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Figure 1. This figures demonstrate the long-horizon precise prediction by the Neural Motion Simulators. In each of the three agents, the
first row shows the groud-truth states and the second row shows the predicted states with the same initial condition and actions sequence.
Humanoid predicts for 30 steps with rendering every 3 steps; Panda predicts for 200 steps with rendering every 20 steps; myohand predicts
for 400 steps with rendering every 40 steps.

Abstract

An embodied system must not only model the patterns of

the external world but also understand its own motion dy-

namics. A motion dynamic model is essential for efficient

skill acquisition and effective planning. In this work, we

introduce the neural motion simulator (MoSim), a world

model that predicts the future physical state of an embodied

system based on current observations and actions. MoSim

achieves state-of-the-art performance in physical state pre-

diction and provides competitive performance across a

range of downstream tasks. This works shows that when

a world model is accurate enough and performs precise

long-horizon predictions, it can facilitate efficient skill ac-

quisition in imagined worlds and even enable zero-shot

⇤Equal Contribution. †Corresponding Author

reinforcement learning. Furthermore, MoSim can trans-

form any model-free reinforcement learning (RL) algorithm

into a model-based approach, effectively decoupling physi-

cal environment modeling from RL algorithm development.

This separation allows for independent advancements in

RL algorithms and world modeling, significantly improv-

ing sample efficiency and enhancing generalization capa-

bilities. Our findings highlight that world models for mo-

tion dynamics is a promising direction for developing more

versatile and capable embodied systems.

1. Introduction

Human and other animals build world models of the exter-
nal world and themselves to efficiently learn skills, reason,
and plan [30]. By using such a world model, natural intel-
ligence can learn tasks with a small exposure or general-
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ize to the situations they have never encountered. A world
model [11, 23, 38] is an inner model that simulates how
the world evolves and in essence it does one thing: given
the current state and action, it predicts the future state [38].
In this work, we focus on building the world model, for
motion dynamics. Given an arbitrary robot, a world model
must learn the dynamics of the physical body and predict
the future physical state given its current state and actions.
While there were many pioneering works proposed in the
past [14, 17–20] for solving different reinforcement learn-
ing tasks, almost all of these works evaluate the world mod-
els indirectly by using the downstream tasks as surrogates.
This work aims to fill this neglected gap. How good are the
world models at doing what they do – to predict the future
given the current state and action? If the world models are
truly generalizable, can we possibly use them to generalize
to the never encountered situations or even learn the new
tasks in a zero-shot manner?
In this work, we push the limit of world models in reinforce-
ment learning and build the state-of-the-art world model,
Neural Motion Simulator (MoSim), that significantly sur-
passes the previous ones in direct evaluations, predicting the
future raw and latent states. We show, for the first time, that
when a world model’s prediction horizon and accuracy are
sufficient, it is possible to train or search for a new policy
completely in the predicted space in a zero-shot manner. In
order to model the motion precisely, we introduce a world
model architecture with rigid-body dynamics and Neural
Ordinary Differential Equations (Neural ODE) [3], which
enables accurate long-horizon predictions of future physi-
cal states. Since MoSim predicts in the raw state space, it
can be combined with essentially any model-free reinforce-
ment learning (RL) algorithm and turn into a model-based
approach. This effectively decouples the physical environ-
ment modeling from the development of the RL algorithm.
Such a separation allows MoSim benefit from the indepen-
dent advancements from both world models and RL algo-
rithms, significantly improving the sample efficiency and
enhancing generalization capabilities. Our findings high-
light that modeling world models for motion dynamics is a
promising direction for developing more versatile and capa-
ble embodied systems.
Our main contributions are summarized as follows:

• We propose MoSim, a neural simulator with state-of-
the-art long-horizon prediction accuracy.

• Leveraging MoSim’s predictive capability, we show that
it is possible to achieve zero-shot model-based RL,
which can be integrated with any model-free algorithm.

• We take initial steps toward addressing the key chal-
lenges of zero-shot RL, demonstrating the potential of
this direction.

We created a website https://oamics.github.io/
mosim_page/ to provide additional details.

2. Method
In this section, we introduce the model architecture, bench-
mark, and training strategy.

2.1. Architecture
Dynamics Model. MoSim performs predictions within
the continuous physical state space S of the robot. The
physical state s(t) := (q1, q2, . . . , qn, q̇1, q̇2, · · · , q̇n)T =
(qT , q̇T )T is a vector that changes continuously over time
t, including the coordinates q and their corresponding ve-
locities q̇2. s includes variables such as joint motor angles,
angular velocities, spatial positions and velocities, etc. In
practice, these state variables can be obtained through sen-
sors mounted on the robot. As shown in Figure 2(b), We
model the system dynamics by two terms: 1) a Predictor

term f , which models the deterministic rigid body dynam-
ics and 2) a Corrector term, which handles noise or other
unmodeled factors that deviate from the rigid body motion:

ṡ(t) = f(s(t),a(t)) + ✏(s(t),a(t)), (1)

where a(t) denotes a time-varying action vector, which can
be joint torque inputs or other control signal inputs, ṡ(t)
represents the time derivative of s(t), f denotes the rigid
body dynamic function, and ✏ represents the residual un-
modeled factors. In the absence of stochasticity, the initial
state s(t0) and a given action a(t) uniquely determine the
state s(t0 + T ) for any T .
Ideal Rigid Body Dynamics. For ideal rigid body motion,
the dynamic equations have an explicit form [9, 41]:

ṡideal =
d

dt

✓
q
q̇

◆
= f(s(t),a(t)) (2)

=

✓
q̇

M(q)[b(q, q̇) + ⌧ (a) + c(q, q̇,a)]

◆
. (3)

where M(q) is the inverse of inertia matrix that depends
only on the position and it is symmetric positive defi-
nite; b(q, q̇) is a vector-valued function of the state, de-
scribing the effects of conservative forces, such as gravity;
c(q, q̇,a), as a residual term, accounts for the effects of
equality constraints and contact forces (e.g., collision and
friction forces) which are difficult to be explicitly modeled.
If we let ✏(q, q̇,a) in Equation 1 absorb M(q)c(q, q̇,a) in
Equation 3, then we can reach the following formulation:

ṡ(t) =

✓
q̇

M(s)[b(s) + ⌧ (a)]

◆
+ ✏(s(t),a(t)) (4)

In MoSim, we parameterize each of M(s) (Position En-
coder), b (State Encoder), ⌧ (Action Encoder), and ✏ (Cor-
rector) using a different neural network, as shown in Fig-
ure 2. We use standard ResNet [21] to implement M , b,

2In this paper, we use dots to denote derivatives with respect to time.
For example, q̈ represents the second-order derivative of q with respect to
time, i.e., acceleration.
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Figure 2. (a) Structure of predictor for a sub-step. (b) Structure of MoSim using Neural ODE to integrate many sub-steps to make a
prediction for the next state.

✏ and a simple MLP to implement ⌧ . Detailed configura-
tion of these networks are left to the Appendix. We refer to
f(s,a) = M(s)[b(s) + ⌧ (a)] as the predictor and ✏(s,a)
as the corrector. Predictor. In the position encoder, the
ResNet output is rearranged into a lower triangular matrix
L, from which M is calculated as M = LLT , based on the
property of Cholesky decomposition [10] that any symmet-
ric positive definite matrix can always be expressed in this
form. We assembled M , b and ⌧ into q̈, as illustrated in
the Figure 2. Subsequently, q̈ is combined with q̇ to form
the output ṡ. We embed strong inductive biases into the
predictor by leveraging the general structure of rigid body
dynamics. As demonstrated in the ablation study in Section
3, these inductive biases significantly improve the predic-
tion accuracy. It is important to emphasize that we do not
incorporate any additional prior knowledge of physics be-
yond the compositional structure, and, in practice, our net-
work does not rely on the physical interpretation of these
intermediate variables. Correctors. On the other hand, the
correctors are made up entirely of one or more parallelly
connected standard residual networks. Unlike the predictor,
we do not introduce as much prior knowledge into the cor-
rector, as its role is to handle the remaining complexities,
such as friction, collisions, and unmodeled factors.
Neural ODE. The general form of Neural ODE is a contin-
uous extension of recurrent neural networks:

dz(t)

dt
= g✓(z(t), t) (5)

Here, z(t) represents the hidden variables over continuous t,
and the dynamical function g✓ is parameterized by a neural
network. Its solution takes an integral form:

z(t1) = z(t0) +

Z t1

t0

g✓(z(t), t) dt (6)

The integration in practice is computed iteratively through
numerical integration methods such as the Euler method[7]
and the Runge-Kutta method[2, 28]. Our work employs the
DOPRI5 integrator[6], which is an adaptive-order method
based on the Runge-Kutta framework.

Neural ODE addresses the challenge of backpropagation
in the continuous setting[3], which is inherently more diffi-
cult than in the discrete case, by cleverly reformulating it as
another numerical integration:

dL

d✓
= �

Z t0

t1

↵(t)
@g✓(z(t), t)

@✓
dt, (7)

where L represents the loss function, and ↵(t) := @L
@z(t) is

deined as the adjoint state of z(t). The value of ↵(t) can
also be obtained through an integral process.

↵(t0) = ↵(t1)�
Z t0

t1

↵(t)
@g✓(z(t), t)

@z(t)
dt (8)

The integrands in Equations 7 and 8 can both be computed
using automatic differentiation. In MoSim, we treat s(t) as
the latent variable, and the dynamics network g✓(s(t), t) =
f✓(s(t), a(t)) +

P
i ✏

i
✓(s(t), a(t)) is precisely composed of

the predictor and corrector we mentioned earlier.

2.2. Benchmark
While previous world models have typically been evaluated
in reinforcement learning tasks, we propose a benchmark
specifically designed to evaluate the predictive capability of
the world model itself: continuous multi-step prediction of
robotic motion. We use DeepMind Control [39] as the vir-
tual environment for robotics, which is based on the physi-
cal dynamics simulation provided by MuJoCo [41].

We construct the test set in two ways: by generating
random action sequences using Poisson sampling and by
generating action sequences based on policies from pre-
trained reinforcement learning agents. The former pro-
vides untrained, dispersed data across the action and state
space, while the latter offers task-specific, meaningful data.
We generate sufficiently long data sequences to ensure that
both the random and policy-based data reach a steady state,
and then randomly sample fragments of the desired horizon
length for evaluation.

Our benchmark includes prediction horizons critical for
existing models: 3 steps (for TD-MPC2[20]), 16 steps (for
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DreamerV3[18]), and 100 steps (for long-term prediction).
The world model is required to predict continuously for the
specified horizon, given the initial state and the action se-
quence. For models that require a warm-up period to ini-
tialize latent variables and achieve better performance, our
benchmark provides a certain number of ground truth steps
as a condition before evaluation.

Finally, we compute the mean squared error loss between
the model’s predictions and the ground truth over the entire
segment as a measure of prediction accuracy.

2.3. Multi-Stage Training.
To fully utilize the model architecture proposed in Sec-
tion 2.1, we introduce a training strategy called multi-stage
training. We first train the predictor without incorporating
the corrector, assuming that it should capture the smooth,
non-abrupt components of robotic dynamics, such as iner-
tia, effects of gravity, and elastic forces. Once the predic-
tor converges, we freeze it and train the corrector on top
of it. At this stage, the corrector focuses on modeling the
abrupt and unmodeled dynamics, attempting to bridge the
gap between the actual dynamics and the smooth dynam-
ics captured by the predictor. For more complex robots, we
employ multiple correctors to perform stepwise refinement,
with each one addressing the non-smooth dynamics that the
previous level struggles to handle.

Compared to training the entire large network jointly
from the start, multistage training process allows the model
to first capitalize on the advantages of inductive biases to
quickly learn the simpler and more fundamental parts of the
task. Subsequently, the corrector, which lacks strong in-
ductive biases, handles the more complex and task-specific
components. Ablation studies in Section 3 demonstrate that
models trained with the multistage training strategy achieve
faster training speeds and improved final performance.

3. Results
We evaluated MoSim on five robotic environments from
the DM Control suite[42], as well as two additional envi-
ronments: Panda[45], a robotic arm operating in a three-
dimensional space, and Go2[33, 45], a quadruped robot.
We designed experiments to compare its predictive perfor-
mance against current state-of-the-art world models, both
in state space and latent space. The results demonstrate that
MoSim achieved significant improvements in predictive ca-
pability compared to previous world models. Additionally,
we integrated MoSim into model-free algorithms, trans-
forming them into model-based approaches, demonstrating
that MoSim can be easily adapted to various model-free al-
gorithms. Furthermore, we implemented zero-shot learn-
ing in specific tasks using MoSim-based RL algorithms,
enabling reinforcement learning training without any real-
world data, and explored the potential of few-shot learning

in more complex tasks.
To provide a clear understanding of the model naming

conventions used in our experiments: The suffix ‘-r’ indi-
cates models trained on random datasets generated by sam-
pling action sequences from a Poisson distribution with a
parameter of 1 at each step in the action space, ‘-e’ denotes
models trained on experience datasets from Dreamer’s re-
play buffer, and ‘-rm’ refers to MoSim trained using a mul-
tistage approach on random data.

3.1. Raw State Space Evaluation
We first compare the predictive capabilities of Dream-
erV3, whose backbone network is the Recurrent State-
Space Model (RSSM)[16], a variant of recurrent neural net-
works, with those of MoSim.
RSSM Baseline. We trained RSSM in two ways: one fol-
lowing the original DreamerV3 training method, and the
other for an ablation experiment, following the same train-
ing approach as MoSim. We provided RSSM with 1-step
and 5-step ground truth as initial conditions, based on our
observation that the RSSM requires several initialization
steps to prepare its latent variables, for better predictions.
Generalization Ability. As mentioned in the Introduction,
we found that models trained on data collected in a random
manner exhibit higher prediction accuracy and better gener-
alization ability. We trained and compared both models(-r
and -e) on datasets collected using both methods, and the re-
sults in table 2 of the ablation experiments highlighted the
superiority of the random data collection approach.
Training Method Comparison. We compared the impact
of two different training methods on the results, demonstrat-
ing the multistage training approach’s effectiveness in terms
of both time efficiency and overall performance.

In Table 1, We categorize the tasks into easy and hard,
where easy tasks generally have smoother dynamics, mak-
ing them more suited for predictor-based solutions. In these
cases, we did not use the multistage training approach. On
the other hand, hard tasks exhibit non-smooth dynamics,
where multistage training significantly outperforms stan-
dard end-to-end training in terms of final performance. As
illustrated in Figure 4, the multistage approach also im-
proves training efficiency and stability. Overall results in-
dicate that MoSim consistently outperforms DreamerV3
across both easy and hard tasks, demonstrating its superior
capability in handling diverse dynamics.

3.2. Latent Space Evaluation
MoSim also exhibits strong prediction accuracy in the latent
space of TD-MPC2. We utilized the signal task pre-trained
TD-MPC2 model and leveraged its encoder to encode our
predicted states into their latent space. We trained MoSim
using tdmpc policy data and compared it against the model
that generated the training and test data (TD-MPC2) in table
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Environment Horizon DreamerV3-e DreamerV3-r MoSim-e MoSim-r MoSim-rm1-step 5-step 1-step 5-step

Cheetah 16 8.2538 6.5270 0.8747 0.1925 0.5342 0.1206 /
100 6.5507 5.8468 0.4048 0.2297 1.1876 0.2185 /

Reacher 16 0.7370 0.1081 0.7451 0.0972 0.0037 0.0005 /
100 0.7405 0.1743 0.7532 0.0988 0.0053 0.0009 /

Acrobot 16 3.6390 0.9356 3.7423 0.1015 / 0.0001 /
100 9.7392 4.8957 9.7547 4.9276 / 0.1043 /

Panda 16 / / 0.2396 0.0434 / 0.0010 /
100 / / 0.3367 0.0971 / 0.0043 /

Hopper 16 / / 0.6406 0.1114 / 0.0743 0.0375
100 / / 0.9239 0.3199 / 0.4049 0.2507

Go2 16 / / 1.0097 0.3685 / 0.0430 0.0410
100 / / 0.9243 0.4165 / 0.1282 0.1401

Humanoid 5 / / 5.2171 1.3947 / 0.9382 0.6535
10 / / 6.0500 1.8263 / 1.5344 1.0063
16 / / 6.5078 2.1291 / 1.9735 1.2737

Table 1. MoSim versus DreamerV3. Evaluated on random policy datasets. Easy tasks. The suffix ‘-e’ denotes models trained on experience
data from Dreamer’s replay buffer, ‘-r’ indicates models trained on random policy data, and ‘-rm’ refers to MoSim trained on random policy
data with the multistage approach.

Environment Horizon DreamerV3-e DreamerV3-r MoSim-e MoSim-r1-step 5-step 1-step 5-step

Cheetah 16 13.1264 4.8908 18.4404 11.1325 3.8841 5.6052
100 13.8990 9.4270 18.6197 4.5623 13.0104 3.8434

Reacher 16 0.3430 0.0514 0.4670 0.04875 0.0027 0.0005
100 0.3562 0.0803 0.4364 0.05712 0.0030 0.0008

Acrobot 16 5.0681 1.3900 5.0681 1.3900 / 0.0121
100 16.8498 11.1576 16.8498 11.1576 / 1.2864

Table 2. MoSim versus DreamerV3. Evaluated on the TD-MPC2 policy dataset, which means the evaluation data is out-of-distribution
(OOD) for all models. The results show that models trained on random datasets (-r) generally achieve lower prediction errors than model
trained on experience datasets (-e), indicating a stronger generalization capability.

Environment TD-MPC2-e MoSim-e

Humanoid 0.00011 0.00009
Cheetah 0.0009 0.0007
Reacher 4.8101e-5 2.9256e-7

Table 3. MoSim versus TD-MPC2. Evaluated on TD-MPC policy
datasets.

3. In all environments, we performed three-step predictions,
following the default prediction steps of TD-MPC2. We
also do the comparison for random data in table 4.

Environment TD-MPC2-e MoSim-rm

Humanoid 0.0050 0.0020
Cheetah 0.0011 0.0003
Reacher 9.9229e-5 7.0000e-7

Table 4. MoSim versus TD-MPC2. Evaluated on random datasets.

3.3. Stochasticity

While MoSim assumes deterministic dynamics, we exam-
ine its robustness to observation noise and its capability to
reliably sample multiple future trajectories.

Table 5 shows that MoSim remains robust to noise in

27612



training data while maintaining consistent or even achieving
better performance.

Prediction MSE Loss DreamerV3 MoSim MoSim
w/ noise N ⇠ (0, 0.012)

Reacher(100 steps) 0.0988 0.0009 0.0008

Panda(100 steps) 0.0971 0.0043 0.0042

Go2(100 steps) 0.4165 0.1282 0.2111

Table 5. Noise training.

For a self-consistent chaotic system such as Acrobot,
Multiple future trajectories sampling can be reached
through ensemble sampling. Table 6 shows that MoSim’s
Lyapunov characteristic exponent aligns with MuJoCo,
confirming the reliability of ensemble sampling.

3.4. Zero- and Few-Shot Reinforcement Learning
Incorporating MoSim enables us to seamlessly transform
any model-free reinforcement learning algorithm into a
model-based approach, leveraging the predictive capabili-
ties of MoSim’s dynamics model. In this section, we in-
tegrate MoSim with TQC [29] and SAC [13], introducing
three distinct integration strategies, each offering varying
levels of data efficiency.
Zero-Shot Learning. By capitalizing on the robust gener-
alization capabilities and predictive performance of MoSim,
we employed a MoSim model trained on randomized data
as a surrogate for the dm control environment. This enabled
the agent to interact directly with the world model for train-
ing, achieving scores on three dm control benchmark tasks
that closely approximate those from the real environment.

When attempting the cheetah task, two significant chal-
lenges have hindered progress. First, the model’s absolute
upper limit in predictive capability is insufficient. In the
cheetah task, the MoSim model is able to maintain stable
predictions only up to approximately 100 steps. However,
it was observed that the existing model-free algorithms fail
to successfully learn the cheetah-run task within the orig-
inal environment when the time limit is set to 100. Addi-
tionally, as training progresses, a severe distribution shift
in the training data becomes apparent, eventually exceed-
ing MoSim’s generalization capacity. At this stage, due to
increasing prediction inaccuracies, the RL training plateaus
(around a score of 100 for the cheetah task) and may even
begin to degrade. These two issues have impeded further
progress in MoSim’s zero-shot learning for the cheetah task.
Few-Shot Learning. To address the two challenges en-
countered in zero-shot learning, we propose a few-shot

Lyapunov Characteristic Exponent
� = 10�5, T = 1000, avg on 2000 trajectories

MuJoCo MoSim
1.1738 1.1728

Table 6. LCE

Task Name Cheetah Reacher-Easy Reacher-Hard Acrobot

Horizon 500 30 30 800
Achieved 60 30 30 60

Table 7. Zero-Shot Horizon Requirements. Zero-Shot Hori-
zon Requirements. The ’horizon’ indicates the minimum number
of prediction steps required for complete zero-shot performance,
while achieved indicates the current number of steps MoSim has
successfully reached.

learning strategy. Instead of solely relying on MoSim to
replace the virtual environment, we periodically collect real
environment data during training. Specifically, every 5,000
virtual environment steps, we gather 1,000 steps of real en-
vironment data. This data is then used to train MoSim by
sampling from the real dataset every 100 virtual steps, help-
ing to mitigate the distribution shift that occurs during train-
ing. Additionally, to address the issue of limited prediction
horizon, we initialize the virtual environment with states
sampled from the real environment replay buffer at each
reset, rather than starting from the initial state every time.
This aims to mimic the effect of having a time limit of 1,000
steps in the real environment. The results indicate that, un-
like in zero-shot learning where performance plateaus and
then deteriorates, the RL training stabilizes and fluctuates
around a score of 100. However, the curve still fails to im-
prove and remains at a relatively low score.

3.5. How Much Better Do We Need It To Be?
We investigated the minimum environment time limit re-
quired for the original TQC algorithm to achieve its base-
line performance under precise predictions. We varied the
time limit in the dm control environment and evaluated its
impact on the algorithm’s performance. Table 7 implies that
for the TQC algorithm to achieve offline RL without perfor-
mance degradation, the World Model must possess the ca-
pability to continuously predict over the minimum step limit
length across any data distribution. This remains a critical
goal we aim to achieve in the long term.

It is worth noting that the ‘zero-shot horizon require-
ment’ in Table 7 was actually an upper bound, as it was cal-
culated with only one model-free RL algorithm. There ex-
ist algorithms that can make this bound significantly tighter.
For example, MPC requires only a 50-step horizon for the
Acrobot swing-up task. We provide a more detailed discus-
sion of this in the appendix.

3.6. On-Policy World Model for RL
In previous successful world models, the model was up-
dated in an on-policy and online fashion, where the world
model was trained using samples from a collected replay
buffer at every real environment step. The trained data was
then immediately used as the starting point for the model’s
predictions, creating a continuous loop. However, this ap-
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(a) Zero-Shot Reacher Easy (b) Zero-Shot Reacher Hard (c) Zero-Shot Cartpole Balance

(d) Zero-Shot Acrobot Swingup (e) Zero-Shot Cheetah Run (f) online Cheetah Run

proach inherently involves frequent interactions with the
real environment, making it challenging to reduce the num-
ber of real-world interactions. MoSim adopted a similar
training strategy: every 100 real environment steps, a batch
of data was sampled from the replay buffer to train the
model. For the subsequent 100 steps, the model used sam-
pled states from the replay buffer as initial states to predict
one step ahead and train the policy. With this training strat-
egy, MoSim outperformed DreamerV33 within the 500k
time step limit on the cheetah task 3f.To provide a contrast,
we used a pre-trained MoSim model as the world model,
which was pre-trained on random data. In this case, the
model predicted one step ahead at each step but was never
updated with new data. As shown in Figure 8, while the
model initially showed improvement, the prediction quality
eventually declined because the world model failed to gen-
eralize to the current data distribution, ultimately leading to
a collapse in training performance.

Although MoSim demonstrated strong performance on
the cheetah task with an on-policy training strategy, we be-
lieve that few-shot learning remains a promising and worth-
while direction to pursue. Achieving purely zero-shot per-
formance on locomotion tasks is nearly impossible, as the
data distribution can vary significantly across different poli-
cies and training stages. Additionally, the model’s predic-
tive capabilities are inherently limited in such tasks. Thus,
leveraging real data to assist training can be essential. Few-
shot learning provides a feasible and meaningful solution,
as it significantly reduces the need for interactions with
the real environment, thereby improving data efficiency and
making the approach more practical for complex tasks.

3All DreamerV3 RL results used in this paper are directly sourced from
the open-source TD-MPC2 DreamerV3 baseline.

3.7. Let Model Know Khen It Doesn’t Know

To address the issue mentioned in Section 3.4 where perfor-
mance degrades during later stages of training due to dis-
tribution shift—We aim to enable the model to recognize
when it is uncertain, allowing exploration to avoid areas
where world model tends to generalize poorly and produce
inaccurate predictions. Specifically, we use a residual flow
with a Gaussian base distribution to fit the distribution of
the MoSim training set. We then incorporate the probability
density of each data point as a penalty term in the reinforce-
ment learning reward. This way, when a data point has a low
probability density under the residual flow (indicating that
the world model is unfamiliar with that region of data, i.e., it
has encountered a distribution shift), then the policy is dis-
couraged from taking that action. As shown in the figure3e
, after adding the penalty term to the reward, the zero-shot
cheetah’s reward (without the penalty term) no longer de-
clines after a period of training and even achieves a higher
score compared to the original maximum. This result pro-
vides an initial indication and potential future direction for
addressing distribution shift.(A detailed explanation of this
method is provided in the Appendix F.)

3.8. Effect of Prediction Horizon on Policy Learning

To explore the impact of the world model’s predictive capa-
bility on policy learning, we compare the final performance
of policies trained with different prediction horizons: 10,
50, and 100. As shown in Figure 6, the results indicate that
as the prediction horizon decreases, the final performance
of the policy also drops. This highlights the importance of
the world model’s quality for rl training.
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Figure 4. Ablation study of inductive bias on Hopper-hop.

Figure 5. Ablation study of training method on Hopper-hop.

Figure 6. Policy learning with different prediction horizen

3.9. Ablation Study
We conducted two ablation studies to evaluate the effective-
ness of the network architecture and training strategies dis-
cussed in Section 2.
Inductive Bias of Rigid Body Dynamics: We compared
the predictor model with a standard ResNet of nearly iden-
tical parameter count to demonstrate the necessity of intro-
ducing inductive bias. The results, shown in Figure 4, illus-
trate the clear benefits of inductive bias in terms of training
speed and overall performance.
Multistage Training: We conducted an ablation study us-
ing a predictor model and a corrector model with identi-
cal parameter counts. Both models were evaluated under
full training and multi-stage training regimes. The results,
presented in Figure 5, demonstrate the effectiveness of the
multi-stage training approach.
4. Additional Related Works
Differentiable Simulation. Recent differentiable physics
engines [22, 24] offer end-to-end gradients via hand-coded

rigid/soft-body models. In contrast, our data-driven ap-
proach minimizes manual force/contact design, using a
structural predictor with trainable correctors.

Neural ODE Usage. Neural ODEs have been applied to
time-series modeling [34], fluid simulation [31], system
ID [27], and generative modeling [44], and have inspired
physics-based networks [8]. Building on this, we use a neu-
ral ODE backbone with rigid-body insight and residual cor-
rectors for robust long-horizon prediction in robotic control.

Parameter Identification. Classical optimal control re-
fines simulations via identifying parameters like mass or
friction [32]. In contrast, our method learns a scalable dy-
namics model from data, capturing smooth and non-smooth
effects without manual engineering.

World Models and Model-Based RL. One major applica-
tion of Existing world models are mainly used in reinforce-
ment learning, where they predict future states in explicit or
latent space as action-conditioned models [4, 5, 14, 17, 18,
20, 26, 35, 40]. Such inner-model-based methods are called
model-based RL and offer key advantages over model-free
approaches by leveraging model predictions.
1. Pixel-Based Video Generation World Models. An-

other line of work predicts future frames from actions
for pixel-based policy learning [12, 15]. Models like
DreamerV2/V3 [18] learn latent visual representations
but struggle with fine-grained physical interactions like
contact.

2. Data Efficient Learning: RL algorithms can learn from
the data generated by a trained model’s predictions (or
“dreams”), effectively treating the model as a form of
data augmenter.[1, 5, 25, 43]

3. Planning Capability: Many real-world tasks demand
long-term planning, where models predict outcomes
over action sequences and search for optimal ones [35,
37, 40]. Planning has shown great success, e.g., Al-
phaGo [36], but real-world dynamics are far harder to
predict than a Go board. Enabling real-world planning
first requires a predictive world model.

5. Conclusion
In this work, we focus on evaluating and improving a world
model’s direct predictive capability. The resulted model,
MoSim, significantly outperforms the world models in di-
rect state prediction. We show, for the first time, that when
a world model’s prediction horizon and accuracy are suffi-
cient, it is possible to train or search for a new policy purely
in the predicted space in a zero-shot manner. However, a
notable gap remains in achieving few-shot learning or even
zero-shot learning in many cases. Our findings highlight
that world models for motion dynamics is a promising di-
rection for developing more versatile and capable embodied
systems.
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