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Abstract. The next frontier for video generation lies in developing mod-
els capable of zero-shot reasoning, where understanding real-world sci-
entific laws is crucial for accurate modeling of physical outcomes un-
der diverse conditions. However, existing video benchmarks are physical
commonsense-based, offering limited insight into video models’ scientific
reasoning capability. We introduce VideoScience-Benc}ﬂ a benchmark
for evaluating undergraduate-level scientific understanding in video mod-
els. Each prompt encodes a composite scientific scenario that requires un-
derstanding and reasoning across multiple scientific concepts to generate
the correct phenomenon. The benchmark comprises 200 evaluation items
built from 160 expert-curated test cases (160 text-to-video prompts; 40
also include image conditioning) spanning 14 topics and 103 concepts.
We conduct expert-annotated evaluations across seven state-of-the-art
video models in T2V and 12V settings, along five dimensions: Prompt
Consistency, Phenomenon Congruency, Dynamism, Immutability, and
Spatio-Temporal Coherence. Using a VLM-as-a-Judge to assess video
generations, we observe strong correlation with human assessments. To
the best of our knowledge, VideoScience-Bench is the first benchmark
to evaluate video models not only as generators but also as reasoners,
requiring their generations to demonstrate scientific understanding con-
sistent with expected physical and chemical phenomena.

Keywords: Scientific Reasoning - Video Evaluation - Auto Evaluation

1 Introduction

The launches of Sora-2 [30] and Veo-3.1 [10] mark a transformation in the video-
generation landscape: video generation models [5,{25] now deliver cinematic-level
visual fidelity and exhibit unprecedented world-modeling capability. As video
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models evolve, the community’s notion of what constitutes “good” video genera-
tion is shifting beyond distributional quality metrics such as Fréchet Video Dis-
tance (FVD) and Fréchet Video Motion Distance (FVMD) toward eval-
uations that probe a model’s world-modeling capability and assess
whether the generated videos follow commonsense physical regularities
21}[28]. Recent models have even begun to exhibit zero-shot reasoning abilities,
tackling tasks involving scientific, mathematical, and spatial reasoning [38]/40].

Physical Commonsense:

A transparent tube carrying a steady stream of water pours out of the tube.

Scientific Reasoning:

A transparent tube carrying a steady stream of water is taped to the front of

a speaker playing a low-frequency sound.
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Fig.1: VideoScience-Bench Overview. Top: Comparison of physical-
commonsense versus scientific-reasoning generations using Sora-2. The first scientific
reasoning scenario hinges on recognizing that water’s high specific heat capacity lets
it act as a heat sink, thereby preventing immediate balloon rupture. The second
example requires reasoning over physical vibration, wave, and material properties.
Bottom-left: Subcategory frequency of questions From VideoScience-Bench. Note
that we are using a two-letter code in the pie chart that maps the subcategory
provided in the legend. Bottom-right: Expert annotated model performance of seven
video models on VideoScience-Bench. The scores serve as the ground truth for our
quantitative correlational analysis.
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Human reasoners trained in science model the world using a rich set of scien-
tific principles and anticipate the resulting phenomena, like whether citric acid
removes iron stains and what will happen if an LED is powered with or without
a resistor. This motivates our central question: beyond visual fidelity and phys-
ical commonsense, can video models correctly portray scientific phenomena and
demonstrate scientific reasoning about the real world? World modeling grounded
on scientific principles plays a key role in advancing discovery by allowing mod-
els to predict outcomes of real-world processes. Unlike commonsense-based world
modeling, true scientific world modeling requires reasoning across multiple inter-
acting concepts, for example, Figure [1| shows that integrating specific-heat and
heat-transfer principles predicts water will absorb the heat and prevent imme-
diate balloon rupture.

However, existing video model benchmarks mostly focus on physical com-
monsense, restricting evaluations to everyday scenarios that only require basic
understanding of physical laws [2}3}20,28.35]. We introduce VideoScience-Bench,
a benchmark designed to assess the scientific understanding and reasoning of
video models. Each instance involves multiple scientific concepts and requires
up to undergraduate-level knowledge, spanning 103 concepts across physics and
chemistry. We evaluate whether video models can serve as zero-shot scientific
reasoners, capable of understanding complex experimental setups and gener-
ating expected phenomena. The benchmark measures performance along five
key dimensions: Prompt Consistency, Phenomenon Congruency, Dynamism, Im-
mutability, and Spatio- Temporal Coherence.

We also introduce VideoScience-Judge, a checklist-based, automated VLM-
as-a-Judge evaluation framework [11,/24]. VideoScience-Judge first generates
a prompt-specific checklist to guide the evaluation, then selects key frames to
identify causally salient moments in each video. These components jointly sup-
port the VLM-based scoring process, and the resulting scores are aggregated
into a single weighted metric reflecting the model’s overall reasoning quality.
For validation, we validate the automated VLM judgments significantly bet-
ter align with domain-expert annotations in comparison with other physical-
commonsense-based and visual fidelity benchmarks.

In summary, this paper investigates whether video generation models can
reason over multiple interacting scientific concepts. To this end, we make three
key contributions:

1. We introduce VideoScience-Bench, a high-quality benchmark targeting zero-
shot scientific reasoning in video generation models, encompassing real-world
phenomena across 103 physics and chemistry concepts.

2. We develop VideoScience-Judge, a checklist-based evaluation framework that
leverages VLM-as-a-Judge, integrates key-frame selection and computer-vision
tools for detecting physical cues (e.g., motion, object interactions), and out-
puts quantitative scores of scientific validity alongside perceptual quality.

3. We conduct a comprehensive empirical study on VideoScience-Bench. While
current video models produce high-quality, photorealistic and temporally
coherent videos, VideoScience-Bench remains challenging: many systems still
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Fig. 2: Overview of the data creation pipeline. Each researcher selects two or more
scientific concepts and references relevant educational materials or videos to design
a prompt. Prompts undergo peer and model review, followed by model-based quality
checking, before being finalized for dataset inclusion.

lack the capacity to model complex scientific phenomena and often violate
basic physical laws. Among the evaluated models, Sora-2 and Veo-3 perform
best and show early signs of scientific reasoning.

2 VideoScience-Bench

VideoScience-Bench is designed to evaluate video models’ capability of gener-
ating correct physical and chemical outcomes for complex scientific events that
require an understanding of multiple concepts.

2.1 Benchmark Overview

Categorization. Leveraging established topic categorizations from undergradu-
ate physics and chemistry, VideoScience-Bench comprises 160 test cases (Ta-
ble [1] covering 14 topics (9 related to physics and 5 related to chemistry) and
103 concepts (with 79 associated with physics and 24 with chemistry). Exam-
ple topics include physics-related areas like Classical Mechanics and Optics, as
well as chemistry-related topics like Liquid Chemistry and Reaction Kinetics.
The selected topics aim to reflect commonly encountered course titles in un-
dergraduate science education, while the concepts provide a more detailed cat-
egorization corresponding to specific chapters or sections within these courses.
The category-frequency distribution for all prompts is illustrated in Figure
See Supplementary Material for the complete topic mapping and an extended
discussion of the generalizability and robustness of our dataset size relative to
existing benchmarks.

Distinction with Other Scientific Benchmarks. Current scientific benchmarks for
video models primarily assess physical common sense. These benchmarks typi-
cally include daily scenes such as mirror reflections, bird flight, falling water, and
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Table 1: VideoScience-Bench statistics. The benchmark consists of 160 expert-
authored test cases (each a T2V item); 40 of these additionally provide a first-frame
image and a paraphrased prompt as an I2V item, for 200 total evaluation items.

Physics Chemistry Total

Topics 9 5 14
Concepts 79 24 103
Test cases (T2V items) 135 25 160

of which 12V items 35 5 40
Total evaluation items 170 30 200

bouncing balls, which can be understood with a basic or high-school level of sci-
entific knowledge [2,/3}/2028]. In contrast, each challenge in VideoScience-Bench
requires the understanding of at least two undergraduate-level scientific princi-
ples. For instance, analyzing the bending of a laser beam as it passes through
a sugar solution with a concentration gradient requires understanding and ap-
plying Snell’s Law in optics, along with principles of diffusion physics (See the
Supplementary Material for the example figure). This compositional scientific-
reasoning requirement defines the difficulty of VideoScience-Bench. Rather than
relying on isolated single-principle recall or everyday physical commonsense, gen-
erating the correct outcome relies on synthesizing multiple interacting concepts.

Data Splits. The VideoScience-Bench consists of two parts: the T2V split, which
includes 160 question prompts, and the 12V split, which features 40 paraphrased
question prompts from the T2V split. The 12V split also includes first-frame
images for the initial experimental setups. A detailed description of the curation
process can be found in Section We provide several examples of each split
in the Supplementary Material.

Metrics. VideoScience-Bench evaluates generated videos across five dimensions
that reflect both perceptual quality and physical fidelity. The perceptual as-
pects include Immutability and Spatio-temporal Coherence, while the physical
aspects are assessed through two levels: Phenomenon Congruency and Correct
Dynamism. For the assessment to be meaningful, Prompt Consistency is essen-
tial, which means that the experimental setup and procedure must align with
the prompt. These evaluation criteria are consistent with current practices in
video-generation benchmarking, and a correlational analysis is presented in Sec-
tion Each dimension is scored on a four-point ordinal scale: 1 (absent or
contradictory), 2 (weak or partially incorrect), 3 (mostly correct), and 4 (clearly
correct). Below, we elaborate on the rating criteria for each of the five dimen-
sions:

— Prompt Consistency: The experimental setup and procedures align with
the descriptions provided in the prompt.

— Phenomenon Congruency: The observed outcomes are consistent with
expected scientific principles.
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— Correct Dynamism: All other fundamental physical laws are followed, in-
cluding those governing motion and interactions among the objects involved.

— Immutability: Objects remain unchanged when no transformation is an-
ticipated.

— Spatio-Temporal Coherence: Transitions between frames are smooth,
natural, and temporally consistent.

While focused on physical and scientific correctness, these dimensions in-
herently capture critical perceptual and geometric errors. For example, object
deformation is penalized by Immutability, and multi-object viewpoint inconsis-
tency is captured by Spatio-Temporal Coherence (see Supplementary Material
for a detailed analysis of how these dimensions comprehensively cover perceptual
and geometric qualities, including lighting and shading).

2.2 Benchmark Building

In VideoScience-Bench, we adopt a three-stage data construction pipeline as
shown in Figure 2]

Question Making. Following the categorization outlined in Section eight
domain-specific graduate student experts selected subsets of categories and au-
thored 20 prompts each. Each prompt was designed to require reasoning in-
volving at least two scientific concepts, ensuring a sufficient level of difficulty.
The prompts were based on public educational experiment examples [1}|7,/32] to
guarantee scientific validity and to ensure that each target phenomenon could
be feasibly represented in a video of no more than 10 seconds. Among these con-
tributors, two graduate students also curated 40 12V questions, each paired with
a reference video that depicted the target experiment as the ground truth. The
reference videos were sourced from public datasets and online resources [41,/44],
with a key frame extracted from the initial segment used as the conditional input
image to illustrate the complete experimental setup.

Panel Review and Quality Check. After drafting the full test suite, all participat-
ing graduate students convened as a review panel. The panel cross-checked each
expert’s set of 20 prompts to verify specificity, procedural accuracy, and clarity
of the expected outcomes. As a final quality assurance step, we employed capable
video generation models, Sora-2 and Wan-2.5-T2V-Preview [36], to synthesize
the opening seconds of each prompt, confirming that the key experimental com-
ponents and setups can be captured.

3 VideoScience-Judge

VLM-as-a-Judge. Recent studies have shown that powerful VLMs can produce
human-aligned judgments when carefully prompted and calibrated [11}24]. In
VideoScience-Bench, we adopt a VLM-as-a-Judge framework and examine the
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performance gap between reasoning-oriented VLMs and non-reasoning models
such as GPT-40. We find that directly prompting VLMs, particularly non-
reasoning ones, to evaluate video generations often leads to unjustified assess-
ments and false-positive ratings (see Supplementary Material). This observation
motivates the design of a quantitative auto-eval harness featuring a checklist-
based grading scheme, where each rating must be supported by salient video
frames and an evidence table aggregated from computer-vision analysis of the
videos as shown in Figure [3] The full prompt template used in our VLM-as-a-
Judge framework is provided in the Supplementary Material.

.................
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Fig. 3: Overview of our VLM-as-a-Judge pipeline, which combines checklist-based scor-
ing, key-frame extraction, and evidence aggregation to ensure grounded and traceable
video evaluations.

Checklist Generation and Key Frame FEztraction. To improve interpretability
and reduce false positives, we incorporate prompt-specific checklists generated
by an LLM agent, and the fraction of checklist items satisfied within each eval-
uation category is used to derive an ordinal rating on a four-point scale. Each
checklist is scored in a reductive, itemized manner, where deductions are only
made when supported by concrete evidence. In VideoScience-Judge, we leverage
the ground-truth reference phenomenon and reference video (in the 12V split)
to guide the VLM in identifying key frames where checklist violations occur,
thereby providing evidence-grounded deductions. The prompt template used for
checklist generation is provided in the Supplementary Material.

To ensure the reliability of the Checklist Generation step, human validation
of the generated checklists yields an accuracy of 95.6% against ground-truth
phenomena (detailed in the Supplementary Material).

CV-Augmented Reasoning. VideoScience-Judge further incorporates determin-
istic CV modules that produce quantitative evidence for the judge. The toolbox
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includes: Grounding DINO for open-vocabulary-conditioned detection to verify
entity presence and attributes in experiment setups [23|, ByteTrack for iden-
tity association and to quantify spatio-temporal coherence [43], RAFT optical
flow to capture and quantify motion direction and magnitude [37], as well as
CLIP4Clip for text—video alignment [27]. When a reference video is available,
we additionally report LPIPS similarity with a VGG backbone [33}/42]. Each
module outputs compact JSON records (frame_second, type, region, score,
attributes). Depending on the evaluation setting, the prompt aggregator op-
tionally attaches a checklist, an evidence table, both, or neither to the prompt,
and instructs the model to convert the fraction of satisfied items per category
into a four-point rating. Detailed qualitative case studies demonstrating how
specific CV components, such as RAFT for tracking physical interactions and
Grounding DINO with ByteTrack for tracing motion trajectories, ground the
VLM’s judgment are provided in the Supplementary Material.

4 Experiments

4.1 Model Evaluation.

Ezxperiment Settings. We evaluate seven state-of-the-art video models on VideoScience-
Bench: Sora-2 [30], Veo-3 [10], Seedance 1.0 Pro [6,9], Kling-v2.5-Turbo-Pro [1§],
Hailuo 2.3 |29], Ray2 [26], and Wan-2.5-T2V-Preview [36]. We generate three
videos for each model in all of our experiments.

Human Annotation Results. We asked domain experts to rate video outputs
of all the models based on the five-dimensional rubrics (defined in section .
Using the human annotations, we calculated both per-criterion and aggregate
model scores. This human-grounded evaluation serves as a reference for analyzing
the scientific reasoning performance of video models and the effectiveness of
VideoScience-Judge. It allows us to calibrate automatic VLM-as-a-Judge metrics
and correlate judge predictions with expert assessments.

The performance of the annotated models is summarized in Figure[l] and the
weighted average scores across the five dimensions are presented in the legend.
The weights assigned are as follows: Phenomenon Congruency (0.3), Prompt
Consistency (0.2), Spatio-temporal Coherence (0.2), Correct Dynamism (0.15),
and Immutability (0.15). The weighting prioritizes the causal target of each
experiment: Phenomenon Congruency carries the largest weight (0.3) as the
ultimate scientific outcome; Prompt Consistency and Spatio-Temporal Coher-
ence (0.2 each) gate whether the correct setup and a temporally valid video are
produced at all; and Correct Dynamism and Immutability (0.15 each) capture
supporting physical constraints.

The results from human annotations are summarized in the Supplementary
Material. These results show that while most models perform well in maintaining
Spatio-temporal Coherence and Immutability, qualities commonly emphasized in
existing video benchmarks [11},/15}/16], many still struggle to generate physically
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correct phenomena (Phenomenon Congruency) or adhere to other fundamen-
tal physical laws (Correct Dynamism). On Phenomenon Congruency, even the
strongest closed-source systems, such as Sora-2 and Veo-3, achieve only approx-
imately 64% and 58.7% on the Likert scale, respectively, while the strongest
open-source model, Wan-2.5, reaches only around 46%. Achieving high Prompt
Consistency also remains challenging: even the best-performing models, such
as Sora-2 and Veo-3, with average scores above 3, oftentimes fail to produce
accurate experimental setups and procedures, frequently fail to produce accu-
rate experimental setups and procedures, particularly in more complex scenarios
involving interactions among multiple key objects.

VideoScience-Judge Results. We evaluate different configurations of VideoScience-
Judge on the same set of video generations, with results summarized in Table
For each method including the baselines, we compute ranking correlations with
human annotations using Kendall’s 7 [17] and Spearman’s p [34]. To enable
a controlled comparison, we evaluate all automatic methods using a unified
judge model (GPT-5 mini), except for LMArena-T2V, whose ELO scores are
derived from human voting rather than model-based judging. Under this uni-
fied setting, the three VSci-Judge variants consistently exhibit higher alignment
with human evaluations than representative alternatives such as VideoScore2
(1 =0.45, p = 0.53) and PhyGenEval (7 = 0.62, p = 0.82), demonstrating their
effectiveness in capturing human-judged quality across our test suite.

Table 2: We report our VLM-as-a-judge evaluation scores (using GPT-5-mini) on all
baselines (except for LMArena-T2V, where ELO scores are computed based on human
voting rather than judge scores) and their ranking correlations to human annotations.
“VSci-Judge" refers to VideoScience-Judge, “Base" is standard evaluation, “CL" refers
to Checklist, and “CV" to CV-augmented reasoning. For each model, min-max nor-
malization is applied to annotation scores and scores from other benchmarks before
averaging across all test cases and runs (except for LMArena-T2V). For each evalua-
tion, the highest score is bolded and the second is underlined.

Model M T2V-CompBench VideoScore2 PhyGenEval LM Arena-T2V
Base CL CL+CV
Sora-2 0.76 0.75 0.76 0.80 0.90 0.40 1319
Veo-3 0.67 0.65 0.65 0.78 0.94 0.65 1361
Kling-v2.5-Turbo-Pro 0.63 0.59  0.59 0.70 0.89 0.26 1226
Wan-2.5-T2V-Preview 0.68 0.60 0.59 0.80 0.94 0.31 1128
Seedance 1.0 Pro 0.63 0.56 0.54 0.74 0.93 0.28 1191
Hailuo 2.3 0.58 0.52  0.50 0.69 0.89 0.24 1253
Ray2 0.54 0.39 0.34 0.62 0.84 0.25 1062
(1) 0.78 0.90 0.90 0.62 0.45 0.62 0.52

p(1) 0.86 0.96 0.96 0.71 0.53 0.82 0.71
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4.2 Quantitative Analysis

VideoScience-Judge Design Choice

Model Choice. We evaluate the performance of VideoScience-Judge using both
non-reasoning and reasoning models as the backbone VLM judge. As shown
in the Supplementary Material, non-reasoning models such as GPT-4o exhibit
substantial deviations from human annotations, with a strong tendency to as-
sign inflated scores, leading to a high false-positive rate. Replacing GPT-40 with
a reasoning model like GPT-5 pro mitigates inflation by up to 57% in prompt
consistency, yet the discrepancy remains noticeable, leading to ranking misalign-
ments with human judgments (detailed in the Supplementary Material).

To validate the robustness of our framework across different vendors, we
also evaluated Claude-4.5-Sonnet and Gemini-3-Pro (see Supplementary Mate-
rial). We found their performance to be broadly comparable to GPT-5-Pro, with
Gemini-3-Pro achieving the smallest absolute gaps to human annotations overall.

Configuration Choice. Table[3|compares evaluation scores from different configu-
rations of VideoScience-Judge against human annotations. With GPT-5 pro, the
score inflation is a less pronounced issue, but notable gaps remain in dimensions
such as Dynamism, Coherence, and Immutability, where the VLM still tends to
overestimate performance. Incorporating a checklist as hint and requiring the
model to reason each rating using evidence from key frames leads to a notice-
able reduction in overestimation across multiple dimensions. Further integrating
CV tools as evidence sources, particularly ByteTrack, which enables reliable
identity association across frames and provides concrete evidence for penalizing
frame jumps or unexpected object transformations. This substantially narrows
the scoring gaps, by 0.07 on Coherence and 0.09 on Immutability respectively,
compared with the vanilla VideoScience-Judge without the checklist.

A detailed ablation of each CV component’s contribution to the final scoring
is provided in the Supplementary Material. For instance, LPIPS yields the largest
calibration gain on Immutability, while RAFT is highly effective for motion-
related dimensions like Correct Dynamism and Expected Phenomenon.

Table 3: Gap to human annotations (A) (mean A + std) for each score dimension
and VSci-Judge variants using GPT-5 pro. Larger positive A indicates stronger
over-estimation relative to annotators. (see human expert annotation scores in
the Supplementary Material)

Dimension w/o CL w/ CL w/ (CL +CV)
Prompt Consis.  —0.10+0.10 —0.064+0.08 —0.05+0.09
Exp. Phenomenon —0.22+0.10 —0.20+0.11  —0.20+0.11
Dynamism +0.32+0.13 +0.2740.10 +0.2940.13
Coherence +0.2840.08 +0.264+0.09 +0.21+0.09

Immutability +0.27+0.12 +0.24+0.14 +0.18+0.17
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Comparison with Baselines Detailed quantitative results and per-dimension
breakdowns for all baseline frameworks, including PhyGenEval, VideoScore2,
and T2V-CompBench, are provided in the Supplementary Material.

PhyGenFEval. We adopt the PhyGenEval framework from PhyGenBench [28|
to assess physical commonsense in VideoScience videos, employing GPT-40 as
our VLM for video understanding and physical commonsense assessment, and
CLIP to compute visual-semantic alignment between generated videos and ref-
erence prompts, with scores averaged across all prompts within each domain
to obtain category-specific and total performance metrics (provided in the Sup-
plementary Material). However, the significant correlation gap between VSci-
Judge (p = 0.96, CL+CV) and PhyGenEval (p = 0.82) reveals fundamental
limitations in the applicability of PhyGenEval to complex real-world video gen-
eration tasks. The three-tier hierarchical framework (key phenomena detection,
physics order verification, overall naturalness) of PhyGenEval enforces rigid bi-
nary judgments at each stage, leading to score quantization and reduced dis-
crimination among similar models, while its rule-based approach of checking ex-
plicit violations of discrete physical laws (e.g., "Does the ball fall downward?",
"Does water flow correctly?") cannot capture holistic aspects of physical realism
such as consistent motion trajectories, causal relationships across time, accel-
eration patterns, momentum conservation, and nuances of motion smoothness
that humans naturally evaluate. These limitations are particularly pronounced
for VideoScience-Bench, which differs fundamentally from PhyGenBench’s sim-
plified, single-principle scenarios. VideoScience-Bench involves multiple scientific
concepts (e.g., multi-object interactions, fluid dynamics) where outcomes arise
from combinations of laws rather than single principles, featuring cascading ef-
fects where second-order dynamics matter.

VideoScore2.  Although VideoScore2 |13]| represents a comprehensive multi-
dimensional evaluation framework covering visual quality, text-to-video align-
ment and physical consistency, it exhibits limited effectiveness when evaluating
complex scientific reasoning in video generation models. VideoScore2’s corre-
lations with human annotations (7=0.45, p=0.53) are noticeably lower than
the proposed VSci-Judge (7=0.78, p=0.86) and its checklist-augmented variants
(7=0.90, p=0.96) (detailed in the Supplementary Material). This gap can be
attributed to the fact that VideoScore2’s physical consistency dimension was
designed to capture broad common-sense violations, rather than performing
deeper scientific reasoning or evaluating physical dynamics. Our dataset, by con-
trast, emphasizes non-trivial physical processes and scientific constraints. Conse-
quently, explicit physics decomposition through domain-specific checklists yields
substantially more reliable rankings than general-purpose rationales, validating
the need for specialized evaluation frameworks when assessing nuanced physi-
cal reasoning in video generation. VideoScore2 is therefore not well suited for
our benchmark, which requires strict, scientifically grounded physical evaluation,
resulting in weaker alignment with human judgments on this dataset.
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T2V-CompBench. While T2V-CompBench [35] provides a comprehensive evalu-
ation of compositional text-to-video generation across seven categories (attribute
binding, spatial relationships, motion binding, action binding, and object inter-
actions), VSci-Judge focuses specifically on complex physics reasoning with a
methodologically distinct approach. Using Llava-1.5-7B as the judge for the at-
tribute binding category of T2V-CompBench, it achieves correlations 7 = 0.62
and p = 0.71. In contrast, VSci-Judge achieves substantially higher human agree-
ment (7=0.78, p=0.86). This critical architectural difference demonstrates that
T2V-CompBench’s VLM component struggles to capture nuanced physics vio-
lations, whereas VSci-Judge’s evidence-grounded VLM approach can integrate
multiple signals to assess physical plausibility holistically.

4.3 Qualitative Analysis

We provide qualitative examples illustrating how different models perform. As
shown in the top portion of Figure [l Sora-2 generates the expected physical
phenomenon with strong prompt consistency and accurate motion. The video
follows the described setup closely, exhibits coherent temporal evolution, and
captures the ignition and color dynamics characteristic of the reaction. In con-
trast, Hailuo-2.3, despite maintaining reasonable dynamism, immutability and
spatial coherence, fails to respect key elements of the prompt, resulting in a
static video where the expected phenomenon never emerges. These differences
underscore that correct experimental setup and prompt grounding are essential
for achieving high scores on our benchmark, even when other dimensions appear
satisfactory.

In contrast to the successful cases, simpler physical scenarios still pose sig-
nificant challenges for current models. The bottom portion of Figure [] reveals
that even Sora-2 and Veo-3, the two highest-ranked models in our evaluation,
struggle significantly with a scenario where text models can readily infer the
expected phenomenon. Sora-2 generates a setup that partially aligns with the
prompt, but contains significant errors and fails to capture the expected phe-
nomenon. Despite this, Sora-2 maintains relatively good dynamism, immutabil-
ity, and spatio-temporal coherence. Veo-3 depicts the setup poorly, though it
momentarily suggests the expected outward movement of the balls.

Beyond these specific examples, an extended analysis of model vulnerabilities
(detailed in the Supplementary Material) reveals several systematic shortcom-
ings in scientific reasoning. First, models consistently score higher on Chemistry
than Physics (e.g., Sora-2 overall scores of 3.37 vs. 3.12), because generative
priors better mimic continuous appearance changes than strict spatial geometry.
Second, they suffer from a "setup vs. execution" bottleneck, accurately render-
ing initial setups (e.g., Sora-2 achieving 3.53 Prompt Consistency in Energy)
but failing to simulate causal outcomes (dropping to 2.67 in Phenomenon Con-
gruency). Furthermore, models present an "illusion of coherence" by prioritizing
artifact-free visuals over physical accuracy, such as Kling-v2.5, achieving perfect
Coherence (4.00) in Physics despite a dismal Phenomenon Congruency (1.04).
Finally, failure modes follow distinct archetypes: models predominantly generate
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Aluminum-Iodine Reaction

Prompt A few drops of water are added to a small pile of
powdered aluminum and iodine crystals in a shallow dish.

Expected No reaction occurs before water is added. After water is added, the
mixture spontaneously ignites with a violet—blue flash and smoke.

Sora-2: Successfully Generated Expected Phenomenon

PCS:4/4 PCG:4/4 CDN:4/4 IMB:4/4 STC:4/4

Hailuo-2.3: Failed to Generate Expected Phenomenon

PCS:2/4 PCG:1/4 CDN:4/4 IMB:4/4 STC:4/4

Rotating Cups with Balls

Prompt Two plastic cups are joined mouth-to-mouth, with a wooden stick
fixed along the outside connecting them. One small ball is placed in-
side each cup, and the stick is spun rapidly around its center.

Expected As the system spins, both balls move outward and
press against the sides of their cups. They remain in that
outward position while the rotation continues.

Sora-2: Failed to Generate Expected Phenomenon

PCS:2/4 PCG:1/4 CDN:3/4 IMB:4/4 STC:4/4

Veo-3: Failed to Generate Correct Experiment Setup

THE TS TS

PCS:1/4 PCG:2/4 CDN:1/4 IMB:2/4 STC:2/4

[~

Fig.4: Comparison of video generation models on VideoScience. Top: Aluminum-
iodine reaction testing chemical dynamics. Sora-2 correctly depicts the expected igni-
tion phenomenon, while Hailuo-2.3 fails to generate the reaction. Bottom: Rotating
cups with balls testing centrifugal force understanding. Both Sora-2 and Veo-3, the two
highest-ranked models in our evaluation, fail to conduct correct experimental procedure
and simulate the expected phenomenon accurately. Human Annotation Rating: Prompt
Consistency (PCS), Phenomenon Congruency (PCG), Correct Dynamism (CDN), Im-
mutability (IMB), and Spatio-Temporal Coherence (STC).
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"Motion with Wrong Physics" (Sora-2 at 69%), while others default to a "Static
Collapse" where the state freezes (Seedance at 34%) or suffer "Catastrophic
Hallucinations" involving structural melting (Ray-2 at 53%).

4.4 Limitations

Externally verifiable correctness, not latent reasoning. VideoScience-
Bench scores whether a generated video satisfies an externally verifiable scientific
phenomenon under a controlled prompt; it does not claim to recover a model’s
latent reasoning. Some chemical phenomena, characterized by continuous ap-
pearance changes (color gradients, bubbling, fizzing), can therefore be partially
mimicked from learned visual priors, a property of current models rather than
a flaw of the benchmark. We mitigate single-prior recall by construction: every
test case couples at least two interacting scientific concepts (Section . Strong
per-case behavior from Veo-3 and Sora-2 on physics scenarios (e.g., the curved-
refraction gradient in Appendix ??, Fig. 77?) indicates genuine causal competence
rather than pure retrieval.

Robustness to catastrophic hallucinations. Off-the-shelf CV tools are brit-
tle when applied naively to heavily distorted generations. In VideoScience-Judge,
catastrophic failures, deformation, melting, identity loss, teleportation, and un-
stable geometry are penalized by Immutability and Spatio- Temporal Coherence
before any phenomenon-correctness credit is assigned, so a structurally broken
video cannot score highly on scientific outcome. Appendix ?? (Table ??) quanti-
fies these archetypes (e.g., catastrophic hallucination accounts for 53% of Ray-2’s
failures).

5 Related Work

5.1 Video Generation Models

Recent breakthroughs in T2V generation have been driven by large-scale dif-
fusion and autoregressive architectures capable of synthesizing high-resolution,
temporally coherent videos from prompts. State-of-the-art systems such as Sora-
2 [30] and Veo-3.1 [10], demonstrate impressive visual quality and scene diversity.
However, despite the rapid advances, these models often struggle with temporal
consistency and physical plausibility in generated videos.

To address these challenges, many efforts have focused on establishing com-
prehensive evaluation suites for video generation. Huang et al. introduce VBench [14],
which decomposes video generation quality into multiple hierarchical dimensions
containing subject identity consistency, motion smoothness, temporal flicker, and
spatial relationships. VBench++ |16] extends this framework by incorporating
additional dimensions such as compositionality, physical realism, and instruction
following, offering broader coverage of both perceptual and reasoning-oriented
aspects of video generation. Other works, such as WorldModelBench [20], Video-
Phy |2|, and Physion [4], further emphasize the need to measure dynamic coher-
ence, physics adherence, and material interactions.
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5.2 VLM-as-a Judge for Video Model Evaluation

The use of vision-language models (VLMs) and multimodal large language mod-
els as automated judges for video generation has become increasingly prevalent.
[12,/13]. Complementary to these judgers, frameworks like T2V-CompBench [35]
propose a hybrid evaluation pipeline that integrates both VLM-based and com-
puter vision-based metrics for compositional video understanding. Its VLM-as-a-
Judge framework employs Grid-LLaVA to reason over sampled frames combined
with detection-based and tracking-based modules (like GroundingDINO, SAM,
Depth-Anything, and DOT) to create a structured rubric that aligns semantic,
spatial and motion dimensions.

5.3 Physical Commonsense Benchmarks for Video Models

Much of our inspiration for this work comes from past benchmarks designed
to evaluate VLM’s physical reasoning capabilities. Benchmarks like PhyGen-
Bench [28], VideoPhy [2], VideoPhy-2 [3], Physion [4], and IntPhys [31], all at-
tempt to evaluate basic physical laws of video generation models, like mechanics,
object interactions, and gravity.

However, there is currently a large gap in the space of video reasoning bench-
marks that both require a synthesis of multiple concepts across multiple physics
domains at a college undergraduate level and provide an auto-eval framework
for evaluation. Our work, VideoScience, fills that need by providing complex
examples that require a fundamental understanding of the physical world. Our
benchmark reveals that advancement is still needed for SOTA video models to
truly understand physical phenomena.

6 Conclusion

We introduce VideoScience-Bench, the first benchmark designed to evaluate sci-
entific reasoning in video models via the generation of scientific phenomena.
Unlike prior benchmarks focused on physical commonsense, VideoScience-Bench
emphasizes understanding and reasoning across undergraduate-level topics and
concepts in physics and chemistry. We ask expert annotators to rate video gen-
erations from the seven latest models along five dimensions. The results show
that while the latest video models achieve high visual quality and temporal co-
herence, they still struggle with following instructions and adhering to physical
laws. To further support automatic evaluation, we develop VideoScience-Judge,
a checklist-based VLM-as-a-Judge framework, and requires the VLM judge to
reason over evidence extracted from key frames from the video and a CV-
grounded evidence table. Correlation analysis between our auto-evaluation scores
and human annotations shows that VideoScience-Judge achieves the strongest
alignment with expert-rated rankings and best captures a video model’s sci-
entific reasoning capability in comparison with existing benchmarks. We hope
VideoScience-Bench will foster progress toward video models that not only pro-
duce visually compelling results, but also reason faithfully about the underlying
scientific principles.
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