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1. Dataset Details
Autonomous Driving We extract samples from the MME-
Realworld dataset to evaluate a model’s embodied intelli-
gence, focusing on perception tasks such as distant object
perception, attribute recognition, and counting, as well as
reasoning tasks including intention prediction, interaction
relation understanding, and driver attention prediction.
Monitoring Extracted from MME-Realworld, this dataset
features images taken from public safety cameras in diverse
scenarios. It features realworld challenges including vary-
ing object scales and partially out-of-view objects captured
from different view points across day and night.
Document Parsing For text recognition in images, we
adopt DocStruct4M, which focuses on structure-aware pars-
ing of complex document data in images across five do-
mains: documents, webpages, tables, charts, and natural
images.
Fine-grained Perception We select HR-Bench for fine-
grained perception in high-resolution images. It poses
single-instance and cross-instance perception tasks. The
dataset is available in two resolution versions (4K and 8K),
with the 8K images cropped around the relevant objects to
produce the 4K versions. We select samples from both ver-
sions.
Aerial Images HRVQA is selected for aerial image under-
standing, it features images of a 1K spatial resolution and
QA pairs that span 10 question types (Number, Yes/No,
etc.) and 27 category concepts (Vehicles, Urban area, Water
bodies, etc.).
Image Quality To evaluate models on quality assessment
of daily-life pictures, we select HRIQ designed for Blind
Image Quality Assessment (BIQA) based on human per-
ceivable factors like blur, exposure, noise, etc. The label is
a human aligned Mean Opinion Score (MOS) on a scale of
0 to 5 given as options. We also design a custom prompt to
instruct the model about the task and the response format.
Infographics Infographics contain a mix of textual and vi-
sual elements arranged in complex layouts. We leverage
sampels from InfographicVQA to test a model’s ability to
recognize and jointly reason over multiple spans of infor-
mation present in infographics.
Tissue Diagnosis Automatic analysis of tissue samples
can accelerate clinical diagnosis and treatment. To do
this,we extract samples from LungHist700, a collection of
histopathological lung tissue images for the classification of
lung malignancies. We design a custom prompt to instruct
the model on the task, the options (seven classes), and the

response format.
Multi-Image We choose MuirBench for its diverse tasks
and multi-image relationships. To enable a single high-
resolution image input, we combine multiple images in each
sample into a grid on a canvas. In addition, we select only
samples with answers and remove any unanswerable ques-
tions.
Chart Comprehension Applying Large Multimodal Mod-
els (LMMs) to charts enables efficient information process-
ing and extraction of insights. Although we have collected
chart data from other datasets, we select NovaChart for its
comprehensiveness, featuring 18 different chart types and
15 chart-related tasks.
Visual Difference Describing differences between image
sets is crucial in many real-world applications (cite). We
repurpose VisDiffBench by selecting smaller subsets of 20
samples from the original image sets and creating a high-
resolution image as a 4x10 grid, with the first two rows oc-
cupied by images from set 1 and the last two rows by images
from set 2.
Medical Image A VQA dataset for radiology images of
various types (X-rays and CT scans) covering the chest and
abdominal regions with diverse question about size, modal-
ity, abnormality, etc.
Telescope Image The Galaxy dataset we use contains the
images captured by a bubble telescope. We annotate this
dataset from scratch with a question and four options.
CAD Contains floor-plan drawings of various architecture
projects including residential buildings, schools, hospitals,
and offices. It shows high variance in style and appearance
of objects or symbols.
PANDA This dataset features high-resolution images with
a wide Field-of-View (FoV) in outdoor scenarios, capturing
pedestrians with varying crowd densities, poses, trajecto-
ries, and occlusions.
V* A dataset for testing models on perceiving small details
in High-Resolution images of real-life scenarios. Sub-tasks
include attribute identification and spatial relationship rea-
soning of small very small objects.
MileBench We extract samples from MileBench, which
evaluates multi-modal long-context understanding involv-
ing multiple images. The model must retain and inte-
grate contextual information from extended inputs to an-
swer questions accurately. The subtasks feature images that
are temporally or semantically related.
OCR in the Wild Text recognition in real-world outdoor
scenarios, such as streets and shops, involving the percep-



tion of advertisements, signage, identity information, and
other textual elements. The samples are extracted from
MME-Realworld.
Remote Sensing Extracted from MME-Realworld, this
tests perception in high-resolution images with rich details,
encompassing object counting, color recognition, and spa-
tial relationship understanding.
Chart and Diagram Unlike other chart datasets, this
dataset presents highly complex chart data, such as finan-
cial reports, which feature extensive numerical information
and mathematical content. It evaluates both perception and
reasoning capabilities of models. The perception tasks in-
volve locating values in diagrams and tables, while the rea-
soning tasks include identifying maximum and minimum
values, performing calculations, and predicting trends. The
samples are extracted from MME-Realworld.
ArtBench Contains artwork from 10 different artistic
styles: Baroque, Surrealism, Post Impressionism, Realism,
Romanticism, Impressionism, Art Nouveau, Expression-
ism, Renaissance, and Ukiyo-e. The correct artistic style
along with few other distractor choices are given options.
Museum To assess models on art understanding, the MAMe
dataset comprises of various artworks and their correspond-
ing medium (the various materials and techniques used to
create the artwork). The dataset exhibits high intra-class
variance, requiring models to pay close attention to fine-
grained details.
Animals This dataset presents the task of counting various
types of waterfowl using high-resolution aerial images of
water bodies. This task is relevant for surveying waterfowl
and reduces the manual effort.
Product Anomaly Detection Evaluating LMMs on their
ability to identify defective (anomalous) products presents a
highly industry-relevant task. This dataset not only supports
anomaly detection but also includes additional subtasks for
anomaly analysis, such as defect type classification, defect
localization, and severity assessment.
Grass Automated inspection of vegetation, such as signal
grass (Urochloa), is crucial for farmers and promotes sus-
tainable agriculture. To assess models in this real-world ap-
plication, we adopt the task of phenological stage classifi-
cation and raceme counting in high-resolution RGB images
of Urochloa.
Diagnosis Datasets For WhiteBackground dataset, we first
pick 500 samples from VQAv2 dataset. Then, we com-
bine each sample with white background images of differ-
ent sizes. In this paper, we include 1x1 (no white back-
ground), 3x3, 5x5, 7x7, and 10x10 versions. NxN indicates
the needle image is combined with N ×N − 1 white back-
ground images of the same size to form the entire image. In
this case, the needle image has N × N positions for each
sample. We run experiments to observe the difference in
performance in each position and measure Regional Diver-

Figure 1. The performance of all models with an increase of patch
id. Unlike lost-in-the-middle, no significant pattern can be ob-
served.

gence. Similarly, in ComplexGrid, we use similar images
to fill the background rather than white background images.
To pick out the most similar images, we use BLIP [13] to
rank the similarity between the needle image and all images
in the validation set of VQAv2. And use the most similar
N ×N − 1 images as the haystack.

2. Ablation on Lost-in-the-Middle
To test whether the observed U-shape is a trivial extension
of existing work [15], we further evaluate the model with
flattened distance, the metric used in the original lost-in-
the-middle that measures the linear distance of the starting
token and needle tokens in the input. Since VLMs use a vi-
sion transformer [18] that inputs the image as linear patches,
similarly, we measure the distance by counting how many
patches the needle is from the first patch.

The results are shown in Figure 1. As shown, no signifi-
cant patter can be observed with the increasing of the patch
distance, showing that the proposed phenomenon is not the
same as the original lost-in-the-middle.

3. Comparison between GPT and Qwen
As shown in Table 2, we find that GPT 4o outperforms
Qwen2-VL 72B on HRVQA with 1k resolution, while
Qwen2-VL performs much better on Galaxy with images as
large as 20k resolution. Qwen can input images with native
resolution, while GPT has a size limit of 5 MB. This shows
that due to the native resolution support of Qwen, it obtains
SOTA, even general capability might not be the best.

4. Model Details
4.1. Implementation Details
We include a total of 28 VLMs in our experiment. The
details are in supplementary materials. This includes
one Phi-3.5 [1], two DeepSeek [4], seven InterVL2 [5–
7, 10], two Qwen2-VL [18], two MolMo [8], one



Table 1. Overview of 25 real-world datasets and their statistics. * indicates that the dataset is reannotated.

Dataset Name Explaination Capability # Samples Min Res High Res Avg. Res

Autonomous Driving Street View Small Object Understanding 300 5760x1200 5760x1200 5760x1200
DocStruct4M* Text document OCR 296 1024x1024 4000x28990 1733x2675
HR-Bench Daily photos Small Object Understanding 397 4032x1152 7680x7680 5740x4458
HRVQA* Aerial Image Spactial relation, Small Objects 273 1024x1024 1024x1024 1024x1024
HRIQ Long range picture Small Object Understanding 300 2880x2160 2880x2160 2880x2160
InfographicVQA* Graophic layout document OCR 300 1024x1024 6250x9375 1970x3881
LungHist700 Microscope Medical Image Domain Knowledge 308 1600x1200 1600x1200 1600x1200
MuirBench* Multi-imge combination Multi-image Reasoning 300 1064x1204 16062x7704 3072x2334
NovaChart* Chart Image Chart Understanding 297 2000x1600 3000x2147 2006x1600
Video Monitoring Street monitor Small Object Understanding 300 1280x1024 2048x2048 1989x1460
VisDiffBench* Multi-image combination Multi-image Reasoning 150 5220x1648 5220x2088 5220x2085
VQA-RAD Medical x-ray image Domain Knowledge 225 1024x1024 2321x1384 1041x1230
Galaxy* Telescope Image Counting 87 1435x732 29566x14321 4828x4078
OCR in the Wild Street brands Small Object OCR 300 1056x1056 7680x4320 2282x1867
Remote Sensing Shop signs Small Object Understanding 300 1272x1419 11500x7500 5788x4536
Diagram and Table Chart inside large image Small Chart Object Understanding 300 1201x1086 2481x3507 2337x1521
VStar Bench Daily photos Image Search 232 1080x1439 7500x5000 2357x1683
MAME Museum artiwork Domain Knowledge 300 1109x1043 15649x8900 3124x3200
Izembek Remote sensing of Zoo Counting 300 8688x5792 8688x5792 8688x5792
ArtBench Scanned Painting Domain Knowledge 306 1083x1024 9449x6496 1982x2017
Grass Argiculture Image Counting 300 4224x3168 4224x3168 4224x3168
MMAD Daily photo Reasoning 300 1024x1024 3024x3024 1918x1777
MileBench Video frame Image Reseasoning 300 1600x800 6400x6400 3096x2506
PANDA Public Monitor for Crowd Crowd Counting 300 24853x13983 35503x26627 27002x16152
CAD* Interior Design Spactial relation, Counting 297 2000x2000 2000x2000 2000x2000
Total N/A N/A 7068 1024x1024 35503x26627 5359x5395

Table 2. Fine-grained comparison between Qwen 72B and GPT
4o on two datasets.

HRVQA (1k) Galaxy (20k)

Qwen 72B 69.59 80.80
GPT 4o 73.82 68.68

LLaVA-Onevision [14],one LLaVA-HR [16], four Llava-
Next [20], two Llama-3.2 [9], and two GPT-4o [12], two
Gemini [17], and two Claude [3].

Specifically, Phi-3.5 [1] is a lightweight model de-
signed for efficient language understanding and generation.
We include Phi 3.5 vision instruct [1] for experiments.
DeepSeek Janus Pro 7B [4] is a model that integrates
multi-modal reasoning capabilities. DeepSeek-VL2 [19]
is a vision-language model, with deepseek vl2 27B in-
cluded in our evaluation. InterVL2 [5–7, 10] is a family
of multi-modal models ranging from small to large-scale
by OpenGVLab. We include InterVL2 1B, InterVL2 2B,
InterVL2 4B, InterVL2 8B, InterVL2 26B, InterVL2
40B, and InterVL2 Llama3 76B for experiments. Qwen2-
VL [18] is a vision-language model, and we consider both
Qwen2 VL 7B Instruct and Qwen2 VL 72B Instruct.
MolMo [8] is a series of models designed for molecular
and scientific applications. We include Molmo 72B 0924
and its distilled variant, Molmo 7B D 0924. LLaVA-

Onevision [14] is an open-source multimodal LLM, we se-
lected llava-onevision-qwen2-72b-ov-hf model for our ex-
periments. Llava-Next [20] is an evolution of LLaVA, and
we include llama3-llava-next-8b-hf, llava-v1.6-vicuna-
13b-hf, llava-v1.6-34b-hf, and llava-next-72b-hf in our
experiments. Llama3.2 builds on the Llama architec-
ture with enhanced scalability. We include Llama-3.2-
11B-Vision-Instruct and Llama-3.2-90B-Vision-Instruct
in our experiments. GPT [2]includes versions optimized
for both efficiency and performance, with GPT 4o and GPT
4o-mini selected. Gemini is a family of LLMs, and we eval-
uate Gemini 2.0 Flash and Gemini 1.5 Pro [17]. Claude is
a family of LLMs known for its strong reasoning and safety
features. We include two models in ascending order of ca-
pability: Claude-3-haiku and Claude-3.5-sonnet.

For the evaluation, for WhiteBackground, we follow the
accuracy in VQAv2[11]. For ComplexGrid dataset, we
prompt the model to generate the column and row of the
needle image and compare with the gold column and row
using an exact match. For real-world datasets, since they
are MCQ-based, we directly use exact math as metrics.

5. Performance Details on Real-world Datasets
Table 3 and Table 4 display the performance of all VLMs
on every real-world dataset. The scores are the average per-
formance of all samples in val, test, testmini splits.
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6. Prompts and Metrics
For ComplexGrid dataset, our prompt is “The image is
composed of multiple sub-images. The left upper corner
is row 1 column 1. We also add the row and column
numbers under each image. You need to identify the
sub-image that best suits the caption: {caption}, returning
the row and column id of the needle sub-image in this
format: <row>ROW</row><col>COL</col>, such
as <row>3</row><col>2</col>” . We ask the model
to answer with the HTML tag because we could use
Beautifulsoup to parse the tag to get a clean prediction to
avoid evaluation bias. For the real-world dataset, we also
adopt the same idea as tag parse. Our prompt is “question
n Give an answer with this format:
<ans>ANSWER</ans>, no redundant words. For
example: <ans>A</ans>”. We use exact math as our
metrics during the evaluation.

7. Examples
Table 5 to 27 show examples from HRScene real-world
datasets. We compress the images to display them in the
paper.

Table 5. Example from HRScene – ArtBench

The painting in the picture belongs to
which of the following categories?
(A) Surrealism
(B) Expressionism
(C) Realism
(D) Romanticism
(E) Art Nouveau
(F) Ukiyo E
(G) Post Impressionism
(H) Impressionism
(I) Baroque

The painting in the picture belongs to
which of the following categories?
(A) Ukiyo E
(B) Art Nouveau
(C) Post Impressionism
(D) Realism
(E) Impressionism
(F) Baroque
(G) Romanticism
(H) Expressionism
(I) Surrealism

Answer: H Answer: E

Table 6. Example from HRScene – Autonomous Driving

What is motion of the pedestrian wearing
blue top on the left?
(A) crossing the crosswalk
(B) standing
(C) jaywalking (illegally crossing not at
pedestrian crossing)
(D) walking on the sidewalk
(E) The image does not feature the object

What is motion of the purple sedan on the
right?
(A) parked
(B) moving
(C) stopped
(D) other
(E) The image does not feature the object

Answer: B Answer: E

Table 7. Example from HRScene – CAD

How many doors are there in the image?
(A) 1
(B) 0
(C) 2
(D) 3

What is the shape of the shadow at upper
left corner of the image?
(A) L-shape
(B) Oval
(C) Circle
(D) Squre

Answer: A Answer: A

Table 8. Example from HRScene – Diagram and Table

What’s the data of Shipping Costs of 2028
Year 5 in the table Profit per kg NH3
Analysis?
(A) -0.51
(B) -0.52
(C) -0.53
(D) -0.54
(E) This image doesn’t feature the data.

What is the revenue of Pigs Feed in year
5 in the Revenue Sources table?
(A) 4.548,625
(B) 4.223.063
(C) 3.710.817
(D) 4.058.442
(E) The image does not feature the num-
ber.

Answer: D Answer: D



Table 9. Example from HRScene – DocStruct4M

Read the following text: <doc>CALL
FOR NOMINATIONS
BILINGUAL INSTRUCTIONAL AS-
SISTANT OF THE YEAR AWARD
[omitted]
Which of the following options is correct?
(A) the nominee’s outstanding [omitted]
14 </doc>
(B) the nominee’s outstanding [omitted]
14 </doc>
(C) the nominee’s outstanding [omitted]
14 </doc>
(D) the nominee’s outstanding [omitted]
14 </doc>

Which of the following sentences is
present in the image?
Which of the following options is correct?
(A) <ocr>CONTACTS </ocr>
(B) <ocr>CONTACT </ocr>
(C) <ocr>CONTRACT </ocr>
(D) <ocr>CONVENANT </ocr>

Answer: D Answer: C

Table 10. Example from HRScene – Galaxy

What type of celestial object is shown in
the image? Please note that only clearly
visible or distinguishable celestial bodies
are counted.
(A) Elliptical
(B) star
(C) Spiral
(D) irregular

Does the galaxy have a distinct central
core? Please note that only clearly visi-
ble or distinguishable celestial bodies are
counted.
(A) No
(B) I don’t know
(C) Yes
(D) two

Answer: B Answer: C

Table 11. Example from HRScene – Grass

Based on the plant in the image, which
growth stage does it belong to, and how
many racemes does it have?
(A) Reproductive stage, more than 200
(B) Reproductive stage, 10-100 (include
100)
(C) Reproductive stage, 0-10 (include 10)
(D) Reproductive stage, 100-200 (include
200)
(E) Vegetative stage, no racemes

Based on the plant in the image, which
growth stage does it belong to, and how
many racemes does it have?
(A) Reproductive stage, 10-100 (include
100)
(B) Reproductive stage, more than 200
(C) Reproductive stage, 0-10 (include 10)
(D) Vegetative stage, no racemes
(E) Reproductive stage, 100-200 (include
200)

Answer: A Answer: B

Table 12. Example from HRScene – HR-Bench

What is the number displayed above the
entrance where the woman is standing?
(A) 27E
(B) 37B
(C) 27D
(D) 27B

What is the color of the mailbox?
(A) Green
(B) Black
(C) Red
(D) Blue

Answer: D Answer: D



Table 13. Example from HRScene – HRIQ

Assess the quality of a given image and
predict a score that reflects the mean sub-
jective human judgment of image qual-
ity. Some factors you may consider are
distortions, such as Noise, Out-of-focus
blur, Motion blur, Overexposure / Under-
exposure, Low contrast, Incorrect satura-
tion, Sensor noise, and any combination
of these distortions. Do not rely on meta-
data or external references - your judg-
ment should be based purely on visual
quality.
(A) 1 bad
(B) 2 poor
(C) 3 fair
(D) 4 good
(E) 5 excellent

Assess the quality of a given image and
predict a score that reflects the mean sub-
jective human judgment of image qual-
ity. Some factors you may consider are
distortions, such as Noise, Out-of-focus
blur, Motion blur, Overexposure / Under-
exposure, Low contrast, Incorrect satura-
tion, Sensor noise, and any combination
of these distortions. Do not rely on meta-
data or external references - your judg-
ment should be based purely on visual
quality.
(A) 1 bad
(B) 2 poor
(C) 3 fair
(D) 4 good
(E) 5 excellent

Answer: D Answer: D

Table 14. Example from HRScene – InfographicVQA

what percent of people live without dis-
ability around the world according to the
data given?
(A) ’80, ’80%’
(B) ’79.9’, ’79.9%’
(C) ’15’, ’15%’
(D) ’85’, ’85%’

Which of these animals are shown in the
image?
(A) ’cow, fish’
(B) ’cow, human’
(C) ’cat, cow’
(D) ’plane, apple’

Answer: D Answer: A

Table 15. Example from HRScene – Izembek

How many goose or other animals do you
see in the image?
(A) more than 400
(B) 100-200
(C) 200-300
(D) 300-400

How many goose or other animals do you
see in the image?
(A) more than 400
(B) 300-400
(C) 200-300
(D) 100-200

Answer: A Answer: C

Table 16. Example from HRScene – LungHist700

Given the following histopathological
image of lung tissue, classify the ma-
lignancy (if any) into one of the seven
categories:
(A) Normal tissue
(B) Adenocarcinoma (Well-
differentiated)
(C) Adenocarcinoma (Moderately differ-
entiated)
(D) Adenocarcinoma (Poorly differenti-
ated)
(E) Squamous cell carcinoma (Well-
differentiated)
(F) Squamous cell carcinoma (Moder-
ately differentiated)
(G) Squamous cell carcinoma (Poorly
differentiated)

Given the following histopathological
image of lung tissue, classify the ma-
lignancy (if any) into one of the seven
categories:
(A) Normal tissue
(B) Adenocarcinoma (Well-
differentiated)
(C) Adenocarcinoma (Moderately differ-
entiated)
(D) Adenocarcinoma (Poorly differenti-
ated)
(E) Squamous cell carcinoma (Well-
differentiated)
(F) Squamous cell carcinoma (Moder-
ately differentiated)
(G) Squamous cell carcinoma (Poorly
differentiated)

Answer: B Answer: B



Table 17. Example from HRScene – MAME

The artwork in the picture belongs to
which of the following medium cate-
gories?
(A) Hand-colored etching
(B) Lithograph
(C) Faience
(D) Silk and metal thread
(E) Graphite
(F) Etching
(G) Clay
(H) Ivory
(I) Woodcut
(J) Oil on canvas

The artwork in the picture belongs to
which of the following medium cate-
gories?
(A) Lithograph
(B) Oil on canvas
(C) Ivory
(D) Porcelain
(E) Silver
(F) Woodblock
(G) Steel
(H) Limestone
(I) Marble
(J) Iron

Answer: J Answer: B

Table 18. Example from HRScene – MMAD

There is a defect in the object. Where is
the defect?
(A) On the top of the can
(B) On the bottom of the can
(C) Around the center region of the can,
on the image of the potato chip
(D) On the side of the can

There is a defect in the object. What is the
appearance of the defect?
(A) The defective capsule has a distinct
non-conforming orange color.
(B) The defective capsule has a shiny,
translucent quality.
(C) The defective capsule has a mis-
shapen appearance.
(D) The defective capsule has visible bub-
bles.

Answer: C Answer: A

Table 19. Example from HRScene – MuirBench

What type of clothing was the man pri-
marily seen wearing? <image1 ><im-
age2 ><image3 ><image4 ><im-
age5 ><image6 ><image7 ><im-
age8>
(A) None of the choices provided
(B) Green and white jacket
(C) Robe and shawl
(D) Sweater

<image1>Which of the following im-
ages shares the same scene with the given
image but contains the object dining ta-
ble?
(A) <image2>
(B) <image3>
(C) <image4>
(D) None of the choices provided
(E) <image5>

Answer: C Answer: C

Table 20. Example from HRScene – NovaChart

Can you discern the type of chart used in
this visualization? From the provided al-
ternatives, please select the correct choice
for the question above:
(A) bivariate histogram
(B) single-class scatter plot
(C) radar chart
(D) pie chart
(E) univariate histogram

Can you provide the histogram value for
the bin corresponding to the range x=[-
4.0, -1.96) and y=[73.235, 82.2385)?
(A) 13
(B) 9
(C) 2
(D) 3
(E) 0

Answer: A Answer: E

Table 21. Example from HRScene – OCR in the Wild

What is the content on the plaque in the
center of the picture?
(A)安らぎの梃
(B)安らぎの廷
(C)安らぎの挺
(D)安らぎの庭
(E) This image doesn’t feature the con-
tent.

How long is this film in the picture?
(A) 5.1
(B) 2013
(C) 148 min.
(D) 143 min.
(E) The image does not feature the con-
tent.

Answer: D Answer: D



Table 22. Example from HRScene – PANDA

How many riding person(s) are in the im-
age?
(A) 35
(B) 27
(C) 23
(D) 44

How many riding person(s) are in the im-
age?
(A) 11
(B) 12
(C) 21
(D) 15

Answer: C Answer: B

Table 23. Example from HRScene – Remote Sensing

What color is the second ship from top to
bottom on the far right side of the picture?
(A) White
(B) Red
(C) Green
(D) Yellow
(E) This image doesn’t feature the color.

How many red cars are there in the park-
ing lot in the middle of the bottom of the
picture?
(A) 1
(B) 2
(C) 3
(D) 4
(E) This image doesn’t feature the count.

Answer: A Answer: D

Table 24. Example from HRScene – VQA-RAD

Is the trachea midline?
(A) Yes
(B) No
(C) Not specified

Is there evidence of an aortic aneurysm?
(A) Yes
(B) No
(C) Not specified

Answer: A Answer: B

Table 25. Example from HRScene – VStar Bench

What is the color of the car?
(A) The color of the car is silver.
(B) The color of the car is black.
(C) The color of the car is red.
(D) The color of the car is blue.

Is the flag blue and yellow or red and yel-
low?
(A) The color of the flag is red and yel-
low.
(B) The color of the flag is blue and yel-
low.

Answer: A Answer: B

Table 26. Example from HRScene – Video Monitoring

What is the number of people in the im-
age?(If a human maintains standing pose
or walking, please classify it as pedes-
trian, otherwise, it is classified as a peo-
ple.)
(A) 97
(B) 88
(C) 52
(D) 100
(E) The image does not feature the people

What is the number of tricycles in the im-
age?
(A) 51
(B) 97
(C) 55
(D) 74
(E) The image does not feature the tricy-
cles

Answer: E Answer: E

Table 27. Example from HRScene – VisDiffBench

What is the difference between the first
two rows of images and the last two rows?
(A) Animal species (Dogs vs Cats)
(B) Animal species (Cows vs Cats)
(C) Background Colors (Green vs Blue)
(D) Number of Objects (2 vs 3)

What is the difference between the first
two rows of images and the last two rows?
(A) Activity (Basketball vs Swimming)
(B) Number of animals (1 vs 2)
(C) Animal species (Cows vs Cats)
(D) Activity (Soccer vs Swimming)

Answer: A Answer: D
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