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Abstract

Foundation world models (FWMs) are an emerging class of generative
model that aim to generate realistic, interactive worlds from pre-training on
video data. FWMs in particular promise to provide an online, stable envi-
ronment for training generalist embodied agents. However, contemporary
models suffer from several drawbacks, including poor object permanence,
and struggle to apply physical principles consistently. Unlike large lan-
guage models (LLMs) and video models, no benchmarks currently exist to
specifically evaluate foundation world models’ performance in the context
of interactivity. We present Newton, a series of datasets and benchmarks
for training and evaluating small interactive FWMs, particularly on long-
context memory and physics tasks. Newton-OP includes 5,000 examples of
occlusion and camera rotation, aiming to evaluate models’ ability to recall
objects in 3D space over long time periods. Newton-Physics additionally
includes 5,000 examples of interactive rigid body physics, evaluating both
action following and physical accuracy. We additionally release code to
evaluate models, and demonstrate the performance of common baselines1.

1 Introduction

1.1 Foundation World Models

Foundation world models, (also occasionally called “interactive world models” (Wu et al.,
2024), and “open-ended models” (Hughes et al., 2024)), are generative models that aim to
simulate diverse 3D environments. While there is not yet a consensus definition, paradig-
matic examples include Genie 1 (Bruce et al., 2024) and 2 (DeepMind, 2024a), Cosmos
(NVIDIA et al., 2025), Oasis (Decart, 2024) and “The Matrix” (Feng et al., 2024). In gen-
eral, these models are trained on large amounts of video and game data, and predict frames
of video, optionally conditional on actions or text, for arbitrarily long durations. This dis-
tinguishes FWMs from the more general category of video models, such as Sora (OpenAI,
2024) and CogVideoX (Yang et al., 2024) which often predict 5-30 seconds of video at a
time, and are not typically interactive. Both approaches have been explored and evaluated
as physical world models, but FWMs uniquely promise interactive feedback to agents, which
is useful for training robotics and embodied AI, in addition to applications for generative
games and media.

1.2 Physical Benchmarks

The question of whether modern video models learn physical principles is a matter of hot sci-
entific debate: while models are often evaluated on perceptual benchmarks, such as VBench
(Huang et al., 2023) and FVD (Unterthiner et al., 2019), it is unclear whether percep-
tual improvement correlates with strong physical understanding. Sora and its replications
showed poor performance upon release. However, DeepMind (2024b) recently demonstrated
both perceptual quality and strong physical understanding, suggesting that the difference
may be a matter of scale. Nonetheless, there has been a flurry of recent work on physics

1Code is available at https://anonymous.4open.science/r/newton-348F
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benchmarks, including Physion (Bear et al., 2022), IntPhys (Riochet et al., 2020), Video-
Phy (Bansal et al., 2024), Physics-RW (Zhao et al., 2024), PhyGenBench (Bansal et al.,
2024), PhysBench (Chow et al., 2025), and others. These build on a long history of physics
benchmarks in robotics, arguably themselves inheriting from “block world” demos of the
20th century. Of these, some focus on vision-language models’ ability to understand textual
prompts, or score model outputs using language models themselves. To our knowledge,
no benchmarks currently involve precise engagement with the physics of the model in an
interactive context. With this in mind, we propose two novel design goals for Newton:

1. Interactivity: FWMs must be able to understand actions much more granularly than
general video models, and maintain a persistent world-state. This is particularly
important for RL use-cases, where inaccurate physics can harm real-world transfer,
and inapplicable to video models that may be generating several scenes at once in
response to a high-level prompt.

2. Simplicity: Many current benchmarks focus on diversity and physical realism. While
this is necessary, due to the scale of video data required, realistic FWMs can be
prohibitively expensive to train for many researchers. In the vein of projects such
as TinyStories (Eldan & Li, 2023), Newton aims to provide a simple, low-cost train
and test set that can be used to quickly develop new FWM research, and to provide
a baseline for future work.

2 Object Permanence

As discussed above, object permanence is a fundamental aspect of physical understanding,
often lacking in current models. Empirically, Oasis loses track of objects after just a few
frames out-of-view, and Genie 2 reports to lose coherence after about a minute of generation.
More so than LLMs, where long-context retrieval is desirable but not necessary, persistent
state is essential for world models. Models that cannot do this for arbitarily long durations
have arguably failed to internalise the 3D nature of their training data. We propose a simple
benchmark to evaluate this, where a model is asked to remember the location of objects after
a user moves them out of view. For simplicity, we choose a single camera with only two
actions - rotate 90 degrees left or right. The camera observes a scene containing randomly
generated terrain, and 1-3 colored cubes 2. Cubes are kept at constant size, so the model
can, in theory, estimate their depth monoscopically. Newton-OP contains a training set
of 5000 15-second videos, a finetuning set of 1000 30-second videos, and a test set of 500
30-second videos. Examples are shown below. A camera motion takes 15 frames, and occurs
with a likelihood of 0.005 per frame.

Figure 1: Camera movement and occlusion

The test set exclusively contains videos with partially occluded cubes, visible at the end
of the example. The model is prompted with the first 5 frames and the actions, and must
produce a final frame. This final frame is then evaluated using three weighted metrics (20%,
20%, 60%):

1. Pixel-level: The images are compared using a standard MSE reconstruction metric.
2. Feature-level: The images are compared using a learned feature metric, LPIPS.

2Data is generated in Blender 4.3.
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3. Object-level: Since we are using known geometry, we can accurately estimate the
6D pose of each cube in either image using non-neural techniques3. We can then
compute the mean absolute error of the cube locations.

Figure 2: Reconstructing object-level poses

3 Interactive Physics

We extend this benchmark to evaluate models on interactive rigid body physics. While the
aforementioned benchmarks cover a vastly more complex set of physical phenomena, we
instead choose to focus on “action-following”, the FWM equivalent of instruction adherence
in LLMs. Re-using the above pipeline, we add an additional “click” action, which causes
an impulse force from the point of the click to the center of the cube’s mass, with a slight
upward bias. We choose this task in particular because of its simplicity - the interaction
will naturally “feel right” to a user if performed correctly, and its precision - the model
must understand exactly where on the cube the user clicked in order to simulate the correct
response. We ensure that all actions are deterministic. We generate a training set of 5000
15-second videos, and a test set of 500 15-second videos. Examples are shown below. A
click occurs approximately one in every 10 frames, and of these, approximately 1 in 5 hit a
cube and thus have a physical effect.

Figure 3: User clicks on the left side of the blue cube

4 Baselines and Results

We develop a simple autoregressive model to use as a baseline. Unfortunately, no pretrained
FWM currently available can be readily finetuned on our dataset - most use a form of
temporal compression, which renders them unable to provide realtime interactivity out-of-
the-box, although we plan to accomodate these in the future. In general, we expect FWMs
to become more adaptable and eventually able to zero-shot this task.
For our autoregressive baseline, we modify Llama-3.1 (Grattafiori et al., 2024) to predict
sequential video tokens. We use the Cosmos-16x16 image tokenizer, and thus generate 256
tokens per frame. We use adaLN-Zero conditioning for actions, following Peebles & Xie
(2023). Currently, after training for 10000 steps with 300M parameters, we score 23.90 on
Newton-OP, largely due to MSE. We expect to improve this score significantly with further
training and experimentation with spatiotemporal and axial attention schemes.

3Specifically, we estimate our known geometry by using corner and edge detection, and then
refine the pose using differential evolution.
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Table 1: Newton-OP Preliminary Results
Model Parameters MSE ↓ LPIPS ↓ Pose ↓ Total ↑

AR 300M 0.03 16.07 60.00 23.9

5 Future Work

We intend to complete evaluation of our autoregressive baseline, and additionally introduce
an autoregressive-diffusion baseline in line with Cosmos. In addition, we will compare recent
techniques such as Diffusion Forcing (Chen et al., 2024), which promise to greatly improve
performance on object permanence. As mentioned above, we plan to evaluate recent and
forthcoming FWMs in the same manner.
In addition, we aim to complete the Newton suite by producing a variety of resolutions,
aspect ratios and framerates for the current tasks, in addition to more complex tasks focusing
on interactivity, such as first-person navigation, free cameras and non-player characters,
which are beginning to be explored in the literature.
Finally, we hope to develop Newton as a test-bed for new architectural ideas in FWMs, par-
ticularly as it encourages 3D priors and persistent worlds, and to encourage the community
to develop new techniques for evaluating and improving these models.
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