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Abstract

Visual scale recognition is a fundamental as-
pect for humans to perceive physical quantities
in the real world, and it is crucial for enabling
human-like intelligence in multimodal large
language models (MLLMs). However, existing
benchmarks typically focus on a single type of
quantity (e.g., time) or a specific format (e.g.,
dials), lacking a comprehensive evaluation of
scale recognition capabilities. To address these
problems, we propose ScaleBench, a visual
scale recognition benchmark built using im-
ages from COCO, Open Images, and Flickr,
designed to comprehensively evaluate the scale
recognition capabilities of MLLMs. To ensure
high data quality, we develop detailed annota-
tion guidelines and procedures, resulting in a
total of 6,574 annotated samples. Based on this
benchmark, we evaluate multiple closed-source
and open-source MLLMs. Experimental results
reveal that the best-performing model achieves
only 42.60% accuracy, far lower than the
97.40% of humans. Furthermore, we conduct
in-depth experimental analyses and provide fu-
ture research directions. Our benchmark and
implementation codes are available at https:
//github.com/Sonder-hang/ScaleBench.

1 Introduction

Multimodal large language models have demon-
strated significant value in processing and inte-
grating information from various modalities, such
as text and images. However, they continue to
face challenges in handling complex and nuanced
tasks (Liu et al., 2026), including multi-modal se-
mantic understanding (Zhang et al., 2024) and spa-
tial reasoning (Liu et al., 2025), highlighting the
need for continued exploration of their capabilities.

An important aspect of evaluating MLLMs is
their ability to recognize visual measurement scales.
This task requires the model to: identify the mea-
surement objects depicted in the image, interpret
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Clock Movies [only clock]

(1) Single physical quantity

(3) Our ScaleBench

(2) Single measurement type
Pointer-10K [only dial type]

Q: temperature
O: …  A: 37.3

Q: length
O: …  A: 7.8

Q: volume
O: …  A: 150

(a) thermometer (c) straightruler (d) flask

Cover multiple physical quantities and multiple measurement object types

Q: humidity
O: …  A: 54 

(b) hygrometer

Figure 1: Samples from scale recognition benchmarks.
“Q”, “O”, and “A” in our ScaleBench mean the question,
options, and answer.

the scale’s units and intervals, and recognize the
specific value indicated by a pointer or marker. For
instance, in Figure 1(a), the model needs to identify
the thermometer displaying 37.3 degrees Celsius.
This ability is important for machines because scale
recognition is a fundamental way in which humans
perceive and interpret physical quantities in the real
world. Continuing with the previous example, if
machines are to perform human-like tasks, they
must be able to accurately read thermometer val-
ues, which are used to determine whether a fever is
present.

Despite the emergence of various benchmarks
for evaluating visual scale recognition, current re-
sources remain inadequate for comprehensively as-
sessing MLLMs in this area. Existing benchmarks
are typically categorized by the number of physi-
cal quantities they encompass. The first category
comprises datasets focused on a single physical
quantity, such as SynClock (Yang et al., 2022),
Clock Movies (Yang et al., 2022), and Hou et
al. (Hou et al., 2023). While useful for evaluat-
ing specific perceptual capabilities (e.g., SynClock
and Clock Movies target time perception), their
narrow scope limits the generalizability of find-
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Table 1: Comparison of scale recognition benchmark. “Q.”, “C.”, “S.”, “U.”, “P.”, and “bbox” denote “Quantities”,
“measurement object categories”, “single object style (Only our ScaleBench includes all three measurement object
styles—dial, linear, and cylindrical—while other benchmarks include only the dial style)”, “single scale units in
an image”, “single pointer in an image”, and “bounding box”, respectively. “SynData” (S.D.), “SelfCap” (S.C.),
“W.S.”, “SimEnv”, “CO.”, “O.I.”, and “FLK” stand for “synthetic data”, “self-captured”, “web-sourced”, “simulated
environment”, “COCO”, “Open Images”, and “Flickr”, respectively.

Benchmark Source # Q. # C. w/o S. w/o U. w/o P. w/o bbox Size

SynClock (Yang et al., 2022) SynData 1 1 × × ✓ ✓ -
Clock Movies (Yang et al., 2022) Movie 1 1 × × ✓ ✓ 1,244
Hou et al. (Hou et al., 2023) SelfCap 1 1 × × × × 2,300
Wu et al. (Wu et al., 2021) SimEnv, S.C. 3 3 × × × × 2,952
Meter Chall. (Shu et al., 2023) SelfCap 4 4 × × × × 1,296
Pointer-10K (Dong et al., 2021) S.C., S.D., W.S. 5 5 × × ✓ ✓ 10,000
Real-Gauges (Howells et al., 2021) SelfCap 2 2 × × × ✓ 2,700
Syn.-Gauges (Howells et al., 2021) SynData 5 5 × × × × 11,000
ScaleBench (ours) CO., O.I., FLK 13 33 ✓ ✓ ✓ ✓ 6,574

ings across broader physical properties. The sec-
ond category includes benchmarks incorporating
multiple quantities, such as Wu et al. (Wu et al.,
2021), Meter Challenge (Shu et al., 2023), Pointer-
10K (Dong et al., 2021), and Real-Gauges and
Synthetic-Gauges (Howells et al., 2021). Although
these offer greater diversity in quantities, they pre-
dominantly feature dial-based instruments (e.g.,
Pointer-10K’s pressure gauges, ammeters, and volt-
meters), thus constraining measurement modality
variation and failing to reflect real-world instru-
ment diversity. Consequently, existing benchmarks
exhibit limitations in both the range of physical
quantities and the types of measurement instru-
ments, as depicted in Figure 1. This underscores
a critical need for more comprehensive evaluation
resources for visual scale recognition in MLLMs.

To this end, in this paper, we propose
ScaleBench, a new multiple-choice benchmark de-
signed to evaluate the scale recognition capabilities
of MLLMs. ScaleBench is constructed from im-
ages collected from the COCO dataset (Lin et al.,
2014), the Open Images dataset (Kuznetsova et al.,
2020), and the public image platform Flickr,1 com-
prising 5,371 images and 6,574 annotated samples.
Unlike previous benchmarks, ScaleBench covers
13 commonly used physical quantities, spanning
33 types of measurement objects and 38 scale units,
thereby aligning more closely with real-world ap-
plication scenarios. A detailed comparison with ex-
isting benchmarks is provided in Table 1. To ensure
the quality of the benchmark, we develop a clear
annotation guideline and conduct three rounds of

1https://www.flickr.com/

rigorous quality control involving professional an-
notators and reviewers. Based on this benchmark,
we conduct a comprehensive evaluation of several
representative MLLMs, including closed-source
models (GPT-52 and Gemini 2.5 Pro (Team et al.,
2023)) and open-source models (e.g., LLaVA (Liu
et al., 2023a), Qwen-VL (Bai et al., 2025), and
mPLUG-Owl (Ye et al., 2024)).

Contributions. Our contributions are summa-
rized as:

• We introduce ScaleBench, a manually anno-
tated, high-quality benchmark specifically de-
signed to evaluate the visual scale recognition
capabilities of MLLMs.

• ScaleBench covers 13 physical quantities, 33
measurement objects, and 38 scale units, ef-
fectively capturing a wide range of real-world
scale recognition scenarios.

• We test several open-source and closed-
source MLLMs on ScaleBench. Experiments
show that the current state-of-the-art (SoTA)
Gemini-2.5-pro and the fine-tuned mPLUG-
owl3-7B only achieve 42.60% and 41.22%
accuracy, which is far lower than the 97.40%
of humans. In addition, we also provide future
research directions for this benchmark.

2 Related Work

Visual scale recognition. Visual scale recogni-
tion is an important task in AI (Reitsma et al.,
2024; Feng et al., 2025). Existing benchmarks

2https://openai.com/gpt-5-system-card/
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in this area can be grouped into two categories:
those focusing on a single physical quantity and
those covering multiple quantities. In the first cat-
egory, typical datasets include SynClock (Yang
et al., 2022), Clock Movies (Yang et al., 2022),
and Hou et al. (Hou et al., 2023). Both SynClock
and Clock Movies target time measurement using
dial clocks, with the former being synthetic and
the latter collected from movie scenes. Hou et
al. (Hou et al., 2023) focuses on pressure and uses
images of dial pressure gauges. While useful, they
lack diversity and fail to evaluate models across
broader scenarios (Li et al., 2025, 2024). In the
second category, examples include Real-Gauges
and Synthetic-Gauges (Howells et al., 2021), Me-
ter Challenge (Shu et al., 2023), Wu et al. (Wu et al.,
2021), and Pointer-10K (Dong et al., 2021). Real-
Gauges focuses on pressure and temperature, while
Synthetic-Gauges adds current, speed, and volume.
Meter Challenge and Wu et al. cover temperature,
pressure, and current, and Pointer-10K extends to
pressure, temperature, current, voltage, and volume.
Although these datasets span multiple quantities,
they mainly rely on dial-type instruments with lim-
ited scale diversity. Our ScaleBench addresses this
limitation by including a broader range of scale
types—circular (e.g., clocks, gauges), linear (e.g.,
rulers, thermometers), and cylindrical (e.g., mea-
suring cylinders)—offering diversity and realism
for evaluating MLLMs in real-world scenarios.

Multimodal large language model. In recent
years, MLLMs have made rapid progress and be-
come a key focus in visual-text understanding
tasks (Wang et al., 2024; Fu et al., 2025). These
models are usually either closed-source or open-
source. Closed-source models like GPT-5 and Gem-
ini lead in performance, mainly because they are
large and trained on high-quality data. But since
they are not open to the public, researchers can
not directly fine-tune them for specific tasks. As a
result, researchers often rely on ICL (Shukor et al.,
2023; Liu et al., 2023b; Doveh et al., 2024) and
prompt engineering (Chen et al., 2025a; Son and
Lee, 2025) to adapt these models. By carefully
crafting instruction templates and selecting relevant
examples, these models can be guided to perform
tasks such as image interpretation and cross-modal
reasoning. In contrast, open-source models, such
as LLaVA (Liu et al., 2023a), Qwen-VL (Bai et al.,
2025), and mPLUG-Owl (Ye et al., 2024), are more
flexible, but generally underperform due to smaller
parameter sizes and limited training data. They

also struggle more with following instructions for
specific tasks (Ding et al., 2025). To address this,
researchers use instruction fine-tuning—a way to
teach models how to better follow task instructions.
Techniques like LoRA (Hu et al., 2021) and prefix
tuning (Li and Liang, 2021) help boost their perfor-
mance without needing to retrain the whole model.
Although MLLMs continue to improve, they still
show performance bottlenecks on our ScaleBench
benchmark, highlighting their current limitations
in visual scale recognition tasks.

3 Problem Formulation

In this paper, we formulate scale recognition as a
multiple-choice question-answering task.3 Given
a text question Q and an image I , where Q asks
about the scale reading of an entity shown in I ,
the task is to select the correct answer from four
given options. For example, as shown in Figure
1(a), given the question “What is the temperature
shown by the thermometer in the image, in degrees
Celsius?”, the model should analyze the image and
choose “37.3” from the candidate options as the
correct answer.

4 ScaleBench Construction

In this section, we detail the construction process of
ScaleBench, including image sources, annotation
guidelines, and the annotation procedure.

4.1 Image Sources

In this paper, we collect images from three main
sources: the COCO2017 dataset (Lin et al., 2014),
the Open Images V7 dataset (Kuznetsova et al.,
2020), and the public image-sharing website Flickr.
First, we obtain images from the COCO dataset,
which contains over 160,000 images depicting vari-
ous scenes, including many objects with scale infor-
mation (such as clocks and rulers). To extract rele-
vant content efficiently, we remove COCO images
by category tags and captions. Second, we gather
images from the Open Images dataset, which con-
sists of 9 million high-resolution images spanning a
broad range of object categories, with many images
containing clear scale structures (such as weighing
scales and thermometers). We focus on categories
with measurement-related objects and prioritize
images with visible numerical or pointer-based in-
dicators. To further diversify our dataset, we search

3Appendix A also reports results on a benchmark that
includes both multiple-choice and fill-in-the-blank questions.
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Flickr using scale-related keywords and collect
additional images, often representing real-world
scenes involving laboratory equipment, barometers,
and pressure gauges.

After aggregating images from these three
sources, we conduct a manual review to remove
blurry, low-resolution, or unclear images related
to scale. Ultimately, we curate a set of 9,000 can-
didate images for subsequent scale reading anno-
tation. This curated set serves as the foundation
for constructing the final benchmark, ensuring both
diversity and clarity in visual scale recognition.

4.2 Annotation Guidelines
Next, we annotate each image with a question, can-
didate options, and the correct answer. To guide
annotators in generating high-quality samples, we
provide clear annotation guidelines, as well as both
correct and incorrect examples for reference.

Each question is specifically tailored to align
with the visual information in the image, clearly
indicating which scale object or unit is to be identi-
fied. When images contain multiple entities—such
as several gauges—or display different unit types
(e.g., Celsius and Fahrenheit), the questions are
carefully worded to specify the target entity or
scale unit, eliminating ambiguity. For each ques-
tion, there is only one correct answer, determined
directly from the scale reading visible in the image,
without any reliance on guesswork or estimation.
Incorrect options are constructed to be plausible
yet clearly incorrect, reflecting common errors that
might arise when interpreting the image. For exam-
ple, when an image has multiple pointers (Figure
1(b)), different units (Figure 1(c)), or several mea-
suring objects (Figure 1(d)), other visible readings
in the image are used as distractor options.

4.3 Annotation Procedure
To build a high-quality benchmark, we organize a
team of three annotators, two checkers, and one
reviewer. All team members receive professional
training on scale recognition tasks and annotation
guidelines. The procedure includes annotation, ver-
ification, and final review.

First, three college students served as annota-
tors, with each assigned 3,000 images. For every
image, they generate a question, four options, and
the correct answer according to the guidelines. To
improve efficiency and reduce workload, we de-
sign question templates tailored to different types
of scale units. For example, a template for volume

Table 2: Statistics of our ScaleBench. “others” is com-
posed of 4 physical quantities, including electric current,
voltage, acidity, and sound.

Train Dev Test Total # Img

ScaleBench 4,590 645 1,339 6,574 5,371

Physical quantity types
angle 214 30 62 306 210
humidity 118 16 35 169 165
length 907 128 264 1,299 1,134
pressure 673 95 196 964 800
speed 268 37 80 385 312
temperature 1,314 187 378 1,879 1,358
time 450 64 130 644 638
volume 440 60 133 633 494
weight 83 11 25 119 99
others 123 17 36 176 161

recognition is “What is the volume of object in the
image, in unit_type?”, where object and unit_type
correspond to the specific object and its measure-
ment unit. A complete list of templates is included
in Appendix B.

Second, the samples are passed to two additional
college students, who act as checkers. They verify
the clarity and correctness of each question, op-
tion, and answer, as well as whether the object in
the image is clearly identifiable. If either checker
identifies a sample unsatisfactory, it is returned to
the annotator for revision, along with a detailed
explanation. This verification process is repeated
until the batch reaches an accuracy of at least 95%.

Finally, all samples are submitted to the lead
author for final review. The lead author randomly
checks 20% of the batch. If any issues are found,
the batch is sent back for further revision. This pro-
cess repeats until the final review accuracy reaches
98%. Ultimately, we obtain 6,574 high-quality
samples, forming the ScaleBench benchmark.

5 ScaleBench Analysis

ScaleBench statistics. As shown in Table 2,
ScaleBench comprises 6,574 samples and 5,371 im-
ages, with 1,112 images associated with multiple
questions. The benchmark is split into training, val-
idation, and test sets in a 7:1:2 ratio. Moreover, we
analyze the distribution of samples across the nine
main types of physical quantities. Temperature and
length recognition account for the majority, with
1,879 and 1,299 samples, respectively, whereas the
humidity and weight recognition categories have
comparatively few samples, each ranging between
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Figure 2: Distribution of units and measurement objects.

100 and 200. The “others” category, which includes
electric current, voltage, acidity, and sound, con-
tains 176 samples and helps increase the diversity
of the dataset. This diverse coverage of physical
quantities ensures that ScaleBench supports a broad
evaluation of model capabilities across different
measurement scenarios.

ScaleBench diversity. Our benchmark covers
common units and measurement objects across var-
ious physical quantities, aiming to ensure a diverse
set of questions. We report the frequency of differ-
ent units and the number of measurement objects
for each physical quantity, as illustrated in Figure
2. In “Frequency of Units Across Physical Quan-
tities”, a total of 38 units are used. Among them,
31 are listed individually, while 7 less frequent
ones are grouped under the “Others” category. In
“Measurement Object Distribution Across Physical
Quantities”, there are 33 measurement objects in
total, with 23 shown explicitly and 10 classified as
“Others”. Thermometers appear most frequently in
the benchmark, which leads to a high frequency
of temperature-related units—up to 1,068 occur-
rences. Overall, our benchmark includes both com-
monly used units across physical quantities and
a wide variety of measurement objects found in
everyday life.

6 Experiments

In this section, we evaluate several SoTA MLLMs
on ScaleBench and provide a detailed performance
analysis. We also conduct an error analysis to better
understand their limitations on the benchmark.

6.1 Baselines

We consider the following three baseline methods:
Open-source MLLMs. We select DeepSeek-

VL-7B (Lu et al., 2024), MiniCPM-V-8B (Yao

et al., 2024), LLaMA-3.2-11B-Vision (Grattafiori
et al., 2024), LLaVA-v1.6-7B (Liu et al., 2023a),
mPLUG-owl3-7B (Ye et al., 2024), Phi-3.5-vision-
4B (Abdin et al., 2024), Janus-Pro-7B (Chen et al.,
2025b), Qwen2.5-VL-7B (Bai et al., 2025), and
InternVL3-8B (Chen et al., 2024). We evalu-
ate them under two settings: (1) direct infer-
ence, where the model directly predicts an answer
given a question, an image, and four options; and
(2) parameter-efficient fine-tuning, where we use
LoRA (Hu et al., 2021) to train the models using
instruction data. This data is generated by trans-
forming the input-output pairs from the training
set.

Closed-source MLLMs. We evaluate Gemini-
2.5-pro4 and GPT-55 under two settings: zero- and
few-shot reasoning. In the zero-shot setting, we
provide the model with a question, an image, and
options, along with a task prompt to guide the re-
sponse. In the few-shot setting, we apply 1-shot,
2-shot, and 3-shot in-context learning (ICL), us-
ing the same task prompt. The examples are ran-
domly selected from the training set and remain
fixed across all test samples.

Other methods. We include two baselines: ran-
dom guess, which uses a random function to select
answers; and human evaluation, based on the aver-
age accuracy of three college students (not involved
in annotation) on the randomly selected 500 sam-
ples: up to 50 per category (all included if fewer
than 50), with the remaining randomly drawn from
the rest.

6.2 Metrics and Implementations
We report four evaluation metrics: precision (P),
recall (R), F1 score (F1), and accuracy (Acc). We
train the model on four A800 80G GPUs using
LoRA with a rank of R=32. The training is con-
ducted over 6 epochs with a batch size of 4, using
AdamW and a cosine learning rate scheduler. The
learning rate is set to 2× 10−5. The task prompts
of MLLMs are provided in Appendix C.

6.3 Main Results
We perform all baseline methods on the constructed
ScaleBench, and the results are reported in Table
3. Overall, current MLLMs perform poorly on
this new benchmark, with accuracies far below the
human level of 97.40%. For instance, the best
open-source model, mPLUG-owl3-7B fine-tuned

4gemini-2.5-pro-preview-05-06
5gpt-5-2025-08-07
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Table 3: Model performance (%) on ScaleBench, averaged over three runs. We rule out the possibility that model
errors stem from missing domain knowledge (e.g., not recognizing units or how to read them); see Appendix D.

Model Setting P R F1 Acc Setting P R F1 Acc

Open-source MLLMs
DeepSeek-VL-7B - 23.57 23.66 23.62 23.75 LoRA 37.39 33.63 35.41 33.01
MiniCPM-V-8B - 28.10 27.45 27.77 27.78 LoRA 40.74 39.97 40.35 39.96
Llama-3.2-11B-Vision - 23.39 23.38 23.39 23.67 LoRA 38.38 37.68 38.03 37.94
LLaVA-v1.6-7B - 20.78 25.13 22.75 24.35 LoRA 40.62 40.56 40.59 40.55
mPLUG-owl3-7B - 32.62 31.91 32.26 31.81 LoRA 41.14 41.12 41.13 41.22
Phi-3.5-vision-4B - 23.82 23.81 23.82 23.82 LoRA 36.68 36.41 36.54 36.45
Janus-Pro-7B - 46.66 28.09 35.07 28.60 LoRA 40.80 38.61 39.67 38.46
Qwen2.5-VL-7B - 27.37 27.05 27.21 27.48 LoRA 39.36 38.39 38.87 38.39
InternVL3-8B - 29.74 29.17 29.45 29.50 LoRA 39.94 39.74 39.84 39.66

Closed-source MLLMs

Gemini-2.5-pro
0-shot 43.43 42.91 43.17 42.60 2-shot 39.42 39.24 39.33 38.80
1-shot 41.00 40.80 40.90 40.40 3-shot 36.67 36.74 36.70 36.40

GPT-5
0-shot 36.65 36.05 36.35 36.00 2-shot 35.36 35.34 35.35 35.80
1-shot 33.72 33.65 33.69 34.00 3-shot 38.54 38.68 38.61 39.00

Other Methods
Random Choose - 28.03 27.86 27.95 28.00 - - - - -
Human - 97.44 97.42 97.43 97.40 - - - - -

with LoRA, achieves only 41.22% accuracy, while
the best closed-source model, Gemini-2.5-Pro in
the zero-shot setting, reaches just 42.60%. These
results indicate that scale recognition remains a
significant challenge for existing MLLMs. In ad-
dition, fine-tuned open-source models consistently
outperform their untuned counterparts, generally
improving accuracy by around 10%. For closed-
source models, Gemini-2.5-pro performs best in
the 0-shot setting (42.60%) but degrades as more
ICL examples are added, suggesting limited abil-
ity to leverage multi-image examples. In contrast,
GPT-5 shows an initial drop from 0-shot (36.00%)
to 1-shot (34.00%) but improves steadily with more
examples, indicating that while a single example
may mislead the model, multiple examples pro-
vide more stable and robust guidance, enabling the
model to adapt more effectively.

6.4 Detailed Analysis
Analysis of model performance across different
physical quantities. To evaluate the performance
of MLLMs on different physical quantities, we
measure their accuracy across various categories.
Table 4 shows the results for both fine-tuned open-
source models and closed-source models in the
0-shot and best few-shot settings. Overall, all mod-
els perform substantially worse than humans on
physical quantities, with accuracies generally be-
low 60%, whereas human performance exceeds

94% across all quantities. In some cases, perfor-
mance is barely above blind guessing—for exam-
ple, open-source models on Volume. These re-
sults further demonstrate that current MLLMs re-
main far from achieving human-level performance
in scale recognition. Among open-source mod-
els, LLaVA-v1.6-7B demonstrates balanced perfor-
mance across categories. LLaMA-3.2-11B-Vision
achieves the highest accuracy in “Humidity”, out-
performing all other models in that category. In
contrast, DeepSeek-VL-7B performs poorly across
most categories, sometimes falling below the level
of random selection. For closed-source models,
GPT-5 shows more uneven performance in scale
recognition compared with Gemini-2.5-pro. For
instance, its accuracy on “Angle” and “Humidity”
is close to random guessing, while its performance
on “Time” and “Volume” is only slightly better.

Impact of ICL example selection on model
performance. To analyze the impact of different
ICL examples on the performance of closed-source
models, we classify the ICL examples into two cat-
egories: those aligned with the physical quantity
category of the input question and those misaligned.
The results are shown in Table 5. Models gener-
ally perform better when provided with aligned
examples. For example, when Gemini-2.5-pro is
given three aligned examples, its accuracy is 6.40%
higher than when using three misaligned examples.
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Table 4: Model performance (Acc %) across different physical quantity types on ScaleBench.

Model Setting Angle Humid. Length Pressu. Speed Temper. Time Volume Weight Other

Open-source MLLMs
DeepSeek-VL-7B LoRA 20.97 31.43 40.15 38.27 43.75 28.04 28.46 33.08 24.00 25.00
MiniCPM-V-8B LoRA 38.71 37.14 42.05 45.92 57.50 38.36 34.62 30.83 40.00 27.78
Llama-3.2-11B-V LoRA 25.81 54.29 41.67 41.33 56.25 33.33 35.38 36.84 28.00 25.00
LLaVA-v1.6-7B LoRA 35.48 45.71 44.70 38.78 55.00 37.30 38.46 34.59 52.00 47.22
mPLUG-owl3-7B LoRA 25.81 37.14 46.97 39.29 55.00 42.06 35.38 35.34 44.00 41.67
Phi-3.5-vision-4B LoRA 33.87 42.86 41.67 35.20 52.50 34.13 33.85 36.09 28.00 8.33
Janus-Pro-7B LoRA 32.26 40.00 47.35 42.86 51.25 32.01 32.31 32.33 48.00 36.11
Qwen2.5-VL-7B LoRA 27.42 42.86 47.73 33.67 56.25 33.86 30.77 37.59 60.00 33.33
InternVL3-8B LoRA 35.48 34.29 45.45 42.35 57.50 37.30 33.08 33.08 32.00 33.33

Closed-source MLLMs

Gemini-2.5-pro
0-shot 37.10 42.86 50.76 39.29 53.75 37.30 45.38 36.84 48.00 47.22
1-shot 44.19 40.00 47.76 31.75 41.86 39.76 35.71 38.78 52.00 38.89

GPT-5
0-shot 30.23 20.00 29.85 25.40 46.51 36.14 46.43 53.06 44.00 30.56
3-shot 23.26 37.14 34.33 41.27 41.86 36.14 50.00 46.94 48.00 33.33

Other Methods
Random Choose - 30.23 28.57 26.87 25.40 34.88 27.71 19.64 32.65 36.00 25.00
Human - 97.67 97.14 97.01 96.83 97.67 98.80 98.21 95.92 96.00 94.44

Table 5: Model accuracy (%) with different ICL exam-
ples.

Model Setting Align. Misalign.

Gemini-2.5-Pro
1-shot 40.20 39.80
2-shot 40.80 37.40
3-shot 41.40 35.00

GPT-5
1-shot 34.20 32.60
2-shot 37.40 35.60
3-shot 39.80 37.60

Furthermore, when using aligned examples, the per-
formance of both models improves as the number
of examples increases. However, the trend differs
when using misaligned examples. For Gemini-2.5-
pro, performance decreases as more misaligned
examples are added. In contrast, GPT-5’s perfor-
mance still improves with more misaligned exam-
ples, though not as significantly as with aligned
ones. This contrast suggests that GPT-5 may be
more robust to suboptimal context or better at ex-
tracting relevant patterns even from less aligned
examples compared to Gemini-2.5-pro.

Impact of model parameter size on perfor-
mance. To evaluate how model performance
varies with parameter size on ScaleBench, we test
Qwen2.5-VL and InternVL3 families under two
settings: without fine-tuning and with LoRA fine-
tuning. The results are reported in Table 6. In
general, larger models tend to perform better, but
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MORE SURE MPRE SMCE Others

mPLUG-owl3-7B Gemini-2.5-pro

Figure 3: Error types of SoTA MLLMs on ScaleBench.

this is not always the case. For example, InternVL3-
78B performs worse than InternVL3-38B in accu-
racy without fine-tuning. Furthermore, the best
overall accuracy is only 42.57%. This suggests
that simply increasing the number of parameters
is not enough to solve the scale recognition task.
When LoRA fine-tuning is applied, performance
improves significantly for most models, especially
smaller ones. For instance, Qwen2.5-VL-7B per-
forms poorly without fine-tuning but achieves re-
sults close to the 32B and 72B models after LoRA
is used. This highlights the importance of task-
specific fine-tuning, particularly for smaller mod-
els.

6.5 Error Analysis

To support future research on scale recognition
in MLLMs, we analyze 200 error cases from the
test set, selected from predictions made by the
best-performing open-source and closed-source
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Table 6: Model performance (%) across different parameter sizes on ScaleBench.

Model Setting P R F1 Acc Setting P R F1 Acc

Qwen-VL Model Family
Qwen2.5-VL-7B - 27.37 27.05 27.21 27.48 LoRA 39.36 38.39 38.87 38.39
Qwen2.5-VL-32B - 35.17 32.51 33.79 32.56 LoRA 45.47 39.24 42.13 38.69
Qwen2.5-VL-72B - 33.86 32.37 33.10 32.79 LoRA 38.90 38.86 38.88 38.98

InternVL Model Family
InternVL3-8B - 29.74 29.17 29.45 29.50 LoRA 39.94 39.74 39.84 39.66
InternVL3-14B - 32.51 32.01 32.26 32.41 LoRA 42.63 42.50 42.56 42.57
InternVL3-38B - 35.14 35.27 35.21 35.32 LoRA 41.78 41.81 41.79 41.67
InternVL3-78B - 32.54 32.63 32.58 32.94 LoRA 42.07 41.91 41.99 42.05

(a) MORE (b) SURE (c) MPRE (d) SMCE

What is the temperature shown by 
the left thermometer in the image, 
in ˚C?

mPLUG-owl3-7B

What is the vehicle speed shown 
by the pointer at the top of the 
speedometer in the image, in mph?

A. 110  B. 90  C. 70  D. 50

What is the time shown by the 
clock in the image?

A. 5:11:05 B. 5:05:11
C. 5:05:10 D. 5:10:05

What is the temperature shown by 
the thermometer in the image, in 
˚F?

A. 44 B. 48 C. 52  D. 56

(a) MORE (b) SURE (c) MPRE (d) SMCE

What is the relative humidity sh-
own by the pointer of the left
hygrometer in the image, in %?

Gemini-2.5-pro

A. 30  B. 35 C. 50  D. 120

What is the temperature shown by 
the thermometer in the image, in 
˚C?
A. 34 B. 38 C. 100 D. 102

What is the current intensity sh-
own by the green pointer of the 
ammeter in the image, in A?

What is the temperature shown by 
the thermometer in the image, in 
˚F?

A. 5 B. 10 C. 15 D. 20A. 0.9 B. 1.2 C. 1.1 D. 1.0

A. 26 B. 28  C. 50  D. 55

Figure 4: Error examples.

models in Table 3, namely mPLUG-owl3-7B and
Gemini-2.5-Pro. After manual review, the errors
are grouped into four main types and others: 1)
Measurement Object Recognition Error (MORE),
where the model fails to identify the correct object
in the image, even though its position is clearly de-
scribed in the question. 2) Scale Unit Recognition
Error (SURE), in which the model confuses scale
units when multiple are present, despite the unit
being mentioned explicitly. 3) Multiple Pointer
Recognition Error (MPRE), where the model can-
not correctly interpret multiple pointers on tools
like clocks or gauges. 4) Scale Meaning Compre-
hension Error (SMCE), where the model misun-
derstands what each unit or grid represents—for
example, mistaking 2°F per division as 1°F. Other
errors include random guesses or confusion about
scale precision. As shown in Figure 3, SURE is the
most frequent error type, followed by MPRE, while

MORE and SMCE occur at similar rates. These
results show that MLLMs struggle with different
aspects of scale understanding. To illustrate each
type more clearly, representative examples are pro-
vided in Figure 4.

7 Conclusion

In this paper, we propose ScaleBench, a manu-
ally annotated benchmark for scale recognition.
To address the limitations of existing benchmarks,
ScaleBench includes a broad range of physical
quantities and measurement objects from every-
day life, featuring diverse scale units and visual
forms. Based on this benchmark, we evaluate a
series of open-source and closed-source MLLMs
and conduct extensive experimental analyses. Re-
sults show that existing MLLMs still struggle with
ScaleBench, highlighting its difficulty and the need
for further research in this area.
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Limitations

Although ScaleBench is a valuable benchmark for
evaluating the scale recognition ability of current
MLLMs, it still has two limitations. First, the over-
all size of the dataset remains limited. To ensure
high quality, we use a strict and detailed manual
annotation process. However, this process required
a lot of human effort, which limited the total num-
ber of samples. Second, the coverage of physical
quantities and measurement objects is not yet com-
plete. Although the dataset includes more common
types than previous benchmarks, some less com-
mon physical quantities and measurement objects
in real life are still missing.

Ethical Statement

We construct ScaleBench using data from the
COCO dataset, the Open Images dataset, and the
Flickr platform. Both COCO and Open Images
are distributed under the Creative Commons At-
tribution 4.0 License, which allows redistribution
and re-annotation with proper attribution. For im-
ages from Flickr, we carefully selected only those
licensed under CC BY 4.0 or clearly free of copy-
right restrictions. Based on these sources, we re-
lease ScaleBench under the CC BY 4.0 license. In
addition, we manually review all data to ensure that
the dataset does not contain any harmful content,
such as gender bias, racial discrimination, or other
inappropriate material.
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Table 7: Model performance (Acc %) on ScaleBench_V.

Model Setting Choice Blank Total Setting Choice Blank Total

Open-source MLLMs
DeepSeek-VL-7B - 27.19 4.73 16.21 LoRA 51.46 6.56 29.50
MiniCPM-V-8B - 30.26 20.61 25.54 LoRA 40.50 29.01 34.88
LLama-3.2-11B-Vision - 27.49 18.02 22.85 LoRA 37.13 26.41 31.89
LLaVA-v1.6-7B - 17.54 17.40 17.48 LoRA 44.88 27.48 36.37
mPLUG-owl3-7B - 30.85 17.25 24.20 LoRA 44.44 23.21 34.06
Phi-3.5-vision-4B - 20.61 19.39 20.01 LoRA 37.72 25.04 31.52
Janus-Pro-7B - 31.29 3.36 17.63 LoRA 23.10 24.43 23.75
Qwen2.5-VL-7B - 31.87 26.41 29.20 LoRA 43.27 29.47 36.52
InternVL3-8B - 32.60 19.69 26.29 LoRA 36.70 25.50 31.22

Closed-source MLLMs
Gemini-2.5-pro 0-shot 44.20 35.00 39.60 2-shot 44.00 34.00 39.00

1-shot 43.40 31.20 37.30 3-shot 50.00 32.00 41.00

GPT-5 0-shot 38.00 29.60 33.80 2-shot 35.00 31.00 33.00
1-shot 39.60 25.40 32.50 3-shot 42.00 30.00 36.00

Other Methods
human - 98.40 96.20 97.30 - - - -

Table 8: Statistics of the benchmark variant containing
both multiple-choice and fill-in-the-blank questions.

Choice Blank Total

ScaleBench 3297 3,277 6574

Physical quantity types
angle 153 153 306
humidity 85 84 169
length 651 648 1,299
pressure 483 481 964
speed 193 192 385
temperature 940 939 1,879
time 323 321 644
volume 318 315 633
weight 60 59 119
others 91 85 176

A Results on Mixed-Format Benchmark

We convert part of ScaleBench into fill-in-the-
blank questions, creating a benchmark with 3,297
multiple-choice and 3,277 fill-in-the-blank ques-
tions, which we refer to as ScaleBench_V. In our
paper, the “fill-in-the-blank” setting actually means
an “open-ended QA” task. The training, valida-
tion, and test sets follow the same 7:1:2 split as
in the previous experiments. We then evaluate all
baseline methods on this benchmark, with results
shown in Table 7, while detailed dataset statistics
are also reported in Table 8. Overall, all models
still perform poorly, with accuracies on multiple-
choice and fill-in-the-blank questions far below the

human levels of 98.40% and 96.20%. Moreover,
most models, whether open-source (with or without
fine-tuning) or closed-source MLLMs, consistently
achieve higher accuracy on multiple-choice ques-
tions than on fill-in-the-blank ones, likely because
the provided options act as cues that guide the mod-
els toward better answers.

B Question Templates

To improve the efficiency of benchmark annotation,
we design a question template for each physical
quantity. Using this template, annotators only need
to fill in the corresponding quantity unit and mea-
surement object based on the given image. The
detailed template is presented in Table 9.

C Prompt used in LLMs

In the experiments, we use open-source MLLMs as
baselines, with their task prompts shown in Table
10. We also evaluate closed-source MLLMs, and
their prompts are listed in Table 11.

D Verification of Domain Knowledge

To rule out the possibility that models fail the scale
recognition task due to insufficient domain knowl-
edge (e.g., not recognizing measurement objects or
understanding how to read them), we conduct a ver-
ification experiment using two models: mPLUG-
owl3-7B and Gemini-2.5-Pro. Specifically, we ran-
domly select 200 images from ScaleBench and ap-
ply a unified prompt for all queries, as shown in Fig-
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Table 9: Question templates for each physical quantity.

Quantity Question template

angle What is the degree that [measurement object] in the image is pointing to?

humidity What is the relative humidity shown by [measurement object] in the image, in %?

length What is the length shown by [measurement object] in the image, in [quantity unit]?

pressure What is the pressure shown by [measurement object] in the image, in [quantity unit]?

speed What is the speed shown by the [measurement object] in the image, in [quantity unit]?

temperature What is the temperature shown by [measurement object] in the image, in [quantity unit]?

time What is the time shown by [measurement object] in the image?

volume What is the volume of [measurement object] in the image, in [quantity unit]?

weight What is the weight shown by [measurement object] in the image, in [quantity unit]?

current (I) What is the current intensity shown by [measurement object] in the image, in [quantity unit]?

voltage What is the voltage shown by [measurement object] in the image, in [quantity unit]?

acidity What is the PH value shown by the [measurement object] in the image?

sound What is the sound intensity shown by [measurement object] in the image, in [quantity unit]?

Table 10: Prompt used in open-source MLLMs.

Model Prompt

DeepSeek-VL-7B You are currently a senior expert in
scale recognition. \n Given an Im-
age, a Question and Options, your
task is to identify the scale value
and select the correct option. Note
that you only need to choose one
option from all options without ex-
plaining any reason. \n Input: Im-
age: <image>, Question: {ques-
tion}, Options: {options}. \n Out-
put:

MiniCPM-V-8B

Llama-3.2-11B-V

LLaVA-v1.6-7B

mPLUG-owl3-7B

Phi-3.5-vision-4B

Janus-Pro-7B

Qwen2.5-VL-7B

InternVL3-8B

ure 5. Human evaluators then check whether each
model provides the correct answers to determine if
it possesses the necessary domain knowledge. The
results show that mPLUG-owl3-7B and Gemini-
2.5-Pro achieve accuracies of 94% and 98%, re-
spectively, confirming that current models gener-
ally have sufficient domain knowledge to recognize
and interpret different measurement objects.

E Results of Additional Models

We further report supplementary results for models
across different parameter scales (4B–12B), includ-
ing Qwen3-VL-4B, InternVL3.5-4B, Qwen3-VL-
8B, and Pixtral-12B. Table 12 presents the results
of additional models under zero-shot and LoRA
settings. Overall, performance tends to improve
as model scale increases within the QwenVL and

Prompt used in Verification

Task 1: Tool Identification 

Task 2: Reading Method Explanation

You will be shown an image containing a measuring
instrument. Please complete the following two core tasks
based on the image I provided, and provide a clear and
detailed reasoning process for each task:

Determine the specific name of the graduated tool shown in
the image (e.g., ruler, graduated cylinder, thermometer,
vernier caliper, stopwatch, etc.), and explain the key basis
for your judgment (such as the tool’s shape, scale unit,
structural features, etc.).

If you can identify the tool type, fully elaborate on the
standard reading steps of the tool (must include key points
such as "how to confirm the measuring range", "how to find
the division value", "requirements for line of sight",
"whether estimation is needed and the estimation rules"); if
you cannot identify it, explain the reason for the inability to
judge.

Figure 5: Prompt used in the verification of domain
knowledge.

InternVL families, and LoRA consistently leads to
better results than zero-shot.

F Effect of Input Resolution

We further examine Qwen3-VL-8B across input
resolutions from 224×224 to 1120×1120. As
shown in Table 13, the results remain relatively
stable across resolutions, suggesting that the model
is generally robust to input scaling. LoRA consis-
tently outperforms zero-shot under all settings.
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Table 11: Prompt used in Closed-source MLLMs.

Models Task prompt

Zero-shot You are currently a senior expert in scale recognition. \n Given an Image, a Question and Options,
your task is to identify the scale value and select the correct option. Note that you only need to choose
one option from all options without explaining any reason. \n Input: Image: <image>, Question:
{question}, Options: {options}. \n Output:

Few-shot You are currently a senior expert in scale recognition. \n Given an Image, a Question and Options,
your task is to identify the scale value and select the correct option. Note that you only need to choose
one option from all options without explaining any reason. \n Given the following 3 examples to
learn the visual scale recognition task \n Example 1: Input: Image: <image>\n Question: What is the
temperature shown by the thermometer in the image, in degrees Celsius? Options: 34; 35; 36; 37. \n
Output: 36. \n Example 2: ... \n Example 3: Input: Image: <image>\n Question: {question}, Options:
{options}. \n Output:

Table 12: Additional model performance on ScaleBench

Model Setting P R F1 Acc Setting P R F1 Acc

Qwen3-VL-4B - 28.81 27.00 27.87 27.33 LoRA 33.73 33.94 33.83 34.20
InternVL3.5-4B - 30.49 29.33 29.90 29.20 LoRA 38.98 35.42 37.11 35.32
Qwen3-VL-8B - 30.94 29.10 29.99 29.65 LoRA 39.71 39.42 39.56 39.88
Pixtral-12B - 33.08 30.70 31.84 29.65 LoRA 39.62 37.83 38.70 38.31

Table 13: Qwen3-VL-8B on ScaleBench under different input resolutions. “Default” denotes the main setting.

Resolution Setting P R F1 Acc Setting P R F1 Acc

224×224 - 31.76 29.15 30.40 29.65 LoRA 39.56 38.61 39.08 38.91
448×448 - 31.93 29.84 30.85 30.40 LoRA 40.24 39.70 39.97 40.10
672×672 - 31.36 28.39 29.80 28.90 LoRA 41.24 40.02 40.62 40.48
896×896 - 29.66 27.90 28.75 28.45 LoRA 40.64 39.96 40.30 40.48
1120×1120 - 30.54 28.61 29.55 29.13 LoRA 40.34 39.54 39.94 40.03
Default - 30.94 29.10 29.99 29.65 LoRA 39.71 39.42 39.56 39.88
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