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ABSTRACT

Recent diffusion-based video generation models can synthesize visually plausi-
ble videos, yet they often struggle to satisfy physical constraints. A key reason
is that most existing approaches remain single-stage: they entangle high-level
physical understanding with low-level visual synthesis, making it hard to gen-
erate content that require explicit physical reasoning. To address this limitation,
we propose a training-free three-stage pipeline, PhyRPR: PhyReason—PhyPlan—
PhyRefine, which decouples physical understanding from visual synthesis. Specif-
ically, PhyReason uses a large multimodal model for physical state reasoning and
an image generator for keyframe synthesis; PhyPlan deterministically synthesizes
a controllable coarse motion scaffold; and PhyRefine injects this scaffold into dif-
fusion sampling via a latent fusion strategy to refine appearance while preserving
the planned dynamics. This staged design enables explicit physical control dur-
ing generation. Extensive experiments under physics constraints show that our
method consistently improves physical plausibility and motion controllability.

1 INTRODUCTION

Diffusion-based video generation models have made progress, synthesizing high-fidelity, visually
compelling content. However, despite their visual realism, video diffusion models remain largely
correlation-driven: they exploit patterns in large-scale training data, rather than explicitly enforcing
physical constraints. As a result, they often fail in scenarios with clear physical constraints.

In image generation, a similar challenge arises: how to infer the deeper physical implications of a
prompt through reasoning. Prior methods address this via prompt enhancement or joint training that
couples VLM with diffusion models. While effective for images in some cases, directly extending
these strategies to video for physically consistent generation is often insufficient. Prompt enhance-
ment typically targets surface-level appearance and is too imprecise to encode temporal dynamics.
Training-based video approaches are extremely expensive, and without dedicated physics-aware an-
notations, models struggle to acquire generalizable physical commonsense through implicit learning.
Consequently, many video generators still rely on a single-stage denoising process where physical
reasoning is learned implicitly and entangled with visual synthesis. This entanglement makes gen-
eration hard to control when explicit kinematic constraints or grounded interactions are required.

To address this problem, we propose a training-free framework that decouples physical understand-
ing from visual synthesis via a three-stage pipeline PhyRPR: PhyReason—PhyPlan—PhyRefine. The
key idea is to separate what should happen from how it is rendered by exposing intermediate, phys-
ically meaningful representations. In PhyReason, we leverage a large multimodal model to infer
the underlying physical implications of the prompt and extract a sequence of physically key states.
These states are visualized as semantically consistent keyframes, together with object-centric masks
that provide explicit handles for subsequent control. In PhyPlan, we translate the discrete key states
into continuous motion trajectories and synthesize a coarse motion scaffold that explicitly encodes
object dynamics and interactions. In PhyRefine, we integrate this scaffold into diffusion sampling
through motion-aware noise-consistent latent fusion, so that the video model can refine details while
staying aligned with the planned dynamics. Overall, this design provides controllable generation
process that better satisfies kinematic constraints and physics-grounded interactions.

By combining LMM-based physical priors, deterministic planning tools, and the strong render-
ing capability of video diffusion models, our method forms a physically interpretable, training-free
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Figure 1: Samples produced by our method. (a-b) require physical priors, while (c—d) empha-
size motion constraints.PhyRPR (PhyReason— PhyPlan— PhyRefine) decouples physical reasoning
from rendering to better satisfy physical constraints while maintaining high-fidelity video quality.

video generation framework. It enables physically plausible generation as well as precise motion
control. Extensive experiments demonstrate that our approach achieves clear improvements over
existing methods in physical consistency, trajectory controllability, and overall visual quality.

2 RELATED WORK

Physics video generation. Recent video generation models (e.g., WanXWan et al| (2025), Cos-
mosAli et al.|(2025))) achieve high-fidelity synthesis, but often lack physical understanding. Physics-

centric benchmarks such as PhyGenBenchMeng et al| (2024) and VideoScience-BenchHu et al|

(2025)) show failures in physical consistency. Prior efforts improve plausibility via dynamics mod-

eling (2025)), physical alignment [Wang et al.| (2025)), verifiable rewards (2025),
or fine-tuning (VChain [Huang et al.| (2025))), but require large datasets or test-time training.

Unified Multimodal for Understanding and Generation. Large Multimodal Models (e.g., GPT-
4Achiam et al|(2023), GeminiTeam et al| (2023))) motivate unifying understanding and generation,

as explored in Show-dXie et al.| (2024), BLIP3-0Chen et al,| (2025), and extended to videos by
UniVideo (2025). However, training such unified video models is costly. We propose
a training-free paradigm, PhyRPR, which orchestrates off-the-shelf LMM reasoning, deterministic
coarse generation, and diffusion refinement to enable physics-constrained motion synthesis.

3 METHOD

3.1 PhyReason: VISUALLY GROUNDED PHYSICAL REASONING

To bridge textual physical understanding and video generation, PhyReason obtains visually
grounded key physical states via (i) a large multimodal model (LMM) for reasoning and (ii) a
high-quality single-frame image generator for synthesis. Given a user prompt P, the LMM gen-
erates a physically constrained state-transition prompt sequence {p; }©_,, focusing on key kinematic
moments (pivotal transitions and representative states) rather than uniformly sampling timestamps.

We further incorporate visual feedback for grounding. We first synthesize the initial keyframe I; =
Gro1(p1); for each milestone ¢ = 2,..., L, the LMM observes the previous keyframe I;_; and
outputs a refined editing instruction e;, which is executed by an instruction-guided editing model to
produce I; = Geait (I;—1, ;). Here, Grar denotes the text-to-image generator and Geqi¢ denotes the
instruction-guided image editing model. Finally, we parse keyframes in an object-centric manner
using an open-vocabulary segmentation model, extracting a binary mask M, j, for each dynamic
entity o,. Overall, PhyReason produces physically self-consistent keyframes and object states via
grounded reasoning, serving as guidance for downstream planning and refinement.
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Figure 2: Overview of our training-free three-stage pipeline PhyRPR: PhyReason, PhyPlan, and
PhyRefine. Stage 1 (see[3.T) outputs physically consistent keyframes and object states. Stage 2 (see
[3:2) uses an LMM to select motion primitives and parameters, and deterministically renders a coarse
motion video. Stage 3 (see[3.3)) applies motion-aware noise-consistent injection(NANC) to enforce
the planned kinematics while preserving visual coherence.

3.2 PhyPlan: PHYSICS-AWARE MOTION PLANNING

Given the consistent keyframes produced by PhyReason, PhyPlan converts discrete states into con-
tinuous trajectories and renders a coarse video to guide refinement. Given I;, M; ;, and the prompt
‘P, it outputs a structured motion script with per-entity motion semantics and key states:

A= {(Tk, {Si,k}iL:1) | o € O} . (1)
Here, O is the set of entities, 75 denotes the primitive type (e.g., Ballistic, Drifting, Linear), and
s*i, k= [r,y,5,7,a]" encodes position, scale, rotation, and opacity at milestone 7. We implement
a toolkit for trajectory synthesis. For each pair of states, we instantiate F 73, and fit parameters 6*
to satisfy boundary conditions. Let c * start and c * end denote positions; the trajectory is:

C(t) = ]:Tk (Cstart; Cend, T 9*) . 2)

Finally, we render trajectories into a coarse visual signal by composing transformed objects onto an
inpainted background. Let S; ;. be the per-frame state of entity oy; we warp M, ; and appearance
crop K j, to obtain My, then composite:

ch(ga).rse = B(t) © (1 - Mt) + Zk Ot,k' (3)

The coarse video V.oarse may be imperfect in texture but preserves topology and continuous trajec-
tories, providing strong spatiotemporal guidance for the next stage.

3.3 PhyRefine: MOTION-AWARE VISUAL REFINEMENT

The coarse video from PhyPlan provides a motion scaffold but lacks fine details. PhyRefine injects
this scaffold as a latent constraint during sampling to improve motion adherence while letting the
pretrained video model refine appearance. We downsample occupancy masks {M;} to the latent
resolution to obtain a broadcastable motion mask m, and encode V... into a reference clean latent
25f. We adopt the flow-matching interpolation path:

ze = (1 — 0)xo + 0¢, 4)

and at selected steps, given the current noisy latent z, and predicted velocity vg(x, o), we recover
the implied clean/noise components and perform noise-consistent injection:

€=1x,+ (1 —0)vy, (5

Fo = (1—m)do +may’,  Fo=(1-0)io+0é (6)

To = Ty — OV,

This replaces only the clean component inside the motion region while preserving the noise €, avoid-
ing global distribution shift. The sampler continues from z, (we apply injection in early steps, then
sample normally), yielding videos that are both trajectory-consistent and visually coherent.
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Figure 3: Qualitative comparison with baselines. We specify physical constraints via prompts or
arrow guidance. Our method generates videos that more faithfully satisfy the physical constraints.
VBench LMM-as-judge (1-5) User study (1-10)

Method

Physical Trajectory Temporal ~ Semantic
plausibility compliance consistency alignment

ali . ; , Text Physics Visual .
Quality Temporal Overall Overall alignment  plausibility quality Overall

WanX-T2V 59.79 95.78 83.78 2.95 2.50 3.10 2.15 2.68 6.00 5.51 6.92 6.14
WanX-T2V-Enhance ~ 54.23 91.94 79.37 345 3.05 3.73 3.23 3.36 6.45 5.55 6.82 6.27
WanX-12V 62.77 97.24 85.75 3.60 3.05 4.33 3.83 3.70 5.57 5.79 7.16 6.18
WanX-I12V-Enhance 60.88 95.26 83.80 3.85 3.63 4.45 4.13 4.01 6.18 5.99 7.49 6.56
LTX-Multi (-P) 59.59 97.54 84.89 3.65 3.88 4.10 4.00 391 6.32 5.86 6.02 6.07
SDEdit-style (-R) 61.66 97.71 85.70 3.55 343 4.38 3.95 3.83 6.13 6.01 6.93 6.35
PhyRPR (ours) 63.30 97.89 86.36 4.33 4.78 4.78 4.75 4.66 7.83 6.84 7.56 7.41

Table 1: We evaluate with VBench, LMM-as-judge, and User study. -P,-R denotes the ablation
setting without PHYPLAN and PHYREFINE.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Implementation Details. In PhyReason/PhyPlan, we use gemini-3-pro-preview as the
LMM and SAM3 [Carion et al.| (2025) for segmentation, and synthesize milestone keyframes with
Nano Banana Pro. In PhyRefine, we use Wan2 .2-I2V-A14B and perform training-free latent
fusion during denoising. We evaluate both T2V and I2V settings with 40 diverse scenarios (text-
only and image+prompt), using the same set for human evaluation, LMM-as-judge, and quantitative
comparisons; I2V includes descriptive motion control and arrow-guided control.

Baseline Settings. We evaluate Wan2.2-T2V-A14B / Wan2.2-T2V-Enhance on T2V, and
Wan2.2-I2V-A14B /Wan2.2-I2V-Enhance on all cases. All “~-Enhance” variants use the
same LMM-based rewriting to make physical/kinematic constraints explicit; for 12V, rewriting con-
ditions on the reference first frame and prompt.

Evaluation Metrics. We use VBench for generic video quality, and Gemini as an LMM-as-judge
(1-5) on Physical plausibility, Trajectory compliance, Temporal consistency, and Semantic align-
ment. We also run a user study with 12 participants (1-10) rating text alignment, physical plausibil-
ity, and visual quality.

4.2 BASELINES AND ABLATIONS

Table [T] reports quantitative results. 12V baselines generally achieve higher VBench scores than
T2V baselines due to the reference first frame, while prompt enhancement (“~-Enhance”) improves
constraint following (higher judge/user scores) at a small cost to VBench. Our method performs best
across all metrics. Qualitatively (Fig. [3), baselines often drift from prompt-specified trajectories or
confuse arrow directions, whereas our method follows the intended motion with better temporal
coherence and physical plausibility.

We further ablate PhyPlan and PhyRefine (Table [I)), where -P removes PhyPlan and -R removes
PhyRefine; all variants share the same PhyReason outputs. For -P-R, we use LTX-MultiHaCohen

(2024); for -R, we replace PhyRefine with an SDEdit-style refinement Meng et al|(2021) that

globally denoises a noised Voase Without selectively constraining motion regions.
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