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Figure 1: Overview. By jointly predicting video and action, World Action Models (WAMs) inherit world physics
priors that enable 1) effective learning from diverse, non-repetitive data, 2) open-world generalization, 3)
cross-embodiment learning from video-only data, and 4) few-shot adaptation to new robots.
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Abstract
State-of-the-art Vision-Language-Action (VLA) models excel at semantic generalization but struggle
to generalize to unseen physical motions in novel environments. We introduce DreamZero, a World
Action Model (WAM) built upon a pretrained video diffusion backbone. Unlike VLAs, WAMs learn physical
dynamics by predicting future world states and actions, using video as a dense representation of how
the world evolves. By jointly modeling video and action, DreamZero learns diverse skills effectively
from heterogeneous robot data without relying on repetitive demonstrations. This results in over 2×
improvement in generalization to new tasks and environments compared to state-of-the-art VLAs in real-
robot experiments. Crucially, through model and system optimizations, we enable a 14B autoregressive
video diffusion model to perform real-time closed-loop control at 7Hz. Finally, we demonstrate two
forms of cross-embodiment transfer: video-only demonstrations from other robots or humans yield a
relative improvement of over 42% on unseen task performance with just 10–20 minutes of data. More
surprisingly, DreamZero enables few-shot embodiment adaptation, transferring to a new embodiment
with only 30 minutes of play data while retaining zero-shot generalization.

1. Introduction
Recent robotic foundation models, termed Vision-Language Action models (VLAs), extend pretrained Vision-
Language Models (VLMs) to predict motor actions (Bjorck et al., 2025; Black et al., 2024; Brohan et al., 2023;
Gemini Robotics Team, 2025; Kim et al., 2024). While VLAs successfully inherit linguistic priors to generalize
across diverse language instructions, especially manipulating diverse objects (Brohan et al., 2023), their
generalization to novel environments and, more critically, to new motions or skills remains limited (Guruprasad
et al., 2025; Zhou et al., 2025). For example, VLAs can successfully execute “move coke can to Taylor Swift”
(Brohan et al., 2023) by leveraging the web knowledge acquired during VLM pretraining to identify the target
location, and connecting it to the learned move skill from the robot data. However, they fail at a task like
“untie the shoelace” if that specific skill was not present in the robot training data. Although VLM priors encode
what to do at a semantic level, they lack representations of how actions should be executed with precise spatial
awareness, aligned with geometry, dynamics, and motor control (Chen et al., 2024; Feng et al., 2025). As a
result, VLAs often struggle to adapt to new environments or generalize to novel tasks beyond the distribution
of expert demonstrations, without explicitly collecting large-scale task- and environment-specific action data.

In this paper, we present DreamZero, a 14B robot foundation model built upon a pretrained image-to-
video diffusion backbone (Team Wan, 2025). We term this architecture a World Action Model (WAM)—a
foundation model designed to predict both actions and visual future states in an aligned manner. Initialized
from video diffusion models trained on web-scale video data, WAMs leverage rich spatiotemporal priors to jointly
generate future frames and actions conditioned on language instructions and observations. This shifts action
learning from dense state–action imitation to inverse dynamics—aligning motor commands with predicted
visual futures. Consequently, we observe that this enables (1) effective learning from robot data that are
heterogeneous trajectories collected during the execution of useful behaviors in real-world settings, rather
than relying solely on carefully repeated demonstrations (2) zero-shot generalization to new tasks in new
environments, and (3) efficient cross-embodiment transfer.

This approach yields three core advancements that distinguish DreamZero from prior work, including other
WAMs (Kim et al., 2026; Liang et al., 2025; Pai et al., 2025). First, DreamZero unlocks new generalization
capabilities beyond traditional VLAs and previous WAMs—across environments, across tasks, and across
embodiments (Figure 2 and Figure 3). Compared to the state-of-the-art pretrained VLAs, we observe more
than a 2× improvement in average task progress on environment and task generalization benchmarks. Second,
DreamZero demonstrates that generalist policies can be learned effectively from diverse, heterogeneous
data, breaking away from the conventional wisdom that generalist robot policies require multiple repeated
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Figure 2: Joint Video and Action Prediction. DreamZero jointly generates video and action. We observe
that the predicted actions closely align with the generated video. The examples are from totally unseen tasks.

demonstrations per task. Although other WAMs show that priors learned from videos prediction improves
sample e�ciency for action learning compared to VLAs (Liao et al., 2025; Pai et al., 2025), most works still
focus on repeated demonstrations. Moreover, the environment generalization ofDreamZero is retained even
after task-speci�c post-training, outperforming state-of-the-art VLAs by 10% on average task progress. Lastly,
we demonstrate two forms of cross-embodiment transfer. First, video-only demonstrations from another robot
(YAM) or humans yield a relative improvement of over 42% on unseen task performance for the target robot
(AgiBot G1) with just 10�20 minutes of data. Second, and more surprisingly, we show that DreamZero
enables few-shot embodiment adaptation: a model pretrained on AgiBot G1 adapts to an entirely new robot
(YAM) with only 30 minutes of play data, retaining zero-shot generalization. To the best of our knowledge,
this sets a new benchmark for data-e�cient embodiment adaptation.

DreamZero is a 14B autoregressive di�usion transformer trained with a teacher-forcing chunk-wise video
denoising objective. Our architectural analysis reveals that larger pretrained video di�usion models produce
higher-quality video predictions, which directly translates to superior downstream action execution�indicating
that policy performance is fundamentally tied to video generation quality. We further �nd that diverse
distribution of the training data is essential for generalization, outperforming multi-task repetitive data with
the same amount of hours. Furthermore, we observe that autoregressive architectures lead to smoother robot
motions and higher modality alignment between predicted videos and executed actions.

To address the computational overhead inherent to video di�usion models, we introduce a suite of optimizations
spanning three categories: (1) algorithmic improvements, including decoupled video and action denoising
schedules (DreamZero -Flash); (2) system-level parallelism and caching strategies; and (3) low-level opti-
mizations such as quantization, and CUDA kernel tuning. Collectively, these techniques achieve a 38Ö inference
speedup without degrading performance, enabling DreamZero to generate action chunks at approximately
7Hz for smooth, real-time robotic control.

Our main contributions are:

ˆ We introduce DreamZero , a 14B WAM that jointly predicts video and actions, enabling e�ective learning
from diverse, non-repetitive robot data.

ˆ We demonstrate over 2� improvement in zero-shot generalization to unseen verbs and motions compared
to state-of-the-art VLAs, while retaining generalization across objects and environments.

ˆ We present model and system optimizations achieving 38� inference speedup, enabling real-time closed-
loop control at 7Hz.

ˆ We demonstrate cross-embodiment transfer: video-only data from humans (12 minutes) or other robots (20
minutes) yields a relative improvement of over 42% on unseen tasks, and introduce few-shot embodiment
adaptation� DreamZero pretrained on AgiBot G1 adapts to an entirely new robot (YAM) with only 30
minutes of play data, enabling zero-shot generalization.

ˆ We open-source our model weights, inference code, and code to run publicly available real-world (RoboArena)
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