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Abstract

Estimating physical relations and attributes is an important
ability for Al systems to understand scenes and navigate the
world. These skills emerge in humans from a lifetime of phys-
ical interaction and underpin our commonsense knowledge.
Vision-language models (VLMs) are trained on text-image
pairs without physical interaction, and it remains unclear
whether genuine grounding can emerge from such super-
vision. Meanwhile, current reasoning benchmarks predom-
inantly test symbolic reasoning (mathematics, programming)
rather than perceptual reasoning in natural environments. We
present QUIVER (QUantitative Intuitive-physics Visual Es-
timation and Reasoning), a diagnostic benchmark that tests
whether VLMs can estimate five physical properties from im-
ages. These properties are weight or volume of an object in im-
age, a specified angle, degree of stability of some object con-
figuration or whether one object can fit within another object
permitting deformations. QUIVER has 459 hand-annotated
real-world images with measured numerical ground truth. Our
evaluations show that state-of-the-art closed-weight frontier
models are competitive with human baseline on these tasks.
We improve the weight estimation performance of small and
medium open-weight models by fine-tuning them on a dataset
automatically derived from COCO, together with reasoning
traces generated by large closed-source models.

Introduction

Estimation of physical quantities is fundamental to how we
navigate the world. For instance, we routinely judge how
heavy an object is before picking it up, whether an object will
fit within some given space, or whether a stack of some items
will topple. Such judgements may not be always accurate, yet
they are fast and usually good enough for us to act on. Such
an ability is acquired from a lifetime of interaction with the
physical world. An autonomous agent acting in the physical
world needs the same ability.

Vision-language models (VLMs) acquire world knowl-
edge by training on image-text pairs, with no physical inter-
action. It is unclear whether a quantitative sense of weight,
capacity or stability can emerge from such supervision. Cur-
rent reasoning benchmarks do not evaluate such an ability
very well. They largely reward symbolic reasoning in mathe-
matics and programming, or perceptual tasks whose answers
are already written into the pixels.

Physical reasoning benchmarks come closer, but three lim-
itations remain. First, most items are discrete or ordinal:
multiple-choice questions about the physical world, or rel-
ative labels such as ‘heavier than’ (Chow et al. 2025; Gao
et al. 2024). Such formats hide the size of a model’s error.
Second, benchmarks that do ask for numbers often ask for
quantities that are directly measurable in the image, such as
an on-screen angle or a gauge reading (Weng et al. 2025; Lin
et al. 2025). Third, a growing body of work shows that multi-
modal items are frequently answerable without the image at
all, from memorised magnitudes attached to familiar labels
(Chen et al. 2024, Li et al. 2024). A benchmark that does not
control for recall cannot separate estimation from lookup.

We present QUIVER (QUantitative Intuitive-physics Vi-
sual Estimation and Reasoning), a diagnostic benchmark of
459 hand-annotated real-world images. Each item asks for
a physical property of an annotated object or configuration
in a single uncalibrated photograph of a cluttered scene: its
weight, the liquid volume it holds or can hold, a marked an-
gle, the perturbation needed to make a stable arrangement
fall, or whether one object fits inside another when defor-
mation is allowed. Precise ground truth is measured using
appropriate measuring instruments. Scenes are built to sup-
port estimation rather than recognition. To this end, we avoid
standard packaged quantities, keep reference objects visible
for scale, and prefer atypical viewpoints. Ease of measure-
ment dictated the choice of physical properties - for instance,
we have avoided temperature or friction.

To test whether models estimate or recall, we re-evaluate
every item under three levels of Gaussian blur, which re-
moves brand and text cues while leaving shape, identity and
layout legible. We report Median Absolute Percentage Error
(MdAPE) for the continuous categories and precision and
recall for fit.

Our evaluation covers three frontier closed-weight model
families, two open-weight models, and a human baseline
collected from 95 participants through a web application. We
observe that the frontier models are close to each other, with
per-category errors typically within five to six percentage
points, and they match or exceed the human baseline on four
of the five categories. Fine-tuning small and medium open-
weight models with QLoRA on data generated automatically
over COCO images cuts that error substantially and improves
robustness to blur.



Our contributions are:

* QUIVER, a benchmark of 459 images that scores contin-
uous estimates (continuous for four properties and cat-
egorial for one property) of material- and constraint-
dependent physical properties against in-scene measure-
ments, from a single uncalibrated image. Sample in-
stances from our dataset are shown in top row of figure 1

* A blur-based robustness protocol that separates estima-
tion from label recall, applied to every item.

¢ A human baseline of 795 responses from 95 participants,
collected under the same interface and questions as the
model evaluation.

* An automatic question-and-reasoning trace generation
pipeline over COCO (Lin et al. 2014) images, and a Quan-
tized Low-Rank Adaptation (QLoRA) fine-tuning recipe
that markedly reduces weight estimation error for open-
weight models. The pipeline for synthetic data generation
and finetuning is shown in bottom row of figure 1
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Figure 1: Overview of the QUIVER benchmark construction
and fine-tuning pipeline. Top: QUIVER dataset construc-
tion. We introduce a benchmark of 459 real-world images
spanning five physical reasoning tasks: fit, stability, angle,
weight, and liquid volume. Bottom: Automatic data gen-
eration and fine-tuning pipeline for open-weights models.
QUIVER images are first used to generate scene understand-
ing descriptions. Synthetic training data is then generated
using COCO images. Each COCO image is first filtered
to retain only suitable weight estimation examples. Using
the scene understanding—question pairs from QUIVER as
in-context examples (without the corresponding QUIVER
images), the model generates weight estimation questions,
followed by weight estimates and reasoning traces. The re-
sulting image—question—answer—reasoning tuples make fine
tuning dataset and it is used to fine-tune open-source models,
which are then evaluated on the original QUIVER benchmark
using the benchmark questions without object names.

Related Work

Estimating physical properties from images Recovering
geometric and non-geometric properties from images is a

long-standing problem in vision (Criminisi, Reid, and Zis-
serman 2000; Standley et al. 2017; Zhai et al. 2024; Xu et al.
2025; Lan et al. 2025). Two recent systems target mass alone.
One fuses a depth-derived volume latent with a VLM-derived
density latent under mass-only supervision (Lee et al. 2026).
The other overlays detection, scale and cross-section cues on
the input image, and releases multi-view RGB-D video with
measured mass (Yokomizo et al. 2026). Our setting differs
in input and in scope: one uncalibrated image of a cluttered
scene, a general model, and five property types.

Benchmarks for physical reasoning PhysBench reports
a broad VLM deficit in physical world understanding, but
its items are discrete (Chow et al. 2025). A second group
asks for numbers that are already in the pixels: angle, length
and size (Weng et al. 2025), and instrument reading (Lin
et al. 2025). The closest quantitative benchmark scores kine-
matic estimates from video (Li et al. 2025). Physics problem
sets test deduction, where the quantities are given or read
off a schematic (Shen et al. 2025; Yue et al. 2024). We
test the estimation that precedes it. Recent surveys find the
same asymmetry: perception is competent, numerical esti-
mation is weak, and existing benchmarks work with simu-
lated environments (Yu et al. 2025; Melnik et al. 2023). The
property annotations closest to ours are ordinal (Gao et al.
2024). QUIVER is, to our knowledge, the first benchmark
to score continuous estimates (continuous for four proper-
ties and categorial for one property) of material-dependent
and constraint-dependent properties against in-scene mea-
surements from a single image.

Answering from memory rather than from the image A
persistent concern is that models recall magnitudes instead
of reasoning from the given image. MMStar shows that many
samples in popular multimodal benchmarks are answerable
with no image at all (Chen et al. 2024). NaturalBench pairs
items so that a language-only prior cannot beat chance (Li
et al. 2024). For quantities, removing the video degrades per-
formance only modestly, and models fall back on real-world
magnitudes (Li et al. 2025). A conservation benchmark re-
ports near-chance accuracy (Luo et al. 2026). BLINK makes
arelated point: recognition is not perception (Fu et al. 2024).
Two of our design decisions follow. We avoid standard pack-
aged quantities, so the answer cannot be recalled from a label.
And we report performance under three levels of Gaussian
blur, which suppresses brand and text cues while leaving
shape, identity and layout legible.

Fine-tuning on generated data Visual instruction tuning
established the practice of generating multimodal training
data with a strong model (Liu et al. 2023). Trace distilla-
tion extends it to multi-step reasoning, with a verifier dis-
carding weak traces (Huh et al. 2025). PhysObjects instead
fine-tunes on human-annotated physical concepts (Gao et al.
2024). We follow the generated-data route, using QLoRA
(Hu et al. 2022) on questions and reasoning traces produced
over COCO images (Lin et al. 2014). Our labels are teacher
estimates, so the teacher’s own error limits what fine-tuning
can achieve.



Method
Ground Truth Dataset Collection

Each item consists of an image, a question, and a measured
value. We collect five categories of property.

Weight - We ask for the weight of a highlighted object,
avoiding standard packaged quantities. For instance, instead
of a sealed bag of sugar, which comes in standard weights,
we decant an arbitrary amount and ask about that. Answer-
ing correctly requires two capabilities: a sense of relative
material density, and the ability to infer size or quantity from
other objects in the scene. Ground truth comes from a kitchen
scale (precision: 0.1g), a hook-type luggage scale (precision:
100g), or a bathroom scale (precision: 1g), depending on the
object. Examples are in figure 2

Liquid volume - We ask how much liquid a container cur-
rently holds, or how much it holds when full. Containers vary
widely in shape. Recognising the object is therefore insuf-
ficient; the answer depends on its three-dimensional shape
and capacity. We measured volumes using beakers having
precision of 1ml. Examples are in figure 3

Angle - We ask for the angle of inclination between two
objects, marked in the image with a hand-drawn arc. We
measure it with a protractor or a digital inclinometer (preci-
sion: 0.01 degrees), depending on the setting. Examples are
in figure 2

Stability - We show a stable configuration and ask for the
degree of perturbation needed to make it fall. Two considera-
tions motivate this format. The answer is numerical. And an
image almost always captures a configuration at rest, which
makes the binary version of the question trivial. Ground
truth is obtained by perturbing the configuration and record-
ing the point of collapse. The perturbation is expressed in
whichever unit the setup affords: displacement, angle, added
mass, added volume, or object count. Examples are in figure 5

Geometric fit - We ask whether one object fits entirely
inside another. For rigid pairs, this reduces to estimating
dimensions and reasoning about spatial arrangement. For
most of our datapoints, the inserted object may be bent,
folded, or twisted, provided it is not damaged. These demand
a further judgement: how far a given material deforms. The
benchmark mixes both types. Ground truth is obtained by
physically attempting the insertion. Examples are in figure 4

Questions refer to a target object visually annotated (boxed
in red) rather than naming directly. For fit, the container is
additionally boxed in blue. For angle, the angle is marked
with a red arc. Questions then take the form "Estimate the
weight of the object highlighted in red" or "Estimate the
angle marked in red." Stability questions instead describe
the event to be predicted, such as "How far must the book
extend beyond the stack before it falls?"

The number of samples in each category is shown in Fig-
ure 3. The value ranges and distributions for each category
are shown in Figure 6, which illustrate the mean, median,
and minimum-maximum ranges.

Our collection criteria were:

* Range: Values span small, medium and large instances.
This was most feasible for weight and angle; the difficulty
of measuring ground truth restricted volume, stability and
fit to small and medium objects.

* Priors over pixels: Correct answers require priors the
image cannot fully convey, such as relative density and
flexibility, which humans acquire through physical inter-
action. Spatial reasoning also matters, strongly for angle
and to a lesser degree for volume.

* Visible references Every scene contains clearly visible
reference objects, and we exclude close-ups of a single
object. References anchor scale, as they do in human
estimation.

* Atypical viewpoints We prefer lateral to frontal views
wherever the question stays answerable, forcing greater
reliance on priors.

¢ Outdoor capture Where feasible we shot outdoors, for
heterogeneity in lighting and texture.

* Answerability An item is included only if a human could
make a meaningful attempt from the image. There are no
trick questions or visual illusions.

GT: 12 g GT: 2 kg GT: 9.3 kg GT: 70 kg

Category: Angle

GT: 150°

oS

GT: 11.3° GT: 49.6° GT: 79.9°

Figure 2: Example images from the Weight and Angle cate-
gories with their corresponding ground-truth (GT) answers.

Category: Fit

GT: False GT: False GT: True GT: True

Figure 4: Example images from the Fit category with their
ground-truth (GT) answers.



Liquid Volume Examples Dataset Distribution

Category N %o

Fit 116 25.27
Stability 54 11.76
Angle 100 21.79

Liquid Vol. 76 16.56
Weight 113 24.62

Total 459 100
GT: 100 mL EE—

GT: 1,000 mL

GT: 15,858 mL GT: 105,840 mL

Figure 3: Liquid Volume examples with ground-truth (GT)
answers (left) and the category-wise distribution of the
dataset (right). Here, N denotes the number of images.

Stability

GT: The vertical ~ GT: The marked ~ GT: A weight of ~ GT: 100 mL of GT: Two more

block falls when angle must be 163 g is required water balances the books are needed
displaced by 9.5 28° for the object to tip the balance. highlighted to destabilize the
cm. in the blue box to structure. structure.

slide.

Figure 5: Example images from the Stability category. GT
denotes the ground-truth answer.

Human Baseline

We collect a human baseline through a web application. On
each trial, a participant answers one question drawn from
each of the five categories. Questions come from a fixed sub-
set of 17 items per category, 85 items in total. A participant
never sees the same image twice, in any variant. To sustain
participation, each trial is presented as a game in which the
participant compares their answers against frontier model
responses, collected as described in the following section.
Model responses are revealed only after the participant com-
mits an answer.

The study drew 95 unique participants, yielding 159 re-
sponses per category and 795 in total. Figure 9 shows the
distribution of responses per item; most items reached the
target of ten. We aggregate at the question level. For the
continuous categories, we average participant responses for
each item, then compute MdAPE across the 17 items. For fit,
we take the majority participant answer for each item, then
compute accuracy across the 17 items.

Weight

Liquid volume

Stability — separated by measurement unit

folume Object count
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I

Figure 6: Ground truth value ranges and distributions for
angle, weight, liquid volume and stability. Each dot is image,
boxes show the middles 50% (IQR), the median and the full
min-max range.

Simple Evaluation of Frontier LL.Ms

We evaluate three closed-weight families, taking the largest
model in each with reasoning effort set to High. Each model
receives the image and the question, and returns a reasoning
trace and a final answer. We request structured output, so the
predictions need no parsing. We sample three responses per
item and report their median.

For the four numerical categories we report Median Abso-
lute Percentage Error (MdAPE) over all items in the category.
Fit is binary, so we report precision and recall.

Robustness Evaluation of Frontier LLMs

Our tasks need only the coarse shape, identity and orientation
of the objects in a scene, and these survive mild blurring —
a human can still attempt the question. Finer cues do not
survive, among them brand names and printed text, which
are what let a model recall a magnitude from a label instead
of estimating it. We therefore re-evaluate every item under
Gaussian blur at three levels: low, medium and high, with o
as 8.2, 12, 15.8 respectively. Figure 7 shows an original image
beside its three blurred versions. The blurred subset contains
201 images, comprising 45 weight estimation images, 42
angle estimation images, 39 fit images, 39 stability images,
and 36 liquid volume estimation images.

Fine-tuning open weight VLM To build our fine-tuning
dataset, we started with approximately 45,000 images from
the COCO (Lin et al. 2014) validation and randomly sampled
11,000 images for processing. We used a three-stage pipeline
to construct the dataset as shown in lower section of Figure 1.



Figure 7: Original images and their low-, mid-, and high-blur
versions.

In the Oth stage (blue), QUIVER images are used to gener-
ate scene understanding descriptions using Gemini 3.1 Flash-
Lite. The model also identifies the objects enclosed by the red
and blue bounding boxes and substitutes these object names
into the generated questions.

In the first stage (purple), COCO images are processed to
generate synthetic training data. The Gemini 3.1 Flash-Lite
first determines whether an image is suitable for weight es-
timation by verifying that some multiple objects are present
for reference, objects are clearly visible, have sufficient reso-
lution, are not truncated by the image boundaries. This gaves
us 6,426 images. For images that satisfy these criteria, the
model (Gemini 3.5 Flash) is provided with in-context ex-
amples consisting of scene understanding and question pairs
from QUIVER (without the corresponding QUIVER images)
and is prompted to generate weight estimation questions for
the COCO image which gave us 9,069 questions. The gen-
erated image-question pairs are then passed to Gemini 3.5
Flash to estimate the object’s weight and produce reasoning
traces. Representative examples of coco images for feasibility
check are shows in from Stage 1 are shown in Figure 8, and
the corresponding questions and answers generated in Stages
2 and 3 are presented in Table 1. We used parameter-efficient
fine-tuning using low-rank adaptation (LoRA).

Experiments

We evaluate model performance using the Median Abso-
lute Percentage Error (MdAPE). The closed-source models
evaluated are GPT-5.4, gemini-3.1-pro-preview, and Gem-
ini Robotics (gemini-robotics-er-1.6-preview). For the open-
source setting, we use Gemma 4 31B and Qwen 3.5 9B,
which are subsequently fine-tuned on our generated dataset.

Results in Table 2 compare the performance of three
closed-source models (GPT 5.4, Gemini 3.1, and Gemini
Robotics) and two open-source models (Gemma-4-31B and
Qwen 3.5) across the five physical estimation tasks. Results
are reported for both non-blurred and blurred images, while
the open-source models are evaluated in their raw and fine-
tuned settings.

Overall, the closed-weights models consistently outper-
form the open-weights models across all categories, demon-
strating stronger physical reasoning capabilities. However,
within each group, no single model consistently achieves

e —

(a) Bright living and dining room witha  (b) Close-up of a brown bear’s head
television, dining table, chairs, and resting on grass. Suitable: No.
fireplace. A person near the kitchen

provides scale. Suitable: Yes.

/P

o = ?ﬁ o e

(c) Two cats are looking through a (d) Bedroom with a metal-framed bed,
window screen from inside a house. The  table, chair, windows, purple wall, and
scene includes a stone wall, a window stone column. Suitable: Yes.
frame, and the two cats as the primary

subjects. Suitable: No.

Figure 8: Representative images evaluated during Stage 1,
together with generated scene descriptions and suitability
decisions.

the best performance across all tasks. Instead, the best-
performing model is category-dependent, with different
models excelling at different physical estimation tasks.
Among the closed-source models, performance is relatively
similar, with MdAPE values typically differing by only 5—
6 percentage points across categories, indicating compara-
ble overall capabilities despite category-specific strengths.
A similar trend is observed for the open-source models,
where both Gemma-4-31B and Qwen 3.5-9B exhibit task-
dependent performance, and neither model consistently out-
performs the other across all categories.

Human Baseline

We sampled 17 questions in each category. Our study in-
volved 95 unique users and yielded 159 responses for each
catgeory , hence making 759 responses in total.

For continuous categories, we first average the user re-
sponses for each question and then compute the MdAPE
across the 17 questions. For the boolean Fit category, we first
determine the majority user response for each question and
then compute the accuracy across the 17 questions.

Category Metric Users Gemini 3.1 GPT 54
Angle MJAPE  8.32% 10.43% 13.64%
Fit Accuracy 82.35%  82.35% = 70.59%
Liquid volume MJAPE  14.68% 5.71% 20.00%
Stability MdAPE  49.21% 43.18% 60.00%
Weight MJAPE  37.48%  12.74% 15.23%

Table 3: Comparison of human and LLM performance.
Lower MdAPE and higher accuracy indicate better perfor-
mance.



Image Generated Question Answer

Reasoning

Weight 10,000 g
Estimate the weight of the flat-screen
television.

Weight 5,000 g
Estimate the weight of the wooden dining

chair.

Liquid Volume 300 mL
Estimate the full capacity of the

lime-green vase on the coffee table in the
foreground.

Liquid Volume 1.5L
Estimate the full capacity of the purple
glass vase next to the television.

The television appears to be approximately 42 inches in
size. A modern flat-screen LCD/LED TV of this size
typically weighs around 10 kg, giving an estimated
weight of 10,000 g.

some reasoning trace

The lime-green vase is approximately 22 cm tall with an
average diameter of about 4 cm. Approximating it as a
cylinder gives a volume of about 276 cm®. Accounting
for the tapered neck and wall thickness, its liquid
capacity is estimated to be approximately 250-300 mL.

some reasoning trace

Weight 800 g
Estimate the weight of the brown leather

shoulder bag carried by the woman.

Weight 10,000 g
Estimate the weight of the swan on the

riverbank.

Fit True
Can the smartphone fit inside the shoulder

bag?

some reasoning trace

some reasoning trace

some reasoning trace

Table 1: Examples of images, questions generated in Stage 2, their
traces.

How many times each study question was asked

10 sssssscsscace.

Times asked per question

Angle At Liquid volume stability Weight
(17 questions) (17 questions) (17 questions) (17 questions) (17 questions)

Figure 9: Distribution of how many times each study was
asked. Each dot represents one question; the dashed line
marks 10 asks.

The distribution of the number of responses collected per
question is shown in Figure 9. Table 3 compares human
performance with that of the evaluated closed-source mod-
els. Gemini matches human performance on the fit task. For
angle estimation, humans outperform all evaluated models,
although Gemini exhibits only a small performance gap rela-
tive to the human baseline. In contrast, Gemini achieves lower
MAJAPE than humans on liquid volume, stability, and weight
estimation, indicating more accurate estimates on these tasks.

corresponding answers generated in Stage 3, and reasoning

Finetune results

We fine-tuned two open-weight vision-language models,
Qwen3.5-9B and Gemma4-31B, on a dataset of 9,096 weight
estimation samples generated using our question generation
pipeline. Each training sample consisted of an image paired
with a reasoning trace, with the model trained to predict the
corresponding weight value through supervised fine-tuning
(SFT). For both models, input images were resized to 512 x
512 pixels, and 4-bit quantization was employed to reduce
memory requirements during training.

Qwen3.5-9B was fine-tuned on an NVIDIA DGX Spark
(128 GB) system using QLoRA (Dettmers et al. 2023)
adapters and Llama-Factory (Zheng et al. 2024). Only the
query and value projection layers within the Transformer at-
tention blocks were adapted. The QLoRA configuration used
arank of 4, an alpha value of 8, and a dropout of 0.05. Train-
ing was performed with a learning rate of 1 x 10=%, 5 training
epochs, 4 gradient accumulation steps, a cosine learning rate
scheduler, and a warm-up ratio of 0.05.

Gemma4-31B was fine-tuned on an NVIDIA H100 GPU
hosted on RunPod using the same training configuration. We
used QLoRA and the base model weights were loaded in 4-
bit quantized form, while LoRA adapter training used BF16
mixed precision. QLoRA adapters were with rank 4, alpha
8, and dropout 0.05, a learning rate of 1 x 10™%, 5 training
epochs, and 4 gradient accumulation steps.

For the weight estimation task, fine-tuning substantially
improves the performance of both models, leading to a dras-
tic reduction in MdAPE compared to their corresponding



Gemini
Image Type Category GPT 54 Gemini 3.1 Robotics Gemma-4-31B Qwen 3.5-9B
Weight 23.77% 28.67% 24.72% 122.50% 99.91%
Liquid Volume 28.02% 25.00% 17.74% 50.20% 88.80%
Original Angle 11.65% 9.13% 10.08% 79.09% 76.13%
Stability 41.27% 41.86% 53.37% 82.10% 90.61%
P: 80.78% P: 88.68% P: 84.65% P: 77.23% P: 75.72%
Fit R: 85.37% R: 79.27% R: 89.43% R: 93.98% R: 95.12%
Weight 38.77% 37.12% 44.06% 130.00% 98.87%0
Liquid Volume 29.48% 30.56% 20.17% 60.40% 70.00%
Blur Angle 12.13% 10.97% 15.43% 81.79% 55.70%0
Stability 53.63% 64.85% 37.20% 85.20% 81.81%
P: 81.63% P: 100.00% P: 92.80% P: 95.15% P: 75.67%
Fit R: 88.89% R: 97.78% R: 100.00% R: 83.56% R: 93.33%

Table 2: Category-wise performance of the evaluated closed and open models on original and blurred images. Original denotes
evaluation on unmodified images, whereas Blur denotes evaluation after applying a blurring transformation. For the Fit category,
P and R represent precision and recall, respectively. Only precision is available for Gemma-4-31B and Qwen 3.5-9B. Bold values

indicate the best result within each model group.

Fine- Fine-tuned

Model Raw Blur tuned (Blur)
Qwen 3.5 99.91% 98.87% 74.11%  48.42%
Gemma-4-31B 122.5% 130% 95.32%  85.29%

Table 4: Performance comparison of the raw and fine-tuned
versions of Qwen3.5-9B and Gemma-4-31B for weight cat-

egory.

original (non-finetuned) version. An interesting observation
is that, after fine-tuning, both models achieve lower MAAPE
on blurred images than on the original raw images. Results
are shown in Table 4.

Conclusion

Our work introduces QUIVER, a diagnostic benchmark for
physical-property estimation by VLMs. It comprises 459
hand-annotated real-world images across five categories —
weight, liquid volume, angle, stability, and fit — each with
measured numerical ground truth (apart from fit property
that is categorical). To pose realistic and interesting estima-
tion questions, scenes use atypical viewpoints and visible
reference objects. A blurred version of every item tests ro-
bustness to the loss of object identifying text cues - a way to
force estimation rather than recall.

We evaluated three frontier closed-weight models and two
open-weight models against a human baseline. No single
model dominates across tasks, but the frontier models are
competitive overall and match or exceed humans in several
categories. To improve performance of open-weight mod-
els Gemma 4 and Qwen 3.5, we fine-tuned them on an
automatcially generated dataset for weight estimation task.

The dataset was constructed using a three-stage pipeline that
generates weight-estimation questions, estimate answers, and
reasoning traces over COCO images. Fine-tuning on this data
sharply reduced MdAPE, and the fine-tuned models stayed
robust under blur.

The generated supervision uses no human-annotated
traces or ground truth, so it inherits the noise and bias of
the closed models that produce it. Under compute and bud-
get constraints, we fine-tuned for weight only. Future work
will extend the pipeline to the other four properties, col-
lect higher-quality supervision where feasible, and demon-
strate how better physical estimation improves downstream
robotics tasks such as task planning.
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