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Figure 1: Teaser. Given multi-agent motions, head poses, character identities, and a shared world
with first-frame initialization in (a), ME-World jointly generates synchronized ego streams (b) that
remain consistent in character identity, scene appearance, and interaction outcomes across agents.

ABSTRACT

Egocentric world models predict first-person observations conditioned on an
agent’s actions, but most focus on a single agent. Real embodied settings often
involve multiple agents that act and interact within a shared environment. Ex-
isting multi-agent world models rely on coarse actions like locomotion, camera
control, or discrete commands, leaving fine-grained embodied interactions un-
derexplored. We formulate multi-agent egocentric world modeling as synchro-
nized ego-stream generation for multiple agents interacting through fine-grained
actions in a shared world. This requires cross-view action consistency, shared-
environment consistency, and consistent propagation of interaction-induced state
updates. We propose Multi-agent Egocentric World Model (ME-World), which
jointly denoises multiple ego streams in a shared token sequence, conditions each
stream on all agents’ target-view poses, and grounds generation with shared envi-
ronment memory. We train and evaluate on real and synthetic multi-agent data and
introduce shared-world consistency metrics for environment, update, and identity
consistency. Experiments show ME-World improves shared-world consistency,
action control, identity preservation, and video quality over existing methods.
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Figure 2: Motivation. Three challenges in multi-agent egocentric world modeling. Without shared
action conditioning, (a) actions are inconsistent across ego streams. Without joint generation, inde-
pendent ego streams show (b) environment inconsistency and (c) inconsistent state updates.

1 INTRODUCTION

Video world models (Ha & Schmidhuber, 2018) generate future observations conditioned on a user’s
actions or controls, enabling an agent to imagine how a scene may evolve without acting in the real
world. Such action-conditioned prediction has been widely explored in autonomous driving (Gao
et al., 2024), robotics (Kim et al., 2026b; Ye et al., 2026), open-domain world simulation (NVIDIA
et al., 2025; Ball et al., 2025), and games (Wang et al., 2026; Tang et al., 2026). Recent work has
extended it to egocentric world modeling (Zhang et al., 2026; Hao et al., 2026), where an embodied
agent predicts its future first-person observations, or ego stream, conditioned on its own actions.

Most existing egocentric world models (Bai et al., 2026; Chen et al., 2026b; Gu et al., 2026; Pallotta
et al., 2026; Xiu et al., 2026; Li et al., 2026) assume a single embodied ego, referred to as an
agent, and capture how its actions shape its own future ego stream. In real-world settings, however,
multiple agents often coexist and interact with one another and with shared objects, jointly changing
a common, evolving state of the environment, objects, and agents, which we term the shared world
state. A multi-agent world model must therefore make each interaction visible from every agent’s
viewpoint and reflect the resulting state changes simultaneously across all observations.

Recent multi-agent egocentric world models (Savva et al., 2026; Wu et al., 2026; Hu et al., 2026b)
extend egocentric world modeling to multiple agents in a shared environment. However, they mostly
target domains where actions are abstracted into low-dimensional controls, such as discrete com-
mands in multiplayer games (Enigma team, 2025), camera trajectories in driving and videos (Zhu
et al., 2026; Sun et al., 2026), and robot control in manipulation (Liu et al., 2026). While such
abstractions support multi-view generation under given controls, they fail to capture the dual role
of fine-grained embodied actions as both first-person controls and cross-view observable events. In
human interaction, body and hand motion, and head-induced viewpoint changes must remain consis-
tent across agents, while the same interaction may also update shared objects and the environment.

We address this gap in embodied multi-agent settings as shown in Fig. 1, which arise naturally in
multi-agent generative VR (Tu et al., 2026), embodied AI simulation (Puig et al., 2023), and multi-
robot collaboration (Chen et al., 2026a). In these setting, the challenge goes beyond generating
different viewpoints of a common world. (i) Cross-view actions must be synchronized, so that an
agent’s action appears plausible in its own stream and matches how others observe it (Fig. 2 (a)).
(ii) The shared environment must remain consistent, so that ego streams do not depict conflicting
layouts, appearances, or objects (Fig. 2 (b)). (iii) Interaction-induced state changes must propagate
to every ego stream rather than diverging into conflicting object states or outcomes (Fig. 2 (c)).
We therefore ask: How can a world model generate multiple ego streams consistent with a single
evolving shared world, while each agents observe, act, and interact differently?

To address these challenges, we introduce Multi-agent Egocentric World Model (ME-World),
which generates multiple ego streams as coupled observations of one shared world. Rather than gen-
erating each stream independently, ME-World performs joint multi-agent generation by denoising
all streams in a shared token sequence, resolving interaction outcomes and state changes consistently
across streams. To make this joint generation aware of embodied actions, we introduce shared ac-
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tion conditioning, which provides the target agent’s own motion and other agents’ motion observed
from its stream. The generated streams are further grounded by shared environment memory, which
provides view-aligned evidence by warping history observations into each target view, and common
anchor references shared across all streams to maintain scene appearance. By coupling generation,
action conditioning, and environment evidence across agents, ME-World maintains consistency in
cross-view actions, shared environment, and interaction-induced state updates.

Learning this model requires synchronized multi-ego data sharing one world state. Existing ego-
centric datasets (Grauman et al., 2022; 2024; Sener et al., 2022; Rai et al., 2021; Sigurdsson et al.,
2018; Damen et al., 2018; Jia et al., 2020; Ma et al., 2024) primarily capture single agents, or lack
coverage of agent number, viewpoint diversity, interactions, and appearance variation. We therefore
combine real multi-ego data (Gavryushin et al., 2026) with synthetic multi-ego data (Xu et al., 2024;
Liang et al., 2024) covering diverse agent configurations, environments, and interaction scenarios.

Finally, we introduce an evaluation protocol for shared-world consistency. Existing evaluations
measure video quality (Unterthiner et al., 2019; Zhang et al., 2018), control alignment (Gu et al.,
2026), and cross-view consistency through geometric agreement or VLM-based judgments (Wu
et al., 2026; Hu et al., 2026b; Savva et al., 2026), but do not assess whether multiple ego streams
consistently represent the same evolving shared world beyond directly provided input. We there-
fore propose Senv, which measures whether newly generated environment regions remain consistent
across ego streams, and Supdate, which measures whether interaction-induced state changes, such as
a moved frying pan, are reflected consistently across views. On the synthetic benchmark, we further
report Sid for identity preservation with respect to ground-truth reference characters. These metrics
complement quality and control metrics for evaluating embodied multi-agent world modeling.

ME-World consistently improves shared-world consistency, action control, identity preservation,
and video quality on real and synthetic benchmarks. Ablations validate our three core components,
showing the importance of modeling ego streams as coupled observations of one evolving world.

Our contributions are summarized as follows:

• We introduce embodied multi-agent world modeling for synchronized ego stream gen-
eration among multiple agents interacting in a shared world. We propose ME-World,
coupling streams via joint generation, shared action, and shared environment memory.

• We combine real and synthetic multi-agent data covering diverse environments, appear-
ances, and interactions. We introduce shared-world consistency metrics evaluating
whether ego streams depict the same environment and reflect induced state changes.

2 RELATED WORKS

Egocentric World Models. Some egocentric world models condition on whole-body motion (Bai
et al., 2026; Tu et al., 2026; Pallotta et al., 2026), fine-grained hand and camera control (Xie et al.,
2026; Chen et al., 2026b), or jointly generated body motion (Xiu et al., 2026). Others model human-
world interaction through dexterous manipulation (Kim et al., 2026a; Goswami et al., 2026), explicit
3D memory (Gu et al., 2026; Yan et al., 2026), or goal-directed world evolution (Hao et al., 2026; Li
et al., 2026; Shen et al., 2026). These focus on a single agent, whereas we model multiple embodied
agents whose actions and interaction-induced changes remain consistent across ego views within a
shared world.

Multi-agent World Models. Recent video world models extend to multiple agents whose actions
and observations are coupled through a shared environment, including multiplayer games (Enigma
team, 2025; Savva et al., 2026; Wu et al., 2026; Liu et al., 2026; Po et al., 2026; Hu et al., 2026a),
driving (Zhu et al., 2026), robotics (Wu et al., 2026; Liu et al., 2026), and open-domain videos (Hu
et al., 2026b). A challenge is maintaining a coherent world across controlled views, addressed via
joint or cross-agent attention (Savva et al., 2026; Sun et al., 2026; Hu et al., 2026b; Liu et al.,
2026; Zhu et al., 2026), shared scene representations (Wu et al., 2026), or shared memories and
explicit world states (Po et al., 2026; Mo et al., 2026; Cai et al., 2026; Zhao et al., 2026; Xu et al.,
2026). In contrast, we study synchronized egocentric views of interacting humans, where fine-
grained articulated actions must remain consistent across ego streams while affecting other agents
and the shared environment.
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Figure 3: Overall architecture (a) For each agent, ME-World builds viewing ray conditions and
shared-action conditions from agents’ input and build shared environment memory from the both
agents’ history. (b) ME-World jointly generates synchronized ego streams.

3 METHOD

3.1 OVERVIEW AND FORMULATION

ME-World addresses embodied multi-agent world modeling, where N agents act and interact in the
same evolving shared world while observing it from their own egocentric viewpoints. Given each
agent’s future embodied action sequence, text prompt, initial ego frame and observation history, our
goal is to generate future ego streams for all agents, with each stream following its own action and
all streams remaining consistent with the same shared environment and shared world state.

For each n-th agent, we denote its future ego stream and action sequence which includes head and
body motion as X(n) = {x(n)

t }Tt=1, and A(n) = {a(n)t }Tt=1, where T is the length of frames. We
also denote its text prompt and initial ego frame as P (n) and x

(n)
0 , respectively. The observation

histories of all agents are pooled into shared observation-history pool E. The full conditioning
signal is defined as C = {E,A(1:N), P (1:N), x

(1:N)
0 }, where A(1:N), P (1:N), and x

(1:N)
0 denote the

action sequences, text prompts and initial ego frames of all agents, respectively.

The formulation is general to N agents, but for clarity we present the two-agent case used in our
experiments. The key challenge is that each agent observes only a partial view of the world, while
the generated streams must agree on the shared environment, the agents’ actions, and interaction-
induced state changes. To address this, ME-World couples ego streams through joint multi-agent
generation (Sec. 3.2), guides them with shared action conditioning (Sec. 3.3), and grounds them
with shared environment memory (Sec. 3.4). The overall architecture is shown in Fig. 3.

3.2 JOINT MULTI-AGENT GENERATION

Since agents interact within the same environment, their ego streams are not independent. When an
action changes the state of an agent, object, or region, this update should be reflected in all relevant
ego streams rather than resolved separately per stream. We therefore generate all streams jointly
within a single pretrained video diffusion transformer (DiT) (Ali et al., 2025), as shown in Fig. 3 (b).
Rather than generating each stream independently, the model jointly denoises their latent sequences
under the conditioning C, allowing cross-stream information exchange. Formally, it learns the joint
conditional distribution pθ(X

(1), . . . , X(N) | C), where θ denotes the model parameters.

Using a frozen video VAE, each ego stream X(n) is encoded into a latent sequence Z(n). During
denoising, all agents’ noisy latents at timestep τ are concatenated along the token dimension as:

Zgen
τ =

[
Z(1)
τ ; . . . ;Z(N)

τ

]
. (1)

4



Multi-Agent Egocentric World Model with Fine-Grained Embodied Interaction

The DiT processes this joint sequence with self-attention, allowing evidence from one ego stream
to inform others, so all streams evolve as mutually informed observations of the same shared world
rather than isolated videos. Within this joint sequence, however, the model must still identify which
stream each token belongs to and which conditions it should follow. We apply identical rotary
positional embeddings (RoPE) (Su et al., 2023) to all streams, aligning their space-time positions in
a common positional frame, and distinguish the streams by adding a learnable agent embedding e(n)

to the tokens of n-th agent. For text conditioning, each stream uses a separate cross-attention path,
since different agents may observe different regions of the same scene. Each stream thus follows its
own prompt P (n), while visual information is shared through joint self-attention.

3.3 SHARED ACTION CONDITIONING

Joint generation allows ego streams to exchange information through self-attention, but does not
specify how each agent should move in the shared world. A straightforward method is to condition
each ego stream on its own action, treating the action as private to the stream. However, in multi-
agent generation, an agent’s action is also observed from other agents’ viewpoints and can change
the shared world state via interaction. If each stream receives only its own action, the same embod-
ied interaction may be rendered inconsistently across viewpoints. We therefore use shared action
conditioning, guiding each ego stream with all agent’s motion rather than by its own action alone.

For each n-th agent, the action at frame t is decomposed into body and head motion as a
(n)
t =

{a(n)t,body, a
(n)
t,head}. The body motion a

(n)
t,body is encoded as a self-action skeleton map capturing ego-

visible hand and arm motion. The head motion a
(n)
t,head is treated as an action in egocentric generation,

since it determines the agent’s camera trajectory and visible region. Head motion is represented with
Plücker ray maps, which provide a geometric encoding of the induced camera rays.

To construct the shared action condition for n-th agent’s ego stream, we define a pose condition se-
quence X(n)

pose = {x(n)
t,pose}Tt=1. At each frame, x(n)

t,pose is rendered on the target image plane using n-th

agent’s self-action skeleton map a
(n)
t,body, other agents’ 3D body poses, and relative camera geometry.

The skeleton map captures the ego-visible own hand and arm motion, while other agents’ poses are
projected to n-th agent’s camera coordinates. This yields a unified pose condition representing both
n-th agent’s own motion and the visible motions of other agents in n-th agent’s ego view.

For head motion, we collect Plücker ray maps as X(n)
ray = {a(n)t,head}Tt=1, encoding per-pixel camera

rays induced by n-th agent’s head motion. We express all ray maps in a shared canonical frame,
making camera trajectories and viewing directions across ego streams geometrically comparable.

X
(n)
pose is encoded with a frozen VAE encoder, while X

(n)
ray is projected with an MLP. The encoded

pose and ray features are concatenated with the noisy latent Z(n)
τ along the channel dimension and

combined with the remaining conditions for joint denoising. Unlike conditioning each ego stream
only on the target agent’s own motion, shared action conditioning renders other agents’ body poses
into the target ego view, giving the model explicit cross-agent motion cues. This is important for fine-
grained embodied interaction, where hands, arms, body pose, and gaze-induced viewpoint changes
must remain consistent across ego streams. As a result, the model better represents interactions such
as approaching, manipulating, or responding to another agent within the same shared world.

3.4 SHARED ENVIRONMENT MEMORY

Shared action conditioning makes the agents’ actions explicit, but it does not tell the model what the
surrounding world should look like. Even with joint self-attention, each ego stream still observes
only a partial view, so the model may lack a common reference for scene layout, background ap-
pearance, and object state. We therefore introduce shared environment memory from the shared
observation-history pool E, which aggregates the observation histories of all agents.

A straightforward way to use this memory is to feed the selected history images as reference im-
ages. However, using the history images as references conditions each stream only implicitly, where
it does not specify what each generated frame should depict in that agent’s view. We therefore
introduce the stream-aligned geometric memory path, which transforms relevant observations in
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E into target-view conditions for each ego stream, providing geometry-aligned evidence for the
frames being generated. Such evidence, however, constrains only the regions it covers and discards
the original appearance. The cross-stream anchor memory path complements it by appending
selected observations in their clean, unwarped form as shared anchor tokens, anchoring the global
appearance and grounding all streams in the same environment during joint denoising.

Stream-Aligned Geometric Memory. The stream-aligned geometric memory path makes the
shared environment memory directly usable for each target ego stream. Since history images in E
come from past viewpoints, they may not directly match the ego viewpoint. For each target stream,
we select the history image Xhist whose reprojection gives the largest valid coverage of the target
view, and warp it according to n-agent’s target ray condition X

(n)
ray . During projection, we mask

dynamic agent regions using SAM3 (Carion et al., 2026) to avoid transferring outdated poses. This
warping yields a warped RGB condition X

(n)
warp and a visibility mask M

(n)
vis , which provide aligned

scene evidence and indicate supported regions, respectively. We encode these conditions with a
frozen VAE encoder and concatenate them with the noisy latent Z(n)

τ along the channel dimension,
directly conditioning denoising on the aligned scene evidence.

Cross-Stream Anchor Memory. While stream-aligned geometric memory provides target-view
guidance, it is inherently view-specific so that each stream is conditioned only on evidence that can
be reliably projected into its own viewpoint, rather than on a holistic view of the scene. This can
leave regions missing, discard clean appearance cues from the original observations, and limit the
model’s understanding of the shared environment as a whole. To complement this, the cross-stream
anchor memory path preserves selected history images from E in their original, unwarped form as
shared scene references. We greedily select K history observations, choosing each new anchor to
maximize the target-view regions not covered by previously selected anchors, so that the anchors
provide complementary scene coverage. The selected observations are encoded by the VAE into
reference features Zref = {zkref}Kk=1 and appended to the joint denoising sequence along the token
dimension, allowing all ego streams to attend to the same anchors during generation. Extending
Eq. 1 with shared environment memory, the input joint sequence to the DiT is formed as:

Zjoint
τ = [Zgen

τ ;Zref ] ,

where each Z
(n)
τ is channel-wise concatenated with shared action and stream-aligned conditions,

and Zref denotes the cross-stream anchor features augmented with corresponding camera-ray and
shared action conditions.

3.5 TRAINING OBJECTIVE

We fine-tune the pretrained model with rectified flow (Liu et al., 2022). Let Zgen
0 = [Z

(1)
0 ; . . . ;Z

(N)
0 ]

denote the clean latents of all agents, and ϵgen = [ϵ(1); . . . ; ϵ(N)], where ϵ(n) ∼ N (0, I). For
τ ∼ U(0, 1), we construct Zgen

τ = (1− τ)Zgen
0 + τϵgen. The model fθ is trained with

LFM = EZ0,ϵ,τ,C

[∥∥fθ (Zjoint
τ , τ, C

)
− (ϵgen − Zgen

0 )
∥∥2
2

]
.

4 EXPERIMENTS

4.1 SHARED-WORLD CONSISTENCY METRIC

Existing multi-agent world models evaluate cross-view consistency using geometric agreement or
VLM-based judgments (Wu et al., 2026; Hu et al., 2026b; Savva et al., 2026). However, such con-
sistency can arise directly from shared input conditions, making it difficult to isolate the consistency
established by the model itself. Distinguishing this consistency is critical for assessing whether the
model can maintain a shared environment beyond the explicit input. We therefore introduce Senv,
which measures environment consistency only in regions not directly provided by geometric mem-
ory. Beyond the environment itself, a coherent shared world should consistently reflect interaction-
induced state changes across agent views, which we measure with Supdate. It should also preserve
the identity of each agent when observed from different viewpoints, which we measure with Sid.

6



Multi-Agent Egocentric World Model with Fine-Grained Embodied Interaction

Query 𝑋gen
(1)

Target 𝑋gen
(2)

(a) Co-visible Correspondence

Query 𝑋gt
(1)

Target 𝑋gt
(2)

Co-visible Correspondences

Depth

Cam

Query 𝑋gen
(1)

Target 𝑋gen
(2)

𝒑

𝒒

𝑋warp
(1)

𝑋warp
(1)

𝒑
𝒒

𝜙(𝑝) 𝜙(𝑞)
Feature

Similarity
𝜙(𝑝) 𝜙(𝑞)

Feature
Similarity

𝑋gen
(1)

𝑋gen
(1)

𝑴𝐯𝐢𝐬
(𝟏)

= 𝟏,

𝑴𝐮𝐩𝐝𝐚𝐭𝐞
(𝟏)

= 𝟏

𝑴𝐯𝐢𝐬
(𝟏)

= 𝟎

Are newly generated environments
consistent across all ego streams ?

Are interaction-induced state changes 
consistent across all ego streams?

(b) Environment Consistency (𝑆env) (c) Update Consistency (𝑆update)

B
ac

kp
ro

je
ct

io
n

&
 P

ro
je

ct
io

n

(d) Identity Consistency (𝑆id)

Does the generated character
match the intended reference identity?

𝑋gen
(𝑛)

Multi-view Reference Images

SA
M

3
 S

eg
m

en
ta

ti
o

n

Feature Similarity

0.44 0.61 0.71 0.84

…

Max 
Similarity 

𝑆id

Query 
Region

Figure 4: Evaluation Protocol for Shared-World Consistency. We evaluate generated environ-
ments with Senv, state updates with Supdate, and identity with Sid. Ground-truth geometry is used
only to establish co-visible correspondences, while consistency is measured on generated streams.

For evaluation, we denote the n-th agent’s ground-truth and generated stream as X
(n)
gt and X

(n)
gen,

respectively. Fig. 4 (a) visualizes, on ground-truth views for clarity, the co-visible correspondences
used for Senv and Supdate, obtained from metric depth and ground-truth camera poses. These scores
are computed on generated stream pairs. We report Senv and Supdate on the real dataset, and all three
metrics on synthetic dataset (Appendix C.1), where distinct character appearances enable reference-
based Sid evaluation. Additional details are provided in Appendix B.1. For clarity, we describe
metrics using 1st agent as the query stream and 2nd agent as the paired stream.

Environment Consistency. Senv evaluates whether the model maintains a shared environment in
regions unsupported by warped history. For a query stream X

(1)
gen , we select regions where M (1)

vis = 0,
meaning X

(1)
warp provides no valid scene guidance. We measure DINOv3 feature similarity between

these regions and corresponding regions in X
(2)
gen defined by co-visible correspondence, since they

should depict the same shared environment despite lacking warped-history guidance.

State Update Consistency. Supdate evaluates whether regions updated from the warped history are
consistent across ego streams. We define an update mask M

(1)
update by comparing X

(1)
gen with X

(1)
warp in

feature space, where high feature difference indicates generated content that has changed from the
history. For query stream X

(1)
gen , we select regions with valid warped-history guidance and detected

updates, where M
(1)
vis = 1 and M

(1)
update = 1. We measure DINOv3 feature similarity (Siméoni et al.,

2025) between these updated regions and the corresponding regions in X
(2)
gen defined by co-visible

correspondences, since interaction-induced changes should appear as shared-world updates.

Identity Consistency. On the synthetic benchmark, Sid evaluates whether the visible other agent
preserves its intended appearance as part of the shared world. For each generated stream, we extract
the visible other agent using SAM3 (Carion et al., 2026) and compute its DINOv3 feature (Siméoni
et al., 2025). We then compare it with the multi-view reference features of the corresponding ground-
truth character and use the maximum cosine similarity as the identity score. This measures whether
different ego streams depict the same counterpart in the shared world, rather than drifting to incon-
sistent character identities. The final score is averaged over valid frames and ego streams.

4.2 IMPLEMENTATION DETAILS

Model and Training Setup. We initialize from the Cosmos-Predict2.5 2B(Ali et al., 2025) multi-
view diffusion transformer. We train separate models on fine-tuning the DiT and conditioning mod-
ules while keeping the video VAE and text encoder frozen. We use the rectified-flow objective with
AdamW (Loshchilov & Hutter, 2019), a learning rate of 3 × 10−5, and a global batch size of 4 on
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Figure 5: Qualitative Comparison with Existing Methods. We compare ME-World on the real
(top) and synthetic (bottom) benchmarks. Each column shows three timestamps from two synchro-
nized ego streams. For multi-view baselines, the ground-truth conditioning stream is shown with
reduced opacity. Best viewed zoomed in.

GT (a) Ours (b) MultiWorld (c) Solaris (d) γ-World (e) MetaWorld

Figure 6: Qualitative Comparison with Multi-Agent World Models. We compare ME-World
with existing multi-agent world models on the real benchmark. Each column shows three times-
tamps from two synchronized ego streams. ME-World better preserves a coherent shared environ-
ment and synchronized interactions across the two viewpoints. Best viewed zoomed in.

four A100 GPUs. At inference, we use 35 denoising steps and a classifier-free guidance scale of 7.0.
Further details are provided in Appendix D.2.

Evaluation Metrics. We also evaluate camera control, self-action control, other-agent action con-
trol, and video quality. For camera control, we use Translation Error (Trans. Err) and Rotation
Error (Rot. Err). Following E3C (Gu et al., 2026), self-action control measures the agent’s hand
presence and alignment using Hand-F1 and Hand-mIoU, while other-agent action control measures
the visibility and pose alignment using Full-Body-F1 and PCK@10. For video quality, we report
PSNR (Huynh-Thu & Ghanbari, 2008), SSIM (Wang et al., 2004), LPIPS (Zhang et al., 2018), and
FVD (Unterthiner et al., 2019). Additional details are provided in Appendix B.2.

Baselines. We compare three categories of methods: (i) multi-view video generation models
(GEN3C (Ren et al., 2025), AnyView-DVS (Van Hoorick et al., 2026)), (ii) single-ego world models
(EgoSim (Hao et al., 2026), JointControlVideo (Zhang et al., 2026)), and (iii) general world mod-
els (DreamX-World (DreamX Team et al., 2026), LingBot-World (Robbyant Team et al., 2026)).
All baselines use released checkpoints without fine-tuning and receives their supported conditions.
Multi-view models use ground-truth source videos, whereas single-ego and general world models
generate the two streams independently. Implementations details are provided in the Appendix B.3.

Multi-Agent Baselines. To further compare with recent multi-agent world models under a con-
trolled setting, we adapt MultiWorld (Wu et al., 2026), Solaris (Savva et al., 2026), γ-World (Liu
et al., 2026), and MetaWorld (Hu et al., 2026b) to our embodied multi-agent setting. All adaptations
use the same backbone, training data, and Shared Action Conditioning as ME-World, while retaining
the characteristic multi-agent and scene-conditioning mechanisms of each method. Implementation
details provided in Appendix B.3.4.
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Table 1: Quantitative Comparison with Existing Methods. We compare ME-World with multi-
view generation, single-ego world, and general world models on the real and synthetic benchmarks.
N/A denotes metrics that are not applicable to a benchmark.

Shared-World Consistency Camera Control Self Action Control Other-Agent Action Control Video Quality
Method Senv ↑ Supdate ↑ Sid ↑ Trans. Err.↓ Rot. Err.↓ Hand-F1↑ Hand-mIoU↑ Full-Body-F1↑ Full-Body-PCK↑ PSNR↑ SSIM↑ LPIPS↓ FVD↓

Real Benchmark

GEN3C (Ren et al., 2025) 0.417 0.412 N/A 0.12 12.376 0.537 0.087 0.229 0.456 18.083 0.582 0.444 1358
AnyView-DVS (Van Hoorick et al., 2026) 0.332 0.319 N/A 0.079 4.736 0.169 0.005 0.037 0.071 15.899 0.546 0.603 1834.9

EgoSim (Hao et al., 2026) 0.332 0.319 N/A 0.114 11.501 0.75 0.393 0.274 0.514 16.398 0.574 0.448 1012.7
JointControlVideo (Zhang et al., 2026) 0.328 0.291 N/A 0.166 21.663 0.799 0.249 0.215 0.402 15.18 0.473 0.574 694

DreamX-World (DreamX Team et al., 2026) 0.306 0.279 N/A 0.145 15.979 0.754 0.06 0.342 0.274 14.045 0.442 0.618 1098.9
LingBot-World (Robbyant Team et al., 2026) 0.329 0.284 N/A 0.105 13.173 0.738 0.064 0.395 0.243 14.8421 0.489 0.576 689.9

ME-World (Ours) 0.468 0.466 N/A 0.042 2.256 0.888 0.531 0.822 0.881 19.849 0.656 0.289 637.9
Synthetic Benchmark

GEN3C (Ren et al., 2025) 0.414 0.406 0.433 0.438 21.459 0.286 0.051 0.307 0.226 15.032 0.572 0.488 1299.3
AnyView-DVS (Van Hoorick et al., 2026) 0.402 0.383 0.238 0.23 9.004 0.014 0.0 0.064 0.038 13.446 0.498 0.667 1523

EgoSim (Hao et al., 2026) 0.318 0.301 0.43 0.363 18.193 0.441 0.095 0.387 0.278 14.235 0.526 0.534 1205.7
JointControlVideo (Zhang et al., 2026) 0.306 0.27 0.518 0.513 29.977 0.527 0.12 0.315 0.131 11.706 0.462 0.613 886.1

DreamX-World (DreamX Team et al., 2026) 0.38 0.358 0.484 0.413 22.644 0.26 0.016 0.347 0.127 12.17 0.456 0.599 1169.5
LingBot-World (Robbyant Team et al., 2026) 0.249 0.21 0.5 0.463 29.962 0.271 0.01 0.316 0.09 10.577 0.489 0.65 841.5

ME-World (Ours) 0.441 0.436 0.561 0.293 9.057 0.593 0.587 0.506 0.644 16.595 0.621 0.328 465.5

Table 2: Quantitative Comparison with Multi-Agent World Models. We compare ME-World
with multi-agent world models on the real benchmark. Since existing multi-agent world models are
designed for different domains and control interfaces, we adapt them to our embodied multi-agent
setting for a controlled comparison.

Shared-World Consistency Camera Control Self Action Control Other-Agent Action Control Video Quality
Method Senv ↑ Supdate ↑ Trans. Err.↓ Rot. Err.↓ Hand-F1↑ Hand-mIoU↑ Full-Body-F1↑ Full-Body-PCK↑ PSNR↑ SSIM↑ LPIPS↓ FVD↓

Real Benchmark

MultiWorld (Wu et al., 2026) 0.395 0.376 0.113 11.616 0.868 0.497 0.804 0.837 15.323 0.481 0.525 694
Solaris (Savva et al., 2026) 0.324 0.293 0.171 27.18 0.709 0.048 0.146 0.236 14.98 0.474 0.594 984.2
γ-World (Liu et al., 2026) 0.304 0.266 0.181 24.414 0.758 0.064 0.188 0.214 14.892 0.469 0.584 788
MetaWorld (Hu et al., 2026b) 0.421 0.413 0.054 4.086 0.865 0.379 0.816 0.787 18.928 0.627 0.329 704.4

ME-World (Ours) 0.468 0.466 0.042 2.256 0.888 0.531 0.822 0.881 19.849 0.656 0.289 637.9

4.3 RESULTS

Real Benchmark. Tab. 1 and Fig. 5 compare ME-World with multi-view generation models (Ren
et al., 2025; Van Hoorick et al., 2026), single-ego world models (Hao et al., 2026; Zhang et al.,
2026), and general world models (DreamX Team et al., 2026; Robbyant Team et al., 2026) on
the real (Gavryushin et al., 2026) and synthetic benchmarks. Multi-view methods use one agent’s
ground-truth ego stream as a reference, but still show lower shared-world consistency and blurry or
ghosted actions, indicating that reference-stream synthesis alone cannot resolve interactions across
agents. Single-ego world models follow the target agent’s action, but lack conditioning for the other
agent, leading to weaker other-agent action control and mismatched motions under dynamic view-
points. General world models generate plausible individual streams, but often fail to keep the two
ego streams consistent in environment and interaction outcomes. In contrast, ME-World consistently
improves shared-world consistency, self- and other-agent action control, and video quality while
producing coherent scenes and synchronized interactions. Additional results are in Appendix A.1.

Synthetic Benchmark. The synthetic benchmark enables reference-based evaluation of counterpart
identity preservation with Sid, as each agent is assigned a distinct character appearance. Existing
methods often fail to preserve the appearance and produce mismatched motions across ego streams,
causing identity drift and inconsistent interactions. In contrast, ME-World achieves the strongest
shared-world consistency, improves camera control, self- and other-agent action control, and video
quality. Additional synthetic results, including broader multi-agent and autoregressive generation
settings, are provided in Appendix A.1 and A.2.

Table 3: Adapted Multi-Agent Architectures. ✓ uses the
corresponding ME-World component, △ denotes a method-
specific replacement, and × no explicit counterpart.

Method
Joint Multi-Agent

Generation
Shared Action
Conditioning

Shared Environment
Memory

MultiWorld (Wu et al., 2026) ✓ ✓ △
Solaris (Savva et al., 2026) ✓ ✓ ×
γ-World (Liu et al., 2026) △ ✓ ×
MetaWorld (Hu et al., 2026b) △ ✓ △
ME-World ✓ ✓ ✓

Multi-Agent Baselines. Tab. 2
and Fig. 6 compare ME-World with
multi-agent world models. For a
controlled comparison in our embod-
ied egocentric setting, we adapt each
method using the same video back-
bone NVIDIA et al. (2025), training
data Gavryushin et al. (2026), and
Shared Action Conditioning as ME-
World. MultiWorld (Wu et al., 2026) and MetaWorld (Hu et al., 2026b) achieve relatively strong ac-
tion control, with MetaWorld also showing the strongest shared-world consistency and video quality
among the baselines. In contrast, Solaris (Savva et al., 2026) and γ-World (Liu et al., 2026) show
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Table 4: Component Ablation Results. We evaluate the effects of each component. ’FT’ means
fine-tuned by our real dataset.

Shared-World Consistency Camera Control Self Action Control Other-Agent Action Control Video Quality
Index Variant FT Senv ↑ Supdate ↑ Trans. Err.↓ Rot. Err.↓ Hand-F1↑ Hand-mIoU↑ Full-Body-F1↑ Full-Body-PCK↑ PSNR↑ SSIM↑ LPIPS↓ FVD↓

Real Benchmark

(1) Cosmos-Predict2.5 (I2V + Text) × 0.289 0.245 0.178 19.993 0.783 0.080 0.248 0.284 14.701 0.468 0.586 1006
(2) Cosmos-Predict2.5 (I2V + Text) ✓ 0.290 0.249 0.170 24.513 0.789 0.079 0.238 0.309 14.941 0.473 0.602 768.3

(3) (2) + Self Hand Pose + History Warp ✓ 0.401 0.388 0.056 4.998 0.857 0.457 0.580 0.385 18.835 0.628 0.349 558.6
(4) (3) + Joint Gen. ✓ 0.426 0.421 0.067 6.451 0.846 0.354 0.563 0.416 18.985 0.637 0.344 554.7
(5) (4) + Shared Action ✓ 0.445 0.442 0.058 4.720 0.876 0.410 0.803 0.809 19.315 0.649 0.328 651.9
(6) (4) + Shared Env. ✓ 0.456 0.455 0.042 2.930 0.859 0.491 0.685 0.428 19.366 0.646 0.299 541.7
(7) (3) + Shared Action + Shared Env. ✓ 0.433 0.422 0.039 2.565 0.879 0.489 0.813 0.847 19.180 0.651 0.324 717.8

(8) (7) + Joint Gen. (Ours) ✓ 0.468 0.466 0.042 2.256 0.888 0.531 0.822 0.881 19.849 0.656 0.289 637.9

(3) (4) (5) (6) (7) (8) OursGT (2)(1)

Figure 7: Qualitative Results of Ablation Studies. Removing individual components leads
to inconsistencies in agent appearance, embodied actions, and the shared environment across ego
streams. Red boxes highlight representative artifacts. Best viewed zoomed in.

larger degradation in shared-world consistency and fine-grained action control under our embodied
setting. ME-World achieves the best performance across all metrics, demonstrating stronger shared-
world consistency, action control, and video quality. Tab. 3 summarizes the resulting adaptations.
MultiWorld replaces our Shared Environment Memory with its VGGT-based Global State Encoder,
while Solaris uses no explicit environment-conditioning module. γ-World replaces joint full self-
attention with Sparse Hub Attention and Simplex Rotary Agent Encoding, whereas MetaWorld uses
World-State Alignment with warped observations and depth-based conditions. We reimplement
MetaWorld World-State Alignment following the paper, as no official implementation is publicly
available.

4.4 ABLATION STUDY

Tab. 4 and Fig. 7 show that each component addresses a distinct failure mode. Off-the-shelf and
directly fine-tuned Cosmos-Predict2.5 baselines, variants (1) and (2), fail to produce plausible multi-
agent ego futures, highlighting the need for explicit multi-agent conditioning. Without joint multi-
agent generation, variants (3) and (7) produce inconsistent ego streams, where agent appearance
and the surrounding environment diverge across views. Without shared action conditioning, vari-
ants (3), (4), and (6) exhibit cross-view action misalignment. Without shared environment mem-
ory, variants (3), (4), and (5) generate inconsistent backgrounds across streams. These results show
that joint generation couples the predictions, shared action conditioning aligns embodied behavior,
and shared environment memory anchors both streams to a common evolving world.

5 CONCLUSION

We introduced multi-agent egocentric world modeling, where multiple agents interact in a shared
world through their own egocentric viewpoints. We proposed ME-World, which jointly generates
ego streams with shared action conditioning and environment memory. We also constructed real and
synthetic benchmarks with shared-world consistency metrics. Experiments show that ME-World
improves shared-world consistency and fine-grained action control while maintaining strong video
quality, highlighting the importance of modeling ego streams as coupled observations of an evolving
world. Our framework offers several directions for extension. Jointly modeling actions and obser-
vations could enable agents to plan behaviors and anticipate their effects on the shared world, while
efficient cross-agent communication and memory could support larger groups. Combined with effi-
cient video generation, these extensions could enable real-time, interactive multi-agent world simu-
lation. We hope this work advances world models toward simulating multiple embodied agents in a
persistent and evolving world.
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Zöllner, Manthan Patel, Manuel Kaufmann, Marc Pollefeys, et al. Comind: Understanding col-
laborative human activity from multiple minds and views. In European Conference on Computer
Vision, pp. 502–523. Springer, 2026.

Zheng Ge, Songtao Liu, Feng Wang, Zeming Li, and Jian Sun. Yolox: Exceeding yolo series in
2021. arXiv preprint arXiv:2107.08430, 2021.

Raktim Gautam Goswami, Amir Bar, David Fan, Tsung-Yen Yang, Gaoyue Zhou, Prashanth Kr-
ishnamurthy, Michael Rabbat, Farshad Khorrami, and Yann LeCun. World models for learning
dexterous hand-object interactions from human videos, 2026. URL https://arxiv.org/
abs/2512.13644.

Kristen Grauman, Andrew Westbury, Eugene Byrne, Zachary Chavis, Antonino Furnari, Rohit Gird-
har, Jackson Hamburger, Hao Jiang, Miao Liu, Xingyu Liu, et al. Ego4d: Around the world in
3,000 hours of egocentric video. In Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pp. 18995–19012, 2022.

Kristen Grauman, Andrew Westbury, Lorenzo Torresani, Kris Kitani, Jitendra Malik, Triantafyllos
Afouras, Kumar Ashutosh, Vijay Baiyya, Siddhant Bansal, Bikram Boote, Eugene Byrne, Zach
Chavis, Joya Chen, Feng Cheng, Fu-Jen Chu, Sean Crane, Avijit Dasgupta, Jing Dong, Maria
Escobar, Cristhian Forigua, Abrham Gebreselasie, Sanjay Haresh, Jing Huang, Md Mohaiminul
Islam, Suyog Jain, Rawal Khirodkar, Devansh Kukreja, Kevin J Liang, Jia-Wei Liu, Sagnik Ma-
jumder, Yongsen Mao, Miguel Martin, Effrosyni Mavroudi, Tushar Nagarajan, Francesco Ra-
gusa, Santhosh Kumar Ramakrishnan, Luigi Seminara, Arjun Somayazulu, Yale Song, Shan Su,
Zihui Xue, Edward Zhang, Jinxu Zhang, Angela Castillo, Changan Chen, Xinzhu Fu, Ryosuke
Furuta, Cristina Gonzalez, Prince Gupta, Jiabo Hu, Yifei Huang, Yiming Huang, Weslie Khoo,
Anush Kumar, Robert Kuo, Sach Lakhavani, Miao Liu, Mi Luo, Zhengyi Luo, Brighid Meredith,
Austin Miller, Oluwatumininu Oguntola, Xiaqing Pan, Penny Peng, Shraman Pramanick, Merey
Ramazanova, Fiona Ryan, Wei Shan, Kiran Somasundaram, Chenan Song, Audrey Souther-
land, Masatoshi Tateno, Huiyu Wang, Yuchen Wang, Takuma Yagi, Mingfei Yan, Xitong Yang,
Zecheng Yu, Shengxin Cindy Zha, Chen Zhao, Ziwei Zhao, Zhifan Zhu, Jeff Zhuo, Pablo Arbe-
laez, Gedas Bertasius, David Crandall, Dima Damen, Jakob Engel, Giovanni Maria Farinella, An-
tonino Furnari, Bernard Ghanem, Judy Hoffman, C. V. Jawahar, Richard Newcombe, Hyun Soo
Park, James M. Rehg, Yoichi Sato, Manolis Savva, Jianbo Shi, Mike Zheng Shou, and Michael
Wray. Ego-exo4d: Understanding skilled human activity from first- and third-person perspectives,
2024. URL https://arxiv.org/abs/2311.18259.

Qiao Gu, Lingni Ma, Adam W Harley, Richard Newcombe, Florian Shkurti, and Julian Straub. E3C:
Video generation with 3d environmental memory and ego-exo human pose control. arXiv preprint
arXiv:2605.26316, 2026.

David Ha and Jürgen Schmidhuber. Recurrent world models facilitate policy evolution. Advances
in neural information processing systems, 31, 2018.

Jinkun Hao, Mingda Jia, Ruiyan Wang, Hongrui Zhu, Jiafei Cao, Xihui Liu, Ran Yi, Lizhuang Ma,
Jiangmiao Pang, and Xudong Xu. Egosim: Egocentric world simulator for embodied interaction
generation. arXiv preprint arXiv:2604.01001, 2026.
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Generated Result 2Generated Result 1 Generated Result 3 Generated Result 4

Figure 8: Additional Qualitative Results on the Real Benchmark. We show additional gen-
erations from diverse interaction sequences in real benchmark. Each example contains the two
synchronized ego streams generated jointly by our model across multiple timesteps. Best viewed
zoomed in.

Generated Result 1 Generated Result 2 Generated Result 3

Agent 1 View Agent 2 View TPV (No Generate) Agent 1 View Agent 2 View TPV (No Generate) Agent 1 View Agent 2 View TPV (No Generate)

Figure 9: Additional Qualitative Results on the Synthetic Benchmark. We show additional
generations from diverse interaction sequences in synthetic benchmark. For each example, the two
ego views are jointly generated by our model. The third-person view (TPV) is shown only as a
visual reference to help interpret the shared scene and interaction, and is not generated or used as
input by our model. Best viewed zoomed in.
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Figure 10: Multi-Agent and Autoregressive Generation. We further demonstrate our model in
more diverse generation settings, including multi-agent and long-horizon generation. Our model
jointly generates three synchronized ego views for three interacting agents (top), and autoregres-
sively generates two-agent sequences of 221 frames (bottom). For the three-agent results, the third-
person view (TPV) is provided only as a visual reference to help interpret the shared scene and
interaction, and is not generated or used as input by our model. Best viewed zoomed in.

A ADDITIONAL RESULTS

A.1 ADDITIONAL QUALITATIVE RESULTS

We provide additional qualitative results on the real and synthetic benchmarks in Fig. 8 and 9.
Across diverse real-world interactions, our model generates coherent paired ego views that preserve
shared scene content and compatible interaction dynamics despite substantial viewpoint differences
between the two agents. On the synthetic benchmark, where agent identity and motion can be
inspected more clearly, the model consistently preserves the appearance of both agents and their
coordinated interactions across the generated ego views.

A.2 GENERALIZATION TO EXTENDED SETTINGS

We further demonstrate our model in diverse generation settings beyond the standard two-agent,
fixed-length setting used for training.

Multi-Agent Generation. Our framework extends naturally to a larger number of agents without
modifying the underlying architecture. To add a third agent, we simply append an additional ego
stream and its corresponding agent token, project the third agent’s body and hand poses into each
ego view in the same manner as in the two-agent setting, and include the resulting conditions in
joint generation. All ego streams are then processed together with shared attention and the same
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shared environment memory. As shown in Fig. 10 (top), this simple extension enables the model
to jointly generate three synchronized ego views for three interacting agents while preserving a
common shared scene and their mutual interactions.

Autoregressive Generation. We further extend generation along the temporal dimension by au-
toregressively chaining multiple generation chunks. As shown in Fig. 10 (bottom), this produces
a 221-frame two-agent sequence while maintaining the interacting agents and shared environment
over the extended horizon. Each subsequent chunk is conditioned on two frames from the preceding
generated chunk, while generation within each chunk remains bidirectional. To improve robustness
to imperfect generated context, we perturb the conditional latents during training. We randomly
condition on one or two frames, and when two frames are used, independent Gaussian noise with
standard deviation 0.1 is applied with probability 0.5. The denoising target remains clean, exposing
the model to imperfect handoff frames without requiring autoregressive rollouts during training.

B EVALUATION DETAILS

B.1 SHARED-WORLD CONSISTENCY METRICS

B.1.1 METRIC IMPLEMENTATION DETAILS

We provide implementation details for the shared-world consistency metrics introduced in Sec. 4.1.
Following the notation in the main paper, we consider an ordered pair of distinct agents (n,m),
where agent n is the query stream and agent m is the corresponding target stream. For clarity, we
describe the metrics for a synchronized frame and omit the frame index t. We report Senv, Supdate

on both benchmarks, and Sid on synthetic.

Feature Representation and Change Mask. We extract DINOv3 (Siméoni et al., 2025) ViT-L/16
features on a 32 × 32 patch grid, denoted by ϕ(·). For each patch p in the generated query view
X

(n)
gen, we compute its discrepancy from the stream-aligned warped condition:

d(n)gen(p) =
∥∥∥ϕ(X(n)

gen)(p)− ϕ(X(n)
warp)(p)

∥∥∥
2
. (2)

To account for reprojection artifacts, we set the change threshold τ (n) to the 80th percentile of
feature distances over valid non-human background patches in each frame. The generated change
mask is then

M
(n)
update(p) = 1

[
d(n)gen(p) > τ (n)

]
. (3)

All visibility and change masks are evaluated on the same patch grid.

Cross-View Correspondence. As illustrated in Fig. 4 (a), we establish correspondences between
the synchronized ground-truth views X

(n)
gt and X

(m)
gt using metric depth and ground-truth camera

poses. Each patch center p in the query view is back-projected into 3D and projected into the target
view to obtain its corresponding patch q. We retain correspondences whose projected locations lie
within the image boundaries and whose reprojected depths agree with the target-view depths within
10 cm. The resulting co-visible correspondence set is denoted by C(n→m).

For each (p, q) ∈ C(n→m), we compute the cross-view feature similarity between the corresponding
generated regions:

s(n→m)(p, q) = cos
(
ϕ(X(n)

gen)(p), ϕ(X
(m)
gen )(q)

)
. (4)

Environment Consistency. Senv measures whether environment content generated without direct
scene evidence remains consistent across ego streams. As illustrated in Fig. 4 (b), we select co-
visible correspondences whose query patch is not covered by the stream-aligned geometric memory:

C(n→m)
env =

{
(p, q) ∈ C(n→m)

∣∣∣ M (n)
vis (p) = 0

}
. (5)

For our two-agent setting, we average both ordered directions:

Senv =
1

2

∑
(n,m)∈{(1,2),(2,1)}

Avg
(p,q)∈C(n→m)

env
s(n→m)(p, q). (6)
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Figure 11: Metric validation. We visualize the query regions evaluated by Senv and Supdate, their
co-visible correspondences in the target stream, and the resulting DINOv3 cosine similarities. The
consistent generation in (a) shows high correspondence similarity and receives higher metric scores,
whereas the cross-view inconsistencies in (b) appear as localized similarity drops and lower scores.
This correspondence provides qualitative evidence that the proposed metrics capture the intended
cross-view consistency. Best viewed zoomed in.

The visibility constraint is applied only to the query patch p; its corresponding target patch q need
not be uncovered.

State Update Consistency. Supdate measures whether interaction-induced state changes are repre-
sented consistently across ego streams. As illustrated in Fig. 4 (c), we select co-visible correspon-
dences whose query patch differs from valid warped scene evidence:

C(n→m)
update =

{
(p, q) ∈ C(n→m)

∣∣∣ M (n)
update(p) = 1, M

(n)
vis (p) = 1

}
. (7)

We then compute

Supdate =
1

2

∑
(n,m)∈{(1,2),(2,1)}

Avg
(p,q)∈C(n→m)

update

s(n→m)(p, q). (8)

Requiring M
(n)
vis (p) = 1 ensures that the detected change is measured relative to valid scene appear-

ance evidence rather than an uncovered region.

Identity Consistency. On synthetic, Sid evaluates whether the generated interaction partner pre-
serves its intended avatar appearance. As illustrated in Fig. 4 (d), for each benchmark avatar, we
construct a multi-view reference images by rendering the avatar from 12 azimuths under full-body
and upper-body framings and encode the masked renders using the CLS token of DINOv3 ViT-
L/16 (Siméoni et al., 2025). For each generated frame after the provided first frame, we detect the
interaction partner using SAM3 (Carion et al., 2026) and encode the detected character using the
same feature extractor. We compare its feature against the multi-view reference images of the corre-
sponding ground-truth avatar and take the maximum cosine similarity over the reference views. Sid

is obtained by averaging these similarities over all valid frames and both ego streams.

B.1.2 METRIC VALIDATION

Qualitative Validation. Fig. 11 visualizes how the proposed metrics respond to actual generation
successes and failures. We highlight the query regions selected for Senv and Supdate and visualize
the DINOv3 cosine similarity of their co-visible correspondences in the other ego stream. Our gen-
eration preserves high similarity in both regions, yielding Senv = 0.582 and Supdate = 0.495. In
contrast, independent single-stream generation shows visible cross-view disagreement in the same
regions, reflected by lower similarities and scores of 0.498 and 0.402, respectively. For clarity, the
figure visualizes one correspondence direction, while the reported scores use bidirectional evalua-
tion.

Controlled Validation. We further validate the metric behavior by introducing controlled
cross-view inconsistencies into 100 benchmark clips (Tab. 5). Only one ego stream is mod-
ified and the paired stream is kept unchanged, while the metrics are computed with the
standard bidirectional evaluation. We consider three cases: temporal misalignment by shift-
ing one stream by five frames, an environment conflict by replacing content without di-
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rect scene evidence (Mvis = 0) with a fixed appearance, and a state conflict by simi-
larly replacing regions containing interaction-induced state changes (Mgen = 1,Mvis = 1).

Table 5: Controlled validation of the proposed
metrics. We evaluate how Senv and Supdate

respond to temporal misalignment, environment
conflict, and state conflict. Values in brackets de-
note changes from the original generations.

Metric Ours Misalignment Env. Conflict State Conflict
Senv 0.468 0.399 (−0.069) 0.377 (−0.090) 0.408 (−0.059)

Supdate 0.466 0.377 (−0.090) 0.447 (−0.019) 0.320 (−0.147)

Temporal misalignment decreases both metrics.
More specifically, the environment conflict de-
creases Senv by 0.090 while changing Supdate

by only 0.019, whereas the state conflict de-
creases Supdate by 0.147, compared with 0.059
for Senv. These differentiated responses sup-
port that the two metrics capture their intended,
complementary aspects of shared-world consis-
tency.

B.2 EVALUATION METRICS

In addition to shared-world consistency, we evaluate camera control, self-action control, other-agent
action control, and video quality.

Camera Control. We estimate camera trajectories from generated videos using DA3-GIANT (Lin
et al., 2025) and align them to the ground-truth trajectories with a similarity transformation to resolve
monocular scale ambiguity. We report the absolute trajectory error (ATE) of camera centers and the
mean rotation error between aligned and ground-truth camera orientations.

Action Control. Following E3C (Gu et al., 2026), we evaluate self-action and other-agent action
control separately. For self-action control, we segment the wearer’s hands using SAM3 (Carion
et al., 2026) and report Hand-F1 and Hand-mIoU for hand presence and spatial alignment, respec-
tively. For other-agent action control, we detect the interaction partner and estimate body keypoints
using YOLOX (Ge et al., 2021) and ViTPose (Xu et al., 2022). We report Full-Body-F1 for partner
detection and Full-Body-PCK@10 for pose alignment over matched detections.

Video Quality. We report PSNR (Huynh-Thu & Ghanbari, 2008), SSIM (Wang et al., 2004), and
LPIPS (Zhang et al., 2018) between generated and ground-truth videos to measure reconstruction
fidelity and perceptual similarity. We additionally compute FVD (Unterthiner et al., 2019) using
I3D (Carreira & Zisserman, 2017) features to assess video-level distributional similarity.

B.3 BASELINE IMPLEMENTATION DETAILS

B.3.1 MULTI-VIEW VIDEO GENERATION

GEN3C (Ren et al., 2025). We use the GEN3C-Cosmos-7B checkpoint (704 × 1280, 121-frame
chunks). For each generation direction, we construct a per-frame 4D cache from the source view’s
ground-truth RGB video, metric depth estimated by DA3 (Lin et al., 2025), and ground-truth camera
parameters. We render the cache along the target camera trajectory, using temporally corresponding
source frames, and provide the rendered observations and validity masks as warp conditions, to-
gether with the target initial frame and caption. We letterbox the 504× 504 inputs into 704× 1280,
adjusting intrinsics accordingly. We pad the 77-frame camera trajectory to 121 frames by repeating
its final pose and truncate the output to 77 frames. We use 35 denoising steps, guidance scale 1.0,
and point-filter threshold 0.05. The central 704× 704 region is cropped before evaluation.

AnyView-DVS (Van Hoorick et al., 2026). We use the AnyView-DVS-2B checkpoint, conditioned
on the source ground-truth video and both cameras’ intrinsics and extrinsics through Plücker rays.
The target initial frame, text, and depth are not provided. We re-anchor poses to the target camera at
frame 0 and scale translations by 1/8 following the released configuration. We resize the inputs to
576× 576 with adjusted intrinsics and generate 41 frames, the maximum supported length (1+4k).
We use 35 sampling steps and guidance scale 0.

B.3.2 SINGLE-EGO WORLD MODELS

EgoSim (Hao et al., 2026). We use EgoSim-14B based on Wan2.1-Fun-14B-InP. Following the
released pipeline, we construct an environment prior by back-projecting each view’s ground-truth
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initial frame using estimated metric depth and rendering it along the ground-truth camera trajectory,
together with a coverage mask. We render the wearer’s Aria MPS hand tracking (21 landmarks per
hand) into a 3D skeleton video using the official rendering parameters. We additionally provide the
initial-frame CLIP embedding and corresponding caption. Inputs are letterboxed into 480 × 832
with adjusted intrinsics. We generate 61 frames using the first 61 frames of the conditions, retaining
the benchmark’s 10 FPS indexing rather than resampling to the model’s nominal 16 FPS. We use 50
denoising steps without classifier-free guidance.

JointControlVideo (Zhang et al., 2026). We use the released LoRA and hand-controller weights.
Each view is independently conditioned on its ground-truth initial frame, caption, and the wearer’s
3D hand-joint trajectories. We reorder Aria MPS hand landmarks into the MANO-21 joint ordering
and provide 42 joints in the camera coordinate system, along with camera intrinsics. Untracked
hands are zeroed, consistent with training-time joint dropout. We letterbox inputs into 480×832 and
generate 77 frames using 50 denoising steps and guidance scale 5.0. The model does not explicitly
receive camera trajectories.

B.3.3 GENERAL WORLD MODELS

DreamX-World (DreamX Team et al., 2026). We use the DreamX-World-5B-Cam checkpoint
based on Wan2.2-TI2V-5B. Each ego stream is independently generated from its ground-truth initial
frame, caption, and camera trajectory. We resize the initial frame to 480 × 480 using bicubic in-
terpolation and generate 77 frames at the same resolution. The official inference interface converts
discrete camera commands into per-frame poses. We bypass this conversion and directly provide
the recorded camera poses in the same internal format. The model interpolates the poses to 20 la-
tent frames and expresses them relative to the initial camera, using fixed intrinsics and metric-scale
translations without normalization.

LingBot-World (Robbyant Team et al., 2026). We use the LingBot-World-Base-Cam checkpoint
based on Wan2.2-I2V-A14B. Each ego stream is independently generated from its ground-truth
initial frame, caption, and camera trajectory. We resize the initial frame to 480× 480 using bicubic
interpolation and generate 77 frames at the same resolution. We provide per-frame camera-to-world
poses and intrinsics. Following the official implementation, the camera poses are interpolated to 20
latent frames, expressed relative to the initial camera, and normalized by the maximum translation
magnitude before Plücker-ray encoding. We compensate for the repository’s intrinsic rescaling from
its 480× 832 reference canvas to preserve the effective intrinsics at 480× 480.

B.3.4 MULTI-AGENT WORLD MODELS

MultiWorld (Wu et al., 2026). We adapt MultiWorld to our embodied multi-agent setting using
the same video backbone, training data, and Shared Action Conditioning as ME-World. We retain
our Joint Multi-Agent Generation, jointly denoising the two ego streams through full self-attention
over the concatenated stream tokens. For environment conditioning, we replace our Shared Envi-
ronment Memory with MultiWorld’s VGGT-based Global State Encoder. We extract a shared global
representation from the observation history using frozen VGGT features and inject the resulting rep-
resentation into the ego streams through cross-attention. Our stream-aligned geometric memory and
cross-stream anchor memory are not used in this adaptation.

Solaris (Savva et al., 2026). We adapt Solaris using the same backbone, training data, and Shared
Action Conditioning as ME-World. The two ego streams are jointly denoised using Joint Multi-
Agent Generation, allowing their tokens to interact through full self-attention. Unlike ME-World,
this adaptation does not use an additional explicit environment-conditioning module. It therefore
corresponds to joint multi-agent generation with Shared Action Conditioning but without Shared
Environment Memory.

γ-World (Liu et al., 2026). We adapt γ-World using the same backbone, training data, and
Shared Action Conditioning as ME-World. Instead of our Joint Multi-Agent Generation, we re-
tain γ-World’s multi-agent interaction mechanism based on Sparse Hub Attention and Simplex Ro-
tary Agent Encoding. The ego streams communicate through the shared hub tokens rather than
full self-attention over a single concatenated sequence. We do not introduce an additional ex-
plicit environment-conditioning module, isolating the effect of its native cross-agent communication
mechanism under the same embodied action conditions.
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Figure 12: Dataset example. Examples are from (a) our generated synthetic dataset and (b) curated
real-world CoMind dataset, showing synchronized ego streams and corresponding human poses.

(b) Motion Retargeting in Blender (c) Multi-User Video Rendering
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SMPL Multi-Agent Motion Sequences

(a) 3D Asset and Motion Source Collecting (b) Multi-Agent Scene Rendering (c) Synchronized Video Generation

Figure 13: Synthetic dataset generation pipeline. (a) We collect diverse 3D characters, environ-
ments, and paired motions, (b) apply the motions to characters, place them in the shared world space,
and attach egocentric cameras, and (c) render synchronized egocentric video pairs.

MetaWorld (Hu et al., 2026b). We adapt MetaWorld using the same backbone, training data,
and Shared Action Conditioning as ME-World. Rather than jointly processing all ego tokens with
full self-attention, we retain MetaWorld’s World-State Alignment mechanism. Since no official
implementation is publicly available, we reimplement this module based on the method described in
the paper, where the ego branches are processed separately and exchange synchronized information
through cross-view attention. For environment conditioning, we provide geometric scene evidence
using warped observations and depth-based conditions, following the MetaWorld formulation.

C DATASET CONSTRUCTION

We construct training data from both synthetic multi-person interactions and real-world synchro-
nized egocentric recordings, as illustrated in Fig. 12. The synthetic pipeline provides diverse agent
appearances, environments, and human-human interactions with complete geometric and motion
annotations, whereas the real-world data captures natural interactions and visual complexity. For
both sources, we process paired ego streams into a common training format consisting of scene,
pose, camera, reference-image, and text conditions.

C.1 SYNTHETIC DATASET GENERATION

To complement the limited diversity of real data, we construct synchronized egocentric video pairs
from interacting avatars in shared 3D environments, as illustrated in Fig. 12 (a). As illustrated
in Fig. 13, paired human motions are retargeted to rigged avatars, placed into diverse scenes, and
rendered synchronously from two head-mounted cameras. The rendered geometry and poses allow
us to construct the same conditioning modalities used for real data, together with shared posed
reference images.

Assets and Motion Retargeting. We use 1,822 two-person interaction sequences from Inter-X (Xu
et al., 2024) (1,372 sequences across 40 categories) and InterHuman (Liang et al., 2024) (450 se-
quences), resampled to 10 FPS. We collect 100 rigged VRM avatars and seven indoor and outdoor
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Blender environments. For each sequence, we randomly assign two avatars and transfer the SMPL-X
motion to their skeletons. Because avatar body proportions can differ substantially from the source
motions, we adapt the retargeted arm motion according to avatar limb lengths. Analytic two-bone
inverse kinematics further aligns the wrists with their source trajectories, reducing contact errors
in interactions such as handshakes. Finger articulation is transferred separately using relative joint
flexion, and the retargeted pair is vertically aligned to the scene floor.

Scene Placement and Rendering. We define scene anchors with valid standing positions and orien-
tations and transform each interaction into a canonical pair-centric coordinate system before place-
ment. Ray casting estimates available free space around each anchor, allowing motion trajectories
to be assigned only to geometrically compatible locations. We discard placements with frequent
camera–geometry intersections, yielding 53 validated scene configurations across the seven envi-
ronments. For compatible placements, we additionally favor configurations with sufficient mutual
view coverage between the two agents, which provides useful shared visual evidence for multi-ego
generation.

We attach a head-mounted camera to each avatar and synchronously render the two egocentric
streams with a 100◦ horizontal field of view at 504 × 504 resolution and 10 FPS using Blender
EEVEE. The wearer’s head geometry is hidden from its own camera to avoid near-camera artifacts.
RGB images, metric depth, and person-instance masks are rendered jointly. Avatar animations and
cameras are keyframed over the complete interaction to preserve exact temporal synchronization
between the two ego streams.

Condition Extraction. We divide the rendered sequences into non-overlapping 77-frame windows
and construct the conditioning modalities used by our model. For explicit scene conditioning, we
select observations from the available history according to their target-view reprojection coverage.
Human pixels are removed using the rendered instance masks before back-projecting the remaining
RGB-D observations into 3D and reprojecting them into each target camera. This produces the
warped scene observation and its corresponding visibility mask.

For shared action conditioning, we project the articulated skeletons of both agents into each target
ego view. Body and finger joints are rendered using consistent identity-specific colors, allowing the
model to distinguish the same two agents across viewpoints. Camera motion is represented using
per-pixel Plücker ray maps constructed in the shared coordinate system.

We additionally construct the implicit shared environment memory by selecting eight clean refer-
ence observations shared across the two streams. References are greedily selected to maximize
complementary scene coverage over both target ego views. For each reference, we retain its RGB
image, camera condition, and identity-colored pose condition. Because the underlying interaction
is already specified by the pose conditioning, we use a generic first-person interaction prompt for
synthetic training samples.

Quality Control and Dataset Statistics. We filter sequences with invalid viewing conditions,
prolonged extreme partner proximity, or severe camera–geometry intersections. A wall-intrusion
score based on near-camera scene geometry provides an additional check for cases in which the
virtual head-mounted camera enters scene surfaces. The resulting synthetic corpus contains 4,736
paired 77-frame clips, corresponding to 9,472 egocentric videos, generated from 1,822 interaction
sequences, 100 avatars, seven environments, and 53 validated scene configurations. All videos are
rendered at 10 FPS and 504× 504 resolution.

C.2 REAL DATASET CURATION

We curate CoMind (Gavryushin et al., 2026), which records two interacting wearers during collab-
orative kitchen activities, into synchronized two-ego training pairs, as illustrated in Fig. 12 (b). The
fisheye camera streams are rectified to a pinhole projection and processed at 10 FPS and 504× 504
resolution. Each training example contains 200 context frames followed by 77 target frames.

Geometry and Scene Conditioning. We use CoMind’s multi-device SLAM reconstruction for
recordings with a valid shared solve, which places both head-mounted cameras in a common coor-
dinate system. For every ego pair, we express both cameras in a shared canonical coordinate frame
and convert their intrinsics and extrinsics into per-pixel Plücker ray maps, preserving the relative
camera geometry between the two views.
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Because the released scene geometry is too sparse to directly construct dense target-view appearance
conditions, we estimate per-frame metric depth using DA3 (Lin et al., 2025) with the corresponding
camera parameters. For each target view, we back-project valid pixels from past observations into
3D and reproject them using the target camera to construct the warped scene appearance condition.
The valid reprojection region defines the corresponding binary visibility mask.

Moving people must not be treated as part of the persistent scene memory. We therefore segment
human regions using SAM3 (Carion et al., 2026) and remove them from source observations before
warping. For each target frame, we select the source observation with the largest valid reprojection
coverage after human masking. This provides an explicit geometric memory of previously observed
static scene content while preventing ghosting or leakage from past human locations.

Pose Conditioning. CoMind provides egocentric hand poses but does not contain complete whole-
body motion annotations. We therefore estimate full-body 2D poses using Sapiens2 (Khirodkar
et al., 2026), including body, hand, and facial landmarks. We associate detected people across the
synchronized ego streams and maintain consistent identities over time. The two agents are rendered
with fixed identity-specific colors across both views so that each ego stream receives the projected
body motion of both the wearer and the interacting partner in a shared identity convention.

Cross-Stream Anchor Memory Construction. In addition to stream-aligned geometric mem-
ory, we construct clean reference observations that provide complementary appearance informa-
tion about the shared environment. Candidate observations are selected from the available context
of both ego streams. Following the synthetic pipeline, we greedily select references according to
their complementary target-view coverage and retain their RGB appearance, camera conditions, and
identity-consistent pose conditions. The resulting references are shared by both generated streams
and form the implicit reference memory used by our model.

Text Conditioning. CoMind does not provide textual descriptions for the egocentric videos. We
therefore generate a description for each ego stream using Qwen3.6-35B-A3B (Qwen Team, 2026).
The captions describe the visible activity and interaction from the corresponding viewpoint and are
used as per-view text conditions during training.

Quality Control and Dataset Statistics. We retain recordings for which the multi-device SLAM re-
construction provides a reliable shared camera solution and remove windows with unreliable camera
registrations or invalid visual conditions. After filtering, the real training corpus contains approxi-
mately 12K synchronized two-ego clip pairs from 32 recordings. Each pair is processed at 10 FPS
and 504× 504 resolution with 200 context frames and 77 target frames.

C.3 BENCHMARK CONSTRUCTION

Real Benchmark. We sample 100 clips from the official validation split of CoMind (Gavryushin
et al., 2026). These recordings are disjoint from our training data and contain unseen kitchens and
participants. We process them using the same geometry, pose, and camera pipeline described above
and extract synchronized 77-frame windows from the two ego streams. All metrics are computed
at 480 × 480 resolution. We exclude clips with hair occluding the ego camera, mean cross-view
co-visibility below 0.075, or fewer than 10 partner-visible frames in both views. Co-visibility is
computed through cross-view depth reprojection using the recorded cameras with a 10 cm depth-
consistency tolerance. To avoid concentrating the benchmark on a narrow range of viewpoint over-
lap, we allocate recording-level quotas proportional to each recording’s eligible candidate pool,
yielding 28, 25, and 47 clips. Within each recording, candidates are sorted by co-visibility, divided
into equal-count strata, and randomly sampled across these strata. The resulting benchmark has a
mean cross-view co-visibility of 0.38 and a median of 43 partner-visible frames per clip.

Synthetic Benchmark. We construct 100 evaluation clips using the same rendering and condition-
ing pipeline as our synthetic training data while using held-out assets. The benchmark spans six
Poly Haven (Poly Haven, 2026) environments: Hidden Alley, Verdant Trail, The Shed, Namaqua-
land, Pawn Shop, and Pine Forest. Candidate windows must contain at least 10 partner-visible
frames with at least six body joints inside the image, and must have mean cross-view co-visibility of
at least 0.05. We retain at most one window from each interaction sequence to avoid near-duplicate
samples. Scene-level quotas are assigned proportional to the eligible validation pool, resulting in 14,
23, 18, 14, 19, and 12 clips for the six scenes, respectively. Within each scene, we perform stratified

26



Multi-Agent Egocentric World Model with Fine-Grained Embodied Interaction

sampling by co-visibility following the real benchmark protocol. The resulting synthetic benchmark
contains 100 distinct interaction sequences, including 84 from Inter-X and 16 from InterHuman,
across 86 avatar pairs. It has a mean cross-view co-visibility of 0.31 and provides exact camera,
depth, segmentation, pose, and identity annotations for controlled evaluation.

D IMPLEMENTATION DETAILS

D.1 MODEL DETAILS

Model Configuration. We initialize ME-World from the Cosmos-Predict2.5 2B(Ali et al., 2025)
multi-view diffusion transformer, with a frozen Wan-2.1 causal video VAE and Cosmos-Reason1
7B text encoder. Each training sample contains two synchronized 77-frame ego streams at 480×480
resolution and 10 FPS, encoded into 20 latent frames per view. We use first-frame conditioning and
four shared references selected by greedy coverage maximization over both views.

D.2 TRAINING DETAILS

Training. We train separate checkpoints for Real and Synthetic, using CoMind and our synthetic
dataset, respectively, without transferring weights between them. For each model, we fine-tune the
DiT and conditioning modules using the rectified-flow objective, applying the loss only to generated
latent frames. We use AdamW with a learning rate of 3 × 10−5, weight decay 10−3, 100 warm-up
steps, and linear learning-rate decay. Training uses BF16 and FSDP on four A100 80 GB GPUs with
a global batch size of 4. We maintain an exponential moving average (EMA) of the model weights.

Inference. We use the corresponding Real or Synthetic checkpoint with EMA weights, 35 denoising
steps, and a classifier-free guidance scale of 7.0 to jointly generate two 77-frame ego streams.
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