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Figure 3: Word cloud of key terms from the questions, illustrating the diversity of compositional content
evaluated in the benchmark.

A Appendix

A.1 Justification of the 13-Category Taxonomy

Operationalizing compositionality. In MMComposition, a sample is compositional if correctly answering
it requires jointly processing at least two distinct visual-semantic primitives from the set {object identity,
object attributes, spatial/semantic relations, quantity, cross-image correspondence}, where no single primitive
alone suffices for the answer. Table [8] maps each of our 13 categories to the specific primitives it requires.

Table 8: Required visual-semantic primitives per category.

Category ‘ Required Primitives

Attr-P / Attr-R object identity + attributes

Obj-P / Obj-R object identity + attributes + relations
Count-P / Count-R | object identity + quantity

Rel-P / Rel-R object identity + spatial/semantic relations
Obj-Interact object identity + relations + attributes
Diff-S cross-image corresp. + attributes/relations
Visual-Sim cross-image corresp. + object identity

TR object identity + textual attributes
Probing all primitives (multi-correct)

Design rationale. Our 13 evaluation categories were developed through systematic analysis of the composi-
tional challenges present in our seed datasets, guided by but extending beyond the coarse-grained dimensions
(object, attribute, relation) adopted by prior compositionality benchmarks. The design was informed by two
key observations from existing work:

First, SugarCrepe (Hsieh et al.| 2024) organizes compositionality evaluation by perturbation type (Replace,
Swap, Add) applied to three atomic concepts (object, attribute, relation), yielding 7 fine-grained hard
negative types—all evaluated via binary image-to-text retrieval. Second, CREPE (Ma et al., |2023)) evaluates
compositionality along two cognitive dimensions—systematicity and productivity—with complexity-graded
hard negatives (atomic, swap, negate), again restricted to retrieval tasks. While both benchmarks provide
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valuable insights into basic compositional discrimination, they share three fundamental limitations: (1) they
only test whether models can distinguish correct from incorrect captions for a single image, without requiring
multi-step reasoning; (2) they do not evaluate counting, cross-image comparison, or object interaction; and
(3) they use binary selection rather than multi-correct formats that probe the robustness of compositional
judgment.

To address these gaps, we designed MMComposition’s taxonomy around three principles:

Perception—Reasoning separation. For each core semantic dimension (object, attribute, relation, count-
ing), we distinguish perception tasks (recognizable “within a blink”) from reasoning tasks (requiring multi-step
inference). This separation reveals that a model may perceive individual compositional facts correctly yet fail
when sequential reasoning is needed—a distinction invisible to existing benchmarks.

Counting as a distinct compositional skill. Counting requires aggregating and individuating objects
across a scene, often in the presence of occlusion, similar distractors, and irregular arrangements. No prior
compositionality benchmark isolates this skill, yet it represents a major failure mode for current VLMs (see
Table [2f GPT-5 achieves only 75.86% on Count-P vs. human 93.06%).

Five novel categories. We introduce Object Interaction (functional multi-object relations), Difference
Spotting (cross-image compositional comparison), Visual Similarity (multi-image similarity judgment), Text
Rendering (reading text within visual contexts), and Compositional Probing (multi-correct selection). These
categories test compositional capabilities that are qualitatively different from the basic discrimination tasks
in existing benchmarks.  Evaluation coverage comparison. Table [0 compares MMComposition’s

Table 9: Evaluation coverage comparison across VL compositionality benchmarks. v'= directly evaluated as
a dedicated category; A = partially overlapping (the dataset touches this dimension but not as a targeted
evaluation); X = not covered.

Dataset ‘ Task Format Perception Reasoning Probing
’ ; Obj-P  Attr-P Count-P Rel-P  Diff-S TR Vis-Sim | Attr-R Obj-R  Count-R  Rel-R  Obj-Int Prob
ARO Binary 12T Retr. A A X A X X X X X X X X X
SugarCrepe Binary I2T Retr. A A X A X X X X X X X X X
CREPE 12T Retrieval A A X A X X X X X X X X X
VL-Checklist Binary I2T Retr. AN AN X A X X X X X X X X X
Cola T21I Retrieval A A X X X X X X X X X X X
Winoground 12T + T2I Match AN A X A X X X X A X A X X
FineMatch Mismatch Detec. A A X A X X X X X X X X X
GQA Compositional QA A A A A X X X A A A A X X
MMComposition ‘ Comp. QA v v v v v v v v v v v v ‘ v

evaluation coverage with existing VL compositionality benchmarks. We use three levels of coverage: v/
(directly and comprehensively evaluated), A (partially overlapping—the dataset touches this dimension
but not as a targeted evaluation), and X (not covered). The comparison reveals that prior benchmarks
predominantly evaluate along the object/attribute/relation perception axis, while MM Composition is the first
compositionality benchmark to systematically cover counting, cross-image comparison, object interaction,
and multi-correct probing.

A.2 Definition of 13 distinct categories in MMComposition

e Attribute Perception: The specific attributes or properties of the object perception task that can
be solved by humans “within a blink”.

e Object Perception: Identification or recognition of objects in the image.
e Counting Perception: Counting the number of objects or elements in the image.
o Relation Perception: Understanding the relationships between objects in the image.

o Difference Spotting: Identifying differences or changes between objects or scenes in two similar
images.

e Text Rendering: Reading or interpreting text present in the image.
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e Visual Similarity: Comparing similarities between objects or elements across multiple images.

e Attribute Reasoning: Identifying and reasoning about specific attributes or properties of objects
in the image.

¢ Object Reasoning: Identifying and reasoning about objects in the image.

e« Counting Reasoning: Identifying and reasoning about the number of objects or elements in the
image.

« Relation Reasoning: Identifying and reasoning about the spatial arrangement or positioning of
objects in the image.

e Object Interaction: Understanding interactions among multiple objects in the image.

e VL Composition Probing: Examining the composition or combination of visual and textual
elements in images, where models are required to accurately find all the complex compositional
descriptions about the image.

A.3 Quantitive Results of MMComposition

In this section, we show statistical results for MMCOMPOSITION in Figure [5] through Figure

A.4 Comparison Analysis of Image Encoding in GPT-40, Qwen2-VL, and InternVL-2

In GPT-40, when the image detail parameters are set to “high”, images are first scaled to fit within a
2048 x 2048 square while maintaining their aspect ratio. Then, the images are further scaled so that the
shortest side is 768px long. Finally, GPT-40 calculates how many 512px squares the image contains, with
each square costing 170 tokens. An additional 85 tokens for low resolution are always added to the final total.
As a result, GPT-40 does not achieve true “any resolution” image processing.

In Qwen2-VL and InternVL-2, the image encoders adopt a dynamic “any resolution” encoding strategy. The
images are first mapped to an optimal aspect ratio from predefined ratios, then divided into 448 x 448 or 28 x 28
pixel tiles, with each tile converted into 256 or 1 image tokens. A thumbnail is then generated to capture the
global context. This allows the encoders to handle images of any resolution and aspect ratio. Furthermore,
the image encoder in Qwen2-VL is a 675M ViT with a two-dimensional positional encoding mechanism, while
InternVL-2 utilizes the more powerful InternViT with 6B parameters. This distinction contributes to the
superior performance of the compositionality of Qwen2-VL and InternVL-2 in our benchmark. In Table
we provide a comparison of the properties of visual encoders for the aforementioned models.

Table 10: Visual encoder comparison of GPT-40, InternVL2 and Qwen2-VL.

Method ‘ Visual Encoder Image Tile Size Maximum Number of Tiles Maximum Aspect Ratio # of Tokens for One Tile
GPT-4o0 - 512 x 512 8 any 170
InternVL2 InternViT-6B 448 x 448 12 1:6 256
Qwen2-VL ViT-675M 28 x 28 dynamic any 1

A.5 Characteristics of Questions Where Models Underperform

We define the comprehensive performance value (CPV) for each question as the average score across 54
representative VLMs. By comparing each question’s CPV with the score of a random choice within its class,
we find that 1,159 questions have a CPV lower than that of random chance. We show statistical results
questions with low CPV in Figure [9] through Figure
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Vil.A

VILA-40B

G W

GPT-40 Gemini-1.5-Pro Qwen-VL-Max

a

Human

0 Relation Perception

Is the person behind the couch?

A:yes 8 B: no

B. The person is sitting on the couch, not behind it, with their
hands over the eyes of a large teddy bear they are holding.

)

B. The person is sitting on a couch and holding a big teddy
bear. There is no one behind the couch.

>4

@ { B. The person is sitting on the couch, not behind it. ‘

Vil.A

B. The person is sitting on the couch.

@ Object Perception

Is there a person depicted in the yellow colored
outline on the upper middlegnion of the wall?

A: Yes, it is a small short person.
B: No, it is just a random shape.
C: Yes, but it is not a person.

D: No, it is an animal.

B. The yellow-colored outline on the upper middle portion of the
wall does not depict a person. Instead, it is just a random shape
that does not clearly represent any specific figure or object.

®

B. The yellow outline appears to just be random graffiti and
not a depiction of a person.

%

A. The yellow colored outline on the upper middle portion of
the wall is a small short person.

4

B. The yellow colored outline on the upper middle portion of the
wall does not depict a person. It appears to be a random shape
without any identifiable human features.

Vil.A

o VL Composition Probing
Select the true statement(s) about the image.

A: The lamp is on the left of the image. 8

B: The garbage can is made of metal. 8
! C: The mirror is square. 8

| D: The piece of furniture is a cabinet.

A. The lamp is positioned on the left side of the image, which
makes option "A" correct.

)

A, D. The lamp reflected in the mirror is on the left side of the
image. The piece of furniture with the sink is a bathroom cabinet. ‘Y

%

A, B, D. The lamp is indeed on the left side of the image, as it is
visible in the reflection of the mirror. The garbage can is also
made of metal, which is correct. However, the mirror is not
square; it has a rectangular shape. The piece of furniture is not
a cabinet; it is a small table. Therefore, the correct statements
are (A), (B) and (D).

Vil.A

B. The garbage can is made of metal.

°Difference Spotting

Comucoey s

Select the sub-figures that appear in the
same figure as Image 1?

A: Image 3 B: Image 2

C: Image 4 D: None of the choices provided 8

B. Image 2 contains sub-figures (a) and (b), which show the
relationship between the transmittance, exposure time, and
coating layer thickness. Similarly, Image 1 displays the
conductivity vs PEDOT:PSS content graph and the explanation
of the layers like "Overcoating Layer" and "Conductive Film"
similar to those present in the sub-figures (a) and (b) of Image
2. Thus, I selected option "B".

)

B. Image 1 and Image 2 appear in the same figure, sharing the
same caption and letter labels (a) and (b).

%

B. Image 1 and Image 2 are both part of the same figure, as
indicated by the shared labels and the fact that they are
presented together in the same context. Image 1 shows the
conductivity of a conductive film with varying PEDOT:PSS content,
while Image 2 shows the normalized sheet resistance and
transmittance over exposure time for different overcoating layer
thicknesses. The other images (Image 3 and Image 4) are not part
of the same figure as Image 1.

Vil.A

B. Image 2 appears in the same figure as Image 1.

°Attribute Reasoning

What is the color of the sphere that is the
same material as the big blue thing?
A:red
C: blue

B: yellow
D: green

C. The big blue thing in the image is a blue cube. The sphere with
the same material is also blue. Hence, the correct answer is "C".

)

C. The question asks for the color of the sphere that shares

the same material as the "big blue thing." Assuming the "big

blue thing" refers to the large blue sphere, the answer must

also be blue as objects made from the same material will have ‘Y
the same color.

%

B. The big blue sphere is made of rubber, and the
yellow sphere is also made of rubber, making them
the same material.

B. The sphere that is the same material as the big
blue thing is yellow.

Vil.A

3 °Counting Reasoning

How many distinct triangles, each oriented
differently and separated but converging at
the central circle, make up the rim?

A: three
C: five 8

D. Upon closely inspecting the wheel rim in the image, there are
exactly six distinct triangles, each oriented differently and
separated but converging at the central circle of the rim. This
observation leads fo the correct answer, which is option D.

B: four

D: six

D. The rim of the wheel is designed with six distinct triangles
that converge at the center circle.

%

D. The rim is made up of six distinct triangles, each oriented
differently and separated but converging at the central
circle.

\
'Y

D. The rim consists of six distinct triangles, each oriented
differently and separated but converging at the central
circle.

Vil.A

Figure 4: Interpretable analysis of different VLMs. Green letters indicate correct answers, while red letters
represent wrong (predicted) answers.
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Figure 5: Distribution of difficulty levels across the  Figure 6: Distribution of option counts per question,
question set, illustrating the challenging nature of = showing the variety in answer choices provided to
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Figure 8: Distribution of multi-hop and non-multi-
hop questions across categories.

Figure 7: Resolution distribution of images in our
benchmark, reflecting the portion of high-quality
images in MM COMPOSITION.
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Figure 9: Distribution of difficulty levels of questions
with low CPV, illustrating the authenticity of the
difficulty distribution in MMCOMPOSITION.

Figure 10: Distribution of option counts for questions
with low CPV.
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Table 11: Comparison with related VL benchmarks: “Multi-Hop” refers to whether the dataset contains
questions that need multi-hop reasoning, “Comprehensive” in the Capabilities column indicates the benchmark
evaluates multiple capabilities for VLMs (e.g., recognition, OCR, knowledge, math, and spatial reasoning).

Dataset ‘ Size Human Annotation Multi-Hop Capabilities Best Performance (Model/Human)
MMBench |[Liu et al.|(2023b) | 3,217 X X Comprehensive 86.1 / -
MME [Fu et al.|[(2023) 2,800 4 X Comprehensive 1790.04/-
MMStar |Chen et al. (2024a) | 1,500 v X Comprehensive 66.0/-
SeedBench |Liu et al.|(2023b) | 19k 4 X Comprehensive 724 /-
MMMU [Yue et al. (2023) 11.5k v X College-Level Subject Knowledge 69.1 / 88.6
HalBench |Guan et al.[(2024) | 1,129 v X Hallucination 67.58 / -
MMComposition (ours) 4,122 v v Compositionality 68.16 / 90.31
Resolution Distribution
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c
-~ 600 8
S S
21500 s
£
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0 L] Figure 12: Word cloud of key terms from the questions
0 1000 2000 3000 4000 : 3 - : < : :
Width with low CPV, illustrating the keywords appearing in

the questions that VLMs are hard to answer currently.

Figure 11: Resolution distribution of images with low
CPV.

A.6 Analysis of GPT-40’s Underperformance in Specific Tasks

Since GPT-40 performs relatively weaker on Obj-P, Count-P, Attr-R, Count-R, and Rel-R tasks compared to
smaller models that outperform it, we aim to provide an intuitive analysis of the reasons behind its poor
performance on these tasks. Figure [13| presents interpretable examples for the aforementioned categories.

A.7 More Interpretable Examples

To provide a clearer and more comprehensive interpretation of the models’ capabilities, we present additional
interpretable examples in Figure [L5[ and Figure

A.8 Additional Experiments

To further verify the challenging nature of MMCOMPOSITION and demonstrate the indispensable role of
images, we conducted additional experiments under image-blind settings. The results are presented in Table
We also conducted experiments to compare different visual-to-language (V2L) adapters and their impact on
model performance, as summarized in Table [13. Additionally, we examined the models’ abilities to handle
multi-hop reasoning questions and the performance when multiple images are used. These experiments aim to
provide a comprehensive understanding of the factors influencing model performance on MM COMPOSITION.

Image-blind Setting. As shown in Table all models experienced significant performance drops across
all evaluation dimensions when visual inputs were removed. For instance, the overall score of Qwen2-VIL-72B
decreased by 22.74, underscoring the indispensable role of images in these tasks. This substantial decline
confirms that MMCOMPOSITION effectively evaluates the integration of visual and linguistic understanding,
as models struggle without visual context. The overall scores of GPT-3.5 and LLaMA-3.1-70B are only
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Object Perception

Which caption accurately describes the image?
A: A big plate with some potatoes, broccoli, and meat on it.
B: A white plate with some broccoli, carrots, and meat.

C: A big plate with some potatoes and meat on it.

D: A plate containing potatoes, broccoli, carrots and chicken. ‘Y @ V i I_A

and chicken, which matches the description in option D. The
W other options either miss some items or inaccurately describe

E J D. The image shows a plate containing potatoes, broccoli, carrots,
the contents on the plate.

Object Perception
Which caption accurately describes the image?

A: A tree underneath a green park bench in a park.
B: A sidewalk next to the outdoor sitting area of a restaurant.8
C: A self service parking lot with an intersection behind it and a building in front of it.

D: An outdoor sitting area next to the sidewalk of a restaurant. ‘v \’ | I_A

D. The image shows an outdoor sitting area next to a sidewalk with
tables, chairs, and umbrellas, typical of a restaurant setting. People
are seated and there is a sidewalk running alongside the sitting area,
fitting the description in option D. This is in contrast to the other
options which describe different settings not evident in the image.

Counting Perception

How many different colored pillows |
are stacked on top of each other in

one of the images?

A: One. B: Three W @ image 1 image2
C: Five Vil_A D: Two E: Four 8

colors stacked on top of each other, including purple, yellow,
green, blue-green, and orange.

@ C.InImage 2, there are a total of five pillows of different

Counting Perception

How many large light fixtures are
there above the area in the formal
dining room?

A: One. B: Four w image 1 image 2

c:Three \[{ILA @ D: Two 8 E: Zero

C. In the formal dining room (Image 1), there are three large light
fixtures hanging above the area. These fixtures can be seen evenly
spaced out on the ceiling. This matches option C, which is "Three."

Attribute Perception

Which caption accurately describes the image? e

A: Ablack toilet with a white seat on top of a tiled floor. ‘Y @ u
B: A black toilet with a white seat sitting in a small stall.
C: Toilet with black splatter paint on a white seat in a restroom stall. V] |_A

D: Toilet with white splatter paint on a black seat in a restroom stall.

B. The image shows a toilet with a white seat and lid that appears
to be glittery or metallic. The toilet is situated in a confined
space that resembles a restroom stall. The flooring appears to be
tiled with a reddish or maroon color. The most accurate
description based on these observations is option B: "A black
toilet with a white seat sitting in a small stall.

Attribute Perception
Which caption accurately describes the image?

A: Atall building with four double decker buses driving along a parking lot. 8

B: Four tall buses driving along a parking lot next to a double decker building. |/ i |.A

C: Old buses sit at the curb in front of a double-decker building. ‘V

D: Atall bus parked in a lot beside a colorful building with many windows.

C. The image depicts old buses
parked at the curb in front of a
double-decker building. The
description accurately matches
the scene in the image.

Counting Reasoning

In an outdoor medium view of the light blue
sky, how many cirrus clouds are visible?

A: Three. B: Four 47 @\’ll-:ﬁ
c:Five R D: Six

A. In the image, there are exactly three cirrus clouds visible
against the light blue sky.

Counting Reasoning

How many objects are tiny matte objects in
front of the yellow metallic cylinder or tiny
things left of the gray thing?

At B2 § Vil.A
C:3 8 D: 4 @

B. There are two objects that fit the criteria. The tiny matte
red sphere is in front of the yellow metallic cylinder, and the tiny
matte green cylinder is to the left of the gray metallic sphere.

Relation Reasoning

Which image, the left or the
right, shows a pink scoop

of ice cream on the bottom
and a blue scoop on top? 2

A Lett <y @\lil_,’-\_ B:Right, 2 Left Right

scoop of ice cream on the bottom and a blue scoop on top,
whereas the image on the right shows a blue scoop on top and a
white/pinkish scoop on the bottom.

@ A. The image on the left shows an ice cream cone with a pink

Relation Reasoning

The pizza is the person. (Choose the most
appropriate option)

A: attached to 8

C: along

B: surroundin

D:on W \’iI_A

D. The pizza is positioned on the table in front of the person,
making "on" the most appropriate choice.

Figure 13: GPT-40 Weak Category Analysis. The logos of the models or human displayed to the right of the
option(s) indicate that the model or human has selected the option(s) as the correct answer(s).
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4 Count of images with the shortest side less than 768px
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Accuracy gap of Qwen2-VL between images with shortest side larger than 768px and less than 768px 0
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Figure 14: Performance gap between images whose shortest side > 768px and those < 768px, defined as
gap = Accs7esps — Acc<rpspz. The histogram shows the distribution of performance gaps across 13 tasks.
The average performance gap for GPT-40 is 14.26, while for Qwen2-VL, it is 9.05. The smaller gap for
Qwen2-VL indicates its greater effectiveness in processing high-resolution images. Additionally, Qwen2-VL’s

performance gaps are more consistently positive across different tasks, further highlighting its robustness in
handling high-resolution images.

Counting Perception Select the false statement(s) about

VL Composition Probing
: ; the image.

How many people are
wearing caps?

A:5 8 B:3
C:4

D:6

A: The man is walking on the sidewalk. 8
B: Itis lawn.

C: The man is wearing sneakers. 8

@ A. The man is not walking on the sidewalk. Instead, he is walking
on a grass surface, indicating that option (A) is false.
person is wearing a black cap, the second person is wearing a

white straw hat, and the third person is wearing a green cap, A, B, C. The small sign appears fo be made of a material g
! : : similar to brick or clay, which are typically brown in color. ‘ <

D: The man is caucasian.
@ B. There are three people in the image wearing caps. The first

Y

X A, B, C. (A) The man is not walking on the sidewalk; he is on a
B. There are three people wearing caps: the man on the left, < ; grassy lawn. The statement is false because there is no sidewalk
the person in the middle back, and the boy on the right. Y present in the image. (B) The image does not show a lawn; it
H shows a grassy field. The statement is false because the term
"lawn" typically refers to a well-maintained area of grass, of ten
. Inth mge thore v tre el e cops One persn | sl
'fthfF g ISt s, il (5 iy @ wifie e, @l fie : sandals. The statement is false because sneakers are a fype of
s b i : A h .
ird is wearing a green cap | closed-toe footwear, which is not what the man is wearing.

B, et choms 8 pepbuEsim ers V i I-A fHJ;:agr\san is not walking on the sidewalk. He is walking on V i LA

Figure 15: More interpretable analysis of different VLLMs. Green indicates correct answers, while red represents
the predicted wrong answers.
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Object Interaction Which caption accurately describes the image? 8 @

— /E A: A person on a skateboard in front of a building on a street. Human

&

- GPT-40 Gemini-1.5-Pro
> B: A person on a skateboard on a street. &
C: Ayoung man doing a jump with his scooter and skateboard in a skate park. @ Vi I-A
Qwen-VL-Max  VILA-40B

D: A person on a bike and a skateboard are riding on the street.

C. The image shows a young person doing a jump using a skateboard in an environment that appears to be a skate park, which is consistent with
option (C). The other options either mention scenarios not depicted (like a building on a street, or a bike) or incorrectly describe the activity
(person on a skateboard on a street).

C. The image shows a young person performing a jump on a skateboard at what appears to be a skate park. Options A and B are
not specific enough and D is incorrect as there is no bike in the image.

C. The image shows a person performing a jump with a skateboard in a skate park. The other options are incorrect because they
mention a building, a street, a scooter, or a bike, none of which are present in the image.

C. The image shows a young man doing a jump with his scooter and skateboard in a skate park. The person is not on a bike, and the skateboard is
not on a street. The person is not on a skateboard in front of a building on a street. The person is not on a bike and a skateboard riding on the
street.

Vil.A

Attribute Reasoning

What is the color of the sphere that is the
same material as the big blue thing?

I Attribute Perception

Based on the overhead view, what is the color
of the small sign?

A.Red B. Maroon A: None of the choices provided
% C:Brown D: Purple B: Image 3
C: Image 4
A. The overhead view clearly shows that the sign is a vibrant red D: Image 2

color, matching the color specified in option (A). The sign has a
consistent red hue, rather than any shades of maroon, brown, or

D. Image 2 shows the same building structure and surrounding
features as Image 1, confirming it as a building from the same
university.

C. The small sign appears to be made of a material similar to
e s A. None of the images provided show the same building K

purple, confirming that the correct answer is "Red."

4

as in Image 1.

'Y

brick or clay, which are typically brown in color.
C. The small sign in the image is a brownish-red color, which is
best described by option (C) Brown. The other options do not

‘ accurately represent the color of the sign.

A, B. The small sign is red and maroon in color.

Vil.A

Relation Reasoning

The dining table is the airplane.

A. Image 1 depicts a modern building with a blue and white
color scheme, surrounded by a parking lot and a roundabout.
None of the other images (Images 2, 3, and 4) show a building
that matches the description of the university building in
Image 1. Therefore, the correct answer is A, as none of the
choices provided show a building from the university depicted
in Image 1.

Vil.A

A. The university is not visible in any of the images.

(Choose the most appropriate option)

A: three B: four

D: below 8

C. above

A. The image shows a dining room with a table, chairs, shelves,
and a cabinet. There is no visible airplane in the image. Given
this information, and the possible inclusion of objects "not in
the scene" as per usual interpretations, it is most reasonable to
conclude that the dining table is "away from" the airplane
(which is not in the scene). Thus, Option (A) "away from" is the
most appropriate.

\
b

Y

A. The dining table is situated at a distance from the airplane
(which is a miniature model placed on the shelf). Therefore,
"away from" is the most suitable option.

%

A. The dining table is away from the airplane.

A. The dining table is positioned away from the airplane, as the
airplane is located on a shelf above the table, not directly above
or beneath it.

Vil.A

Figure 16: More interpretable analysis of different VLMs.

the predicted wrong answers.
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Counting Perception
How many dogs are there?

A: Zero B: None of the choices provided 8

C:Three  D:Four E:One

Image 2

E. There is only one dog shown in the two images provided.
Both images depict the same dog with similar markings and
physical characteristics. Therefore, the correct answer is
that there is one dog.

®

E. There is only one dog present in the image. It is the same
dog in both Image 1 and Image 2, just in different locations.

%

E. There is one dog in the image.

'Y

E. There is one dog in each image, making a total of two
dogs. However, the question asks for the number of dogs
in the images, and since there is one dog in each image,
the correct answer is "E" (One).

Vil.A

Green indicates correct answers, while red represents
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slightly higher than that of a random choice, indicating that our questions cannot be answered using common
sense.

V2L Adapters Comparison. We also compare different V2L adapters. As shown in Table models that
utilize an MLP adapter (e.g., LLaVA1.5-13B) generally outperform those with a Q-Former adapter in overall
performance. Specifically, LLaVA1.5-13B achieves an overall score of 41.02, surpassing InstructBLIP-13B’s
score of 36.76. This suggests that the choice of adapter architecture significantly influences a model’s ability
to effectively integrate visual features.

Multi-hop/Non-multi-hop Question Setting. We analyze the performance on multi-hop versus non-
multi-hop question settings in Table [14| and observe that some models perform better on multi-hop questions,
indicating strength in complex reasoning tasks. For example, InternVL2-40B achieved an overall score of
62.95 on multi-hop questions, compared to 73.35 on non multi-hop ones. This demonstrates the model’s
enhanced capability to handle questions requiring multiple reasoning steps.

Multi-image Setting. As shown in Table[I5] models respond differently to multiple images. Qwen2-VL-72B
improves its overall score by 4.57, indicating effective use of additional visual evidence, whereas InternVL2-40B
drops by 1.63, suggesting challenges in integrating information across images. These additional experiments
underscore the difficulty of MMCOMPOSITION and highlight the role of visual evidence, adapter design, and
the challenges of multi-hop reasoning in multimodal models. They also offer guidance for future work on
improving vision-language model capabilities.

Table 12: Results for Image-Blind Setting using VLMs and LLMs.

Model ‘ Perception Reasoning Probing ‘ Overall
Qwen2-VL-72B ‘ 59.67 76.77 69.57 66.86
QW6n2—VL—72B-blind 44.72,]4_95 47.41,2936 30.76,38_8] 44‘12,22_74
InternVL2-26B ‘ 59.51 69.48 52.43 62.27
IIlteI‘IlVL2—26B—bliIld 33.97,25_5./1 42.30,27,13 32-17—20.26 36.74,25,53
InternVL2-40B ‘ 64.55 74.66 59.59 67.60
InternVL2-40B-blind 37.46,27.(]9 43.66,31,(][) 34.28725,31 3932728.28
InternVL2-76B ‘ 62.56 75.34 58.46 66.65
InteI‘HVLQ—?GB—bHHd 33.24,29_32 43.26,32_08 32.68,25_78 36474,29_91
GPT-3.5 26.87 41.08 32.93 32.61
LLaMA-3.1-70B 36.11 35.35 26.58 34.78

Table 13: Comparison of Different Adapters for Model’s Performance.

Model ‘ Visual Encoder LLM V2L Adapter ‘ Perception Reasoning Probing ‘ Overall
mPLUG-Owl2 [Ye et al.|(2024) ViT-L/14 LLaMA2-7B Q-Former 36.26 45.16 30.36 38.77
InstructBLIP-7B |Dai et al.|(2023) ViT-G/14 Vicuna-7B Q-Former 33.23 43.05 31.41 36.53
LLaVA1.5-7B [Liu et al. (2024b) ViT-L/14 Vicuna-7B MLP 35.76 44.28 30.32 38.19
InstructBLIP-13B [Dai et al.|(2023) ViT-G/14 Vicuna-13B Q-Former 35.51 42.23 25.24 36.76
LLaVA1.5-13B |Liu et al. (2024b) ViT-L/14 Vicuna-13B MLP 36.79 47.89 39.32 41.02
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Table 14: Comparison of models’ performance on multi-hop and non multi-hop questions.

Model Perception Reasoning Probing | Overall
InternVIL2-40B-non-multi-hop 72.56 75.35 - 73.35
InternVL2-40B-multi-hop 52.35 74.31 59.59 62.95
Qwen2-VL-72B-non-multi-hop 59.49 76.97 - 64.43
Qwen2-VL-72B-multi-hop 58.81 76.46 69.57 68.31
VILA-40B-non-multi-hop 65.54 69.29 - 66.60
VILA-40B-multi-hop 44.40 68.14 62.16 57.82
GPT-40-non-multi-hop 62.30 63.03 - 62.51
GPT-4o-multi-hop 48.95 63.00 54.65 55.94
LLaVA-1.6-34B-non-multi-hop 65.27 68.69 - 66.24
LLaVA-1.6-34B-multi-hop 44.06 51.90 58.17 50.12
Gemini-1.5-Pro-non-multi-hop 54.71 53.54 - 54.38
Gemini-1.5-Pro-multi-hop 42.48 58.99 49.60 50.78

Table 15: Results for Multi-image Setting.

Model ‘ Perception Reasoning Probing ‘ Overall
Qwen2-VL-72B 55.36 74.68 89.86 70.09
Qwen2-VL-72B-multi | 63.01.7 45 78.5543.87 89.19_g.¢7 | 74.66 457

InternVL2-40B 42.35 71.45 88.51 63.79
InternVL2-40B-multi 39.29_3 06 70.81_¢ 64 86.49_5 02 | 62.16_1 43
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(Object Perception) Which of the following
statements is true?

(Relation Reasoning) What size is the shiny (Attribute Perception) What is the color of A. The first sign has a white arrow pointing up
thing that is behind the tiny gray thing and the line that horizontally intersects the diagonal and the sign next to it has a white arrow
in front of the small red cylinder? centered 'X' in the image? pointing down.

A.large A. Black B. White C.Red B. The first sign has a white arrow pointing down
B. small D. Blue and the sign next to it has a white arrow pointing
Answer: B Answer: B up diagonal.

___________________________ | C. Both signs have white arrows pointing down.
D. Both signs have white arrows pointing up
diagonal.

Answer: B

Right

(Object Interaction) Which image (left or
right) shows a plant that was harmed by
another organism, resulting in the plant
being broken into pieces?

(Attribute Reasoning) Which image, left or
right, shows the person with hair to their
shoulders who has blue eyes, while the other
person has brown eyes?

A. Left A. Left
B. Right B. Right
Answer: A Answer: A

A
(Relation Perception) Is the gray street light
directly behind the arm or the utility pole in the
bottom right corner of the image?

A. The street light is behind the arm.

B. The street light is behind the utility pole.

C. The utility pole is in front of the arm.

D. The utility pole is in front of the street light.
Answer: A

image 1 image 2

(VL Composition Probing) Which image, the
left or the right, depicts a young person playing
baseball with a blue bat and a green ball?

A. Left

image s imege s

(Difference Spotting) Three of the following
four slides are from the same presentation,
but one is from a different one. Please B. Right

identify the outlier. Answer: B

A. Image 4 \ T T T T T T T T T Tt
B. Image 3

C. None of the choices provided
D. Image 2

Answer

(Object Reasoning) One image shows a
ferret standing on all fours on dirt, with its
body in profile and its head turned.

A. True

B. False

Answer: B

(Counting Reasoning) There is a matte cylinder
to the left of the tiny purple shiny object; how
many red metal things are behind it?

A2 B.3 C.1 D.4

Answer: C

Image 1 Image 2

(Counting Perception) How many different
colored pillows are stacked on top of each
other in one of the images?
A. One |
B. Three :
C. Five |
D. Two |
\
}
\
\

E. None of the choices provided
Answer: E

(Text Rendering) Is there a red and black sticker
covering any part of the text on the severely

(Visual Similarity) Is it possible for you to unearth

images ining the i g as weathered white sign that reads "SKATEBOARDS
portrayed in Image 1? OR BICYCLES ALLOWED ON SIDEWALK"?
A.Image 2 A. Yes, covering the word "ALLOWED"

B. Image 4 B. No, there is no sticker

C.Image 3 C. Yes, covering the word "SKATEBOARDS"

D. None of the choices provided D. Yes, covering the word "NO"

Answer: D Answer: C

Image 3 Image 4

Figure 17: Examples of multi-hop questions: The ratio of multi-hop to non-multi-hop questions in our dataset
is 2,371 to 1,751.
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Table 16: The comprehensive performance of 93 VLMs on Acc, including open source models and
API-based models . The best and second best results are in bold and underlined, respectively.

Perception? R ing? Probing?t
Method Attr-P Obj-P Count-P Rel-P Diff-S TR Visual-Sim |Attr-R Obj-R Count-R Rel-R Obj-Interact| Prob |Overall
Human | 97.904 9804 9306 9200 79.02 8571 8654 | 91.20 7883 100.00 7735 88.00 | 9184 | 90.31
Qwen2.5-VL-72B-Instruct (team, [2024) 74.05 77.39 5556 6801 3900 5000 6351 | 89.19 86.24 87.61 73.90 74.39 1292 | 68.16
InternVL2-40B (Chen et al.{2024b) 7222 7599 4521 7253 3112 7321 48.65 8378 8257 8451  69.75 65.85 59.59 67.60
Qwen2-VL-72B-Instruct (team. [2024) 59.57 63.87 5249 6252 45.23 82.14 G757 | S7.84 8440 8451 7149 70.12 69.57 | 66.86
InternVL2-76B (Chen ct {2021 7065 7552 4828 70.00 19.09 7857  48.65 85.14 8349 8540  70.01 67.07 58.46 66.65
InternVL2.5-78B-MPO (Clhien ot al..[2024b 7328 7343 5364 67.25 3485 5000  74.32 | 8739 8440 8540  69.61 70.12 37.98 65.61
InternVL2.5-38B-MPO (Chen et al, 2024b) 7155 7203 5134 66.99 39.83 4464  74.32 | 84.68 8532 8673  68.41 70.12 41.00 65.34
InternVL-Chat-V1.2-Plus (Chen ct al,2024b) 69.81 6573 4368  69.02 3112 7857 2838 7883 77.98  80.53  66.27 60.98 65.80 64.58
InternVL2.5-26B-MPO (Chen ct al.; (2024 69.33 7110 4713 6415 27.39 50.00 5135 85.14 8165 8496  70.95 64.63 37.58 62.90
InternVL2.5-78B (Chen et al..[2024b 7007 66.90 4713 64.23 3237 4821 6081 8559 8257  80.09  68.27 7317 37.58 62.64
InternVL2-26B (Chen et al|[2021b) 6846 6713 4023  66.96 2282 80.36 6216 7928 7982 8186  62.65 63.41 52.43 62.27
Qwen2-VL-7B-Instruct (team, 2024) 68.30 7179 4138  64.63 3237 39.20 5270 8108 7615  80.53  67.34 69.51 41.43 62.09
VILA-40B (Lin et al.|[2021) 6570 6410 4521  63.65 23.65 7500 4459 7072 77.06  67.26  69.08 59.15 62.16 61.83
InternVL2.5-385 (Chen et al..[2024b 6651 67.60 4674  60.28 3029 5357  59.46 8423 8349 8097  65.19 71.95 11.68 61.43
InternVL2.5-26B (Chen et al.,[2024b) 6744 6853 4368 6199 2158 4107 5135 8468 8165 8230  66.13 61.59 39.58 60.45
Ovis1.6-Gemma2-27B (L et al.|[2024) 66.25 6107  49.04  60.13 28.22 4286  54.05 81.53  80.73  80.53  68.81 57.93 41.14 60.27
Qwen2.5-VL-7B-Instruct (team, [2024 69.91  66.90 4330  59.74 2241 4107  48.65 82.88 8165  80.09  64.39 68.29 4041 60.06
Molmo-72B (Deitke et al.,[2021) 76.08  68.53  48.28  65.20 2531 5179  43.24 65.77 7523 6239  58.63 73.78 4147 59.59
InternVL-Chat-VI.2 {Chen et al.)[2024D) 64.58  62.00 4138 6298 2573 7679  29.73 63.06 7156  61.06  63.19 65.24 60.71 59.13
GPT-do (Achiam et al][2023] 63.97 57.58  37.93 6676 3237 8214  60.81 6261 7982 6195 5837 75.00 54.65 59.03
POINTS1.5-7B-Chat ( 7013 6154 3946 60.39 2490 4643 4459 7613 77.06 7611 60.24 69.51 145.21 58.66
InternVL-Chat-V1.5 {2021h 5944 5897 3831 6047 2158 7679 5135 7793 8349 7832 59.57 63.41 57.01 58.64
InternVL2.5-8B-MPO (Chen et al.,[2024b) 65.64 6620 4521 5812 2199 4107  56.76 7883 8073 7655  65.19 59.76 37.44 58.49
Qwen2.5-VL-3B-Instruct (team, [2021) 6480 6503  40.61 5898 2946 4643  35.14 7658 7706 7876 6145 60.37 39.58 57.71
Ovisl.6-Gemma2-9B (Lu cf al.| (2021 6516 6154 4061 5520 23.65 41.07  54.05 8018  77.06 7699  66.13 67.68 38.63 57.88
InternVL2-8B (Chen et al.][2024D) 62.68 59.21 3180 59.54 2531 7321 3378 7883 7523 7380  60.37 62.20 54.10 57.76
LLaVA-V1.6-34B ( 021 6724 6690 4406 6131 2573 7679  21.62 5315 6789 5310  59.44 54.27 58.17 57.28
Llama-3.2-90B-Vision-Tnstruct 68.85 69.46  39.85 6287 23.65 53.57  41.89 6486 69.72 5487  57.56 64.63 46.84 57.23
InternVL2.5-8B (Chen et al.][2024b) 6410  61.07  39.85 5923 19.09 39.20  36.49 7162 7339 7611  63.45 62.20 40.41 56.54
MiniCPM-V2.6 (Yao ot L., |20 6519 5804 4100 6180 21.99 7321  37.84 63.96 7339 6814 5207 60.98 54.43 56.07
InternVL2.5-4B-M o [2024b 50.67 6480 4291 5840 19.92 3393 4054 7252 7431 6947  60.78 59.76 4158 55.74
InternLM-XComposer2- 2024b)| 6224 55.24  39.08 58.36 23.65 67.86  27.03 7072 7431 60.18  55.82 59.15 60.02 55.35
Qwen-VL-Max (Bai et al..[2023 53.76 5315 3640 58.67 2282 80.36  41.89 53.60 6514  53.98  60.91 62.80 63.87 54.75
InternVL2.5-4B | 6143 6154 3640 5841 21.99 3214 3243 7387  TL56 6947  57.56 59.15 4121 54.52
InternLM-XComposer2 5-78 56.68 56.64  37.93  56.82 2158 7143 2838 7117 7523 6106 58.50 60.98 49.64 54.38
InternLM-XComposer2-VL-7B 59.18 5245 4023 5691 2531 66.07 3108 6757 7339 6106  52.34 53.66 57.15 53.80
Hunyuan-Vision 6195 6131 3716 5858 2697 7679  36.49 6126 7248 5619 5221 59.15 45.03 53.67
Gemini-1.5-Pro ( 5530 5350 3946 5711 2448 67.86 5541 5991 7431 5044 56.29 65.24 49.60 53.27
Qwen2-VL-2B-Instruct | 58.86  59.21 3640 5477 20.33 4464 2027 7162 7064 69.91  53.15 60.98 44.81 52.81
InternVL2.5-2B-MPO { al., 60.95 6247 3716  53.40 36.93 30.36 3243 68.02 6881 6372  53.28 58.54 36.31 52.65
Mini-Gemini-34B (Li et al_| 5835 5501  37.93 5370 2531 7321 39.19 5450 7339 5841  55.82 61.59 4179 51.96
Ovisl.6-Llama3.2-3B | 59.79 5198 4100 53.14 2407 3920 4595 7432 7706 68.58 5221 62.80 32.79 51.64
Molmo-7B-D { 68.02 5571 3716 5240 2490 4821 4054 56.76  67.89  46.02  53.41 60.98 42.70 51.61
InternVL2-4B 5382 51.05 3142 5217 1826 7321  25.68 7703 7156 7257 54.08 55.49 4118 51.00
MiniCPM-Llama3-V2. ot al. 5193 5012 3640 49.88 19.92 76.79 2027 69.37 7706 6814  56.49 62.20 4179 50.95
Mini-Gemini-34B-HD (Li et L | 54.95 47.09 3755 4835 27.80 73.21 4054 5991 7248 5885  58.37 66.46 35.91 50.35
InternVL2.5-2B (Chen ct al.|[20: 5861 5874 3678  54.26 2282 2857  24.32 66.67 6606 6283 4873 55.49 39.80 50.33
Bunny-Llama-3- al. 5816 51.05 3487 5407 2158 50.00 1216 4595  66.06  53.10  48.73 57.32 59.44 149.93
Mini-Monkey (Huang et al.] 5225 56.64 2682 5253 26.56 7321 1892 68.92 6514 5920  50.60 50.00 142.37 19.46
Phi3.5-Vision- ct al.] 5501 4569 3027 5261 2116 66.07  31.08 4505 6330 5310  53.95 53.66 54.65 49.12
ColgVLM2 Llama3-Chat- 2024) 5767 5105 3448 5169 3817 5714 4865 5090 6514 4735 40.96 59.15 50.69 48.83
Phi3-Vision-128K-Instruct ( 5530 3986 3027 5161 2531 69.64  40.54 45.05 6514 4779 45.25 60.37 56.75 4757
Yi-VL-34B gAI et al.,[2024 53.02 3823 3027 50.33 2614 6420 1757 5045 5688 5531 5100 52.44 53.88 47.38
Step-1V-32 4611  39.86 2644 4625 2531 67.86 4324 66.67 6697 6283  50.60 59.76 45.46 47.12
Yi-VL-6B (AT et al.,[2024] 5199 4382 3027 4931 2573 60.71 2027 45.05 5138 5221 50.33 51.83 48.76 4634
ConvLLaVA-T024-7B (Ge et al.|[2024 5173 4429 3257 4496 2822 69.64 2162 5541 6514 5310  49.53 54.88 140.89 146.21
ConvLLaVA-1536-7B (Ge et n”ﬁ)) 50.03 4569 2835 4125 27.39 69.64  29.73 5135 6422 5221 4819 64.02 34.20 45.52
Bunny-3B (He et al. 4997 4965 2682 4879 2573 50.00 1216 4640 6147 4779 4217 51.22 55.08 45.40
Bunny-4B-V1. 5250 4685  39.08  46.00 2116 5179 1757 4360 6239 5221  46.59 52.44 42.66 45.23
LLaVA-HR-13 50.32 4126 3525  39.81 3237 66.07  27.03 45.50 6055 4558  48.46 57.32 48.80 45.12
InternVL2-2B (C 43.32  53.61 2682 4579 2282 6786  17.57 63.06 5872 49.56  44.31 53.66 38.16 44.22
Monkey-Chat 4920 47.55 2414 4713 1660 69.64 1351 5135 5872 4425 4418 51.22 48.91 44.10
InternVL2.5-1 4743 5245 2835 4943 2531 3571 1486 19.55 6789 5265 4163 53.66 36.93 13.98
InternVL2.5-1B-N 4505 51.05 2835 4603 2046 2500 3514 48.65 6422 4867 4230 56.71 34.71 43.12
Molmo-7B-O (Dcitke ct al. 5472 4779 3678 40.54 2324 3920 2838 4775 6422 4646 42.30 60.37 3159 43.05
Mini-Gemini-1 ; 4371 3776 27.20 4163 2158 6250 3378 55.86 6881 5044  50.74 57.32 32.28 4275
SHME-7B 4570 4452 2874 4076 3112 6250 2027 43.24  59.63 4823 50.74 53.05 30.03 142.52
INF-LLaVA 4319 4476 3295 4192 2448 5714 2027 5000 66.06 5531  45.65 54.27 31.41 42.41
SLME-8B ( 4650 4172 3218 4027 3029 60.71 2568 4459 6147 4779 50.87 4756 29.96 4239
INF-LLaVA { - 45.66  40.09 2759  47.37 3320 57.14 3243 46.40 6055 4292 41.63 54.88 35.58 12.18
Mini-Gemini-13 (G ctal., 4220 3473 3218 4020 18.67 67.86  24.32 5135 6330 4558  46.99 56.71 34.28 41.99
SIME-13B (Zhang et al.][2021h 4746 40.33 2874 4255 2241 6607  17.57 45.50  56.88 4779 45.92 56.10 33.55 4173
LLaVA-HR- 1 4046 4242 3142 4043 2822 6420  37.84 46.85 6055  48.67 4552 56.71 33.04 4171
ConvLLaVA-768- al. 4650 3916 2835 3488 16.60 66.07 2297 53.15  69.72 5442  45.65 55.49 37.11 4151
InternVL2-1B 4313 4685 2299 4320 2324 6420 1892 5405 5872 4912 44.44 57.93 27.89 4141
DeepStack-L- 4329 3497 2874 3574 1867 6071 17.57 46.85 6055 4513 42.97 59.15 35.88 39.21
mPLUG-Ow12 {Ye et al.] 40.04 3683 2874 4293 2697 30.36 1216 4189 6055 3894 4458 50.61 30.36 38.77
DeepStack-L-Vicima- 4547 3916 27.20  36.00 21.99 60.71 1892 4234 5688 4204 42,97 50.61 30.21 38.60
Random Choice | 2312 2401 2184 2585 2946 3571 2568 | 36.94 46.79 3850  34.00 4765 | 2861 | 29.90
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