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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
referred to as world models) have shown strong potential for
robotics applications, but existing approaches are often slow
and struggle to capture physically consistent interactions over
long horizons, limiting their usefulness for scalable robot policy
training and evaluation. We present Interactive World Simulator,
a framework for building interactive world models from a
moderate-sized robot interaction dataset. Our approach leverages
consistency models for both image decoding and latent-space
dynamics prediction, enabling fast and stable simulation of
physical interactions. In our experiments, the learned world
models produce interaction-consistent pixel-level predictions and
support stable long-horizon interactions for more than 10 minutes
at 15 FPS on a single RTX 4090 GPU. Our framework enables
scalable demonstration collection solely within the world models
to train state-of-the-art imitation policies. Through extensive real-
world evaluation across diverse tasks involving rigid objects,
deformable objects, object piles, and their interactions, we find
that policies trained on world-model-generated data perform
comparably to those trained on the same amount of real-
world data. Additionally, we evaluate policies both within the
world models and in the real world across diverse tasks, and
observe a strong correlation between simulated and real-world

performance. Together, these results establish the Interactive
World Simulator as a stable and physically consistent surrogate
for scalable robotic data generation and faithful, reproducible
policy evaluation.

I. INTRODUCTION

Video prediction models have shown promising results for
robotic manipulation, including planning [[1], control [2, 3],
policy steering [4], and policy evaluation [5]. However, ex-
isting action-conditioned video prediction models are either
computationally expensive, due to heavy neural networks and
multi-step diffusion processes [6H8]], or unstable over long-
horizon rollouts due to accumulated prediction errors [2} [3].
As a result, faithful long-horizon action-conditioned video
prediction of complex physical interactions remains challeng-
ing for state-of-the-art models, limiting their applicability
to scalable policy training data generation and reproducible
policy evaluation.

In this work, we introduce Interactive World Simulator
(Figure [T, an action-conditioned video prediction model that
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supports stable, interactive rollouts for more than 10 minutes
at 15 FPS on a single RTX 4090 GPU. To achieve efficient
long-horizon prediction, we first encode high-dimensional im-
ages into compact 2D latent representations and perform future
prediction entirely in latent space. In the first stage, we train
an autoencoder using a CNN encoder [9]] and a consistency-
model decoder [10] to enable efficient and high-fidelity re-
construction. In the second stage, we freeze the autoencoder
and train an action-conditioned dynamics model using next-
frame supervision in latent space. We model latent dynamics
using consistency models, which are computationally efficient
and capable of representing the multimodal distribution of
possible future outcomes arising from robotic interaction.
During inference, we autoregressively shift a fixed-length
context window to generate long-horizon video predictions
conditioned on robot actions, as shown in Figure

Our Interactive World Simulator enables two important
robotic applications: 1) Scalable high-quality data gener-
ation for imitation policy training. Imitation learning has
demonstrated strong performance in robotic manipulation [ 11+
14]], but existing approaches typically require large amounts of
real-robot data, which are expensive to collect and difficult
to scale. Our world simulator provides a realistic interac-
tive environment in which users can collect demonstration
data directly through interaction, enabling large-scale data
collection without access to physical robots and substan-
tially reducing data collection cost. 2) Reproducible policy
evaluation within the Interactive World Simulator. Policy
evaluation is a longstanding challenge in robotics and is critical
for algorithm iteration and checkpoint selection. As noted
in [15]], real-world evaluation is time-consuming and difficult
to conduct in a controlled, apples-to-apples manner, which
slows policy development and complicates fair comparison
between methods. In contrast, policy evaluation within our
world simulator is scalable and reproducible, enabling efficient
and consistent comparison across policies. Because our model
is trained on real-world robot interaction data, it exhibits
reduced domain gap and dynamics mismatch compared to
conventional simulators.

We conduct comprehensive experiments comparing our
action-conditioned video prediction model with state-of-the-
art baselines across a diverse set of tasks involving rigid
objects, deformable objects, articulated objects, object piles,
and their interactions, as shown in Figure[I] Our model outper-
forms prior methods, including Cosmos [6]], UVA [§]], DINO-
WM [3]], and Dreamer4 [16], in terms of long-horizon predic-
tion realism, while maintaining interactive performance at
15 FPS on a single RTX 4090 GPU.

To study whether our world simulator can generate data of
comparable quality to real-world demonstrations, we collect
the same amount of expert data within the simulator under
identical initial configurations and data collection protocols.
We then train imitation policies, including Diffusion Policy
(DP), Action Chunking Transformer (ACT), 7o, and mq 5 [11-
14], using different mixtures of real-world and simulator-
generated data. Across all mixture ratios, ranging from 100%

world-simulator data to 100% real-world data, we observe
comparable policy performance, indicating that simulator-
generated data are of similar quality to real-world data. Finally,
we evaluate policies both in the real world and in the world
simulator across multiple tasks and training checkpoints, and
observe a strong correlation between simulator and real-
world performance, demonstrating that our world simulator
can faithfully reflect relative policy performance.

In summary, our main contributions are threefold: 1) we in-
troduce the Interactive World Simulator, an interactive action-
conditioned video prediction model that supports stable long-
horizon rollouts for over 10 minutes at 15 FPS across compli-
cated physical interactions involving rigid objects, deformable
objects, object piles, and multi-object interactions; 2) using
this simulator, we enable scalable, high-quality data collection
for imitation learning without requiring access to physical
robots; and 3) we demonstrate through extensive experiments
that policy performance in the world simulator strongly corre-
lates with real-world performance, enabling reproducible and
scalable policy evaluation.

II. RELATED WORKS
A. Video Prediction Model for Robotic Manipulation

Video prediction models, or world models, have shown
significant potential in robotics [6, [17-H46], serving critical
roles in zero-shot planning [1} 47], policy steering [4]], eval-
uation [5]], and direct control. Frameworks like NovaFlow
[47] and RIGVid [48] demonstrate the power of repurposing
large-scale video generation to derive actionable 3D object
flow and trajectories for manipulation without real-world
demonstrations. Recent advancements such as the Large Video
Planner [1]] further establish video as a primary modality
for robot foundation models, enabling generative planning
in pixel space. These models are also utilized for run-time
policy steering. FOREWARN [4]] uses an action-conditioned
world model alongside a Vision-Language model (VLM) to
select optimal plans. Additionally, Ctrl-World [7]] and VEO
[5] leverage large-capacity video models for evaluation such
as Stable Video Diffusion (SVD) [49] and VEO2 [50] respec-
tively, providing high-fidelity simulation of nominal and out-
of-distribution scenarios to assess safety and performance.

However, existing video prediction models face significant
practical limitations. Many state-of-the-art architectures, in-
cluding closed-source models such as Sora [19] and open-
source frameworks such as Diffusion Forcing [51] and the
Diffusion Forcing Transformer (DFoT) [52], are often not
explicitly conditioned on robot actions, which is essential
for grounding models in physical interaction. Furthermore,
many high-capacity diffusion-based models [6-8] 53 [54]]
are not efficient enough for real-time interaction, often re-
quiring enterprise-level GPU clusters that are inaccessible
especially to many academic labs. Finally, some of existing
models [2} 3} 155] lack the robustness required for stable, long-
horizon prediction. In contrast to the aforementioned methods,
our Interactive World Simulator produces physically accurate
pixel-level predictions, supports stable interactions for over
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2: Method Overview. Model training proceeds in two stages. In Stage 1, we train an autoencoder that maps RGB observations

into compact 2D latent representations using a CNN encoder E; and a consistency-model decoder Dy, enabling efficient and high-fidelity
reconstruction. In Stage 2, we freeze the autoencoder and train an action-conditioned consistency model F, in latent space to model future
visual dynamics using next-frame supervision. We choose F7, as a consistency model because it efficiently represents multimodal distributions
over possible future outcomes. The dynamics model learns to denoise noisy latent states conditioned on robot actions, past latents, and noise
levels, and is instantiated as a stack of 3D convolutional blocks with FILM modulation and spatiotemporal attention. During inference, F
autoregressively predicts future latents, which are decoded by Dy to generate long-horizon video predictions.

10 minutes at 15 FPS on a single consumer RTX 4090 GPU,
making it highly accessible.

B. Imitation Policy Training

Imitation Learning (IL) has demonstrated remarkable results
across a variety of robotic tasks through architectures such as
Diffusion Policy [I1]], Action Chunking Transformer (ACT)
[12], = and o5 [14] and many others [15, 56H61].
Generalist models like Octo [62] have pushed the boundaries
of what IL can achieve in unstructured environments. De-
spite this progress, these methods remain dependent on high-
quality real-robot expert data, which are scarce, expensive
to collect, and difficult to scale without constant access to
physical hardware. Our framework addresses this bottleneck
by providing a system to build interactive world models using
a play-data interaction dataset. We demonstrate that imitation
policies trained on data generated using our simulator perform
comparably to those trained on real-world data, enabling
researchers and enthusiasts alike to iterate and scale their data
collection strategies without solely relying on physical robots.

C. Imitation Policy Evaluation

Reliable policy evaluation is a cornerstone of robotics
research [63H70], with real-world deployment serving as
the gold standard for assessing performance. However, real-
world evaluation is costly, time-consuming, and difficult to
scale, making it impractical for frequent algorithm iteration,
checkpoint selection, and fair comparison across methods.
As a result, there has been growing interest in developing
scalable evaluation frameworks whose outcomes correlate well
with real-world policy performance. Prior work has explored
both 3D- and 2D-based approaches to address this challenge.

3D-based evaluation methods, such as Physically Embodied
Gaussian Splatting (PEGASUS) [71]], integrate geometry and
physics to create digital twins for real-time interaction. Simi-
larly, Real-to-Sim Eval [61]] focuses on structured representa-
tions for soft-body interactions, but often carries environmental
assumptions such as tabletop configurations. Although 2D-
based evaluation systems like VEO [3] offer a more flexi-
ble approach, they are often closed-source and not readily
available for broad academic use. The research community
has also introduced various simulation benchmarks to enable
systematic study. Traditional physics engines like MuJoCo
[72]], robosuite [[73], and others [73]] provide foundational
environments for large-scale training and evaluation. We intro-
duce a framework that requires only paired 2D RGB images
and actions, making it highly transferable and scalable across
diverse manipulation tasks. By ensuring a strong correlation
between performance in our simulator and the real world,
we provide an open-source, accessible solution for all labs
to conduct reproducible and accurate policy evaluation.

IIT. METHOD

In this section, we first describe our problem formulation
in Section [[II-A] We then elaborate on model training and
inference in Section [[I[=B} In Section [[TI=C] and Section [[TI-D}
we discuss how to use this model for scalable data generation
and reproducible policy evaluation.

A. Problem Formulation

We assume that the robotic interaction dataset D consists
of multiple episodes, each of which has the form & =
{(00,a0), (01,a1), ..., (or,ar)}, where o, € R¥>*H*W jg an
RGB image at time ¢ and a; is the action at time ¢. Our



goal is to build an action-conditioned video prediction model
0t = f(0t—N:.t—1,ai—nN:+—1) that takes in N history obser-
vations and predicts the next RGB frame o0; by minimizing
[|6+ — 0t]|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 first 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 efficiency 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 find its parameters (¢,0),
for each training image o, we first obtain the 2D latent
representations z = Ey(0) € REXHXW' where C is the
latent channel. We then apply the same noise to o at two
different sampled scales o, > o5 > 0.

Ty, = N(0;04), z,, = N(o;05), (D)

where N (-; o) denotes the forward noising operator at noise
scale 0. The decoder is trained to map the higher-noise input
to the lower-noise target conditioned on z:

‘i‘O'S :DQ(IO-‘;O},O'S,Z), (2)

by minimizing a weighted regression loss

Lag = Eoooo, [0(00) 0, =20, 3], )
where w(o) is a noise-dependent weight to balance learning
across noise scales. Thus, we obtain an image-to-latent en-
coder Ey(o) and a conditional generative decoder Djy(-; z)
that can reconstruct high-fidelity 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 o;
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;_ n.+—1
and actions a;_n.¢+—1. Since consistency models can naturally
model the multimodal distribution of potential futures while
being efficient, we also model F; as a consistency model.

Concretely, we treat the latent sequence as a spatiotemporal
tensor Z € ROXT*H'>W' Gimilar to stage 1, we apply the
same noise to Z using two different sampled scales o, and
o, where o, > o, > 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:

Zos = Fy(Zsy; 04,04, 04—N:p—1) - “)

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
} )
2

We instantiate I, 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 Fy 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 oy, we first obtain
2D latent zg = Ey(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.,
z1). Then we attach the latest predicted latent to existing
context to get the new history context (e.g., 2.1). 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 Dy takes in
newly predicted latents z and renders new images o.

ﬁdyn(w) =Ez 0,50, {w(gt) HZJS — Zo,

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 oy, 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.r,
the simulator autoregressively generates the corresponding
observation sequence o1.7, producing full demonstration tra-
jectories {(os,a;)}1_, that mirror real robot interaction data.
The generated trajectories are directly compatible with stan-
dard imitation learning pipelines, including DP, ACT, and
the m-series models, without requiring any modification 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 difficult to scale, as each trial requires manual
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Fig. 3: Qualitative Comparison of Long-Horizon Action-Conditioned Video Prediction. We compare the proposed Interactive World
Simulator with state-of-the-art action-conditioned video prediction models across multiple manipulation tasks. (a) Intermediate predicted
frames for the Pile Sweeping task illustrate long-horizon rollout behavior, where baseline methods exhibit inaccurate dynamics, robot
pose drift, accumulated artifacts, or loss of fine-grained details over time. (b) Terminal predicted frames for additional tasks, including
Box Packing, Rope Routing, T Pushing, Rope Collecting, and Mug Grasping, highlight differences in visual fidelity
and interaction consistency. In contrast to baseline methods, our model preserves coherent robot—object interactions and maintains stable

predictions over extended horizons.

resets and careful control of experimental conditions such as
the initial object configuration. Our Interactive World Simu-
lator enables scalable policy evaluation by allowing policies
to interact directly with the simulated environment: the world
model takes policy actions and predicts future frames, while
the policy consumes the predicted frames to generate subse-
quent actions, mirroring real-world interaction. Compared to
physical experiments, interacting within the world simulator
enables controllable initial configurations, faster experiment
resets, and safer large-scale evaluation. In the experiments
section, we study whether policy performance in the world
simulator faithfully predicts performance in the real world.

IV. EXPERIMENT

In this section, we aim to study three questions: 1) How
does our Interactive World Simulator perform compared to
state-of-the-art world models in terms of realism, speed, and
robustness? (Section 2) Can our Interactive World
Simulator generate data with quality similar to real data for
imitation learning? (Section |IV_T|) 3) Can our Interactive
World Simulator’s policy evaluation faithfully represent real-
world policy performance? (Section [[V-D)

A. World Model Instantiation

We set up one simulation task within MuJoCo [72]
and six real-world tasks, including Mug Grasping,
Rope Routing, Rope Collecting, T Pushing, Box
Packing, and Pile Sweeping, which involve rigid ob-
jects, deformable objects, object piles, articulated objects, and
the interactions among them. We performed all tasks using the
ALOHA Bimanual Robot [12]]. In simulation, we instantiate
the T pushing task similarly to its real-world counterpart,
as shown in Figure [l We use a scripted policy to generate
10,000 episodes of random interactions to ensure sufficient
data coverage. In the real world, we collect about 600 episodes
of play data for each task, with each episode consisting of 200
steps. Real-world data collection for each task takes around
six hours for a single person, which is a manageable scale for
most research labs.

To make tasks interactive, we constrain part of the tasks’
action space. For example, we limit motion of robot effector
to bimanual plane motion for T pushing task. Additionally,
our default image resolution is 128 x 128, which is sufficient
for most of tasks.

Our model is lightweight. For example, the model for mug
grasping task’s size is 176.02 MB, making it easy to train



and infer and keeps it very accessible for the broader research
community. For stage 1 training, it usually takes around 6
hours on one H200 GPU, and around 12 hours for stage 2
training on one H200 GPU.

B. Video Baseline Comparisons

To evaluate the video prediction performance of the
proposed Interactive World Simulator against prior action-
conditioned world models, we conduct long-horizon action-
conditioned video prediction comparisons across all six real
tasks and one simulation task listed in Section [V-Al We com-
pare against representative state-of-the-art baselines, including
Cosmos [6], UVA [8], Dreamer4 [16l], and DINO-WM [3]],
under identical initial conditions and rollout horizons (192
steps or 19.2 seconds). Prediction quality is assessed using
standard reconstruction, perceptual, and temporal metrics such
as MSE, PSNR, and FVD, computed between predicted and
ground-truth video rollouts.

For baseline training, we follow the default settings in
DINO-WM and Dreamer4 to train from scratch. We chose
the community implementation version of Dreamer4 and fol-
lowed their default training parameters. We followed the UVA
training scripts to start the training from a pretrained VAE
and another pretrained MAR model [80]. Cosmos provides
guidelines on finetuning the Cosmos model. Therefore, we
converted our data to the Cosmos data format and followed
the default Cosmos finetuning settings.

Quantitative results in Table [] show that the proposed
method consistently outperforms prior methods across metrics,
indicating improved visual fidelity and long-horizon temporal
consistency. Table [ aggregates results across all tasks, and the
full result for each task is attached in the appendix.

Qualitative comparisons in Figure [3] further reveal different
failure patterns of baseline methods such as robot pose drift,
inaccurate object dynamics, missing details, or severe artifacts
over long rollouts, whereas the proposed model maintains
physically plausible interactions and stable predictions. In
addition, the Interactive World Simulator achieves significantly
higher inference efficiency, running at up to 15 FPS on a
single GPU, enabling interactive long-horizon prediction that
is impractical for many diffusion-based baselines. Our model
could also infer stably for more than 10 minutes at 15 FPS,
and more videos can be found on our project website.

C. Data Generation for Policy Training

To evaluate whether our world simulator can serve as
a scalable data generator, we investigate whether synthetic
demonstrations provide similar quality to real-world robot data
for training imitation policies. We consider five manipulation
tasks: T pushing in MuJoCo, T pushing in the real world,
and three additional real-world tasks, pile sweeping, mug
grasping, and rope routing. We benchmark four imitation
learning policies: DP, ACT, 7, and 7 5. For each task, we use
exactly 100 demonstration episodes to train imitation policies,
regardless of the data source.

Real-Time World Simulator Interaction

Teleoperation Device

Fig. 4: Teleoperation Interface for Real-Time Interaction with
the World Simulator. We build a kinematic teleoperation device
that allows users to control robot actions through the Interactive
World Simulator. The left column shows a user issuing commands
through the teleoperation device (e.g., moving forward, opening the
gripper, and lifting the end-effector). The right columns show the
corresponding frames generated by the world simulator in real time.
The simulator follows the teleoperation commands and produces
consistent robot—object interactions.

For fair and consistent policy evaluation, we define the
task score for each task as follows across the whole paper,
including Section (1) T pushing: maximum intersection-
over-union between the T block’s current pose and its target
pose achieved within 600 steps; (2) Rope routing: number of
clips through which the rope is inserted within 200 steps;
(3) Mug grasping: one point for grasping the mug and one
point for placing it on the plate within 200 steps; (4) Pile
sweeping: number of pile pieces swept into the tray within 200
steps. The rollout horizons for each task were chosen based
on the average length of the expert demonstrations collected
for the task plus some extra buffer of 100 steps to allow the
policy rollout additional time to converge.

The user could use keyboard or kinematic devices to interact
with the world simulator to collect expert demonstration
data. Figure [] showcases the teleoperation experiences using
kinematic devices. On the left, it shows the process of a user
controlling the teleoperation device and pretending to grasp the
mug. The right process happens entirely in the world simulator
and is very close to the real-world rendering. But in fact, there
are no mugs or plates on the table. This example showcases
the immersive experience of the world simulator interaction,
allowing the user to collect high-quality expert demonstration
data for training imitation learning policies.

To evaluate the quality of the simulator’s data, we conduct
two experiments. First, we construct training sets using varying



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 £ 0.093 0.272 £+ 0.077 0.163 £ 0.052 0.224 4+ 0.060
FID | 63.50 + 13.78 200.77 + 79.02 142.55 + 49.43 239.97 4+ 45.75 200.74 + 31.53
PSNR 1 25.82 + 2.72 17.79 &+ 2.84 17.87 £ 2.21 20.81 4+ 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 £ 0.029 0.884 £ 0.025 0.919 £ 0.024 0.883 4+ 0.029
FVD | 243.20 + 103.58 1752.57 £ 805.56 2213.29 + 52548 1747.26 + 248.08  799.34 + 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 fidelity, interaction
consistency, and long-horizon stability, while maintaining efficient 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 confirms 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 7 5
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 configurations
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
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Fig. 6: Effect of Data Scaling on Policy Performance. We compare
the performance of ACT and DP trained on datasets of varying
sizes, ranging from 5 to 100 expert demonstration episodes. For each
dataset size, policies are trained using either 100% MuJoCo data or
100% data generated from our world simulator. Policy performance
improves consistently as the number of demonstrations increases
across both data sources, suggesting that the scaling behavior of
policy training is similar when using world simulator data.

from our world simulator. All policies are evaluated over 100
random trials. As shown in Figure [6] both policies exhibit
consistent performance improvements as the training set size
increases. Notably, data generated by our world simulator yield
performance competitive with the MuJoCo baselines across
all dataset sizes. In the low-data regime, policies trained on
world simulator data successfully capture the task structure,
matching the success rate of MuJoCo-trained policies. As
the dataset scales to 100 episodes, the performance remains
comparable. These results suggest that the scaling behavior
of robotic policy training holds similarly within our world
simulator, validating it as an effective tool for scalable data
generation.

D. Sim-to-Real Correlation for Faithful Policy Evaluation

We investigate whether our world simulator can serve as a
proxy for real-world policy evaluation and faithfully represent
real-world performance. For this to hold, policy performance
in the world simulator must be positively correlated with
performance in the real world under identical initial conditions.

We train four imitation policies, DP, ACT, 7y, and 7.5,
on real-world data and evaluate the final and intermediate
checkpoints of the policies on four manipulation tasks: T
pushing, rope routing, mug grasping, and pile sweeping. For
each task, we sample 20 initial configurations from the world
simulator’s training distribution and deploy each policy in both
the world simulator and the real world.

Figure [7] shows the normalized scores averaged over the 20
configurations, with the x-axis representing real-world perfor-
mance and the y-axis representing the world simulator per-
formance. The error bars indicate Clopper-Pearson confidence
intervals. Across all four tasks, we observe strong positive
correlations between simulator and real-world performance.
For tasks other than T pushing, the fitted lines exhibit a
slight positive bias, indicating that policies tend to achieve

T Pushing

Rope Routing

00 02 04 06 08 10 00 02 04 06 08 10
Mug Grasping

Pile Sweeping

r=0.9908

00 02 04 06 08 10 00 02 04 06 08 1.0
Task Scores- Real

Fig. 7: Correlation Between Policy Performance in Our World
Simulator and the Real World. Real-world task performance of
imitation policies is plotted against their corresponding performance
in our world simulator across multiple manipulation tasks. Each point
corresponds to a trained policy evaluated under identical settings
in both environments. Strong positive correlations are observed,
indicating that evaluation within our world simulator closely reflects
relative policy performance in the real world.

slightly higher scores in the world simulator than in the real
world. Despite the sim-to-real gap, this bias does not diminish
the simulator’s utility: if one policy substantially outperforms
another in the world simulator, our results suggest that it is
likely to do so in the real world as well. This property is
useful in practice: one can rely on the world simulator to
select high-quality candidate policies without the need for
real-world experiments, thus reducing development cost and
iteration cycles.

V. CONCLUSION

While action-conditioned video prediction shows great po-
tential for robotics, existing approaches are often either too
slow for interactive use or brittle under long-horizon inference.
In this work, we introduced the Interactive World Simulator,
an action-conditioned video world model that supports long-
horizon, stable, and physically consistent robot interactions.
The simulator enables efficient video prediction for over 10
minutes of continuous interaction at 15 FPS while maintaining
high-quality pixel-level predictions. Our approach addresses
key limitations of prior world models for robotics, improving
both stability and computational efficiency.

Our experiments demonstrate the dual utility of the sim-
ulator as a scalable engine for both policy training and
evaluation. We show that imitation policies trained exclusively



on simulator-generated data perform comparably to those
trained on real-world expert demonstrations. Furthermore, we
observe strong correlations between policy performance in the
simulator and in the real world across several tasks, validating
the Interactive World Simulator as a reliable surrogate for
policy training and evaluation.

Looking forward, we plan to extend this framework to more
diverse environments and increasingly complex manipulation
tasks, further unlocking the potential of large-scale robotic
data. An important direction for future work is to study
how the performance of world models scales with increas-
ing amounts of interaction data and computational resources.
Understanding these scaling behaviors could guide the design
of larger and more capable world models for robotics.
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