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Figure 1. On a crowded city street, a bird’s nest falls from a branch, a car rushes by, an eagle soars past a building, and a person walks in
a crosswalk — the real world is full of complex physical motion. To enable AI to understand and navigate this environment, it is essential
for generalist embodied systems to reason about physical properties quantitatively. Because objects obey common laws of physics, their
kinematic properties (such as size, velocity, and acceleration) are interrelated. This interdependence makes it possible for visual AI to
systematically reason about these properties with respect to available priors. In this work, we present QUANTIPHY, the first benchmark to
evaluate the reasoning ability of AI models on quantitative kinematic inference tasks.

Abstract

Understanding the physical world is essential for general-
ist AI agents. However, it remains unclear whether state-
of-the-art vision perception models (e.g., large VLMs) can
reason physical properties quantitatively. Existing evalua-
tions are predominantly VQA-based and qualitative, offer-
ing limited insight into whether these models can infer the
kinematic quantities of moving objects from video obser-
vations. To address this, we present QuantiPhy, the first
benchmark designed to quantitatively measure a VLM’s
physical reasoning ability. Comprising more than 3.3K
video–text instances with numerical ground truth, Quan-
tiPhy evaluates a VLM’s performance on estimating an ob-
ject’s size, velocity, and acceleration at a given timestamp,
using one of these properties as an input prior. The bench-
mark standardizes prompts and scoring to assess numeri-
cal accuracy, enabling fair comparisons across models. Our
experiments on state-of-the-art VLMs reveal a consistent
gap between their qualitative plausibility and actual numer-
ical correctness. We further provide an in-depth analysis
of key factors like background noise, counterfactual pri-
ors, and strategic prompting and find that state-of-the-art
VLMs lean heavily on pre-trained world knowledge rather
than faithfully using the provided visual and textual inputs
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as references when reasoning kinematic properties quantita-
tively. QuantiPhy offers the first rigorous, scalable testbed
to move VLMs beyond mere verbal plausibility toward a
numerically grounded physical understanding.

1. Introduction
Understanding the physical world has long been a challenge
for artificial intelligence. Humans inhabit a world governed
by physical laws. From an apple falling from a tree to the
trajectory of a thrown ball, we have developed mathematical
tools to measure and calculate physical attributes quantita-
tively. This quantitative understanding forms the foundation
for all modern scientific advances.

Visual intelligence systems, such as Vision-Language
Models (VLMs), are developed in a manner that differs sig-
nificantly from that of humans. They are trained to fit vast
amounts of real-world data, which implicitly contain the
physical principles behind visual observations. Thus, as-
sessing the numerical accuracy of VLMs’ reasoning about
physical properties is a necessary next step. It is crucial
for deploying applications such as embodied AI [16, 43],
AR/VR [21, 29, 48–50], and autonomous driving [41].

Reasoning about quantitative physical properties from
visual data can be challenging. For example, advanced
methods like FoundationPose [45] require extensive prior
information, including color, depth, object meshes, and
camera parameters, to accurately localize an object in 3D
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space. Unfortunately, most of these priors are unavailable
in “in-the-wild” captures. These challenges make it natural
to ask whether large VLMs can leverage their rich implicit
priors to reason end-to-end about precise kinematic and ge-
ometric properties. Moreover, a robust evaluation of VLM
reasoning has the potential to help assess and improve the
physical realism of videos created by generative models.

Studies of VLM physical understanding are not new. Ex-
isting benchmarks cover kinematics [57], dynamics [52],
relationships [14], and scene understanding [54]. However,
most are VQA-based and qualitative: ground-truth answers
are constrained by the prompt, and models are evaluated
with multiple-choice questions. This setup does not pro-
vide fine-grained evaluation of physical understanding. For
example, if a model is asked to infer the size of a car from
a video (ground truth: 3 meters), answers of 3.1 meters and
31 meters are both marked wrong in multiple-choice eval-
uation, even though the latter is quantitatively 10→ worse.
Capturing this numerical gap is crucial for advancing VLMs
toward real-world use.

Our contributions are four-fold: (I) We propose a quan-
titative paradigm for evaluating VLM physical reasoning,
moving beyond qualitative VQA. (II) We define a kine-
matic inference task for videos, where correlated quantities
such as size, velocity, and acceleration are inferred from a
single physical prior in real-world units. (III) We present
QUANTIPHY, the first benchmark for systematically evalu-
ating VLMs’ quantitative reasoning about object kinemat-
ics in videos, with standardized metrics, prompting, and
a leaderboard over state-of-the-art models. (IV) We pro-
vide analysis of factors affecting VLM reasoning, including
scene complexity, video availability, counterfactual priors,
and chain-of-thought prompting. Overall, we find that exist-
ing VLMs often rely on pre-trained world knowledge rather
than truly inferring from the reference video and text.

2. Related Work
2.1. Benchmarks for VLM Physical Understanding
For over a decade, researchers have recognized the need
for AI to comprehend real-world physics, spurring a series
of benchmarks assessing the qualitative physical reasoning
abilities of VLMs. Early efforts primarily focused on eval-
uating a model’s capacity to describe, predict, and explain
basic physical events, such as collisions, falling, and re-
bounding in controlled synthetic environments [8, 57]. Sub-
sequent works expanded this scope to reasoning about in-
herent physical properties of objects such as mass, friction,
elasticity, and deformability [42]. Recently, comprehensive
benchmarks like PhysBench [14] and STAR [46] extended
coverage to object relationships, physical scene understand-
ing, complex physics-based dynamics, and physics-situated
actions in more realistic or diverse environments [22, 60],

aiming to simulate the real-world reasoning demands that
embodied AI systems will face.

Despite these advances, the vast majority of existing
benchmarks adopt the VQA framework [5, 40, 51, 56],
asking models for multiple-choice selections or descrip-
tive explanations of physical events. One relevant work,
VSI-Bench [54], provides preliminary studies on basic spa-
tial understanding using numerical metrics, but is limited
to static objects, focusing more on the models’ perceptual
ability than on emergent reasoning. Super-VSI [55] subse-
quently demonstrated that equipping VLMs with numerical
spatial understanding yields strong potential for embodied
AI. Therefore, a need still exists for benchmarking VLM’s
ability to perform quantitative reasoning over the geometric
and kinematic properties of moving objects (e.g., estimating
size, velocity, or acceleration in metric terms).

2.2. Physical Reasoning Models
Although AI models have achieved impressive results on
general tasks, their ability to reason about the physical
world remains limited. For VLMs, state-of-the-art models
such as GPT-4o and Gemini-1.5 Pro achieve only around
60% accuracy on the PhysBench benchmark, far below
human-level performance (↑95%) [14]. Generative models
also struggle. Recent work shows that generated videos of-
ten violate basic physical laws [9], as these models are more
sensitive to low-level visual cues (e.g., color, shape) than to
underlying physical properties [25]. In embodied AI, re-
cent systems have demonstrated basic physical reasoning
abilities. They can interact with the environment [6], but
their reasoning remains largely qualitative, lacking a pre-
cise and quantitative understanding of physical dynamics.
These gaps underscore the need for benchmarks and mod-
els that move beyond qualitative judgment toward accurate
quantitative physical reasoning.

2.3. Physical Understanding and Reasoning
In computer vision, techniques such as optical flow [11, 24],
combined with object detection and tracking models like
YOLO [34] and ByteTrack [59], enable accurate analysis
of object motion across broad applications [18, 37]. These
methods demonstrate that quantitative information (e.g., ve-
locity, displacement) can be reliably inferred from video
inputs. In cognitive science, research shows that humans
possess strong abilities to reason about scale, from micro-
scopic to astronomical, by leveraging relational cues and
prior knowledge [36]. Even in visually unfamiliar or sim-
ulated environments, people can extract physical rules and
perform causal and predictive reasoning about object mo-
tion and interactions [3, 17, 26]. This highlights the po-
tential for robust physical reasoning ability to emerge in
large AI models from visual inputs, a crucial step toward
grounded quantitative understanding.
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Figure 2. Sample examples from QUANTIPHY, illustrating the four core task combinations defined by Dimensionality {2D, 3D}
and Physical Prior {Static, Dynamic}, as described in Section 3.1. Our collected data is diverse in nature, and each video is
paired with multiple (prior, question, ground truth) triplets. Please see the supplementary materials for more data examples.

3. Methods
We introduce QUANTIPHY, the first benchmark designed
to quantitatively evaluate VLMs’ physical reasoning ability
on moving objects. Section 3.1 first defines the basic object
kinematic properties assessed in QUANTIPHY and presents
key dataset statistics. Section 3.2 then details the bench-
mark construction and data collection process.

3.1. Overview of QUANTIPHY

The task of kinematic inference. The purpose of QUAN-
TIPHY is to evaluate whether VLMs can utilize prior knowl-
edge to reason about objects’ kinematic properties with nu-
merical accuracy, which forms the foundation for a more
sophisticated understanding of physics. Specifically, we fo-
cus on the translational movements of various objects.1

Given a video, we provide the VLM with a sin-
gle physical prior for a source object (from the
set {Sworld,Vworld

t ,Aworld
t }, in real-world units)

as textual input. The model is then prompted to
quantitatively determine requested kinematic prop-
erties of a target object (which may be the same as
or different from the source object) in world space.

We distinguish pixel space, where quantities are mea-
sured in pixels ([pixel], [pixel/s], [pixel/s2]), from world

space, where they are expressed in physical units (e.g., [m],
[m/s], [m/s2]). Consider a fixed-camera video capturing the
translational motion of an object. At any time t, the ob-
ject’s location in pixel space, Xpixel

t , can be obtained from
1Rotational movements is deferred to future work; see section 6.

the frames. From the discrete trajectory, we compute pixel-
space velocity and acceleration via finite differences:

Vpixel
t ↓ Xpixel

t+dt→Xpixel
t

dt ; Apixel
t ↓ Xpixel

t+2dt→2Xpixel
t+dt+Xpixel

t

dt2 .

The video thus defines the kinematics only in pixel units.
To relate them to world space, we assume an unknown
scalar scale factor ω > 0 (in units [world length/pixel])
such that, along the motion direction, Sworld = ωSpixel,
Vworld

t = ωVpixel
t , Aworld

t = ω Apixel
t , where Spixel and

Sworld denote the same object size in pixel and physical
units, respectively. When a single prior in world space is
provided (object size Sworld, velocity Vworld

t , or accelera-
tion Aworld

t at some time t), together with the corresponding
pixel-space quantity from the video, ω can be determined,
and any other kinematic property in world space follows by
rescaling its pixel-space counterpart.

See Figure 2 for examples of the kinematic tasks in-
cluded in the benchmark. The performance of VLMs is
measured by the numerical error between the VLM’s pre-
diction and the annotated ground truth.
Benchmark setup. For a comprehensive evaluation of the
kinematic movements above, QUANTIPHY is designed to
include video-question pairs categorized along three pri-
mary axes. We first describe the two axes that define the
core reasoning task:
• Dimensionality: {2D, 3D}. 2D movement as-

sumes the object moves strictly in the xy-plane with no
depth change relative to the camera. 3D motion includes
movement along the z-axis, making the problem more chal-
lenging due to depth variation. In 3D scenes, pixel displace-
ments do not map uniquely to physical motion because of
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Figure 3. QUANTIPHY Statistics. The collected data and curated
QA pairs are among four main setups with further breakdowns.

perspective projection, so depth information is needed to
resolve this ambiguity. In our experiments, depth priors are
provided in the same way as ground-truth priors in 2D cases.
• Physical prior: {Static, Dynamic}. The
Static prior indicates the provision of the object size
Sworld, which is constant throughout the video. While
Dynamic prior indicates velocity Vworld

t or acceleration
Aworld

t at a given timestamp t.
Together, these two axes yield four task cate-

gories: 2D-Static, 2D-Dynamic, 3D-Static, and
3D-Dynamic.2
Data statistics. Following [14, 54], QUANTIPHY organizes
data as (prompt, video, numerical ground truth) triplets,
where each video may be paired with multiple questions.
Across the four task categories, we collected 560 unique
videos and 3391 questions from diverse sources. With
proper post-processing, our collected videos typically have
a duration of 2-3 seconds, totaling approximately 120MB of
disk storage, making the benchmark suitable for use across
various hardware settings. See Figure 3 for a breakdown.

3.2. Benchmark Construction
QUANTIPHY is constructed from a large-scale, diverse
video dataset spanning multiple sources. The data collec-
tion process is visualized in Figure 4.
Data collection. Our data combines simulated and real-
world sources for controllability and practical applicability.
• Blender simulation: Blender allows us to render

scenes that are both visually realistic and physically plau-
sible, encompassing 2D and 3D motion. Simulating ob-
ject movements in Blender provides complete control over
the environment and guarantees precise ground-truth anno-
tations. This control allows us to probe VLM’s reasoning
capabilities by placing objects with different motion types
within a single scene. It also enables us to study model
robustness by holding motions fixed while systematically

2In figures and tables, these are abbreviated as 2S, 2D, 3S, and 3D.

varying the background and visual noise. To enhance data
diversity, we include simulations of scenes that are diffi-
cult or impossible to record in the real world, ranging from
microscopic scales (e.g., red blood cells in vessels) to astro-
nomical scales (e.g., galaxy movements).
• Lab capturing: Reconstructing objects in 4D (3D

space + time) lets us annotate real-world object motion us-
ing a multi-view stereo setup. Our captures feature a wide
diversity of movements, including free fall, sliding down
slopes, pendulum motion, and bouncing. We also varied
the physical properties of the objects, including those that
are rollable and deformable. Further details on our setup
can be found in the supplementary materials.
• Internet scraping: To extend our dataset to more
out-of-distribution scenarios, we leverage the internet as a
source for in-the-wild data. However, not all internet data is
suitable for our benchmark, as our benchmark specifically
requires consistent coverage of moving objects captured by
a relatively static camera, along with reference objects of
known dimensions (e.g., a standard coin) to serve as priors.
Hence, we narrowed our scraping scope to websites hosting
high-quality monocular videos and then manually inspected
them to select those meeting our stringent requirements.

We provide a detailed description of the data collection
process in the supplementary materials Appendix B.
Additional segmented data. We apply SAM [33] to seg-
ment moving objects against solid backgrounds, doubling
our dataset without additional annotation while enabling
controlled analysis of background complexity effects.
Data annotation and question design. Blender simula-
tions provide direct extraction of sizes, velocities, and ac-
celerations via automation scripts. We construct Blender
scenes using open-source 3D assets from Sketchfab [38]
and BlenderKit. Automation scripts were developed for
each scene to extract accurate, time-specific physical prop-
erties for any given object.

However, data annotation is non-trivial for the other two
sources. For lab captures, we utilize metric depth directly
from depth cameras combined with multi-view stereo to
achieve a full 4D reconstruction of the scene. We then ap-
ply per-pixel segmentation masks to outline the objects of
interest in each video. For each video, we select a primary
camera and use the object’s metric depth from that view-
point as the depth prior provided to the VLM. Object move-
ments are then computed in world coordinates. For internet
data, since the videos are monocular and lack multi-view
information, we manually annotate sizes and displacements
in pixel space and use reference objects with known priors
to obtain the mapping to world scale.

We provide a detailed description of the data annotation
process in the supplementary materials Appendix D.
Prompt design. As mentioned, the input to the VLM con-
sists of a video paired with a single physical prior. For sim-
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Figure 4. The construction of QUANTIPHY proceeds in three sequential stages. First, we collect diverse raw videos from three different
sources. Additionally, we segment these videos with solid plain background (described in subsection 3.2). Second, we obtain high-
quality annotations, employing distinct labeling methods tailored to each data source to accurately capture the object’s physical properties.
Finally, we formulate the benchmark tasks by associating each video with multiple (prior, question, ground truth) triplets. Each triplet is
then categorized as either 2D or 3D, depending on the object’s movement relative to the camera.

plicity and effective integration, this prior is provided as a
textual description (see Figure 2 for examples). In addition,
we include textual cues in the prompt, such as ‘analyze the
video and calculate the answer carefully’. We also add out-
put constraints, instructing the model to ‘output only the
numerical answer and unit’ in its final response.

We provide a detailed description of the prompt design
process in the supplementary materials Appendix F.

4. Evaluation on QUANTIPHY

4.1. Evaluation Setup
Benchmark models. With different architecture designs,
training data and protocals, different VLMs may have vary-
ing ability of physical understanding from videos. For bet-
ter comprehensiveness, we include the evaluations of a to-
tal number of 21 state-of-the-art VLMs and variants in this
work, consisting of 6 proprietary models include ChatGPT-
5.1 [32], ChatGPT-5 [31], Gemini-2.5 Flash [19], Gemini-
2.5 Pro [20], Grok-4.1 [47], and Claude-4.5 Sonnet [4] and
15 open-sourced models (as listed in Table 1). The code
supports multiple providers (OpenAI, Gemini, xAI, An-
thropic, and Replicate API) with provider-specific param-
eters. Temperature is typically 0–0.1 for deterministic out-
puts. Token limits vary: OpenAI models use up to 10,000
tokens due to longer thinking steps, and open-sourced mod-
els with around 500–2,048.
Human studies. To complement our model evaluation and
establish a reference point for human-level performance
on quantitative physical reasoning, we conducted a survey
study. Participants watched 18 videos and answered 1–3
quantitative kinematic questions using the same priors and
task definitions as our VLM evaluation.

Importantly, humans and VLMs perceive and process the
inputs in very different ways. VLMs operate directly on
pixel-accurate video tensors, while human participants rely

on visual perception, intuition, and coarse approximations.
Metric design. All tasks in QUANTIPHY require models
to output numerical values. Following VSI-Bench [54], we
use Mean Relative Accuracy (MRA) as the primary met-
ric to measure the proximity between model predictions
and ground-truth answers. While accuracy based on exact
matching is a simple baseline but too brittle for continuous,
noisy physical measurements in QUANTIPHY, MRA evalu-
ates whether the relative error falls below a set of tolerance
thresholds and averages the resulting accuracies, offering a
more calibrated and robust notion of when models are “ac-
curate enough” for physically grounded reasoning (see sub-
section A.2 in the supplementary material for further dis-
cussion).

Concretely, we consider a set of confidence thresholds
C = {0.1, 0.2, . . . , 0.9, 0.95}, and define MRA for a pre-
diction ŷ with ground truth y as

MRA =
1

10

∑

ω↑C

(
|ŷ ↔ y|

|y| < 1 ↔ ε

)
,

where (·) is the indicator function. Intuitively, larger ε
corresponds to a stricter tolerance 1 ↔ ε on the relative er-
ror, and MRA averages accuracy across a spectrum of such
tolerances, providing a more informative measure than a
single-threshold accuracy.

Our benchmark organizes questions into four kinematic
categories, 2D-Static, 2D-Dynamic, 3D-Static,
and 3D-Dynamic. For each model and each category, we
compute the category-level score by averaging the question-
level MRA over all questions in that category for which
the model produces a valid numerical answer. The overall
score of a model is then obtained as the unweighted mean
of its four category-level scores.

A practical challenge is that not all VLMs consistently
output sensible numerical predictions for our reasoning
tasks. For every video–question pair, we query a model up
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to five times with the same prompt, stopping early if any re-
sponse contains a parseable numerical value. If none of the
five responses yields a valid number, we regard the model
as failing to answer that question.

4.2. Main Results
Table 1 summarizes performance on QUANTIPHY
across four task types (2D-Static, 2D-Dynamic,
3D-Static, and 3D-Dynamic). Overall, we find that
quantitative kinematic inference remains challenging for
current VLMs: even the best systems do not yet reach
human performance, despite in principle having access to
more precise information.
Human baseline. Human annotators achieve an average
MRA of 55.6 across all categories, with scores between
50.0 (2D-Static) and 59.1 (2D-Dynamic). This range
is consistent with the fact that humans do not have direct ac-
cess to pixel-level measurements and must instead rely on
coarse visual estimation (e.g., counting grid lines or com-
paring to familiar objects), but still demonstrates that the
tasks are solvable with reasonable accuracy.
Proprietary models. ChatGPT-5.1 attains the highest over-
all score with 53.1 MRA, followed by Gemini-2.5-Pro
at 49.6. ChatGPT-5.1 slightly surpasses humans on the
2D-Dynamic category, yet none of them surpass the hu-
man average. Other closed models such as GPT-5 and
Claude Sonnet 4.5 are substantially weaker, with overall
MRA around 32.6 and 22.8, respectively.
Open-weight models. Open-weight models exhibit a
wide performance spread. The best open-weight system,
Qwen3-VL-Instruct-32B, reaches 46.0 overall MRA, with
strong 2D-Dynamic and 3D-Dynamic scores, followed
by InternVL-3.5-30B (40.7) and Qwen3-VL-Instruct-8B
(38.8). These models are clearly below the top proprietary
ones, but already comparable to mid-tier closed models.
Smaller open-weight models such as Phi-4 Multimodal and
SmolVLM-256M still achieve non-trivial MRA, yet remain
far from both human and large-model performance.
Scaling effects. To better understand the role of model
scale, we compare models within the same family across
different parameter sizes. Within the Qwen3-VL family, av-
erage MRA increases from 29.0 at 2B parameters to 38.8 at
8B and further to 46.0 at 32B. A similar trend is observed
for InternVL, where InternVL-3.5-30B (40.7) substantially
outperforms its 8B (35.4) and 2B (25.0) variants. Notably,
scaling benefits are most pronounced on dynamic categories
(2D-Dynamic and 3D-Dynamic), suggesting that larger
models are better able to integrate temporal information for
quantitative inference. However, these gains exhibit dimin-
ishing returns and do not close the gap to either top propri-
etary models or human performance, indicating that scale
alone is insufficient for faithful physical reasoning.
Gap to super-human performance. By collecting results

from both humans and VLMs, we observe an interesting
pattern. Importantly, human performance does not repre-
sent the theoretical ceiling for QUANTIPHY. While humans
must rely on coarse visual approximations, an ideal agent
with precise frame-level access to pixel coordinates could
recover the world–pixel scale and compute target quanti-
ties exactly. In theory, VLMs should be capable of signifi-
cantly outperforming humans by leveraging this exact pixel
information to perform precise algebraic operations. The
fact that the best current systems cluster around 50% MRA,
comparable to or below human baselines, suggests they still
fundamentally under-utilize visual precision and physical
priors, leaving robust and accurate quantitative reasoning
for kinematic inference tasks as an open challenge.

5. Dissecting Quantitative Reasoning in VLMs
Beyond directly evaluating VLMs as black boxes on kine-
matic inference tasks, we next take an inside look at how

they arrive at their quantitative conclusions. Specifically,
we investigate three aspects: (i) how scene context, such
that background complexity and the number of objects,
modulates task difficulty; (ii) the extent to which VLMs
faithfully use the provided video and priors, rather than re-
lying on memorized world knowledge; and (iii) whether
structured prompting with step-by-step guidance can sys-
tematically improve kinematic inference.

5.1. Effect of Scene Context
For a more fine-grained analysis, we further categorize each
video-question pair along a third axis describing the visual
environment: Scene Difficulty ↗ {SX,MX,SS,MS,SC,MC}.
The first letter indicates whether there is a single (S) or mul-
tiple (M) moving objects. The second letter indicates the
background: a solid plain color (X)3, a simple but textured
scene (S), or a visually complex scene (C).

Figure 5 summarizes MRA across these categories.
Overall, we observe that background complexity has only
a mild effect on model’s performance on the task. Mod-
els perform slightly better in the SAM-denoised condition
than in the simple-texture (S) background, suggesting that
removing irrelevant clutter reduces distractions and stabi-
lizes quantitative estimates. Interestingly, performance in
visually complex scenes (C) is above the other two back-
ground conditions for most models. A plausible explana-
tion is that realistic backgrounds provide additional refer-
ence cues (e.g., tiles, windows, or road markings) that help
the model infer scale and motion.

In contrast, the number of objects in the scene exhibits
a clearer trend: setups with multiple objects (MX, MS,
MC) consistently yield higher MRA than their single object

3Some X-type scenes are constructed by segmenting the target object
with SAM2 and compositing it onto a uniform background, i.e., a fully
“denoised” variant of the original video.
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Models Size Kinematic Categories Avg.2S 2D 3S 3D

Proprietary models

ChatGPT-5.1 [32] – 46.3 56.2 51.5 58.3 53.1
Gemini-2.5 Pro [20] – 44.8 57.5 42.4 53.7 49.6

Gemini-2.5 Flash [19] – 40.3 53.2 43.6 57.4 48.6
Grok 4.1 (Fast Reasoning) [47] – 39.4 49.5 42.4 48.6 45.0

ChatGPT-5 [31] – 36.6 35.0 25.9 33.1 32.6
Claude Sonnet 4.5 [4] – 19.6 23.0 19.6 29.1 22.8

Open-weight models

Qwen3-VL-Instruct-32B [7] 32B 35.8 51.6 43.2 53.4 46.0
InternVL-3.5-30B [44] 30B 36.7 45.4 38.6 42.0 40.7

Qwen3-VL-Instruct-8B [7] 8B 26.0 47.8 35.1 46.3 38.8
InternVL-3.5-8B [44] 8B 27.3 41.8 34.4 38.3 35.4

Molmo-7B [15] 7B 30.0 43.1 24.4 36.6 33.5
Phi-4-Multimodal-Instruct [2] 5.6B 33.4 42.3 25.4 28.4 32.4

Qwen3-VL-Instruct-2B [7] 2B 27.1 39.0 17.6 32.1 29.0
SmolVLM-Instruct [30] 0.26B 31.6 34.4 20.0 27.8 28.5

InternVL-3.5-2B [44] 2B 25.0 31.1 16.6 27.4 25.0
VILA-7B [27] 7B 23.0 29.8 14.4 23.0 22.6

CogVLM2 Video [23] 12B 19.4 28.7 12.7 27.9 22.2
Phi-3-Mini-128K-Instruct-3.8B [1] 3.8B 17.3 14.7 19.5 18.6 17.5

LLaVA-13B [28] 13B 14.4 22.1 8.0 16.5 15.2
MiniCPM-V 4.5 [58] 8B 27.6 26.3 0.4 0.0 13.6

Fuyu-8B [10] 8B 9.5 14.7 9.5 16.2 12.5

Human Baseline – 50.0 59.1 55.2 57.9 55.6

Table 1. Evaluation results on QUANTIPHY. We report Mean Relative Accuracy
(MRA %) on four kinematic categories (2S, 2D, 3S, 3D) and their average. Dark
cell marks the best overall model and light cell marks the best open-weight model.

Video + Prior Prior only Counterfactual CoT

56.1 39.0 15.4 27.7
60.9 46.1 29.9 49.8
49.8 36.1 14.4 22.4
47.5 44.3 31.6 39.5
34.2 50.8 29.6 53.7
25.4 16.6 11.6 25.9

50.1 37.2 34.0 23.1
45.4 – 12.1 17.6
40.5 24.9 12.0 21.0
37.0 19.3 29.7 18.2
39.8 – 14.7 15.9
40.0 20.1 9.2 23.5
34.9 28.2 25.2 25.6
38.9 – 14.3 17.8
32.7 25.1 22.5 21.5
31.8 – 14.1 10.0
28.5 – 9.5 26.4
11.1 10.3 8.4 7.2
20.2 – 13.9 14.4
29.7 – 19.9 24.1
14.3 – 9.0 21.1

– – – –

Table 2. Extensive results on an analysis subset.
We report Mean Relative Accuracy (MRA) in %.
Rows follow the same model order as in Table 1.

counterparts (SX, SS, SC). Having more objects gives the
model extra reference targets (e.g., another ball, a ruler-like
structure), which can be used as implicit comparison stan-
dards for both size and speed. These observations highlight
that VLMs robustly benefit from richer background infor-
mation and relational structure in the scene.

5.2. Do VLMs Use Videos and Priors Faithfully?
QUANTIPHY is designed to assess whether VLMs can truly
understand physical events captured by visual sensors. It is
therefore crucial to investigate whether these systems gen-
uinely comprehend the provided visual signals, rather than
merely producing plausible guesses. Here, we re-evaluate
all models on a controlled subset of 1612D video-prior
pairs,4 using two complementary probes.

Key finding: VLMs rely more on learned prior knowl-
edge than visual inputs for physical reasoning. We first
compare the default video+prior setting against a prior-

only setting in which the video is removed but the prompt
(including the physical prior, object description, and ques-
tion) is kept unchanged. Hypothetically, without the refer-
ence video, we would expect an evident performance drop,
since VLMs would be forced to guess; even if such guesses
are reasonable, they may not correspond to the specific in-

4Due to resource constraints, the experiments in subsection 5.2 and
subsection 5.3 are run on a 2D-only subset of 161 instances, and MRA
values therefore differ slightly from those in Table 1.

stance. However, across most models we observe only mod-
est differences between the two conditions: on the 161-
pair subset, MRA in the prior-only setting is often close
to, and sometimes only slightly below, the video+prior set-
ting, even for strong systems such as ChatGPT-5.1, Gem-
ini 2.5 Pro/Flash, and Qwen3-VL-Instruct-32B. In other
words, models can already obtain reasonably high scores
by relying on their internal prior knowledge about typical
object sizes and speeds, with limited added value from the
actual video frames. This suggests that, in our tasks, many
VLMs behave less like visual measurers and more like pow-
erful guessers conditioned on textual hints.

Key finding: VLMs (mostly) do not reason but
memorize. To further test whether models faithfully
utilize the conditioning prior and video to infer the
target physical quantity, we perform a counterfactual
analysis. For each of the 161 instances, we con-
struct a family of counterfactual prompts by multi-
plying the original physical prior by a scalar factor
ϑ ↗ {0.001, 0.01, 0.1, 0.2, 5, 50, 100, 200, 500, 700}, while
keeping the video and question unchanged. Hypothetically,
if a model is capable of correct kinematic reasoning, its
prediction should scale accordingly, tracking the counter-

factual ground truth ycf = ϑ · y. As a result, we would
expect no, or at least only modest, performance drop in this
test. However, in practice, we find that even the best models
obtain very low scores in this setting: most models’ MRA
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Figure 5. Effect of scene context. We plot the MRA (%) scores
for all benchmark models on different categories, sorted in de-
scending order according to their average MRA performance.

drops by 80%, and even the strongest model drops by 70%.
Despite being given a numerically precise but altered prior,
the outputs remain close to the original physical magnitudes
implied by real-world experience, rather than those dictated
by the provided priors.

Taken together, these results lead to a consistent conclu-
sion: existing VLMs are not yet input-faithful quantitative
reasoners. They only weakly exploit pixel-level informa-
tion in videos, and they do not reliably condition on the ex-
act numerical priors provided in the prompts. Instead, their
quantitative kinematic inferences are dominated by internal,
pre-trained world knowledge, with visual evidence and ex-
plicit priors acting more as soft hints than hard constraints.

5.3. Do Structured Prompts Help VLMs Reason?
Based on the above observation that VLMs rely more heav-
ily on text prompts, we therefore further investigate whether
a more structured “chain-of-thought” reasoning pattern can
improve quantitative physical predictions. Instead of di-
rectly asking for the target quantity, we decompose each
question into a four-step chain:
(I) Pixel-level source property: “What is
[the ground-truth object’s property] in pixels?”
(II) Scale estimation: “What is the proportional
relationship between pixels and [a kinematic scale]?”
(III) Pixel-level target property: “What
is [the inference target’s property] in pixels?”
(IV) World-level target property: “What is
[the inference target’s real-world property]?”

We query each model sequentially on the same analy-
sis subset as in subsection 5.2. If the model produces a
parseable numerical answer at a given step, we append both
the question and the extracted answer as additional context
for the next step. If the model fails to generate a valid num-
ber at a step, subsequent prompts omit that step and its an-
swer. We evaluate models’ final answers with MRA.

As shown in Table 2, chain-of-thought (CoT) prompt-
ing is less helpful than anticipated. Among the 21 mod-
els we examined, only three show any improvement, with
ChatGPT-5 and Fuyu-8B exhibiting a noticeable increase
in MRA. For the remaining 19 models, including several
strong open-weight systems, performance under our CoT
protocol is worse than under direct zero-shot prompting,
sometimes by a large margin. In other words, under our
setup, explicitly spelling out pixel measurement, scale esti-
mation, and rescaling does not systematically improve cur-
rent VLMs’ quantitative reasoning. Many models appear
unable to reliably solve the intermediate numeric subprob-
lems, so decomposing the task mainly amplifies and propa-
gates early errors.

Our analysis suggests that existing VLMs can exploit vi-
sual cues, priors, and structured prompts to reason quan-
titatively, but do so in a rather brittle and often inconsis-
tent manner. QUANTIPHY thus provides not only a bench-
mark for aggregate performance, but also a diagnostic tool
for probing where quantitative physical reasoning succeeds,
fails, and how it might be improved. We provide additional
studies in the supplementary material Appendix A to further
support our findings.

6. Discussion and Future Work
Summary of Findings. Our key finding is that state-of-
the-art VLMs still fail to reliably connect visual observa-
tions with quantitative physical facts. This reflects a lack
of input faithfulness: although models process videos, they
rarely infer kinematic properties from pixel-level evidence.
Instead, they rely heavily on parametric priors, often over-
riding explicit inputs and visual cues with memorized world
knowledge. As a result, current systems behave more like
approximate guessers than precise visual measurers, limit-
ing their reliability for embodied agents.
Limitations. Our study has several limitations. The dataset
focuses only on translational motion, excluding rotational
dynamics, and uses a fixed camera perspective, making the
task simpler than real-world settings with moving view-
points. We also consider only rigid objects, not soft or de-
formable materials. Finally, the dataset remains relatively
simple, with isolated motions rather than complex multi-
object interactions.
Conclusion and Future Work. These limitations point to
clear next steps. Future benchmarks should cover broader
physical phenomena, including rotational dynamics, de-
formable objects, varying camera viewpoints, and com-
plex multi-body interactions. Our findings may also mo-
tivate improved VLM training strategies, such as physics-
informed objectives or pretraining on physics-rich data. Ul-
timately, this line of work aims to support the development
of embodied AI agents that can reason about and interact
with the physical world more effectively.
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