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Abstract. Video diffusion models have achieved remarkable visual fi-
delity, yet often struggle to adhere to basic physical constraints, such
as support, motion consistency, and object permanence, leading to im-
plausible dynamics even in short clips. We revisit this challenge through
the lens of the Information Bottleneck principle, arguing that physically
grounded video generation should prioritize time-predictive representa-
tions over high-entropy appearance variations. Building on this perspec-
tive, we propose Latent Dynamics Optimization (LDO), a post-training
framework that leverages a predictive latent world model (V-JEPA 2)
to guide a pretrained video diffusion model towards dynamics-consistent
generation without altering its sampling process. LDO operates on two
levels: (1) aligning Gram-matrix geometry of intermediate diffusion fea-
tures with the latent world model’s casually predicted dynamics, and
(2) encouraging temporally consistent rollouts with Group-Relative Pol-
icy Optimization (GRPO) using the world model as a dynamics critic.
Experiments on VideoPhy and PisaBench show that LDO substantially
improves physical commonsense, object permanence, and trajectory fi-
delity while preserving visual quality, suggesting that predictive latent
supervision offers a practical route to make video generators not only
photorealistic but also physically legible.
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1 Introduction

Our world unfolds with structure. A cup slips, falls, and shatters; a ball rolls,
strikes an edge, and changes course. We do not perceive these events as isolated
images but as structured evolution: objects persist through time, motion is con-
tinuous, and physical constraints shape what can happen next. Humans use this
intuitive physics [/, 13, 13] to anticipate outcomes and detect when something
looks wrong, even as visual details shift with lighting, texture, or viewpoint. Yet
today’s most advanced video generators [1, 33,175,158, 60] often struggle precisely
where such structure matters. Video diffusion models can generate strikingly re-
alistic frames, but even within short clips, they may violate fundamental physical
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Fig.1: t-SNE visualization of foreground token representations. We extract
spatiotemporal patch tokens corresponding to a foreground object (ball undergoing
parabolic motion) from three models: V-JEPA 2 encoder [?], CogVideoX-VAE [00],
and CogVideoX-DiT [00]. Each point represents a single patch token, colored by its
temporal position (blue—red). Contour lines outline regions of high token density at
each time step. Arrows indicate the trajectory of per-timestep mean token positions.
A smooth spectral gradient reflects coherent temporal encoding, while scattered colors
indicate weak temporal structure. V-JEPA 2 exhibits well-separated temporal clus-
ters with a coherent trajectory, demonstrating that its learned representations capture
meaningful physical dynamics, motivating its use as a supervision signal for video gen-
eration models. In contrast, CogVideoX-DiT suffers from “temporal jitter” and lacks
the global structural coherence of the World Model. (best view in color)

constraints such as support, contact, and motion consistency, or lose object per-
manence during brief occlusions. Despite each frame being visually sharp, these
temporal inconsistencies can make the underlying dynamics implausible.

In this paper, we frame this gap through the lens of Information Bottle-
neck [10]. For conditional video generation, the model must translate a compact
conditioning signal into a temporally extended sequence. A dynamics-aware so-
lution should prioritize representation capacity for aspects that remain predic-
tive across time, rather than focusing on incidental appearance variation. Ex-
isting work approaches this by incorporating physical inductive biases through

language priors [50,59], specialized vision encoders [((], or explicit, hardcoded
physics modeling [26, 29,53, 64]. We observe that latent predictive world mod-
els [2, 0] provide a concrete instantiation of this bias: by learning to predict

masked temporal latent structure from visible context, they produce represen-
tations organized around underlying dynamical patterns. This suggests a route
to strengthen diffusion generators without changing their sampling procedure:
using a predictive latent model as a source of dynamics guidance.

We introduce LDO (Latent Dynamics Optimization), a post-training frame-
work that uses a latent world model (instantiated as V-JEPA 2 [?]) to guide a
pretrained video diffusion model toward dynamics-consistent generation. LDO
provides guidance through two complementary perspectives. First, we distill tem-
poral structure into the diffusion model by aligning the relational geometry of
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intermediate diffusion features to V-JEPA 2 causally predicted dynamics com-
puted over temporal bins, using Gram-matrix matching to transfer structure
while remaining invariant to feature coordinates. Second, we optimize genera-
tion at the rollout level by treating the diffusion model as a stochastic policy and
applying group-relative policy optimization (GRPO) with the V-JEPA 2 predic-
tor as a dynamics critic. The critic scores groups of sampled videos by their
long-horizon predictability under a causal predictor, and the resulting reward
reinforces rollouts that remain temporally consistent.

Empirically, LDO delivers clear gains on established physics-oriented bench-
marks. On VideoPhy [5], LDO improves Physical Commonsense by +13.6 abso-
lute over the CogVideoX-5B base model while also increasing Semantic Adher-
ence (+2.6), indicating that stronger dynamics need not come at the expense of
prompt fidelity. On PisaBench [21], LDO reduces trajectory error and improves
shape/object permanence metrics, reflecting more accurate gravity-driven mo-
tion and fewer structural failures under occlusion and contact. Taken together,
these results suggest a simple but consequential message: world-structure is not a
missing “dataset problem,” but a missing “objective problem.” By using a frozen
predictive world model as a dynamics supervisor—without changing the diffu-
sion sampler—LDO offers a practical path for the community to convert today’s
visually impressive video generators into models that are also physically legible,
enabling more reliable simulation, editing, and embodied downstream use.

2 Related Work

Video Diffusion Models as World Simulators. Video generation has pro-
gressed from early frame prediction architectures to large-scale diffusion models
capable of synthesizing diverse, open-domain dynamics [, 55,57, 60]. Recent
works such as Sora [33] and COSMOS [!] have intensified interest in using gen-
erative models as “world simulators”™—systems that implicitly learn the underly-
ing causal laws of the physical world. However, emerging evidence suggests that
scaling alone may not be sufficient for true physical grounding: PhyWorld [19]
shows that even highly scaled diffusion models generalize poorly under out-of-
distribution physical conditions, while PISA [2/] demonstrates that post-training
on specific dynamics does not yield robust physical generalization. These results
suggest that current diffusion models act as correlational world mimics that
reproduce pixel-level regularities without internalizing underlying causal mech-
anisms. We argue this stems from the training objective that prioritizes local
denoising over long-range physical structure. Our work bridges this gap by shift-
ing the optimization focus from pixel fidelity to latent predictability, using a
predictive world model as a structural prior.
Physics Understanding in Foundation Models. Intuitive physics—the abil-
ity to make structured predictions about object motion and interaction [3, 7,
|—is a central goal in both cognitive science and video foundation models.
Both Simulation-based reasoning [I/, /7] and learning-centric approaches [52]
have been explored as pathways toward physical understanding. While bench-
marks like Physion [%], VideoPhy [°] evaluate human-like judgments, they con-
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sistently reveal a persistent physical gap in current systems. Recent evidence
from LikePhys [02] and PhysWorld [19] suggest that large-scale models often
rely on visual shortcuts, reproducing the appearance of motion without inter-
nalizing underlying causal constraints. This deficiency is further underscored
by studies [10, 03] showing that state-of-the-art models struggle with principles
like permanence and solidity, failing to capture the latent knowledge required
for accurate physical evolution. Even when models do capture relevant physical
properties, PhysVid [07] demonstrates that these latent representations are often
not efficiently utilized during synthesis. To bridge this gap, we propose treating
predictive stability as a proxy for physical grounding to steer diffusion toward
causally consistent dynamics.

Alignment for Diffusion Model. Scaling laws [20] have improved visual fi-
delity [19], but ensuring diffusion models follow structural representations and
human-centric values remains challenging. Representation alignment methods
impose structural priors by emphasizing spatial similarity over classification ac-
curacy (REPA [10,01]) and extend to physics-aware video generation (Vide-
oREPA [0(]). To address motion and geometric inconsistencies, existing work
either disentangles dynamics from appearance or enforces 3D coherence via ge-
ometric priors [7,51]. In parallel, preference-based methods steer models toward
subjective quality and adherence. For video, VideoDPO [25] and DenseDPO [5]
mitigate motion bias and improve fine-grained detail via localized preference
signals. Recently, GRPO-style training stabilizes RL training for diffusion and
flow-matching models through stochastic exploration [25,27,58]. Different from
these specialized directions—either hard-coding geometric constraints, disentan-
gling dynamics from appearance, or relying on human /heuristic preference sig-
nals—LDO uses a frozen predictive world model as a dynamics teacher and critic,
injecting a causal, time-predictive structural prior.

3 Why does Diffusion fail to learn world structures?
3.1 The Problem Statement

World structures refer to the patterned regularities in how the world appears
and evolves over time. In this paper, we view physical laws as a subset of
these structures and focus on the physically-plausible conditional video
generation task, where we train a model with parameters 6 that defines a
distribution pg(Y | C) over a target video Y, conditioned on a signal C (e.g.,
text, an image, or a partial video). The model is trained to sample Y ~ py(- | C)
such that the generated video adheres to relevant physical constraints.

3.2 An Information Bottleneck (IB) Perspective

What does “physics” mean in videos? We view each observed frame z; as a
rendering of an underlying, low-dimensional physical state s; (e.g., positions,
velocities, identities, contacts) and high-dimensional nuisance factors n; (e.g.,
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texture, lighting, camera noise). Then the physical state evolves over time from
St to sy via a transition function F' according to the true world dynamics:

oy = M(S¢,n4), Sep1 = F(s¢,ue), (1)

where u; denotes external inputs like actions or forces, and M denotes the ren-
dering map. Intuitively, for pg(Y | C), rather than “modeling pixels,” the model
must extract the underlying state s; while filtering out the non-causal noise n;.
This transforms the complex evolution of a video into a predictable trajectory
within a latent representation space.

To formalize what makes a “good” representation space for physics, we turn
to the IB principle [1(]. Suppose we learn a representation R = f(C) from
some context C. The IB principle characterizes a useful representation as one
that maximally compresses the input C' while preserving only the information
necessary to predict the target Y:

mfin I(R;C) — BI(R)Y), (2)

where I(.;.) denotes the mutual information and 8 > 0 is the tradeoff hyperpa-
rameter. For physically plausible video generation, the structure of the target Y
is governed by the underlying temporal evolution of the low-dimensional phys-
ical state sequence S = {s;}, distinct from the sequence of high-dimensional
nuisance factors N = {n;}. Crucially, if the nuisance factors are uninformative
about the future once the physical trajectory is known, we have the conditional
independence:

YU N|S. (3)

Under this assumption, encoding the nuisance N into R increases the compres-
sion cost I(R; C') without improving the predictive term I(R;Y"). Consequently,
the IB optimum discards the stochastic nuisance n; to favor a minimal sufficient
statistic aligned with the causal state s;.

What Diffusion/Flow-matching optimizes? Latent generative models (e.g., dif-
fusion [00], flow-matching [15]) learn a conditional distribution pg(Z | C') over
VAE [21] latents Z = Encyagr(Y). Abstractly, they minimize conditional cross-
entropy decomposable into an irreducible entropy and a KL divergence:

Epz0)[ —logpe(Z | C)] = H(Z | C) + Eyc) [KL(p(Z | C) [l po(Z | C))]. (4)

Crucially, VAE latents Z typically entangle physical states s and nuisances n.
Consequently, this objective acts as a standard conditional likelihood rather
than an IB-style bottleneck. In IB terms, Z fails to be a minimal sufficient
statistic; the high-entropy nuisance n inflates the irreducible term H(Z | C),
forcing the model to allocate capacity to stochastics H(n | C) rather than the
low-dimensional physical dynamics in s.
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What Latent World Models (V-JEPA) Optimize? In contrast, latent predictive
models like V-JEPA [2, (] bypass pixel-level reconstruction and actively avoid
modeling the full conditional entropy H(Z | C). Given a context region z. and a
masked target x;, V-JEPA employs an encoder E and a predictor P to minimize
the prediction error directly in the representation space:

min E[|[P(E(r.)) - sg(E o)) )

where sg(-) is the stop-gradient operation. Unlike likelihood-based models that
are forced to capture the irreducible nuisance entropy H(n | C'), this objective
only reinforces features that reduce the predictive uncertainty H(Z; | Z.). Be-
cause stochastic nuisances n; are unpredictable across the context-target gap,
attempting to predict them under an Lo loss merely yields their mean. To min-
imize variance, the encoder learns to map these noise dimensions to zero or a
constant, systematically discarding them.

In this way, JEPA acts as an implicit Information Bottleneck. Without a
pixel-level decoder, it is not driven to maximize mutual information with the
full pixel space, instead learning a minimal sufficient statistic of the causal state:

2 = B(x) = (s). (6)

This shifts the objective from matching a high-entropy rendered distribution
po(Z | C) to purely learning low-dimensional physical dynamics.

To qualitatively validate this representation gap, Figure 1 compares the la-
tent spaces of V-JEPA2 and a well-known diffusion model (CogVideoX [60]) for a
simple physical process (a ball undergoing parabolic motion trajectory). We ex-
tract foreground spatiotemporal tokens from V-JEPA2, alongside CogVideoX’s
VAE and denoising transformer spaces, projecting them via t-SNE [31] color-
coded by time (blue—red) with density contours and mean trajectories.

Under our established framework, if a model successfully discards the stochas-
tic nuisance n; to isolate the causal state s;, its temporal evolution should form
a smooth, predictable manifold (Z; & (s;)). Conversely, representations bur-
dened by irreducible nuisance entropy H(n | C) will exhibit noisy temporal
mixing. As shown, V-JEPA2 displays a highly coherent temporal gradient and
smooth progression. In contrast, the CogVideoX components exhibit severe tem-
poral entanglement and weaker global structure. This qualitatively reinforces
that predictive JEPA objectives naturally induce dynamics-aligned, minimal suf-
ficient statistics, whereas likelihood-driven models remain entangled with high-
entropy appearance factors.

4 Latent Dynamics Optimization (LDO)

The Information Bottleneck analysis highlights a clear dichotomy: while diffusion
models excel at modeling the full distribution of visual appearance, they lack
the inherent predictive bottleneck that forces latent world models to capture
structural dynamics. To bridge this gap, we introduce LDO (Latent Dynamics
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Fig. 2: Illustration of Predictive Dynamics Alignment (PDA). PDA distills
predictive physical dynamics into the generative model by simultaneously processing
input video frames through two parallel pathways. In the top generative path, the video
passes through a VAE Encoder and a Diffusion Transformer (DiT) to produce inter-
mediate spatiotemporal features. Concurrently, in the bottom teacher path, a frozen
V-JEPA Encoder maps the frames into a latent representation space divided into dis-
crete temporal bins. V-JEPA predictor network (P) iteratively forecasts future latent
bins based on past causal context, generating features that encode a strong under-
standing of physical dynamics. These predicted dynamics are then distilled into the
DiT’s intermediate features via a structure-level alignment (Gram matrix matching),
enforcing a causal dynamics bias within the diffusion model’s internal representations.

Optimization), a post-training framework designed to retain the high-fidelity
generative strengths of video diffusion while injecting a dynamics-centric bias
derived from a frozen V-JEPA2 teacher. Rather than forcing the diffusion model
to perfectly reconstruct the teacher’s latent space—which risks degrading visual
quality—LDO operates on the following two complementary levels.

4.1 Predictive Dynamics Alignment (PDA)

The first component, PDA, distills the causal prediction capability of a frozen
latent world model (V-JEPA 2 [2]) directly into the intermediate representations
of the diffusion transformer [37], as illustrated in Fig. 2.

Given a training video Y, the frozen V-JEPA 2 encoder £ produces patch
tokens h = £(Y) € RV*P | where N = Tyriq X Hgria X Wegria is the number of
patch tokens resulted from encoding Y with V-JEPA 2 encoder. Concurrently,
the diffusion transformer at a specific layer [ produces alignment features z,
projected to dimension D via a learnable MLP and spatially downsampled.

The temporal axis is partitioned into K equal bins of Ay = Tyyq/K steps
each. For each target bin k € {1,..., K — 1}, the frozen V-JEPA predictor P
receives context tokens from bins 0 through k — 1, a context mask ctx(®*), and
a target mask tgt®) for bin k. Given S = Hgrig X Wgria, the predictor outputs
target features representing its causal understanding of the physical dynamics:

h =p (h[o:k—1~ArS]vCtX(k)’tgt(k)) ' ™
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We use the relation distillation loss from [00] to align the Diffusion and V-

JPEA2 features. Let z and h denote the L2-normalized versions of the diffusion
alignment features and the V-JEPA predictor outputs, respectively, restricted
to valid temporal bins. We compute and match their Gram matrices (token-to-
token cosine similarities): GUf = z,. Z T G —h, -HT, where 7, e RS*P
are spatial tokens at frame ¢; Z € R(Tvana-S)xD the full spatiotemporal token set.
The PDA loss enforces this structural difference within margin m:

1 ) e

Tvalid

Lrpa = mean (ReLU (’G?iﬁ - GfrEd
¢

4.2 GRPO with Structure-aware Reward

While PDA aligns internal feature representations, the second component di-
rectly optimizes the generated output distribution py(Y | C) using Group Rela-
tive Policy Optimization (GRPO) [39], treating V-JEPA’s predictive capability
as a informative reward signal.

Reward Function. We use V-JEPA 2 [2] as a physics critic |13, 03]. Given a
generated video Y, a sliding window scheme is applied to extract W, a set of
overlapping clips. For each clip w € W, the frozen V-JEPA encoder £ processes
the first C' context frames, and the predictor P forecasts the tokens for the
remaining future frames. The reward r(Y") is the mean cosine similarity between
the predicted tokens and the actual target-encoded tokens:

1 1 w w
T(Y) = W w;‘} Ni Z COS (P (hpred)i ) htgt,i) (9)

pred ;

GRPO Optimization. For each conditioning prompt C, G videos are generated
via stochastic DDIM [11] (n > 0). The group-relative advantage for sample i is
calculated as: A; = %, where pg and og are the batch reward mean and
stddev. Advantages are clipped to [—cadv, Cadv]. For a randomly selected fraction

p of denoising steps, the policy gradient loss applies PPO-style clipping:

1

—m max (A; - pit, A; - clip(pie, 1 —€,1+¢€)), (10)

it

Lcrro =

where the importance ratio p; ; = exp (log T (xgi_)1 | xgi)) —log ﬂold(x§i_)1 | xti))>
is derived from the Gaussian transition density of stochastic DDIM:

ke — po(xe, )
20?2

d
logm(x¢—1 | x¢) = —logo: — b log(2m), (11)

with o, = n1/3;. Here,  controls DDIM noise injection (7 = 0 deterministic),

and f3; is the schedule-derived effective variance at step t.
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Fig. 3: Illustration of Group Relative Policy Optimization (GRPO) with V-
JEPA Causal Reward. Given a conditioning prompt, the Diffusion Policy Model
generates a group of G sampled videos. These generated videos are evaluated by a
frozen V-JEPA Physics Critic, which computes structure rewards (r1,...,re) based
on the causal predictability of the generated dynamics over sliding windows. Using
these rewards, Group Relative Gradient Optimization is applied—comparing the policy
model against a Reference Model—to calculate group-relative advantages. This directly
optimizes the generated output distribution, updating the diffusion policy to favor
dynamically coherent trajectories.

4.3 Unified Training Objective

Optimizing the dense V-JEPA distillation graph and the GRPO generation roll-
out simultaneously is infeasible due to GPU memory constraints. Therefore, we
design LDO as an interleaved training framework where the total loss at step n
is time-dependent:

EEZQM = Laiffusion + ALppa + 7(n)Larro (12)

During standard steps (y(n) = 0), the model optimizes only the diffusion and
PDA losses. Every m steps, v(n) activates to prioritize policy-gradient updates
(Larpo) for global dynamic coherence while staying within memory limits; full
objectives and scheduling details are in the supplement.

5 Experiments

5.1 Evaluation Settings

To evaluate our method’s ability to model world dynamics and physical com-
monsense, we conduct experiments on the VideoPhy [7] and PisaBench [21].
VideoPhy [7] assesses how well text-to-video models adhere to real-world
physical laws and commonsense reasoning. The benchmark comprises 344 text
prompts describing complex physical interactions across three categories: solid-
solid, solid-fluid, and fluid-fluid. We employ the automatic VLM-based evaluator
videocon_ physics [5] provided by the authors, which uses templated queries to
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Fig. 4: Qualitative comparison on VideoPhy. LDO better captures physics, pre-
serving state changes and support/contact dynamics compared to CogVideoX and
VideoREPA, which produce physically implausible outcomes—e.g., books sliding across
a glass table but unrealistically floating above the surface (top), or an apple hovering
mid-air instead of falling (bottom)—LDO maintains proper contact and support, keep-
ing the books sliding on the tabletop and the apple yielding to gravity.

compute Semantic Adherence (SA) and Physical Commonsense (PC) scores,
applying a binarization threshold of 0.5.

PisaBench [2/] evaluates a model’s understanding of fundamental physics—
specifically gravity—in an image-to-video setting. Given an initial image of a
suspended object, the model must generate a realistic sequence of the object
falling and interacting with the ground. The dataset contains 361 real-world
and 60 simulated dropping scenarios. Performance is measured against ground-
truth videos using three primary metrics: Trajectory L2 evaluates motion ac-
curacy by computing the average Euclidean distance between object centroids;
Chamfer Distance (CD) [!1] assesses shape fidelity by measuring the distance
between generated and ground-truth object masks; and Intersection over Union
(IoU) [37] tracks object permanence by calculating the overlap of segmentation
masks across frames. Frame masks are extracted using SAM 2 [30].
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Fig. 5: Qualitative comparison on VideoPhy with base model Wan2.2-T2V-
A14B. SRS denotes Self-Refining Sampling [10]. Our LDO better captures object
permanence (the stone example), and contact dynamics (the eraser example).
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Fig. 6: Qualitative comparison on PisaBench. LDO improves shape consistency
and physical realism over the baseline, eliminating artifacts like unnatural melting or
disappearing objects. In the 3rd row, LDO correctly predicts the object falling past
the table edge under gravity, whereas the baseline unnaturally melts the object.

5.2 Training Strategy

For VideoPhy, LDO is trained on OpenVid [3?], a large-scale open-world video
dataset, with videos resized to a resolution of 49 x 480 x 720. For the PisaBench
evaluation, we train LDO on their officially released training set of 5,000 object-
freefall videos, processed at a resolution of 32 x 256 x 256. For the Predictive
Dynamics Alignment (PDA) training, we use a batch size of 64 and set the
number of temporal bins to K = 4. Following [((], the representation alignment
is applied at the 18th layer of the diffusion transformer using a LoRA [17] rank
of 128. For GRPO training, we use a batch size of 8, a group size of G = 16, and
8 gradient accumulation steps. Candidate videos are generated using stochastic
DDIM |[11]. Classifier-free guidance is applied with scale w=6.0. Text prompt
embeddings are pre-computed via T5 and cached to disk, avoiding redundant
encoding across the G rollouts per prompt. The V-JEPA 2 critic processes each
generated video with a sliding-window scheme. Within each window, the first
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K=8 frames serve as encoder context under causal masking, and the predictor
reconstructs tokens for the remaining future frames. The reward for a video is
derived from the predictor’s reconstruction quality across all windows, serving as
a proxy for how well the generated dynamics conform to learned physical priors.
The reward model is frozen throughout training. At each training step, a random
fraction p=0.6 of the denoising timesteps is selected for gradient computation;
the remaining steps are skipped to reduce memory cost. We use a maximum
gradient norm of 1.0. Gradient checkpointing is enabled to fit the generation
and update stages within GPU memory. The V-JEPA critic utilizes the V-JEPA
2-ViT-G [?] architecture, computing reward scores with causal masking based
on 8 context frames, a window size of 16, and a temporal stride of 8. The model
is trained for 1 epoch. For evaluations on VideoPhy and PisaBench, we use
CogVideoX-5B [60] and Open-Sora [(7] as our base models, respectively. We
also include Wan2.2-T2V-A14B [3] as the base model in Fig. 5. All training is
conducted on 8 NVIDIA GH200 (120GB) GPUs.

5.3 Baselines

We compare LDO against a comprehensive suite of strong text-to-video and
image-to-video models. For general-purpose video generation, our baselines in-
clude Wan2.2 [1¢], MAGI-1 [15], VideoCrafter2 [12], Sora 3], Kling V1.5 [23],
Runway Gen3 [35], DynamiCrafter [77], Pyramid-Flow [!3], Open-Sora [(7],
DreamMachine [30], LaVIE [50], Cosmos-7B [I]|, and HunyuanVideo [27].

We also evaluate against physics-specific and domain-aligned models. On
VideoPhy, we compare against PhyT2V [70], WISA [19], PhysMaster [! 7], and
VideoREPA [(0] (a model specialized in aligning diffusion representations with
video self-supervised video models). On PisaBench, we compare against PISA’s
Supervised Fine-Tuning (PISA-psft) and Object Reward Optimization (PISA-
oro) baselines. Specifically, PISA-oro uses the segmentation reward [2/]. To en-
sure fair comparisons, we reproduce the results for VideoREPA and PISA models
using the exact same training settings as our method. We utilize the detailed
long prompts from [(6] to evaluate CogVideoX, VideoREPA, and our LDO.

5.4 Does LDO improve world structure understanding?

We test if LDO captures physical structure rather than memorizing appearances
by evaluate its handling of physical laws, causal interactions, and object perma-
nence over time using complex state changes and rigid body dynamics.

Physical Commonsense and State Changes. An analysis of the VideoPhy bench-
mark (Table 1) shows a measurable shift in physical accuracy. Compared to
the CogVideoX-5B base model, LDO achieves a +13.6 absolute increase in the
overall Physical Commonsense (PC) score. The data shows that the model par-
ticularly improves in categories requiring complex state modeling, yielding +20.0
PC in Fluid-Fluid and +14.7 PC in Solid-Solid interactions. Furthermore, this
structural grounding does not come at the expense of text-to-video fidelity, as
Semantic Adherence (SA) also increases by +2.6.
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Table 1: Quantitative evaluation on the VideoPhy benchmark. We compare
our model LDO-5B against recent state-of-the-art video generation models and physics-
specific baselines across different physical interaction categories. SA measures video-
text alignment, while PC evaluates adherence to real-world physical laws. Colored
subscripts indicate absolute performance changes relative to the CogVideoX-5B base.
LDO-5B consistently achieves the best results, yielding a substantial +13.6 improve-
ment in overall Physical Commonsense without compromising Semantic Adherence.

Methods Solid—Solid Solid—Fluid Fluid—Fluid Overall

SA T PCT SA T PCT SA T PCT SA T PCT
Wan2.2 [ 3] 52.7 13.9 71.9 17.8 67.5 30.2 63.5 18.1
MAGI-1 [15] 42.2 19.0 67.2 27.7 51.9 33.5 54.4 25.0
VideoCrafter2 [12] 50.4 32.2 50.7 274 48.1 29.1 50.3 29.7
DreamMachine [20] 55.1 21.7 59.6 23.3 58.2 18.2 57.5 21.8
LaVIE [50] 40.8 18.3 48.6 37.0 69.1 50.9 48.7 31.5
Cosmos-7B [!] - - - - - - 57.0 18.0
HunyuanVideo [27] 55.2 16.1 67.1 30.1 54.5 54.5 60.2 28.2
PhyT2V [1] 47.0 32.0 61.0 30.0 67.0 62.0 59.0 42.0
WISA [19] - B ) B - B 67.0 38.0
PhysMaster |1 7] - - - - - - 67.0 40.0
CogVideoX-5B [00] 62.2 19.6 75.3 33.6 70.9 60.0 69.2 32.0
VideoREPA-5B (0] 60.1 26.6 78.1 37.7 76.4 67.3 70.3 37.8

LDO-5B (ours) 62.9 (+0.7) 34.3 (14.7) 78.8 (+3.5) 43.8 (+10.2) 76.4 (45.5) 80.0 (+20.0) 71.8 (+2.6) 45.6 (+13.6)

Table 2: Quantitative evaluation on PisaBench. We compare our LDO against
leading commercial models and physics-specific baselines on both Real and Simulated
video sets. Performance is measured using L2 distance, Chamfer Distance (CD), and
Intersection over Union (IoU). Colored percentages denote relative improvements over
the PISA (psft) baseline. Our LDO achieves superior structural consistency and motion
accuracy compared to both foundational and physics-tailored models.

Method Real Videos Simulated Videos

27 CD | ToU T 127 CD | ToU T
Sora [ 1] 0.174 0.488 0.065 0.145 0.433 0.036
Kling-V1.5 [23] 0.155 0.424 0.058 0.135 0.401 0.031
Runway Gen3 [3] 0.187 0.526 0.042 0.160 0.485 0.039
CogVideoX-5B-12V [00] 0.138 0.366 0.080 0.107 0.303 0.020
DynamiCrafter [7)] 0.187 0.504 0.021 0.147 0.458 0.036
Pyramid-Flow [! 3] 0.175 0.485 0.062 0.128 0.367 0.054
Open-Sora [(7] 0.175 0.502 0.069 0.135 0.389 0.035
PISA-psft [2] 0.079 0.194 0.138 0.035 0.076 0.155
PISA-oro [21] 0.078 0.189 0.136 0.033 0.071 0.153
LDO (ours) 0.070 (+11.39%) 0.170 (+12.37%) 0.145 (+5.07%) 0.030 (+14.29%) 0.064 (+15.79%) 0.154 (-0.65%)

Qualitatively (Figure 4 and 5), these gains correspond to more accurate mod-
eling of causal interactions and support dynamics. In scenarios where baselines
produce physically impossible outcomes—such as books sliding across a glass
table while floating above the surface, or objects hovering mid-air without sup-
port—LDO maintains contact and gravity-consistent motion, keeping the books
grounded on the tabletop and the apple yielding to gravity.

Trajectory, Shape Consistency, and Gravity. We further assess rigid body dy-
namics and gravitational physics using PisaBench (Table 2). The results demon-
strate a reduction in trajectory and shape errors when LDO is compared with
both baselines. Against the strong PISA (psft) baseline, LDO reduces Trajectory
L2 error by 11.39% on real videos and 14.29% on simulated videos. Additionally,
it improves CD by up to 15.79%, indicating that the generated objects better
maintain their geometric boundaries throughout the sequence.
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Prompt: Bottle topples off the table.

CogVideoX

LDO
(Ours)

Fig. 7: Failure Case Analysis. Videos generated by LDO sometimes trade prompt
adherence for physical realism. While CogVideoX animates a spontaneously toppling
bottle (following the text but violating physics), LDO strictly enforces stability, gen-
erating a stationary bottle that avoids unphysical motion but ignores the prompt.

As shown in Figure 6, visually, these quantitative reductions in error corre-
spond to stricter object permanence. While baseline models frequently struggle
with structural degradation—causing falling objects to abruptly disappear or
melt unnaturally into the environment—LDO preserves shape fidelity. When an
object falls past a tabletop edge, LDO correctly anticipates the continued down-
ward trajectory driven by gravity, whereas baselines incorrectly depict the object
decelerating and landing on the table.

By combining these quantitative metrics and qualitative results, we find that
LDO goes beyond surface-level pixel consistency. By distilling the causal pre-
dictive priors of the world model, LDO successfully enforces structural world
dynamics and physical commonsense in the resulting video generation.

5.5 Ablation Studies

To validate the key design choices in LDO, we conduct ablation studies on the
VideoPhy benchmark, focusing on the individual contributions of our proposed
loss components.

Table 3: Ablation study  Contribution of Loss Components. LDO integrates

on LDO's loss. T world model priors via two complementary pathways:
Loss Type P structural feature alignment (PDA) and generation
Vanilla diffusion 69.2 32.0 ~ rollout optimization (GRPO). As shown in Table 3,

only PDA 72.4 39.2  each alone yields substantial improvements in phys-
only GRPO 70.6 404 .51 commonsense over the vanilla diffusion baseline.
All losses 71.8 45.6

PDA uniquely achieves the highest semantic adher-
ence, while GRPO provides a slightly stronger physics
prior. Together, their synergy results in the highest overall physical commonsense
score with only a negligible trade-off in text alignment. This confirms that simul-
taneously aligning internal representations and optimizing generative rollouts is
the most robust mechanism for enforcing physical laws.

5.6 Failure Case Analysis

While LDO significantly improves physics dynamics understanding, its strong
physics prior can occasionally introduce a tension between text-prompt adher-
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ence and physical realism. As illustrated in Figure 7, when given a prompt in-
structing a bottle to topple, the baseline CogVideoX model animates the bot-
tle falling spontaneously without any external force, thereby aligning with the
text but violating fundamental laws of inertia. In contrast, LDO recognizes that
a stable object on a flat surface should not topple without an applied causal
force. Consequently, it may over-optimize for structural stability and generate a
completely stationary bottle. This failure mode highlights that while LDO suc-
cessfully prevents unphysical, spontaneous events, its strict adherence to causal
dynamics can result in overly conservative generations that fail to execute user
instructions when explicit causal agents are missing from the text prompt.

6 Conclusion and Limitations

Bridging the gap between photorealistic video generation and structurally cor-
rect world dynamics remains a central challenge: modern diffusion models can
produce sharp frames yet still violate support, motion continuity, and object per-
manence, yielding physically inconsistent videos. We introduced LDO, a post-
training framework that uses a frozen predictive world model (V-JEPA2) as a
dynamics teacher and critic to inject causal structure into pretrained video dif-
fusion models without changing their sampling procedure. Across VideoPhy and
PisaBench, LDO improves physical commonsense, trajectory fidelity, and object
permanence while preserving generative quality—moving video generators closer
to being not only visually realistic, but physically grounded over time.

Our LDO relies on a frozen predictive world model (V-JEPA 2) to provide
both structural supervision and reward signals. As a result, the quality and
coverage of the learned dynamics are ultimately bounded by the capabilities of
the world model itself. If the world model fails to capture certain physical phe-
nomena or domain-specific dynamics, these limitations may propagate to the
diffusion model. However, our results show that even with a frozen teacher, the
predictive structure encoded in the world model provides a useful supervisory
signal that significantly improves the physical consistency of generated videos
without degrading visual fidelity. LDO may sometimes prioritize physical plau-
sibility over strictly following user instructions. Addressing this tension between
causal plausibility and instruction following remains an interesting direction for
future work, potentially through integrating language-aware reasoning or explicit
causal signals into the generation process.
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