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Abstract. Driven by the growing capacity and training scale, Text-
to-Video (T2V) generation models have recently achieved substantial
progress in video quality, length, and instruction-following capability.
However, whether these models can understand physics and generate
physically plausible videos remains a question. While Vision-Language
Models (VLMs) have been widely used as general-purpose evaluators in
various applications, they struggle to identify the physically impossible
content from generated videos. To investigate this issue, we construct a
PID (Physical Implausibility Detection) dataset, which consists of a test
split of 500 manually annotated videos and a train split of 2,588 paired
videos, where each implausible video is generated by carefully rewriting
the caption of its corresponding real-world video to induce T2V models
producing physically implausible content. With the constructed dataset,
we introduce a lightweight fine-tuning approach, enabling VLMs to not
only detect physically implausible events but also generate textual expla-
nations on the violated physical principles. Taking the fine-tuned VLM
as a physical plausibility detector and explainer, namely PhyDetEx,
we benchmark a series of state-of-the-art T2V models to assess their ad-
herence to physical laws. Our findings show that although recent T2V
models have made notable progress toward generating physically plau-
sible content, understanding and adhering to physical laws remains a
challenging issue, especially for open-source models. Our dataset, train-
ing code, and checkpoints are available at https://github.com/Zeqing-
Wang/PhyDetEx.
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1 Introduction

Recent advances in Text-to-Video (T2V) generation models have significantly
improved the visual quality, temporal consistency, etc., of the generated videos |17,
25)1261/351481/60], partly building upon the rapid progress of high-quality synthetic
data annotation [1,{14132//56] and reinforcement learning algorithms for diffusion
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I the cup pass through the bottle Il the water level keep static

Question: Given the video content, evaluate whether the depicted
motion of objects or individuals adheres to the real world.

)‘v; Yes. The motion depicted in the video shows water being poured from one
a VL container into another, which is a common and realistic action ...... There
wen are no unusual or physically anomalous activities observed in the video.

=4  Yes. The video depicts a realistic motion of water being poured into a glass

InternvL Pottle, which is a common and physically plausible action in the real world.

No. Although water is poured into the cup, the water level does not rise.
At the same time, the edge of the cup into which the water is poured
Human Passes through the other bottle without being affected.

Fig. 1: Illustration of the physical implausibility detection task. Given a video where
water is poured into a bottle, but the water level remains static and the cup passes
through the bottle, humans can easily identify the violation of physical laws. However,
current powerful VLMs (e.g., QwenVL and InternVL) incorrectly judge the motion as
physically plausible, highlighting their difficulty in recognising implausible dynamics.

models [46]. With the rapid scaling of model capacity and multimodal train-
ing data, these models are increasingly viewed as promising candidates toward
realising a world model [21}/24}/50], which can describe the dynamics and causal-
ity of the physical world. However, despite impressive progress, existing T2V
models often produce physically implausible content that contradicts basic real-
world principles [5L[61[54]. Detecting and explaining these violations is crucial to
measure how well current T2V models can understand the physical world.

Several studies attempt to assess the physical plausibility of generated videos
using either pre-defined prompts [51[6,137,59] or detectors trained with extensive
human annotations [5}6,[53]. However, the first kind of methods are inherently
restricted by their reliance on carefully designed prompts, while the second suffer
from poor transferability and limited interpretability, which often produce only
coarse plausibility scores without revealing why physical laws are violated. Con-
sequently, these approaches remain narrow in scope and generality, underscoring
the need for a more generalizable and interpretable evaluation framework that
can handle a wide range of generated videos.

A natural approach to evaluate the physical plausibility of the generated
videos with an explanation is to leverage Vision-Language Models (VLMs),
which have achieved remarkable success across diverse perception and reason-
ing tasks [3,[9/10,/12}33]. VLMs are trained on massive visual-text corpora [13|
and possess strong generalization and interpretability through textual reason-
ing [231/64]. It is intuitive to use them as general evaluators to identify physically
implausible content in videos. However, recent evidence shows that even the
most capable VLMs struggle to recognise physically implausible content gen-
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erated by T2V models [4,[54]. As shown in Fig. [I, VLMs often fail to detect
implausible content that is easy for humans to perceive. This motivates us to
investigate whether we can endow VLMs, which have shown strong capability
in many downstream visual tasks, with the ability to detect and explain the
physical implausibility in generated videos.

To answer the above question, we first conduct a preliminary experiment by
prompting several state-of-the-art VLMs to detect the physical plausibility in
videos with varying degrees of prior information, without any additional train-
ing. We observe that their detection accuracy changes substantially depending
on the given priors, suggesting that VLMs may possess certain physical knowl-
edge, yet they struggle to apply this knowledge to unseen implausible cases
without proper training. Therefore, we first construct a Physical Implausibility
Detection (PID) dataset, which includes a train split and a test split. The train
split consists of 2,588 paired videos, where each pair consists of a physically plau-
sible (positive) video and an implausible (negative) counterpart. The implausible
videos are generated by carefully rewriting captions to induce T2V models to
produce physically impossible videos. The test split consists of 500 videos, in-
cluding 250 physically implausible videos with manually annotated content of
physical violations and 250 physically plausible counterparts. The implausible
videos are collected from various T2V models that unintentionally generate ab-
normal content under normal prompts, while the plausible ones are drawn from
both real-world videos and high-quality T2V generations.

Using the PID train split, we propose a lightweight fine-tuning approach
that requires only minimal computational cost (via LoRA-based parameter-
efficient tuning). The resulting model, namely PhyDetEx (Physical Plausibility
Detector and Explainer), empowers VLMs to (i) accurately identify physically
implausible events and (ii) produce textual explanations of the violated physi-
cal principles. Our experiments demonstrate that PhyDetEx achieves significant
improvements in detecting physical implausibility, validating that VLMs indeed
possess an implicit understanding of physics that can be unlocked with a small
number of contrastive examples. Finally, we apply PhyDetEx as an evaluation
tool to benchmark the physical plausibility of current T2V models. Our results
reveal that while recent closed-source models have made remarkable strides to-
ward generating physically consistent videos, understanding and adhering to
physical laws remain a substantial challenge, especially for open-source models.
These findings highlight both the progress and the limitations of current T2V
systems in genuine world modeling.

In summary, our contributions are as follows. First, we introduce PID, a com-
prehensive benchmark for physical implausibility detection of T2V models, which
includes a test split of 500 annotated videos (250 physically plausible and 250 im-
plausible) and a train split of 2,588 plausible/implausible paired videos. Second,
we reveal the reasons behind VLMs’ poor performance on physical implausibil-
ity based on comprehensive experiments. Third, we propose a lightweight con-
trastive fine-tuning strategy, which enables VLMs to detect and explain physical
implausibility in generated videos. Finally, we employ the fine-tuned PhyDetEx
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to evaluate the physical plausibility of mainstream T2V models, providing new
insights on their progress and challenges toward world modeling.

2 Related Work

Text-to-Video (T2V) Models. Recent large-scale T2V models have demon-
strated significantly improved video fidelity, motion coherence, and instruction
following capability [25}26}28}38,/401|48}58],60], making them a promising path
toward building world models [11},41,57] that can capture the causal dynamics
of the real world. However, despite the impressive improvement in video quality,
these models often violate basic physical laws [24,/55[66L 68|, such as object pene-
tration, momentum inconsistency, or energy non-conservation. Such implausible
generations even under semantically normal prompts are typically unacceptable
for practical applications, which necessites the need to evaluate the physical
plausibility beyond visual quality.

Physical Implausibility Detection. Given the prevalence of physically im-
plausible content in T2V outputs, several approaches have been proposed for de-
tecting it. One line of work trains end-to-end detectors with annotated datasets |5,
6,/16,/20, /53|, assigning a physical plausibility score to generated videos. An-
other direction defines a set of rule-based prompts with known physical at-
tributes and checks whether the generated content satisfies these predefined con-
ditions |7,36155./59,/67]. Furthermore, Morpheus [63]| proposes a physics-informed
benchmark that evaluates generation models via real-world physical experiments
and conservation-law metrics, offering quantitative and interpretable assessment
of physical plausibility. However, both paradigms face key limitations: end-to-
end detectors often lack interpretability, while rule-based methods are restricted
to predefined prompt scenarios. Hence, a more generalizable and interpretable
method is required to measure models’ adherence to physical laws. In contrast,
Vision-Language Models [3}9,|10}/33], which are trained on massive multimodal
data [13}[29] and are capable of producing textual explanations [19,34}/43.|44],
offer a promising alternative for interpretable and generalizable detection.
Vision-Language Models (VLMs). VLMs have achieved remarkable progress
in recent years |[3,/9,/2730,33], excelling not only in traditional vision tasks such
as visual question answering [18}22,/43| and captioning [31,/47] but also in com-
plex reasoning tasks like visual grounding [?7,/49,/51] and generation [15}/62,/65].
Nonetheless, prior studies reveal that even strong VLMs struggle to detect phys-
ically implausible events in generated content [4,54]. Impossible Videos [4] is
the first work to evaluate VLMs’ understanding of such implausibility, establish-
ing a benchmark to assess their detection ability. However, it focuses solely on
videos generated by implausible prompts and cannot reflect real-world T2V fail-
ures caused by normal prompts. These limitations motivate us to explore how to
equip VLMs with the capability to not only detect physically implausible events
and explain the violated physical principles, but also identify real-world T2V
failures, thereby benchmarking the physical plausibility of current T2V models.
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3 Preliminary Investigation

As introduced in Sec. (1} prior studies [4,/54] have shown that even powerful
VLMs struggle to detect physically impossible or implausible content generated
by T2V models. However, it is unclear whether these failures stem from a lack
of understanding of physical plausibility, or are caused by the biases caused
by training predominantly on physically plausible real-world data. To find out
the reason and provide guidance for future improvements, we conduct a series
of preliminary analyses. Specifically, we evaluate VLMs under three different
prompt configurations with progressively increasing prior information based on
the Impossible Videos benchmark [4]. Since all implausible videos in Impossible
Videos are generated, we define three conditions: (C1) the model is not informed
that the video is generated (our primary evaluation setting); (C2) the VLMs
are told that the video may be generated; and (C3) the VLMs are explicitly
told that the video is generated by a T2V model.

As shown in Fig. 2] (a), the detection performance varies substantially across
these different conditions. The accuracy of identifying physically implausible con-
tent consistently increases from C1 to C3, whereas the accuracy for physically
plausible videos decreases accordingly. Furthermore, VLMs not only improve in
detection accuracy but also produce more precise explanations for the im-
plausible events. These findings reveal that VLMs inherently possess a latent
understanding of physical laws, but their reasoning is heavily influenced by the
assumed authenticity of the type of input video. As shown in Fig. [2| (b), when
VLMs presume the video is real (as most of their training data are), they tend to
overlook violations of physical plausibility. Conversely, when explicitly informed
that the video is generated, they adopt a more critical stance and successfully
identify physical implausibility. We provide more preliminary experiments with
different VLMs and details in Sec [l and Supplemental Material A.

4 Methodology

4.1 Construction of PID

Building upon our preliminary findings, we observe that VLMs indeed possess
the capability to understand physically implausible content in generated videos.
However, because their training data predominantly consist of physically plau-
sible, real-world content, they tend to assume that any given video is real, and
thus free of anomalies. Conversely, they often over-associate generated videos
with implausibility. To mitigate this bias, we build the Physical Implausibility
Detection (PID) dataset to help VLMs detect implausible content within gener-
ated data rather than merely distinguishing between real and generated videos.

Training Split. As shown in Fig. a), the training split of PID is built from
the real-world T2V dataset, VIDGEN-1M [45|. The goal of PID’s training split
is twofold: (1) it should not require a massive scale, since VLMs already exhibit a
latent understanding of physical plausibility; and (2) it should explicitly expose
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Fig.2: (a) Results of preliminary experiments in the ImpossibleVideos under three
prompting conditions (C1-C3) based on InternVL2.5 26B. As the prompt provides
progressively stronger hints that the video may be generated by an AIGC model, the
VLM achieve notably higher accuracy in detecting physically implausible videos and
generate more accurate reasoning (higher reasoning scores). However, their accuracy on
physically plausible videos decreases accordingly. These trends indicate that VLMs pos-
sess an implicit understanding of physical plausibility, yet their judgments are strongly
biased by the type of input video they consider (real or generated). (b) Since most of
its training data comes from the real world, VLM tends to assume that the input is
real-world videos without providing any information.
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the models to physical implausibility patterns that are absent from their pre-
training data, but the overall content of the data should still be highly relevant
to the real world, thereby breaking the shortcut that equates “generated videos”
with “physically implausibile videos”.

To construct the dataset, we first select videos from VIDGEN-1M that involve
clear physical interactions with their corresponding captions. We then employ
an LLM to rewrite each caption such that it contains a physically implausible
description while preserving all other contextual elements. A T2V model is then
used to generate videos based on these rewritten captions. This process produces
video pairs where the physically plausible videos originate from VIDGEN-1M,
and the corresponding physically implausible videos are generated from the mod-
ified caption. Based on our preliminary investigation, VLMs can reliably identify
implausible content when provided with prior information. We then instruct the
VLM that the videos are generated by a T2V model and use it to filter out pairs
where the physically implausible content is accurately reflected in the generated
video. Through this process, we obtain 2,588 paired videos.

This construction pipeline offers two major advantages. First, by generating
physically implausible videos from the real-world ones, the PID training split
closely mirrors the true distribution of physical content and avoids biases intro-
duced by hand-defined “implausibility classes”. Second, as illustrated in Fig. (a),
during caption rewriting, we modify only the physical aspect of the scene while
keeping all other elements unchanged. Consequently, each video pair differs only
in physical plausibility, forming a contrastive structure that isolates the target
concept. This ensures that the generated videos remain semantically similar to
their real counterparts, reducing the domain gap from the VLMs’ training data
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Fig. 3: Overview of the construction pipeline of the PID dataset and the training
process of PhyDetEx. (a) The PID training split. The training split includes 2,588
paired videos, where each implausible video is generated by rewriting the caption of
a real-world video to describe an implausible event while keeping other content un-
changed. (b) The PID test split. The test set consists of physically implausible and
physically plausible videos. The implausible subset is collected from videos generated
by multiple T2V models based on physically plausible prompts, where human annota-
tors identify implausible events and provide textual explanations. The plausible subset
combines generated and real-world videos verified to contain no physical violations,
thereby eliminating the shortcut of distinguishing between generated and real videos.
(c) Training the PhyDetEx. Using the PID training split, we finetune the base VLM via
LoRA adaptation to distinguish between physically plausible and implausible events
within the same video contexts. The resulting model, PhyDetEx, achieves substantial
improvements in detecting physically implausible content.

and eliminating the shortcut of detecting the physical implausibility. The advan-
tages of such a design are further analysed in Supplemental Material B.

Test Split. To verify whether the model truly acquires the ability to detect
physical implausibility, we introduce the test split of our PID. While Impossi-
ble Videos [4] offers an initial benchmark to evaluate the physical implausibility
detection ability of VLMs, it suffers from two key limitations. First, most of its
videos are derived from explicitly physically implausible prompts, which diverge
from realistic scenarios, where users typically input plausible prompts, but T2V
models still produce physically implausible videos. Second, the physically plau-
sible videos of Impossible Videos consist entirely of real-world videos, creating
a shortcut: VLMs may simply distinguish between generated and real videos
instead of genuinely reasoning about physical plausibility.

To address these issues, we construct the PID test split, specifically designed
to remove such shortcuts and more faithfully assess VLMs’ understanding of
physical laws. As illustrated in Fig. b), the construction of test split involves
several stages. We first sample prompts from VidProM , a large-scale prompts
dataset crawled from the real user community, filtering out those containing in-
herently unrealistic or science fictional elements (e.g., cartoon, futuristic, magi-
cal), as well as prompts lacking physical interactions (e.g., static scenes). Using
these filtered prompts, we generate videos via multiple T2V models and man-
ually identify those exhibiting physical implausibility, accompanied by textual
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explanations describing the physically implausible content. For the physically
plausible subset, to eliminate the “generated vs. real” shortcut, we deliberately
avoid relying solely on real-world videos. Instead, we combine physically plau-
sible generated videos with real-world videos from VIDGEN-1M [45], filtered
to be under 10 seconds and contain clear physical interactions. Following this
pipeline, the PID test split comprises 250 physically plausible and 250 physically
implausible videos, resulting in a total of 500 balanced test samples.

We provide detailed statistics and more details of the construction pipeline
of our proposed PID train split and test split in Supplemental Material C.

4.2 Tuning the VLM

With the constructed PID dataset, our objective is to tune the VLM so that
it can accurately detect physically implausible content in the generated videos.
As discussed in Sec. 3] VLMs tend to treat “real” as “physically plausible” and
“generated” as “physically implausible”. Our tuning should remove this short-
cut and enable the VLMs to reason about whether a video contains physically
implausible content.

Notation. Denote by v, a real-world video and ¢, its corresponding caption
with physically plausible events. We first rewrite ¢, using an LLM, producing a
modified caption ¢, where the physically plausible event is changed to a phys-
ically implausible event, while keeping all other contextual elements the same:

tg = Rphys (tr)’ (1>

where Rpnys(-) denotes the rewriting operation. Then, a physically implausible
video v, is generated from the rewritten caption ¢, using a T2V model G:

vy = G(t,). (2)

The content in videos v, and vy can be partitioned into two parts, one part
about the physically plausible/implausible event, and another shared part with
the same content (e.g., environment, background objects, scene layout), denoted
by ¢share- Then, we can express the content of the two videos as follows:

Ur = (C;hys, Cshare)a Vg = (Cghyy Cshare), (3)
where ¢}, and ¢, represent the content of the physically plausible and im-
plausible events in the real and generated videos, respectively. The resulting
paired samples can then be represented as:

(Urstr),  (vgytg), (4)

where (v,,t,) represents a physically plausible video from the real world, and
(vg,t4) represents the corresponding physically implausible video generated from
the modified caption while preserving the other content.
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Training Objective. Given paired videos (v,,v,), the goal of our training is to
teach the VLM to correctly distinguish the content of each video as physically
plausible or implausible. Let fy(-) denote the prediction of a VLM model on the
physical plausibility of a video:

yr = fo(vr), Yg = fG('Ug), (5)

where y,, y4 € {physically plausible, physically implausible}. The model is trained
with the target such that, for each paired sample videos, the predicted labels
should correctly reflect the plausibility of the physical content:

(6)

yr = physically plausible,
yg = physically implausible.

In other words, the VLM is encouraged to rely solely on the content cppys to
make its decision, while ignoring the shared content cgpare. This ensures that the
model does not exploit shortcuts based on background, environment, or other un-
related content of the underlying physical event. There are two key motivations
for this design. First, physical event is a highly diverse and context-dependent
phenomenon that is difficult to categorize explicitly. By generating physically
implausible samples through caption modifications of real-world videos, the re-
sulting content remains within the distribution of real-world motions, preserving
meaningful context dependencies; for instance, surfing motions only make sense
in scenes containing water. Second, as discussed in Sec. [3] our preliminary in-
vestigation indicates that VLMs may develop a shortcut correlating generated
videos with physical implausibility and real-world videos with physical plausi-
bility, rather than reasoning about the physics. Our design minimizes cues from
generation artifacts and encourages the model to focus on the physical event
itself, thereby mitigating such shortcuts.

Language Modeling Supervision. Because the physically implausible videos
vy are generated from rewritten captions ¢, with known physical implausibility,
the model can be directly supervised to predict both the correct plausibility la-
bel and its corresponding reasoning. Similar to the current training objective of
VLMs and LLMs, the entire training can be unified under a single language mod-
elling (LM) objective. For each video—caption pair (v,t), the VLM is required
to generate a textual sequence s = [sq, Sa, ..., $7|, where the first token s; rep-
resents the physical plausibility judgment ([YES] or [NO]), and the remaining
tokens {sa,...,sr} form a natural-language explanation supporting this judg-
ment. Given the visual and textual inputs, the model is trained autoregressively
using the standard negative log-likelihood loss:

£LM(S | ”U,t) = *2521 IOgPO(Su ‘ S<u,’l),t), (7)

where 6 denotes the trainable parameters of the VLM.

This unified LM-based supervision activates the VLM’s latent capability to
detect physical implausibility and leverages its inherent strength in generating
textual explanations, enabling the model to serve as both a reliable detector and
an interpretable reasoner for physical plausibility.
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Impossible Video PID Test
Model R .
Acc. Acc. F1 Reasoning Acc. Acc. F1 Reasoning
Impl. Plaus. Score Score Impl. Plaus. Score Score
Random Guess 50.0 50.0 474 - 50.0 50.0 50.0 -
InternVL2.5 4B |[§] 61.3 69.3 69.0 2.72 61.6 844 758 2.26
InternVL2.5 8B 3| 52.3 769 T71.2 2.32 53.2 90.8 764 2.13
InternVL2.5 26B |8 65.2 78.0 732 2.89 58.4 92.8 79.2 2.16

LLaVA One-Vision [27| 29.3 81.5 68.0 1.70 36.8 94.0 73.1 1.75
MiniCPM-V 4.5 8B |61 21.3 98.9 75.0 1.91 10.4 97.6 68.0 1.52

Qwen2.5VL 3B |3] 387 843 718 2.36 452 88.0 725 2.30
Qwen2.5VL 7B |[3] 649 69.8 70.3 1.73 57.2 86.4 754 1.66
Qwen2.5VL 32B [3] 63.2 845 787 1.84 356 964 739 1.70
Qwen2.5VL 72B 3| 51.2 885 774 3.22 54.0 91.2 76.9 3.13
Qwen3VL 8B |2] 473 978 81.1 3.20 51.6 93.6 774 3.13

Qwen3VL 30B A3 2] 63.2 844 787 3.71 58.4 90.0 777 3.28
PhyDetEx (ours, 7B) 86.4 871 87.8 4.20 75.6 89.2 83.5 4.24

Table 1: Quantitative comparison of physical implausibility detection results across
different VLMs on the Impossible Videos and our PID test split. The bold indicates
the best performance. We report four metrics for each model: accuracy on implausible
videos (Acc. Impl.), accuracy on plausible videos (Acc. Plaus.), overall detection
performance (F1 Score), and explanation quality (Reasoning Score). Our proposed
PhyDetEx achieves the best performance on both datasets, significantly surpassing
existing VLMs in F1 Score and Reasoning Score, demonstrating its superior capability
in detecting and reasoning about the physical implausibility in generated videos.

5 Experiments

5.1 Experiments Setup

Training Details. We adopt QwenVL2.5-7B as the base model and fine-tune it
using LoRA on our PID training split for three epochs. The learning rate is set to
le-4 with a cosine learning rate scheduler. We set the LoRA rank to 8 and apply
it to all target modules to ensure comprehensive adaptation. To further validate
the effectiveness of our PID train split and training strategy in enhancing the
model’s understanding of physical plausibility, we conduct additional analyses
and experiments in Supplemental Material B.

Evaluation Datasets. We evaluate our proposed PhyDetEx on two datasets:
Impossible Videos [4] and our PID test split. For Impossible Videos, to better
align with our focus on physical plausibility detection, we select the videos under
the Physical Laws category, comprising 535 physically implausible videos. For
the physically plausible subset, we adopt all real-world videos, resulting in 650
physically plausible samples. Our PID test split contains 250 physically implau-
sible and 250 physically plausible videos. More details of our PID dataset are
described in Supplemental Material C.
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C1 C2 c3
Model Acc. Tmpl Acc. Plaus Reasoning Score Acc. Impl Acc. Plaus Reasoning Score Acc. Impl Acc. Plaus Reasoning Score
InternVL2.5 8B 52.3 76.9 2.32 69.35 74.77 2.81 87.29 48.31 3.11
InternVL2.5 26B  65.23 78 2.9 81.87 60.15 3.62 90.47 51.54 3.76
Qwen2.5VL 7B 53.08 73.85 1.73 62.43 71.85 1.88 64.86 69.85 1.69
Qwen2.5VL 32B  45.98 94.62 1.84 52.52 86.92 2.04 60.75 82.46 2.06
Qwen2.5VL 72B 51.21 88.46 3.22 49.72 89.08 3.32 56.07 87.08 3.38

Table 2: Preliminary investigation results across different VLMs under conditions
C1-C3. For each model, we report Acc. Impl, Acc. Plaus, and Reasoning Score. All
models exhibit substantial performance shifts as the prompt condition changes.

Evaluation Metrics. We compare our PhyDetEx with several state-of-the-
art VLMs using four metrics, specifically: (1) Accuracy Implausible (Acc.
Impl.): accuracy on physically implausible videos; (2) Accuracy Plausible
(Acc. Plaus.): accuracy on physically plausible videos; (3) the F1 Score: the
overall detection performance balancing between the two accuracies; and (4) the
Reasoning Score: the correctness and depth of the model’s explanation for the
detected physical implausibility.

The inclusion of the F1 Score is crucial, as many VLMs tend to exploit short-
cuts, achieving high accuracy on the physically plausible class while failing on
the other. For instance, MiniCPM-V 4.5 attains an exceptionally high Accuracy
Plausible of 98.9% on ImpossibleVideos, but this coincides with a very low Acc
Implausible, indicating a strong bias toward assuming all videos are physically
plausible. Thus, the F1 Score serves as a more reliable indicator of true detection
capability. The Reasoning Score further evaluates whether the model genuinely
understands the underlying physical inconsistency rather than relying on su-
perficial correlations. Detailed metric definitions and evaluation protocols are
provided in the Supplemental Material D.

5.2 More Results of Preliminary Investigation

In addition to InternVL2.5-26B (see Fig. |2| (a)), we also evaluate several other
VLMs, as shown in Tab. 2] The results show that across nearly all VLMs,
the output changes substantially when provided with different prompts under
conditions C1-C3: Acc. Impl and Reasoning Score increase significantly, while
Acc. Plaus drops significantly. This suggests that VLMs tend to assume that a
generated video is physically plausible, rather than leveraging their broad pre-
training knowledge to assess the physical consistency of the video content. These
observations further motivate the design and construction of our PID dataset.

5.3 Experimental Results

As shown in Tab. [I] on both Impossible Videos and our PID test split, most
VLMs exhibit a notable bias when detecting physically implausible videos. For
example, MiniCPM-V 4.5 achieves 97.6% Acc. Plaus. but only 10.4% Acc. Impl.
on the PID test split. Similarly, LLaVA-One-Vision shows a comparable bias,
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leading to high Acc. Impl. but low F1 Scores. It is worth noting that, the recent
QwenVL3 8B and QwenVL3 30B-A3 models, although having smaller model sizes
than QwenVL2.5 32B and 72B, achieve the highest F'1 Scores among all baselines
on both our PID test and the Impossible Video benchmark. This observation sug-
gests that current VLM models’ capacity is sufficient for physical implausibility
detection, but the lack of implausible content in pretraining data prevents them
from fully unlocking their potential in detecting physical implausibility. With
architectural and training improvements, recent VLMs can demonstrate strong
physical reasoning ability even at smaller scales.

Nevertheless, our tuned PhyDetEx substantially outperforms all competitors
across Acc. Impl., F1 Score, and Reasoning Score on both datasets, achiev-
ing state-of-the-art results. PhyDetEx does not reach the highest Acc. Plaus.,
which is largely due to current VLMs’ strong bias toward predicting plausibility.
Therefore, the F1 Score is the most appropriate and balanced measure for this
task. Moreover, the superior Reasoning Score confirms that PhyDetEx can not
only detect physical implausibility but also provide accurate, interpretable ex-
planations leveraging the VLM’s inherent reasoning capabilities. We also provide
performance analysis of the baseline in Supplemental Material E.

5.4 Case Study

In Fig. 5] we present two representative examples from our PID test split, com-
paring the outputs of PhyDetEx with several recent VLMSs. The first case depicts
a dolphin floating above the sea surface. LLaVA-OneVision and MiniCPM-V
misinterpret this as a dolphin jumping out of the water, thus considering it
physically plausible. They fail to recognize that the dolphin’s height remains
nearly constant over time, showing no effect of gravity. In contrast, PhyDetEx
correctly identifies the scene as physically implausible and explicitly reasons that
the object does not fall under gravity.

The second case is more complex: a woman jumps from a jungle cliff toward
a river’s surface but remains suspended above it without descending. Similar
to the first example, MiniCPM-V again overlooks the implausibility and inter-
prets the scene as a normal jumping motion, while QwenVL2.5-72B focuses on
general scene description rather than the physical implausibility. In comparison,
PhyDetEx successfully identifies the implausible subject and provides a concise,
accurate explanation for its abnormality. We also provide additional qualitative
examples and a detailed discussion of the failure cases with the corresponding
reasoning in Supplemental Material F.

Beyond case study, we further use attention maps to examine whether fine-
tuning on the PID training split mitigates shortcut behavior. As shown in Fig. [4]
the attention maps provide a direct diagnostic signal: after fine-tuning, PhyDe-
tEx focuses more on the abnormal regions, such as water and bubbles, than the
baseline on the same example.
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Imp. Content: Bubbles .... flow ... without any heat source ... impossible.
Baseline (C1): ... is a real-world phenomenon ...

Fig. 4: Baseline vs. PhyDetEx attention. PhyDetEx highlights abnormal regions (wa-
ter, bubbles); baseline is more dispersed.

Phy plausible Evaluation

T2V Model Rate Score

Open-Source

CogVideoX1.5 52.0 5.35
HunyuanVideo 60.0 8.73
WanX2.1 1.3B 66.0 16.54
WanX2.1 14B  62.0 10.84
WanX2.2 14B  66.0 12.96
Clsoed-Source
Veo3.1 72.0 12.98
Sora2.0 86.0 32.62

Table 3: Physical plausibility evaluation results of videos generated by various T2V
models, benchmarked with our PhyDetEx. The closed-source model Sora2.0 shows the
best performance, significantly higher than the second best player, Veo3.1.

5.5 Benchmarking Modern T2V Models

Having validated that our PhyDetEx can effectively detect the physically implau-
sibility in generated videos, we leverage it to assess the ability of recent state-of-
the-art T2V models in generating physically plausible videos. Specifically, we first
extract 50 prompts involving clear physical interactions from VIDGEN-1M .
These prompts are then used to generate videos with a variety of T2V mod-
els, including open-source models—CogVideoX1.5 5B , Hunyuan Video |26],
WanX2.1 5B, WanX2.1 14B, and WanX2.2 1}B —a,s well as the closed-
source systems— Veod. 1 and Sora2.0 . Finally, we apply PhyDetEx to
detect whether the generated videos exhibit physical implausibility.

PhyDetEx produces not only binary judgments but also token-level logits.
Based on these outputs, we compute two complementary indicators: (1) the
Plausibility Rate, defined as the proportion of videos judged to be physically
plausible; and (2) a fine-grained Plausibility Score derived from the logits
corresponding to the plausibility prediction, providing a continuous measure
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Evaluate whether the depicted motion of objects or individuals adheres to the real world.

‘(0" Implausible Content

The dolphin in the
video is floating in e —~ ey |
e oty et e P :

T ———
external force ......
L L b b i 1 1 5 5 1 0 38 1 7§ |

water in a manner consistent with their natural behavior.

@ x | Yes. The dolphins' motion in the video adheres to the real world as they are depicted leaping out of the i
I
LLAVA-ONVISION 1o m =~ -2 oo oo o L e i

— 1 Yes. The motion of the dolphin in these images adheres to real-world physics and natural behavior. E
- x 1 Dolphins are known to leap out of the water, which is consistent with the sequence shown here where !
MiniCPM-V i the dolphin appears progressively further along its path above the ocean waves. '

@ 1 No. The dolphins' movement through the air without visible propulsion or support is implausible because i

) 2 | they lack a means to generate lift or overcome gravity. The absence of a visible force acting on them !

i makes their motion impossible according to physical principles ...... !
'

PhyDetEx (Ours)

...... the person floats
from the woods to
above the river
without the help of
any objects ......

x i Yes. The motion of the girl jumping into the river and her subsequent descent towards the water adheres
i to real-world physics, depicting a natural fall under gravity's influence.

MiniCPM-V

@ x i Yes. The motion of the individual in the video appears to adhere to the real world. The person is seen i
| running along a fallen tree trunk over a stream, which is a plausible action given the natural setting. The !
i movement is fluid and consistent with how a person would balance and run on such a surface ...... !

'

QwenVL2.5 72B

©\ & 1 No. The woman's floating above the water without touching it is implausible because she would be E

) | subject to gravity and buoyancy forces that should cause her to sink or float according to her density !

| relative to water ...... '
'

PhyDetEx (Ours)

Fig. 5: Qualitative comparison between our PhyDetEx and recent VLMs on detect-
ing physical implausibility. We illustrate two representative cases from our PID test
split. In the first case (top), the dolphin remains floating above the sea surface with-
out descending, violating gravity. LLaVA-OneVision and MiniCPM-V misinterpret the
scene as a normal leap. By contrast, our PhyDetEx correctly identifies the physical im-
plausibility and attributes it to the lack of gravitational influence. In the second case
(bottom), a woman jumps from the woods toward the river but remains suspended
midair. Other VLMs again regard this as plausible or irrelevant to physics, whereas
our PhyDetEx identifies the implausible subject and provides the correct reasoning
that her motion defies gravity and buoyancy.

of physical realism. Detailed information on the benchmarking procedure for
T2V models is provided in the Supplemental Material G. In particular, for
videos judged as “Physically Plausible” by PhyDetEx, the corresponding logits
are added to the score, whereas for videos judged as “Physical Implausible”, the
logits are subtracted, resulting in an overall cumulative score.

The results are shown in Tab. 3] We see that the closed-source T2V system
Sora2.0 achieves significantly higher Rate and Score than other models, demon-
strating its superior understanding of physical laws. Veo3.1 is the second best but
lags much behind Sora2.0. Among open-source models, WanX2.1 1.3B attains
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the same Rate as WanX2.2 14B and achieves the highest Score. Our analysis
indicates that although WanX2.1 1.3B produces lower visual quality compared
to larger models, this does not reflect a deficiency in its physical reasoning ca-
pability. Rather, its tendency to generate simpler actions naturally reduces the
likelihood of producing physically implausible content.

Besides benchmarking existing T2V models, we also leverage PhyDetEx to
generate positive and negative samples for these models, enabling physical-
awareness Direct Preference Optimization (DPO [42]) to improve them. Detailed
implementation and results are provided in Supplemental Material H.

6 Conclusion

In this work, we first investigated why current VLMs struggled to identify phys-
ical implausibility in generated videos. We then proposed to construct PID, a
dataset specifically designed for the physical implausibility detection task, con-
sisting of a train and a test splits. Based on the train split, we developed PhyDe-
tEx, a VLM-based detector capable of not only identifying but also explaining
physical implausibility. PhyDetEx achieved SOTA performance on both our test
split and the public Impossible Video benchmark. Furthermore, leveraging Phy-
DetEx, we evaluated a range of modern T2V models in terms of their ability
to generate physically plausible videos. Our findings revealed that the power-
ful closed-source models have made significant progress in producing physically
consistent videos, but the open-source models still lagged substantially behind.
Limitations. Although our trained PhyDetEx model performs well in detecting
physical implausibility in generated videos, the diversity of physical events is
vast. Therefore, PhyDetEx still exhibits hallucinations in non-visual or complex
physical events. We provide several failure cases and discussion of PhyDetEx in
Supplemental Material F. We believe that adding more modality information
from the video, such as audio and additional information about objects in the
video, rather than relying solely on purely visual modalities, can better help
VLMs understand and detect physical implausibility.
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