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Abstract

AI video generation is undergoing a revolution, with qual-
ity and realism advancing rapidly. These advances have
led to a passionate scientific debate: Do video models
learn “world models” that discover laws of physics—or, al-
ternatively, are they merely sophisticated pixel predictors
that achieve visual realism without understanding the phys-
ical principles of reality? We address this question by de-
veloping Physics-IQ, a comprehensive benchmark dataset
that can only be solved by acquiring a deep understanding
of various physical principles, like fluid dynamics, optics,
solid mechanics, magnetism and thermodynamics. We find
that across a range of current models (Sora, Runway, Pika,
Lumiere, Stable Video Diffusion, and VideoPoet), physical
understanding is severely limited, and unrelated to visual
realism. At the same time, some test cases can already be
successfully solved. This indicates that acquiring certain
physical principles from observation alone may be possible,
but significant challenges remain. While we expect rapid
advances ahead, our work demonstrates that visual realism
does not imply physical understanding. Our project page is
at Physics-IQ website; code at Physics-IQ benchmark.

1. Introduction
Can a machine truly understand the world without interact-
ing with it? This question lies at the heart of the ongoing
debate surrounding the capabilities of AI video generation
models. While the generation of realistic videos has, for a
long time, been considered one of the major unsolved chal-
lenges within deep learning, this recently changed. Within
a relatively short period of time, the field has seen the devel-
opment of impressive video generation models [16, 45, 47],
capturing the imagination of the public and researchers
alike. A major milestone towards general-purpose artificial
intelligence is to build machines that understand the world,
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and if you cannot understand what you cannot create (as
Feynman would say), then the ability of those models to cre-
ate visually realistic scenes is an essential step towards that
capability. However, the degree to which successful gen-
eration signals successful understanding is the subject of a
passionate debate. Is it possible to understand the world
without ever interacting with it? Phrased differently, do
generative video models learn the physical principles that
underpin reality purely from “watching” videos?

Proponents argue that the way the models are
trained—predicting how videos continue, a.k.a. next frame
prediction—is a task that forces models to understand phys-
ical principles. According to this line of argument, it is hard
to predict the next frame if the model has no understand-
ing of how objects move (trajectories), that things fall down
instead of up (gravity), and how pouring juice into a glass
of water changes its color (fluid dynamics). As an anal-
ogy, large language models (LLMs) are trained in a similar
fashion to predict the next tokens; a task formulation that is
equally simple but has proven sufficient to enable impres-
sive text understanding. Moreover, predicting the future is a
core principle of biological perception, too: The brain con-
stantly generates predictions about incoming sensory input,
enabling energy-efficient processing of information [9] and
building a mental model of the world as postulated by von
Helmholtz [68] and later the predictive coding hypothesis
[18]. In short, successful prediction signals successful un-
derstanding.

On the other hand, there are also important arguments
contra understanding through observation. According to
the causality rationale, “watching” videos (or to be more
precise, training models to predict how videos continue) is
a passive process, with models unable to interact with the
world. This lack of interaction means that a model can-
not observe the causal effects of an intervention (as, for in-
stance, children are able to when playing with toys). There-
fore, a model is faced with the nearly impossible task of
distinguishing correlation from causation if it is to succeed
in understanding physical principles. Furthermore, video
models that are touted as “a promising path towards build-
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Solid Mechanics Fluid Dynamics Optics MagnetismThermodynamics

Figure 1. Sample scenarios from the Physics-IQ dataset for testing physical understanding in generative video models. Models are shown
the beginning of a video (single frame for image2video models; 3 seconds for video2video models) and need to predict how the video
continues over the next 5 seconds, which requires understanding different physical properties: Solid Mechanics, Fluid Dynamics, Optics,
Thermodynamics, and Magnetism. See here for an animated version of this figure.

ing general purpose simulators of the physical world” [47]
arguably experience a different world to begin with: the dig-
ital world as opposed to the real world that an embodied
system (like a robot, or virtually all living beings) experi-
ence. As a consequence, skeptics argue that visual realism
by no means signals true understanding: All it takes to pro-
duce realistic videos is to reproduce common patterns from
the model’s vast sea of training data—shortcuts without un-
derstanding [21, 32].

In light of these two diametrically opposed perspectives,
how can we tell whether generative video models indeed
learn physical principles? To address this question in a
quantifiable, tractable way, we created a challenging testbed
for physical understanding in video models: the “Physics-
IQ” benchmark. The core idea is to prompt video models to
do what they do best: predict the continuation of a video. In
order to test understanding, we designed a range of diverse
scenarios where predicting the continuation requires a deep
understanding of physical principles, going beyond pattern
reproduction and testing out-of-distribution generalization.
For instance, models are asked to predict how a domino
chain falls—normally, vs. when a rubber duck is placed in
the middle of the chain; or how pillows react when a kettle-
bell vs. a piece of paper is dropped onto the pillow. The di-
verse set of scenarios encompass solid mechanics, fluid dy-
namics, optics, thermodynamics and magnetism, totalling
396 high-quality videos that we filmed from three differ-
ent perspectives in a controlled environment. Samples are
shown in 1. We then compare the model’s prediction to the
ground truth continuation using a set of simple metrics that
capture different desiderata, and analyze a range of current
models: Sora [47], Runway Gen 3 [63], Pika 1.0 [62], Lu-
miere [7], Stable Video Diffusion [12], and VideoPoet [35].

2. Physics-IQ benchmark

2.1. Dataset
Our goal is to develop a dataset that tests the physical under-
standing capabilities of video generative models on differ-
ent physical laws like solid mechanics, fluid dynamics, op-
tics, thermodynamics, and magnetism. We therefore created
the Physics-IQ dataset which consists of 396 videos (8 sec-
onds each) covering 66 different physical scenarios. Each
scenario dataset focuses on a specific physical law and aims
to test a video generative model’s understanding of physi-
cal events. These events include examples like collisions,
object continuity, occlusion, object permanence, fluid dy-
namics, chain reactions, trajectories under the influence of
forces (e.g., gravity), material properties and reactions, as
well as shadows, reflections, and magnetism.

Each scenario was filmed at 30 frames per second (FPS)
with a resolution of 3840 × 2160 (16:9 aspect ratio) from
three different perspectives: left, center, and right using
high-quality Sony Alpha a6400 cameras equipped with 16-
50mm lenses. Each scenario was shot twice (take 1 and
take 2) under identical conditions to capture the inherent
variability of real-world physical interactions. These varia-
tions are expected in real-world due to factors like chaotic
motion, subtle changes in friction, and variations in force
trajectory. In this paper, we refer to the differences observed
between these two recordings of the same scenario as phys-
ical variance. This results in a total of 396 videos (66 sce-
narios × 3 perspectives × 2 takes). All our videos are shot
from a static camera perspective without camera motion.
The setup for filming the videos is illustrated in Supp. 7.

2.2. Evaluation protocol
Physical understanding can be measured in different ways.
One of the most stringent tests is whether a model can pre-
dict how a challenging, unusual video continues—such as a
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Figure 2. Overview of the Physics-IQ evaluation protocol. A video generative model produces a 5 second continuation of the conditioning
frame(s), optionally including a textual description of the conditioning frames for models that accept text input. They are compared against
the ground truth test frames using four metrics that quantify different properties of physical understanding. The metrics are defined and
explained in the methods section.

chain of dominoes with a rubber duck in the middle inter-
rupting the chain. Out-of-distribution scenarios like these
test true understanding, since they cannot be solved by re-
producing patterns seen or memorized from the training
data [e.g. 20, 21, 25, 60]. We therefore test physical under-
standing of video generative models by taking a full video
of 8 seconds in which a physically interesting event occurs,
splitting the video into a 3-second conditioning video and
a 5-second ground truth continuation video. The model
is then given the conditioning signal: either the 3-second
video for video2video models (named multiframe models
in figures), or the last frame of this conditioning video—
called the switch frame—in the case of image2video mod-
els (named i2v models in figures). Since video models are
trained precisely to generate the next frames given the pre-
vious frame(s) as conditioning signal, our evaluation proto-
col matches the paradigm these models were trained for.
The switch frame is a careful manual selection for each
scenario such that enough information about the physical
event and objects in the scenario is provided, while at the
same time making sure that successfully predicting the con-
tinuation requires some understanding of physics (e.g., in
the scenario involving the chain reaction when a domino
falls, the switch frame corresponds to the moment when
the first domino is tipped but has not yet contacted the sec-
ond domino). We provide video models that support multi-
frame conditioning with as many conditioning frames (up to
a maximum of 3 seconds) as they can accommodate. Some
video models (e.g., Runway Gen 3, Pika 1.0, and Sora) gen-
erate subsequent frames based on a single image. For these
models, we provide just the switch frame as the condition-
ing signal. Supp. 11 shows the switch frame for all scenar-
ios in the Physics-IQ dataset.

Both multiframe and single-frame conditioned video
models can additionally be conditioned on a human-written

text description of the scene that describes the condition-
ing part without, however, giving away the answer of how
the future unfolds. For evaluating image-to-video (i2v) and
multiframe video models, we provide both these captions
and the conditioning frame(s) as conditioning signals. Sta-
ble Video Diffusion is the only model in our study that does
not accept text as a conditioning signal.

2.3. Why create a real-world Physics-IQ dataset

The question of whether video generative models can un-
derstand physical principles has been explored through a
range of benchmarks designed to evaluate physical reason-
ing. Physion [10] and its successor Physion++ [65] use ob-
ject collisions and stability to assess a model’s ability to
predict physical outcomes and infer relevant properties of
objects (e.g., mass, friction) during dynamic interactions.
Similarly, CRAFT [3] and IntPhys [52] assess causal rea-
soning and intuitive physics, testing whether models can
infer forces or understand object permanence. Intuitive
physics has a rich history in Cognitive Science and is con-
cerned with understanding how humans build a common-
sense intuition for physical principles [e.g. 2, 23, 34, 36, 42,
43, 48, 53, 58, 59, 64]. Recent efforts have extended physi-
cal reasoning evaluation to generative video models. Video-
Phy [6] and PhyGenBench [44] focus on assessing phys-
ical commonsense through text-based descriptions rather
than visual data. These works emphasize logical reason-
ing about physical principles but do not incorporate real-
world videos or dynamic visual contexts. PhysGame [13]
focuses on gameplay, while the Cosmos project [1] aims
to enable better embodied AI, including robotics. LLM-
Phy [15] combines a large language model with a non-
differentiable physics simulator to iteratively estimate phys-
ical hyperparameters (e.g., friction, damping, layout) and
predict scene dynamics. Other benchmarks, such as CoPhy
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[8] and CLEVERER [71], emphasize counterfactual rea-
soning and causal inference in video-based scenarios. ES-
PRIT [50] couples physical reasoning tasks with explain-
ability via natural language explanations, and PhyWorld
[33] evaluates the ability of generative video models to en-
code physical laws, focusing on physical realism. A com-
prehensive overview of recent models and methods is pro-
vided by [40].

CRAFT IntPhys Physion ESPRIT

Physion++ CoPhy CLEVERER PhyWorld

Figure 3. A qualitative overview of recent synthetic datasets re-
lated to physical understanding [3, 8, 10, 33, 50, 52, 65, 71]. These
datasets are great for the purposes they were designed for, but not
ideal for evaluating models trained on real-world videos due to the
distribution shift.

However, a major drawback of many benchmarks is that
the data they use is synthetic (see Fig 3 for samples). This
introduces a real-vs-synthetic distribution shift that may
confound results when testing video models trained on nat-
ural videos. The Physics-IQ dataset overcomes this limita-
tion by providing real-world videos, capturing diverse and
complex physical phenomena (see Fig 1). With three views
per scenario, controlled and measured physical variance (by
recording two takes for each video), and challenging out-of-
distribution settings it provides a rigorous design for evalu-
ating video generative models.

2.4. Models
We evaluate eight different video generative models on our
benchmark: VideoPoet (both i2v and multiframe) [35], Lu-
miere (i2v and multiframe) [7], Runway Gen 3 (i2v) [63],
Pika 1.0 (i2v) [62], Stable Video Diffusion (i2v) [12], and
Sora (i2v) [47].

Different models have different requirements for the in-
put conditions (single frame, multi frame, or text condi-
tioning), frame rates (8–30 FPS), and resolution (between
256 × 256 and 1280 × 768). An overview is shown in 2.
For our study, we matched the model’s preferred input con-
ditions, frame rates, and resolution exactly by performing a
pre-processing step on the Physics-IQ videos (see Supp. 1
for pseudocode).

VideoPoet and Lumiere are the only two models in

our study that accept multiple frames as conditioning in-
put. These models also include a super-resolution stage,
where they first generate a lower resolution video and sub-
sequently upscale it to a higher resolution. Since we noticed
that the lower resolution outputs suffice to test physical re-
alism, we skipped the super-resolution step for these mod-
els. Our benchmark consists of physical interactions where
temporal information is decidedly useful to have, thus it is
generally to be expected that a perfect multiframe model
should, in principle, perform better than a perfect i2v model.

2.5. Metrics

Given a model-predicted continuation, how can we tell
whether it matches the ground truth continuation? Different
choices of metrics are possible; we decided against using
vision-language models as evaluators since, as we will see
later, they are not (yet) sufficiently sensitive to violations of
physics. Other widely used metrics also don’t sufficiently
capture physics understanding: Video generative models
commonly use metrics [27, 66, 69, 72] and benchmarks
[24, 28, 29] suited for evaluating the visual quality and real-
ism of the generated videos. These metrics include Peak
Signal-to-Noise Ratio (PSNR) [27], Structural Similarity
Index Measure (SSIM) [69], Fréchet Video Distance (FVD)
[19, 66], and Learned Perceptual Image Patch Similarity
(LPIPS) [72]. While these metrics are useful for compar-
ing the appearance, temporal smoothness, and statistics of
generated videos with the ground truth; unfortunately, they
do not fully capture understanding of physical laws. For in-
stance, both PSNR and SSIM evaluate pixel-level similar-
ities but are not sensitive to the correctness of motion and
interactions in a video; FVD captures overall feature distri-
butions but does not penalize a model for physically implau-
sible actions and LPIPS focuses on human-like perception
of similarity rather than physical plausibility. While these
metrics are great for measuring what they were designed
for, they are not equipped to judge real-world physics un-
derstanding.

Therefore, we need a different way of assessing whether
models understand physical properties. Fortunately, we can
make use of a useful property of our dataset that simpli-
fies evaluations: our entire real-world dataset was filmed
from a static perspective; additionally, we recorded ground
truth continuations that we can use for comparison. There-
fore, we can harness fairly simple metrics (based on well-
established components) to compare generations against
ground truth. We would like to highlight that the core con-
tribution of this work is the dataset itself, and the investiga-
tion of physical understanding in generative video models
that our dataset enables—while the metrics that we use are
merely a means to this end, and we do not claim any nov-
elty w.r.t. these metrics. On the contrary, precisely because
of the quality of our data (static perspective, manual cutting,
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not part of any model’s training set) we can build on very
simple metrics and established components.

Since models might fail in different ways (e.g., getting an
action right but the timing wrong vs. getting the timing right
and the action wrong), we use the following four metrics to
track different aspects of physical understanding: Where
does action happen? Spatial IoU, Where & when does ac-
tion happen? Spatiotemporal IoU, Where & how much ac-
tion happens? Weighted spatial IoU and How does action
happen? MSE. These four metrics—explained in detail
below—are then combined into a single score, the Physics-
IQ score, by summing the individual scores (with a neg-
ative sign for MSE where lower=better). This Physics-IQ
score is normalized such that physical variance (the upper
limit of what we can reasonably expect a model to capture)
is 100%—enabled by recording each scenario twice from
each perspective to estimate this physical variance.

Figure 4. How well do current video generative models under-
stand physical principles? The Physics-IQ score is an aggregated
measure across four individual metrics, normalized such that pairs
of real videos that differ only by physical randomness score 100%.
All evaluated models show a large gap, with the best model scoring
29.5%, indicating that physical understanding is severely limited.

Where does action happen? Spatial IoU The location
of movement is an important indicator of physical “correct-
ness”. For instance, in the “domino with duck interrupting
the chain” scenario from 1, only the part of the chain that is
to the right side of the duck should tumble, while the other
part should remain unchanged. Similarly, the spatial trajec-
tory of a moving ball is indicative of whether the movement
is realistic. The Spatial IoU metric compares generated
videos against ground truth to determine whether the lo-
cation of movement/action mirrors ground truth. Since the
benchmark videos are filmed from a static perspective with-
out camera movement, a simple threshold on pixel intensity

changes across frames (see Supp. 2 for pseudocode) easily
identifies where movement happens. This leads to a binary
h×w×t “motion mask video” that highlights the regions of
motion in a scene at any point in time. Spatial IoU then sim-
ply generates a binary h×w spatial “motion map”—similar,
in spirit, to a saliency map—by collapsing the masks across
the time dimension with a max operation. A motion map
thus simply has a 1 whenever action occurred, at any point
in time, at a particular location; and a 0 otherwise. This mo-
tion map is compared against the motion map from the real,
ground truth video, using Intersection over Union or IoU (a
metric commonly used in object detection to measure over-
lap while penalizing areas that differ):

Spatial-IoU =
|Mbinary,spatial

real ∩Mbinary,spatial
gen |

|Mbinary,spatial
real ∪Mbinary,spatial

gen |

where M spatial
real and M spatial

gen are the motion maps based on
real and generated videos, respectively. Spatial IoU mea-
sures whether the location where action happens is correct.

Where & when does action happen? Spatiotemporal IoU
Spatiotemporal IoU goes a step further than Spatial IoU by
also taking into account when an action occurs. Instead of
collapsing across time as Spatial IoU does, Spatiotemporal
IoU compares the two motion mask videos (based on real
and generated videos) frame-by-frame, averaging across t:

Spatiotemporal-IoU(Mreal,Mgen) =
|Mreal ∩Mgen|
|Mreal ∪Mgen|

whereMreal andMgen are the h×w×t binary motion masks
for the real and generated videos, respectively. Spatiotem-
poral IoU thus tracks not only where an action occurs in a
video, but also whether it occurs at the right time (when). If
a model does well on Spatial IoU but poorly on Spatiotem-
poral IoU, this would therefore indicate that the model gets
the location of the action right, but the timing wrong.

Where does action happen, and & how much action hap-
pens? Weighted spatial IoU Weighted spatial IoU is
similar to Spatial IoU in the sense that it compares two h×w
“motion maps”. However, instead of comparing binary mo-
tion maps (action occurred or did not occur), it also assesses
how much action happens at any given location. This distin-
guishes between e.g. motion caused by a pendulum (show-
ing repeated motion in an area) from motion by a rolling
ball (which passes a location only once). Weighted spatial
IoU is computed by taking the binary h × w × t motion
mask video (described above in the section on Spatial IoU)
and collapsing across the time dimension t in a weighted
fashion (instead of taking the maximum). The weighting
simply averages per-frame action. This weighted h × w
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spatial “motion map” is then used to compute the metric by
summing the pixel-wise minimum of two motion maps and
dividing by the pixel-wise maximum:

Weighted-spatial-IoU =
n∑

i=1

min
(
Mweighted,spatial

real,i ,Mweighted,spatial
gen,i

)
n∑

i=1

max
(
Mweighted,spatial

real,i ,Mweighted,spatial
gen,i

)
where Mweighted,spatial

real and Mweighted,spatial
gen are the

weighted motion maps representing how much activ-
ity/action happens at any location (based on real and gener-
ated videos, respectively). Weighted spatial IoU thus mea-
sures not only where an action occurs, but also how much
action is happening.

How does an action happen? MSE Finally, mean
squared error (MSE) calculates the average squared dif-
ference between corresponding pixel values in two frames
(e.g., a real and a generated frame). Given two frames freal
and fgen, the MSE is given by:

MSE(freal, fgen) =
1

n

n∑
i=1

(freal,i − fgen,i)2

where n is the total number of pixels in the frame. MSE
focuses on pixel-level fidelity; this is a very strict require-
ment that is sensitive to how objects look and interact. For
instance, if a generative model would show a tendency to
change the color of objects, this physically unrealistic event
would be heavily penalized. MSE therefore tracks aspects
that complement the other metrics. None of them is perfect,
and none of them should be used in isolation, but collec-
tively they provide a comprehensive assessment of different
aspects that quantify physical realism. Since raw MSE val-
ues can be hard to interpret, we provide an intuition in 9.

2.6. Metric for visual realism: MLLM evaluation
In addition to measuring the physical realism, we are in-
terested in tracking how convincingly a model can gener-
ate realistic videos, as assessed by a multimodal large lan-
guage model or MLLM [here: Gemini 1.5 Pro, 22]. Instead
of rating videos (which would be sensitive to model bi-
ases), we use the gold standard experimental methods from
psychophysics, a 2AFC paradigm. 2AFC stands for two-
alternative-forced-choice. In our case, this means that the
MLLM is given pairs of real and generated videos of the
same scenario in randomized order. The MLLM is asked to
identify the generated video. The MLLM evaluation score
is expressed as a percentage corresponding to the accuracy
across all videos, with chance rate at 50%. Any accuracy
that is higher indicates that the MLLM was able to correctly

identify at least some of the generated videos; while accu-
racies close to 50% indicates that a video generative model
has successfully deceived the MLLM into classifying the
generated videos as real, indicating high visual realism. De-
tails on the experiment are described in the appendix.

3. Results

3.1. Physical understanding
The goal of our Physics-IQ benchmark is to understand,
and quantify, whether generative video models learn phys-
ical principles. Therefore, we test all eight models in our
study on every scenario and for each camera position (left,
center, right) in the benchmark dataset. These samples are
visualized in 1. We first report the aggregated Physics-IQ
results across all metrics related to physical understand-
ing (Spatial IoU, Spatiotemporal IoU, Weighted-spatial
IoU, MSE) in 4. The main takeaway from this figure is
that all the models show a massive gap to the physical vari-
ance baseline, with the best model scoring only 29.5% out
of the possible 100.0%. As we mentioned in the previous
section, each scenario was recorded twice (take 1 and take
2) to estimate the natural variability in real-world physical
phenomena. This estimate is termed the physical variance;
the figure is normalized such that pairs of real videos that
differ only by physical randomness score 100.0%. The gap
between model performance and real videos demonstrates
a severe lack of physical understanding in current power-
ful video generative models. Across the different mod-
els, VideoPoet (multiframe) [35] ranks best; interestingly,
VideoPoet is a causal model. For the two models that have
both an image2video (i2v) and a version conditioned on
multiple frames (multiframe), the multiframe variants out-
perform the i2v variants. This is expected, as predicting the
future— as required by our challenging Physics-IQ bench-
mark—benefits from access to temporal information, which
multiframe variants provide.

The performance of each model on each individual met-
ric is reported in 1 (See Supp. 12 for a breakdown by phys-
ical principle). VideoPoet (multiframe) performs best on a
majority of the metrics (3 out of 4). Qualitatively, the gen-
erated videos from Sora are often visually and artistically
superior, but they also frequently include transition cuts—
despite instructed not to change the camera perspective—
which is penalized by several other metrics. We expect that
if a future version of this model more closely follows the
prompt (static camera perspective, no camera movement),
its Physics-IQ score would improve substantially. Qualita-
tively, success and failure cases are visualized in 6.

3.2. Human evaluation
We ran two pairwise-comparison user studies on 25
randomly sampled scenarios (covering diverse physical
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events), applying a light Gaussian blur to all videos to re-
duce resolution bias while preserving motion and bound-
aries.

Study 1: real vs. model. Participants chose the more
physically plausible video between a real clip and a model
output. Humans overwhelmingly preferred real videos.
Models were selected over real only rarely: Runway Gen 3
(Rank 3) in 2/25 trials (8%), VideoPoet (i2v, Rank 4) in
1/25 (4%); all others—VideoPoet (multiframe, Rank 1), Lu-
miere (multiframe, Rank 2), Lumiere (i2v, Rank 5), SVD
(Rank 6), Pika 1.0 (Rank 7), Sora (Rank 8)—in 0/25. This
mirrors the large realism gap captured by Physics-IQ.

Study 2: model vs. model. We paired models by
Physics-IQ rank (1 vs. 8, 2 vs. 7, 3 vs. 6, 4 vs. 5). The
higher-ranked model was preferred in most matchups: Run-
way Gen 3 vs. SVD: 22–3 (88% agreement); VideoPoet
(multiframe) vs. Sora: 19–6 (76%); Lumiere (multiframe)
vs. Pika 1.0: 16–9 (64%). An adjacent-rank pair was the ex-
ception: VideoPoet (i2v, Rank 4) vs. Lumiere (i2v, Rank 5)
favored the lower-ranked model 15–10 (40% agreement
with rank; Physics-IQ 19.0% vs. 20.3%). Overall, human
preferences broadly align with Physics-IQ. See Supp. 4 for
protocol details.
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Table 1. Comparison of metric scores for different models. The
best-performing model for each metric is marked in bold. Note
that Physical Variance serves as a performance upper bound for
each metric, representing the difference between two real videos
and capturing the inherent variability in real-world scenarios.

Model Spatial
IoU ↑

Spatiotemporal
IoU ↑

Weighted spatial
IoU ↑

MSE
↓

Physics-IQ Score
↑

Physical Variance 0.678 0.535 0.577 0.002 100.0
VideoPoet (multiframe) 0.204 0.164 0.137 0.010 29.5
Lumiere (multiframe) 0.170 0.155 0.093 0.013 23.0
Runway Gen 3 (i2v) 0.201 0.115 0.116 0.015 22.8
VideoPoet (i2v) 0.141 0.126 0.087 0.012 20.3
Lumiere (i2v) 0.113 0.173 0.061 0.016 19.0
Stable Video Diffusion (i2v) 0.132 0.076 0.073 0.021 14.8
Pika 1.0 (i2v) 0.140 0.041 0.078 0.014 13.0
Sora (i2v) 0.138 0.047 0.063 0.030 10.0

3.3. Visual realism: Multimodal large language
model evaluation

Why do many circulated samples appear visually convinc-
ing despite poor physical understanding? We quantified
visual realism by asking Gemini 1.5 Pro [22] to pick the
generated video in each real–generated pair (Physics-IQ
scenarios). The MLLM score is this identification accu-
racy; values near 50% (chance) indicate harder-to-detect
fakes (i.e., higher visual realism). As shown in 5 (left),
the MLLM often succeeds (e.g., up to 86.9% for Lumiere
multiframe). One model stands out: Sora achieves 55.6%
(closest to chance), while Runway Gen 3 reaches 74.8%
and VideoPoet (multiframe) 77.3%. Although the MLLM’s
textual justifications are frequently tangential to the visual
evidence [4, 39], the accuracy pattern indicates that some
models generate highly realistic videos even with limited
physical understanding. Consistent with prior findings on
intuitive physics and causal reasoning gaps [11, 31, 37, 46,
49, 54, 61, 70], 5 (right) shows no significant correlation
between visual realism and physical understanding.

4. Discussion

We introduced Physics-IQ, a challenging and comprehen-
sive real-world benchmark to evaluate physics understand-
ing in video generative models. We analyzed eight mod-
els on Physics-IQ using its associated metrics to quantify
physics understanding. The benchmark data and metrics
cover a wide range of settings and reveal a striking discrep-
ancy between visual realism (sometimes present in current
models) and physical understanding (largely lacking in cur-
rent models).

Do video models understand physical principles? Does
realistic generation imply physics understanding? Our
benchmark says no: all evaluated models lack deep phys-
ical competence. The best system, VideoPoet (multiframe),
scores 29.5, far below the physical variance baseline of
100.0 (real-world variability). Progress remains possible;

scaling may help, though alternative (e.g., interactive) train-
ing could be required. Prediction alone can induce struc-
ture: language models learn syntax from next-token pre-
diction [26]. Current models sometimes succeed (e.g.,
VideoPoet correctly simulates paint smearing on glass) but
often make basic errors (objects interpenetrate). Synthetic-
data results [33] suggest that with enough data, video mod-
els can acquire physical laws. We open-source Physics-IQ
to track progress.

Visual realism doesn’t imply physical understanding.
Visual realism and physical understanding are not signif-
icantly correlated (5). Example: when a burning match
enters water, Runway Gen 3 produces a photorealistic se-
quence where a candle appears and lights, which is tempo-
rally impossible despite per-frame quality. Such “object-
into-existence” hallucinations are common [51]. We ob-
serve them across models; stronger ones (Runway Gen 3,
Sora) often hallucinate content consistent with the scene
(e.g., match→candle), hinting at partial understanding.

Dataset biases are reflected in model generations. Most
models respect scene/layout and object attributes; Sora and
Runway Gen 3 are notably consistent across frames. Yet
training biases surface: in prototyping, Lumiere changed a
red pool table to green at generation start (bias toward com-
mon green tables), and Sora frequently inserted transition
cuts, consistent with likely training data/style.

Metrics and their limitations. Standard quality metrics
(PSNR [27], FVD [66], LPIPS [72], SSIM [69]) do not tar-
get physics. We therefore use simple, interpretable compo-
nents (MSE, IoU) to score spatial, temporal, and perceptual
coherence, aggregating them into the normalized Physics-
IQ score. Each metric is a proxy: the MLLM measure
captures how well videos “deceive” a multimodal model
but inherits the MLLM’s limits; its explanations are often
wrong, and it fails more on Sora. Likewise, Stable Video
Diffusion shows heavy hallucinations and implausible ob-
ject motion yet attains Spatial-IoU comparable to Lumiere,
Sora, Pika, and VideoPoet (i2v); conversely, Runway Gen 3
excels at Spatial-IoU but lags on Spatiotemporal-IoU. No
single metric should be read in isolation.

We intentionally design Physics-IQ to be conservative,
penalizing object hallucinations, camera motion (which
prompts asked to avoid), and shot changes. Models like
Sora exhibit these more often and thus score lower on some
metrics. In a hype-prone area, we prefer benchmarks that
err on the side of caution.
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