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Figure 1. Conceptual illustration of World-Ego Modeling. Embodied evolution involves two heterogeneous dynamics: the world
preserves persistent, instruction-agnostic scene regularities, whereas the ego captures robot-centric, instruction-conditioned motion
and interaction. World-Ego Modeling decomposes these dynamics to enable stable long-horizon rollouts for hybrid navigation-
manipulation tasks.

Abstract

World models are widely explored in embodied intelligence, yet they typically predict distinct evolutions of the world and the
ego within a single stream, where the world captures persistent instruction-agnostic scene regularities and the ego captures
robot-centric instruction-conditioned dynamics. This world-ego entanglement leads to a degradation in long-horizon embodied
scenarios, particularly in hybrid tasks with interleaved navigation and manipulation behaviors. In this paper, we introduce
World-Ego Modeling, a new conceptual paradigm that decomposes future evolution into world and ego components. We
define the world-ego boundary from three perspectives, i.e., motion-, semantic-, and intention-based views, and analyze three
disentanglement strategies with post-, pre-, and full disentanglement. Further, we instantiate this paradigm as the World-Ego
Model (WEM), a unified embodied world model that couples an implicit separate world-ego planner with a cascade-parallel
mixture-of-experts (CP-MoE) diffusion generator. To enable rigorous evaluation, we further construct HTEWorld, the first
benchmark for long-horizon world modeling with hybrid navigation-manipulation tasks, providing 125K video clips (over
4.5M frames) with fine-grained action annotations and 300 multi-turn evaluation trajectories (over 2K instructions). Extensive
experiments show that WEM achieves state-of-the-art performance on HTEWorld while remaining competitive on existing
manipulation-only benchmarks.
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World-Ego Modeling for Long-Horizon Evolution in Hybrid Embodied Tasks

1 Introduction

World models are essential to embodied AI, as they learn the physical dynamics to predict future consequences [1, 2, 3],
generate synthetic data [4, 5], and serve as policy simulators [6, 7, 8, 9, 10]. Recent video-based world models [11, 12, 13, 14,
15, 16] have shown strong capabilities in generating realistic future rollouts [17, 18, 19, 20, 21, 22]. In general, an embodied
world model needs to simultaneously predict the world and the ego (i.e., embodiment), while recent efforts usually ignore the
distinction between them.

As known, the world captures persistent, instruction-agnostic scene regularities such as layout and object permanence, while
the ego captures instruction-conditioned dynamics such as robot behavior and object interactions. Related world-ego concepts
have appeared in adjacent areas: JEPA-style architectures separate environment evolution from action proposals [23, 24]; ego-
vision world models gain controllability by factoring future video into ego motion, object dynamics, and scene composition [25].
Intuitively, distinguishing the two yields an interpretable decomposition of future prediction. As for video generation, separating
the world and the ego avoids overloading a single predictive stream with two heterogeneous responsibilities. In terms of
embodied prediction, the world and the ego correspond to fundamentally different aspects of the embodied world (i.e.,
intention-agnostic change vs. intention-driven behavior), so modeling them separately aligns the predictive structure with
the underlying physical reality. Hence, we are motivated to explore world-ego modeling towards the next generation of the
embodied world model.

Particularly, conventional world models degrade in long-horizon embodied evolution, especially for hybrid navigation-
manipulation tasks [26, 27, 28, 29, 30]. We believe this challenge can be effectively handled by the paradigm of world-ego
modeling, since long-horizon scene consistency required by navigation aligns with the world’s persistent evolution, and the
contact-rich physical dynamics required by manipulation align with the ego’s instruction-driven behavior. Thereby, we aim to
design a unified world evolution for long-horizon and composite embodied tasks under the world-ego concept.

As shown in Fig. 1, this paper introduces World-Ego Model (WEM) to investigate an essential question: How should
we define the “world” and the “ego”, and does embodied world modeling require world-ego disentanglement? First, we
explore the world-ego boundary from three views: i) the motion-based view uses motion cues (e.g., optical flow) to assign
contact-induced object dynamics to the ego and other regions to the world; ii) the semantic-based view learns an assignment
mask to attribute scene regions to the world and the robot or manipulated objects to the ego; and iii) the intention-based
view lets the world carry visual-history regularities and the ego carry instruction-conditioned dynamics so that the generator
implicitly learns how each region uses the two information sources. To instantiate the world-ego concept into a concrete
model architecture, we develop a general framework that supports three world-ego definitions and three disentanglement
strategies. In detail, there is an implicit planner to infer separate world and ego states via role-conditioned attention (RCA)
over asymmetric query groups and a generator to produce video chunks with a cascade-parallel mixture of experts (CP-MoE)
and chunk-wise autoregressive diffusion paradigm [31, 32, 33, 34, 35]. As a result, by adopting the semantic world-ego view
and full world-ego disentanglement, WEM shows great potential for long-horizon multi-turn embodied evolution in hybrid
navigation-manipulation tasks.

This study needs to evaluate both navigation-oriented scene imagination and manipulation-oriented physical simulation
under continuous multi-turn embodied instructions, but none of the recent benchmarks [36, 37, 38, 39] meet our requirements.
We therefore construct a Hybrid-Task Embodied World Benchmark (HTEWorld) on top of BEHAVIOR-1K [40], providing
125K video clips (over 4.5M frames) as training data with fine-grained action-centric annotations and 300 evaluation trajectories
that combine interleaved navigation and manipulation stages, together comprising over 2K instructions. On HTEWorld, our
WEM can handle hybrid-task rollouts and outperform state-of-the-art models (fine-tuned on the same training data) by a
large margin. Besides, WEM remains competitive on existing manipulation-oriented benchmarks [39]. Our contributions are
summarized as follows:

• We propose World-Ego Modeling, a new conceptual paradigm for the embodied world model that decomposes future
evolution into the world and the ego. We define the world-ego boundary from motion-, semantic-, and intention-based
views and analyze the necessity of world-ego disentanglement for embodied evolution.

• We design WEM, a video-based embodied world model with an RCA-based planner and a CP-MoE generator that
instantiates the concept of world-ego modeling, to address long-horizon and multi-turn video rollout for hybrid
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navigation-manipulation tasks.

• We construct HTEWorld, the first training dataset, benchmark, and metric protocol for long-horizon world evolution
with hybrid navigation-manipulation behaviors. Our WEM achieves state-of-the-art performance on HTEWorld and
maintains compatibility with the previous manipulation-oriented task.

2 Related Work

Video World Models. World models predict future states from historical observations, actions, or instructions, serving as
internal simulators for planning, data generation, and policy learning [1, 41, 2, 6]. Early methods learn compact latent dynamics
for latent imagination. With diffusion models [42, 43] and video generation [44, 45, 46, 47, 48, 49, 50, 51, 52, 53, 54, 55],
future prediction has moved from low-dimensional state transitions to pixel-level visual rollouts. Cosmos-Predict [12] builds
a post-trainable video world foundation model for Physical AI, supporting future observation prediction and synthetic data
generation. Recent works further advance interactive video world models: Genie [17] learns a latent action model from
unlabeled videos; The Matrix [56], Yume [57], and LIVE [58] target real-time controllable interaction, open-ended scene
exploration, and long-horizon consistency modeling; PAN [19] proposes a generative latent prediction framework for general,
interactable, and long-horizon world simulation conditioned on history and language actions.

Embodied Interaction Modeling. Embodied world models must predict not only environment evolution but also how agent
behaviors change the physical world. Existing methods predict future robot observations via video generation [5, 18, 20, 59]
or action-conditioned rollouts [60]. Such predictions support a wide range of downstream uses, including data generation [61],
policy learning [62, 10], evaluation [39], control [8], and video-level planning [63]. WoW [64] learns a generative world
model from large-scale real robot trajectories and uses inverse dynamics to translate imagined outcomes into executable
actions. Ctrl-World [65] builds a controllable multi-view world model for robot manipulation, using pose-conditioned memory
retrieval and frame-level action conditioning for long-horizon policy imagination, evaluation, and improvement. However,
most methods couple scene evolution, robot motion, task intent, and contact dynamics in a single generative stream. Without
separating persistent, instruction-agnostic world regularities from robot-centric, instruction-conditioned ego dynamics, they
can suffer from temporal inconsistency and weak instruction alignment in long-horizon composite tasks. A few works explore
disentangled modeling: JEPA-style architectures [24, 66, 67, 68] predict future states in representation space while separating
representation learning from action-conditioned planning or policy heads, and GEM [25] decomposes future egocentric videos
into ego motion, object dynamics, and scene composition. However, they mainly target action conditioning, viewpoint motion,
or local object dynamics, without systematically studying the world-ego boundary or disentanglement level. To this end, we
propose World-Ego Modeling, which disentangles world and ego states in video world models to separately capture scene
persistence and robot-centered interaction dynamics in long-horizon composite embodied evolution.

3 World-Ego Modeling

3.1 Embodied Evolution as World-Ego Prediction

We study multi-turn embodied video generation. Let O0 be the initial egocentric observation, V<k = {V1, . . . ,Vk−1}
the visual history before step k, and a≤k = {a1, . . . , ak} the instruction sequence up to step k. A monolithic embodied video
world model predicts the next video chunk as V̂k = Mθ(O0,V<k, a≤k), collapsing scene structure, viewpoint change, robot
motion, and physical interaction into a single entangled predictive pathway.

World-Ego Modeling makes this structure explicit by decomposing the prediction into two complementary states:

Sw
k ,S

e
k = Φϕ(O0,V<k, a≤k), V̂k = Dθ(Ck, ak,S

w
k ,S

e
k), (1)

where Φϕ is a vision-language state predictor, Dθ is the video generator, and Ck is the local visual condition for the current
generation window. Here Sw

k and Se
k are not independent factors of the world; rather, they assign different predictive

responsibilities—one for the world, one for the ego—to different aspects of embodied evolution.
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Figure 2. Three perspectives of the world-ego definition. The motion-based view separates the world and ego by the source of visual
motion; the semantic-based view separates them by the embodied role of scene entities; and the intention-based view separates them
by the source of conditioning information. We adopt the semantic-based view as the default world-ego definition in WEM.

The notions of world and ego, however, are highly general and have been used with markedly different meanings across fields,
ranging from the external environment versus the embodied observer in cognitive science [23, 24], to camera motion versus
everything else in ego-vision video generation [25], to the robot body versus the scene in embodied manipulation [18, 20, 69].
We treat world and ego as predictive roles whose boundary must be specified before any disentanglement can be designed, and
we examine three operational definitions next.

3.2 Definition of the World and the Ego

We consider three independent perspectives for drawing the world-ego boundary, each defining a self-contained criterion
for assigning predictive responsibility. As illustrated in Fig. 2, these views differ in whether the boundary is determined by
motion source, semantic entity role, or conditioning source.

Motion-based view draws the boundary by the source of visual motion. Under a static-scene assumption (i.e., all dynamics
in the scene are induced by the embodiment), the camera’s egomotion induces a predictable scene flow over the background.
Pixels whose motion matches this scene flow are explained by viewpoint change alone and are assigned to the world, revealing
world-related content as the camera moves. Pixels whose motion deviates from the scene flow reflect contact-driven object
dynamics induced by the embodiment and are assigned to the ego. The residual between the observed and predicted flow—i.e.,
the object residual flow—serves as the natural proxy.

Semantic-based view draws the boundary by the embodied role of scene entities. The robot itself and any object currently
being manipulated jointly constitute the ego region, capturing robot-centric, instruction-conditioned dynamics. The remaining
scene with background and unmanipulated objects constitutes the world region, capturing persistent, instruction-agnostic
regularities responsible for long-horizon scene consistency. The world-ego boundary is therefore interaction-dependent: a
movable object belongs to the world before interaction, becomes ego-related once acted upon, and is absorbed back after the
interaction completes. A semantic mask serves as the natural proxy.

Intention-based view draws the boundary at the source of conditioning information. The world reflects what is established
by visual history; the ego reflects what is induced by the current instruction. Unlike the motion and semantic views, this
view does not partition the future video in pixel space, but instead partitions the conditioning sources and lets the predictor
implicitly learn how to extract and integrate information from world- and ego-related conditions to generate future embodied
evolution. This perspective relates to Iso-Dream [70], which isolates controllable and noncontrollable visual dynamics, while
we separate instruction-induced ego dynamics from history-established world regularities for embodied video generation.
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Figure 3. General framework of World-Ego Modeling. Our framework contains two stages. (a) The prediction stage uses a vision-
language state predictor to infer separate ego and world states from vision-language tokens. (b–d) The generation stage instantiates
different degrees of world-ego disentanglement with a cascade-parallel mixture-of-experts (CP-MoE) generator. The preceding expert
predicts a world-ego proxy, which is used to separate the two predictive roles in different ways: (b) pre-disentanglement routes tokens
before the rear stage, (c) post-disentanglement fuses the outputs of separate ego and world experts, and (d) full disentanglement
combines routing, expert specialization, and unrouting for stronger structural separation. We adopt the semantic-based view as the
default world-ego definition in WEM.

3.3 A General Framework for World-Ego Modeling with Disentanglement

To explore the three views and disentanglement strategies under identical conditions, we design a general framework as
illustrated in Fig. 3. The framework consists of two stages that mirror Eq. (1): a prediction stage that infers separate world and
ego states (Fig. 3(a)), and a generation stage based on a cascade-parallel mixture-of-experts (CP-MoE) generator (Fig. 3(b–d)).

Prediction stage. A vision-language state predictor Φϕ takes the visual-language tokens encoding (O0,V<k, a≤k) together
with learnable ego query and world query to produce Se

k and Sw
k , providing the generator with two independent conditioning

signals.

Generation stage. The CP-MoE generator splits the DiT backbone into a shared preceding expert and a specialized rear stage
(i.e., ego and world experts). The preceding expert is conditioned on both states and emits a learned proxy that operationalizes
the world-ego boundary defined in Sec. 3.2: under the semantic view it takes the form of a world-ego mask, and under the
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motion view it takes the form of object flow. The proxy is then exploited differently across the three disentanglement variants
in Fig. 3(b–d). Fig. 3(b) is the pre-disentanglement, which introduces separation at the input of the rear stage. As shown, the
proxy partitions preceding-expert tokens into the world and ego groups, which are passed through a single rear module with
restricted cross-attention (world tokens attend only to Sw

k , ego tokens only to Se
k). Fig. 3(c) is the post-disentanglement, which

introduces separation at the output of the rear stage. Specifically, the rear stage is duplicated into a World Expert and an Ego
Expert, both processing the full token sequence under their respective states; the proxy then acts as a soft mask that fuses the
two outputs. Fig. 3(d) is the full disentanglement, where the proxy first routes preceding-expert tokens to the World and Ego
Experts, and then unroutes their outputs back into a single sequence under the same proxy, enforcing separation across input
routing, branch processing, and output fusion.

Alternatives. As shown in section 5, the semantic-based view combined with full disentanglement yields the best long-
horizon performance on hybrid navigation-manipulation tasks. We adopt this configuration as the default instantiation of our
WEM in subsequent sections.

4 World-Ego Model: Instantiating the Paradigm of World-Ego Modeling

WEM follows the two-stage paradigm as shown in Sec. 3.3: a vision-language state predictor Φϕ that maps multi-modal
history to compact latent states and a video diffusion generator Dθ with a CP-MoE structure that decodes the next video chunk
under those states (Fig. 4). We build WEM upon a pretrained VLM [71] and a pretrained video diffusion transformer [45],
retaining their priors while introducing the modules required for world-ego factorization.

4.1 State Predictor

The state predictor extracts world and ego latent states from the multimodal history of the embodied trajectory (Fig. 4, top).
It consists of a pretrained VLM backbone augmented with ego/world queries appended to the end of the input sequence. The
input sequence interleaves multimodal history in temporal order. That is, the initial frame is followed by alternating instruction
texts {a1, . . . , ak} and previously generated video chunks {V1, . . . ,Vk−1}, ending with the current instruction ak and the
two query groups. After a forward pass, the hidden states at the ego- and world-query positions are extracted as Se

k and Sw
k ,

which serve as conditioning signals for the generator. Two design choices realize world-ego separation already at the state
level.

Asymmetric query budgets. We allocate different numbers of queries to the two groups rather than enforcing equal
budgets. Forcing equal capacity would implicitly assume that the two roles carry comparable amounts of information, but
they differ in scope: the world encodes persistent scene structure accumulated across long histories, while the ego encodes
instruction-conditioned dynamics local to the current step. Decoupling the budgets lets each group allocate capacity according
to its own role; the exact ratio is treated as a hyperparameter.

Role-conditioned attention. We restrict the attention horizon of each group to the subset of inputs consistent with its
predictive role:

• The world queries attend to the entire visual history, i.e., the initial frame, all previous chunks {V1, . . . ,Vk−1}, and all
past instructions {a1, . . . , ak−1} and to one another, but are blocked from the current instruction ak and from ego-query
tokens. This anchors Sw

k to scene regularities accumulated from history, decoupled from the present instruction.

• The ego queries attend to one another, the current instruction ak, and the most recent K instruction-video pairs (one
“turn” is one instruction together with its generated chunk). Distant history and world-query tokens are masked out. This
anchors Se

k to instruction-conditioned dynamics in the current local context.

We refer to the above-mentioned attention pattern as Role-Conditioned Attention (RCA). By giving the two groups disjoint
conditioning sources, RCA prevents Sw

k and Se
k from collapsing into a shared representation despite sharing the same backbone.

6



World-Ego Modeling for Long-Horizon Evolution in Hybrid Embodied Tasks

Ego & World Expert (6 DiT Blocks)

Preceding 
Expert

Semantic 
Head

Chunkn

R
outing

U
nrouting

State Predictor

World-Ego Generator w/ Semantic-based View and Full Disentanglement

W
an

 
En

co
de

r

World
Expert

Routing & Unrouting

Mask

Mask

Ego 
Expert

Ego State

World State

W
an 

D
ecoder

Noise Latent
Clean
Latent

World-Ego 
Mask

Video-Patch 
Layout

World-Ego 
Groups

Preceding Expert (24 DiT Blocks)

FFNSelf-Attn
Cross-Attn

Cross-Attn

and

Text

FFNSelf-Attn
Cross-Attn

Cross-Attn

or

Textor

Ego State World State

Navigate to 
the  basket.

First Frame

Ego 
Query

World 
Query

Text0 Chunk0

……

Chunkn-1
Take out a 
tennis ball.

Textn

Ego Query HorizonWorld Query Horizon

Text1
Pick up 
the basket. Asymmetric Query 

Budgets

Qwen3-VL 
w/ RCA

Role-Conditioned Attention (RCA) Mask

World Query

Ego Query

VL

Historical VL    Last V  Current L Ego Q. World Q.

VL Tokens

Figure 4. Overview of the World-Ego Model (WEM). WEM instantiates World-Ego Modeling with a semantic-based world-ego view
and full disentanglement. The state predictor augments a pretrained VLM with role-conditioned attention (RCA) and asymmetric
ego/world queries to infer separate ego and world states from multi-turn vision-language history. The generator restructures a
pretrained video DiT into a CP-MoE architecture: a preceding expert jointly conditions on both states to predict a semantic world-ego
mask, which routes video tokens to specialized ego and world experts and then unroutes their outputs into a clean latent for the next
video chunk.

4.2 World-Ego Generator

The generator restructures a pretrained video DiT backbone into a CP-MoE structure (Fig. 4, bottom-left). The DiT
blocks are split into an early shared group forming the preceding expert and a later group duplicated into the world and ego
experts. Unlike standard sparse MoE [72, 73], all three experts are always active, and specialization arises from predefined
role assignment rather than learned routing.

Preceding expert. The Preceding Expert serves as a shared encoder that integrates the two states into a common visual
representation from which the world-ego boundary can be predicted (Fig. 4, top-right). To this end, each block performs self-
attention on the noise latent, followed by two parallel cross-attention streams, attending to the text instruction (preserved from
the pretrained DiT), Sw

k , and Se
k. Two-stream outputs are summed before the FFN. Conditioning on both states simultaneously

is what allows the Preceding Expert to produce features that capture the joint configuration of scene context and embodied
interaction, a prerequisite for the downstream proxy prediction.

Role experts. The world expert and the ego expert realize the structural separation of full disentanglement (Fig. 4, middle-
right). They share the Preceding Expert’s block topology but operate strictly under a single state (i.e., Sw

k or Se
k), while the
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text-conditioning cross-attention is preserved unchanged. This asymmetry with the Preceding Expert is intentional: while the
Preceding Expert acts as a shared encoder, the role experts perform specialized denoising on disjoint regions of the future
video, each grounded only in its corresponding state.

Semantic head, routing, and unrouting. The semantic head is a lightweight dense prediction transformer [74] that fuses
multiple intermediate features from the preceding expert together with Se

k in a coarse-to-fine manner, and outputs a world-ego
mask M over video patches (Fig. 4, bottom). M serves as the routing signal: world-assigned tokens are dispatched to the
world expert and ego-assigned tokens to the ego expert, with each expert’s active token set expanded to the spatial neighbors
of its assigned region to avoid seam artifacts at the boundary. After the role experts complete their computation, an unrouting
module recomposes their per-token outputs into a single sequence under the same M, which is then passed to the video
decoder to produce the clean latent.

Training. WEM is trained end-to-end with two objectives: a flow-matching loss Lflow on the recomposed latents (inherited
from the pretrained DiT) [75] and a mask-prediction loss Lmask on the Semantic Head’s output. The mask loss combines a
class-balanced binary cross-entropy term and a Dice term [76], Lmask = LBCE +LDice, supervising the predicted mask against
the ground-truth world-ego mask derived from the simulator’s segmentation labels. The total loss is L = Lflow + λLmask,
where λ is a tunable weight balancing the two terms.

5 Experiments

5.1 HTEWorld Benchmark

Existing video-based world-model benchmarks [77, 36, 78, 37, 38, 39] target short-horizon manipulation or single-prompt
generation, leaving long-horizon hybrid navigation-manipulation evolution untested. We therefore construct HTEWorld on top
of BEHAVIOR-1K [40], providing 125K video clips (over 4.5M frames) with fine-grained annotations and 300 multi-turn
evaluation trajectories spanning over 2K instructions. We adopt the 16-metric EWMScore from WorldArena [39] as the primary
metric and further introduce 6 HTEWorld-specific metrics: Rollout Chunk-Boundary Dynamics (RCBD), Late-Prefix State
Alignment (LPSA ), and Chunk Instruction-Step Retrieval (CISR) for multi-turn continuous generation; and Phase-Matched
Motion Profile Alignment (PMPA) , Cross-Phase Discriminative Margin (CPDM ), and Frontier Phase-Hop State Consistency
(FPHS) for unified navigation-manipulation generation. Dataset construction, annotation protocol, evaluation protocol, and
detailed metric definitions are provided in Appendix A–B.

5.2 Experimental Setup

WEM adopts the semantic view with full disentanglement (Sec. 5.3, 5.4), using a frozen Qwen3-VL-2B-Instruct [71]
state predictor with 256 learnable queries, split into 192 world and 64 ego queries, and a Wan2.2-TI2V-5B [45] generator
following the chunk-wise autoregressive recipe of Xiang et al. [19], Teng et al. [31], Liu et al. [33]. We compare with
Cosmos-Predict 2.5 [12] (2B/14B) and WoW-7B [64], all fine-tuned on HTEWorld for 4 epochs on 16×A100 GPUs with
learning rate 1×10−5. Details on WEM training and baseline adaptation are provided in Appendix D.

5.3 Design Study I: Which Boundary Should Define World and Ego?

Setup. Following Sec. 3.2, we compare three operational definitions: motion-based, semantic-based, and intention-based
views. The semantic-based view is implemented with the full-disentanglement architecture used by WEM, while the detailed
architectures for the motion-based and intention-based views are provided in Appendix C. All variants are trained under the
same protocol.

Results. As shown in Table 1, the semantic-based view achieves the best EWMScore, outperforming the motion-based and
intention-based views by 2.12 and 2.79 points, respectively. This result supports our choice of semantic world-ego assignment
as the default boundary definition of WEM.
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Figure 5. Qualitative comparison on HTEWorld. Given the same initial observation and five-step instruction sequence, each model
autoregressively generates a long-horizon hybrid navigation–manipulation rollout. The model size reported in parentheses denotes the
parameter count of the video-generation DiT backbone. Red circles denote visible artifacts or instruction failures, and the overall
column summarizes whether the full rollout is completed successfully. WEM better preserves scene geometry, object consistency, and
instruction alignment across the complete trajectory.

Analysis. The intention-based view lacks an explicit spatial boundary and may fail to induce effective separation. The
motion-based view provides an optical-flow proxy, but camera/object flow decomposition is noisy under large viewpoint
changes and contact interactions. In contrast, the semantic-based view directly separates interaction regions from persistent
scene regions, while allowing both to move under egomotion.

5.4 Design Study II: How Should World and Ego Be Disentangled?

Setup. We fix the semantic-based boundary and compare different architectural strategies for world-ego disentanglement.
The pre-disentanglement variant separates tokens before the role-specific stage but keeps the downstream computation shared.
The post-disentanglement variants use separate world and ego branches and fuse their outputs afterwards; one variant removes
the semantic proxy by replacing it with a constant assignment. The full-disentanglement variant uses the semantic proxy for
both routing and unrouting, corresponding to our final WEM.

Results. Table 2 shows that full disentanglement performs best. Post-disentanglement with a semantic proxy is already
strong (EWMScore 61.09), while removing the semantic proxy drops the score to 58.59. Full disentanglement further improves
to 61.48.

Analysis. Pre-disentanglement is limited because separated tokens are later processed by shared computation. Post-
disentanglement uses separate branches, but each branch still sees the full token sequence, causing cross-role interference. Full
disentanglement gives the most consistent separation by using the semantic assignment for both routing and recomposition.
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Table 1. Design study on world-ego definitions. We
report EWMScore on HTEWorld.

World-ego definition EWMScore

Intention-based view 58.69
Motion-based view 59.36
Semantic-based view 61.48

Table 2. Design study on world-ego disentanglement strategies. All
variants use the semantic-based view.

Variant EWMScore

w/o Disent. 58.40
Pre-Disent. 58.85
Post-Disent. w/o or w/ Semantic Proxy 58.59/61.09
Full Disent. (WEM) 61.48

Table 3. Comparison on HTEWorld under the WorldArena’s normalized metrics. Higher is better.
Model EWMScore Visual Motion Consistency 3D Control Physics

IQ AQ JEPA DD Flow MS BC SC Photo DA TA Persp Sem Act Inst Inter

WoW-7B [64] 53.44 64.72 49.74 1.30 22.76 25.49 67.74 66.86 63.06 38.08 82.41 28.16 95.14 86.75 3.47 78.42 80.90
Cosmos-Predict 2.5-2B [12] 54.83 64.40 50.21 1.26 24.62 27.23 69.33 71.54 66.88 42.53 82.11 28.78 95.28 87.05 3.52 79.60 83.02
Cosmos-Predict 2.5-14B [12] 55.41 62.14 50.02 1.38 29.37 32.34 71.63 73.85 68.65 35.48 82.60 28.81 94.40 87.46 3.55 80.20 84.70
PAN-style Baseline [19] 58.40 65.48 49.00 1.70 38.14 47.43 79.47 80.24 74.79 33.15 82.39 28.75 95.08 87.67 4.42 80.40 86.33

WEM 61.48 66.82 50.30 2.49 41.52 49.21 82.70 87.92 82.07 35.95 84.55 34.51 97.60 90.74 4.50 82.00 90.80

Table 4. Comparison on HTEWorld w/ navigation-manipulation met-
rics. Scores are reported in their original scale, and higher is better.

Model RCBD LPSA CISR PMPA CPDM FPHS

WoW-7B [64] 0.23 0.83 0.49 0.45 0.47 0.85
Cosmos-2B [12] 0.24 0.83 0.50 0.47 0.48 0.86
Cosmos-14B [12] 0.26 0.83 0.51 0.48 0.49 0.85
PAN-style [19] 0.27 0.86 0.49 0.50 0.46 0.88

Intention-based 0.28 0.86 0.53 0.52 0.50 0.88
Motion-based 0.29 0.87 0.53 0.54 0.51 0.89
WEM 0.31 0.87 0.57 0.54 0.52 0.89

Table 5. Comparison on WorldArena. Related
scores are from the WorldArena paper; WEM uses
the same protocol.

Model EWMScore

Wan2.2 [45] 54.54
WoW [64] 54.88
Cosmos-Predict 2.5 (Action) [12] 55.91
CogVideoX [46] 57.90
WEM (ours) 58.10
IRASim [79] 58.12
CtrlWorld [65] 59.70

5.5 Comparison with Prior Arts

We compare WEM with representative baselines on HTEWorld using the WorldArena metric suite and the 6 HTEWorld-
specific metrics introduced in Sec. 5.1. All models are fine-tuned on the HTEWorld training split and evaluated under the same
autoregressive multi-turn rollout protocol. As shown in Table 3, WEM achieves the best EWMScore (61.48), outperforming
the PAN-style baseline by 3 points and all compared methods by a larger margin. The gains are especially clear on motion,
consistency, 3D, control, and physics-related metrics, suggesting that world-ego disentanglement improves coherent scene
evolution and instruction-aligned interaction beyond local visual quality. Table 4 further shows consistent gains across
all 6 HTEWorld-specific metrics: RCBD, LPSA, and CISR reflect stronger chunk continuity, instruction alignment, and
layout preservation, while PMPA, CPDM, and FPHS indicate better phase-matched motion, camera/object coordination, and
long-horizon stability. Finally, Table 5 shows that WEM remains competitive on the original WorldArena benchmark despite
being optimized for hybrid tasks, suggesting compatibility with conventional manipulation-oriented evaluation. Qualitative
comparisons are shown in Fig. 5.

5.6 Role Expert Specialization

We verify that the world and ego experts in CP-MoE develop distinct specializations rather than redundant representations.
As illustrated in Fig. 1 and visualized in detail in Fig. 7, the ego expert focuses on robot body parts and manipulated objects
while the world expert reproduces stable background structure; the Semantic Head accurately localizes the boundary between
the two roles across diverse scenes and phases. We redirect readers to Appendix E for more ablations of WEM.
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6 Conclusion

We presented World-Ego Modeling, a paradigm that decomposes embodied video prediction into persistent world regularities
and robot-centric ego dynamics. We studied motion-, semantic-, and intention-based boundaries, analyzed disentanglement
strategies, and instantiated the best design as WEM, coupling a vision-language state predictor with a CP-MoE diffusion
generator. We further constructed HTEWorld with interleaved navigation-manipulation trajectories and dedicated multi-turn
metrics to evaluate long-horizon hybrid embodied evolution. Experiments show that WEM outperforms representative baselines
on HTEWorld while remaining competitive on manipulation-only benchmarks, suggesting explicit world-ego separation as a
promising direction for structured and controllable embodied world models.

Limitations. WEM is only an initial instantiation of the broader World-Ego Modeling paradigm, and the current study
explores a limited set of boundary definitions, disentanglement designs, and simulated embodied settings. More general
boundaries, architectures, and real-world applications remain open directions; we provide a detailed discussion in Appendix G.
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Figure 6. Statistics of the proposed HTEWorld benchmark. HTEWorld provides large-scale training clips and multi-turn evaluation
trajectories for hybrid embodied world modeling. We visualize: Left. hybrid-task vocabulary spanning manipulation, navigation,
objects, and scenes; Middle. training-set composition, including training/evaluation scale, action-oriented clip types, and annotation
categories; and Right. evaluation-trajectory composition, including instruction-round distribution and the manipulation/navigation
proportion at each length.

A HTEWorld Annotation Pipeline

Each training clip is annotated with three complementary signals: a semantic world-ego mask, decomposed optical flow,
and a language caption. The semantic world-ego mask is obtained directly from the BEHAVIOR-1K simulator’s instance
segmentation, which labels the robot body, end-effectors, and currently manipulated objects as the ego region, and the
remaining scene as the world region. The flow and caption annotations require dedicated pipelines described below.

Optical flow extraction and decomposition. We estimate dense optical flow for each consecutive frame pair using
RAFT [80]. The raw flow F mixes two physically distinct components: camera-induced flow from the robot’s ego-motion
and contact-induced object flow from manipulation interactions. To separate them, we estimate the camera ego-motion as a
homography H by fitting matched feature pairs with RANSAC across each frame pair. The camera-induced flow field Fcam
is rendered by applying H to every pixel coordinate, and the residual object flow is obtained as Fobj = F− Fcam. Regions
with large ∥Fobj∥ correspond to objects undergoing contact-driven motion, while regions dominated by Fcam reflect viewpoint
change from navigation. This decomposition yields the motion-based world-ego proxy used in Design Study I (Sec. 5.3) and
provides the flow signals for the RCBD and PMPA metrics (Appendix B).

Language caption generation. We generate one action-centric caption per clip using google/gemini-3-flash-preview.
A key technical contribution of our annotation pipeline is dynamic prompt construction: rather than using a fixed template,
we construct a distinct, context-rich prompt for each clip by fusing four heterogeneous sources of information.

1. Robot grounding. A detailed description of the Galaxea R1 embodiment (wheeled bimanual humanoid, egocentric
head camera) with explicit arm-placement conventions (“lower-left and lower-right of frame”), ensuring the model
correctly interprets egocentric observations without hallucinating a third-person perspective.

2. Episode trajectory context. The full ordered list of action labels for the current episode is injected, with the current
step highlighted. This allows the model to leverage long-horizon context for object identification (e.g., knowing a plate
was placed on a shelf two steps earlier) while being explicitly instructed to only describe what is visible in the current
clip, preventing trajectory labels from contaminating the visual description.

17



World-Ego Modeling for Long-Horizon Evolution in Hybrid Embodied Tasks

3. Temporal phase hint. The clip’s index within its parent action (e.g., “clip 3 of 5, 60% through this action”) is provided
so the model can reason about whether the robot is approaching, actively manipulating, or retracting, yielding temporally
grounded descriptions across multi-clip actions.

4. Structured output rules. Strict constraints enforce a single sentence of at most 30 words describing only observable
physical motion, require egocentric directional language (“forward”, “left”, “downward”), mandate arm specificity (“its
left gripper”, “both arms”), and prohibit verbatim copying of the action label or any meta-reference to camera or frames.

We further apply intent sanitization as a pre-generation quality filter: action labels from the simulator occasionally contain
garbled or incomplete tokens (e.g., consonant-only suffixes from truncated transcriptions). Before each prompt is built,
label tokens are scanned and trailing sequences consisting entirely of consonants with four or more characters are stripped,
preventing noisy labels from misleading the model’s scene understanding.

Caption generation is parallelized across 24 worker threads, with multiple API keys distributed via round-robin scheduling
to maximize throughput while respecting per-key rate limits. Failed requests are retried with exponential backoff (up to 5
attempts, capped at 30 seconds), and each clip’s output is written atomically so the pipeline supports incremental restarts
without re-processing completed clips. The resulting captions serve as the language supervision signal for all three world-ego
views.

B HTEWorld-Specific Metric Definitions

We introduce six HTEWorld-specific metrics along two axes. Let V = (V1, . . . ,VK) denote the autoregressive rollout
of K generated chunks, and V∗ = (V∗

1, . . . ,V
∗
K) the corresponding ground-truth chunks. Each chunk Vk carries a phase

label pk ∈ {Nav,Manip}. We denote the first/last frame of chunk Vk as V(1)
k and V

(−1)
k , respectively. Let dp(·, ·) denote

LPIPS [81] perceptual distance, F(·, ·) optical flow magnitude (RAFT [80]), and H(·) a pretrained video encoder (CLIP [82]).

Multi-Turn Continuous Generation. RCBD (Rollout Chunk-Boundary Dynamics) measures how faithfully the generated
model reproduces the appearance and motion dynamics at each chunk boundary, without rewarding over-smoothing. For each
consecutive pair (Vk,Vk+1), we compute an appearance gap bk = dp(V

(−1)
k ,V

(1)
k+1) and a motion gap mk as the optical flow

discontinuity across the boundary (flow between the last two frames of Vk vs. the first two frames of Vk+1). A symmetric
match score is computed for each gap as S(x, y) = exp

(
−| log(x/y)|

)
, measuring the ratio alignment between generated and

GT dynamics. The boundary score is the geometric mean
√

S(bk, b∗k) · S(mk,m∗
k), and RCBD is the mean over all K − 1

boundaries.
LPSA (Late-Prefix State Alignment) measures how well the visual state at the end of each generated chunk aligns with the

corresponding GT state, with emphasis on later rollout steps. For each chunk k, the last W = 4 frames of Vk and V∗
k are

encoded by H(·), and their cosine similarity rk is computed. LPSA is defined as the linearly weighted mean
∑

k k · rk /
∑

k k,
so later chunks (which accumulate more rollout error) contribute more to the final score.

CISR (Chunk Instruction-Step Retrieval) measures instruction-step alignment via a retrieval task. For each generated
chunk Vk, we ask: given its video features H(Vk), can the model correctly retrieve the GT chunk V∗

k among all GT chunks
{V∗

1, . . . ,V
∗
K} in the same trajectory? We rank all GT chunks by cosine similarity to H(Vk) and report the reciprocal rank

of the correct match. CISR is the Mean Reciprocal Rank (MRR) over all K chunks.

Navigation–Manipulation Generation. PMPA (Phase-Matched Motion Profile Alignment) measures whether the temporal
evolution of motion within each chunk matches the corresponding GT chunk, separately for navigation and manipulation phases.
For each chunk, we compute a 4-dimensional motion profile over consecutive frame pairs: [ū/L, ũ/L, log(1 + ũ/ū), E(u)],
where ū is the median optical flow magnitude, ũ is the top-20% mean, L is the frame diagonal length, and E(u) is the
normalized flow entropy. Both the generated and GT profiles are resampled to 16 time steps, and their point-wise L2 distance
δ is converted to a score exp(−δ/τ). PMPA is the mean score over all chunks.

CPDM (Cross-Phase Discriminative Margin) measures whether the generated video is more similar to its own phase than
to the opposite phase. For each generated chunk Vk with phase pk, we compute a positive similarity r+ = ⟨H(Vk),H(V∗

k)⟩
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(same-phase GT chunk) and a hard-negative similarity r− = maxj: pj ̸=pk
⟨H(Vk),H(V∗

j )⟩ (most confusable opposite-phase
GT chunk). The chunk score is σ

(
(r+ − r−)/τ

)
, where σ is the sigmoid and τ = 0.05. CPDM is the mean score over all

chunks.
FPHS (Frontier Phase-Hop State Consistency) measures visual state consistency in the spatially localized change region at

each phase-transition boundary. For each boundary where the phase switches (pk ̸= pk+1), a window of R = 4 frames on
each side is extracted from both the generated and GT rollouts. The change region is localized by accumulating GT optical
flow magnitudes and selecting the top-20% spatial area. Both generated and GT windows are cropped to this region, and their
video feature similarity H(·) is computed. FPHS is the mean score over all phase-switch boundaries.

C Motion- or Intention-based Model Variant

This section details the concrete architectural realizations of the motion-based and intention-based world-ego views used in
Design Study I (Sec. 5.3). Both variants share the same state predictor and CP-MoE generator backbone as WEM, and differ
only in the proxy signal used for routing and fusion.

Motion-based view. The motion-based view adopts a post-disentanglement layout: a shared general expert processes the full
noisy latent, followed by two parallel role experts (world expert and ego expert) that each consume the shared representation.
Rather than using a semantic label as the proxy, a lightweight convolutional flow head tapped from the general expert features
predicts a dense object residual flow map F̂obj. Concretely, features from four intermediate general expert blocks are fused
via learned per-block weights and decoded through a multi-scale U-Net head into a per-token flow magnitude. The flow
magnitude is converted to a continuous fusion weight α ∈ [0, 1] per token via α = σ

(
(τ − ∥F̂obj∥)/δ

)
, where σ is the sigmoid,

τ is a threshold, and δ controls sharpness. Tokens with large residual flow (contact-driven ego motion) receive low α and are
weighted toward the ego expert output; tokens with small residual flow (stable scene content) receive high α and are weighted
toward the world expert output. The final output is the soft combination α ·Xw + (1− α) ·Xe, applied before the output
head. The flow head is supervised with the ground-truth object residual flow from the homography-decomposition pipeline
(Appendix A) using an L1 loss, jointly with the standard flow-matching loss.

Intention-based view. The intention-based view uses a single unified decoder with no explicit proxy signal, mask head, or
role-expert split. World-ego separation is instead induced through two complementary design choices: an asymmetric state
injection mechanism and a recurrent world-state update.

For state injection, the world state Sw
k is fed into every decoder layer as cross-attention memory tokens, allowing spatially

distributed scene context to selectively influence each token position. The ego state Se
k is injected as an AdaLN [83] modulation

signal: it is mean-pooled into a compact summary vector that modulates the per-layer scale and shift of each transformer block,
providing a global action-level control that uniformly shifts the generation dynamics.

For state update, Sw
k is not re-extracted from scratch at each turn. Instead, a GRU-style [84] updater produces the final

world state by gating between the previous world state Sw
k−1 and a new proposal Ŝw

k extracted from the current context:

Sw
k = Gk ⊙ Sw

k−1 + (1−Gk)⊙ S̃w
k , (2)

where Gk ∈ [0, 1]N×D is a keep gate dynamically computed from Sw
k−1, Ŝw

k , and a mean-pooled summary of the ego state
Se
k, and S̃w

k is a candidate update formed analogously with a separate reset gate. Because Gk is conditioned on the ego state,
the gating can suppress world-state updates triggered by transient ego actions and preferentially retain stable scene information
across turns. No auxiliary proxy loss is added; the model is trained with the standard flow-matching loss alone.

D Training and Evaluation Protocol

Unified Training Setup. All models—WEM and all baselines—are fine-tuned on the HTEWorld training split under the
same protocol: full-parameter fine-tuning for 4 epochs on 16×NVIDIA A100 80GB GPUs with learning rate 1×10−5. We
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initially attempted LoRA for Cosmos-Predict2.5 and WoW-7B but found it consistently underperformed full fine-tuning,
which we attribute to the large domain gap between internet-video pretraining and the egocentric manipulation scenarios in
HTEWorld; all baselines therefore use full fine-tuning to match WEM. An EMA of model weights (decay 0.99) is maintained
for all models and used for evaluation.

WEM Training Objectives. Beyond the shared flow-matching loss Lflow, WEM adds a mask-prediction loss Lmask on the
semantic head:

Lmask = LBCE + LDice, (3)

giving a total loss L = Lflow + λLmask, where λ=0.3 is annealed to 20% of its initial value over training so that semantic
supervision is strongest in the early stages. The DPT semantic head taps encoder features at layers {5, 9, 13, 17, 21, 23}.

Baseline Conditioning Adaptation. Cosmos-Predict2.5 and WoW-7B are single-turn models that require adaptation to
HTEWorld’s multi-turn rollout. To keep the training distribution consistent with inference, both models are trained with
a mixed conditioning schedule: with probability 0.9 a clip is conditioned on the preceding chunk’s latent representation
(multi-turn continuation), and with probability 0.1 on the first-frame initialization (trajectory start). This 90/10 mixture is the
same for both baselines and mirrors the evaluation rollout without requiring separate training stages.

Multi-Turn Evaluation Protocol. WEM is natively chunk-autoregressive and requires no inference adaptation. For Cosmos-
Predict2.5, chunk k=0 uses the image2world mode (first frame + instruction), and each subsequent chunk k>0 uses
video2world mode conditioned on the last L=10 latent frames of the preceding generated chunk. For WoW-7B, which
operates exclusively in video2world mode, chunk k=0 uses a repeated-frame conditioning clip (first scene frame tiled 41
times); subsequent chunks condition on a tail clip of the last 41 frames of the preceding chunk. The model generates 82 frames
internally, discards the 41 conditioning frames, and uniformly subsamples the remainder to 37 output frames. All models
generate 37 frames per chunk at 480×480, 16 FPS, 35 diffusion steps; guidance scales are 5 for Cosmos-Predict2.5 and 7 for
WoW-7B. EWMScore is computed per-chunk and averaged over all K chunks and all 300 evaluation trajectories.

E Ablation Study

We ablate three key components of WEM: asymmetric query budgets, role-conditioned attention (RCA), and neighbor-
expanded routing. In the first variant, we use equal query budgets (128 queries each for world and ego). In the second variant,
we relax the role-specific attention masks so each query group can additionally access the other role’s inputs. In the third
variant, we disable neighbor-expanded routing, so each role expert only processes tokens assigned by the predicted semantic
mask. As shown in Table 6, removing each component degrades performance, confirming that effective world-ego separation
requires role-aware state extraction and boundary-aware expert routing.

Table 6. Component ablation of WEM on HTEWorld under the WorldArena evaluation protocol. Higher is better.

Variant EWMScore

w/o Asymmetric Query Budget 60.50
w/o Role-Conditioned Attention 60.64
w/o Neighbor-Expanded Routing 59.57

WEM 61.48

F Role Expert Specialization

Fig. 7 visualizes the outputs of WEM’s world and ego experts under the mask predicted by the Semantic Head, illustrating
that each expert specializes in its assigned region.
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Ego Expert Output 
(masked view)

World Expert Output 
(masked view)

Unrouted WEM 
Output

Time

Figure 7. Mask-guided visualization of role expert specialization. We visualize the world expert and ego expert outputs in WEM
under the world-ego mask M predicted by the semantic head. The ego expert output is shown in ego-assigned regions, while the world
expert output is shown in world-assigned regions; complementary regions are filled with light gray for clarity. The last row shows the
final WEM output obtained by unrouting the role-expert outputs under the same M. This masking is used only for visualization and
does not affect quantitative evaluation.

G Limitations and Future Work

Evaluation on simulated environments. Our experiments are conducted on simulator-based embodied datasets. This
setting enables controlled evaluation of long-horizon navigation-manipulation evolution, provides access to fine-grained
annotations, and allows consistent comparison across model variants. However, simulated environments cannot fully capture
the visual diversity, sensing noise, object variability, and contact dynamics of real-world robot scenarios. As a result, the
sim-to-real generalization of World-Ego Modeling remains an important open question. Future work should evaluate the
proposed paradigm on real-world embodied video data and real-robot trajectories, where perception errors, imperfect actuation,
and more complex physical interactions may place stronger demands on the world-ego decomposition.

Dependence on boundary construction. World-Ego Modeling requires an operational definition of the boundary between
world and ego. In this paper, we study motion-, semantic-, and intention-based views and find that the semantic view works
best in our setting. The default WEM instantiation therefore constructs semantic world-ego masks from instance segmentation
results. This design gives the model a clear and interpretable routing signal, but it also introduces an additional preprocessing
step for datasets where instance-level annotations are not directly available. The motion-based view can avoid semantic masks
by using optical flow, but it still depends on preprocessing and is less robust under large viewpoint changes or contact-rich
interactions. The intention-based view removes explicit spatial annotation, but currently provides weaker separation in our
experiments. A key future direction is therefore to develop stronger weakly supervised or self-supervised boundary estimation
methods, allowing the model to infer world-ego structure directly from video, language, and interaction signals.

Residual long-horizon degradation. WEM is designed to reduce the interference between persistent scene evolution and
transient robot-centric dynamics. By assigning scene-level regularities to the world state and instruction-driven interaction
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dynamics to the ego state, the model improves long-horizon consistency compared with single-stream generation. Nevertheless,
the current autoregressive rollout process still accumulates errors across chunks. When the generation horizon becomes very
long, early mistakes can propagate into later predictions, and the consistency between distant chunks remains more difficult to
maintain than local temporal coherence within a chunk. This limitation is not unique to WEM, but it indicates that world-ego
disentanglement alone is not sufficient to fully solve long-horizon embodied generation. Future work may combine World-Ego
Modeling with hierarchical planning, explicit memory refresh, uncertainty-aware rollout, or periodic anchoring to stable
observations.

Broader design space of World-Ego Modeling. This work should be viewed as an initial study of the World-Ego Modeling
paradigm rather than an exhaustive exploration of its design space. We define the world-ego boundary from three practical
perspectives and instantiate one effective model architecture, but many alternatives remain unexplored. For example, the
boundary may be defined through 3D geometry, affordances, controllability, causal interaction, or task progress rather than
purely through motion, semantics, or conditioning sources. Similarly, the current CP-MoE generator is only one possible way
to impose world-ego disentanglement. Future architectures may use adaptive routing, recurrent memory, structured latent
states, or different levels of expert sharing to achieve a more natural separation between world and ego.

State prediction and representation. WEM uses a pretrained vision-language model as the state predictor, leveraging
its visual understanding and language grounding to infer world and ego states from multi-turn history. While effective, this
choice is not necessarily optimal for compact state extraction in video world models. A general-purpose VLM may introduce
unnecessary computation and may not be specialized for preserving the state variables most relevant to future visual evolution.
Future work could explore dedicated recurrent state predictors, latent-space memory modules, or lightweight video state
encoders trained directly with the world-ego objective. In addition, the current query-based representation uses a fixed capacity
allocation between world and ego states. Adaptive state representations, such as slot-based memory, variable-length tokens, or
dynamically allocated state capacity, may better match the varying complexity of different scenes, instructions, and interaction
stages.

Applications beyond video prediction. This paper evaluates World-Ego Modeling primarily as a video-based embodied
world model. However, the underlying idea is broader: an active agent often needs to separate persistent environmental structure
from self-conditioned dynamics. This distinction may be useful for downstream policy learning, planning, autonomous driving,
interactive simulation, and embodied reasoning. For instance, autonomous driving models may benefit from separating
road-scene regularities from ego-vehicle behavior, while robot planners may benefit from separating stable scene memory from
action-conditioned interaction dynamics. Exploring these application scenarios would help determine whether World-Ego
Modeling is only a useful inductive bias for video generation or a more general principle for embodied intelligence.
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