MoReGen: Multi-Agent Motion-Reasoning Engine
for Code-based Text-to-Video Synthesis
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Figure 1. Samples generated from selected prompts in our dataset, MoReSet, using current commercial text-to-video models. Left: OpenAI’s Sora 2 [11];
Middle: Google DeepMind’s Veo3 [18]; Right: X AI’s Grok Imagine [49]. The first row illustrates failures in object counting and momentum conservation;
the second row highlights misinferred Newtonian forces; the third shows incorrect velocity and pressure computations. Even the most advanced text-to-video
models lack physical reasoning abilities and are unable to follow physics rules’.

Abstract

While text-to-video (T2V) generation has achieved remark-
able progress in photorealism, generating intent-aligned
videos that faithfully obey physics principles remains a core
challenge. In this work, we systematically study Newto-
nian motion-controlled text-to-video generation and eval-
uation, emphasizing physical precision and motion coher-
ence. We introduce MoReGen, a motion-aware, physics-
grounded T2V framework that integrates multi-agent large
language models (LLMs), physics simulators, and renderers
to generate reproducible, physically accurate videos from
text prompts in the code domain. To quantitatively assess
physical validity, we propose object-trajectory correspon-
dence as a direct evaluation metric and present MoReSet,
a benchmark of 1,275 human-annotated videos spanning
nine classes of Newtonian phenomena with scene descrip-
tions, spatiotemporal relations, and ground-truth trajecto-
ries. Using MoReSet, we conduct experiments on existing
T2V models, evaluating their physical validity through both
our MoRe metrics and existing physics-based evaluators.
Our results reveal that state-of-the-art models struggle to
maintain physical validity, while MoReGen establishes a
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principled direction toward physically coherent video syn-
thesis.

1. Introduction

Generative Al has gained unparalleled momentum in recent
years, with text-to-video (T2V) models emerging as one of
its most intuitive and rapidly advancing applications. These
systems translate natural language prompts into rich visual
narratives, powering both creative and scientific domains
through automated video synthesis [9, 12, 32, 46, 48]. De-
spite remarkable progress in visual fidelity, existing T2V
approaches remain predominantly appearance-driven rather
than physics-grounded. They frequently generate videos
that appear realistic yet violate fundamental principles of
motion, dynamics, and causality, revealing a critical gap
between visual realism and physical plausibility. Address-
ing this gap requires generative systems that reason about
motion and obey physical constraints, not merely replicate
static visual patterns (see Figure 1).

In this paper, we introduce MoReGen, a multi-agent
motion-reasoning engine that redefines text-to-video gener-
ation through a motion-aware physics-grounded framework
in the code domain. MoReGen unifies multi-agent large
language models (LLMs), physics simulators, and render-
ing engines to generate reproducible and physically accu-
rate videos directly from textual descriptions (see Figure 2).
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Figure 2. Overview of our multi-agent motion-reasoning engine (MoReGen) for physics-grounded text-to-video synthesis. MoReGen focuses on achieving
high-precision Newtonian motion through coordinated multi-agent reasoning. Given a natural language prompt, the zext-parser agent Ajex extracts physical
parameters and motion descriptors, which are then translated into executable simulation code by the code-writer agent Acoger- The resulting code is
executed within a sandboxed video-render agent Aenger to produce a physically plausible video. This video serves as the basis for evaluator feedback,
guiding enhancements in code robustness and physical fidelity for subsequent iterations. By leveraging open-source LLMs, few-shot tuning of Aex; and
multi-modal evaluator, MoReGen enables accurate and reproducible Newtonian motion synthesis from natural language instructions.

In contrast to conventional diffusion-based pipelines that
rely on probabilistic denoising, MoReGen directly gener-
ates executable code for physics simulators and rendering
engines, enabling the synthesis of Newtonian motion dy-
namics from natural language instructions via a coder LLM
agent. To ensure both physical validity and motion co-
herence, MoReGen employs an iterative multi-agent feed-
back loop, where motion-understanding models assess tem-
poral consistency and dynamic plausibility, while vision-
language models (VLMs) evaluate semantic and visual
alignment. This interplay among agents fosters context-
aware refinement, leading to video generations that are si-
multaneously physically consistent and visually faithful.

Recent advances in T2V have been largely driven by
vision-transformer-based architectures. Researchers have
extended pre-trained image diffusion backbones by inflat-
ing 2D transformers into 3D modules to integrate temporal
dynamics [4]. Similar to the ongoing “arms race” in LLMs,
the dominant paradigm emphasizes architectural scaling
through massive datasets and high-cost computational re-
sources [27]. While this approach has undeniably improved
visual quality, with larger models consistently producing
high-fidelity, intent-aligned videos from natural language
prompts, their success remains primarily superficial [14].

Recent evaluation efforts [1, 20, 35] have revealed that,
despite impressive aesthetics, most T2V systems still fail
to reason about physical reality. Generated videos exhibit
spatial and temporal inconsistencies, along with physically
impossible motion trajectories [24]. The purely data-driven
design of transformer-based architectures dictates that op-
timization favors pattern memorization over causal reason-
ing. Instead of inferring the underlying laws that govern
motion, these models reproduce statistical correlations in
the training data, producing outputs that mirror what was
seen rather than reasoning about what should occur [17, 29].
The problem becomes particularly pronounced under out-
of-distribution (OOD) prompts, where generated videos de-
viate sharply from physical reality as Figure | shows.

A parallel limitation arises in evaluation methodology.
Most existing T2V models rely on appearance-based ob-

jectives such as Fréchet inception distance (FID) [51] and
Fréchet video distance (FVD) [44] to assess performance.
While these metrics quantify the distributional similarity of
generated pixels to ground-truth data, they provide no in-
dication of whether the generated videos obey underlying
physical laws or maintain temporally coherency. As a re-
sult, researchers have turned to human-based evaluations
[7, 9]; however human perceptual judgments are inherently
qualitative and insufficient for evaluating precise physical
relationships, limiting their utility in domains where quan-
titative accuracy is essential [8, 36, 43]. Although recent
studies acknowledge this gap, explicit modeling of physi-
cal validity remains largely unexplored. Existing physics-
informed evaluation methods rely on scene reconstruction
metrics such as peak signal-to-noise ratio (PSNR) [28],
which overlook temporal consistency, or on distributional
statistics such as semantic adherence [6] and average Jac-
card [1] derived from fine-tuned data encoders [35], which
are themselves vulnerable to OOD failures.

To address these challenges, MoReGen introduces a
paradigm shift toward physics-aware, motion-centric gen-
erative modeling. Beyond generating visually plausible
videos, MoReGen enforces dynamic coherence, physical
validity, and semantic alignment through the interaction of
reasoning agents and physics simulators. The framework
employs a multi-agent generative architecture in which a
text-parser agent converts natural language descriptions into
structured physical specifications, a code-writer agent trans-
lates those specifications into executable simulation code,
a renderer agent generates motion-consistent videos under
a physics simulator and a evaluator that analysis gener-
ated videos using temporal trajectories, VLMs and LLMs.
The text-parser is supervisedly fine-tuned on phenomenon-
specifics datasets to learn robust mappings between linguis-
tic cues and physical parameters. This modular, feedback-
driven design enables MoReGen to synthesize dynamically
coherent and physically faithful motion sequences that can
be quantitatively evaluated.

To quantitatively assess physical validity, we further pro-
pose object-trajectory correspondence as a direct evalua-



tion metric. Complementing this, we introduce MoReSet,
a benchmark suite compromising 1,275 videos across nine
canonical classes of Newtonian phenomena. Each video
is human-annotated with descriptions and ground-truth ob-
ject trajectories. To our knowledge, no existing dataset pro-
vides such a detailed pairing of physically grounded anno-
tations with rendered videos. For our experiments, in addi-
tion to adopting the physics-based and data-centric metrics
proposed by [1] and [7], we introduce new motion-centric
measures, called MoRe Metrics that explicitly quantify tra-
jectory fidelity and physical coherence. Through extensive
experiments, we show that MoRe metrics provide a faithful
quantitative assessment of physical validity, whereas con-
ventional data-centric metrics fail to capture the motion-
level physics accuracy in generated videos. Our key con-
tributions are summarized as follows:

* We propose MoReGen, a multi-agent text-to-video gener-
ation pipeline that directly produces executable code for
physics engines, synthesizing physics-grounded videos of
Newtonian motion from natural language instructions.

* We design a modular multi-agent coding and render-
ing framework that transforms natural language into ex-
ecutable Newtonian simulations, enabling reproducible
and physically valid video generation.

* We introduce MoReSet, a benchmark suite containing
1,275 videos demonstrating nine fundamental Newtonian
physics, each paired with detailed scene annotations and
ground-truth object motion trajectories.

* We develop and apply MoRe metrics, a novel motion-
centric evaluation metric that reveals a critical research
gap between trajectory fidelity and physical coherence in
current T2V models, offering a principled foundation for
physics-based generative evaluation.

2. Related Work

We review recent research on T2V models and evaluation,
emphasizing why data-centric architectures and aesthetics-
focused metrics fail to ensure or measure the physical va-
lidity. We also highlight the unique advantage of our frame-
work and evaluation over traditional approaches.

2.1. Transformer-based Video Generation

Breakthroughs in denoising diffusion probabilistic models
(DDPMs) [22] and transformer architectures [45] have rev-
olutionized video generation. The former enabled realistic
synthesis of realistic videos from Gaussian noise [41], while
the latter introduced scalable modeling principles that im-
prove generalization with increasing data and compute [14].
As a result, diffusion-based transformer (DiT) architectures
[37] have come to dominate both industry and academia,
setting new standards in open-source generative video mod-
eling [21, 23, 46, 54]. Despite their success in visual fi-
delity, DiT-based models exhibit several fundamental lim-
itations. Their dependence on massive datasets and high-

cost computational infrastructure makes large-scale training
inaccessible to most researchers, where limited resources
pose a significant barrier [38]. More critically, these mod-
els remain appearance-drive rather than physics-aware, they
lack an understanding of motion dynamics and physical
causality because of their memorization of their training
distributions [3, 25]. When confronted with OOD scenar-
ios, they often produce visually compelling yet physically
implausible videos [20], revealing a persistent disconnect
between aesthetic realism and genuine physical reasoning
[6]. This limitation stems from the inductive biases inherent
to transformer architectures, which favor statistical pattern
memorization over grounded physical modeling and hinder
their generalization beyond the training distribution [50].

2.2. Physics-aided Generation and Evaluation

Recently, video generation research has begun shifting from
purely data-centric and aesthetic alignment approaches to-
wards physics-informed modeling, recognizing that physi-
cal laws inherently govern spatial and temporal dynamics in
all videos. Bastek et al. [8] proposed a framework that in-
corporates domain-specific physical guidance into diffusion
backbones; Liu et al. [30] used simulators to generate mo-
tion based on video priors, and Zhang et al. [53] employed
LLMs to penalize physically implausible outputs. Lv et al.
[33] further advanced this direction by integrating LLM-
based planning and simulation to condition diffusion mod-
els to enhance motion validity. While these efforts repre-
sent meaningful progress toward realism, they remain con-
strained by the limitations of diffusion backbones, which
lack explicit causal reasoning and struggle to maintain full
physical consistency. To better evaluate such physics-aware
models, several benchmarks and metrics have been intro-
duced. Kang et al. [25] introduced a 2D simulation testbed
for assessing object movement and collisions; Bansal et al.
[6] proposed VideoPhy, a benchmark evaluating physical
validity through physical commonsense reasoning; and Guo
et al. [20] presented T2VPhysBench, where human evalu-
ators assess model adherence to twelve core physical laws.
Although valuable, these approaches often rely on LLM-
or VLM-based captioning and scoring pipelines, which in-
troduce risks of hallucination, bias, and lack of grounded
understanding, limiting their quantitative reliability.

In this paper, we address these challenges through
MoReGen, a physics-grounded video generation frame-
work that integrates reasoning agents with simulation en-
gines to ensure physically coherent synthesis. Complement-
ing it, we introduce MoReSet, a benchmark capturing a
broad spectrum of Newtonian phenomena with dense anno-
tations of motion trajectories and spatiotemporal relations.
Together with MoRe Metrics, a suite of motion-centric eval-
uation metrics grounded in physical trajectory, our frame-
work establishes a principled approach to both generating
and evaluating physics-valid T2V models.



3. Introducing MoReGen

The MoReGen framework is designed to achieve physics-
precise T2V generation by explicitly modeling Newtonian
motion through multi-agent collaboration. Given a natu-
ral language prompt, MoReGen produces executable sim-
ulation code that accurately represents the Newtonian dy-
namics. MoReGen consists of three cooperative agents and
an evaluator: a fext-parser agent Ay, a code-writer agent
Acoders @ video-render agent Agenger and multi-component
evaluator £ (see Figure 2). All three agents are LLM-
based (Qwen in our case). As illustrated in Algorithm 1,
Aext parses the raw description into a structured Newto-
nian specification, and Aoqer converts this specification into
executable physics simulation code, which is run inside a
sandboxed environment to obtain object configurations and
trajectories. Aenger then produces a rendering script that
consumes these trajectories to generate the video and the
evaluator iteratively refines the video by providing feedback
to Acoder- By leveraging the reasoning and code-generation
capabilities of LLMs, MoReGen can generate high-fidelity
Newtonian motion videos that are physically consistent, re-
quiring only few-shot training Aqex;.

3.1. Supervised Fine-Tuned Text-Parser Agent

Given a free-form textual description of a Newtonian phe-
nomenon z (e.g., “a ball is launched at 45° with velocity
10m/s”), the text-parser agent Ay (green block in Fig-
ure 2) produces a structured simulation specification con-
taining all required objects, parameters, and initial condi-
tions. This task is challenging because (1) natural-language
descriptions are often incomplete with missing parameters
and conditions that are not explicitly stated, and (2) differ-
ent physical processes rely on distinct governing variables—
such as ramp inclination for slope, and launch veloci-
ties for projectiles. Without explicit supervision, generic
prompts rarely specify sufficient constraints, leading un-
trained LLMs to merely infer physical parameters and gen-
erate incomplete or inconsistent representations.

To provide precise supervision for training, we first con-
struct a phenomenon-specific structured schema for each
class of Newtonian motion. These schemas serve as the
target output format during supervised fine tuning (SFT)
and specify (1) valid parameter ranges and physical units,
(2) the essential physical entities (e.g., objects, anchors,
constraints), (3) geometric and mechanical consistency re-
quirements, and (4) physically coherent initial conditions.
Each schema is instantiated through a task-specific prompt,
which reliably produces high-quality structured specifica-
tions from raw textual descriptions. All generated outputs
are manually validated to ensure physical correctness, pa-
rameter consistency, and conformity to the schema; the re-
sulting (text, specification) pairs form the SFT training data.

We adopt SFT to enable Ay to internalize the mapping

from natural language to structured physics specifications,
instead of relying on the task-specific prompts or schema
templates. After fine-tuning, the agent no longer requires
phenomenon-specific prompts: a single general instruc-
tion suffices to generate complete and physically consistent
specifications across all phenomena. During training, the
model learns lightweight linguistic reasoning rules (e.g., in-
terpreting “first two balls” or “pushed from the right” into
object indices and force directions) and acquires the abil-
ity to infer missing parameters while avoiding hallucinated
values. We fine-tune Qwen2.5-Coder-14B [40] on 1200 cu-
rated text—specification pairs using AdamW (learning rate
1 x 1079) for five epochs. The model is optimized with
supervised next-token loss:

IS|
Lsir = —Es)op | D logpo(Si |2, 8<) |, (1)

t=1

where S is the target structured specification paired with
input description x sampled from all training pairs D.

The fine-tuned model thus generates complete and phys-
ically coherent structured specifications, even under under-
specified or diversely phrased descriptions. These struc-
tured outputs then serve as the authoritative input for subse-
quent code synthesis and video rendering.

3.2. Code-Writer and Video-Render Agents

The middle stage of our pipeline (blue block in Figure 2) is
responsible for converting the structured specification into
an executable physics simulation and a rendered video. This
stage is implemented by the code-writer agent A.qger, Which
synthesizes the simulation code, and the video-render agent
Aender Which generates the rendering script and produces
the final video from simulated trajectories.

Code-Writer Agent (Acoder)- The code-writer agent re-
ceives the structured specification from Ay as input and
generates executable simulation code C; that simulates the
underlying Newtonian motion process. The code is based
on a unified prompt that provides a general Python class
framework defining the key simulation components, includ-
ing space initialization, object creation, constraint setup,
and simulation loop. Within this framework, the agent
reads each field from the structured specification, assigns
corresponding numerical parameters, and selects appropri-
ate open-source physics engine APIs to instantiate bodies,
shapes, and constraints. The generated code saves all object
configurations and records the system states at every simu-
lation step At, including position, velocity, and orientation,
forming a complete temporal trajectory for each object.
By leveraging such physics engines (e.g. Pymunk [39],
Blender [10] or Manim [34]), the generated code models
Newtonian motion physics precisely, ensuring that the re-
sulting simulation adheres to real-world mechanics rather
than statistical approximations.



Algorithm 1 MoReGen Pipeline

Require: Raw text prompt x
Ensure: Rendered video v; and telemetry T
1: Text Parsing
S + Aiexi(x) // produce structured specification
: Code Synthesis
Cy + Acoder(S) 1/ generate physics simulation code
: Physics Simulation in Sandbox
. /* get scene C and trajectories 7 from simulation */
(C,T) + Simulate(C})
: Video Rendering
vt <= Arender(C, T) //render video from simulation
. return vy, T

R e A A T

=

Video-Render Agent (Apender). The rendering agent ex-
ecutes the code C; within a sandboxed environment and
produces two synchronized outputs: (1) telemetry data
recording each asset’s spatial position, velocity, and ori-
entation over time; (2) rendered video v, that visually de-
picts the simulated motion. The rendering stage is jointly
synthesized by Aenger through a single general-purpose
prompt, requiring no task-specific adaptation. Since visu-
alization essentially involves reconstructing simulated ge-
ometries and replaying state trajectories, the same render-
ing logic generalizes naturally across all physical phenom-
ena. The generated module employs pygame—which in-
tegrates seamlessly with Pymunk—to interpret the simula-
tion configuration, rebuild scene geometry, and replay the
recorded object states in real time. This unified rendering
pipeline produces videos v that not only reproduce the sim-
ulated Newtonian motion with high temporal and spatial fi-
delity but also ensure visual coherence across diverse mo-
tion types. Besides, this decoupled design between trajec-
tory generation and video rendering allows the framework
to be easily extended to more realistic 3D rendering engines
such as Unreal Engine, Blender, or Unity, enabling future
integration with photorealistic simulation environments.

3.3. Evaluator Design

We introduce a multi-iteration refinement process for
MoReGen to enhance the robustness and physical fidelity
of the generated code and video. The evaluator (colored
purple in Figure 2) analysis output videos (v;) and provide
feedback to A.qger to guide the refinement process. First, we
detect object locations in the video using GroundedDINO
[31] informed by object descriptors extracted from Aey.
These locations guide CoTracker3 [26] to estimate normal-
ized object trajectories 7.5, after which an LLM (Qwen in
this case) evaluates the similarity and divergence from tra-
jectory 7 obtained from simulation process. We also use
Qwen2.5-VL [2] to assesses the video from two perspec-
tives: physical plausibility based on a set of physics rules,
and alignment with the intended prompt x. Finally, we use

LLM to synthesize feedback F by summarizing trajectory
alignment, physical correctness, and prompt fidelity:

F = LLM (“Summarize”, < LLM (“Traj”, Test, T ), ()
VLM (“Phys”,v), VLM (“Intent”, vy, ) >).

This data is provided to Acoger to guide improvements in
both code generation and video synthesis for next iteration.

4. Experimental Design and Results

This section presents the MoReSet benchmark and MoRe
metrics, a trajectory-centric evaluation framework quanti-
fying the physical validity of generated videos beyond vi-
sual realism. We demonstrate that existing benchmarks and
metrics fail to capture fundamental Newtonian principles
and show that MoReGen consistently preserves both user
intent and underlying physical relationships. Finally, we
conduct ablation studies to assess the contribution of fine-
tuning, model scale, and evaluator feedback to the physics
accuracy of generated videos.

4.1. MoReSet Benchmark

We introduce MoReSet, a novel open-source benchmark for
evaluating T2V models through the lens of physics fidelity.
The dataset comprises of 1,275 videos spanning nine funda-
mental categories of Newtonian physics experiments: grav-
ity, acceleration, collision, oscillation, momentum, buoy-
ancy, inertia, pendular motion and pulley mechanics. The
training set includes 1,200 Blender-generated simulations
each paired with a free-form textual description and a high-
quality structured JSON specification S capturing complete
physical parameters. The test set includes 75 real-world
laboratory videos, each human-annotated with: a natural-
language description detailing the scene composition, phys-
ical relationships between objects and their environment,
and chronological dynamics; object-level labels and envi-
ronmental attributes; and the camera perspective. To enable
precise motion-based evaluation, every test video is anno-
tated with key object identities and full pixel-level trajec-
tories, extracted automatically via CoTracker3 [26], super-
vised and corrected by human annotators. Figure 3 shows
representative samples, and Table ?? compares MoReSet
with existing benchmarks for physics-enabled T2V model
evaluations. Unlike prior datasets that target limited physics
scenarios or rely on synthetic motion heuristics, MoReSet
offers broad physical coverage and explicit trajectory an-
notations, providing a standardized testbed for quantitative,
physics-grounded T2V evaluation.

4.2. Evaluation Metrics

Existing physics-aware metrics remain inadequate for as-
sessing physical validity, as they emphasize perceptual sim-
ilarity or in-distribution priors over causal motion accuracy.
MoRe Metrics. Pixel-level similarity metrics (FID, FVD,
PSNR, and LPIPS) or latent-space features from pretrained



A simple pendulum consists of a 226 g steel bob suspended by a light, inextensible 34 cm string
from a fixed point 86 cm above the ground. The bob is initially displaced to the right, forming a 45-
degree angle with the vertical, and released without initial velocity. It undergoes periodic motion in a
circular arc under gravity (g = 9.8 m/s*2).

Figure 3. Sample frames and corresponding text prompts from our MoRe-
Set dataset. Each image (extracted from videos) illustrates a distinct New-
tonian physics phenomenon. The provided annotation for the pendulum
corresponds to the rightmost video in the second row, with highlighted text
emphasizing the numerical relationships depicted in the scene.

Table 1. Comparison of object motion trajectories across state-of-the-art
T2V models, evaluated using MoRe metrics. To ensure comprehensive
object coverage, the initial object detection stage was manually supervised
by a human annotator. For objects that did not appear in videos, a random
pixel is selected. DTW-N stands for normalized DTW distance, where
trajectories are first centered and then scaled down to unit arc length. All
videos are downsampled to 480p resolution at 10 frames per second. Bold
text indicates best performance.

MoRe Metrics
T2V Models DIW | DTW-NJ] _ Procrustes |
Wan2.2-TI2V-5B [46] | 17.18 £ 1588 0.10 £0.09  0.65 £ 0.26
LTXV-2B-Distilled [21] | 16.99 £ 16.05 0.11£0.11 071 £0.28
CogVideoX-5B [23] 1294 £ 1356 0.09 £0.08  0.62+0.26
Veo3 [18] 1335+ 1296 0072006 0.57 +£027
Grok [49] 13.00 = 11.58  0.08 £ 0.08  0.55 & 0.31
Sora2 [11] 1121 £ 1276 0.08£0.07  0.55 = 0.30
NewtonGen [52] 17.88 &£ 14.04  0.11+0.09  0.62 & 0.34
WISA [47] 1267 £922 0094008 068 =+ 0.27
MoReGen (Ours) 893+£9.61 006007 048+ 0.30

video encoders (Trajan, VideoPhy) are previously used to
evaluate generated videos. Inspired by the recent suc-
cess of point-tracking models [15, 16, 26], we propose
MoRe metrics, a trajectory-based suite comprised of dy-
namic time warping (DTW), Normalized DTW (DTW-N)
and Procrustes Analysis. These metrics directly measure
the trajectory fidelity of key objects in motion. Given a
structured specification S, we identify the key object in mo-
tion, localize it in the initial frame via text-grounded object
detection, and tracks its trajectory throughout the video. We
then compute: (1) DTW [42] to align estimated trajectories
with ground-truth sequences of varying temporal lengths
by projecting them into a non-linear space; (2) DTW-N to
normalize distance across clips of different scales and du-
rations; and (3) Procrustes Analysis Score [19] to assess
geometric and structural alignment between predicted and
ground-truth trajectories.

Data-Driven Physics Metrics. To maintain comparability
with community baselines, we also report results using two
state-of-the-art physics-based evaluation frameworks from
Trajan [1] and VideoPhy2 [6]. Trajan employs a point-track
autoencoder trained to reconstruct spatiotemporal trajecto-
ries from BootsTAP [13], reporting average Jaccard (AJ)

and Occlusion accuracy (OA) to measure temporal consis-
tency and object visibility, respectively. VideoPhy2 pro-
vides Semantic Adherence (SA) and Physical Common-
sense (PC) scores via its AutoEvaluator, a pretrained video-
language model tuned on VidCon [5] for physics under-
standing.

Together, these methods allow us to evaluate not only vi-
sual fidelity and semantic alignment but also the underlying
physical coherence of generated sequences.

4.3. Evaluation with MoRe Metrics

To capture the breadth of model capabilities, we evalu-
ate three categories of T2V models using MoRe metrics
on MoReSet test prompts: (1) medium-sized open-source
models (Wan2.2 [46], LTX Video [21] and CogVideoX
[23]), representing academically driven, general-purpose
T2V approaches; (2) large-scale commercial models (Veo3
[18], Sora2 [11] and Grok Imagine [49]), reflecting the
current state-of-the-art; and (3) physics-based models that
support text-only input (NewtonGen [52] and WISA [47]),
used as a baseline for comparison with MoReGen to expose
their limitations and underscore our superior physics con-
sistency. All models are evaluated using identical prompts
from the MoReSet test set. As seen in Table 2, MoRe-
Gen outperforms existing state-of-the-art T2V engines by
a large margin, indicating better alignment with ground
truth object trajectories. These results align with qualita-
tive analyses and human observations, enabled by the inte-
gration of a physics engine that produces realistic, phys-
ically accurate object motion. Additionally, we observe
that while commercial T2V engines significantly outper-
form smaller models in visual aesthetics and overall qual-
ity, this advantage does not extend to motion trajectory ac-
curacy. Notably, CogVideoX-5B and WISA, both of which
are medium-sized open-source model, achieves comparable
performance to OpenAI’s Sora2 [11] when evaluated using
MoRe metrics. Similarly, NewtonGen and Wan2.2 exhibit
comparable accuracy—an expected outcome given that New-
tonGen and WISA are derived from Wan and CogVideo.
This suggests that their approach to fine-tuning existing
T2V models for physics validity is ineffective. Another
notable observation is the poor stability of existing mod-
els when prompted with varying physics principles, as ev-
idenced by large standard deviations in their performance.
This variability suggests an imbalance in their training data,
with different models excelling in different physical do-
mains. In contrast, MoReGen maintains consistent perfor-
mance across principles, owing to its rule-driven design and
physics-grounded generation pipeline.

4.4. Evaluation with Data-Driven Physics Metrics

We further evaluate MoReGen and competing models on
the MoreSet test set using data-driven physics metrics
adopted from Trajan and VideoPhy2, to reveal their lim-



Table 2. Comparison of object motion trajectories across state-of-the-art
T2V models, evaluated using MoRe metrics. To ensure comprehensive
object coverage, the initial object detection stage was manually supervised
by a human annotator. For objects that did not appear in videos, a random
pixel is selected. DTW-N stands for normalized DTW distance, where
trajectories are first centered and then scaled down to unit arc length. All
videos are downsampled to 480p resolution at 10 frames per second. Bold
text indicates best performance.

MoRe Metrics
T2V Models DTW ] DTW-N] — Procrusies |
Wan2.2-TI2V-5B [46] 17.18 + 15.88 0.10 £ 0.09 0.65 £ 0.26
LTXV-2B-Distilled [21] 16.99 + 16.05 0.11 £0.11 0.71 £0.28
CogVideoX-5B [23] 12.94 + 13.56 0.09 £ 0.08 0.62 4+ 0.26
Veo3 [18] 13.35 + 12.96 0.07 £ 0.06 0.57 £0.27
Grok [49] 13.00 + 11.58 0.08 £ 0.08 0.55 + 0.31
Sora2 [11] 11.21 £ 12.76 0.08 £+ 0.07 0.55 £+ 0.30
NewtonGen [52] 17.88 £ 14.04 0.11 £ 0.09 0.62 + 0.34
WISA [47] 12.67 +9.22 0.09 + 0.08 0.68 4+ 0.27
MoReGen (Ours) 8.93 + 9.61 0.06 £+ 0.07 0.48 + 0.30

itations. As shown in table 3, both frameworks fail to
provide reliable assessments under OOD conditions, con-
sistently assigning lower scores to our simulator-rendered
videos due to their divergence from the metrics’ training
distributions. Trajan fails to capture either motion correct-
ness or perceptual realism as it awards disproportionately
high scores to low-fidelity models such as LTX video that
struggle to generate objects that even loosely resemble the
user prompt, let alone produce accurate motion. The per-
formance of LTX video according to this metric even sur-
passes larger commercial models (Veo3, Grok Imagine) that
exhibit clearer physical plausibility. For VideoPhy2, the Se-
mantic Adherence (SA) metric strongly correlates with vi-
sual quality rather than physical validity, ranking visually
appealing but physically inconsistent models, namely Sora
2 and Grok Imagine, highest. While the Physical Com-
monsense (PC) metric better reflects actual dynamics, cor-
rectly favoring MoreGen and other simulator-based models,
it still misranks CogVideoX above more physically accu-
rate systems. In our evaluation, we observed that both Sora
2 and Grok Imagine produce more realistic physical mo-
tions than CogVideoX, however the PC metric fails to cap-
ture this. These observations confirm that current “physics-
based” metrics fail to robustly capture the physical validity
of generated videos.

4.5. Qualitative Analysis

In Figure 4, we compare our generation against state-of-the-
art open-source and commercial T2V models using New-
ton’s cradle, which illustrates collision and momentum.
Qualitatively, the following observations can be made: first,
most data-driven T2V models struggle with object count-
ing, often generating an incorrect number of balls. When
requested with five balls, LTX Video [21], Sora2 [11], Veo3
[18], NewtonGen [52] and WISA [47] all created four balls
in the beginning, and while CogVideoX [23] and Wan2.2
[46] created the corrected number of balls, Wan2.2 intro-
duced a sixth ball mid-sequence, and CogVideoX produced
a largely static video. Secondly, many models misinterpret

Table 3. Comparison of physical validity and consistency across state-
of-the-art T2V models (Wan2.2-TI2V-5B [46], LTXV-2B-Distilled [21],
CogVideoX-5B [23], Veo3 [18], Grok Imagine [49], Sora2 [11], Newton-
Gen [52] and WISA [47]) using physics-based video evaluation metrics.
For Trajan, videos were resized to 256x256 and 128 points were sam-
pled. AJ denotes average Jaccard, and OA denotes occlusion accuracy.
For VideoPhy, each video was rated from 1 to 5 based on semantic adher-
ence (SA) and physics consistency (PC). We report the mean and standard
deviation for all evaluated T2V models. Bold text indicates best perfor-
mance.

Trajan [1] VideoPhy?2 [7]

T2V Models ATT OA T SAT PCT
Wan2.2 038£0.02 094+£0.02 288+046 3.77+0.68
LTXV 0.79 £0.03 099 £0.02 295+028 3.75+0.68

CogVideoX 0.17£0.02 072+£0.04 283+047 4.07+059

Veo3 0.15+£0.02 082+£0.02 295+033 3494050
Grok 0.11£0.02 072+£0.05 3.04+£034 3.76 +0.56
Sora2 045+£0.02 092+0.02 3.01 +£035 391 +0.52

NewtonGen 056 £0.02 096+£0.02 277+£042 4214052

WISA 041 £0.02 086+£0.03 292+045 4.01 +0.66
MoReGen (Ours) | 0.10+£0.03 0.64 £0.05 273 +044  4.53 + 0.69

the collision dynamics and momentum transfer as object ad-
dition or removal. This is particularly evident in LTX Video,
Wan2.2, Veo3, and Grok Imagine [49], where a ball is in-
serted into the cradle perpendicular to the intended motion
axis (left-right). Lastly, although NewtonGen and WISA
failed to capture the correct number of balls and concept
of Newton’s cradle, their physics-optimized design enables
motion trajectories that appear physically plausible to the
human eye; other models consistently introduced motion ar-
tifacts and physically inconsistent behaviors in their video
outputs: In Wan2.2, the ball merges with the others and
then splits again; in Sora, the system halts after the first
ball strike; and in Veo3, the ball is lifted up while the string
leans unnaturally to the right. In contrast, videos produced
by our model demonstrate superior physical understanding,
yielding a realistic Newton’s cradle with the correct number
of balls and physics-valid motion. Notably, it captures sub-
tle oscillations of the middle balls due to imperfect impact—
details typically observed only in real-world scenarios.

4.6. Ablation Study

To assess the contributions of individual model compo-
nents, we conduct experiments across varying configura-
tions of the Coder Agent and the presence or absence of
supervised fine-tuning (SFT) and evaluator feedback (see
Table 4). We compare the performance of a medium-sized
coding model, Qwen2.5-Coder-14B, against GPT-5, and
demonstrate that incorporating SFT significantly enhances
the physical accuracy of generated videos—enabling the 14B
model to outperform GPT-5 according to our evaluation
metrics. We also found that incorporating even a single it-
eration of evaluator feedback significantly improves model
performance. Initially, the 14B variant was unable to gen-
erate code executable by the rendering client. However, af-
ter adding feedback, Qwen successfully produced runnable
code. Feedback also led to consistent performance gains
for GPT-5 across all evaluation metrics. Finally, consistent
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Figure 4. Qualitative comparison of our model with recent open-source and commercial models, prompted to generate a video of Newton’s cradle. We used
the same prompt across the board: “Generate a video that showcase the following scene: Five shiny metal balls of a newton’s cradle is visible, along with
parts of a single vertical string for each metal ball respectively. These strings keeps their respective metal ball suspended. The top part of the newton’s cradle
is not visible. The camera faces all the five metal balls. The first and leftmost ball is at an angle of 30 degrees from the cradle and released. Due to gravity,
the ball comes and strikes the second ball from the left. This causes momentum to be transferred to the fifth and the right most ball which is launched at
a slightly lesser angle, having lost some momentum. This process keeps repeating itself till the rightmost ball has lost a lot of momentum when the video
ends.” For Grok Imagine, we always select the first video; for WISA, we use Qwen3-4B to generate asset .json file from our prompt.

Table 4. Comparison of model performance gains from supervised fine-tuning (SFT) and evaluator feedback. Evaluation was conducted using the designated
evaluation set from our dataset, with tests performed on Qwen2.5 Coder and GPT-5. Feedback involves one iteration of processing the video to extract object
trajectories, comparing them with ground truth, and obtaining an overall evaluation from Qwen2.5-VL. GPT-5 then summarizes this evaluation into a list of
actionable improvements, which are fed into the Coder Agent. If the code contains syntax error, GPT-5 is asked to correct the issue without providing the
full code. Bold text indicates best performance.

Ablations MoReGen (Ours) Trajan VideoPhy
Coder Agent SFT Feedback DTW | DTW-N | Procrustes | Al T OA 1 SA T PC 1
Qwen2.5-Coder-14B X X Unable to generate most cases due to syntax error in provided code by the agent.
Qwen2.5-Coder-14B X v 18.01 £ 1653 0.08+0.15 070+0.52 0.09+£0.02 0.61+£006 251+051 449+0.57
Qwen2.5-Coder-14B v X 8.93 + 9.61 0.06 +0.07 048030 0.10+£0.03 064005 2.73+044 453 +0.69
GPT-5 X X 1547 £14.60 0.07£0.07 058+029 032£006 0.70£0.04 2.60+049 4.53£0.55
GPT-5 X v 14.13 £ 1420 0.07£0.07 051+028 038+0.06 077 +0.04 2524050 4.57 +0.52

with our observations in Section 4.4, Trajan and VideoPhy?2
show disagreement with our metrics on the physics validity
of the videos. However, physics consistency (PC) remains
strong across all code-driven entries, consistently outper-
forming data-driven T2V models. Despite the accuracy of
the physics engine, semantic adherence (SA), average Jac-
card (AJ), and occlusion accuracy (OA) remain consistently
low across all models, highlighting a bias in these metrics
toward data- and aesthetics-driven approaches.

5. Conclusion

In this paper, we introduced MoReGen, a motion-aware,
physics-grounded text-to-video (T2V) framework that uni-
fies multi-agent LLMs, simulators, and renderers to gen-
erate reproducible and physically accurate videos from
text prompts in the code domain. Additionally, we
proposed MoRe Metrics as a direct evaluation approach

and presented MoReSet, a benchmark comprising human-
annotated videos spanning nine classes of Newtonian phe-
nomena with scene descriptions, spatiotemporal relations,
and ground-truth trajectories for quantitative assessment of
physics validity. Finally, we demonstrated that state-of-the-
art models struggle with physical consistency, while our
framework provides a principled path toward physically co-
herent video synthesis. MoReGen marks a new direction
for physics-grounded T2V research, and we plan to extend
it toward photorealistic generation in future work.
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