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Abstract

World models allow autonomous agents to plan and explore
by predicting the visual outcomes of different actions. How-
ever, for robot manipulation, it is challenging to accurately
model the fine-grained robot-object interaction within the
visual space using existing methods which overlooks pre-
cise alignment between each action and the corresponding
frame. In this paper, we present IRASim, a novel world
model capable of generating videos with fine-grained robot-
object interaction details, conditioned on historical obser-
vations and robot action trajectories. We train a diffu-
sion transformer and introduce a novel frame-level action-
conditioning module within each transformer block to ex-
plicitly model and strengthen the action-frame alignment.
Extensive experiments show that: (1) the quality of the videos
generated by our method surpasses all the baseline meth-
ods and scales effectively with increased model size and
computation; (2) policy evaluations using IRASim exhibit
a strong correlation with those using the ground-truth sim-
ulator, highlighting its potential to accelerate real-world
policy evaluation, (3) testing-time scaling through model-
based planning with IRASim significantly enhances policy
performance, as evidenced by an improvement in the loU
metric on the Push-T benchmark from 0.637 to 0.961; (4)
IRASim provides flexible action controllability, allowing vir-
tual robotic arms in datasets to be controlled via a key-
board or VR controller. Video and code are available at
https://gen—irasim.github.io/.

1. Introduction

World models empower agents to foresee the outcomes of
their actions by learning the fundamental dynamics of the
world [1, 54]. This capability offers two key applications
for robot manipulation. Firstly, it allows robots to improve
autonomous policies by exploring various action proposals
in the model and selecting the optimal one for executing.
Secondly, world models offer the potential for scalable pol-
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Figure 1. Overview of IRASim. IRASim is a fine-grained world
model for robot manipulation. It generates high-fidelity videos that
simulate accurate robot-object interactions of a robot executes an
action trajectory, given historical observation.

icy evaluation — they can generate realistic and reasonable
physical interactions, providing an efficient alternative to
real-world evaluation [32].

When training a world model for robot manipulation, ac-
curately simulating the intricate interactions between the
robot, objects, and the surrounding environment remains a
substantial challenge. Manipulation tasks are inherently del-
icate, where even subtle variations can result in task failure.
Consequently, constructing a fine-grained world model is
essential for faithfully capturing these precise interactions.
Moreover, modern robotic manipulation policy leverages an
action chunking technique [9, 57] which generates action
trajectories rather than single actions to accomplish complex
manipulation tasks. In this paper, we focus on building a
world model that generates videos, with fine-grained robot-
object interaction details, of a robot executing an action
trajectory given historical observation (Fig. 1). We refer to
this task as the trajectory-to-video task. Inspired by recent
advances in text-to-video generation [0, 59], we leverage
generative models to capture visual details that are essential
for representing the intricate dynamics of the world (e.g.,
robot-object contact and object articulation). However, text-
to-video models are trained to generate videos based on
high-level textual descriptions that provide general contex-
tual cues rather than detailed, frame-level instructions. This
is different from the trajectory-to-video task in which each
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action in the trajectory provides an exact description of the
robot’s movement in each frame of the predicted video.

To bridge this gap, we introduce IRASim, a new world
model trained with a diffusion transformer to capture com-
plex environment dynamics. We incorporate a novel frame-
level action-conditioning module within each transformer
block, explicitly modeling and strengthening the alignment
between each action and the corresponding frame. IRASim
can generate high-fidelity videos to simulate fine-grained
robot-object interactions, as shown in Fig. 1. To generate a
long-horizon video that completes an entire task, IRASim
can be rolled out in an autoregressive manner and maintain
temporal consistency across each generated video clip.

We perform extensive experiments on four tasks to vali-
date the effectiveness of the proposed method: 1) trajectory-
conditioned video generation, 2) policy evaluation, 3)
model-based planning, and 4) flexible action controllabil-
ity. For trajectory-conditioned video generation, we validate
IRASiIm on four real-robot manipulation datasets: RT-1 [5],
Bridge [46], Language-Table [34], and RoboNet [10]. Re-
sults show that IRASim can generate high-quality videos
of high resolution (up to 288 x512) and long horizon (more
than 150 frames). It outperforms all the comparing baseline
methods in all four datasets and is more preferable in human
evaluation. In addition, it scales effectively with increased
model size and computation. For policy evaluation, we eval-
uate autonomous policies in both IRASim and the LIBERO
simulation environment [33]. The evaluation results from
IRASim strongly correlate with those from the ground truth
simulator, indicating great potential for scalable real-world
policy evaluation. Moreover, we leverage IRASim as a visual
dynamics model for model-based planning in both simula-
tion and real-world settings. IRASim significantly improves
the policy performance on accomplishing complex manipu-
lation tasks in both settings by allowing the policy to explore
various trajectory proposals and select the optimal one for
execution. IRASim improves the performance (IoU met-
ric) of a vanilla diffusion policy on the Push-T benchmark
from 0.637 to 0.961. More importantly, the performance im-
provement scales well with increased test-time computation,
highlighting a promising path towards test-time scaling [11]
for robot manipulation. Finally, we demonstrate the flexible
action controllability of IRASim by generating videos of
controlling the virtual robots in the datasets via trajectories
collected with a keyboard or VR controller. We recommend
visiting the project page for full videos. To summarize, the
contribution of this paper is threefold:

* We propose IRASim, a novel method that is capable of
generating high-quality videos with fine-grained robot-
object interaction details for the trajectory-to-video task.
It achieves precise action-frame alignment via a novel
frame-level action-conditioning module.

* We perform extensive experiments on trajectory-
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conditioned video generation. Results show that IRASim
outperforms all the comparing baseline methods in video
generation and scales effectively with increased model
size and computation.

We showcase the usefulness of IRASim in robot manipu-
lation through policy evaluation and policy improvement.
We observe a strong correlation of evaluation results
between evaluating in IRASim and the ground-truth sim-
ulator. When combined with model-based planning al-
gorithm, IRASim improves the policy performance on
accomplishing complex manipulation tasks in both simu-
lation and the real world.

2. Related Work

World Models. Learning a world model (or dynamics
model) [21, 31], which predicts future observations based
on current observations and actions, has recently become in-
creasingly popular [1, 7, 37]. In autonomous driving, world
models have been used to infer future states of the envi-
ronment for safe and robust driving [19, 30, 41]. World
models are also leveraged as a promising approach for train-
ing safe and sample-efficient reinforcement learning agents
in gaming [2, 45]. In robot manipulation, prior works [3, 20]
train action-conditioned video prediction models for plan-
ning. Recently, iVideoGPT [50] proposes to train an autore-
gressive transformer for action-conditioned video prediction.
VLP [13] and UniSim [54] use languages with action infor-
mation to prompt text-to-video models for generating video.
IRASim differs from these works in that it can generate
high-resolution (up to 288x512) and long-horizon (up to
150+ frames) videos given the initial observation and a robot
trajectory, accurately capturing fine-grained robot-object in-
teractions. It showcases strong capabilities in improving
policy through model-based planning and potential for scal-
able policy evaluation.

Video Models. Video models generate video frames either
unconditionally or with conditions including classes, initial
frames, texts, strokes, and/or actions [4, 16, 35, 47]. Re-
cently, diffusion models [27] are becoming more and more
popular in video generation [6, 25, 28, 55, 59]. Sora [6]
showcases extraordinary video generation capability with
Diffusion Transformers [38]. IRASim also leverages Diffu-
sion Transformers as the backbone. A relevant line of work
is to control video synthesis with motions. These methods
use either user-specified strokes [8, 56], bounding boxes [47],
or human poses [48, 53] as conditions. In contrast, IRASim
models complex 2D and 3D actions over timesteps via a
novel frame-level action-conditioning module.

Robot Learning with World Models. World models
hold the promise of allowing the robot to predict the ef-
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fects of actions and plan solutions in complex environ-
ments [15, 18, 20, 43, 58]. For policy learning, prior
works combine action-conditioned video prediction with
model-predictive control for robot manipulation [14, 15, 58].
DreamerV3 [23] and DayDreamer [51] leverage recurrent
state space model (RSSMs) [22] to learn a latent representa-
tion of states by modeling a world model for reinforcement
learning. Recently, FLIP [18] proposed generating video
plans that maximizes reward by leveraging flow prediction
and then performing inverse dynamics to generate actions.
This differs from the model-based planning we use in that
we can predict the rewards of actions by predicting future
videos, thereby selecting the optimal actions for execution.
To facilitate scalable policy evaluation, recent work [32]
shows a correlation between evaluation in a physical sim-
ulator and on real robots. In contrast to using a physical
simulator, our work aims to leverage powerful generative
models to simulate the rollouts of policies to evaluate their
quality.

3. Methods
3.1. Problem Statement

We define the trajectory-to-video task as predicting the video
of a robot that executes a trajectory a****™ given the histori-
cal observation images It~ "*:

It+1:t+n+1 — f(]:tfhzt7 at:tJrn) (1)
where h denotes the number of historical frames; n denotes
the number of actions in the video; a’ € R? denotes the ac-
tion at the i-th timestep. In this paper, we focus on predicting
videos for robot arms. A typical action space of a robot arm
contains 7 degrees of freedom (DoFs), i.e., a’ € R7, where
3 DoFs represent translation in the 3D space, 3 DoFs cor-
respond to 3D rotation, and 1 DoF accounts for the gripper
action. Additional details regarding the number of histori-
cal frames h and action space dimension d are provided in
Appendix B.

3.2. Preliminaries

Before delving into our method, we briefly review pre-
liminaries of diffusion models [27, 42]. Diffusion mod-
els typically consist of a forward process and a reverse
process. The forward process gradually adds Gaussian
noises to data xog over 7T  timesteps. It can be formu-
lated as q (x;|x0) = ./\/'(xt; Vagxg, 1 — atI), where x;
is the diffused data at the ¢-th diffusion timestep and oy
is a constant defined by a variance schedule. The reverse
process starts from xg ~ N(0,I) and gradually remove
noises to recover xg. It can be mathematically expressed as
Po(Xe—1|xt) = N (X1 po(xt,t), Xo(x¢, 1)), where pig(-)
and Xy(+) denote the mean and covariance functions, respec-
tively, and can be parameterized via a neural network.
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In the training phase, we sample a timestep ¢ € [1, 7] and
obtain x; = /X + /1 — Qz€; via the reparameterization
trick [27] where ¢, € A(0,1). We leverage the simplified
training objective to train a noise prediction model €y as in
DDPM [27]:

Esimple(e) - HEG(Xtat) - Et||2 (2)

In the inference phase, we generate x by first sampling xr
from A(0, I) and iteratively compute
1 1- (627

until ¢ = 0. For conditional diffusion processes, the noise
prediction model ey can be parameterized as €p(xy,t,c)
where c is the condition that controls the generation pro-
cess. Throughout the paper, we use superscript and subscript
to indicate the timestep of a frame in the input video and the
diffusion timestep, respectively.

However, directly diffusing the entire video in the pixel
space is time-consuming and requires substantial compu-
tation to generate long videos with high resolutions [28].
Inspired by Ma et al. [35], we perform the diffusion process
in a low-dimension latent space z instead of the pixel space
for computation efficiency. Following He et al. [25], we
leverage the pre-trained variational autoencoder (VAE) in
SDXL [39] to compress each frame I? in the video to a latent
representation with the VAE encoder z' = Enc(I*). The
latent representation can be decoded back to the pixel space
with the VAE decoder I' = Dec(z!).

3.3. IRASim

IRASim is a conditional diffusion model operating in the
latent space of the VAE introduced in Sec. 3.2. The condition
c consists of the latent representation of the historical frames,
z!~"* = Enc(I'*~"), and an action trajectory, a****". The
diffusion target is the latent representations of the subsequent
n frames of the video in which the robot executes the action
trajectory, i.e. x = z' T+ Inspired by Sora’s remark-
able capability of understanding the physical world [6], we
similarly adopt Diffusion Transformers (DiT) [38] as the
backbone of IRASim. In the design of IRASim, we aim
to address three key aspects: 1) consistency with the given
historical frames 2) adherence to the given action trajectory
and 3) computation efficiency. In the following, we describe
pivotal design choices to achieve the aforementioned objec-
tives.

Standard transformer blocks apply Multi-Head Self-
Attention (MHA) to all tokens in the input token sequence,
resulting in quadratic computation cost. We thus lever-
age the memory-efficient spatial-temporal attention mech-
anism [7, 35, 52] in the transformer blocks of IRASim to
reduce the computation cost (Fig. 2). The historical frame

3)

Xt—1 =

€o(xt, t))
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Figure 2. Network Architecture of IRASim. (a) shows the general diffusion transformer architecture of IRASim. The input to IRASim
includes the historical frames and the given trajectory. (b) Video-level adaptation (Video-Ada). (c) Frame-level adaptation (Frame-Ada).

condition is achieved by treating the historical frames as the
ground-truth portion in the input video sequence [6]. That is,
during training, we only add noise to the tokens correspond-
ing to the predicted frames z!*1:**"*1 while keeping those
of the historical frame z‘~"* intact as it does not need to be
predicted (Fig. 2). And the diffusion loss is only computed
upon the predicted frames. This condition approach ensures
consistency with the historical frames by enabling the pre-
dicted frames to interact with them via attention mechanism.

To inject the trajectory condition into video generation,
we follow Diffusion Transformers [38] and utilize adaptive
layer normalization for conditioning. Below, we outline two
methods for incorporating the trajectory condition.

e Video-Level Condition. Similar to using a text embedding
to condition the generation of the entire video in the text-
to-video task, we use a linear layer to encode the trajectory
into a single embedding for condition. The embedding
is then added to the embedding of the diffusion timestep
t for generating the scale parameters v and « and the
shift parameters [ for each spatial and temporal attention
block. The overall framework is shown in Figure 2(b). See
Appendix C.1 for more details.

e Frame-Level Condition. Unlike the text-to-video task
where the text describes the entire video, the trajectory
in the trajectory-to-video task is a finer description. Each
action in the trajectory defines how the robot should move
in each frame. And thus, each generated frame must match
with its corresponding action in the trajectory. To achieve
this precise frame-level alignment, we condition the gener-
ation of each frame by its corresponding action. Instead of
encoding the action trajectory into a single embedding, we
use a linear layer to encode each action into an individual
embedding. The diffusion timestep embedding is added
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to each action embedding to generate the scale and shift
parameters for each individual frame in the spatial block.
The scale and shift parameters of the temporal block for all
frames share the same conditioning embedding which is
derived similarly as in video-level condition. The overall
framework is shown in Figure 2(c). See Appendix C.2 for
more details.

The output layer contains a linear layer which outputs the
noise prediction é = €y(Xy,t,c). € is used to compute the
L2 loss with the ground-truth noise during training (Eq. 2).
Note that the VAE is frozen during the whole training pro-
cess. During inference, we sample x” from N(0,I) and
gradually denoise it via Eq. 3 to obtain the latent repre-
sentation of the predicted frames z!*1*"+! = x,. The

predicted frames can be decoded with the VAE decoder
Tt+lttntl Dec(it+1:t+n+1).

4. Experiments

We perform extensive experiments to validate the effective-
ness of IRASim. We aim to answer three main questions: 1)
Is IRASim effective on modeling fine-grained robot-object
interactions and solving the trajectory-to-video task on vari-
ous real-robot datasets with different action spaces? 2) Can
we leverage IRASim as a world model for policy evalua-
tion on manipulation tasks? 3) Can we utilize IRASim for
model-based planning and improve flat autonomous policies
on manipulation tasks? We also perform extensive ablation
studies to analyze the contribution of different components
of the proposed method.

4.1. Trajectory-Conditioned Video Prediction

Experiment Setup We conduct experiments on four
real-robot manipulation datasets: RT-1 [5], Bridge [46],



Figure 3. Qualitative Results of Short-Trajectory Video Generation. We show video generation of IRASim with short trajectories on the
test set of RT-1, Bridge, and Language-Table. Ground-truths are in blue boxes. Predictions are in orange boxes. Initial ground-truth video

frames are in green boxes. Please see our project page for videos.

Language-Table [34], and RoboNet [10]. The action space
varies across datasets, with RT-1 and Bridge using 7 DoF,
Language-Table 2 DoF, and RoboNet up to 5 DoF. Details of
each dataset are provided in Appendix B. For RT-1, Bridge,
and Language-Table, we use 1 historical frame and 15 ac-
tions as context to predict the next 15 frames. For RoboNet,
we follow 1iVideoGPT [50] and use 2 historical frames and
10 actions to predict the next 10 frames. Videos are resized
to 256320 for RT-1 and Bridge, 288x512 for Language-
Table, and 256256 for RoboNet. We evaluate video gener-
ation on both short and long trajectories. Short trajectories
contains n actions and the videos can be generated in a single
generation pass. Long trajectories consists of more actions
and the videos are generated autoregressively over multiple
passes. The final generated frame from the previous pass
serves as the conditional historical frame for the current
one. We denote video-level and frame-level adaptation as
IRASim-Video-Ada and IRASim-Frame-Ada, respectively,
and refer to them as Frame-Ada and Video-Ada for brevity.
Training details can be found in Appendix E.

Baselines. We compare IRASim with two state-of-the-art
methods, i.e., VDM [28] and LVDM [25]. Both methods are
diffusion models based on a U-Net architecture. This is in
contrast to IRASim, which employs a Transformer architec-
ture. LVDM diffuses videos in a latent space, while VDM
operates in the pixel space. To impose trajectory conditions
on video generation, we encode the trajectory into an em-
bedding to condition the diffusion process for both methods.
This is similar to the text embedding used for text-to-video
generation in the original papers [25, 28]. Additionally, we
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Dataset | Method | Computation-based | Model-based
| PSNRT SSIM1 | LatentL2| FID| FVD|
VDM 13.762 0.554 0.4983 41.23  371.13
RT-1 LVDM 25.041 0.815 0.2244 4.26 30.72
Video-Ada 25.446 0.823 0.2191 434  29.27
Frame-Ada (Ours) | 26.048 0.833 0.2099 5.60 25.58
VDM 18.520 0.741 0.3709 39.82  127.25
Bridge LVDM 23.546 0.810 0.2155 1059  35.06
Video-Ada 24.733 0.827 0.2021 10.30  23.03
Frame-Ada (Ours) | 25.275 0.833 0.1947 10.51 2091
VDM 23.067 0.857 0.3204 64.63  136.56
Language LVDM 28.254 0.889 0.1704 6.85 2434
Table Video-Ada 23.893 0.859 0.2028 7.05 73.84
Frame-Ada (Ours) | 28.818 0.888 0.1660 6.38 4849

Table 1. Quantitative results for short-trajectory video genera-
tion. We prioritize Latent L2 and PSNR as the primary evaluation
metrics. Video-Ada and Frame-Ada are variants of IRASim.

compare with two state-of-the-art non-diffusion methods,
1VideoGPT [50] and MaskViT [20], on the RoboNet dataset.
1VideoGPT autoregressively predicts the next visual token;
Mask Vit generates visual tokens via a iterative refinement
process. More details about baselines can be found in Ap-
pendix D.

Metrics. Following [53], we evaluate the performance
with two types of metrics: computation-based (PSNR [29],
SSIM [49]) and model-based (Latent L2 loss, FID [26], and
FVD [44]). Unlike the text-to-video task, where various
videos may satisfy a single text condition, the trajectory-to-
video task has much less variation: the robot in the predicted
video must strictly follow the input trajectory. Therefore, we
use video reconstruction metrics, Latent L2 loss and PSNR,
as the primary evaluation metrics. In Appendix H, we show-
case that Latent L2 loss and PSNR best align with human
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Figure 4. Scaling. IRASim scales effectively with the increase of
model sizes and training steps.

Method PSNR 1 SSIM 1
MaskViT [20]* 20.4 67.1
iVideoGPT [50]* 238 80.8
IRASim (Ours) 24.6 81.1

Table 2. Quantitative results for video generation on RoboNet
dataset. * indicates that the result is derived from [50].
preferences among all the evaluated metrics. More details
about evaluation can be found in Appendix F.

Results. The qualitative results of short-trajectory video
generation are shown in Fig. 3. And the quantitative results
are shown in Tab. 1 & 2. The qualitative and quantitative
results of long-trajectory video generation are shown in Ap-
pendix A.2. IRASim-Frame-Ada effectively models fine-
grained robot-object interactions and generates high-quality
videos that closely align with the ground truth. It surpasses
all the comparing baseline methods in our primary evalu-
ation metrics, Latent L2 and PSNR, as well as the human
evaluation in Appendix H. As illustrated in Appendix A.1
& A.2, baseline methods struggle to guide the robot arm
along the given trajectory and fail to realistically simulate
interactions between the robot and the objects.

Scaling. We follow [38] and train IRASim-Frame-Ada
with different model sizes, ranging from 33M to 679M. De-
tailed parameters of these models are shown Appendix E.
Results are shown in Fig. 4. Across all three test datasets,
IRASim scales effectively with larger model size and more
training steps, highlighting its strong potential for further
performance gains through increased computation.

4.2. Policy Evaluation

In this section, we showcase that we can use IRASim as a
simulator for policy evaluation. We use the LIBERO simula-
tion benchmark [33] as a controlled environment for this ex-
periment. In particular, we evaluate a diffusion policy [9, 12]
in IRASim and compare the evaluation results against those
with the ground-truth simulator. We train the diffusion pol-
icy on expert trajectories provided by the benchmark. An
evaluator must be able to simulate both successful and failed
rollouts. And the world model needs to learn from a broader
set of data than the expert demonstrations, which contain
only successful rollouts, in order to simulate both successes
and failures accurately. Thus, we deploy the trained policy
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in the simulator to gather additional rollouts which contains
both successes and failures. We refer to these rollouts as post-
trained rollouts. The post-trained rollouts, along with the
expert demonstrations, are used for training IRASim. Given
the limited amount of training data, we initialize IRASim
with the pre-trained weight of OpenSora [59] to expedite the
training process. We incorporate our frame-level condition
method (Sec. 3.3) to inject the trajectory condition into the
model for trajectory-conditioned video generation.

We train the diffusion policy with four different steps on
the task of "pick up the black bowl between the plate and
the ramekin and place it on the plate", resulting in four dif-
ferent individual models. We then evaluate the performance
of these four models in both the Mujoco simulator of the
LIBERO benchmark and IRASim. The Mujoco simulator
serves as a ground truth for comparison. We evaluate each
model in both IRASim and the ground-truth simulator for 50
runs each. The rollouts generated by IRASim were assessed
by humans to determine their success or failure.

Fig. 5 shows successful and failed rollouts generated by
IRASim. Notably, IRASim successfully simulates scenarios
where the bowl slips from the gripper, demonstrating strong
capabilities to model fine-grained robot-object interaction.
Tab. 3 reports the success rates of different models evaluated
with the ground-truth Mujoco simulator and IRASim. The
Pearson correlation coefficient between the two evaluation
results is 0.99, indicating a strong correlation between eval-
uating in the ground-truth Mujoco simulator and IRASim.
This result showcases the potential of levaraging IRASim as
a world model for scalable real-world policy evaluation.

Policy Rollouts in IRASIim (Success & Failure)

Figure 5. Policy Evaluation with IRASim. IRASim can simulate
both successful and failed rollouts. Notably, it is able to simulate a
bowl slipping from the gripper.

Evaluator 1 2 3 4
Ground-Truth Simulator 0.18 0.50 0.80 1.00
IRASim (Ours) 028 048 0.74 0.96

Table 3. Success rates of four different models evaluated in the two
evaluators. We observe a strong correlation between the evaluation
results from the ground-truth Mujoco simulator and IRASim. The
Pearson correlation coefficient between the two evaluations is 0.99.
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Figure 6. IRASim simulates the visual outcomes of different tra-
jectories sampled from the policy and predicts the value of the
final frame with a reward model. By selecting and executing the
trajectory with the highest predicted value, we enhance the existing
policy by spending more time thinking (test-time compute).

P K=1 K=5 K=10 K=50

GPC-RANK N/A*  0.642 - - 0.698
GPC-RANK+OPT N/A*  0.642  0.824 0.882 -

0 0.637  0.679 0.572 0.418
100 0.637  0.847 0.878 0.888
IRASim (Ours) 200  0.637  0.866 0.916 0912
500  0.637  0.907 0.906 0.938
1000 0.637  0.886 0.945 0.961

Table 4. Results on Push-T Benchmark. K denotes the number of
sampled trajectory. P denotes the number of post-trained rollouts
used for training IRASim. We report the average loU over 100 trials.
*GPC also uses additional rollouts beyond expert demonstrations
to train the world model, but the number of these rollouts is not
available in the paper [40].

4.3. Model-based Planning for Policy Improvement

In this section, we perform experiments in both simulation
and real-world settings to show that IRASim can be used as
a world model for model-based planning to improve vanilla
policies without planning on accomplishing complex ma-
nipulation tasks. Specifically, we adapt a simple ranking
algorithm for model-based planning: 1) samples K trajecto-
ries from the policy, 2) unroll each trajectory in IRASim, and
3) select the trajectory with the highest value for executing.

Push-T Simulation. In this experiment, we use the Push-T
simulation benchmark from [17] for evaluation. The robot
is tasked to push a T-shaped block (gray) to a target (green)
with a circular end-effector (blue) (Fig. 6). In order to per-
form effective model-based planning, a challenge is that the
world model need to accruately predict the complex dynam-
ics of robot-block contact. We first train a diffusion policy
with 200 expert demonstrations. Similar to Sec. 4.2, we then
collect post-trained rollouts, which contains both successful
and failed rollouts, with the trained policy. We use intersec-
tion over union (IoU) between the block and the target as
the value function for model-based planning. To predict the
IoU of a given observation, we train a ResNet50 model [24]
using the post-trained rollouts. Similar to the experiments in
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Sec. 4.2, we initialize IRASim with the pre-trained weights
of OpenSora and train it on both post-trained rollouts and
expert demonstrations. We perform ablation studies to ana-
lyze the effect of varying the number of post-trained rollouts
(denoted as P) on overall performance.

We compare with a recent state-of-the-art method, gen-
erative predictive control (GPC) [40]. GPC perform autore-
gressive next-frame prediction via diffusion to generate a
video. This contrasts with our trajectory-to-video approach,
which generates all frames for a trajectory simultaneously.
Similar to IRASim, GPC also enhances its video predic-
tion with additional rollouts beyond expert demonstrations.
And it also uses a diffusion policy to generate action pro-
posals. Specifically, we compare with two variants of GPC
introduced in [40], i.e., GPC-RANK and GPC-RANK+OPT.
GPC-RANK uses a similar ranking-based planning algo-
rithm as our method. GPC-RANK+OPT utilizes a differen-
tiable reward model to optimize action proposals via gradient
optimization. In Tab. 4, M denotes the number of gradient
optimization steps, and GPC-RANK+OPT represents the
approach that incorporates both the RANK method and gra-
dient optimization.

Results are shown in Tab. 4. The K = 1 column show the
performance of the vanilla diffusion policy without model-
based planning. To ensure a fair comparison, we train our dif-
fusion policy such that its IoU performance matches with that
of reported in the GPC paper [40], i.e., 0.637 v.s. 0.642. Us-
ing 200 post-trained rollouts, IRASim outperforms the two
GPC variants. And the advantage grows as more post-trained
rollouts are used. In addition, when K = 50, P = 1000,
IRASim improves the IoU of the vanilla policy from 0.637
to 0.961. We further explore the effect of varying K and P.
When P > 0, the policy performance consistently improves
as the number of sampled trajectories K increases. This
highlights the importance of including post-trained rollouts
in training the world model. More importantly, this result
indicates we can robustly improve policy performance by
scaling up the number of sampled trajectories for ranking,
highlighting a promising path toward test-time scaling [11]
for robot manipulation. With the increase of P, the perfor-
mance cosistently improves for larger K. For smaller K, the
performance initially improves and then reaches a plateau
when P = 1000. This results indicate that data size and
test-time computation should scale simultaneously.

Real-Robot Experiments. We train IRASim on a real-
robot dataset and perform experiments on three different
tasks in the training dataset. We leverage a goal-conditioned
method which specifies the task via a goal image. We use
the similarity between the final image of the predicted video
and the goal image as the value function for model-based
planning. We use a simple policy which samples 50 individ-
ual points from a sphere centered on the current end-effector



Place Mandarin on Green Plate

Figure 7. Qualitative Results on Real-Robot Model-based Plan-
ning. Historical frames are highlighted in red boxes, goal images
in green boxes, real-robot rollouts in blue boxes, and videos gener-
ated by IRASim are shown in orange boxes. IRASim can generate
videos, that faithfully matches with the ground truth in tasks in-
volving object transportation and articulated object manipulation,
enabling effective model-based planning.

Method Close Place Mandarin Place Mandarin
Drawer on Green Plate  on Red Plate
Random 0.20 0.07 0.13
IRASim (ResNet50)  0.60 0.73 0.60
IRASim (MSE) 0.87 0.80 0.87

Table 5. Quantitative Results on Real-Robot Model-based Plan-
ning.

position and generates a trajectory between the current posi-
tion and each sampled point, resulting in K = 50 different
sampled trajectories.

Qualitative results are shown in Fig. 7. Quantitative re-
sults are shown in Tab. 5. We experiment with two functions
for similarity comparison: 1) mean squared error (MSE) and
2) cosine similarity of the feature extracted from ResNet50.
We observe that the MSE for value functions significantly
outperformed the ResNet counterpart. And both variants sig-
nificantly outperform the policy without planning which ran-
domly selects a trajectory for rollout. These results demon-
strate the potential of IRASim as a real-world manipulation
world model for model-based planning. More details and
discussion can be found in Appendix G.

4.4. Flexible Action Controllability

In this section, we perform qualitative experiments in which
we “control” the virtual robot in two datasets, Language-
Table [34] and RT-1 [5], using trajectories collected with two
distinct input sources: a keyboard and a VR controller. No-
tably, the trajectories collected through these input sources
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Keyboord Inputs: MTo--ollle e

Figure 8. Flexible Action Controllability. We showcase control-
ling (a) the virtual robot in Language-Table with arrow keys on a
keyboard and (b) the robot in RT-1 with a VR controller. Predic-
tions are in orange boxes; initial frames are in green boxes.

exhibit distributions that deviate from those in the original
dataset. For Language-Table with a 2D translation action
space, we use the arrow keys on the keyboard to input action
trajectories. For RT-1 with a 3D action space, we use a VR
controller to collect action trajectories as input. Specifically,
we prompt IRASim with an image from each dataset and
a trajectory collected with the keyboard or VR controller.
Fig. 8 shows the video generated by IRASim. IRASim
is able to follow trajectories collected with different input
sources and simulate robot-object interaction in a realistic
and reasonable way. More importantly, it is able to robustly
handle multimodality in generation. Fig. 8(a) shows videos
generated with an identical initial frame but different trajec-
tories. In Appendix A.4, we demonstrate that IRASim can
also handle physically implausible trajectories robustly.

5. Conclusion, Limitation and Future Work

In this paper, we present IRASim, a novel world model
that generates videos, with fine-grained robot-object interac-
tion details, of a robot executing an action trajectory given
historical observation. We achieve precise alignments be-
tween actions and video frames via a novel frame-level
action-conditioning module. Extensive experiments show
the videos quality generated by IRASim is able to gener-
ate long-horizon and high-resolution videos that accurately
simulate the robot trajectory rollouts. Additionally, we show-
case that IRASim can be leveraged as a simulator for policy
evaluation and a dynamics model for model-based planning
to improve policy performance. Similar to many other gen-
erative models, a limitation of IRASim is video generation
is not real-time. In the future, we plan to explore leveraging
diffusion distillation [36] to accelerate generation speed. In
addition, we plan to investigate utilizing IRASim as a dy-
namics model and improve robot policies within the world
model via reinforcement leanring [2].
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