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Figure 1: Showcasing AnchorWorld. (a) AnchorWorld synthesizes egocentric videos conditioned on
human action and initial ego-view frame. (b) It further enables world customization with conditional
anchor views, which provide local appearance, 3D pose, and evolution prompts for scene evolution.

Abstract

Despite being a pivotal frontier, interactive world modeling remains underexplored
in terms of the versatile controllability required by practical scenarios. To bridge
this gap, we present AnchorWorld, a framework that advances egocentric simu-
lation through enhanced interaction integrity and a flexible mechanism for world
customization. First, we utilize 3D human motion as the primary interaction
modality. To complement the out-of-view or truncated body parts in egocentric
views, we introduce an auxiliary training supervision that incorporates exogenous
viewpoints decoupled from the agent’s first-person sensorium. It allows the model
to observe the agent’s full-body positioning relative to the environment, facilitating
a more robust spatial grounding of human-world interactions. Furthermore, we
propose a simple yet effective mechanism for customizing self-evolving worlds.
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This is achieved by defining anchor views within a unified world coordinate system,
coupled with textual descriptions dictating the dynamic evolution of local scenes.
Experimental results show that AnchorWorld significantly outperforms state-of-the-
art baselines, while ablation studies validate the effectiveness of our key designs.
Notably, our customization scheme exhibits promising spatio-temporal geometric
consistency and adheres strictly to the prescribed evolutionary dynamics.

1 Introduction

Interactive world models aim to simulate dynamic visual environments that respond to user interven-
tion. For first-person applications such as virtual reality and embodied Al [5, 9, 14], this response is
not merely a matter of predicting visually plausible continuations. The simulator must account for
how the user moves and acts: head motion determines where the camera looks, body motion drives
navigation, and coordinated actions shape how the user interacts with nearby objects. Meanwhile,
the simulated world should not be treated as an unconstrained visual continuation: it should contain
local states that can be specified, preserved, and evolved as the user moves through the environment.
Together, these requirements call for an egocentric world simulator with two complementary forms
of control: embodied action control and localized world-state customization.

Existing interactive world models only partially satisfy these requirements. Many approaches [6,
43, 44, 53] rely on simplified control signals such as keyboard inputs, camera trajectories, or text
prompts, which are convenient for navigation but do not reflect how humans act from a first-person
perspective. Recent egocentric methods move toward more natural control by incorporating hand
actions [48, 52] or full-body motion [4, 45]. However, learning such control from egocentric videos
remains challenging. The motion condition describes the body in 3D, while most of the body is absent
from the egocentric frame to be predicted. Therefore, the model observes the visual consequences
of body motion only indirectly, making motion supervision sparse and weakly aligned. A second
challenge lies in how the “world” itself is defined. Existing methods [45, 57] typically determine
the environment implicitly through an initial frame, a global prompt, or historical context; newly
observed regions are therefore weakly constrained. This makes it difficult to specify what should
exist at particular 3D locations or how local scene states should evolve over time.

The two limitations above motivate AnchorWorld, a framework for world-customizable embodied
egocentric simulation. AnchorWorld provides two complementary forms of control: human body
motion for egocentric navigation and interaction, and pose-associated anchor views for explicit
world customization. For egocentric action control, the supervision missing from first-person videos
is precisely what third-person videos provide, since the body and its interaction with the scene
are visible from outside. We thus pair 3D human motion with camera viewpoint and formulate
action conditioning in a projection-based manner, where the camera viewpoint can correspond to
either an external observation view or the head-mounted view, enabling hybrid-view training. This
hybrid-view human action control lets the model learn how full-body motion shapes first-person
visual observations. For world customization, we represent local world states with pose-associated
anchor views. Each anchor view consists of an RGB image specifying local visual appearance, a 3D
pose that grounds the anchor, and an evolution prompt that describes its dynamic changes. These
anchors allow users to specify local states at chosen 3D locations, preserve them across changing
viewpoints, and guide their evolution, including in regions initially out of sight.

We train AnchorWorld with a progressive strategy that introduces hybrid-view human action control,
anchor-view scene consistency, and dynamic evolution in successive stages so each component builds
on a stable base. Across egocentric, synthetic UE, and captured real-world scenarios, AnchorWorld
improves over adapted baselines on action accuracy, scene consistency, and dynamic evolution. The
results further reveal remarkable generalization to out-of-distribution scenarios, especially under large
viewpoint changes and limited overlap between the initial ego-view and anchor views. Additional
analyses show two key capabilities for localized world customization: out-of-sight scene evolution
and pose-consistent anchoring under spatial transformations. Our contributions are summarized:

* We formulate world-customizable embodied egocentric simulation, a task that enables human-
motion-driven exploration and interaction within customizable, self-evolving worlds.

* We propose AnchorWorld, a unified framework that combines embodied egocentric action
control with pose-associated anchor-view customization.



* We validate AnchorWorld through extensive experiments, demonstrating accurate egocentric
human action control, strong spatial awareness, and controllable scene evolution.

2 Related Work

Interactive World Models. The core pursuit of interactive world models is to synthesize visual
environments conditioned on user input actions. A large body of early research adopts keyboard and
mouse operations to control viewpoints and navigate simulated worlds [6, 17, 42, 44, 50, 54, 63].
Concurrently, another line of work employs text prompts as interaction signals, enabling users
to trigger specific world events and drive environmental transitions [1, 7, 31, 39, 43, 51, 53]. To
support more fine-grained and embodied interactions, recent studies introduce hand poses as control
signals [13, 16, 26, 48, 52, 60]. However, they are often limited to egocentric scenarios with restricted
camera motion. DWM [24] performs interaction within static 3D scenes and achieves embodied
simulation conditioned on rendered first-person videos and rendered hand meshes. PlayerOne [45]
uses full-body human motion to build egocentric world simulators. It introduces a part-disentangled
motion injection scheme, allowing the model to perceive the roles of different body parts. Similarly,
PEVA [4] adopts human motion as the action condition and generates videos without text input,
encouraging intention inference from first-person videos and motion cues.

Scene-Consistent Video Generation. ReCamMaster [2] tackles novel camera trajectory synthesis
by enforcing scene consistency through source-video conditioning via in-context learning. It further
constructs paired training data with different camera trajectories using synthetic Unreal Engine
data. CineScene [19] represents a scene with a dense sequence of images captured at regular
angular intervals, and leverages implicit 3D features [47] to build scene understanding for camera-
controlled cinematic video generation. SWM [37] grounds its world model in real-world urban
environments by retrieving nearby street-view images during navigation, and uses geometric and
semantic references to improve spatial realism. Context-as-Memory [57] maintains scene consistency
in long video navigation by retrieving field-of-view-relevant historical frames and injecting both
scene and viewpoint cues into generation. Additionally, another line of work incorporates explicit 3D
representations to improve view consistency across generated frames [10, 18, 20, 32, 36, 56, 58, 59].
These methods typically reconstruct or maintain intermediate 3D scene representations, such as depth
maps or point clouds, and use them to guide novel-view or trajectory-conditioned video generation.

3 Method

Given a sequence of human actions and a customizable world specification, our goal is to synthesize
an egocentric video that reflects how a user navigates and interacts within the defined environment. To
this end, AnchorWorld takes two types of control signals as input: embodied human motion for action
control, and pose-associated anchor views for world customization. We instantiate AnchorWorld
with Wan [46], a flow-matching-based [29] DiT [34] video generation model, and condition its video
synthesis on the action and anchor-view signals. The human motion is represented as a sequence
of body actions derived from the SMPL-X parametric body model [33], denoted as M € R7*#x6,
where f is the number of frames and % is the number of joints. Each joint state consists of its 3D
position and 3D axis-angle rotation vector. The customizable world is defined by an initial egocentric
view I and a set of localized anchor views & = {(I;, ¢;, t;)}?_ ;. Each anchor view contains an
RGB image I;, a 6-DoF viewpoint pose ¢; = [R; | p;] € R**4, and an evolution prompt ¢; that
describes the temporal change of local scene states. Figure 2 provides an overview of the proposed
framework. We detail each component of our approach in the following subsections.

3.1 Hybrid-View Human Action Control

Enhanced Egocentric Action Control via hybrid views. Human action contains rich spatial
and interaction cues: the root trajectory determines global navigation, the limbs indicate potential
interactions with the surrounding scene, and the head motion induces the egocentric viewpoint.
However, in first-person videos, most body parts are often outside the camera field of view, making
direct supervision of full-body action control sparse and incomplete. To overcome this limitation, we
introduce third-person view (TPV) videos as auxiliary training data, where the full human body and
its interactions with the surrounding scene are explicitly visible. These videos provide rich interaction
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Figure 2: AnchorWorld synthesizes egocentric videos conditioned on embodied human actions and
anchor views. For action control, full-body motion and ego-view pose are concatenated as a unified
action representation and injected via spatial pose attention. For world customization, each anchor
view includes an RGB image, a 3D pose, and an evolution prompt, enabling spatially grounded and
temporally evolvable world simulation. Evolution prompts are incorporated via cross-attention layers.

context and complete motion supervision, helping the model learn stronger spatial grounding between
human motion and scene responses. To support joint training on both TPV and first-person view (FPV)
data within a unified framework, we formulate action conditioning in a projection-based manner.
Specifically, we represent the action condition by combining the full-body motion sequence with the
camera trajectory, allowing the model to project 3D human motion into 2D visual observations under
arbitrary viewpoints. We first pre-train the model on large-scale and diverse TPV videos, where the
camera parameters correspond to the external observation viewpoint, enabling the model to acquire
projection knowledge and human-scene interaction priors. Then, we adapt the model to egocentric
simulation by aligning the camera parameters with the human head perspective in FPV data. This
design enables more accurate human-action control and stronger spatial pose awareness.

Spatial Pose Attention. Inspired by prior work [12, 27], we inject the pose conditions through
a spatial pose attention mechanism. Specifically, a motion encoder first projects the input motion
sequence M € R/*¥%6 into a latent embedding z,, € RS "xkxd where d is the model’s hidden
dimension. To ensure temporal alignment with the VAE-encoded [25] video latents, we employ
temporal downsampling to match the temporal resolution f’. Analogously, a camera encoder
processes the camera pose sequence C' € R/ *3*4 into z, € R/ ¥4 where the camera pose can
represent either a third-person observation viewpoint or the first-person head viewpoint.

To exploit the inherent frame-wise correspondence between motion and video tokens, we concatenate

the video tokens zf,t) with the human motion tokens z,, and camera pose tokens z. along the spatial

dimension. This unified sequence is then processed by the spatial self-attention block:
T = [z(t). Zmi ze] € RS X (hwtk+1)xd
v o ) Pl (1 )
2 = 2  Truncate (Attn(Wo - T, Wy - T, Wy - T))

The Truncate operator discards the auxiliary pose tokens, retaining only the updated video features.

3.2 Evolvable Anchor-View Customization

To enable evolvable world customization, we represent the environment with a set of anchor views.
Each anchor view provides three types of localized world priors: an RGB image for visual appearance,
a 3D pose for spatial grounding, and an evolution prompt for temporal state evolution.

In-Context Anchor-View Priors. To incorporate anchor-view image priors while preserving the
generative capability of the pre-trained video model, we adopt an in-context conditioning strategy [19,
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Figure 3: Progressive multi-stage training strategy. Stage I: TPV action training; Stage II: FPV action
training; Stage III: static anchor-view customization; Stage IV: dynamic anchor-view evolution.

23, 55]. Specifically, the images of anchor views are encoded into latent tokens zs € Rfsxhwxd

which are concatenated with the video latent tokens zf,t)

Ttotar = [Zi()t);zs] c RU +fs)xhwxd

€ RS xhwxd glong the frame dimension:
(2)

This design enables anchor views to guide world synthesis in-context, without requiring architectural
modifications to the base model. We further employ 3D RoPE [41] to differentiate anchor views by
assigning them distinct frame-axis positions in the positional embedding space.

View Pose Injection. Since each view corresponds to a specific 3D location in the world, its spatial
pose is essential for grounding the customized content. We therefore inject pose information for
both generated video frames and anchor views. The camera poses are encoded into embeddings
Zpose € R +f)x1xd apd spatially broadcast to match the latent resolution, yielding 2,5 €

R+ f)xhwxd Before the self-attention layers, the pose embeddings are added to the visual tokens:

ﬁotal = 7;otal + Zpose- 3)
By coupling visual tokens with spatial poses, the model can distinguish anchor views located at
different positions and associate the generated egocentric trajectory with the correct local constraints.

Text-Driven Anchor-View Evolution. To enable dynamic world customization, each anchor view
is paired with a localized evolution description ¢; that specifies its temporal scene changes. We inject
these descriptions through cross-attention, leveraging the semantic priors of the pre-trained video
model. To preserve the locality of dynamic instructions, we restrict the interaction between text
prompts and visual tokens using an attention mask. For a text prompt £, its text keys are visible only
to the generated video tokens and the corresponding anchor-view tokens zgj):
ifgez,orqge zgj),
otherwise.

0,

—0Q0,

This masked cross-attention enables anchor-specific text control, allowing local scene states to evolve
over time while reducing interference across different anchor views.

3.3 Progressive Multi-Stage Training Strategy

To progressively equip the model with egocentric human action control and evolvable anchor-view
customization, we adopt a multi-stage training strategy, as illustrated in Figure 3. Stage I & II:
Hybrid-View Action Control Training. We train the model to learn action-conditioned generation
from hybrid viewpoints, where TPV videos provide complete full-body motion supervision. In Stage
I, the model is trained on large-scale third-person videos, where the camera parameters represent
external observation viewpoints. In Stage II, we then adapt the model to first-person videos by
aligning the camera trajectory with the head pose of the character. Stage III & IV: Evolvable
Anchor-View Customization Training. After establishing action controllability, we train the model
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Figure 4: Qualitative Comparison. The gray mask denotes the human action and its location in
the anchor view. During inference, the gray-masked region in the anchor view is inpainted. Red
wireframes visualize the 3D anchor-view poses. Our method achieves better egocentric action control,
scene consistency under large viewpoint changes, and dynamic scene evolution.

to incorporate anchor-view priors for world customization. In Stage III, we train the model on static
scenes to learn pose-aware anchor-view conditioning for consistent egocentric roaming. In Stage IV,
we mix in dynamic data with evolution descriptions to model text-driven local state changes.

4 Experimental Results

4.1 Experiment Settings

Implementation Details. We adopt Wan2.2 TI2V 5B [46] as the base model and synthesize 77-frame
videos at 480p resolution under an image-to-video formulation. For exocentric training, we use an
internally curated dataset of 200K single-person action videos and 101K videos from the UE-based
MultiCamVideo dataset [2]. For egocentric training, we require synchronized third-person and
first-person views to extract the camera wearer’s human pose and anchor-view information; therefore,
we use Ego-Exo4D [15] and LEMMA [22], which provide synchronized cross-view pairings, diverse
egocentric interactions, and dynamic scenes. We use GVHMR [40] to estimate both 3D human
motion and anchor-view poses in a shared 3D global coordinate system. The estimated motion



Table 1: Quantitative results. For static scenes, we evaluate scene consistency, camera accuracy, and
video quality. For dynamic scenes, we additionally report text alignment with the evolution prompts.
For the CineScene test set, due to its data characteristics, we report only the applicable metrics.
Method Scene Consistency Camera Accuracy Text Alignment  Video Quality
Mat. Pix.(K)} CLIP-V{ PSNR{ SSIM{ LPIPS| ATE| RTE| RRE| VideoAlign-TA?  VBencht

EGO STATIC SCENE

PlayerOne 3961.6 0.845 13.26 0.459 0.596  0.131 0.037 3.741 — 0.734
PlayerOne-Scene 4334.8 0.864 14.38 0.500 0.545 0.142 0.032 3.353 — 0.735
CaM-UE 3706.9 0.804 11.57 0.448 0.686  0.163 0.040 3.590 — 0.729
CaM-Ego 4379.4 0.872 15.16 0.554 0515  0.125 0.032 3.207 — 0.748
Ours 4493.4 0.885 16.06 0.578 0470  0.112 0.029 3.145 = 0.748
UE STATIC CINESCENE
PlayerOne 3947.0 0.787 - - - - - 2.438 - 0.736
PlayerOne-Scene 4413.5 0.802 - - - - - 2.401 - 0.737
CaM-UE 4301.1 0.852 - - - - - 1.722 - 0.750
CaM-Ego 4429.1 0.842 — — — — — 2.009 — 0.770
Ours 4555.1 0.851 = = = = = 1.656 = 0.769
EGO DYNAMIC SCENE
PlayerOne-Scene 4455.4 0.864 14.24 0.454 0.583  0.067 0.017 1.784 0.449 0.756
CaM-UE 4466.5 0.856 12.82 0.462 0.627  0.083 0.018 1.230 0.115 0.770
CaM-Ego 4459.0 0.871 14.57 0.501 0.574  0.083 0.016 1.636 0.385 0.770
Ours 4634.6 0.899 16.37 0.555 0486  0.048 0.013 1.346 0.717 0.774

contains 22 major body joints, excluding hand poses due to unreliable estimation in current egocentric
data, as also noted in GigaHands [11]. More details are provided in Appendix A.

Baselines. We compare with baselines across three tasks: (1) Egocentric Action Control: We
use PlayerOne [45] as the main baseline, which decomposes human pose into body-part controls.
Since its official code is unavailable, we re-implement it on Wan2.2 TI2V 5B using our training
data, excluding hand poses for fairness due to unreliable estimation. (2) Static Scene Consistency:
We evaluate PlayerOne with our anchor-view injection mechanism, denoted as PlayerOne-Scene.
We also compare with CaM [57], which takes camera poses, scene context, and scene viewpoints
as inputs, training two variants on our egocentric data and the official UE dataset. CineScene [19]
and SWM [37] are excluded due to FOV issues and unavailable code, respectively. (3) Dynamic
Scene Evolution: Since no prior work shares the same setting, we adapt the static-scene baselines by
appending evolution prompts to their global text prompts.

Evaluation. We evaluate the generated results from four aspects: (1) Action Accuracy: As most body
parts are out of view in egocentric videos, we quantify action controllability through camera-view
control and qualitatively assess limb motion. Following MegaSaM [28], we use camera pose error
metrics, including Absolute Translation Error (ATE), Relative Translation Error (RTE), and Relative
Rotation Error (RRE). We estimate camera trajectories from synthesized videos using MegaSaM. (2)
Scene Consistency: Following prior works [2, 19], we report GIM-based Mat. Pix. [38] to measure
the ratio of matched pixels, CLIP-V [35] for semantic similarity, pixel-aligned metrics including
PSNR and SSIM [49], and the perceptual metric LPIPS [62]. (3) Dynamic Evolution: We adopt the
Text Alignment (TA) metric from VideoAlign [30] to measure semantic consistency with anchor-view
evolution prompts. (4) Video Quality: We evaluate visual quality using VBench [21]. Averaged
results are reported in Table 1, with detailed results for each evaluation dimension provided in Table 6.

Test Sets. To evaluate performance and generalization, we construct four test sets: (1) Egocentric
Static Test Set: 100 held-out sequences from the same data sources as the training set, featuring
significant motion and viewpoint variations. (2) UE Test Set: 100 Unreal Engine (UE) [8] sequences
filtered from CineScene [19], whose initial frames do not overlap with the provided anchor views.
Since CineScene camera trajectories are repurposed as character head poses, we retain only in-
place rotational motions to avoid unnatural poses while preserving large viewpoint changes. Thus,
viewpoint accuracy is evaluated only by RRE, and scene consistency is assessed only using CLIP-V
and GIM due to inconsistent camera intrinsics. (3) Real-World Test Set: sequences captured from
diverse real-world scenes with anchor views and human actions under large viewpoint changes, used
only for qualitative evaluation due to unavailable ground-truth references. (4) Egocentric Dynamic
Test Set: 100 held-out sequences from training data with pronounced dynamic human activities. We
do not include out-of-domain dynamic data, as collecting such data remains challenging.
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4.2 Comparisons

Quantitative Results. As shown in Table 1, our method achieves the best results in scene consistency,
camera accuracy, and text alignment across all test scenarios, while maintaining comparable visual
quality. PlayerOne learns from incomplete supervision targets captured from first-person videos,
leading to weaker motion control. PlayerOne lacks scene information as input, and CaM-UE is
trained only on UE data with slow camera motion; therefore, both methods perform poorly in scene
consistency. Although PlayerOne-Scene and CaM-Ego are trained on the same data as ours, both
exhibit weaker spatial perception than our projection-based control learning scheme. PlayerOne-
Scene is limited by its part-wise learning scheme in modeling spatial pose variations, while CaM-Ego
only takes viewpoint information as input. Notably, since our method supports state evolution control
via evolution prompts, its advantage becomes more pronounced in dynamic scenes.

Qualitative Results. Figure 4 presents visual comparisons across multiple test tasks. Our method
shows superior performance in egocentric human motion control, scene consistency under large
viewpoint changes, and dynamic scene evolution driven by evolution prompts. CaM-Ego only
controls viewpoint changes without body motion input, while PlayerOne-Scene suffers from limited
motion accuracy due to its part-wise control scheme. Additional action control results are shown
in Figures 9 and 10. In addition, more results on evolution prompt control are shown in Figure 8.
We further evaluate our method on out-of-distribution UE scenes and real-world scenes in Figure 5,
where there is limited or no overlap between the anchor view and the initial ego-view frame. The
results show that our method exhibits strong generalization ability.

4.3 Ablation Studies

Ablations of Design Strategies. We conduct ablation studies on key design choices in Table 2. Under
the action control setting, Stage-I third-person video training and the projection-based control design
are essential, as shown quantitatively and visually in Figure 9. Removing them also weakens scene
consistency in later stages by degrading spatial perception. In addition, removing anchor-view pose or
anchor-view RoPE leads to worse scene consistency, confirming their roles in providing pose-aware
view conditioning and distinguishing multiple anchor views. Finally, we validate the effectiveness of
the multi-stage training strategy through mixed-training variants across stages.

Out-of-Sight Scene Evolution. As shown in Figure 6, we evaluate whether our model can infer
scene dynamics beyond the initial egocentric view. We construct cases where another person appears
in the anchor view but is initially invisible from the egocentric perspective, becoming visible only
after a viewpoint change by the first-person player. We vary the timing of this viewpoint change
by modifying the egocentric human motion. For example, when the caption describes a person
standing up from a sofa, an earlier viewpoint change reveals the person still sitting at frame 25 and
subsequently standing up, whereas a delayed change first reveals them already standing at frame 60.



Table 2: Ablations on design choices. We compare design strategies across egocentric action control
and evolvable anchor-view customization. TA denotes the VideoAlign text-alignment score. “Joint”
denotes joint training of the corresponding stages.

Variant Scene Consistency Camera Accuracy Text Alignment
Mat. Pix.(K)t CLIP-V1 PSNR{ SSIMt LPIPS| ATE| RTE] RRE] TAT
Egocentric Action Control (Camera Accuracy)
w/o Stage I — - - — — 0.125 0.033 3.532 —
w/o Head Pose — - - — — 0.123  0.032 3.806 —
Joint Stage I & 11 — - - — — 0.123  0.030 3.372 —
Ours = = = = = 0.112 0.030 3.187 —
Anchor-View Customization (Ego Static Scene)
w/o Stage 1 4438.3 0.877 15.50 0.557 0492  0.116 0.031 3.351 —
w/o Head Pose 4425.4 0.877 15.42 0.561 0.502  0.119 0.032 3.395 —
w/o Stage 11 4416.1 0.879 15.68 0.571 0487  0.115 0.031 3.234 —
w/o Anchor-View Pose 4401.7 0.879 15.59 0.568 0493  0.112 0.033 3.184 —
w/o Anchor-View RoPE 4395.2 0.878 15.40 0.564 0498  0.110 0.031 3.162 -
Joint Stage III & IV 4442.6 0.877 15.59 0.570 0489  0.109 0.031 3.180 -
Ours 4493.4 0.885 16.06 0.578 0470 0.112 0.029 3.145 —
Anchor-View Evolution (Ego Dynamic Scene)
Joint Stage III & IV 4573.4 0.893 15.67 0.522 0.502  0.050 0.014 1.362 0.703
Ours 4634.6 0.899 16.37 0.555 0.486 0.048 0.013 1.346 0.717
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Figure 6: Out-of-Sight Scene Evolution. We show that our model can infer scene evolution beyond
the observed view by varying the timing of the action-induced viewpoint transition. Even when
dynamic scene elements are not visible, our model can still reason about their state changes.
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Figure 7: Spatial Pose Awareness. We horizontally flip the human pose and anchor-view pose while
keeping the anchor-view image fixed, creating overlapping and non-overlapping view settings.

Spatial Pose Awareness. As shown in Figure 7, we flip the human and anchor-view poses, forming
overlapping and non-overlapping settings. The results show that our method understands spatial pose
relationships and retrieves appearance details when the poses overlap.



5 Conclusion and Limitations

In this work, we introduced AnchorWorld, a framework for world-customizable embodied egocentric
simulation that integrates natural embodied action control with localized world-state customization.
Specifically, AnchorWorld leverages third-person videos to provide rich interaction context and
complete human motion supervision, and employs projection-based action control to support hybrid-
view training, while pose-associated anchor views provide spatially grounded appearance priors and
text-driven local scene evolution. Extensive experiments demonstrate that AnchorWorld consistently
surpasses existing methods, while ablations validate each key design. Additionally, AnchorWorld
still has several limitations, including challenges in long-term exploration, open-world generalization,
and diverse dynamic scenario modeling, which are discussed in detail in Appendix B.
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Appendix

The appendix consists of four sections. Readers can click on each section number to navigate to the
corresponding section:

* Section A provides more implementation details.

* Section B describes the limitations.

* Section C describes additional analyses and results, including dynamic evolution prompt
control, egocentric and exocentric action control, and real-world hard scenes.

e Section D describes the failure cases.
A Implementation Details

Table 3: Overview of the progressive training stages.

Setting Stage I Stage 11 Stage I11 Stage IV
Objective Exocentric Motion Egocentric Motion  Static Scene Dynamic Scene
Training Data Internal videos; Ego-Exo04D [15]; Ego-Exo4D [15]; Ego-Exo4D [15];
MultiCamVideo [2] LEMMA [22] LEMMA [22] LEMMA [22]
Data Scale 200K+101K 100K 25K 25K+10K
Iterations 30K 15K 10K 10K
Batch Size 16 16 16 16
Learning Rate 1x 1074 1x1074 1x1074 1x 1074
Optimizer AdamW AdamW AdamW AdamW
Compute Resources 16 NVIDIA 16 NVIDIA 16 NVIDIA 16 NVIDIA
GPUs@80G GPUs@80G GPUs@80G GPUs@80G
GPU Hours 600 300 253 253

We adopt Wan2.2 TI2V 5B [46] as our base video generation model and train it in an image-to-video
manner. Our training follows a progressive strategy, as summarized in Table 3. In the data scale row,
Stage I uses 200K internally curated real single-person action videos and 101K synthetic UE videos
from MultiCamVideo [2]; Stage IT uses 100K egocentric action samples; Stage III uses 25K filtered
samples with large viewpoint changes; and Stage IV jointly trains on the 25K static-scene samples
from Stage III and 10K filtered dynamic-scene samples with noticeable human activities.

All videos are processed at 480p resolution while preserving their original aspect ratios, which retains
visual content and avoids geometric distortion. All training stages are conducted on 16 NVIDIA
GPUs with a total batch size of 16, a learning rate of 1 x 1074 a timestep shift of 15, and the AdamW
optimizer. During training, pose conditions and anchor-view information are independently dropped
with a probability of 5%. During inference, we use 50 denoising steps and set the classifier-free
guidance scale to 5.

For egocentric video data, LEMMA [22] provides one anchor view for each sample, whereas
Ego-Exo04D [15] contains one to six anchor views captured from different viewpoints. Due to the
construction procedure of these paired third-person-to-first-person datasets, the anchor view images
may contain the first-person player. Ideally, an anchor view should be defined independently of the
player and thus should not include the player itself. However, given the relatively low data resolution,
directly masking the player and applying inpainting would introduce visible artifacts and degrade
image quality. Therefore, we do not apply inpainting during training. Importantly, using clean
anchor-view images at inference time does not adversely affect the results. This can be attributed to
two factors: (1) supervision from first-person videos enables the model to learn to ignore the player
when interpreting anchor views; and (2) our input conditions include both human pose and view pose
information, which allows the model to determine spatial relationships based primarily on pose cues.

For Ego-Exo04D, we undistort the egocentric fisheye videos and apply moderate brightness enhance-
ment due to their low illumination. In addition, Ego-Exo04D exhibits noticeable color discrepancies
between third-person and first-person videos, as these videos are captured by the different cam-
eras. Nevertheless, our model can leverage valuable scene information from the anchor view while
maintaining a color tone consistent with the initial ego-view frame.
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Evolution Prompt 1: Stand still.

Figure 8: Evolution prompt control. We demonstrate that, within the same anchor-view image,
modifying the evolution prompt enables control over different state changes.

For human motion and anchor-view pose estimation, we use GVHMR [40]. Specifically, we estimate
3D human motion from third-person views and canonicalize each sequence by placing the initial
pose at the origin and aligning its horizontal orientation. The estimated motion contains 22 major
body joints, excluding hand poses because hand estimation is unreliable in current egocentric data,
due to frequent out-of-view hands, occlusions, and multi-person interference, as also noted in
GigaHands [11]. We further use GVHMR to estimate anchor-view poses relative to the target subject,
thereby unifying human motion and anchor viewpoints in a shared 3D global coordinate system. In
multi-person scenes, the estimated human motion may correspond to a non-egocentric subject. We
therefore manually inspect the annotations, correct subject assignments when necessary, and discard
samples with low-quality motion estimation.

For evolution prompts, they are annotated by Qwen3-VL-32B-Instruct [3] using carefully designed
prompt templates, as shown in Table 7.

B Limitation

Long-Term Exploration. In this work, we primarily focus on scenarios involving short video clips.
However, enabling longer-horizon world exploration and interaction is essential for future progress.
To this end, we plan to extend our framework toward real-time autoregressive interaction. We note
that, in first-person settings, an embodied agent may continuously interact with the environment and
explore larger-scale scenes. During this process, the model must update environmental state changes
induced by its own actions in real time. Addressing this challenge requires a stronger emphasis on
long-term memory mechanisms [61] within the model.

Open World. In this work, the training data primarily focuses on a constrained set of scenarios. In
the future, collecting open-world data to construct broader environments and support longer-horizon
world exploration will be an important direction.

Diverse Dynamic Scenarios. Due to limitations in current egocentric training data, which typically
provide multiple viewpoints of the same dynamic human activity, our empirical implementation uses
a globally consistent evolution description for all anchor-view priors, i.e., ;1 = - - - = t,,, and mainly
focuses on human-related activities rather than diverse dynamic scenarios. Future work can extend
our framework to more diverse scenarios and anchor-specific dynamic controls, while incorporating
the natural dynamic evolution of the world, thereby enabling the construction of more realistic and
temporally rich worlds.
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Figure 9: Visualization results of egocentric action control. We show the results compared with
baseline methods and our ablation settings.

C Additional Analyses and Results

C.1 Evolution Prompt Control

As shown in Figure 8, we achieve different dynamic evolutions of the scene by modifying the
evolution prompt. This demonstrates that our method provides flexible support for diverse dynamic
evolutions, allowing users to describe anchor-specific dynamic evolution.

C.2 Egocentric Action Control

Since most body motions are not visible in egocentric videos, we conduct qualitative comparisons
to evaluate the performance of different methods on ego human action control. Figure 9 shows the
results on the in-domain test set, while Figure 10 further compares the results in real-world scenarios.
The results demonstrate the superior performance of our projection-based control method. PlayerOne
suffers from inaccurate body-motion control, whereas CaM-Ego only supports viewpoint control.

In addition, Figure 9 presents a qualitative comparison of the ablation study on the design of egocentric
action control. The results show that the absence of motion knowledge from third-person video data,
as well as the use of non-projection-based action control, leads to reduced accuracy in body-motion
control.

C.3 Real World Scene

To evaluate the generalization ability of our method, we construct test data through real-world capture,
as shown in Figure 11. In addition to the single-anchor-view setting, we construct a multi-anchor-
view setting by capturing multiple scene images, where the subject undergoes continuous viewpoint
changes that overlap with different anchor views. Furthermore, to verify that our method infers
spatial locations from spatial poses rather than relying on overlapping RGB information, we construct
test data in which the anchor-view image and the first ego-view frame have no visual overlap by
performing coordinate transfer through multiple captures, as illustrated in Figure 11 (a). The results
show that our method can still generate correct outputs under this challenging setting, demonstrating
its spatial awareness.
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Figure 10: Visualization results of egocentric action control in real-world scenes. Our method
generates stable results in response to diverse body motions, such as pouring water, squatting and
jumping, and walking up stairs.

C.4 Scene Coherence.

As shown in Figure 12, we consider two challenging settings: (i) replacing the anchor-view image
with another image of a different style, such that the first ego-view frame and the provided anchor
scene no longer describe the same underlying world; and (ii) using the same anchor-view image while
simultaneously flipping both the anchor-view pose and the human pose, which mirrors the world
space horizontally. In both settings, the human pose and the anchor-view pose still exhibit apparent
view overlap. However, the generated videos may become inconsistent or visually incoherent. For
setting (i), this is because the model is forced to refer to an anchor scene that is incompatible with
the ego-view observation. For setting (ii), when the world-space geometry becomes inconsistent or
physically implausible, the model struggles to generate reasonable results, as can be observed from
the wall surface in the first row of Figure 12. These results indicate that video generation models
internally require a continuous and complete world representation with spatially consistent geometry.

C.5 Exocentric Action Control

We report the ablation results of Stage I third-person human action control in Table 4. We use
GVHMR [40] to estimate the 3D human poses of the generated videos, and compute MPJPE-related
metrics against the ground-truth poses to measure control accuracy. The first row corresponds to using
only 3D joint positions to represent joint information, instead of our 6D pose representation. The
results show that, due to the lack of orientation information, this design hinders the model from fully
understanding the 3D human pose, and may lead to incorrect human orientations in the generated
results.

In addition, we explore different pose-condition injection strategies. The results demonstrate that
our proposed spatial pose attention achieves the best performance and enables the model to correctly
interpret the pose condition. This is because this design explicitly informs the model of the frame-
level alignment between video tokens and pose tokens, and drops the pose tokens after attention, since
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Figure 11: Visualization results in real-world scenes. We show that our method can generate stable
results in scenes with non-overlapping viewpoints, as well as in both multi-anchor-view and single-
anchor-view settings.
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Figure 12: Visualization of scene coherence cases. We replace the anchor view with a style-
mismatched image or mirror the world by flipping both the anchor-view and human poses. The
results indicate that video generation models internally require a continuous and complete world
representation with spatially consistent geometry.

there exists a distribution gap between pose features and VAE latents. Figure 13 shows visualization
results of third-person action control.

C.6 Additional Quantitative Results
We show in Table 5 how the number of anchor views surrounding a world scene helps improve scene

consistency performance. We also present in Table 6 the detailed per-dimension results of the average
VBench metrics reported in Table 1.
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Figure 13: Visualization results of third-person human action control.

Table 4: Quantitative ablation results on third-person action control. We report WA-MPJPE and
PA-MPIJPE, where lower values indicate better performance.

Method Motion Accuracy
WA-MPJPE| PA-MPIJPE]

Joint Position Only 90.47 38.71

3D Pose Attention 188.17 82.37

Cross-Attention Fusion 187.55 88.23

In-Context Frame Concat 161.67 74.64

Ours 74.57 28.01

Table 5: Quantitative ablation results on the number of anchor views.

# Anchor Views Scene Consistency
Mat. Pix.(K)t CLIP-V+ PSNRT SSIMt LPIPS|
1 4074.94 0.8605  14.9740 0.5600 0.5174
2 415291 0.8645  15.0294 0.5585 0.5178
3 4233.59 0.8667 15.1877 0.5622 0.5104
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Table 6: Evaluation metrics cover the fine-grained dimensions of VBench: Subject Consistency
(Sub. Cons.), Background Consistency (Bg. Cons.), Temporal Flickering (Temp. Flick.), Motion
Smoothness (Mot. Smooth.), Imaging Quality (Img. Qual.), and Aesthetic Quality (Aes. Qual.).

Method VBench Dimensions
Sub. Cons.T Bg. Cons.T Temp. Flick.f Mot. Smooth.T Img. Qual.t Aes. Qual.T

Ego Static Scene

PlayerOne 0.7956 0.8964 0.9474 0.9821 0.3945 0.3800
PlayerOne-Scene 0.8071 0.8974 0.9498 0.9820 0.3940 0.3803
CaM-UE 0.7694 0.8899 0.9357 0.9811 0.4099 0.3903
CaM-Ego 0.8142 0.9040 0.9533 0.9851 0.4172 0.4155
Ours 0.8167 0.9041 0.9523 0.9832 0.4140 0.4171
UE CineScene

PlayerOne 0.7920 0.8600 0.9361 0.9818 0.4309 0.4125
PlayerOne-Scene 0.8147 0.8699 0.9444 0.9856 0.4026 0.4052
CaM-UE 0.8004 0.8961 0.9289 0.9903 0.4214 0.4631
CaM-Ego 0.8496 0.9035 0.9426 0.9911 0.4566 0.4789
Ours 0.8522 0.8986 0.9382 0.9911 0.4571 0.4781
Ego Dynamic Scene

PlayerOne-Scene 0.8743 0.9140 0.9649 0.9889 0.4015 0.3941
CaM-UE 0.8824 0.9230 0.9586 0.9921 0.4508 0.4156
CaM-Ego 0.8751 0.9266 0.9669 0.9913 0.4388 0.4204
Ours 0.8937 0.9295 0.9689 0.9901 0.4371 0.4272

(b) Blurry frames from rapid panning

Figure 14: Failure cases. (a) Due to the limited capability of the base model, our method may struggle
to preserve highly fine-grained texture details in scenes with complex local structures, leading to
inconsistent scene details. (b) Since egocentric videos often involve rapid viewpoint changes, the
training data contains blurry frames, which may result in blurry generation artifacts.

D Failure Cases

Inconsistent Scene Details. We observe that when local regions of a scene contain complex structures
and rich texture details, our method may produce results with inconsistent fine-grained details, as
shown in Figure 14 (a). We believe that this limitation is largely constrained by the capability
of the base model. Specifically, the VAE of Wan TI2V 2.2 5B used in our experiments has a

21



spatial downsampling factor of 16, leading to a relatively high compression ratio in the latent spatial
dimensions and thus the loss of fine-detail information. In the future, adopting more powerful base
models is expected to alleviate this issue.

Blurry Results. Our first-person training data contains a large number of videos with rapid viewpoint
changes, which often leads to motion blur in the frames. Consequently, the generated results may
also exhibit similar blurring artifacts, as shown in Figure 14 (b). In addition, due to the limitations of
the base model and the fast motion commonly present in first-person data, the generated hands may
suffer from degraded visual quality.

Table 7: Instruction Template for Evolution Prompt

Role
You are an expert video analyst specializing in First-Person Perspective (FPV) footage.
Objective
Your primary task is to detect and describe the external character(s) visible in the video. Do not describe the
first-person observer, the camera wearer, or their body parts.
Detection Phase
Scan the video for distinct people other than the camera wearer.
If no external person is present, or if people are too obscured to be identifiable, strictly output: False.
If distinct external people are visible, proceed to the description phase.
Description Strategy
Select the subject to describe according to the following rules:
1. Main subject: If one person is the clear focal point, such as interacting with the camera wearer, being closest
to the observer, or performing a distinctive action, describe only this main person and ignore background extras.
2. Collective group: If multiple people are present without a clear protagonist, describe them as a single
collective unit, such as “a group of students” or “a crowd of pedestrians”.
3. Constraint: Do not enumerate individuals as “Character 17, “Character 2”, or “Character 3”. Describe either
the main subject or the collective group state.
Description Aspects
Provide a concise and objective description covering the following four aspects:

a) Location & Position: Describe the subject’s spatial location in the physical 3D environment. Relate the
position to physical objects or spaces, such as “sitting on the sofa”, “leaning against the wall”, “standing in the
doorway”, or “walking down the hallway”. Do not describe positions relative to the video frame, such as “in the
center of the screen”, “on the left side”, or “bottom right”.

b) Appearance: Describe visible physical traits and clothing. For groups, describe the shared appearance,
such as suits or casual clothes.

¢) Dynamic Actions: Describe the subject’s movement or activity, focusing on the flow of motion.

d) Interaction with “I’’: Briefly state the interaction type if it exists, such as “talking to me”, “handing an
object”, or “blocking my path”. If no direct interaction is observed, state “None”.

Constraints

Describe only visually confirmed content and avoid hallucinations. Keep the description concise and do not list
multiple individuals separately.

Output example:

a) Location & Position: The person is standing in the living room, positioned between a coffee table and a TV
console.

b) Appearance: The person is wearing a black short-sleeved T-shirt with a white graphic, gray knee-length
shorts, flip-flops, and a backward black cap.

¢) Dynamic Actions: The person is vacuuming the floor, pushing the upright vacuum cleaner forward and then
bending down.

d) Interaction with “I”’: None. The person is engaged in cleaning and does not appear to interact with the
camera wearer.
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