA and EgoControl.

category; (2) CrossTask [81]], a task-oriented instructional video dataset, from which we sample ~1
hour; and (3) 100 Days of Hands [64], a large collection of everyday hand-object interaction videos,
from which we sample ~4 hours. In total, we use a diverse ~10-hour subset across these sources,
which is the volume of data our compute could accommodate given the video-generation inference
time; the framework can easily incorporate additional converted exocentric clips as compute allows.

Evaluation Data. We evaluate on diverse held-out datasets to assess both egocentric latent state
prediction and downstream planning. Unlike prior methods evaluated primarily on training-domain
datasets [6} [56]], our evaluation spans broader variation in activities, environments, and action se-
quences. We use: (1) Home Action Genome (HOMAGE) [62]], paired egocentric/exocentric videos
of household activities such as cooking, cleaning, laundry, and grooming; (2) LEMMA [39], paired
egocentric/exocentric videos of daily activities such as watering plants, making cereal, and sweeping.
For HOMAGE and LEMMA, we extract full-body poses with SAM-Body4D and sample 150 clips,
using single-agent videos for LEMMA. (3) Ego-Ex04D [29], a large-scale paired egocentric/exocen-
tric dataset for which we use provided UniEgoMotion poses [57] and sample 125 clips each from the
Bike and Cooking subsets.

Baselines and Ablations. We choose baselines to cover the key alternatives for evaluating EgoExo-
WM. We compare against prior egocentric world models that predict first-person futures from human
motion, include UniEgoMotion [57] as both a motion-generation baseline and action proposal model
for planning, and ablate our own framework by holding architecture and objective fixed while varying
the use exocentric data. All model variants use the same total training budget and resolution.

* PEVA [6] is a SOTA diffusion-based, human-motion-conditioned egocentric video prediction
model. We compare against PEVA-L, PEVA-XL, and PEVA-XXL, trained on all 200 hours of
Nymeria at 224 x 224 resolution, using 7, 15, and 15 context frames, respectively.

* EgoControl* [56] is also a SOTA diffusion-based, human-motion-conditioned egocentric video
prediction model. The * indicates our adapted reimplementation, which we train on all 200 hours of
Nymeria at 224 x 224 resolution because the original code and models are not currently released.



Model HOMAGE LEMMA Ego-Exo4D-Bike Ego-Exo04D-Cooking

MPIPE | Wrist MPJPE | MPJPE | Wrist MPJPE | MPIPE | Wrist MPJPE | MPJPE || Wrist MPJPE |

UniEgoMotion 0.404 %+ 0.035 0.471 £ 0.038 0.444 = 0.016 0.493 = 0.016 0.292 4 0.044 0.367 & 0.039 0.533 £ 0.011 0.58 £0.011
UniEgoMotion + Ego-WM 0.383 + 0.010 0.447 £ 0.014 0.414 +0.012 0.455 % 0.010 0.267 & 0.007 0.341 % 0.005 0.519 +0.015 0.568 + 0.023
UniEgoMotion + EgoExo-WM  0.362 +0.012 0.421+0.012 0.396 +£0.008 0.438+0.006 0.245+0.016 0.320+-0.013 0.498+0.018 0.549 +0.016

Table 2: Model-Predictive Control Planning Results. We evaluate world-model guided planning
by ranking candidate trajectories proposed by UniEgoMotion [57]. EgoExo-WM achieves the lowest
error across all four evaluation datasets, spanning diverse environments and actions, suggesting that
converted exocentric-to-egocentric data improves coverage of human motions and interactions for
selecting goal-directed trajectories.

» UniEgoMotion [57] is a scene-aware egocentric motion model. We use its Egocentric Motion
Generation module as both a planning baseline and an action sampler whose trajectories are ranked
by our world model in Table 2}

* Ego-WM is our egocentric-only variant, trained on 200 hours of Nymeria with the same architecture
and objective as our full model, but without converted exocentric data.

* Naive EgoExo-WM uses the same architecture and objective, but trains on 190 hours of Nymeria
plus 10 hours of raw exocentric video without EgoX-Body conversion. This tests whether gains
come from exocentric data alone or from alignment to the egocentric observation-action format.

EgoExo-WM denotes our full method trained with 190 hours of Nymeria and 10 hours of converted
exo-to-ego trajectories. Note that for fairness, all methods see the same volume of data at training.

Evaluation Protocol. All open-loop rollout experiments use a 2-second horizon, corresponding to
8 frames at 4 Hz. EgoExo-WM and PEVA are rolled out autoregressively by feeding each predicted
observation back with the next action. EgoControl predicts the full 2-second sequence in one pass at
16 Hz, which we downsample to 4 Hz. We report both final 2-second performance and the average
over all 8 rollout frames. For visual prediction quality, we measure Lo distance between predicted and
ground-truth future observations in DINOv3-L feature space; pixel-space outputs are first encoded
with DINOv3-L, while latent-space predictions are evaluated directly. For human-action consistency,
we report wrist PCK @20, using ViTPose [74] on generated frames for pixel-space methods and our
wrist keypoint predictor for latent-space methods.

For model-predictive control planning, we use the world model to score sampled action sequences.
Given the last observation, UniEgoMotion [57] samples 4 candidate 3D human motion sequences of
horizon 8. EgoExo-WM rolls out future latents under each candidate and selects the sequence whose
final latent is closest to the goal latent. We evaluate with whole-body and Wrist MPJPE, standard
metrics for 3D human motion [35[37, 51]], and report mean and std dev over 5 runs.

4.2 Direct Evaluation of World Model Accuracy

Open-loop rollout evaluation is a standard mechanism for assessing whether a dynamics model can
accurately predict future observations under a prescribed action sequence [6, 127, 56]]. We evaluate
EgoExo-WM on open-loop rollouts against PEVA and EgoControl, and conduct ablations to measure
the contribution of our exocentric-to-egocentric training framework.

Table [T] shows that EgoExo-WM outperforms all PEVA variants and EgoControl under a matched
200-hour training data budget. Across all datasets, EgoExo-WM achieves lower Ly embedding
error, indicating more accurate 2-second open-loop rollouts. The gains are largest on HOMAGE and
LEMMA, where the average L, error is reduced by more than half relative to the strongest PEVA
baseline. This improvement is consistent with our method design: by converting diverse exocentric
videos into egocentric training data, EgoExo-WM exposes the world model to a broader distribution
of human motions, object interactions, and environments. This added coverage is especially valuable
for HOMAGE and LEMMA whose actions and environments are underrepresented in Nymeria.
EgoExo0-WM also improves wrist PCK @20, reflecting the effect of our wrist-consistency loss in
preserving fine-grained hand motion and interaction cues.

We ablate the role of our EgoExo-WM framework by comparing against variants that remove
the exo-to-ego conversion step (Naive EgoExo-WM) or the exocentric data altogether (Ego-WM).
EgoExo-WM improves performance on all datasets, with the clearest gains on HOMAGE and
LEMMA, which contain home and object-centric activities that are well represented by the exocentric
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Figure 5: Qualitative planning results. From an observation and a visual goal, a trajectory sampler
proposes candidate motion sequences, and the world model ranks them to select the one whose
predicted outcome best matches the goal. In the first example, the goal is to move left toward the
sink, whereas in the second, the goal is to pour cereal. EgoExo-WM chooses trajectories that better
match the ground-truth behavior than Ego-WM in both cases.

interactions unlocked through our approach. Improvements in Ly error are smaller on EgoExo4D-
Bike and EgoEx04D-Cooking, likely because cooking is already well covered by Nymeria while
biking is not well represented in data we converted. Even so, EgoExo-WM improves wrist PCK @20,
indicating better fine-grained action consistency across the board. Compared to the naive exocentric
variant, these results show that the gains do not come from adding raw exocentric videos alone,
but from converting exocentric interactions into egocentric, action-aligned trajectories suitable for
egocentric world-model training.

4.3 TImpact for Model-Predictive Control Planning

These results demonstrate that EgoExo-WM can be used for goal-directed planning. The model can
evaluate candidate human motion action sequences and select the one most likely to reach a desired
visual goal. This requires reasoning about both navigation and coordinated body motion: for example,
reaching for a mug may require walking to the shelf, tiptoeing, and reaching with the body. Although
our SMPL-based action space does not model articulated hands, the planning task still depends on
coordinated body motion. Our experiment isolates whether EgoExo-WM improves whole-body
action selection compared to alternative world-model evaluators and a no-sampling baseline.

Table 2] shows that world-model-based ranking improves both body and wrist MPJPE over the no-
sampling baseline, indicating that predictive models can provide guidance for whole-body action
selection. However, EgoExo-WM achieves the strongest performance across the evaluation datasets,
suggesting that its predictions are more informative for choosing goal-directed motions. These gains
reflect the benefit of incorporating diverse converted exocentric videos, which cover a wider range
of environments, body motions, and object-centric actions than egocentric data alone. This broader
coverage allows EgoExo-WM to better evaluate candidate action sequences, leading to improved
whole-body planning and finer-grained wrist motion across the diverse evaluation. See Fig.[5]and
Supp. Video for more qualitative planning samples.

5 Limitations and Conclusion

EgoExo-WM is limited in temporal scale: EgoX-Body supports 49-frame clips, so converted ex-
ocentric data captures short interactions, and our planning experiments use a 2-second horizon.
Longer-horizon planning under compounding prediction errors remains future work. Exo-to-ego
conversion also struggles with complex human-object interactions, especially occlusion, precise
contact, and small-object manipulation, and some predictions degenerate into mostly black or white
frames. See Supp.[A.3.2)and Supp. Video for examples.

We presented EgoExo-WM, a framework for using exocentric video to train egocentric world models.
By recovering 3D human motion, we use pose both to guide the exo-to-ego conversion and as
the action representation for world-model training. Our results show that converted exocentric
data improves egocentric prediction and goal-directed planning across diverse evaluation datasets,
suggesting a scalable path toward learning first-person predictive models from abundant exocentric
human video.
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A Technical appendices and supplementary material

In this supplementary material, we provide the following:

1. World Model Implementation Details (Sec.[A.T) — We describe our architecture and
training details, action representation, and wrist-position consistency loss.

2. EgoX-Body implementation details (Sec.[A.Z) — We describe the human motion extrac-
tion, egocentric prior construction, hand-conditioning procedure, diffusion-model inputs,
and implementation details used in EgoX-Body.

3. Exocentric video selection and filtering (Sec.[A.3) — We describe how exocentric videos
are selected, segmented, filtered, and post-processed before being used for world-model
training.

A.1 World Model Implementation Details

A.1.1 Architecture and Training Details

We train our world model with a CDiT-L/2 [8 6] backbone consisting of 24 layers, hidden size
1024, 16 attention heads, and MLP ratio 4. The model takes as input DINOv3 ViT-L/16 patch tokens
extracted from 224 x 224 images, producing a 14x 14 token grid with 196 tokens of dimension 1024.
‘We condition on 3.

We optimize with AdamW using a constant learning rate of 8x107?, 8;=0.9, £,=0.95, zero weight
decay, gradient clipping at 10.0, and bfloat16 mixed precision. We train with a per-GPU batch
size of 64 on 8 A40 GPUs, resulting in an effective global batch size of 512 and train for a total of
100, 000 iterations. For evaluation, we use an exponential moving average of the model weights, and
the model is compiled with torch.compile during training and evaluation.

A.1.2 Action Representation

We use a 3D human-motion action space based on the 22-joint SMPL body skeleton, as described
in the main paper in Section PEVA and EgoControl use Xsens motion trajectories with 23
body joints, while our model uses the 22-joint SMPL skeleton. We therefore convert actions to
the skeleton required by each model. The primary mismatch is the torso chain: Xsens uses four
spine joints, L5, L3, T12, and T8, while SMPL uses three. For Xsens-to-SMPL conversion, we
drop the intermediate lumbar joint L3 and map L5, T12, and T8 to the three SMPL spine joints.
For SMPL-to-Xsens conversion, we duplicate the corresponding lumbar spine joint to recover the
L3 entry. This conversion only changes the skeleton layout; the action parameterization remains
unchanged.

A.1.3 Wrist-Position Consistency Objective

The wrist consistency loss encourages the world model’s predicted next-frame representations to
remain spatially faithful to hand placement. We attach a frozen wrist-heatmap decoder on top of the
world model’s predicted DINOv3 patch tokens and penalize disagreement with a 2D ground-truth
heatmap. The decoder is a 6-layer Transformer head (256-dim, 16 heads, MLP ratio 4) that takes
the 14 x 14 grid of DINOv3 ViT-L/16 patch tokens (dim 1024) from a 224 x 224 image and predicts
a 1616 local patch per token, tiled back into a single-channel 224 x224 heatmap. The decoder is
pretrained on EgoExo4D and Nymeria with per-pixel MSE against ground-truth Gaussian heatmaps
before being frozen for world-model training.

Ground-truth heatmaps are generated from ViTPose wrist keypoints, keeping only detections with
mean confidence above 0.3 and de-duplicating wrists within 5 px of each other. Both wrists are
rendered onto a single channel by splatting an isotropic 2D Gaussian with o = 3.0 px and combining
the two via element-wise max, which preserves a unit peak when the wrists are co-located. During
world-model training, the frozen decoder is applied to the predicted next-frame patch tokens, and we
add an MSE loss between the resulting heatmap and the ground-truth, masked to frames in which at
least one wrist is visible.
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A.2 EgoX-Body Details
A.2.1 Release

When releasing EgoX-Body, which entails image generation, we will state guidelines for use.

A.2.2 Compute Details

We train EgoX-Body on 4 GH200s for 20, 000 iterations and perform inference on GH200 gpus with
each sample taking of 49 frames taking 3.5 minutes.

A.2.3 Body Pose and Scene Reconstruction

Given an in-the-wild exocentric video, we estimate full-body pose using SAM-Body4D and obtain
a 4D scene reconstruction using ViPE [36] following EgoX. The extracted body pose is converted
from the MHR representation to SMPL-X for compatibility with the rest of the pipeline. The body
pose provides the actor’s motion and 3D hand positions, while the 4D reconstruction provides scene
geometry for rendering an approximate egocentric view.

A.2.4 Egocentric Prior and Hand Overlay

We render the SMPL-X skeleton recovered from the exocentric video into an egocentric view using
a pinhole projection from a head-anchored virtual camera. The virtual camera center is defined
as the midpoint of the SMPL-X eye joints, L_EYE=23 and R_EYE=24. We additionally push the
virtual camera forward 0.1m and remove points too close to avoid rendering artifacts. We construct
the camera basis using the eye-to-eye direction as the horizontal axis x, the camera-center-to-NECK
direction as the vertical axis y, and z = x X y as the forward-looking axis.

For the hand overlay, we use the SMPL-X wrist and finger joints for each hand, with 16 joints and
15 bones per hand. Bones connect the wrist to each finger and proceed distally along the kinematic
chain. The left hand is drawn in red and the right hand in blue, with circles for joints and lines for
bones.

A.2.5 Practical Modifications

We make several practical modifications to improve robustness and efficiency. We add 250 training
samples from the H20 [44]] dataset, focusing on sequences where the person faces the camera, which
better matches many in-the-wild exocentric videos. We remove the Geometry Guided Attention
(GGA) module from EgoX, reduce the generation resolution from 448 x 448 to 384 x 384, and
save generated videos at 16 Hz. On an NVIDIA GH200, these changes reduce inference time from
approximately 17.5 minutes per video to approximately 3.25 minutes per video. Following EgoX,
we perform inference on 49-frame sequences.

A.3 Exocentric Video Selection and Filtering

To construct valid training clips from raw videos, we apply an automatic scene filtering pipeline.
Each video is first partitioned into candidate scenes using adaptive scene detection, and scenes below
a minimum duration are removed. For each remaining scene, we sample three representative frames
and require a single visible person to be detected in all of them. This is checked using ViTPose [74],
where a scene is retained only when reliable head and upper-body keypoints are present. We also
estimate camera motion over the scene using ORB correspondences and affine motion estimation,
rejecting clips with noticeable zoom, translation, or rotation.

The remaining candidates are passed to GPT-40-mini as a conservative visual validator. Given the
sampled frames, GPT-40-mini [1]] predicts whether the scene contains a clear human action, estimates
the maximum overlay coverage, and identifies photographic overlays such as picture-in-picture videos.
We accept a scene only when a visible human action is present, the estimated overlay coverage is
below 20%, and no photographic overlay is detected. We include the prompt we use below.

VLM Filtering Prompt.

Check these images and answer STRICTLY in JSON.

16



You are judging the scene across all provided images together.

Definitions:

- A "human action" means a visible person actively doing something.

- human_action should be true ONLY if a person is clearly performing
a visible action in at least one image, and the scene overall appears
to depict a human action.
Examples: cutting, cooking, typing, walking, opening something,
holding or manipulating objects, cleaning, assembling, playing.

- human_action should be false for:
- static poses (standing, sitting without action)
- portraits/selfies
- empty scenes
- landscapes
- objects moving without human involvement
- animals acting without humans
- a person just talking to the camera (e.g. vlog-style, speaking, presenting)
- a person facing the camera without clear interaction with objects

Overlay rules:
- An "overlay" is anything drawn on top of the main scene.
- overlay_is_photographic should be true ONLY if any image contains a
natural photo or video image as an overlay (e.g. picture-in-picture, inset video).
- overlay_is_photographic should be false for logos, branding, text,
subtitles, UI elements, icons, flat illustrations, watermarks.

Rules:
- human_action: true only if a clear human action is visible across the set
- overlay_pct: estimated percent (0-100) of the image covered by overlays;
if images differ, use the highest / worst-case estimate
- passes = human_action AND overlay_pct < 20 AND (overlay_is_photographic == false)

Be conservative if unsure.

A.3.1 Post-Processing

EgoX-Body converts each exocentric clip into a 49-frame egocentric sequence at 16 Hz. For world
model training, we temporally downsample these converted clips to 8 Hz, yielding 25 frames per
sequence. We apply the same temporal sampling to the corresponding 3D human-motion trajectories,
so each converted clip becomes an egocentric observation-action sequence aligned with the format of
real egocentric trajectories. This allows converted exocentric interactions to be used jointly with real
egocentric data during training.

After conversion, we standardize generated clips for world model training. Each converted video is
saved at 384 x 384 resolution and 16 Hz. We center crop at 85%, resize to 224 x 224, and then we
downsample to 8 Hz for world model training and pair each egocentric observation sequence with the
corresponding whole-body action trajectory derived from the estimated body pose.

A.3.2 Failure Cases

We observe that Internet ego-view collections contain several recurring failure cases that make them
unhelpful for training. These include black or near-black cuts, title cards or overexposed frames,
motion-blurred clips, and sped-up tutorials with abrupt frame-to-frame changes. Such clips either
lack useful visual content or contain temporal artifacts that can degrade world model training. We
provide some qualitative examples of failure cases in Figure[6|and in the Supplementary Video.

A.3.3 Filtering EgoX-Body Generated Videos

To remove these failure cases, we implement a simple automatic quality filter on the 326 x 326 ego
crop of each source clip. Specifically, we compute four scalar statistics: black_fraction_mean,
the average fraction of near-black pixels over time; white_fraction_mean, the average frac-
tion of near-white pixels over time; blur_median, the median Laplacian variance across frames;
and motion_median, the median mean-absolute-difference between consecutive grayscale frames.
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Black

Figure 6: Examples of failure cases in Internet ego-view videos. We show representative clips with
large white or black regions, which commonly arise from videos where the person is directly facing
the camera where the egocentric prior is essentially black. These failure cases provide little useful
training signal, motivating the automatic filtering criteria described in Section[A.3.3]

We retain clips satisfying black_fraction_mean < 0.30, white_fraction_mean < 0.20,
blur_median > 50, and motion_median < 32.5. These thresholds are calibrated by inspect-
ing random clips near each cutoff to verify that they separate clear failure cases from usable footage.
This filtering retains roughly 80% of candidate clips for training.

18



	Introduction
	Related Work
	EgoExo-WM 
	World Model Training
	Exo-to-Ego Data Generation
	Planning with EgoExo-WM

	Experiments and Results
	Experimental Setup
	Direct Evaluation of World Model Accuracy
	Impact for Model-Predictive Control Planning

	Limitations and Conclusion
	Technical appendices and supplementary material
	World Model Implementation Details
	Architecture and Training Details
	Action Representation
	Wrist-Position Consistency Objective

	EgoX-Body Details
	Release
	Compute Details
	Body Pose and Scene Reconstruction
	Egocentric Prior and Hand Overlay
	Practical Modifications

	Exocentric Video Selection and Filtering
	Post-Processing
	Failure Cases
	Filtering EgoX-Body Generated Videos



