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Fig. 1: Overview of the Interactive World Simulator. Given real-world robot interaction datasets (left), we train action-conditioned video
models that capture complex physical dynamics and support stable long-horizon interactions (middle). The resulting world models achieve
stable video prediction for over 10 minutes at 15 FPS on a single RTX 4090 GPU, outperforming prior world models in long-horizon
realism. The resulting Interactive World Simulator enables scalable data generation for imitation policy training without requiring additional
robot interaction and supports faithful and reproducible policy evaluation, exhibiting a strong correlation between policy performance in
simulation and in the real world (right). Additional examples are available on the project website,

Abstract—Action-conditioned video prediction models (often performance. Together, these results establish the Interactive
referred to as world models) have shown strong potential for World Simulator as a stable and physically consistent surrogate
robotics applications, but existing approaches are often slow for scalable robotic data generation and faithful, reproducible
and struggle to capture physically consistent interactions over policy evaluation.
long horizons, limiting their usefulness for scalable robot policy
training and evaluation. We present Interactive World Simulator, L. INTRODUCTION
a framework for building interactive world models from a

moderate-sized robot interaction dataset. Our approach leverages  video prediction models have shown promising results for
consistency models for both image decoding and Iatent-spacerobotiC manipulation, including planning [1], control [2, [,

dynamics prediction, enabling fast and stable simulation of I . 4 I luati
physical interactions. In our experiments, the learned world Policy steering [4], and policy evaluation [5]. However, ex-

models produce interaction-consistent pixel-level predictions and isting action-conditioned video prediction models are either
support stable long-horizon interactions for more than 10 minutes computationally expensive, due to heavy neural networks and
at 15 FPS on a single RTX 4090 GPU. Our framework enables multi-step diffusion processes [6 8], or unstable over long-

scalable demonstration collection solely within the world models horizon rollouts due to accumulated prediction errors [2, [3].
to train state-of-the-art imitation policies. Through extensive real-

world evaluation across diverse tasks involving rigid objects, S @ result, faithful long-horizon action-conditioned video
deformable objects, object piles, and their interactions, we nd prediction of complex physical interactions remains challeng-
that policies trained on world-model-generated data perform ing for state-of-the-art models, limiting their applicability
comparably to those trained on the same amount of real- to scalable policy training data generation and reproducible
world data. Additionally, we evaluate policies both within the . .

! . policy evaluation.
world models and in the real world across diverse tasks, and

observe a strong correlation between simulated and real-world _In this work, we introduce Interactive World Simulator
(Figure 1), an action-conditioned video prediction model that
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goal is to build an action-conditioned video prediction model
06 = F(Ornt1  ;arnt1 ) that takes in N history obser-
vations and predicts the next RGB frame 0; by minimizing
[|6: — 0Ot]|2, the difference from the ground truth observation.

B. Interactive World Simulator

As shown in Figure [2] we train our action-conditioned
video prediction model in two stages. In the rst stage, we
train an autoencoder that can encode an image O into a
latent representation z and decode the latent representation to
reconstruct the input image. In the second stage, we freeze
the encoder and decoder and train the action-conditioned
dynamics model using next-frame supervision in latent space.
We elaborate on the different stages in the following section.

1) Stage 1: Autoencoder Training: Consistency models are

widely used for image generation due to their ef ciency and
quality [10, 76, 77]. Therefore, we instantiate the decoder as
a consistency model for high-quality image generation. Due
to instability of 1-step consistency model training, we are
inspired by Consistency Trajectory Model (CTM) for stable
consistency model training [[77].

To train the autoencoder and nd its parameters ( ; ),
for each training image 0, we rst obtain the 2D latent
representations Z = E (0) € RCH "W ° where C is the
latent channel. We then apply the same noise to 0 at two
different sampled scales { > s> 0.

X, =N(0; ); X, =N(0; s); (1)

where N(-; ) denotes the forward noising operator at noise
scale . The decoder is trained to map the higher-noise input
to the lower-noise target conditioned on z:

X,=D (X t; s12); ()

by minimizing a weighted regression loss
i
Lae=Eo > s Wl X, =%,z @

s s

where w( ) is a noise-dependent weight to balance learning
across noise scales. Thus, we obtain an image-to-latent en-
coder E (0) and a conditional generative decoder D (-; z)
that can reconstruct high- delity images from noisy inputs
with a small number of denoising steps.

2) Stage 2: Dynamics Training: After stage 1, we freeze

the autoencoder parameters ( ; ) and encode each frame 0
into a latent z;. Our goal in stage 2 is to learn an action-
conditioned latent dynamics model F that predicts future
latent frames given a context window of past latents z; -1
and actions a;n-t1 . Since consistency models can naturally
model the multimodal distribution of potential futures while
being ef cient, we also model F as a consistency model.
Concretely, we treat the latent sequence as a spatiotemporal
tensor Z € RETH "W ° Similar to stage 1, we apply the
same noise to Z using two different sampled scales ¢ and
t» where > ¢ > 0. But the major difference from stage
1 is that we only apply full noise to the last frame so that

the dynamics model F learns to predict the lower-noise last
frame’s latent given the action sequence and history context:

2. =F (Z, ¢ sant1 ) (4)

Figure 2 shows how we appended the noisy latent to history
latents during inference time.
We train F  with a weighted regression loss in latent space:

2
Lon( )=Ez W) 2,-2Z, © ©

We instantiate F  as a stack of 3D convolutional [78] blocks
with FILM modulation [79] and spatiotemporal attention to
fully capture spatial temporal relations.

To enable long-horizon action-conditioned prediction, one
important technique is injecting small noise to observation
contexts so that the dynamics model F is robust to noisy
contexts. During the online inference, models’ prediction will
be used as context for later steps, which is inevitably noisy.
Therefore, model’s robustness towards noisy context is very
essential for stable long-horizon prediction.

3) Inference: During inference time, we predict future
frames autoregressively. Given initial image 0g, we rst obtain
2D latent zg = E (0p). As illustrated by Figure 2, we attach
a noisy latent to history latents. Alongside action information,
we denoise the last-frame noisy latent into a clean one (i.e.,
Z7). Then we attach the latest predicted latent to existing
context to get the new history context (e.g., Zo:1). By repeating
this process, we are able to autoregressively predict latents.
Note that we discard the old latent once the context length is
larger than a threshold so that the computation cost will not
increase as horizon increases. Finally, the decoder D takes in
newly predicted latents Z and renders new images O.

C. Data Generation for Policy Training

Our Interactive World Simulator serves as a scalable sur-
rogate for expert demonstration data collection, enabling the
generation of high-quality synthetic demonstrations for imita-
tion policy training without requiring access to physical robots.

Data collection is performed by initializing the simulator
with an initial observation 0g, after which a human operator
interacts with the simulator by issuing control commands
through a teleoperation interface (e.g., keyboard input or
low-cost kinematic devices). Given an action sequence ag.T,
the simulator autoregressively generates the corresponding
observation sequence 01.7, producing full demonstration tra-
jectories {(oy;a¢)}, that mirror real robot interaction data.
The generated trajectories are directly compatible with stan-
dard imitation learning pipelines, including DP, ACT, and
the -series models, without requiring any modi cation to
policy architectures or training procedures. This allows world
simulator-generated data to be seamlessly mixed with real-
world demonstrations or used as a standalone training source.

D. Policy Evaluation

Evaluating policies fairly is another longstanding chal-
lenge in robotics. Performing real-world evaluation is time-
consuming and dif cult to scale, as each trial requires manual



Metric Ours DINO-WM [3] UVA [8] Dreamer4 [|16] Cosmos [6]
MSE | 0.005 =+ 0.005 0.028 £ 0.032 0.023 £ 0.015 0.012 £ 0.009 0.019 £ 0.010
LPIPS | 0.051 £ 0.019 0.270 4 0.093 0.272 4+ 0.077 0.163 4 0.052 0.224 £ 0.060
FID | 63.50 + 13.78 200.77 + 79.02 142.55 + 49.43 239.97 + 45.75 200.74 + 31.53
PSNR 1 25.82 +£2.72 17.79 4+ 2.84 17.87 £+ 2.21 20.81 £+ 2.21 18.91 £+ 1.73
SSIM 1t 0.831 + 0.039 0.652 £ 0.059 0.650 £ 0.059 0.693 £ 0.045 0.647 £ 0.040
UIQI 1 0.960 £ 0.019 0.875 4 0.029 0.884 + 0.025 0.919 £ 0.024 0.883 £ 0.029
FVD | 243.20 £+ 103.58 1752.57 £ 805.56 2213.29 + 52548 1747.26 £+ 248.08 799.34 4+ 220.07

TABLE I: Quantitative Comparison of Video Prediction Performance. We quantitatively evaluate state-of-the-art action-conditioned
video prediction models across a diverse set of manipulation tasks involving rigid objects, deformable objects, articulated objects, and object
piles. The table reports results aggregated across all tasks; per-task results are provided in the supplementary material. Performance is
measured using standard video prediction metrics, including MSE, LPIPS, FID, PSNR, SSIM, UIQI, and FVD, computed between predicted
and ground-truth video rollouts. All results are reported for action-conditioned predictions over extended horizons (192 steps). The proposed
Interactive World Simulator consistently outperforms prior world models across metrics, indicating improved visual delity, interaction
consistency, and long-horizon stability, while maintaining ef cient inference speed.
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Fig. 5: Imitation Policy Training with Mixtures of Real-World Data and Our World Simulator Data. WS % represents the percentage

of data from our world simulator, and Real % represents the percentage of data from the real world. From left to right, the mixtures
range from 100% world simulator data to 100% real-world data. We use a total of 100 training episodes for each policy and data mixture.
Performance among the policies trained on different data mixtures across different manipulation tasks is observed to be consistently high
with comparable task scores, suggesting that data generated by our world simulator is comparable in quality to real-world demonstrations.

mixtures of real-world data and world simulator-generated
data with constant 100-episode dataset sizes. Then we train
imitation learning policies with these data mixture ratios,
ranging from 100% world simulator data to 100% real data.
For each data point in MuJoCo, we evaluate the policy 100
times. For each data point in the real world, we evaluate the
policy 10 times. Then, we obtain Figure 5, which represents
task scores’ Bayesian posteriors under a uniform Beta prior
and the task scores we observe, following the practice of Large
Behavior Models (LBM) analysis [[15].

As shown in Figure [5] we observe consistent policy perfor-
mance across the entire spectrum of data mixtures. Our anal-
ysis con rms that policies trained on 100% world simulator
data achieve performance levels comparable to those trained
on 100% real world expert data. For DP, the average task
scores remain extremely stable, with a score of 87:9% using
100% simulator data compared to 90:3% using 100% real data.

Similarly, ACT demonstrates strong parity, achieving 76:2%
using simulator data versus 73:6% using real data. While g5
shows a general trend of improvement with increasing real
data, rising from 73:1% to 88:8%, it still achieves robust per-
formance among the variety of tasks and initial con gurations
evaluated across simulation and real environments. Notably,
policies trained on 100% world simulator data perform com-
parably to those trained on an equivalent volume of real-robot
expert data. This suggests that our simulator can generate data
with quality similar to that of real-world demonstrations.

In the second set of experiments, we investigate whether
the performance of imitation learning policies improves at a
similar rate as additional data are introduced from different
domains (real world vs. world simulator). We evaluate ACT
and DP trained on datasets of varying sizes, ranging from
5 to 100 episodes. For each dataset size, we construct two
training sets: one entirely from MuJoCo and one entirely






