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ABSTRACT

State-of-the-art Vision-Language-Action (VLA) models excel at semantic gen-
eralization but struggle to generalize to unseen physical motions in novel en-
vironments. We introduce DREAMZERO, a World Action Model (WAM) built
upon a pretrained video diffusion backbone. Unlike VLLAs, 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 with-
out relying on repetitive demonstrations. This results in over 2x improvement
in generalization to new tasks in new environments compared to state-of-the-art
VLA in real-robot experiments. Crucially, through model and system optimiza-
tions, we enable a 14B autoregressive video diffusion model to perform real-time
closed-loop control at 7Hz. Finally, we demonstrate cross-embodiment transfer
in both directions: (1) video-only demonstrations from other robots or humans
improve unseen task performance by over 40% with just 10-20 minutes of data,
and (2) DREAMZERO adapts to entirely new embodiments—achieving zero-shot
generalization on the YAM robot with only 30 minutes of play data.

1 INTRODUCTION

Recent robotic foundation models, termed Vision-Language Action models (VLAs), extend pre-
trained Vision-Language Models (VLMs) to predict discrete or continuous motor actions (Kim et al.,
2024b; Black et al.l [2024bj Bjorck et al., [2025}; |Gemini Robotics Team), 2025 Brohan et al.| 2023al).
While these models successfully inherit linguistic priors to generalize across diverse language in-
structions, especially manipulating diverse objects (Brohan et al., |2023a), their generalization to
novel environments and, more critically, to new skills remains limited (Zhou et al.}[2025; |Guruprasad
et al., 2025). For example, VLAs can successfully execute “move coke can to Taylor Swift” (Bro-
han et al.||2023a) by leveraging the web knowledge acquired during VLM pretraining to identify the
target location, and connecting it to the learned motor 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.

While 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 introduce World Action Model (WAM)—a
foundation model which jointly predict both actions and visual future states in an aligned manner.
Initialized from video generative models trained on web-scale video data, WAMs leverages rich spa-
tiotemporal 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 dynam-
ics—aligning motor commands with predicted visual futures. Consequently, this enables 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.

This approach yields two core advancements that distinguish DREAMZERO from prior work, in-
cluding other WAMs (Kim et al. 2026; [Liang et al., 2025; [Pai et al., [2025). First, DREAMZERO
breaks away from the conventional wisdom that generalist robot policies require multiple repeated



Under review as a conference paper at ICLR 2026

Diverse, Non-repetitive Pretraining Data

Bi-manual Mobile Manipulation Single-Arm Manipulation

-

Task Diversity > Repetition

DreamZero —
Videos Language Proprio \i\c :_.:/‘ h»‘il
- : v
N 4 g
A A n ~ R %
P % =P
Future Videos  Continuous actions - . .
Task Transfer via X-Embodiments
Zero-shot Generalization to Few-shot Adaptation to

Unseen Tasks in Unseen Environments New Embodiment

teie B

Pick up the teddy bear Put orange in pumpkin

A%

Put cup noodle in paper bag Put banana in wooden shelf

-

Press elevator button Depress the lever on the toaster
**Generalization to unseen objects

Figure 1: Overview. World Action Models (WAMs) inherit world physics priors that enable effec-
tive learning from diverse, non-repetitive data, open-world generalization, cross-embodiment learn-
ing from video-only data, and efficient adaptation to new robots.

demonstrations per task, demonstrating the ability to learn effectively from diverse, heterogeneous
data. Although other WAMs show that priors learned from videos prediction improves sample effi-
ciency for action learning compared to VLAs (Pai et al., 2025}, [Liao et al}, [2025)), most works still
focus on repeated demonstrations for action learning. Second, it unlocks new generalization capabil-
ities beyond traditional VLAs and previous WAMs—across environments, across tasks, and across
embodiments (Figure [I] and Figure [0). Compared to the state-of-the-art pretrained VLAs, we ob-
serve more than a 2x improvement in average task progress on environment and task generalization
benchmarks for bi-manual mobile manipulation robots. By leveraging this capability, DREAMZERO
is one of the top performing models in the RoboArena Leaderboard (Atreya et all, 2025), a pub-
lic distributed real-world robot benchmark, without any cross embodiment pretraining. Also, the
environment generalization of DREAMZERO is retained even after task-specific post-training, out-
performing state-of-the-art VLAs by 30% on average task progress. Furthermore, we demonstrate
cross-embodiment transfer in both directions: (1) video-only demonstrations from another robot
(YAM) or humans improve unseen task performance on the target robot (AgiBot G1) by over 40%
with just 10-20 minutes of data, and (2) DREAMZERO pretrained on diverse AgiBot G1 data, adapts
to an entirely new embodiment (YAM)—achieving zero-shot generalization on the YAM robot with
only 30 minutes of play data.

As the core of DREAMZERO is a 14B autoregressive transformer trained with a teacher-forcing ob-
jective using chunk-wise video denoising, and leverages KV caching for efficient inference. Our
architectural analyses reveal several key insights. We find that (1) larger pretrained video diffusion
models produce higher-quality video predictions, which directly translates to superior downstream
action execution—indicating that policy performance is fundamentally tied to video generation qual-
ity; (2) diverse distribution of the training data is essential for generalization, yielding better perfor-
mance than training on multi-task repetitive data with the same amount of hours. (3) autoregres-
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sive architectures lead to smoother robot motions and higher modality alignment between predicted
videos and executed actions.

To address the computational overhead inherent to video diffusion 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 optimizations such as quantization, CUDA kernel tuning, asynchro-
nized inference, and action chunk smoothing. Collectively, these techniques achieve a 38x inference
speedup without performance degredation, enabling DREAMZERO to generate 1.6-second action
chunks at approximately 7Hz for smooth, real-time robotic control.

Our main contributions are:

* We introduce DREAMZERO, a 14B WAM that jointly predicts video and actions, enabling
effective learning from diverse, non-repetitive robot data, being one of the top ranking
models, without cross embodiment pretraining.

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

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

* We demonstrate bidirectional cross-embodiment transfer: video-only data from humans
(12 minutes) or other robots (20 minutes) improves performance on unseen tasks for the
target embodiment (AgiBot G1) by 40%, while DREAMZERO pretrained on the target em-
bodiment adapts to a totally new embodiment (YAM robot) with just 30 minutes of play
data, enabling zero-shot generalization.

2 RELATED WORK

2.1 VISION LANGUAGE ACTION MODELS

Research into foundation models for robotics has diverged into two primary paths: modular systems
and end-to-end Vision-Language-Action models (VLAs). Modular approaches leverage pre-trained
models as "black-box" reasoners to generate high-level plans or affordances executed by low-level
controllers (Brohan et al., [2023b; |Huang et al.; |Singh et al., 2023} Driess et al., 2023; |Huang et al.,
2023 [Kumar et al.l 2024 [Li et al., [2025b; [Lee et al.| [2025; IDreczkowski et al.| [2025; Bommasani
et al.| [2021); however, these suffer from potential compounding errors and a dependence on pre-
existing skill libraries. On the other hand, VLAs integrate semantics and control into a single frame-
work, often fine-tuned from vision-language models (VLMs) (Brohan et al.|[2022;/2023a}; Kim et al.,
2024a;|Zheng et al., 202545 |Ye et al.,[2025}; |Yang et al.,[2025; |Black et al.| 2024a; Bjorck et al.,2025;
Physical Intelligencel 2025 (Gemini Robotics Team| 2025} Bu et al.| [2025). While VLAs excel at
object-level and semantic generalization (Brohan et al.,2023a}; |Gao et al.| 2025)), they struggle with
new physical skills in new environments without scaling human teleoperation to cover all possible
physical interactions (Physical Intelligencel |2025; |Gemini Robotics Team), |2025}; Zhou et al.| |2025}
Guruprasad et al.,[2025). Unlike these fixed task-based approaches, video-based world models offer
a promising alternative by learning physical dynamics from continuous frame sequences.

2.2 VIDEO MODEL-BASED ROBOT POLICIES

Recent work demonstrates that video generation models can synthesize robot trajectories and actions
via inverse-dynamics (Du et al.,[2023};|Zhou et al.,2024), optical flow (Ko et al.,[2024), or high-level
trajectory planning (Yang et al.,2024; |Du et al.,2024). Beyond generating human motion for policy
training (Liang et al.l [2024; |Bharadhwaj et al., 2024; |Chen et al.| [2025)), video generation models
can produce synthetic robot data for unseen behaviors in novel environments (Jang et al., 2025} |Luo
et al.| [2025). Building on this, World Action Models (WAMSs) couple video and action generation
end-to-end, either learning from scratch/VLAs (Wu et al., 2024} |Cheang et al., 2024} L1 et al.||[2025a;
Zhu et al.| 2025} Zhao et al., [2025; [Zheng et al.l [2025bj [Won et al., 2025)) or leveraging pretrained
video diffusion backbones to inherit rich spatiotemporal priors (Kim et al., 2026; [Liao et al.| 2025;
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Figure 2: Model Architecture of DREAMZERO. The model takes three inputs: visual context
(encoded via a VAE), language instructions (via a text encoder), and proprioceptive state (via a
state encoder). These are processed by an autoregressive DiT backbone using flow matching, which
jointly predicts future video frames and actions through separate decoders. During training (left), the
model learns to denoise both video and action targets conditioned on clean context. During inference
(right), predictions are executed asynchronously in the real world, and ground-truth observations are
fed back into the KV cache to prevent error accumulation.

Hu et al.; [2024; [Liang et al., |2025; |Pai et al., |2025). By learning the joint distribution of video and
action, WAMs combine the seamless gradient flow of VLLAs with dense world-modeling supervision,
where video prediction serves as an implicit visual planner. Unlike prior WAMs, DREAMZERO
utilizes an autoregressive architecture to systematically explore data scale and diversity, achieving
state-of-the-art zero-shot generalization and effective learning from heterogeneous data by reducing
robotic capability to a video generation challenge.

3 DREAMZERO

Pretrained video diffusion models offer rich spatiotemporal priors from web-scale data, making them
attractive backbones for robot policies. However, converting these models into effective World Ac-
tion Models (WAMs) presents three key challenges: (1) Video-action alignment: jointly predicting
video and actions requires tight coupling between visual futures and motor commands, yet naively
combining separate video and action heads can lead to misalignment; (2) Architectural design: it
remains unclear whether bidirectional or autoregressive architectures are better suited for WAMs,
with trade-offs in modality alignment, error accumulation, and inference efficiency; and (3) Real-
time inference: video diffusion models require iterative denoising across high-dimensional latent
spaces, making them prohibitively slow for closed-loop control.

DREAMZERO addresses these challenges through three design choices. First, we train a single
end-to-end model that jointly denoises video and action with a shared objective, ensuring deep inte-
gration between modalities. Second, we adopt an autoregressive architecture and exploit the closed-
loop setting: after each action chunk is executed, we replace predicted frames with ground-truth ob-
servations in the KV cache, eliminating compounding errors while enabling efficient inference via
KV caching and preserving native frame rates for precise modality alignment. Third, we introduce
a suite of system-, implementation-, and model-level optimizations that achieve a 38x inference
speedup, enabling real-time control at 7Hz. We detail the model architecture in Section [3.1] and
real-time execution in Section[3.21

3.1 MODEL ARCHITECTURE

Problem Formulation. DREAMZERO jointly predicts video 0;.;4 i and actions a;.; 7 conditioned
on language instruction c, proprioceptive state q; and visual observation including the current and
the past history og.; where H > 0 is a fixed horizon. Note that joint prediction of video and action
is a decomposition of (1) autoregressive video prediction and (2) action prediction from an inverse-
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dynamics model (IDM):
70(0L14+ 1, A1+ 1 | 0015 €, Q1)

DREAMZERO (1)
= mo(0r14+1 | 004s €, Q1) mo(arni+m | O0a+m, L)
video prediction IDM

Instead of using two separate models (video prediction model and inverse dynamics model) to model
the decomposed objective (Pai et al., [2025), we train a single model end-to-end with joint predic-
tion objective. We believe that this end-to-end design enables better video-action alignment through
a deep integration between the two modalities. Since pretrained video models are already opti-
mized on the video prediction objective on diverse web-scale video data, DREAMZERO only needs
to additionally learn to predict videos for the robot embodiment videos and extract corresponding
actions from the generated videos. We further hypothesize that this encourages better generalization
than the conventional practice of training VLA from VLM (i.e., learning 7o (a;.;+ |0y, ¢, q;) from
mo(ci.m|0¢, €o.1)), as our approach explicitly learns temporal dynamics from video frames used both
as conditioning inputs and prediction targets.

Model Architecture. The model architecture is shown in Figure 2| To retain the generalization
capability of video models, we introduce minimal additional parameters: state encoders, action
encoders, and decoders. For robot training data that contains multiple views, we concatenate all
views into a single frame instead of making architectural changes to the backbone model.

In particular, DREAMZERO is trained to predict video frames and corresponding actions autoregres-
sively. Autoregressive generation possesses the following advantages: (1) it enables faster inference
speed by utilizing KV-cache, (2) the policy model can leverage the visual observation history as
guidance for the next generation, and (3) it avoids the modality alignment challenges (video, action,
and language alignment) inherent to bidirectional models. Concretely, bidirectional diffusion typ-
ically requires processing fixed-length sequences, which often necessitates video subsampling that
distorts native FPS, potentially harming video-action alignment. On the other hand, autoregressive
generation leverages KV caching to support arbitrarily long contexts within a single forward pass.
This preserves the native frame rate, ensuring precise alignment between video frames and robot
actions. Some details illustration of this difference is provided in Appendix [A.4]

We introduce autoregressive modeling only for the video modality to avoid error propagation coming
from closed-loop action prediction. DREAMZERO is trained to predict video frames in a chunk
manner; each chunk has a fixed number of latent frames K to match the action horizon. Chunk-
wise generation enables training on variable length of videos, similar to how LLMs are trained on
variable length of language tokens. We provide more details on the QKV attention masking strategy

in Appendix[A.3]

Training Objective. Similar to recent video diffusion models and VLAs, we employ flow-matching
(Liu et al., 2022 [Lipman et al., 2022} |Albergo et al., 2023)) as the training objective (Team Wan,
2025; |Ali et al.| 2025} Teng et al.| [2025). Unlike recent WAMs (Zhu et al.| 2025; |[Kim et al., 2026}
Li et al., 2025a; |[Liao et al., 2025), DREAMZERO shares the denoising timestep between video and
action modality for faster convergence at the beginning of training. Also, we apply teacher forcing
(Jin et al., 2024} (Gao et al.| [2024)) as a training objective; the model is trained to denoise the noisy
current chunk conditioned on the clean previous chunks.

Formally, given a specific chunk index & > 0 and the denoising step ¢ € [0,1], we denote the
corresponding video latent vector of original video o as zf and normalized actions as a¥, we
denoise videos in latent space and actions in their original normalized form. They are defined as
linear interpolations between clean vectors and random Gaussian noises:

zf =zl + (1 —tp)zh, af =tpal + (1 —tp)al, (2)
where z§ ~ N(0,1),ak ~ N(0,1), and z} and a¥ are a clean video latent vector and a normalized
action, respectively. Thus, the clean context from the previous chunks can be denoted as C;, =
U;:ll {z], al}. We train the model uy to predict the joint velocity for both modalities using the
following flow-matching objective'

K
L) = Zw tr)|[ua( [z¥, af];Cr, ¢, qi, t) vf”2 , 3)
K=
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Figure 3: Seen Task Evaluation. DREAMZERO can effectively learn from diverse data sources
compared to VLAs and generalize to new environments.

where w(t) > 0 is a predefined weight function for ¢, c is the text condition, gy, is the proprioceptive
states of k-th chunk, and the velocity vi := [zF,al] — [z}, a}] for every t. To enable efficient
training, we update the gradient on the trajectory level and apply attention masking (e.g., see Fig. [IT]
for details) so that the current noisy video and chunk can attend to clean context of previous chunks.

Pseudo-code for the training algorithm is provided in Algorithm [A-3]

Model Inference. As shown in Figure 2] during inference, DREAMZERO jointly denoises video
and action chunks, leveraging KV cache for efficiency (Huang et al., 2025} [Teng et al., 2025} |Yin
et al., |2025). Unlike pure video generation, our closed-loop setting allows ground-truth observa-
tions to replace generated frames in the KV cache after each action execution (see Fig. [IT). This
eliminates the compounding error problem inherent to autoregressive generation—a key advantage
unique to WAMs. Additionally, as a stateful policy, DREAMZERO can leverage visual history for
tasks requiring memory. Further pseudo-code of model inference is provided in Algorithm [A23]

3.2 REAL-TIME EXECUTION OF DREAMZERO

To bridge the gap between the computational demands of diffusion models and the reactivity re-
quired for robotic control, DREAMZERO employs a suite of optimizations that collectively achieve
a 38 speedup, enabling 7Hz closed-loop control. The system uses asynchronous execution to
decouple inference from actuation, so the robot executes the current action chunk while the next is
computed. System-level improvements such as CFG parallelism and DiT caching reduce effective
diffusion steps from 16 to 4. We further propose an architectual optimization, DREAMZERO-Flash,
which decouples noise schedules during training—biasing video toward noise while keeping actions
uniform—allowing clean actions to be predicted from noisy visual context in a single step. Com-
bined with low-level optimizations like NVFP4 quantization and CUDA graph compilation, these
techniques reduce inference latency from 6.2 seconds to approximately 150ms. See Appendix [A23]
for more details.

4 EXPERIMENTAL SETUP

Embodiments and Data. We validate DREAMZERO on two embodiments: the bimanual AgiBot
G1 and the single-arm Franka robot. For AgiBot, we collect roughly 500 hours of diverse teleoper-
ation data across 22 real-world environments, emphasizing task breadth over repetition. For Franka,
we train on DROID (Khazatsky et al., 2024)), a highly heterogeneous public dataset. We compare
against state-of-the-art VLA baselines, including GROOT (Bjorck et al., [2025) and 7y 5 (Physical
Intelligencel |20235)), using both from-scratch and pre-trained initializations.

Training and Architecture. DREAMZERO uses Wan2.1-12V-14B (Team Wan, [2025)) as the 14B
image-to-video diffusion backbone. We train for 100K steps on AgiBot and 75K on DROID, up-
dating DiT blocks, the state encoder, and action heads while freezing the text and image encoders.
Training uses a joint video-action objective that predicts future frames and actions autoregressively.

Evaluation Protocol. We prioritize zero-shot generalization by evaluating in unseen environ-
ments with unseen objects. We report Seen Tasks (variants of training tasks such as pick-and-place)
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Figure 4: Zero-shot Generalization to Unseen Tasks. DREAMZERO achieves significant task
progress on 10 tasks absent in the training data, while VLAs struggle across both embodiments.

and Unseen Tasks (novel behaviors such as ironing or untying shoelaces). We also assess post-
training performance by fine-tuning on three downstream tasks with varying diversity to measure
robustness under distribution shift. Additional experimental details are provided in Appendix [A.6]
and data collection strategy for AgiBot pretraining data is provided in Appendx [A.7]

5 EXPERIMENTAL RESULTS

5.1 MAIN RESULTS

‘We evaluate the zero-shot generalization performance of DREAMZERO compared to baseline models
and investigate the following research questions:

Q1: Do WAMs learn better from diverse, non-repetitive data? We pretrain models on diverse
data and evaluate them zero-shot on tasks contained in the pretraining set on unseen objects and envi-
ronments (Figure[T3] Figure[3). On AgiBot G1, from-scratch VLAs achieve near-zero task progress
across all categories; even on simple PnP Easy tasks, they may reach the correct novel object
yet fail to interact reliably. In contrast, DREAMZERO attains 62.2% average task progress—more
than 2x the best pretrained VLA baseline (27.4%), despite those baselines being pretrained on
thousands of hours of cross-embodiment data before training on our mix. On DROID-Franka,
DREAMZERO trained only on DROID (no cross-embodiment pretraining) also outperforms pre-
trained multi-embodiment baselines. As of Jan 30, 2026, our model ranks among the top methods
on the RoboArena Leaderboard, further supporting that WAMs benefit from heterogeneous data.

We attribute this to the joint video-action formulation: VLAs must learn direct observation-to-action
mappings from massive robot datasets, whereas WAMs exploit video generation as a strong prior
for action prediction, improving generalization to unseen environments. We observe close alignment
between generated videos and real execution, including suboptimal behaviors (Appendix[A-8). Most
DREAMZERO failures arise from video generation errors, not from action decoding, indicating that
better video backbones should directly boost WAM performance.

Q2. Do WAMs generalize to unseen tasks? Figure [d]evaluates generalization to 10 tasks entirely
absent from the pretraining distribution, including untying shoelaces, ironing, painting with a brush,
and shaking hands. On AgiBot G1, from-scratch VLAs achieve near-zero task progress (< 1%),
while DREAMZERO reaches 39.5% on average. DREAMZERO also significantly outperforms pre-
trained VLA baselines (39.5% vs. 16.3%), even though those baselines may have encountered some
of these tasks during cross-embodiment pretraining. On the DROID-Franka setup, DREAMZERO
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Figure 6: Cross-Embodiment Transfer. We explore robot-to-robot (YAM — AgiBot) and human-
to-robot embodiment transfer to unseen tasks.

significantly outperforms (49% task progress, 22.5% success rate) other pretrained baselines (31%
task progress, 12.5% success rate for GROOT N1.6 and 32% task progress, 10% success rate for
70.5). Examples of free-form prompting evaluations are shown in Figure [T0}

Q3. Do WAMs improve post-training performance? We investigate whether WAMs retain their
generalization advantage after fine-tuning on task-specific data. Figure [5] shows results on three
tasks with varying distribution diversity. DREAMZERO matches or outperforms VLA baselines
across all tasks, with clear gains on fruit packing and comparable performance on shirt folding and
table bussing. Despite lacking cross-embodiment pretraining, DREAMZERO remains competitive,
indicating that its environment generalization is preserved after post-training.

Q4. Do WAMs enable cross-embodiment transfer to unseen tasks? We investigate whether
video-only data from different embodiments can improve generalization to unseen tasks. We explore
two settings (Figure: (1) robot-to-robot transfer using YAM robot (20 minutes), and (2) human-to-
robot transfer using egocentric demonstrations (12 minutes). We co-train from DREAMZERO using
only video prediction for cross-embodiment data (no actions) and joint video-action for pretraining
data. Table [I] shows both settings improve over baseline: robot-to-robot (38.3% — 55.4%) and
human-to-robot (38.3% — 54.3%).

Table 1: Cross-Embodiment Transfer Results. Average task progress on unseen tasks (£ standard
error). Both transfer settings improve over baseline (result from Table @) using only 10-20 minutes
of video-only demonstration data.

Method Task Progress

DREAMZERO 38.3% + 7.6%
DREAMZERO + Human2Robot Transfer  54.3% + 10.4%
DREAMZERO + Robot2Robot Transfer 55.4% =+ 9.5%

These results point to a promising property of WAMs: unlike recent VLA approaches to embodiment
transfer (Kareer et al, 2025}, Team| 2025), our method relies solely on visual information without
action labels. While current success rates remain moderate, the consistent improvement from just
10-20 minutes of video-only data provides an early signal that cross-embodiment visual experience
transfers meaningfully. This opens a potential scaling pathway: abundant human video data—orders
of magnitude larger than robot datasets—could enable WAM s to acquire diverse skills without action
annotation, pending further research into strengthening the transfer mechanism.
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Table 2: Ablations. Task progress on PnP Easy tasks (50K steps, batch 32).

Config Size Data Progress
Data Diversity

DREAMZERO (AR) 14B Repetitive 33%

DREAMZERO (AR) 14B  Diverse 50%
Model Scale

DREAMZERO (AR) 5B  Diverse 21%

DREAMZERO (AR) 14B  Diverse 50%
Architecture

DREAMZERO (AR) 14B  Diverse 50%

DREAMZERO (BD) 14B  Diverse 50%

5.2 MODEL AND DATA ABLATIONS

We conduct ablations to isolate the contributions of data diversity, model scale, and architecture.
Due to computational constraints, all ablation models are trained for 50K steps with batch size 32
and evaluated on PnP Easy tasks.

Data Diversity. Table 2] shows diverse data substantially improves generalization (33% — 50%)
compared to repetitive demonstrations. We hypothesize that since video prediction is inherited from
pretraining, the key challenge is learning inverse dynamics, which requires diverse state-action cor-
respondences.

Model Scale. WAMs exhibit clear scaling: 14B significantly outperforms 5B (50% vs. 21%). We
also trained VLAs at 5B and 14B scales, but both achieve 0% task progress, suggesting scaling alone
doesn’t address VLAs’ difficulty with diverse data.

Architecture. Autoregressive (AR) and bidirectional (BD) achieve similar task progress, but AR
produces smoother motions and enables 3—4 x faster inference via KV caching. Additional ablations
on few-shot embodiment adaptation and DreamZero-Flash are in Appendix [A-T]

6 DISCUSSION, LIMITATIONS, AND FUTURE WORK

While we have identified that larger backbones and diverse data boost performance, formal scaling
laws for WAMs—relating model size, dataset size, and compute—remain to be fully explored
2020). Furthermore, our experiments with egocentric human data are currently limited to
lab scales, where leverage massive in-the-wild datasets (Grauman et al}, 2022} [Hoque et al, 2025}
will be further explored. Current WAMs operate primarily as "System 1" models
with short-horizon visual memory. To achieve robust long-horizon execution, integrating "System

2" reasoning via modular dual systems 2025), unified systems (Deng et all 2025), or
long-context video world models (Ball et al.}, 2025, [HunyuanWorld}, 2023) is necessary, which we

leave as future work. Additionally, while we achieve 7Hz on GB200s, WAMSs remain computation-
ally expensive compared to 20Hz+ VLAs due to their iterative denoising nature. Future research
into smaller, high-generalization video backbones will enable real-time inference.
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A APPENDIX

A.1 ADDITIONAL ABLATIONS

Few-shot Embodiment Adaptation. We post-trained the DREAMZERO-AgiBot policy on a new
bimanual manipulator (YAM robot) using only 11 unique tasks (~30 minutes) of play data. As illus-
trated in Figure[8] despite limited data and diversity, the post-trained policy retains strong language
following ability, even generalizing to novel objects unseen during training, including pumpkins,
teddy bears, pens, cup noodles, and paper bags. Preliminary experiments reveal strong video-action
alignment even with minimal data, demonstrating promising cross-embodiment transfer. Consistent
with findings from AgiBot embodiment, the primary failure modes come from video prediction er-
ror. We hypothesize that incorporating more diverse tasks during post-training will improve video
prediction in future iterations.

Few-shot Embodiment Adaptation = —— Retaining Strong Language Following

VR I
e o

. Put the cup noodles in the
AgiBot G1 YAM Put the orange in
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Pick up the teddy bear Put banana in wooden shelf

Figure 8: Few-shot Embodiment Adaptation. We explore few-shot embodiment adaptation by
post-training on 30 minutes of new embodiment data and evaluating on novel objects unseen during
training.

Table 3: DREAMZERO-Flash Evaluation. Task progress on table bussing with varying denoising
steps. DREAMZERO-Flash recovers most 4-step performance using only 1 step.

Method Steps Task Progress Speed X Speedup
DREAMZERO 4 83% 350ms 1.00
DREAMZERO 1 52% 150ms 233
DREAMZERO-Flash 1 74% 150ms 233

DreamZero-Flash Evaluation. We evaluate whether DREAMZERO-Flash can maintain task per-
formance under aggressive single-step denoising. As shown in Table [3] reducing DREAMZERO
from 4 steps to 1 step drops task progress substantially (83% — 52%) on the table bussing task.
By decoupling the video and action timesteps, DREAMZERO-Flash recovers most of this perfor-
mance at single-step inference (74%), only 9% below the 4-step baseline while being ~2x faster.
This demonstrates that decoupled noise scheduling enables effective speed—accuracy trade-offs for
real-time deployment.

A.2 SAMPLES OF POLICY ROLLOUT

Fig 0] and [T0] show samples of diverse rollouts of DREAMZERO, including unseen tasks, where the
robots are executing tasks that were totally unseen during training such as “Fist bump the human”
or “Pass spatula from right arm to left arm”.

A.3 MODEL AND TRAINING DETAILS

We visualize the attention mask for training and inference in Figure [[T] For DREAMZERO, we
set each chunk as K = 2 latent frames. From preliminary results, we have observed that K = 2
outperforms K = 1 empirically. We set the number of chunks M = 4 by default. If the trajectory
length is shorter than M = 4, M can be smaller than 4. For Agibot training data, the video is
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Figure 9: Joint Video and Action Prediction. DREAMZERO jointly generates both video and
action modality. We observe that the predicted action is closely aligned with the generated video.
Note that the illustrated examples are totally unseen tasks.
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Figure 10: Free-form Evaluation. DREAMZERO executes diverse tasks from natural language
instructions, including unseen tasks that belong to object manipulation, tool use, and human-robot
interaction.

sampled at SFPS ratio and action is sampled at 30Hz. We use the action horizon of H = 48.
Therefore, the video and action span 1.6 seconds per chunk. For DROID training, the video is
sampled at SFPS ratio and action is sampled at 15Hz. We use the action horizon of H = 24.
Therefore, same as Agibot, the video and action span 1.6 seconds per chunk. The maximum context
length is 8 latent frames (4x2), which is equivalent to 33 raw frames, spanning 6.6 seconds. We
leave increasing the visual context for WAMs as future work.

A.4 BIDIRECTIONAL VS. AUTOREGRESSIVE WAMS

In Figure [I2] we compare the modality alignment between bidirectional and autorgressive WAM:s.
Given a sampled timestamp point from a trajectory, bidirectional WAMs can apply video subsam-
pling to maintain language following capability. From preliminary experiments, we observed that
not applying video subsampling and instead setting the video span same as the action span lead
to significant degradation on language following capability. Although video subsampling mitigates
this issue, the language and video can be still largely misaligned if the sampling point is close to
the end of the trajectory. Also, video subsampling naturally distorts native FPS, which can poten-
tially lead to misalignment video and action. On the other hand, autoregressive WAMs mitigates
the misalignment issue by utilizing video context. We conjecture that by leveraging the positional
embedding information, autoregressive WAMs can implictly map the video chunk and part of the
language that corresponds to the video during training, mitigating misalignment between video and
language. Also, since language following capability can be improved with video and language
alignment, autoregressive WAMS can use a fixed FPS, which aligns the video and action modality.
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Figure 11: Attention startegy of DREAMZERO. (a) Self-Attention mask for DreamZero training.
Given conditioning frames (CO, C1, C2), we train the model to predict the velocities of next frames
(Z1, 72, Z3) and actions (Y1, Y2, Y3). (b) During inference, we compute the KV-cache of condi-
tional frames and concatenate them to predict the action and frames.

A.5 REAL-TIME EXECUTION DETAILS

This appendix provides additional details on the system-, implementation-, and model-level opti-
mizations introduced in Section

Diffusion-based WAMs inherit powerful generalization from video foundation models, but their it-
erative denoising process creates a fundamental tension with reactive robotic control. We address
three questions: (1) What prevents diffusion WAMs from being reactive policies? (2) What exe-
cution structure resolves this? (3) What constraints does that structure impose on the model and
system?

A.5.1 THE REACTIVITY GAP

Reactive policies must respond to environmental changes within tens of milliseconds. A naive im-
plementation of DREAMZERO on a single GPU requires approximately 6.2 seconds per action chunk
due to three bottlenecks: (1) iterative denoising across 16 diffusion steps required for smooth ac-
tions, (2) the computational cost of a 14B parameter DiT backbone, and (3) sequential execution
that blocks robot motion during inference. This latency makes closed-loop control infeasible.

A.5.2 ASYNCHRONOUS CLOSED-LOOP EXECUTION

Our first step towards resolving this is through asynchronous execution that decouples inference
from action execution. Rather than waiting for each inference to complete, the motion controller
continuously executes the most recent action chunk while inference runs concurrently on the latest
observation. This structure transforms the latency constraint from “inference must complete before
the robot moves” to “inference must complete before the current action chunk expires.” In our exper-
iments, we deploy policies at an action horizon of 48 steps at 30Hz control frequency (1.6 seconds
per chunk). Hence, we target inference latency below approximately 200ms to ensure sufficient
overlap for smooth, reactive control.

A.5.3 SYSTEM-LEVEL OPTIMIZATIONS

Given the asynchronous execution structure, we optimize inference throughput through parallelism
and caching.
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Algorithm 1 DREAMZERO Training (Flow  Algorithm 2 DREAMZERO Inference (Closed-

Matching) Loop Control)
1: Input: Dataset D, Text condition c 1: Input: Instruction c, Initial Image Ojy;,
2: Hyperparams: Number of chunks M State qinit
3: Model: uy (Joint Video-Action DiT) 2: Hyperparams: Steps N, Cache Thresh e
4: while not converged do 3: Init: KV < 0, Vprey < 0, Qeurr < Qinit
5: Sample trajectory 7 ~ D 4: // 1. Prefill Cache (Context Phase, t = 0)
6: Encode video to clean latents z}™, nor- 5: Zinit < VAE(Opni)
malize actions a}™ 6: // Pass clean video, no action/state
7: Split 7 into M chunks 7: (4, KV) < ug([Zinit, 0]; KV, ¢, 0,
8: fork=1,...,M do t = 0, update=True)
9: Define clean context Cy — 8: // 2. Autoregressive Loop
Uf;ll {z],al} 9: while task not done do
10: Sample timestep ¢ ~ U(0, 1) 10: Sample X = (29, ao] ~ N(0,T)
11: if Flash Mode then 1. fori=0...N—1ldo
12: twia ~ Beta(3,1), tow ~ 12: ?i, ti+1 < Scheduler(i, N)
U(0,1) 13: if . Vprev #*
13- else () and CosSim(Vprey, Viast) > € then
14: tuid ¢ iy tact < ti 14 Vi ¢ Vprev
15: end if 15: else
16: Sample noise z5, ak ~ N(0,T) 16: (Vi vits) =
17: Interpolate (Eq. 2): ug(xt,; KV, ¢, qeur,
18: 28 < tyiazk + (1 — tyiq)zk Vi‘zifi,ua]é)tdaua:False)
19: a; « toaai + (1 — toer)ag 17: Vi = [V, v
20: Predict velocity: 18: Vprev < Vi
21: Vpred — 19: end if
UQ([Zf, af]; Ch\ C, Oy tk) 20: X < X¢, + Step(vi, ti, ti+1)
22: Target vel. vF == [zF, ak] — [z, ak] 2L end f01_' , .
. k(2 22: // 3. Execution & Cache Update
23: Loss £ < HVPTEd -V || A : action
24: Update 6 < 0 —nVL 23 & < Filter(x} A)
25 end for 24: Async Execute & on Robot
25: Real observation Oye,1, Qreal

26: end while

26: Qeurr € Qreal;  Zreal < VAE(Oreal)
27: (+,+, KV) < ug([Zrea, 0]; £V, c, 0,

t = 0, update=True)
28: end while

2-D Parallelism. To address the computation bottleneck inherent to DiT, we employed two par-
allelism techniques: (1) Classifier-Free Guidance (CFG) parallelism, and (2) Context parallelism.
Standard CFG requires two distinct model evaluations—the conditional and unconditional forward
passes—which are typically executed sequentially. We parallelized these operations by distributing
the conditioned and null-conditioned score estimations across two independent GPUs. This effec-
tively reduced the latency per diffusion step by nearly half, with no impact on overall model quality.

We further improve performance by parallelizing token processing across four GPUs using context
parallelism. Several approaches address the communication overheads introduced by attention un-
der context parallelism: (a) DeepSpeed-Ulysses (Jacobs et al., [2023) shards attention heads across
devices and relies on all-to-all communication to exchange QKV tensors and attention outputs; (b)
Llama3 (Grattafiori et al., [2024) shards query tokens across GPUs and uses all-gather operations
to replicate key and value tensors; (c) Ring Attention (Liu et al.| [2023)) overlaps computation and
communication by partitioning attention into phases interleaved with point-to-point exchanges.

In our implementation, we adopt the all-gather strategy for key and value tensors to perform self-
attention across devices. For cross-attention, key and value tensors are replicated and cached, incur-
ring no communication overhead. Applying context parallelism across four GPUs reduces inference
latency by 47% without observable degradation in video or action quality.
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Figure 12: We illustrate the difference between bidirectional and autoregressive WAMs. Unlike
bidirectional WAMs which suffer from video-language and video-action alignment, autoregressive
WAMs mitigate this misalignment by using video context.

DiT Caching. The iterative nature of DiT inference imposes a significant computational bottleneck
for real-time applications. Previous efforts have focused on training-free caching techniques that
exploit temporal redundancies across diffusion steps. TeaCache (Liu et al.l [2024) leverages the rel-
ative L, difference between timestep-embedding modulated inputs as a heuristic to estimate output
variance and skip redundant computations, while TaylorSeer (Liu et al.| 2025) employs higher-order
Taylor expansions to extrapolate future latent states from historical derivatives. In DREAMZERO, we
implement a caching mechanism that exploits the directional consistency of velocity vectors learned
during flow matching.

During inference, the model tracks cosine similarity between successive velocity predictions. When
this metric exceeds a predefined threshold (7), the model bypasses the DiT forward pass for a win-
dow of a few steps by reusing the cached velocity vector. This adaptive scheduling concentrates
computational resources on critical trajectory updates, reducing the average number of DiT steps
from 16 to 4 with minimal degradation to predicted video and action fidelity.

Asynchronous Execution. Sequential execution of action blocks introduces stalls while waiting
for upstream models to produce the next chunk, making the robot more open-loop and less reactive
to real-time state changes, especially with large chunk sizes. We use an asynchronous execution
mechanism that decouples model inference from action execution, allowing both stages to run con-
currently. The motion controller always executes the most recent action scheduled for the current
timestamp, while the inference module always uses the latest observation.

A.5.4 IMPLEMENTATION-LEVEL OPTIMIZATIONS

Torch Compile and CUDA Graphs. Inference is predominantly CPU-bound due to kernel launch
overheads and Python execution. We employ torch.compile with CUDA Graphs (mode="reduce-
overhead") and enforce full graph capture (fullgraph=True) to eliminate graph breaks. In addition
to reducing CPU overhead, torch.compile decreases memory bandwidth requirements through oper-
ator fusion. We apply compilation to five model components: the diffusion transformer, scheduler,
text encoder, image encoder, and VAE. We enforce static shapes (dynamic=False), which results in
multiple recompilations during the first inference trajectory due to the evolving KV cache shape.
From the second trajectory onward, inference proceeds without recompilation. To enable error-free
compilation, we refactor the model to follow a functional programming paradigm: the KV cache is
passed explicitly as input and returned as output of the compiled function.
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Post-Training Quantization. We implement a mixed-precision strategy using the NVIDIA Model
Optimizer (NVIDIA Corporation|, [2024) on Blackwell (SM100) architecture. We quantize model
weights and activations to NVFP4 (E2M1) while maintaining sensitive QKV projections and Soft-
max operations in FP8 (E4M3). To preserve numerical stability, we employ FP16 accumulation for
non-linear operations including LayerNorm and RoPE. This configuration improves latency with
negligible impact on generated video and action quality.

Kernel-Level Enhancements. We use the cuDNN backend for dot-product attention via PyTorch
Scaled Dot-Product Attention (SDPA), requiring PyTorch version >2.9. Earlier versions of the
Transformer Engine library may also access these efficient cuDNN kernels.

Scheduler Optimizations. The initial Flow UniPC scheduler (Zhao et al., [2023)) implementation
required CPU execution for several operations, causing frequent CPU-GPU synchronization and
GPU stalls. We migrated these operations to GPU, eliminating unnecessary CPU overhead.
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Figure 13: Decoupled Noise Schedules. DREAMZERO uses coupled noise for video and action
(both uniform). DREAMZERO-Flash biases video toward high-noise states via a Beta distribution
while keeping action noise uniform, training the model to predict clean actions from noisy visual
context.

A.5.5 MODEL-LEVEL OPTIMIZATIONS — DREAMZERO-FLASH

In the standard DREAMZERO formulation, video and action modalities share the same denoising
timestep t: ' .
t\lgdeo _ tzllcctlon = t, g~ U(O, 1) (4)

DREAMZERO-Flash decouples these schedules by biasing video timesteps toward lower values
(higher noise) while keeping action timesteps uniform:

tydeo — 1y, n~Beta(a, B), E" ~(0,1) %)

where a > 3 (e.g., @ = 3,3 = 1). Since Beta(c, 3) with o > [3 concentrates mass near 7 ~ 1,
the transformed variable ¢}19°° = 1 — 1 is biased toward 0, corresponding to high-noise video states.
The noisy samples become:

k id k id k k ti k ti k
2 = 0k 4 (1= i90)af,  af = tmal + (1 - firien)al ©)

For Beta(3,1), E[y] = 0.75, yielding E[¢}1%°] = 0.25 compared to 0.5 in the coupled setting.
This exposes the model during training to configurations where actions must be predicted from
predominantly noisy visual context (Fig.[T3), aligning training with rapid-action-denoising inference
where actions denoise from noise level 1 — 0 in one step while video remains partially noisy.

Action Chunk Smoothing. Generated action chunks may contain high-frequency noise from de-
noising. We apply filtering to ensure stable real-world behavior: first upsampling the action chunk
to 2x resolution via cubic interpolation, then applying a Savitzky-Golay filter (window size 21,
polynomial order 3) to suppress noise while preserving trajectory shape, and finally downsampling
to original resolution.
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A.5.6 SUMMARY

Table ] summarizes cumulative speedups. System and implementation optimizations yield ~10x
speedup on H100 and ~17x on GB200; adding DREAMZERO-Flash achieves 41.5x on GB200,
reducing latency from 6.2s to 150ms. With the exception of DiT caching and quantization, all opti-
mizations are mathematically equivalent to baseline and show no measurable performance degrada-
tion.

Optimization H100 GB200
Baseline Ix 1.1x
System-level
+ CFG Parallelism 1.9x 1.8x
+ DiT Caching 5.5% 5.4x%

Implementation-level
+ Torch Compile + CUDA Graphs 8.9 10.9x

+ Kernel & Scheduler Opts. 9.6x  14.8x

+ Quantization (NVFP4) — 16.6x
Model-level

+ DREAMZERO-Flash — 38x

Table 4: Cumulative inference speedups. Each row
includes all optimizations above it. Entries marked “—”
indicate features not applicable to that hardware.

A.6 EXPERIMENTAL SETUP DETAILS

We validate our hypotheses on two robot embodiments: the AgiBot G1 mobile bimanual manipu-
lator and the Franka single-arm robot. We apply separate pretraining for each embodiment, leaving
cross-embodiment transfer for future work. The experimental setup for AgiBot Gl is illustrated in
Figure[[4]

We compare against two state-of-the-art VLAs: GROOT N1.6 (Bjorck et al.,[2025) and 7 5 (Physical
Intelligence} 2025). For each baseline, we evaluate two initialization strategies: (1) from-scratch,
using pretrained VLM weights without prior robot data training, and (2) from-pretrained, using
official checkpoints pretrained on thousands of hours of cross-embodiment robot data. Both variants
are then trained on identical data as DREAMZERO: ~500 hours of teleoperation data we collected
for AgiBot G1, and DROID (Khazatsky et al., [2024) for Franka. We keep the compute budget
comparable across all methods by matching total batch size and gradient steps.

A.6.1 PRETRAINING

Data. Our data collection philosophy differs from that of existing Vision-Language-Action (VLA)
models. While recent works have shown that VLAs can learn effective policies from moderate-
sized datasets, these approaches typically still rely on structured, task-focused demonstrations to
ensure consistent behavior. We hypothesize that learning to only predict actions without encoding
the knowledge about future world states makes it challenging to leverage highly heterogeneous, non-
repetitive data effectively, as the model must implicitly infer dynamics from noisy state-action pairs.
In contrast, we hypothesize DREAMZERO’s world modeling objective enables effective learning
from diverse demonstrations, allowing us to prioritize breadth and utility over repetition during data
collection.

Using AgiBot G1, we collect approximately 500 hours of teleoperation data across 22 unique envi-
ronments—including homes, restaurants, supermarkets, coffee shops, and offices—prioritizing task
diversity and real-world utility over task-specific repetition. As shown in Figure[I5] each episode av-
erages around 4 minutes and encompasses approximately 42 subtasks—significantly longer-horizon
than typical robotic manipulation datasets (Khazatsky et al.l 2024} Walke et al., [2023). The skill
distribution reflects real-world deployment requirements: navigation enables movement between
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Pre-training Post-training

Diverse mobile manipulation Repetitive & Task-specific
o -

packing restocking dish cleanup tidying fruit packing shirt folding table bussing
Seen Tasks Evals Out-of-distribution Evals

organize shirts bowl stacking pen to cup

Unseen Task Evals

untie shoes

ironing clothes

Figure 14: Evaluation Set-up. We are first-citizens of generalization evals, where the default setting
is unseen environment and objects for both pre-training and post-training evaluations.
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Figure 15: Distribution statistics for the AgiBot pretraining corpus: episode durations, subtask
density, and skill coverage across 7.2K episodes (~500 hours)

workspaces, while torso adjustments allow interaction with objects at varying heights (shelves, cab-
inets). Additional details on the data collection pipeline are provided in Appendix [AZ7]

We also validate DREAMZERO on the Franka single-arm robot using DROID
[2024), one of the most heterogeneous publicly available robotic datasets, achieving st place on
the RoboArena Leaderboard (Atreya et al, [2025)—a public distributed benchmark for evaluating
DROID-trained policies. This demonstrates the effectiveness of WAMs on diverse, open-source
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data and enables reproducibility prior to the release of our in-house AgiBot dataset. We open-source
the checkpoint and inference code to run some DROID-sim evals in PolaRiS (Jain et al.| [2025).

Training. We use Wan2.1-12V-14B-480P (Team Wan, 2025, a 14B image-to-video diffusion
model, as the backbone for DREAMZERO. We train for 100K gradient steps with a global batch
size of 128 for AgiBot and 75K gradient steps with a global batch size of 128 for DROID datasets.
We update all DiT blocks, the state encoder, action encoder, and action decoder, while freezing the
text encoder, image encoder, and VAE. For both datasets, we filter out idle actions and use relative
joint positions as the default action representation. We also have some ablation results (Section
where we initialize from Wan2.1-12V-5B-480P to see the effect of model size (5B vs. 14B).

Evaluation Protocol. We evaluate models out of the box after pretraining. Our default evaluation
setting is unseen environments, unseen objects—because our pretraining and post-training data were
collected in a different geographic location from our evaluation sites, every benchmark inherently
tests out-of-distribution generalization rather than interpolation within the training distribution. We
evaluate on two categories: seen and unseen tasks. We define the granularity of a task as a combi-
nation of the motion required for the task and the object type. For example, if the pretrained data
contains folding a red-colored shirt and evaluate the model to fold a black-colored shirt with a dif-
ferent size, it is considered as a seen task. On the other hand, if we evaluate the model to fold socks,
it is considered as an unseen task because the motion required to fold socks is different from folding
a shirt.

AgiBot Evaluation Protocol. For seen tasks, we select 10 tasks from the pretraining distribution,
including pick-and-place variants, stacking, wiping, and folding; we run 8 rollouts per task across
4 robots, each in different environments and different objects (80 rollouts total per checkpoint). We
divide 10 seen tasks into three categories: PnP-Easy (Pick and place fruit, Wipe the mess, Take out
fruit from bag), PnP-Hard (Pick and place fork/spoon, put the pen in pen holder, put the cup on the
coaster, stack bowls/cups in a row), and Contact-Rich Manipulation (fold shirts, fold shorts, stack
clothes). For unseen tasks, we evaluate 10 tasks absent from training—such as ironing, painting,
pulling carts, cube stacking, removing a hat from a mannequin, and untying shoe laces—with 8
rollouts per task across 4 robots (80 rollouts total per checkpoint).

We provide the evaluation setup for both seen and unseen tasks in Tables[5]and [6]for Agibot setup.
Each row shows the initial frame and instruction for 4 robots. We conduct 2 rollouts per robot for
each task by varying the objects and locations.

DROID Evaluation Protocol. We evaluate on 20 seen tasks and 20 unseen tasks (verbs and objects
absent from DROID), performing 2 rollouts per task, for a total of 80 evaluation rollouts across 40
tasks for each checkpoint. We compare DREAMZERO against the publicly released 7y 5-DROID and
an internally trained GROOT N1.6-DROID checkpoint. Object positions are fixed across checkpoints
to ensure fairness. Each rollout is scored from 0 to 1.0 based on partial task completion. We provide
the evaluation setup for both seen and unseen tasks in Tables [7a]and [7b|for DROID.

A.6.2 POST-TRAINING

Beyond pre-training, we evaluate whether WAMSs improve fine-tuning performance on task-specific
data using the AgiBot robot.

Data. We collect post-training data on three downstream tasks with varying levels of distribution
diversity:
* Shirt folding (33 hrs): Fold a flattened t-shirt through 5 sequential stages. We randomize
initial shirt position across 2 shirt types. Lowest diversity.

* Fruit packing (12 hrs): Pack 10 fruits from a table into a bag. We randomize fruit combi-
nations and positions of fruits and bag. Medium diversity.

* Table bussing (40 hrs): Clear 5 pieces of trash into a trash bin and 5 pieces of dishware
(dish, bowl, fork, and spoon) into a dish bin. We randomize object types, combinations,
and positions. Highest diversity.

Training. We post-train for SOK gradient steps per task. As in pretraining, we update all parameters
except the text encoder, image encoder, and VAE.
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Table 5: Seen Tasks Evaluation Setup

Image Instruction Image

Instruction

Image Instruction

The left arm picks up the lime
on the table and places it on the
light green plate.

The left arm picks up the peach
on the table and places it on the
baking pan

‘The left arm picks up the green
pear on the table and places it
on the blue checkered bowl

“The left arm picks up the yellow
pear from the plastic bag and
placs it onto the blue tray.

The left arm picks up the purple
erapes from the plastic bag and
Places it into the brown baske.

‘The left arm picks up the
watermelon from the plastic bag
and places it onto the Blue
Plate.

The left arm used a black cloth
10 wie the while powder off the
table.

The left arm uses a napkin to
wipe the creamer spill off the
table

The left arm used a paper towel
10 wipe the water off the table.

The left arm picks up the orange
fork from the table and places it
into the glass cup

The left arm picks up the light
biue fork from the table and
places it onto the orange plate

The left arm picks up the green
fork from the table and places it
into the blue plate.

The left arm picked up the black
marker from the table and
placed it into the pen holder.

The left arm picked up the white
‘marker pen from the table and
placed it into the pen holder.

“The left arm picked up the
mechanical pencil from the
table and placed it into the pen
holder,

“The Ieft arm picks up the plastic
cup from the table and places it
on the blue coaster

The left arm picks up the plastic
up from the table and places it
on the white coaster

The left arm picks up the pink
cup from the table and places it
on the gray coaster.

The robor reaches its left arm to
rip the blue plate, moves it to
the middle light green plate, and

releases it 10 stack. It th
reaches its ight arm 10 grip the
red plate, moves it over the
middle stack of plates, and
releases it to finish the task.

The robot reaches is left arm to

reaches its left arm (0 grip the

blue checkered bowl, moves it

over the stack, and releases it to
finish the task.

The robor reaches its left arm to
grip the pink bowl, moves it
over the middle beige bow, and
releases it 10 stack It th
reaches s left arm 10 grip the
white bowl, moves it over the
stack, and releases it onto the.
stack.

complete the task.

Both arms fold the bottom of
the green short slecve to the
middic. They then pull the shirt
toward the edge of the table.
ext, both arms fold the top of

complete the task.

Both arms fold the bottom of
the logo short sleeve to the
‘middle. They then pull the shirt
toward the edge of the table.
Next, both arms fold the top of
the shirt down to the middle.
Finally,the right arm grasps the
collar and folds it down to
complete the task.

Both arms fold the bottom of the
‘gray short sleeve to the middle.
They then pull the shirt toward
the edge of the table. Next, both
arms fold the top of the shirt
" down 10 the middle. Finally, the
b left arm grasps the collar and
folds it down to finish.

Both arms fold the bottom of

Category #  Task Image Instruction
i Theleft arm picks up the
1 PnP Fruit Banana on the table and places
itinthe Blue Pat.
PnP 5 Taki“g out 'I;he\e‘[:’amlv p:ck;nplh:)«:mvgo
Easy Fruit itinto the Wooden Basket
Wipe the The left arm uses a sponge to
3 0 wipe thecoffee spll off the
ess - table.
PnP “The et arm picks up the Pink
Fork from the table and places it
Fork/Spoon onto the blue pate
pup S PutPenin et s ik e R
n ; ket pon from the sble an
LA Holder 3 iaced h it pen eder
Put Cup on The letarm picks up th
6 Const i cup from the able and pla
oaster ] . on the grey coaster.
“The robot esches o gip the
areen bowl, moves i tothe
L Stack "middle wooden bowl, and
) releases it o siack. I then
Bowls/Cups reaches to grip the white bowl,
‘moves it to the same lcation,
and eleass it ontothe stack.
Both arms grip the bottom of
the light ey short iceve and
fold it toward the middle. They
" then pull the shortsleeve across
g Folding Ih i o sdes. Nt btk
Shirts arms grasp the top of the shirt
and fold it down to the middle.
Finally the ight am grips the
colarand flds it down

Contact ,  Folding
Rich Shorts
ighto left o complete the fold.

Both arms fold the bottom of
the grey shorts toward the

right to left to complete the fold.

Both arms fold the bottom of

right o left to complete the task.

Both arms fold the bottom of

right to left to complete the fold.

Stacking Both arms pick up the black
10 " Hothes Shirtand plce it on the stack of
clothes.

J

Both arms pick up the white
shirt and place it on the gray
towel,

Both arms pick up the black

hoodic and place it on the stack

clothes.

Both arms pick up the dark gray
shirt and place it on the stack of
clothes,
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Table 6: Unseen Tasks Evaluation Setup

# Task Image Instruction Image Instruction Image Instruction Image Instruction

‘The robot coordinates both arms
to simultancously grasp the two

‘The robot coordinates both arms

‘The robot coordinates both arms

1o simultancously grasp the two “The robot reaches its eft arm to 1o simultancously grasp the two laneasly B2 e
Untie loops of the shoelace. It then arasp the blue box and hold it Toops of the knot of the box. It e
S s moves both s ouard e T ho s it o moves bt am ouard Jockage It moes bt
synchronized, opposing arm toward the bluc ribbon and in synchronized. opposing . 8 -
directions until the shoelace is ‘moves it to untie the knot directions uniil the knot of the opposing directions until the
fully untied. box s fuly untied. kot of the package is fully
y unticd
“The robot reaches s right arm “The robot reaches its efl arm to “The robot reaches its eft arm to “The robot reaches its eft arm to
2 Remove 10 gasp the crown and lifts it to grasp the hat and lifts it to grasp the hat and lifts it to grasp the hat and lifts it to
/Put Hat remove it from the mannequin’s remove it from the mannequin’s remove it from the mannequin's remove it from the mannequin's
ead head. head. ead.
The robot reaches s left arm to The robot reaches s right arm The robot reaches s left arm to The robot reaches s right arm
3 Draw pick up the red marker and the 10 pick up the marker and the pick up the black marker and 10 pick up the marker and the
Circle Teft arm moves the marker to tight arm draws a circle on the the left arm moves the marker to tight arm moves the marker (0
draw a circle on the book ‘whiteboard with the marker. drawa circle on the paper draw a Ine on the whiteboard.
Take out “The feft arm holds the cup on “The feft arm holds the cup on The feft arm holds the cup on The right arm holds the cup on
4 13 the able. Then the rightgam the able. Then the rightsam the able. Then the right gam e table Then the Ieft arm pulls
traw ‘ pulls the straw out of the cup. pulls the straw out of the cup pulls the straw out of the cup, the straw out of the cup.
Therobot esches s ight am Therobot eshes s ight am Therbot esches s ight am The oot resches s right arm.
1o pick up the white cube, pick up s
e e, over the blue cube, and relcases.
Cube a and releases it 0 stack. It then it o begin the stack. It then
5 a hes its left arm to pick up
Stackin; e reaches tsright arm to pick up reaches tsright arm to pick up veaches its left arm 10 pick up eaches it eft arm o pick u
% el cobe e e e e e, v over bl ube s e e the ounge cube, movs it over
e Sack, and vl oo n red . s 10 Sk and s i he the tck, o el i ot
the green cube to finish the task. inish the tower. - white cube to finish the task. P!
three-ter siructure.

=

“The right arm grabs the brush.
“Then right arm paints with the
brush on the notebook

“The left arm grabs the brush,
“Then left arm paints with the
brush on the notebook

“The right arm grabs the brush.
“Then right arm paints with the
brush on the paper

The left arm grabs the brush,
“Then left arm paints with the
brush on the notebook

6 Painting

. “The robot reaches itsleft arm o “The robot reaches its right arm “The robot reaches its left arm o “The robot reaches its left arm o
7  Ironing ‘grasp the iron and moves it 10 grasp the iron and moves it ‘grasp the iron and moves it ‘grasp the iron and moves it
across the shorts o iron i, across the shirt o iron i across the shirt o iron i across the shirt o iron i
& “The right arm of the robot grasp “The left arm of the robot grasp
Shake the human hand toshake hands, et e shakes the hand o gt s shakes the e human han 1 shake han
8 Hand Itthen initates a rhythmic e et arm st the pand of The et arm shakes the hand Itthen initates a rhythmic
ands up-and-down motion to perform man up v up-and-down motion to perform
the handshake. the handshake.
= .
TR — “The left arm grabs the left side “The left arm grabs the left side “The right arm grabs the right “The right arm grabs the right
Folding of the map. The right arm folds of the map. The right arm folds side of the map. The left arm side of the map.The left arm
9 o he right side of the map. The he right side of the map. The folds the left sk of the map. folds the leftside of the map.
(Map) left arm folds the left side of the left arm folds the left side of the The right arm folds the right The right arm folds the right
map. map. side of the map. side of the map.
¥ 78
1o Pulling The robor reaches its right arm The robot reaches its left am to The robot reaches its right arm The robotteaches it e a0
Cart 1o rasp the catand pal . s e cart and puls 1o rasp the catand pal . rsp the cart and
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Instruction # Image Instruction

Instruction

# Image Instruction

Move the bowl on the left to the

Move the cup forward then put he 1 1 {5
right side of the table.

‘marker inside the cup

the ri

~ Orient the mug so the handle is to 4. )
= he right 11 m Hook the hat onto the tripod
= —

=
Put the marker in the blue box 12 % Pick up the "e"lf")‘w“l“d putiton the

Fan the burger

Pinch the binder clip to release the
papers

Ul

7= Remove the pair of loves from the |3 ﬁ  Pick the marker up from the table
i open drawer and put it on the table ﬁ and put it in the bowl

Slice the bread with the knife

13 Withdraw the bread from the
toaster and place on the plate

Place the bowl next to the marker

e
4 % Put the marker on table 14

‘Type *hi’ on the keyboard

| Cinch the drawstring of the bag

| Pickup the “‘“bf‘n‘:k:'l“’ putitinthe 15 | “ Remove a lemon from the bowl

Extricate the straw from the cup

Dispense the mustard onto the bread

Reveal the object under the cup

Bake the croissant in the oven

Mateh the objects to their
corresponding bowl

/| Fry the vegetables in the pan with
17 = iy
=== the spatula

Put the bread inside the toaster

M Maneuver the blocks through the
S matching hole

%‘ Depress the lever on the toaster

Affix the magnet to the tray

Elevate the yellow block to the
highest platform

a
LS

Pick up the cup from the bowl and
put it in the other cups

Push the lever on the bread toaster
downwards
’ “ T a

10 . Combine the nuts and bateries

e

E Weave the wire lhmugh the holes of

(a) Seen tasks on DROID

(b) Tasks with unseen verbs on DROID

Evaluation Protocol. We measure average task progress across 10 rollouts per task, with a 120-
second time limit. Task progress is defined as: (1) folding stages completed out of 5 for shirt
folding, (2) fruits successfully packed out of 10 for fruit packing and (3) items cleared for table
bussing. Following [Barreiros et al.| (2025), we apply an image overlay to the initial scene to reduce
variance.

A.7 AGIBOT DIVERSE DATA COLLECTION STRATEGY

Our data collection philosophy prioritizes diversity over repetition. Unlike conventional approaches
that collect hundreds of demonstrations per task in controlled lab settings, we collect data across
22 real-world environments spanning homes, restaurants, supermarkets, coffee shops, offices, ware-
houses, laboratories, and hotels (Figure @

A.7.1 DAILY COLLECTION WORKFLOW

Each day, teleoperators receive a printed task sheet listing available tasks for their assigned area
(e.g., kitchen area, living room area, checkout counter). For each episode, they select three tasks
from this sheet and execute them consecutively. Each task typically requires 1-2 minutes, resulting
in approximately 5-minute episodes.

At the end of each day, teleoperators log the frequency count for each task. Once a task reaches 50
episodes, it is deprecated and removed from the task sheet. Teleoperators are incentivized to propose
new tasks, which they inevitably must do as existing tasks become deprecated. This mechanism
continuously expands the task distribution throughout data collection, yielding a long-tail of diverse
behaviors.

Because we prioritize utility over repetition, our tasks are naturally more coarse-grained than typical
robot learning datasets. Examples include organizing items, ground garbage cleaning, shopping
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Figure 16: Data Collection Environments. We collect teleoperation data across 22 diverse real-
world environments, including offices, laboratories, restaurants, supermarkets, coffee shops, ware-
houses, homes, hotels, and retail stores. This diversity enables DREAMZERO to generalize to unseen
environments without task-specific fine-tuning.

basket return, toy box tidying, table tidying, and clothes hanging—but the full set grows organically
as the collection progresses.

A.7.2 MULTI-TASK EPISODE STRUCTURE

The three-task episode structure serves two purposes: it maximizes diversity within each episode
and encourages the model to learn smooth task transitions. For example, a single episode might
involve (1) clearing dishes from a table, (2) wiping the table surface, and (3) organizing condiments.
This design yields an average of 42 subtasks per episode (Figure[T3)), significantly more than typical
single-task datasets.

This combination of environment diversity, task deprecation with forced expansion, and multi-task
episodes produces a heterogeneous dataset that differs substantially from conventional robot learning
corpora. Rather than learning narrow task-specific policies, DREAMZERO learns generalizable skills
that transfer across environments and tasks.

A.8 FAILURE CASE ANALYSIS

In Figure [T7] we illustrate the generated video by DREAMZERO and execution rollout for both
AgiBot and DROID. Overall, the robot execution follows the visual plan generated on the video
modality side. For AgiBot video generated by DREAMZERO, the robot picks up the marker with left
arm and passes the marker to the right arm. Consistent with the generated video, for the execution
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Pick up the marker and draw a line on the whiteboard.

Generated

Execution

Bake the croissant in the oven

Generated

Execution

Figure 17: Illustration of generated and executed pair. We illustrate the generated video and
action execution pair.

rollout, the robot picks up the top part of the marker, but instead of drawing a line on the whiteboard,
the left arm passes the marker to the right arm. For DROID video generated by DREAMZERO, the
robot picks up the bread instead of opening the oven first. Aligned with the generated video, for the
execution rollout, the robot picks up the bread first instead of opening the oven, leading to the rollout
being stuck after the robot has reached to the oven with bread held. This implies that improving the
language following capability of WAMs could potentially lead to better action execution.

A.9 RELATED WORK
A.9.1 VISION LANGUAGE ACTION MODELS

Utilizing Foundation Models for Robetics. Developing foundation models (Bommasani et al.,
2021) for physical artificial intelligence has emerged as a significant research frontier. One line
of work involves using existing, pre-trained foundation models as “black-box” reasoners to handle
high-level task planning. These works usually involve modular systems, where the foundation mod-
els generate sequences of instructions, visual traces, or affordances that are subsequently executed
by specialized, low-level robotic policies or controllers (Brohan et al., 2023bj [Huang et al.; |Singh
et al., 2023} Driess et al., 2023 \Huang et al., [2023} [Kumar et al.}|2024). While this modularity sim-
plifies complex planning and enables stronger generalization (Li et al., 2025b; [Lee et al., [2025) and
efficiency (Dreczkowski et al.,|[2025)), it is contingent upon having a pre-existing library of low-level
skills and a robust interface to bridge the gap between abstract reasoning and physical execution.
Additionally, these decoupled systems face the risk of compounding errors across modules.

VLAs. On the other hand, end-to-end models such as Vision-Language-Action models
(VLAs) (Brohan et al.l 2022} 2023a; |Kim et al., |2024a; Zheng et al., 2025a; |Ye et al., 2025} |Yang
et al., [2025; [Black et al.l |2024a} Bjorck et al., 2025} [Physical Intelligence} |2025; |Gemini Robotics
Team| 2025 Bu et al.,[2025])), have gained popularity by moving away from a rigid hierarchy of plan-
ning and control, combining language-conditioned semantics and low-level robot actions within the
same model. VLAs are often initialized from large vision-language (VLM) models pre-trained on
web-scale datasets. While pushing the frontier on visual-semantic knowledge transfer, these mod-
els are pre-trained on static image-text datasets, which limits their ability to inherit spatiotemporal
priors required to transfer knowledge to new physical skills.

Generalization using VL As. Generalization in VLAs has been mostly demonstrated on object
and semantic level (Brohan et al.| [2023a; |Gao et al.l [2025)) while generalization to completely new
skills and environments has remained limited. In particular, existing work utilizing VLAs achieves
environment generalization by collecting human teleoperation data across hundreds of diverse envi-
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ronments for specific tasks (Physical Intelligence, [2025). Furthermore, while current VLAs attempt
to achieve task generalization by covering a large library of language-conditioned motion primi-
tives (Gemini Robotics Team, [2025), this approach is fundamentally constrained by the impracti-
cality of capturing the vast amount of possible physical interactions and motions with a fixed set of
episode-level language-conditioned tasks. In contrast, video-based world models learn from every
consecutive frame pair in the data, while also leveraging large-scale video pretraining to understand
physical dynamics.

A.9.2 VIDEO MODEL-BASED ROBOT POLICIES

Video Generation in Robotics. Prior works show that video generation models can be used to
synthesize robot trajectories and extract executable actions at test-time through various approaches:
inverse-dynamics models (Du et al.l 2023} [Zhou et al., 2024), optical flow as dense correspon-
dence (Ko et al.,[2024), or trajectory prediction as high-level planning (Yang et al.l 2024; |Du et al.,
2024). Other works generate human videos—either with 3D tracking (Liang et al. [2024) or for
novel scenes and motions (Bharadhwaj et al.l [2024; |Chen et al.l 2025)—and train policies using
point tracking objectives. Most recently, (Jang et al.| 2025} |Luo et al. 2025) demonstrated that
video generation models can produce synthetic robot data for unseen behaviors in novel environ-
ments, leveraging the strong generalization capabilities of these models.

Joint Video and Action Generation. Another line of work couples video and action generation
for end-to-end learning. These methods demonstrate that incorporating a world modeling objective
alongside action prediction improves multi-task performance, sample efficiency, and generalization
to novel scenes and objects. Previous work (Wu et al., 2024} (Cheang et al., [2024; |Li et al.| [2025a;
Zhu et al.l 2025} [Zhao et al.| [2025]; Zheng et al.l [2025b; [Won et al.l [2025) learns to do joint world
modeling and action prediction from scratch or from VLAs, while more recent work (Kim et al.,
20265 |Liao et al., [2025; |Hu et al., 2024} |Liang et al., 2025; [Pai et al.| [2025) leverages pretrained
video diffusion models to inherit rich visual dynamics priors. We refer to these models collectively
as World Action Models (WAM:s) since they leverage world modeling capability (predicting the fu-
ture state) for action prediction. In contrast to prior WAMs, DREAMZERO systematically explores
data diversity and scale to expose the full generalization potential of WAMs, adopts an autoregres-
sive architecture better suited for long-horizon world—action modeling, and achieves state-of-the-art
generalization across both novel tasks and environments.

Why WAMSs. WAMs built upon video diffusion backbones inherit rich spatiotemporal priors from
web-scale data, capturing the best of both paradigms: the seamless gradient flow of end-to-end
VLAs and dense world modeling supervision for planning. Central to this approach is learning the
joint distribution of video and action—DREAMZERO simultaneously learns both modalities, with
video prediction serving as an implicit visual planner that guides action generation. This formula-
tion not only means that improving robotic capabilities reduces to improving video generation, but
also enables two capabilities that elude current VLAs: zero-shot generalization to novel tasks and
effective learning from heterogeneous robot data.
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