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Abstract. World models offer a promising route to robotic learning by enabling prediction and planning
directly in high-dimensional visual space. However, unlike Vision-Language-Action (VLA) policies that reason
in language space but often struggle with out-of-distribution visual shifts, turning a powerful generative world
model into an executable policy remains challenging. We present WorldScape Policy, a world-model-based
policy that adapts a pretrained diffusion foundation world model into a generalist robotic planner. By coupling
the world model with a lightweight action expert in a unified Mixture-of-Transformers (MoT) architecture,
our approach overcomes the compounding errors of traditional two-stage inverse dynamics pipelines. The
policy jointly models RGB, depth, and continuous action chunks under a unified flow-matching objective,
augmented with depth-aware token conditioning to support robust 3D spatial reasoning for contact-rich
manipulation. To scale beyond embodiment-specific supervision, we introduce an automated curation and
annotation pipeline that converts large-scale egocentric human videos into interleaved instruction-action clips,
mixing them with cross-embodiment robot demonstrations. A four-stage training recipe further aligns predictive
dynamics with control and supports continual improvement via advantage-conditioned human-in-the-loop
post-training. Extensive experiments conducted on a dual-arm physical platform demonstrate that WorldScape
Policy achieves unprecedented robustness against severe distribution shifts. Furthermore, our approach exhibits
remarkable few-shot adaptability to unseen tasks and embodiments, establishing foundation world models as a
transformative and superior paradigm for scalable generalist robot learning.
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1 Introduction

Building generalist robot policies that can follow language instructions and solve long-horizon manipulation tasks
remains difficult under real-world constraints. On the one hand, large vision–language–action (VLA) policies can
exhibit impressive in-domain performance, but they often struggle with distribution shift (e.g., unseen object instances,
backgrounds, lighting, and contact dynamics) and require substantial embodiment-specific data for reliable deployment.
On the other hand, model-based approaches promise improved sample efficiency by explicitly modeling dynamics, yet
in high-dimensional visual observation spaces they are typically either computationally expensive at inference time
(sampling-based planning) or brittle when the learned dynamics are misaligned with downstream control.

This report investigates a third, fundamentally different route: world-model-based policies that directly leverage a
strong foundation world model as the backbone for action generation. Unlike VLA approaches that perform action
reasoning in language space or classical model-based methods that suffer from expensive sampling-based planning, our
core hypothesis is that a pretrained embodied world model provides a reusable, visually-grounded prior over physical
interaction and scene evolution. Coupling this prior with a lightweight action expert produces a practical policy that (i)
generalizes significantly better under severe distribution shifts, and (ii) transfers functional knowledge seamlessly across
embodiments through shared predictive representations.

We present WorldScape Policy, which adapts the WorldScape video foundation world model into a generalist
robotic planner. Unlike two-stage pipelines that first predict future states and then learn a separate inverse dynamics
model—which often suffer from compounding errors and embodiment-specific retuning—WorldScape Policy adopts a
unified Mixture-of-Transformers (MoT) architecture with end-to-end optimization for joint “Video–Depth–Action”
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modeling. The policy predicts future visual trajectories while simultaneously denoising continuous action chunks,
enabling tight video–action alignment and allowing the policy to plan directly in the model’s predictive feature space.
To support 3D-aware reasoning for contact-rich manipulation, we augment the language / vision reasoning tokens
with depth positional embedding and train with depth video diffusion objectives, encouraging the policy to represent
geometry consistently across time.

To make this approach scalable, we curate an embodied data pyramid that combines (i) large-scale egocentric human
videos, (ii) cross-embodiment robot demonstrations, and (iii) high-quality target-robot teleoperation. We further
introduce an automated curation pipeline that segments long videos into atomic actions, generates interleaved sub-task
instructions, and annotates camera / hand trajectories to align human data with robot action spaces. Training proceeds
in four stages: foundation world model pretraining, unified world–action pretraining, target-robot fine-tuning, and
advantage-conditioned human-in-the-loop post-training for continual improvement.

We evaluate WorldScape Policy in real-world settings, including randomized environments designed to stress robustness
and generalization. Across these evaluations, the results strongly support the superiority of world models for functional
control: incorporating predictive dynamics and geometry-aware conditioning yields exceptional robustness under
domain randomization, and the multi-stage training recipe enables effective cross-embodiment adaptation, establishing
world-model-based policies as a highly resilient alternative to standard VLA paradigms.

In sum, this technical report makes the following contributions:

• World-model-based policy design: a unified MoT architecture that jointly models future RGB / depth trajectories
and continuous action chunks, overcoming the compounding errors of two-stage pipelines and improving video-action
alignment for robust planning.

• Scalable data curation and annotation pipeline: an automated pipeline for converting egocentric human videos
into instruction–action clips and mixing them with cross-embodiment robot data for generalist pretraining.

• Practical training recipe: a four-stage procedure including advantage-conditioned human-in-the-loop post-training
to improve closed-loop performance and generalization.

• Comprehensive evaluation: experiments are conducted on a real physical embodiment to validate robustness,
generalization and few-shot capability.

2 Preliminary

Embodied World Model. Embodied world models (EWMs) are generative models that predict future observations
of physical scenes involving robot locomotion and manipulation, and are therefore central to the development of
embodied intelligence [1, 2]. Methodologically, they aim to learn general state transition regularities of the physical
world in high-dimensional visual space, typically via self-supervised training on interaction data. From the perspective
of representation modality, existing EWMs fall into two main categories: video world models [3, 4] and 3D world
models [5, 6]. Video world models usually start from general video generation backbones [7, 8] and perform embodied
post-training to improve controllability and physical-rule adherence, thereby supporting more reliable action-conditioned
prediction. In contrast, 3D embodied world models explicitly construct three-dimensional representations of embodied
environments, prioritizing multi-view spatial consistency and geometry-aware prediction under viewpoint changes.
In terms of usage, EWMs play two complementary roles. First, they serve as data synthesis engines that generate
video–action trajectories for downstream policy learning [9, 10], alleviating the high cost of collecting real-world
embodied data. Second, they function as internal simulators for action planning, where robot actions are decoded via
forecasting future environment states [11, 12]. This planning-centric pathway has recently gained renewed attention
as a route parallel to the VLA-based embodied learning paradigm [13, 14]: while VLA approaches perform action
reasoning in the language space, EWMs reason about world states in visual feature space, making them particularly
well-suited for embodied learning.

Video Prediction Policy. Video-based embodied action planning has recently emerged as a distinct paradigm for
embodied learning [11, 12, 15]. In this framework, world models are trained in a predominantly self-supervised manner
on large-scale video or interaction data to capture general physical dynamics and are subsequently used as predictive
simulators for decision making. Existing approaches mainly follow two directions. The first adopts a two-stage inverse
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dynamics formulation, where a video world model is trained for future state prediction and then fixed, followed by
learning an inverse dynamics model that maps predicted state sequences to actions [11, 12, 16, 17]. Although this
decouples dynamics modeling from control inference, it typically requires embodiment-specific adaptation to different
robot morphologies and action spaces. The second direction trains a fully action-conditioned world model and performs
planning via trajectory optimization by sampling multiple candidate action sequences, rolling them forward to predict
future outcomes, and selecting the sequence that maximizes a task reward [18, 19]. Although structurally simple, the
sampling-based procedure is computationally expensive and prone to sampling bias in long-horizon settings. More
recently, unified architectures have been proposed that jointly optimize world modeling and action prediction within a
single framework, typically through coupled video and action branches trained under a multi-task objective [20–22].
By co-training visual dynamics modeling and policy learning, these approaches enhance representation sharing and
improve alignment between predicted world states and action generation. Our method follows this unified paradigm and
is designed to further strengthen the mutual benefit between video and action learning.

Real-world Reinforcement Learning. Reinforcement learning in real-world robotics imposes stringent constraints
on sample efficiency, stability, and scalability, particularly for high-capacity VLA models. Early attempts directly
fine-tune pretrained VLAs using PPO-style policy gradients [23, 24], which, while effective in simulation or controlled
settings, often become unstable and costly under real-world interaction budgets. To alleviate these issues, subsequent
work augments pretrained models through residual policy learning [25], diffusion-space policy optimization [26],
sometimes combined with iterative distillation [27]. However, these methods commonly rely on on-policy updates
and simplified action distributions, limiting robustness in long-horizon tasks. More recent approaches incorporate
value-based objectives, including offline Q-learning [28] from demonstrations [29], preference-driven optimization [30],
and value-augmented policy gradients [31] deployed on physical robots. Although improving practical adaptability, such
methods still encounter variance and optimization instability when scaling to large generative architectures. To enhance
long-horizon learning stability, advantage-aware modeling [32] has emerged as a promising direction, ranging from
advantage-weighted regression to explicit state-action advantage estimation. Yet temporal-difference-based advantages
remain noisy in complex real-world dynamics. Recent advances [33, 34] therefore propose learning smoother advantage
signals from paired observations, sometimes with semantic phase conditioning or discretized optimality supervision,
providing more stable and practical training signals for real-world VLA systems.

3 Problem Formulation & Overall Objective

In this paper, we formulate the robotic manipulation task as a conditional action generation problem. Specifically,
WorldScape Policy 𝜋𝑝 jointly predicts video sequences o𝑠:𝑠+𝐿 ∈ R𝐿×𝑁×𝐻×𝑊×3 and corresponding actions a𝑠:𝑠+𝐿 ∈
R𝐿×𝐷 , conditioned on language instruction 𝑖, proprioceptive state q𝑠 and multi-modal visual observations. These
observations include multi-view RGB images o𝑠 ∈ R𝑁×𝐻×𝑊×3 and depth maps d𝑠 ∈ R𝑁×𝐻×𝑊×1. Here, 𝐿 > 0 denotes
a fixed time horizon and 𝑠 is a random index sampled from a trajectory, 𝑁 is the number of camera views, and 𝐷
indicates the dimensionality of the robot’s action space. We emphasize that the joint prediction of video and action
can be decomposed into: (1) autoregressive video prediction 𝜋𝑣 and (2) action prediction 𝜋𝑎 via an Inverse-Dynamics
Model (IDM) conditioned on predictive visual dynamics:

𝜋𝑝 (o𝑠:𝑠+𝐿 , d𝑠:𝑠+𝐿 , a𝑠:𝑠+𝐿 |o𝑠 , d𝑠 , 𝑖, q𝑠)︸                                            ︷︷                                            ︸
WorldScape Policy

= 𝜋𝑣 (o𝑠:𝑠+𝐿 |o𝑠 , 𝑖, q𝑠)𝜋𝑣 (d𝑠:𝑠+𝐿 |d𝑠 , 𝑖, q𝑠)︸                                             ︷︷                                             ︸
WorldScape Foundation Model

𝜋𝑎 (a𝑠:𝑠+𝐿 |o𝑠:𝑠+𝐿 , d𝑠:𝑠+𝐿 , q𝑠)︸                               ︷︷                               ︸
IDM

(1)

To optimize this objective, instead of employing two separate models, we train a single model end-to-end using the
Mixture-of-Transformers (MoT) architecture. We posit that this end-to-end design facilitates superior video-action
alignment through the deep integration of multiple modalities. Since pretrained video models are already optimized for
video prediction on diverse web-scale data, WorldScape Policy only needs to learn to adapt to embodied scenarios and
extract coherent actions from the generated visual sequences. We further claim that this paradigm encourages better
generalization than the conventional practice of fine-tuning Vision-Language-Action (VLA) models from off-the-shelf
VLMs, which often perform action reasoning within the linguistic space. In contrast, our proposed Embodied World
Model (EWM) explicitly learns temporal dynamics and performs state transitions in the visual feature space, making it
particularly well-suited for long-horizon embodied learning tasks.
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Figure 1: WorldScape foundation model overview. WorldScape employs a chunk-wise autoregressive video generation framework.
In this design, each video segment is denoised sequentially, conditioned on camera trajectory, manipulation action, and the cached
key–value states from previously generated chunks.

4 WorldScape Policy: Adapting Embodied World Model for Robotic Planning

4.1 WorldScape Foundation Model

We adopt a foundation world model, WorldScape, as the core of WorldScape Policy. WorldScape Policy is obtained
by fine-tuning this foundation model under a multi-task objective, without modifying its core diffusion transformer
structure. In this section, we detail the key architectural components of the foundation world model.

Autoregressive Diffusion Architecture. WorldScape is built on an autoregressive diffusion-based video transformer
for action-conditioned future prediction, as shown in Figure 1. Given current observations and control inputs, the model
generates temporally evolving future states in a chunk-level autoregressive manner. Each generation step conditions
on: (i) visual latents of the current observation, (ii) structured control signals, and (iii) cached representations from
previously generated chunks. The backbone adopts a diffusion transformer with causal attention over chunked latent
tokens. All modalities are modeled within a unified denoising framework.

Unified Interaction Conditioning. The foundation model integrates structured control inputs within a unified
token-level conditioning mechanism in the diffusion transformer. It supports two categories of interaction signals:
locomotion control, represented by camera trajectory parameters, and manipulation control, represented by articulated
pose sequences. Locomotion signals are parameterized using per-frame Plücker embeddings P𝑖 ∈ R6×ℎ×𝑤 and processed
by a lightweight convolutional adapter. The resulting spatially aligned control features are injected into the transformer
hidden states via residual addition. Manipulation signals are represented as pose sequences converted into a control video.
This control video is concatenated with the visual latent along the channel dimension before denoising, allowing joint
processing of perception and action signals within the same diffusion step. Inside each World–Action DiT block, image,
depth, and action latents are treated as separate token streams. These tokens interact through a shared joint-attention
module, where cross-modal dependencies are modeled explicitly. Adaptive layer normalization (AdaLN) conditions the
transformer layers on time embeddings and control embeddings, ensuring consistent integration of action signals across
denoising stages. Both locomotion and manipulation controls are therefore modeled within the same diffusion backbone
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Figure 2: WorldScape Policy framework overview. WorldScape Policy serves as a generalist robotic planner which is finetuned from
the ManifoldAI WorldScape foundation model. It handles multimodal inputs and predicts both future states and executable robot
actions within a unified model. All modalities are jointly modeled through diffusion training paradigm under a multi-task objective.

at the token level, without introducing modality-specific branches. During pretraining, the transformer learns a joint
distribution over control tokens and visual state tokens, establishing shared video–action representations in latent space.
This learned video-action correspondence is preserved during fine-tuning and provides an initialized action-conditioned
generative prior when extending the model to predict robot action chunks in WorldScape Policy.

3D Spatial Consistency Training. To incorporate geometric constraints into training, we adopt a spatial-aware
multi-task objective that combines diffusion supervision with 3D consistency regularization. Let z𝑡 denote the noisy
latent at timestep 𝑡, and v𝜃 (z𝑡 , 𝑡) denote the predicted velocity field. The diffusion objective is

Ldiff = E𝑡 ,z0

[
∥v𝜃 (z𝑡 , 𝑡) − v𝑡 ∥2

2
]
, (2)

where v𝑡 is the target velocity from the forward process. To enforce 3D consistency, the denoised latent ẑ0 is used to
reconstruct depth and RGB signals under 𝐾 camera viewpoints. The geometric loss is defined as

L3D =
1
𝐾

𝐾∑︁
𝑘=1

(
∥D̂𝑘 − D𝑘 ∥2

2 + 𝜆∥Î𝑘 − I𝑘 ∥2
2

)
, (3)

where (D𝑘 , I𝑘) denote ground-truth depth and RGB observations under viewpoint 𝑘 . The overall objective is

L = Ldiff + 𝛼L3D. (4)

Hierarchical Memory Mechanism. WorldScape maintains long-horizon consistency through a hierarchical KV cache
design embedded in the autoregressive transformer. At each denoising step 𝑡, the attention context is composed of three
memory partitions: the anchor memory stores persistent scene tokens, the global memory pool retains selected historical
states, and the local window preserves recent temporal context. Each cached entry is indexed by its associated camera
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Figure 4: Example of the WorldScape Policy attention mask.

pose, represented by orientation and translation parameters. Memory retrieval is performed using a geometry-aware
similarity score that combines directional alignment and spatial proximity between the current query pose and candidate
memory poses. Only entries with high geometric relevance are attended during cross-token attention. To control
redundancy, newly generated KV entries are evaluated against the global pool using a similarity-based gating criterion.
Entries with high reconstructibility from existing memory are discarded, while novel viewpoints are inserted into
the global pool subject to a fixed capacity constraint. When the memory budget is exceeded, a diversity-preserving
pruning step is applied. A subset of entries is selected based on pose-space dispersion, encouraging coverage over both
translation and rotation dimensions. This hierarchical memory structure allows the model to maintain spatial continuity
across revisited regions while ensuring bounded cache growth during long autoregressive rollouts.

Adaptation to WorldScape Policy. WorldScape Policy is obtained by fine-tuning this foundation model under a joint
objective that includes future state prediction and action prediction. The diffusion transformer backbone, interaction
conditioning scheme, 3D spatial consistency training paradigm, and hierarchical memory mechanism remain unchanged.
The policy therefore inherits the same generative dynamics and geometric inductive biases as the foundation model
while extending it to world-action modeling.

4.2 Architecture

As shown in Figure 2, we resort to a unified framework which follows the MoT (Mixture-of-Transformers) architecture
aiming to perform joint “Video-Depth-Action" diffusion training under a multi-task objective. Specifically, we first
employ an off-the-shelf 3D foundation model (e.g., VGGT [35]) to infer the corresponding depth clues under the current
observations. Then our WorldScape Policy converts the multimodal inputs into the latent space through a pretrained
world VAE encoder and an additional action encoder, which are further processed with a sequence of World-Action
DiT blocks to conduct joint interaction among different token streams conditioned on diverse conditions, including
VLM tokens and textual embeddings. Besides, to equip the reasoning conditions with depth awareness, we inject the
positional depth embeddings [36–38] into the VLM tokens through position-wise depth encoder and element-wise
addition, as shown in Figure 3. Concurrently, the robot’s proprioceptive sequences, specifically initial states and noisy
action chunks, are fed into the action expert for action denoising. We employ Flow Matching [39] for both visual
generation and continuous action modeling, which facilitates comprehensive robotic control, ensuring high-precision
execution across complex tasks and diverse embodiments. The world-action joint attention layer follows the attention
mask pattern as shown in Figure 4. Finally, the denoised multimodal latents are decoded into structural outputs for
future state prediction and robotic planning.

To examine the versatility of our embodied world model as a robotic planner, our WorldScape Policy combines three
Transformer-based experts for different usages through a cross-modal World-Action Joint Attention mechanism.
For reasoning, we leverage the capabilities of off-the-shelf large language models (e.g., Qwen3-VL-2B [40] and
PaliGemma-2B [41]). The WorldScape foundation model is built upon the Wan2.1-1.3B backbone, while the action
expert utilizes a lightweight structure consisting of several DiT blocks.
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5 WorldScape Policy Data

To develop a robust WorldScape Policy model, we curate a large-scale dataset that encompasses diverse human-centric
activities and multi-embodiment robot demonstrations with rich context annotations and action labels. Our approach
aims to achieve both task and embodiment generalization by leveraging a heterogeneous data mixture from diverse
sources covering a wide range of activities. The core of our strategy involves transforming raw and unstructured
egocentric human videos from various source formats into a structured and unified format with detailed context
and action annotations, while augmenting this with cross-embodiment robot data to ensure broad task coverage and
target-specific precision. In total, 13.4K hours of human and cross-embodiment videos are collected and curated for
WorldScape Policy model training.

5.1 Data Composition

As shown in Figure 5, we construct an embodied data pyramid for WorldScape Policy training, which includes three
hierarchical levels of data with varying quantities and qualities tailored to different training stages. The pyramid
structure reflects our training strategy: Level 1 (base) contains the largest volume of diverse egocentric human data
for foundational world model pretraining; Level 2 (middle) incorporates cross-embodiment robot demonstrations
for general action representation learning; Level 3 (top) consists of high-quality target-robot teleoperation data for
embodiment-specific fine-tuning. Our data is sourced from three primary domains to ensure both task and platform
diversity.

Egocentric Human Data. We utilize large-scale egocentric human video datasets[42–50], which provide a rich
collection of tasks ranging from atomic skill executions to complex long-horizon activities, covering diverse everyday
human behaviors. This data forms the foundation of our data pyramid (Level 1) and is critical for enabling our
WorldScape model to learn world physics, object affordances, and achieve improved generalizability across a broad
spectrum of manipulation tasks. The natural diversity in human demonstrations exposes the model to a wide variety of
object interactions, environmental contexts, and manipulation strategies that are difficult to capture through robot-only
data collection.

Cross-embodiment Robot Data. To cultivate general manipulation capabilities in our WorldScape Policy, we
incorporate data from a wide variety of robotic platforms[51–53], forming Level 2 of our data pyramid. This cross-
embodiment mixture enables the model to learn robot-agnostic features and transfer functional knowledge across
different kinematic structures and morphologies. By training on diverse robot embodiments, the policy learns to abstract
away embodiment-specific details and focus on the underlying manipulation principles that generalize across platforms.

Target-Robot Data. We collect high-quality tele-operated demonstrations specifically for our target robot platform,
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constituting Level 3 of the data pyramid. This subset consists of diverse tasks ranging from pick-and-place operations
to articulated object manipulation, ensuring that the model achieves high performance and precision on the specific
hardware deployed. This embodiment-specific data is essential for fine-tuning the policy to the target robot’s kinematic
constraints, workspace limitations, and control characteristics.

5.2 Curation Pipeline for Interleaved Action Human Data

The primary challenge in utilizing human video for WorldScape model training is the lack of unified action labels and
structured context annotations. We address this challenge through an automated curation pipeline that converts raw
egocentric videos into structured data with action trajectory annotations and interleaved context captions, as shown in
Figure 6.

Action segmentation & hierarchical context captioning. We first perform multi-stage filtering on the collected raw
video data. Specifically, we apply quality filtering to remove low-quality videos (e.g., over-exposed, dark, or blurry
frames) and data that does not conform to our target domain (such as vertical screen aspect ratios). Concurrently, we
conduct egocentric filtering to retain only data from egocentric perspectives by prompting a Qwen3-VL model[54],
thereby ensuring that only high-quality egocentric videos are retained to avoid noisy data.

Next, we employ Qwen3-VL[54] to generate comprehensive context captions for entire video sequences, capturing the
overall task instruction and scene description at the video level. Subsequently, we segment the videos into short, atomic
clips corresponding to single actions by performing temporal segmentation through thresholding on ORB keypoint
matching ratios between consecutive frames. This segmentation strategy identifies action boundaries by detecting
significant changes in visual features, ensuring that each clip represents a semantically coherent manipulation primitive.
For each atomic clip, we again employ Qwen3-VL to generate specific sub-task instructions (e.g., "grasping the handle
of the drawer"), providing the necessary semantic alignment for instruction-following and enabling hierarchical task
decomposition.

Action annotation. To ensure robust WorldScape Policy action training on human video data, we provide reliable
camera pose and action trajectory annotations for human videos to align the action space between egocentric human and
robotic demonstrations. For camera extrinsic parameters, we adopt VIPE[55] to estimate camera extrinsic, which enables
us to normalize the visual input and facilitate the translation of human observations into a robot-centric coordinate
frame. For the extraction of action labels, we track hand keypoints and wrist poses in egocentric human videos[56, 57],
and translate them to global coordinates using the previously acquired camera extrinsic. This coordinate transformation
enables us to align action coordinates of human and robotic data into a unified system, thereby facilitating faster and
more robust WorldScape Policy training.

6 WorldScape Policy Training

WorldScape Policy is trained in four structured stages to progressively integrate physical interaction priors from diverse
datasets into a policy transferable to a target robot.

Stage1: World Model Pretraining.

The first stage trains the WorldScape foundation model to learn action-conditioned visual dynamics. Initialized from a
pretrained video diffusion backbone, the model is optimized to predict future visual states under structured control inputs.
Using video–trajectory pairs, it models viewpoint-dependent state transitions under locomotion signals in a closed-loop
generative setting. To incorporate geometric structure into the learned dynamics, multi-view depth supervision is jointly
optimized with the diffusion objective through a spatial consistency loss. The model is further adapted to manipulation
signals via LoRA-based fine-tuning, integrating articulated pose conditioning into the same diffusion framework. The
resulting WorldScape foundation model forms the visual dynamics foundation for subsequent policy adaptation.

Stage2: Unified World Model Action Pretraining.

The second stage aims to learn a generalized action representation conditioned on predictive visual dynamics. To
translate physics-informed priors into effective robotic control, we jointly pretrain the entire WorldScape Policy on the
curated video-action trajectory dataset. This includes annotated hand trajectories extracted from egocentric human
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videos and cross-embodiment robotic demonstrations, establishing a robust alignment between visual state transitions
and continuous action spaces.

Stage3: Unified World Model Action Finetuning.

This stage adapts the generalized action priors to the specialized kinematics and control frequencies of the target robot.
Prior to on-device deployment, we fine-tune the WorldScape Policy exclusively on high-quality, task-specific teleoperation
data collected from the target embodiment, ensuring precise execution and embodiment-specific morphological alignment.

Stage4: Advantage Conditioned Training.

To continually enhance on-policy performance and robustness against real-world distribution shifts, we introduce an
additional post-training stage incorporating a Human-In-The-Loop (HITL) learning paradigm, as illustrated in Figure 7.
This is achieved through iterative on-policy data collection via DAgger [58], coupled with real-time value prediction.
This closed-loop interaction facilitates advantage-conditioned policy optimization, allowing the model to effectively
correct execution errors and refine its long-horizon planning capabilities.

7 Experiments

We conduct extensive evaluation to assess the planning capability of our WorldScape Policy in real-world environments.

7.1 Baselines & Settings

We evaluate two mainstream policies used for robotic manipulation, namely VLA-based policy and video-based policy.

VLA-based Policy. We compare our method with several state-of-the-art Vision-Language-Action (VLA) models.
𝜋0.5 [59] is a flow-matching based VLA model that directly outputs continuous actions. X-VLA [60] is an open-source
VLA model built upon large vision-language models with soft prompts, demonstrating strong generalization capabilities.
GigaBrain-0 [61] is a large-scale VLA model trained on extensive robotic datasets for general-purpose manipulation.

Video-based Policy. We also compare with recent video-based policies that leverage video generation for robotic
planning. Motus [21] is a representative video-based policy that learns to predict future video frames and actions
simultaneously, providing strong spatial-temporal reasoning.
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Table 1: Real-world experiment results of robotic manipulation tasks. Each experiment was conducted 10 times for success rate
calculation. Note that other comparing methods yield a 0% success rate under few-shot constraint across all evaluated tasks.

Real-world Task 𝜋0.5 X-VLA Motus GigaBrain-0 Ours Ours (20 shots)

Pick Shirt From Basket 80% 70% 40% 10% 90% 60%
Flatten Shirt 50% 20% 0% 0% 60% 30%
Fold Shirt 60% 40% 0% 20% 90% 50%
Get Water From Dispenser 60% 40% 40% 10% 60% 40%
Pour Water 60% 70% 10% 10% 90% 70%
Clean Up Trash On Table 60% 60% 50% 10% 70% 40%
Wipe Table Clean 50% 20% 20% 10% 60% 40%

7.2 Implementation Details

Training details for different stages. We adopt a multi-stage training strategy to progressively equip the model with
world knowledge and action capabilities. In Stage 1 (World Model Pretraining), we train the visual dynamics model
using the AdamW optimizer with a learning rate of 1 × 10−4 and a batch size of 48×10. The model is trained on
large-scale egocentric human videos to predict future frames conditioned on visual observations. In Stage 2 (Unified
World Model Action Pretraining), we incorporate the action expert and jointly train the video and action branches.
We use a learning rate of 5 × 10−5 and a batch size of 32×10., training on a mixture of human video-action trajectories
and cross-embodiment robot data. The loss weights for the video and action objectives are balanced to ensure stable
co-training. In Stage 3 (Unified World Model Action Finetuning), we fine-tune the entire policy on target-robot data.
The learning rate is reduced to 1 × 10−5 with a batch size of 48. This stage focuses on adapting the general action priors
to the specific kinematics and control frequencies of the target embodiment. In Stage 4 (Advantage Conditioned
Training), we perform on-policy fine-tuning using DAgger [58] and advantage-conditioned optimization. We collect
online interaction data and update the policy with a learning rate of 5 × 10−6, enabling the model to correct its own
execution errors and improve robustness in real-world scenarios.

Action Representation. We adopt a combined formulation of joint angles and 6D end-effector poses for action
representation. The policy systematically controls the robotic arm by predicted end-pose based action chunk.

7.3 Evaluation in Real-World Environments

Real-world Task Setup. We evaluate WorldScape Policy on the dual-arm PIPER platform across 7 long-horizon
dexterous manipulation tasks: Pick Shirt From Basket, Flatten Shirt, Fold Shirt, Get Water From Dispenser, Pour Water,
Clean Up Trash On Table, and Wipe Table Clean. These tasks require complex spatial-temporal reasoning, precise
bimanual coordination, and robust physical interaction in unstructured environments.

Main Results & Analysis. ❶ Seen Task Evaluation. Experimental results are shown in Table 1. As demonstrated,
WorldScape Policy significantly outperforms existing VLA-based and video-based baselines across a variety of complex,
long-horizon manipulation tasks. For instance, in contact-rich tasks such as Flatten Shirt and Fold Shirt, our method
achieves a much higher success rate compared to 𝜋0.5 and Motus. This superior performance is largely attributed to the
versatile WorldScape foundation model and the unified MoT architecture, which effectively aligns predictive visual
dynamics with continuous action generation, enabling precise and robust execution in the physical world. Figure 8
illustrates the real-world deployment of WorldScape Policy on the dual-arm PIPER platform, showcasing its capability
to handle dexterous manipulation tasks. Furthermore, Figure 9 visualizes the joint generation of future video frames and
corresponding actions during the Folding Clothes task, highlighting the model’s strong spatial-temporal reasoning
and planning abilities. ❷ Few-shot Evaluation. To evaluate the sample efficiency and generalization capability of
our approach, we conduct few-shot adaptation experiments on unseen tasks as shown in Table 1. Thanks to the rich
physical priors acquired during the world model pretraining and cross-embodiment co-training stages, WorldScape
Policy can rapidly adapt to novel tasks with minimal target-domain demonstrations, significantly reducing the data
collection burden for real-world deployment. Notably, previous approaches struggle to generalize to the few-shot regime,
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(a) Flattening and folding clothes throughout the entire process

(b) Picking up the water kettle and pouring water into the cup

Figure 8: Real-world deployment of WorldScape Policy on PIPER arms for long-horizon dexterous task evaluation.
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Figure 9: Illustration of both video and action generation results during the real-world execution process of Folding Clothes task.

resulting in a zero success rate across all evaluated tasks. ❸ Training Efficiency Evaluation. Benefiting from the
embodied foundation model - WorldScape with general physics-informed priors, our WorldScape Policy demonstrates a
significantly faster training convergence speed compared to previous methods. By comparing the required training
epochs during the post-training stage, our method achieves a reasonably high task execution success rate with only
a small number of fine-tuning steps (5K steps as default). In contrast, other baseline methods require substantially
longer fine-tuning steps (50K steps as default) to achieve comparable success rates. This highlights the efficiency of our
approach in adapting to new tasks and environments.

8 Conclusion and Future Work

In this paper, we present WorldScape Policy, a novel world-model-based robotic policy that adapts a pretrained video
foundation model into a generalist action planner. By employing a unified Mixture-of-Transformers (MoT) architecture,
our approach jointly models future visual trajectories, depth information, and continuous action chunks, effectively
overcoming the compounding errors typical of two-stage inverse dynamics pipelines. To scale the learning process, we
introduce an automated data curation pipeline that leverages large-scale egocentric human videos and cross-embodiment
robotic demonstrations. Furthermore, our four-stage training recipe, culminating in advantage-conditioned human-
in-the-loop post-training, ensures robust alignment between predictive dynamics and physical control. Extensive
evaluations conducted on a real-world dual-arm robot demonstrate that WorldScape Policy achieves superior robustness
against severe distribution shifts and exhibits strong generalization capabilities across diverse manipulation tasks.
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Future Work. While WorldScape Policy demonstrates the immense potential of foundation world models for robotic
control, several avenues remain for future exploration. First, scaling up the model parameters and the diversity of the
pretraining data could further enhance zero-shot generalization to entirely unseen environments and object categories.
Second, integrating more fine-grained tactile sensing and audio modalities into the unified diffusion framework could
improve performance in highly delicate, contact-rich manipulation tasks. Finally, exploring more efficient inference
techniques for the diffusion-based action generation process will be crucial for deploying these high-capacity models on
resource-constrained edge devices with higher control frequencies.
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