Interactive World Simulator
for Robot Policy Training and Evaluation
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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 minutegorld-simulator data to 100% real-world data, we observe
at 15 FPS on a single RTX 4090 GPU. To achieve ef cientcomparable policy performance, indicating that simulator-
long-horizon prediction, we rst encode high-dimensional imgenerated data are of similar quality to real-world data. Finally,
ages into compact 2D latent representations and perform futwe evaluate policies both in the real world and in the world
prediction entirely in latent space. In the rst stage, we traisimulator across multiple tasks and training checkpoints, and
an autoencoder using a CNN encodér [9] and a consistenopserve a strong correlation between simulator and real-
model decoder[[10] to enable ef cient and high- delity re-world performance, demonstrating that our world simulator
construction. In the second stage, we freeze the autoencochar faithfully re ect relative policy performance.
and train an action-conditioned dynamics model using next-In summary, our main contributions are threefold: 1) we in-
frame supervision in latent space. We model latent dynamiceduce the Interactive World Simulator, an interactive action-
using consistency models, which are computationally ef ciemonditioned video prediction model that supports stable long-
and capable of representing the multimodal distribution @rizon rollouts for over 10 minutes at 15 FPS across compli-
possible future outcomes arising from robotic interactioated physical interactions involving rigid objects, deformable
During inference, we autoregressively shift a xed-lengtiobjects, object piles, and multi-object interactions; 2) using
context window to generate long-horizon video predictiorthis simulator, we enable scalable, high-quality data collection
conditioned on robot actions, as shown in Figure 2. for imitation learning without requiring access to physical
Our Interactive World Simulator enables two importantobots; and 3) we demonstrate through extensive experiments
robotic applications: 1) Scalable high-quality data gener-that policy performance in the world simulator strongly corre-
ation for imitation policy training. Imitation learning has lates with real-world performance, enabling reproducible and
demonstrated strong performance in robotic manipulation [1%ealable policy evaluation.
14], but existing approaches typically require large amounts of
real-robot data, which are expensive to collect and dif cult
to scale. Our world simulator provides a realistic interad®- Video Prediction Model for Robotic Manipulation
tive environment in which users can collect demonstration Video prediction models, or world models, have shown
data directly through interaction, enabling large-scale dadgni cant potential in robotics[[6] _17—46], serving critical
collection without access to physical robots and substamles in zero-shot planning [, 47], policy steering [4], eval-
tially reducing data collection cost. 2) Reproducible policyuation [5], and direct control. Frameworks like NovaFlow
evaluation within the Interactive World Simulator. Policy [47] and RIGVid [48] demonstrate the power of repurposing
evaluation is a longstanding challenge in robotics and is critidakrge-scale video generation to derive actionable 3D object
for algorithm iteration and checkpoint selection. As notedw and trajectories for manipulation without real-world
in [15], real-world evaluation is time-consuming and dif cultdemonstrations. Recent advancements such as the Large Video
to conduct in a controlled, apples-to-apples manner, whiéanner [1] further establish video as a primary modality
slows policy development and complicates fair comparisdar robot foundation models, enabling generative planning
between methods. In contrast, policy evaluation within oum pixel space. These models are also utilized for run-time
world simulator is scalable and reproducible, enabling ef ciergolicy steering. FOREWARN [4] uses an action-conditioned
and consistent comparison across policies. Because our madetld model alongside a Vision-Language model (VLM) to
is trained on real-world robot interaction data, it exhibitselect optimal plans. Additionally, Ctrl-World [7] and VEO
reduced domain gap and dynamics mismatch compared[5) leverage large-capacity video models for evaluation such
conventional simulators. as Stable Video Diffusion (SVD) [49] and VEO?2 [50] respec-
We conduct comprehensive experiments comparing atively, providing high- delity simulation of nominal and out-
action-conditioned video prediction model with state-of-thesf-distribution scenarios to assess safety and performance.
art baselines across a diverse set of tasks involving rigidHowever, existing video prediction models face signi cant
objects, deformable objects, articulated objects, object pilgsactical limitations. Many state-of-the-art architectures, in-
and their interactions, as shown in Fig[ife 1. Our model outpetuding closed-source models such as Sora [19] and open-
forms prior methods, including Cosmas [6], UVAI [8], DINO-source frameworks such as Diffusion Forcing [51] and the
WM [B], and Dreamer4[16], in terms of long-horizon predicDiffusion Forcing Transformer (DFoT) [52], are often not
tion realism, while maintaining interactive performance at explicitly conditioned on robot actions, which is essential
15 FPS on a single RTX 4090 GPU. for grounding models in physical interaction. Furthermore,
To study whether our world simulator can generate data wfany high-capacity diffusion-based models [6-8, 53, 54]
comparable quality to real-world demonstrations, we colleate not ef cient enough for real-time interaction, often re-
the same amount of expert data within the simulator undeuiring enterprise-level GPU clusters that are inaccessible
identical initial con gurations and data collection protocolsespecially to many academic labs. Finally, some of existing
We then train imitation policies, including Diffusion Policymodels [2, 3, 55] lack the robustness required for stable, long-
(DP), Action Chunking Transformer (ACT),0, and o5 [11- horizon prediction. In contrast to the aforementioned methods,
14], using different mixtures of real-world and simulatoreur Interactive World Simulator produces physically accurate
generated data. Across all mixture ratios, ranging from 100ptxel-level predictions, supports stable interactions for over
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Fig. 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 encodearti a consistency-model decoder,enabling ef cient and high- delity
reconstruction. In Stage 2, we freeze the autoencoder and train an action-conditioned consistency nioditieRt space to model future

visual dynamics using next-frame supervision. We choos@a& a consistency model because it ef ciently represents multimodal distributions

over possible future outcomes. The dynamics model learns to denoise noisy latent states conditioned on robot actions, past latents, and nois
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 byo@enerate long-horizon video predictions.

10 minutes at 15 FPS on a single consumer RTX 4090 GP8D-based evaluation methods, such as Physically Embodied
making it highly accessible. 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-
Imitation Learning (IL) has demonstrated remarkable resukigns for soft-body interactions, but often carries environmental
across a variety of robotic tasks through architectures such@%umptions such as tabletop con gurations. Although 2D-
Diffusion Policy [11], Action Chunking Transformer (ACT) pased evaluation systems like VEO [5] offer a more exi-
[12], o [13] and o5 [14] and many others [15, 56-61].ple approach, they are often closed-source and not readily
Generalist models like Octo [62] have pushed the boundariggailable for broad academic use. The research community
of what IL can achieve in unstructured environments. Dems also introduced various simulation benchmarks to enable
spite this progress, these methods remain dependent on higfstematic study. Traditional physics engines like MuJoCo
quality real-robot expert data, which are scarce, expensye], robosuite [73], and others [74, 75] provide foundational
to collect, and difcult to scale without constant access tenvironments for large-scale training and evaluation. We intro-
phySical hardware. Our framework addresses this bottlenqﬁ_lfce a framework that requires 0n|y paired 2D RGB images
by providing a system to build interactive world models usingnd actions, making it highly transferable and scalable across
a play-data interaction dataset. We demonstrate that imitatigijerse manipulation tasks. By ensuring a strong correlation
policies trained on data generated using our simulator perfoggtween performance in our simulator and the real world,
comparably to those trained on real-world data, enabliRge provide an open-source, accessible solution for all labs

researchers and enthusiasts alike to iterate and scale their ggtgonduct reproducible and accurate policy evaluation.
collection strategies without solely relying on physical robots.

B. Imitation Policy Training

IIl. METHOD

C. Imitation Policy Evaluation In this section, we rst describe our problem formulation
Reliable policy evaluation is a cornerstone of robotic Section I1I-A. We then elaborate on model training and

research [63-70], with real-world deployment serving agference in Section IlI-B. In Section III-C and Section II-D,

the gold standard for assessing performance. However, regé discuss how to use this model for scalable data generation

world evaluation is costly, time-consuming, and dif cult toand reproducible policy evaluation.

scale, making it impractical for frequent algorithm iteration, )

checkpoint selection, and fair comparison across methods. Problem Formulation

As a result, there has been growing interest in developingWe assume that the robotic interaction dataset D consists

scalable evaluation frameworks whose outcomes correlate wadll multiple episodes, each of which has the form E =

with real-world policy performance. Prior work has exploref(0 o; ao); (01;a1); :::; (07;ar)g, where @ 2 R3"W  is an

both 3D- and 2D-based approaches to address this challeri®@B image at time t and ais the action at time t. Our



goal is to build an action-conditioned video prediction modehe dynamics model F learns to predict the lower-noise last
6 = f(o¢nt1  ;antr ) that takes in N history obser- frame's latent given the action sequence and history context:
vations and predicts the next RGB framg ldy minimizing

ji6: 0 tji2, the difference from the ground truth observation. P.=F @ 6 siana ) ()
Figure 2 shows how we appended the noisy latent to history
B. Interactive World Simulator latents during inference time.

As shown in Figure 2, we train our action-conditioned We train F with a weighted regression loss in latent space:
video prediction model in two stages. In the rst stage, we 2 5)
s 2 !

train an autoencoder that can encode an image o into a
latent representation z and decode the latent representation t\(;\/e instantiate F as a stack of 3D convolutional [78] blocks
ith FILM modulation [79] and spatiotemporal attention to

reconstruct the input image. In the second stage, we fre%
y capture spatial temporal relations.

the encoder and decoder and train the action-conditio
dynamics model using next-frame supervision in latent SPaCeT, enable long-horizon action-conditioned prediction, one
ﬁ'nportant technique is injecting small noise to observation

Ldyn():E z o> s W( ) bs z

We elaborate on the different stages in the following sectio

.1) Stage 1. Aqtoencoder Tra_ining: Consistgncy models 3Bntexts so that the dynamics model Fs robust to noisy
W|dgly used for image generation 0,'“9 to Fhelr efciency anfoniexts. During the online inference, models' prediction will
quality .[10' 76, 77]. Theref_ore, We_ms_tant|ate the de_coder B8 used as context for later steps, which is inevitably noisy.
a consistency madel for hlgh-quahty Image generation. Dl’\"herefore, model's robustness towards noisy context is very
to instability of 1-step consistency model training, we a&ssential for stable long-horizon prediction.
inspired by Consistency Trajectory Model (CTM) for stable 3) |yterence: During inference time, we predict future

consistency model training [77]. _ frames autoregressively. Given initial image we rst obtain
To train the autoencoder and nd its parameters (; ),op Jatent 3 = E (0o). As illustrated by Figure 2, we attach
for each training image o, we rst obtain the 2D latenf ngjsy Jatent to history latents. Alongside action information,
representations z = E(0) 2 R®" "W °, where C is the g denoise the last-frame noisy latent into a clean one (i.e.,
latent channel. We then apply the same noise to 0 at W9 Then we attach the latest predicted latent to existing
different sampled scales; > s 0. context to get the new history context (e.gy; . By repeating
- Sy - . . this process, we are able to autoregressively predict latents.
X =N X =N s @ Note that we discard the old latent once the context length is
where N(; ) denotes the forward noising operator at noiséarger than a threshold so that the computation cost will not
scale . The decoder is trained to map the higher-noise inpiitcrease as horizon increases. Finally, the decodetaRes in

to the lower-noise target conditioned on z: newly predicted latents z and renders new images 6.
2_=D (X ¢ 2); o) C. Data Gene_ratlon for Po_hcy Training
S _ . Our Interactive World Simulator serves as a scalable sur-
by minimizing a weighted regression loss rogate for expert demonstration data collection, enabling the
h .

5 _ generation of high-quality synthetic demonstrations for imita-
Lae=Eo > . W )RR x K ; 3 tion policy training without requiring access to physical robots.

h . ise-d d iah bal | . Data collection is performed by initializing the simulator
where w() is a noise-dependent weight to balance learningiy, o, initial observation @ after which a human operator

across noise scales. Thg;, we obtam'an image-to-latent @fia o ots with the simulator by issuing control commands
coder E (o) and a con_dltlonal_ ge_neratlve decode_r (D_Z) through a teleoperation interface (e.g., keyboard input or
that can reconstruct high- delity images from noisy inputg,, cost kinematic devices). Given an action sequenge,a
with a small number O,f den0|.S|.ng steps. the simulator autoregressively generates the corresponding
2) Stage 2: Dynamics Training: After stage 1, we freezgpqeryation sequenca-p, producing full demonstration tra-
the autoencoder parameters (; ) and encode each frame . ories f(q;a,)gl, that mirror real robot interaction data.

into a latent z. Our goal in stage 2 is to lean an actionThe generated trajectories are directly compatible with stan-
conditioned latent dynamics model Fthat predicts future 5.4 imitation learning pipelines, including DP, ACT, and

latent frgmes given acpntext wipdow of past latents:z the -series models, without requiring any modi cation to
and actions &1 . Since consistency models can naturallyicy architectures or training procedures. This allows world
model the multimodal distribution of potential futures Wh'lesimulator-generated data to be seamlessly mixed with real-

being ef cient, we also model F as a consistency model. 614 demonstrations or used as a standalone training source.
Concretely, we treat the latent sequence as a spatiotemporal

tensor Z 2 RETH °W ° Similar to stage 1, we apply theD- Policy Evaluation

same noise to Z using two different sampled scalgsand Evaluating policies fairly is another longstanding chal-
t, where > 5 0. But the major difference from stage lenge in robotics. Performing real-world evaluation is time-
1 is that we only apply full noise to the last frame so thatonsuming and dif cult to scale, as each trial requires manual



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 ne-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 delity

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 World Model Instantiation

the initial object con guration. Our Interactive World Simu- . ] o

lator enables scalable policy evaluation by allowing policies We Set up one simulation task within- MuJoCo [72]
to interact directly with the simulated environment: the worl@nd six real-world tasks, “including Mug Grasping,
model takes policy actions and predicts future frames, whifgoPe Routing, Rope Collecting, T Pushing, Box

the policy consumes the predicted frames to generate sug3acking, and Pile Sweeping, which involve rigid ob-

quent actions, mirroring real-world interaction. Compared #§CtS, deformable objects, object piles, articulated objects, and
physical experiments, interacting within the world simulatdf€ intéractions among them. We performed all tasks using the
enables controllable initial con gurations, faster experimertLOHA Bimanual Robot [12]. In simulation, we instantiate
resets, and safer large-scale evaluation. In the experimef@ T Pushing task similarly to its real-world counterpart,

section, we study whether policy performance in the worf@® Shown in Figure 1. We use a scripted policy to generate
simulator faithfully predicts performance in the real world. 10,000 episodes of random interactions to ensure suf cient

data coverage. In the real world, we collect about 600 episodes
of play data for each task, with each episode consisting of 200
IV. EXPERIMENT steps. Real-world data collection for each task takes around
six hours for a single person, which is a manageable scale for

In this section, we aim to study three questions: 1) HofpoSt research labs.

does our Interactive World Simulator perform compared to To make tasks interactive, we constrain part of the tasks'
state-of-the-art world models in terms of realism, speed, aggtion space. For example, we limit motion of robot effector
robustness? (Section IV-B) 2) Can our Interactive Worltp bimanual plane motion for T pushing task. Additionally,
Simulator generate data with quality similar to real data f&ur default image resolution is 128 128, which is suf cient
imitation learning? (Section IV-C) 3) Can our Interactivdor most of tasks.

World Simulator's policy evaluation faithfully represent real- Our model is lightweight. For example, the model for mug
world policy performance? (Section IV-D) 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 IV-A. We com-
pare against representative state-of-the-art baselines, including
Cosmos [6], UVA [8], Dreamer4 [16], 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 fokig. 4: Teleoperation Interface for Real-Time Interaction with
lowed their default training parameters. We followed the UVAhe World Simulator. We build a kinematic teleoperation device
training scripts to start the training from a pretrained VABhat allows users to control robot actions through the Interactive

and another pretrained MAR model [80]. Cosmos providé’gorld Simulator. The left column shows a user issuing commands

uidelines on netuning the Cosmos model. Therefore Wth_rough the te_Ie_operatlon device (e.g., moving forward, opening the
g ) ’ éenpper, and lifting the end-effector). The right columns show the
converted our data to the Cosmos data format and followggresponding frames generated by the world simulator in real time.

the default Cosmos netuning settings. The simulator follows the teleoperation commands and produces
Quantitative results in Table | show that the proposegPnsistent robot—object interactions.
method consistently outperforms prior methods across metrics,
indicating improved visual delity and long-horizon temporal For fajir and consistent policy evaluation, we de ne the
consistency. Table | aggregates results across all tasks, and#8R score for each task as follows across the whole paper,
full result for each task is attached in the appendix. including Section IV-D: (1) T pushing: maximum intersection-
Qualitative comparisons in Figure 3 further reveal differemjver-union between the T block's current pose and its target
failure patterns of baseline methods such as robot pose diigse achieved within 600 steps; (2) Rope routing: number of
inaccurate object dynamics, missing details, or severe artifagfiys through which the rope is inserted within 200 steps;
over long rollouts, whereas the proposed model maintaif®) Mug grasping: one point for grasping the mug and one
physically plausible interactions and stable predictions. [ibint for placing it on the plate within 200 steps; (4) Pile
addition, the Interactive World Simulator achieves Signi Cantlﬁweeping: number of p||e pieces swept into the tray within 200
higher inference ef ciency, running at up to 15 FPS on gteps. The rollout horizons for each task were chosen based
single GPU, enabling interactive long-horizon prediction thajn the average length of the expert demonstrations collected

is impractical for many diffusion-based baselines. Our modgJr the task plus some extra buffer of 100 steps to allow the
could also infer stably for more than 10 minutes at 15 FPBglicy rollout additional time to converge.

and more videos can be found on our project website. The user could use keyboard or kinematic devices to interact

with the world simulator to collect expert demonstration
data. Figure 4 showcases the teleoperation experiences using
To evaluate whether our world simulator can serve &gematic devices. On the left, it shows the process of a user
a scalable data generator, we investigate whether synthé@trolling the teleoperation device and pretending to grasp the
demonstrations provide similar quality to real-world robot dat&ug. The right process happens entirely in the world simulator
for training imitation policies. We consider ve manipulationand is very close to the real-world rendering. But in fact, there
tasks: T pushing in MuJoCo, T pushing in the real worldire no mugs or plates on the table. This example showcases
and three additional real-world tasks, pile sweeping, mdfe immersive experience of the world simulator interaction,
grasping, and rope routing. We benchmark four imitatiodllowing the user to collect high-quality expert demonstration
learning policies: DP, ACT, ¢, and o:5. For each task, we usedata for training imitation learning policies.
exactly 100 demonstration episodes to train imitation policies, To evaluate the quality of the simulator's data, we conduct
regardless of the data source. two experiments. First, we construct training sets using varying

C. Data Generation for Policy Training



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 0.060
FID # 63.50 13.78 200.77 79.02 142.55 49.43 239.97 45.75 200.74 31.53
PSNR " 2582 2.72 17.79 2.84 17.87 2.21 20.81 2.21 1891 1.73
SSIM " 0.831 0.039 0.652 0.059 0.650 0.059 0.693 0.045 0.647 0.040
ulQl " 0.960 0.019 0.875 0.029 0.884 0.025 0.919 0.024 0.883 0.029

FVD # 243.20 103.58 1752.57 805.56 2213.29 525.48 1747.26 248.08 799.34 220.07

TABLE [: 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 i
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.

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-generate8imilarly, ACT demonstrates strong parity, achieving 76:2%
data with constant 100-episode dataset sizes. Then we tnaging simulator data versus 73:6% using real data. While
imitation learning policies with these data mixture ratioshows a general trend of improvement with increasing real
ranging from 100% world simulator data to 100% real dataata, rising from 73:1% to 88:8%, it still achieves robust per-
For each data point in MuJoCo, we evaluate the policy 1@6rmance among the variety of tasks and initial con gurations
times. For each data point in the real world, we evaluate tlegaluated across simulation and real environments. Notably,
policy 10 times. Then, we obtain Figure 5, which represenpelicies trained on 100% world simulator data perform com-
task scores' Bayesian posteriors under a uniform Beta priparably to those trained on an equivalent volume of real-robot
and the task scores we observe, following the practice of Largepert data. This suggests that our simulator can generate data
Behavior Models (LBM) analysis [15]. with quality similar to that of real-world demonstrations.

As shown in Figure 5, we observe consistent policy perfor- In the second set of experiments, we investigate whether
mance across the entire spectrum of data mixtures. Our arthe performance of imitation learning policies improves at a
ysis con rms that policies trained on 100% world simulatosimilar rate as additional data are introduced from different
data achieve performance levels comparable to those traimanains (real world vs. world simulator). We evaluate ACT
on 100% real world expert data. For DP, the average tagkd DP trained on datasets of varying sizes, ranging from
scores remain extremely stable, with a score of 87:9% usifgto 100 episodes. For each dataset size, we construct two
100% simulator data compared to 90:3% using 100% real dataining sets: one entirely from MuJoCo and one entirely
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