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Figure 1. We improve the physics plausibility of video generation by aligning a pre-trained diffusion model with a latent world model
at inference time. Using a reward derived from latent world models, we perform search on guided denoising trajectories to sample from
a tilted physics plausible distribution. Compared to the baseline (middle row of each quadrant), our generation (bottom) adheres more
closely to real-world physics (top), exhibiting smoother temporal continuity, more accurate solid interactions, and improved fluid behavior.

Abstract

State-of-the-art video generative models produce promis-
ing visual content yet often violate basic physics principles,
limiting their utility. While some attribute this deficiency
to insufficient physics understanding from pre-training, we
find that the shortfall in physics plausibility also stems
from suboptimal inference strategies. We therefore in-
troduce WMReward and treat improving physics plausi-
bility of video generation as an inference-time alignment
problem. In particular, we leverage the strong physics
prior of a latent world model (here, VJEPA-2) as a re-
ward to search and steer multiple candidate denoising
trajectories, enabling scaling test-time compute for bet-
ter generation performance. Empirically, our approach
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substantially improves physics plausibility across image-
conditioned, multiframe-conditioned, and text-conditioned
generation settings, with validation from human preference
study. Notably, in the ICCV 2025 Perception Test Physic-
sIQ Challenge, we achieve a final score of 62.64%, winning
first place and outperforming the previous state of the art
by 7.42%. Our work demonstrates the viability of using la-
tent world models to improve physics plausibility of video
generation, beyond this specific instantiation or parame-
terization. Code is available at https://github.com/
facebookresearch/WMReward.

1. Introduction

State-of-the-art video generative models [9, 14, 31, 45, 48,
52, 59] show remarkable capabilities in generating visually
pleasing videos. Yet, the progress in generation quality has
been hindered by the limited physics understanding of these
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Figure 2. Left: We achieve the new state-of-the-art on PhysicsIQ benchmark, improving physics plausibility in both single (I2V) and
multiframe (V2V) conditioned video generation by a considerable margin. Right: Our latent world model reward WMReward substantially
outperforms VLM and other vision foundation model-based reward signals under BoN search; the proposed ∇+BoN sampling strategy
further improves the scaling effect.

models [30, 44, 69], resulting in physically implausible
videos [7, 8]. Ensuring physics correctness in video
generation is not only crucial to increase user satisfaction,
but also for reliable world modeling [34] and downstream
applications like robotics [66] or autonomous driving [25].

Prior work attributes the observed physical implausi-
bility to the pre-training stage of video generative mod-
els [30], which relies on minimizing pixel or feature-level
reconstruction errors. Following this hypothesis, substan-
tial work has focused on improving pre-training or post-
training of video generative models by injecting physics
information [16, 17, 38, 70, 71, 73]. By contrast, an-
other line of work assumes that physically plausible videos
may be found in the manifold learned by the generative
model and therefore has focused on devising inference-
time methods to improve physics. This is an underexplored
line of research, with two contributions relying on vision-
language models (VLMs) to rewrite prompts [64] and plan
motion [67] when a motion-controllable video generative
model is available [15]. However, in the image gener-
ation literature, alternatives to prompt rewriting [21, 72]
have been extensively explored to search over the gener-
ated data manifold with the goal of boosting performance at
inference-time. In particular, reward models have been used
to perform candidate selection with search over random
seeds [37, 43, 74] and to guide the model’s sampling pro-
cess towards high utility generations [2, 3, 20, 24, 27, 68].
Despite these advances, existing work has not explored the
use of off-the-shelf reward models to improve the physics
plausibility of video generation at inference time.

Recently, latent world models have demonstrated strong
capabilities in physics understanding [13, 23, 42]. A latent
world model is a predictive model that encodes high-
dimensional observations (e.g., videos) into compact latent
representations and learns the transition function in this

latent space to forecast future states. By learning the transi-
tion function in this compressed representation rather than
in pixel space, these models are trained to focus on features
that are predictive of future latent states, such as motion
and object dynamics, while ignoring irrelevant appearance
details. This leads to representations that emphasize funda-
mental scene properties like structure, object permanence,
and trajectory continuity [23]. As a result, they are ideally
suited to serve as reward models for physics plausibility.
VJEPA-2 [4] is one particular instantiation of a latent
world model, which we employ in this work and which
has demonstrated strong physics understanding. Yet, our
approach of using latent world models as a source of reward
is not tied to this particular instantiation; any suitable latent
world model could potentially be used for this purpose.

In this paper, we formulate the problem of improving the
physics correctness of video generation as an inference-time
alignment problem [53, 57] that leverages a latent world
model with high physics understanding as a reward model to
search for physically plausible videos within the manifold
learned by the generative model. In particular, we introduce
WMReward by re-purposing VJEPA-2’s surprise score as
a reward function and show that it can be effectively used
both as a Best-of-N (BoN) selector and as a guidance signal
during generation to improve the physics of videos.

We validate the effectiveness of WMReward by achiev-
ing substantial gains in physics plausibility of video gen-
eration using three state-of-the-art video generative mod-
els: MAGI-1 [52], Sora2 [45], and a video latent diffu-
sion model (vLDM). These models span diverse architec-
tures, including large-scale autoregressive generation pro-
ducing videos chunk-by-chunk and holistic diffusion-based
generation. We obtain results across text-to-video (T2V),
image-and-text-to-video (I2V), and video-and-text-to-video
(V2V) settings. In particular, we achieve a new state of the
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art on the challenging PhysicsIQ benchmark [44] with a fi-
nal score of 62.0%, surpassing the previous best by 6.78%.
This improvement is illustrated by the qualitative examples
in Figure 2 and further validated by an additional 11.4%
improvement over baselines in a human-preference study.
Moreover, as shown in Figure 2, our VJEPA-based method
demonstrates a strong scaling effect with the size of the
search space, and outperforms VLM-based selectors (e.g.,
Qwen3-VL [65]) that perform near chance level. With these
results, we demonstrate the viability of using latent world
models to improve the physical plausibility of video gen-
eration, paving the way toward developing reliable reward
models for video generation inference-time alignment. The
key contributions of our work are as follows: (1) We show
that latent world models are useful to improve video gener-
ation. To this end, we devise an effective physics plausibil-
ity reward model, WMReward, instantiated with VJEPA’s
surprise score. (2) We highlight the scaling behavior of
WMReward and show that model performance improves
when increasing search space – with guided sampling show-
ing more promising scaling. (3) We boost the physics plau-
sibility in video generation across T2V, I2V and V2V set-
tings and datasets, and achieve a final score of 62.0% on
PhysicsIQ, outperforming prior state-of-the-art by 6.78%,
further validated through a human-preference study show-
ing a boost of 11.4% in win rate over the baseline.

2. Methodology: WMReward
In the following, we present WMReward, which transfers
the physics prior from a latent world model (e.g., VJEPA-2)
into a physics plausibility reward signal. We leverage such
reward signal to align the video generative model with the
latent world model by sampling from a tilted distribution
and thus generate physically more plausible videos.

2.1. Preliminaries
Diffusion and flow-matching models are two generative
modeling paradigms that learn to transform Gaussian noise
into samples from a target distribution pdata(x). They do
this by learning score functions ∇xt

log pt(xt) of the ran-
dom variables xt with distribution

xt = αtx0 + σtϵ, (1)

where x0∼pdata and ϵ∼N (0, I). Here, αt and σt are real-
valued time-dependent functions where at t = 0, we have
α0 = 1 and σ0 = 0 so that p0(x) = pdata(x), and at t = T ,
pT (x) is approx. Gaussian. This score is learned by denois-
ing score matching [58] or conditional flow matching[40].

Once this score is available, we can construct an SDE or
ODE whose marginals pt(x) depend only on αt, σt, and the
learned score. We then can draw approximate samples from
this learned distribution p(x) by solving this SDE/ODE
backward from t = T to t = 0.
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Figure 3. Method Overview. We leverage a latent world model,
VJEPA-2, to steer video generative models for better physics plau-
sibility. During generation, we apply a sliding window approach
and split the generative model’s output into sets of context and fu-
ture frames. We encode generated context frames and predict the
embedding of future frames using the latent world model’s pre-
dictor. Then, we encode the generated future frames and compute
the cosine similarity between its embedding and the latent world
model prediction, referred to as surprise score. The surprise score
serves as reward to search and guide the denoising trajectories.

2.2. Steering for Better Physics Plausibility
We frame improving physics plausibility in video genera-
tion as sampling from a reward-weighted tilted distribution:

p∗(x) ∝ w(x)p(x), (2)

where p(x) is the pre-trained video model distribution and
w(x) > 0 is a weighting function constructed from the re-
ward r(x) that can evaluate the physics plausibility.

To successfully draw samples from this tilted distribu-
tion, two key questions arise: 1) how to define the re-
ward function that captures physics plausibility from a la-
tent world model (Section 2.3); and 2) how to realize sam-
pling from p∗(x) given the pre-trained generative model
p(x) and the reward function r(x) (Section 2.4). We depict
an overview of our method in Figure 3.

2.3. Latent World Model Reward Signal
Recent work shows that latent world models—which learn
to make predictions on compressed latent representations
rather than raw pixels—can learn to judge physical plausi-
bility [13, 23, 42]. By operating in a latent space, they tend
to ignore superficial visual details and focus on underlying
physical dynamics. One approach for training such mod-
els relies on self-supervised learning (SSL); VJEPA-2 [4] is
an SSL-trained latent world model which achieves state-of-
the-art performance in physics understanding [23], making
it an ideal foundation for a reward model.

VJEPA learns representations through self-supervised
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prediction of unmasked video regions from masked ones.
The architecture comprises a context encoder Eθ that em-
beds video frames, and a predictor network Pϕ that re-
constructs target representations from partial observations.
During training, a masked view xmasked is created from a
video x by removing certain spatiotemporal regions. The
predictor Pϕ takes the encoder’s output Eθ(xmasked) along
with learnable mask tokens ∆m, indicating masked posi-
tions, and attempts to reconstruct the target representation.
The target is computed using an exponentially-moving-
averaged (EMA) encoder Ēθ applied to the full video. The
training objective is:

L = ∥Pϕ(∆m, Eθ(xmasked))− sg(Ēθ(x))∥1 (3)

where sg(·) denotes the stop-gradient operation, preventing
gradients from flowing through the target. The idea is that
by making predictions in feature space, the model is encour-
aged to learn high-level spatiotemporal features that capture
predictable dynamics rather than pixel-level details.

To turn VJEPA into a physics plausibility reward model,
we leverage a simple intuition: being a world model,
VJEPA should resonably predict the future in physically
plausible videos. Hence, the more its predictions diverge
from the generations, the more likely it is that the videos
are less physically plausible.

We materialize this intuition by designing a reward
function, WMReward, that measures prediction surprise by
contrasting VJEPA-2 predictions with the generated video
as shown in Figure 3. Concretely, we slide a window of
length C+M across a generated video x, where C denotes
context frames and M denotes prediction horizon. At each
position k, VJEPA observes context frames xk−C+1:k and
must predict representations for future frames xk+1:k+M .
We produce latent world model’s future representations
using only context, as follows:

ẑk = Pϕ(∆m, Eθ(x
k−C+1:k)), (4)

where ∆m indicates that M future positions are masked.
We obtain generated video’s representations by processing
the complete window:

zk = Eθ(x
k−C+1:k+M ). (5)

Both z’s contain representations for all C+M positions; we
extract and compare only the future portions corresponding
to positions C + 1 through C +M (ẑfut

k and zfut
k ):

r(x) =
1

|K|
∑
k∈K

(
1− cos(ẑfut

k , zfut
k )

)
, (6)

where K contains all valid windows. Videos receive higher
rewards if their generated futures closely match VJEPA
predictions, effectively measuring physical coherence.

L = 1− cos(zpred, zgt) (7)

2.4. Instantiation of Sampling Schemes
We now consider practical sampling schemes with differ-
ent weighting functions w(x) to draw samples from the de-
fined tilted distribution in Equation (2). As presented in
Section 2.3, the reward function r(x) is differentiable with
respect to the video x, which allows us to leverage both
gradient-based and gradient-free sampling schemes. We fo-
cus on three sampling schemes chosen for their representa-
tiveness, simplicity, and performance: guidance as an exam-
ple for gradient-based method, best-of-N for gradient-free
method, and their combination.

(i) Guidance (∇) uses w(x) = exp(λr(x)), where r(x)
is our reward function and λ > 0 is a temperature parameter
controlling how much we upweight high-reward samples.
Under the same noising process as in Equation (1), one can
show that the score functions ∇xt log p

∗
t (xt) of the time-

dependent marginals p∗t (xt) are given by

∇xt log pt(xt) +∇xt logE
[
eλr(x0)

∣∣∣ xt

]
. (8)

Therefore, approximating E[eλr(x0) | xt] as eλr(E[x0|xt]),
and using Tweedie’s formula [22, 50],

x0|t := E [x0 | xt] =
1

αt
(xt + σt∇xt

log pt(xt)) , (9)

we obtain the following approximation to Equation (8)

∇xt
log p∗t (xt) ≈ ∇xt

log pt(xt) + λ∇xt
r(x0|t(xt)) (10)

We can therefore sample from p∗(x) by using this new score
approximation in the SDE/ODE sampler.

(ii) Best-of-N Search (BoN) involves generating N in-
dependent samples {x(i)}Ni=1 (i.e., particles) from the base
model p(x) and selecting the sample with highest reward:

x∗ = argmaxx∈{x(i)}N
i=1

r(x). (11)

This procedure effectively samples from a distribution

p∗(x) ∝ p(x)[F (r(x))]N−1, (12)

where F (·) is the cumulative distribution function (CDF) of
r(x) under p(x) and w(x) = [F (r(x))]N−1.

(iii) ∇ + BoN combines both approaches by using the
guidance scheme to generate N samples and then chooses
the highest reward sample among them. This yields approx-
imate samples from the tilted distribution with weight func-
tion w(x) = exp(λr(x)) · [Fλ(r(x))]

N−1, where Fλ(·) is
the CDF of r(x) under the guided distribution. This combi-
nation is beneficial because it achieves stronger tilting with-
out requiring large λ values (where the score approximation
becomes inaccurate), and best-of-N selection provides an
additional strategy for filtering samples where the approxi-
mation might have been sub-optimal. In this way, we benefit
from the increased likelihood of high-reward samples pro-
vided by guidance, while mitigating approximation errors.
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3. Experiments

We show the effectiveness of sampling with WMReward
for improving physics plausibility across three video gen-
eration setups: image-and-text-to-video (I2V), video-and-
text-to-video (V2V), and text-to-video (T2V). For all ex-
periments, we apply WMReward to MAGI-1 24B [52] and
to vLDM 5B*, and additionally to Sora2 [45] on PhysicsIQ.

3.1. Image and Multiframe-conditioned Generation

We start by evaluating WMReward on PhysicsIQ [44], a
benchmark for I2V and V2V generation. We follow their
setup and use the text prompt along with a three-second
context video (for V2V) or the last frame (for I2V). Given
the conditioning, we generate five-second video continua-
tions, evaluate it against the ground-truth and compute the
PhysicsIQ score that relies on an aggregation of four met-
rics: spatial intersection over union (IoU), spatio-temporal
IoU over motion masks, a weighted spatial IoU, and pixel
MSE. For all methods, we use 16 particles for the search.

Table 1 demonstrates that sampling with WMReward
consistently outperforms vanilla sampling for vLDM,
MAGI-1, and Sora2, achieving state-of-the-art performance
(best and second-best) across baselines and evaluation di-
mensions. In particular, by using the appropriate sampling
strategy, ∇+BoN, we achieve 62.0% final PhysicsIQ score
on V2V generation, which significantly outperforms the
previous state-of-the-art MAGI-1 model by 6.78%. For
I2V, sampling with WMReward surpasses the previous
state-of-the-art Sora2 [45] by 4.13% on PhysicsIQ.

Comparing Reward Signals. We compare WMReward
against alternative physics plausibility signals based on
foundation models such as VideoMAE and Qwen VL (2.5-
7B-Instruct and 3-8B-Instruct). For VideoMAE [56], a self-
supervised video masked autoencoder that learns spatiotem-
poral representations by reconstructing masked patches in
pixel space, we use a surprise score given by the recon-
struction error between the predicted pixels and the gen-
erated pixels as reward signal [23]. For Qwen2.5-VL [5]
and Qwen3-VL [65], following Jang et al. [29], we pose
a physics-plausibility question and request a binary 0/1 an-
swer, then follow practice in [39] and use the corresponding
positive token logit as the reward.

As shown in Table 1 and Figure 2, WMReward yields
stronger performance than alternative signals, indicating
that predictive latent-space surprise is a more effective
proxy for physics plausibility than pixel reconstruction or
VLM judgment, which aligns with recent work suggesting

*vLDM is a latent video diffusion model that utilizes a DiT backbone
and jointly models spatial and temporal components at once.

†ICCV’25 PhysicsIQ Challenge’s official results: MAGI-1 I2V 37.39
(+7.62) & V2V 62.64 (+7.42). Sora2 is an API model; ∇ not available.

Table 1. Image and Multiframe-conditioned Generation Per-
formance on PhysicsIQ. Our results are highlighted in gray and
performance changes against baseline sampling are indicated in
green. Best results are highlighted in bold and second-best are
underlined. For all search methods, we use 16 particles.†

Spatial
IoU ↑

Spatio-
temp. IoU ↑

Weighted
Spatial IoU ↑ MSE ↓ PhysicsIQ

Score ↑
I2V Generation

Sora [14] 0.138 0.047 0.063 0.030 10.00
Pika 1.0 [47] 0.140 0.041 0.078 0.014 13.00
SVD [12] 0.132 0.076 0.073 0.021 14.80
Lumiere [9] 0.113 0.173 0.061 0.016 19.00
VideoPoet [31] 0.141 0.126 0.087 0.012 20.30
Wan2.1 [59] 0.153 0.100 0.112 0.023 20.89
Gen 3 [51] 0.201 0.115 0.116 0.015 22.80
Kling1.6 [33] 0.197 0.086 0.144 0.025 23.64
VLIPP [67] N/A N/A N/A N/A 34.6

vLDM 0.221 0.120 0.144 0.008 27.76
+ VideoMAE(BoN) 0.229 0.132 0.152 0.009 29.42 (+1.66)
+ Qwen2.5-VL(BoN) 0.228 0.092 0.143 0.009 26.21 (-1.55)
+ Qwen3-VL(BoN) 0.214 0.139 0.141 0.008 28.51 (+0.75)
+ WMReward (∇) 0.221 0.122 0.144 0.009 27.88 (+0.12)
+ WMReward(BoN) 0.249 0.155 0.170 0.008 32.90 (+5.14)
+ WMReward(∇+BoN) 0.234 0.175 0.165 0.007 33.44 (+5.68)

MAGI-1 [52] 0.252 0.146 0.151 0.011 29.77
+ VideoMAE(BoN) 0.251 0.151 0.153 0.012 29.95 (+0.18)
+ Qwen2.5-VL(BoN) 0.241 0.093 0.141 0.013 24.99 (-4.78)
+ Qwen3-VL(BoN) 0.247 0.161 0.146 0.010 30.21 (+0.44)
+ WMReward(∇) 0.252 0.145 0.152 0.010 29.77 (+0.00)
+ WMReward(BoN) 0.253 0.239 0.162 0.008 36.56 (+6.79)
+ WMReward(∇+BoN) 0.267 0.218 0.168 0.008 36.28 (+6.51)

Wan2.2 [59] 0.358 0.120 0.217 0.008 38.26
+ VideoMAE(BoN) 0.347 0.124 0.216 0.008 37.91 (-0.35)
+ Qwen2.5-VL(BoN) 0.356 0.116 0.213 0.009 37.58 (-0.68)
+ Qwen3-VL(BoN) 0.353 0.128 0.216 0.008 38.51 (+0.25)
+ WMReward(BoN) 0.378 0.171 0.247 0.008 44.39 (+6.13)

Sora2 [45] 0.363 0.187 0.231 0.007 42.30
+ VideoMAE(BoN) 0.365 0.193 0.234 0.007 42.94 (+0.64)
+ Qwen2.5-VL(BoN) 0.340 0.166 0.210 0.007 38.69 (-3.61)
+ Qwen3-VL(BoN) 0.349 0.206 0.226 0.007 42.54 (+0.24)
+ WMReward(BoN) 0.377 0.229 0.246 0.007 46.43 (+4.13)

V2V Generation

Lumiere [9] 0.170 0.155 0.093 0.013 23.00
VideoPoet [31] 0.204 0.164 0.137 0.010 29.50

MAGI-1 [52] 0.416 0.279 0.294 0.005 55.22
+ VideoMAE(BoN) 0.407 0.286 0.285 0.005 54.71 (-0.51)
+ Qwen2.5-VL(BoN) 0.415 0.272 0.293 0.005 54.71 (-0.51)
+ Qwen3-VL(BoN) 0.407 0.279 0.289 0.005 54.42 (-0.80)
+ WMReward (∇) 0.414 0.279 0.292 0.005 55.02 (-0.20)
+ WMReward(BoN) 0.435 0.324 0.316 0.005 60.34 (+5.12)
+ WMReward(∇+BoN) 0.439 0.339 0.325 0.005 62.00 (+6.78)

that latent world models exhibit better physics understand-
ing [23]. With these results, we show that the physics
knowledge in latent world models may be transferred as
reward signal to improve video generation.

Human Study. We also supplement our evaluations with
a human study to verify the effectiveness of WMReward.
We conduct a human study on the full PhysicsIQ benchmark
with a side-by-side comparison interface where five annota-
tors view pairs of generated videos along with the original
text prompt and additional conditioning information. For
each video pair, annotators provide judgments across three
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Table 2. Human evaluation results on PhysicsIQ and Video-
Phy. Pairwise human preference judgments across three criteria:
Physics Plausibility, Visual Quality, and Prompt Alignment. Win-
ning rate (Win) is the fraction of non-neutral comparisons won,

wins
wins+losses × 100. Accuracy is computed as wins+0.5×neutrals

total × 100
to account for tie. Higher is better, best in bold.

Physics
Plausibility

Visual
Quality

Prompt
Alignment Overall

Win Acc. Win Acc. Win Acc. Win Acc.

PhysicsIQ

vLDM 46.9 45.2 45.3 41.2 48.7 46.8 47.0 44.3
+ WMReward(∇+BoN) 53.1 54.8 54.7 58.8 51.3 53.2 53.0 55.7

MAGI-1 45.1 41.3 47.1 42.9 44.3 35.1 45.5 40.0
+ WMReward(∇+BoN) 54.9 58.7 52.9 57.1 55.7 64.9 54.5 60.0

VideoPhy

vLDM 43.8 38.0 47.4 41.9 51.0 53.3 47.4 43.2
+ WMReward(∇+BoN) 56.2 62.0 52.6 58.1 49.0 46.7 52.6 56.8

MAGI-1 40.7 30.4 42.8 33.3 49.5 48.6 44.3 36.8
+ WMReward(∇+BoN) 59.3 69.6 57.2 66.7 50.5 51.4 55.7 63.2

criteria: Physics Plausibility, Visual Quality, and Prompt
Alignment (further details in Appendix Section C). We ob-
tain two groups of 198 annotations for both vLDM (I2V)
and MAGI-1 (V2V) generations, comparing the baseline
vanilla sampling strategy against WMReward(∇+BoN).
For each criterion, the annotators select their preference
among the shown videos or mark them as neutral. Results
are aggregated using win rates (excluding neutrals) and ac-
curacy scores to account for ties ((wins + 0.5 × neutrals) / to-
tal). Table 2 demonstrates that WMReward delivers signif-
icant improvement in all three evaluation criteria, with the
winning rate in physics plausibility being most remarkable.

3.2. Text-conditioned Generation
For evaluating the T2V setup, we rely on VideoPhy [7].
Following practice in Zhang et al. [73] and Wang et al.
[60], we adopt the automatic VLM-based evaluator, which
queries a VLM with templated questions to score semantic
adherence (SA) and physics consistency (PC) on a scale of
1-5 for each generated video. We report the per-axis pass
rates with each metric larger than 4 over the 344 benchmark
prompts. For all methods, we use 8 particles for search.

Table 3 shows that incorporating WMReward into sam-
pling substantially improves the physics consistency of both
MAGI-1 and vLDM by 8.1% and 6.9%, respectively, sur-
passing all baseline models. We also note that the semantic
adherence decreases potentially due to the VJEPA surprise
not including semantic information from the text-condition,
and to further verify the trade-off between semantic adher-
ence and physics consistency we perform a human study.

Human Study. To complement the VLM-based evalu-
ation, we conduct a human study following Section 3.1’s
protocol for a subset of 100 VideoPhy generations. Hu-

Table 3. Text-conditioned Generation Performance on Video-
Phy. Physics Consistency (PC) and Semantic Adherence (SA) are
computed with a VLM-based evaluator that measures how well
generated videos follow physics laws and text prompts. Higher is
better, best is bold. For all search methods, we use 8 particles.

Solid-Solid Solid-Fluid Fluid-Fluid Overall

SA PC SA PC SA PC SA PC

VideoCrafter2 [18] 50.4 32.2 50.7 27.4 48.1 29.1 50.3 29.7
DreamMachine [41] 55.1 21.7 59.6 23.3 58.2 18.2 57.5 21.8
LaVIE [62] 40.8 18.3 48.6 37.0 69.1 50.9 48.7 31.5
HunyuanVideo [32] 55.2 16.1 67.1 30.1 54.5 54.5 60.2 28.2

vLDM 46.6 20.7 67.5 28.6 52.4 48.6 56.9 28.0
+ WMReward(BoN) 42.7 28.7 59.6 36.3 38.5 50.0 50.3 34.9
+ WMReward(∇+BoN) 39.2 25.2 65.1 37.0 50.0 50.0 53.5 34.3

Wan2.2 [59] 52.7 13.9 71.9 17.8 67.5 30.2 63.5 18.1
+ WMReward(BoN) 43.7 21.8 63.8 15.9 53.8 26.9 55.2 20.9

MAGI-1 [52] 42.2 19.0 67.2 27.7 51.9 33.5 54.4 25.0
+ WMReward(BoN) 30.8 28.0 59.6 36.3 45.5 36.4 45.3 32.8
+ WMReward(∇+BoN) 29.4 28.7 61.6 30.1 40.0 52.7 44.8 33.1

man judgment, see Table 2, highlights improvements in
both physics plausibility and visual quality when using
WMReward for T2V generation. The slight decrease in
prompt alignment for vLDM is consistent with the text-
agnostic nature of VJEPA’s surprise reward, but the drop is
small relative to the gains, yielding a net improvement in the
overall metric. We expect this limitation can be mitigated by
developing compositional or text-conditioned physics plau-
sibility rewards, an interesting direction for future work.

3.3. Scaling the Search Space of WMReward

We now study the scaling behavior of WMReward with
the size of the search space. In particular, we scale the
number of particles and display results in Figure 2 (right).
We observe that, by scaling up the number of particles,
there is a steady improvement of PhysicsIQ score. The
performance boost is most significant for N ≤ 4, and
steadily increase for larger N . Additionally, as the number
of particles increases, the performance variance is smaller
and gradually stabilizes. Moreover, as shown in Figure 4,
allocating more compute by increasing the number of
particles and applying guidance steers the PhysicsIQ score
distribution to concentrate in the high-score region. The
shift of distributions from N = 1 to N = 16 shows the
effectiveness of WMReward(BoN) by using more parti-
cles, while WMReward(∇+BoN) with guidance further
sharpening the upper tail of the distribution, confirming its
stronger scaling behavior. The consistent scaling behavior
of WMReward on PhysicsIQ suggests that by increasing
inference compute allocation, we improve the physical
plausibility of video generation.

Runtime and Memory. Inference-time alignment
methods trade additional computation for improved
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Figure 4. Improving Performance via Particle Scaling and Guidance. PhysicsIQ score distributions with Gaussian KDE for MAGI-1
V2V (left) and vLDM I2V (right). Scaling the number of particles (here, 1 vs. 16) yields substantial gains for BoN; adding guidance further
sharpens the distribution toward higher physics plausibility. This leads to overall higher average score (dashed vertical line).

Table 4. Computation Cost. For each model, the first row shows
absolute values (runtime in seconds, memory in GB per GPU).
Subsequent rows show overhead multipliers relative to baseline.
N is the search budget (number of particles). All experiments on
H200 GPUs; MAGI-1 uses 8 GPUs, vLDM uses 1 GPU.

Method Time Memory N

vLDM (baseline) 106.77 ± 0.43 s 27.64 GB 1
+ WMReward(BoN) ×N ×1.00 8
+ WMReward(∇) ×5.02 ×4.27 1
+ WMReward(∇+BoN) ×5.02N ×4.27 8

MAGI-1 (baseline) 265.66 ± 4.49 s 50.03 GB 1
+ WMReward(BoN) ×N ×1.00 16
+ WMReward(∇) ×4.96 ×2.07 1
+ WMReward(∇+BoN) ×4.96N ×2.07 16

performance—a recent paradigm shift, from long reasoning
traces to test-time search in general. In Table 4, we
show the computational overhead induced by WMReward.
WMReward(BoN) is parallelized as N vanilla sampling
trajectories with the same memory bound, and its memory
footprint scales linearly with the number of particles.
Guidance introduces extra computation mainly from
the gradient backpropagation, and is proportional to the
number of steps where guidance is performed through the
denoising process. One can choose whether to incorporate
first-order information of reward signal as budget allows.
In general, WMReward can be adapted to the available
computation budget with appropriate sampling methods,
offering a spectrum of compute-performance tradeoffs.

3.4. Analysis and Ablation
Having established that WMReward achieves strong im-
provements in physics plausibility and scales effectively
with computational budget, we now investigate several key
questions about the method’s properties.

Does WMReward impair perceptual qualities? To
assess whether physics improvements come at the cost of
general perceptual quality, we use the VBench evaluators
[26] to rate generated PhysicsIQ and VideoPhy videos

Table 5. General Visual Quality with VBench Evaluators. Vi-
sual quality metrics computed on videos generated for the Physic-
sIQ and VideoPhy datasets. Higher is better for all metrics.

Subject
Consistency

Background
Consistency

Motion
Smoothness

Temporal
Flickering

Imaging
Quality

Aesthetic
Quality

PhysicsIQ

vLDM 94.68 95.60 99.57 99.48 67.47 48.94
+ WMReward(∇) 94.64 95.58 99.56 99.47 67.50 48.95
+ WMReward(BoN) 95.29 95.89 99.62 99.61 67.71 49.19
+ WMReward(∇+BoN) 95.25 95.89 99.62 99.61 67.83 49.03

MAGI-1 95.82 97.25 99.70 99.82 69.07 47.05
+ WMReward(∇) 95.90 97.25 99.70 99.82 69.15 47.05
+ WMReward(BoN) 95.87 97.30 99.71 99.84 69.24 46.88
+ WMReward(∇+BoN) 95.88 97.30 99.71 99.85 69.25 46.94

VideoPhy

vLDM 93.73 95.79 98.57 97.80 60.34 49.71
+ WMReward(∇) 93.72 95.78 98.57 97.80 60.05 49.69
+ WMReward(BoN) 94.82 96.31 98.69 98.02 59.44 49.54
+ WMReward(∇+BoN) 94.67 96.36 98.72 98.13 60.03 49.87

MAGI-1 94.43 95.87 98.80 98.08 56.15 46.39
+ WMReward(∇) 94.58 95.92 98.81 98.12 56.17 46.46
+ WMReward(BoN) 96.27 96.68 98.92 98.44 58.15 47.54
+ WMReward(∇+BoN) 96.54 96.87 98.97 98.54 57.84 47.73

across six key visual quality metrics: subject consistency,
background consistency, motion smoothness, temporal
flickering, imaging quality, and aesthetic quality. As
shown in Table 5, image quality and aesthetic quality
tend to show small improvements, possibly due to the
stronger physics plausibility achieved by WMReward. This
trend aligns with the human-preference results in Table 2.
We also observe improved temporal consistency, motion
smoothness, and temporal flickering, suggesting that by fol-
lowing physics principles, such as artifact suppression, and
adherence to mass conservation and continuity, the overall
perceptual quality of generated videos are also improved.

How does WMReward perform with other sampling
methods? In principle, any valid sampling scheme can be
used to sample from the WMReward tilted distribution. We
further demonstrate the compatibility of WMReward with
alternative sampling schemes: SMC [53] and SVDD [36]
(detailed in Section 4), using vLDM on PhysicsIQ. Em-
pirically, both SMC and SVDD deliver gains over vanilla
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Table 6. Comparison of Sampling Methods. vLDM I2V
PhysicsIQ generation under different sampling schemes. Columns
indicate number of particles (N ), showing scaling effects.

2 4 8 16

WMReward(SMC) 27.14 26.96 28.12 29.24
WMReward(SVDD) 27.31 28.57 28.54 28.87
WMReward(BoN) 27.76 31.87 32.32 32.90
WMReward(∇+BoN) 27.88 31.05 32.62 33.44

sampling, yet, they still underperform BoN and ∇+BoN, as
shown in Table 6. Intuitively, since VJEPA-2 surprise is
differentiable, its gradients provide step-wise guidance that
plays a role similar to, and often more accurate than, the
multi-rollout importance estimates by SVDD. Also, SMC
shows smaller gains, likely because early-stage reward es-
timates are noisy, causing resampling to collapse on subop-
timal seeds. Practically, SMC also requires multiple paral-
lel denoising trajectories per sample for resampling, which
increases the memory footprint and is nontrivial to paral-
lelize. For these reasons, we adopt WMReward(∇+BoN)
as a more practically effective sampling scheme.

4. Related Work

Video Diffusion Models. Diffusion and flow-based video
generative models [9, 14, 31, 45, 52, 59] learn to generate
video sequences by reversing a noising process on temporal
visual data. While they achieve promising visual quality in
generation, they still often produce physically implausible
videos [7, 8, 44, 69]. To mitigate this shortcoming, there has
been substantial work devising pre- and post-training ap-
proaches focused on explicitly injecting physics constraints
[70], enabling motion prediction [17], enhancing dynamics
[38] or leveraging learned physics priors from foundation
models through finetuning or distillation [16, 71, 73]. Yet,
another underexplored line of work has focused on devising
inference-time methods to improve physics. Particularly,
Xue et al. [64] explore the learned manifold of the gener-
ative model through prompt rewriting and Yang et al. [67]
perform motion planning with VLMs on top of a motion-
controllable video generative model [15].

Physics Understanding in Vision Models. Physics
understanding is essential to a model’s ability to reason
and predict scenes under physical laws [11, 13, 49], and in
particular, it is important to generate physically plausibility
videos [44, 69]. Recent work [13] has investigated intuitive
physics understanding of vision models, including VLMs
[5, 19], generative models [1], and self-supervised learning
models [4, 56, 61], showing that video SSL approaches
based on the Joint-Embedding-Predictive-Architecture
(JEPA) [4, 10] exhibit the highest performance among
predictive methods. Moreover, intuitive physics properties
like object permanence and shape consistency have been

shown to emerge in video-JEPA (VJEPA) models [23].
VJEPA consists of a video encoder and a predictor trained
on internet-scale data with a masked predictive objective
in the representation space. Predicting the future in the
representation space reduces the sensitivity to appearance
details and holds the potential to emphasize other aspects
like dynamics and interaction.

Inference-Time Alignment for Image Generation
Models. Inference-time alignment steers a pre-trained dif-
fusion model toward desired properties during generation
without retraining. For one, there are derivative-free ap-
proaches [28, 35–37, 46, 53, 63]. Among those, BoN selects
the highest-scoring candidates at the end of the denoising
process [43]. SMC [53, 63] assigns importance weights to
multiple denoising trajectories and perform resampling dur-
ing generation. Value-based importance sampling methods
(SVDD [36]) steer a single trajectory by resampling accord-
ing to the local step reward. On the other hand, we have
gradient-based approaches that adjust the score function [2,
3, 6, 20, 24, 55, 68], steering the denoising process toward
high reward regions– resulting in e.g., high utility or high
diversity samples. These assume access to differentiable
reward functions. Despite their different implementations,
these methods share a similar principle of using reward sig-
nals to refine local steps or enable better global exploration.

5. Conclusion and Discussion
In this work, we presented WMReward, an inference-time
alignment method to improve physics plausibility of video
generative models, and highlighted the viability of us-
ing latent world models (i.e., VJEPA-2) as reward sig-
nal. Throughout our experimentation, we demonstrated
the potential of leveraging latent world model’s to improve
physics in video generation, yielding substantial improve-
ments on the challenging PhysicsIQ and VideoPhy bench-
marks without requiring any further training.

We see three potential avenues worth exploring: (1)
Improving video generative models: The quality of video
generative model determines the set of potential solutions
that can be explored with our method; developing stronger,
more searchable models is very promising. (2) Improving
reward models: The strength of the reward model heavily
influences the overall performance of the system. Although
VJEPA-2 is already informative, its training data is cur-
rently limited and as a result the model does not cover all
physics phenomena, e.g., we observe that material under-
standing like weight and friction is limited. Future work on
latent world models could provide broader understanding
of physical phenomena. (3) Improving search algorithms:
Better and more efficient search algorithms offer a promis-
ing avenue to improve performance. Early during diffusion,
the intermediate estimated video samples x0|t are blurry,
potentially leading to unreliable reward predictions.

16125



References
[1] Niket Agarwal, Arslan Ali, Maciej Bala, Yogesh Balaji,

Erik Barker, Tiffany Cai, Prithvijit Chattopadhyay, Yongxin
Chen, Yin Cui, Yifan Ding, et al. Cosmos world foun-
dation model platform for physical ai. arXiv preprint
arXiv:2501.03575, 2025. 8, 13

[2] Reyhane Askari Hemmat, Melissa Hall, Alicia Sun, Candace
Ross, Michal Drozdzal, and Adriana Romero-Soriano. Im-
proving geo-diversity of generated images with contextual-
ized vendi score guidance. In European Conference on Com-
puter Vision, pages 213–229. Springer, 2024. 2, 8

[3] Reyhane Askari-Hemmat, Mohammad Pezeshki, Elvis
Dohmatob, Florian Bordes, Pietro Astolfi, Melissa Hall,
Jakob Verbeek, Michal Drozdzal, and Adriana Romero-
Soriano. Improving the scaling laws of synthetic data with
deliberate practice. In ICML, 2025. 2, 8

[4] Mido Assran, Adrien Bardes, David Fan, Quentin Garrido,
Russell Howes, Mojtaba, Komeili, Matthew Muckley, Am-
mar Rizvi, Claire Roberts, Koustuv Sinha, Artem Zholus,
Sergio Arnaud, Abha Gejji, Ada Martin, Francois Robert
Hogan, Daniel Dugas, Piotr Bojanowski, Vasil Khalidov,
Patrick Labatut, Francisco Massa, Marc Szafraniec, Kapil
Krishnakumar, Yong Li, Xiaodong Ma, Sarath Chandar,
Franziska Meier, Yann LeCun, Michael Rabbat, and Nico-
las Ballas. V-jepa 2: Self-supervised video models enable
understanding, prediction and planning, 2025. 2, 3, 8

[5] Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wenbin
Ge, Sibo Song, Kai Dang, Peng Wang, Shijie Wang, Jun
Tang, et al. Qwen2. 5-vl technical report. arXiv preprint
arXiv:2502.13923, 2025. 5, 8, 14

[6] Arpit Bansal, Hong-Min Chu, Avi Schwarzschild,
Soumyadip Sengupta, Micah Goldblum, Jonas Geip-
ing, and Tom Goldstein. Universal guidance for diffusion
models. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pages 843–852,
2023. 8

[7] Hritik Bansal, Zongyu Lin, Tianyi Xie, Zeshun Zong, Michal
Yarom, Yonatan Bitton, Chenfanfu Jiang, Yizhou Sun, Kai-
Wei Chang, and Aditya Grover. Videophy: Evaluating
physical commonsense for video generation. arXiv preprint
arXiv:2406.03520, 2024. 2, 6, 8

[8] Hritik Bansal, Clark Peng, Yonatan Bitton, Roman Golden-
berg, Aditya Grover, and Kai-Wei Chang. Videophy-2: A
challenging action-centric physical commonsense evaluation
in video generation. arXiv preprint arXiv:2503.06800, 2025.
2, 8

[9] Omer Bar-Tal, Hila Chefer, Omer Tov, Charles Her-
rmann, Roni Paiss, Shiran Zada, Ariel Ephrat, Junhwa Hur,
Guanghui Liu, Amit Raj, Yuanzhen Li, Michael Rubinstein,
Tomer Michaeli, Oliver Wang, Deqing Sun, Tali Dekel, and
Inbar Mosseri. Lumiere: A space-time diffusion model for
video generation, 2024. 1, 5, 8

[10] Adrien Bardes, Quentin Garrido, Jean Ponce, Xinlei Chen,
Michael Rabbat, Yann LeCun, Mahmoud Assran, and
Nicolas Ballas. Revisiting feature prediction for learn-
ing visual representations from video. arXiv preprint
arXiv:2404.08471, 2024. 8

[11] Daniel M Bear, Elias Wang, Damian Mrowca, Felix J Binder,
Hsiao-Yu Fish Tung, RT Pramod, Cameron Holdaway, Sirui
Tao, Kevin Smith, Fan-Yun Sun, et al. Physion: Evaluat-
ing physical prediction from vision in humans and machines.
arXiv preprint arXiv:2106.08261, 2021. 8

[12] Andreas Blattmann, Tim Dockhorn, Sumith Kulal, Daniel
Mendelevitch, Maciej Kilian, Dominik Lorenz, Yam Levi,
Zion English, Vikram Voleti, Adam Letts, Varun Jampani,
and Robin Rombach. Stable video diffusion: Scaling latent
video diffusion models to large datasets, 2023. 5

[13] Florian Bordes, Quentin Garrido, Justine T Kao, Adina
Williams, Michael Rabbat, and Emmanuel Dupoux. Intphys
2: Benchmarking intuitive physics understanding in complex
synthetic environments. arXiv preprint arXiv:2506.09849,
2025. 2, 3, 8

[14] Tim Brooks, Bill Peebles, Connor Holmes, Will DePue,
Yufei Guo, Li Jing, David Schnurr, Joe Taylor, Troy Luh-
man, Eric Luhman, Clarence Ng, Ricky Wang, and Aditya
Ramesh. Video generation models as world simulators,
2024. 1, 5, 8

[15] Ryan Burgert, Yuancheng Xu, Wenqi Xian, Oliver Pilarski,
Pascal Clausen, Mingming He, Li Ma, Yitong Deng, Lingx-
iao Li, Mohsen Mousavi, et al. Go-with-the-flow: Motion-
controllable video diffusion models using real-time warped
noise. In Proceedings of the Computer Vision and Pattern
Recognition Conference, pages 13–23, 2025. 2, 8

[16] Qinglong Cao, Ding Wang, Xirui Li, Yuntian Chen, Chao
Ma, and Xiaokang Yang. Teaching video diffusion model
with latent physical phenomenon knowledge. arXiv preprint
arXiv:2411.11343, 2024. 2, 8

[17] Hila Chefer, Uriel Singer, Amit Zohar, Yuval Kirstain, Adam
Polyak, Yaniv Taigman, Lior Wolf, and Shelly Sheynin.
VideoJAM: Joint appearance-motion representations for en-
hanced motion generation in video models. In Forty-second
International Conference on Machine Learning, 2025. 2, 8

[18] Haoxin Chen, Yong Zhang, Xiaodong Cun, Menghan Xia,
Xintao Wang, Chao Weng, and Ying Shan. Videocrafter2:
Overcoming data limitations for high-quality video diffusion
models, 2024. 6

[19] Gheorghe Comanici, Eric Bieber, Mike Schaekermann, Ice
Pasupat, Noveen Sachdeva, Inderjit Dhillon, Marcel Blis-
tein, Ori Ram, Dan Zhang, Evan Rosen, et al. Gemini 2.5:
Pushing the frontier with advanced reasoning, multimodality,
long context, and next generation agentic capabilities. arXiv
preprint arXiv:2507.06261, 2025. 8

[20] Nicola Dall’Asen, Xiaofeng Zhang, Reyhane Askari Hem-
mat, Melissa Hall, Jakob Verbeek, Adriana Romero-Soriano,
and Michal Drozdzal. Increasing the utility of syn-
thetic images through chamfer guidance. arXiv preprint
arXiv:2508.10631, 2025. 2, 8

[21] Siddhartha Datta, Alexander Ku, Deepak Ramachandran,
and Peter Anderson. Prompt expansion for adaptive text-
to-image generation. In In Proceedings of the 62nd Annual
Meeting of the Association for Computational Linguistics
(Volume 1: Long Papers), 2024. 2

[22] Bradley Efron. Tweedie’s formula and selection bias. Jour-
nal of the American Statistical Association, 106(496):1602–
1614, 2011. 4

16126



[23] Quentin Garrido, Nicolas Ballas, Mahmoud Assran, Adrien
Bardes, Laurent Najman, Michael Rabbat, Emmanuel
Dupoux, and Yann LeCun. Intuitive physics understanding
emerges from self-supervised pretraining on natural videos.
arXiv preprint arXiv:2502.11831, 2025. 2, 3, 5, 8, 14

[24] Reyhane Askari Hemmat, Mohammad Pezeshki, Florian
Bordes, Michal Drozdzal, and Adriana Romero-Soriano.
Feedback-guided data synthesis for imbalanced classifica-
tion. arXiv preprint arXiv:2310.00158, 2023. 2, 8

[25] Anthony Hu, Lloyd Russell, Hudson Yeo, Zak Murez,
George Fedoseev, Alex Kendall, Jamie Shotton, and Gian-
luca Corrado. Gaia-1: A generative world model for au-
tonomous driving. arXiv preprint arXiv:2309.17080, 2023.
2

[26] Ziqi Huang, Yinan He, Jiashuo Yu, Fan Zhang, Chenyang Si,
Yuming Jiang, Yuanhan Zhang, Tianxing Wu, Qingyang Jin,
Nattapol Chanpaisit, et al. Vbench: Comprehensive bench-
mark suite for video generative models. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 21807–21818, 2024. 7

[27] Tariq Berrada Ifriqi, Adriana Romero-Soriano, Michal
Drozdzal, Jakob Verbeek, and Karteek Alahari. Entropy rec-
tifying guidance for diffusion and flow models, 2025. 2

[28] Vineet Jain, Kusha Sareen, Mohammad Pedramfar, and
Siamak Ravanbakhsh. Diffusion tree sampling: Scalable
inference-time alignment of diffusion models. arXiv preprint
arXiv:2506.20701, 2025. 8

[29] Joel Jang, Seonghyeon Ye, Zongyu Lin, Jiannan Xiang, Jo-
han Bjorck, Yu Fang, Fengyuan Hu, Spencer Huang, Kaushil
Kundalia, Yen-Chen Lin, et al. Dreamgen: Unlocking gen-
eralization in robot learning through video world models.
arXiv preprint arXiv:2505.12705, 2025. 5

[30] Bingyi Kang, Yang Yue, Rui Lu, Zhijie Lin, Yang Zhao,
Kaixin Wang, Gao Huang, and Jiashi Feng. How far is video
generation from world model: A physical law perspective.
arXiv preprint arXiv:2411.02385, 2024. 2

[31] Dan Kondratyuk, Lijun Yu, Xiuye Gu, José Lezama,
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